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This is due in part to the continual emergence of new viral variants and to synergistic
interactions with other viruses and bacteria. There is a lack of understanding about

how host responses work to control the infection and how other pathogens capital-
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ize on the altered immune state. The complexity of multi-pathogen infections makes
dissecting contributing mechanisms, which may be non-linear and occur on different
time scales, challenging. Fortunately, mathematical models have been able to un-
cover infection control mechanisms, establish regulatory feedbacks, connect mecha-
nisms across time scales, and determine the processes that dictate different disease
outcomes. These models have tested existing hypotheses and generated new hy-
potheses, some of which have been subsequently tested and validated in the labora-
tory. They have been particularly a key in studying influenza-bacteria coinfections
and will be undoubtedly be useful in examining the interplay between influenza virus
and other viruses. Here, | review recent advances in modeling influenza-related in-
fections, the novel biological insight that has been gained through modeling, the im-

portance of model-driven experimental design, and future directions of the field.
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interact in ways that are not intuitive with numerous alterations oc-

1 | INTRODUCTION
curring on varying time scales. Furthermore, different viral and/or
Influenza viruses are important respiratory pathogens that infect bacterial strains, initial dOSGS, timings of the secondary insult, and

15-65 million individuals each year in the United States with over host immune status can result in distinct infection kinetics and dis-

200 000 of these infections resulting in hospitalizations.> Despite
available vaccines and antiviral therapies, influenza viruses remain a
public health threat because they continue to evolve and novel strains
emerge from zoonotic sources several times a century to cause pan-
demics. In addition, other viral or bacterial pathogens can invade and

exacerbate influenza disease severity. Two or more pathogens can

This article is part of a series of reviews covering Modeling Viral Infection and Immunity
appearing in Volume 285 of Immunological Reviews.

ease outcomes.® ! Examining every scenario and detailing different
regulatory mechanisms is challenging even with animal models that
can recapitulate many aspects of clinical diseases. This has limited
our global understanding of influenza-related diseases and empha-
sized a need for quantitative analyses that can detail the biology and
evaluate different mechanisms simultaneously and rigorously.
During the past decade, mathematical models that describe
host-pathogen and pathogen-pathogen interplay during influenza
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have made it possible to dissect critical mechanisms that drive the
infection. The models have successfully quantified and predicted

the viral load kinetics from clinical and experimental infections,'?%°

the symptoms that arise during infection,'?13

the dynamics and ef-
ficiency of different host immune responses,'#7182534 the effect
of different viral and host factors,*>14202235 the efficacy and de-

14,19-22,36-40

sign of vaccines and antiviral therapies, and the mecha-

nisms of coinfection between influenza viruses and other viruses or
bacteria.*™°

Remarkably, influenza viral load dynamics can be described using
as few as 3-4 equations for populations of uninfected cells, infected
cells, and virus.** The kinetics of host immune responses and/or coin-
fection with other pathogens can be accurately described by add-
ing only 1-2 more equations.** Simple models like these are optimal
because they readily allow for mathematical and statistical analyses
that extract information about the underlying biology. Although
models are typically first calibrated to data to ensure a robust re-
capitulation of the infection kinetics and to estimate the rates of
growth and decay, this is not the only goal. The underlying model
structure (eg, non-linear feedbacks between different cell popula-
tions), the behavior of the resulting parameter estimates (eg, when
two parameters are correlated), and in silico experiments that predict
the response under perturbation (eg, with antivirals) can all reveal
hidden regulatory mechanisms that may not be readily apparent from
the data itself and/or cannot be tested in the clinic or laboratory. A
schematic of this model-experiment exchange is shown in Figure 1.

Improvements in the availability of quantitative data in recent
years has led to more robust models being developed and to the pre-
dictions of some of these models being validated in the laboratory.
One collection of studies, which are described here, illuminate the
accuracy and predictive capability of mathematical models and the
importance of designing confirmatory experiments to define new
biology and improve the models. Here, | review current approaches
in modeling influenza virus kinetics and host-pathogen interplay,
recent advances in modeling viral-bacterial and viral-viral coin-
fections, the techniques used to identify controlling mechanisms,
biological interpretations of the model results, and the benefits of

model-driven experimental design.

2 | MODELING INFLUENZA VIRUS
INFECTIONS: THE GOLD STANDARD

Influenza A viruses infect the upper and lower respiratory tracts
to cause acute, self-limiting infections. The dynamics of the in-
fection are rapid with the virus establishing quickly and replicat-
ing exponentially to high titers within 1-2 days. In the majority of
cases, the infection resolves within 7-10 days, but viral loads can
remain elevated in children and immunocompromised individuals.
The mechanisms that drive these kinetics and how they might be
altered by therapy or other pathogens are not well understood even
though many of the contributory cytokines, chemokines, and cells
are known.

Mathematical models have accurately described viral load kinet-
ics without including equations for specific host responses.***® The
models assume that susceptible epithelial cells (“target cells”) are lim-
ited and that virus declines once the majority of cells are infected.™
Accurate predictions have been made under this assumption, which
does not specify the mechanisms by which target cells are limited.
Nevertheless, several studies have challenged whether the approxi-
mation is accurate and how it relates to different host responses, such
as type | interferons (IFN-o and IFN—[})“’25 (A.M. Smith, unpublished
data). Some studies have attempted to establish a comprehensive view

15354950 \while others have taken a more focused

of the host response
approach. 117262834 One benefit of models with reduced complexity is
the availability of analytical tools that can facilitate a robust interpreta-
tion of the dynamics.

Until recently, progress in the field was plagued by a lack of suf-
ficient data to parameterize/calibrate mathematical models, particu-
larly those that included arms of the immune response.*® While viral
load data remains the most prevalent type of data available, various
immune factors have been measured on frequent enough time scales
to be utilized in modeling studies, 1518,5L52(A M. Smith, unpublished
data). With these data, even the larger, more comprehensive mod-
els can be calibrated to data.*>®>* In addition, efforts to improve
parameter estimation algorithms and employ analytical techniques
have significantly advanced our ability to generate robust predic-
tions about the underlying biology.*¢?*4%33 Model results are now
undergoing rigorous testing in the laboratory, which has confirmed
their predictive capability and importance in identifying regulatory

mechanisms driving influenza virus infections.

2.1 | Viral kinetic model

The majority of influenza virus infection models developed thus far
have utilized a common model core, that is, the standard viral ki-
netic model'* (Figure 2). This model was first used to study influ-
enza A virus (IAV) dynamics in humans. The model tracks susceptible
“target” cells, infected cells not yet producing virus (ie, cells in the
eclipse phase), infected cells producing virus, and free virus. The
model schematic, equations, description, and fit to murine viral load
data are shown in Figure 2. No specific immune dynamics are in-
cluded in this model, but the rates of virus clearance and infected
cell clearance (c and 8, respectively) encompass numerous virus- and
immune-related processes, including loss of virus infectivity, phago-
cytosis of viruses or cells, apoptosis of cells, viral cytopathic effects,
killing of infected cells by immune effectors, or loss of the infected

state by non-cytolytic effects.

2.2 | Model interpretation and the accuracy of the
target cell limited hypothesis

A central assumption of the viral kinetic model (Figure 2) is that the
number of target cells is limited.** This manifests in the model as
virus growth slowing and peaking once the majority of the target
cells are infected. The model does not define what limits the target
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FIGURE 1 Data-Driven Mathematical Modeling and Model-Driven Experimental Design. Data-driven mathematical modeling studies are
iterative and entail developing a model to describe the underlying biology, calibrating the model to experimental or clinical data, analyzing
the model with mathematical techniques, using the model to make predictions and design experiments, and validating the predictions in the

laboratory or clinic

cells, which could be due to a variety of host immune responses.
The assumption could be interpreted as (i) all cells within the res-
piratory tract become infected, which is possible but not generally
observed!”?>>* (A.M. Smith, unpublished data), or (ji) there is a pre-
defined number of cells that will become infected (ie, where the
initial number of target cells, T, essentially defines the final number
of infected cells). The lack of complete destruction of the respira-
tory tract, suggests that virus spread is regulated by host defense
mechanisms. However, omitting specific immune control in the viral
dynamics model does not invalidate the target cell limitation hypoth-
esis, but may lead to disparate parameter values. Regardless of the
underlying mechanism, influenza models with or without target cell
limitation match much of the available viral titer data.*¢"*® In addition,
the predicted dynamics of the infected cells (I,) agree well with the
spatial spread, as measured by histomorphometry, even when only
~50%-60% of the lung becomes infected (A.M. Smith, unpublished
data). However, another study utilized GFP-reporter virus data,”

which can also be used to track infected cells, and demonstrated

that the target cell limited model breaks down for low dose infec-
tions.?> Simply reducing the number of initial target cells (T,) was
insufficient to replicate the dose-dependent dynamics.25 This may
indicate a deficiency in the model or that some host responses are
more functional with low dose infection, which has been proposed

in other studies using low doses.*!

2.3 | Quantifying the rates of infection and the
response to perturbation

Understanding time-dependent mechanisms that control viral in-
fection dynamics requires that mathematical models be calibrated
to experimental or clinical data and thoroughly analyzed. Fitting a
model to data ensures that the equations accurately describe the
infection dynamics and provides estimates of the rates of infection,
production, and clearance. It also begins to reveal the relationship
between these rates and the strength needed to induce a change

in the dynamics (eg, with drug therapy or coinfection). Further
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FIGURE 2 Viral Kinetic Model and Dynamics. A schematic of the standard viral kinetic model,'* associated equations, fit to data from
mice infected with influenza A/Puerto Rico/34/8 (PR8),%* and timeline of major host responses are shown. The model tracks susceptible
“target” cells (T), two classes of infected cells (I, and |,), and virus (V). Target cells are infected by virus at rate V. Once infected, the cells
undergo an eclipse phase, which accounts for the time between infection and virus production. To account for these dynamics, infected cells
are split into two classes, where k is the transition rate from unproductive to productive. Infected cells are lost at rate § (I2) per day. Virus

is produced at rate p per infected cell and is cleared at rate c per day. The resulting model dynamics are shown for a saturating infected cell
death rate, that s, 5(1,) =84/ (Ks +1,), where §;/Kj is the maximum rate of clearance and Kj is the half-saturation constant. Viral kinetics
generally split into ~5 phases: initial infection of cells, exponential growth, peak, a slow decay, and a fast decay/clearance. Major host
responses influencing these phases include, type | interferons (IFN), natural killer (NK) cells, T cells, and antibody (Ab)

investigating how changing the rates affects outcome, for example,
through sensitivity analysis, has generated predictions about the

1419-21.836.56 o coinfection with other patho-

response to therapy
gens. 4345 Collectively, these types of analyses reveal aspects of
influenza biology that are not immediately available from the experi-
mental or clinical data alone.

With appropriate parameter estimation techniques, defining ac-
curate and meaningful parameter values is possible. During model
fitting, the log,, infectious viral load, which is typically in units of
50% tissue culture infectious dose (TCID,) or plague forming units
(PFU), is compared to the log,, output of the model. A variety of
data fitting algorithms have been used, including adaptive simulated
annealing (ASA),?* Monte Carlo Markov Chain (MCMC),}315:22:3549
Gaussian processes (GP),53 and maximum likelihood estimation
(MLE).'6:2641 Until recently, it was relatively well accepted that the
choice of estimation scheme is not critical. However, contrasting pa-
rameter estimates may result and some evidence suggests that ASA
or GP methods can outperform MCMC and MLE methods in terms
of accuracy, convergence, and run time.?*>® Further investigation is
needed to ensure robust results, particularly because MCMC meth-

ods are popular.

Uniquely identifying each parameter in a model has been chal-
Ienging57’58 but has not limited the predictive capability.‘u’44 The
standard viral kinetic model has seven unknown parameters (B, p,
k, c, 8, Vy, and T (see Figure 2)). In most studies, the values of the
eclipse phase parameter (k) and initial target cells (T,) are fixed be-
cause their values can be calculated.’ However, these can be left

24,53

free without compromising the predictive capability. One prob-

lematic parameter has been the virus clearance rate (c), which often
estimates to large values that may not be biologically relevant.*¢?*
This is because the model attempts to capture the rapid decrease in
free virus shortly after the infection is initiated as virus infects cells
(~0-4 hours). However, this challenge can be overcome by setting
the initial free virus (V,) to zero (ie, V,=0) and assuming that the
initial number of infected cells is positive (ie, I, > 0).% Using this as-
sumption recovers virus clearance rates (c) that are more reliable.?*
Ensuring robust predictions requires more than estimation of the
model parameters. A thorough investigation into the uncertainty of
the estimates and the corresponding model solution is also required.
This has been particularly true when attempting to determine signifi-
cant differences in parameter estimates generated by fitting a model

to data obtained under varied experimental conditions, such as during
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16,41 15,59

infection with different virus strains, with different doses, in
different host genetic backgrounds,’® or in different aged individu-
als.>?%! For this, ensemble-style methods have been particularly useful.
Plotting the resulting parameters within a 95% confidence interval (Cl)
as histograms and as two-dimensional (2D) or 3D projections of the pa-
rameter space is critical to effective interpretation of the model results.
Unsurprisingly, parameters are often correlated (eg, virus infection and

24 or virus clearance and

production,17 virus production and clearance,
infected cell clearance ), which suggests that the data is insufficient
to distinguish between these processes. For example, similar viral load
dynamics may be possible with slow virus growth and clearance and
with fast virus production and clearance. If the goal was to distin-
guish between these possibilities, additional data would be necessary.
Utilizing multi-variable data, such as infectious virus and viral RNA cop-
ies, can reduce uncertainty,“’2 but this comes at the expense of increas-
ing the number of parameters and equations. Importantly, correlated
parameters do not inhibit the accuracy of the parameter estimates or
the insight gained from the model.**** Knowledge about correlated
parameters should not encourage fixing parameters or fitting combi-
nations of parameters because this may inadvertently skew the results
and lead to important information being lost.

Following model calibration (ie, fit to data), in silico experiments
are used to predict how the dynamics shift in response to differ-
ent stimuli (eg, antiviral therapy or infection with another virus or
bacteria). The effects that different parameters have on the model
dynamics can be observed by simulating the model equations and in-
creasing or decreasing the parameter values of interest. This is known
as a sensitivity analysis. Perturbing more sensitive processes results
in larger downstream effects compared to changes in less sensitive
processes. Comparing the results of this analysis to data where ex-
perimental conditions are altered, such as data from knockout ani-
mals, can be challenging. The inability of some models to predict the
response in perturbed conditions®® may be due to the simplicity of
the model or a misinterpretation of the data. For dose-dependent ki-
netics, including features of the host response can improve accuracy
and predictive power.?%%*. However, data from knockout animals,
for example, may not reflect a change in a single variable and other
immune factors may be affected and contribute to the dynamical dif-
ferences observed in the infection data. Simultaneous measurement
of other variables (ie, immune cells and cytokines) is likely required
to evaluate whether other populations are skewed. Further under-
standing of the model limitations should then naturally arise.

2.4 | Insight from analytical solutions: time-
dependent mechanisms

The predictive capability of influenza models goes beyond data fit-
ting, parameter estimation, and sensitivity analysis. The simplicity of
the model is beneficial because additional mathematical analyses are
feasible.®® It can be easily observed that viral load dynamics split into
two log-linear (ie, exponential) phases: growth and decay. During the
initial growth period, few target cells are infected and their popula-
tion remains relatively constant (A.M. Smith, unpublished data). This

WILEY-%

information was used to obtain an equation that describes exponen-
tial virus growth®: V,(t)=a,e*, where ix (ﬂkao)i/s—(k+c+5)/3)
is the slope of the viral growth and a, is a constant.Z¢5 All of the
model parameters describing the processes of infection and clear-
ance (ie, virus infection (), production (p), and clearance (c), eclipse
phase (k), and infected cell clearance (8)) have a role in determining
the speed of virus expansion. This solution matches the viral load ki-
netics during the first ~2 days of the infection.'®%> The point where
virus growth slows (ie, where V, (t) deviates from the numerical solu-
tion of the model occurs at ~2 days post-infection (pi). This signifies
the end of the exponential growth phase and the point where antivi-
rals that target the viral life-cycle (eg, neuraminidase (NA) inhibitors
(NAIs) or matrix-2 inhibitors (M2lIs)) begin losing efficacy (discussed
further below). The prediction agrees with clinical and laboratory ob-
servations that antivirals are not effective when given after 48 hours
of symptom onset®® and provides an explanation for the differential
efficacy of antivirals against influenza viruses.

Prior to virus decay, there is a short, non-linear period (~12 hours)
between virus growth and decay where the growth slows prior to

the peak.®

During the resolution period, most available cells have
become infected and there are few target cells remaining (T = 0). This
information was used to obtain an equation that describes expo-
nential virus decay®: V,(t) = a,e™ + aze~t + a,e~t, where the o;s are
constants. This solution is less complex than V; (t) and defines the
peak and infection resolution. Here, the peak shape is dictated by
the rates of eclipse transition (k), virus clearance (c), and infected cell
clearance (8). After the peak, the infected cell death rate (5) controls
the rate of decay (ie, V,(t) » V,e7%, where V, is the peak viral load).
Having solutions like these that detail the time-dependent contribu-
tion of each infection process to the viral dynamics has been bene-

ficial in establishing robust interpretations of the data and models.

3 | DETAILING IMMUNE CONTROL
DURING INFLUENZA VIRUS INFECTION

Throughout influenza virus infection, various immune responses are
employed to limit virus spread and maintain integrity of the epithe-
lium (Figure 2).%” Interferons, including IFN-B (type I), IFN-A (type I11),
and to a lesser extent IFN-« (type ), are produced early in the infec-
tion. These are most prevalent in the lung from ~2 to 5 days pi and
coincide with increases in neutrophils, natural killer (NK) cells, and
pro-inflammatory cytokines. Subsequently, T cells and B cells become
activated and infiltrate the infected area. Although the standard viral
dynamics model can replicate viral load data from a variety of sys-
tems and generate accurate predictions without including these dy-
namics, recent studies have noted some insufficiencies.’2425-3436
Some viral load data do not follow the classical log-linear viral dynam-
ics behavior and exhibit either a two-phased decay and/or a second,

14,24,52,68.69 3nd references therein). Although

smaller peak (eg, as in
complex immunological models have been used to explain these fea-
tures,1>17:18:26-28,34.3549 4at3 on specific immune components is often

lacking. Fortunately, adding only one parameter to the standard viral
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FIGURE 3 Viral-Viral Coinfection Model. Model schematic, equations, and dynamics for a viral-viral coinfection where two viruses (virus-a

and virus-b) compete for target cells.* In this model, target cells can be infected by virus-a (orange) with rate g, and by virus-b (magenta)
with rate f,. The model structure from the standard viral kinetic model is retained, but different rates of the eclipse phase (k, ), infected cell
clearance (6,,), virus production (p, ), and virus clearance (c,,,) are allowed. This interaction results in significantly reduced viral loads for the
slower growing virus (magenta) and negligible declines in viral loads for the faster growing virus (orange). See Ref. 42 for fits to viral load data

kinetic model to induce a non-linearity (ie, saturation) in the rate of
infected cell clearance is sufficient to switch the dynamics from a
monophasic decay to a biphasic decay (Figure 2).247%7! That is, the
rate of infected cell clearance decreases as the number of these
cells increases. A saturating infected cell clearance rate may reflect a
switch from innate to adaptive control, a “handling time” (eg, the time
taken for a T cell to remove an infected cell), and/or cell activation (eg,
macrophage (M®), T cell, or B cell). How and why the rate changes
remain open questions, but it is likely connected to the processes
driving the rate of T-cell expansion (A.M. Smith, unpublished data). A
plateau of viral loads can be reproduced in other ways, for example,
by including equations for specific imnmune components.}434
Mechanistic host response models have been built to examine
the activation and production of cells or cytokines and the effi-
cacy of different factors (ie, cells or antibodies) in removing virus
or infected cells.}>18:27-3549.5072 The models range in complexity
with some attempting to incorporate several pro-inflammatory cy-
tokines, anti-inflammatory cytokines, and cell populations.}*3%4%30
The most common responses modeled are type | IFNs, CD8" T cells,
and antibodies because of their profound influence during influenza
virus infection. Some studies have used generalized equations to
reflect the functions of other cytokines or cell types, which is par-

ticularly beneficial when the dynamics of specific responses are

unknown.?83132 Immune control is typically incorporated through
use of different functional forms for the virus clearance (c) and the
infected cell clearance (8), for example, dl/dt=kl; — &, (X) I, —5,(Y) I,
and dV/dt:pIz—c(Z) V. Here, infected cell clearance is a function
of innate mechanisms (54(X)), where X could denote M®s, neutro-
phils, and/or NK cells, and adaptive mechanisms (5,(Y)), where Y de-
notes CD8" T cells. Similarly, virus clearance is a function of different
mechanisms (c(Z)), where Z could denote antibodies (Ab) and/or M®.
In addition to these functions, other rates may be affected (eg, virus
production via IFN) and equations for the immune component of in-
terest are included. The discussion here focuses on the two most
modeled immune factors: type | IFNs and CD8"* T cells.

3.1 | The antiviral type | interferon response

Thetype | IFN response has potent antiviral activity and isimportant for
control of influenza virus infections.®” Type | IFN gene transcripts are
upregulated within 24 hours after infection,”* which leads to the pro-
duction of IFN-a.and IFN-B. IFN-aand IFN-p are first observed 48 hours
pi with continued production until ~5 days pi for IFN-f and until after
10 days pi for IFN-o°? (A.M. Smith, unpublished data). They work to re-

ducetherate of virus productionand spread of the infection.®””37#Inad-

dition, these type | IFNs promote the local inflammatory response 7>~7?
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and IFN-a has anti-inflammatory properties.®%8! However, influenza
viruses can antagonize the IFN response within infected epithelial cells,
which is primarily mediated by its non-structural protein, NS1.8283

The majority of models developed thus far have focused on
the effect of IFN (F) in limiting virus production from infected cells:
dV/dt=(p/1+egF) I, —cV, where e is the efficiency of IFN in reducing
virus production.* Time delays have been included in some models to
account for the delayed detection of type | IFNs.* It is unclear if this is
a delay in production, a lack of assay sensitivity, or to other dynamics
(eg, uptake of IFN into cells). Including IFN within the model either by
reducing the rate of virus production (ef) or reducing the number of
target cells (ie, cell refraction; dT/dt=—pTV —c6FT, where oF is the rate
of targets cells entering a refractory state) limits virus growth. Some
studies also include reversion of cells from the refractory state.?”3472
However, in vitro studies suggest that IFN-induced cell refraction is
long-lived, so inclusion of this term may not be supported biologically.84

IFN-o« and IFN-B are most abundant during mid-infection
(~2-5 days pi) when viral loads are relatively constant. In addition,
the first detectable IFN is after the time when virus has peaked.
Thus, directly connecting IFN related effects to virus suppression
is difficult using only viral load measurements. This could mean that
other host response mechanisms are more potent in slowing virus
growth. Emerging techniques that track the infected cell dynam-
ics may help reconcile these difficulties®>(A.M. Smith, unpublished
data). These data indicate that there are relatively few infected cells
early in the infection, which is when virus is most rapidly increasing,
and that the number of new infections increases most profoundly
during mid-infection when viral loads are constant and type | IFNs
are most abundant (A.M. Smith, unpublished data). While it remains
difficult to directly connect these dynamics, the data are provoca-
tive. New models investigating IFN heterogeneity and viral antago-
nism may help interpret the data.®> However, we must reconcile data
from some IFN perturbation experiments that suggest viral loads are
altered only in the later stages of infection when IFN is absent.®®
These data may indicate that IFN has more potent effects (eg, on
inflammation) other than limiting virus infection of target cells.

Type | IFNs do aid in the recruitment of inflammatory cells and
improve efficacy of the adaptive immune response (eg, T cells).”>7?
Understanding the dynamics of IFN-producing cells and their relative
contribution to the total amount of IFN may be required. However,
modeling specific cell populations, even with experimental data, may
inadvertently bias model parameter estimates and/or model predic-
tions because these cells change on varying time scales and have
inherently heterogeneous cytokine production. The idea that IFNs
influence the recruitment and efficacy of the cellular immune re-
sponse has been modeled with the equation dl, /dt=kl; —él, —kFl,,
where «F is the rate of IFN-induced infected cell clearance.®* This
was assumed to reflect infected cell removal by NK cells, which
enter earlier than CD8 T cells, and still required use of a piecewise
exponential function for the adaptive response.3* Thus, it was not
sufficiently mechanistic to assess the impact of IFNs on CD8" T-cell
efficiency. No study has assessed the anti-inflammatory effects of
IFN-a. More work is clearly needed to tease apart the effects of IFN

WILEY-—%

during IAV infection. In addition, because type | IFNs are important

mediators of viral-bacterial coinfection severity86'90

and likely have
a role in viral-viral coinfection dynamics, building new IFN models

that are calibrated to data are pivotal.

3.2 | CD8" T cell-mediated virus control and
waning immunity

CD8* T cells are responsible for clearing virus infected cells and re-
solving the infection.’>%%? The infiltration of these cells into the
respiratory tract is concurrent with rapid virus decay and the con-
clusion of the infection. The most abundant gene transcripts dur-
ing the later stages of viral clearance are ones involved in T-cell
activation and induction of apoptosis.”* Models describing the CD8*
T-cell response have investigated their differentiation, proliferation,
specificity, efficacy in killing infected cells, and how they can be ma-
nipulated to provide long-lived protection from natural infection or by
vaccination.'®26-283272 Although the published models have differ-
ent formulations, the resulting dynamics from each can successfully
fit pulmonary CD8" T cell counts from both humans and mice. In ad-
dition, the models robustly predict that resolution accelerates as the
number of CD8" T cells increases, that viral clearance is sensitive to
the rate of T-cell expansion, and that T-cell efficiency increases with
density (A.M. Smith, unpublished data). Interestingly, the latter finding
reflects dynamics similar to the viral kinetic model with biphasic decay
(Figure 2), which excludes T cell-mediated clearance.? Assessing how
the non-linearity in the rate of infected cell clearance relates to gran-
zyme B production and other host responses like type | IFNs has yet
to be modeled but may provide further insight into the T-cell response.

Dynamical models for CD8" T-cell control of influenza virus in-
fection have also yielded important information about long-term
protective immunity.?”-?872 One study predicted that repeated expo-
sure to influenza viruses promotes the plateauing of memory CD8* T
cells and that immediate protection from subsequent insults may be
lost because memory cells residing in the lung decay after each in-
fection.?® This may help explain why individuals experience multiple
infections in their lifetime. Moreover, infections with different patho-
gens species can affect the number of T cells and may lead to re-
peated influenza virus infections. For example, CD4" and CD8" T cells
decrease significantly during influenza coinfection with bacteria.”®
How this impacts viral clearances and shapes later responses is un-
known. These interactions have important implications for infections
in the elderly, who are more prone to developing pneumonia. More
data on the longevity of resident T cells and how infection history

influences their dynamics is necessary to address these questions.

4 | VIRAL-VIRAL COINFECTION KINETICS

Respiratory viruses like influenza virus, respiratory syncytial virus
(RSV), parainfluenza virus (PIV), and rhinovirus (RV) are easily trans-
mitted and have overlapping seasons. Thus, it is not surprising that

multiple viruses can be detected within infected individuals.”1%!
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The specific outcomes that result from multi-virus infections and
the underlying mechanisms that drive their interactions are not
well understood. There is evidence that virus interactions can be
either synergistic or inhibitory because they often infect the same
cell types and initiate similar inflammatory pathways.!* Some re-
sponses (eg, IFN) may have dynamics that are virus-specific,’°? and
the resulting interactions depend on the pathogen strain, dose, and
order. For example, PIVs can increase the rate of IAV growth by
fusing cells together and facilitating cell-to-cell spread.103 This oc-
curs without any noticeable effect on PIV replication. In a similar
interaction, IAV infection attenuates RSV by inhibiting protein syn-
thesis and does so with little impact on IAV titers.*®* In contrast,
pre-infection with RSV or RV does not impact influenza virus rep-
lication but can reduce disease severity.los’106 For RV, this is due to
enhanced clearance of influenza virions.'%> Unlike IAV-RSV coinfec-
tion, superinfection with RV enhances influenza disease severity.'%°

Only recently was a mathematical model developed to begin ex-
amining respiratory virus coinfections.*?> The model assessed how
resource competition between two viruses could alter viral load dy-
namics of each virus (Figure 3). In this model, target cells could be in-
fected by either virus, which have different infection rates (ie, g, and
B, (see Figure 3). The remaining populations retained the structure of
the standard viral kinetic model and allowed for different rates of the
eclipse phase (k, ), infected cell clearance (5,}), virus production (p,,
), and virus clearance (c, ). Coinfection of single cells was excluded.
The model replicated in vitro data from coinfection with IAV and
RSV, where IAV inhibits RSV growth,'®* and with IAV and PIV, where
PIV enhances IAV growth.'° A key result was that varied infection
kinetics and outcomes could manifest from changing the virus dose
or the intrinsic virus growth rate. Although RSV dose may not affect
the interaction during IAV-RSV coinfection,’% the finding is relevant
for RV-1AV coinfection.'® However, interference in the infection of
epithelial cells is not the proposed mechanism for these viruses.'0°
The model prediction could be interpreted in another way. That is,
when the interaction between viruses is competitive, target cells be-
come limited because the first or fastest virus infects the majority of
these cells and, thus, limits the second virus. The reduction in target
cells could reflect other mechanisms, such as changes in type | IFNs
or macrophages. Although few studies have modeled viral-viral coin-
fection, new information about the underlying biology should arise
as more experimental data emerges and new models are developed.

5 | INFLUENZA-BACTERIA COINFECTION
KINETICS

Complications arising from bacterial superinfections have accounted
for a significant percentage of influenza-related morbidity and mor-

tality during pandemic influenza (40%-95%) 107110

and during sea-
sonal influenza (2%-35%).1** Common pathogens responsible for this
enhanced disease include the gram-positive bacteria Streptococcus
pneumoniae (pneumococcus) and Staphylococcus aureus.’®” Similar

to some virus-virus pairings, pre-infection with bacteria can limit

influenza virus infection.}'? Antecedent bacterial infections prior to
influenza have not been well studied. However, a wealth of knowl-
edge exists about the viral, bacterial, and host responses that affect
bacterial invasion and the development of pneumonia in influenza-
infected hosts.>® Multiple studies indicate immune exacerbation as
a key driver of coinfection severity. A plethora of immune responses,
including M®s, neutrophils, NK cells, T cells, B cells, and various cy-
tokines and chemokines, are altered during influenza virus infection
and/or during bacterial coinfection.>° The varying time scales and
interconnectedness of host responses has made establishing the
contribution and regulation of each factor complicated. In recent
years, a series of iterative mathematical and experimental studies
unraveled some of the complex host-pathogen interactions and iden-
tified important mechanisms that drive bacterial establishment dur-
ing influenza virus infection (discussed below).41:44113 Examining the
host-pathogen feedbacks during influenza-bacterial coinfection first
required a quantitative description of a pneumococcal infection.®*

5.1 | Host control of pneumococcal pneumonia

Pneumococci readily colonize the nasopharynx of healthy adults

and childrent4-116

and occasionally migrate to other tissues to cause
severe disease, such as otitis media, pneumonia, meningitis, and
septicemia.’” When pneumococci invade the lung, host responses
are relatively efficient in clearing the bacteria. If pathogen removal
mechanisms like the ciliated epithelium or M®s become compro-
mised, such as from comorbidities like an underlying respiratory
disease or virus infection, bacteria can permeate the lower airways.
Infection with more virulent pneumococcal strains and/or a high
dose can also result in pneumonia.!*®

For most bacterial infections, a simple model like the ones used
forviruses cannot be used. This is because pneumococci are extracel-
lular pathogens and their growth and clearance dynamics are highly
dependent on interactions with host immune responses.®®%* Indeed,
modeling pneumococcal dynamics required equations for several
arms of the immune response to accurately capture bacterial kinet-
ics from infections with varied initial doses.®* Fortunately, many of
the important players, including alveolar macrophages (aM®s), neu-
trophils, inflammatory M® (iM®), and pro-inflammatory cytokines,
were known. However, the regulatory feedbacks between these
populations had not been established. This presents one of the main
challenges but also a major benefit to modeling infection kinetics.
The model | developed with coinvestigators described the interplay
between pneumococci, aM®s, neutrophils, iM®s, cytokine signaling
between these populations, and the resulting inflammation/damage
caused by bacterial-mediated injury of healthy epithelial cells and by
neutrophil infiltration and cytotoxicity.®*

This model mimics infection data from a variety of conditions,
including changes in bacterial dose, bacterial strain, murine strain,
and under antibacterial therapy.®®%*''? The model accurately pre-
dicts that the ratio of aM®s to bacteria regulates bacterial growth
in the early stages of infection and that there is a critical threshold
for which a clearance phenotype can be attained.®* Indeed, this has
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FIGURE 4 Viral-Bacterial Coinfection Model. Model schematic, equations, and dynamics for a viral-bacterial coinfection model where
influenza virus depletes aM® (M,) or renders them dysfunctional according to (V), which reduces bacterial clearance.*! In addition, bacteria
(P) enhances virus production according to the function d(P). Bacteria replicate logistically (r(1—P/Kp)) and are cleared at rate yyf (P,M;) M,.
The remaining equations are given by the standard viral kinetic model. These interactions result in a rebound of virus and rapid bacterial
growth (cyan). The bacterial growth trajectory is defined by a threshold (green),** such that bacterial titers will decline when bacteria-aM®
pairs are below the threshold (black), remain constant when bacteria-aM® pairs are at the threshold (green), and increase when bacteria-
aM® pairs are above the threshold (cyan). Because aM®s decline throughout an influenza virus infection, the dose required to initiate an
infection also declines. See Ref. 41 for fits to viral and bacterial load data, Refs. 113,125,126 for validation of the model predictions, and Ref.

44 for validation of the threshold

44120122 3nd recently shown

been observed in several data sets
for varying combinations of aM®s and bacteria.** The subsequent
neutrophil response further dictates bacterial growth kinetics and
outcome.®%6411Y Sensitivity of the system revealed that neutrophil-
mediated damage of the epithelium is an important predictor of
outcome.®* Understanding the role of tissue damage during infec-
tions is important and often more closely related to the probability
of survival than to pathogen levels. Modeling immune-mediated
lung damage has not been attempted for influenza but will undoubt-
edly prove useful, particularly because tissue damage and defects in

tissue repair affect influenza-bacteria related mortality.*?®

5.2 | Host-pathogen regulation during influenza-
pneumococcal coinfection

Throughout influenza virus infection, epithelial cells are infected
and die, and inflammation accumulates as host immune responses

work to halt virus spread. As lung tissue becomes injured and the
host immune response weakens, bacterial pathogens readily invade
and cause pneumonia.®*¢10124 Hejshtened lethality occurs when
bacteria invade during the virus resolution phase with the maximum
synergistic effect at 7 days post-influenza.!*?

Following bacterial infection, viral loads rebound and bacte-
rial titers increase to high levels within ~24 hours (Figure 4).*! In
addition, many host responses are elevated (eg, type | IFNs) while
others are dampened (eg, T cells). To investigate the mechanisms
that govern these dynamics and begin disentangling the host im-
mune response, the standard viral kinetic model was paired with the
aM® subset of the pneumococcal model (Figure 4).4! The remaining
populations (ie, neutrophils, inflammatory macrophages, cytokines,
and damage) in the pneumococcal model were not used because
corresponding models that describe the dynamics of these popula-
tions during IAV infection are not available. The coinfection model

altered different terms in the model to examine both pre-defined
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hypotheses and novel hypotheses. The dynamics generated by the
model are in good agreement with experimental data and showed
that only two alterations were needed to explain the dynamics
(Figure 4).** In the model, bacteria increase the rate of virus pro-
duction from infected epithelial cells (pl,) according to the saturat-
ing function a(P) =aP? (Figure 4). This term drives the viral rebound.
There was no pre-defined hypothesis or evidence for this increase,
but its inclusion in the model was critical. This novel hypothesis sub-

125-127 where

sequently guided several in vitro experimental studies,
at least two potential underlying mechanisms were discovered.
First, S. aureus, another common coinfecting bacteria, was shown to
inhibit IFN signaling in influenza-infected cells, which resulted in in-
creased virus production.'?> Although it is unknown if pneumococci
have this same ability and to what extent this occurs in vivo, partic-
ularly considering the enhanced IFN levels during coinfection,8¢-88
itis anintriguing finding and validates the model-generated hypoth-
esis. Second, pneumococcal neuraminidases, NanA and NanB, have

been shown to promote virus replication 126128

presumably through
cleavage of viral NA. Unsurprisingly, increased viral loads were not
observed when the two pathogens were simultaneously adminis-
tered to cell cultures.*?” This reduced synergism is consistent with in
vivo results indicating that the order and timing between pathogens
is important.!?

The model also predicted that virus infection decreases the rate
of bacterial clearance by aM®s according to the saturating func-
tion ¢(V)=¢V/(Kp,+V) , where Ky is the half-saturation constant
(Figure 4). This term drives bacterial invasion and was initially in-
cluded to assess previous reports that aM®ds became dysfunctional
during influenza.!?® Although the model could not distinguish
whether these cells were functionally impaired or were lost during
infection, the changes to the aM® population were sufficient to
drive the bacterial load dynamics.** In addition, the resulting pa-
rameter estimate indicated that the strength of this reduction was
significant (ie, ¢(V) =85—-90%). A follow-up experimental study that
tracked the aM® population with a labeling dye and employed a
novel and robust flow cytometry gating strategy better defined the
aM® dynamics during 1AV infection.’'® This study showed a pro-
found depletion of aM®s over the course of influenza,™® which
may be specific to BALB/cJ mice.??? In C57BL/6 mice, aM®s may be
functionally inhibited.*?? Fortunately, the model remains accurate
because the underlying mechanism is not defined by the model.
Remarkably, the experimental data showed that aM®s were re-
duced at 7 days post-influenza by the exact value that the model
predicted, that is, 85%-90%.1*° This study effectively validated the
model and the estimate of (V). In addition, the data and model to-
gether helped identify why bacterial invasion 7 days after influenza
results in maximal lethality.’*> How aM®s become depleted and

how their loss alters other host responses and lung function 7¢3%-

132 remain open questions.

Parameter estimation played a key role in identifying these
mechanisms and in determining that they are independent.41 The
lack of correlation between the parameters involved in the two func-

tions, a(V) and $(V), suggested that they described distinct processes.

Unsurprisingly, there were correlations within each function (ie, a
is correlated to z, and ¢ is correlated to KP\,).41 Notably, these cor-
relations did not inhibit accurate parameter values from being ob-
tained.*>!13 These studies illuminate the critical nature of validating
a model’s predictions to expand its capabilities through correct-
ing any inaccuracies (eg, altering functional forms or adding new
equations) and completing new analyses (eg, as in *¢*%). It remains
unclear if the function describing the increase in virus production
(a(P)=aP?) is accurate. However, the new aM® data suggested that
the effect on these cells does not saturate (ie, q@(V);é¢V/(KpV+V)).
A more mechanistic model for aM® interactions with influenza virus
is likely required. Nevertheless, approximating aM® depletion ¢(V)

through produced robust predictions.***

5.3 | The non-linear threshold regulating
phenotype and heterogeneity

The new knowledge about aM® dynamics and the connection
of these data to $(W allowed for another iteration of the model-
experiment exchange.** By simulating the model with values for
H(V) between 0 (0% depletion) and 1 (100% depletion), it was
observed that this parameter is a bifurcation parameter that
regulates bacterial growth trajectories.** Mathematical analy-
ses were used to derive the non-linear threshold that defines
the dynamical switch between growth and clearance pheno-
types (Figure 4). That is, bacteria-aM® pairs that fall below the
threshold will result in bacterial clearance while pairings above
the threshold will lead to bacterial growth. The threshold can
be used to identify the dose needed for successful bacterial in-
vasion during influenza. It also suggests that there is a critical
point where any dose will initiate the secondary infection (dot
on threshold curve in Figure 4). This is defined by a relation be-
tween the rates of bacterial growth (r) and clearance (yyM,),
that is, ¢.i=1-r/(yyM,). This information was used to design
confirmatory experiments, which examined bacterial kinetics
for over 20 different combinations of bacteria and aM®s.** The
data showed that the threshold was accurate, the rate of bacte-
rial growth/clearance increases with distance above/below the
threshold, the phenotype switches if complete clearance is not
attained within ~4 hours, and pairings below the threshold re-
sult in heterogeneous bacterial titers.** This information suggests
that the behavior can be predicted for any bacteria-aM® pair-
ing, which is ideal. It also aids in the interpretation of bacterial
load data and allows for exploration of therapies that manipulate
bacterial loads (eg, antibiotics) and aM®s (eg, immunotherapy or

antivirals).3®

5.4 | Defining the contribution of other mechanisms

In addition to identifying the mechanisms described above, the model
also defined the time scales on which they act. For high-dose infec-
tion, the slope in the bacterial dynamics changes at ~10 hours post-

bacterial infection.*! This indicates that the contribution of aM®s
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to clearance is short lived, which has been observed experimen-
tally.4*120-122 However, bacteria grow exponentially after this time,
which suggests that neutrophils have little contribution to controlling

h.*! This is consist-

bacterial kinetics when the dose is sufficiently hig
ent with experimental evidence that these cells become dysfunc-
tional throughout influenza.**31%” The contribution from neutrophils
may be higher during low-dose infection,** but this has not been
explored in detail. A better understanding of how other cell types
and cytokines regulate pathogen kinetics and outcomes of influenza-
bacterial coinfection should manifest as new models for influenza are

developed.

5.5 | Connecting mathematically derived
mechanisms to omics data

The focus of many infectious disease studies has recently switched
from collecting qualitative data to collecting large, quantitative
‘omics’ data sets that simultaneously measures multiple variables
(eg, proteins, metabolic factors, and viral and host transcripts).
Omics studies require computational approaches that assess cor-
relations between different measurements. The computational
methods for this type of data are frequently network-based and
take into account known interactions (eg, protein-protein) or pre-
dicted interactions (ie, correlations) between biological variables.
However, one limitation of this analysis is that it cannot readily
assess the dynamic feedback of variables (eg, non-linearities like
saturating effects), which often occur on distinct time scales. In
contrast, mathematical descriptions of infection processes quanti-
tate the intricate host-pathogen feedbacks and link causation and
correlation. Kinetic models determine the time scales of various
mechanisms, the rate, magnitude, and effectiveness of immune
responses, and whether bifurcating behavior is possible. As more
omics data become available, it will be valuable to relate this infor-
mation to the network analyses because each approach may have
related and distinct conclusions. For instance, an omics study that
profiled gene expression patterns during influenza-pneumococcal
coinfection found that lethality is correlated with an early increase
in bacterial replication.!?® Interestingly, the kinetic studies de-
scribed above made the same conclusion but also identified the
regulatory mechanism that governs this behavior.*"** Likewise,
the omics study identified a defect in lung repair mechanisms,'?®
which the model did not address. Making these types of connec-
tions could be significant, particularly because tissue level changes

are correlated with disease outcome.

6 | MODELING THE POTENTIAL FOR
UNIVERSAL VACCINES

Preventing influenza virus infections through vaccination is ideal.
However, vaccines often lack efficacy because the virus mutates
rapidly and novel viruses emerge through recombination. In addi-
tion, initiating a robust and long-lasting response to the vaccine is

challenging. Even when immunity is generated by a natural infection,
long-term protection may not be guaranteed.’*® Furthermore, some
evidence from mathematical and experimental studies suggests that

29.30 \which

viral epitopes may be masked from recognition by B cells,
inhibits the generation of new antibodies during subsequent vaccina-
tions or infections. The model and data were in agreement that the
fold increase in antibody titer from baseline declines with repeated
vaccination. This was due to an antigen dose threshold that depends
on the level of pre-existing antibodies and dictates the level of anti-
body boosting that can be attained. Sufficiently high antigen doses
may be able to reduce the masking of antibodies.’® However, this
could be difficult and may complicate protection by a universal vac-
cine, which aims to broadly protect against infection with any influ-

enza virus subtype.

7 | ANTIVIRAL THERAPY: THE CASE FOR
IMMUNOMODULATORY DRUGS

Without effective vaccines, antivirals remain the primary measure
for combatting influenza virus infections. The two major antivirals
used to treat influenza are M2 inhibitors (M2ls) and NA inhibitors
(NAIs).°¢ While M2lIs disrupt ion-channel activity of the M2 protein
to limit virion uncoating inside the cell,****4° NAls limit virus spread
within the lung by preventing virions from being cleaved from in-
fected cells and infecting new host cells.*®” This reduces symptoms
and slows disease progression, but does not significantly reduce the
viral burden.*® Antiviral efficacy is greatest when the drug is ad-
ministered prophylactically or within the first 24-48 hours of symp-
tom onset.**! Prophylaxis with NAls has the most profound effect
with a 2.5-3.0 log,, reduction in viral loads.®¢13%142 As discussed
above, model analysis of viral kinetic models revealed that this is
because the processes that the drugs target (ie, the viral life cycle)
dominate only in the early stages of infection.®® Reduced efficacy
and less than 1 log,, lower viral load are achieved if the drug is given
in latter stages of infection (>3 days pi)**® when viral load kinet-
ics are influenced predominantly by clearance mechanisms (eg, in-
fected cell clearance (8) and, to a lesser extent, virus clearance (c)).®

Estimates of antiviral efficacy can be obtained from simulating
the model and altering the rate of virus production, p(1—e¢,), where

gy is the efficacy of the antiviral.’*

Drug effectiveness is equal to 1
when the drug is 100% effective and O when the drug is inactive
or absent. Model simulations suggest that targeting virus infection
(B) would yield similar results as targeting virus production and that
increased efficacy would be needed for an antiviral that improves
clearance of free virus (c).% Unsurprisingly, a therapy designed to
improve the timing and/or rate of infected cell clearance (5) could

result in faster resolution.®®

7.1 | Detecting off target immune effects

A secondary effect of NAI therapy was detected in one study that
assessed viral load kinetics when therapy was initiated either early
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or late in the infection.?® An extra term (—&7T) in the target cell equa-
tion together with the reduction in the rate of virus production
(p(1-¢,)) was needed in the model to simultaneously capture the
data®: dT/dt=—pTV—¢;T, where e; is the efficacy of the antiviral in
reducing the number of cells susceptible to infection. The require-
ment of the —e; T term in the model suggests that the antiviral limits
the number of cells that can be infected. Indeed, this was indepen-
dently observed in an experiment that assessed the area of the lung
infected during therapy.54 Neither the model nor the viral load data
identify the underlying mechanism. Interestingly, the predicted ef-
ficiency of this off-target effect was significantly greater than the
predicted efficacy of the antiviral inhibiting virus production (70% vs
10%).%¢ The lack of reduced viral loads even when fewer cells are in-
fected 2 may suggest that infected cells are relatively long lived and
that treatment does not shorten the time required to activate viral
clearance mechanisms. The host variables that contribute to the re-
duced number of infected cells under NAI therapy remain unknown.
Nevertheless, the reduced lung involvement would undoubtedly
reduce symptoms, improve wound healing capabilities, and reduce
subsequent comorbidities (eg, bacteria superinfection (discussed

further below)).

7.2 | Potential adverse consequences of
antiviral therapy during virus coinfection

Although antivirals exist for treatment of influenza virus infec-
tion, antivirals targeting other coinfecting viruses (eg, RV, RSV,
and PIV) have not been approved for use or are currently in de-
velopment.** Given that different virus pairings result in differ-
ent outcomes (ie, infection enhancement or reduction), use of
anti-influenza therapy could result in beneficial or adverse con-
sequences.42 In the case of IAV-RSV coinfection, where influenza

viruses reduce RSV growth,io“’106

antiviral therapy that limits IAV
infection could inadvertently result in a resurgence of RSV repli-
cation. It's unclear if the off-target effects of NAls would be suf-
ficient to facilitate or limit spread of the second virus. Conversely,
in coinfections where disease is enhanced (eg, IAV-RV coinfec-
tion'®%), anti-influenza therapy could restrict the second virus
from invading or significantly reduce coinfection-related patho-
genesis. This situation may have similarities to influenza-bacterial
coinfection, where antiviral therapy can lessen the synergism
(discussed further below).}*® Predicting outcomes from each of
these scenarios are needed and ideal for investigation with math-

ematical models.

7.3 | Arrole for antivirals and combination therapy in
limiting bacterial coinfection

Because antivirals restrict viral growth and influenza disease severity,
morbidity and mortality from invading bacterial pathogens can also
be reduced.’*® However, the time-dependent efficacies observed
during IAV infection are also reflected during bacterial coinfection,
where NAI prophylaxis is more potent in reducing coinfection-related

mortality143 (A.M. Smith, unpublished data). The mechanisms un-
derlying the improved outcome are currently unknown and may be
a consequence of reduced pathogen burden and/or reduced inflam-
mation. Antivirals can limit bacterial-induced increases in virus pro-
duction®?® (A.M. Smith, unpublished data) and, thus, eliminate the
post-bacterial viral rebound (A.M. Smith, unpublished data). In ad-
dition, it is possible that NAl-induced alterations to host responses
have downstream consequences on the functionality of macrophages
and neutrophils, which are critical for bacterial clearance. A dimin-
ished viral burden also minimizes the detrimental effect on aM®s,
which somewhat slows bacterial growth (A.M. Smith, unpublished
data). Therapeutic manipulation of the aM® population has been ex-

113 and mathematically (ie, (V)(1 —g,), where

amined experimentally
£, is the efficacy of the therapy).%® As expected, bacterial burden and
pneumonia were reduced.'® Although antibiotics have diminished
efficacy during coinfection,'*® analytical results suggest that combi-
nation therapy could increase the chances of successful immunother-
apy or antiviral treatment by over 200%.%° This is because changes
in the bacterial growth rate (r) also facilitates different outcomes of
influenza-bacterial coinfection.®® Similar to the degree of aM® deple-
tion (¢(V)), the bacterial growth rate (r) is a bifurcation parameter and,
thus, a drug target (eg, with protein synthesis inhibitors).3¢ However,
the efficacy needed to sufficiently reduce bacteria through this class
of drugs may be higher than immunomodulatory drugs.3¢

8 | CONCLUDING REMARKS AND
PERSPECTIVES

Influenza viruses continue to infect millions each year. Increased se-
verity and case fatality rates due to secondary bacterial pneumonia
have been emphasized by studies of the 1918, 1957, 1968, and 2009
influenza pandemics.1°7’1°9’11°'146 Influenza viruses that cause severe
disease support higher incidence of bacterial coinfection, yet only
a proportion of infections result in a coinfection.”*?¢ Furthermore,
other respiratory viruses may also coinfect and enhance influenza-
related disease.'%3195:19¢ Factors that impact influenza severity and,
thus, coinfection risk are not well understood. Given that numer-
ous viruses and bacteria can enhance influenza virulence and that
two or more pathogens are often detected in individuals with pneu-
monia, understanding how different pathogens synergize is critical.
Potentially even more important is discovering how antecedent viral
or bacterial infections decrease influenza spread because the under-
lying mechanism(s) could be leveraged as drug therapy. However,
knowledge about host immune control during influenza remains
limited.

Mathematical models have been a key to evaluate host immune
responses during influenza, disentangle factors that contribute to
resolution and coinfection risk, and identify regulatory mecha-
nisms ripe for drug targeting. In recent years, influenza models and
techniques have improved together with better availability of data
sets that measure numerous variables simultaneous and are sam-

pled on frequent time scales. New imaging techniques have also
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facilitated a deeper understanding of the infection at the tissue
level. This has allowed for robust development and parameteriza-
tion of models, and verification of their accuracy in the laboratory.
However, challenges still remain. The lack of non-linear dynam-
ics in some data (eg, constant viral loads during mid-infection
(Figure 2)) makes it challenging to assess specific host immune
responses with a single data set. Incorporation of data from infec-
tions with modified experimental conditions (eg, low dose, aged
hosts, coinfection, and/or antimicrobial therapy) should improve
accuracy and reveal important dynamics that are not otherwise
observable.

A substantial step in improving the quality of mathematical models
lies with experimentally validating the models and their predictions,
although few studies have taken this approach. Theoretical models
yield a significant amount of insight some of which cannot be tested
(eg, the rate of virus infection). This emphasizes the value of employing
these methods in studying influenza virus infections and coinfections.
However, designing experiments that test model-derived hypoth-
eses has proven critical to identifying host-pathogen mechanisms
and model accuracy. More studies of this nature should help refine
the model formulations, allow for more in-depth investigation of host
responses, and limit misinterpretation of theoretical results. As tech-
nological advances continue to improve data quality and quantity and
more data on viral-bacterial and viral-viral coinfections materializes,

mathematical analyses like those described here will be critical.

ACKNOWLEDGEMENTS

This work was supported by NIH grant Al125324 .

CONFLICT OF INTEREST

The author has no conflict of interest.

ORCID

Amber M Smith http://orcid.org/0000-0002-7092-6904

REFERENCES

1. Thompson WW. Influenza-associated hospitalizations in the
United States. JAMA. 2004;292:1333.

2. Reed C, Chaves SS, Daily Kirley P, et al. Estimating influenza dis-
ease burden from population-based surveillance data in the United
States. PLoS ONE. 2015;10:e0118369.

3. McCullers JA. The co-pathogenesis of influenza viruses with
bacteria in the lung. Nat Rev Microbiol. 2014;12:252-262.

4. Metzger DW, Sun K. Immune dysfunction and bacterial coinfec-
tions following influenza. J Immunol. 2013;191:2047-2052.

5. Brundage JF. Interactions between influenza and bacterial respi-
ratory pathogens: implications for pandemic preparedness. Lancet
Infect Dis. 2006;6:303-312.

6. ShortKR,Habets MN, Hermans PW, Diavatopoulos DA. Interactions
between Streptococcus pneumoniae and influenza virus: a mutually
beneficial relationship? Future Microbiol. 2012;7:609-624.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

Smith AM, McCullers J. Secondary bacterial infections in in-
fluenza virus infection pathogenesis. Influenza Pathog Control.
2014;385:327-356.

Rynda-Apple A, Robinson KM, Alcorn JF. Influenza and bacterial
superinfection: illuminating the immunologic mechanisms of dis-
ease. Infect Immun. 2015;83:3764-3770.

Robinson KM, Kolls JK, Alcorn JF. The immunology of influ-
enza virus-associated bacterial pneumonia. Curr Opin Immunol.
2015;34:59-67.

Bellinghausen C, Rohde GGU, Savelkoul PHM, Wouters EFM,
Stassen FRM. Viral-bacterial interactions in the respiratory tract.
J Gen Virol. 2016;97:3089-3102.

DaPalma T, Doonan BP, Trager NM, Kasman LM. A systematic ap-
proach to virus-virus interactions. Virus Res. 2010;149:1-9.

Canini L, Carrat F. Population modeling of influenza A/HIN1
virus inetics and symptom dynamics. J Virol. 2010;85:2764-2770.
Manchanda H, Seidel N, Krumbholz A, Sauerbrei A, Schmidtke M,
Guthke R. Within-host influenza dynamics: A small-scale mathe-
matical modeling approach. Biosystems. 2014;118:51-59.

Baccam P, Beauchemin C, Macken CA, Hayden FG, Perelson
AS. Kinetics of influenza a virus infection in humans. J Virol.
2006;80:7590-7599.

Price I, Mochan-Keef ED, Swigon D, et al. The inflammatory re-
sponse to influenza A virus (HIN1): an experimental and mathe-
matical study. J Theor Biol. 2015;374:83-93.

Smith AM, Adler FR, McAuley JL, et al. Effect of 1918 PB1-F2 ex-
pression on influenza a virus infection kinetics. PLoS Comput Biol.
2011;7:e1001081.

Saenz RA, Quinlivan M, Elton D, et al. Dynamics of influenza virus
infection and pathology. J Virol. 2010;84:3974-3983.

Miao H, Hollenbaugh JA, Zand MS, et al. Quantifying the early
immune response and adaptive immune response kinetics in mice
infected with influenza a virus. J Virol. 2010;84:6687-6698.
Dobrovolny HM, Gieschke R, Davies BE, Jumbe NL, Beauchemin
CAA. Neuraminidase inhibitors for treatment of human and
avian strain influenza: a comparative modeling study. J Theor Biol.
2011;269:234-244.

Holder BP, Simon P, Liao LE, et al. Assessing the in vitro fitness of
an oseltamivir-resistant seasonal A/H1N1 influenza strain using a
mathematical model. PLoS ONE. 2011;6:e14767.

Pinilla LT, Holder BP, Abed Y, Boivin G, Beauchemin CAA. The
H275Y neuraminidase mutation of the pandemic A/H1IN1 influ-
enza virus lengthens the eclipse phase and reduces viral output of
infected cells, potentially compromising fitness in ferrets. J Virol.
2012;86:10651-10660.

Paradis EG, Pinilla LT, Holder BP, Abed Y, Boivin G, Beauchemin
CAA. Impact of the H275Y and 1223V mutations in the neur-
aminidase of the 2009 pandemic influenza virus in vitro
and evaluating experimental reproducibility. PLoS ONE.
2015;10:e0126115.

Holder BP, Liao LE, Simon P, Boivin G, Beauchemin CAA. Design con-
siderations in building in silico equivalents of common experimental
influenza virus assays. Autoimmunity. 2011;44:282-293.

Smith AP, Moquin DJ, Bernhauerova V, Smith AM. Influenza virus
infection model with density dependence supports biphasic viral
decay. Front Microbiol. 2018;9:1554. https://doi.org/10.3389/
fmich.2018.01554

Ahmed H, Moore J, Manicassamy B, Garcia-Sastre A, Handel A,
Antia R. Mathematical analysis of a mouse experiment suggests
little role for resource depletion in controlling influenza infection
within host. 2017. arXiv:1705.02565 [g-bio]

Cao P, Wang Z, Yan AWC, et al. On the role of CD8+ t cells in
determining recovery time from influenza virus infection. Front
Immunol. 2016;7:611.


http://orcid.org/0000-0002-7092-6904
http://orcid.org/0000-0002-7092-6904
https://doi.org/10.3389/fmicb.2018.01554
https://doi.org/10.3389/fmicb.2018.01554

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

SMITH

Yan AWC, Cao P, Heffernan JM, et al. Modelling cross-reactivity
and memory in the cellular adaptive immune response to influenza
infection in the host. J Theor Biol. 2017;413:34-49.

Zarnitsyna VI, Handel A, McMaster SR, Hayward SL, Kohlmeier
JE, Antia R. Mathematical model reveals the role of memory CD8
T cell populations in recall responses to influenza. Front Immunol.
2016;7:165.

Zarnitsyna VI, Lavine J, Ellebedy A, Ahmed R, Antia R. Multi-
epitope models explain how pre-existing antibodies affect the
generation of broadly protective responses to influenza. PLoS
Pathog. 2016;12:e1005692.

Zarnitsyna VI, Ellebedy AH, Davis C, Jacob J, Ahmed R, Antia R.
Masking of antigenic epitopes by antibodies shapes the humoral
immune response to influenza. Philos Trans R Soc Lond B Biol Sci.
2015;370:20140248.

Handel A, Longini IM, Antia R. Towards a quantitative understand-
ing of the within-host dynamics of influenza A infections. J R Soc
Interface. 2010;7:35-47.

Li Y, Handel A. Modeling inoculum dose dependent patterns of
acute virus infections. J Theor Biol. 2014;347:63-73.

Handel A, Antia R. A simple mathematical model helps to explain
the immunodominance of CD8 T cells in influenza a virus infec-
tions. J Virol. 2008;82:7768-7772.

Pawelek KA, Huynh GT, Quinlivan M, Cullinane A, Rong L,
Perelson AS. Modeling within-host dynamics of influenza
virus infection including immune responses. PLoS Comput Biol.
2012;8:€1002588.

Lukens S, Clermont G, Swigon D. Sensitivity of human immune re-
sponse to influenza a virus infection and its dependence on virus
and host phenotypes. J Crit Care. 2013;28:e7-€8.

Smith AM. Quantifying the therapeutic requirements and poten-
tial for combination therapy to prevent bacterial coinfection
during influenza. J Pharmacokinet Pharmacodyn. 2017;1:81-93.
Cao P, McCaw J. The mechanisms for within-host influenza virus
control affect model-based assessment and prediction of antiviral
treatment. Viruses. 2017;9:197.

Handel A, Longini IM, Antia R. Neuraminidase inhibitor resistance
in influenza: assessing the danger of its generation and spread.
PLoS Comput Biol. 2007;3:e240.

Liao LE, Kowal S, Cardenas DA, Beauchemin CAA. Exploring virus
release as a bottleneck for the spread of influenza A virus infection
in vitro and the implications for antiviral therapy with neuramini-
dase inhibitors. PLoS ONE. 2017;12:e0183621.

Perelson AS, Rong L, Hayden FG. Combination antiviral therapy
for influenza: predictions from modeling of human infections. J
Infect Dis. 2012;205:1642-1645.

Smith AM, Adler F, Ribeiro R, et al. Kinetics of coinfection with
influenza A virus and streptococcus pneumoniae. PLoS Pathog.
2013;9:¢1003238.

Pinky L, Dobrovolny HM. Coinfections of the respiratory tract:
viral competition for resources. PLoS ONE. 2016;11:e0155589.
Shrestha S, Foxman B, Dawid S, et al. Time and dose-dependent
risk of pneumococcal pneumonia following influenza: a model
for within-host interaction between influenza and Streptococcus
pneumoniae. J R Soc Interface. 2013;10:20130233-20130233.
Smith AM, Smith AP. A critical, nonlinear threshold dictates
bacterial invasion and initial kinetics during influenza. Sci Rep.
2016;6:38703.

Duvigneau S, Sharma-Chawla N, Boianelli A, et al. Hierarchical
effects of pro-inflammatory cytokines on the post-influenza sus-
ceptibility to pneumococcal coinfection. Sci Rep. 2016;6:37045.
Smith AM, Perelson AS. Influenza A virus infection kinetics:
quantitative data and models. Wiley Interdiscip Rev: Syst Biol Med.
2011;3:429-445.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Beauchemin CA, Handel A. A review of mathematical models of
influenza A infections within a host or cell culture: lessons learned
and challenges ahead. BMC Public Health. 2011;11:S7.

Boianelli A, Nguyen V, Ebensen T, et al. Modeling influenza
virus infection: a roadmap for influenza research. Viruses.
2015;7:5274-5304.

Lukens S, DePasse J, Rosenfeld R, et al. A large-scale immuno-
epidemiological simulation of influenza A epidemics. BMC Public
Health. 2014;14:1019.

Hancioglu B, Swigon D, Clermont G. A dynamical model of human
immune response to influenza A virus infection. J Theor Biol.
2007;246:70-86.

Pommerenke C, Wilk E, Srivastava B, et al. Global transcriptome anal-
ysis in influenza-infected mouse lungs reveals the kinetics of innate
and adaptive host immune responses. PLoS ONE. 2012;7:e41169.
Toapanta FR, Ross TM. Impaired immune responses in the lungs of
aged mice following influenza infection. Respir Res. 2009;10:112.
Chung M, Binois M, Gramacy RB, Moquin DJ, Smith AP, Smith
AM. Parameter and uncertainty estimation for dynamical systems
using surrogate stochastic processes. 2018. arXiv:1802.00852
[math, stat].

Marathe BM, Mostafa HH, Vogel P, et al. A pharmacologically immu-
nosuppressed mouse model for assessing influenza B virus patho-
genicity and oseltamivir treatment. Antiviral Res. 2017;148:20-31.
Manicassamy B, Manicassamy S, Belicha-Villanueva A, Pisanelli G,
Pulendran B, Garcia-Sastre A. Analysis of in vivo dynamics of in-
fluenza virus infection in mice using a GFP reporter virus. Proc Natl
Acad Sci. 2010;107:11531-11536.

Cao P, Mccaw JM. The mechanisms for within-host influenza virus
control affect model-based assessment and prediction of antiviral
treatment. Viruses. 2017;9:197. https://doi.org/10.3390/v9080197
Miao H, Xia X, Perelson AS, Wu H. On identifiability of nonlin-
ear ODE models and applications in viral dynamics. SIAM Rev.
2011;53:3-39.

Nguyen VK, Klawonn F, Mikolajczyk R, Hernandez-Vargas EA.
Analysis of practical identifiability of a viral infection model. PLoS
ONE. 2016;11:e0167568.

Keef E, Zhang LA, Swigon D, et al. Discrete dynamical modeling
of influenza virus infection suggests age-dependent differences in
immunity. J Virol. 2017;91:e00395-17.

Mochan E, Swigon D, Ermentrout GB, Lukens S, Clermont G. A
mathematical model of intrahost pneumococcal pneumonia infec-
tion dynamics in murine strains. J Theor Biol. 2014;353:44-54.
Hernandez-Vargas EA, Wilk E, Canini L, et al. Effects of aging on
influenza virus infection dynamics. J Virol. 2014;88:4123-4131.
Petrie SM, Guarnaccia T, Laurie KL, Hurt AC, McVernon J, McCaw
JM. Reducing uncertainty in within-host parameter estimates of
influenza infection by measuring both infectious and total viral
load. PLoS ONE. 2013;8:€64098.

Dobrovolny HM, Reddy MB, Kamal MA, Rayner CR, Beauchemin
CAA. Assessing mathematical models of influenza infections using
features of the immune response. PLoS ONE. 2013;8:e57088.
Smith AM, McCullers JA, Adler FR. Mathematical model of a three-
stage innate immune response to a pneumococcal lung infection. J
Theor Biol. 2011;276:106-116.

Smith AM, Adler FR, Perelson AS. An accurate two-phase ap-
proximate solution to an acute viral infection model. J Math Biol.
2010;60:711-726.

Hayden FG. Newer influenza antivirals, biotherapeutics and com-
binations: novel influenza antivirals and therapeutics. Influenza
Other Respir Viruses. 2013;7:63-75.

McNab F, Mayer-Barber K, Sher A, Wack A, O'Garra A.
Type | interferons in infectious disease. Nat Rev Immunol.
2015;15:87-103.


https://doi.org/10.3390/v9080197

SMITH

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Hayden FG, Fritz R, Lobo MC, Alvord W, Strober W, Straus SE.
Local and systemic cytokine responses during experimental
human influenza A virus infection. Relation to symptom formation
and host defense. J Clin Invest. 1998;101:643-649.

Larson EW, Dominik JW, Rowberg AH, Highbee GA. Influenza virus
population dynamics in the respiratory tract of experimentally in-
fected mice. Infect Immun. 1976;13:438-447.

Burg D, Rong L, Neumann AU, Dahari H. Mathematical modeling
of viral kinetics under immune control during primary HIV-1 infec-
tion. J Theor Biol. 2009;259:751-759.

Holte SE, Melvin AJ, Mullins JI, Tobin NH, Frenkel LM. Density-
dependent decay in HIV-1 dynamics. J Acquir Inmune Defic Syndr.
2006;41:266-276.

Cao P, Yan AWC, Heffernan JM, et al. Innate immunity and the
inter-exposure interval determine the dynamics of secondary in-
fluenza virus infection and explain observed viral hierarchies. PLoS
Comput Biol. 2015;11:e1004334.

Perry AK, Chen G, Zheng D, Tang H, Cheng G. The host type |
interferon response to viral and bacterial infections. Cell Res.
2005;15:407-422.

Horisberger MA. Interferons, Mx genes, and resistance to influ-
enza virus. Am J Respir Crit Care Med. 1995;152:567-S71.

Crouse J, Kalinke U, Oxenius A. Regulation of antiviral T cell re-
sponses by type | interferons. Nat Rev Immunol. 2015;15:231-242.
Divangahi M, King IL, Pernet E. Alveolar macrophages and type
I IFN in airway homeostasis and immunity. Trends Immunol.
2015;36:307-314.

Le Bon A, Durand V, Kamphuis E, et al. Direct stimulation of T cells
by type | IFN enhances the CD8+ T cell response during cross-
priming. J Immunol. 2006;176:4682-4689.

Kolumam GA. Type | interferons act directly on CD8 T cells to
allow clonal expansion and memory formation in response to viral
infection. J Exp Med. 2005;202:637-650.

Marrack P, Kappler J, Mitchell T. Type | interferons keep activated
T cells alive. J Exp Med. 1999;189:521-530.

Benveniste EN, Qin H. Type | interferons as anti-inflammatory me-
diators. Sci STKE 2007; 2007: pe70.

Billiau A. Anti-inflammatory properties of Type | interferons.
Antiviral Res. 2006;71:108-116.

Garcia-Sastre A. Induction and evasion of type | interferon re-
sponses by influenza viruses. Virus Res. 2011;162:12-18.

Jia D, Rahbar R, Chan RWY, et al. Influenza virus non-structural pro-
tein 1 (NS1) disrupts interferon signaling. PLoS ONE. 2010;5:€13927.
Paucker K, Boxaca M. Cellular resistance to induction of inter-
feron. Bacteriol Rev. 1967;31:145-156.

Leviyang S, Griva I. A functional role for cellular heterogeneity in
the type | interferon response to viral infection. Viruses. 2018.
Shepardson KM, Larson K, Morton RV, et al. Differential type i
interferon signaling is a master regulator of susceptibility to post-
influenza bacterial superinfection. mBio 2016; 7: e00506-e00516.
Shahangian A, Chow EK, Tian X, et al. Type | IFNs mediate devel-
opment of postinfluenza bacterial pneumonia in mice. J Clin Invest.
2009;119:1910-1920.

Nakamura S, Davis KM, Weiser JN. Synergistic stimulation of
type | interferons during influenza virus coinfection promotes
Streptococcus pneumoniae colonization in mice. J Clin Invest.
2011;121:3657-3665.

Lee B, Robinson KM, McHugh KJ, et al. Influenza-induced type
| interferon enhances susceptibility to gram-negative and gram-
positive bacterial pneumonia in mice. Am J Physiol Lung Cell Mol
Physiol. 2015;309:L158-L167.

Li W, Moltedo B, Moran TM. Type | interferon induction during
influenza virus infection increases susceptibility to secondary
Streptococcus pneumoniae infection by negative regulation of y8 T
cells. J Virol. 2012;86:12304-12312.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

Grant EJ, Quifiones-Parra SM, Clemens EB, Kedzierska K. Human
influenza viruses and CD8 + T cell responses. Curr Opin Virol.
2016;16:132-142.

Kreijtz JHCM, Fouchier RAM, Rimmelzwaan GF. Immune re-
sponses to influenza virus infection. Virus Res. 2011;162:19-30.
Blevins LK, Wren JT, Holbrook BC, et al. Coinfection with strepto-
coccus pneumoniae negatively modulates the size and composition
of the ongoing influenza-specific CD8" T cell response. J Immunol.
2014;193:5076-5087.

Nolan VG, Arnold SR, Bramley AM, et al. Etiology and impact of
coinfections in children hospitalized with community-acquired
pneumonia. J Infect Dis. 2017;17:787.

Jain S, Self WH, Wunderink RG, et al. Community-acquired pneu-
monia requiring hospitalization among U.S. adults. N Engl J Med.
2015;373:415-427.

Jain S, Williams DJ, Arnold SR, et al. Community-acquired pneu-
monia requiring hospitalization among US children. N Engl J Med.
2015;372:835-845.

Martin ET, Kuypers J, Wald A, Englund JA. Multiple versus single
virus respiratory infections: viral load and clinical disease sever-
ity in hospitalized children: viral coinfection in children. Influenza
Other Respir Viruses. 2012;6:71-77.

Martin ET, Fairchok MP, Stednick ZJ, Kuypers J, Englund JA.
Epidemiology of multiple respiratory viruses in childcare attend-
ees. J Infect Dis. 2013;207:982-989.

Kaida A, Kubo H, Takakura K, et al. Associations between co-
detected respiratory viruses in children with acute respiratory in-
fections. Jpn J Infect Dis. 2014;67:469-475.

Goka EA, Vallely PJ, Mutton KJ, Klapper PE. Single, dual and multi-
ple respiratory virus infections and risk of hospitalization and mor-
tality. Epidemiol Infect. 2015;143:37-47.

Goka E, Vallely P, Mutton K, Klapper P. Influenza A viruses dual
and multiple infections with other respiratory viruses and risk
of hospitalisation and mortality. Influenza Other Respir Viruses.
2013;7:1079-1087.

Jewell NA, Vaghefi N, Mertz SE, et al. Differential type | interferon
induction by respiratory syncytial virus and influenza a virus in
vivo. J Virol. 2007;81:9790-9800.

Goto H, lhira H, Morishita K, et al. Enhanced growth of influenza
A virus by coinfection with human parainfluenza virus type 2. Med
Microbiol Immunol. 2016;205:209-218.

Shinjoh M, Omoe K, Saito N, Matsuo N, Nerome K. In vitro growth
profiles of respiratory syncytial virus in the presence of influenza
virus. Acta Virol. 2000;44:91-97.

Gonzalez AJ, ljezie EC, Balemba OB, Miura TA. Attenuation of in-
fluenza A virus disease severity by viral co-infection in a mouse
model. bioRxiv 2018;https://doi.org/10.1101/326546

Chan KF, Carolan LA, Korenkov D, et al. Investigating viral inter-
ference between influenza A virus and human respiratory syncy-
tial virus in a ferret model of infection. J Infect Dis. 2018;218:406.
https://doi.org/10.1093/infdis/jiy184

Morens DM, Taubenberger JK, Fauci AS. Predominant role of
bacterial pneumonia as a cause of death in pandemic influenza:
implications for pandemic influenza preparedness. J Infect Dis.
2008;198:962-970.

Chien Y-W, Klugman KP, Morens DM. Bacterial pathogens
and death during the 1918 influenza pandemic. N Engl J Med.
2009;361:2582-2583.

Louria DB, Blumenfeld HL, Ellis JT, Kilbourne ED, Rogers DE.
Studies on influenza in the pandemic of 1957-1958. Il. Pulmonary
Complications of influenza. J Clin Invest. 1959;38:213-265.
Weinberger DM, Simonsen L, Jordan R, Steiner C, Miller M, Viboud
C. Impact of the 2009 Influenza Pandemic on Pneumococcal
Pneumonia Hospitalizations in the United States. J Infect Dis.
2011;205:458-465.


https://doi.org/10.1101/326546
https://doi.org/10.1093/infdis/jiy184

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

SMITH

Klein EY, Monteforte B, Gupta A, et al. The frequency of influenza
and bacterial coinfection: a systematic review and meta-analysis.
Influenza Other Respir Viruses. 2016;10:394-403.

McCullers JA, Rehg JE. Lethal synergism between influenza virus
and Streptococcus pneumoniae: characterization of a mouse model
and the role of platelet-activating factor receptor. J Infect Dis.
2002;186:341-350.

Ghoneim HE, Thomas PG, McCullers JA. Depletion of alveolar
macrophages during influenza infection facilitates bacterial super-
infections. J Immunol. 2013;191:1250-1259.

Austrian R. Some aspects of the pneumococcal carrier state. J
Antimicrob Chemother. 1986;18:35-45.

Giebink G. The microbiology of otitis media. Pediatr Infect Dis J.
1989;8:518-520.

Giebink GS. The prevention of pneumococcal disease in children.
N Engl J Med. 2001;345:1177-1183.

Bogaert D, de Groot R, Hermans P. Streptococcus pneumoniae
colonisation: the key to pneumococcal disease. Lancet Infect Dis.
2004;4:144-154.

Kadioglu A, Weiser JN, Paton JC, Andrew PW. The role of
Streptococcus pneumoniae virulence factors in host respiratory col-
onization and disease. Nat Rev Microbiol. 2008;6:288-301.
Mochan-Keef E, Swigon D, Ermentrout GB, Clermont G. A
three-tiered study of differences in murine intrahost im-
mune response to multiple pneumococcal strains. PLoS ONE.
2015;10:e0134012.

Sun K, Metzger DW. Inhibition of pulmonary antibacterial defense
by interferon-y during recovery from influenza infection. Nat Med.
2008;14:558-564.

Clement CG, Evans SE, Evans CM, et al. Stimulation of Lung Innate
Immunity Protects against Lethal Pneumococcal Pneumonia in
Mice. Am J Respir Crit Care Med. 2008;177:1322-1330.

Camberlein E, Cohen JM, José R, et al. Importance of bacterial rep-
lication and alveolar macrophage-independent clearance mecha-
nisms during early lung infection with Streptococcus pneumoniae.
Infect Immun. 2015;83:1181-1189.

Kash JC, Walters K-A, Davis AS, et al. Lethal synergism of 2009
pandemic H1N1 influenza virus and Streptococcus pneumoniae
coinfection is associated with loss of murine lung repair responses.
mBio 2011; 2: e00172-11.

Smith AM, Huber VC. The unexpected impact of vaccines on
secondary bacterial infections following influenza. Viral Immunol.
2018;31:159-173.

Warnking K, Klemm C, Loffler B, et al. Super-infection with
Staphylococcus aureus inhibits influenza virus-induced type |
IFN signalling through impaired STAT1-STAT2 dimerization: in-
fluenza virus- and S. aureus -mediated signalling. Cell Microbiol.
2015;17:303-317.

Walther E, Xu Z, Richter M, et al. Dual acting neuraminidase in-
hibitors open new opportunities to disrupt the lethal synergism
between Streptococcus pneumoniae and influenza virus. Front
Microbiol. 2016;7:357.

Ouyang K, Woodiga SA, DwivediV, et al. Pretreatment of epithelial
cells with live Streptococcus pneumoniae has no detectable effect
on influenza a virus replication in vitro. PLoS ONE. 2014;9:€90066.
Nishikawa T, Shimizu K, Tanaka T, et al. Bacterial neuraminidase
rescues influenza virus replication from inhibition by a neuramini-
dase inhibitor. PLoS ONE. 2012;7:e45371.

Califano D, Furuya Y, Metzger DW. Effects of influenza on alveo-
lar macrophage viability are dependent on mouse genetic strain. J
Immunol. 2018;201:134-144.

Kumagai Y, Takeuchi O, Kato H, et al. Alveolar macrophages are
the primary interferon-alpha producer in pulmonary infection with
RNA viruses. Immunity. 2007;27:240-252.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

Schneider C, Nobs SP, Heer AK, et al. Alveolar macrophages
are essential for protection from respiratory failure and associ-
ated morbidity following influenza virus infection. PLoS Pathog.
2014;10:e1004053.

Wijburg OL, DiNatale S, Vadolas J, van Rooijen N, Strugnell RA.
Alveolar macrophages regulate the induction of primary cytotoxic
T-lymphocyte responses during influenza virus infection. J Virol.
1997;71:9450-9457.

Abramson JS, Lewis JC, Lyles DS, Heller KA, Mills EL, Bass DA.
Inhibition of neutrophil lysosome-phagosome fusion associated
with influenza virus infection in vitro. Role in depressed bacteri-
cidal activity. J Clin Invest. 1982;69:1393-1397.

Colamussi ML, White MR, Crouch E, Hartshorn KL. Influenza A
virus accelerates neutrophil apoptosis and markedly potentiates
apoptotic effects of bacteria. Blood. 1999;93:2395-2403.
Engelich G, White M, Hartshorn KL. Neutrophil survival is
markedly reduced by incubation with influenza virus and
Streptococcus pneumoniae: role of respiratory burst. J Leukoc Biol.
2001;69:50-56.

Ishikawa H, Fukui T, Ino S, et al. Influenza virus infection causes
neutrophil dysfunction through reduced G-CSF production and an
increased risk of secondary bacteria infection in the lung. Virology.
2016;499:23-29.

McNamee LA, Harmsen AG. Both influenza-induced neutrophil
dysfunction and neutrophil-independent mechanisms contribute
to increased susceptibility to a secondary Streptococcus pneumo-
niae infection. Infect Inmun. 2006;74:6707-6721.

Ferdinands JM, Fry AM, Reynolds S, et al. Intraseason waning of in-
fluenza vaccine protection: evidence from the US Influenza Vaccine
Effectiveness Network, 2011-12 through 2014-15. Clin Infect Dis.
2016;64:544. https://doi.org/10.1093/cid/ciw816

Ison MG. Antivirals and resistance: influenza virus. Curr Opin Virol.
2011;1:563-573.

Gubareva LV, Hayden FG. M2 and neuraminidase inhibitors: anti-in-
fluenza activity, mechanisms of resistance, and clinical effectiveness.
Influenza Virology: Current Topics; 2006:169-202.

Hayden FG. Safety and efficacy of the neuraminidase inhibitor
GG167 in experimental Human influenza. JAMA. 1996;275:295.
McCullers JA. Effect of antiviral treatment on the outcome
of secondary bacterial pneumonia after influenza. J Infect Dis.
2004;190:519-526.

McCullers JA. Preventing and treating secondary bacterial infec-
tions with antiviral agents. Antivir Ther. 2011;16:123-135.
Chaudhuri S, Symons JA, Deval J. Innovation and trends in the
development and approval of antiviral medicines: 1987-2017 and
beyond. Antiviral Res. 2018;155:76-88.

Karlstrém A, Boyd KL, English BK, McCullers JA. Treatment
with protein synthesis inhibitors improves outcomes of sec-
ondary bacterial pneumonia after influenza. J Infect Dis.
2009;199:311-319.

Dawood F, luliano A, Reed C, et al. Estimated global mortality
associated with the first 12 months of 2009 pandemic influenza
A H1N1 virus circulation: a modelling study. Lancet Infect Dis.
2012;12:687-695.

How to cite this article: Smith AM. Host-pathogen kinetics

during influenza infection and coinfection: insights from
predictive modeling. Immunol Rev. 2018;285:97-112. https://
doi.org/10.1111/imr.12692



https://doi.org/10.1093/cid/ciw816
https://doi.org/10.1111/imr.12692
https://doi.org/10.1111/imr.12692

