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Abstract—Based on biological experimental data, we developed a mathematical model of the virus-triggered signaling pathways

that lead to induction of type I IFNs and systematically analyzed the mechanisms of the cellular antiviral innate immune responses,

including the negative feedback regulation of ISG56 and the positive feedback regulation of IFNs. We found that the time between

5 and 48 hours after viral infection is vital for the control and/or elimination of the virus from the host cells and demonstrated that

the ISG56-induced inhibition of MITA activation is stronger than the ISG56-induced inhibition of TBK1 activation. The global

parameter sensitivity analysis suggests that the positive feedback regulation of IFNs is very important in the innate antiviral system.

Furthermore, the robustness of the innate immune signaling network was demonstrated using a new robustness index. These

results can help us understand the mechanisms of the virus-induced innate immune response at a system level and provide

instruction for further biological experiments.

Index Terms—Signaling pathways, mathematical modeling, negative feedback, positive feedback, robustness
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1 INTRODUCTION

IN recent years, the application of computational and
systems biology tools to understand the molecular

mechanisms of the signaling pathways of innate immunity
has attracted the attention of many researchers because it is
now recognized that the innate immune response plays a
central role in the elimination of most pathogens without
necessarily requiring the activation of adaptive immunity
[1], [2], [3]. By combining quantitative data with mathema-
tical models, the control mechanism of the IFN-induced
JAK-STAT signaling pathways, the identification of a
crucial factor in the IFN-�-induced pathway and the
dynamic properties of the transcriptional factor NF-�B-
related signaling pathways have been extensively studied
[4], [5], [6], [7], [8], [9], [10], [11].

To reveal the detailed mechanism and the hidden
dynamics of positive and negative feedback regulation in
the innate immune signaling pathways, we developed an
ordinary-differential-equations (ODEs) model of the virus-
triggered type I IFN signaling pathways. Based on a
previous model that focused on the early phase of the
response, which results in the production of IFN-� [12],
and a simplified delayed model that focused on a
systematic dynamical analysis of this signaling pathway
[13], in this study, we extended the simplified model by
adding several important proteins to the pathways, a
positive feedback regulation of the IFN proteins that leads
to the transcription of IRF7 via the JAK-STAT pathway

during the late phase of viral infection and a negative
feedback regulation of ISG56 [14]. The hybrid genetic
algorithm was used to identify the parameters of the ODEs.
The negative feedback mechanism mediated by ISG56 and
the positive feedback regulation of IFN were investigated.
The robustness of the signaling network was also analyzed.

2 SIGNALING PATHWAYS AND MATHEMATICAL

MODEL

2.1 Signaling Pathways

In response to viral infection, dsRNA interacts with the RNA-
helicase domain of RIG-1 or MAD5 [15], [16], [17], [18], [19],
[20]. The caspase-recruitment domain of RIG-1 or MAD5
transmits signals to the CARD modules of VISA, which
interacts with MITA to form the complex VISA_MITA that
mediates the phosphorylation of MITA [21], [22]. The
phosphorylated MITA activates TBK1, and this activation
leads to the phosphorylation of IRF3 and IRF7. In addition,
phosphorylated MITA triggers the activation of NF-�B
through the IKK proteins, and the activated NF-�B is
translocated to the nucleus to trigger IFN mRNA induction
[23]. At the same time, the phosphorylated IRF3 and IRF7
form homo- or heterodimers and are translocated to the
nucleus to trigger IFN mRNA induction, which leads to
the production of type I IFNs [14]. The type I IFNs induce the
transcription of IFN-stimulated genes, such as ISG56; some
antiviral proteins and IRF7 are also induced by IFN-mediated
signaling pathways [24], [25], [26], [27]. The induced ISG56
inhibits the activation of MITA by targeting the formation of
VISA_MITA and inhibits the activation of TBK1 by targeting
the formation of MITA_TBK1 [28]. The IFN-induced antiviral
proteins inhibit virus replication by target the virus RNA
[29], [30]. The simplified diagram of the virus-induced type I
IFN signaling pathways is depicted in Fig. 1.
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2.2 The Mathematical Model

Our model only considers those components that are
involved in the interactions and dynamic processes that

were found to be most important through experimental
observations. The reaction scheme of the signaling pathways

leading to the induction of IFN-� that were used to build the
mathematical model is depicted in Fig. 2. To describe the

mechanism of the ISG56 inhibition of MITA-VISA and
MITA-TBK1, we introduced the parameter �, which varies

in the range of [0, 1], to the model. The boundary values 0
and 1 of this parameter correspond to the ISG56 inhibition of

only MITA-VISA and only MITA-TBK1, respectively.
Due to the complexity of the signaling networks, the

following assumptions were made:

1. The activation and phosphorylation of a protein by
another protein was described in a linear form.

2. The phosphorylated IRF3 and IRF7 translocate into
the nucleus in the form of a homodimer or a
heterodimer. These dimers then induce the tran-
scription of IFN-�. Thus, we describe these proteins
in a multiplication form. We also assume that the
dimer and the process that activates NF-�B to
induce the transcription of IFN-� in the nucleus
follow Michaelis-Menten kinetics.

3. We consider the differences between the cytoplasmic
and nuclear volumes in HEK293 cells; accordingly, a
scaling factor kv (ratio of the cytoplasmic volume and
to the nuclear volume) was introduced. The nuclear
import and export rates are proportional to the
cytoplasmic and nuclear concentrations, respectively.

The mathematical model of the network is as follows:

d½V irus�=dt ¼ k1½V irus�=ð1þ a1½Avp�n1Þ � d1½V irus�
d½MITA�=dt ¼ k2½V irus�=ð1þ �a2½ISG56�n2Þ � d2½MITA�
d½IKKs�=dt ¼ k3½V ISA� � d3½IKKs�
d½NF�B�=dt ¼ k4½IKKs� � d4½NF�B�
d½TBK1�=dt ¼ k5½V ISA�=ð1þ ð1� �Þa5½ISG56�n2Þ

� d5½TBK1�

d½IRF3�=dt ¼ k6½TBK1� � d6½IRF3�
d½IRF7�=dt ¼ k7½TBK1� þ k71½IFN��=kv=ð1þ a7½IFN��=kvÞ

� d7½IRF7�
d½IFN��=dt ¼ kvðk8½NF�B�n3=ð1þ a80½NF�B�n3Þ

þ k81½IRF3�n4=ð1þ a81½IRF3�n4Þ
þ k82½IRF3�½IRF7�=ð1þ a82½IRF3�½IRF7�Þ
þ k83½IRF7�n4=ð1þ a83½IRF7�n4ÞÞ � d8½IFN��

d½ISG56�=dt ¼ k9½IFN��=kv � �k91½MITA�½ISG56�
� ð1� �Þk92½TBK1�½ISG56� � d9½ISG56�

d½Avp�=dt ¼ k10½IFN��=kv � k11½V irus�½Avp� � d10½Avp�:

The definitions of all of the parameters in the model are
described in the first and second columns of Table 1.

3 OPTIMIZATION ESTIMATION AND SENSITIVITY

ANALYSIS OF THE PARAMETERS

3.1 A Hybrid Genetic Algorithm

To analyze the dynamical behavior of the signaling path-
ways based on the model, identification of the parameters
in the nonlinear differential equations is critical. Some of the
parameters can be collected by experiments, but the
parameters for most processes are not directly accessible.
Existing biochemical data usually originate from different
experimental settings, cell types and states of cells and,
therefore, not be automatically trusted and used for
quantitative models. So accurate and reliable quantification
of the parameters is essential for the development of
predictive models and therefore parameter estimation is a
hot topic in systems biology.

In this study, the parameter estimation was converted
into an optimization problem, that is, to find the optimal
parameter set that minimize the error between the simula-
tion results and experimental data. Because the published
data contain two classes of data, one is time series data of
ISG56 activity; another is the inhibitory effect of ISG56 on
IFN-� expression in the signaling pathways [28]. Mathe-
matically, the object function contains two parts, the first
part is the error between the simulation results and time
series experimental data and the second part is the
inhibitory effect error between experimental data and
simulation results. The formulation can be expressed as
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Fig. 1. Schematic diagram of virus-triggered type I IFN signaling
pathways, dsRNA in the cytoplasm activates the RIG-1/MDA5 mediated
the activation of NF-�B and IRF3=7, leading to the transcription of type I
IFN gene (IFN-�=�), including all key components considered in the
model ([14], [20], [21], [22], [24], [28]).

Fig. 2. A simplified reaction scheme considered in the mathematical
model. Two possible mechanisms of ISG56 mediated the virus-triggered
type I IFNs induction, the ISG56 inhibit the activation of MITA through
disrupt the VISA-MITA interaction and inhibit the activation of TBK1
through disrupt the MITA-TBK1 interaction.
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 !2
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ai
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where yDk ð�jÞ represents the measured data of component yk
at time �j, which was extracted using the ImageJ software
from the experimental immunoblot data [28], and ykð�j; P Þ
is the simulation result of component yk in the mathematical
model at time �j with parameter set P . The quantities ai and
biðP Þ denote the inhibitory effect obtained from the
experimental data [28] and the simulation results with
parameter set P , respectively. The inhibitory effect is
calculated using the expression levels of the involved
components (IFN-� and NF-�B) at 12 hours under the
inhibition of ISG56 divided by the expression levels of the
involved components (IFN-� and NF-�B) when ISG56 is
knocked down. The parameter k is the number of different
components (k ¼ 1; 2; . . . ; K), j is the number of time-series
points (j ¼ 1; 2; . . . ;m) and i is the number of different
experimental groups (i ¼ 1; 2; . . . ; n). The parameters w1

and w2 corresponding to the weight coefficients of the two
separate parts of the object function. In this study, we set w1

and w2 to 1, which indicates that these two parts have the
same priority.

Based on the experimental data, the initial concentration
of Sendai virus used was approximately 100 nM. We
assumed that the expressed concentrations are proportional
to the plasmid doses. We also assumed that the initial
concentrations of NF-�B, IRF3/7, TBK1 and IFN-� are the
same as in a previous study [12]. The remaining four
modeled species were set to zero. We set the initial values of
the parameter set based on the available literature values
([6], [8], [12], [31]).

Due to the complexity of parameter estimation in
nonlinear dynamic models of biological systems, traditional
optimization methods, such as Levenberg-Marquardt and
Gauss-Newton et al., may fail to identify the global solutions
[32]. The genetic algorithm is one of the most competitive
stochastic methods for nonlinear optimization and para-
meter estimation [33]. Therefore, we used a genetic
algorithm based on multiparameter crossover to solve the
optimization problem (1). The detailed descriptions of the
algorithm are given as follows, and the optimal parameter
set obtained through the use of this algorithm is detailed
in Table 1.

A genetic algorithm:

Step 1. Guess the initial parameters and generate initial

population P ð0Þ ¼ fX1ð�Þ; . . . ; XNð�Þg based on the initial

data X0ð�Þ through X0ð�Þ þ ð2�rand-X0ð�ÞÞ=3, N is the

population size and set generation index � ¼ 0;
Step 2. REPEAT

(a) Evaluate (Calculate) the fitness ff1ð�Þ; . . . ; fNð�Þg of all

individuals in P ð�Þ according to (1) in main text, sort them

in increasing order, and record the smallest fitness vð�Þ of

the population P ð�Þ;
(b) Apply the following steps to derive new population

P ð�þ 1Þ ¼ fX1ð�þ 1Þ; . . . ; XNð�þ 1Þg;
(1) Randomly select N1 individuals fX01ð�Þ; . . . ; X0N1ð�Þg
from population P ð�Þ to generate N2 individuals by using

the following crossover:

Xnew ¼
XN1

i¼1

�iXi ;
XN1

i¼1

�i ¼ 1; �i 2 ½�0:5; 1:5� ð2Þ
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TABLE 1
The Optimal Parameters of the Model



(quasi-linear combination is to expand the search space and

can guarantee searching more extensive range, even

including the boundary [34])

(2) Repeat Step 1 until a total of N2 new individuals are

obtained;

(3) Calculate the fitness of N2 new individuals;

(4) Sort N2 new individuals and N individuals in P ð�Þ in
increasing order, and select N individuals with the smallest

fitness to form the new population P ð�þ 1Þ ¼ fX1ð�þ 1Þ;
. . . ; XNð�þ 1Þg.
(c) Record the smallest fitness vð�þ 1Þ of the population

P ð�þ 1Þ and return to (a);

ðdÞ� :¼ �þ 1;

UNTIL the stopping criteria ð� > K1Þ fulfilled;

Step 3. Determine a set of the parameter values at which the
cost function is minimal.

Step 4. Replace the initial seeds in Step 1 with the parameter

values determined in Step 3.

Step 5. Iterate Steps 1-4 until the local cost values converge

to a steady-state point and the parameter values at which

the local cost value is minimal are considered to be the

optimized parameters then output the optimized para-

meters.

3.2 Sensitivity Analysis

Sensitivity analysis is often conducted in the study of

signaling pathways to understand how the system re-

sponds to changes in the parameters. Sensitivity analysis

can also be exploited to identify molecules or mechanisms

that have significant impact on the pathway dynamics

under perturbed conditions.
To investigate the effects of parameter changes on the

level of IFN-� activity, we performed a sensitivity analysis

of the parameters using the partial rank correlation

coefficient (PRCC) method [35], [36], [37]. The PRCC/LHS

analysis is a global sensitivity analysis method that

calculates the partial rank correlation coefficient for the

model inputs (sampled by the Latin hypercube sampling

method) and outputs. The calculated PRCC is a standar-

dized sensitivity measurement between �1 and 1 such that

a negative value indicates an inverse relationship between

the parameter and output and a positive value indicates a
positive relationship.

In this study, the sample size N was set to 1,000, and the
order of magnitude of the perturbation was set to 0.1.
The global sensitivities computed by the PRCC method are
illustrated in Fig. 3. The sensitivity values profile the
sensitivity of the input parameters to the expression of
IFN-�. As shown in the figure, the parameter k71 (IFN-�-
induced expression of IRF7) is the most sensitive parameter
to the production of IFN-�. The next most sensitive
parameters are the IRF7-induced expression of IFN-� ðk83Þ
and the degradation rates of IRF7 ðd7Þ and IFN-� ðd8Þ.

The results show that the most sensitive parameters are
involved in the positive feedback loop, which indicates that
the positive feedback mechanism is very important to the
expression of IFN-�.

4 NUMERICAL EXPERIMENTAL RESULTS

4.1 Comparison of the Simulation Results with
Experiment Observations

The negative control mechanism of ISG56 in the early
system response is a mediator of negative feedback
regulation of the cellular antiviral responses that help
prevent a harmful excessive immune response. The experi-
mental results from a previous study [23] suggest that the
overexpression of ISG56 strongly inhibits the SeV-induced
activation of the IFN-� promoter in a dose-dependent
manner and that the knockdown of ISG56 promotes the
virus-induced activation of NF-�B and the IFN-� promoter.

We used our mathematical model to simulate the
inhibitory effects of ISG56 on the SeV-induced IFN-�
signaling pathways. Fig. 4 demonstrates that the simulation
results are consistent with the two types of experimental
data, which were described in Section 3.1. The consistency
between the experiment data and simulation result
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Fig. 4. Comparisons between the numerical simulation and the
experimental results. (A) The upper figure is the simulation results of
ISG56 activity and the below figure is the western blot array in the
experiments [28]; (B) and (D) the inhibitory effects of ISG56 on the
IFN-� mRNA and NF-�B, respectively, when the initial concentration
of ISG56 is zero; and (C) the inhibitory effect of ISG56 on the IFN-�
promoter when the initial concentrations of ISG56 are 0:1 �g and
0:3 �g, respectively.

Fig. 3. Sensitivity analysis to the perturbation of parameters in the
model.



indicated that the reasonability of the parameter estimation
method and the reliability of the model.

4.2 Quantitative Relationship between the
Inhibitory Effects of ISG56 and IFN-�� Induction

To investigate the dose of ISG56 plasmid that gives the

maximal inhibition of IFN-� induction, we simulated ISG56

plasmid doses ranging from 0 to 0.5 �g with a 0.1-�g dose

interval. As shown in Fig. 5, the inhibitory effects are rapidly

decreased with 0.1 �g of ISG56 plasmid, and the IFN-� and

NF-�B activations reach a steady state when the initial

concentration of ISG56 is approximately 0.3 �g. However,

no difference was observed when the initial concentration of

ISG56 was greater than 0.3 �g. To observe the inhibitory

effects more clearly, we drew the corresponding mesh

figure, which is shown in Fig. 6.
We further investigated how the strength of the negative

feedback of ISG56, i.e., the parameter a2, affects the

expression of IFN-�. The numerical simulation results are

depicted in Fig. 7. An increase in the value of a2 decreased

both IFN-� and NF-�B. However, the influence of the

parameter a2 on NF-�B is greater than that on IFN-�. The

corresponding mesh diagrams are depicted in Fig. 8. In fact,

the negative feedback inhibits the NF-�B and the IRF3=7

signaling pathways, which together mediate the induction

of IFN-�. The results suggest that the positive feedback in

the pathway may counteract the inhibitory effects on the

induction of IFN-�.

4.3 Investigation of the Positive Feedback
Regulation of the Network

The virus-triggered type I IFN signaling pathways feature

both positive and negative feedback loops, both of which

have essential roles in the regulation of the innate

immune system.
The parameter k71 is the rate of IFN-�-induced IRF7

expression; thus, this parameter can be considered the

strength of the positive feedback. As shown in Fig. 9A, the

numerical simulations demonstrate that an increase in

the strength of the positive feedback induces a rapid

increase in IFN-� during the late phase of infection. In the

early phase (before 5 hours), the level of the transcription

factor NF-�B decreases. Moreover, the presence and

strength of the positive feedback did not affect the induction

of IFN-�. However, in the late phase of infection, the level of

NF-�B is dramatically increased in the presence of positive

feedback, but the amplitude of this increase decreased with

increasing k71 (see Fig. 9B). The corresponding mesh

diagrams are depicted in Fig. 10. These results demonstrate

the importance of the regulation of NF-�B after 5 hours.
To investigate the dynamics of the positive feedback loop,

we removed the positive feedback and conducted numerical
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Fig. 5. The relationship between the initial dose of ISG56 plasmid and
the inhibitory effects on IFN-� and NF-�B induction.

Fig. 6. The mesh diagrams of virus-triggered IFN-� and NF-�B induction
with the increase of ISG56 initial concentration.

Fig. 7. Dynamic behavior of the IFN-� and NF-�B with the increasing of
the negative feedback strength.

Fig. 8. The mesh diagrams of virus-triggered IFN-� and NF-�B induction
with the increase of negative feedback strength.

Fig. 10. The mesh diagrams of virus-triggered IFN-� and NF-�B
induction with the increase of positive feedback strength.

Fig. 9. Dynamic behavior of the IFN-� and NF-�B with the increasing of
the positive feedback strength.



simulations. Fig. 11 compares the results obtained in the
presence and absence of the positive feedback loop. As
shown in the figure, the IFN-� and IRF7 levels have the same
influences by the positive feedback loop (see Figs. 11A and
11C), but the changes in the IRF3 and NF-�B levels are
different from the changes in the IFN-� level (see Figs. 11B
and 11D), which indicates that the expression of IFN-� is
mainly regulated by phosphorylated IRF7. The results are
consistent with previously published results ([15]).

High levels of IFN-�=� induce additional ISGF3 and the
production of additional ISG56, which will lead to a
stronger inhibition of the IRF3- and NF-�B-related signaling
pathways. Moreover, during the late phase of viral
infection, the expression levels of IRF3 and NF-�B in the
presence of positive feedback are lower than those obtained
in the absence of positive feedback. The concentrations of
both IFN-� and IRF3 increase after the positive feedback
comes into effect (after 5 hours of viral infection). In
addition, the concentrations of IFN-� and IRF3 decrease
after this initial rise and, approximately 48 hours after the
beginning of the infection, reach almost the same level as
that obtained in the absence of positive feedback. This
switch, which is induced by the positive feedback, indicates
that the time between 5 and 48 hours after the initiation of
viral infection is vital for the control and/or elimination of
the virus from the host cells.

Real biochemical networks have developed mechanisms
to maintain their specificity when transmitting signals; these

mechanisms usually involve maintaining the ratio between
the parameters in a certain mechanism within a range [44].

To analyze the effects of parameters on the signaling
pathway, we performed a counterfactual analysis between
parameters a2 and a5.

Assuming that a2 > a5 and �a2 > ð1� �Þa5, which in-
dicates that MITA-associated ISG56 (STING) predominantly
disrupts the interaction between MITA and VISA and
inhibits the activation of the NF-�B and the IRF3 signaling
pathways, it was found that ISG56 plays a small part in the
disruption of the interaction between MITA and TBK1,
which further inhibits the activation of IRF3 and mediates
the expression of type I interferons (IFN-� and IFN-�).

If a2 < a5 and �a2 < ð1� �Þa5, there are two possible
cases: decreasing parameter a2 or increasing parameter a5.
For case one, the simulation results show that there is little
effect on the IFN-� and NF-�B induction when the
inhibition of ISG56 is knocked down and that there is no
difference in the level of IFN-� when the initial concentra-
tion of ISG56 is increased (see Figs. 12A and 12B). For case
two, the simulation results show that ISG56 effectively
inhibits the induction of IFN-� and NF-�B, although the
concentration of IFN-� becomes more stable as the initial
concentration of ISG56 increases (see Figs. 12C and 12D).
The simulation results indicate that the ISG56-induced
inhibition of MITA activation is stronger than the ISG56-
induced inhibition of TBK1 activation.

5 ROBUSTNESS ANALYSIS

Robustness is the maintenance of specific functionalities of
the system in the presence of perturbations [45]. Real
biochemical networks must be sufficiently robust to tolerate
parameter and environmental variations such that the
system can efficiently respond to small but persistent
parameter and environmental perturbations. For a robust
innate immune system, both signaling specificity and
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Fig. 12. The SeV-induced activation of the IFN-� and NF-�B with or
without negative feedback of ISG56 under different initial concentration
of ISG56 are as following: (A) and (B) randomly decreasing a2 by a2 ¼
a2=2þ a2

�rand satisfied that �a2 > ð1� �Þa5; (C) and (D) randomly
increasing a5 by a5 ¼ a5 þ a5

�rand satisfied �a2 > ð1� �Þa5; (A) and (C)
the dynamic behavior of IFN-� as the increase of initial concentration of
ISG56 or without the inhibition of ISG56; and (B) and (D) the dynamic
behavior of NF-�B with or without negative feedback of ISG56.

Fig. 11. The simulation of the positive feedback mechanism. “Without
positive feedback loop” indicates that the positive feedback loop has
been cutoff when IFN-� leads to the transcription of IRF7. The
dynamic behavior of IFN-�, IRF3, IRF7, NF-�B, AVP, ISG56 with or
without positive feedback are illustrated in the above A, B, C, D, E,
and F, respectively.



complexity are required because excessive or prolonged
cytokine production leads to inflammation and tissue
damage. The IFN response is strictly regulated to avoid
pathologic consequences, including autoimmunity [46].

We assume that the robustness of the innate immune
system can be measured by determining the behavior or
feature of a system as a function of a perturbation.

The innate immune system will exhibit excessive auto-
immunity if the amount of IFN-� is above a certain
threshold for over a certain threshold time. However, for a
robust innate immune system, the virus-triggered induction
of IFN-� should not remain below a specific threshold to
ensure that the innate immune system is able to execute the
functions that control the viral infection [47], [48].

To measure the immune response triggered by viral
infection, we defined the state of the immune response C
with the following formula:

C ¼
tjmaxðyrðtÞÞ��maxðy0ðtÞÞ > �t0; excessive immunity;
�maxðy0ðtÞÞ > maxðyrðtÞÞ > 	maxðy0ðtÞÞ; normal;
maxðyrðtÞÞ � 	maxðy0ðtÞÞ; immunodenficiency;

8<
:

ð3Þ

where t0 ¼ tjy0ðtÞ > ðmaxðy0ðtÞÞ ��Þ, y0ðtÞ is the concen-
tration of IFN-� under the optimal parameter set in Table 1
and yrðtÞ is the concentration of IFN-� when the parameters
were perturbed. The maximum concentration of IFN-� is
approximately 420 nM. Here, � is set to 10 nM, and time t0
is approximately 4.5 hours, i.e., the concentration of IFN-�

is greater than 410 nM for approximately 4.5 hours. The
three parameters �; �, and 	 are the threshold values that
were used to characterize the robustness of the system. We
assume that an excessive immunity response occurs when
the amount of IFN-� is above 10 percent of the normal
maximum amount of IFN-� for over 50 percent of the
normal maximum duration time. The system behavior
indicates immunodeficiency when the maximum amount
of IFN-� is less than 50 percent of the normal maximum
amount. Therefore, the parameters in equation (3) were set
to the following: � ¼ 1:1, � ¼ 1:5, and 	 ¼ 0:5. We varied the
value of each parameter from �30 to 30 percent of the
normal value in 1 percent steps. The black box that is shown
in Fig. 13 indicates which perturbed parameter sets yield
excessive immunity or immunodeficiency.

A white box indicates that the induction of IFN-� was
normal. The results show that almost half of the parameters
could be increased and decreased by 30 percent of their
normal magnitude without triggering overimmunity or
immunodeficiency. However, several parameters were
subject to strong one-sided limitations, i.e., when the
perturbed parameters are higher or lower than a threshold
value, the system behavior indicates an excessive immunity
or an immunodeficiency response. The system behavior is
robust to the perturbation of all of the parameters within the
interval �7 to 9 percent of their normal values.

6 CONCLUSION

In the last few years, many positive and negative regulators
that control the virus-triggered innate immune signaling

pathways through different mechanisms or at multiple
levels have been experimentally identified.

The innate immune signaling networks have proven
difficult to characterize, and most of the data that has been
accumulated on such mechanisms are qualitative in nature
and scattered across different experimental contexts. It may
not be possible to solve this problem through laboratory
experiments due to the variations in environmental condi-
tions, cell types, and applied methodologies.

Based on previous work, we developed a model of
virus-triggered type I IFN production. In this model, we
introduced a positive feedback regulation of the JAK-STAT
pathway in the late phase of viral infection and an ISG56-
mediated negative feedback regulation. We developed a
simplified model and performed a detailed analysis of the
negative and the positive feedback loops. The simulation
results demonstrate that the model is reasonable. We
showed that the ISG56-induced inhibition of MITA
activation is stronger than the ISG56-induced inhibition
of TBK1 activation. Through our numerical simulations,
we further showed that the positive feedback of IRF7
induced by IFN-� in the late phase of infection contributes
to the late-phase IFN-� induction, which is consistent
with the results reported in the literature [36]. The analysis
of the positive feedback using the model showed that the
time between 5 and 48 hours after viral infection is vital
for the control and/or elimination of the virus from the
host cells. This finding may provide insights for the
development of effective treatments against virus-induced
diseases. Furthermore, we analyzed the robustness of the
system by defining a new measure. This analysis demon-
strated that the system behavior is robust to the perturba-
tion of parameters within the interval �7 to 9 percent of
their respective normal values.

The virus-triggered immune response is very compli-
cated, and a large number of feedback mechanisms
coordinately regulate the virus-triggered type I IFN
production and cellular antiviral response. Due to the
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Fig. 13. Robustness of the model against parameter changes. The
horizontal axis shows the parameters in the model and vertical axis
shows the perturbation amplitude from �30 to 30 percent correspond-
ing to each of the parameters. A black box means the system
behavior is excessive immunity or immunodeficiency when the
corresponding parameter is perturbed at certain amplitude while a
white box means the system behavior is normal when the
corresponding parameter is perturbed.



limitations of available experimental data, our research only
considered a basic model that captures the main features of
the signaling pathway. Therefore, the model may exhibit
limitations in the interpretation of the mechanistic details.

To analyze the robustness of the system in response to the
perturbation of parameters, we proposed a new measure to
differentiate between the normal state, overimmunity and
immunodeficiency. This differentiation was accomplished
by setting a threshold value that captured the main response
properties of the system and may provide insights for
further analysis. However, the definition is rough. Thus, the
development of a more accurate definition of the robustness
of the system needs additional in-depth research.

Further data-driven refinements of the mathematical
model will need to be directed toward a more detailed
understanding of the mechanisms that control the antiviral
responses and avoid autoimmunity.
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