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Abstract: Prior research has explored co-infections that involve two respiratory viruses, yet triple
infections remain poorly elucidated. With the COVID-19 pandemic and seasonal epidemics of respira-
tory syncytial virus (RSV) and influenza, understanding the dynamics of triple infections is critical for
public health preparedness. The simultaneous circulation of influenza A virus (IAV), RSV, and SARS-
CoV-2 presents a significant public health burden, particularly among vulnerable populations such as
children, the elderly, and immunocompromised individuals. Comprehending the interactions among
these viruses is crucial to improve our capacity to forecast and curb disease outbreaks. This study
addresses the escalating concern over the interaction of multiple respiratory viruses by introducing a
simple mathematical model to analyze triple infection dynamics involving IAV, RSV, and SARS-CoV-
2. The central question addressed in this study is how variations in infection rates influence each virus’s
duration and peak viral load in a triple-infection scenario. We find distinct regimes where each virus
can dominate and suppress the viral load and duration of the remaining two viruses. We derive an
analytical expression for the dependence of the critical infection rate of one virus on the infection rates
of the other two viruses. While the model will need to be extended to realistically capture in vivo viral
dynamics, this analysis helps provide insight into the complex dynamics of multiple virus infections.
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1. Introduction

Viruses pose significant health risks due to the potential for complications in affected individuals.
Viruses often co-circulate within populations, which creates opportunities for simultaneous infections
[1–3]. This co-circulation can lead to complex interactions among viruses, potentially exacerbating
the severity of illness [4,5]. Public health authorities are particularly concerned about the potential for
a tripledemic of influenza A virus (IAV), respiratory syncytial virus (RSV), and SARS-CoV-2 [5–7],
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with work being done to improve the tests for multiple pathogens [8–11] and to examine possible
treatment and prevention options [12, 13].

Within a host, viruses are known to interact through mechanisms such as competition for cellular
resources [14, 15], modulation of the immune response [16–18], and synergistic effects on disease
progression [17, 19, 20], which leads to more severe disease outcomes [21, 22]. For instance, viral
interference, where one virus affects the replication of another, has been observed in co-infections
involving IAV and RSV, although with mixed results. Some studies suggest that IAV can suppress
RSV replication under certain conditions [23–25], although other studies suggest that RSV infection
can also block IAV [26, 27]. Additionally, both RSV [28, 29] and IAV [29–32] have also been shown
to block SARS-CoV-2 infections. However, other studies indicate instances of viral synergy, with IAV
and SARS-CoV-2 co-infections leading to more severe outcomes [17, 20, 21, 33].

These complex interactions necessitate a deeper understanding of how viruses coexist and compete
in within-host environments. Infections with multiple pathogens are not only theoretically significant
but have also been documented in various clinical contexts [34, 35]. Notably, recent studies revealed
that the number of patients with 3 or more respiratory pathogens is about 2–4% [1, 36–38]. This can
significantly increase the risk of hospitalization and severe disease outcomes, especially in vulnerable
populations such as young children and the elderly [37]. This underscores the importance of consider-
ing viral co-infections during diagnosis and treatment, particularly in high-risk groups and during peak
viral seasons.

Mathematical modeling has become an increasingly important tool to help develop our understand-
ing of viral infections [39–41]. In recent years, models have been used to examine the role of the im-
mune response [42,43], the effect of vaccination [43–45] and antiviral treatment [46–48], along with a
variety of other processes such as syncytia formation [49], the bystander effect [50], reinfection [51],
and dose-dependence [52]. Mathematical modeling has emerged as a particularly invaluable tool to
explore the dynamics of viral interactions. These models have examined the effect of target cell com-
petition [14,53], cell regeneration [54,55], super-infection [55], and other viral interactions [53,56,57].
Despite these advances, gaps remain in the research, particularly concerning the dynamics of triple in-
fections. One model was developed to examine triple infections [58], although it was only used to
examine viral time course for a specific set of parameters. This does not account for the emergence
of different SARS-CoV-2 or influenza variants, which have demonstrated altered infectivity [59–61].
These variants raise concerns regarding their impact on triple infections. Studies have indicated that
these variants can influence viral load and prolong the duration of illness, underscoring the need for
comprehensive models that incorporate variant characteristics to accurately predict co-infection dy-
namics [62].

In light of these findings, this research seeks to develop a mathematical model that captures the
dynamics of triple infections by exploring how variations in infection rates influence the duration and
maximum viral load of IAV, RSV, and SARS-CoV-2 in a triple infection scenario. Through simulations,
we evaluate the intricate dynamics of these viruses and uncover patterns in their responses to varying
transmission rates. We find that only one virus dominates the triple infection, with the dominant virus
suppressing replication of the other two viruses.
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2. Methods

2.1. Model description

We use a model that extends a basic co-infection model to include three viruses, each with its
set of equations that represent the dynamics of susceptible target cells (T ), eclipse-phase infected
cells (E1, E2, E3), productively infectious cells (I1, I2, I3), and viral particles (V1,V2,V3). The model
equations are as follows:

1. Target Cells (T ):
dT
dt
= −β1TV1 − β2TV2 − β3TV3

2. Eclipse Phase Infected Cells (E1, E2, E3):

dE1

dt
= β1TV1 − k1E1

dE2

dt
= β2TV2 − k2E2

dE3

dt
= β3TV3 − k3E3

3. Productively Infectious Cells (I1, I2, I3):

dI1

dt
= k1E1 − δ1I1

dI2

dt
= k2E2 − δ2I2

dI3

dt
= k3E3 − δ3I3

4. Viral Particles (V1,V2,V3):
dV1

dt
= p1I1 − c1V1

dV2

dt
= p2I2 − c2V2

dV3

dt
= p3I3 − c3V3.

For these equations, β1, β2, β3 represent the viral infection rates, k1, k2, k3 represent the transition rates
from eclipse phase to productive infection, δ1, δ2, δ3 represent the death rates of infectious cells,
p1, p2, p3 represent the viral production rates, and c1, c2, c3 represent the viral clearance rates.
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Table 1. Model parameters taken from [14] and [63].

Initial Conditions
T0 1.0
Ei0 0
Ii0 0
Vi0 1.0 (PFU/mL)

Viral Infection Parameters
βIAV 8.273 × 10−6 (PFU/mL−1 · day−1)
βRSV 0.03 (PFU/mL−1 · day−1)
βSARS 2.32 × 10−4 (PFU/mL−1 · day−1)

Transition Rates
kIAV 4.20 (day−1)
kRSV 1.27 (day−1)
kSARS 4.08 (day−1)

Death Rates
δIAV 4.20 (day−1)
δRSV 1.27 (day−1)
δSARS 38.1 (day−1)

Viral Production Rates
pIAV 0.12 × 109 (PFU/mL · day−1)
pRSV 76.45 × 102 (PFU/mL · day−1)
pSARS 4.78 × 105 (PFU/mL · day−1)

Viral Clearance Rates
cIAV 4.03 (day−1)
cRSV 1.27 (day−1)
cSARS 0.117 (day−1)

2.2. Simulations

The model uses initial conditions (T0, Ei0, Ii0,Vi0) and parameter values from Table 1 to simulate the
triple infection of IAV, RSV, and SARS-CoV-2. The model parameters are taken from fits of a single
infection model to IAV, RSV, and SARS-CoV-2 [14, 63]. The infection rates and production rates are
scaled so that viral dynamics remain the same when all viruses have the same initial viral inoculum of
1.0 PFU/mL. When the viral measurements change to V ′ = V/V0, β and p must also be converted to
the new viral unit with β′ = βV0 and p′ = p/V0, respectively. Simulations of the three infections as
mono-infections are shown in Figure 1. We see that IAV has a high peak viral load and a short duration.
RSV has a low peak viral load and a moderate duration. SARS-CoV-2 has a peak viral load slightly
higher than RSV, but a longer duration than both IAV and RSV.

Our approach involves using Python’s scipy.odeint to numerically solve the system of differ-
ential equations that model viral triple infection dynamics. We vary the infection rates and measure
two characteristics of the viral titer curve to determine how changes in viral infection rate affect the
viral load of the three viruses. We measure the peak viral load and the duration of the infection, which
is defined as the time the viral titer curve is above 10 PFU/mL, a typical threshold of detection for
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Figure 1. Viral load of mono-infections of IAV (left), RSV (center), and SARS-CoV-2
(right).

infectious viral load.

3. Results

3.1. Model analysis

Since there is no cell regeneration, there are an infinite number of fixed points
(T ∗, 0, 0, 0, 0, 0, 0, 0, 0, 0), similar to the coinfection model analyzed in [54]. The presence of an acute
infection is determined by the basic reproduction number, which is determined by the next generation
matrix method [54],

R0 = max
(
βIAV pIAVT0

cIAVδIAV
,
βRSV pRSVT0

cRSVδRSV
,
βSARS pSARST0

cSARSδSARS

)
. (3.1)

Thus there will be an infection if any one of the viruses has an R0 > 1.

3.2. Changing infection rate of a single virus

First, we examine how the triple infection changes when only one of the viruses experiences a
change in infectivity. We vary βi from 10−3 to 103 times its original value and measure the peak viral
load and infection duration of all three viruses. The results are shown in Figure 2. The change in
infection rate (βi), which is displayed on a logarithmic scale, is on the x-axis, while the y-axis denotes
the peak viral load (top) and infection duration (bottom). Each line on the graph corresponds to a
different virus: IAV (blue), RSV (orange), and SARS-CoV-2 (green).

In the top row, we change βIAV; thus, IAV has an infection rate too low to initiate an influenza
infection until an infection rate of ∼ 10−1.5, after which a substantial increase in peak viral load is
observed, reaching a maximum at an infection rate of ∼ 100.3 with a maximum peak viral load of
∼ 106.75. Beyond this point, the virus population stabilizes and maintains a high peak viral load.
Contrastingly, the orange line, which represents the peak viral load of RSV, has a maximum peak viral
load of ∼ 103.3 at low βIAV . This population remains constant until the IAV viral peak reaches its
maximum, after which a gradual decline is evident. The green line, which represents the peak viral
load of SARS-CoV-2, shows a similar pattern to RSV, although it has a much lower peak viral load of
∼ 100.9. This viral load remains constant until the IAV peak viral load reaches a maximum, after which
a decline is observed.
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Figure 2. Change in peak viral load (top) and infection duration (bottom) for all three viruses
as the infection rates of SARS-CoV-2 (left), RSV (center), or IAV (right) are varied.

We see slightly different behaviors for the infection duration. The green line, which represents
SARS-CoV-2, never crosses the threshold of detection; thus, SARS-CoV-2 is effectively suppressed
by the presence of the other two viruses. On the other hand, RSV has a long duration of around 8.5 d
when the infection rate of IAV is low. However, once IAV infections are possible, the duration of
RSV steadily declines until βIAV ≈ 101.85, where the duration reaches zero and RSV is also effectively
suppressed by IAV. IAV duration is zero until an IAV infection rate of βIAV ≈ 10−1.2 is reached. It
subsequently experiences an increase, and peaks at an infection rate of ∼ 100.1 with a duration of
approximately 5.5 d. The duration slightly decreases at high infection rates since the higher infection
rate leads to a more rapid infection of cells, thus a shorter infection duration.

We see similar patterns when changing the infection rate of RSV and SARS-CoV-2. There is a
minimum infection rate needed for the associated infection to take hold. Once that particular virus has
an infection rate beyond the threshold, the viral peak of the remaining two viruses starts to decrease as
the third virus starts to infect the target cells, which leaves fewer cells available for the remaining two
viruses. Perhaps the most dramatic shift occurs for SARS-CoV-2, which has a low viral peak and does
not rise above the threshold of detection in the presence of other viruses. When the infection rate of
SARS-CoV-2 increases, it rises to high viral loads and can suppress both IAV and RSV.

These simulations show that there are critical threshold values for the infection rate of each virus,
corresponding to the basic reproduction number for the model (Equation (3.1)). Thus, whether or not
a particular virus grows is determined by the R0 derived from single viral infections. Infections will
grow if R0 > 1; thus, we can determine the threshold infection rate values for all three viruses by letting
R0 = 1, which produces the following:

βc =
cδ
pT0
. (3.2)

If we assume T0 = 1, we find that IAV needs a minimum infection rate of 1.41×10−7 PFU/mL−1 · day−1
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or 1.7 × 10−2βIAV, RSV needs a minimum infection rate of 2.11×10−4 PFU/mL−1 · day−1 or 7.0 ×
10−3βRSV, and SARS-CoV-2 needs a minimum infection rate of 9.33×10−6 PFU/mL−1 · day−1 or
4.22 × 10−2βSARS. Note that our simulations show that the threshold infection rate values are slightly
higher than the calculated values because the other viruses are infecting the cells, thus the actual avail-
able target cells are less than 1.

3.3. Changing infection rates of multiple viruses

In reality, we don’t expect that one virus will mutate while the other two remain the same. All three
viruses will be mutating at the same time. So what happens when more than one virus undergoes mu-
tations that increase their infection rate at the same time? To investigate this possibility, we examined
the effect of changing the infection rate for more than one virus at a time. The results are shown in
Figures 3, 4, and 5. The top row of each figure shows the peak viral load for IAV (left), RSV (center),
and SARS-CoV-2 (right) while the bottom row shows the corresponding infection durations as the dif-
ferent combinations of viral infection rates are changed. Figure 3 shows the results when IAV and RSV
infection rates are changed. Figure 4 shows the results when IAV and SARS-CoV-2 infection rates are
changed. Figure 5 shows the results when the RSV and SARS-CoV-2 infection rates are changed.

3 2 1 0 1 2 3
Relative RSV

3

2

1

0

1

2

3

Re
la

tiv
e 

IA
V

0.0

0.2

0.4

0.6

0.8

1.0

Pe
ak

 v
ira

l l
oa

d 
(IA

V)

1e7

3 2 1 0 1 2 3
Relative RSV

3

2

1

0

1

2

3

Re
la

tiv
e 

IA
V

0

200

400

600

800

1000

Pe
ak

 v
ira

l l
oa

d 
(R

SV
)

3 2 1 0 1 2 3
Relative RSV

3

2

1

0

1

2

3

Re
la

tiv
e 

IA
V

0

2000

4000

6000

8000

10000

Pe
ak

 v
ira

l l
oa

d 
(S

AR
S)

3 2 1 0 1 2 3
Relative RSV

3

2

1

0

1

2

3

Re
la

tiv
e 

IA
V

0

2

4

6

8

10

12

In
fe

ct
io

n 
du

ra
tio

n 
(IA

V)

3 2 1 0 1 2 3
Relative RSV

3

2

1

0

1

2

3

Re
la

tiv
e 

IA
V

0

5

10

15

20

25

In
fe

ct
io

n 
du

ra
tio

n 
(R

SV
)

3 2 1 0 1 2 3
Relative RSV

3

2

1

0

1

2

3

Re
la

tiv
e 

IA
V

0

5

10

15

20

25

30

35

In
fe

ct
io

n 
du

ra
tio

n 
(S

AR
S)

Figure 3. Peak viral load (top row) and infection duration (bottom row) for IAV (left), RSV
(center), and SARS-CoV-2 (right) while changing the relative infection rates for IAV and
RSV. Yellow indicates either high peak viral loads or long infection durations, while dark
blue indicates no infection.

Consistent with the simulations that only change one infection rate, we see fairly abrupt changes
in peak viral load, which transition from no infection to a high peak viral load at specific values for
the infection rate. Of perhaps more interest are the two figures where we see little or no change in the
peak viral load as the infection rates change. In Figure 4, the peak viral load of RSV only decreases
when the IAV infection rate is very high. In Figure 5, the peak viral load of IAV does not change at
all when the infection rates of the other two viruses are varied. This indicates that neither the RSV nor
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Figure 4. Peak viral load (top row) and infection duration (bottom row) for IAV (left),
RSV (center), and SARS-CoV-2 (right) while changing the relative infection rates for IAV
and SARS-CoV-2. Yellow indicates either high peak viral loads or long infection durations,
while dark blue indicates no infection.
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Figure 5. Peak viral load (top row) and infection duration (bottom row) for IAV (left), RSV
(center), and SARS-CoV-2 (right) while changing the relative infection rates for RSV and
SARS-CoV-2. Yellow indicates either high peak viral loads or long infection durations while
dark blue indicates no infection.
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SARS-CoV-2 infection rates become large enough to overcome the higher infection rate of IAV. Thus,
a virus with a high infection rate is less likely to be suppressed by co-circulating viruses, even if those
viruses are increasing in fitness.

Additionally, we note that there is a clear dependence of the threshold infection rate of one virus
on the infection rates of the other two viruses. If there is no interaction among the viruses, then the
threshold value of βc (Equation (3.2)) should not depend on the infection rates of the other viruses.
As noted in the previous section, the viruses share target cells; therefore, as the infection rate of one
virus increases, it infects target cells more rapidly; which leaves fewer target cells for other viruses and
increases their threshold value of β. We can determine the relationship between the critical β value of
one virus and the infection rates of the others by incorporating the consumption of target cells into the
expression for βc. Note that competition for target cells is the only interaction between the viruses in
our model; therefore, modifying T0 is the only way to account for viral interactions when determining
βc. For each virus, the early viral growth dynamics are exponential and can be approximated by

V(t) = V0eλit, (3.3)

where λi is the growth rate of the ith virus as determined in [64]. Then, the target cells infected in the
initial phase of infection is given by

dT
dt
= −

∑
i

βiTV0ieλit. (3.4)

This can be integrated, which produces the following:

T (t) = T0 exp

∑
i

βiV0i

λi
−

∑
i

βiV0i

λi
eλit

 . (3.5)

Putting this expression into the R0-based threshold infection rate derived in the previous section (Equa-
tion (3.2)) gives a threshold value of the infection rate for IAV,

βc,IAV =
cIAVδIAV

pIAVT0
exp

∑
i

βiV0i

λi
eλit −

∑
i

βiV0i

λi

 . (3.6)

The threshold values of RSV and SARS-CoV-2 infection rates have similar expressions. Figure 6
shows the threshold value of the IAV infection rate as a function of the RSV infection rate using this
equation. Note that the predicted curve matches the threshold seen in Figure 3 (top left) quite well.

In addition to this minimum value of infection rate needed for an infection to grow, there is an
upper boundary for growth of a particular virus, although those boundaries are determined by the
infection rates of the other virus. This boundary occurs when the peak viral load of one virus reaches
its maximum value. At this point, the peak viral loads of the other two viruses decline as a large number
of target cells become infected by the first virus.

4. Discussion

We examined the dynamics of a triple virus respiratory tract infection consisting of IAV, RSV and
SARS-CoV-2, which are three viruses that co-circulate and are capable of causing a tripledemic [5–7].
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infection rate. Different colored lines indicate different assumed time periods.

We found that the presence of additional active viral infections affects the threshold infection rate
needed to initiate an infection for a given virus. Additionally, we found that one virus can suppress
the remaining two if the infection rate is such that the virus can infect more cells than the other two
viruses. These findings suggest that the specific dynamics of a triple infection will change as these
viruses mutate and strains with different infection rates arise [65, 66].

Experiments can help provide further insight into the dynamics of triple infections. The recent use
of quantum dot probes can help track multiple viruses during a coinfection [67], thus providing insight
into virus-virus interactions in vitro. There have been a number of recent studies that investigated
coinfection with two respiratory viruses in animal models. However, there do not yet appear to be any
studies of triple infections. While the percentage of patients with more than two viruses is small [1,
36–38], this constitutes an important group of patients who could potentially have medically complex
outcomes if treatment does not include consideration of all infecting pathogens. Moreover, clinical
treatment decisions could be complicated by low viral loads of a suppressed virus, thus potentially
hampering our ability to detect the virus. Low viral loads were seen in this study for SARS-CoV-2,
which is perhaps the most lethal of the three viruses [68–70].

Treatment strategies must address these unique circumstances. At least one clinical study examined
the treatment of respiratory viral coinfections [71], although with only two viruses, and found that
combination therapy worked better for co-infections than mono-therapy. An in vitro study examined
the effectiveness of an antiviral that blocked the activity of sialyltransferases, and found that this was
particularly helpful in co-infections of influenza and a common coronavirus [72]. Additionally, there
was a mathematical modeling study of treatment of viral co-infections [73], which suggests that it is
crucial to carefully consider the antiviral mechanism of action and dosage, as suboptimal treatment
could either inadvertently prolong infections or unmask hidden co-infections, thus potentially worsen-
ing patient outcomes in the presence of respiratory viral co-infections. This effect was noted in an in
vitro study of IAV and SARS-CoV-2, where treatment with oseltamivir reduced the IAV viral load and
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allowed the SARS-CoV-2 viral loads to increase [31]. Our study suggests that the risk of this kind of
outcome could be even worse when more than two viruses are involved. Our simulations show that
one virus can suppress both of the other viruses involved in a triple infection; thus, treatment that only
targets the dominant virus would allow for increased replication of the other two viruses.

The model has limitations that could affect its accuracy in simulating triple infections. One sim-
plification is a lack of explicit immune response dynamics, particularly the innate immune response,
which plays a crucial role in virus-virus interactions [27,30,56,74]. Moreover, it does not fully capture
other essential viral interaction mechanisms such as super-infection [55], target cell partitioning [75],
and super-infection exclusion [76, 77], thus potentially oversimplifying the complex dynamics of co-
infection. Additionally, we neglected cell regeneration, which could alter particularly long-term viral
dynamics [54,55], thus affecting our ability to assess whether triple infections can result in long-lasting
or chronic infections. Incorporating these factors could significantly enhance the model’s predictions
and provide a more realistic understanding of viral infections.

Additionally, stochastic effects — random variations inherent in biological systems due to the un-
predictability of biological processes and the discrete nature of individuals and viral particles — can
alter model predictions [78]. Stochastic effects can lead to notable fluctuations in the viral load and
immune responses, particularly in smaller populations or during the early stages of infection, thus po-
tentially allowing a virus that would typically be suppressed to instead take hold and have more of a
role in the viral time course. By accounting for these stochastic elements, a model would better reflect
the real-world complexities of viral dynamics, especially in coinfection scenarios where interactions
between different pathogens introduce additional layers of variability. Finally, ordinary differential
equation (ODE) models neglect spatial effects, which could also play a role in the dynamics of triple
infections. Different viruses will have different diffusion coefficients [79], and will disperse through
the respiratory tract at different rates. Spatial effects could be taken into account through the use of an
agent-based model [80] that explicitly models a layer of cells with virus moving over the surface.

5. Conclusion

While the model developed here is fairly simple and should not be used to make specific viral load
predictions, it gives us insight into the interactions of multiple viruses during a coinfection. We found
that changes in the infection rate of a virus could allow it to suppress other viruses during the coinfec-
tion. The development of more comprehensive models would ultimately improve our understanding
of how viruses behave under fluctuating conditions, thereby informing more effective public health
strategies.
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