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 Acute viral infections show consistent patterns of inoculum dose dependence.
 Most existing models fail to reproduce the observed inoculum dependent patterns.
 Models including innate and adaptive immunity can reproduce the observed patterns.
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Inoculum dose, i.e. the number of pathogens at the beginning of an infection, often affects key aspects of
pathogen and immune response dynamics. These in turn determine clinically relevant outcomes, such as
morbidity and mortality. Despite the general recognition that inoculum dose is an important component
of infection outcomes, we currently do not understand its impact in much detail. This study is intended
to start ﬁlling this knowledge gap by analyzing inoculum dependent patterns of viral load dynamics in
acute infections. Using experimental data for adenovirus and infectious bronchitis virus infections as
examples, we demonstrate inoculum dose dependent patterns of virus dynamics. We analyze the data
with the help of mathematical models to investigate what mechanisms can reproduce the patterns
observed in experimental data. We ﬁnd that models including components of both the innate and
adaptive immune response are needed to reproduce the patterns found in the data. We further analyze
which types of innate or adaptive immune response models agree with observed data. One interesting
ﬁnding is that only models for the adaptive immune response that contain growth terms partially
independent of viral load can properly reproduce observed patterns. This agrees with the idea that an
antigen-independent, programmed response is part of the adaptive response. Our analysis provides
useful insights into the types of model structures that are required to properly reproduce observed virus
dynamics for varying inoculum doses. We suggest that such models should be taken as basis for future
models of acute viral infections.
& 2014 Elsevier Ltd. All rights reserved.
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1. Introduction
Inoculum dose, i.e. the number of pathogens at the beginning
of an infection, can affect key aspects of pathogen dynamics
following infection, such as the initial rate of pathogen growth,
peak pathogen levels, time at which pathogen peak is reached, and
total pathogen load (Prince et al., 1993; Ottolini et al., 1996; Liu
et al., 2009; Ginsberg and Horsfall, 1952; Callison et al., 2006;
Powell et al., 2006; Hughes et al., 2002; Legge and Braciale, 2005).
Pathogen dynamics in turn affects the ensuing immune response
(Powell et al., 2006; Legge and Braciale, 2005; Marois et al., 2012;
Hatta et al., 2010). Pathogen dynamics and immune response
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together determine clinically relevant outcomes, such as morbidity
and mortality (Goldberg et al., 1954; La Gruta et al., 2007;
Gowthaman et al., 2010; Leggett et al., 2012; Moskophidis et al.,
1995). Maybe surprisingly, despite the general recognition that
inoculum dose is an important component of infection outcomes,
we currently do not understand in any detail how and why
changes in inoculum dose impact infection outcomes. While
concepts such as the 50% infectious or lethal dose – which
acknowledge the importance of inoculum – are commonly used
(Blaser and Newman, 1982; Schmid-Hempel and Frank, 2007;
Boon et al., 2009), little effort has been made to understand the
impact of inoculum dose on infection outcomes in a systematic
manner.
Mathematical models are well suited for the detailed analysis
of infection dynamics and have contributed much to our understanding (e.g. Nowak and May, 2000; Perelson, 2002; Asquith and
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Bangham, 2003; Antia et al., 2005). Previous models have been
able to describe many important features of the dynamics of
pathogens and the host response upon infection. At the same
time, as we continue to better understand the within-host
dynamics of many infectious diseases and obtain better data,
model limitations are being realized. An ongoing process of model
reﬁnement ensures their ability to properly reproduce the
observed data. One pattern often seen in a variety of different
infections is a dependence of the pathogen and immune response
dynamics on the inoculum dose. While a few recent models
considered the role of the inoculum (Howey et al., 2009;
Steinmeyer et al., 2010), a systematic understanding of the types
of models needed to reproduce the inoculum dose dependent
patterns that are observed in pathogen and immune response
dynamics is lacking. This study is intended to ﬁll this gap by
analyzing existing models with regard to their ability to reproduce
inoculum dependent patterns of viral load dynamics. We ﬁnd that
models including components of both the innate and adaptive
immune response are needed to describe the patterns found in the
data. We further show that only some of the ways in which the
innate or adaptive immune response have been modeled in the
past agree with observed data. Our analysis provides useful
insights into the types of model structures that are required to
properly reproduce observed virus dynamics for varying inoculum
doses.

model and data. We then use the expression V(t) for the viral load
to determine the characteristic features as described in Section 3.
2.3. Model implementation
All models were implemented in R (R Development Core Team,
2012). The computer code is available from the authors on request.

3. Results
3.1. Characterization of inoculum dose dependent viral load patterns
Inoculum dose is known to impact the dynamics and outcome
of many infectious diseases. For the present study, we focus on
pathogen load during acute viral infections. As illustrative examples, we consider two previously published datasets; for adenovirus type 5 (ADV) infection of cotton rats (Prince et al., 1993) and
infectious bronchitis virus (IBV) infection in chicken (Callison et al.,
2006). Figs. 1 and 2 show viral load data for 3 different inoculum
doses for the two infections. Similar inoculum dose dependent
pathogen dynamics can be found throughout the literature for
other host–pathogen systems (see e.g. Liu et al., 2009; Ottolini
Peak -
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Time to
peak -

2.1. Basic infection dynamics model
We consider a range of different models to describe the
dynamics of an acute viral infection. We describe the different
model variants in Section 3. All of these model variations are
extensions of the basic model for an acute virus infection
(Beauchemin and Handel, 2011; Smith and Perelson, 2011), which
is given by the following three differential equations:
U_ ¼  bUV
I_ ¼ bUV dI
V_ ¼ pI  cV

ðB1Þ

Initial growth
rate -

Fig. 1. Adenovirus titer for different inoculum doses. Symbols show experimentally
determined viral load data for different inoculum doses for Adenovirus type 5
(ADV) infections of cotton rats. For details see Prince et al. (1993). The lines are
obtained by ﬁtting Eq. (P1) to the data. The dash-dotted horizontal line shows the
limit of detection.

The model tracks the number of susceptible target cells, U, infected
cells, I, and the number of infectious, free virions, V. The infection
process is modeled through a mass-action term, bUV. Infected cells
produce virus at rate p and die at rate d. Free virus can go on to
infect new cells or is cleared from the system at rate c. For more
details on this model and similar ones, see e.g. Beauchemin and
Handel (2011) and Smith and Perelson (2011).

While the basic acute virus infection model given by (B1) can
capture the observed viral load patterns described below, the
model contains too many parameters and unknown initial conditions to allow estimation of all of them (Smith et al., 2010;
Beauchemin and Handel, 2011). To prevent overﬁtting and to
obtain more robust results, we therefore make use of a simpler,
four parameter phenomenological equation, which was previously
shown to ﬁt viral load data from acute infections well (Holder and
Beauchemin, 2011). The equation is given by
VðtÞ ¼

2p1
expð  p2 ðt  p3 ÞÞ þexpð  p4 ðt  p3 ÞÞ

ðP1Þ

where the pi are the parameters that are being ﬁt. We ﬁt by
minimizing the least squares difference between the logarithm of
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Fig. 2. Infectious bronchitis virus titer for different inoculum doses. Symbols show
experimentally determined viral load data for different inoculum doses for
infectious bronchitis virus (IBV) infections of chickens. For details see Callison
et al. (2006). The lines are obtained by ﬁtting Eq. (P1) to the data. The dash-dotted
horizontal line shows the limit of detection.
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3.2. The basic acute infection model cannot reproduce inoculum
dose dependent patterns
To analyze the ability of current models to reproduce the
inoculum dose dependent patterns observed in the data, we start
with the basic model (B1) for acute viral infections described in
Section 2. Fig. 3 shows virus dynamics for 3 different inoculum
doses. One sees that the virus peak and initial growth rate are
inoculum dose independent, while time to peak and duration of
infection show inoculum dose dependence.
For the simple model (B1), one can obtain analytical approximations for the characteristic features introduced in the previous
section. At the beginning of the infection, one can make the
approximation that the number of susceptible target cells is
approximately constant, i.e. U  U 0 . This reduces model (B1) to a
linear model, which can be solved analytically (Nowak et al., 1997;
Smith et al., 2010). One ﬁnds that viral load grows exponentially as
VðtÞ ¼ V 0 eλ0 t where the growth rate is given by
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðd  cÞ2 þ 4bpU 0  d  c
:
ðB2Þ
λ0 ¼
2
With the approximation that the exponential growth of virus
continues up to the peak, one immediately ﬁnds the time of virus
peak as
 
Vp
1
Tp ¼
log
:
ðB3Þ
V0
λ0
The approximation of constant growth up to the peak is of course
not completely accurate since close to the peak, growth slows
down and is zero at the peak. However, the approximation is fairly
accurate and further reﬁnements do not change the result much

V0 = 103

107

V0 = 102

Virus titer

et al., 1996, 2005; Ginsberg and Horsfall, 1952; Howey et al., 2009;
Quan et al., 2004; Powell et al., 2006; Legge and Braciale, 2005).
It was previously shown that the viral load dynamics of acute
viral infections can be well characterized by a few summary
quantities (Smith et al., 2010; Holder and Beauchemin, 2011).
Following these earlier studies, we deﬁne a suitable set of
characteristic features that can fully describe the observed viral
load dynamics. Speciﬁcally, we characterize the viral load curve by
4 summary features: (i) initial growth rate of virus, λ0, deﬁned as
the initial slope of exponential growth; (ii) peak viral load, Vp (in
log units); (iii) time of viral load peak, Tp; (iv) duration of infection
Td, deﬁned as the time post infection at which viral titer drops
below the limit of detection. Fig. 1 illustrates those four features.
Our main interest is in how these characteristic features
depend on the inoculum dose. The symbols in Fig. 4 show these
features for the two datasets as a function of inoculum dose. For
ADV, one ﬁnds an increase in the initial virus growth rate and virus
peak as inoculum dose increases, while time to peak and duration
of infection decrease. For IBV, one sees a decrease in the initial
growth rate as inoculum increases, the virus peak remains
essentially constant and the time to peak and duration of infection
decrease. The patterns seen for the ADV and IBV data are
representative of patterns seen in other host–pathogen systems
(Liu et al., 2009; Ottolini et al., 1996, 2005; Ginsberg and Horsfall,
1952; Howey et al., 2009; Quan et al., 2004; Powell et al., 2006;
Legge and Braciale, 2005). In general, speciﬁcs of the pathogen,
host, and inoculum dosing ranges determine the observed patterns, which might be different than those for ADV and IBV. Our
goal in this study is not to match every possible inoculumdependent pattern that might exist. Instead, we study how well
current models can reproduce commonly observed patterns such
as those seen for ADV and IBV and what kinds of mechanisms are
needed to be able to match the observed data.
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Fig. 3. Within-host virus dynamics obtained from model (B1) for different
inoculum doses. Initial conditions are U 0 ¼ 107 , I0 ¼ 0 and V0 as indicated. Values
for model parameters are b ¼ 1  10  7 , p ¼100, d¼ 2, c ¼10. In all simulations, units
of rate parameters are inverse days. Since we do not have parameter estimates for
ADV and IBV, we chose parameter values similar to estimates for inﬂuenza
(Beauchemin and Handel, 2011). The exact choice for the parameter values does
not matter. The numbers should therefore be regarded as essentially arbitrary and
simply chosen to obtain viral load dynamics that looks similar to that observed in
the ADV and IBV data. Importantly, no choice of parameter values can produce
inoculum dependent initial growth or peak of the viral load.

(Smith et al., 2010). An expression for the peak viral load, Vp, can
be obtained as follows. First, we note that if we keep track of dead
cells in our system, the number of cells remains constant, i.e.
N ¼ U 0 ¼ U þ I þ D, where the dead cells are described by the
equation D_ ¼ dI. The infected cells at the peak are then given by
I p ¼ U 0  U p  Dp . We make another approximation, namely the
often considered quasi-steady-state assumption for the virus
dynamics, which is often reasonable since the virus dynamics
tends to occur on a faster time-scale compared to the infected cell
dynamics (Borghans et al., 1996; Segel and Slemrod, 1989). This
allows us to express viral load in terms of infected cells,
VðtÞ  pIðtÞ=c and therefore V p  ðc=pÞðU 0  U p  Dp Þ. It also allows
us to write the equation for the dead cells as
_
DðtÞ
¼ dIðtÞ  dcV ðtÞ=p ¼ dcV 0 eλ0 t =p. Integrating to the peak leads
to Dp ¼ ðcd=pλ0 ÞðV p  V 0 Þ. Lastly, for our model, the number of
uninfected cells at the peak, Up, only depends on the reproductive
number, R, which is given by R ¼ ðbpUÞ=ðcdÞ (Baccam et al., 2006;
Beauchemin et al., 2008). At the peak, R ¼1 by deﬁnition
(Heffernan et al., 2005; Heesterbeek, 2002), which gives
U p ¼ ðcdÞ=ðbpÞ. Putting it all together, we ﬁnd that the peak is
approximately given by


λ0
p
d dV 0
U0  þ
Vp ¼
:
ðB4Þ
b λ0
ðλ0 þ dÞ c
While this suggests that the virus peak depends on V0, inoculum dose
has in fact almost no impact on virus peak. This can be seen by
noticing that for almost any biologically relevant situation, V p ⪢V 0 , and
therefore Dp  ðcd=pλ0 ÞV p , leading to V p  ðbpU 0  dcÞλ0 =bcðd þ λ0 Þ,
which is independent of V0.
Finally, we can obtain an approximation for the duration of the
infection by realizing that shortly after the peak, most uninfected
cells are gone, and the dynamics of the infected cells can be
approximated as I_ ¼  dI, i.e. exponential decay at rate d. Because
of our quasi-steady state approximation, the same decay rate
applies to the viral load. With this exponential decline, one ﬁnds
that the duration of infection is approximately given by
Td ¼ Tp þ

log ðV p =V d Þ
;
d

ðB5Þ
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Fig. 4. Characteristic features described in Fig. 1 as a function of inoculum dose. Symbols show these features for the two datasets, determined by ﬁtting Eq. (P1) to the data
and then extracting the characteristic features from the smooth curve for V(t). The lines show results obtained through simulation of the basic model (B1) (solid black line) or
the analytical approximations (B2)–(B5) (dashed red line) using parameter values as given in Fig. 3 caption. Note that the two experiments are different host–pathogen
systems, with different experimental assays used to measure virus load (pfu and EID50). Inoculum doses in the two datasets are therefore not comparable, and also do not
directly map to our model units of infectious virions. Since our focus is on the overall patterns and not quantitative agreement, and to allow presentation of data and model
in an easy way, we categorized the experimental inoculum doses as low, medium and high. These values span 2 orders of magnitude for ADV and 4 orders for IBV. Theoretical
results are obtained using inoculum doses in the range of 101–105 spanning 4 orders of magnitude. The inoculum dose dependent patterns we focus on are not affected by
changes in the range. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

where Vd is the limit of virus detection, which we assume to
correspond to the end of the infection. Since as just explained, the
virus peak is barely inﬂuenced by inoculum dose, it follows that
the duration of infection has the same inoculum dependence as
the time to peak.
Fig. 4 shows inoculum dose dependent patterns of virus growth
rate, peak, time to peak and duration of infection; both for the
analytical approximations (B2)–(B5) and for numerical simulations
from the model (B1). The analytical approximations and model
simulations agree reasonably well. We also ﬁnd that the model
cannot replicate the patterns observed in the data. Speciﬁcally, the
change in the growth rate for ADV and IBV, and increase in the
virus peak for ADV are not reproduced by the model. In the
following sections, we analyze model variants and study their
ability to better reproduce the observed inoculum dependent
patterns. We focus on models that include different components
of the immune response, both because those kinds of models are
very common and because of their obvious biological relevance.
3.3. Models that include an innate immune response
Upon infection, the innate immune response acts as the ﬁrst
line of host defense and is crucial for orchestrating the full host
response (Murphy, 2012). One can broadly divide the innate
response into cellular and non-cellular, the latter being comprised
of cytokines and other chemokines. Of course, those different
components interact with each other, but they still have their
distinct features and modes of action, and are usually modeled in
distinct ways. We therefore consider them separately in the next
two sections.
3.3.1. Cytokine based innate immune response
Different types of cytokines play an important role against
acute viral infections (Murphy, 2012; Tamura and Kurata, 2004).
Some of the most prominent ones are the interferons, especially
type I interferon (IFN) (Randall and Goodbourn, 2008; GarciaSastre, 2002; Welsh et al., 2012). Because of its importance, IFN has
been included in a number of models for acute viral infections,
most notably models that describe inﬂuenza infection dynamics
(Handel et al., 2010; Baccam et al., 2006; Saenz et al., 2010;
Pawelek et al., 2012; Hancioglu et al., 2007; Dobrovolny et al.,
2013; Canini and Carrat, 2011; Reperant et al., 2012). It is generally
accepted that type 1 IFN is produced in response to infection of

cells, either directly by the infected cells or by other nearby cells
who “sense” that an infection is ongoing. This is usually modeled
by assuming induction of IFN proportional to infected cells or
proportional to viral load. The two formulations produce the same
results with regard to inoculum dose dependence (not shown), we
therefore only consider IFN induction proportional to infected
cells. Another model variant with a delay for the activation in IFN
(Mitchell et al., 2011; Baccam et al., 2006) also does not change the
inoculum dose dependent patterns presented below (not shown).
While the dynamics of IFN is modeled very similar in most
studies, the effect of IFN is being implemented in varied ways,
corresponding to the biological ﬁnding that IFN has multiple
modes of action. It is generally understood that IFN can induce
an antiviral state in either uninfected or infected cells (Randall and
Goodbourn, 2008; Tamura and Kurata, 2004; Garcia-Sastre, 2002).
However, it is less clear how exactly this antiviral state should be
described. One possibility is that IFN reduces virus production in
already infected cells. The equations for a model of IFN dynamics
and such a mode of action is given by (Baccam et al., 2006; Handel
et al., 2010)
F_ ¼ gI  δ1 F
V_ ¼

p
I  cV:
1 þ k1 F

ðF1Þ

The rate of IFN induction is given by g, δ1 describes the removal of
IFN from the system, and k1 represents the strength of reduction in
virus production due to IFN. Note that here and in the following,
we only display those equations that change from the base model.
For any equation not shown explicitly, the base model equations
(B1) apply. We also studied an alternative model for which IFN
reduces infection rate b instead of virus production rate p (Handel
et al., 2010). Such a model variant did not lead to any different
results (not shown).
The equation describing IFN dynamics can be extended by
explicitly including a term for absorption of IFN into cells
(Bocharov and Romanyukha, 1994; Hancioglu et al., 2007), which
gives
F_ ¼ gI  δ2 F k2 FI
V_ ¼

p
I  cV ;
1 þ k1 F

ðF2Þ

where the term k2 FI describes the absorption of IFN into infected
cells, while δ2 describes removal of IFN by all other mechanisms.
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Fig. 5. Characteristic features described in Fig. 1 as a function of inoculum dose for different IFN immune response models. Units of all rate parameters are inverse days,
parameter and initial condition values are as follows. For model (F1) (solid black line): g ¼ 103 , δ1 ¼ 103 , k1 ¼ 10  7 , F 0 ¼ 1. For model (F2) (dashed red line): g ¼ 103 , δ2 ¼ 102 ,
k1 ¼ 10  3 , k2 ¼ 2, F 0 ¼ 1. For model (F3) (dotted blue line): g ¼ 103 , δ2 ¼ 102 , k3 ¼ 103 , k4 ¼ 10  3 , F 0 ¼ 1. All other parameter values as given in caption of Fig. 3. Note that
choices of parameter values here and in all following ﬁgures are not meant to match the biology of any speciﬁc host-pathogen system. Instead, we chose essentially arbitrary
values to show the types of inoculum dependent patterns that the different models are able to produce. (For interpretation of the references to color in this ﬁgure caption,
the reader is referred to the web version of this paper.)

Another way the action of IFN has been modeled is by
assuming that IFN mainly enters uninfected cells and renders
them resistant to infection, which can be described by adding a
term of IFN-based removal of uninfected cells into the model
(Saenz et al., 2010; Pawelek et al., 2012; Reperant et al., 2012),
leading to
F_ ¼ gI  δ2 F  k3 FU
U_ ¼  bUV  k4 FU:

ðF3Þ

Fig. 5 shows how these different IFN models behave with
regard to the inoculum dose dependent characteristic features
we introduced earlier. Model (F1) has no effect on the growth rate
as inoculum dose changes (solid black line). While IFN production
increases with inoculum dose, it leads to directly proportional IFN
mediated reduction in virus production, which in turn slows down
further IFN production. The overall result of this tight feedback
loop between IFN and viral load leads to the observed inoculum
independent growth dynamics – no matter how model parameters
are chosen. For model (F2), this tight feedback loop is broken. The
additional absorption term ðk2 FIÞ leads to IFN dynamics that
saturates at a maximum level, independent of inoculum dose.
This maximum IFN level is reached faster for higher inoculum
doses, leading to a reduction in the initial growth rate (dashed red
line). While model (F3) also includes an absorption term, this term
describes absorption into uninfected cells. Since the number of
uninfected cells is initially mostly constant and independent of
inoculum dose, this model does not impact the initial growth rate
(dotted blue line). None of the models lead to inoculum dependence for the virus peak. This would require models that have a
strong virus (antigen) independent component, as we will explain
in more detail below.
Note that while the results shown in Fig. 5 and subsequent
ﬁgures are for speciﬁc parameter settings whose values are
essentially arbitrary and not based on the biology of any particular
host–pathogen system, we checked that these are general results.
Many other parameter value combinations will produce the same
overall patterns in the models. Obviously, parameter values can be
chosen for which these patterns are not observed (e.g. parameter
values that “turn off” the immune responses). The main point we
focus on is if a given model can produce certain inoculum
dependent patterns, at least for some parameter value choices.
To summarize this section, currently existing models that
include a cytokine innate response – most often considered to
be IFN – can only reproduce decreasing initial growth rates as
observed for instance in the IBV dataset. Different models are

needed to reproduce the increase in the initial growth rate and
virus peak seen for instance for the ADV data.
3.3.2. Cell based innate immune response
Macrophages, neutrophils, dendritic cells, NK cells and other
cell types constitute the cellular arm of the innate response
(Murphy, 2012). These cells serve as ﬁrst-line defenders against
invading pathogens and also play vital roles in triggering the
adaptive response. These innate cells have been considered for
some acute viral infection models (Bocharov and Romanyukha,
1994; Canini and Carrat, 2011; Pawelek et al., 2012). Several other
studies of non-viral or generic pathogens have also considered
cellular innate responses (Antia and Koella, 1994; Pilyugin and
Antia, 2000; Smith et al., 2011; Kochin et al., 2010; Handel et al.,
2009). Macrophages are frequently modeled, we therefore focus
on those cells, while noting that the same types of equations will
equally apply to other types of innate cellular responses, e.g. NK
cells or neutrophils. In the absence of an infection, macrophages
are produced and die at relatively ﬁxed rates. An infection leads to
increased production or recruitment, up to some maximum level.
The action of macrophages is usually modeled as killing of the
pathogen in a mass-action manner (Antia and Koella, 1994;
Pilyugin and Antia, 2000). For viral infections, this likely involves
killing of infected cells (Herold et al., 2008; Höegner et al., 2013).
These biological details can be described by a model of the form
(Antia and Koella, 1994)
_ ¼ s þ gV ðM n  MÞ  δM
M
I_ ¼ bUV  dI  kM MI;

ðM1Þ

where s is a basic rate of macrophage production, g is the rate of
increase of production that depends on pathogen load and levels
off as M reaches some maximum value, Mn, δ is the death rate and
kM is the rate of killing of infected cells by macrophages. An
extension of this model to account for the fact that it takes time for
a macrophage to kill a parasite or infected cell was introduced in
Pilyugin and Antia (2000). The authors showed that a model that
includes explicit compartments for free macrophages and those
bound to cells while killing could be simpliﬁed through a quasisteady-state approximation to yield a simpler, two-equation
model given by
_ ¼ ðs þ gV ÞðM n M  αkM MIÞ  δM
M
I_ ¼ bUV  dI  kM MI:

ðM2Þ

Fig. 6 shows results for these cellular innate response models. We
ﬁnd that model (M1) (solid black line) can produce a decline in the
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Fig. 6. Characteristic features described in Fig. 1 as a function of inoculum dose for different cellular innate immune response models. Units of all rate parameters are inverse
days, parameter and initial condition values are as follows. For model (M1) (solid black line): s ¼ 103 , g¼ 0.1, M n ¼ 104 , δ ¼ 10, kM ¼ 2  10  4 , M 0 ¼ s=δ. For model (M2)(a)
(dashed red line): s ¼ 102 , g ¼ 10  5 , M n ¼ 104 , δ ¼ 10, α ¼ 103 , kM ¼ 10  3 , M 0 ¼ ðsMn Þ=ðs þ δÞ. For model (M2)(b) (dotted blue line): s ¼ 10  2 , g ¼ 10  2 , M n ¼ 104 , δ ¼ 10,
α ¼ 10  2 , kM ¼ 5  10  4 , M 0 ¼ ðsMn Þ=ðs þ δÞ. All other parameter values as given in caption of Fig. 3. (For interpretation of the references to color in this ﬁgure caption, the
reader is referred to the web version of this paper.)

initial growth rate as inoculum dose increases. The mechanism by
which this happens is very similar to that for the IFN model (F2)
discussed in the previous section. For model (M1), macrophage
levels saturate at some upper level, depending on the value of Mn
and independent of viral load. For a higher inoculum dose, the
macrophages reach this maximum level faster, leading to reduced
initial growth rate of the virus. A variant of model M1 with growth
term gVMðM n MÞ can also produce this pattern (not shown).
Since model (M2) is an extension of model (M1), it can produce
the same pattern as model (M1) (dotted blue line). In addition, for
different choices of parameter values, model (M2) can produce an
increase in the virus growth rate as inoculum dose increases, as
observed for the ADV data (dashed red line). This pattern is
observed if the initial number of macrophages and time to kill
infected cells are both reasonably large. For such a scenario, as the
inoculum dose increases, more of the initially present macrophages become “tied up” killing infected cells, allowing the viral
load to grow faster initially, until the infection-induced production
or recruitment of macrophages dominates. This scenario is biologically reasonable only if there is a time window after killing
during which macrophages need to recharge. It is not well known
if this indeed occurs. Neither model leads to a change in the virus
peak level as inoculum dose changes. For this to happen, immune
response growth independent of viral load is needed, as we will
discuss further below.
To summarize this section, models including a cellular innate
response (being represented by macrophages in our examples)
can, under certain circumstances, reproduce the pattern of either
increased or decreased initial viral growth rate as inoculum dose
increases. However, because of the feedback loops between virus
growth and immune response growth, these models cannot
reproduce changes in the virus peak with increasing inoculum
dose, as for instance observed for the ADV data.

3.4. Models that include an adaptive immune response
While the innate immune response dominates at the beginning
of an acute viral infection, the adaptive response is usually
instrumental in bringing the virus under control and clearing it
(Enquist et al., 1999; Braciale et al., 2012). The importance of the
adaptive response for virus control and clearance is seen in
experiments with immunocompromised animals or in natural
infections of immunocompromised human hosts (Dobrovolny
et al., 2013). In the following sections, we will explore models
for two of the main components of the adaptive response, namely
CD8 þ T cells and B cells/antibodies (Ahmed and Gray, 1996).

We will analyze how models for these components affect the
inoculum dose dependent patterns observed in the data.
3.4.1. CD8 þ T cell based adaptive immune response
Because CD8 þ T cells are important for the control of primary
infections and protection through immunological memory against
subsequent infections, and because it is possible to obtain reliable
quantitative experimental data, these cells have received a large
amount of attention, both experimentally and in modeling studies.
The action of the CD8 þ T cells is to kill infected cells (Elemans
et al., 2012), which is usually modeled through a mass-action
killing term added to the infected cell equation. Several recent
studies have shown that this modeling assumption ﬁts available
data fairly well (Regoes et al., 2007a,b; Yate et al., 2007; Ganusov
et al., 2011). The detailed dynamics of CD8 þ T cells are still not
fully understood (Andersen et al., 2006; Harty and Badovinac,
2008; Yewdell, 2010). A range of simpliﬁed models meant to
capture the essential features of CD8 þ T cell dynamics have been
developed (Wodarz, 2007). The ﬁrst type of model employed to
describe that CD8 þ T cell dynamics was equivalent to a predator–
prey model frequently used in ecology (Nowak and May, 2000;
Wodarz, 2007). CD8 þ T cells were assumed to grow proportional
to pathogen load and die at a ﬁxed rate. Such a predator–prey
model for CD8 þ T cell dynamics, combined with mass-action
killing of infected cells, can be written as
C_ ¼ r 1 CV  δC C
I_ ¼ bUV  dI  kC IC;

ðC1Þ

here r1 is a parameter describing the growth of activated CD8 þ T
cells, δC is their rate of death and kC their rate of killing infected
cells. Models that assume activation of CD8 þ T cells proportional
to infected cells ðr 1 CIÞ instead of viral load lead to similar results
and we therefore do not further consider them. One problem with
the basic predator–prey model is that it suggests increasing
growth of CD8 þ T cells without bound as viral load increases,
which is biologically unreasonable. Further, T cell activation and
expansion involves multiple stages, some of which have been
shown to depend on virus (antigen) load and some of which do
not (Wong and Pamer, 2001; van Stipdonk et al., 2001; Kaech and
Ahmed, 2001; Antia et al., 2003; Handel and Antia, 2008).
Alternative models that lead to viral load independent growth as
virus reaches high levels were subsequently used (De Boer and
Perelson, 1995, 1998; Antia et al., 1996; Heffernan and Keeling,
2008), leading to models of the form
r 2 CV
C_ ¼
 δC C
V þ s1
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Fig. 7. Characteristic features described in Fig. 1 as a function of inoculum dose for different CD8 þ T cell models. Units of all rate parameters are inverse days, parameter and
initial condition values are as follows. For model (C1) (solid black line), r 1 ¼ 10  6 , δC ¼ 1, kC ¼ 0.1, C 0 ¼ 1. For model (C2) (dashed red line), r2 ¼2.5, δC ¼ 1, s1 ¼ 10, kC ¼ 0.1,
C 0 ¼ 1. For model (C3) (dotted blue line), r2 ¼ 2.5, δC ¼ 1, s1 ¼ 10, s2 ¼ 1, kC ¼0.1, C 0 ¼ 100. All other parameter values as given in caption of Fig. 3. (For interpretation of the
references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

I_ ¼ bUV  dI  kC IC;

ðC2Þ

where s1 determines the level of virus at which growth becomes
virus independent and r2 determines the rate of growth. Another
model variant takes into account the fact that it takes CD8 þ T cells
time to kill infected cells, during which they cannot kill other cells
(Pilyugin and Antia, 2000; Handel et al., 2009; Yates et al., 2011) –
in close analogy to the macrophage model (M2) discussed above.
This can for instance be written as
r 2 CV
C_ ¼
 δC C
V þ s1
kC IC
;
I_ ¼ bUV  dI 
I þ s2

ðC3Þ

where s2 determines at which level of infected cells T cell killing
saturates.
In Fig. 7, we show how these different CD8 þ T cell models
affect the inoculum dose dependent virus patterns. Model (C1)
does not show any inoculum dependence for virus growth or peak.
In contrast, model (C2) can – for certain choices of parameter
values – reproduce the inoculum dependent pattern of increase in
the virus peak. The reason for this is that the saturation term
allows the immune response to become largely independent of
virus for high enough viral load. This means that the tight feedback loop between virus and immune response growth that was
present for the innate response models we discussed above does
not exist anymore. Instead, the strength of the immune response
growth is largely independent of viral load. The time at which the
immune response reaches high enough levels to bring the infection under control now depends little on viral load but instead on
time since infection started. For a larger inoculum dose, the virus
can reach higher levels before it is brought under control,
compared to a lower inoculum dose.
CD8 þ T cell model (C3) shows – perhaps not surprisingly – a
pattern similar to that found for the equivalent macrophage
model, (M2). For certain parameter choices, this model leads to
an inoculum dependent initial growth rate. The reason for this is
that the addition of the expression I þ s2 in the killing term leads to
saturated killing as the initial viral load, and therefore the infected
cell numbers, increases. This in turn leads to an increase in the
growth rate. The effect of the T cells on the initial growth rate is
only observed if there are a large number of T cells at the
beginning of the infection (C0 relatively large), similar to the
macrophage scenario described above. A large number of T cells
are likely to be present if there is pre-existing immunity. In a naive
host with few pathogen-speciﬁc T cells, the T cell dynamics is too
slow to affect the initial growth rate. However, model (C3) does
not affect the virus peak, in essence because the two saturation

terms in both the T cell dynamics and killing cancel each other. If
one chooses parameter values such that the saturation for the
infected cell term becomes negligible (i.e. s2 small), the model can
produce virus peak pattern similar to model (C1). However for
such parameter settings, the inoculum dependence of the growth
rate disappears.
In addition to the models just discussed, we also analyzed a
model with T cell growth that saturates at high T cell numbers (De
Boer and Perelson, 1994; Wodarz, 2007), which did not lead to
inoculum dependence. We further considered an extension of
model (C2) that explicitly included an equation for the native
CD8 þ T cells compartment (De Boer, 2007). This leads to the same
results as those found with model (C2).
To summarize this section, we ﬁnd that an antigen-independent
component for T cell growth, together with mass-action killing
captures the observed inoculum dependence for the ADV virus
peak, and that a model that accounts for the fact that T cells need
time to kill infected cells can inﬂuence the initial growth rate.
3.4.2. B cell and antibody based adaptive immune response
B cells, and the antibodies they produce, are the other main
components of the adaptive immune response (Murphy, 2012).
Upon infection, B cells are activated and subsequently undergo
replication and produce pathogen-speciﬁc antibodies. Antibodies
bind to virus and neutralize it (i.e. render it non-infectious). This
can be modeled through a mass-action clearance term added to
the equation describing infectious virus particles. While the
detailed mechanisms of B cell and T cell activation differ, they
have often been modeled with the same simpliﬁed equations
containing activation and proliferation terms (Bocharov and
Romanyukha, 1994; Hancioglu et al., 2007; Lee et al., 2008).
Therefore, models of T cell dynamics described in the previous
section have also been used for B cells. Here, we focus on a few
previously used model alternatives that we have not yet considered. One recent model describing activation of B cells followed by
clonal expansion can be written as (Handel et al., 2010)
B_ ¼ f 1 V þ r 1 B
V_ ¼ pI  cV  kB VB:

ðA1Þ

The term f 1 V describes antigen (virus) dependent activation,
followed by antigen independent exponential growth through
clonal expansion at rate r1. This model ignores the contraction
phase of B cells and can therefore only describe acute infections.
The model further assumes that the equation for B cell dynamics
also describes the dynamics of antibodies (i.e. it makes an implicit
quasi-steady state assumption for the antibody dynamics).
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Therefore, in this model B cells remove free infectious virus at rate
kB. More detailed models include an additional equation describing antibody production and removal (Lee et al., 2008; Bocharov
and Romanyukha, 1994; Hancioglu et al., 2007; Vickers et al.,
2009). One way to write an alternative, more detailed model is as
follows:

inoculum dose, very much like discussed above for the equivalent
macrophage and T cell models.
To summarize this section, the B cell and antibody models can
reproduce inoculum dependent patterns of growth for the initial
growth rate or virus peak for certain scenarios, however they
cannot impact both quantities simultaneously.

B_ ¼ f 2 BV þ r 2 ðBn  BÞ
A_ ¼ r a B  ωkA VA  da A

3.5. Models that can reproduce inoculum dependent patterns

V_ ¼ pI  cV  kA VA;

ðA2Þ

where B cells are activated by recognizing virus antigen at rate f2
and expand at rate r2, saturating at a maximum value Bn. Activated
B cells produce antibodies at rate ra. Antibodies are removed from
the system either through binding to virus at rate ωkA (where ω
represents the number of antibodies needed to neutralize a virion)
or through other mechanisms at rate da. The action of antibodies
on virus is modeled by the mass-action term kAVA. One can include
even further details, such as the plasma cell state of B cells as an
explicit equation (Bocharov and Romanyukha, 1994; Hancioglu
et al., 2007; Lee et al., 2008). This tends to introduce a time delay
(Reperant et al., 2012; Perelson et al., 1976) but does not alter the
inoculum dependent aspects of the dynamics.
Fig. 8 shows results for the different B cell and antibody
models. For model (A1), one observes that if the antigen dependent component (the term f 1 V ) is dominant, B cells are not able to
impact virus peak (solid black line). However, if the antigen
independent component dominates (the term r 1 B), B cells essentially grow exponentially at a constant rate independent of pathogen load (Handel et al., 2007, 2013) and can therefore inﬂuence
the virus peak (red dashed line), akin to what was discussed for T
cells above. Model (A2) has a constant inﬂux term of B cells ðr 2 Bn Þ,
and therefore constant production of antibodies in the absence of
an infection. There is no virus independent growth component and
the model can therefore not inﬂuence the virus peak pattern.
However, this model can lead to increased initial virus growth as
the inoculum dose increases (dash-dotted magenta line). This only
happens if the background rate of antibodies in the absence of an
infection is high (e.g. due to pre-existing immunity). In such a case,
upon infection, antibodies are being “soaked up” by binding to
virus (through the absorption term  ωkA VA). For a low virus
inoculum, only a small fraction of the pre-existing antibodies are
removed in this manner. Once inoculum increases, the initially
present antibodies are immediately removed through binding to
virus, allowing the remaining virus to grow at a faster rate until
enough B cells are produced to replenish the pool of antibodies.
This leads to an increase in the initial growth rate with increasing
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Fig. 8. Characteristic features described in Fig. 1 as a function of inoculum dose for different B cell and antibody models. Units of all rate parameters are inverse days,
parameter and initial condition values are as follows. For model (A1)(a) (solid black line), f 1 ¼ 102 , r 1 ¼ 1, kB ¼ 10  8 , B0 ¼ 1. For model (A1)(b) (dashed red line), f 1 ¼ 10  6 ,
r 1 ¼ 2, kB ¼0.1, B0 ¼ 1. For model (A2)(a) (dotted blue line), f 2 ¼ 10  6 , r 2 ¼ 1, Bn ¼ 10  2 , r a ¼ 105 , da ¼ 100, ω ¼ 102 , kA ¼ 0.01, B0 ¼ Bn and A0 ¼ r a Bn =da . For model (A2)(b)
(dash-dotted magenta line), all parameters values are kept as in model (A2)(a) except Bn ¼ 1, which alters the initial condition values B0 and A0. All other parameter values as
given in caption of Fig. 3. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)
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Fig. 9. Characteristic features described in Fig. 1 as a function of inoculum dose for models that combine the innate and adaptive immune response. Model 1 (solid black line)
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k2 ¼ 1, F 0 ¼ 1, f 1 ¼ 1, r1 ¼ 0.5, kB ¼ 10  6 , B0 ¼ 1, d¼ 0.5. All other parameter values as given in caption of Fig. 3. (For interpretation of the references to color in this ﬁgure
caption, the reader is referred to the web version of this paper.)

Models are constantly being tested against data and modiﬁed to
ensure that they can properly explain the patterns observed in the
data (Saenz et al., 2010; Pawelek et al., 2012; Dobrovolny et al.,
2013). Here, we studied one important pattern, namely the
dependence of virus dynamics on the inoculum dose. We focused
on four characteristic features that can be used to describe viral
load dynamics for an acute viral infection (Smith et al., 2010;
Holder and Beauchemin, 2011). We showed that while the
simplest model used for acute virus infections without any
immune response dynamics (assuming no changes in model
parameters) can reproduce experimentally observed patterns for
time to peak and duration of infection as a function of inoculum
dose, the model cannot reproduce changes in the initial growth
rate or virus peak. We then analyzed models that included various
components of the innate and adaptive immune response. We
explored how these models can or cannot reproduce aspects of the
observed patterns. We found that no model for a single component of the immune response can fully capture the observed
patterns, but combinations of models including innate and adaptive immune response components can.
Speciﬁcally, we found that an increase in viral load with
increasing inoculum dose can be reproduced by adaptive immune
response models that contain a virus (antigen) independent
growth term. The ﬁnding that such an antigen independent
component is necessary to explain the data agrees with more
direct immunological studies that have shown that expansion of
CD8 þ T cells contain an antigen independent, programmed
component (Mercado et al., 2000; Wong and Pamer, 2001; van
Stipdonk et al., 2001; Antia et al., 2003).
One caveat for the result that the adaptive response can
inﬂuence virus peak stems from the fact that in acute infections,
viral load frequently peaks after only a few days, while large
numbers of B or T cells are usually only observable several days
later (see e.g. Beauchemin and Handel, 2011, Fig. 1). It is still not
clear how early during the infection the adaptive response
becomes important. A recent review of models and data for
inﬂuenza provides mixed evidence – based on only 4 studies –
for the role of CD8 þ T cells in affecting virus peak (Dobrovolny
et al., 2013, Fig. 2). We contend that for many acute viral infections,
the role of the adaptive response (both T and B cells) in inﬂuencing
both duration of infection and potentially viral peak is still not
fully resolved. Further detailed experimental studies, possibly
combined with models, are needed to address this question in
more detail.

We further showed that a change in the initial growth rate can
be brought about in two ways. Saturation terms, limiting the level
the immune response, can lead to decreased virus growth rate as
inoculum dose increases. Absorption/binding processes that lead
to the initial reduction in immune response strength can lead to an
increased virus growth rate as inoculum dose increases. The latter
situation applies likely to situations where pre-existing adaptive
immunity or high levels of innate immune effectors are present. In
such a case, low levels of inoculum might not even have a positive
growth rate, i.e. an infection can be prevented. However, as
inoculum dose increases, the pathogen is more likely to overcome
the initial level of pre-existing immunity and have a positive
growth rate, leading to an infection.
We consider our study a ﬁrst step toward a better understanding of the impact of inoculum dose on infection dynamics. If
we could predict how changes in inoculum dose impact the
immune response, especially the adaptive immune response and
the generation of immune memory, it would be a signiﬁcant
contribution toward better vaccine design (Crotty and Ahmed,
2004; Seder, 2008; Rappuoli, 2007; Pulendran and Ahmed, 2011).
In particular for live vaccines, knowing the right balance between
enough inoculum to trigger a robust immune response, and low
enough inoculum to prevent potential side effects is crucial
(Amanna and Slifka, 2009). Similarly, for newly emerging pathogens where vaccine development is often a race against time (as
for instance witnessed for the 2009 H1N1 Inﬂuenza pandemic), it
is essential to optimize vaccine protection while minimizing the
required vaccine dose. Current trial-and-error approaches are
time-consuming and expensive. More rational ways of optimal
dose determination are needed. Similarly, if we could predict the
inoculum level at which an infection remains sub-lethal, and the
level at which it remains sub-clinical, it could be of immense help
in optimizing rules and guidelines for acceptable levels of pathogen exposure (Kothary and Babu, 2001; Julien et al., 2009;
Buchanan et al., 2009).
In summary, we analyzed models for acute viral infections with
regard to their ability to properly reproduce inoculum dose
dependent virus dynamics. We found that only some of the
existing models are suitable, and that combinations including
more than one immune response component are needed to
properly describe the data. The analysis presented here provides
information on the types of models that are suitable, and we
suggest that future models for any acute viral infection should
ensure that the immune response is modeled in such a way that
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inoculum dose dependent patterns can be properly reproduced.
The further development of mechanistic models that can properly
describe how immune response dynamics and infection outcomes
depend on inoculum dose would be very valuable. The present
study is a ﬁrst step in that direction.
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