
Journal of Theoretical Biology 289 (2011) 259–268
Contents lists available at SciVerse ScienceDirect
Journal of Theoretical Biology
0022-51

doi:10.1

n Corr

E-m
journal homepage: www.elsevier.com/locate/yjtbi
Antiviral treatment for pandemic influenza: Assessing potential
repercussions using a seasonally forced SIR model
S. Towers a,n, K. Vogt Geisse b,a, Y. Zheng a, Z. Feng a

a Department of Mathematics, Purdue University, West Lafayette, IN 47907, United States
b Facultad de Ingenierı́a y Ciencias de la Universidad Adolfo Ibáñez, Chile
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a b s t r a c t

When resources are limited, measures to control an incipient influenza pandemic must be carefully

considered. Because several months are needed to mass-produce vaccines once a new pandemic strain

has been identified, antiviral drugs are often considered the first line of defense in a pandemic situation.

Here we use an SIR disease model with periodic transmission rate to assess the efficacy of control

strategies via antiviral drug treatment during an outbreak of pandemic influenza. We show that in

some situations, and independent of drug-resistance effects, antiviral treatment can have a detrimental

impact on the final size of the pandemic. Antiviral treatment also has the potential to increase the size

of the major peak of the pandemic, and cause it to occur earlier than it would have if treatment were

not used.

Our studies suggest that when a disease exhibits periodic patterns in transmission, decisions of

public health policy will be particularly important as to how control measures such as drug treatment

should be implemented, and to what end (i.e.; towards immediate control of a current epidemic peak,

or towards potential delay and/or reduction of an anticipated autumn peak).

& 2011 Elsevier Ltd. All rights reserved.
1. Introduction

Influenza, a seasonal viral disease, presents a significant
morbidity and mortality burden on the population, with a typical
seasonal flu epidemic in the United States killing around 40,000
people per year (Dushoff et al., 2006). However, during pandemic
years, this number can be much larger. Influenza pandemics occur
when a human influenza A virus re-assorts with an animal
influenza A virus, such as one from birds or pigs. Pre-existing
immunity within the population is low to these new strains, and
thus pandemics are created if the strain is highly transmissible.
These novel strains are largely unaffected by any pre-immunity
people may have to older strains of human influenza and can
therefore spread rapidly and infect large numbers of people.

Because several months are needed to mass-produce vaccines
once a new pandemic strain has been identified, antiviral drugs
such as oseltamivir and zanamivir are considered the first line of
defense during an influenza pandemic situation; these drugs are
thought to shorten duration of infectious period, and to reduce
transmission of the virus (Moscona, 2005; Treanor et al., 2000;
World Health Organization, 2010).
ll rights reserved.
One of the hallmarks of pandemic influenza is a summer wave of
infection, followed by a larger fall wave, as seen in the 1918 and 2009
A(H1N1) pandemics. Mathematical models have played an important
role in the study of spread and control of infectious diseases, and
in the studies presented here we show that pandemic influenza dual-
wave dynamics can be replicated by a simple susceptible, infected,
recovered (SIR) mathematical model with a periodically forced
transmission rate to reflect the fact that the transmissibility of
influenza is higher in the winter time than in summer. Using this
model, we study the impact of antiviral drug treatment on the final
size of a pandemic influenza outbreak as a function of the fraction of
the population treated. We show that when transmissibility is
seasonal in nature, treatment does not always have the desired effect
of delaying the peak of the epidemic (thus resulting in less time for
the mass-production of vaccines, not more), and will sometimes
make the epidemic larger rather than smaller.

These results have obvious implications for public health
policy, and underline the role that mathematical models can play
in helping to assess disease intervention strategies.
2. Model

One of the simplest epidemiological models is the so-called SIR
model, in which we model the fractions of susceptible (S),
infected (I), and recovered (R) people in the population using

www.elsevier.com/locate/yjtbi
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Fig. 2. The relative change in final size of the epidemic (size with treatment

divided by the size without treatment) vs treatment fraction for pandemic flu-like

illnesses simulated with a disease model with a constant transmission rate. For

these simulations R0 ¼ 1:4, 1.6, and 1.8, 1=gU ¼ 3 days, 1=gT ¼ 2 days, and the

discount on transmission of infection s¼ 0:50.
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a deterministic ordinary differential equations model:

S0 ¼ �bðtÞSI

I0 ¼ bðtÞSI�gI

R0 ¼ gI ð1Þ

where 1=g is the average infectious period, bðtÞ is the transmis-
sion rate, Sþ IþR¼ 1, and with initial conditions at the time of
introduction, t0, of the infection into the population

Sðt0Þ ¼ ð1�I0Þ ð2Þ

Iðt0Þ ¼ I0 ð3Þ

Rðt0Þ ¼ 0 ð4Þ

where I040 is a constant. Because we are considering a pandemic
of very short duration relative to human population dynamics, we
do not include vital dynamics in the model.

In most simple epidemiological models, bðtÞ ¼ b is assumed to
be a constant. However, for diseases such as influenza, seasonal
variation in the transmission rate can be important to consider.
Any periodic function can be expressed as a sum of harmonic
terms. We model seasonality of transmission using the first order
harmonic

bðtÞ ¼ b0½1þe cosð2potÞ� ð5Þ

where 1=o¼ 365 days. The b function given in Eq. (5) has its
maximum at the beginning of a calendar year. The time of
introduction of the virus to the population is a parameter of the
seasonal model when the transmission rate is expressed in this
form, and the final size and shape of the epidemic curve (includ-
ing how many peaks the epidemic exhibits) can depend quite
strongly on this parameter (whereas for constant b the final size
and shape are independent of t0) (Bacaer and Gomes, 2009;
Bacaer and Dads, 2010).

The SIR model with a periodic transmission rate was used by the
authors in 2009 to forecast the course of the 2009 H1N1 pandemic in
the US (Towers and Feng, 2009). We fit the model to the CDC
influenza data collected during early months of the year, optimizing
the model parameters associated with the time-dependent transmis-
sion, and the time at which the initial case was introduced. The
optimized model was then used to forecast the timing of the autumn
Fig. 1. The left figure illustrates the CDC 2009 H1N1 confirmed case count data, as ob

represent variations calculated by the authors that account for U.S. regional variability

Towers and Feng (2009).
wave of infection. Our published predictions were also discussed
during the October 21, 2009 hearing of the U.S. Senate Committee on
Homeland Security and Government Affairs, entitled ‘‘H1N1 Flu:
Monitoring the Nation’s Response’’. The most striking feature of the
model is that it accurately predicted the peak time of the pandemic.
According to CDC 2009 H1N1 surveillance reports, the peak of the fall
wave was reached at the end of October (which is between weeks 42
and 43, see the left hand plot in Fig. 1), which is consistent with our
model result (see the right hand plot in Fig. 1). The analysis estimated
the seasonal forcing coefficient to be e¼ 0:35.

In this analysis we examine treatment using the model:

S0 ¼ �lS

I0U ¼ ð1�aÞð1�f ÞlS�gUIU
tained from CDC weekly surveillance data in reference CDC (2009) (the error bars

in the timing of the pandemic). The right figure shows predictions by our model in
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I0T ¼ ð1�aÞflS�gT IT

I0A ¼ alS�gAIA

R0 ¼ gUIUþgT ITþgAIA

l¼ bðtÞ½sITþ IUþZIA� ð6Þ

where a is the fraction of infected people not showing symptoms, IA
is the fraction of infected asymptomatic people in the population, f is
the fraction of the symptomatic infected population receiving
treatment, and IT and IU are the infected symptomatic treated and
infected symptomatic untreated fractions in the population, respec-
tively. The parameter s is the reduction in probability that a treated
person transmits the infection, and Z is the reduction in probability
that an asymptomatic person transmits infection. The recovery rates
for the treated, untreated, and asymptomatic classes are gT , gU , and
gA, respectively, with 1=gT r1=gU representing the fact that treat-
ment may reduce the period of infection.
3. Results

In this section we study the treatment model in Eq. (6) under
two scenarios:
1.
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We show that the first scenario always improves the outcome of the
epidemic, but that this is not always necessarily the case for the
latter.
3.1. The case of constant transmission rate

In epidemiological models, one of the most important quan-
tities is the basic reproduction number, denoted by R0. It is the
average number of secondary infections produced by one infected
individual during his/her entire period of infection in an entirely
susceptible population. If R0 falls below 1, the disease fails to
spread within the population, and the epidemic dies out. This
number determines whether there will be an epidemic outbreak
when a small number of cases are introduced in the population,
and how severe the outbreak will be in the absence of any
programs of disease control and prevention.

When control measures are implemented, the corresponding
quantity is termed the control reproduction number and denoted
by Rc (c for control). One of the objectives of control programs is
to reduce Rc to below 1, and the best strategies is usually the one
that reduces Rc the most, given the constraints of the resources at
hand. For the treatment model in Eq. (6) with treatment fraction,
mission model
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and after treatment for the points represented by the asterisks in these plots.

the web version of this article.)



Periodic transmission model

0.00 0.05 0.10 0.15
0.00

0.05

0.10

0.15

ftreat = 0.01

Size of major peak w/o treatment

S
iz

e 
of

 m
aj

or
 p

ea
k 

w
/ t

re
at

m
en

t

0.00 0.05 0.10 0.15
0.00

0.05

0.10

0.15

ftreat = 0.05

Size of major peak w/o treatment

S
iz

e 
of

 m
aj

or
 p

ea
k 

w
/ t

re
at

m
en

t One peak (w/o treatment)
Two peak (w/o treatment)

0.00 0.05 0.10 0.15

0.00

0.05

0.10

0.15

ftreat = 0.1

Size of major peak w/o treatment

S
iz

e 
of

 m
aj

or
 p

ea
k 

w
/ t

re
at

m
en

t

0.00 0.05 0.10 0.15
0.00

0.05

0.10

0.15

ftreat = 0.2

Size of major peak w/o treatment

S
iz

e 
of

 m
aj

or
 p

ea
k 

w
/ t

re
at

m
en

t

Fig. 4. The size (prevalence) of the major peak of the epidemic with treatment vs the size of the major peak without treatment, for treatment fractions ftreat¼0.01, 0.05, 0.1,

and 0.2, respectively for a pandemic flu-like illness simulated with a disease model with a periodic transmission rate. Each point represents an epidemic with a different

time of introduction of the virus to the population.

1 Thus this definition of ‘‘R0’’ for the periodic model is the average number of

infections produced by one infected individual during his/her entire period of

infection in an entirely susceptible population if the epidemic were to begin at

some time t such that cos 2pt=365¼ 0. The Fraser et al. (2009) estimate of

R0 � 1:6 for 2009 pandemic H1N1 was in fact determined from the initial rise

in new cases in Mexico in March, a time of the year that almost exactly meets the

cos 2pt=365¼ 0 criteria.
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f, the reproduction number is given by

Rc ¼ b
aZ
gA

þð1�aÞ 1�f

gU

þ
fs
gT

� �� �
ð7Þ

With some inspection, it is not difficult to see that Rc oR0 when
sogT=gU . As an example of this decrease in Rc produced by the
treatment model in Eq. (6) with a constant transmission rate, in
Fig. 2 we show the relative reduction in the final size of the
epidemic vs various treatment fractions for a pandemic flu-like
illness with R0 ¼ 1:6 (Towers and Feng, 2009; Fraser et al., 2009),
and model parameters s¼ 50%, 1=gU ¼ 3 days and 1=gT ¼ 2 days
(Colizza et al., 2007; Ling et al., 2010), with an asymptomatic
fraction of 50% (Carrat et al., 2008; King et al., 1988; Elder et al.,
1996), asymptomatic discount on transmission, Z¼ 0:5, and
1=gA ¼ 2 days. We use the expression in Eq. (7) to estimate b for
the model, when f¼0. The relative reduction is defined as the final
size with treatment, divided by the final size as it would have
been without treatment.

3.2. The case of time-dependent parameters

In this section, we examine a treatment model where the
transmission rate bðtÞ has the periodic form as in Eq. (5). When
model parameters are varying with time, the analytical results
such as control reproduction number described in Eq. (7) will be
very difficult to obtain. Most results are based on numerical
simulations of the models.
We assume a 2009 H1N1 pandemic flu-like illness in a
population of N¼10,000,000, with R0 ¼ 1:6 and determine how
treatment might potentially impact the course of such a pan-
demic. In this analysis we use the expression in Eq. (7) to estimate
b0 for the model from R0, under the assumption that f¼0.1 We
examine a range of times-of-introduction of the virus to the
population from [�182,þ182], in increments of one day, and
using the model in Eq. (1), we calculate the resulting epidemic
curve for the case of no treatment.

For each subset of parameters, we also examine the treatment
model in Eq. (6). For simplicity, we assume that treatment occurs
throughout the epidemic (i.e.; a constant fraction of the infected
population is treated at all times); this models the treatment
paradigm that has been used in the past in countries such as
Japan, where a significant fraction of people seeking medical
treatment throughout an influenza season are prescribed antivir-
als (Yoshida et al., 2009).

We assume a wide range of treatment fractions, ftreat, from
0.001 to 0.5 and we compare the final size of the epidemic with
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and without treatment. We assume model parameters s¼ 0:5,
Z¼ 0:5, 1=gU ¼ 3 days, 1=gA ¼ 2 days, and 1=gT ¼ 2 days in all
simulations, unless otherwise noted.

This study primarily focuses on the sensitivity of the final
epidemic outcomes to the treatment fraction. We do not consider
pre-vaccination, and assume no pre-immunity within the popula-
tion to the virus due to prior infection with related strains, similar
to what would be the case in an actual pandemic situation. We
consider vaccination and pre-immunity effects with a periodic SIR
model in Feng et al. (in press).

We focus on three important measures in assessment of the effect
of a treatment control program: (i) peak size of the epidemic curve
(the maximum number of infections during the course of a pan-
demic); (ii) peak time (the time at which the peak occurs); and
(iii) final size (the total number of infected by the end of a pandemic).
Both the peak size and the peak time can be observed from the
epidemic curve, while the cumulative infection curve shows the final
size. Control strategies should aim to lower the peak size to reduce
the burden on health care facilities (lest the demand exceed the
supply), lower the final size of the epidemic to reduce morbidity and
mortality, and delay the timing of the peak(s) to provide time for
preparation of response measures, such as vaccines.

Results of the model simulations are shown in Fig. 3, in which
we show the final size with treatment vs the final size without
Periodic transm
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Fig. 5. The relative change in size (prevalence) of the major peak of the epidemic with

fractions ftreat¼0.01, 0.05, 0.1, and 0.2, respectively for a pandemic flu-like illness simul

an epidemic with a different time of introduction of the virus to the population. The di

epidemics by treatment (or vice versa), or treatment shifting the major peak of a dual p

indicates the scenario where treatment has caused the major peak to be delayed, and als

to achieve more time to prepare other disease intervention strategies, such as vaccines,

shows an example of a case where treatment delays the time of the major peak and r
treatment for four different treatment levels ftreat¼0.01, 0.05, 0.1,
and 0.2, respectively. Each point represents a different time of
introduction of the virus to the population, which results in a
different final size of the epidemic. The red line in Fig. 3 denotes
the break-even point, where treatment has neither beneficial nor
detrimental impact on the size of the epidemic.

Several things are notable about these plots (beyond the
striking cyclical patterns, which we will discuss in a moment);
it appears that even relatively modest treatment levels of 1% have
the potential to have a detrimental impact on the final size of the
epidemic, increasing it by a relative factor of over 10%. Perhaps
even more surprising, an aggressive treatment program that
targets 20% of infected people also has the potential to have a
detrimental impact, increasing the final size by a relative factor of
over 40%.

The cyclical patterns in Fig. 3 are simply due to the periodicity
of the model itself; as we consider t0A ½�182;182� days, t0 steps
through that one year period, and the points on the plot step
around the loop. Despite these cyclical patterns, there does not
appear to be a clear predictable connection between the time of
introduction and the final size of the epidemic with treatment. As
seen in the top right hand plot in Fig. 3, a difference of a mere few
days in the time of introduction can make a dramatic difference in
the final size with treatment.
ission model
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o reduced the peak size. While a delayed major peak might be desirable as a means

it is apparent that it can also result in an increased final size. The first plot in Fig. 7

educes its size, but nevertheless increases the overall final size of the epidemic.
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In Fig. 4 we show the size (prevalence) of the major peak after
treatment vs the size without treatment. The major peak is
defined as the only peak in a single wave epidemic, or as the
largest (highest) peak in a multi-peak epidemic. Some treatment
fractions and values of t0 result in a larger major peak, and, similar
to what was observed in the final size comparisons in Fig. 3, the
larger the treatment fraction, the greater the deviation from the
break-even point compared to smaller treatment fractions.

In Fig. 5 we show the relative change in the size of the major
peak with treatment vs the change in the timing of the major
peak with treatment. Just as some treatment fractions and values
of t0 result in larger epidemic peak and/or final sizes, they can also
result in an earlier timing of the major peak; in a dual-wave
situation, this leaves less time available to prepare vaccines
before the major wave of the epidemic, and is not generally
desirable. We indicate in Fig. 4 epidemics for which treatment
decreases the final size. However, note that the final size is not
reduced in all epidemics where treatment results in a delay of the
time of the major speak and/or a reduction in peak size (the top
row of plots in Fig. 7 provides an example of such a case).

Fig. 6 examines two epidemic scenarios when f¼0.05, one of
which is detrimentally impacted by treatment, and the other of
which is not. The top row of plots have time of introduction of the
virus t0¼64 days, and treatment results in a dramatic increase in
the final size of the epidemic, and a dramatic increase in the size
of the autumn wave. This is because treatment causes the fraction
of susceptibles in the population to be larger in the fall than it
Periodic model
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Fig. 6. The epidemic curve, with and without treatment, when the treatment fraction

periodic transmission rate. The top row of plots have time of introduction of the virus

epidemic, and a large increase in what had formerly been a very small winter wave. In

with time of introduction only three days earlier, t0¼61 days. There is now a decrease

programs can have a striking effect on the final size and behavior of the epidemic.
would be otherwise, providing ‘‘kindling’’ for a larger epidemic to
occur when bðtÞ is now rising; without treatment, the epidemic
almost completely burns itself out in the late spring (a relatively
unfavorable time of year for the transmission rate when bðtÞ is
falling) resulting in no autumn wave of infection, but with
treatment, the spring wave is somewhat suppressed, leaving a
stock of susceptibles in the population that are still vulnerable to
infection later in the fall, during a more favorable time of year for
transmission when bðtÞ is rising.

In contrast, the bottom row of plots in Fig. 6 uses exactly the
same model parameters, except with time of introduction only
four days earlier, t0¼61 days. There is now a reduction in the final
size of the epidemic because treatment occurred just early
enough to reduce the susceptibles sufficiently to avoid an autumn
wave of infection. Fig. 6 indicates how even modest treatment
programs can have dramatic effect on the final size and behavior
of the epidemic, and the outcome is highly dependent on the time
of introduction of the virus to the population. It is worth noting
here that the time-of-introduction is an unknown parameter to
the population, and that it is extremely difficult (if not impos-
sible) for it to be determined, based on the properties of an
incipient spring wave, to an uncertainty of just a few days.

Fig. 7 shows similar plots for a more aggressive treatment
program with f¼0.20, and reveals similar pathologies.

In Fig. 8 we explore relative change in final size of the
epidemic vs the treatment fraction. We show both the average
and maximum relative change in the final size of the epidemic
 with f=0.05
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Fig. 7. The epidemic curve, with and without treatment, when the treatment fraction is f¼0.20 for a pandemic flu-like illness simulated with a disease model with a

periodic transmission rate. The top row of plots have time of introduction of the virus t0¼64 days, and treatment increases final size. The bottom row of plots use exactly

the same model parameters, except with t0¼51 days, and treatment decreases final size.
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obtained by our simulations as we step t0 through [�182,182] in
increments of one day. We do this for R0 ¼ 1:4, 1.6, and 1.8, and
values of e¼ 0:25, 0.30, and 0.35. The plots indicate that the
smaller theR0, the greater the impact treatment will tend to have
on the progression of the epidemic, including the greater poten-
tial to adversely impact the course of the epidemic.

Additionally, we see in Fig. 8 that the larger the seasonal
forcing, also the greater the potential for treatment to adversely
impact the course of the epidemic. Currently the seasonal forcing
of influenza is unknown, but values in the range of 0.25–0.35
appear to be reasonable assumptions (Towers and Feng, 2009;
Bacaer and Dads, 2010; Ferguson et al., 2003).

Fig. 9 shows time of introduction of the virus to the population
and treatment levels that produce dual-wave epidemics upon
treatment; we show the time of the second wave vs the time of
introduction of the virus to the population (left hand plot), and the
relative change in the size of the epidemic after treatment vs the
time of introduction of the virus (right hand plot). A time of
introduction in late winter appears to carry the greatest risk of
producing a dual-wave epidemic that also increases the overall final
size of the epidemic. A mere few days difference in the time of
introduction, however, can produce a dramatic difference in both
the timing of the autumn peak, and the overall size of the epidemic.

Fig. 10 shows the relative change in the final size of the
epidemic vs time of introduction of the virus to the population
and treatment level. A time of introduction in late winter to
spring appears to carry the greatest risk of producing an increase
in the overall final size of the epidemic, with large variability over
a short range of times of introduction for nearly all treatment
levels. Even relatively large treatment fractions of f¼0.4, can
produce a significantly larger epidemic, depending on the time of
introduction of the virus.
4. Conclusions

In this paper we presented simple SIR epidemic models to
study the effect of antiviral use on the control and prevention of
pandemic influenza. The models are simple in the sense that they
do not include many of the heterogeneities that may affect
disease dynamics, such as infection-age dependent transmission
rate, multiple virus strains (including drug-resistant strains), or
age or spatial variations in contact patterns.

The analysis and simulations presented in this paper show that
the dual-wave epidemic curve dynamics exhibited by the 1918
and 2009 pandemics can be replicated by a SIR model with a time
dependent transmission rate, and indeed such a model has in fact
been used in at least two different analyses to fit to 2009 H1N1
pandemic data (Towers and Feng, 2009; Velasco-Hernández and
Leite, 2011). Treatment models based upon SIR models with
constant transmission rate always reduce the final size of the
epidemic and delay the timing of the peak (Qiu and Feng,
2010a,b,c; Lee et al., 2010); however, we have shown in these
studies that the seasonally forced SIR model predicts that treat-
ment carries significant risk of making a pandemic worse, either
by making the final size larger, making the size of the major peak
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Fig. 8. The average relative change in final size of the epidemic vs treatment fraction for pandemic flu-like illnesses simulated with a disease model with a periodic

transmission rate. For these simulations R0 ¼ 1:4, 1.6, and 1.8, 1=gU ¼ 3 days, 1=gT ¼ 2 days, and the discount on transmission of infection s¼ 0:50. Also shown are the

maximum relative change in the final size upon treatment for those values of R0. The first, second, and third plots show the results of simulations with seasonal forcing

e¼ 0:25, 0.30, and 0.35, respectively.

Fig. 9. Here we examine a pandemic flu-like illnesses simulated with a disease model with a periodic transmission rate, and consider the time of introduction of the virus

to the population and treatment levels that produce dual-wave epidemics upon treatment; we show the timing of the second wave vs the time of introduction of the virus

to the population (left hand plot), and the relative change in the size of the epidemic after treatment vs the time of introduction of the virus (right hand plot).
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larger, or by making the major peak occur earlier (or all of the
above). It had been previously shown (Bacaer and Gomes, 2009)
that, when the transmission rate is periodic, the final size of an
epidemic is not necessarily an increasing function of the repro-
duction number; treatment is expected to reduce the reproduc-
tion number, and thus it is perhaps not surprising in light of the
results of (Bacaer and Gomes, 2009) that treatment can some-
times result in increased final size.
SIR models with periodic transmission rates are extremely non-
linear, and the dynamics and the final size of the epidemic are
strongly dependent upon the initial conditions such as the time of
introduction of the virus to the population, and the initial fraction of
susceptibles. Periodic SIR models can produce epidemic curves with
more than one peak. Depending on the time of introduction of the
virus to the population, and the values of the other parameters of the
model, such as b0 and e, a spring epidemic, which occurs during an



Fig. 10. Here we examine a pandemic flu-like illnesses simulated with a disease model with a periodic transmission rate, and show the relative change in the size of the

epidemic after treatment vs the time of introduction of the virus to the population and treatment level.
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unfavorable time of the year when bðtÞ is falling, may not reduce the
stock of susceptibles sufficiently to prevent the epidemic from
forming a second wave in the autumn, during a favorable time of
the year when bðtÞ begins to rise again. A model with the same
parameters, except for a different time of introduction, could exhibit
only a spring peak of infection if that peak was large enough to
reduce the stock of susceptibles sufficiently by the end of the summer
to prevent a second autumn wave of infection from occurring.
Conversely, the same model parameters could potentially produce
only an autumn peak of infection if the time of introduction was late
enough that the epidemic began in the spring, but was introduced at
such an unfavorable time that the prevalence remained at a low (but
rising) level in the population throughout the summer until the
epidemic finally peaked in the more favorable season of autumn.

Treatment during the spring in an epidemic essentially increases
the stock of susceptibles in the population at the end of the summer.
If the epidemic is still ongoing by that point, this larger stock of
susceptibles can, in some cases, act as tinder for a much larger
epidemic to occur in the more favorable influenza season of autumn
than might have occurred if treatment had not been used.

Some countries routinely prescribe the antivirals during influ-
enza epidemics; for instance, the study in Yoshida et al. (2009)
found that antivirals were prescribed for 60–80% of all out-
patients seeking care for influenza-like illnesses during the Japan
2004/2005 and 2005/2006 influenza seasons. Influenza challenge
and seroepidemiological studies have shown that between 40% to
70% of influenza infections are symptomatic (Carrat et al., 2008;
King et al., 1988; Elder et al., 1996). If we assume that roughly half
of symptomatic people seek medical care, this means that Japan
supplies antivirals to around roughly 10% of those infected by
influenza in its population. Our studies have shown that treat-
ment programs of this magnitude will reduce the size of a
pandemic slightly over 50% of the time, but also have the
potential to make the final size of the pandemic significantly
larger than it might have been otherwise.

Treatment with antivirals of course goes beyond just herd-health
considerations, as they are often to treat those with underlying health
problems to prevent serious infection. We have seen in these studies
that treating a small fraction of the population for this purpose does
not appear to carry significant risk of detrimental impact on the final
size of the epidemic.

Drug resistance is a concern when antivirals are used. Several
studies have modeled influenza drug resistance in the constant
transmission rate scenario, and have shown that high treatment
levels too early in an epidemic can detrimentally impact the final
size of an epidemic, and can even cause a second wave of
infection (Moghadas, 2008; Arino et al., 2009; Alexander et al.,
2009). We have not included drug-resistance effects in our model,
and this will be a basis for future work; non-intuitive outcomes
can occur given the extreme non-linear nature of the model with
a periodic transmission rate, and this is an interesting avenue of
inquiry. However, similar to the constant transmission case, it is
likely that drug resistance caused by aggressive treatment too
early in an epidemic will have a negative impact on the final size,
and timing and size of the epidemic peak(s).

In summary, our model studies suggest that when a disease
exhibits periodic patterns in transmission, decisions of public
health policy will be particularly important as to how control
measures, such as drug treatment, should be implemented. Our
studies underline that it is important to simultaneously consider
various figures of merit when making these decisions; is it most
important to immediately reduce and/or delay a current epidemic
peak, or more important to potentially delay and/or reduce an
anticipated second autumn peak in order to have enough time to
mass-produce vaccines? Our studies have shown that decisions
that affect one figure of merit will almost certainly impact
the other, but that mathematical models, such as the ones we
have implemented here, can be helpful for understanding these
complex disease transmission dynamics, and can be useful for
identifying optimal control strategies.
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