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Abstract

Until a vaccine against the new strain becomes available, the response to newly emerged pandemic influ-
enza will consist of the use of antiviral drugs and measures that limit exposure to infectious individuals.
These first-line defence measures include isolating cases upon diagnosis, reducing close contacts, the use
of personal protective equipment and hygiene, and using antiviral drugs for treatment and prophylaxis.
There are significant ‘costs’ associated with control measures, so to justify such interventions it is important
to assess their potential to reduce transmission. In this paper, we determine the effect that a number of dif-
ferent antiviral interventions have on the reproduction number of infectives and the probability that an
imported infection fades out, and determine parameter scenarios for which these interventions are able
to eliminate an emerging pandemic of influenza. We also assess the role that health care workers play in
transmission and the extent to which providing them with antiviral prophylaxis and personal protective
equipment modifies this role. Our results indicate that this class requires protection to avoid a greatly dis-
proportionate contribution to early infective numbers, and for the maintenance of a stable health care sys-
tem. Further, we show that the role children play in increasing transmission is moderate, in spite of closer
mixing with other children.
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1. Introduction

There is general acceptance that another substantial shift in the influenza virus will occur, lead-
ing to a pandemic. The current global spread of the avian influenza virus H5N1 and its transmis-
sion from birds to humans may make it happen sooner, rather than later. Accordingly, there is an
urgency to be prepared for an influenza pandemic, although our degree of vulnerability and the
disease characteristics are largely unknown [1]. A vaccine will take time to develop, and due to
high demand may be in short supply globally [2]. Thus all available first-line defence strategies
should be carefully assessed for effectiveness and feasibility.

Initial defence strategies to contain transmission include minimizing contacts with infected and
potentially infected individuals, and careful use of the limited stockpile of antiviral drugs. Early
detection of infected individuals with subsequent isolation and quarantining individuals exposed
to them, as well as the closure of schools, are well known strategies for reducing transmission.
However, decisions concerning such interventions can be controversial because of the cost and
inconvenience they impose, particularly when there are doubts as to their effectiveness. In this pa-
per, we assess how effectively various control measures involving the use of antiviral drugs are
able to contribute to eliminating a newly emerged influenza infection.

Becker et al. [3] assess the effectiveness of interventions to reduce the reproduction number of a
newly emerged infectious disease with characteristics like SARS. Here we conduct a similar anal-
ysis with a focus on pandemic influenza, but with a number of important differences. First, we use
disease characteristics of influenza, which differ from those of SARS. Second, we consider the im-
pact of protecting health care workers (who mix closely with infectives) against infection. Third,
we explore the effectiveness of using antiviral drugs to reduce transmission and the probability
that an importation leads to a major outbreak. The effect of antiviral drugs is complex because
they can be used both for treatment and for prophylaxis, and stockpiles of such drugs are limited.
Furthermore, antiviral drugs might be dispensed for prophylaxis prior to exposure to the infec-
tion, or afterwards. Examples of these are, respectively, antivirals given to health care workers
for their protection and antivirals given to members of a household upon diagnosis of a primary
case within the household. We also explore the role that children (who mix more closely with their
peers than with adults) play in transmitting infection.

Longini et al. [4], Ferguson et al. [5], Wu et al. [6] and Germann et al. [7], have considered the
impact on disease transmission of antiviral drug administration. Their motivation, as here, was to
establish conditions under which the disease is contained. These papers approach the modelling
question through micro-simulation based on individual characteristics and mixing behaviour;
the first for the Hong Kong population of 6.8 million, the next two for populations of 281 million
and 2000, respectively, in the United States, and the last for a population of 85 million individuals
in Thailand. The advantage of their approach, as well as the dynamical systems approach of [8]
for populations in the US, UK and the Netherlands, is that it enables prediction of case numbers,
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antiviral stockpile depletion and other dynamics in calendar time, while also providing forecasts
of epidemic size at any time and the period of time over which the epidemic runs its course.

In contrast, we focus on two concepts that are central to the control of an emerging infectious
disease, namely the effective reproduction number (R) and the probability that an importation
fails to initiate a local epidemic (q). The advantages of limiting attention to R and q are that
we require fewer assumptions, some analytic results are possible and calculations are far less com-
puter intensive. As a consequence, a comprehensive check of how sensitive results are to assump-
tions about parameter values and model structure becomes feasible. However, our approach does
not capture the calendar–time dynamics of the epidemic, so micro-simulation and the approach
used here complement each other.

The reproduction number R is central to the control of an infectious disease because it measures
the rate at which infectives are able to multiply and, importantly, R < 1 indicates that local trans-
mission of the infection will fade out with certainty. Our aim is to determine the extent to which
the reproduction number is reduced by various control measures involving antiviral drug distri-
bution and, specifically, to determine intervention requirements to bring its value below unity.
In the case that R is reduced, but remains above unity, we consider the impact of the strategy
on the probability of disease elimination, q.

We base our assessment on transmission models that, to accommodate the above-mentioned
interventions, distinguish between several types of individual, namely children, adults and certain
health care workers. We formulate our model in Section 2. In Section 3 we consider the impact of
targeting the contacts of every diagnosed infective with antiviral drugs, where such drug administra-
tion is either pre- or post-exposure. Subsequently, in Section 4, we examine the role of influenza-ded-
icated health care workers on disease transmission and early case numbers. We look at what effect
providing antiviral drugs to this group, as well as their use of personal protection equipment (PPE),
has on disease transmission. In Section 5 we include children and determine the impact of their in-
creased mixing. Providing them with antiviral drugs as prophylaxis or vaccinating them as a group
are the interventions we consider. Finally, we conclude with some general observations (Section 6).
2. Model and reproduction number

We assume that infection is spread primarily by person-to-person transmission. To begin with
let us assume that members of the general public are homogeneous, in that each is equally likely to
become infected. The infection is assumed to be accompanied by an illness that leads each case to
present to a general practitioner, who may be infected during this consultation. Immediately fol-
lowing presentation the infective is isolated in a hospital and cared for by influenza-dedicated
health care workers. With these assumptions we require three distinct types of individual; mem-
bers of the general public (Type G), general practitioners (Type D) and influenza-dedicated health
care workers (Type H).

Let m denote the mean number of community members infected by an infective during the
infectious period, when every contacted person is susceptible and no interventions are in place.
With isolation the mean number of community members infected becomes mf, where f is the
fraction of the infection potential spent before being isolated and we assume diagnosis occurs
immediately with consultation. When the infectiousness of an infective is constant over the
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infectious period, f is simply the fraction of the infectious period experienced before isolation. The
probability that the general practitioner is infected when an infective presents is p. An infected
general practitioner also infects a mean of mf individuals while mixing with community members.
The remaining infection potential, namely (1 � f)m, acts on Type H individuals who are caring for
the isolated infectives. The mixing with carers differs from mixing with community members, as
carers take precautions in their contacts with patients. Hence the mean number of Type H indi-
viduals an infective infects is assumed to be (1 � f)mep, where ep adjusts for the changed mixing
and the precautions Type H individuals take during contacts, including protection provided by
wearing personal protective equipment (PPE). It is assumed that general practitioners and influ-
enza-dedicated health care workers do not infect a general practitioner at presentation, because
they either self-diagnose or present in a way that minimises the chance of transmission. No
increased rate of transmission between health care workers is included in the model.

Antiviral drugs have been shown to reduce susceptibility and infectivity for seasonal influenza,
when used for prophylaxis. We assume that they will similarly reduce transmission of the emerged
pandemic strain of influenza. Let es denote the factor by which the per-contact probability of
infection is reduced for a susceptible individual who is using antivirals for prophylaxis, relative
to an individual who is not. Antivirals offer no protection if es = 1 and are fully protective if
es = 0. Also, let ei be the factor by which the infection potential is reduced for an individual
who is using antivirals for prophylaxis and becomes infected, relative to an infective not on anti-
viral drugs. Antivirals provide no reduction in infectivity if ei = 1 and reduce infectivity to zero if
ei = 0. We adopt as default intervention (referred to below as ‘default AVs’), one in which doctors
and influenza-dedicated health care workers are provided with antiviral drugs as prophylaxis,
health care workers are also provided with PPE and diagnosed patients are given antiviral drugs
as treatment. This level of intervention seems essential to maintain health care services. Treated
patients are assumed to have their remaining infection potential reduced by a factor ei.

We seek to determine disease characteristics for which different levels of intervention are able to
eliminate the infection. Therefore, we can, without loss of generality, look at transmission in terms
of generations of infectives. The initial infective(s) make up generation zero. The individuals they
infect make up generation one, and so on. The effective reproduction number is the largest eigen-
value of the next-generation mean matrix M [9]. The word effective in ‘effective reproduction num-
ber’ refers to the fact that there is some intervention in place. This matrix allows computation of the
mean number of infectives in one generation from the number of cases in the previous generation.

To define M, and examine strategies involving a proportion g of Type G, we divide this group
into two subgroups, G1 and G2, and introduce a, a mixing parameter, to allow distinct mixing pat-
terns between these subgroups. A general form of M that incorporates a number of health care
strategies is
M ¼

fmð1� gÞ fm~eið1� gÞ fmeið1� gÞ fmeið1� gÞ
fm~esg fma~ei~esg fmei~esg fmei~esg

p 1� ð1� pÞ~ei 0 0

ð1� f Þmeiesep ð1� f Þmeiesep ð1� f Þmeiesep ð1� f Þmeiesep

0
BBB@

1
CCCA: ð1Þ
To illustrate its role as a next generation matrix note that if x0 = (G10G20D0H0) gives the number
of Type G1, Type G2, Type D and Type H infectives in generation zero, then the mean number of
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infectives of types G1, G2, D and H in generation one is given by Mx0
T (where T denotes the trans-

pose). Below, parameters ~ei and ~es will be either unity or ei and es, respectively, depending on the
intervention implemented.

The effective reproduction number R, given by the leading eigenvalue of M, is (see Appendix A)
Table
Mode

Param

m

R0

R

q

f

p

ei

es

ep

g

a
pG

pD

pH

c

R � fmð1� gÞ þ fma~ei~esgþ ð1� f Þmeiesep ¼ TraceðMÞ: ð2Þ
The basic reproduction number R0, which is the reproduction number when there is no interven-
tion in place, is obtained by substituting f ¼ ei ¼ es ¼ ep ¼ ~ei ¼ ~es ¼ 1.

Although R does not impart all information concerning the dynamics in calendar time, it does
provide a valuable means by which to compare the impact of different intervention strategies; the
manner in which it is applied in this paper.

2.1. Parameter values and sensitivity analysis

Table 1 provides a glossary of all parameters used in this paper, some introduced above and
others below in the relevant sections, together with their default values.

Estimates of R0 for pandemic influenza given in the literature [10] are mostly low compared
with estimates of R0 for other infectious diseases. They range from close to 2, as applied in
[4,5], to values between 2 and 3 [11,10]. Here we do not fix R0, but rather consider a wide interval
that encompasses these estimates.

Proportions of the public in different classes are estimated from Australian data. The propor-
tion of children is calculated from 2001 census data, and the proportion of doctors and health care
1
l parameters with default values

. Description Default value(s)

Basic reproduction number with neither intervention
nor medical consultations in a fully susceptible population
Basic reproduction number without intervention,
but with medical consultations in a fully susceptible population
Effective reproduction number with intervention
Probability that an outbreak with 1 initial case is minor
Fraction of an individual’s infectivity spent mixing 0.5
Probability of infection at consultation 0.008
Reduction in infectivity when taking AVs 0.3
Reduction in susceptibility when taking AVs 0.25
Reduction in susceptibility when using PPE 0.25
Proportion of general public involved in an intervention 0,0.4,0.8
Factor by which mixing differs in group G2 1,1.9,5.4
Proportion of public who are not HCWs 0.988
Proportion of public who are doctors 0.002
Proportion of public who are influenza-dedicated HCWs 0.01
Proportion of public who are children 0.18
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workers from a medical labour force survey. We assume that around 20–25% of the available
health care workers are at high risk of infection and may be given antivirals as prophylaxis. These
individuals are referred to as influenza-dedicated health care workers.

Parameters describing the effectiveness of antivirals are based on trials of Oseltamivir. We as-
sume a default value for the reduction in infectiousness while on antivirals of 0.3, which is con-
sistent with studies of antiviral efficacy and other modelling work [5,12–14]. Although some
studies suggest that antivirals are not particularly effective against the broad category of influ-
enza-like illness [14], trials assessing effectiveness against influenza have shown relatively high
reductions in susceptibility [13,15,16]. As we are considering interventions adopted during an
influenza pandemic, we use the latter data to set a default value for the reduction in susceptibility
while on antivirals of 0.25. Influenza-dedicated health care workers may be able to reduce their
probability of infection further by using personal protective equipment (PPE) such as masks,
gloves, hygiene practices and changed mixing patterns. We assume that the reduction in suscep-
tibility of an individual using PPE is 0.25 [17,18]. We note that our results are highly sensitive to
the values of these parameters, thus highlighting the importance of accurate estimates of efficacy
in the event of a pandemic.

For p, the probability of infection at a consultation, we assume a default value of 0.008. We
found that over the range 0.005–0.02 (which includes attack rates in doctors of close to 100%),
there was little effect on the results presented here.

Our models incorporate some additional transmission between children to take account of
differences in infectiousness, susceptibility or mixing patterns that may exist. The parameter
governing this extra mixing (a) was chosen so that age-specific attack rates matched those ob-
served in the pandemics of 1957 and 1968/9 [19], giving two potential values: a = 1.9 corre-
sponding to the 1968/9 data, and a = 5.4 corresponding to the 1957 data. In our analysis
we consider both these values of a, as well as a = 1, thus quantifying the sensitivity of the mod-
el to this parameter.

Parameter f denotes the proportion of an individual’s infectiousness that is exerted on the com-
munity before the infective is isolated. It is possible that the degree of infectiousness is constant
over the infectious period, or that it varies, rising high early in the infectious period and then
decreasing towards zero. These two infectivity profiles are referred to as ‘flat’ and ‘peaked’, respec-
tively. Our peaked infectivity profile is similar to that used in [5]. For both profiles, f denotes the
proportion of the area below the infectiousness function curve before isolation. If a case presents
and is isolated at the onset of symptoms, the value of f corresponding to the flat profile will be
significantly less than that for the peaked profile.

Our results were found to be quantitatively sensitive to f and thus, for certain results, we con-
sider the full range of f 2 [0,1]. In other cases, f = 0.5 has been chosen as an illustrative example,
since for influenza it would be expected that f P 0.5. This is a consequence of the following. After
infection, the latent period is approximately 1 day followed by an infectious period with symp-
toms appearing at, approximately, the beginning of the third day [20,5]. Infection lasts for approx-
imately 5–6 days [20] and isolation would not be expected before day 4, implying that it is likely
that at least half of the infectivity would have passed before isolation. This argument is strength-
ened by the fact that viral load is expected to be greater during the early stages of the infectious
period [5]. For variation in this parameter f, comment is provided where relevant as to quantita-
tive and qualitative differences in results.
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3. Impact of providing antivirals to targeted contacts

We address questions concerning antiviral drug interventions, and the impact of delayed distri-
bution, through a relative assessment of three strategies, all of which include the ‘default AVs’
strategy:

• Strategy A: Suppose that a fraction g of general community contacts are given drugs pre-expo-
sure. For example, when a case arises in a location a proportion g of individuals in that location
are provided with antiviral drugs as prophylaxis, whence ~ei ¼ ei and ~es ¼ es. Such an approach
might be used early in an outbreak, when antiviral drugs are plentiful.

• Strategy B: Suppose antiviral drugs are distributed as above, beginning after the first genera-
tion. This means that no susceptibles are protected during the initial generation. Our motiva-
tion is that q is largely determined by what occurs early in an outbreak, and this strategy
indicates the substantial impact of even a very short delay in implementing Strategy A.

• Strategy C: Suppose antiviral drugs are distributed to a proportion g of general community
contacts post-exposure, on presentation of the infective. The strategy indicates the impact of
a more targeted use of antivirals and is foreseeable when stockpiles of antiviral drugs are lim-
ited. Due to the nature of influenza this strategy can be approximated with contacts not being
protected when susceptible ð~es ¼ 1Þ, but their subsequent infectivity being reduced ð~ei ¼ eiÞ. In
contrast to Strategy A, Strategy C administers antiviral drugs to contacts post-exposure.

Note that antiviral drugs are assumed to be distributed in a timely manner so that their full effi-
cacy is realised.

Fig. 1 compares the impact of Strategies A and C on transmission, as reflected by R. Our results
suggest that g P 0.6 under Strategy A, and g P 0.8 under Strategy C, have a considerable impact
Fig. 1. The impact of using antivirals for prophylaxis expressed by contours for R = 1: above the curves there is a
chance that the disease takes off, while below, the outbreak is minor with certainty. All strategies include the ‘default
AVs’ intervention. Solid curve: the ‘default AVs’ intervention alone; dashed curves: antiviral Strategy A (pre-exposure
distribution of AVs); dash-dotted curves: antiviral Strategy C (post-exposure distribution of AVs). (Parameters as in
Table 1 with a = 1.)
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on reducing transmission, and such levels of contact identification are thought to be achievable
[4,21]. Note that for larger values of f, as might be associated with the peaked infectiousness func-
tion, the effect is less pronounced. These results indicate that providing antiviral drugs to contacts
is an effective and feasible means of reducing transmission, and that, for both strategies consid-
ered, as g increases so the reduction in transmission increases exponentially. While there is an
appreciable benefit to providing the drugs prior to exposure, providing antivirals for prophylaxis
could be wasteful of a limited stockpile.

Our results on the effectiveness of antiviral drugs are in general agreement with those of the
dynamical systems model proposed in [8]. Although the modelling approaches are quite different,
the effective reproduction numbers associated with the distribution to a proportion of the general
population are very similar.

The probability (q) of no influenza outbreak when R > 1 may be greater than zero, and thus, to
complement Fig. 1, it is useful to quantify q. To do so we need to assume a form for the proba-
bility distribution of the number of individuals in each class that are infected by a single infective.
Below we compare the results for two such distributions.

Assume that an infective initiates a multi-type branching process, infecting susceptibles in G1,
G2 and H according to a Poisson process, while offspring in D are Bernoulli trials. The number of
each type infected by an individual are independent with mean values given by the elements of M.
Let qi (for i = G1, G2, D, H) be the conditional probability that the disease does not take off given
an initial infective in population group i. Then, using standard methods based on probability gen-
erating functions,
qG1
¼ emf ð1�gÞðqG1

�1Þemf~esgðqG2
�1Þ½1þ pðqD � 1Þ�emð1�f ÞeiesepðqH�1Þ

qG2
¼ emf~eið1�gÞðqG1

�1Þemf~ei~esgðqG2
�1Þ½1þ ½1� ð1� pÞ~ei �ðqD � 1Þ�emð1�f ÞeiesepðqH�1Þ

qD ¼ emfeið1�gÞðqG1
�1Þemfei~esgðqG2

�1Þemð1�f ÞeiesepðqH�1Þ;

ð3Þ
and qH = qD. With this formulation, and numerical methods, we consider the impact on qG1
of

Strategies A, B and C, when compared with the strategy of ‘default AVs’ (Fig. 2(a)).
As expected, when compared with Strategy A, Strategy B does not change R; however, qG1

is
reduced considerably. Strategy C (when compared with Strategy A) increases R (Fig. 1) and re-
duces qG1

. (For larger f, the results are qualitatively similar, although qG1
is reduced.) What is

notable is that, even though R > 1, the probability of a minor outbreak may remain high.
These results suggest that, for values of R0 < 3 [11,4,5,10], the use of antiviral drugs to target a

proportion of all contacts of infected cases is an effective means of reducing transmission and
decreasing the chance that a single importation leads to a major outbreak, in spite of R remaining
greater than unity and the post-exposure distribution of antiviral drugs. From data on attack
rates collected from previous influenza pandemics, R0 is likely to be less than 2.5 [11,4,5,7,10]
and then the probability of avoiding a major epidemic is close to unity when 40% or more of
all contacts are targeted, even for delayed intervention. If we accept it is feasible to identify,
and provide antiviral drugs to, 80% of contacts [4,21], our results suggest than an epidemic can
be avoided for an R0 as high as 3.

As an alternative consider a Negative Binomial offspring distribution, for which secondary
cases occur through a Poisson process with the mean of this process Gamma distributed. It rep-
resents a broader class of distributions of which the Poisson is a limiting case. Application of this



Fig. 2. (a) The effect of antiviral interventions on qG1
(probability of disease elimination initiated by a type G1 infective)

when the assumed offspring distribution is Poisson. Heavy solid curve: ‘default AVs’ strategy; light solid curves:
Strategy A (pre-exposure distribution of AVs); dashed curves: Strategy B (delayed pre-exposure distribution of AVs);
dotted curves: Strategy C (post-exposure distribution of AVs). (b) The effect of Strategy A on qG1

for two offspring
distributions. Solid curves: assumed Poisson offspring distribution; dash–dotted curves: assumed Negative Binomial
offspring distribution with the same mean as the Poisson distribution, but a variance 3 times that of the associated
Poisson process without intervention. (Parameters as in Table 1.)
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distribution allows a quantification of the impact of greater heterogeneity and the influence of
super-spreaders within the underlying population, through the effect of an increased variance.

Fig. 2(b) compares, for Strategy A, the results between the two assumed offspring distributions
and illustrates a Poisson offspring distribution as the limiting case, predicting the lowest values for
qG1

. With the mean fixed, increases in variance result in an increase in qG1
, as was observed by [22],

although R is independent of the choice of distribution. The implications are that, for R > 1, het-
erogeneity and the occurrence of super-spreaders (and hence greater variance) in the underlying
population, lead to a decrease in the likelihood of a major outbreak from a single importation.

These results, concerning the impact on R and the probability of a minor outbreak of post-
exposure antiviral distribution, agree with the findings from the simulation studies of [5] and
[4]. From above and [5], efficient diagnosis, and rapid response, are critical to maximise the effec-
tiveness of intervention strategies.
4. The role of health care workers in transmission

We consider the impact of protection measures for influenza-dedicated health care workers (the
‘default AVs’ strategy) on disease transmission and their role in early case numbers. Such results
have consequences for pandemic planning decisions concerning not only the protection of work-
ers to maintain a stable health care system, but also the protection of their families and the like-
lihood of a major outbreak.

In matrix M we set g = 0 thereby considering 3 classes of individuals. From Fig. 3(a), it is clear
that if individuals are isolated after they have experienced half their infectivity (f > 0.5), there is



Fig. 3. The effect of interventions to protect health care workers. (a) Contours for R = 1 comparing interventions:
above the curves there is a chance that the disease takes off, while below, the outbreak is minor with certainty. Solid
curve: ‘default AVs’ strategy; dotted curve: antiviral prophylaxis for health workers without PPE; dashed curve: PPE
for health workers without antiviral distribution; dash–dotted curve: no intervention for health workers. In all cases
diagnosed patients are treated with antiviral drugs. (b) Given initial infective proportions from each class (G0 = 0.988,
D0 = 0.01 and H0 = 0.002), the mean proportion of infections directly attributable to a doctor or health care worker PI,
within the first four generations of an epidemic, is plotted for f = 0.5. Line-styles and interventions are as in (a), and
diagnosed patients are treated with antivirals in all cases except that labelled *. (Parameters as in Table 1 with g = 0.)
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little impact on overall disease transmission by the protection measures for health care workers;
only for small values of f, say f < 0.3, are the gains notable.

Although R may not be significantly reduced through protective intervention for health work-
ers, PI (the mean proportion of infections in the early stages of an epidemic that can be directly
attributable to these classes) is disproportionately large (Fig. 3(b)). PI, in the case of no interven-
tion, exceeds by an order of magnitude the combined proportion of the health care classes within
the population of approximately 1.2% (see Table 1). The ‘default AVs’ strategy redresses this dis-
parity. We note further that not treating diagnosed patients on isolation (labelled *), more than
doubles PI when health care workers are not protected. The implications are that health care
workers, and as a consequence their families, are at far greater risk of infection than the general
population. Implementing the ‘default AVs’ strategy protects health workers, their families and
contacts, reducing PI below 0.012 (their proportional representation in the population) for
f = 0.5.

The significant role of health care workers in early transmission suggests that protecting health
workers can reduce the probability of a minor outbreak (q) appreciably. For example, in the case
f = 0.5 and R0 = 2, the ‘default AVs’ strategy increased q from 0.6 to 1. For f P 0.8, the impact
was marginal.

These results suggest that the ‘default AVs’ strategy is critical, not only to maintain a stable
health care system, but to protect the families of health workers who would otherwise be at an
order of magnitude greater risk than others in the population.
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5. The role of children in transmission

Children are commonly considered to exhibit closer mixing with other children than with, or
between, adults, and thus we consider the potential impact of distributing antiviral drugs to, or
vaccinating, this group. As mentioned, our choice of the range for the mixing rate (a) among chil-
dren is guided by the relative rates of infection observed among children and adults in the two
most recent influenza pandemics.

In matrix M let g = gc = 0.18 denote the proportion of children within the community (Table
1), and consider the impact on transmission of supplying antivirals to all children for prophylaxis
(Fig. 4(a)). By choosing the mixing rate a between 1.9 and 5.4, we consider a scenario bounded by
the relative attack rates observed in the pandemics of 1968/9 and 1957, respectively [19]. The im-
pact of this strategy is a modest reduction in R. Likewise, we observed a modest impact of this
strategy on the proportion of early infectives attributable to children and on the probability of
a minor outbreak (q), for 1.9 6 a 6 5.4.

These results indicate that providing antivirals to children is not an effective strategy for trans-
mission control, because the modest reduction in R depicted in Fig. 4(a) requires antivirals to be
administered to all children (18% of the population) continuously. This drain on the limited anti-
viral stockpile is likely to be an unacceptable. However, if the disease risk in children is much
higher than in adults, then a strategy that targets children needs to be considered.

Compared with using antivirals, administering a perfect vaccine to all children provides a value
of R that is only minimally smaller (Fig. 4(b)). In practice vaccines are not fully protective [23,24],
but this extreme assumption provides a useful upper bound on the size of the effect. Compared
Fig. 4. The effect of interventions to protect children. (a) Contours for R = 1 comparing interventions: above the curves
there is a chance that the disease takes off, while below, the outbreak is minor with certainty. Solid curve: ‘default AVs’
strategy; dashed curves: Antivirals distributed as prophylaxis to children. (b) The impact on R of strategies targeting
children. Solid curve: ‘default AVs’ strategy; dashed curve: antivirals distributed as prophylaxis to children; dotted
curve: children given vaccination. All illustrated strategies include the ‘default AVs’ case. Parameters as in Table 1 with
ð~ei;~esÞ ¼ ðei; esÞ for antiviral distribution (av) and (0,0) for the vaccine (v).
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with the ‘default AVs’ strategy, vaccinating children reduces R by approximately 20% when
a = 1.9, and approximately 35% when a = 5.4 (see Appendix A).

These results contrast with those of [4] who predict that the impact of vaccinating 80% of chil-
dren is comparable to vaccinating 80% of the general population. Longini et al. [4] use a more
elaborate model, but also calibrated their parameters against the relative attack rates in the
1957 and 1968/9 pandemics. The apparent discrepancy in these conclusions seems to be due to
the fact that their simulations are restricted to basic reproduction numbers less than 2, for which
each of these strategies drives R below unity (see Fig. 4(b)). Our conclusions are stated in terms of
reduction in R over a wider range of values. For values of R < 2 we get comparable eventual at-
tack rates.
6. Conclusions

Estimates of R0 for pandemic influenza strains, based on eventual attack rates [19] and growth
rates for the epidemic [7,4] in different locations, suggests a value of about 2. Our results indicate
that using antiviral drugs for targeted prophylaxis can contain an influenza strain with such a va-
lue of R0, when we assume that the effectiveness of antivirals for the emerged influenza strain is the
same as has been estimated for seasonal influenza. This relies on timely distribution of the antiv-
irals to identified contacts of diagnosed cases.

As might be expected, under the assumption that cases are cared for by influenza-dedicated
health care workers following diagnosis, our results suggest that health care workers contribute
disproportionately to the transmission of the infection when they are not protected against infec-
tion. Our calculations provide reassurance that protecting health workers by treating cases with
antiviral drugs, providing health workers with antivirals for pre-exposure prophylaxis and provid-
ing them with personal protective equipment greatly reduces the risk to health care workers. This
in turn protects health care workers’ families and is likely to enable the health care system to con-
tinue to function.

It is often proposed that control strategies that target children should be implemented. How-
ever, we found that the effectiveness of such strategies is only modest. This is explained by two
facts, namely that

1. for pandemic influenza all people tend to be susceptible [25], in contrast to endemic infec-
tions that are transmitted primarily by children because infection provides lasting immunity,
and

2. the observed attack rates in children, relative to adults, in past pandemics are not sufficiently
extreme to suggest that children are responsible for a much greater fraction of the transmis-
sion [19].

However, while control strategies that focus on the protection of children have only a modest
impact on the overall transmission, they clearly reduce the incidence among children. Therefore,
protecting children from infection becomes a good strategy if disease in children is more severe.

The consequences of our results on q, the probability that an imported infection is contained,
are limited. Firstly, if interventions are adequate for elimination, then this is indicated by R being
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below unity. Secondly, if R > 1 and importations of the infection occur every few days then it is
inevitable that one of them leads to a major local epidemic. The results on q therefore have prac-
tical consequences only for isolated importations, during the early stages of a pandemic. However,
our results do indicate that providing antiviral drugs in the early stages can decrease the proba-
bility of an outbreak considerably, particularly if antivirals are distributed to contacts pre-expo-
sure (Strategy A). Further, with importation, it is plausible that this strategy could delay an
outbreak.

It is of interest, as has been observed by [22], that the concern about super-spreaders per se is
misplaced in the sense that given an R0, q is generally larger the greater the heterogeneity among
infectives in their potential to transmit the infection.

We note that, in the results reported above, we have not specifically dealt with asymptomatic
cases. If they have limited infectivity then these results apply; however, if they are highly infectious
then our model would need some adjustment.

Our approach has been to assess interventions on the basis of R and q. One advantage of this
approach is that calculations for a range of parameter values become more feasible than for
microsimulation models.
Appendix A. Estimating the leading eigenvalue of M

For matrix (1), in the case protection is given to class G2 so that ~ei ¼ ei and ~es ¼ es, the leading
eigenvalue R is the maximum value of k that satisfies
0 ¼ k½k3 � k2ðTraceðMÞÞ þ kðf 2m2cð1� cÞða� 1Þ þ fm2eiesepð1� cÞð1� fÞð1� eiÞ
þ fm2ce2

i e2
s epð1� fÞða� 1Þ � pfmeið1� cÞÞ � f 2m3e2

i e2
s epcð1� cÞð1� fÞða� 1Þð1� eiÞ

þ pf 2m2e2
i esð1� cÞða� 1Þ � ð1� ð1� pÞeiÞfmceies�:
For parameter values as in Table 1, the coefficients of k2 and k are negligible (O(10�3)) when com-
pared with the coefficients of k4 and k3 (O(1)). We can thus estimate R with
R � TraceðMÞ;

whence R is approximately linear in m.

In the case no protection is provided to class G2 so that ~ei ¼ 1 ¼ ~es, or this class is vaccinated so
that ~ei ¼ 0 ¼ ~es, results follow similarly that R � Trace(M).
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