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Abstract
Influenza is a contagious infectious disease and every year approximately 5%-15% of the
world’s population is infected. An influenza pandemic occurs when approximately 20%40% of people are infected worldwide. In the last century, three major pandemics were
observed which killed millions of people. In 2009, a novel human to human transmissible
influenza H1N1 virus caused the first influenza pandemic of the century, killing thousands
of people worldwide. Since influenza viruses can reassort and mutate, there will always be
a chance of emergence and re-emergence of novel human to human transmissible viruses
that may cause future influenza pandemics resulting significant morbidity and mortality.
The adverse impact of future influenza pandemics may be minimized through suitable use
of intervention strategies. However, the effectiveness and cost-effectiveness of these
strategies cannot be evaluated through real-world experiments prior to an actual pandemic.
Modelling and simulation may partially overcome this problem.
An individual-based simulation model called the Albany Model is used in this thesis to
evaluate the effectiveness of intervention strategies that are applicable to reduce the
morbidity and mortality of a future influenza pandemic. An economic model is also used to
measure the associated cost and cost-effectiveness of intervention strategies.
The effectiveness of several non-pharmaceutical and pharmaceutical intervention strategies
are quantified in this thesis. This thesis suggests that school closure interventions which
were applied in different countries during the H1N1 2009 influenza pandemic had minimal
effect on reducing morbidity. However, it was found that antiviral drug strategies would
have been more effective if they had been coupled with school closure interventions. The
i

effectiveness of different types of school closure interventions during an influenza
pandemic was evaluated. The effects of activation timing, duration and types of school
closures were also quantified. Impacts of diagnosis delay and diagnosis coverage on the
effectiveness of antiviral drug strategies were discussed. This thesis also describes the costeffectiveness of interventions for mitigating a future influenza pandemic having similar
characteristics to the H1N1 2009 influenza pandemic. In addition, the roles of severity of
pandemics in determining the cost-effectiveness of intervention strategies were investigated
in detail.
As a whole, this thesis presents insightful findings and analysis of the effectiveness and
cost-effectiveness of different intervention strategies to mitigate a future influenza
pandemic. These outcomes may be useful to guide public health policies.
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Chapter 1

Introduction

Over the past 100 years modelling techniques have been used to understand the dynamics of
infectious diseases. Modelling can be used to investigate infection spread mechanisms, to
predict future possibilities of a disease outbreak, to quantify the effects of intervention strategies
in controlling infection spread and to investigate economic consequences of an outbreak.
Modelling outcomes have also been used to inform public health policy decisions.

Disease modelling techniques have ranged from differential equations and cellular automata
based models to individual based simulation models. Each modelling technique has its own
advantages and limitations. Differential equation based models are deterministic, well studied
and understood in infectious disease modelling. Cellular automata models are mostly applicable
to model fixed landscapes for animal and plant infectious diseases. Individual based models are
suitable for modelling human infectious diseases at the level of a small community. Recently,
due to an increase in computing power and accessibility of reliable data on infectious disease
incidence, human demography, mobility and mixing patterns, individual based simulation
models have gained popularity in public health policy research as a disease modelling tool.
These modelling tools are used to understand the dynamics of disease outbreaks and quantify
the effects of interventions employed to control the outbreaks.

The objective of this thesis is to extend an individual based simulation model to address the
challenges that arose during the influenza H1N1 2009 pandemic. This extended model is used to
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quantify the effectiveness of the intervention strategies. The outcomes of this model are used in
an economic model to determine intervention costs and their cost-effectiveness and to find costoptimal strategies to be applied during a future influenza pandemic.

1.1

Motivation

An infectious disease is the disease of an individual host in which the host has medical signs
and symptoms resulting from an infection caused by the presence and growth of pathogens [1].
These pathogens can be viral, bacterial, fungal or protozoan [1]. In general, infectious diseases
are transmitted between hosts through physical contact, contaminated objects, air, water, fluid,
or through disease vectors such as mosquitoes [1]. Infectious diseases are one of the major
causes of morbidity and mortality worldwide. Millions of people were killed by the 1918-19,
1958 and 1967 influenza pandemics [1] [2] [3] [4] [5] [6] [7]. Smallpox and measles killed
many in the early years of the last century [9] [10] [16]. SARS has also spread resulting in
significant morbidity and mortality [22] [23]. HIV/AIDS, tuberculosis and malaria are other
major infectious diseases which currently kill many people each year [1] [2] [3] [4] [5].
Influenza H5N1 is a threat which has the potential to cause a novel influenza pandemic in future
[3] [24] [25] with high morbidity and mortality.

Since many people are killed by infectious diseases, the most important challenge is to control
the disease spread in order to save human lives. Different intervention strategies including both
non-pharmaceutical and pharmaceutical strategies are proposed and applied to control the
spread of various infectious diseases [1] [3] [7] [8]. Quarantine of infected hosts is a common
intervention strategy used to control the infection spread in humans. Usage of facemasks is
promoted during influenza outbreaks as an additional means to prevent disease spread. Other
interventions such as school closures and reductions in community contacts are examples of
non-pharmaceutical intervention strategies that can slow down influenza outbreaks.
Antimicrobial drugs are used to reduce the adverse effects of an infectious disease agent; for
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example, during an influenza epidemic antiviral drugs are used to stop infected people from
becoming very sick or dying. Antiviral drugs also prevent further spread of a virus by reducing
infectiousness and by protecting exposed individuals from becoming infected.

Vaccination has been successfully used to prevent infectious disease spread. Smallpox has been
eradicated due to the use of mass childhood vaccinations around the world [1] [9] [16]. Measles
has been regionally eliminated in many countries through childhood vaccination [10] [16]. Polio
which was endemic in developing countries until recently, should soon be eradicated through
annual childhood vaccinations [21]. Each year seasonal influenza vaccination is conducted in
different developed countries to minimize influenza related morbidity and mortality [26] [27].
A future influenza pandemic might be contained by a vaccination program if the emerging strain
matched with available pre-pandemic vaccines [11].

Influenza is a contagious disease caused by influenza viruses. Each year, outbreaks of seasonal
influenza cause up to 15% morbidity in developed countries [8] [12] [13]. In the last century
there were three major influenza pandemics in 1918, 1957 and 1968. These pandemics were
estimated to cause 20%-40% of the world’s population to become symptomatically infected, in
addition to millions of deaths [1] [6] [8] [12] [13]. In 2009, the swine flu pandemic, the first
influenza pandemic of the 21st century, killed thousands of people worldwide [14]. Intervention
strategies such as quarantine, border control, reduction in mass public gatherings, school
closures and use of antivirals have been proposed to control influenza pandemics [3] [4] [5]
[14].

Institutions such as the World Health Organization (WHO) [3], the Centers for Disease Control
and Prevention (CDC) [4] and European Centre for Disease Prevention and Control (ECDC) [5]
are involved in the worldwide surveillance and prioritizing different intervention strategies to
control and prevent a future influenza pandemic. Public health authorities from different
countries have also proposed intervention strategies to control influenza outbreaks. Therefore, it
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is important to quantify the effectiveness of such intervention strategies prior to applying them
in real world, and also to measure the costs and cost-effectiveness of these strategies to ensure
the societal and economical costs are justified. Quantification of the effectiveness of
intervention strategies is difficult in the real-world since it is neither feasible nor ethical to do
experiments involving a real influenza outbreak in an actual community. For this reason, disease
modelling tools are helpful for evaluating interventions that may be used during future influenza
outbreaks. Such quantification requires researchers from various disciplines to work together to
develop a reliable, accurate and tractable disease spread model. This model can then be
validated against the best available data from past pandemics and used to quantify the
effectiveness and cost-effectiveness of proposed intervention strategies. These models may also
be used to guide public health policy.

The Albany Model is an individual-based simulation model that has been developed to simulate
influenza epidemics in the small community of Albany. Albany is a south-western city of
Western Australia with a population of ~30,000 [15]. The Albany Model was initially developed
by Milne and Kelso [15] to quantify the effectiveness of non-pharmaceutical interventions
during a novel H5N1 influenza pandemic. In this thesis the Albany Model is modified to reflect
the characteristics of the influenza H1N1 2009 pandemic. This modified model is then used to
quantify the effectiveness and cost-effectiveness of intervention strategies that were applied
during the 2009 pandemic.

1.2

Problem statement

The major problems in influenza pandemic control research are: how do we predict the
effectiveness of intervention strategies? What are the optimal strategies to control a potential
influenza outbreak? Can we quantify the effectiveness and cost-effectiveness of intervention
strategies prior to application in controlling an influenza outbreak? Modelling tools and
techniques can answer these questions by quantifying the behaviour and behavioural patterns of
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intervention strategies prior to application during an influenza outbreak. In this thesis, the
research problems arising during the influenza H1N1 2009 pandemic, related to quantification
of the effectiveness and cost-effectiveness of intervention strategies applied in 2009/2010 and/or
to be applied in case of a future pandemic, are addressed in detail using the Albany Model and
an associated health economic model.

1.3

Research contributions

The following is a summary of the research contribution of this thesis.


A detailed analysis of the effectiveness of intervention strategies used during the
influenza H1N1 2009 pandemic and which might be used in a future pandemic was
performed. It was found that a strategy such as 1 week of school closure which was
used in a number of countries during 2009 was likely to have had minimal effect on
reducing the illness attack rate (number of infected individuals). (Chapter 3)



Antiviral treatments of infected cases along with prophylaxis to their close contact
household members were found to be effective in reducing the attack rate (cumulative
number of infected cases) as well as in reducing the daily number of infected cases. The
amount of antiviral drugs required to control a local epidemic were estimated for
different antiviral drug based strategies. (Chapter 3)



A combined strategy such as school closure and antiviral based intervention was found
to further reduce illness attack rates during the pandemic. (Chapter 3)



A detailed analysis of the impact of operational issues (such as what type, how long and
when school closure intervention should be initiated) on the effectiveness of school
closure interventions was made. (Chapter 4)



An individual school closure (schools closing individually based on certain number of
school cases) strategy was found to be more effective when compared to a simultaneous
school closure (all schools closing at the same time based on certain number of
community cases) strategy for a low transmissible pandemic. (Chapter 4)
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The optimal timing for school closure strategies, if those were applied for a limited
duration, was found to be important. (Chapter 4)



A thorough analysis of the impact of diagnosis coverage and diagnosis delay for
antiviral treatment and its prophylactic usage was made. (Chapter 5)



The need for rapid diagnosis of symptomatic cases and diagnosis of a high proportion of
ill cases to improve the effectiveness of antiviral based strategies was examined and
quantified. (Chapter 5)



It was found that a high proportion of diagnosed cases might reduce the demand for
antivirals during a pandemic depending upon disease transmissibility. (Chapter 5)



A set of cost-effective strategies that might be useful to mitigate a future influenza
pandemic with characteristics similar to influenza H1N1 2009 was identified. (Chapter
6)



It was found that in case of a mild pandemic, (severity similar to influenza H1N1 2009),
health care and treatment costs were dominated by higher productivity losses arising
from workforce absenteeism due to illness and childcare at home following school
closure. (Chapter 6)



A thorough investigation was conducted as to how pandemic severity alters the costeffectiveness patterns of pandemic influenza mitigation strategies. (Chapter 7)

1.4

Brief organization and structure of this thesis

This thesis is organized as a series of four papers appeared in international peer-reviewed
journals and one submitted. Each paper answers an independent set of research problems related
to the quantification of the effectiveness (the first 3 papers) and cost-effectiveness (the 4th and
5th paper) of intervention strategies to control an influenza pandemic. To quantify the
effectiveness of interventions, the Albany Model has been used in each paper with an overlap in
methodology of each chapter. An economic model has also been developed in association with
the Albany Model to measure optimal cost-effective strategies. These papers together contribute
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to a complete and coherent theme for the effective and cost-effective measurements of
intervention strategies using the Albany Model. Chapter 3 to Chapter 7 correspond to the
publications [14] [17] [18] [19] and [20] respectively. In chapter 2 essential background and
preliminary concepts in infectious disease modelling are described with a review of influenza
pandemic models. Effectiveness of the interventions used during the influenza H1N1 2009
pandemic is analysed in chapter 3. A detailed analysis of school closure intervention strategies
with a policy recommendation for a future pandemic is presented in chapter 4. In chapter 5, the
impact of diagnosis delay and diagnosis coverage on the effectiveness of antiviral interventions
is discussed. The economic model used for finding the optimal cost-effective strategies is
described in chapter 6. In chapter 7, the role of pandemic severity on the cost-effectiveness of
interventions is also discussed in detail. A summary of conclusions and suggestions for future
research are presented in chapter 8. Figure 1.1 shows a synopsis of this thesis, and a more
detailed overview of chapter 2 to chapter 7 is given in following sub-sections.

Quantification of effectiveness and cost-effectiveness of pandemic
mitigation strategies using an individual-based simulation model

Introduction,
Motivation

Review of disease
modelling techniques

Effectiveness of
interventions

Cost-effectiveness of
interventions

Chapter 1

Chapter 2

Chapter 3

Chapter 6

Chapter 4

Chapter 7

Chapter 5

Figure 1.1 – Structure of the thesis.

Conclusion

Chapter 8
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1.4.1 Recent advances in modelling and simulation of influenza
pandemics (chapter 2)
In this chapter, a background to infectious disease epidemiology and preliminary concepts of
modelling infectious diseases is presented with a detailed review of different types of disease
modelling techniques. Each modelling technique is described with a set of examples from the
literature, and the advantages and limitations of each technique with respect to the research
questions addressed in this thesis is discussed. A discussion on modelling and simulation which
conducted in response to the influenza H1N1 2009 pandemic is described, followed by a
detailed description of the Albany Model. The importance of modelling and simulation in costeffectiveness estimations of intervention strategies is also discussed.

1.4.2 Analysis of the effectiveness of interventions used during the
2009 A/H1N1 influenza pandemic (chapter 3)
In this chapter, a detailed description of the Albany Model which reflects the biology and
transmission characteristics of the influenza H1N1 2009 pandemic is presented. The
intervention strategies used to control the pandemic in different countries are modelled in
addition to a range of school closure and antiviral strategies that may be used to mitigate a
future influenza pandemic. The simulation experiments suggest a better usage of intervention
strategies during the pandemic, and provide a general guideline on the stockpiling of antiviral
drugs along with the implementation of school closure strategies.

1.4.3 Developing guidelines for school closure interventions to be used
during a future influenza pandemic (chapter 4)
In this chapter, operational issues related to school closure (such as when and what type of
school closure should be initiated and how long schools should be closed) faced by public health
practitioners during the early phase of the influenza A/H1N1 2009 pandemic are modelled. The
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impact of those operational issues on the effectiveness of school closure strategies is
investigated. Using detailed simulation experiments, guidelines for optimal school closure
strategies that may be used to control a future influenza pandemic are proposed.

1.4.4 The impact of case diagnosis coverage and diagnosis delays on the
effectiveness of antiviral strategies in mitigating pandemic influenza
A/H1N1 2009 (chapter 5)
In this chapter, the issues related to the antiviral drug based intervention strategies that applied
during the 2009 pandemic are modelled, simulated, analysed and discussed. The impact of
diagnosis coverage and diagnosis delay on the effectiveness of antiviral treatment and
prophylaxis based strategies in mitigating a 2009 like influenza pandemic are investigated and
their impact on the required size of antiviral stockpiles is also presented in this chapter. A
detailed sensitivity analysis of diagnosis coverage and diagnosis delay is also presented.

1.4.5 Cost-effective strategies for mitigating a future influenza
pandemic with H1N1 2009 characteristics (chapter 6)
In this chapter, a detailed description of an economic model used to quantify the costeffectiveness of intervention strategies is presented. The economic model takes inputs from the
Albany disease simulator and translates those inputs into different types of costs, including heath
care costs, pharmaceutical costs, social distancing costs arising from the illness and the
interventions used, and future productivity losses due to deaths from influenza complications.
Using simulation experiments and costing analysis, a set of cost-optimal intervention strategies
is proposed to mitigate any future pandemic having characteristics similar to the 2009 influenza
pandemic.
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1.4.6 Influenza pandemic severity determines cost-effectiveness of
interventions: a modelling and economic analysis (chapter 7)
In this chapter, the impact of pandemic severity (pandemic severity categories are described in
[8]) on the effectiveness and cost-effectiveness of intervention strategies is modelled. The
results suggest that the most costly intervention strategies for lower pandemic severity
categories are the most cost-effective strategies for higher pandemic severity categories. A
detailed analysis on the cost-effectiveness of interventions including social distancing (such as
school closure, workforce attendance reduction, community contact reduction) and usage of
antiviral drugs for treatment and prophylaxis, singly and in combination, for different pandemic
severity categories is presented in this chapter.
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Chapter 2

A review of recent advances in modelling and
simulation of influenza pandemics

2.1

Introduction

Influenza is a contagious infectious disease and caused by a virus. There are many influenza
viruses naturally present in wild, and sometimes in domestic, bird population. These viral
reservoirs are generally thought to be the key source of novel influenza viruses. Viruses may be
transmitted either from birds to humans or from birds to intermediate animal hosts, and then to
the human population.

Influenza viruses cause annual seasonal influenza and occasional pandemics worldwide. There
are mainly three types of influenza viruses: influenza A, influenza B and influenza C. Influenza
A and influenza B are responsible for worldwide annual seasonal influenza [3]. Influenza C
viruses are known to infect pigs and human [3]. Influenza due to the C viruses is rare compared
to the A or B viruses [3]. However, previous influenza pandemics observed worldwide were
caused by novel Influenza A viruses [1] [2] [3] [4], which were thought to have resulted from reassortment of Influenza A viruses with other animal or bird influenza viruses.

Influenza A viruses are named on the basis of the two main surface glycol-proteins present on
the viral surface: haemagglutinin (HA) and neuraminidase (NA) [2] [4] [5]. The circulating
viruses in the human population are known as H1N1, H2N2, H3N2 and cause seasonal
influenza epidemics and occasional pandemics [3] [6] [7]. There are other influenza A viruses

14

such as H5N1, H7N7, H9N7; among which H5N1 in humans has been shown to be
symptomatically severe, and concern exists that it may cause a future pandemic [8] [9].

There were four major influenza pandemics observed worldwide between 1918 and 2009.
Among these pandemics the most severe one was observed in the years of 1918–1919. This
pandemic was caused by a novel influenza A H1N1 virus and killed an estimated 40 million
people worldwide [4] [6] [9] [10]. The case fatality rate (the percentage of infected people who
died) was estimated around 2.5% during the second wave of the pandemic in September 1918
[10] [11] in the United States. But the number of casualties from the pandemic was highly
variable from one geographical location to another geographical location [162]. A third wave
with a high case fatality rate swept around the world in 1919 [4] [10] [11].

A novel influenza A H2N2 virus caused the Asian influenza in 1957. It was first identified in
Southern China in February 1957 [11], this virus spread soon to Singapore (March 1957), Hong
Kong (April 1957), Japan (May 1957), the United States and the United Kingdom (October
1957). This influenza pandemic killed an estimated ~70,000 people in the United States and
two million people worldwide [10] [11] [3]. In 1968, influenza H2N2 was replaced by another
human/avian re-assortment that possessed a H3 HA gene of avian origin [11]. The virus was
first isolated in Hong Kong in July 1968 and caused a pandemic in the winters of 1968–1969
and 1969–1970. In the United States, an estimated ~33,800 people died from this Hong Kong
influenza [10] [11]. In 2009, a re-assorted influenza A H1N1 virus emerged leading to the next
influenza pandemic since 1968. The influenza H1N1 2009 virus was first recognised in Mexico
in April 2009 and killed thousands of people worldwide [3] [12]. The influenza virus appeared
to contain genes of human, avian and swine influenza origins [3] [8] [9].

The highly pathogenic influenza A H5N1 virus was first identified in Hong Kong in 1997 and
caused 18 human cases of which six cases were fatal. This virus was transmitted from avian
populations to humans [3] [11]. Rapid depopulation of domestic birds controlled the outbreak at
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that time [3] [11]. After a period of local and sporadic outbreaks, a new outbreak of H5N1
occurred in 2003. As of eighth February 2012, 584 human infections with H5N1 and 345 deaths
have been confirmed [3]. However, no human to human H5N1 transmission has been confirmed
yet [3] [6] [7].

2.1.1 Epidemiology and infectious disease modelling
Epidemiology is the methodological backbone for disease and health related research that
provides the basis for the study of the cause and control of infectious diseases [2]. Infectious
disease epidemiologists are those who are responsible for investigating the origin, cause,
transmission, surveillance and containment of diseases caused by infectious pathogens [2]. The
challenges, such as administrating disease containment strategies in an effective and costeffective way, are faced by the epidemiologists during an infectious disease outbreak. These
challenges were observed, for example, during the 2001 Foot and Mouth Disease (FMD; a
highly contagious virus affecting cattle, sheep and pigs) outbreak in the United Kingdom [13]
[14] [15], where authorities were hesitant to impose rigorous interventions such as extensive
culling of animals at the beginning of the outbreak [13] [15]. Hesitation in imposing
containment strategies was also observed during the SARS outbreak in South-East Asia in 2003
[119] [163] [164]. These challenges were also observed during the influenza H1N1 2009
pandemic [12] [16] [17]. When the H1N1 2009 influenza pandemic spread across the world,
hesitancy was observed in imposing interventions such as school closure and antiviral drug
strategies [12] [16] [17]. Since major ethical constraints make evaluation of such strategies in
the real world impossible, modelling and simulation can be used to quantify the effectiveness of
disease containment strategies. Using the modelling and simulation techniques, the costeffectiveness of such strategies can also be evaluated.

Modelling and simulation of the spread of infectious diseases such as influenza or SARS is a
multi-disciplinary exercise. It adopts techniques from mathematics, computer science and
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epidemiology. These techniques are used to construct epidemic models that may aid in
understanding the implicit features of epidemics from the explicit characteristics of infectious
pathogens, and virtual experiments performed using these models can be used to evaluate the
effectiveness of interventions. The role of people from different disciplines in modelling and
simulation of infectious diseases is shown in Figure 2.1.

Intervention
Decisions

Disease model

Epidemiologist
s

Health authorities

Population demography

Transmission mechanism
Disease modellers

Interventions
Simulations

Results

Figure 2.1 – Interdisciplinary approach for development of epidemic models.

Epidemic models are important for understanding disease dynamics in a population,
transmission characteristics of infectious pathogens and the potential impact of infectious
disease control programs. These models can be formalized as a set of rules reflecting epidemic
spread in a specified population using either mathematical equations or within a set of computer
programs. Simulating the model behaviour over a specific period of time can then be used to
build and test hypotheses, answer qualitative and quantitative questions and estimate key
parameters from disease related data. Models can be used to identify trends and suggest crucial
data that should be collected, make general forecasts, and estimate the uncertainty in these
forecasts. Epidemic models can further be used to understand the substantial economic impact
of infectious diseases. Epidemic models can thus help the policy decision by providing detailed,
quantitative analyses on the effectiveness and cost-effectiveness of intervention strategies to be
used to control infectious diseases. As a particular example, in order to control an outbreak of
the FMD of livestock in UK in 2001, extensive modelling work was carried out to inform the
policy decision [15] [18] [19] [20] [21] [35].
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This chapter will describe the concepts for modelling and simulation of infectious diseases and
provide a brief description of a typical influenza virus. Different techniques for infectious
disease modelling and their application to influenza spread will be then presented along with a
review of modelling and simulation of the influenza H1N1 2009 pandemic. A brief description
of the Albany Model will be presented then along with the role of epidemic models in economic
analyses of pandemics.

2.2

Preliminary concepts

2.2.1 Influenza virus
The influenza virus is comprised of two parts: the genetic material (eight RNA genes) and the
protective protein coat containing HA antigens and NA antigens (see Figure 2.2). The RNA
genes are HA, NA, NP, M, NS, PA, PB1 and PB2. The HA gene encodes hemagglutinin (H)
and the NA gene encodes neuraminidase (N). Influenza viruses are typically named by their H
and N genes such as H1N1, H2N2, H3N2, H5N1 and so on.

Antigens

Figure 2.2 – An influenza virus with eight genes, HA and NA antigens [151].

In case of influenza viruses, genetic reassortments and mutations cause antigenic changes that
are known as antigenic shift and antigenic drift respectively. Antigenic shift is the genetic
change that enables an influenza strain to transmit from one animal species to another, including
humans. This shift generates a new strain and the antigenic binding sites (Figure 2.2) are
different in different virus strains. Immunity against one strain may not protect against another
strain of a virus [22]. Genetic re-assortment or the mixing of genetic material between different
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strains often contributes to major antigenic shifts that cause new viruses associated with
pandemics [23] [24] [25]. For example, the influenza pandemics of 1957 (H2N2) and 1968
(H3N2) arose through re-assortment between human and avian viruses, while the Spanish flu of
1918 (H1N1) appears to be entirely derived from an avian source [26]. The pandemic flu of
2009 (H1N1) contains genes from diverse strains of influenza originating in humans, birds, and
pigs [9].

Antigenic shift of an influenza virus can take place in three ways [8] [9]. Firstly, a wild bird can
pass a bird strain of influenza to an intermediate host such as a chicken or a pig. A person can
also pass a human strain of influenza to the same chicken or pig. When the viruses infect the
same cell, the genes from the bird strain can mix with genes from the human strain to yield a
new strain (this genetic re-assortment can also occur in a human who is infected with two
influenza strains). The new strain may then spread from the intermediate host to human.
Secondly, without undergoing genetic changes, a bird strain of influenza can be transmitted
directly from wild birds to humans. Finally, without undergoing genetic changes, a bird strain of
influenza can be transmitted from wild birds to intermediate animal hosts and then to human.

Antigenic drift is the genetic change that enables the generation of a new subtype of an
influenza strain by gradually changing the composition of the antigenic sites [27]. This new
subtype of virus is normally responsible for the annual epidemics. After infection due to an
influenza virus (or annual seasonal vaccination), the human body produces antibodies that can
prevent infection from that influenza virus [27]. If someone is exposed to the virus, the
antibodies will latch to the virus HA antigens, preventing the virus from attaching to healthy
cells and infecting them. If the HA gene changes, the antigen that it encodes may change
conformation. If the HA antigen changes conformation, antibodies that normally would bind no
longer recognise the antigen, allowing the newly mutated virus to infect the healthy cells. This
type of genetic mutation is known as antigenic drift [27].
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2.2.2 Terminology used in infectious disease modelling
A disease outbreak occurs when the number of cases is higher than the normally expected or
endemic level of infection. Different diseases in different regions of the world have different
threshold values for what is classified as an outbreak. For example, influenza, with thousands of
cases in the United States every year, is considered endemic in many parts of the world [6].
However, just one case of smallpox in any country is considered an outbreak [3] [6]. An
outbreak is upgraded into an epidemic when it becomes prolonged and spreads to neighbouring
areas [2]. An epidemic which spreads to cover continents is called a pandemic [2]. The
terminologies used in modelling and simulation of infectious diseases are described as follows:
Susceptible – A host is said to be susceptible to infection if no pathogen is present within the
host, and the host is not immune to infection [167].
Exposed – A susceptible host encounters an infectious individual and becomes infected with a
pathogen; the abundance of the pathogen grows over time. During the early phase, the
individual may exhibit no obvious signs of infection and the abundance of pathogen may be too
low to allow further transmission – individuals in this phase are said to be exposed or in the
exposed class [167].
Infectious – Once the level of pathogen is sufficiently large within the host, the potential exists
to transmit the infection to other susceptible individuals; in this situation the host is said to be
infectious [167].
Recovered – Once the individual’s immune system has cleared the pathogen and the host is
therefore no longer infectious, they are referred to as recovered [167].
Immunity – The natural defense mechanism of a host to avoid infection [167].
Incidence – In epidemiology, incidence is defined as the rate of appearance of new cases of
infection per unit of time [4].
Prevalence – In epidemiology, it is a statistic not a rate. It records the proportion of people
infected at one point of time, or over a short sampling interval [4].
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Basic reproduction number, R0 – The average number of successful infection caused by a
typical infectious host in a totally susceptible population with no pre-existing immunity to the
disease, in the absence of interventions to control the infection [2] [4]. If R 0 > 1, an epidemic
may occur. If R0 < 1, there may be no epidemic. However, in reality it is difficult to calculate
the basic reproduction number since individuals change their behaviors due to the fear of an
outbreak; and for a particular disease, pre-existing immunity can be observed in the host
population. Therefore, the effective reproduction number is calculated during an outbreak of a
disease. The Effective reproduction number is denoted by R and its value is generally smaller
than that of R0.
Transmission probability – The chance of successful transfer of a disease pathogen from an
infectious host to a susceptible host. The transmission probability heavily depends on the
mixing behaviours (duration and proximity of contacts) of hosts, infection status of the infected
host and immunity of the susceptible host [168].

2.2.3 Infection life-cycle
The aim of a virus entering a living cell is to replicate itself. However as the host acquires
antibodies to fight the infection, the virus will need to find another host. As a result, after being
infected, an individual usually becomes infectious and can be either asymptomatic or
symptomatic. A symptomatic infectious host shows symptoms and these symptoms usually aid
the transmission of the virus to a new host. For example, coughing and sneezing. An
asymptomatic infectious host does not show symptoms but can still transmit virus to a new host.
The relationship between each phase of an infection is shown in Figure 2.3.
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Figure 2.3 – The relation between different phases of an infection.

Latent period – during which the host is infected but non-infectious, corresponds to the period
when viral abundance is low following initial infection [4].
Infectious period – during which viral abundance is high and virus is either being excreted or is
present in damaged cells such that transmission can occur via physical contacts between
individuals [4].
Incubation period – The period early in infection when there are no signs of infection. The
intersection of this period with the infectious period is where viruses spread the most [5]. This is
because hosts are unaware of their ‘carrier’ status and continue normal contact with other
healthy hosts. This ‘asymptomatic and infectious’ period occurs for influenza because the latent
period is shorter than the incubation period, but in other diseases symptoms appear before or at
the same time as the onset of infectiousness [4].
Symptomatic period – The period when there are visible signs of infection [4]. For example, an
infected human might go and see a doctor during this period. For viral infections, treatment
usually only comprises relieving symptoms and isolation from healthy individuals. Only a few
viral diseases have antiviral treatments that can partially cure or slow infection, for example,
antiviral treatments are available for influenza and HIV infection.
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2.2.4 Infectious disease models
A model is a simplified representation of a complex phenomenon of the physical world.
Generally, infectious disease models are used to examine and/or determine the basic
reproduction number of an infectious disease, the stochastic nature of individuals’ mixing
behaviour, the spatial variability of infectious diseases, which contribute to the dynamics of the
real world spread of the infectious diseases. Over the past 100 years, models have gone from
fairly simple (an abstract model) to increasingly more complex (a less abstract model) as we try
to better capture the underlying, often complex, dynamics of the world. Models of infectious
diseases can generally be categorised into three different types. These are, i) differential
equation based models, ii) network models and iii) simulation models. From a classification
perspective, there are other attributes such as stochasticity and contact network structures that
can be applied across the disease modelling categories.

In the following sections, different disease modelling techniques will be presented briefly. In
section 2.3, differential equations and network based models are presented, and then in section
2.4, simulation models are presented.

2.3

Differential equation and network based models

2.3.1 Differential equation based models
The concept of homogeneous mixing between individuals (i.e. any individual can make contact
with anyone else) is utilised in differential equations based models. These models are generally
used to capture the average number of susceptible, infected and recovered individuals in a large
population at a given period of time during an outbreak of an infectious disease [4]; these
models are, therefore, more abstract. In these models, the population is divided into different
groups, such as susceptible, infected and recovered groups, defined according to their disease
status. The population variables and parameters of the models are described by symbols and
linked by algebraic formulae (these algebraic formulae will be introduced in the subsequent
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sections). These models are the most abstract models, but they allow analysis and logical proofs
[168]. Differential equation based models are also known as mathematical models, and
sometimes also called compartmental models. The term ‘compartmental’ comes from the fact
that the model population is divided into broad subgroups (i.e. the compartments) such as those
who are susceptible, infected and recovered; with which to capture infection spread dynamics
within a population.

There is a long tradition of using mathematical models in infectious disease modelling literature.
Application of these models have progressed significantly, since models were first introduced to
infectious diseases by Bernoulli [4] in 1766, which was then extended by Farr et al. [28]. Early
in the 20th century, Hamer et al. [29] introduced the concept of homogeneous host mixing
pattern in infectious disease modelling. Later, in 1916, Ross et al. [30] introduced a set of
continuous time equations (i.e. differential equations) for infectious disease modelling. Kermack
and McKendrick introduced the concept of approximating discrete numbers of people in each
compartment by continuous real numbers [31] [32] [33]. These concepts in differential
equations are still used for approximating the dynamics of infectious diseases observed in real
world epidemics [167] [168].

Differential equation based models can be further divided into,
a) Deterministic models
b) Models with stochasticity
c) Metapopulation models
d) Continuous-space continuous-population models.
With the increase in computational power and sophisticated software (e.g. MATLAB [169],
Mathematica [170]), mathematical models of infectious diseases can be analysed through
numerical solutions (numerical solutions are the computational way of solving differential
equations or differential equation based dynamic systems).
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a) Deterministic models
In the deterministic modelling approach, a population is often considered as “closed” and the
concept of homogeneous mixing is explicitly assumed. Ordinary differential equations (ODEs)
are used in deterministic models to capture the infection spread dynamics in the population. A
simple example of the governing equations of a deterministic model can be presented in Figure
2.4.

Susceptible (S)
dS/dt = -βSI,

β

Infected (I)
dI/dt = βSI – γR,

γ

Recovered (R)
dR/dt = γR

where β is infectious disease transmission co-efficient and γ is recovery rate

Figure 2.4 – A deterministic model of an epidemic with its governing differential equations

Deterministic models are used to describe what is likely to happen on average in a population.
But these models do not consider the probabilistic features that are often common in real world
disease outbreaks; such as unpredictable variability in population demography (age, sex, groups
etc. observed in the real world population), variability in disease transmission and variability in
the infectious period. Although probabilistic features are absent in deterministic models, these
models have proved invaluable for describing the time-varying change of a population from the
susceptible to the infected and the infected to the recovered, and for formalising the concepts
such as basic reproduction number [4].

b) Models with stochasticity
Stochasticity is a feature that can be incorporated into a disease model to capture the
unpredictable variability observed in the real physical world. In a real world disease outbreak, it
is unknown who is going to make a contact with whom; what will be the probable infectious
period; when and how disease transmission between individuals will occur, or where the
transmission is going to occur. Such probabilistic features (or the real world variability) of an
epidemic or a disease outbreak may not be readily represented (or capable of representation) by
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the deterministic models. For this reason, stochasticity can be incorporated into differential
equation based models.

Stochastic differential equation based models can capture variability in disease transmission by
introducing stochastic features directly into the population variables, and by explicitly
modelling random events, such as the probabilistic nature of an individual’s transition from
either the susceptible to the infected class or the time it takes to move from the infected to the
recovered class. There are a few key features that distinguish such stochastic models from their
deterministic counterparts [4] [167]. These features are,
o

The most obvious element of any stochastic model is that different numerical
solutions give rise to different outcomes whereas a particular outcome for a fixed
parameter setting is observed through deterministic models.

o

The continual perturbations caused by the random nature of stochastic differential
equations leads to variation in the prevalence and the incidence of disease, the
number of the susceptible and the infected individuals.

o

Probabilistic models that are integer-valued may realistically suffer from
stochastically driven die-out. In closed populations, the chance fluctuations may
result in the eventual epidemic die-out (i.e. the epidemic may not spread further into
the overall population), irrespective of population size. Long-term persistence
requires the import of infections from an external source [167].

Stochastic equation based models that introduce stochastic features directly into the continuous
population variables suffer from one major drawback: these models do not incorporate the
discrete, individual nature of populations and are therefore not a suitable model when
population groups (e.g. the number of infectious individuals) are small [167] [168]. For this
reason the individual-based nature of “demographic stochasticity” is the predominant method of
capturing stochasticity. In the models with stochastic dynamics, the term “demographic
stochasticity” is often defined as fluctuations in the numbers of different population groups that
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arise from the random nature of events (i.e. individual’s transition either from the susceptible to
the infected group or from the infected to the recovered group) at the level of the population [4]
[167] [168]. The concept of “demographic stochasticity” can incorporate the discrete, individual
nature of populations into the model, and can capture stochasticity. Therefore, even though the
baseline probability associated with each event is fixed, individuals at different population
groups experience differing outcomes due to chance [167] [168]. The basic methodology of
such kind of models is presented in [167] [168] (i.e. events, parameters and probabilities
associated with the models) and also given below in Figure 2.5,
Susceptible
dS/dt = -βSI

Infectious
dI/dt = βSI - rI

Immune
dR/dt = rI

where β is disease transmission co-efficient and r is the recovery rate
Total rate of these equations is (βSI + rI). Infection rate is βSI and rate of
recovery following an infection is rI.

Starting from initial conditions such as S(0), I(0) and R(0), the following
steps should be iterated over time to predict infectious disease dynamics.
a)

Calculate total event rate, M = βSI + rI

b) Draw a random number from the unit interval, y ~ U (0, 1)
c)

Determine the time T at which the next event occurs, T = -ln(y)/M

d) The next event is chosen as follows,
Infection event (S  S – 1, E  E + 1)

If

y <= βSI

Recovery event (E  E – 1, R  R + 1)

If

y <= βSI + rI

Otherwise, Do-nothing.
e)

Update state-space S(t), I(t) and R(t) and increment time.

Figure 2.5 – A basic representation of a SIR stochastic model including their governing rate variables

Although stochastic models are concerned with replicating the probabilistic elements of
physical world epidemics such as demographic stochasticity, variability in disease transmission,
variability in infectious period, for example, these models do not capture human mobility
between locations and their stochastic contact behaviours within a location.

So far neither deterministic nor stochastic models as described above can capture the
geographical spread of disease that is observed in the real physical world. It is intuitive that the
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transmission of a disease is predominantly a localised process [167]. For directly transmitted
diseases, for example, transmission mostly occurs between individuals who share the same
location at the same time. Additionally, the movement of individuals between locations
facilitates the geographical spread of diseases. Differential equations can also be used for
replicating such geographical spread of diseases. In the following sections differential equation
based metapopulation models and continuous-space continuous-population models which
incorporate the geographical spread of diseases are briefly presented.

c) Metapopulation models
The concept of metapopulation is to subdivide the entire population in a geographical location
into distinct “subpopulations” at different, smaller locations, each of which has mostly
independent dynamics, with limited interaction between the subpopulations [167]. The concept
of metapopulation, for example, may be applicable for a scenario where the world population
can be subdivided into different subpopulations, located in different countries, assuming each
population of a country has its independent social characteristics, and individuals in separate
countries can only be connected through air travel. Therefore, a set of differential equations (as
described in Figure 2.4) is used to capture the dynamics of each subpopulation. Explicit model
parameters are then used to capture the interactions between subpopulations. These differential
equations cannot be analysed mathematically due to their complex nature; thus numerical
solutions are necessary to analyse the model behaviour. Stochasticity can frequently be
incorporated into the interaction parameters between subpopulations.

d) Continuous-space continuous-population models
To incorporate spatial feature such as geographical location-based demographic characteristics
into a disease model, a special type of differential equations based model called continuousspace continuous-population model has been developed. The natural way to describe the
dynamics of continuous population in continuous space is using partial differential equations
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(PDE) [167]. The mathematics behind these formalisms is complex and often highly technical
[171].

Differential equation based models, so far described, have the feature such as homogeneous
contacts between individuals. In the following section, network-based disease models will be
introduced, which consider heterogeneous contacts between individuals.

2.3.2 Network based models
In the real physical world, the contact patterns among individuals are heterogeneous. In directly
transmitted diseases, the transmission of an infection occurs in a human population due to either
social or sexual contacts. Those heterogeneous contacts form a closed network among the
individuals. Network approaches to disease models are used to capture such heterogeneity in
human contacts. The explicit connectivity of individuals, i.e. who is in contact with whom, may
be precisely depicted in network models when each individual is in direct contact with only a
small proportion of the population [174] [175] [176]. No model described above so far can
capture such individual-to-individual contacts.

Network models provide a natural way of describing a population and its internal interactions.
They are also known as graph models. Nodes (vertices) of a graph represent individuals and
links (edges) depict interactions between individuals that may potentially lead to the
transmission of an infection. Network models are used to investigate the impact of contact
structure and change in contact patterns on the transmission of infection. This is in contrast to
the homogeneous interaction concepts of individuals that have been used into the differential
equations based models.

The studies on the network models of infectious diseases are mainly focused on the theoretical
basis of both epidemiology and network theory that may deliver an improved understanding of
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the infection disease transmission dynamics and evaluation of disease containment strategies
over individuals’ contact networks [81] [82]. Conceptualized differences between
compartmental deterministic models and network models are shown in Figure 2.6.

Figure 2.6 – Conceptualized difference between compartmental deterministic and network models.
Deterministic models assume that all individuals in a group are equally likely to become infected, while
contact network epidemiology considers diverse contact patterns that underlie disease transmission [153].

Geographical variability such as human mobility between locations and stochastic contact
behaviour of human population within different locations (for example, contact patterns at
home, at schools, at workplaces etc.) cannot be well depicted through the network models
because network models are static which means contact patterns may not change overtime. That
is why more sophisticated individual-based simulation models in which individual’s contact
patterns may change overtime (these types of models will be described in the subsequent
sections) have been developed.
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2.4

Simulation models

Simulation is the representation of the operation of a real-world process or system over time via
the occurrence of events changing the states of the system. These real-world systems are
abstracted as models in the form of logical relationships between modelled objects [172]. In
simulation, computers are used to evaluate the models numerically where data are synthetically
generated and used to examine the behaviour of the systems [173]. Simulation is particularly
vital for studying the behaviour of large-scale and complex systems, which can be otherwise
intractable to closed-form mathematical or analytical solutions. Therefore, simulation models
(especially, individual-based simulation models) are explicitly used in infectious disease
modelling to capture the dynamics of epidemics over time and to evaluate the effectiveness of
disease mitigation strategies. These models can also capture the real world stochasticity and
unpredictable variability in the spatial spread of a disease, contact heterogeneity and host
mobility.

A simulation model specifies the state evolution over time. States, in a simulation model,
represent the physical processes that are involved in a real world system [173]. In simulation,
time advances through distinct points in time which are called as events [173]. States of a
physical system, therefore, can be changed through a series of events.

Those concepts of “states” and “events” are used by cellular automata models and individualbased simulation models for modelling the geographical spread of infectious diseases. In the
following subsections, brief descriptions of these models are presented.

2.4.1 Cellular automata models
Cellular automata have been used to model the geographical spread of infectious diseases. In
real world epidemics, diseases spread over from one geographical location to another. A given
location is shared by the individuals at the time of the infection transmission, and diseases such
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as animal and plant diseases spread to the neighbourhood locations first. For example, Fu and
Milne have investigated the spread of the foot and mouth disease (FMD) using cellular automata
[116].

A cellular automaton (CA) is a dynamical system in which space and time is discrete [75]. In
general a CA is specified by a regular discrete lattice of cells and boundary conditions, a finite
set of states, a finite set of cells that defines the interaction among the neighbourhoods and a
state transition rule that determines the dynamics of the states of the cells [75]. In infectious
disease modelling, generally each cell represents a single host occupied by a susceptible,
infectious, or recovered individual [167] and state transition rules (i.e. rules of automata theory
[108]) are applied to the cells to capture the particular dynamics of diseases. Cellular automata
models can be either deterministic or stochastic. In deterministic cellular automata models,
disease spreads to the neighbourhood cells according to the rules that are defined in the model.
There is no stochastic variation in choosing neibourhood cells. In stochastic cellular automata
models, although rules are defined in the models, the disease spreads to the neighbourhood
through chances.

Cellular automata have been used to explore the dynamics of infectious diseases in animal,
plants and humans. A range of studies [69 - 75] [115 - 118] [119] has investigated the spread of
animal disease dynamics, such as foot and mouth disease (FMD) and classical swine fever, and
human disease dynamics, such as SARS and pandemic influenza, using cellular automata. Due
to their ability to provide intuitive network models, cellular automata models are used to
identify the local clustering and social characteristics (e.g. spatiality, heterogeneity and
interactivity) considered essential for studying disease transmission dynamics [119]. An
abstraction of a cellular automata model is presented in Figure 2.7.
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Figure 2.7 – Cellular Automata, state transition function and Moore neighborhood concept in modelling
of infectious disease epidemics [119]

2.4.2 Individual-based simulation models
Individual-based simulation models, sometimes known as agent-based models, give a
representation of the real physical world. These models are more detailed and less abstract
compared to differential equation based models, and create a “virtual world” that aims to
replicate spatial and stochastic variability found in the real physical world, and the detailed
demographics and explicit heterogeneous contact patterns occurring among individuals. The
human contact networks and the stochastic variability described in the other types of models are
implicit features of individual-based models. Moreover, human mobility between locations (e.g.
home to schools, home to workplaces, home to home, home to other hubs) and their stochastic
heterogeneous contact behaviour within these locations (home, school, workplace) can be
explicitly modelled in individual-based simulation models.

Constructing simulation models involves a bottom up modelling technique, where at the
individual level rules are defined and individuals are allowed to make contacts over a period of
time, after which a specific outcome, such as the number of infected individuals, finally
emerges. Conceptually, in this modelling methodology each individual is represented as an
independent entity which comes into contact with other individuals in different geographically
distributed spatial hubs, such as homes, schools, offices and shopping centres. As a result, these
models can represent virtual communities that mimic those found in the real world. These
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models are appropriate when the input data are focused on individuals rather than a group, or
when a small change in the behavior of individuals could have a large impact on the system. For
example, during an influenza epidemic, each individual has a chance of catching or spreading an
infection through contacts with others at home, work, school, and elsewhere. But how the
disease spreads through the population depends on if and when particular individuals contact
each other, as well as what their particular infectiousness and/or susceptibility characteristics are
at the time of the contact. An abstraction of an individual-based simulation model is shown in
Figure 2.8.

Figure 2.8 – A conceptualized abstraction of different hubs and their corresponding
mixing groups in a simulation model [103].

In the following subsections, I will briefly present the applicability of different modelling
techniques described above to the modelling of influenza epidemics and/or pandemics.

2.5

Application of differential equation and network based

models
2.5.1 Application of differential equation based models
Differential equation based models (also known as mathematical models) play an important role
in modelling influenza epidemics and/or pandemics and in evaluating disease mitigation
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strategies. These models [36-58] [60] [154-156] have been constructed to capture the dynamics
of influenza spread and to quantify intervention measures. In these models, the population is
thought to be well mixed and homogeneous in a specific geographical region, following the
theory of mass action [34]. As these models have generally been constructed to achieve specific
and often different goals, they are sometimes very different from each other [59]. Some key
models of influenza pandemics are listed in Table 2.1.
Table 2.1 – Differential equation based models of influenza pandemics.
Study (publication year)

Themes discussed in the studies

Rvachev, LA (1968) [36]

Spatial-temporal model of influenza

Baroyan, OV et al. (1971) [37]

Effect of air travel on influenza pandemic

and Rvachev et al. (1985) [38]
Flahault et al. (1994) [39]

Spread of influenza among the European cities through air travel

Scherer et al. (2002) [40]

Mathematical models of vaccination

Sattenspiel et al. (2003) [41]

Effect of quarantine as an intervention strategy during 1918 pandemic in central Canada

Ferguson et al. (2003) [42]

Evaluation of models for the potential spread of drug-resistance influenza virus infections

Bootsma et al. (2007) [46]

Measuring the effect of public health strategies during 1918 pandemic in US cities

Handel et al. (2007) [47]

Pandemic influenza and mitigation strategies

Riley et al. (2007) [50]

Optimizing pre-pandemic vaccine to reduce clinical attack rate

Roberts et al. (2007) [51]

Spread of pandemic influenza in an isolated geographical region

Vynnycky et al. (2008) [53]

Analyzing transmission of 1957 pandemic in UK and effectiveness of school closure

Arino et al. (2008) [54]

Measuring effectiveness of vaccination and antiviral treatment during a pandemic influenza

a) Deterministic differential equation models
A deterministic spatio-temporal model of influenza was developed by Rvachev in [36]. This
model linked a series of deterministic models and was used to determine the geographic spread
of influenza epidemics in the former USSR using travel data between major cities. An extension
of this model was later developed to evaluate the effect of air travel on influenza pandemics [37]
[38]. The travel data between the cities and annual influenza epidemics were used in these
models to predict the impact. In study [39], the authors investigated the impact of increased air
travel on the spread of an influenza pandemic in eight European cities. They found it would take
less than a month for the disease to spread from any city to the other cities. However, these
studies did not attempt to investigate community based intervention strategies.
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Quarantine is often proposed, and is sometimes used, as a control measure for the spread of
infectious disease in a human population. The effect of quarantine on the spread of the 19181919 influenza pandemic among isolated fur trading communities in central Canada was studied
using a deterministic model [41]. This study pointed out some of the operational issues (when to
introduce, how long to continue) that related to the timing of social distancing interventions.
The study suggested that when mobility rates were very low, quarantine practices would be
highly effective. The study also suggested that the effectiveness of the intervention varied
depending on when (after the appearance of the disease) travel would be restricted between
communities and how long it would last. Overall, the study concluded that a policy of
introducing quarantine at the earliest possible time might not always lead to the greatest
reduction in cases of a disease because the effectiveness of intervention varied depending on
when the limitation on travel between communities would be implemented and how long it
would last [41].

Social distancing strategies have been imposed during the early spread of an influenza
pandemic. The effectiveness of social distancing strategies such as closure of schools and
churches, banning of mass gatherings, mask wearing and case isolation that were imposed to
reduce mortality during the 1918-1919 pandemic in the United States has been analysed in [46].
The authors used excess mortality rates to evaluate the impact of intervention and found that the
timing of interventions could limit their effectiveness. The effectiveness of social distancing
strategies has also been evaluated in [47] [52] [58]. None of these studies presented detailed
analyses on school closure operational issues (such as duration, timing and type of closure), that
were faced by health authorities during the implementation of school closure strategies in
different countries in the early stage of the H1N1 2009 influenza pandemic [17].

The usage of antivirals is a practical pharmaceutical intervention strategy which may be applied
during an influenza pandemic. The potential impact of antiviral drugs as a pandemic mitigation
strategy has been studied in [42] [49] [54] using mathematical models, to be used when there is
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no matched pandemic vaccine available with which people would be immunised. A contact
tracing approach (a proportion of susceptible population who might not be infected was
assumed to be given antiviral as prophylaxis) has been introduced in [49] using a differential
equation based model. The usefulness of antiviral drugs during an influenza pandemic has been
shown in [49]. The effectiveness of antiviral treatment therapy has also been evaluated in [42].
This study has showed that early treatment of symptomatic cases would be more efficient at
preventing infections than prophylactic therapy [42] using a differential equation based model.
A mathematical model has been developed in [54] to evaluate the effectiveness of antivirals.
This model suggested that a pre-pandemic antiviral treatment strategy involving prophylactic
usage of antivirals before the pandemic hit in a community might be effective if there was an
adequate supply of antiviral drugs during an influenza pandemic. No estimation of the scale of a
required antiviral stockpile, which might be helpful for policy decision making was presented in
these studies [42] [49] [54]. Furthermore, antiviral drug strategies, which would be more
effective in containing an influenza pandemic if applied together with school closures, were not
presented in these studies [42] [49] [54].

An effective vaccine can immunise a person against influenza, and suitable administration of
vaccination strategies have been shown to significantly lessen disease spread, in the following
studies [40] [50] [54] [56] using mathematical models.

b) Stochastic models
Differential equation based models with stochasticity (stochastic models) have been developed
for the study of influenza epidemics and/or pandemics, as in [61] [66] [67] [68]. Some such
models are presented in Tables 2.2.
Table 2.2 – Stochastic models of influenza pandemics.
Study (publication year)

Themes discussed in the studies

Hufnagel et al. (2004) [61]

Forecasting and control of a global epidemics

Cauchemez et al. (2008) [66]

Estimation of the effectiveness of school closure as an intervention strategy

Fraser et al. (2009) [67]

Early estimation of 2009 H1N1 influenza pandemic

Yang et al. (2009) [68]

Transmissibility and control of 2009 H1N1 pandemic influenza
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Stochastic models have been used to describe the rapid worldwide spread of epidemics in a
closely interconnected and interdependent world using air travel data in [61]. The effect of air
travel during a pandemic has been investigated in [61], and therefore, the community based
mitigation strategies which would mitigate a pandemic at a local level have not been discussed
by the authors of [61].

The effectiveness of school closure as a pandemic mitigation strategy has been evaluated by
Cauchemez et al. using a stochastic model in [66]. The authors found that school closure was an
effective measure that might reduce the potential impact of a pandemic. They used surveillance
data and school holiday timing of France to quantify the effectiveness. In the study, they also
found prolonged school closure could reduce both the cumulative attack rate and daily incidence
rate. The authors warned that the impact of this closure would be reduced if low contact rates
among the children could not be maintained. Besides this extensive study on school closure,
Cauchemez et al. [17] have mentioned the importance of investigating school closure
operational issues which were faced in implementing strategies during the H1N1 2009 influenza
pandemic.

In addition to quantifying the effectiveness of different intervention strategies, Fraser and his
colleagues [67] and Yang and his colleagues [68] used stochastic modelling techniques in order
to estimate the transmissibility characteristics of the H1N1 2009 influenza pandemic. They
estimated the effective reproduction number, R was between 1.4 and 1.6 during the early spread
of the H1N1 2009 pandemic [67] [68].

c) Metapopulation models
The global scale spread of pandemics has been studied using metapopulation stochastic models
[64] [65]. The authors investigated several containment strategies in combination to mitigate
influenza spread. The role of the airline transportation network in determining the global
propagation pattern of influenza pandemics has been investigated by the authors of [64]. Colizza
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and her colleagues discussed how a future influenza pandemic might be caused by a highly
pathogenic influenza H5N1 virus and compared the possible unmitigated baseline cases with
different containment strategies, including travel restrictions and the therapeutic use of antivirals
[65].

2.5.2 Application of network based models
Network models have been used to investigate the dynamics of influenza epidemics in [76] [77]
[78] [79] [80]. Few key network-based models for influenza epidemics are presented in Table
2.3.
Table 2.3 – Network based models of influenza epidemics.
Study (publication year)

Themes discussed in the studies

Ochab et al. (2010) [76]

Analytical description of a dynamic small-world networks for influenza epidemic

Kitsak et al. (2011) [79]

Identification of influential spreaders in complex networks

Fu et al. (2011) [78]

Investigating dynamics of vaccination behavior on social networks

Cornforth et al. (2011) [80]

Measuring the effectiveness of vaccination incorporating game theory into network models

Meyers LA (2007) [153]

Applicability of network models to influenza pandemics and evaluation of optimal
distribution of influenza vaccines

A network based on a 2-dimentional square lattice was developed to investigate the dynamics of
an influenza epidemic [76]. The authors of the study found that the average epidemic size
(measured by the attack rate) depended on the network size (number of interactions/links) of the
modelled world (nodes/individuals), and described necessary qualitative and quantitative
approximations to support the hypotheses. A complex network has been presented to describe a
multitude of interactions in [79] through which individuals interact, and infectious diseases
propagate, within a community. A detailed analysis has been presented in [79] to identify the
influential group of individuals that could lead to an epidemic.

Network-based influenza epidemic models have been developed to investigate the effectiveness
of vaccination strategies [78] [80]. An evolutionary game theoretic approach has been presented
by the authors of [78] to quantify the herd immunity of voluntary vaccination, exploring the role
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of individuals’ behavior and population structure in vaccination. The effectiveness of seasonal
influenza vaccination programs has been investigated using a network model in [80].

2.6

Application of simulation models

2.6.1 Application of cellular automata models
Cellular automata have been used to capture the dynamics of influenza epidemic and/or
pandemics in [69-75]. Key cellular automata models are given in Table 2.4.
Table 2.4 – Cellular automata models of influenza epidemics.
Study (publication year)

Themes discussed in the studies

Mikler et al. (2005) [69]

A proposed cellular automata based model for influenza that would overcome some
limitations of a deterministic model

Situngkir et al. (2004) [70]

Discussed the elementary aspects of cellular automata on the context of Avian influenza

Venkatachalam et al. (2006)

Describe and simulate an influenza outbreak using cellular automata and the effects of

[71]

different vaccination strategies

Rey et al. (2006) [72]

A simple CA based model to capture the spread dynamics of influenza in a population

White et al. (2007) [73]

Theoretical formulation of epidemic using cellular automata theory

Pop et al. (2008) [74]

Propose a CA based model to capture the spread dynamics of influenza in a population

Pfeifer et al. (2008) [75]

Evaluation of different intervention strategies

A global stochastic cellular automata based model has been proposed in [69]. The model
incorporated geographic and demographic based interactions via cellular automata. The
interactions between the cells were defined as a function of population density and Euclidean
distance, and were extended to include geographic, demographic and migratory constraints [69].
Some elementary aspects of cellular automata in the context of avian influenza (H5N1) in
Indonesia have been discussed in [70]. Using a cellular automata approach, the effects of
different vaccination strategies in reducing numbers of infected people have been investigated in
[71], and how the disease spread mechanisms worked and how to protect the population from
contracting the disease have been investigated in [75]. Strategies for optimising of medical
treatment and vaccination regimens have also been investigated using the cellular automaton
framework in [75].
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2.6.2 Application of individual-based simulation models
Individual-based simulation models [83-102] [113] have been developed for capturing the
dynamics of populations and the dynamics of influenza spread with in these populations. These
models have then been used for evaluating intervention strategies to mitigate the effect of
influenza pandemics. A summary of individual-based simulation models used in the study of
influenza pandemics is presented in Table 2.5.
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Table 2.5 – Individual-based simulation models for pandemic influenza and their applications.
Study (publication year)

Location

Model type

Themes discussed in the studies

Elveback et al. (1976) [113]

Synthetic small

Synthetic population

This is one of the earliest simulation models that simulate the

suburban

based model

characteristics of 1957 and 1968 pandemics

Whole country model

Potential transmission of influenza H5N1 with their

community
Ferguson et al. (2005) [83]

South east Asia
- Thailand

Ferguson et al. (2006) [84]

mitigation strategies was investigated.

Great Britain

Large scale simulation

Effectiveness of pandemic mitigation strategies was

and US

model

discussed.

Glass et al. (2006) [99]

US

Synthetic community

The model has been used to investigate targeted social
distancing strategy design for a pandemic influenza

Germann et al. (2006) [92]

US

Country model

Merler et al. (2007) [86]

Italy

Country model

Das et al. (2007) [96]

developed

Synthetic population

A large scale simulation model of pandemic influenza

model

A model for simulating influenza seasonal epidemic or
pandemic in US.
Simulating the pandemic influenza and evaluating its
containment strategies.

country

model

outbreaks for development of dynamic mitigation strategies

Okusha et al. (2008) [87]

Japan

Country model

This study simulated how a single case of influenza could

Atti et al. (2008) [89]

Italy

Country model

A model for simulating influenza pandemic in Italy.

Davey et al. (2008) [100]

US

Synthetic community

A systematic examination of proposed US pandemic
guidance

spark influenza throughout Japan.

model
Halloran et al. (2008) [94]

Milne et al. (2008) [103]

US

Australia

Population based

Investigate targeted layered containment strategies of an

simulation models

influenza pandemic in the United States

A detailed community

A systematic evaluation of school closure interventions

based model
Kelso et al. (2009) [101]

Milne et al. (2009) [102]

Australia

Australia

A detailed community

Timing initiation of social distancing interventions and their

based model

impacts were investigated.

A detailed community

Effectiveness of vaccination strategies was discussed.

based model
Timpka et al. (2009) [93]

Khalil et al. (2010) [85]

Swedish

Population based

A population based simulation model for influenza to

country

simulation model

investigate public health policy

Egypt

Synthetic country

Simulating the characteristics of H1N1 2009 influenza.

model
Chao et al. (2010) [88]

US

Country model

A model for simulating influenza seasonal epidemic or
pandemic.

Glasser et al. (2010) [90]

Rakowski et al. (2010) [91]

developed

Synthetic population

country

model

Poland

Country model

Evaluation of targeted influenza vaccination strategies

A model for simulating influenza seasonal epidemic or
pandemic.

Stroud et al. (2010) [95]

Southern

Population based

An agent-based Model to Study the Spread of Pandemic

California

simulation models

Influenza

Longini et al. (2004) [62]

US

Small population

Effectiveness of antiviral agents during an influenza

model

pandemic

Longini et al. (2005) [63]

South-east Asia

Small population

Modelling containment strategies for mitigating an influenza

model

pandemic for rural South-east Asia
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A wide range of individual-based simulation models and their extensions [83 - 106] have been
developed with scales ranging from the whole world, through large and small countries, to
synthetic and detailed small communities; (further detail is given in the above Table 2.5). In
[83], Ferguson et al. used a simulation model of influenza transmission in Southeast Asia to
evaluate the potential effectiveness of targeted mass prophylactic use of antiviral drugs as a
containment strategy. They also evaluated other interventions that aimed at reducing population
contact rates as reinforcement to an antiviral-based containment policy [83]. They suggested
that stockpiling of antiviral drugs and rapid response should be sufficient for elimination of a
future influenza pandemic [83]. Ferguson et al. further used an individual-based simulation
model in [84] to investigate the importance of multiple targeted layered containment strategies
to control the global scale of a pandemic; they found that any single intervention would not be
sufficient to contain the disease [84]. The effectiveness of antivirals for therapeutic and
prophylactic use during an influenza pandemic was described using simulation models in [62]
[63]. School closure strategies have been evaluated in [83] [84] without a comparison on the
effect of school closure timing and duration, as will be described in this thesis. Antiviral drugs
strategies have also been investigated in [83] [84]. Results from these studies have not
considered the importance of case diagnosis rate and case diagnosis delay on the effectiveness
of antiviral treatment and prophylaxis strategies, as will also be discussed in this thesis.

Simulation modelling techniques have been applied to capture the dynamics of influenza
pandemics in different countries [85] [86] [87] [91] [97]. A synthetic population has been used
to simulate the spread of influenza pandemic in Egypt and also used to measure the
effectiveness of hypothetical control strategies [85].

A country model for an influenza

pandemic in Italy has been presented in [86] [114]. This model has been used to evaluate the
effectiveness of different pandemic control strategies, such as school closure, home quarantine,
social distancing and the usage of antivirals [86] [114]. Operational issues related to school
closure and antiviral drugs (such as what type of school closure, when and how long schools
should be closed; impact of diagnosis rate and diagnosis delay on antiviral effectiveness and
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stockpile) have not been investigated in these studies [85] [86] [114]. In addition individualbased simulation models for Japan and Poland have been developed and discussed in [87] and
[91] respectively, with similar types of limitations.

A detailed population contact network using a synthetic US based population of approximately
10,000 has been developed in [99]. This model created possible contact structures among school
children in schools along with their interactions in households, neighbourhoods and external
random contacts, and investigated the spread of influenza through such a contact structure. The
authors of this study proposed school based interventions together with other interventions that
would contain the early spread of a pandemic if a certain compliance level was maintained [99].
A systematic examination of the US pandemic preparedness plan [104] has also been done using
this model and a detailed examination has been presented in [100]. However, several questions,
as will be described in the following chapters of this thesis, arising from the implementation of
school closure strategies observed during the H1N1 2009 influenza pandemic have been
overlooked in these studies [99] [100] [104].

An individual-based small community model focusing on an actual community (Albany, a
south-western city of Western Australia with approximately 30,000 individuals) has been
constructed by Milne, Kelso and others in [103]. This model was originally developed to
capture the spread dynamics of H5N1 in an actual community of a developed country and was
used to investigate school closure and other social distancing interventions to contain disease
spread [101] [103]. This model was further used to investigate the effectiveness of different
vaccination strategies using pre-pandemic H5N1 vaccines in [102].

This Albany Model was then extended and modified to capture the dynamics of the influenza
H1N1 2009 pandemic, using data which became available during and after the outbreak, and
used to determine the effectiveness of social distancing and antiviral drug interventions. The
results obtained from these experiments are presented in this thesis and in the following journal
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papers [12] [16] [105]. A detailed cost-effectiveness analysis of pandemic mitigation strategies
has also been studied using the Albany Model and is presented in this thesis (in chapters 6 and
7), and also in [106].

2.7

Modelling and simulation of the H1N1 2009 influenza

pandemic
Modelling techniques have been applied to predict the transmission characteristics of the H1N1
2009 influenza virus during the early progression phase of the H1N1 2009 pandemic, and also
used to quantify the effectiveness as well as cost-effectiveness of the pandemic mitigation
strategies. A group was formed under the World Health Organization to perform the modelling
and simulation tasks with the available data at the time of the H1N1 2009 influenza pandemic
[120]. Furthermore, researchers, epidemiologists and health officials in different countries used
modelling and simulation techniques to evaluate the effectiveness of intervention strategies to
mitigate the H1N1 2009 influenza pandemic [121-132]. Fraser et al. and Yang et al. estimated
transmissibility of the H1N1 2009 influenza pandemic in [67] [68] through stochastic modelling
and simulation. They estimated the effective reproduction number was between 1.4 and 1.6.
Other studies [121] [122] [123] [124] [126] [127] [128] [129] [130] [156] [157] also found
similar characteristics of the 2009 pandemic that spread in different countries following the
outbreak in Mexico in 2009. Modelling and simulation techniques have been used to examine
the effectiveness of intervention strategies to mitigate the H1N1 2009 influenza pandemic and
have been discussed in Gojovic M.Z., et al. [133], Sypsa et al. [125], Cruz-Pacheco et al. [131],
Tracht, S.M., et al. [57], Chao et al. [88], Lee B.Y. et al. [134]. The severity of the H1N1 2009
influenza pandemic in the United States has been investigated in [135].

Several studies [88] [125] [133] [134] [136] have investigated the effectiveness of school
closures during the pandemic. Gojovic M.Z., et al. [133] discussed whether school closure
could reduce the potential attack rate of the disease if applied early in the outbreak. Chao et al.
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[88] suggested that permanent school closure or at least 60 days of school closure could
effectively slow down the disease spread. In [136], Hollingsworth et al. discussed the
importance of school closure timing and duration on the effectiveness of school closure strategy.
The effectiveness of school closure during the influenza pandemic has also been evaluated by
the authors of [125] [131] [134].

The effectiveness of antiviral drugs strategies in the context of the 2009 H1N1 pandemic has
been discussed in [125] [131] [133] [137] [138] [158] [159] [160] using different modelling
techniques. In [137], the authors suggested that early and prolonged antiviral prophylaxis
strategies could control the disease in the absence of a suitable vaccine. Using a deterministic
model, Moss et al. [138] evaluated the impact of different antiviral strategies to decide to whom
antivirals should be delivered. The authors suggested that identification of cases (through
observed symptoms) for treatment alone resulted in greater attack rate reduction than a
laboratory-identification based strategy.

The research questions investigated, the scenarios considered and the findings (i.e. results)
presented in this thesis are quite different from those in the existing literature described above.
A comprehensive discussion on related studies for each experiment undertaken in this thesis is
presented in each chapter arguing for the novelty of this work.

In the following section a general description of the Albany Model is presented. The
modifications and extensions to this model developed for this thesis are presented in later
chapters with their corresponding experiments and analyses.
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2.8

The Albany Model

2.8.1 The population model
A geographic and demographic model of Albany (a city in Western Australia) was constructed
using a patch-based spatial structure [109] [110] [111], utilising Australian Bureau of Statistics
Census Collection Districts [112] as the finest level of spatial detail, where each collection
district consists of approximately 200 physically adjacent households. Each patch was populated
with a number of households according to the census data; the constituent households each
being uniquely populated with individuals to match the corresponding collection district data,
identifying individuals by age classes.

The model has been additionally populated with a set of schools and workplaces, referred to
collectively as contact hubs. Government data were used to obtain a comprehensive list of
schools, childcare facilities, adult education institutions and employers, including the patch in
which they are located and their nominal daytime population. Each child was assigned to a
school or childcare centre, presuming that children attend a school as close to their home
location as possible, and ensuring that the known age structure of schools was maintained. Adult
students and workers were assigned adult education institutions and workplaces respectively
with this assignment being made with reference to commuter survey data for Albany.
Households and hubs together form vertices of a mobility graph, whose edges connect
households with hubs that share common individuals, as pictured in Figure 2.8. This approach
captured workplaces and schools where high levels of contact and hence transmission might
occur. In addition to household and hub contact, the daily random or untraceable contacts made
by individuals were modelled by a community contact mechanism. This contact was assumed to
be somewhat local in nature, with contacts between individuals from nearby patches (or the
same patch) being more likely to occur than those between individuals whose home locations
are far apart. In any daytime cycle when an individual was not housebound through illness, he
or she randomly paired with several other such individuals, and potentially infectious contact
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was deemed to have occurred. This community contact occurred at a given rate which ensured
that the household:hub:community locale of infection ratios align with data obtained from
previous studies [113] [165] [166].

2.8.2 Model construction
A mobility network graph is constructed by an allocation algorithm, realised in software. This
algorithm allocates individuals to school or workplace hubs according to the demographic data
for each residential patch, workplace and school/childcare or further education location. Hence
school age children are allocated to primary or secondary schools according to age, giving a
higher allocation probability to the closest school by distance from the patch centroid. The
allocator therefore uniquely matches the individuals in each patch to the appropriate contact
hub. The development of such a “high-fidelity” individual-based model of Albany, Western
Australia requires not only that the size and age structure of households, workplaces and schools
be correctly generated to match exactly with the household demographic data provided by the
census datasets, but also that the assignment of individuals to schools and workplaces results in
the correct movement of commuting individuals between households and daytime locations (as
reported in the available commuter survey data). While the modelled schools and workplaces
will not be identical to the Albany community with respect to which individuals are assigned to
which hubs, this demographic and mobility model statistically matches the available data as
closely as is possible.

The allocation of individuals to households and contact hubs creates a network data structure,
which was used by the simulation algorithm to explicitly move individuals from home to
contact hub during the day phase of the simulation cycle. Individuals were then moved back to
their appropriate household for the evening phase. This mechanism thus permits the direct
modelling of population movement to schools and workplaces and allows for the explicit
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modelling of influenza transmission within the home, within schools and childcare centres and
within the workplace.

2.8.3 The simulation algorithm
Using this model, we conducted stochastic, individual-based spatial simulations of epidemic
spread, assuming that one new infection per day was introduced into the simulated population
for the duration of the simulation, ensuring that an epidemic ensued with every one of the
(stochastic) simulations run. The simulations proceeded in a sequence of 12-hour day/night
cycles. During each cycle the location of each individual was computed: either home or hub,
taking into account the cycle type (i.e. day/night, weekend/weekday), the individual’s infection
status (whether they were susceptible, infected and/or symptomatic or immune), whether an
adult required to stay at home to look after a child, and any social distancing interventions
which might be in effect. During any cycle, individuals in the same location (household or hub)
were deemed to come into potential infective contact and infection transmission could thus
occur between infected and susceptible individuals. During each cycle, both the movements and
interpersonal contacts of all individuals in the simulated population were determined, and the
state of each individual is updated accordingly. Note that for larger hubs including schools, it is
unlikely that an individual will come into close contact with every other member of the hub
during a cycle. These larger hubs were divided into fixed mixing groups, with a maximum size
of 10 individuals per group. In schools these mixing groups consisted of same-aged children
where possible; in workplaces they were randomly assigned.

When an infectious and susceptible individual came into contact during a cycle, the probability
that the infection transmission was calculated based on the symptomatic state of the infectious
individual, the age of the susceptible individual, and a basic virus transmissibility parameter, as
described below in Section 2.8.5.
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For each contact event, an infection state (either to remain susceptible or become infected) was
randomly chosen for the susceptible person based on the transmission probability. Once an
individual became infected the state of the infected individual proceeded according to an
infection model, which determined the degree, timing and duration of infectiousness and
(independently) the development of symptoms.

2.8.4 Modelling mobility and contact
The movement of individuals and the contact between them was governed by a contact network,
as pictured in Figure 2.8. For each simulation cycle, individuals in the same immediate contact
group come into (potentially infective) contact, which can occur within a household, school,
workplace or the community, as discussed above. The overlapping memberships of households
and other contact groups thus form a connective social network through which infection can
spread.

Influenza was introduced into the Albany population area on day 0 and randomly allocated to an
individual in the model (one infectious individual per day). This continuous stream of infectious
individuals (modelling the import of infected individuals from outside the simulated population)
allowed outbreaks to occur with 100% likelihood. If only single introductions occurred, in many
low R0 simulation runs the outbreak rapidly dies out due both to the random allocation of the
infectious case and the stochastic nature of the transmission parameters and community contact.

Transmission may occur within households and these also form sub-populations whose structure
is also determined by the allocation algorithm to closely match the census dataset. Each
individual is therefore assigned to one household, where each household contains the
appropriate number of individuals of the appropriate ages to match the census data for that
uniquely identified household. Individuals becoming infected within a contact hub during the
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day-time phase move back to the household in the evening, and after an incubation period these
individuals may then infect other household members.

Transmission also occurs within the wider community; this community contact is in addition to
any commuting movement that the individual may perform during the cycle. During the day
time phase, every active individual makes a notional return trip to one or more residential
patches, the destinations being determined by population density and distance from home
residential patches (this can include a “trip” to the person’s home patch). For each of these
community contact trips, the individual is randomly paired with another individual who also is
making a trip to the same patch, and a potentially infective contact occurs.

2.8.5 Modelling transmission
Where an infected individual comes into contact with a susceptible individual, the probability of
the infection being transmitted is calculated according to the transmission function. Given
contact has occurred between an infectious person and a susceptible person, via the above
contact model, the likelihood of transmission is a function of the infectiousness of the infected
individual, the age-based susceptibility of the susceptible individual and the overall virulence or
transmissibility of the influenza strain. If a susceptible person is exposed to multiple infectious
persons during a simulation cycle, it is assumed that the probability of transmission from each
one is independent of the others. Only one successful transmission is required for a susceptible
person to become infected. Successful transmissions beyond the first have no further effect.

A new infection state (either to remain susceptible or become infected) is randomly chosen for
the susceptible person based on the transmission probability. Specifically, the probability of
transmission is the function [103]:
Ptrans(Ii, Is) = βv × trans(Ii) × susc(Is)
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where Ptrans is the overall probability of transmission (a function of the state of the infectious
and susceptible individuals), where βv is the nominal infectiousness of the virus strain, trans(Ii)
is the transmissibility of the infected person Ii, and susc(Is) is the susceptibility of the susceptible
person Is. All of these parameters are real numbers on the domain between 0 and 1. The
transmissibility of an infected person is governed by the infection model, where trans(Ii) is 1 for
symptomatic persons, and 0.5 for asymptomatic persons. The susceptibility susc(Is) is a function
directly dependent on the susceptible persons age. As the simulator employs seven age groups,
there can be up to seven different relative susceptibilities. Age-based susceptibility factors were
derived by calibrating to seasonal influenza infection data from a study in Tecumseh, Michigan
in 1977-1978 [113], which is thought to have relative age attack rates similar to the 1957
influenza pandemic [114].

2.9

Modifications made in the Albany Model to reflect the

dynamics of the H1N1 2009 influenza pandemic
The experiments and results discussed in the following chapters are conducted through a
modified Albany Model designed to capture the dynamics of the H1N1 2009 influenza
pandemic. Major modifications in disease transmission and extensions of the pandemic
mitigation strategies performed to reflect the pandemic dynamics are discussed in detail in the
methodology section of Chapter 3 of this thesis. Since this thesis is compiled as a series of
journal papers, there are some repetitions in the methods section of each chapter. Therefore, the
modifications and extensions of the Albany Model to reflect the characteristics of the H1N1
2009 influenza pandemic are not described here; these modifications are described in chapter 3.
Similarly, the economic model used to determine cost-optimal strategies is discussed in detail in
the methods section of Chapter 6, and therefore, is not presented here, to reduce repetition of
methodological text. To conduct economic analysis, the Albany Model is used to produce
unmitigated (without interventions) and mitigated (with interventions) pandemic scenarios and
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the output of the model is then put into a decision tree to estimate health-care outcomes (such as
GP visits, hospitalisations and ICU admissions), costs and life-years saved.

In the following section the importance of conducting economic analyses of influenza
pandemics is discussed. The use of modelling and simulation techniques in cost-effectiveness
estimations of pandemic mitigation strategies is also addressed.

2.10 Modelling and simulation in cost-effectiveness
estimations
Modelling and simulation has an important role in exploring the effectiveness of possible
intervention strategies through which an influenza outbreak can be controlled by reducing
disease transmission. However, one important component is often missing in analyses of
pandemic mitigation strategies: an estimation of the cost-effectiveness of those strategies.
Comparative economic analyses between a pandemic and its mitigated scenarios can also help
policy decision makers adopt a particular set of interventions that may be cost optimal in
controlling a pandemic.

In the economic analysis of an influenza pandemic, there are two main trends that can be
observed in the literature. These are the use of dynamic models [139] [140] [141] [142] [143]
[147] and static tree decision models [144] [145] [146] [148] [149] [150]. Dynamic models may
also be partitioned into stochastic simulation models [139] [140] and deterministic compartment
models [141] [142] [143] [147].

In static tree models, the transmission dynamics of influenza are not used to explicitly generate
the clinical attack rate – i.e. the percentage of the population having symptoms of the disease. A
certain clinical attack rate is assumed and then used to estimate health-care resource usage,
disease related deaths and also work-days lost due to illness. Moreover, the impact of mitigation
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strategies on reducing the attack rate cannot be considered in these models. By contrast,
dynamic models can capture influenza transmission dynamics as well as pandemic dynamics
which result from applying intervention strategies to mitigate the disease. For economic
analyses, cumulative numbers of individuals that have been infected during the period of a
pandemic are estimated with and without different intervention strategies, using the models. The
outputs of these models are then put into a decision tree or spread-sheet model for each distinct
intervention scenario, to estimate health-care resource use, health-care costs and productivity
loss, deaths and life-years gained. A summary of existing studies on cost-effectiveness
estimation is summarized in Table 2.6.
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Table 2.6 – A summary on cost-effectiveness studies of influenza pandemics.
Study (year)

Model type

Country

Context

and

Strategies

Costing

Outcomes

themes

Meltzer et al. (1999)

Static

Past

USA [146]

decision tree

(1918,

(Main findings)
pandemics

Vaccination

1957).

Vaccination of US

Health care cost,

Net returns1 (in dollars).

vaccination

(Vaccinating 20-64 non high risk

cost,

production losses

population

age group would have higher net
returns than vaccinating all age and
risk groups)

Balicer et al. (2005)

Spreadsheet

Past

pandemics.

Israel [150]

model

Stockpiling

of

Antiviral
treatment

and

antiviral drugs

prophylaxis

Antiviral

Health care cost,

Cost-benefit ratio.

antiviral

(Stockpiling is cost-saving)

cost,

drugs

production

losses
Lee et al. (2006)

Static

Past pandemics.

Singapore [144]

decision tree

Stockpiling

of

antiviral drugs

treatment

and

prophylaxis

Health care cost,

Total costs and life saved.

antiviral

(Treatment

cost,

drugs

production

losses

is

cost-effective.

Maximizing economic benefit using
40%

stockpile

treatment

and

benefit

maximize

using

60%

stockpile)
Sadique et al. (2008)

Spreadsheet

Seasonal

UK [148]

model

epidemics

and

pandemics.

Cost

School closure

Productivity

Productivity losses in pound.

with durations

losses due to child

(0.1-0.2 billion pound losses per

care at home

week.)

Antiviral

Health care cost,

Cost per QALY2.

treatment

antiviral

(Treatment is cost-effective if prior

of school closure
Siddiqui et al. (2008)

Decision

Past

pandemics.

UK [149]

analytic

Stockpiling

model

antiviral drugs

Sander et al. (2009)

Stochastic

Past

USA [139]

simulation

Different

model

strategies

of

pandemics.

to

mitigate pandemic

Lugner et al. (2009)

Deterministic

Past

Netherlands [141]

SEIR model

Stockpiling

drugs

cost

pandemics.
of

diagnosis is not considered.)

Antiviral

Health care cost,

Cost per QALY.

prophylaxis,

Antiviral

drugs

(School closure could reduce attack

pre-vaccination

cost,

vaccination

rate but with high costs. Combined

and

cost,

production

strategies would be cost-effective)

school

closure

losses

Antiviral

Health care cost,

Cost per life-year gained.

treatment

Antiviral

(Cost-effective

antiviral drugs

cost,

drugs

production

to

stockpile

for

treatment)

losses
Perlroth et al. (2010)

Stochastic

Past

pandemics.

USA [140]

simulation

Different

model

strategies

Antiviral
treatment

to

mitigate pandemic

and

Health care cost,

Cost per QALY, incremental cost-

Antiviral

effectiveness ratio.

prophylaxis,

cost,

school closure,

losses

drugs

production

(Continuous

School

closure

is

effective but with highest costs.

quarantine,

Antiviral treatment and prophylaxis

child and adult

with school closure would be cost-

social

effective)

distancing
Newall et al. (2010)

Deterministic

Past

pandemics.

Australia [147]

SEIR model

Different
strategies

Antiviral
treatment

to

mitigate pandemic

and

Health care cost,

Cost per life-year gained.

Antiviral

(Stockpiling of antiviral would be

drugs

pre-pandemic

cost,

vaccination

cost-effective.

vaccination

cost,

production

vaccination would also be cost if

losses

Pre-pandemic

vaccine is matched with circulating
virus strain)

1

The net return, in dollars, from vaccination is an important economic measure of the costs and benefits associated with vaccination [146].
Quality Adjusted Life Years (QALY).

2
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The Albany Model was used for cost-effectiveness estimations of pandemic mitigation strategies
and is presented in this thesis (chapter 6 and chapter 7). The model generates a large volume of
data such as clinical attack rates, age specific attack rates, and daily and cumulative incidence
with and without interventions. The model also estimates statistics of school days and work
days lost, and the quantity of antiviral drugs used during a simulated pandemic. Different
intervention strategies such as antiviral treatment, antiviral prophylaxis, and school closures that
are proposed and discussed in chapter 3 to chapter 5 of this thesis were used in determining
cost-optimal strategies. Hospitalisation and ICU admission rates and mortality data of the 2009
pandemic in Western Australia (personal communication with Dr Gary Dowse) were used to
determine the severity of the pandemic and the ratio of cases to hospitalisation, ICU admission
and death. These data were used to determine the cost-effectiveness of intervention strategies
used to control a future pandemic having characteristics similar to the H1N1 2009 pandemic,
and are presented in chapter 6 and also in [106]. A comprehensive analysis of the costeffectiveness of interventions due to different pandemic severity categories is studied in chapter
7 of this thesis.

2.11 Conclusion
In this chapter, a brief description of the influenza pathogen as well as the major influenza
pandemics of the previous century was presented. Descriptions of different disease modelling
techniques and their application to the influenza epidemics and/or pandemics were presented
and reviewed.
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Chapter 3

Analysis of the effectiveness of interventions used
during the 2009 A/H1N1 influenza pandemic*

In this chapter, different intervention strategies used in Australia (and subsequently in other
countries) during the initial phase of the 2009 A/H1N1 influenza pandemic are described, their
effectiveness is determined, and also alternative intervention strategies that would be more
effective in controlling any future influenza pandemic having the same characteristics are
proposed. The modifications that were done to the Albany Model to capture the early
transmission characteristics of the 2009 influenza pandemic are described first and then the
dynamics of antiviral drugs and school closure strategies are modelled to capture their
effectiveness. The experiments done in this chapter emphasize the evaluation of the
effectiveness of those simulated interventions. Finally a set of effective school closure and
antiviral drugs based strategies are suggested together with the quantity of antiviral drugs
required to mitigate a future epidemic.

The findings suggested that limited duration school closure has minimal impact on reducing
cumulative and daily illness attack rates whereas antiviral based interventions could
substantially reduce the attack rates. Combined strategies involving school closure and antiviral
interventions used together could further reduce the illness attack rates.

*

Halder N, Kelso JK, Milne GJ, Analysis of the effectiveness of interventions used during the 2009
A/H1N1 influenza pandemic. BMC Public Health 2010, 10(1): p. 168.
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Analysis of the effectiveness of interventions used during the 2009 A/H1N1
influenza pandemic

Abstract
Background: Following the emergence of the A/H1N1 2009 influenza pandemic, public
health interventions were activated to lessen its potential impact. Computer modelling and
simulation can be used to determine the potential effectiveness of the social distancing and
antiviral drug therapy interventions that were used at the early stages of the pandemic, providing
guidance to public health policy makers as to intervention strategies in future pandemics
involving a highly pathogenic influenza strain.

Methods: An individual-based model of a small community with a population of
approximately 30,000 was used to determine the impact of alternative intervention strategies,
including those used in the initial stages of the 2009 pandemic. Different interventions, namely
school closure and antiviral strategies, were simulated in isolation and in combination to form
different plausible scenarios. We simulated epidemics with reproduction numbers R0 of 1.5,
which aligns with estimates in the range 1.4 - 1.6 determined from the initial outbreak in
Mexico.

Results: School closure of 1 week was determined to have minimal effect on reducing overall
illness attack rate. Antiviral drug treatment of 50% of symptomatic cases reduced the attack rate
by 6.5%, from an unmitigated rate of 32.5% to 26%. Treatment of diagnosed individuals
combined with additional household prophylaxis reduced the final attack rate to 19%. Further
extension of prophylaxis to close contacts (in schools and workplaces) further reduced the
overall attack rate to 13% and reduced the peak daily illness rate from 120 to 22 per 10,000
individuals. We determined the size of antiviral stockpile required; the ratio of the required
number of antiviral courses to population was 13% for the treatment-only strategy, 25% for
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treatment and household prophylaxis and 40% for treatment, household and extended
prophylaxis. Additional simulations suggest that coupling school closure with the antiviral
strategies further reduces epidemic impact.

Conclusions: These results suggest that the aggressive use of antiviral drugs together with
extended school closure may substantially slow the rate of influenza epidemic development.
These strategies are more rigorous than those actually used during the early stages of the
relatively mild 2009 pandemic, and are appropriate for future pandemics that have high
morbidity and mortality rates.

3.1

Background

A novel strain of the A/H1N1 influenza virus has rapidly spread around the world, leading to
the first influenza pandemic since 1968. While current data indicates that this influenza virus
results in mild symptoms and relatively low mortality characteristics, it allows us to examine
interventions strategies that will be necessary for a future highly pathogenic influenza strain
when, as with the 2009 pandemic, no suitable vaccine will be initially available. The 2009
pandemic virus first appeared in Mexico in April 2009 and later spread around the world,
causing at least 15292 deaths as of 12th February 2010 [1]. Due to its worldwide spread the
World Health Organization (WHO) lifted its pandemic alert to phase 6, the highest alert phase.
Phase 6 indicates human-to-human transmission of a novel influenza strain with sustained
community level outbreaks in two or more countries in one WHO region and community level
outbreaks in at least one other country in another region. As of the 12th February 2010; 37,693
laboratory confirmed cases and 191 deaths have been reported in Australia [2].

The use of both pharmaceutical and social distancing interventions is embedded within the
pandemic preparedness plans of most countries [3-5] and also appears in recent WHO
recommendations [6]. School closure, household quarantine and reduced workplace, social and
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community contacts are considered to be key non-pharmaceutical interventions which may
readily be used for the early containment of an influenza epidemic. These social distancing
measures have been shown in modelling studies to delay the overall impact of a pandemic, as a
result allowing time for the development of appropriate vaccines [7] [8]. Neuraminidase
inhibitor antiviral drugs and appropriate vaccines are the key pharmaceutical interventions, with
antiviral drugs being the only available pharmaceutical interventions available when faced with
a novel strain of influenza virus in the early phase of a pandemic, as has occurred in 2009.
Social distancing measures, such as school closure, and antiviral drug strategies have been used
in the initial stages of the A/H1N1 2009 pandemic in Australia and other parts of the world [2]
[9] [10].

The effectiveness of the various pandemic containment measures used is not fully understood
due to a lack of field data [11]. Simulation models have therefore been developed to understand
the dynamics of pandemics and to analyse the benefit of potential containment strategies, such
as those that are recommended in pandemic preparedness plans. Modelling techniques for the
study of infectious respiratory diseases such as pandemic influenza have included deterministic
[12-14], stochastic [15-17] and individual-based models [18-25]. These studies use models that
range in scale from the whole world [12] [15] [16], through large [20] [22] and small [19] [21]
countries, to detailed [7] [8] and synthetic [23] [26] small communities. The outcome of
modelling studies used to assess the effectiveness of various proposed interventions are
sensitive to the operational details of the interventions (such as the timing and duration of
school closure [7] [27] [28]) and to the particular combination of interventions used. Prior to the
occurrence of a pandemic, modelling studies have made plausible assumptions about these
details. However, due to the number of combinations of intervention types, variation in
intervention details and possible emergent virus characteristics, exhaustive analysis has been
impossible. Having now observed the response to a pandemic, we are in a position to model in
detail several different intervention strategies which were actually used and which, therefore,
are highly likely to be considered for use in future pandemics or in resurgent waves of the
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current pandemic. Furthermore, we have focused on epidemics with the estimated
characteristics of the H1N1 2009 pandemic.

The purpose of this study was to examine the interventions used during the early stages of the
H1N1 2009 influenza pandemic, to determine their effectiveness (in reducing the illness attack
rate) and cost (in terms of the required number of antiviral courses), and further determine
whether alternative intervention strategies would have been more effective. We modelled the
spread dynamics within a simulation model using virus characteristics estimated from data
obtained at an early phase of the Mexico epidemic [29], and we simulated the key features of
the actual school closure and antiviral-based strategies used in the initial stages of the outbreak
in Australia. We present results from an examination of a range of school closure and antiviral
drug strategies, singly and in combination, to determine their effectiveness. The results suggest
strategies that are more effective than those recently used (in Australia and other countries) and
which may need to be considered by public health authorities as they revise their Pandemic
Preparedness Plans. The results provide guidance as to the optimum strategies required to
contain or significantly limit the impact of a future, possibly highly pathogenic, pandemic
influenza strain.

3.2

Methods

We used a detailed individual-based model of a small community in the south west of Western
Australia (Albany) with a population of approximately 30,000 to simulate the dynamics of the
2009 influenza pandemic [7] [8] [30].

3.2.1 Population contact network
The simulation model captures the contact dynamics of the population of Albany, Western
Australia using census and state and local government data [31], allowing us to replicate the
individual age and household structure of all households in this town of approximately 30,000
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individuals. Human contact networks were modelled as a network of connected households and
contact hubs such as schools, childcare centres, workplaces and a regional hospital. Individuals
in each household and hub made contacts within a close contact mixing group, taken to be the
entire household or a subset of larger hubs, and also made additional non-hub based random
contacts in the wider community. Using this community-based population model, we conducted
stochastic, individual-based spatial simulations of the A/H1N1 2009 swine flu strain currently
circulating in Australia. We assumed that an average of one new infection per day was
stochastically introduced into the population during the whole period of the simulations. The
simulation period was divided into 12 hour day/night cycles and during each simulation cycle a
nominal location of each individual was determined; taking into consideration the cycle type
(day/night, weekday/weekend), infection state of each individual and whether child supervision
was needed to look after a child at home. Individuals occupying the same location during the
same time period (cycle) were assumed to come into potential infective contact. Details of the
underlying model are presented in [7] and in that reference’s online supporting material.

3.2.2 Influenza transmission model
In the simulation model we assumed that infectious transmission could occur when an infectious
and susceptible individual came into contact during a simulation cycle. Following each contact a
new infection state for the susceptible individual (either to remain susceptible or to become
infected) was randomly chosen via a Bernoulli trial [32]. Once “infected” an individual
progressed through a series of infection states according to a fixed timeline. The SEIR state
progression dynamics of individuals is illustrated in Figure 3.1a.

The transmission probability that a susceptible individual would be infected by an infectious
individual was calculated according to the following transmission function, which takes into
account the disease infectivity of the infectious individual Ii and the susceptibility of susceptible
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individual Is at the time of contact. A description of each component of the following
probability function is given in Table 3.1:
Ptrans(Ii,Is) = β × Inf(Ii) × Susc(Is) × AVF(Ii,Is)

Post-peak infectious

Figure 3.1 – Dynamics of influenza progression within host individuals. (a) Dynamics of influenza
A/H1N12009 progression within host individuals. (b) Infectivity curve of an infectious individual due to
influenza infection.

The baseline transmission coefficient β was initially chosen to give an epidemic with a final
attack rate of 17.4% which is consistent with seasonal influenza as estimated in Table 3 of [33].
To achieve simulations under a range of reproductive numbers, β was increased from this
baseline value to achieve epidemics of various R0 magnitudes; Details of the procedure for
estimating β and R0 are given in [7]. The basic reproductive number R0 for A/H1N1 2009
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influenza virus was initially estimated to be between 1.4 and 1.6 [29] [11]; more recent
estimates range from 1.2 [34] to 2.3 [9]; We assume an R0 of 1.5 as being the midpoint of both
ranges.
Table 3.1 – Detailed description of each component of the transmission function.
Component of transmission function

Description

Ptrans(Ii,Is)

Probability of disease transmission from infected to susceptible individual.
Disease transmission coefficient, chosen to achieve baseline epidemics

β

with specific R0 values.

Susc(Is)
Inft(Ii)

AVF(Ii,Is)

Age specific susceptibility of infectee or susceptible individual.
Infectiousness of infector as a function of time since infection and
symptomatic status.
Antiviral factor which reduces transmission probability when antiviral
based interventions are applied to individuals Ii, Is or both.

The following different situations may arise when we model antiviral effectiveness.

AVF(Ii,Is) = 1 - AVEi

AVF(Ii,Is) = 1 - AVEs

AVF(Ii,Is) = (1-AVEi)*(1- AVEs)
AVF(Ii,Is) = 1

if the infected individual is treated with antiviral drugs and no antiviral
prophylaxis is applied to the susceptible individual
if antiviral prophylaxis are applied to the susceptible individual and no
antiviral treatment is used with the infected individual
if both infected and susceptible individuals are receiving antiviral drugs
for treatment and prophylaxis respectively
if neither infector nor susceptible individuals are receiving antiviral drugs

The disease infectivity parameter Inf(Ii) was set to 1 for symptomatic individuals at the peak
period of infection and then to 0.5 for the rest of the infectivity period The infectiousness of
asymptomatic individuals is also assumed to be 0.5 and this applies to all infected individuals
after the latent period but before onset of symptoms (see 3.1b). The infection profile of a
symptomatic individual was assumed to last for 6 days as follows: a 0.5 day latent period (with
Inf(Ii) set to 0) is followed by 1 day asymptomatic and infectious, where Inf(Ii) is set to 0.5;
then 2 days at peak infectiousness (with Inf(Ii) set to 1.0); followed by 2.5 days reduced
infectiousness (with Inf(Ii) set to 0.5). For an infected but asymptomatic individual the whole
infectious period (of 5.5 days) is at the reduced level of infectiousness with Inf(Ii) set to 0.5.
This infectivity profile is a simplification of the infectivity distribution found in a study of viral
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shedding [35]1. As reported below in the results section for the unmitigated no intervention
scenario, these assumptions regarding the duration of latent and infectious periods lead to a
mean generation time (serial interval) of 2.47 days which is consistent with that estimated for
A/H1N1 2009 influenza [29].

Following infection an individual is assumed to be immune to re-infection for the duration of
the simulation. We further assume that influenza symptoms develop one day into the infectious
period [35], with 20% of infections being asymptomatic among children and 32% being
asymptomatic among adults. These percentages were derived by summing the age-specific
antibody titres determined in Table 5 of [36]. Symptomatic individuals will withdraw into the
home with the following probabilities; adults 50% and children 90%, which is in keeping with
the work of [20] [21]. A brief summary of sensitivity analyses of these parameters were
presented in the supporting information of [7] and also presented in Appendix B of this thesis.

The susceptibility parameter Susc(Is) is a function directly dependent on the age of the
susceptible individual. It captures age-varying susceptibility to transmission due to either partial
prior immunity or age-related differences in contact behaviour. To achieve a realistic age
specific infection rate, the age-specific susceptibility parameters were calibrated against the
serologic infection rates for seasonal H3N2 in 1977-1978 in Tecumseh, Michigan [33]. The
resulting age-specific attack rates are consistent with A/H1N1 2009 influenza [37] [50], with a
higher attack rate in children and young adults (details may be found in [7]).

The antiviral efficacy factor AVF(Ii, Is) = (1 - AVEi ) * (1 - AVEs) represented the potential
reduction in infectiousness of an infected individual (denoted by AVEi) induced by antiviral
treatment, and the reduction in susceptibility of a susceptible individual (denoted by AVEs)
induced by antiviral prophylaxis. When no antiviral intervention was administered the values of
both AVEi and AVEs were assumed to be 0, indicating no reduction in infectiousness or
susceptibility. However, when antiviral treatment was being applied to the infectious individual
1

The authors summarized that for the A/H1N1 virus, on average viral shedding was detected 1 day after inoculation and peaked
for 2-3 days. The virus shedding was stopped after 6-7 days following a post-peak infectious period (see figure 2 of [35]).
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the value of AVEi was set at 0.66, capturing a reduction in infectiousness of 66% [38].
Similarly, when the susceptible individual was undergoing antiviral prophylaxis the value of
AVEs was set to 0.85 indicating a reduction in susceptibility by of 85% [38]. This estimate was
higher than most previous modelling studies, which assumed an AVE of 30% (e.g. [20] [22]
[27]). This common assumption appeared to stem from an estimate made in [26] based on 19981999 trial data. Our higher value was based on a more comprehensive estimation process
reported in [38], which also incorporated data from an additional study performed in 2000-2001
[39]. It was also in line with estimates of 64%-89% reported in [40].

3.2.3 School closure and antiviral drug interventions
We analysed three different school closure strategies and three different antiviral intervention
strategies that were used in Australia, the United Kingdom and the USA during the early stages
of the 2009 influenza pandemic. The mitigating effect attained when applied to an outbreak of
influenza A/H1N1 swine flu within the simulated Albany community was determined by
comparing the resulting daily and cumulative illness attack rates with that of an unmitigated
outbreak. We assumed that an infected, symptomatic individual would be diagnosed with a
probability of 0.5 (a detailed sensitivity analysis of this assumption has been presented in
chapter 4 and chapter 5 to investigate the role of this parameter on the effectiveness of school
closure and antiviral strategies). Note that by “diagnosis”, we did not necessarily mean
laboratory confirmed diagnosis of influenza - rather, we meant that an individual was
symptomatic to a degree that triggers the interventions being modelled here. In the case of
school closure, this meant that a case in a pupil or teacher came to the attention of the school or
public health administration; in the case of antiviral interventions this meant that the individual
(or his/her) family seek help from a source participating in the antiviral programme. The
intervention measures considered were as follows.
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School closure scenarios
For each of the school closure strategies described below we assumed that 100% of individuals
affected by school closure or isolation made none of their regular school hub contacts during the
daytime cycle, but came into contact with other individuals present in their household, and made
their usual community contacts (we assumed that no additional community contact occurred for
these individuals - community contact was deemed to occur in all daytime cycles for active
individuals, regardless of whether they were present at a hub or home, and this remained true
during school closure). We also assumed that when a primary school aged child (age 5-12) was
isolated in a household, one adult from the household stayed at home. We assumed that these
school closure policies were in place at the start of the local epidemic, but with the school case
isolation and/or individual school closure strategies, actions to isolate groups and/or close
schools, only occurred as cases appear in each school as described below.

School Case Isolation (SCI) with close contact group
We assumed that the diagnosed school case was isolated from the school along with a set of
class members (approximate size of classes taken to be 30). The isolated individuals spent
daytime cycles at home rather than at school for a given period ranging from 1 to 4 weeks, the
intent being to reduce the potential spread of disease among the other school members. We
further assumed that school case isolation (SCI) only applied to primary and high schools and
not child care centres. The intervention such as 1 week of school case isolation was used in
certain Australian states in the early stages of the H1N1 2009 pandemic [2].

Individual School Closure
In this intervention strategy we assumed that the whole primary school was closed if there was a
case diagnosed. If there was an initial diagnosed case in a high school, the diagnosed case and
class members were isolated from the school. If there was a further diagnosed case in another
class then that case and class were also isolated. If there were more than two diagnosed cases in
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different classes in a high school then we assumed that the whole school would be closed. At the
beginning of the pandemic this strategy was also followed in different countries [41] [42].

All Schools Closure
This strategy assumed that all schools and child care centres in a community would be closed
simultaneously after a certain number of cases (30, or 0.1% of the population) in the community
were diagnosed (a detailed analysis on the threshold for making a decision on school closure has
been presented in the result section of Chapter 4 of this thesis). This strategy was followed in
Osaka and Hyogo in Japan [9]. Note that we assumed that school closure would be triggered at
most twice for each school, on the grounds that repeated opening and closing of schools would
be considered to be too disruptive, even for short periods of school closure. Our community
model contained 22 schools.

Antiviral drug scenarios
Treatment of Diagnosed Case (T)
We assumed that all diagnosed individuals would receive antiviral drug treatment at the time of
their diagnosis (24 hours after the appearance of symptoms). This treatment involved two doses
taken daily for 5 days to reduce the infectiousness and infectious period of disease [19] [20]
[52]. We assumed that treatment would reduce infectiousness of a symptomatic individual by
66% [38]. A further assumption regarding antiviral treatment is that the duration of
infectiousness of a diagnosed individual would be reduced by 1 day [51]. This intervention was
initially used in certain Australian states at the beginning of the A/H1N1 2009 pandemic and
also used in USA, UK and Japan [37] [41] [42].

Household Based Prophylaxis (T+H)
In this strategy we assumed that all diagnosed individuals would receive antiviral treatment. We
further assumed that all household members of a diagnosed individual would be given antiviral
drugs for prophylaxis, beginning at the same time as treatment of the diagnosed case, with each
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prophylaxis course consisting of one dose taken daily for 10 days [19] [20] [21] [22] [52]. We
modelled the effect of prophylaxis on a susceptible individual as a reduction in susceptibility by
85% [38]. This estimate is higher than most previous modelling studies, which assume an AVEs
of 30% (e.g. [20] [27] [22]). This common assumption appears to stem from an estimate made
in [26] based on 1998-1999 trial data. Our higher value is based on a more comprehensive
estimation process reported in [38], which also incorporated an data from an additional study
performed in 2000-2001 [39]. It is also in line with estimates of 64%-89% reported in [40]. In
addition, individuals who did become infected while taking prophylaxis had a 50% reduction in
the chance of developing a symptomatic illness [3]. At the beginning of the pandemic this
strategy was also followed by some states in Australia [2].

Extended Prophylaxis (T+H+E)
In this strategy the prophylactic use of antiviral drugs was extended to a wider group of
contacts. Here prophylaxis courses were given to the class members (if the case is diagnosed in
school) or to the mixing group (if the case is diagnosed in a workplace hub) of a diagnosed case
in addition to their household members. This strategy was also followed in some states in
Australia, in the UK and USA at the early stages of the pandemic [2] [41] [42].

Note that for all antiviral scenarios we assumed that a person would receive at most two
prophylactic courses. For example, a person might receive a first course if a household member
were diagnosed, and later might receive another course if a school classmate were diagnosed,
but no further prophylactic course would occur if a third close contact were diagnosed. We also
assumed that prophylaxis would not be administered once a person had experienced
symptomatic infection. Treated individuals were not assumed to otherwise behave differently
from other symptomatic individuals i.e. 50% of adults and 90% of children were assumed to
withdraw to their household for the duration of their infection. All individuals taking
prophylaxis courses were assumed to maintain their normal contacts during the daytime cycle.
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In addition to determining the final and daily attack rates of the simulated epidemics, we also
recorded the number of antiviral courses used. From this we also derived a measure of antiviral
efficiency: the number of prevented cases per antiviral course. This was calculated as follows:
(Number of prevented cases per AV) Intervention
= total cases prevented due to intervention / total AV courses used
= (cases without intervention – cases with intervention) / total AV courses used

3.3

Results

We initially simulated an unmitigated epidemic within the Albany community to determine the
illness attack rate that would result if no interventions were in place. This was followed by an
analysis of the effectiveness of the interventions, singly and in combination, via a series of
simulation experiments which determined the reduction in attack rate which could be achieved
by activation of the following: alternative school closure interventions without any antiviralbased interventions; alternative antiviral-based interventions without school closure
interventions; and antiviral interventions in conjunction with school closure of different
durations. Details of our findings are summarised in the following sub-sections. Sensitivity
analyses of the assumptions related to school closure and antiviral-based interventions are
presented in chapter 4, chapter 5 and Appendix B.

3.3.1 Dynamics of disease spread under no-intervention scenario
Baseline no intervention simulations were conducted for reproduction numbers R0 ranging from
1.4 to 1.6, estimated to be the basic reproduction number for the A/ H1N1 2009 pandemic [29]
[11]. The outcomes of simulated epidemics varied stochastically due to the random location of
individuals who are seeded into the modelled community as infectious index cases and the
probabilistic nature of infection transmission. Results for all simulated epidemics are averages
of 40 runs, each with stochastic choices made with a different random-number sequence. This
process is described in detail in [7]. As we assumed a continuous influx of infectious cases from
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outside the simulation boundary at a rate of one per day, we achieved a sustained epidemic for
every simulation, following the approach adopted in [7]. Final attack rates ranged from 27% to
37% corresponding to R0 values of 1.4 to 1.6, respectively while peak daily incidence rates
ranged from 82 to 159 cases per 10,000 people. The characteristics (means and standard
deviations) of epidemics with an R0 of 1.5 are as follows: final infection rate (symptomatic and
asymptomatic) of 43.9% (S.D. 1.09); final attack rate (symptomatic) of 32.5% (S.D. 0.77); peak
ill population 6.6% (S.D. 0.46); peak daily illness case load (per 10,000) of 121 cases (S.D. 9);
day of epidemic peak, day 45 (S.D. 4.74); serial interval 2.47 days (S.D. 0.01). The derived
serial interval depends upon the latent and infectious durations and on the transmissibility of the
virus. Our assumptions about these durations were based on seasonal influenza; when combined
with a transmissibility calibrated to give an R0 of 1.5 (which we adopt in this study), the
resulting serial interval of 2.47 days is also consistent with estimates of 1.3 - 2.71 days for the
2009 pandemic [29] [9]. The characteristics of epidemics with R0 values of 1.4, 1.5 and 1.6 are
listed in Table 3.2. Note that these characteristics apply to an epidemic within a community with
the specific structure of our modelled community (that is, age distribution, distribution of
household sizes and structures, number and size of school and workplace hubs and so forth).
Table 3.2 – Simulated characteristics of baseline (no-intervention) epidemics for R0 values.
R0
1.4
Characteristics

1.5

Mean

S.D.

Mean

1.6
S.D.

Mean

S.D.

Final Infection Rate (%)

36.3

1.32

43.9

1.09

50.4

1.02

Final Attack Rate (%)

26.9

0.95

32.5

0.77

37.2

0.74

Peak Symptomatic Population (%)

4.45

0.49

6.6

0.46

8.74

0.51

Peak Daily incidence Rate (per 10000)

82

8

121

9

159

10

Peak Attack Day

51

7.7

45

4.74

40

4.48

Serial Interval

2.49

0.01

2.47

0.01

2.45

0.01

Means and standard deviations (S.D.) are for 40 simulation runs, each with stochastic choices made with
different random-number sequences.
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3.3.2 Impact of school closure based interventions
We investigated the impact of school closure based interventions for an epidemic with an R 0 of
1.5, the mid-point in the range of estimated basic reproductive numbers for A/H1N1 2009
influenza [29] [11]. The results of different school closure interventions (Figure 3.2, daily
incident rate (top left) and final attack rate (top right)) show that 1 week of school closure (for a
maximum of two closures, that is a school may close, reopen and then close again) has minimal
effect on reducing the epidemic size. A 2.5% cumulative attack rate reduction (from a baseline
attack rate of 32.5% to an attack rate of 30%) can be achieved by the Individual School Closure
strategy, for example. When considering the daily incidence rate, there is also minimal benefit
among the alternative school closure strategies of 1 week’s duration (Figure 3.2, top left).
However previous work suggests that school closure for longer durations may have a significant
impact on reducing epidemic severities in terms of both the cumulative attack rate and the peak
daily incidence rate [7].

3.3.3 Impact of antiviral based interventions
Our simulations suggest that antiviral drug treatment for diagnosed symptomatic cases and its
prophylactic use in close and extended contact groups can significantly reduce the size and
severity of a local epidemic. For an influenza virus with a reproductive number of R0 = 1.5 and
a diagnosis rate of 50% of all symptomatic individuals (a possible, realistic assumption) the
antiviral treatment of diagnosed cases (with no prophylaxis to close contacts) reduced the
overall illness attack rate by 6.5% from the unmitigated attack rate 32.5% to 26%. A further
reduction in attack rate can be observed from simulation experiments if household prophylaxis
and extended prophylaxis are in effect during the pandemic period. A reduction of 13.5% of
symptomatic cases can be achieved (32.5% to 19%) using a household prophylaxis (T+H)
strategy and a 19.5% reduction (32.5% to 13%) achieved if an extended prophylaxis (T+H+E)
strategy is used (Figure 3.2, centre right). These antiviral-based pharmaceutical interventions
also reduce the daily incidence rate (Figure 3.2, centre left, per 10,000). Without any concurrent
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school closure, a treatment-only (T) strategy results in a reduction of 33 symptomatic cases in
the epidemic peak (from 120 to 87), a treatment and household prophylaxis strategy (T+H)
gives a peak reduction of 74 symptomatic cases (from 120 to 46), while the treatment and
extended prophylaxis strategy (T+H+E) gives a 96 case reduction in the epidemic peak (from
120 to 24), all per 10,000 individuals. Combined effectiveness of 1 week school closure and
antivirals is also shown Figure 3.2 (bottom row).

Figure 3.2 – Epidemic progression curve expressed as daily incidence rate and cumulative illness rate.
Top pair shows comparison among different school closure strategies with 1 week closing period. Central
pair indicates the potential impact of antiviral drug usage during simulated pandemic period. Bottom pair
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illustrates the combined effectiveness of individual school closure for 1 week and antiviral strategies
during pandemic. Results are illustrated in terms of daily incidence rate (symptomatic cases per day, left
column) and cumulative symptomatic attack rate (percentage of population, right column).

3.3.4 Impact of antiviral based interventions combined with individual
school closure
We then examined the coupling of the three antiviral strategies with the Individual School
Closure strategy for school closure periods of 1 to 4 weeks. For each of the antiviral strategies
simulated, longer periods of school closure resulted in essentially linear reductions in
cumulative attack rates; from the baseline unmitigated attack rate of 32.5% 4 weeks of school
closure resulted in final attack rates of 25%, 19%, 12% and 9% for closure with no antiviral
therapy, and combined with the T, T+H and T+H+E strategies respectively (see Figure 3.3).

Figure 3.3 – Final attack rates of epidemics with concurrent school closure and antiviral based strategies.
Final attack rate (% of population) is presented for an epidemic with R 0 = 1.5 and different antiviral based
strategies in conjunction with individual school closure for variable school closure durations (0 week to 4
weeks).
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The combined strategies also gave significant reductions in daily case incidence rate. From the
baseline unmitigated peak daily incidence rate of 120 (per 10,000) 4 weeks of school closure
resulted in peak daily incidence rates of 45, 30, 18 and 14 with no antivirals, and combined with
the T, T+H and T+H+E antiviral strategies respectively (see Figure 3.4). In the case of the
treatment and treatment plus household prophylaxis strategies the addition of 4 weeks of school
closure results in more than twice the reduction in peak daily incidence rate when compared to
the use of antivirals without school closure.

Figure 3.4 – Peak daily incidence rate of epidemics with concurrent school closure and antiviral based
strategies. The figure illustrates the impact of different durations of school closure coupled with antiviral
based strategies on peak daily incidence rate during an epidemic. Peak daily incidence rate is expressed in
symptomatic cases per 10,000 populations.

3.3.5 Impact of antiviral stockpile
Our results indicate that more antiviral courses would be consumed by the extended antiviral
prophylaxis strategy (T+H+E) compared to the antiviral treatment (T) and household antiviral
prophylaxis (T+H) strategies. An extra 14% (21% to 35%) of antiviral courses is required to
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achieve an additional 4% reduction (15% to 11%) in the final attack rate with the T+H+E
strategy compared to the T+H strategy when both interventions are coupled with Individual
School Closure of 2 weeks. The required ratio of antiviral courses to the population size is
relatively higher using the extended antiviral prophylaxis strategy than the other antiviral based
strategies (see Figure 3.5). We have presented the amount of antiviral courses as a % of the total
population; therefore our results are scale free and are directly applicable to larger populations
than that simulated. The number of prevented cases per antiviral course is 0.44 for the treatment
strategy, 0.55 for treatment and household prophylaxis and 0.48 using the treatment and
extended prophylaxis strategy, all assuming no school closure. When coupled with 2 weeks of
school closure, the number of prevented cases per antiviral course is 0.75 for the treatment
strategy, 0.85 for treatment and household prophylaxis and 0.61 using the treatment and
extended prophylaxis strategy. The summarized results giving Final Attack Rate (FAR), Peak
Daily Incidence Rate (PDIR) and Required Antiviral Courses (RAV), expressed as a percentage
of the population for each of the different intervention policies are listed in Table 3.3.

Figure 3.5 – Required antiviral courses (% of population) for an epidemic with R 0 = 1.5. The figure
illustrates the consumption of antiviral drugs for different antiviral strategies combined with school
closures during a pandemic.
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Table 3.3 – Simulated outcomes for epidemics with different interventions.
R0
1.4
Intervention Policies

FAR

PDIR

1.5
RAV

FAR

PDIR

1.6
RAV

FAR

PDIR

RAV

No intervention

27.9

82

0

32.5

121

0

37.2

159

0

ISC

23.5

53

0

29.3

74

0

34.1

100

0

T

21.1

54

10.4

26.6

84

13.3

32.2

120

16.0

T+H

12.6

24

18.4

18.7

41

25.2

23.4

62

30.3

T+H+E

9.0

15

30.6

13.0

22

40.2

19.9

39

45.8

T + ISC

16.9

32

8.5

23.8

53

11.5

27.9

77

14.1

T + H + ISC

10.1

14

14.2

14.8

23

20.8

20.8

41

26.9

T + H + E + ISC

7.1

10

25.0

10.9

17

35.3

15.5

30

44.8

Simulated Final Attack Rate % (FAR), Peak Daily Incidence Rate per 10,000 population (PDIR) and
Required Anti-Viral courses % (RAV) for epidemics with different interventions. Interventions
abbreviations: T - antiviral treatment, H - household antiviral prophylaxis, E - extended prophylaxis, ISC
– individual school closure (2 weeks duration, maximum of 2 closures per school).

3.4

Discussion

Using a detailed individual based model of a detailed community we have evaluated
interventions which were administrated during the A/H1N1 2009 pandemic in Australia and
other countries. We have analysed the effectiveness of school closure and the use of
neuraminidase inhibitor antiviral interventions as a means of reducing the number of infected
individuals. Social distancing and antiviral drug interventions were the only public health
measures available during the first 6 months of the pandemic, due to the initial lack of a suitable
vaccine. These strategies, deemed as key strategies in the pandemic preparedness plans of the
United States, United Kingdom, Australia and elsewhere [3-5], have been shown by previous
modelling studies to play a prominent role in the early containment of a future H5N1 pandemic
[20] [22-24]. In the modelling study presented here we have examined the potential benefit of
the sustained use of a range of antiviral drug and school closure strategies, suggesting strategies
which may be more effective than those actually adopted.

Our results give guidance as to which mitigating, control and containment strategies may
perform better than those used in the early phases of the 2009 pandemic. While the 2009/2010
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influenza pandemic has been classified as mild by the World Health Organisation and the Centre
for Disease Control and Prevention [43] [41] these results will have relevance to future
influenza pandemics which may be significantly more pathogenic, with higher case fatality rates
than those seen in 2009. The results are thus of relevance to public health authorities as they
digest the lessons learned from the 2009 outbreak and their responses to it.

At the early stage of the 2009 pandemic strategies such as school closures and antiviral drug
application for treatment and prophylaxis were used in many countries with the intent of
containing disease spread. These strategies appeared to have had only limited success, with the
notable exception of Japan where early, large scale closure of schools suppressed an outbreak
that was spreading rapidly amongst school-aged children [34]. Here the application of 1-2
weeks of school closure contained an outbreak stemming from a small number of early imported
cases, and consequentially the progress of the pandemic was delayed by approximately 6 weeks.

In many countries there was an apparent hesitancy to use antiviral drugs aggressively and
extensively, even at the early stages of the pandemic [44]. This hesitancy may have been due to
either the fear of running out of an antiviral stockpile while emergence of human transmissible
H5N1 is still a real risk, or may have been due to worries regarding emergence of antiviralresistant strains of the A/H1N1 2009 influenza virus [44]. The approach taken by many
countries in 2009 generally involved use of antiviral drugs for treatment and (limited)
prophylaxis coupled with contact tracing during the initial stages, quickly changing to treatment
only and then to partial treatment (i.e. only some diagnosed cases received antiviral treatment).
In the initial stages the use of antivirals was often coupled with 1 week of school closure or
class isolation at home [45]. We have modelled these strategies together with more rigorous
strategies to determine (1) whether the strategies used would have been effective from a contain
and control perspective and (2) whether more effective strategies, in terms of reduction in attack
rate, can be determined. The better strategies suggested by our results involve a more aggressive
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and sustained use of antiviral drugs (for both treatment and prophylaxis) and longer school
closures than that which occurred.

The results indicate that a treatment and prophylaxis strategy generates a greater reduction in the
number of cases when compared to treatment alone, with the extended strategy working best.
However such a strategy requires a significantly larger antiviral drug stockpile than treatmentonly or treatment and household-only prophylaxis. Given the financial limits faced by many
countries in creating and maintaining antiviral stockpiles our results suggest that a sustained
treatment and household prophylaxis strategy appears optimal, in terms of the ratio of illnesses
avoided to antiviral courses required. This strategy is feasible if a stockpile of approximately
25% of population is available, which may be determined from our results on stockpile size. If a
larger stockpile is available, or it can be rapidly replenished, then a sustained treatment plus
extended prophylaxis regimen is recommended. In this case, our results estimate that a stockpile
of approximately 40% of population would be required. If no additional school closure is to be
utilized then a stockpile of approximately 13% of population is required for treatment-only
intervention.

However if school closure is also activated, such as closure of individual schools for 2 weeks,
then the required stockpile of antiviral drugs reduces to approximately 11% for a treatment-only
antiviral strategy, approximately 20% for treatment and household prophylaxis and
approximately 35% for treatment and extended prophylaxis. These results are applicable to a
pandemic with a basic reproduction number R0 of 1.5 and a plausible diagnosis rate of 50% of
symptomatic individuals, with diagnosis occurring 24 hours post symptom appearance. As
diagnosis is assumed to be necessary for antiviral treatment (and contact prophylaxis) to occur,
rapid diagnosis may only be possible if diagnosis is based on influenza-like illness (ILI)
symptoms using PCR testing.
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Our simulations suggest that treatment with household prophylaxis may be the best strategy in
reducing final attack rate. This observation is robust whether coupling with school closure or
not. Therefore, to determine optimal use of an antiviral stockpile, that is the ratio of prevented
cases to antiviral courses required, the treatment plus household prophylaxis strategy may be
considered optimal. In addition, it may reduce the chance of antiviral resistance development
given the lesser amount of prophylaxis occurring compared to the extended strategy. While
antiviral drug resistance to A/H1N1 virus was a concern during the H1N1 2009 pandemic, the
required amount of antiviral courses described in this study for sustained prophylaxis might
significantly increase the chance of antiviral resistant strains.

With regard to the effectiveness of school closure strategies our results suggest that the closure
of individual schools is the preferred strategy, compared to when all schools close
simultaneously or one of only removing and isolating diagnosed cases and their contacts. That
the individual school strategy out-performs the all school closure strategy is due to its adaptive
nature; individual school closure is better tuned to where (the individual school) and when cases
within individual schools arise. Closing all schools together is less than optimal as some of the
schools closed may have no infectious cases present. For the three school closure strategies
examined we find that closure of one week has limited impact and closure of two or more weeks
is increasingly more effective, in a linear manner.

In the absence of intervention our model assumes an age-specific attack rate that is higher in
children and young adults (see Methods section), which is consistent with A/H1N1 2009
influenza [37]. Previous modelling studies, such as prior work by the authors with the same
simulation model used here (see [7] supplementary info), and others [17], have found that, as
might be expected, school closure is less effective in the case of uniform age-specific attack
rates.

91

3.4.1 Related research
We have identified 12 previous simulation studies that deal with the use of antiviral
interventions for pandemic influenza mitigation [19] [20] [26] [21] [22] [24] [46] [25] [14] [27]
[47] [37]. Five of these can be meaningfully compared to our study, being both
methodologically similar (individual-based models) and examining similar interventions at
similar reproduction numbers [20] [22] [26] [25] [47]. Four of these found results broadly
consistent with our results [20] [26] [25] [47]; these used baseline (unmitigated) epidemics with
final attack rates in the range 30%-34.5% and found that antiviral treatment plus prophylaxis to
households resulted in final attack rate reductions of 41%-54%, requiring antiviral stockpile
sizes of from 410,000 to 580,000 per million population. Our comparable result finds a similar
attack rate reduction (40%) but is more optimistic in terms of stockpile requirement (250,000).
This may arise as a consequence of our assumption of a higher prophylactic efficiency (85%,
compared to 30% for these studies), which is based on a more recent analysis of antiviral
effectiveness studies [38] [40]).

The work of Germann et al. [22] appears to be an outlier, finding the treatment plus household
prophylaxis strategy overwhelmingly more effective, essentially completely preventing an
epidemic (final attack rate of 0.06% from 33% baseline) while using only a 10,000 per million
stockpile. McCaw and McVernon [14], using a differential equation-type of model, find that a
treatment and extended prophylaxis strategy could very effectively postpone an epidemic. They
assume a lower R0 than the 1.5 used here (for the same final attack rate) and note that their
model is very sensitive to seeding (or intervention delay) assumptions. Also, the use of contact
tracing of 20%-40% of contacts (required for the long epidemic postponements) for a uniform
mixing model cannot be directly compared to an individual-based model; tracing from 4 to 8 out
of 20 assumed contacts spread randomly through the population may represent a harder task
than tracing 15 or so household and hub members directly in contact with a diagnosed case. The
study reported in [27], while comprehensive, is not comparable with our study for the following
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reasons: the lowest R0 considered was 1.7, the diagnosis ratio assumed was 60% or 80%, all
scenarios included additional social distancing (in the workplace and wider community) which
was not widespread in 2009. Furthermore that study did not consider the T or T+H+E strategies
and did not report on antiviral stockpile requirements.

Unlike antiviral medication, school closure has historically been used as an intervention
measure in influenza pandemics, usually as part of a “social distancing” policy. Evidence from
reviews of past studies [48] [28] shows that some benefits can be obtained from the closure of
schools during seasonal and pandemic influenza. However there is still substantial debate about
if, when and how school closure should be implemented during a pandemic. Previous
simulation studies have been performed to address the issue of the potential effectiveness of
school closure, with varying results [20] [22] [23] [49]. A comparative study of different
simulated school closure interventions [7] concluded that effectiveness depends on several
factors about which little is known, such as the relative proportion of infections that occur in the
school setting, the contact behaviour of pupils when school closure is in effect, and the timing
and duration of school closure. In addition to the uncertain effectiveness of school closure, it is
also unclear which type of school closure policy might be economically and socially acceptable
in a community during a pandemic. This motivated us to improve upon previous work by
closely modelling several school closure strategies which actually took place at the early stages
of the 2009 influenza pandemic and we focused on three particular school closure/class isolation
strategies. As information about the contact behaviour of pupils during school closure during the
2009 pandemic is only now appearing [45], we made the assumption that pupils would make
household and community contacts during school closure, but no additional compensating
contacts. Since the school closure strategies we simulated actually occurred, we can be sure that
they represent practical and generally acceptable measures. Although the interventions which
were implemented were generally of short duration, we speculate that if the 2009 pandemic had
exhibited a higher case fatality ratio, longer durations of school closure would have been
tolerated, or even demanded.
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In the study reported here we have not modelled other non-pharmaceutical interventions such as
household quarantine, workplace closure or public gathering bans, interventions that were much
less in evidence during the 2009 pandemic. This is not because we believe that these
interventions are ineffective or unimportant; on the contrary, combinations of rigorous social
distancing interventions may be the only way to arrest the spread of a highly transmissible,
highly pathogenic influenza strain until vaccines are available, as determined and discussed in
[7] [8].

3.5

Conclusions

The results suggest that antiviral drugs may be utilized in a more effective manner, and have
significantly more impact for containing an influenza pandemic, than that which occurred
during the 2009 pandemic. Specifically, the sustained use of antiviral drugs for treatment and
prophylaxis appears to be a better strategy than that adopted in many countries, which restricted
its use to treatment-only at the early stages of the pandemic. These results furthermore suggest
that creating an antiviral drug stockpile of a size which allows a treatment plus household
antiviral strategy is optimal in terms of cases averted per antiviral course. Simulation of a range
of school closure strategies and durations suggests that isolating diagnosed individuals and
contacts is less effective than closing whole schools, but that they need to be closed for periods
of at least two weeks for there to be a significant benefit. Closure for periods beyond three
weeks is even more effective but is probably only feasible from a societal perspective if the
pandemic has a high case fatality ratio. The coupling of school closure with each of the three
antiviral strategies improves their effectiveness in reducing both the daily incidence rate and the
overall attack rate. This indicates the value of using school closure strategies, which were used
in a limited manner during the 2009 pandemic.
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Chapter 4

Developing

guidelines

for

school

closure

interventions to be used during a future influenza
pandemic*

In this chapter, operational issues related to school closure intervention (such as when schools
would be closed, how long schools would be closed and what type of school closure (individual
or simultaneous) would be implemented during a future influenza pandemic) are modelled,
evaluated and discussed. Alternative school closure strategies are also coupled with antiviral
drug interventions, and simulated to investigate their effectiveness on pandemics using 2009
influenza pandemic data. With a detailed analysis, a set of policy guidelines has been proposed
that may be helpful to public health policy for mitigating a future influenza pandemic.

The findings suggest that individual school closure would be an effective strategy compared to
the simultaneous school closure. The key would be the optimal timing for the particular school
closure strategy. The results also supported that a particular school closure strategy should be
adopted depending on the disease severity (i.e. more pathogenic) and its transmissibility (which
influences the rate of growth and spread of the epidemic). Additional effectiveness for reducing
illness attack rates would be obtained through combining antivirals with school closure
strategies. These results could be used to guide public health policy decisions in implementing
school closure strategies during a future influenza pandemic.
*

Halder N, Kelso JK Milne GJ, Developing guidelines for school closure interventions to be
used during a future influenza pandemic. BMC Infectious Diseases 2010, 10(1): p. 221.
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Developing guidelines for school closure interventions to be used during a future
influenza pandemic

Abstract
Background: The A/H1N1 2009 influenza pandemic revealed that operational issues of
school closure interventions, such as when school closure should be initiated (activation
trigger), how long schools should be closed (duration) and what type of school closure should
be adopted, varied greatly between and within countries. Computer simulation can be used to
examine school closure intervention strategies in order to inform public health authorities as
they refine school closure guidelines in light of experience with the A/H1N1 2009 pandemic.

Methods: An individual-based simulation model was used to investigate the effectiveness of
school closure interventions for influenza pandemics with R0 of 1.5, 2.0 and 2.5. The
effectiveness of individual school closure (schools should be closed individually) and
simultaneous school closure (all schools should be closed at a time) were analysed for 2, 4 and 8
weeks closure duration, with a daily diagnosed case based intervention activation trigger
scheme. The effectiveness of combining antiviral drug treatment and household prophylaxis
with school closure was also investigated.

Results: Illness attack rate was reduced from 33% to 19% (14% reduction in overall attack
rate) by 8 weeks school closure activating at 30 daily diagnosed cases in the community for an
influenza pandemic with R0 = 1.5; when combined with antivirals a 19% (from 33% to 14%)
reduction in attack rate was obtained. For R0 ≥ 2.0, school closure would be less effective. An 8
weeks school closure strategy would give 9% (from 50% to 41%) and 4% (from 59% to 55%)
reduction in attack rate for R0 = 2.0 and 2.5 respectively; however, school closure plus antivirals
would give a significant reduction (~15%) in overall attack rate. The results also suggested that
an individual school closure strategy would be more effective than simultaneous school closure.
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Conclusions: Our results indicated that the particular school closure strategy to be adopted
depends both on the disease severity (i.e. more pathogenic), which will determine the duration
of school closure deemed acceptable, and its transmissibility (which influences the rate of
growth and spread of the epidemic). For epidemics with a low transmissibility (R0 < 2.0) and/or
mild severity, individual school closures should begin once a daily community case count
would be exceeded. For a severe, highly transmissible epidemic (R0 ≥ 2.0), long duration school
closure should begin as soon as possible and be combined with other interventions.

4.1

Background

There is a continuing threat of a future novel influenza pandemic having high morbidity (in
terms of hospitalisation) and mortality (in terms of case fatality) rates. Major pandemics
occurred in the past century due to antigenic shift and reassortment of influenza viruses causing
millions of deaths; among them the 1918 pandemic caused the most death [1]. Other influenza
pandemics were considered moderate in terms of mortality in 1957 and 1968 [2]. In 2009,
influenza A/H1N1 virus, first identified in Mexico, rapidly circulated around the world causing
an influenza pandemic [3]. The A/H1N1 2009 influenza pandemic has caused at least 16,455
deaths in 213 countries as of 28th February, 2010 [4]. The 2009 influenza pandemic may cause
public health authorities to review their pandemic mitigation guidelines in light of the limited
success in containing and controlling the pandemic. Therefore, improved pandemic guidelines
are especially required for future highly pathogenic pandemics, such as may occur if a human
transmissible H5N1 virus emerges.

Pandemic influenza guidelines from the USA, UK and Australia [5-7] and those from the World
Health Organization (WHO) [8] suggest a series of non-pharmaceutical and pharmaceutical
interventions. Among those intervention strategies, school closure is commonly suggested as a
key intervention strategy to slow down the spread of a pandemic within a community,
particularly at the early stages of its advancement. The rationale for considering school closures
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as a frontline intervention is that children and young adults are thought to be the most
susceptible to any influenza virus due to their high contact rates within school clusters and
limited (or no) immunity to a circulating virus strain when compared to adults. The significance
of school closure is also reflected in the A/H1N1 2009 influenza pandemic where about 60% of
cases infected with influenza A/H1N1 virus are 18 years or younger [9], and many of the
disease transmissions took place in school clusters [9-12]. In addition, school closure can be
quickly adopted with a high degree of compliance1. School closure strategies are therefore
significant for controlling the spread of a pandemic within a community, by breaking the chain
of disease transmission among school children and young adults. School closure is also intended
to allow sufficient time for the development of appropriate vaccines.

During the early progression phase of the A/H1N1 2009 influenza pandemic, school closure
interventions and application of antiviral drugs for treatment and prophylaxis were implemented
in Australia and other parts of the world [13-15]; however, in certain countries the activation of
these measures appears to have been somewhat haphazard. Modelling studies [16-22] have
shown that influenza pandemics which may have higher and/or similar reproduction rate than
that of the 2009 influenza A/H1N1 pandemic, would be susceptible to attack rate reduction
through school closure strategies, and might be contained if combined with other social
distancing and pharmaceutical interventions. Benefits, in terms of reduced attack rates
(cumulative illness attack rate and daily incidence rate) and avoided hospitalisations and deaths,
would be expected from closing schools during an influenza pandemic; however, school closure
must be weighed against the potential high economic and social costs. Studies [9] [24]
suggested that a 12 weeks school closure might cost in the range of 0.2% - 1.0% of GDP in the
UK. Uncertainties were remained in the implementation of school closure unless the virus strain
is severe. In addition there is no clear agreement on operational issues such as when school
closure should be initiated (its activation trigger), how long schools should be closed (length of
closure or duration) and what types of school closures (either individual school closure or
simultaneous school closure) should be adopted. In this context, Cauchemez et al. reviewed
1

Compared to other strategies (Antiviral strategies, work force reduction or community contact reduction), school

closure can be implemented at any time by government authority.
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historical approaches of school closure strategies as a public health policy in [9]. No modelling
study has yet extensively and systematically evaluated the operational issues of school closure
interventions in terms of how they impact on the effectiveness of alternative school closure
strategies; the objective of this study is to do just this. In light of the varied school closure
responses [11] [14] [15] to the A/H1N1 2009 influenza pandemic taken by many countries we
believe that the outcomes from this detailed evaluation of school closure strategies will help
better inform public health policy makers as to the optimal use of school closure measures
during a future influenza pandemic.

4.2

Methods

4.2.1 Population model
A detailed simulation model of a small community of Albany (a small city in Western
Australia) with approximately 30,000 population was used to simulate local epidemics for R0
values of 1.5, 2.0 and 2.5 with the dynamics of influenza A/H1N1 2009 swine flu virus. Details
and an extensive methodological description of the population model used here were described
in [21] [23] [25]. Using this model, we conducted stochastic, individual-based simulations of
local epidemics, assuming that an average of one new infection per day was randomly
introduced into the population for the whole epidemic. The simulation period was divided into
12 hour day/night cycles and during each simulation cycle a nominal location of each individual
was calculated, taking into consideration the cycle type (day/night, weekday/weekend), the
infection state of each individual and whether child supervision was needed to look after a child
at home. Individuals residing in the same location during the same period of time (cycle) were
assumed to come into potential infective contact.

4.2.2 School closure and antiviral interventions
The school closure interventions modelled were individual school closure and simultaneous
school closure strategies. In the individual school closure strategy, we assumed that upon a
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single diagnosed symptomatic case within a primary school, the whole school was closed; if
there were one or two cases diagnosed in a high school only the class members of the affected
class were isolated; and finally if there were more than two cases diagnosed in a high school the
entire school was closed. However, this school closure policy was only activated when the daily
number of diagnosed cases in the community reached an activation trigger. Cases occurring in
schools before this time did not result in school closure.

We also evaluated a simultaneous school closure strategy where all schools in the community
were closed simultaneously, using a similar community activation trigger. School closure
interventions were modelled for fixed durations from 2, 4 or 8 weeks. The intervention
activation trigger was modelled in a way such that the intervention would come into effect when
there was a certain reported number of diagnosed cases per day in the community (for example,
after reported cases reached 20 per day the public health authority may announce 2 weeks of
school closure).

We also evaluated the application of antiviral drugs to allow us to examine intervention
strategies which combine school closure with antiviral treatment and prophylaxis, as occurred
during the A/H1N1 2009 influenza pandemic [13]. We assume that 50% of symptomatic
individuals were diagnosed and treated with antiviral drugs and their close contact household
members were given antivirals for prophylaxis. We also assumed that the antivirals were
distributed continually throughout the pandemic period, restricted to 1 course for treatment and
a maximum 2 courses for prophylaxis per individual. The antiviral administration strategy
began once the reported cases in the community reached 10 per day. This would provide
sufficient time for the public health authorities to become aware of the arrival of the epidemic in
the community and allow time for antiviral distribution and so forth. Detailed modelling
explanation and parameters for antiviral drug interventions are given in [26] with key details
being repeated below.
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4.2.3 Transmission model
The transmission probability that a susceptible individual would be infected by an infectious
individual when the two came into contact was calculated according to the following
transmission function, which takes into account the disease infectivity of the infectious
individual Ii and the susceptibility of susceptible individual Is at the time of contact. The
transmission probability function is given as follows:
Ptrans (Ii, Is) = β × Inf(Ii) × Susc(Is) × AVF(Ii, Is)
The baseline transmission coefficient β was initially chosen to give an epidemic with an attack
rate of 17.4% which is consistent with seasonal influenza. To achieve simulations under a range
of reproductive numbers, β was increased from this baseline value to achieve epidemics of
various R0 magnitudes. Details of the procedure for estimating R0 calibrating β are given in
[21].

The disease infectivity parameter Inf(Ii) was set to 1 for symptomatic individuals at the peak
period of infection and then to 0.5 for the rest of the infectivity period. The infectiousness of
asymptomatic individuals was also assumed to be 0.5 and this applied to all infected individuals
after the latent period but before onset of symptoms. The infection profile of a symptomatic
individual was assumed to last for 6 days as follows: a 0.5 day latent period (with Inf(Ii) set to
0) is followed by a 1 day asymptomatic and infectious, where Inf(Ii) is set to 0.5; then 2 days at
peak infectiousness (with Inf(Ii) set to 1.0); followed by 2.5 days reduced infectiousness (with
Inf(Ii) set to 0.5). For an infected but asymptomatic individual the whole infectious period (of
5.5 days) was at the reduced level of infectiousness with Inf(Ii) set to 0.5. This infectivity
profile is a simplification of the infectivity distribution found in a study of viral shedding [27].
Following infection an individual was assumed to be immune to re-infection for the duration of
the simulation. We further assumed that influenza symptoms developed one day into the
infectious period [27], with 20% of infections being asymptomatic among children and 32%
being asymptomatic among adults. These percentages were derived by summing the age
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specific antibody titres determined in table five of [28]. Symptomatic individuals withdrew into
the home with the following probabilities; adults 50% and children 90%, which is in keeping
with the work of [16] [17].

The susceptibility parameter Susc(Is) was a function directly dependent on the age of the
susceptible individual. It captures age-varying susceptibility to transmission due to either partial
prior immunity or age-related differences in contact behaviour. To achieve a realistic age
specific infection rate, the age-specific susceptibility parameters were calibrated against the
serologic infection rates for seasonal H3N2 in 1977-1978 in Tecumseh, Michigan [29].

The antiviral efficacy factor AVF(Ii, Is) = (1 - AVEi) * (1 - AVEs) represents the potential
reduction in infectiousness of an infected individual (denoted by AVEi) induced by antiviral
treatment, and the reduction in susceptibility of a susceptible individual (denoted by AVEs)
induced by antiviral prophylaxis. When no antiviral intervention was administered the values of
both AVEi and AVEs were assumed to be 0, indicating no reduction in infectiousness or
susceptibility. However, when antiviral treatment was being applied to the infectious individual
the value of AVEi was set at 0.66, capturing a reduction in infectiousness by a factor of 66%
[30]. Similarly, when the susceptible individual was undergoing antiviral prophylaxis the value
of AVEs was set to 0.85 indicating a reduction in susceptibility by a factor of 85% [30].

4.3

Results

4.3.1 Simulated characteristics of the epidemics under the unmitigated scenarios
Three separate influenza epidemics with the basic reproduction number, R0 of 1.5, 2.0 and 2.5
were simulated using the Albany population model. The outcomes of the simulated epidemics
varied stochastically due to the random location of infectious individuals seeded into the model
as index cases and the probabilistic model of influenza transmission. We further assumed that a
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continuous influx of infectious individuals was introduced from outside of the simulation
boundary at a rate of one infectious case per day to achieve a sustained epidemic for each
simulation. Therefore we determined the results of all simulated epidemics from the average of
40 separate simulation runs, each with stochastic choices made using a different random number
sequence. The mean cumulative illness attack rates (or attack rate) of 40 simulation runs were
33% (standard deviation 0.57%), 50% and 59% of the total simulated population corresponding
to R0 values of 1.5, 2.0 and 2.5 respectively; while peak daily incidences were 120, 333 and 564
cases per 10,000 population. The mean serial intervals or generation times were 2.49 days, 2.36
days and 2.21 days corresponding to R0 values of 1.5, 2.0 and 2.5 respectively.

4.3.2 Impact of duration on school closure interventions
The impact which different school closure durations had in reducing attack rate depended on the
transmissibility of the particular virus strain, activation trigger and the type of school closure.
The reduction in attack rate due to 2, 4 and 8 weeks school closure strategies for R0 of 1.5, 2.0
and 2.5 was shown in Figure 4.1.

For R0 = 1.5 a maximum of 8% (from 33% to 25%), 10% (from 33% to 23%) and 14% (from
33% to 19%) reduction in attack rate was achieved at 2, 4 and 8 weeks of school closure
respectively (see Figure 4.1 for R0 = 1.5; blue, orange and dark red lines with circle and square
marker).

For R0 = 2.0, a maximum of a 5% (from 50% to 45%), a 7% (from 50% to 43%) and a 9%
(from 50% to 41%) reduction in attack rate achieved for 2 weeks, 4 weeks and 8 weeks of
school closure respectively (see Figure 4.1 for R0 = 2.0; blue, orange and dark red lines with
circle and square marker). Similarly for R0 = 2.5, a maximum of a 3% (from 59% to 56%), a 4%
(from 59% to 55%) and 5% (from 59% to 54%) reduction in attack rate obtained for 2 weeks, 4
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weeks and 8 weeks of school closure respectively (see Figure 4.1 for R 0 = 2.5; blue, orange and

Final Illness Attack Rate (% of population)

dark red lines with circle and square marker).

Figure 4.1 – Final illness attack rate of epidemics with school closure operational issues. Outcomes of
two different types of school closure intervention strategies (individual school closure and simultaneous
school closure) for 2, 4 and 8 weeks school closure duration with/without antiviral treatment plus
household prophylaxis (T+H) for three different R0 values of 1.5, 2.0 and 2.5 as a function of a number of
daily diagnosed cases (activation trigger) are shown. The outcomes are reported in cumulative illness
attack rate as a percentage of the simulated population size. The non-intervention or baseline epidemics
are shown in green line. Three different colours have been used to report school closure periods; dark
blue for 2 weeks, orange for 4 weeks and dark red for 8 weeks closure duration, using four different
markers used to distinguish the two types of school closure intervention and presence/absence of antiviral
treatment plus household prophylaxis. We assumed that 50% of symptomatic cases would be diagnosed
after 1 day of their symptom’s appearance. We further assumed that antiviral treatment and prophylaxis
(T+H) began after 10 cases were diagnosed in one day in the community.

Combining antiviral treatment and household prophylaxis (T+H) with school closure strategies
decreases the attack rates for all duration scenarios. For example, for R0 = 2.0 and 2.5, ~10%
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reduction in attack rate would be achieved by coupling T+H with the school closure strategies
compared to the purely school closure strategies (see Figure 4.1 for R0 = 2.0 and 2.5; comparing
the results with T+H (diamond and triangle marker) and without T+H (circle and square
marker) for all blue, orange and dark red lines); whereas for R0 = 1.5, ~8%, ~7% and ~5%
reductions in attack rate would be achieved by 2, 4 and 8 weeks school closure strategies
respectively (see Figure 4.1 for R0 = 1.5).

The effectiveness of school closure on the reduction in the peak daily incidence is shown in
Figure 4.2 for the range of R0’s, activation triggers and durations considered. The pattern of
reduction in the peak daily incidence is similar to that of the cumulative illness attack rate,
although the reduction is larger in relative terms. The most notable difference is that the
consequences of premature school closures are greater for the peak daily incidence, especially
for R0 ≥ 2.0 (see Figure 4.2, blue lines with circle maker, centre and right panels). Our
simulation results show that for R0 = 1.5, a maximum reduction of 64 (from 120 to 56), 80
(from 120 to 40), 87 (from 120 to 33) cases per 10,000 population would be achieved by 2, 4
and 8 weeks school closure respectively. For R0 = 2.5, a maximum reduction of 184 (from 564
to 380), 194 (from 564 to 370), 214 (from 564 to 350) cases would be achieved by 2, 4 and 8
weeks school closure respectively (see Figure 4.2; dark blue, orange and dark red lines with
circle and square marker).

Coupling antiviral treatment and household prophylaxis (T+H) with school closure strategies
would further reduce the peak daily incidence. For example, at R0 = 2.5, a maximum reduction
of 304 (from 564 to 260) cases per 10,000 would be achieved by 2 weeks school closure
strategies with an activation trigger of 30 daily diagnosed cases (see Figure 4.2; dark blue lines
with diamond and triangle marker).

Peak Daily Incidence Rate (per 10,000 population)
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Figure 4.2 – Peak daily incidence rate of epidemics with school closure operational issues. Outcomes of
two different types of school closure intervention strategies (individual school closure and simultaneous
school closure) for 2, 4 and 8 weeks school closure duration with/without antiviral treatment plus
household prophylaxis (T+H) for three different R0 values of 1.5, 2.0 and 2.5 as a function of a number of
daily diagnosed cases (activation trigger) are shown. The outcomes are reported in peak daily incidence
rate per 10,000 of the population size, and assume a diagnosis ratio of 50%.

4.3.3 Impact of activation trigger on school closure interventions
The reductions in attack rate achievable by school closure reported above depend on schools
closing at the right time. One of the observable measures of the advance of an influenza
epidemic used in public health forecasting is the number of newly infected cases per day, as
estimated by the reported number of daily diagnosed cases. In our simulation results, the
reported number of daily diagnosed cases has been used as an activation trigger used to initiate
the school closure interventions.
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Our study indicates that the activation trigger which gives the maximum reduction in attack rate
depends on R0, the closure duration, and the type of school closure intervention in a non-trivial
way. The impact of the activation trigger on the reduction of attack rate is shown in Figure 4.1.

If schools close for 2 weeks an activation trigger of at least 50 cases per day gives an 8% (from
33% to 25%) reduction in attack for R0 = 1.5 (see Figure 4.1 for R0 = 1.5; blue lines with circle
and square marker); whereas the optimal trigger is ~80 cases per day for the epidemics with R 0
≥ 2.0, (see Figure 4.1 for R0 ≥ 2.0; blue lines with circle and square marker).

For 4 weeks of school closure, activation triggers of 40, 50 and 10 cases per day should be used
to obtain optimal attack rates (see Figure 4.1; orange lines with circle and square marker) for R0
of 1.5, 2.0 and 2.5 respectively. With 8 weeks of school closure, activation triggers of 30, 5 and
1 case(s) per day give the maximum reduction in attack rate for R0’s of 1.5, 2.0 and 2.5
respectively (see Figure 4.1; dark red lines with circle and square marker).

When adding antiviral treatment and household prophylaxis (T+H) to school closure strategies,
simulation suggests that school closure activation triggers of 20, 40 and 50 cases per day are
within 1% of optimal for R0 of 1.5, 2.0 and 2.5 respectively (see Figure 4.1; lines with diamond
and triangle marker) and these activation triggers apply for all durations from 2 to 8 weeks.
When antivirals are added to school closure, there is less variation in attack rate due to variation
in the school closure activation trigger. This is because when antivirals are used, most (at least
half, for the scenarios simulated) of the reduction in attack rate is due to antivirals, which have
the same effect regardless of the school closure activation trigger. As a result, achieving optimal
reduction in attack rates for the combined strategies is less dependent on precise choice of the
activation trigger. It turns out that this is true to such a degree that for each R0 a single activation
trigger can be chosen for all school closure durations that provides a final attack rate that is
within 1% of the best possible outcome. The concurrent use of this antiviral strategy thus
effectively eliminates the dependency of optimal activation trigger on school closure duration.
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We have summarized the relationship between activation trigger (as the reported number of
daily diagnosed cases), the proportion of the population infected per day, the proportion of the
population infected within the community and the timing delay between the first infected
individual appearing in the population, and the time at which interventions are initiated. The
summarized results are given in Table 4.1.
Table 4.1 – Relationship of activation trigger, cumulative diagnosed cases and
intervention activation delay.
R0
Activation trigger

1.5

Cases

% of population

Cumulative

Activation

Cumulative

Activation

Cumulative

Activation

diagnosed

diagnosed per day

diagnosed

delay

diagnosed

delay

diagnosed

delay

cases (%)

days

cases (%)

days

cases (%)

days

per day

2.0

in

2.5

in

1

0.003

1 (0.003)

5

1 (0.003)

5

1 (0.003)

5

5

0.017

19 (0.063)

14

14 (0.047)

11

12 (0.04)

9

10

0.033

53 (0.177)

20

40 (0.133)

14

31 (0.104)

11.5

15

0.05

97 (0.33)

24

60 (0.2)

16

48 (0.16)

13

20

0.067

136 (0.45)

26

83 (0.277)

17

68 (0.227)

14

25

0.083

190 (0.63)

28

109 (0.364)

18

85 (0.284)

14.5

30

0.1

237 (0.79)

30

136 (0.454)

19

99 (0.33)

15

40

0.13

335 (1.12)

33

188 (0.627)

20

140 (0.467)

15.5

50

0.167

454 (1.52)

36

235 (0.784)

21

179 (0.597)

16

60

0.2

586 (2.0)

38

288 (0.96)

21.5

214 (0.714)

16.5

70

0.233

708 (2.4)

40

345 (1.15)

22

245 (0.817)

17

80

0.267

848 (2.83)

42

409 (1.364)

23

298 (0.994)

17.5

90

0.3

958 (3.2)

43

447 (1.49)

23.5

342 (1.14)

18

100

0.333

1107 (3.7)

45

528 (1.76)

24

366 (1.22)

18.5

in

The table shows a range of daily diagnosed case(s) in the community, which our simulations use as
school closure activation triggers. It relates the activation trigger to the proportion of the population
newly diagnosed per day, the cumulative number of diagnosed cases, and the consequent delay in
intervention corresponding to each activation trigger, for three different simulated epidemics with R 0
values of 1.5, 2.0 and 2.5.
For a number of daily diagnosed cases to count towards the intervention activation, it is assumed that the
following sequence of events occurs:
i) The individual becomes infected with the pandemic strain.
ii) The individual experiences significant symptoms.
iii) They seek medical attention.
iv) The infection is identified as pandemic influenza strain.
v) The case should is reported to a public health monitoring scheme.
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The diagnosis ratio (or ascertainment efficiency) is assumed such that 50% of the symptomatic cases
should be diagnosed following the conditional probability that event v) occurs given that both i) and ii)
have occurred. A further assumption is that there are no false positive reports during pandemic influenza.

4.3.4 Impact of individual school vs. simultaneous school closure
interventions
The type of school closure (either individual school closure or simultaneous school closure)
which gives the maximum reduction in attack rate also depends on R0, activation triggers and
closure durations. The comparative effectiveness of both individual school closure and
simultaneous school closure interventions are given in Table 4.2. Our simulation results suggest
that simultaneous school closure is more effective if it is perfectly timed. However, the range of
timings (activation triggers) that give the optimal reduction in attack rate can be narrow.
Individual school closure is often capable of achieving almost the same reduction in attack rate,
but over a wider range of activation triggers. For example, at R0 = 1.5, an ~8% (from 33% to
25%) reduction in attack rate would be achieved by 2 weeks simultaneous school closure when
the number of daily diagnosed cases (activation trigger) reached 70, with almost the same effect
being obtained within the range of 60 and 80 diagnosed cases per day (see Figure 4.1 for R 0 =
1.5; blue lines with circle marker). However, the same ~8% reduction would be achieved by 2
weeks individual school closure when the number of daily diagnosed cases (activation trigger)
reached 50, with almost the same effect being obtained within the wider range of 30 and 70
diagnosed cases per day (see Figure 4.1 for R0 = 1.5; blue lines with square marker). A detailed
summary of the range of activation triggers for each school closure strategy, at which a
maximum reduction in attack rate can be achieved, is given in Table 4.2.
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Table 4.2 – Optimal attack rate reductions and sensitivity to activation trigger
for school closure strategies.
Duration
2 weeks

4 weeks
Activation

Attack rate

8 weeks

R0

Intervention

Attack rate

1.5

none

32.5

ISC

25

30 – 70

22.7

20 – 50

19

10 - 30

SSC

24.7

60 - 80

22.4

40 - 60

18.3

20 - 30

ISC + AV

17.3

1 - 30

16

1-30

14

1-20

SSC + AV

17

30 - 40

15.9

20-30

13.8

20-30

none

49.9

ISC

45

40 - 90

43

10 - 70

41

1 - 10

SSC

45.2

70 - 90

42.8

30 - 90

40.5

10 - 30

ISC + AV

35.5

1- 80

33.6

20 - 90

31.6

1 - 10

SSC + AV

35.3

70 - 90

33.4

50 - 90

31.5

10 - 50

none

58.8

ISC

55.8

30 - 90

54.8

1 - 20

54.5

1 - 50

SSC

55.7

80 - 90

54.7

10 - 90

54.2

1 - 50

ISC + AV

46.7

30 – 90

45.5

1 - 90

44.8

1 - 10

SSC + AV

46.7

60 - 90

45.5

20 - 90

44.3

1 - 30

trigger range

2.0

2.5

Activation

Attack rate

trigger range
32.5

Activation
trigger range

32.5

49.9

49.9

58.8

58.8

For each R0 value in, each school closure intervention (individual vs. simultaneous, with and without
antiviral treatment and household prophylaxis), and each school closure duration (of 2, 4 or 8 weeks), this
table gives: (a) the reduced attack rate attained by closing schools with the optimal time (i.e. using the
optimal activation trigger), and (b) the range of activation triggers for which the attack rate reduction is
almost the same as the optimal value. Attack rate is expressed in % of population. The range of school
closure activation trigger as a reported number of daily diagnosed cases. The bold activation trigger
indicates the wider range of a school closure strategy for which that strategy would be more effective i.e.
the attack rate would be almost same. A diagnosis ratio of 50% is assumed.

4.3.5 School closure and age-specific attack rates
Although our simulated school closures applied directly to the 6-12 and 13-17 age groups, we
found that reductions in attack rate were experienced by all age groups. Figure 4.3 shows agespecific attack rates for an epidemic with R0 of 1.5, for the baseline (no-intervention) case and
for 2 and 8 weeks of school closure. Although proportional reductions in attack rates are largest
in the school age groups (37% and 39% for the 6-12 and 13-17 groups respectively for 8 weeks
school closure), the reductions in the other age groups are still considerable, ranging from 28%
to 33% for 8 weeks school closure. As the school-age groups comprise only 20% of the
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population, the results indicate that 66% of cases avoided due to school closure occur outside
the school age groups.

Figure 4.3 – Impact of school closure on age-specific attack rates. Age specific attack rates (the
proportion of each age group experiencing symptomatic infection) are shown for the baseline case (no
interventions), 2 weeks school closure and 8 weeks school closure. The unmitigated epidemic has an R 0
of 1.5. School closure is timed optimally according to policy recommendation in Table 4.4.

4.3.6 Sensitivity analysis
Epidemiological data for pandemic influenza are often uncertain, sparse, limited and widely
distributed. There are uncertainties in characteristics such as mortality, morbidity, disease
transmissibility, contact behaviour and behavioural changes among people during a pandemic
and also in antiviral and vaccine efficacies, pre-existing immunities and well as other
uncertainties. The simulation model upon which the current study is based has been subject to
an analysis determining its sensitivity to alternative estimates for parameters relating to serial
interval, age-specific attack rates and other assumptions (see [21], electronic supplementary
material, Text S2). This analysis shows sensitivity of the un-mitigated attack rate and of the
attack rate when mitigated by school closure. The current simulation model differs from the
earlier model only in that it has a more refined model of viral shedding (see Methods,
Transmission model).

In this study we tested the sensitivity of our results to the parameter known as diagnosis ratio (or
case ascertainment efficiency) ranging from 10% to 100% of symptomatic cases being
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diagnosed during the epidemic period. The diagnosis ratio may be influenced by an efficient
surveillance policy and has a significant impact on the effectiveness of interventions. The
outcomes for different levels of diagnosis ratio for school closure strategies for an epidemic
with a reproduction number R0 = 1.5 are given in Figure 4.4. In this figure, optimal activation
triggers are used assuming a diagnosis ratio of 50%, but the true diagnosis ratio is allowed to
vary.

Figure 4.4 – Impact of diagnosis ratio on the effectiveness of school closure activation trigger for R 0 =
1.5. Outcomes of the activation trigger that would give the maximum reduction in attack rate (as Optimal
trigger given in Table 4.3 assuming 50% diagnosis ratio) and the activation trigger at a single
symptomatic case (Single case trigger) for individual school closure (ISC) and simultaneous school
closure (SSC) strategies in relation to diagnosis ratio (% of symptomatic cases) are shown. The outcomes
are reported in percentage of the simulated population size for the epidemics with R 0 values of 1.5
regarding school closure durations of 2, 4 and 8 weeks.

The most notable outcome is that at least a 40% diagnosis ratio is required for the maximum
reduction in attack rate (see Figure 4.4; green and purple line). A lower diagnosis ratio would
result in an excessive delay of school closure activation. In contrast, underestimating the
diagnosis ratio (and consequently introducing school closure too soon) has less serious
consequences. The relationship between activation trigger and activation delay, assuming a
diagnosis ratio of 50%, is given in Table 4.1.
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4.4

Discussion

4.4.1 Key findings
This modelling work indicates that school closure strategies most effectively reduce both attack
rate and peak daily incidence if they are initiated at the correct time - in this study, when a given
number of cases have been diagnosed per day (see Table 4.3). A limited reduction in attack rate
is obtained if closure activation occurs immediately (see Figure 4.1 and Figure 4.2). This
phenomenon arises when school closure is triggered too early (at a single community-wide
diagnosed case) and the school closure strategy is applied only once and for a fixed, limited
closure duration. This is also illustrated in Figure 4.5 which shows epidemic curves for various
school closure durations and activation triggers.

For example, for an epidemic with an R0 of 1.5, with a 4 weeks school closure strategy (either
individual school closure or simultaneous school closure) triggered by a single diagnosed case,
the simulation results indicate that school closure slows the initial epidemic growth, but when
school closure interventions are relaxed after 4 weeks the epidemic restarts (see Figure 4.5 for
R0 = 1.5; blue and light green lines). Therefore, determining the optimal school closure trigger is
crucial when the number of times schools close and their duration is limited. The optimal school
closure activation triggers for a range of reproduction numbers, school closure types and
duration scenarios are given in Table 4.3.
Table 4.3 – Optimal school closure activation triggers.
Optimal triggers in the number of daily diagnosed cases per 30,000 population
(% of population newly infected per day)
School closure

R0

strategy

Duration

1.5

2.0

2.5

ISC

2 weeks

50 (0.16)

80 (0.26)

80 (0.26)

4 weeks

40 (0.13)

50 (0.16)

10 (0.03)

8 weeks

20 (0.06)

1 (0.003)

1 (0.003)

2 weeks

70 (0.23)

80 (0.26)

80 (0.26)

4 weeks

50 (0.16)

50 (0.16)

10 (0.03)

8 weeks

30 (0.1)

10 (0.03)

1 (0.003)

SSC
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A greater number of activation triggers (for the reproduction numbers and durations considered)
have the individual school closure strategy performing better (in terms of reduction in attack
rate) than that involving simultaneous school closure. For the trigger scenarios where
simultaneous closure is the better strategy, difficulty arises if the optimal case load trigger is
missed, possibly due to under- or misdiagnosis of cases. If this is the situation then individual
school closure performs better, and hence is a safer strategy to adopt.

Figure 4.5 - Daily epidemic progression curves for different school closure activation triggers. The daily
incidence curves of the simulated epidemics (with R0 values of 1.5, 2.0 and 2.5) with the activation
trigger that would be given the maximum reduction in attack rate (as Optimal trigger) and the activation
trigger at a single symptomatic case (as Single case trigger) for individual school closure (ISC) and
simultaneous school closure (SSC) strategies for 2, 4 and 8 weeks duration are shown. The red epidemic
curves are for the baseline or un-mitigated epidemics for corresponding R0s. Blue and light green curves
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are for the prompt triggered ISC and SSC strategies. The other pink and dark green lines are for the best
triggered ISC and SSC strategies.

Given that at the beginning of an influenza pandemic we are unlikely to know how many
asymptomatic or un-diagnosed cases exist, it may be difficult to determine when the optimal
activation trigger has been reached. Since individual school closure does almost as well over a
greater number of activation triggers, this suggests that it is a more reliable strategy to adopt in
the face of uncertainty about the true degree of epidemic spread. Furthermore, individual school
closure is more likely to be socially acceptable for mild pandemic strains, as parents will be
aware of the local cases triggering the school closures that affect them.

The marginal increase in effectiveness of additional weeks of school closure decreases as the
duration increases. For example, at R0 = 1.5, 2 weeks school closure gives an 8% reduction (4%
per week) in attack rate. An additional 2 weeks school closure gives an additional 2% (1% per
week) reduction. A further 4 weeks school closure (8 weeks total) gives an additional 4% (1%
per week) reduction (see Figure 4.1 for R0 = 1.5; blue, orange and dark red lines with circle and
square marker). School closure and antiviral drug use for treatment and prophylaxis are
complementary. The combination of antiviral strategies together with school closure always
gives an increased reduction in attack rate compared to either in isolation, across different
transmissibility characteristics, school closure activation triggers (except for significantly
delayed school closure at R0 = 1.5), school closure types and school closure durations (see
Figure 4.1 for R0 = 1.5).

4.4.2 Modelling features and relationship to other studies
We have developed an individual-based simulation model of Albany (a small city of ~30,000
population in Western Australia) utilizing Australian Bureau of Statistics Census data [31] to
simulate epidemics with a range of characteristics and to systematically evaluate school closure
strategies. Related models range in scale from the whole world [32], through large [17] [18] and
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smaller [16] [33] countries, to detailed [21] and synthetic [19] [10] small communities. Our
model differs from the differential equations-based deterministic and compartmental models
[34-37] which consider homogeneous mixing patterns within and between subpopulations; for a
survey on mathematical modelling of influenza pandemics see [38]. Our model encompasses
significant complexity including spatial contact structure, age specific susceptibility, mixing
groups and community wide random contacts [21] [23]. For the purposes of this study the
model has been augmented with sophisticated models of school closure and antiviral
prophylaxis and treatment.

Empirical evidence and previous modelling studies indicate that school closure can reduce the
magnitude of an influenza epidemic (for a detailed review, please see [9]). The effectiveness of
school closure clearly depends on operational issues such as what type of school closure is
adopted (simultaneous school closure or individual school closure), when school closure should
be triggered, and how long schools should be closed.

Previous modelling studies have made particular assumptions, plausible or idealized, about
these issues, and found school closure to be effective to a lesser or greater extent. In Ferguson et
al. [17] 3 weeks of individual school closure strategy was chosen for multiple times and the
strategy was activated after a single community case was detected. In Germann et al. [18], Glass
et al. [19] and Davey et al. [20] [39], a simultaneous school closure strategy was assumed for
the whole pandemic period with an activation trigger following single or several community
case(s) detection (in Germann et al. triggered at 1 community case, in Glass et al. at 10
community case and in Davey et al. a sensitivity for 10, 30 and 100 community cases was
shown). In Milne et al. [21] a comparison of school closure interventions evaluated using
different individual-based models was studied. In that study the authors emphasized the benefit
of long duration school closure in containing an influenza pandemic. However long term school
closure has an adverse economic impact; Sadique et al. [24] estimated a cost in the range 0.2% 1.0% of GDP in the UK following 12 weeks of school closure. The effectiveness of school
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closure evaluated in these modelling studies depended largely on the underlying assumptions
made about their models.

In this study we have explicitly considered three key school closure operational issues which
were identified in [9] as being significant. These are: when school closure should be initiated
(activation trigger), how long schools should be closed (duration) and what type of school
closure should be adopted. We determined the impact of these operational issues on influenza
pandemics; no previous modelling study has systematically evaluated such school closure
operational issues. We believe that the detailed evaluation of such strategies will contribute to
further development of school closure policy guidelines for future influenza pandemics.

Antiviral drug strategies also play an important role in controlling disease spread at the early
stages of an outbreak. In addition to school closure (in isolation), we simulated the application
of antiviral drug treatment and prophylaxis to household members of an infected case layered
with school closure. A detailed evaluation of the effectiveness of antiviral drug strategies
applied to a pandemic similar to the A/H1N1 2009 influenza pandemic has been investigated in
[26].

There are some limitations of the model used in this study. As the model is based on a
population in a developed country the outcomes may not be applicable to populations in a
developing country, where populations may be less mobile and have higher population
densities. We have focused on the reduction in the number of daily symptomatic cases and the
cumulative illness attack rate as they are used for determining intervention effectiveness rather
than focusing on influenza-related adverse events such as hospitalisations and deaths. We also
do not take account of possible antiviral drug resistance [40] [41] [48] [49] that may arise due to
the implementation of antiviral drug strategies, as our main goal is to suggest refinements to
policy guidelines for school closure.
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4.4.3 Public health policy implications
We have evaluated a range of school closure activation triggers (as a function of the reported
number of daily diagnosed cases in a community), school closure durations, and types of school
closure interventions for the potential control of a future influenza pandemic. The results may
be used to inform public health authorities as they revise guidelines for school closure.
Although short periods of school closure strategies were adopted in different countries as an
attempt at controlling spread the A/H1N12009 influenza pandemic [11] [14] [15] [42], they met
with limited success; for a highly pathogenic (i.e. more severe) influenza pandemic longer
periods of school closure would need to be adopted (see Table 4.4) as school closure policy
recommendations. Our results imply that closure periods longer than 2 weeks may be effective
for significant reduction in attack rate (see Figure 4.1; for R0 = 1.5).
Table 4.4 – School closure policy recommendations2.
Pandemic transmissibility
Pandemic

School closure

severity

duration

mild

2 weeks

low (R0 = 1.5)

Medium (R0 = 2.0)

High (R0 = 2.5)

Schools should be closed individually when cases are identified in each school; this policy should be
delayed until the first day on which 13 new cases per 10,000 population are diagnosed (assuming 50%
diagnosis of symptomatic individuals).

moderate

4 weeks

Schools should be closed individually when cases are identified in each school; this policy should be
instituted as soon as possible once the pandemic has reached the community. Antivirals should be
dispensed to slow the spread.

severe

8 weeks

Schools

should

be

closed

All

schools

should

as

schools

possible once the pandemic

possible once the pandemic

policy should be delayed until

reaches

the

reaches

the first day on which 6 new

Antivirals

and

cases per 10,000 population are

pharmaceutical

diagnosed

should also be applied.

community.
other

simultaneously

should

identified in each school; this

50%

soon

All

simultaneously

(assuming

as

close

individually when cases are

the

as

close

soon

as

community

non-

Antivirals should be dispensed

interventions

in larger extent to slow down
disease spread. Other social

diagnosis rate). However, if the

distancing based interventions

activation trigger is missed all

should be rigorously applied.

schools should close as soon as
possible. Antivirals should be
dispensed together with school
closure and home isolation.

We assume that a key factor which will determine the duration of school closure will be the
perceived severity of the pandemic (i.e. the pathogenicity of a pandemic). For a ‘mild’
pandemic similar to the A/H1N1 2009 pandemic and similar in severity to seasonal influenza
2

These recommendations are based on the assumed parameter values and their simulated outcomes. So caution should

be taken while interpreting the recommendations and implementing strategies.
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[43], it is unlikely that school closure would be tolerated for periods longer than two weeks. In
contrast, during a pandemic with severity similar to the 1918 pandemic (with a case fatality ratio
estimated as > 2.5%) [1], the public might accept (or even demand) school closure for several
months.

Recommendations for school closure interventions should reflect that in the case of a severe
pandemic (case fatality ratio > 2.0%) with high transmissibility (R0 ≥ 2.0), where schools would
be closed for at least 8 weeks, all schools should be closed at the same time, and as early as
possible once the epidemic reaches the local community. In the case of a moderately severe
pandemic (case fatality ratio < 1.0%) where schools would be closed for at least 4 weeks,
schools should close individually once cases are detected in each school and this policy should
be instituted as soon as possible. In the case of a mild pandemic similar to the A/H1N1 2009,
where at most 2 weeks of school closure would be adopted, schools should close individually,
but caution should be taken due to the premature school closures. The additional use of antiviral
treatment and prophylaxis will give a greater reduction in attack rate than school closure in
isolation for influenza epidemics with R0 ≥ 2.0, (see Figure 4.1 for R0 ≥ 2.0).

For epidemics with R0 <= 1.5 where antivirals are used, there is no advantage having periods
longer than 2 weeks (e.g. 4 or 8 weeks) of school closure if school closure is delayed for 40
days or more3 (see Figure 4.1 for R0 = 1.5). In all other scenarios, the combination of antivirals
and school closure is substantially more effective than either strategy alone. For highly
transmissible epidemics (R0 = 2.5), fixed period school closure alone will be ineffective (i.e.
have a limited ~4% reduction in the attack rate) (see Figure 4.1 for R0 = 2.5); therefore,
additional rigorous social distancing based interventions would need to be applied [21] [23].

Selecting a school closure activation trigger for short closure periods using a reported number of
diagnosed cases per day (rather than a fixed period of time, say 2 weeks) means that the timing
adapts to faster developing epidemics (those with higher reproduction numbers). For example,
3

This observation is only true for the simulated scenarios presented in this study. So caution should be taken while

interpreting the results and implementing the strategies.
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the 40 daily diagnosed cases per 30,000 populations occur at 33, 20 and 15 days for R 0 = 1.5,
2.0 and 2.5 respectively (see Table 4.1). These results show that the optimal use of school
closure depends both on pandemic severity (which will determine the feasible duration of
school closure) and its transmissibility characteristics.

Our approach to modelling a generic influenza pandemic was to base epidemic characteristics
on those of seasonal influenza strains (for which data is available), but to increase the overall
transmissibility (by increasing the basic transmission probability) in order to represent higher
infectivity of immunologically novel strains. We thus assumed that the age specificity of
infection followed a pattern typical of seasonal influenza. With the advent of the 2009/2010
pandemic, data from an actual pandemic influenza strain has become available, albeit a strain
that has turned out to be less pathogenic and immunologically novel than first thought. Our R 0 =
1.5 simulations align with estimates for the 2009 pandemic [44] [42] [45-47], as does our
derived serial interval of 2.49 days. The A/H1N1 2009 pandemic exhibited a somewhat
different pattern of age-specific infectivity than our seasonal influenza baseline, with higher
attack rates in children and young adults but lower attack rates in older adults. We conducted an
alternate set of simulations based on the A/H1N1 2009 age-specific attack rate pattern and R0
(results not reported here). We found that the alternative assumptions lead to a lower overall
attack rate (compared to a “seasonal” epidemic with the same R0), but that the proportional
effectiveness of school closure and optimal activation triggers were essentially identical.

4.5

Conclusions

Our simulation results give guidance as to public health policy decisions in the refinement of
school closure strategies to be used in a future influenza pandemic. We have systematically
evaluated school closure operational issues to determine when schools should be closed and reopened to achieve the maximum reduction in influenza spread. We found that the optimal
timing of school closure depends both on the duration of school closure (which we assume will
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depend on the severity of the influenza strain, with strains that are more severe in terms of
serious infection outcomes making longer periods of school closure acceptable) and on the
transmissibility of the influenza strain (which influences the rate of growth and spread of the
epidemic). Accurate early estimates of epidemic characteristics such as the basic reproduction
number and disease severity are thus necessary to achieve the maximum case reduction from
school closure. We found that a policy of allowing schools to close individually was much less
sensitive to the precise timing of the intervention than a policy of simultaneous communitywide school closure, a valuable observation given the difficulty in determining the true degree
of epidemic spread in the early stages of an outbreak. Furthermore, the effectiveness of
antivirals together with school closure intervention is less sensitive due to the variation in school
closure activation trigger.
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Chapter 5

The impact of case diagnosis coverage and diagnosis
delays on the effectiveness of antiviral strategies in
mitigating pandemic influenza A/H1N1 2009*

In this chapter, impacts of case diagnosis coverage (i.e. the percentage of ill people being
diagnosed as symptomatic; not necessarily clinically diagnosed) and case diagnosis delay (i.e.
the time delay between an person becoming symptomatic and the starting point of antiviral
treatment) on the effectiveness of antiviral drug based strategies are described on the context of
the 2009 A/H1N1 influenza pandemic. Here antiviral drugs strategies are modelled in
conjunction with school closures. A detailed analysis is given for the effective usage of antiviral
drugs with/without school closures in order to reduce adverse impact of a future influenza
pandemic.

The significance of this chapter is to provide a thorough investigation of the effectiveness of
antiviral drug strategies and how they are impacted by diagnosis coverage and diagnosis delay.
The findings suggest that the effectiveness of antiviral based strategies would be improved
through the rapid diagnosis of symptomatic cases, the rapid implementation of antiviral drug
strategies, and also the diagnosis of a high proportion of cases during an influenza pandemic.
Maximizing the coverage (treating more cases with antiviral drugs) was found to reduce the size
of the required antiviral drug stockpile. Furthermore, this research also examines the sensitivity
of the results to antiviral efficacy, infectivity of infectious individuals and pandemic
transmissibility.
*

Kelso JK, Halder N, Milne GJ, The impact of case diagnosis coverage and diagnosis delays on the
effectiveness of antiviral strategies in mitigating pandemic influenza A/H1N1 2009. PLoS One 2010,
5(11): e13797.
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The impact of case diagnosis coverage and diagnosis delays on the effectiveness of
antiviral strategies in mitigating pandemic influenza A/H1N1 2009

Abstract
Background: Neuraminidase inhibitors were used to reduce the transmission of pandemic
influenza A/H1N1 2009 at the early stages of the 2009/2010 pandemic. Policies for diagnosis of
influenza for the purposes of antiviral intervention differed markedly between and within
countries, leading to differences in the timing and scale of antiviral usage.

Methods: The impact of the percentage of symptomatic infected individuals who were
diagnosed, and of delays to diagnosis, for three antiviral intervention strategies (each with and
without school closure) was determined using a simulation model of an Australian community.
Epidemic characteristics were based on actual data from the A/H1N1 2009 pandemic including
reproduction number, serial interval and age-specific infection rate profile.

Results: In the absence of intervention an illness attack rate (AR) of 24.5% was determined
from an estimated R0 of 1.5; this was reduced to 21%, 16.5% or 13% by treatment-only,
treatment plus household prophylaxis, or treatment plus household plus extended prophylaxis
antiviral interventions respectively, assuming that diagnosis occurred 24 hours after symptoms
arose and that 50% of symptomatic cases were diagnosed. If diagnosis occurred without delay,
ARs decreased to 17%, 12.2% or 8.8% respectively. If 90% of symptomatic cases were
diagnosed (with a 24 hour delay), ARs decreased to 17.8%, 11.1% and 7.6%, respectively.

Conclusions: The ability to rapidly diagnose symptomatic cases and to diagnose a high
proportion of cases was shown to improve the effectiveness of all three antiviral strategies. For
epidemics with R0 <= 1.5 our results suggest that when the case diagnosis coverage exceeds
~70% the size of the antiviral stockpile required to implement the extended prophylactic
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strategy decreases. The addition of at least four weeks of school closure was found to further
reduce cumulative and peak attack rates and the size of the required antiviral stockpile.

5.1

Background

Treatment and prophylaxis with antiviral drugs is a core strategy in the influenza pandemic
preparedness plans [1] [2] [3] of Australia, the USA and UK and was utilized during the H1N1
2009 pandemic [4]. The efficacy of antiviral drugs for treatment and prophylaxis has been
demonstrated in trials, as analysed in [5]. In addition to reducing the severity and duration of
symptoms [6], neuraminidase inhibitors also reduce both infectiousness of treated individuals
and susceptibility of exposed individuals undergoing prophylaxis [5], preventing secondary
transmission and thus potentially reducing the impact of the epidemic. Modelling studies
oriented to H5N1 have been used to determine their effectiveness in reducing illness attack
rates; examples include reducing illness amongst health care workers [7] [8] and in the wider
community [9-13].

We have expanded on previous modelling studies by simulating, in detail, the effect of several
key aspects of antiviral interventions. These include the effect of delaying diagnosis and the
ratio of diagnosed to undiagnosed symptomatic cases, as well as the subsequent antiviral
treatment and (possible) prophylaxis. We simulated epidemics in a community of 30,000
individuals, basing the characteristics of the influenza strain on those of the H1N1 2009
pandemic as estimated from actual pandemic data including reproduction number [14-18], serial
interval [14] [15] and age-specific attack rate profile [19].

The H1N1 2009 pandemic revealed that strategies for using antiviral drugs differed markedly
between and within countries [4]. One of these differences was whether antiviral drugs were
used solely for treatment or also for prophylaxis. Prophylaxis strategies also differed in terms of
the extent of the contact group at which the prophylaxis was targeted; that is, whether it was
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household members only or whether it was extended to include workplace or school contacts.
The decision to use antivirals in a prophylactic capacity (and if so, how extensively) will clearly
determine both the population-level effect of the intervention and the magnitude of the antiviral
resources needed. We simulated three increasing scales of antiviral usage: treatment only,
treatment plus household prophylaxis, and treatment plus household prophylaxis plus
prophylaxis of workplace or school class contacts.

Another difference in the application of antiviral drugs involved the methods used to determine
who should receive treatment, and as a consequence who should also receive prophylaxis. Some
countries (e.g. some states in Australia) initially required laboratory testing before initiation of a
treatment regime (and the possible prophylaxis of a contact group), while others only required
diagnosis of an influenza-like illness (ILI) by a medical practitioner. In other countries (e.g. the
United Kingdom) diagnosis could be conducted over the telephone by a health-care worker with
immediate authority for the prescription of antiviral drugs. Assuming that infected individuals
seek medical attention upon the development of symptoms, the diagnosis procedure adopted is a
key determiner of the time delay between symptom onset and initiation of treatment (and
possible prophylaxis). Since viral shedding in an infected person occurs around the time of peak
symptoms [20], diagnosis delay will strongly influence the effectiveness of antivirals in
interruption of transmission. We simulated diagnosis delays ranging from immediate (less than
6 hours), which might be possible in the case of the telephone system described above, to 48
hours after symptoms appearing, which might be a plausible (though unlikely) turn-around time
for a heavily loaded testing laboratory.

In addition to variations in these operational aspects of antiviral delivery, a key observation of
the 2009 pandemic was the difficulty in ascertaining all the cases, and therefore the proportion
of infected cases to which antiviral interventions were being applied (which we refer to as the
diagnosis coverage). We simulated such diagnosis coverages ranging from 10% through to
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100%. As school closures were a common adjunct to antiviral intervention policies, we also
simulated all antiviral interventions with and without concurrent school closures.

In the case of a newly emerged and highly virulent influenza strain, a key aim of public health
policy will be to contain infection spread – that is, reduce the rate of new infections to a very
low level – either to prevent an epidemic or to buy time for a vaccine to be developed and
distributed. Current pandemic planning calls for antiviral drugs to be used as part of such a
containment response, so understanding the effects of operational issues pertaining to planned
antiviral interventions is vital. Our simulation experiments allowed us to quantify reductions in
the overall illness attack rate and in the maximum daily case load under a range of diagnosis
delays and diagnosis coverages for both treatment-only and treatment plus prophylaxis
strategies. Detailed examination of these factors also permits us to establish how these two
diagnosis criteria impact on the required size of an antiviral stockpile.

5.2

Methods

5.2.1 Simulation model
We used an individual-based model of a small community in Western Australia (Albany) with a
population of approximately 30,000 to simulate the dynamics of the 2009 influenza pandemic.
We used census, state and local government data to construct a human contact network
involving households, schools, childcare centres, workplaces and a regional hospital. The
simulation period was divided into 12 hour day/night cycles; during each cycle the nominal
location of every person was determined, and individuals occupying the same location were
assumed to come into potential infective contact. In addition, community interaction was
modelled by assuming that active individuals would contact other active individuals each day,
with contact being random but biased towards contact between people with nearby home
locations.
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This model was previously developed to determine the effectiveness of social distancing and
vaccination measures for a possible future H5N1 pandemic [21,22,23], and was subsequently
used to examine antiviral and school closure interventions that were employed in the A/H1N1
2009 pandemic [13]. We have further refined this model to include the ability to simulate
diagnosis delays and coverages, and to reflect the biology of the A/H1N1 2009 influenza strain
according to information available in early 2010. Transmission of infection between infectious
and susceptible individuals who came into infective contact was resolved stochastically. The
probability of transmission was calculated as a function of the state of the infectious (Ii) and
susceptible (Is) individuals involved at the time of contact, as given by:
Ptransmission (Ii, Is) = β × Susc(Is) × Trans(Ii) × (1 – AVEs(Is)) × (1 – AVEi(Ii))
Each factor contributing to the transmission probability is described below. The basic
transmission probability (β), capturing the infectivity of the virus strain, was chosen to give an
unmitigated epidemic with a reproduction number R0 of 1.5. We also determined alternative
basic transmission probabilities that gave epidemics with R0 values of 1.2, 2.0 and 2.5 – the
rationale for selecting these values is presented in the Discussion section.

To achieve a realistic age specific infection rate, age-specific susceptibility parameters (the
function Susc appearing above) were calibrated to achieve an age-specific attack rate similar to
that of the A/H1N1 2009 pandemic. This was achieved using the following procedure. Using the
age distribution of cases reported to the EDCD [19] (based on European Union influenza
surveillance data for the period April to September 2009) and the age demographics of the
Albany Model (which are similar to those of Europe), we calculated an age-specific attack rate
profile. We then determined transmission probability susceptibility parameter values (Susc) for
each age group in order to give an epidemic that matched this attack rate profile. The basic virus
transmission probability parameter was then adjusted (keeping age-specific susceptibilities
constant) to produce epidemics with target reproduction numbers, as described above.
In order to determine if this assumption has an important influence on the effectiveness of
antiviral strategies, we repeated our simulations with an alternative set of age-specific
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susceptibility parameters that gave rise to age-specific attack rates similar to those of seasonal
influenza (parameters were calibrated to serologic infection rates reported for H3N2 in 1977–
1978 in Tecumseh, Michigan [24]). The main difference between the two age-specific attack
rate profiles is the greater numbers of cases in the 12–24 age groups for A/H1N1 2009, but
fewer cases in older age groups, compared to seasonal influenza. The age-specific infection rate
profiles used to determine age-specific susceptibilities for the two different assumptions are
shown in Figure 5.1.

Figure 5.1 – Age-specific infection rate profiles for seasonal and A/H1N1 2009 influenza used to
calibrate age-specific susceptibility. The proportion of each age group infected in a baseline (unmitigated)
epidemic is shown for seasonal influenza and for A/H1N1 2009. In both cases age demographics are
those of the Albany Model, and final infection rates are 17% (corresponding to a 13% final symptomatic
attack rate).

Infected individuals were fully infectious (i.e. Trans(Ii) = 1.0) from 36 hours after infection
(when symptoms were deemed to appear) to 84 hours after infection; and less (half) as
infectious for the rest of the infectivity period (i.e. Trans(Ii) = 0.5)1, which began 12 hours after
infection and finished 6 days after infection. This timeline of the progression of individual
infection (which we refer to as the infectivity profile), in conjunction with other simulation
parameters and the structure of mixing groups, results in a mean serial interval of 2.3 days
(standard deviation 1.6 days), which was consistent with the A/H1N1 2009 pandemic as
estimated in [14] [15]. The serial interval was calculated by determining the time between the
event when an individual became infected, and the subsequent infection event due to that
1

The authors summarized that for the A/H1N1 virus, on average viral shedding was detected 1 day after inoculation and peaked
for 2-3 days. The virus shedding was stopped after 6-7 days following a post-peak infectious period (see figure 2 of [20]).
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individual infecting another, averaged over all infected individuals during a simulation run. The
peaked infectivity profile described above is an approximation of the viral shedding distribution
documented in [20]. In order to examine the sensitivity of our results to this choice of infectivity
profile we conducted an analysis using 4 additional alternative infectivity profiles. For each
alternative infectivity profile, a corresponding β (basic transmission probability) value was
determined so that the resulting no-intervention epidemics all had an R0 value of 1.5, and the
simulation experiment series was repeated. The full details of the alternative infectivity profiles
are given in Supporting Information Text S1. Although there is evidence that infectiousness
(as well a susceptibility) is age-specific, we have not included this effect in our model.

We assumed that 32% of infected adults (20% of children) would experience asymptomatic
infection [25], and that 50% of symptomatic adults (90% of children) would isolate themselves
in their household for the duration of their infection. In the baseline epidemic, this leads overall
to 23% of infections being asymptomatic, which is consistent with an estimate for the 2009
A/H1N1 pandemic of 22% [26]. We assumed that an average of one new infection per day was
stochastically introduced into the population during the whole period of the simulations.

As with earlier work other parameter values such as community contact rates and school class
sizes were selected to give plausible values for in-household versus out-of-household
transmission [21].

5.2.2 Antiviral efficacy
We assumed that the probability of infection transmission during an infectious contact was
reduced by 66% if the infected individual was undergoing antiviral treatment (i.e. AVEi(Ii) =
0.66) [5] [27], and that treated individuals experienced a 1-day reduction in illness duration
[28]. During cycles in which antiviral treatment is not in effect, which could be because no
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antiviral treatment strategy was being simulated, or the individual was not symptomatic, or was
not diagnosed, or treatment had not yet begun due to diagnosis delay, AVEi(Ii) was set to 0.

Note that in the case that an individual became infected while undergoing antiviral prophylaxis
but did not receive treatment, either because they experienced asymptomatic infection, or
because they were not diagnosed (see Diagnosis Delay and Coverage below), the same AVEi
reduction in infectiousness was applied during the prophylaxis period.

Similarly, the transmission probability was reduced by 85% if the susceptible individual was
undergoing antiviral prophylaxis (i.e. AVEs(Is) =0.85) [5]. This estimate is higher than most
previous modelling studies, which assume an AVEs of 30% (e.g. [9] [10]). Our higher value is
based on a more comprehensive estimation process reported in [5], which also incorporated an
data from an additional study performed in 2000-2001 [34]. It is also in line with estimates of
64%-89% reported in [27]. It was also assumed that the susceptible individual was undergoing
antiviral prophylaxis to be 50% less likely to experience symptomatic illness if they did become
infected as also adopted in [28]. For individuals not undergoing treatment or prophylaxis, the
respective AVEi and AVEs parameters were set to 1.0.

We further examined the possibility that the efficacy of reducing infectivity is dramatically
reduced if treatment is delayed by conducting a sensitivity analysis with the alternate
assumption that AVEi declined exponentially with the length of time between symptoms
developing and AV administration, with AVEi reduced by one half for each 24 hour delay.
Figures illustrating the action of AVEi for various diagnosis delays are contained in Supporting
Information Text S1.
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5.2.3 Antiviral strategies
We analysed three different antiviral intervention strategies that were used (variously) in
Australia, the United Kingdom and the USA during the early stages of the 2009 influenza
pandemic. These strategies were:
1. Treatment-only (T): Diagnosed individuals received antiviral drug treatment.
2. Household prophylaxis (T+H): Diagnosed individuals received antiviral treatment and all
household members were given antiviral drugs for prophylaxis.
3. Extended prophylaxis (T+H+E): Here the prophylactic use of antiviral drugs was extended to
a wider group of contacts, with prophylaxis given to class members (if the diagnosed person is
school pupil or teacher) or to workplace contacts (if the case was diagnosed in a workplace
location), in addition to their household members.

Antiviral treatment involved diagnosed individuals receiving two doses taken daily for 5 days;
antiviral prophylaxis consisted of one dose taken daily for 10 days.

Note that by ‘‘diagnosis’’ we do not necessarily mean laboratory confirmed diagnosis; merely
that an individual sought medical attention and a decision to administer antivirals was made.
Note that for the prophylaxis scenarios, we assumed that an individual who became infected
(and was diagnosed) during prophylaxis would switch to a new full-length antiviral treatment
course. We also assumed that a person would receive at most two prophylactic courses; and that
they would not receive prophylaxis if they had previously experienced symptomatic infection.

5.2.4 School closure
For each of these strategies, we simulated epidemics with and without school closure (SC). We
assumed that closure of each school was triggered following diagnosis of two cases in the
school, whereupon the school was closed for two weeks, with each school closing on at most
two occasions for a maximum total of 4 weeks. School closures were applied to primary and
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secondary schools but not to childcare facilities or adult education institutions. We assumed that
teachers and pupils affected by school closure would not attend their regular school hub during
the daytime cycle but instead dwelt at home, coming into contact with other individuals present
in the household. Individuals so affected were assumed to make their usual community contacts
during the day, but made no additional (compensatory) contacts.

5.2.5 Diagnosis delay and coverage
We simulated diagnosis coverages, that is, the percentage of those who experience symptomatic
infection who are actually diagnosed, ranging from 10% through to 100% in 10% increments.

We define the diagnosis delay to be the period from when an individual first experiences
symptoms to the time when they receive antivirals. We assumed that antiviral treatment or
prophylaxis began at the time diagnosis was made. We simulated diagnosis delays ranging from
immediate (less than 6 hours after the appearance of symptoms) up to 48 hours, in 12 hour
increments.

We assume that the actual time of diagnosis relative to the time of infection or symptom onset
may be caused by a variety of factors; delay in individuals seeking medical attention, access to
health care facilities, delay in laboratory diagnosis, or availability of antiviral drugs.

5.3

Results

In the absence of interventions our simulated baseline epidemic had an R0 of 1.5, a final attack
rate (AR) of 24.5%, and a serial interval of 2.32 days. Additional epidemic characteristics, and
characteristics for alternate baseline epidemics with R0 values of 1.2, 2.0, and 2.5 can be found
in Supporting Information Table 5.S1. The rationale for selecting these values is presented in
the Discussion section. Results for all simulated epidemics were determined from the average of
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40 individual simulation runs, each with stochastic choices made using a different random
number sequence.

Several patterns of results held across all intervention scenarios. Greater prophylactic use of
antivirals always resulted in greater reductions in AR: strategy T+H+E was better than T+H
which in turn was better than T (see Figure 5.2A and Figure 5.3A). The pattern of peak daily
incidence reductions was the same as for final AR reductions; with daily incidence reductions
being proportionally larger than final AR reductions (see Figures 5.2B and 5.3B). The addition
of 4 weeks school closure to any antiviral strategy consistently gave an additional decrease in
antiviral usage, AR, and peak daily incidence.

5.3.1 Impact of diagnosis delay
We simulated a range of diagnosis delays from zero to 48 hours, assuming a 50% diagnosis
coverage. Results for the three antiviral drug strategies, with and without 4 weeks of school
closure, are shown in Figure 5.2. Figure 5.2A shows that delaying antiviral treatment (and
related prophylaxis if used) resulted in an approximately linear increase in AR for all strategies.

For the best antiviral strategy (T+H+E) the AR ranged from 8.8% with prompt diagnosis (no
delay between symptom appearance and antiviral administration) to 15.4% with a 48 hour
delay; for the T strategy the AR increased from 17.4% to 22.4% over the same range of delays.

Assuming zero-delay diagnosis, a further 3.9%, 3.5% or 2.1% reduction in the final attack rate
resulted from the addition of 4 weeks of school closure to the T, T+H and T+H+E strategies
respectively. The additional reduction in attack rate due to school closure is very similar for
diagnosis delays ranging from 0 to 48 hours.
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The peak daily incidence is also reduced by prompt usage of antiviral drugs. If there is no delay
between symptom appearance and diagnosis the maximum number of symptomatic cases per
day is reduced by 46 (109 to 63), 76 (109 to 33) and 89 (109 to 20) per 10,000 population using
the T, T+H and T+H+E strategies respectively. The addition of school closure can avoid a
further 34, 17 and 8 cases per 10,000 of the population respectively. If antiviral treatment and
prophylaxis were started 24 or 48 hours post symptom appearance, all strategies are less
effective in reducing the peak daily incidence, with treatment-only being affected most
adversely, as shown in Figure 5.2B. Figure 5.4 shows daily incidence epidemic curves for
various intervention strategies and diagnosis delays. The characteristic ‘‘double hump’’
appearing in the school closure epidemic curves is due to schools re-opening after their
maximum 4 weeks of school closure, and the subsequent acceleration of the epidemic at that
point. This indicates that the school closure component of the modelled interventions could be
more effective if optimally timed (this phenomenon is considered further in the Discussion
section and also presented in chapter 4).

Figure 5.2 – Outcome of six antiviral intervention strategies as a function of diagnosis delay. Three
outcomes are reported: (A) cumulative illness attack rate, (B) peak daily incidence (per 10,000
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population), and (C) number of antiviral courses used as a percentage of the population size. We assumed
that antiviral treatment or prophylaxis began at the time diagnosis was made and that 50% of
symptomatic cases would be diagnosed.

5.3.2 Impact of diagnosis coverage
A range of diagnosis coverages for each of the three antiviral drug strategies were analysed
using a realistic diagnosis delay of 24 hours. As might be expected, our results indicate that a
higher case diagnosis coverage will reduce the final illness attack rate and the peak daily
incidence, as shown in Figures 5.3A and 5.3B.

Figure 5.3 – Outcome of six antiviral intervention strategies as a function of diagnosis ratio. Three
outcomes are reported: (A) cumulative illness attack rate, (B) peak daily incidence (per 10,000
population), and (C) number of antiviral courses used as a percentage of the population size. We
simulated percentages of symptomatic individuals being diagnosed ranging from 10% to 100% in 10%
increments. We assumed that the delay between symptoms appearing and antiviral treatment or treatment
plus prophylaxis was 24 hours.
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With a minimum diagnosis coverage of 10% none of the antiviral drug strategies can contain the
epidemic i.e. reduce the illness attack rate to less than 10% of the population. The final attack
rates are 23.8%, 22.9% and 20.8% (compared to the unmitigated attack rate of 24.5%), and the
peak daily incidence rates are 104, 95 and 84 per 10,000 (compared to the unmitigated value of
109) following administration of the T, T+H and T+H+E strategies respectively. With a 50%
diagnosis coverage the attack rates are 21.0% (down 3.5%from 24.5%), 16.5% (down 8.1%)
and 13.0% (down 16.4%) respectively. Adding school closure reduced the attack rate further, to
17.1%, 13.0% and 10.7% respectively, showing the benefit of this layered approach. Figure 5.5
shows daily incidence epidemic curves for various intervention strategies and diagnosis delays.
We summarize the impact of different diagnosis delays and diagnosis coverages on the overall
illness attack rate and the peak daily incidence in Table 5.1.
Table 5.1 – Outcome of antiviral epidemic measures with various diagnosis delays and ratios.
final symptomatic attack rate (%)

peak daily incidence (per 10,000)

24.5

109

baseline
intervention
strategy

diagnosis delay

diagnosis ratio

90%

diagnosis delay

0h

24 h

diagnosis ratio

0h

24 h

48 h

10%

50%

48 h

T

17.4

21.0

22.4

23.8

21.0

17.8

63

84

96

T+SC

13.6

17.1

18.2

18.4

17.1

14.5

29

39

T+H

12.2

16.5

18.4

22.9

16.5

11.1

33

T+H+SC

8.7

13.0

15.0

17.6

13.0

7.8

T+H+E

8.8

13.0

15.4

20.8

13.0

T+H+E+SC

6.7

10.7

13.4

16.8

10.7

10%

50%

90%

104

84

68

41

48

39

35

56

69

95

56

30

16

27

31

43

27

15

7.6

20

34

47

84

34

17

6.1

12

19

26

39

19

12

Final symptomatic attack rate (as % of population) and peak daily symptomatic incidence (per 10,000)
are given for different intervention strategies, diagnosis delays and diagnosis ratios. Intervention
strategies are abbreviated as follows: T – antiviral treatment of diagnosed cases, H – prophylaxis of
household of diagnosed cases, E – prophylaxis of school or work contacts of diagnosed cases, SC – four
weeks of school closure. Where diagnosis delay differs from 24 hours, diagnosis ratio is 50%; where
diagnosis ratio differs from 50%, diagnosis delay is 24 hours.
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Figure 5.4 – Daily incidence epidemic curves for various delays in antiviral treatment and/or prophylaxis.
Interventions are abbreviated as follows: treatment only (T), household prophylaxis (H), extended
prophylaxis (E), 4 weeks school closure (SC). We assumed that 50% of symptomatic cases would be
diagnosed.

Figure 5.5 – Daily incidence epidemic curves for various diagnosis ratios. Interventions are abbreviated
as follows: treatment only (T), household prophylaxis (H), extended prophylaxis (E), 4 weeks school
closure (SC). We assumed that 50% of symptomatic cases would be diagnosed. We assumed that antiviral

145

treatment or prophylaxis began at the time diagnosis was made and that 50% of symptomatic cases would
be diagnosed.

5.3.3 Impact on required number of antiviral courses
For all intervention scenarios we found that wider prophylactic use of antivirals resulted in
greater numbers of antiviral courses used, with the T+H+E strategy using the most and T using
the least. We also found that the addition of school closure to any strategy always resulted in the
use of fewer courses.

Figure 5.2C shows that longer diagnosis delays resulted in greater antiviral usage, with the
effect being largest for the prophylaxis strategies. For the T+H+E+SC strategy, the required
number of antiviral courses ranged from 21.4% with zero delay to 33.3% with a 48 hour delay;
for the T+SC strategy the number of courses required varied from 6.7% to 9.0% over the same
range of delay.

As shown in Figure 5.3C, the effect of diagnosis coverage on the required number of antiviral
courses differed qualitatively between the treatment-only and prophylaxis strategies. For T+SC
the number of doses required increases linearly with diagnosis coverage, from 1.8% with a
diagnosis coverage of 10% to 13.7% with a diagnosis coverage of 100%. For T+H+E+SC the
number of courses required increases rapidly to a peak of 30.1% at a diagnosis coverage of
60%; beyond this diagnosis coverage threshold the number of courses required falls, reaching
26.6% at a diagnosis coverage of 100%. For T+H+SC the number of required courses increases
more slowly than T+H+E+SC but more rapidly than T+SC, up to a plateau at a diagnosis
coverage of 80%, with a fall from 19.6% at a diagnosis coverage of 80% to 17.7% at a diagnosis
coverage of 100%.
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5.3.4 Sensitivity to reproduction number
Our results reported above assume an influenza epidemic with a basic reproduction number of
1.5. In order to determine the sensitivity of these results to alternate R0 assumptions, we
repeated our analysis of the effect of diagnosis delays and coverages for epidemics with R0
values of 1.2, 2.0 and 2.5. Results of these simulations can be found in Supporting
Information Figures 5.S1 and Figure 5.S2; we describe the most significant outcomes below.

As might be expected, higher R0 values resulted in higher attack rates and less effective antiviral
interventions in proportion to attack rate. Table 5.2 shows the outcome of each antiviral
intervention strategy (with and without school closure) for a range of R0 values. These results
assume a diagnosis delay of 24 hours and a diagnosis coverage of 50%. For all strategies,
increasing R0 causes higher final attack rates, higher peak daily incidence and increased
antiviral use.
Table 5.2 – Outcome of antiviral epidemic measures for epidemics with various reproduction numbers.
R0
intervention

1.2

1.5

2.0

2.5

baseline

12.8

24.5

36.4

43.8

T

8.9

21.0

33.6

41.5

T + SC

5.9

17.1

27.9

36.3

T+H

5.8

16.5

28.6

36.0

T + H + SC

4.1

13.0

23.9

31.3

T+H+E

4.6

13.0

24.4

31.6

T + H + E + SC

3.5

10.7

22.6

29.8

strategy
cumulative attack rate (%)

peak daily incidence (per 10,000)
baseline

33

109

274

450

T

20

84

248

430

T + SC

11

39

107

235

T+H

13

56

195

367

T + H + SC

8

27

81

191

T+H+E

9

34

123

259

T + H + E + SC

7

19

62
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antiviral usage (number of courses used as % of population)
baseline

0.0

0.0

0.0

0.0

T

4.4

10.5

16.8

20.7

T + SC

2.9

8.5

13.9

18.1

T+H

8.5

22.5

34.5

39.7
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T + H + SC

6.0

17.7

28.7

34.3

T+H+E

15.3

33.4

47.1

52.7

T + H + E + SC

11.9

29.2

46.4

52.9

Cumulative attack rates (as % of population), peak daily incidences (per 10,000) and number of antiviral
courses used (as a % of population size) are given for different intervention strategies and for baseline
(i.e. unmitigated) epidemics with four different reproduction numbers (R0). Intervention strategies are
abbreviated as follows: T – antiviral treatment of diagnosed cases, H – prophylaxis of household of
diagnosed cases, E – prophylaxis of school or work contacts of diagnosed cases, SC – four weeks of
school closure. In all cases diagnosis ratio is 50% and diagnosis delay is 24 hours.

We found that in terms of diagnosis delay, epidemics of all reproduction numbers followed the
same pattern: lowest attack rates and antiviral usage occurred with zero delay, and attack rates
and antiviral usage increased essentially linearly with diagnosis delay, up to 48 hours delay. The
actual sensitivity to diagnosis delays (that is, the degree to which antiviral effectiveness
degraded with increasing delay) depended upon the strategy and R0. The degradation in final
attacks is shown in Table 5.3; values ranged from 0.49–1.67 percent per 12 hours delay. We
found that for R0 ≥ 2.0, the antiviral usage became insensitive to the diagnosis delay.
Table 5.3 – Degradation in antiviral effectiveness due to diagnosis delay for epidemics with various
reproduction numbers.
R0
1.2
zerointervention
strategy

delay
attack
rate
(%)

1.5

attack
rate
increase
(% per 12
hours
delay)

2.0

2.5

zero-

attack rate

zero-

attack rate

zero-

attack rate

delay

increase

delay

increase

delay

increase

attack

(% per 12

attack

(% per 12

attack

(% per 12

rate

hours

rate

hours

rate

hours

(%)

delay)

(%)

delay)

(%)

delay)

baseline

12.8

24.5

36.4

43.8

T

6.2

1.06

17.4

1.23

31.0

0.93

39.2

0.78

T+SC

4.0

0.81

13.6

1.16

25.5

0.83

33.3

1.04

T+H

3.6

0.97

12.2

1.55

25.0

1.39

32.4

1.46

T+H+SC

2.8

0.54

8.7

1.57

21.5

1.04

28.2

1.34

T+H+E

2.8

0.73

8.8

1.65

20.9

1.33

28.7

1.18

T+H+E+SC

2.4

0.49

6.7

1.67

19.1

1.27

27.1

1.02

Cumulative attack rates (% of population) are given for zero diagnosis delay (i.e. administration of
antivirals at the time of symptom appearance) along with the approximate increase in final attack rate that
results from each addition 12 hour delay (up to 48 hours). Results are given for different intervention
strategies and for baseline (i.e. unmitigated) epidemics with four different reproduction numbers (R 0).
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Intervention strategies are abbreviated as follows: T – antiviral treatment of diagnosed cases, H –
prophylaxis of household of diagnosed cases, E – prophylaxis of school or work contacts of diagnosed
cases, SC – four weeks of school closure. In all cases diagnosis ratio is 50%.

We also found that for the alternate R0 scenarios the final attack rates and peak daily incidence
varied according to diagnosis coverages in a pattern similar to the R0 = 1.5 results. Since both
R0 and diagnosis coverages are difficult to estimate with a high degree of certainty, one
important statistic is an upper bound on the number of antiviral courses needed to implement a
particular intervention strategy. Table 5.4 gives, for each R0 value simulated, the maximum
antiviral stockpile needed over all diagnosis coverages, and also the diagnosis coverage for
which the maximum occurs. It can be seen that for the treatment-only intervention, or for R0 ≥
2.0, maximum antiviral usage occurs for a diagnosis coverage of 100% (i.e. increasing diagnosis
coverage always require more antivirals); but for prophylaxis strategies at lower R 0 values
maximum antiviral usage plateaus at an intermediate value.
Table 5.4 – Maximum antiviral usage for epidemics with various reproduction numbers.
R0
1.2

1.5

2.0

2.5

intervention

max AV

diagnosis

max AV

diagnosis

max AV

diagnosis

max AV

strategy

usage (%)

ratio (%)

usage (%)

ratio (%)

usage (%)

ratio (%)

usage (%)

diagnosis
ratio
(%)

T

5.6

90

17.1

100

30.7

100

38.8

100

T+SC

4.2

100

13.7

100

25.1

100

32.8

100

T+H

8.7

70

25.8

90

50.3

100

61.6

100

T+H+SC

6.2

90

19.6

80

42.4

100

51.3

100

T+H+E

15.3

50

35.3

70

60.0

100

71.6

100

T+H+E+SC

12.6

80

30.1

60

58.2

100

72.8

100

Maximum number of antiviral courses used (as a % of population size) is given along with the diagnosis
ratio that gave rise to that maximum. Results are given for different intervention strategies and for
baseline (i.e. unmitigated) epidemics with four different reproduction numbers (R0). Intervention
strategies are abbreviated as follows: T – antiviral treatment of diagnosed cases, H – prophylaxis of
household of diagnosed cases, E – prophylaxis of school or work contacts of diagnosed cases, SC – four
weeks of school closure. In all cases diagnosis delay was 24 hours.
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5.3.5 Sensitivity to age-specific attack rate
As described in the Methods section above, we assumed that the individual age-specific
susceptibility to infection was related to the age-specific attack rate (ASAR) of a baseline
(unmitigated) epidemic as observed with the 2009 pandemic. In order to determine the effect of
this assumption on the effectiveness of antiviral strategies, we repeated our simulations with an
alternative set of parameters that gave rise to ASARs similar to those of seasonal influenza [24].

Antiviral diagnosis delay and coverage results based on the seasonal influenza age-specific
attack rate assumption can be found in Supporting Information Table 5.S2. Quantitatively, we
found that the seasonal ASAR gave higher attack rates than the A/H1N1 2009 ASAR. For
example, with R0=1.5 the baseline (no intervention) final attack rate was 32.5% and the peak
daily incidence was 121 per 10,000 compared to 24.5% and 109 per 10,000 for the latter.
Although the baseline attack rates were higher, antiviral interventions gave higher proportional
reductions for the seasonal ASAR assumption. In some cases the prophylaxis strategies reduced
attack rates to a level lower than for the A/H1N1 2009 ASAR assumption, despite starting from
a higher baseline.

Qualitatively, the effects of antiviral interventions and sensitivity to diagnosis delays and
coverages were similar between the two ASAR assumptions: increasing diagnosis delays and
diagnosis coverages led to the same patterns of increase in final attack rates, peak daily
incidence and antiviral usage.

5.3.6 Sensitivity to reduced AVEi due to delayed treatment
An assumption that AVEi is dramatically reduced as a consequence of delayed treatment resulted
in only a small additional loss of antiviral effectiveness; approximately 1% increase in the final
attack rate. For example, the T+H+E strategy gives a final attack rate of 8.8% assuming the
ideal case of there being no delay between symptoms and antiviral treatment. Assuming
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constant AVEi of 66%, 24 and 48 hour delays give final attack rates of 13.0% and 15.4%
respectively; if AVEi is assumed to halve in efficacy with every additional 24 hour delay, the
corresponding final attack rates are 14.0% and 16.1% respectively. Full results of the diagnosis
delay experiments with the declining AVEi assumption are given in Supporting Information
Text S1.

5.3.7 Sensitivity to infectivity curve and serial interval
We conducted an analysis to determine the sensitivity of our results to the individual infectivity
profile – that is, the degree to which an infected individual is infectious as a function of time
since infection – by repeating our experiments with 4 additional alternative infectivity profiles.
Here we report on the results for an alternative infectivity profile that differs from that used in
the main results in that the period of maximum infectivity is earlier (beginning 24 rather than 36
hours after infection) and briefer (lasting 36 rather than 48 hours), and for which the maximum
level of infectivity is higher relative to the level of infectivity assumed for asymptomatic or post
peak infection (being 4 times higher rather than twice as high). Full details and simulation
results for all alternative infectivity profiles are reported in Supporting Information Text S1.

The epidemic outcomes for the alternative, more peaked (i.e. having higher kurtosis) infectivity
profile exhibited three notable features that contrasted with that of the original infectivity
profile. Firstly the peaked infectivity profile resulted in a shorter serial interval of 1.85 days
(standard deviation 0.762 days), compared to 2.31 days (standard deviation 2.88 days) for the
original infectivity profile.

Secondly, although parameters for both infectivity profiles were calibrated to give unmitigated
epidemics with an R0 of 1.5, the final attack rate for the peaked infectivity profile was lower
(21.3%) than for the original profile (24.5%).
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Thirdly, the peaked infectivity profiles result in greater sensitivity to delay in antiviral
treatment, particularly over the first 12 hours after symptom appearance. For example, for the
T+H antiviral strategy with the peaked infectivity profile, diagnosis delays of 0, 12 or 24 hours
resulted in final attack rates of 6.9%, 11.7% or 13.3%, compared to 12.2%, 14.1% or 16.5% for
the same delays for the original profile.

5.4

Discussion

Neuraminidase inhibitors were used in the context of an influenza pandemic for the first time in
2009. Prompted by the observation that a variety of different criteria for distributing antivirals
were used in different countries and at different times [4], we evaluated the impact on attack
rate reductions arising from delays to diagnosis, and hence the initiation of antiviral use for both
treatment and prophylaxis. We also evaluated the impact of varying the percentage of infected
individuals who were diagnosed, the diagnosis coverage. Use of actual data from the 2009
pandemic allowed us to investigate these operational details of antiviral interventions in the
context of simulated epidemics that matched the A/H1N1 2009 pandemic strain in terms of
reproduction number, serial interval and age-specific attack rate profile. We also simulated all
antiviral interventions with and without concurrent school closure, as the combination of school
closure with antivirals was used in many locations during the 2009 pandemic and would
undoubtedly be used in the future upon the occurrence of a more pathogenic influenza
pandemic.

Delaying administration of antiviral treatment and prophylaxis is predicted to result in higher
AR and require a larger stockpile of antiviral drugs. Evidence shows that viral shedding
(presumed to correlate with infectivity) peaks shortly after the peak in symptoms [20]; delay
between symptoms appearing and the beginning of antiviral treatment and prophylaxis thus
coincides with the period of maximum infectivity. Our results show that a slower, more accurate
diagnosis procedure, such as PCR testing, that can distinguish pandemic influenza from other
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influenza-like illnesses (ILI) is not guaranteed to make better use of an antiviral stockpile; this
depends on both the rapidity of diagnosis (the effect of which we quantify) and the prevalence
of non-pandemic influenza ILI. The influence of antivirals prescribed for false-positive ILI
diagnosis is not simple to predict. Such antiviral usage may have a prophylactic effect,
protecting against co-infection with pandemic influenza. If the ILI causing false-positive
diagnosis is another influenza strain, antiviral usage may influence the dynamics of this nonpandemic influenza, changing the prevalence of non-pandemic ILI.

An additional point is that while treatment (and possibly household prophylaxis) may be
possible via a rapid-diagnosis scheme, this is not the case for extended prophylaxis where
contact tracing is necessary: even if contact tracing were to be initiated immediately on
symptom appearance, there might be a 24- or 48- hour delay in finding and distributing
antivirals to school or workplace contacts. However, since our results show that extended
prophylaxis is more effective than treatment-only by a considerable margin, adding prophylaxis,
even if delayed, should substantially improve the outcome.

The proportion of symptomatic individuals diagnosed strongly impacts the effectiveness of all
strategies. We found that increasing the diagnosis coverage resulted in essentially linear
corresponding decreases in the final attack rate. Large decreases in peak daily incidence were
possible by relatively small increases in diagnosis coverage from 10%: halving the nointervention peak daily incidence (from 109 per 10,000) could be achieved by diagnosis
coverages of 50% or 30% from the household and extended prophylaxis strategies respectively.
Adding 4 weeks of school closure resulted in a further halving. The scale of antiviral courses
required for these scenarios would preclude using the extended strategy with a high diagnosis
coverage for all but those countries with very large antiviral stockpiles, but the potential
reduction achieved is considerable.
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Estimating diagnosis coverage is difficult, requiring both information on the prevalence
(obtained for example through serological surveys) and statistics on clinical diagnosis for the
same population. Perhaps due to the mild nature of the 2009 pandemic, diagnosis coverage
estimates that have been made are of the order of 5%–10% [29] [30], and are thus at the lower
end of the range simulated in this study. However, a pandemic perceived to be more deadly
might result in a higher diagnosis coverage, motivating our choice of 50% for a baseline
intervention value.

The sensitivity of the stockpile size to diagnosis coverage differs qualitatively between the
treatment-only and the prophylactic strategies. At R0 <= 1.5 increasing the diagnosis coverage
beyond these thresholds results in fewer antiviral courses being required. This occurs because at
these high diagnosis levels, the prophylaxis strategies suppress infection spread to such an
extent that the entire scale of the local epidemic is reduced, consequently requiring fewer,
overall antiviral courses. An important caveat is that this applies to epidemics with R0 = 1.5; for
R0 ≥ 2.0, the required size of the antiviral stockpile increases continuously with an increasing
diagnosis coverage.

We also show that school closure is an effective adjunct to all antiviral strategies, reducing final
attack rates, peak daily case loads and the number of antiviral courses required. Prior studies
[13] [21] [22] with this model indicate that extending school closure periods is increasingly
effective, so we may surmise that concurrent school closure periods longer than 4 weeks will be
more effective when coupled with an antiviral mitigation strategy. We also note our simulated
school closures were not optimally timed – Figures 5.4 and 5.5 show a characteristic ‘‘double
hump’’ in the epidemic curve, which is a due to schools re-opening after 4 weeks of closure and
the epidemic consequently accelerating at that point. We assumed that schools would close upon
3 cases being diagnosed in the school; whereas the time or triggering condition that gives the
largest reduction in attack rate depends on the transmissibility of the epidemic and the duration
of school closure [31]. A previous study using the same simulation model examined the
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sensitivity of the effectiveness of school closure to various alternative modelling assumptions
([21], Supporting Information). These sensitivity analyses were also presented in chapter 4.

The reproduction number R0 can be difficult to estimate at the outset of an epidemic as it can
vary from strain to strain, and from population to population for the same strain [32]. In order to
determine the sensitivity of our results to variation in R0, we repeated our simulation
experiments for epidemics with R0 values of 1.2, 1.5, 2.0 and 2.5. We chose to report results for
R0= 1.5 (giving a final symptomatic attack rate of 24.5%) as our baseline value as this value lies
within the range first estimated for the 2009 pandemic from Mexico outbreak data (1.4–1.6)
[14] and also within the wider range of subsequent estimates which have ranged from 1.2 to 2.1
[15-18].

We assumed that differential susceptibility to infection among age groups would lead to agespecific attack rates similar to those of the 2009 pandemic, which differed from seasonal
influenza (which it was similar to in many other respects) in that it exhibited a greater numbers
of cases in the 12–24 age group but fewer cases in older age groups [19]. In order to determine
the sensitivity of our results to the assumption of 2009-like age-specific attack rate, we repeated
our simulation experiments assuming that age-specific susceptibilities were similar to seasonal
influenza. There is also the possibility, not included in our model, that infectiousness as well as
susceptibility is age-dependant, with children being more infectious than adults. If this is the
case then school closure is likely to be more effective than our results indicate.

We found that compared to epidemics with age-specific susceptibilities based on seasonal
influenza, the baseline simulated 2009 epidemics exhibited a lower attack rate and lower peak
daily incidence; however, proportional reduction in attack rates achieved by antiviral
interventions were also lower. This indicates that the effectiveness of antiviral interventions
may be overestimated if modelling is based on seasonal influenza data. We attribute lower
attack rate (compared to seasonal influenza with the same R0) to the existence of a
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subpopulation (the 12–24 age groups) that had a much higher individual susceptibility to
infection but who mixed disproportionately with themselves, compared to the larger population.
The qualitative effectiveness of antiviral interventions was very similar however, with the
effects of antiviral strategies, diagnosis delays and diagnosis coverage following the same
pattern in both cases.

Our model of antiviral effectiveness assumed that antiviral effectiveness in reducing infectivity
(AVEi) was constant regardless of when antiviral treatment was initiated. This is possibly too
simplistic; it might be the case that antiviral effectiveness declines rapidly as infection develops
within the infected individual. We examined an alternative assumption that AVEi drops rapidly
with treatment delay, halving with each additional 24 hour delay. We found that under this
assumption the additional decline in effectiveness of antiviral treatment strategies due to
treatment delay was small. It appears that most of the reduction in effectiveness due to treatment
delay is simply due to the fact that a proportion of an infected individual’s infective duration
goes untreated, and that this period, just after symptom appearance, is when many transmission
events are concentrated, due to this being a period of high infectivity. Assuming that delayed
treatment also resulted in lower AVEi once treatment was initiated did result in a higher attack
rate compared to the assumption of constant AVEi, but this effect was small compared to the
effect described above. Given that antiviral delayed usage results in a smaller effect per course
of drugs, an alternative strategy to make use of limited antiviral resources might be to limit
antiviral usage to individuals who are either suffering serious complications or seek medical
attention immediately on developing symptoms. The current study cannot quantitatively assess
this strategy; and since this strategy would require rapid diagnosis the effect of false-positive
diagnoses would need to be taken into account.

Another factor that may strongly influence the effectiveness of antiviral strategies is how the
infectiousness of an individual changes over time. Our sensitivity analysis demonstrated that if
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the infectivity profile is sharply peaked around the time of symptom development (and drops off
rapidly afterwards), delays in the administration of antivirals are even more detrimental.

Other influenza simulation studies have used a similarly peaked infectivity profile [9] [33]. This
profile matches the viral shedding profile data reported in the literature [20] [34], if it is
assumed that infectivity is linearly proportional to the measured viral titre. The peaked
infectivity profile assumption results in a short serial interval of 1.85 days, compared to 2.32
days for our original less peaked (i.e. having lower kurtosis) infectivity profile. Serial interval
estimates for A/H1N1 2009 influenza range from 1.91 [14] [15] to 2.9 [15], so it is difficult to
determine from serial interval data which is more appropriate.

5.4.1 Related work
Previous simulation studies have modelled antiviral mitigation strategies, primarily in an H5N1
context [9-11] [35-39]. Some of these studies have examined the effect of delays to, and the
proportion of cases receiving, antivirals; none have specifically modelled epidemics with
characteristics based on data from the A/H1N1 2009 pandemic.

As with our study, that reported in Ferguson et al. (2006) [9] for a similar reproduction number
also indicates that both delaying treatment and treating a smaller proportion of cases increases
the cumulative attack rate, the maximum daily incidence and the number of antiviral courses
required. Additionally, we have quantified this result for two further antiviral strategies and for
a wider range of R0 values.

The modelling study reported in [12] examined several logistical constraints on antiviral usage
in an influenza pandemic, including the proportion of infected individuals who were treated.
Although different modelling assumptions make comparison difficult, a common finding was
that for an epidemic with an R0 of 1.5, maximum antiviral usage occurs when approximately
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50% of cases are diagnosed. Additional results from our study also indicate that this
phenomenon is no longer true as R0 increases: for R0 approximately 2.0, increasing diagnosis
coverage always leads to increased antiviral usage.

A simulation study that assessed the importance of fast test kits, which would allow diagnosis in
one hour as opposed to 12 hours, found that delays in this range were less important than the
choice of strategy (e.g. treatment compared to treatment plus prophylaxis), which is consistent
with our results [40].

In the study reported in [10] the effect of delaying diagnosis and thus application of antiviral
medication an additional day (from 24 to 48 hours) for a combined treatment and extended
prophylaxis strategy is also shown to increase both the attack rate and the number of antiviral
courses required. This study found that a 24 hour delay assuming a 50% false-positive diagnosis
coverage was superior to a 48 hour delay with no false positives. However these results indicate
very small resulting attack rates following activation of the antiviral measures, for example
reducing the unmitigated cumulative attack rate from 32.6% to between 3.7% and less than 1%
for a range of treatment and targeted antiviral strategies, for a reproduction number comparable
to that used here. Given the resulting attack rates are perhaps unrealistically small and the effect
of delaying antiviral interventions may be more marked than that is determined here.

The results presented here are subject to several limitations. We have assumed that the
pandemic influenza strain is susceptible to neuraminidase inhibitors and have not attempted to
model the effects of antiviral resistance. We have not modelled the potential which antiviral
drugs have to reduce or prevent occurrence of serious adverse infection outcomes, which may
well make antiviral treatment a worthwhile strategy even in scenarios where only a small
stockpile is available or where only small numbers of (serious) cases are diagnosed. Also, our
simulated population has demographic, mobility and contact patterns typical of an industralised
country setting and may not be applicable to other populations.
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5.5

Conclusions

Our evaluation of antiviral drug interventions using a detailed simulation model shows that their
effectiveness, and the required antiviral stockpile size, is strongly dependent on (i) the delay
occurring between symptom onset and diagnosis, and (ii) the percentage of the infected
population being diagnosed, and consequentially benefiting from antiviral administration.

How do the results presented here relate to the actual antiviral interventions implemented during
the 2009 A/H1N1 pandemic? Procedures for diagnosing pandemic influenza for the purposes of
antivirial treatment or prophylaxis varied considerably between and within countries, and varied
according to the stage of the epidemic; however some general conclusions can be drawn.

Evidence suggests that due to the mild nature of the symptoms of the A/H1N1 2009 virus, the
proportion of infected people seeking medical attention was low, perhaps on the order of 5% –
10% [29] [30]. While antiviral drugs have the potential to reduce or prevent occurrence of
serious adverse infection outcomes for treated individuals, our results show that at this low level
of diagnosis antivirals have essentially no population-level effect in reducing overall
transmission.

Secondly, amongst pandemic plans that called for laboratory testing of suspected cases, a 48hour turn-around time for testing was anticipated [1], and the experience during 2009 was that
average turn-around times were in fact 48-hours or longer (this was the experience, for example,
in Western Australia [41]). Our results show that if diagnosis on this timescale is used for the
prescription of antivirals for treatment or prophylaxis, their effectiveness is greatly diminished.
An alternative diagnosis policy of prescription upon presentation with influenza-like illness
(ILI) symptoms would thus improve antiviral effectiveness, but at the risk of higher antiviral
usage due to distribution of antivirals for non-influenza ILI.
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While the 2009 A/H1N1 pandemic strain has been characterized as mild, our results are equally
applicable to a more pathogenic pandemic having similar transmissibility (R 0 = 1.5). In the case
of the emergence of such a virulent strain, it is anticipated that antivirals would be employed on
a large scale as part of an effort to contain infection spread.

5.6

Supporting information

5.6.1 Text S1 - Sensitivity Analyses
Constant AVEi vs. Declining AVEi
Our baseline assumption was that once an individual was receiving antiviral treatment, that
individual’s infectivity would be reduced by the antiviral effectiveness (AVEi) value of 66% [5].
It may be the case however that antiviral effectiveness may be dramatically reduced if treatment
is delayed. To model this possibility, we conducted an alternative set of diagnosis-delay
experiments where we assumed that AVEi would decrease by 50% for each 24-hour delay after
symptoms developed. Since we simulated delays in increments of 12 hours, this gave AVEi
values of 66%, 47%, 33%, 23% and 16.5% for delays of 0, 12, 24, 36 and 48 hours respectively.
All other simulation parameters were as reported in the main text.

Figure 5.S1.1 illustrates the infectivity profiles for delays of 0, 24 and 48 hours for both the
constant AVEi and declining AVEi assumptions.

Figure 5.S1.2 shows the final attack rates for diagnosis delays from 0 to 48 hours. As noted in
the main text, the declining AVEi assumption does not lead to significant additional loss of
antiviral effectiveness.
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Figure 5.S1.1 – The light brown areas represent the baseline infectivity profile assuming no antiviral
treatment, the dark brown areas represent the infectivity profile assuming constant AVEi, while the purple
area represent the infectivity profile assuming declining AVEi.
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Figure 5.S1.2 – Shown are final attack rates for the treatment-only (T) strategy (top), treatment plus
household prophylaxis (T+H) strategy (middle) and treatment plus household plus extended prophylaxis
strategy (bottom). Colours are the same as for Figure 5.S1.1: light brown is no antivirals, dark brown is
the constant AVEi assumption, purple is the declining AVEi assumption.

Alternative Infectivity-Over-Time Profiles
In order to determine the sensitivity of our diagnosis delay results to the shape of the individual
infectivity profile (how an individual’s infectiveness varies over time after infection), we
repeated our diagnosis delay experiments with 4 additional alternative infectivity profiles. These
are pictured in Figure 5.S1.3 and are as follows:
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1. The baseline assumption: asymptomatic and post-symptomatic infectivity 0.5, infectivity
beginning after 12 hours, peak infectivity from 36 hours to 84 hours, recovery after 144 hours.

2. Long infection: asymptomatic and post-symptomatic infectivity 0.5, infectivity beginning
after 24 hours, peak infectivity from 48 to 96 hours, recovery after 168 hours.

3. Short infection: asymptomatic and post-symptomatic infectivity 0.5, infectivity beginning
after 12 hours, peak infectivity from 24 to 52 hours, recover after 144 hours.

4. High peak infectivity: asymptomatic and post-symptomatic infectivity 0.25, timing as for the
baseline (1 above).

5. Short with high peak infectivity: asymptomatic and post-symptomatic infectivity 0.25, timing
as for “short” (3 above).

For each profile the basic infectivity probability β was determined such that the unmitigated
epidemic has a R0 value of 1.5, to match the main experiment series. The characteristics of the
resulting unmitigated epidemics are given in Table 5.S3 below.
Table 5.S3 – Alternative infectivity profile epidemic characteristics.
Infectivity
profile

Serial

Peak incidence

Peak daily incidence

Final attack

interval

day

(per 10,000)

rate (%)

(days)
Baseline

2.32

35

109

24.6

Peaked

2.27

38

98

23.5

Short

1.99

37

89

21.3

Long

2.94

47

83

23.7

Short-peaked

1.85

36

90

21.3

Figure 5.S1.4 shows the final attack rates as a function of diagnosis delay for each infectivity
profile and for the T, T+H, and T+H+E intervention strategies.
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Figure 5.S1.3 – Alternative infectivity profiles.
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Figure 5.S1.4 – Final attack rates as a function of diagnosis delay for each infectivity profile and for the T
(top), T+H (middle), and T+H+E (bottom) intervention strategies. Infectivity profiles are coloured as for
Figure 5.S1.3.
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5.6.2 Table 5.S1
Table 5.S1 – Characteristics of simulated baseline epidemics for various R0 values.
R0
1.2
characteristic

1.5

2.0

2.5

Mean

S.D.

Mean

S.D.

Mean

S.D.

Mean

S.D.

Final infection rate (%)

16.5

1.17

32.0

0.87

48.0

0.51

58.4

0.36

Final symptomatic attack rate (%)

12.8

0.90

24.5

0.65

36.4

0.39

43.8

0.29

33

5

109

9

274

12

450

17

Peak symptomatic population (%)

1.7

0.27

5.8

0.43

14.3

0.49

22.3

0.49

Peak incidence day

51

11.1

35

4.0

25

2.0

19

1.9

2.36

1.60

2.32

1.65

2.21

1.66

2.11

1.70

Peak daily symptomatic incidence
(per 10,000)

Serial interval (days)

The fundamental transmission probability beta was adjusted to give epidemics with measured R 0 values
of 1.2, 1.5, 2.0 and 2.5. Means and standard deviations (S.D.) for each epidemic statistic (except for serial
interval, see below) were calculated from 40 independent simulation runs with all stochastic choices take
from a different random number stream. The standard deviation of the serial interval is for the distribution
of individual serial intervals from all infections across the 40 simulation runs (not the standard deviation
of the mean serial intervals from the 40 simulation runs).
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5.6.3 Table 5.S2
Table 5.S2 – Effectiveness of antiviral intervention strategies assuming seasonal influenza age-specific
attack rates and R0 = 1.5.

baseline
intervention
strategy

final symptomatic attack rate (%)

peak daily incidence (per 10,000)

32.5

121

diagnosis delay

diagnosis ratio

diagnosis delay

diagnosis ratio

0h

24 h

48 h

10%

50%

90%

0h

24 h

48 h

10%

50%

90%

T

20.8

26.5

28.6

31.2

26.5

21.4

57

87

97

112

87

61

T+SC

17.2

23.1

24.8

26.6

23.1

17.8

33

53

58

61

53

38

T+H

11.9

18.9

22.3

29.4

18.9

9.8

21

46

62

99

46

18

T+H+SC

9.2

15.4

19.3

25.2

15.4

7.7

14

27

38

55

27

12

T+H+E

7.2

13.1

17.2

26.7

13.1

5.5

12

25

37

83

25

9

T+H+E+SC

6

10.9

15.1

23.4

10.9

4.7

9

15

25

48

15

7

Final symptomatic attack rate (as % of population) and peak daily symptomatic incidence (per 10,000)
are given for different intervention strategies, diagnosis delays and diagnosis ratios. Intervention
strategies are abbreviated as follows: T – antiviral treatment of diagnosed cases, H – prophylaxis of
household of diagnosed cases, E – prophylaxis of school or work contacts of diagnosed cases, SC – four
weeks of school closure. Where diagnosis delay differs from 24 hours, diagnosis ratio is 50%; where
diagnosis ratio differs from 50%, diagnosis delay is 24 hours.
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5.6.4 Figure 5.S1

Figure 5.S1 – Outcome of six antiviral intervention strategies as a function of diagnosis delay. Three
outcomes are reported: cumulative illness attack rate, peak daily incidence (per 10,000 population), and
number of antiviral courses used as a percentage of the population size. We assumed that antiviral
treatment or prophylaxis began at the time diagnosis was made and that 50% of symptomatic cases would
be diagnosed.
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5.6.5 Figure 5.S2

Figure 5.S2 - Outcome of six antiviral intervention strategies as a function of diagnosis ratio. Three
outcomes are reported: cumulative illness attack rate, peak daily incidence (per 10,000 population), and
number of antiviral courses used as a percentage of the population size. We simulated percentages of
symptomatic individuals being diagnosed ranging from 10% to 100% in 10% increments. We assumed
that the delay between symptoms appearing and antiviral treatment or treatment plus prophylaxis was 24
hours.
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Chapter 6

Cost-effective strategies for mitigating a future
influenza pandemic with H1N1 2009 characteristics*

In this chapter, a set of cost optimal intervention strategies that may be used in mitigating a
future influenza pandemic are discussed. Using the Albany Model and interventions developed
and described in the previous chapters of this thesis, the effectiveness of different intervention
strategies is determined; those effective outcomes are then fed into an economic costing model
that translates the intervention effectiveness data into corresponding costing data. This permits
us to determine the cost-effectiveness of each simulated intervention strategy.

The results suggested that long duration school closure would be the most costly intervention
strategy for a pandemic having mild characteristics similar to the H1N1 2009 influenza
pandemic. Purely antiviral based strategies were cost-effective; however limited duration school
closures combined with antivirals were shown to be the most cost-effective strategies. This
chapter provided a thorough quantification of the effectiveness and cost-effectiveness of
interventions to be used in a future pandemic with characteristics of the 2009 pandemic.

*

Halder N, Kelso JK, Milne GJ, Cost-effective strategies for mitigating a future influenza pandemic
with H1N1 2009 characteristics. PLoS One 2011, 6(7): e22087.
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Cost-effective strategies for mitigating a future influenza pandemic with H1N1
2009 characteristics

Abstract
Background: We performed an analysis of the cost-effectiveness of pandemic intervention
strategies using a detailed, individual-based simulation model of a community in Australia
together with health outcome data of infected individuals gathered during 2009-2010. The aim
was to examine the cost-effectiveness of a range of interventions to determine the most costeffective strategies suitable for a future pandemic with H1N1 2009 characteristics.

Methodology/Principal findings: Using transmissibility, age-stratified attack rates and
health outcomes determined from H1N1 2009 data, we determined that the most cost-effective
strategies involved treatment and household prophylaxis using antiviral drugs combined with
limited duration school closure, with costs ranging from $632 to $777 per case prevented. When
school closure was used as a sole intervention we found the use of limited duration school
closure to be significantly more cost-effective compared to continuous school closure, a result
with applicability to countries with limited access to antiviral drugs. Other social distancing
strategies, such as reduced workplace attendance, were found to be costly due to productivity
losses.

Conclusions: The mild severity (low hospitalisation and case fatality rates) and low
transmissibility of H1N1 2009 meant that health treatment costs were dominated by the higher
productivity losses arising from workplace absence due to illness and childcare requirements
following school closure. Further analysis for higher transmissibility but with the same, mild
severity had no effect on the overall findings.
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6.1

Background

The 2009 influenza A/H1N1 pandemic has provided a unique opportunity to examine the
effectiveness of a range of interventions used to lessen the number of those becoming infected,
the attack rate, using data collected during the pandemic. High quality data collected during the
period 2009-2010 have been used to populate a detailed demographic and mobility simulation
model of a small community of ~30,000 persons in Australia. In contrast, previous modelling
studies used to determine the effectiveness of pandemic interventions have relied on postpandemic estimations of the defining characteristics of the pandemic. Data collected during the
recent pandemic include the reproduction number [1-5], serial interval [1] [2] [5], age-specific
attack rate profile [6] and health outcomes of those infected, such as hospitalisation, intensive
care and mortality rates. The resulting models [7-11] have been used to determine the
effectiveness (in terms of attack rate reduction) of interventions used in the period 2009-2010
together with examination of other strategies which may be more effective. In the case of this
study we have used an individual-based simulation model [12] [13] [14] together with health
outcome data on influenza patients in Western Australia during the pandemic period to
determine the cost-effectiveness of antiviral drug and social distancing interventions. We have
considered interventions actually used in 2009-2010 together with other (combined)
intervention strategies to determine which are the most cost-effective for a pandemic with H1N1
2009 characteristics. These results are available to inform public health authorities as to which
intervention strategies are cost-optimal.

Antiviral drugs and school closure are considered as frontline pandemic mitigation strategies to
reduce the illness attack rate to a low level, either to prevent an epidemic or to buy time for a
vaccine to be developed and distributed. Other social distancing strategies such as community
gathering and work place attendance reduction are also recommended to control infection
spread [15] [16] [17] [18]. The 2009 pandemic provides a unique opportunity for public health
authorities to practically review their pandemic mitigation guidelines in the light of the limited
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success in containing and controlling the pandemic. In some countries there was hesitancy in the
use of antiviral drugs; for example in Australia, with one of the largest per capita antiviral drug
stockpiles prior to the 2009 pandemic, there was not a rapid and comprehensive use of antiviral
drugs for treatment and prophylaxis. A number of studies [7] [8] [9] [10] [11] have reviewed the
effectiveness of the 2009 interventions (in terms of reduction in attack rate) and some have
suggested more effective strategies than those used. However to determine which strategies are
optimal it is important to also determine which of the effective strategies are also cost-effective.

In this study we have used actual hospitalisation, ICU treatment and mortality data from
influenza cases in Western Australia in 2009/2010 as the measure of pandemic severity, and
used these data to determine the total costs involved. We have evaluated the cost-effectiveness
of a wide spectrum of intervention strategies, including limited duration school closure and a
range of antiviral strategies, singly and in combination. This comprehensive economic analysis
has allowed us to determine the most cost-effective strategies applicable to a future influenza
pandemic with H1N1 2009 characteristics. As these characteristics relate closely to seasonal
influenza, with similar reproduction numbers of ~1.3 and similar severity in terms of case
fatality rates, these results are applicable more generally.

6.2

Methods

We used a detailed, individual-based simulation model of a small community in the south-west
of Western Australia (Albany) with a population of approximately 30,000 to simulate the
dynamics of a pandemic with an illness attack rate and effective reproduction number (R)
similar to that of influenza A/H1N1 2009. Comparing simulations with and without
interventions in place allowed us to determine the effect that a range of interventions have on
reducing the attack rate and on the health profile of each individual in the modelled community.
The outcomes of the simulation model were then used by a health-care decision process to
determine health-care outcomes (hospitalisation, ICU treatment and deaths) based on data
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collected during the H1N1 2009 pandemic. These health-care outcomes, together with cost data
drawn from the literature, were applied to a costing process, as shown in Figure 6.1. These
analyses determine the baseline (unmitigated, i.e. without intervention) and mitigated (with
intervention) pandemic costs and thus permit us to determine the cost-effectiveness of a range of
intervention strategies, including those used during the H1N1 2009 influenza pandemic.
Furthermore, they give guidance as to which intervention strategies are the most cost-effective
in terms of cost per case avoided due to intervention usage.

Probability of health events
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Figure 6.1 – Schematic presentation of methodology.

6.2.1 Simulation model
Our individual-based simulation model had been developed by using census, state and local
government data to construct a human contact network involving households, schools, childcare
centres, workplaces and a regional hospital. Census data were used to populate each household
in our modelled community with exact numbers of individuals, with their ages in one of 7 age
classes. These ages were used to allocate children to appropriate schools and classes, and adults
to workplaces using data on workplaces and schools in the community. The age of individuals
was also used when modelling the disease profile in individuals where we used age differential
attack rate data for the 2009 pandemic, obtained from the Western Australia Department of
Health (personal communication with Dr Gary Dowse).
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The modelled community was represented as a dynamic contact network which changes the
spatial locations of individuals through time. Individuals moved from their households to
schools, workplaces and into the wider community during the day, returning to home in the
evening. The simulation mechanism underpinning the model captured this changing contact
pattern twice per day with each day divided into 12 hour day/night cycles. During each cycle the
nominal location of every person was determined and individuals occupying the same location
were assumed to come into potential infective contact. In addition, community-wide interaction
was modelled by assuming that active individuals would contact other active individuals each
day, with contact being random but biased towards contact between people with nearby home
locations. We assumed that an average of one new infection per day was stochastically
introduced into the population during the whole period of the simulations. This model was
previously developed to determine the effectiveness of social distancing and vaccination
measures for a possible future H5N1 pandemic [12] [13] [14] and was subsequently used to
examine antiviral and school closure interventions which were employed in the H1N1 2009
influenza pandemic [7] [8] [9].

We further refined this model to reflect the biology of the A/H1N1 2009 influenza virus strain
according to information available in 2010 (chapter 3) [5]. Transmission of infection between
infectious and susceptible individuals who came into infective contact was resolved
stochastically. The probability of transmission was calculated as a function of the state of the
infectious (Ii) and susceptible (Is) individuals involved at the time of contact, as given by:
Ptransmission(Ii,Is) =   Susc(Is)  Trans(Ii)  AVF(Ii,Is)
Each factor contributing to the transmission probability was described in previous chapters of
this thesis. The basic transmission probability (β), capturing the infectivity of the virus strain,
was chosen to give an unmitigated epidemic with an effective reproduction number R of 1.2.
This value provided a similar estimate of the effective reproduction number of the 2009
pandemic [5]. Other studies estimated the effective reproduction number between 1.5 and 1.8
[1] [2] [3] [4] for which detailed sensitivity analyses were presented later in this chapter. We
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examined a wide range of intervention strategies such as school closure, antiviral drugs
treatment and prophylaxis, workplace non-attendance (WP – a 50% reduction in workplace
attendance) and community contact reduction (CCR – a 50% reduction in community contact)
both individually and in combination. Some of the intervention strategies were applied during
the H1N1 2009 influenza pandemic in various countries, while some were examined to
determine their potential cost-effectiveness when used in containing and controlling a future
influenza pandemic. A detailed description of each modelled intervention strategy was given in
[7] [8] [9] [13].

6.2.2 Economic model
In this study we used a health-care decision process to determine the health outcomes (such as a
family physician (GP) visit, hospitalisation, ICU treatment and death: see Tables 6.1 and 6.2) of
the total modelled community using medical data related to H1N1 cases during the 2009
pandemic. This model took the outcomes of our individual-based simulation model, which
capture the infective profile of each individual in the community; that is, who was infected,
when and by whom. As each individual is in one of 7 age classes, age-specific probabilities
which relate to each possible health outcome (such as those listed above) of those infected are
also taken as input. These age-specific probabilities were estimated using data from the
Department of Health, Western Australia (personal communication with Dr. Gary Dowse). The
output of the health-care decision process thus defines the severity of a pandemic in terms of the
proportion of the population needing medical attention, the proportion being hospitalised, the
rate of ICU admission and the mortality rate.

We focused on determining the total economic cost to society incurred during an influenza
pandemic. Total costs involve both direct health-care costs (e.g. the cost of medical attention
due to a GP visit, or for hospitalisation) and costs due to productivity loss. Productivity losses
arise from pandemic related deaths and illness together with those due to interventions such as
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(partial) workplace closure and child-care of an ill child. Pharmaceutical costs (e.g. costs related
to antiviral drugs) are also estimated. Productivity losses due to death were discounted at 3%
annually (which is a standard discount used to express all future income as a present-day value).
In this thesis, all costs are reported in 2010 US dollars using the consumer price index
adjustments [19] to make results more widely applicable than presenting as AUS dollars costs.
In our baseline unmitigated pandemic scenario the total hospitalisation cost is measured by
summing age-specific hospitalisation costs. We estimated age-specific hospitalisation costs by
multiplying the average cost per day by average length of stay for each age group. We assumed
an average hospitalisation cost of $1042 US dollar per day [20] [21]. We also calculated costs
for intensive care unit (ICU) treatment using the same method. The costs of treatment and
length of stay in hospital (both ICU and non-ICU) which are used in establishing the overall
cost of unmitigated and intervention mitigated epidemics in the modelled community are given
in Tables 6.1 and 6.2. We further estimated the consultation fee of a general practitioner (GP)
physician visit for each influenza case at $106.97 [20]. Note that all costs are based on US
sources and given in 2010 US dollars.
Table 6.1 – Age-stratified health-care decision model and cost analysis parameters.
Parameter name
P(M|S)1
P(H|S)

1

P(I|S)1
P(D|S)

1

1

Age Groups

Source

0-5

6-17

18-64

65+

0.013

0.036

0.031

0.002

Calculated from WA Health Data

0.0006

0.002

0.002

0.00009

Calculated from WA Health Data

0.00006

0.0002

0.0002

0.000009

Calculated from WA Health Data

0.00002

0.00006

0.00005

0.000003

Calculated from WA Health Data

Average life-expectancy (years)

76.16

67.88

39.7

14.9

[23]

Average hospital stay (days)

4 days

4 days

4 days

4 days

[21]

Average ICU stay (days)

7 days

7 days

7 days

7 days

[25]

Table shows probability of health care outcome conditional on symptomatic illness (S). Health care

outcomes: M – general practitioner visit, H – hospitalisation, I – intensive care unit admission, D – death.

Productivity loss due to death was calculated from the net present value of future earnings for an
averaged-aged person in each age group. It was estimated by multiplying age-specific death in
each age group by average earning expectancy in years and by average annual income. We also
estimated productivity losses due to illness and interventions (e.g. due to child-care resulting
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from school closure, workplace non-attendance etc.) multiplying average wages by average
work-days lost due to illness and interventions. Average work-days lost were determined from
the day-to-day outbreak data generated by our individual-based simulation model. We estimated
the cost of school-days lost due to school closure interventions by multiplying average daily
cost in a school per student and average school-days lost obtained from the simulator. The
assumed values of a weekly wage of a working person and the daily cost per student in a school
were $836 and $19.22 [22] [23] respectively; these school costs cover additional teaching
needed to “make up” missed classes due to absence.

In our analysis we assumed pharmaceutical costs of $24.81 per antiviral course together with
administration and dispensing costs of $31.22 per course [20]. We used 2010 US dollar values
in determining total costs to make our results readily convertible to a wide range of countries.
All costs are based on US sources. In the discussion section we comment on alternative sources
of health care and economic cost data.
Table 6.2 – Cost analysis model parameters.

6.3

Cost analysis assumptions

Values in US$

Source

Average wages (per week)

$836

[23]

Average cost for school closure (per day per student)

$19.22

[22]

Average GP visit cost

$106.97

[20]

Average hospitalisation cost (per day)

$1042

[20]

Average ICU stay cost (per day)

$2084

assumed

Antiviral cost per course

$24.81

[20]

Antiviral dispensing cost per course

$31.22

[20]

Results

The main outcomes of our study are shown in Figure 6.2 and Table 6.3 as an average of 40
realizations of each epidemic that have been simulated using our individual-based simulation
model. The total cost of an unmitigated (baseline) pandemic and each intervention mitigated
pandemic scenario have been described as a cost in million dollars ($m) per 100,000
individuals. The (symptomatic) illness attack rate is presented as a % of the population. The
percentage reduction from the baseline illness attack rate due to each intervention and the cost
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(in $) for each symptomatic case averted are also given in Table 6.3. The strategies which give
the lowest range of costs per symptomatic case prevented are those costing less than $1000 (per
case averted); these intervention strategies are highlighted in bold in Table 6.3.
Table 6.3 – Simulation and cost analysis results.
Percentage
Illness
Cluster

Illness
Attack
Rate2
(S.D.3)

Intervention strategies

Attack Rate
(% of
population)

of reduction
of baseline
Illness
Attack Rate
due to

Cost in
Total cost in

dollar ($) per

million $ per

case

100,000

prevented

population

due to
intervention

intervention
A
B

C

D

E

Baseline

or

Unmitigated
13.01 (0.9)

13.01

0

6.26

-

ISC 2 weeks

8.5 (1.1)

8.5

34.2

5.9

1308.2

ISC 4 weeks

8.2 (1.03)

8.2

37.2

6.6

1372.1

ISC 8 weeks

6.8 (0.74)

6.8

47.5

11.6

1867.9

ISC Continuously

3.2 (0.46)

3.2

75.4

34.1

3476.1

ISC 2 weeks + WP + CCR

7.5 (0.82)

7.5

42.1

21

3811.3

T

7.6 (1.07)

7.6

41.7

6

1109.1

T+H

4.6 (0.83)

4.6

65.1

5.9

701.5

T+H+E

3.5 (0.58)

3.5

73.2

6.1

641.4

ISC 2 weeks + T + H

3.2 (0.57)

3.2

75.7

6.2

632

ISC 2 weeks + T + H + E

2.8 (0.44)

2.8

78.8

6.5

636.6

ISC 4 weeks + T + H

3.1 (0.49)

3.1

75.8

6.7

676.1

ISC 4 weeks + T + H + E

2.7 (0.43)

2.7

79

6.6

640.2

ISC 8 weeks + T + H

3.1 (0.42)

3.1

76.3

7.7

777

ISC 8 weeks + T + H + E

2.7 (0.4)

2.7

78.8

7.3

708

ISC 2 weeks + WP + CCR + T

4.1 (0.63)

4.1

69.1

22.3

2502.8

2.8 (0.49)

2.8

78.1

21.2

2076.4

2.4 (0.37)

2.4

81.5

21.3

2007.5

ISC 2 weeks + WP

8.2 (0.97)

8.2

37.4

21.1

4386.7

ISC 2 weeks + CCR

7.5 (1.1)

7.5

42.4

5.7

1034.5

ISC 2 weeks + WP 2 weeks

8.5 (1.1)

8.5

34.5

13.6

3015.5

ISC cont. + WP cont.

2.6 (0.34)

2.6

79.7

103

9894.3

pandemic

ISC 2 weeks + WP + CCR + T
+H
ISC 2 weeks + WP + CCR + T
+H+E
F

1

Interventions are abbreviated as follows: ISC – individual school closure, T – antiviral treatment, H –

household antiviral prophylaxis, E – extended antiviral prophylaxis, WP – 50% workplace closure (4
weeks if no duration is stated), CCR – 50% community contact reduction. “cont.” refers to continuous
school or workplace closure.

2

Illness attack rates are presented as a percentage of population.

Standard Deviation (in % of population) due to 40 simulation realizations for each scenario.

3

S.D. –
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Figure 6.2 – Cost-effectiveness of intervention strategies. Cost effectiveness is shown in terms of illness
attack rate (%) and cost in million dollars per 100,000 population. Intervention strategies are abbreviated
as follows: ISC – individual school closure, T – antiviral treatment, H – household antiviral prophylaxis,
E – extended antiviral prophylaxis, WP – 50% workplace closure (4 weeks if no duration is stated), CCR
– 50% community contact reduction. “cont.” refers to continuous school or workplace closure.

In Figure 6.2 the illness attack rates for each intervention strategy considered are shown to range
from 2.4% (SD – standard deviation - 0.37) to 8.5% (SD 1.1) while that of the unmitigated
attack rate is 13% (SD 0.9). The total costs of a particular strategy are superimposed on each
attack rate column and indicated by a cross. Figure 6.2 groups the simulated intervention
strategies in six different clusters (from cluster A to cluster F). A captures the single baseline
(unmitigated) scenario, cluster B groups individual school closure (ISC) scenarios, cluster C
groups solely antiviral drug based scenarios, cluster D combines antiviral and limited duration
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school closure scenarios, cluster E combines social distancing strategies such as workplace nonattendance (WP) and community contact reduction (CCR) with school closure and antiviral drug
strategies, cluster F groups certain combinations of school closure and social distancing
strategies. We assumed WP (50% reduction in workplace attendance) and CCR (50% reduction
in community contact) were effective for 4 weeks unless stated otherwise. In our analysis an
intervention strategy is considered cost-effective if it can significantly reduce the illness attack
rate with a lower total cost compared to the unmitigated pandemic scenario and to other
intervention strategies. Highly cost-effective strategies may be deemed to be those where the
cost per symptomatic case prevented are less than a thousand dollars ($1000).

6.3.1 Baseline, unmitigated pandemic scenario
In the absence of interventions our simulated baseline epidemic had an effective reproduction
number R of 1.2 and an illness attack rate of 13% (SD 0.9), closely matching estimates of the
H1N1 2009 influenza pandemic [5]. Similar estimates for H1N1 2009 have been found in other
settings [4] and coincide with transmissibility estimates for seasonal influenza which uses data
from a number of countries [24]. The simulated unmitigated epidemic resulted in a cost of $6.26
million per 100,000 individuals. We report total costs in $m (million dollars) per 100,000
individuals throughout this paper.

6.3.2 Effective interventions for mitigating a pandemic with H1N1
2009 characteristics
Our results suggest a set of intervention strategies as being highly effective in terms of reducing
the attack rate from the unmitigated scenario of 13% (SD 0.9) to between 2.4% (SD 0.37) to
3.5% (SD 0.58). Here the baseline attack rate is reduced by 81.5% to 73.2% respectively. These
highly effective interventions are a) continuous school closure (cluster B); b) T+H+E which is
the use of antiviral drugs for Treatment and for Household and Extended prophylaxis (cluster
C); c) the combination of school closure with antiviral strategies (T+H and T+H+E) (cluster D);
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d) individual school closure (ISC) for 2 weeks together with workplace and community contact
reductions of 50% (WP+CCR) and the T+H+E antiviral strategy (cluster E); e) continuous
school closure with continuous WP (cluster F).

We also determined that the total cost of those effective interventions ranged from $6.1m to
$103m (see Figure 6.2 and Table 6.3). This highlights a significant difference in costs
associated with the strategies which are the most effective in reducing the illness attack rate.
The lowest attack rate of 2.4% (SD 0.37) (with an 81.5% reduction in cases) resulted from the
ISC 2 weeks+WP+CCR+T+H+E strategy (cluster E) which has a total cost of $21.3m ($2007
per case prevented), which is neither the most expensive nor the most cost-effective strategy.

6.3.3 Cost-effective interventions for mitigating a pandemic with
H1N1 2009 characteristics
Antiviral drug strategies combined with limited duration school closure result in attack rates
ranging from 2.7% (SD 0.4) to 3.2% (SD 0.57) (see Figure 6.2, cluster D) compared to the 13%
(SD 0.9). For example a strategy of 2 weeks school closure combined with the T+H antiviral
strategy costs $6.2m with a resulting attack rate of 3.2%. By contrast, the addition of an extra 6
weeks of school closure used by the ISC 8 weeks+T+H strategy costs $7.7m with a resulting
attack rate of 3.1% (SD 0.42).

The use of an Extended antiviral prophylaxis strategy compared to a Treatment and Household
only prophylaxis strategy (that is T+H+E compared to T+H) increases costs slightly but reduces
the overall attack rate. For example the ISC 2 weeks+T+H+E strategy has costs of $6.5m
compared to the cost $6.2m for ISC 2 weeks+T+H with a corresponding reduction in attack rate.
Similar patterns are also found for 4 weeks and 8 weeks school closure when combined with the
antiviral strategies.
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The combination of antiviral drug strategies together with school closure strategies are found to
be the most-cost effective (see Table 6.3, cluster D) in terms of the cost per case prevented, for a
pandemic with H1N1 2009 characteristics. Those interventions cost between $632 and $777 per
case averted. Closing schools for 2 weeks (ISC 2 weeks) coupled with case treatment with
antivirals and prophylaxis for household contacts (T+H) gives the minimum cost of $632 per
case prevented, when compared to other strategies. Starting with the ISC 2 weeks+T+H strategy
an additional increase in the duration of school closure or an extension of the antiviral
prophylaxis regimen to contacts beyond the household (to the T+H+E strategy) each give a
limited increases in cost per case averted but are still cost effective (see Table 6.3, cluster D).

6.3.4 Impact of antiviral drugs strategies without social distancing
Antiviral drug strategies such as T, T+H and T+H+E result in attack rates of 7.6% (SD 1.07),
4.6% (SD 0.83) and 3.5% (SD 0.58) respectively when compared to the unmitigated attack rate
of 13% (SD 0.9). These strategies give a significant reduction in the unmitigated attack rate (in
the range of 42% to 73%) with very similar overall costs in the $5.9m to $6.1m range. These
costs are lower than the “do nothing” baseline cost of $6.26 m. These antiviral drug strategies
are therefore cost-effective with case averted costs of $1109, $701, $641 per individual for the
T, T+H and T+H+E respectively (see Table 6.3, cluster C).

6.3.5 Impact of duration on the effectiveness and cost of school closure
intervention
While school closure only strategies are both less effective (in reducing the attack rate) and less
cost effective when compared to combining them with the antiviral strategies (see cluster B
compared to cluster D, Figure 6.2 and Table 6.3), the duration of school closure is of
significance. Increasing the duration of closure increases the effectiveness of the overall attack
rate reduction but is increasingly less cost-effective; with per case prevented costs rising from
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$1308 to $3476 as closure periods increase from 2 weeks to continuously (see Table 6.3, cluster
B).

2 weeks and 4 weeks school closure strategies cost $5.9m ($1308 per case averted) and $6.6m
($1372 per case averted) resulting from attack rates of 8.5% (SD 1.1) and 8.2% (SD 1.03)
respectively. Increasing the duration to 8 weeks or continuously, also increases the total costs up
to $11.6m ($1868 per case averted) and $34.1m ($3476 per case averted) with attack rates of
6.8% (SD 0.74) and 3.2% (SD 0.46) (see Table 6.3 and Figure 6.2, cluster B).

6.3.6 Impact of social distancing strategies on the effectiveness and
cost
Our results indicate that school closure combined with further social distancing measures
(reduction in workplace attendance and community contact by 50%) and antiviral drug
strategies are effective, giving attack rates of 4.1% (SD 0.63), 2.8% (SD 0.49) and 2.4% (SD
0.37) (see Figure 6.2 and Table 6.3, cluster E) but are not cost-effective. The overall cost of
these strategies is approximately $22m and the cost per case prevented ranges between $2007
and $2502.

The most costly strategy is that of continuous school closure together with continuous 50%
workplace non-attendance (WP) (see Table 6.3, cluster F). This strategy has the highest overall
costs of $103m and the highest case prevented cost ($9894 per case). However it is the second
most effective, resulting in the second smallest attack rate of 2.6% (SD 0.34) (a 79.7% reduction
in cases from the baseline). In contrast, the most effective strategy, with an attack rate at 2.4%
(SD 0.37) involves school closure of 2 weeks coupled with the WP+CCR social distancing and
T+H+E antiviral strategies (see cluster E, Table 6.3). The cost of this strategy is $2007 per case
averted in comparison.

188

6.3.7 Sensitivity to higher transmissibility
Our simulation results and analysis are based on H1N1 2009 pandemic data [5] (attack rate of
13% (S.D. 0.9) and effective reproduction number R of 1.2) together with health outcome data
(such as required GP visits, hospitalisations, ICU treatment and deaths) reflecting the (mild)
severity of the pandemic observed in 2009/2010 in Western Australia (unpublished data,
Department of Health, Western Australia; personal communication from Dr Gary Dowse). The
results are therefore applicable to a future influenza pandemic having severity and
transmissibility characteristics similar to that of H1N1 2009. We further extended our
simulations and analyses for scenarios with higher transmission characteristics, with effective
reproduction numbers R of 1.5 and 1.8, but with the same (mild) severity characteristics, to
determine whether increasing the size of the population infected altered the cost-effectiveness
results. For both these higher transmissibility scenarios we observed the same cost-effectiveness
patterns as those found with an R of 1.2. The attack rate and the total pandemic cost of each
intervention scenario for these higher transmission characteristics are shown in Figure 6.3.

Figure 6.3 – Cost-effectiveness of intervention strategies for higher transmission pandemics. Cost
effectiveness for pandemics with higher reproduction numbers (R of 1.5 and 1.8) is shown in terms of
illness attack rate (%) and cost in million dollars per 100,000 population. Intervention strategies are
abbreviated as follows: ISC – individual school closure, T – antiviral treatment, H – household antiviral
prophylaxis, E – extended antiviral prophylaxis, WP – 50% workplace closure (4 weeks if no duration is
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stated), CCR – 50% community contact reduction. “cont.” refers to continuous school or workplace
closure.

6.4

Discussion

We used a detailed individual-based simulation model to simulate the dynamics of the H1N1
2009 influenza pandemic using 2009/2010 pandemic data. A health-care decision process model
has been used to categorise the severity of the pandemic in terms of health outcomes with a
costing model used to present the total and per case prevented costs of simulated pandemics
under a range of intervention scenarios. These cost outcomes give total costs which include
health care cost, the economic cost of lives lost (productivity loss due to death), pharmaceutical
costs (antiviral purchase and distribution costs) and productivity loss due to illness and
interventions.

The largest contribution to the total cost of the no-intervention strategy was found to be due to
productivity losses which arise from illness. This contributes approximately 91% of the total
cost in the total pandemic cost (see Table 6.4, cluster A) compared to other costs (7% and 2%
for productivity losses due to death and health care costs respectively).
Table 6.4 – Breakdown of costs contributing to total pandemic cost.
Cluster

Intervention strategy1

Costs are expressed in million dollars per 100,000 population
Health

Productivity

care

loss due to

cost

death

Antiviral

Productivity

drugs and

loss due to

distribution

illness and

cost

interventions

Total
pandemic
cost

A

Baseline or Unmitigated

0.15

0.40

0.00

5.72

6.26

B

ISC 2 weeks

0.10

0.26

0.00

5.58

5.94

ISC 4 weeks

0.09

0.25

0.00

6.28

6.62

ISC 8 weeks

0.08

0.20

0.00

11.34

11.62

ISC Continuously

0.03

0.09

0.00

34.06

34.18

ISC 2 weeks + WP + CCR

0.09

0.23

0.00

20.76

21.08

T

0.09

0.23

0.21

5.49

6.02

T+H

0.05

0.14

0.39

5.35

5.93

T+H+E

0.04

0.10

0.69

5.29

6.12

ISC 2 weeks + T + H

0.04

0.09

0.27

5.83

6.23

ISC 2 weeks + T + H + E

0.03

0.08

0.56

5.83

6.51

C

D
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E

ISC 4 weeks + T + H

0.04

0.09

0.26

6.34

6.73

ISC 4 weeks + T + H + E

0.03

0.08

0.56

5.97

6.64

ISC 8 weeks + T + H

0.03

0.09

0.26

7.31

7.70

ISC 8 weeks + T + H + E

0.03

0.08

0.56

6.62

7.29

ISC 2 weeks + WP + CCR + T

0.05

0.12

0.11

22.03

22.31

0.03

0.09

0.24

20.84

21.19

0.03

0.07

0.50

20.71

21.31

ISC 2 weeks + WP

0.09

0.25

0.00

20.75

21.09

ISC 2 weeks + CCR

0.08

0.23

0.00

5.46

5.77

ISC 2 weeks + WP 2 weeks

0.10

0.26

0.00

13.25

13.61

ISC cont. + WP cont.

0.03

0.07

0.00

102.98

103.08

ISC 2 weeks + WP + CCR + T
+H
ISC 2 weeks + WP + CCR + T
+H+E
F

1

Interventions are abbreviated as follows: ISC – individual school closure, T – antiviral treatment, H –

household antiviral prophylaxis, E – extended antiviral prophylaxis, WP – 50% workplace closure (4
weeks if no duration is stated), CCR – 50% community contact reduction. “cont.” refers to continuous
school or workplace closure.

6.4.1 Most effective interventions
We find a set of intervention strategies which give the highest reduction in attack rates
compared to the unmitigated situation. These are a) continuous school closure; b) the use of
antiviral drugs for Treatment and for Household and Extended prophylaxis; c) the combination
of school closure with antiviral strategies; d) individual school closure for 2 weeks together with
workplace and community contact reductions of 50% and the T+H+E antiviral strategy; e)
continuous school closure with a continuous reduction in workplace contact. However, these
strategies give a wide variation in total costs since the highest component of the total cost is
productivity loss due to illness and direct productivity loss due to interventions (especially for
the workplace non-attendance and continuous school closure strategy). The social distancing
measures used in these strategies contribute the greatest component in total costs while all
predominantly antiviral drug based strategies are substantially less costly.
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6.4.2 Most cost-effective interventions
A key finding of this study for a future influenza pandemic which has H1N1 2009
characteristics is that antiviral drugs strategies which include treatment and prophylaxis (the
T+H and T+H+E strategies) are the most cost-effective, whether used with or without the
addition of a limited period of school closure. These strategies give the cost per case prevented
in the range of $632 to $777. As the transmission and severity characteristics for H1N1 2009
used in this study relate closely to estimates for seasonal influenza epidemics in the United
States, France and Australia [24], these results will also be applicable in a seasonal influenza
setting.

We also find that for all cost-effective intervention strategies examined the highest component
of the total cost is due to productivity losses from illness and interventions. Losses due to
interventions include adults removing themselves from the workplace to perform child care
duties following school closure. Compared to health care costs and productivity loss due to
death, these productivity losses constitute the highest cost burden (see Table 6.4, cluster D). The
use of antiviral drugs as the sole strategy avoids some of the productivity losses which arise
from (some of) these interventions. Pharmaceutical costs and the cost of distribution are less
than the productivity losses due to a reduced workforce for child care if school closure
interventions are used as an alternative.

The treatment and household prophylaxis antiviral strategy coupled with 2 weeks of school
closure has the lowest cost of $632 per case prevented when compared to all other strategies.
This cost-effectiveness result aligns with our previous findings that the T+H antiviral strategy
combined with 2 weeks school closure has the highest number of prevented cases per antiviral
drug course used [7].
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Coupling the T+H and T+H+E antiviral strategies with extended school closure (e.g. of 4 weeks
and 8 weeks) gives a similar reduction in the attack rate compared to only 2 weeks school
closure with the same antiviral strategies, but with an increase in cost per case prevented. This is
due to increased productivity losses of working adults required to look after school children
during the longer period of school closure.

As a sole intervention measure, all three antiviral drugs strategies (T, T+H and T+H+E) result in
small net cost savings compared to the cost of an unmitigated pandemic. Significantly, these
antiviral strategies result in substantial illness attack rate reductions of 42% to 73%. This
substantial reduction in illness and concomitant death has an overall cost in the $5.9m to $6.1m
range (per 100,000 population). These costs are similar to the baseline, no intervention
pandemic cost of $6.26m, but prevent significant illness.

Short periods of school closure without other interventions (of 2 weeks and 4 weeks) are only
slightly more costly (in term of total costs) than the baseline but give a significant 34% to 37%
reduction in cases if optimally timed; the importance of when school closure strategies should
be activated to maximize their effectiveness is discussed in chapter 4 and in [9]. While shortduration school closure is a relatively cost-effective strategy at $1308 and $1372 per case
prevented the costs are higher than antiviral-only or combined school closure and antiviral
strategies.

The duration of school closure plays an important role in attack rate reduction and in the total
cost of a pandemic. Increasing the duration of school closure trades off the overall cost against
an increase in attack rate reduction. Increasing the duration can decrease the health care cost and
the consequent productivity loss due to death but results in a significantly greater increase in
productivity loss due to the interventions. As a result, the continuous closure of schools strategy
gives a high $3476 cost per case prevented.
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Combining workplace and community-wide contact reductions (WP and CCR) with antiviral
drug strategies (that is with T, T+H, T+H+E) and limited period (2 weeks) school closure
strategies are highly effective in reducing the attack rate but with a comparatively high cost
compared to scenarios which lack this extended, more rigorous social distancing. The health
care costs and productivity loss due to death are reduced due to the application of antiviral drugs
but the total cost is dominated by the productivity loss arising from the social distancing
interventions, especially the workplace reduction strategy. When workplace reduction (either
continuously or limited) is coupled with school closure, it causes the greatest increase in the
overall pandemic cost though it does give a significant reduction in attack rates. This strategy
may be suitable for those countries which have limited access to antiviral drugs or if there is a
significant risk of development of antiviral drug resistant influenza strains.

6.4.3 Related research
There are only a limited number of related studies in the published literature [20] [22] [25]. Two
of these [20] [22] use a synthetic, small community-based simulation model somewhat similar
to our Albany Model while [25] utilises a deterministic, differential equation-based
compartmental model. Our model differs from these models in that it was built with the aim of
giving us the most faithful replication of the spatial contact structure, mixing groups and
community-wide random contacts found in a population center (Albany in Western Australia),
given available data sources including detailed census data [26]. To achieve this high level of
realism the Albany Model therefore encompasses significant complexity.

In the three related studies [20] [22] [25] different assumptions have been made for the
scenarios considered, such as pandemic transmissibility (reproduction number and attack rate)
and severity (mortality rate) together with intervention strategies which differed from each other
and with our study. In the studies reported in [20] [22] [25] the authors simulated influenza
pandemics with higher transmissibility and severity characteristics than that which occurred
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with the H1N1 2009 pandemic and on which our study is based, so making it difficult to
directly compare our results.

In [20] the authors simulated a pandemic with an attack rate of 50% (a reproduction number of
2.0) and with severity based on an estimation of the case fatality rate CFR of the 1918 pandemic
of 2.5%). This 1918 transmissibility and severity is much higher than those of all subsequent
influenza pandemics (1957, 1968, and 2009). In [22] the authors simulated pandemics with
attack rates of 25% and 35% (and reproduction numbers 1.6 and 2.1) and case fatality rates of
0.25% and 1%. In the third study [25] a reproduction number of 1.7 with an illness attack rate of
31.1% and case fatality rates of 0.75%, 1% and 2% for age groups 0-19, 20-64 and 65+ years
respectively was considered. The transmissibility and severity used in the above three studies
are significantly higher than our H1N1 2009 settings (reproduction number of 1.2, attack rate of
13% and case fatality rate of 0.0045%, which is estimated from [5] and Western Australia
Department of Health data (personal communication from Dr Gary Dowse).

While the significant differences in the assumptions used in these studies [20] [22] [25] make
direct comparison with our results difficult, we can observe general cost-effectiveness patterns
with them. In the two studies reported in [20] and [22] continuous school closure was
determined to be the most costly strategy of those considered. When school closure was
combined with other strategies (such as antiviral drugs and adult and child contact reduction in
the workplace and wider community), the resultant strategies were also shown to be costly. All
antiviral drug strategies reported in these two related studies were found to be cost-effective
when compared to continuous school closure.

In studies [20] [25] the most cost-effective strategies were determined to be pre-pandemic
vaccination coupled with antiviral treatment and prophylaxis, assuming a suitable vaccine is
available prior to pandemic onset. In the context of the 2009 pandemic, where a vaccine was not
available during the initial phases of the pandemic, study [22] determined the most cost-
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effective strategy as antiviral treatment and prophylaxis coupled with school closure and a 50%
reduction in contact in the workplace and community. These results were obtained using a
reproduction number of 2.1 and a CFR of 1%, both of which were much higher than later
estimates of the underlying transmissibility and severity of H1N1 2009. They also determined
that for a virus strain with lower transmissibility and case fatality rates the school closure
component of the above combined strategy causes it to be non-cost-effective.

Using the lower transmissibility and severity level found in the 2009 H1N1 influenza pandemic
we also found that a continuous school closure strategy was a costly intervention ($34.1m per
100,000), giving the second highest cost among those which we considered. We also simulated
the economic impact of a 50% workplace attendance reduction for 4 weeks and this strategy
together with continuous school closure gave the highest cost among the simulated scenarios
($103m per 100,000). We found antiviral treatment and prophylaxis strategies were highly costeffective, a result which confirms those of [20] [22] [25]. We additionally determined that
coupling our antiviral drugs strategies with limited duration school closure are the most costeffective strategies for mitigating a future influenza pandemic having H1N1 2009
characteristics. We also found that the use of limited duration school closure is a significantly
more cost-effective strategy when compared to continuous school closure. Strategies for
optimising activation timing and the duration of school closure are presented in [9].

We have used the US based costs throughout, following the work of Sander et al. [20], which
based on the US fees and prices [27] [28] [29]. We considered alternative sources for United
Kingdom and Australian productivity and health cost data, sources which were used in analyses
presented in [25] [30] [31]. We found that when adjusted for inflation and converted to US
dollars these costs were comparable (within 20%) to the costs used in our model. We also
considered an alternative source of health care data for the US (the proprietary MarketScan
database) used in two previous influenza economic analyses [22] [32], which showed unit health
costs 4-6 times higher than the United States, United Kingdom and Australian sources
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mentioned above. However, even these higher health care costs would not have changed the
relative outcome of the scenarios presented in this paper. This is because total costs were
dominated by the productivity loss due to illness and intervention, with health care costs
contributing to only a minor degree. Note that while this is true of the 2009 pandemic, which
was relatively mild in terms of health outcomes, the health-care cost component of a pandemic
with more severe health outcomes (e.g. with a higher hospitalisation rate) may be significant. In
this case any analysis should take into account the ratio of wages to health care costs, which
might differ significantly between countries and data sources (particularly the US, which pays
significantly more for health care services per capita [33]).

Since the results of this study are based on a small community of a developed country with a
westernised health-care system, the outcomes may not be applicable to populations in a
developing country, where populations may be less/more mobile and have higher population
densities.

6.5

Conclusions

Our simulation and cost analysis results give guidance to public health policy makers as to the
cost-effectiveness of a range of (combined) intervention strategies which may be used during
future influenza pandemics with H1N1 2009 characteristics and which are also applicable to
seasonal influenza epidemics. From a cost-optimal perspective the use of antiviral drugs are
most effective in reducing the cost and attack rates i.e. achieving significant attack rate
reductions. To improve effectiveness further a purely antiviral drugs strategy may be combined
with limited duration school closure to reduce the attack rate further, but with a slight cost
increase. It should be noted that the effectiveness of antiviral drug interventions are dependent
on a) the delay occurring between symptom onset and diagnosis and b) the percentage of the
infected population being diagnosed; a previous, detailed analysis of these issues is presented in
[8] and also in chapter 5. The use of extreme social distancing e.g. long-term continuous school
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closure or any form of workplace (WP) reduction (i.e. 50% reduction) is a very costly choice of
intervention but may be appropriate if there is limited availability of antiviral drugs or if
significant antiviral drug resistance has developed.
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Chapter 7

Influenza Pandemic Severity Determines CostEffectiveness of Interventions: a Modelling and
Economic Analysis*

In this chapter, the impact which pandemic severity has on the cost-effectiveness of intervention
strategies is studied using the Albany Model. Pandemic severity is defined using the case fatality
rates (CFR) to categorise a pandemic into 5 classes. A comprehensive economic and costing
analysis is also presented using the economic model described in the previous chapter 6.

The findings suggest that for low severity categories, increasing intervention effectiveness via
extended social distancing measures results in increasing costs. In contrast, at higher severity
categories increasing intervention effectiveness decreases costs for all simulated pandemic
transmissibility scenarios. It may be concluded that the social distancing based intervention
strategies that are less acceptable during a mild pandemic like the 2009 influenza pandemic due
to societal and economic costs will be most cost-effective for a severe pandemic. The
significance of this chapter is to give a comprehensive analysis of the effectiveness and costeffectiveness of pandemic mitigation strategies taking into account the severity of a pandemic.
These analyses may be helpful to public health authorities when establishing policy with regard
to cost-optimal interventions to be used to mitigate a future influenza pandemic.

*

Milne GJ, Halder N, Kelso JK, Influenza pandemic severity determines cost-effectiveness of
interventions: A modelling and economic analysis. (Submitted)
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Influenza Pandemic Severity Determines Cost-Effectiveness of Interventions: a
Modelling and Economic Analysis

Abstract
Background: The severity of an influenza pandemic directly influences the total cost of the
pandemic, since hospitalisation and mortality rates are higher with a more pathogenic virus.
Both high transmission characteristics and high mortality rates will contribute to significant
healthcare costs and productivity losses due to death. While models have been extensively used
to determine the effectiveness which interventions have on reducing the illness attack rate, there
is little evidence as to the effect which severity has on the cost-effectiveness of interventions.

Methodology/Principal findings: We utilised an individual-based simulation model and an
economic analysis methodology to determine the overall cost of a range of interventions which
aim to reduce the illness attack rate. Using data from the 2009/2010 pandemic, and a pandemic
severity scale which relates hospitalisation and intensive care unit (ICU) admission rates to case
fatality rate, we determined which interventions are most cost-effective for a particular severity
category. We examined a comprehensive range of interventions involving social distancing and
antiviral drug measures, singly and in combination, to quantify their effectiveness and costeffectiveness under three transmission settings and a range of severity levels. For low severity
pandemics, as interventions increase in effectiveness (by combining interventions together and
having them applied longer), costs also increase. In contrast, for high severity pandemics,
increasing intervention effectiveness decreases intervention costs. For example, for a pandemic
with R = 1.8 a strategy of antiviral treatment, household prophylaxis and continuous school
closure is projected to reduce the attack rate from 32.4% to 9.2%. For a pandemic with a case
fatality rate (CFR) of 0.005% (consistent with the A/H1N1 2009 pandemic) the incremental cost
of this intervention compared to no intervention is $292 per person; for a CFR of 0.1% the cost
is $33 per person; and for a CFR of 0.25% the intervention results in a cost saving of $329 per
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person. This difference in cost due to severity arises since with low severity pandemics the
overall costs are dominated by productivity losses due to illness and social distancing
interventions, whereas with higher severity pandemics total costs are dominated by healthcare
costs and costs arising from productivity losses due to death.

Conclusions: These findings indicate that strict social distancing policies, which are
considered unacceptable for mild or moderate influenza pandemics (due to their disruptive
effects on society and the economy), are necessary for higher severity pandemics, for both
preserving life and reducing the total cost of the pandemics.

7.1

Background

The A/H1N1 2009 influenza pandemic has highlighted a need for revising pandemic
preparedness plans due to the inability of public health authorities world-wide to contain the
spread of the virus within and between countries. Recent modelling has indicated why
containment and control was unsuccessful and has suggested intervention strategies which may
improve upon what occurred in 2009/2010, such as more rapid activation of interventions, and
the use of more rigorous interventions at the early stages of an outbreak [1] [2]. A feature of the
A/H1N1 2009 pandemic was its low transmissibility and mild severity of symptoms, resulting
in a modest illness attack rate and a low case fatality rate [3] [4] [5] [6]. A review of responses
to the 2009 pandemic by Leung and Nicoll [7] describes the lessons which can be learned from
experiences of this pandemic and which can contribute to a revision of pandemic preparedness
plans. Furthermore, they indicate that the situation in 2009/2010 could have been much worse
had the pandemic virus been more pathogenic and more transmissible, causing severe
complications in high numbers of those affected. These experiences in 2009/2010 have
highlighted the need for a better understanding of which interventions would be most effective in
reducing the attack rate and which would be most cost-effective in any future pandemic.
Specifically, we wished to determine which intervention strategies are optimal and cost-optimal
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for various worst-case scenarios. Such scenarios would involve an influenza virus strain which
is highly pathogenic, inducing significant morbidity and mortality such as occurred during the
1918/1919 pandemic [8] [9]. The study reported here addresses the role that pandemic severity
has on determining which intervention strategies are highly effective and highly cost-effective.
This was undertaken using a detailed, individual-based simulation model of a small community
of ~30,000 persons in a developed world country, namely the town of Albany in Western
Australia [10]. The need to describe the severity of an influenza pandemic has been highlighted
by the recent report from the World Health Organisation reviewing responses to the A/H1N1
2009 pandemic [11]. In the absence of clear definitions of pandemic severity we have extended
the U.S. Center for Disease Control (CDC) severity definitions [12] which are based on case
fatality rates to include case hospitalisation and intensive care unit rates, thereby allowing the
impact on health systems to be measured and costed.

Intervention effectiveness results emanating from recent modelling research [2] [10] [13-22]
have given consistent guidance as to which interventions are more or less effective in reducing
the disease attack rate. Combinations of social distancing and pharmaceutical interventions were
found to be most effective [2] [13] [14] [15] [17] [18] [19] [20]. It has also been found that strict
social distancing interventions involving the coupling of continuous school closure, home
quarantine, and significant reductions in workplace attendance and community-wide contact
may also be highly effective [2] [10] [14] [16] [17] [18] [20] [21]. However public health
authorities are aware that such strict social distancing measures, which were used successfully
in some cities during the 1918/1919 pandemic [23] [24] when pharmaceutical measures were
unavailable, would be highly unpopular due to the resulting societal disruption, and costly due
to resulting productivity losses.

To further inform public health decision-makers in their

refinement of pandemic preparedness plans, and to better understand in which situations strict
social distancing may be the optimal intervention strategy to be used, it is also necessary to
determine the cost and cost-effectiveness of interventions.
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Disease modelling has been extensively used to quantify the effectiveness of interventions in
terms of reduction of the illness attack rate. Models have often considered influenza pandemic
scenarios having a range of transmissibility characteristics as denoted by reproduction numbers
ranging from 1.2 (as seen during 2009/2010 with influenza A/H1N1 [4]) to 3.4 (suggested by
some as an upper bound for 1918/1919 pandemic [25]). Conducting intervention effectiveness
analyses using settings within this range has been necessary since the transmissibility of a future
pandemic will be unknown in advance. From a pandemic planning perspective using models to
examine the potential effectiveness of mitigating interventions in a worst-case scenario
involving a novel highly-transmissible strain is important. For example, we have previously
shown that antiviral drug strategies combined with 4 weeks of school closure were effective for
a pandemic with R<=1.5 whereas those interventions were ineffective for a pandemic with R ≥
2.0 [1].

The 2009/2010 pandemic highlighted a further factor which must be considered when
determining which intervention strategies to mandate, namely the severity of symptoms arising
from a given strain. While the A/H1N1 2009 virus spread world-wide and as such was classed
as a pandemic, the severity of resulting symptoms such as quantified by morbidity and mortality
rates were lower than that which have previously occurred in many seasonal epidemics [3,5,6].
This resulted in a reluctance of public health authorities to use rigorous social distancing
interventions due to their disruptive effects, even though modelling has suggested that they
could be highly effective in reducing the illness attack rate [2] [10] [14] [16] [17] [18] [20] [21].
Had the A/H1N1 2009 influenza strain been highly pathogenic more rigorous responses would
have been required to contain, control and lessen the adverse health outcomes. Pandemic
severity, arising from the virulence of a given influenza strain, has been defined by the CDC
[12] on a scale of 1 to 5 relative to the case fatality rate. More generally, virus severity also
needs to be categorised by the level of health care required in addition to mortality rates as a
severe pandemic in the CDC 4 or 5 categories will manifest as high rates of hospitalisation, of
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intensive care unit needs and of death. We have used data from the 2009/2010 pandemic to
define this more extensive notion of pandemic severity.

The need for an unambiguous, extended definition of severity has been noted in the World
Health Organisation report on the handling of the 2009 pandemic [11]. In this report the
rationale of being able to clearly define pandemic severity due to the impact which a severe
pandemic will have on health care provision, and in our case on the costing of such healthcare
provision, is made. The report was critical of the WHO for failing to describe the severity of the
2009 pandemic and of lacking clear definitions of severity levels prior to the pandemic. In the
absence of such definitions we have developed our own based on the CDC case fatality rate
measure [12] with the addition of case hospitalisation and case intensive care unit (ICU)
admission rates derived from data collected in a pandemic situation in Western Australia in
2009/2010 (data kindly provided by the Department of Health, Western Australia).

The effectiveness of interventions in reducing the illness attack rate is directly related to disease
transmissibility (denoted by effective reproduction number R), as shown by modelling studies
[2] [10] [13-22]. For our study virus severity has been considered independent of its
transmission characteristic1. While the severity and transmissibility of a new pandemic strain
might be correlated (both possibly being caused by immunogenic novelty of the virus strain) this
is uncertain and we thus treat them as independent. However the severity of a particular
influenza strain directly impacts on the cost of any pandemic; increased severity increases
health care costs and also increases productivity losses due to a) absenteeism arising from
increased illness and b) increased mortality rates. For a future pandemic which is highly
pathogenic reduction in the attack rate is crucial as this reduces the number of lives lost, though
the case fatality rate remains the same. While a number of intervention strategies may be
equally effective in reducing the attack rate, the ability to also determine the total cost of each
intervention permits the cost-effectiveness of a given intervention strategy to be determined.
1

In reality, individual’s behaviour may change with the change of severity, in particularly at higher severity. It would
be good to examine a model where diagnosis of cases and individuals’ health care seeking behaviour are related to
severity. Since very limited empirical data was available to inform such a model, it would be done in future research.
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This allows us to compare interventions from both an effectiveness and cost-effectiveness
standpoint, and to conduct these analyses for each severity class.

We report on a cost-effectiveness study based on the Albany Model which provides a
comprehensive economic analysis of a wide range of interventions, singly and in combination,
and under a range of virus characteristics, namely virus transmissibility and virus severity. For
given transmission and severity settings we have determined the total cost of interventions,
including costs due to productivity losses arising from death, and have determined which
interventions are cost-effective and which are most cost-optimal. This analysis has used data
collected during the A/H1N1 2009 pandemic as follows: to allow the Albany simulation model
to reflect the age-specific attack rate characteristics of the pandemic and to support the
economic analyses using age-specific hospitalisation, intensive care and mortality rates. We
have examined social distancing interventions and interventions using antiviral drugs for
treatment and prophylaxis. We have not considered interventions based on vaccination in this
study, either pre-emptive or reactive vaccination [22], as suitable vaccines will most likely be
unavailable at the early stages of a pandemic.

7.2

Methods

7.2.1 Overview
We used a detailed, individual-based simulation model of a small community in the south-west
of Western Australia (Albany) with a population of approximately 30,000 to simulate the
dynamics of an influenza pandemic. Full details of the model can be found in [1] [2] [10].
Comparing simulations with and without interventions in place allowed us to determine the
effect which a range of interventions have on reducing the attack rate and on the health profile
of each individual in the modelled community. The outcomes of the simulation model were then
used by a healthcare decision process to determine healthcare outcomes (hospitalisation, ICU
treatment and death). These analyses determine the baseline (unmitigated, i.e. without
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intervention) and mitigated (with intervention) pandemic costs and thus permit us to determine
the cost-effectiveness of a range of intervention strategies. Furthermore, they give guidance as
to which intervention strategies are most cost-effective in terms of cost per case prevented.

7.2.2 Definition of severity
We have defined seven severity categories based on the five case fatality rate categories
proposed by the CDC [12]. These extend the CDC categories to further include rates of
hospitalisation and intensive care unit (ICU) treatment using data obtained during the 2009/2010
A/H1N1 pandemic in Western Australia by the Communicable Disease Control Directorate of
the Western Australian Department of Health. These data permit us to relate case hospitalisation
rates, both intensive care and non-ICU, to case fatality rates (see Table 7.1).

The CDC pandemic severity index uses the case fatality rate (CFR) as the key determinant for
categorising the severity of a pandemic [12]. This index was designed to enable estimation of
the severity of a pandemic at a population level, to permit better forecasting of the impact of a
pandemic and was intended to allow recommendations on the use of interventions to be matched
to the severity of future influenza pandemics. Five severity categories were proposed: Category
1 with CFR < 0.1%; Category 2 with CFR between 0.1% and 0.5%; Category 3 with CFR
between 0.5% and 1.0%; Category 4 with CFR between 1.0% and 2.0; Category 5 with CFR ≥
2.0%. In this study we have used discrete points from the above pandemic severity scale with
the following case fatality rates: 0.1% for severity Category 1, 0.25% for Category 2, 0.75% for
Category 3, 1.5% for Category 4 and 2.5% for Category 5. An additional category with CFR =
0.5% (Category 2.5) lying at the midpoint between Category 2 and Category 3 was included
after preliminary results showed that the cost patterns ascribed to the four components making
up the total cost of a given intervention strategy, namely healthcare costs, antiviral drug costs,
social distancing costs and costs due to productivity losses arising from death, varied
significantly for pandemics with severity above Category 2.
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Table 7.1 – Probabilities for deaths, hospitalisation and ICU admissions for each severity category,
conditional on symptomatic illness.
Severity category

Parameter name
0-5

6-17

18-64

65+

Category 0, CFR = 0.005%

P(D|S)

0.000019

0.000055

0.000048

0.000003

P(H|S)

0.000612

0.001775

0.001555

0.000093

P(I|S)

0.000056

0.000163

0.000143

0.000009

P(D|S)

0.000436

0.001265

0.001108

0.000066

P(H|S)

0.014080

0.040815

0.035759

0.002141

P(I|S)

0.001293

0.003749

0.003284

0.000197

P(D|S)

0.001063

0.003081

0.002699

0.000162

P(H|S)

0.034283

0.099376

0.087065

0.005212

P(I|S)

0.003149

0.009128

0.007997

0.000479

P(D|S)

0.002125

0.006161

0.005398

0.000323

P(H|S)

0.068565

0.198753

0.174131

0.010425

P(I|S)

0.006298

0.018255

0.015994

0.000958

P(D|S)

0.003188

0.009242

0.008097

0.000485

P(H|S)

0.102848

0.298129

0.261196

0.015637

P(I|S)

0.009446

0.027383

0.023991

0.001436

P(D|S)

0.006338

0.018373

0.016097

0.000964

P(H|S)

0.204471

0.592710

0.519283

0.031088

P(I|S)

0.018780

0.054440

0.047696

0.002855

P(D|S)

0.010703

0.031026

0.027182

0.001627

P(H|S)

0.345275

0.910863

0.876873

0.052496

P(I|S)

0.031713

0.091928

0.080540

0.004822

Category 1, CFR = 0.1%

Category 2, CFR = 0.25%

Category 2.5, CFR = 0.5%

Category 3, CFR = 0.75%

Category 4, CFR = 1.5%

Category 5, CFR = 2.5%

Age Groups

Table shows probability of health care outcome conditional on symptomatic illness (S). Health care
outcomes: D – death, H – hospitalisation, I – intensive care unit admission.

We have used seven severity categories, taking representative case fatality rates for each, to
capture the spectrum of severity of influenza strains ranging from Category 0 (representative of
mild seasonal influenza or A/H1N1 2009) up to Category 5 (representative of a potential worstcase scenario). The “threshold” Category 2.5 described above, and an additional very low
severity category reflective of the A/H1N1 2009 pandemic, designated as Category 0, with a
CFR of 0.005 %. This CFR was derived using an estimated R of 1.3 for the WA epidemic [4],
which gave a final attack rate of 24% in our simulation model. Excess mortality due to A/H1N1
2009 of 1.2 per 100,000 of the population was estimated from Department of Health, Western
Australia data. This CFR is consistent with an estimate of (0.005% - 0.009%) made by Presanis
et al using US data [26]. Presanis et al also give a CFR estimate that is approximately 10 times
higher (0.026%-0.096%), however we consider the former to be more likely since the latter
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relies on an assumption, estimated for seasonal influenza, that 42% - 58% of symptomatically ill
individuals would result in medically attended cases, which may be unlikely given the mild
nature of A/H1N1 2009 symptoms.

7.2.3 Economic model
The economic model translates the age-specific infectivity profile of each individual in the
modelled population, as derived by the Albany simulation model, into the overall pandemic cost
burden. This overall cost comprises the following components: costs arising directly from
interventions; medical treatment costs and societal costs resulting from loss of productivity in
the workplace arising from illness; and costs associated with care of ill individuals and
productivity losses due to death.

Calculation of medical costs and lost productivity due to death requires that individual health
outcomes (symptomatic illness, hospitalisation, ICU admission and death) be estimated for each
severity level. 2009/2010 pandemic data from Western Australia capturing rates of
hospitalisation, ICU treatment and death was used to provide a relationship between the
mortality rate and numbers requiring hospitalisation and ICU care. These data indicated a
hospitalisation to fatality ratio of 32:1 and an ICU admission to fatality ratio of 3:1. These
values align with those in a study by Presanis et al in [26], which estimated the ratios as being in
the ranges (17 - 37) and (3.1 - 5.0) respectively.

We derived rates of hospitalisation and ICU admission for symptomatic individuals by
assuming these ratios of hospitalisations to (influenza-caused) deaths, and ICU admissions to
deaths, were constant for each of the seven severity categories.
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7.2.4 Costing methodology
The costing methodology has been used in previous chapter to determine cost-effective
strategies for mitigating a future influenza pandemic with severity characteristics similar to that
of the A/H1N1 2009 pandemic [27]. The approach taken has focused on determining the total
economic cost to society incurred during an influenza pandemic. Total costs involve both direct
health care costs (e.g. the cost of medical attention due to a GP visit, or for hospitalisation) and
costs due to productivity losses. Productivity costs arise from pandemic related deaths and
illness together with those due to interventions such as (partial) workplace closure and childcare for an ill child. Pharmaceutical costs (e.g. costs related to antiviral drugs) are also
estimated. All costs are reported in 2010 US dollars using consumer price index adjustments
[28]. We used 2010 US dollar values in determining total costs to make our results readily
convertible to a wide range of developed countries.

In our baseline unmitigated pandemic scenario the total hospitalisation cost is measured by
summing age-specific hospitalisation costs. We estimated age-specific hospitalisation costs by
multiplying the average cost per day by average length of stay for each age group [29,30]. We
assumed an average hospitalisation cost of $1042 US dollar per day [31]. We also calculated
costs for intensive care unit (ICU) treatment using the same method. Treatment costs and
lengths of stay in hospital (both ICU and non-ICU) data used in establishing the overall cost of
mitigated and unmitigated epidemics in the modelled community are given in [27]. We further
estimated the consultation fee of a general practitioner (GP) physician visit for each influenza
case at $106.97 [31].

We also estimated productivity losses due to illness and interventions (e.g. necessary child-care
due to school closure and workplace non-attendance) multiplying average wages by average
work-days lost due to illness and interventions. Average work-days lost were determined from
the day-to-day outbreak data generated by our individual-based simulation model. We estimated
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the cost of school days lost due to school closure interventions by multiplying average daily cost
in a school per student and average school-days lost obtained from the simulator. The assumed
values of a weekly wage of a working person and the daily cost per student in a school were
$836 and $19.22 [32] [33] respectively; these school costs cover additional teaching needed to
“make up” missed classes due to absence. In our analysis we assumed pharmaceutical costs of
$24.81 per antiviral course together with administration and dispensing costs of $31.22 per
course [31].

Productivity loss due to death was derived from the net present value of future earnings for an
average age person in each age group. This was calculated by multiplying the age-specific
number of deaths due to illness by the average expectancy in years of future earnings of an
individual and by an average annual income [29] [33]. We assumed that the maximum earning
period is up to age 65 and calculated the average number of years of future earnings by
subtracting the mid age point of each age group from 65. We also calculated the average annual
income by multiplying a weekly wage of $836 [33] by 52 weeks. Productivity losses due to
death were discounted at 3% annually [44] which is a standard discount used to express all
future income as a present-day value.

The total cost of each intervention is described as a cost in US dollars ($) per person. This was
derived by establishing the total cost for a particular intervention scenario and then dividing it
by the population of our Albany Model, which is approximately 30,000 individuals, so allowing
the results to be readily applied to a population of any size. In addition we present the total cost
of a given intervention scenario as a cost-per-case-prevented.

7.2.5 Simulation model
The individual-based simulation model was developed using census, state and local government
data to construct a human contact network involving households, schools, childcare centres,
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workplaces and a regional hospital. Census data were used to populate each household in our
modelled community with the exact number of uniquely identified individuals, with ages in one
of 7 age groups (0-5, 6-12, 13-17, 18-24, 25-44, 45-64, 65+). These ages were used to allocate
specific children to appropriate schools and classes, and adults to workplaces, using data on
workplaces and schools in the community. This model was previously developed to determine
the effectiveness of social distancing and vaccination measures for a possible future H5N1
pandemic [10] [21] [22] and was subsequently used to examine antiviral and school closure
interventions which were employed in the A/H1N1 2009 influenza pandemic [1] [2] [34]. The
model is described in further detail in [1] [2] [10].

The modelled community is represented as a dynamic contact network which changes the
spatial locations of individuals through time. Individuals move from their households to
schools, workplaces and into the wider community during the day, returning to home in the
evening. The simulation mechanism underpinning the model captures this changing contact
pattern twice per day with each day divided into 12 hour day/night cycles. During each cycle the
nominal location of every person was determined and individuals occupying the same location
were assumed to come into potential infective contact.

Epidemics were initiated by introducing one randomly located infected seed individual into the
population each day, for the duration of the epidemic. All simulations were repeated 40 times
with random numbers controlling the outcome of stochastic events (the locality of seeded
infected individuals and the probability of transmission) and the results averaged. The number
of repeats (40) was chosen so that the standard deviation of the final illness attack rate was less
that 1.2% of the population for all simulation scenarios.

Transmission of infection between infectious and susceptible individuals who came into
infective contact was resolved stochastically. The probability of transmission was calculated as
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a function of the state of the infectious (Ii) and susceptible (Is) individuals involved at the time
of contact, as given by:
Ptransmission (Ii,Is) = β × Susc(Is) × Trans(Ii) × AVF(Ii,Is)
Each factor contributing to the transmission probability (basic transmissibility, age-based
susceptibility, time-varying transmissibility and antiviral effectiveness) is described in detail in
[1] [2] [27] [34]. The basic transmission probability (β), capturing the infectivity of the virus
strain, was chosen to give unmitigated epidemics with a specific effective reproduction number
R, and R = 1.5, 1.8 and 2.5 have been used in this study to capture influenza pandemics with
low, medium and high transmission characteristics.

7.2.6 Intervention strategies
We examined a comprehensive range of intervention strategies including school closure,
antiviral drugs for treatment and prophylaxis, workplace non-attendance and community contact
reduction. These interventions were considered individually and in combination and social
distancing interventions were considered for either continuous periods or periods of fixed
duration (2 weeks or 8 weeks). Detailed analyses on the preference of school closure
interventions and their sensitivity analyses were presented in chapter 4.

Some of the

intervention strategies considered in this cost-effectiveness analysis were applied during the
A/H1N1 2009 influenza pandemic in various countries, while some were examined to evaluate
their potential cost-effectiveness when used in containing and controlling a future influenza
pandemic. The effectiveness of all such intervention strategies was evaluated and examined
previously; these interventions are described in detail [1] [2] [27] [34] and also in previous
chapters.

Antiviral drug interventions and school closure are triggered by the number of diagnosed,
symptomatic individuals in the community and this causes health authorities to mandate the
intervention response. We assume that 50% of symptomatic individuals will be in this
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diagnosed category (detailed sensitivity analyses of diagnosed symptomatic individuals were
presented in chapter 5), and that this occurs at the time symptoms appear (which is 36 hours
after the exposure that led to infection).

For continuous school closure, all schools were closed simultaneously after a certain number of
infected individual were identified in the community (after 0.1% diagnosed individuals). For
fixed duration (e.g. 2 weeks or 8 weeks) school closure, schools were closed individually as
follows: for a primary school the whole school was closed if 1 case detected in the school; in a
high school only the class members of the affected class were isolated (sent home and isolated
at home) if 1 or 2 cases diagnosed; if there were more than 2 cases diagnosed in a high school
the entire school was closed. This school closure policy was only activated when the daily
number of diagnosed cases in the community reached an activation trigger threshold; cases
occurring in schools before this time did not result in school closure. This policy of triggering
school closure based on epidemic progression avoids premature school closure which can
reduce the effectiveness of limited duration school closure; see [2] and chapter 4 for a detailed
description of proposed school closure strategies.

Three antiviral drug strategies have been examined; antiviral drugs used solely for treatment of
symptomatic cases (strategy T), T plus prophylaxis of all household members of a symptomatic
case (strategy T+H), and T+H plus prophylaxis applied to the extended contact group (such as
school or workplace contacts) of a symptomatic case (strategy T+H+E). Further details of
antiviral interventions are given in [1] [34].

Workplace closure (WP) was modelled by assuming that for each day the intervention was in
effect each worker had a 50% probability of staying at home and thus did not make contact with
co-workers. Community contact reduction (CCR) was modelled by assuming that on days when
the intervention was in effect all individuals made 50% fewer random community contacts. The
most rigorous social distancing interventions considered in this study, which we denote as strict
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social distancing, involve the combined activation of school closure with workplace closure
and/or community contact reduction, and for this to occur for significant time periods;
continuous and 8 weeks duration have been considered here.

In the present study we simulated a total of 20 intervention scenarios (for each of three
reproduction numbers 1.5, 1.8 and 2.5). To simplify the results we only present those
interventions which reduce the attack rate by at least 50% from the baseline, on the grounds that
an intervention must be both effective and cost-effective.

7.3

Results

The results indicate that the total cost of any intervention strategy depends significantly on
pandemic severity. In Figure 7.1, for a medium reproduction number R = 1.8, the total cost of
each intervention strategy for each severity category is presented in order of least to greatest
effectiveness (in terms of attack rate reduction) moving from left to right; these strategies are
numbered 1 to 15 and detailed in Table 7.2. Attack rates are presented as the percentage of the
population contracting the disease (and exhibiting symptoms), for each intervention strategy
considered and also for the non-mitigated baseline scenario. The total cost of a particular
intervention strategy for each severity category is superimposed on its attack rate column, with
a colour-coded cross indicating the specific severity to which the cost relates.

Thus the most effective interventions are on the right-hand side and, if resources allowed, would
be the most effective interventions to adopt. Comparing the total cost of every intervention for a
specific severity category (as presented in Figure 7.1) we may readily establish which
intervention strategies are the least costly and which are the most costly. Comparing the relative
cost of an intervention with its effectiveness in reducing the attack rate allows us to determine
the cost-effectiveness of an intervention in terms of cost-per-case-prevented; see Table 7.2.
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In Figure 7.1, where interventions are ordered by decreasing attack rate, we observe a general
tendency that for low severity levels intervention costs trend upwards from left-to-right whereas
at high severity levels intervention costs trend downwards. To quantify this feature we
calculated the Pearson’s product moment correlation coefficient (r) of attack rate reduction
versus intervention costs for each severity category [35], as illustrated in Figure 7.2. We found
that the correlation between attack rate reduction and total cost is inversely proportional to
severity, ranging from r = 0.553 at Cat 0 to r = -0.974 at Cat 5, with the ordering of decreasing r
matching the order of increasing severity.

Figure 7.1 – Illness attack rates and total epidemic costs for each intervention scenario and severity
category. For each of 15 intervention scenarios (and the baseline no-intervention scenario) the resulting
illness attack rate is represented by the vertical column, with the scale on the left axis showing % of
population. For each intervention scenario a coloured cross indicates the total cost of the epidemic for
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each severity category, with the scale on the right axis showing cost per head of population. Severity
categories are coloured as follows: red - Cat 0 (CFR = 0.005%); green - Cat 1 (CFR = 0.1%); purple - Cat
2 (CFR = 0.25%); teal - Cat 2.5 (CFR = 0.5%); orange - Cat 3 (CFR = 0.75%); blue - Cat 4 (CFR =
0.1.5%); black - Cat 5 (CFR = 2.5%). Intervention strategies are abbreviated as follows: SC 2 – two
weeks school closure; SC 8 – eight weeks school closure; SC cont – continuous school closure; WP 4 –
four weeks of 50% workplace attendance; WP cont – continuous 50% workplace attendance; CCR 4 –
four weeks of 50% community contact reduction; CCR cont – continuous 50% community contact
reduction; T – antiviral treatment; H – household antiviral prophylaxis; E – extended antiviral
prophylaxis. The epidemic is assumed to have a basic reproduction number of 1.8.

This reveals a fundamental difference in cost effectiveness of interventions between low and
high severity epidemics: at low severity the marginal cost of preventing addition infections (and
consequent hospitalisations and deaths) is positive, meaning that each additional prevented
infection comes at a cost; whereas at high severity the marginal cost of preventing additional
infections is negative, meaning that each additional prevented infectious case results in a cost
saving.

Figure 7.2 – Correlation between attack rate reduction and total intervention cost. Scatter plot showing
reduction in attack rate (horizontal axis) versus total epidemic cost (vertical axis) for each of the 15
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intervention scenarios (and the baseline no-intervention scenario). Sample correlation coefficient (r) is
given for each severity and line of best fit is shown. Severity categories are coloured as follows: red - Cat
0 (CFR = 0.005%); green - Cat 1 (CFR = 0.1%); purple - Cat 2 (CFR = 0.25%); teal - Cat 2.5 (CFR =
0.5%); orange - Cat 3 (CFR = 0.75%); blue - Cat 4 (CFR = 0.1.5%); black - Cat 5 (CFR = 2.5%). The
epidemic is assumed to have a basic reproduction number of 1.8.

While this general trend is clear, the relationship between attack rate reduction and cost is not
perfect between all interventions within a severity level. In what follows we examine in detail
the relationship between severity and cost-effectiveness of interventions.

7.3.1 Cost-effectiveness and severity
A relationship between severity category and intervention cost may be observed in Figure 7.1 as
follows: (1) For the high severity settings of Category 3, 4 and 5 the most effective interventions
strategies are also the least costly overall and are amongst the most cost-effective; see Table 7.2
interventions 9 to 15. These interventions all involve the use of continuous school closure and
either the addition of further social distancing measures, or the use of antiviral drugs for
treatment and prophylaxis, or both. (2) For the lower severity settings of Category 0, 1, 2 and
2.5 a different situation presents itself, with the most effective interventions being amongst the
most costly. For Category 1 and 2, Table 7.2 indicates that the most cost-effective intervention
strategies are 1, 4 and 7; these interventions all involve limited duration school closure coupled
with the maximum antiviral strategy involving treatment of the cases and household and
extended contact prophylaxis.
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Table 7.2 – Cost per case prevented for each intervention scenario and severity category.
Intervention

AR

Cat 0

Cat 1

-

-

Cat 2

Cat 2.5

Cat 3

Cat 4

Cat 5

(%)
Baseline or Unmitigated

32.41

1

$1,749

-

-

-

-

-

2

$3,160

$5,558

$7,957

$15,057

$24,545

1

SC 2 wks + T+H+E

15.38

$738

2

SC cont + WP cont

14.71

$5,975

$6,875

$8,129

$10,262

$12,395

$18,707

$27,142

3

SC 8 + WP 4 + CCR 4 + T+H

13.92

$1,942

$2,787

$3,966

$5,970

$7,975

$13,908

$21,836

4

SC 8 wks + T+H

13.5

$1,071

$1,860

$2,959

$4,830

$6,700

$12,236

$19,633

5

SC cont + CCR 4

13.5

$1,964

$2,743

$3,828

$5,673

$7,518

$12,978

$20,274

6

SC cont + WP 4 + CCR 4

13.19

$2,659

$3,405

$4,444

$6,211

$7,978

$13,209

$20,198

7

SC 8 wks + T+H+E

11.94

$1,031

$1,6741

$2,5722

$4,099

$5,625

$10,144

$16,182

8

SC 8 + WP 4 + CCR 4 +

11.24

$1,711

$2,303

$3,130

$4,535

$5,941

$10,101

$15,661

9.22

$1,611

$2,044

$2,646

$3,672

$4,697

$7,732

$11,787

1

1

2

2

$9,959

T+H+E
9

SC cont + T+H

10

SC cont + T+H+E

8.04

$1,544

$1,902

$2,400

11

SC cont + WP 4 + CCR 4 +

7.11

$1,902

$2,213

$2,646

$3,248

$3,3832

$4,096

$4,1202

$6,606

$6,3012

$9,216

6.89

$1,949

$2,247

$2,663

$3,3692

$4,0761

$6,1661

$8,960

6.01

$3,975

$4,225

$4,574

$5,166

$5,759

$7,513

$9,858

5.72

$3,519

$3,763

$4,103

$4,682

$5,260

$6,973

$9,261

4.59

$3,679

$3,865

$4,124

$4,565

$5,006

$6,3112

$8,0551

T+H+E
12

SC cont + WP 4 + CCR 4 +
T+H

13

SC cont + WP cont + CCR
cont

14

SC cont + WP cont + CCR
cont + T+H+E

15

SC cont + WP cont + CCR
cont + T+H
1

Intervention with lowest cost per case prevented for severity category.

2

Interventions within 10% of lowest cost per case prevented for severity category.

Table shows the cost per case prevented (per head of population, in 2010 US dollars) for each
intervention scenario, for each severity category. Intervention strategies are abbreviated as follows: SC 2
– two weeks school closure; SC 8 – eight weeks school closure; SC cont – continuous school closure; WP
4 – four weeks of 50% workplace attendance; WP cont – continuous 50% workplace attendance; CCR 4 –
four weeks of 50% community contact reduction; CCR cont – continuous 50% community contact
reduction; T – antiviral treatment; H – household antiviral prophylaxis; E – extended antiviral
prophylaxis. Severity categories are as follows: Cat 0 (CFR = 0.005%); Cat 1 (CFR = 0.1%); Cat 2 (CFR
= 0.25%); Cat 2.5 (CFR = 0.5%); Cat 3 (CFR = 0.75%); Cat 4 (CFR = 0.1.5%); Cat 5 (CFR = 2.5%). An
epidemic with basic reproduction number R = 1.8 is assumed.

Examination of the constituent costs making up the total cost of each intervention is necessary
to determine in detail how virus severity contributes to the cost differentiation. Figure 7.3
presents the breakdown of total cost for each intervention strategy and each severity level in
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terms of the component costs, namely the hospitalisation, antiviral intervention, social
distancing intervention and death-related costs.

For severity settings of Cat 2.5 and below the results indicate that the most effective
interventions are those involving sustained social distancing measures, such as combined longterm school closure and reductions in community and workplace contacts, and which are
coupled with the use of antiviral drugs for prophylaxis as well as treatment. These interventions
are shown to be the most costly with social distancing costs being the major component of the
total, overall cost with this dominating all other costs, as illustrated in Figure 7.3. For the lower
severities, from Cat 0 up to and including Cat 2.5, Figure 7.3 highlights the fact that social
distancing costs (pictured in green) remain the same for all four lowest severity categories (as
they do for the highest severity categories as well) and, in most cases, dominate the overall
costs. The lowest cost interventions are seen to be those which involve limited social distancing
measures and because of this are also less effective in reducing the attack rate, compared to
those having higher costs.
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Figure 7.3 – Cost breakdowns for each intervention scenario and severity category. Each of the 6 panels
represents the cost breakdowns for epidemics in severity categories 0, 1, 2.5, 3, 4 and 5. The cost
components of the total epidemic cost for 15 intervention scenarios are represented as follows: blue health care costs (including outpatient care, hospitalisation and intensive care unit (ICU) costs); red –
antiviral costs (including pharmaceutical and dispensing costs for treatment and prophylaxis); green –
productivity losses due to illness and social distancing interventions; purple – productivity losses due to
death (expressed as present-value cost by discounting at 3% per annum for future productive years lost).
Note that the horizontal scales on each panel, labeled in cost per head of population, are not constant:
absolute costs are higher for more severe pandemics. Intervention strategies are abbreviated as follows:
SC 2 – two weeks school closure; SC 8 – eight weeks school closure; SC cont – continuous school
closure; WP 4 – four weeks of 50% workplace attendance; WP cont – continuous 50% workplace
attendance; CCR 4 – four weeks of 50% community contact reduction; CCR cont – continuous 50%
community contact reduction; T – antiviral treatment; H – household antiviral prophylaxis; E – extended
antiviral prophylaxis.
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For Category 2.5 with a case fatality rate of 0.5% four intervention strategies have higher costs
arising from productivity losses due to death rather than due to social distancing costs, in
contrast to lower severity scenarios (see Figure 7.3). These results indicate a severity threshold
at Category 2.5 where costs due to the higher case fatality rate overtake social distancing costs
when compared to the lower severity categories, which have lower hospitalisation and case
fatality rates.

The interventions where costs due to death become the most significant

component cost are those without sustained social distancing interventions, namely
interventions 1, 3, 4 and 7 with productivity loss costs due to death of $514.04, $466.87,
$439.72 and $389.03 per person respectively. In contrast, these strategies have social distancing
costs of $97.18, $314.75, $185.75 and $187.48 per person respectively. Furthermore, three
strategies (interventions 5, 8 and 9) have similar social distancing and death costs; these have
increased social distancing measures, by duration of school closure and by combination of
social distancing measures. The major role which costs due to death have in contributing to the
overall cost of interventions at severity category 2.5 is a feature not shared with the lower
severity pandemics but does occur with those at the highest severity settings.

For Category 3 and 4 severity, illustrated using orange and dark blue crosses respectively in
Figure 7.1, the most effective and least costly intervention strategies involve the combination of
continuous school closure and workplace and community contact reduction (of 50%) with
antiviral drug treatment and prophylaxis; these are interventions 13, 14 and 15. Whilst highly
effective (though not the most effective) the two strategies of continuous school closure
combined with 4 weeks limited duration workplace and community contact reduction coupled
with antiviral drugs for treatment and prophylaxis (that is interventions 11 and 12) are both
effective and cost-effective. Table 7.2 indicates that the most cost-effective strategies for
Category 3 are interventions 10, 11 and 12 and for Category 4 are interventions 11, 12 and 15.
Figure 7.3 shows that the five most effective interventions at Cat 3 severity (interventions 11 to
15) all have strict social distancing costs (in green) dominating all other costs. As social
distancing measures become weaker and less strict (sole rather than combined measures and of

224

lesser duration) the costs due to social distancing reduce consequentially and those due to death
increase, as the attack rate and number of cases increases. Social distancing and death costs are
approximately equal for interventions 9 and 10. With weak social distancing measures costs due
to death then become dominant, with the exception of intervention 2.

Figure 7.3 shows that costs due to death (in purple) dominate those due to social distancing (in
green) for a category 4 pandemic in all but the three most effective intervention strategies.
Furthermore, health care costs (in blue) become more significant at this higher severity level.

For pandemics with Category 5 severity the least costly strategies are also the most effective in
their ability to reduce the attack rate and are also the most cost-effective (see Table 7.2
interventions 10 to 15. For Cat 0 up to Cat 2.5 the situation is reversed, with the lowest cost
strategies also being the least effective in terms of attack rate reduction. Figure 7.3 indicates that
at a severity level of Cat 5 (case fatality rate 2.5%) productivity loss costs due to death, together
with healthcare costs, are the major components of the overall cost, rather than costs due to
social distancing. As with severity level 4, only those intervention strategies involving
combined, long-duration (i.e. strict) social distancing measures contribute significant social
distancing costs compared to combined healthcare and death costs. When coupled with antiviral
drug treatment and prophylaxis (with/without extended prophylaxis E) these interventions
(interventions 11, 12, 14 and 15) are the most cost-effective for high severity pandemics. This
illustrates how increasing the rigour of social distancing measures, though with an attendant
increase in social distancing costs, reduces the attack rate and results in a consequential
reduction in healthcare and death related costs.

7.3.2 Cost distribution of antiviral and social distancing interventions
In Figure 7.3 it may be observed that costs associated with antiviral drug utilisation as part of
any intervention strategy fail to be represented for all severity settings. This is due to antiviral
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costs being relatively insignificant when compared to social distancing, death-related and
healthcare costs.

We also observe that due to the assumption made in this chapter, the social distancing costs
remain fixed for any intervention strategy irrespective of severity category. For example the
most effective intervention involves strict social distancing combined with antiviral drug
treatment and both household and extended prophylaxis (intervention 15) and for a pandemic of
severity Cat 2.5 (case fatality rate 0.5%) the breakdown of constituent costs for this intervention
strategy are: healthcare costs $45.51; antiviral costs $10.01; social distancing costs $926.39; and
death related costs $197.67. For the same strategy but with the highest severity (Cat 5 with case
fatality rate 2.5%) constituent costs are: healthcare costs $262.95; antiviral costs $10.01; social
distancing costs $926.39; and death-related costs $981.28. Notice that the social distancing costs
and antiviral costs remain the same for the two severity levels (Cat 2.5 and Cat 5), however the
healthcare costs and death-related costs are much higher for Cat 5 severity.

7.3.3 Intervention costs and pandemic transmissibility
We further examined all intervention strategies and severity categories for pandemic strains
having transmission characteristics lower and higher than 1.8, with a low transmission setting
having R=1.5 and high transmission R=2.5. A pandemic with a reproduction number of 1.5
corresponds to some estimations of the effective reproduction number of the H1N1 2009
influenza pandemic [4] [36] [37] [38] while a reproduction number of 2.5 corresponds to some
estimates of that which occurred in 1918/1919 [25]. Results are presented in Figure 7.4.

Comparing the intervention cost results for R=1.5 (Figure 7.4a) with that for R=1.8 (Figure 7.1)
it is apparent that total costs for low severity levels (Cat 2 and below) are comparable but that at
the highest severity levels (Cat 3 and above) some of the R=1.8 costs are higher and these costs
have a larger spread (i.e. range). The overall pattern of which interventions are most cost-
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effective is similar when comparing the fifteen strategies present in Figure 7.1 with the same
strategy subset in Figure 7.4a.

Figure 7.4 – Illness attack rates and total costs for pandemics with reproduction numbers of 1.5 and 2.5.
Panel A (left) and panel B (right) shows results similar to Figure 7.1 for epidemics with basic
reproduction numbers of R = 1.5 and R = 2.5 respectively. In both cases only interventions that achieve at
least a 50% reduction in illness attack rate, are shown. The resulting attack rate is represented by the
vertical column, with the scale on the left axis showing % of population. For each intervention scenario a
coloured cross indicates the total cost of the epidemic for each severity category, with the scale on the
right axis showing cost per head of population. Severity categories are coloured as follows: red - Cat 0
(CFR = 0.005%); green - Cat 1 (CFR = 0.1%); purple - Cat 2 (CFR = 0.25%); teal - Cat 2.5 (CFR =
0.5%); orange - Cat 3 (CFR = 0.75%); blue - Cat 4 (CFR = 0.1.5%); black - Cat 5 (CFR = 2.5%).
Intervention strategies are abbreviated as follows: SC 2 – two weeks school closure; SC 8 – eight weeks
school closure; SC cont – continuous school closure; WP 4 – four weeks of 50% workplace attendance;
WP cont – continuous 50% workplace attendance; CCR 4 – four weeks of 50% community contact
reduction; CCR cont – continuous 50% community contact reduction; T – antiviral treatment; H –
household antiviral prophylaxis; E – extended antiviral prophylaxis.

227

Comparing the eight effective interventions in Figure 7.4b (R=2.5) with the same interventions
in Figure 7.1 (R=1.8) both the magnitude and relative effectiveness of interventions differ. For
low severity levels intervention cost-effectiveness results are similar, but for higher severity
categories both the absolute cost and the range of costs is greater for the higher transmission
R=2.5 situation.

A worst-case scenario is captured in Figure 7.4b where we have a pandemic strain with a high
transmission capability (R=2.5). The cost of intervention strategies presented for severity
Category 3, 4 and 5 are representative of influenza pandemics which are highly transmissible
and have high severity characteristics. The most effective and most cost-effective intervention
strategies for such worst-case scenarios are the four rightmost strategies in Figure 7.4b; these all
include continuous school closure combined with antiviral treatment and prophylaxis (either
household or household and extended prophylaxis) and either continuous or 4 week duration of
workplace and community contact reduction. The two most effective and cost-effective
strategies involve continuous workplace and community contact reductions in addition to
continuous school closure; the most effective and most cost-effective involves the maximal
antiviral strategy which we have considered (i.e. T+H+E) together with the most strict social
distancing considered.

7.4

Discussion

The key role that pandemic severity has on the choice of which intervention strategy to use in a
future pandemic is as follows; for a low severity pandemic, as interventions increase in
effectiveness (by combining interventions together and having them applied for longer
durations), costs also increase. In contrast, for a high severity pandemic, increasing intervention
effectiveness decreases intervention costs. This difference in overall cost as a function of
severity arises since with low severity pandemics the overall costs are dominated by
productivity losses due to illness and social distancing interventions, whereas with higher
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severity pandemics total costs are dominated by healthcare costs and costs arising from
productivity losses due to death. The illness and social distancing productivity losses are
essentially constant across all severity categories (due to the assumption), while health burden
costs increase as the severity increases. This key observation is highlighted in Figure 7.3. The
policy consequences are that strict social distancing policies which are considered unacceptable
for seasonal influenza epidemics or for “mild” influenza pandemics (as with A/H1N1 2009) due
to their disruptive effects on society and the economy are, for pandemics in the higher severity
categories, (a) necessary to reduce attack rates and so save lives and (b) less costly than not
enacting them when considering the total cost of the pandemic, including production losses due
to death.

Our results show that school closure coupled with antiviral treatment and prophylaxis (either
household prophylaxis or household prophylaxis plus extended prophylaxis) is an essential
component of the most cost-effective intervention strategies at all severity levels, as measured
by cost-per-case-prevented. As continuous school closure coupled with antiviral treatment and
widespread prophylaxis reduces the attack rate by 75% and is the least costly intervention to do
so (for all severities from category 0 to 4), it must be considered to be a robust intervention to be
enacted upon the appearance of a pandemic with unknown severity. If severity turns out to be
lower school closure could then be relaxed; if on the other hand severity turns out to be higher
additional social distancing interventions can be added.

For countries where antiviral drugs are unavailable or in limited supply, combining long periods
of school closure with a 50% reduction in workplace and community contact numbers becomes
relatively more cost-effective as the severity level increases, when compared to school closure
on its own. This rigorous social distancing strategy is one of the most effective in reducing the
illness attack rate, indicating that for higher severity levels the benefits of reducing the number
of persons becoming infected due to lessening contact, while increasing productivity losses due
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to absenteeism from the workplace, become increasingly more important relative to productivity
losses due to death.

Our results highlight the importance of understanding the severity of an emergent pandemic as
early as possible as knowledge of the severity of an emerging pandemic provides guidance as to
which intervention strategy to adopt. In the likely situation where the severity of an emerging
pandemic is initially unknown the results suggest the most appropriate intervention to be
continuous school closure combined with antiviral drug treatment and prophylaxis (i.e.
intervention 10). Table 7.2 illustrates that this intervention is in the most cost-effective band for
every severity column from Category 1 up to Category 5. While it is the most cost-effective
intervention for only Category 2 it is still amongst the band of most cost-effective strategies (up
to a ~5% difference) for all severity categories other than the lowest Category 0. When the
severity of the strain has been determined alternative interventions which are both effective and
cost-effective may then be adopted. Strict social distancing measures have been shown to be
highly effective and for high severity pandemics also highly cost-effective. They have a further
benefit in that they may be rapidly activated at the early stages of pandemic onset, in contrast to
the use of antiviral drugs and vaccines which, if available, take time to be deployed and, in the
case of vaccines, become effective. Initial interventions involving strict social distancing may
then be downgraded if data emerging from a pandemic confirm that the severity is in one of the
lower categories.

The results were derived using a model of ~30,000 individuals representing a small community
in Australia; Albany in Western Australia. These results are applicable to larger populations in
similar countries in the developed world having similar population demographic and contact
structures. The results have been presented as total costs per person in the population and are
based on health care and productivity costs used in the United States. Costs are expressed in US
dollars to make the results generally applicable.
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We have used US based costs throughout, following the work of Sander et al. [31], which based
costs on US fee and price schedule [39,40,41]. We considered similar sources (also based on
Diagnosis Related Groups (DRG) standards) from the United Kingdom and Australian and
found them to be similar when adjusted for inflation and converted to US dollars. We also
considered an alternative source of healthcare data for the US (the proprietary MarketScan
database), used in two previous influenza economic analyses [32] [42], which showed unit
health costs 4-6 times higher than the US, UK, and Australian sources mentioned above. If these
costs are more representative of US health care system, the larger resulting healthcare cost
component of total epidemic costs make strict social distancing interventions relatively more
cost-effective for lower severity epidemics.

Our simulation model does not assume any limit on hospital or ICU resources. At high severity
categories, hospitalisation and ICU numbers may overwhelm available resources. In this
situation hospitalisation and ICU costs might be effectively capped, but this would be
counterbalanced by higher mortality and productivity losses due to death.

7.4.1 Related research
In contrast to the most closely related studies, those of Sander et al [31] and Perlroth et al [32]
which also use individual-based simulation models, we choose to include a mortality cost due to
productivity loss following death. This allows for determination of the total cost of a pandemic
with any intervention strategy activated, allowing for a thorough comparison of the costeffectiveness of a range of intervention strategies.

When severity is low, our results coincide with the studies mentioned above, which found that
antiviral treatment and prophylaxis were highly cost-effective, and that adding school closure
decreased attack rates but drastically increased total cost. However at higher severities the
inclusion of productivity loss following death leads to markedly different assessment of cost-
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effectiveness. For example, Perlroth et al found that the incremental cost of adding continuous
school closure to an antiviral strategy was always positive, even for epidemics with high
transmissibility (R = 2.1) and case fatality ratios (CFR) up to 2%, meaning that adding school
closure always increased total costs. Similarly Sander et al found that addition of continuous
school closure to an extended antiviral strategy also increased total costs, even for an epidemic
with a 5% CFR. In contrast, we found that adding continuous school closure to an extended
prophylaxis strategy reduced total cost where CFR exceeded 0.5%, for R = 1.5 and higher.

Furthermore, we have considered additional intervention strategies in comparison to these two
related studies. For example, we have considered fixed-period school closure in addition to
continuous school closure and have shown that periods of 4 and 8 weeks closure may contribute
to highly cost-effective intervention strategies when combined with other measures.

This study has benefited from the availability of detailed pandemic data collected during the
A/H1N1 2009 pandemic, from Europe [43], Western Australian (hospitalisation, ICU admission
and mortality data from the Health Department of Western Australia), and Australia-wide data
[4,5]. These data are used to generate realistic age-specific attack rates and hospitalisation and
mortality rates; it contributes to the realism of both the simulation model and the economic
analysis and improves the validity of the results produced.
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Chapter 8

Conclusion

In this chapter, a summary of the key findings of the thesis is presented and possible
implications of the findings to the establishment of public health policy guidelines are justified.
The limitations of the findings are acknowledged, and a brief overview of a co-circulating
disease transmission model is presented as a future area of investigation.
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8.1 Key findings
In this thesis, the effectiveness and cost-effectiveness of pandemic mitigation strategies are
quantified. Some of these strategies were imposed during the 2009 pandemic and some may be
useful to mitigate future influenza pandemics. As a whole, this thesis may serve as a synopsis of
the quantification of optimal and cost-optimal mitigation strategies and support public health
policy decisions to reduce morbidity and mortality during pandemics.

In chapter 3, social distancing and antiviral drug strategies were modelled. Some of these
strategies were implemented in Australia in 2009 in response to the 2009 influenza pandemic.
The results of chapter 3 suggested that more sustained use of antiviral drugs and school closure
strategies might contain the disease spread better than other interventions adopted at that time.
However, while longer school closures might require smaller antiviral stockpiles , longer school
closures might increase actual societal costs arising from the productivity losses of working
adults to care for children who were required to stay at home.

The benefit of a school closure strategy during an influenza pandemic depends on various
factors. These include what types of school should be closed, how long they should be closed
and when the schools should be closed. These factors also include the transmissibility
characteristics of the disease. The impact of these factors on the effectiveness of school closure
strategies was investigated in chapter 4. These analyses suggested that the timing of school
closure might be an important factor in reducing the number of daily cases, as well as total
number of symptomatic cases, during a pandemic period. The results suggested that a policy of
allowing schools to close individually might be less sensitive to the precise activation of the
closure intervention than a policy of simultaneous community-wide school closure. The results
also suggested that optimal activation trigger might vary due to school closure durations and
disease transmissibility to achieve optimal effectiveness of school closure interventions.
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The distribution and management of antiviral drugs during an influenza pandemic is important.
The use of antiviral drugs may be the only pharmaceutical intervention strategies available at
the early stage of an influenza pandemic, particularly either if pre-pandemic influenza vaccines
are not available for the circulating influenza virus strain or if willingness of pre-pandemic
vaccines deployment is not confirmed. It takes time (over 6 months for the H1N1 2009
pandemic) for a suitable vaccine to be developed and produced in sufficient quantity. In chapter
5, the impact of diagnosis coverage (the percentage of symptomatic individuals given antivirals)
and diagnosis delay (the time gap between symptom appearance and starting antiviral treatment)
in antiviral drug administration during an influenza pandemic was investigated. Early diagnosis
of a pandemic with a moderately high diagnosis coverage rate not only reduced the number of
cases but also reduced the size of the antiviral stockpile required to mitigate the pandemic (for
an influenza pandemic having R value less than 2 i.e. R < 2). While these results might be
applicable to developed communities with demographics similar to Albany, the quantity of
antiviral drugs suggested in this study might cause drug-resistant virus strains to emerge.
Therefore, in addition to finding a set of cost-optimal strategies, social distancing and antiviral
drugs strategies should also be balanced to reduce the risk of emergence of a drug-resistant virus
strain by limiting the use of antiviral drugs.

In chapter 6, a set of cost-optimal interventions were proposed to mitigate a local influenza
epidemic with similar characteristics to the 2009 H1N1 influenza pandemic. It was found that
school closure was an expensive and costly intervention to mitigate mild pandemics, such as
those similar in intensity to the 2009 pandemic. Most of the cost of this intervention was due to
productivity losses of working adults responsible for the care of children affected by school
closure. Antiviral drugs strategies were effective and less costly, but antivirals plus limited
school closure strategies were most cost-effective. In combination these strategies not only
reduce costs but also reduced the risk of emergence of a drug-resistant strain as the amount of
antiviral drugs required was less than required for the antiviral drug strategy alone. However,
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these findings may differ in the case of a developing country where unemployment rates are
high and/or where productivity losses are not as affected by school closures.

The role of influenza pandemic severity on the cost-effectiveness of pandemic mitigation
strategies were investigated in chapter 7. Pandemic severity is categorized from category 1 to
category 5 depending on different case fatality rates. It was revealed that social distancing
interventions, such as rigorous school closures and workplace non-attendance strategies (with or
without antivirals) were the most expensive strategies in the case of mild pandemics. However,
the same strategies were found to be cost-effective in the case of severe pandemics in categories
4 and 5 due to the costs associated with hospitalisation and death.

8.2 Implication to public health policy guidelines
The research findings presented in this thesis provide a comprehensive evaluation of the
effectiveness and cost-effectiveness of pandemic mitigation strategies. The findings may be
helpful for establishing and refining public health policy guidelines to contain a future influenza
pandemic.

In general, while this study has shown that school closure is an effective intervention strategy, it
is only effective if the duration of closure is greater than two weeks. However, in combination
with antiviral drug strategies school closures of more than one week can be effective. The
determination of the required duration of school closure was found to depend on the
transmissibility characteristics of the circulating influenza virus. In all pandemic transmissibility
scenarios, long school closures were found to be an effective strategy for reducing illness attack
rates. The addition of antiviral drug strategies may further reduce the disease related morbidity.

The results of this study show that rigorous social distancing such as school closure, work-place
closure, community contact reduction with or without antiviral drugs are effective intervention
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strategies and reduce attack rates. However, results from the economic analysis show that these
social distancing strategies have a large societal and economic impact that should be considered
when implementing them during an influenza pandemic. The use of social distancing strategies
for a mild pandemic that is less severe in terms of case fatality rate, are not cost-effective in
terms of cost per case prevented. However, they are highly effective in reducing attack rates.
Similar effectiveness with minimal costs can be achieved using antiviral drug strategies. The
results also show that combined strategies such as limited duration school closures combined
with antiviral strategies may be a cost-effective choice of intervention to contain future mild
pandemics. In a pandemic that is severe in terms of case fatality rate, rigorous social distancing
strategies may be cost-effective strategies. Therefore, for severe pandemics, multiple rigorous
social distancing strategies may be an alternative to antiviral strategies if there are constraints on
the size of antiviral stockpile or risks of antiviral resistance.

In both mild and severe pandemics, antiviral strategies are effective in reducing illness attack
rates only if combined with social distancing. However, attention must be given to the diagnosis
rate and diagnosis delay. Diagnosis rate is the percentage of symptomatic individuals received
antivirals as treatment and diagnosis delay is the time gap between symptom appearance and
starting antiviral treatment. To obtain the optimal effectiveness of antiviral drug treatment and
prophylaxis these factors should be carefully considered.

8.3 Limitations
The outcomes of this research may be limited to developed countries with demographic
characteristics similar to Australia even if this demographic data is not available. However, for
developing countries, with lower population mobility and higher population densities, for
example, Bangladesh, these findings may not be directly applicable. Future research may be
directed towards accessing the impact of population mobility and density on mitigation
strategies.
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There are many parameters that have been used in the Albany Model to construct the population
demographics: the simulation algorithm, the transmission model and the sub-models for
intervention strategies. The values of these parameters such as virus transmissibility, agespecific susceptibility, virus infectiousness, antiviral efficacy and individual’s mixing pattern
are crucial since the outcomes of the model are dependent on them. In this thesis, most
parameters were estimated from two sources: published journals and personal communication
with public health experts. A small number of other parameters were used in the model based on
best estimates. These included mixing group sizes and number of contacts which vary from
community to community, country to country [10]. These parameters are subjected to sensitivity
analysis simulations but may be refined if better data becomes available.

8.4

Future research: A proposed mechanism to model co-

circulating diseases
In this thesis, the modelling and simulation of a single pathogen disease was addressed using the
Albany Model. However, multiple infections can co-exist and persist during outbreaks of
diseases [5] [6] [7] [9] [13] [14] [15] [16] [17]; including different strains of influenza, drug
susceptible and drug resistance influenza strains, and co-circulating influenza and pneumonia.
The dynamics of multi infections may be explained by establishing a co-circulating disease
transmission model. Therefore, for my future research, I would like to develop a mechanism of
co-circulating disease transmission by using an individual-based simulator. Plausible research
areas of investigations using the co-circulating disease transmission model may include,

a) Dynamic modelling to explore cross-protection between influenza strains
Even though several strains of different types or subtypes of influenza virus may coexist
during one epidemic, almost all influenza surveillance systems of temperate countries
report a single influenza illness peak each winter [5] [6]. The existence of a single
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illness peak for one of the strains in each winter (although there is co-circulation of
different types or subtypes of influenza strains) may be explained using the cocirculating Albany Model. It can be hypothesised that cross-protection between the
different strains or innate immune responses of infected hosts to the different strains,
can explain this single illness incidence-rate peak (or the absence of succeeding peaks,
despite circulation of different types or subtypes of influenza strains).

b) Quantifying public health containment strategies to reduce the risk of drug
resistance during a novel influenza pandemic
Large-scale antiviral treatment and prophylaxis may provide substantial public health
benefits by slowing the disease spread during an influenza pandemic. However, such
massive use of antivirals may substantially increase the risk of emergence of resistant
viruses and the spread of an antiviral resistant strain during a pandemic may
substantially reduce the antiviral effectiveness [7] [9]. The individual-based cocirculating simulation model may be utilised to capture the dynamics of drugsusceptible and drug-resistant strains of a novel pandemic influenza virus. The
effectiveness of a set of combined pharmaceutical and non-pharmaceutical intervention
strategies may be quantified, and these analyses may provide insight into the public
health benefits of reducing disease impact. This may also allow the design of antiviral
strategies (e.g. age prioritized strategies or multidrug strategies) to minimize the risk of
drug resistance development.

c) Optimality of vaccinating for influenza and pneumonia
Influenza is often complicated by pneumonia. Pneumonia is a serious lung disease
mostly caused by viruses and/or bacteria. Although influenza and pneumonia are two
distinct diseases, they are linked strongly, so they are often grouped together [8].
Vaccination is assumed to be one of the best strategies to control these diseases
(especially for influenza and community-acquired pneumonia [12]). In certain
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developed countries such as the United States of America and the United Kingdom,
influenza and pneumonia vaccination programmes are carried out annually to reduce the
burden of these diseases [8] [12]. Therefore, determination of optimal and cost-optimal
vaccination strategies for both influenza and pneumonia is crucial. Future modelling
studies may focus on quantifying the effectiveness and cost-effectiveness of influenza
and pneumonia vaccination strategies.

245

Bibliography: Chapter 8
1.

Milne GJ et al., A small community model for the transmission of infectious diseases: comparison of
school closure as an intervention in individual-based models of an influenza pandemic. PLOS One,
2008. 3(12): e4005.

2.

Kelso JK, Milne GJ and Kelly H, Simulation suggests that rapid activation of social distancing can
arrest epidemic development due to a novel strain of influenza. BMC Public Health 2009, 9(1): p.
117.

3.

Milne GJ, Kelso JK and Kelly H, Strategies for mitigating an influenza pandemic with pre-pandemic
H5N1 vaccines. Journal of the Royal Society Interface 2009, 7(45): p. 573.

4.

Papoulis A, Probability, random variables and stochastic processes. New York: McGraw-Hill, 2,
1984.

5.

Lavenu A, Valleron AJ and Carrat F, Exploring cross-protection between influenza strains by an
epidemiological model. Virus research 2004, 103(1-2): p. 101-105.

6.

Andreasen V, Lin J and Levin SA, The dynamics of cocirculating influenza strains conferring partial
cross-immunity. Journal of Mathematical Biology 1997, 35(7): p. 825-842.

7.

Wu, JT et al., Hedging against antiviral resistance during the next influenza pandemic using small
stockpiles of an alternative chemotherapy. PLoS Medicine 2009, 6(5): e1000085.

8.

American Lung Association, Influenza and Pneumonia. State of Lung Disease in Diverse
Communities 2010, p. 45-53.

9.

McCaw JM et al., Impact of Emerging Antiviral Drug Resistance on Influenza Containment and
Spread: Influence of Subclinical Infection and Strategic Use of a Stockpile Containing One or Two
Drugs, PLoS One 2007, 3(6): e2362.

10. Mossong J et al., Social contacts and mixing patterns relevant to the spread of infectious diseases.
PLoS Medicine 2008, 5(3): e74.
11. http://en.wikipedia.org/wiki/Immune_system (Date accessed: 23-september-2011)
12. Guest JF and Morris A, Community-acquired pneumonia: The annual cost to the National Health
Service in the UK. European Respiratory Journal 1997, 10(7): p. 1530-1534.
13. van Baalen M and Sabelis MW, The dynamics of multiple infection and the evolution of virulence.
The American Naturalist 1995, 146: p. 881 – 910.
14. Xuan-Yi Wang, Paul E Kilgore, Kyung Ah Lim, et al., Influenza and Bacterial Pathogen
Coinfections in the 20th Century, Interdisciplinary Perspectives on Infectious Diseases 2011, vol.
2011, Article ID 146376, 6 pages. doi:10.1155/2011/146376
15. Timothy Aebi, Maja Weisser, Evelyne Bucher, Hans H Hirsch, Stephan Marsch and Martin
Siegemund, Co-infection of Influenza B and Streptococci causing severe pneumonia and septic shock
in healthy women, BMC Infectious Diseases 2010, 10:308.
16. Sharp G B, Kawaoka Y, Jones D J, Bean W J, Pryor S P, Hinshaw V and Webster R G, Coinfection
of wild ducks by inﬂuenza A viruses: distribution patterns and biological signiﬁcance. Journal of
Virology 1997, 71(8), p: 6128–6135.
17. Palacios G, Hornig M, Cisterna D, Savji N, Bussetti AV et al., Streptococcus pneumonia Coinfection
Is Correlated with the Severity of H1N1 Pandemic Influenza. PLoS ONE 2009, 4(12): e8540.

246

247

Appendix A: Statistical analyses of 40 simulations
for unmitigated pandemic scenarios
All of the results presented in this thesis were averaged from 40 simulation runs for each
scenario. These simulations took long time to generate a particular set of results. In this
appendix, we present a statistical analysis of baseline (unmitigated) pandemic scenarios for R of
1.5, 1.8, 2.0 and 2.5 with respect to different number of simulations, in order to justify the
reason of choosing 40 simulations in this thesis. The mean of 40 simulation runs were chosen as
a comparison that presented an acceptable experiment run times while giving high confidence
that the results were representative of each scenario’s stochastic behaviour.

In the following tables mean attack rate (in % of population), standard deviation and 95%
confidence interval of standard deviation from different number of simulations are presented.

Table A.1: Mean attack rate (% of population), standard deviation (SD) and 95% confidence interval of
SD for unmitigated epidemic scenarios (R of 1.5 and 1.8).

R (Effective Reproduction Number)
1.5
S.D.*
95% of means of N Attack Rate (%
simulations falls in
of pop.)
this interval
LL*
UL*
2
24.25
0.78
31.98
23.16
25.33
4
24.39
0.50
32.26
23.90
24.87
8
24.45
0.44
32.33
24.15
24.75
16
24.52
0.50
32.36
24.27
24.76
32
24.46
0.45
32.39
24.31
24.61
40
24.41
0.47
32.37
24.25
24.54
64
24.42
0.55
32.40
24.29
24.56
96
24.38
0.57
32.39
24.27
24.49
128
24.40
0.57
32.37
24.31
24.50
256
24.41
0.55
32.37
24.35
24.48
512
24.41
0.56
32.36
24.36
24.46
640
24.41
0.57
32.37
24.37
24.45
768
24.42
0.57
32.36
24.38
24.46
896
24.43
0.57
32.36
24.39
24.47
1024
24.44
0.57
32.36
24.41
24.47
*LL  Lower Limit, *UL  Upper Limit, *S.D. Standard Deviation
Number of
Simulations
(N)

Attack Rate
(% of pop.)

1.8
S.D.*

0.34
0.43
0.47
0.40
0.39
0.41
0.39
0.41
0.42
0.42
0.41
0.41
0.41
0.41
0.41

95% of means of N
simulations falls in
this interval
LL*
UL*
31.51
31.85
32.00
32.17
32.26
32.28
32.30
32.30
32.30
32.32
32.32
32.33
32.33
32.33
32.34

32.44
32.68
32.66
32.55
32.53
32.54
32.49
32.47
32.44
32.42
32.40
32.40
32.39
32.39
32.39
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Table A.2: Mean attack rate (% of population), standard deviation (SD) and 95% confidence interval of
SD for unmitigated epidemic scenarios (R of 2.0 and 2.5).
R (Effective Reproduction Number)
Number of
Simulations

Attack Rate
(% of pop.)

2.0
S.D.*
95% of means of N
simulations falls in
this interval
LL*
UL*

Attack Rate (%
of pop.)

2
36.39
0.04
36.33
36.44
4
36.56
0.21
36.36
36.77
8
36.59
0.21
36.45
36.73
16
36.68
0.27
36.55
36.82
32
36.69
0.33
36.58
36.81
40
36.65
0.34
36.59
36.80
64
36.65
0.37
36.56
36.74
96
36.57
0.39
36.49
36.65
128
36.60
0.38
36.53
36.67
256
36.62
0.37
36.57
36.66
512
36.62
0.39
36.59
36.66
640
36.61
0.38
36.58
36.64
768
36.62
0.38
36.59
36.64
896
36.62
0.37
36.60
36.65
1024
36.62
0.37
36.60
36.64
*LL  Lower Limit, *UL  Upper Limit, *S.D. Standard Deviation

43.67
43.85
43.90
43.93
43.86
43.83
43.84
43.83
43.84
43.83
43.81
43.81
43.81
43.81
43.82

2.5
S.D.*

0.08
0.21
0.17
0.30
0.31
0.31
0.34
0.34
0.33
0.33
0.33
0.33
0.33
0.33
0.33

95% of means of N
simulations falls in
this interval
LL*
UL*
43.56
43.65
43.79
43.79
43.75
43.75
43.76
43.76
43.78
43.79
43.78
43.78
43.79
43.79
43.80

For 40 simulations (baseline scenario of R = 1.5), we obtained the mean attack rate 24.41% with
a standard deviation of 0.47% (95% CI between 0.38 – 0.60) (see table A.1). For 1024
simulations (baseline scenario of R = 1.5), we obtained the mean attack rate 24.44% with a
standard deviation of 0.57% (95% CI between 0.54 – 0.59) (see table A.1). The differences in
the outcomes of 40 simulations and 1024 simulations are very small. These statistical patterns
are also observed for other baseline scenarios (R of 1.8, 2.0 and 2.5). Therefore, these analyses
justify that the results presented in this thesis using 40 simulations can capture the stochastic
variation.

43.78
44.05
44.02
44.08
43.97
43.95
43.92
43.90
43.90
43.87
43.84
43.83
43.83
43.84
43.84
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In the following figures distributions of 1024 simulations for unmitigated epidemic scenarios of
R = 1.5, 1.8, 2.0 and 2.5 are presented.

Figure A.1: Distributions of attack rate (% of population) vs. number of simulations for R of 1.5 and 1.8.

Figure A.2: Distributions of attack rate (% of population) vs. number of simulations for R of 2.0 and 2.5.
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In the following figures full range (0 – 100%) of distributions of 1024 simulations for
unmitigated epidemic scenarios of R = 1.5, 1.8, 2.0 and 2.5 are presented.

Figure A.3: Full range of distributions of attack rate (% of population) vs. number of simulations for R of
1.5 and 1.8.

Figure A.4: Full range of distributions of attack rate (% of population) vs. number of simulations for R of
2.0 and 2.5.
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Appendix B: Additional sensitivity analyses of the
parameters used in this thesis
Sensitivity analyses of the assumed parameters are presented in the following tables (Table B.1
– B.5). The results are presented as final attack rate and overall total cost for a subset of
intervention strategies presented in this thesis (from chapter 3 to chapter 7). The sensitivity
results are presented for the following parameters:
a) Probability of voluntary isolation given symptoms, b) Antiviral efficacy, c) Home isolation
compliance due to school closure, d) Workforce reduction and e) Community contact reduction.
a) Probability of voluntary isolation given symptoms
An underlying assumption of the simulation model is that 50% adults (and 90% of children)
who become infected and symptomatic will withdraw to their household for the duration of their
illness. Sensitivity analysis results for this parameter are given in Table B.1. If 25% of adults
self-isolate rather than 50%, the no intervention final attack rate is 39% rather than 32%. In
addition, intervention strategies are also less effective in reducing the attack rate, and as a result
the number of life years saved for each strategy is lower. This is true for low and high severity
categories.

These results suggest that the total cost to society of individuals working while ill is higher than
if they stayed at home. Even assuming that symptomatic individuals are fully productive, the
extra productivity of ill individuals is outweighed by medical costs and lost productivity due to
the larger epidemic caused by additional infection transmission due to sick workers. Under the
original assumption of 50% voluntary isolation, a strategy of two weeks school closure
combined with antiviral treatment and prophylaxis reduces the final attack rate by 17 percentage
points (32% to 15%) and costs $345 per person. If voluntary isolation is only 25%, the attack
rate is reduced by 13 percentage points (from 39% to 26%), costing $489 per person.
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If on the other hand 75% of adults self-isolate rather than 50%, the no intervention final attack
rate is 25% rather than 32%. In this case total costs are slightly lower. Some productivity is lost
due to sick individuals staying at home who would otherwise have worked, but because
increased isolation results in a smaller epidemic.
Table B.1: Sensitivity to probability of voluntary isolation given symptoms.
Pandemic severity category 1 (Case Fatality Rate – 0.1%)
Voluntary isolation
probability
0.25 adult (0.5 child)
Baseline
0.5 adult (0.9 child)
0.75 adult (1.0 child)

Voluntary isolation
probability
0.25 adult (0.5 child)
Baseline
0.5 adult (0.9 child)
0.75 adult (1.0 child)

no
int.
39%
$512
32%
$441
27%
$380

no
int.
39%
$512
32%
$441
27%
$380

SC 2 wks + T +
H+E
26%
$489
15%
$345
13%
$307

SC Cont + T +
H+E
16%
$619
8%
$493
6%
$454

SC Cont + WR Cont +
CCR Cont

SC Cont + CCR Cont
+T+H

14%
$1,214
6%
$1,116
5%
$1,099

9%
$492
5%
$416
5%
$384

Pandemic severity category 5 (Case Fatality Rate – 2.5%)
SC 2 wks + T +
SC Cont + T +
SC Cont + WR Cont +
SC Cont + CCR Cont
H+E
H+E
CCR Cont
+T+H
26%
16%
14%
9%
$489
$619
$1,214
$492
15%
8%
6%
5%
$345
$493
$1,116
$416
13%
6%
5%
5%
$307
$454
$1,099
$384

Final illness attack rates (%) and total costs are given for 4 intervention strategies (columns), for
the baseline assumption that 50% of symptomatic adults (and 90% of symptomatic children)
would stay at home, and for 2 alternate parameter values. Results are presented for category 1
(upper table) and category 5 (lower table). Values are for pandemic with unmitigated
transmissibility of R = 1.8. Interventions abbreviated as: SC – school closure; CCR – 50%
community contact reduction; WR – 50% workforce reduction; 4, 8 – intervention duration in
weeks; cont – continuous duration; T – antiviral treatment of diagnosed symptomatic cases; H –
antiviral prophylaxis of household members of diagnosed symptomatic cases, E – antiviral
prophylaxis of school class or workplace contacts of diagnosed symptomatic cases.

b) Antiviral efficacy
If the efficacy of antiviral drugs is half that of the efficacy estimated from trials [1] [2]
(lowering infectiousness by 33% instead of 66%, and lowering susceptibility by 42% instead of
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85%), strategies which rely wholly or primarily on antiviral interventions are less effective and
more costly. However, even at this lower efficacy the addition of antiviral treatment and
household prophylaxis to rigorous social distancing interventions results in an additional attack
rate reduction of 2 percentage points and a lower total cost. If the efficacy of antiviral drugs is
higher than estimated (lowering infectiousness and susceptibility by 80% and 95% respectively)
antiviral-only strategies are slightly more effective. Sensitivity analysis results for antiviral
efficacy are given in Table B.2

The proportion symptomatic individuals who are identified for antiviral treatment and
prophylaxis, and the rapidity with which antiviral drugs are supplied are important factors that
determine the effectiveness of antiviral interventions in reducing the attack rate. We assumed
that 50% of symptomatic individuals would receive antiviral treatment (and that their household
and/or work or school class contact group would receive prophylaxis, in the case of prophylactic
interventions). We also assumed that treatment and/or prophylaxis would occur 24 hours after
the development of symptoms. In a previous analysis using the same simulation model used in
this paper, the sensitivity of antiviral strategy effectiveness to these two key parameters was
determined in chapter 5.
Table B.2: Antiviral drug efficacy sensitivity analysis.
Antiviral efficacy:
infectiousness reduction
(susceptibility reduction)

no int.

Antiviral efficacy
11% (14%)
Antiviral efficacy
33% (42%)
Baseline Antiviral efficacy
66% (85%)
Antiviral efficacy
80% (95%)

32%
$441
32%
$441
32%
$441
32%
$441

Antiviral efficacy:
infectiousness reduction
(susceptibility reduction)

no int.

Antiviral efficacy
11% (14%)
Antiviral efficacy
33% (42%)
Baseline Antiviral efficacy

32%
$8,550
32%
$8,550
32%

Pandemic severity category 1 (Case Fatality Rate – 0.1%)
T+H
T+H+E
SC 2 wks
SC Cont
SC Cont + SC Cont +
+ T+H+E
+ T + H WR Cont +
CCR Cont
+E
CCR Cont
+T+H
+ T+H+E
28%
27%
23%
12%
6%
5%
$454
$473
$455
$561
$1,128
$435
26%
23%
20%
10%
6%
5%
$424
$421
$409
$527
$1,117
$428
23%
19%
15%
8%
6%
5%
$383
$355
$345
$493
$1,027
$416
22%
18%
14%
7%
6%
5%
$373
$341
$329
$480
$988
$412

Pandemic severity category 5 (Case Fatality Rate – 2.5%)
T+H
T+H+
SC 2 wks
SC Cont
SC Cont +
SC Cont +
E
+
+ T+H
WR Cont +
CCR Cont
T+H+E
+E
CCR Cont
+T+H
+T+H+E
28%
27%
23%
12%
6%
5%
$7,502
$7,326
$6,252
$3,583
$2,398
$1,783
26%
23%
20%
10%
6%
5%
$6,946
$6,332
$5,392
$3,012
$2,248
$1,687
23%
19%
15%
8%
6%
5%
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66% (85%)
Antiviral efficacy
80% (95%)

$8,550
32%
$8,550

$6,139
22%
$5,944

$5,080
18%
$4,813

$4,226
14%
$3,950

$2,457
7%
$2,293

$2,494
6%
$2,525

$1,584
5%
$1,570

Final attack rates and total costs are given for 7 intervention strategies (columns), for the
baseline best-estimate antiviral efficacy values and for 3 alternative efficacy parameter settings.
Results are presented for category 1 (upper table) and category 5 (lower table). Interventions are
abbreviated as for Table B.1.

c) Home isolation compliance due to school closure
Previous studies have identified the contact behaviour of school children when school closures
are in effect as being critical in determining the effectiveness of school closure [3] [4] [5]. The
underlying assumption of the simulation model is that when school closure is in effect students
have no potentially infective contact with their school class group. If it is instead assumed that
only 75% (or 50%) of school students maintain strict household isolation (and that the others
meet class group members also breaking household isolation), strategies consisting of school
closure only are less effective. School closure sensitivity analysis results are given in Table B.3.
Table B.3: School closure home isolation compliance sensitivity analysis.
School Closure home
isolation compliance

no
int

SC 2
wks

Home isolation Compliance
50%
Home isolation Compliance
75%
Baseline Home isolation
compliance 100%

32%
$441
32%
$441
32%
$441

27%
$412
27%
$409
27%
$411

School Closure home
isolation compliance

no int

SC 2
wks

Home isolation Compliance
50%
Home isolation Compliance
75%
Baseline Home isolation
compliance 100%

32%
$8,550
32%
$8,550
32%
$8,550

27%
$7,208
27%
$7,148
27%
$7,167

Pandemic severity category 1 (Case Fatality Rate – 0.1%)
SC
SC Cont
SC Cont + WR
SC Cont + WR Cont
Cont
+T+H
Cont + CCR
+ CCR Cont + T +
+E
Cont
H
23%
10%
9%
5%
$595
$489
$1,138
$1,081
20%
8%
7%
5%
$577
$484
$1,116
$1,081
18%
8%
6%
5%
$574
$493
$1,116
$1,083

SC Cont +
CCR Cont + T
+H
6%
$399
5%
$407
5%
$416

Pandemic severity category 5 (Case Fatality Rate – 2.5%)
SC
SC Cont
SC Cont + WR
SC Cont + WR
Cont
+T+H
Cont + CCR
Cont + CCR Cont
+E
Cont
+T+H
23%
10%
9%
5%
$6,240
$2,964
$3,397
$2,449
20%
8%
7%
5%
$5,368
$2,534
$2,740
$2,296
18%
8%
6%
5%
$5,005
$2,457
$2,603
$2,249

SC Cont +
CCR Cont + T
+H
6%
$1,877
5%
$1,659
5%
$1,584

Final attack rates and total costs are given for 7 intervention strategies (columns), for the
baseline assumption that 100% of children affected by school closure would comply with
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household isolation, and for 2 alternate parameter values. Results are presented for category 1
(upper table) and category 5 (lower table). Interventions are abbreviated as for Table B.1.
d) Workforce reduction
The inclusion of less rigorous workforce reduction (where workers stay at home 25% rather
than 50% of work days) generally makes intervention strategies slightly less effective;
conversely, more rigorous workforce reduction (household isolation on 75% or work days)
results in intervention strategies that are slightly more effective. Workforce reduction sensitivity
analysis results are given in Table B.4.
Table B.4: Workforce reduction sensitivity analysis.
Workforce Reduction
Workforce Reduction
25%
Baseline
Workforce Reduction
50%
Workforce Reduction
75%

no
int
32%
$441
32%
$441

Pandemic severity category 1 (Case Fatality Rate – 0.1%)
SC Cont + WR
SC Cont + WR Cont + CCR
SC Cont + WR Cont + CCR Cont +
Cont
Cont
T+H+E
16%
7%
6%
$887
$778
$699
15%
6%
6%
$1,217
$1,116
$1,027

32%
$441

Workforce Reduction

no int

Workforce Reduction
25%
Baseline
Workforce Reduction
50%
Workforce Reduction
75%

32%
$8,550
32%
$8,550

13%
$1,553

5.5%
$1,465

5%
$1,387

Pandemic severity category 5 (Case Fatality Rate – 2.5%)
SC Cont + WR
SC Cont + WR Cont + CCR
SC Cont + WR Cont + CCR Cont +
Cont
Cont
T+H+E
16%
7%
6%
$4,810
$2,471
$2,126
15%
6%
6%
$4,804
$2,603
$2,494

32%
$8,550

13%
$4,772

5.5%
$2,831

5%
$2,749

Final attack rates and total costs are given for 4 intervention strategies (columns), for the
baseline assumption that 50% of workers would stay at home while workforce reduction was in
effect, and for 2 alternate parameter values. Results are presented for category 1 (upper table)
and category 5 (lower table). Interventions are abbreviated as for Table B.1.

e) Community contact reduction
The degree to which a public health policy of community contact reduction will actually reduce
the number of potentially infective contacts between individuals is difficult to estimate. We
have assumed a 50% reduction in “random” or “untraceable” contacts when a community
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contact reduction intervention is in effect. For a strategy of long term community contact
reduction and school closure, achieving only a 25% rather than 50% reduction in community
contact results a final attack rate of 12% compared to 7%, and a much lower cost effectiveness,
especially for severe pandemics. Community contact reduction sensitivity analysis results are
given in Table B.5.
Table B.5: Community contact reduction sensitivity analysis.
Community Contact
Reduction
(CCR)
CCR 75%
Baseline CCR 50%
CCR 25%

Community Contact
Reduction
(CCR)
CCR 75%
Baseline CCR 50%
CCR 25%

no
int

SC Cont +
CCR Cont

32%
$441
32%
$441
32%
$441

no int

Pandemic severity category 1 (Case Fatality Rate – 0.1%)
SC Cont + WR Cont
SC Cont + WR Cont + CCR
+ CCR Cont
Cont + T+H+E

5%
$416
7%
$447
12%
$507

4%
$1,094
6%
$1,116
10%
$1,157

5%
$936
6%
$1,027
5%
$1,120

Pandemic severity category 5 (Case Fatality Rate – 2.5%)
SC Cont +
SC Cont + WR Cont
SC Cont + WR Cont +
CCR Cont
+ CCR Cont
CCR Cont + T+H+E

32%
$8,550
32%
$8,550
32%
$8,550

5%
$1,635
7%
$2,275
12%
$3,527

4%
$2,185
6%
$2,603
10%
$3,500

5%
$2,154
6%
$2,494
5%
$2,380

SC Cont + CCR
Cont + T + H
5%
$332
5%
$416
6%
$445

SC Cont + CCR
Cont + T + H
5%
$1,631
5%
$1,584
6%
$1,972

Final attack rates and total costs are given for 4 intervention strategies (columns), for the
baseline assumption that individuals would make 50% fewer community contacts while
community contact reduction was in effect, and for 2 alternate parameter values. Results are
presented for category 1 (upper table) and category 5 (lower table). Interventions are
abbreviated as for Table B.1.
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