The Cost Effectiveness of Pandemic Influenza Mitigation Strategies Involving Vaccination – Additional File 1
Additional Simulation Model Description
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 [1], allowing us to replicate the individual age and household structure of all households in this town of approximately 30,000 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 an influenza epidemic. 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.
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. The number of contacts made by each individual each day in school, work and community settings were adjusted to reproduce the proportion of cases occurring in different settings as reported by empirical studies, specifically 40% of infections occurred in households, 30% in schools and workplaces, and 30% in the wider community [2-4]. Contacts within schools and workplaces occurred in fixed-size mixing groups of maximum size 10; within mixing groups contact was assumed to be homogeneous. Community contacts occurred between randomly selected individuals, weighted toward pairs of individuals with nearby households. The mixing group sizes, and location-specific distribution of where infection occurs, are given in in Tables S1.1 and S1.2 respectively.
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 trail [5]. Once infected an individual progressed through a series of infection states according to a fixed timeline.
The 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 individual Is at the time of contact.
Ptrans(Ii,Is) = β × Inf(Ii) × Susc(Is) × AVF(Ii,Is) × Vaccine(Is)
The transmission probability coefficient β, capturing the infectivity of the virus strain, was chosen to give unmitigated epidemics with a specific effective reproduction number R0, and R0 = 1.5, 1.9 and 2.6 have been used in this study to capture transmission characteristics for mild, moderate and extreme influenza pandemics respectively. The R0 values for the three pandemic scenarios were calculated by fitting an exponential growth curve to the daily incidence in the early stages of the pandemic, using the daily incidence and serial interval distribution recorded from 40 randomly seeded simulations, following the method described in [6].
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. 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 shedding [7]. 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 [8].
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 [7], 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 [9]. Symptomatic individuals will withdraw into the home with the following probabilities; adults 50% and children 90%, which is in keeping with the work of [4, 10].
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. Age-based susceptibility Susc(Is) was calibrated to reproduce age-specific infection rates observed in the 2009 pandemic [11]. Figure S1.1 gives the age-specific distribution of infections for the three pandemic scenarios. An alternative age-based susceptibility profile, where all age groups were equally susceptible, was used in a sensitivity analysis.
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 administrated 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 factor of 66% [12]. 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% [12]. This estimate is higher than most previous modelling studies, which assume an AVEs of 30% (e.g. [4, 13, 14]). This common assumption appears to stem from an estimate made in [15] based on 1998-1999 trial data. Our higher value is based on a more comprehensive estimation process reported in [12], which also incorporated an data from an additional study performed in 2000-2001 [16]. It is also in line with estimates of 64%-89% reported in [17].
Vaccination model
The vaccination parameter Vaccine(Is) represents the potential reduction in susceptibility owing to vaccination, representing some level of immunity. For unvaccinated individuals, or for individuals for whom the vaccine is ineffective, this parameter is 1.0, indicating no reduction in susceptibility. For effectively vaccinated individuals, the parameter value changed from 1.0 to 0.0 according to a schedule described below.
Vaccine effectiveness was modelled as follows; after vaccination with the first dose each individual was randomly assumed to have had a successful or failed vaccination. In this study, use of a highly effective vaccine is assumed. Trials of candidate vaccines for the H1N1 2009 pandemic influenza showed seroconversion rates of vaccines (defined as having a fourfold neutralizing seroconversion rate) between 82 and 92 per cent [18]. Vaccines with an efficacy of 75% are therefore assumed. A sensitivity analysis of this assumption is also conducted assuming vaccine efficacy of 65% and 85%. 
For those where vaccination failed the vaccine has no effect. It was assumed that vaccinated individuals who failed to develop immunity were no less infectious than unvaccinated individuals. It may be the case that vaccinated individuals who subsequently contract influenza experience a less severe infection, which may reduce morbidity and infectiousness.  This assumption was not modelled, hence the results are if anything somewhat conservative. 
For moderate and extreme pandemics, it was assumed the population was immunologically naïve and that complete immunity would not be achieved without two doses of vaccine; whereas for mild pandemics it was assumed that a single does was effective. Moreover, it was assumed complete immunity would only be achieved (for those whom vaccination was successful) after 2 doses of a customised vaccine (high-effectiveness).  In the absence of definitive data, the conservative assumption was made that an individual would not develop any humoral immunity in the week immediately following the first vaccine dose.  It was further assumed that, in the proportion of the population destined to achieve full immunity, protection from infection would rise in a linear fashion from zero at 1 week to 30% at 3 weeks, after the first vaccine dose. Further details and rationale for this immunity model are given in [19], along with sensitivity analyses on key assumptions.
We assumed that full immunity developed 1 week after the second vaccine dose (or after the first does, in the case of mild pandemics) and modelled this immunity rising in a linear fashion from week 3 to week 4 (week 1 to week 2 for mild pandemics).  This one week time scale is based on of rapid immune response (seroconversion within 7 days) after doses of booster vaccines [20].
Social Distancing and Antiviral Strategies
We examined a range of social distancing and antiviral intervention strategies including school closure, antiviral drugs for treatment and prophylaxis, workplace non-attendance (workforce reduction) and community contact reduction. These interventions were considered in combination with vaccination, and social distancing interventions were considered for either sustained periods (that is, until the local epidemic effectively ceased by creating a cohort of vaccine immune individuals) or periods of fixed duration (2 weeks or 8 weeks).
Antiviral drug interventions and social distancing interventions were initiated when specific threshold numbers of symptomatic individuals were diagnosed in the community, and this triggered health authorities to mandate the intervention response. This threshold was taken to be 0.1% of the population. It was assumed that 50% of all symptomatic individuals were diagnosed, and that this diagnosis occurred at the time symptoms appeared.
For sustained school closure, all schools were closed simultaneously once the intervention trigger threshold was reached. 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 or more cases were 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 no more than 2 cases were diagnosed in a single class; however if there were more than 2 cases diagnosed in the entire high school the school was closed. Note that these school closure policies were only activated after the community-wide diagnosed case threshold was reached; 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 [21].
Antiviral drugs used for treatment of symptomatic cases, plus prophylaxis of all household members of a symptomatic case was modelled. It was assumed that 50% of symptomatic individuals would be identified for antiviral treatment and/or prophylaxis, and that treatment and prophylaxis would occur 24 hours after the appearance of symptoms. It was assumed that an individual would receive at most one prophylactic course of antiviral drugs. Further details of antiviral interventions along with sensitivity analyses to key assumptions are given in [22, 23].
Workforce reduction (WR) 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. 
Economic Analysis
The economic model translates the age-specific infection 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 including productivity losses due to social distancing, antiviral costs and vaccination costs (this vaccination cost includes the cost of a vaccine itself, delivery cost of vaccines, and time and travel cost required to obtain vaccines); loss of productivity in the workplace arising from illness; medical costs associated with hospitalisation and GP visits of ill individuals; and productivity losses due to death.
Age-specific hospitalisation costs are achieved by multiplying the average cost per day by average length of stay for each age group [24, 25]. Hospitalisation costs, including ICU costs, those involving medical practitioner visits, and antiviral drug (and their administration) costs and vaccination costs are taken from the literature [26-28]. Treatment costs, lengths of stay in hospital (both ICU and non-ICU), and other cost data used in establishing the overall cost of mitigated and unmitigated epidemics in the modelled community.
Productivity losses due to illness and interventions (e.g. necessary child-care due to school closure and workforce reduction) were obtained using average wages and average work-days lost; the latter being determined from day-to-day outbreak data generated by the simulation model. Assumed average wages are taken from the literature [29, 30].
Indirect production losses due to death were derived using a human capital method, based on 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 by an average annual income [30]. We assumed a maximum earning period up to age 65. Productivity losses due to death were discounted at 3% annually, which is a standard discount used to express all future income in present values [31].
All costs are reported in 2010 US dollars using consumer price index adjustments [32]. 2010 US dollar values are used to make the results readily convertible to a wide range of developed countries.


Table S1.1 : Model parameters values and cost data

	Parameters
	Values (sensitivity analysis values)
	Source

	Pandemic Scenarios
	
	

	Mild pandemic
	R = 1·5, Attack Rate = 14%; CFR = 0·03%
	[8, 33-35]

	Moderate pandemic
	R = 1·9, Attack Rate = 33%; CFR = 0·25%
	[15, 36-39]

	Extreme pandemic
	R = 2.7, Attack Rate = 44%; CFR = 1.5%
	[37-43]

	Average hospital stay (days)
	4
	[44, 45]

	Average ICU stay (days)
	7
	[44, 45]

	Interpersonal contact parameters
	
	

	School class mixing group size
	10
	[3, 4]*

	Maximum workplace mixing group size
	10
	[3, 4]*

	Number of community contacts per person per day
	4
	[3, 4]*

	Vaccination parameters
	
	

	Vaccine efficacy
	75% (65%, 85%)
	[46-48]

	Vaccination delay 
	6 months (2 months, 4 months)
	-

	Vaccination rate
	1% per day (5% per day)
	-

	Vaccination coverage
	100% (10% - 100%)
	-

	Antiviral Efficacy
	
	

	Infectiousness reduction
	66%
	[12, 17]

	Susceptibility reduction
	85%
	[12, 17]

	prophylaxis symptom reduction probability
	50%
	[12]

	Logistic parameters related to AVs
	
	

	Diagnosis delay
	24 h
	-

	Diagnosis ratio
	50%
	-

	Maximum antiviral courses given for treatment
	1 course per person for 5 days
	-

	Maximum antiviral courses given for prophylaxis
	1 course per person for 10 days
	-

	Social Distancing Intervention Related Parameters
	
	

	School Closure Duration
	2 weeks, 8 weeks and sustained
	-

	School Closure Trigger
	20-40 community cases
	[21]

	Probability of a child withdrawal from school
	1·0
	-

	Workforce Reduction Duration
	Sustained
	-

	Workforce Reduction Trigger
	2 weeks after first case
	-

	Probability of an adult withdrawal from workplace
if Workforce Reduction in effect
	0·5
	-

	Community Contact Reduction (CCR) Duration
	2 weeks, 8 weeks and sustained
	-

	CCR trigger
	2 weeks after first case
	-

	CCR withdrawal probability
	0.5
	-

	Cost analysis assumptions
	
	

	Average wages (per week)
	$836
	[30]

	Average school closure cost (per student per day)
	$19.22
	[29]

	Average GP visit cost
	$106.97
	[28]

	Average hospitalization cost (per day)
	$1042
	[28]

	Average ICU cost (per day)
	$2084
	[27, 28]

	Antiviral cost per course
	$24.81
	[28]

	Antiviral dispensing cost per course
	$31.22
	[28]

	Antiviral shelf life (years)
	5
	[49]

	Mean time between pandemics (years)
	30.3
	-

	Vaccine cost per dose
	$17.93
	[28]

	Vaccine delivery cost
	$10.01
	[28]

	Time and travel cost to obtain a vaccine
	$15.62
	[28]

	Discount Rate (annually)
	3%
	[31]


* Percentages of infections occurring in household, school/workplace, and community settings were used to derive interpersonal contact parameters.


Table S1.2 : Location specific infection rates

	Location
	pandemic transmissibility

	
	R = 1.5
	R = 1.9
	R = 2.7

	Households
	37%
	39%
	39%

	Hubs
	37%
	35%
	34%

	Community
	20%
	24%
	26%

	Imported
	6%
	2%
	1%



The percentage of infections occurring in households, hubs (schools and workplaces), the general community, and those imported from outside the community are given for the no-intervention mild, moderate and extreme pandemic scenarios.
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Figure S1.1 : Age-specific infection rates


The percentage of each age group that became infected (symptomatic and asymptomatic infection) is given for three pandemic scenarios: mild (R = 1.5, blue), moderate (R = 1.9, red) and extreme (R = 2.7, green).
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