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Abstract

The study objective is to estimate the epidemiological and economic impact of vaccine inter-
ventions during influenza pandemics in Chicago, and assist in vaccine intervention priorities.
Scenarios of delay in vaccine introduction with limited vaccine efficacy and limited supplies
are not unlikely in future influenza pandemics, as in the 2009 H1N1 influenza pandemic. We
simulated influenza pandemics in Chicago using agent-based transmission dynamic model-
ing. Population was distributed among high-risk and non-high risk among 0-19, 20—64 and
65+ years subpopulations. Different attack rate scenarios for catastrophic (30.15%), strong
(21.96%), and moderate (11.73%) influenza pandemics were compared against vaccine
intervention scenarios, at 40% coverage, 40% efficacy, and unit cost of $28.62. Sensitivity
analysis for vaccine compliance, vaccine efficacy and vaccine start date was also conducted.
Vaccine prioritization criteria include risk of death, total deaths, net benefits, and return on
investment. The risk of death is the highest among the high-risk 65+ years subpopulation in
the catastrophic influenza pandemic, and highest among the high-risk 0—19 years subpopula-
tion in the strong and moderate influenza pandemics. The proportion of total deaths and net
benefits are the highest among the high-risk 20—-64 years subpopulation in the catastrophic,
strong and moderate influenza pandemics. The return on investment is the highest in the
high-risk 0—19 years subpopulation in the catastrophic, strong and moderate influenza pan-
demics. Based on risk of death and return on investment, high-risk groups of the three age
group subpopulations can be prioritized for vaccination, and the vaccine interventions are
cost saving for all age and risk groups. The attack rates among the children are higher than
among the adults and seniors in the catastrophic, strong, and moderate influenza pandemic
scenarios, due to their larger social contact network and homophilous interactions in school.
Based on return on investment and higher attack rates among children, we recommend pri-
oritizing children (0—19 years) and seniors (65+ years) after high-risk groups for influenza
vaccination during times of limited vaccine supplies. Based on risk of death, we recommend
prioritizing seniors (65+ years) after high-risk groups for influenza vaccination during times of
limited vaccine supplies.
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Author summary

The study objective is to estimate the epidemiological and economic impact of vaccine
interventions during an influenza pandemic in Chicago, to assist in vaccine intervention
priorities. Population dynamics play an important role in influenza pandemic planning
and response. To optimally allocate limited vaccine resources, it is important to inform
decision makers and public health officials about both the direct benefit among vaccinated
population and the indirect benefit among non-vaccinated population. This study adds to
the evidence of prior studies by using a detailed agent-based model for estimating the
direct and indirect benefits of epidemiological and economic impact of vaccine-based
interventions. This study can be extended to analyze for a range of vaccine compliance
and efficacy values at different attack rates of influenza pandemics in different rural and
urban areas of the United States and at the country level, to infer objective prioritization
criteria for influenza vaccine interventions among different risk and age groups.

Introduction

The Advisory Committee on Immunization Practices (ACIP) recommends seasonal influenza
vaccination annually for individuals aged 6 months and older without contraindications to
prevent and control seasonal and pandemic influenza [1]. They update information on the
dosage for children, antigenic composition and influenza vaccine products. While the ACIP
recommendations for 2015-2016 influenza season partially account for risk of transmission,
such as influenza immunized individuals caring for immunosuppressed persons are recom-
mended to avoid contact with such persons for 7 days after vaccination, they do not address
prioritization of influenza vaccination among subpopulations [2]. For the 2009-2010 influenza
pandemic season, the ACIP recommended seasonal influenza vaccination for children above 6
months, adolescents and adults with a focus on individuals at higher risk of influenza compli-
cations, or are close contacts of persons at higher risk [3]. In February 2010, ACIP expanded
the recommendation of annual influenza vaccination to any person aged above 6 months who
does not have contraindications to vaccination, taking effect from the 2010-2011 influenza
season. It took months to develop and distribute the 2009 HIN1 influenza vaccine. Similar sce-
narios of delay in vaccine introduction with limited vaccine efficacy and limited supplies are
not unlikely in future influenza pandemics. Understanding and analysis of these challenging
scenarios through computational modeling and simulation to improve influenza prevention
and control programs is the primary motivation of this study.

Prioritization of influenza vaccine intervention

Evidence on the epidemiological and economic impact of vaccination for all age and risk
groups from the societal standpoint assists in prioritization of influenza vaccine intervention,
especially when vaccine supplies are limited, and minimize the direct cost of clinical care for
influenza related health outcomes and indirect cost of productivity loss due to workplace
absenteeism. While some studies have analyzed the direct epidemiological and economic
impact of vaccine intervention strategies on controlling influenza pandemics [4-13], other
studies have analyzed both the direct and indirect epidemiological and economic impact of
influenza vaccination [14-16]. There are also prior studies that focused on the prioritization of
vaccination and other interventions among people in different age groups [17-19]. This study
adds to the evidence of prior studies by using a detailed agent-based model for estimating the

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005521 June 1,2017 2/25


https://doi.org/10.1371/journal.pcbi.1005521

©'PLOS

COMPUTATIONAL

BIOLOGY

Priorities for influenza vaccine interventions

direct and indirect effects of epidemiological and economic impact of vaccine-based interven-
tions. The objective of the vaccine interventions is to minimize deaths, hospitalizations, outpa-
tient visits, and the number of ill people who do not seek medical care.

Direct epidemiological and economic effects

Direct effect is due to the immune protection gained by effectively vaccinated individuals, and
indirect effect is due to blocking of the influenza transmission by vaccinated individuals to sus-
ceptible individuals in their social network. Cost effectiveness of influenza vaccination for 65

+ years [5], healthy working adults [6,7], and children [9,20] with a focus on direct effects have
been studied. Prosser et al. evaluate the economic impact of 2009 pandemic influenza vaccine
intervention for all age and risk groups [8]. They infer that vaccination of the subpopulation
with a high risk of developing influenza related complications in each age group is cost saving,
and vaccination of the healthy subpopulation in each age group is cost effective. Other studies
have inferred that vaccine administration during previous and potential pandemics produces
health benefits in terms of number of averted influenza cases and related health outcomes [10-
12]. These studies included the direct cost of hospitalizations, outpatient visits, and deaths, and
included the related costs of vaccine production and administration, and lost productivity.
Depending on the risk and age group of the subpopulations, geographic region, and analytic
methodology, the vaccine interventions may or may not be cost effective [21,22].

Indirect epidemiological and economic effects

Indirect effects account for the indirect protection due to vaccine intervention. Effectively
vaccinated individuals who develop protective immune response to the prevalent influenza
strains, cut off transmission pathways to secondary and subsequent individuals. The indirect
effect of vaccinating school children has been found to be significant, due to their high connec-
tivity in the social network and significance of their transmission pathways to their households
and community [23-27]. While Medlock et al. recommend influenza vaccine prioritization of
school children and adults aged 30 to 39 years [15], Lee et al. recommend prioritization of vac-
cinating at-risk individuals first rather than children first by analyzing the 2009 HIN1 influ-
enza pandemic, matching the 2009 ACIP recommendations [14].

The epidemiological benefits and economic costs estimated by taking into account only the
direct effect is relatively conservative, in comparison to taking into account both the direct and
indirect effects. We improve the fidelity and robustness of the cost-benefit estimates to facili-
tate optimal prioritization of our vaccine interventions among different age and risk groups.
Fig 1 illustrates the evaluation of the epidemiological and economic impact of influenza vac-
cine intervention using the static model (direct effects only) and dynamic model (direct + indi-
rect effects).

Study objective

Meltzer et al. estimate the potential net value of different vaccination strategies, and identify
vaccination priorities for different age and risk groups during an influenza pandemic [4]. A
Monte Carlo based static model is used to estimate the costs and benefits due to the direct
effect of vaccine interventions in the United States. We focus our study on similar influenza
related health outcomes, risk levels and age groups as Meltzer’s study. We use an agent-based
dynamic model to estimate the direct and indirect epidemiological and economic impact of
vaccine interventions during an influenza pandemic in Chicago, and assist in the assessment
of vaccine intervention priorities.
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Fig 1. Epidemiological and economic impact of influenza vaccine intervention. The epidemiological and economic impact of influenza
vaccine intervention includes the direct and indirect effects. The static model simulated only the direct effects, while the dynamic model simulates
both the direct and indirect effects. Direct effect is due to the direct protection of the influenza vaccine among vaccinated individuals who generate
protective immune response to influenza infection. Indirect effect is due to indirect protection among non-vaccinated individuals who are protected
from influenza acquisition from effectively vaccinated individuals, (i.e.) in the absence of vaccination, influenza transmission will have occurred

between these individuals.
https://doi.org/10.1371/journal.pcbi.1005521.g001

Public health significance

Population dynamics play an important role in influenza pandemic planning and response.
Influenza vaccination not only protects effectively vaccinated individuals who develop a pro-
tective immune response from contracting influenza, but also prevents the spread of influenza
in the social contact network of people by breaking the transmission chain. To optimally allo-
cate limited resources, it is important to inform decision makers and public health officials
about both the direct and indirect effects of influenza vaccine interventions.

Methods
Ethics statement

The Institutional Review Board at Virginia Tech has given ethics approval (IRB exempt) for
the research conducted in this study.

Dynamic agent-based modeling of Chicago synthetic population

The Chicago metropolitan area is a major urban area in the United States, and had high in-
fluenza incidence during the 2009 H1NI1 influenza pandemic [28]. We analyzed the impact
of vaccine-based interventions on pandemic influenza in Chicago, using the population dis-
tribution of 9,047,574 people from the census data [29]. The disease diffusion occurs on a
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collocation based synthetic social contact network for Chicago, based on dynamic agent-based
modeling [30-32]. We generated the synthetic population and estimated the social contact net-
work in Chicago through population synthesis, activity assignment, location choice and con-
tact estimation, as illustrated in Table 1 [30,33]. The social contact network simulated the
movement of individuals throughout the city and estimated the contact times between individ-
uals based on their simultaneous presence at a location.

Influenza transmission dynamics

The transmission dynamics of an influenza-like-illness in the population is simulated using
the susceptible-exposed-infectious-recovered (SEIR) epidemiological model on this synthetic
social contact network of Chicago. Each person in the model is in one of the following four
health states at any time: susceptible, exposed, infectious, and removed. A person is in the sus-
ceptible state until he becomes exposed. If a person becomes exposed, he remains exposed for
the duration of the latent period, during which he is not infectious. At the end of the latent
period, an exposed person becomes infectious and remains infectious for the duration of the
infectious period. A person in the infectious state will probabilistically transmit the disease,
based on the transmission rate, to any of his contacts who are in the susceptible state. A propor-
tion of infectious individuals are asymptomatic, and there is a reduction in probability of trans-
mission by an asymptomatic infectious person in comparison to a symptomatic infectious
person to a susceptible individual. After the infectious period, the infectious person becomes
recovered (or removed). Transmissibility is the probability of transmission per minute of contact
with a symptomatic infectious person and is set to 0.00008, 0.00009, and 0.0001 to calibrate the
simulation for the moderate, strong and catastrophic influenza pandemic scenarios respectively,
with attack rates of 11.73%, 21.96% and 30.15% respectively. The simulation parameters for the
social contact network and influenza dynamics are illustrated in Table 2. We estimate the direct
and indirect effects of vaccine interventions on influenza pandemics of moderate, strong and
catastrophic severities, in comparison to the base case scenario of no vaccine intervention.

Influenza related health outcomes, risk levels and age groups

Influenza related health outcomes for the infected individuals are death, hospitalization, outpa-
tient visits, and ill but not seeking medical care. The risk levels are high and non-high, and the
age groups are 0-19 years, 20-64 years and 65+ years. Based on pre-existing medical condi-
tions, influenza infected individuals may be at a high or non-high risk of experiencing influ-
enza related health outcomes. The distribution of the four influenza related health outcomes
among the high and non-high risk cases in the three different age groups is based on the study
by Meltzer et al. [4].

Table 1. Synthetic social network of Chicago. Synthetic population of Chicago is generated and a social
contact network is estimated through the following four steps.

Process Description

Population Synthetic representation of each household in Chicago metropolitan area is created
synthesis that is statistically identical to US census data when aggregated to a block group level.
Activity Each synthetic person in a household is assigned a set of activities to perform during
assignment the day, along with the times when the activities begin and end, as given by activity or

time-use survey data.

Location choice An appropriate real location is chosen for each activity for every synthetic person
based on data such as land use data or Dunn and Bradstreet location data.

Contact Each synthetic person is deemed to have made contact with a subset of other
estimation synthetic people simultaneously present at the same location. This gives rise to the
synthetic social contact network

https://doi.org/10.1371/journal.pchi.1005521.t001

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005521 June 1,2017 5/25


https://doi.org/10.1371/journal.pcbi.1005521.t001
https://doi.org/10.1371/journal.pcbi.1005521

COMPUTATIONAL
BIOLOGY

©'PLOS

Priorities for influenza vaccine interventions

Table 2. Simulation parameters. The parameter values of the influenza pandemic simulations and their sources.

Parameter

Population of Chicago metropolitan area
Age groups

Influenza pandemic severities

Attack rates of influenza pandemics

Transmissibility:
Probability of transmission per minute of contact with an
symptomatic infectious person

Probability of transmission per minute of contact with an
asymptomatic infectious person in comparison to a
symptomatic infectious person

Proportion of symptomatic infection in influenza infected
individuals

Influenza related health outcomes

Latent period

Infectious period

Serial interval

Infected individuals at epidemic start (day 0)
Risk levels among the different age groups

Distribution of influenza related health outcomes among the
different age groups and risk levels

Cost of influenza vaccine

Medical costs and productivity losses of influenza-related
health outcomes among the different age groups

Efficacy of influenza vaccine

Vaccine compliance

Start date of vaccine intervention

Vaccination period
Vaccine administration rate

https://doi.org/10.1371/journal.pcbi.1005521.t1002

Value

9,047,574

0-19 yrs, 2064 yrs, 65+ yrs
Catastrophic, strong, moderate

30.15% (catastrophic)
21.96% (strong)
11.73% (moderate)

0.0001 (catastrophic)
0.00009 (strong)
0.00008 (moderate)

33%

67%

Death, hospitalization,
outpatient visits, ill but not
seeking care

1 day [sd: 0.63]
2 days [sd: 1.06]
2.8 days

100

0-19 yrs: 93.6% (non-high),
6.4% (high)

20-64 yrs: 85.6% (non-high),
14.4% (high)

65+ yrs: 60% (non-high), 40%
(high)

See Fig 3

$28.62
See Table 5

40%

Sensitivity analysis: (10%, 20%,
30%, 40%, 50%, 60%)

40%

Sensitivity analysis: (10%, 40%,
60%, 80%)

15 days after epidemic start
Sensitivity analysis: (15, 30, 60,
90)

60 days
60000 people per day

Source
[28]
[4]

Simulation calibration

[50-52]

Assumed (Proportion of symptomatic infection in
influenza infected individuals among healthy participants
in studies is 66.9% [53])

[4]

[54,55]

[54,55]

[56]; Estimated from simulation
Assumed

(4]

(4]

(38]
(39]

Assumed (Effectiveness of influenza vaccines varies
between 10% to 60% [37])

Assumed

Assumed

Assumed
Calibration

Base case scenario of no vaccine intervention

For the base-case scenario of no vaccine intervention, three different severities of an influenza

pandemic were simulated using the dynamic model: moderate influenza with 11.73% attack
rate, strong influenza with 21.96% attack rate, and catastrophic influenza with 30.15% attack
rate. We use the dynamic model to simulate the epidemic curves for these 3 attack rates for the
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base-case scenario of no vaccine intervention, based on the average incidence from 25 repli-
cates (see Fig 2 and Table 3). The simulation timeline of the influenza pandemics are in accor-
dance with prior experiences of influenza pandemics in the United States [34]. S1 Appendix
describes the risk space of transmissibility and clinical severity for the pandemic scenarios, as
defined by the framework for assessing epidemiologic effects of influenza epidemics and pan-
demics by Reed et al [35,36].

Vaccine intervention

Effectiveness of influenza vaccines varies between 10% to 60% [37]. We analyzed the impact
of the vaccine intervention scenario of 40% efficacy and 40% compliance for all age and risk
groups, following Meltzer et al. [4]. It took months to develop and distribute the 2009 HIN1
influenza vaccine, and similar scenarios of delay in vaccine introduction, limited vaccine effi-
cacy and limited supplies are not unlikely in future influenza pandemics. Thereby, we analyze
delays in the implementation of the vaccine intervention with limited efficacy and compliance
rates.

Epidemic curves

o
o
O —
2 No vaccine intervention
—— Moderate influenza
N —— Strong influenza
o Catastrophic influenza
S Vaccine intervention
el — — Moderate influenza
— — Strong influenza
3 m Catastrophic influenza
c
3 3
(6] o —
S o
- ®
o
o
O p—
o
- -
o - -_— e e
[ [ I I
0 100 200 300

Days

Fig 2. Influenza incidence (average number of new cases per day) during the pandemic for no vaccine
intervention and vaccine intervention scenarios. The epidemic curves illustrate influenza incidence
without and with vaccination intervention for the catastrophic, strong and moderate influenza pandemic
scenarios. The number of cases is the average of new cases over 25 simulations. Higher attack rates cause
the earlier, more severe, and shorter pandemic duration, compared to the less severe but longer pandemics.
The vaccination intervention is applied 15 days after the start of pandemic and implemented for 60 days. The
vaccine intervention scenarios are simulated at 40% efficacy and 40% compliance for all age and risk groups
in the dynamic agent-based model.

https://doi.org/10.1371/journal.pcbi.1005521.9002
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Table 3. Pandemic cost per capita, attack rate, and reproduction number for different severities of pandemic influenza in the base case scenario

of no vaccine intervention. Pandemic cost per capita is the average cost of influenza related health outcomes among infected individuals for death, hospital-
ization, outpatient visit, and ill but not seeking medical care. The attack rate is the proportion of population infected by influenza during the influenza pandemic.
Reproduction number is the number of secondary cases caused by the index case in a susceptible population.

Base-case scenario of no vaccine intervention Catastrophic influenza Strong Moderate influenza
influenza
Pandemic cost per capita $678.10 $486.67 $255.18
Attack rate 30.15% 21.96% 11.73%
Reproduction number 1.19 1.13 1.06

https://doi.org/10.1371/journal.pcbi.1005521.t003

Direct epidemiological effect of vaccine intervention using static model

Static model is used to estimate the direct benefit of influenza vaccination, that is, vaccination
only protects effectively vaccinated individuals who develop protective immune response, but
does not account for preventing influenza transmission from effectively vaccinated individuals
to their social contact network. Using the simulation results of the base-case scenario of no
vaccine intervention from the dynamic model, the influenza attack rates of moderate, strong
and catastrophic pandemic scenarios are decreased by the proportional impact of the vaccine
intervention at 40% coverage and 40% efficacy. Thereby, the influenza attack rates in the 3 age
group sub-populations are decreased by 16% (40% efficacy * 40% compliance) in each of the
three pandemic scenarios (see Table 4).

Table 4. Pandemic cost per capita, attack rate, and reproduction number for catastrophic, strong and moderate pandemic influenza scenarios
with and without vaccine intervention. Pandemic cost per capita, attack rate and reproduction number with and without vaccine intervention is presented
for catastrophic, strong and moderate influenza pandemic scenarios. The vaccine intervention is implemented at 40% compliance and 40% efficacy which
decreases the pandemic cost per capita, attack rate and reproduction number. Pandemic cost per capita, attack rate and reproduction number are relatively
lower in the dynamic model (direct + indirect effects) in comparison to the static model (direct effect only).

No vaccine intervention

Vaccine intervention

Catastrophic influenza Base case Static model Dynamic model
Pandemic cost per capita $678.10 $581.09 $370.56
Attack rate 30.15% 25.33% 16.34%

[0-19 years: 48.35%]
[20-64 years: 23.94%]
[65+ years: 14.91%)]

[0-19 years: 40.62%)]
[20-64 years: 20.11%]
[65+ years: 12.52%)]

[0-19 years: 27.97%]
[20-64 years: 12.25%)]
[65+ years: 7.34%]

Reproduction number 1.19 1.15 1.09
Strong influenza Base case Static model Dynamic model
Pandemic cost per capita $486.67 $420.28 $90.81
Attack rate 21.96% 18.45% 3.90%

[0-19 years: 36.76%]
[20-64 years: 16.82%]
[65+ years: 10.18%)]

[0-19 years: 30.88%]
[20—-64 years: 14.13%]
[65+ years: 8.55%)]

[0-19 years: 6.47%]
[20-64 years: 2.59%)]
[65+ years: 1.52%)]

Reproduction number 1.13 1.11 1.02
Moderate influenza Base case Static model Dynamic model
Pandemic cost per capita $255.18 $225.83 $14.85
Attack rate 11.73% 9.85% 0.16%

[0-19 years: 20.64%]
[20-64 years:8.55%]
[65+ years: 5.05%]

[0-19 years:17.34%)]
[20-64 years: 7.19%)]
[65+ years: 4.24%)]

[0-19 years: 0.30%]
[20-64 years: 0.11%)]
[65+ years: 0.06%]

Reproduction number

1.06

1.05

1.00

https://doi.org/10.1371/journal.pcbi.1005521.t1004

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005521

June 1,2017

8/25


https://doi.org/10.1371/journal.pcbi.1005521.t003
https://doi.org/10.1371/journal.pcbi.1005521.t004
https://doi.org/10.1371/journal.pcbi.1005521

©'PLOS

COMPUTATIONAL

BIOLOGY

Priorities for influenza vaccine interventions

Direct and indirect epidemiological effects of vaccine intervention using
dynamic model

We simulated the vaccine intervention scenarios at 40% efficacy and 40% compliance for all
age and risk groups in the dynamic agent-based model. The vaccine intervention is initiated

15 days after the start of the pandemic and is carried out for 60 days. The dynamic model sim-
ulates the diffusion of influenza on the population in Chicago. It takes into account the indirect
effect of limiting disease diffusion by vaccinated individuals, who develop protective immune
response and cut off transmission pathways to secondary and subsequent individuals. The
influenza attack rates for the 3 age groups in moderate, strong and catastrophic pandemic sce-
narios are estimated (see Table 4). Fig 2 includes the epidemic curves (based on 25 replicates
of each scenario) for the three pandemic scenarios with the vaccine intervention.

Vaccine cost

The cost of influenza vaccine is estimated to be $28.62, and includes the clinical personnel,
non-clinical personnel, and all overhead costs [38]. Direct medical costs and indirect produc-
tivity losses were estimated from a prior study, and are presented in Table 5 [39-42].

Pandemic cost estimation

Based on Meltzer’s study [4], we developed a decision tree that includes the probability distri-
bution of an influenza case experiencing the influenza related health outcomes of death, hospi-
talization, outpatient visits, and ill but not seeking medical care, and the cost associated with
these health outcomes among the different age and risk groups (see Fig 3). All costs have been
adjusted to 2015 US$ (see Table 5). We used this decision tree to estimate the cost due to influ-
enza related health outcomes among the different age and risk groups. This cost estimation
process is conducted in all the three scenarios: base case scenario of no intervention using

Table 5. Cost of influenza related health outcomes for different age and risk groups. The costs of influ-
enza related health outcomes of death, hospitalization, outpatient, and ill but not seeking medical care are
based on the study by Carias et al [39], and are updated to 2015 US dollars.

Influenza related health outcome/ Medical cost + Productivity losses
Age group (years) ($ per person)
Death Non-high risk High risk
0-19 1,640,255 1,650,049
20-64 934,931 941,199
65+ 276,971 290,052
Hospitalization Non-high risk High risk
0-19 16,883 35,370
20-64 26,345 34,743
65+ 14,980 22,478
Outpatient Non-high risk High risk
0-19 508 1,051
20-64 634 904
65+ 1,282 3,134
111, but not seeking medical care Non-high risk High risk
0-19 129 129
20-64 88 88
65+ 134 134

https://doi.org/10.1371/journal.pcbi.1005521.t005
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Hospitalization
Triangular(0.04%,0.06%,2.19%) <
Death Non high risk $26,345
<
$1,650,050 Triangular(0.021%,0.031%,0.041%)
Death
1-3(probability(other outcomes)) <l
1ll, no medical care $934,931
<
$129 1-3(probability(other outcomes))
1ll, no medical care
<
20-64 years $88
Influenza case Uniform(58%,65%)
Uniform(38%,39%) Outpatient
Outpatient <
< $904
$1,282
Uniform(0.69%,2.23%)
Uniform(1.25%,1.58%) Hospitalization
Hospitalization <]
< $34,743
Non high risk $14,980
Uniform(0.08%,2.49%)
Triangular(0.23%,0.351%,0.452%) Death
Death <
<] $941,199
$276,972
1-3(probability(other outcomes))
1-3(probability(other outcomes)) 1ll, no medical care
1ll, no medical care <
< $88
$134
Uniform(66%,68%)
Outpatient
<
$3,134
Uniform(3.33%,6.84%)
Hospitalization
<
$22,478
Uniform(2.3%,2.96%)
Death
<
$290,052

1-3(probability(other outcomes))
1ll, no medical care

<

$134
Fig 3. Decision tree of health outcomes for influenza cases and related costs. For each influenza case, the
probability of the different health outcomes and related costs depend on the age and risk group of the patient.
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Patients with pre-existing medical condition have a high risk of experiencing severe influenza related health
outcomes. The probability of each health outcome is assigned an uniform or triangular distribution [4]. For the
uniform distribution, the lower and upper rate are presented; for triangular distribution, the lower, most probably, and
higher rates are presented.

https://doi.org/10.1371/journal.pcbi.1005521.9003

dynamic model, vaccine intervention scenario using static model, and vaccine intervention
scenario using dynamic model. Within each of these scenarios, for each pandemic severity
(moderate, strong and catastrophic), we compute the pandemic cost, pandemic cost per capita,
net benefits, and return on investment, as illustrated in Table 6 (also, see Tables 3 and 4). The
pandemic cost is the total cost associated with the health outcomes of influenza cases and the
cost of vaccination, and pandemic cost per capita is the average pandemic cost per person. The
net benefits are the difference in cost due to improved health outcomes from vaccination and
the vaccination cost. Return on investment is the gain in net benefits relative to the vaccination
cost.

Table 6. Computation of pandemic cost, pandemic cost per capita, net benefits and return on investment. The formulations to compute pandemic
cost, pandemic cost per capita, net benefits and return on investment are presented below for the scenarios of without and with vaccine intervention. Pan-
demic costis the total cost associated with the health outcomes of influenza cases and the cost of vaccination, and pandemic cost per capita is the average
pandemic cost per person. The net benefits is the difference in cost due to improved health outcomes from vaccination and the vaccination cost. Return on
investmentis the gain in net benefits relative to the vaccination cost.

Metrics No vaccine intervention Vaccine intervention

Cost of influenza related (Cost of influenza related health outcomes) + (Vaccination cost)
health outcomes

Pandemic cost pici PICT\ + (C,N,)
(3-3-7) (3-2A)

Per capita (Cost of influenza related health

outcomes) Per capita (Cost of influenza related health outcomes) + Per capita
(Vaccination cost)
Pandemic cost per (2 pher) (D022 Al +em)
capita N N
Benefits — Costs
(Benefits from reduction in the cost of influenza related health outcomes due to reduction in influenza cases after vaccine
intervention)—(Vaccination cost)
Net benefits Not applicable <ZZ(P§ _ p/)cu) —(C,N,)
i
Net benefits
Vaccination cost
Return on investment is the gain in net benefits relative to the vaccination cost, that is, dollars saved per $1 investment in vaccine
intervention
Return on investment Not applicable (Z;Z,- (F’é—P’/")CU)—(CVN./)
C,N,
PI Number of infected people of age and risk group i with health outcome jin the base case scenario of no vaccine intervention
Pi Number of infected people of age and risk group i with health outcome j after vaccine intervention
i Age and risk groups: 0—19 non-high risk, 0—19 high risk, 20—64 non-high risk, 20—64 high risk, 65+ non-high risk, 65+ high risk

j Influenza related health outcomes: death, hospitalization, outpatient visit, ill but not seeking medical care

ci Cost of influenza related health outcome jfor age and risk group i

c Influenza vaccine cost

N, Number of vaccinated people

N Total population

https://doi.org/10.1371/journal.pchi.1005521.t006
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Perspective of economic evaluation

We conducted economic evaluation from the medical and productivity perspective, and
includes the direct cost of clinical care for influenza related health outcomes incurred by the
health care provider and indirect cost of productivity loss incurred by the patient. To extend
this analysis to a societal perspective, costs incurred by the federal government in vaccine
distribution, vaccine coverage monitoring, vaccine effectiveness monitoring, vaccine safety
monitoring, health communication, and national coordination and technical assistance [43],
productivity loss of volunteers in the influenza vaccine campaign, and costs of global influenza
surveillance for vaccine strain selection will need to be included, which are beyond the scope
of this study.

Simulation replicates

The values of the simulation parameters and their sources are shown in Table 2. Each influenza
pandemic scenario in the agent-based model is simulated 25 times. The costs of influenza-
related health outcomes among the different age and risk groups are estimated using the deci-
sion tree (Fig 3). The agent-based model is executed through SIBEL [44], a web-based tool to
conduct epidemiological disease studies based on realistic social network simulation, and the
influenza-related health outcome estimation using decision tree and cost-benefit analysis is
executed through the R software for statistical computing and graphics [45].

Sensitivity analysis

We conducted univariate sensitivity analysis for vaccine compliance, vaccine efficacy and vac-
cine start date, and their impact on attack rates and return on investment for catastrophic,
strong, and moderate influenza pandemic scenarios with no vaccine intervention (base case),
and with vaccine intervention in static model (direct effect) and dynamic model (direct + indi-
rect effects).

Results
Base case scenario of no vaccine intervention

The pandemic cost per capita is $678.10, $486.67 and $255.18 for catastrophic, strong, and
moderate influenza scenarios respectively (see Table 3). The attack rate is 30.15%, 21.96% and
11.73% for catastrophic, strong, and moderate influenza scenarios respectively. The reproduc-
tion number is 1.19, 1.13 and 1.06 for catastrophic, strong, and moderate influenza scenarios
respectively. The pandemic cost per capita is positively correlated with attack rate and repro-
duction number, with the highest in catastrophic influenza scenario followed by the strong
and moderate influenza scenarios.

Vaccine interventions

The vaccine intervention is simulated at 40% compliance and 40% efficacy, using the static
model and the dynamic model. The vaccine intervention decreases the pandemic cost per cap-
ita, attack rate and reproduction number in the catastrophic, strong and moderate influenza
pandemic scenarios in both the static and dynamic models.

Fig 4A, 4B and 4C illustrate the comparison of pandemic cost per capita, attack rate and
reproduction number in the catastrophic, strong and moderate influenza pandemic scenarios
with and without vaccine intervention. In the catastrophic influenza pandemic scenario with
vaccine intervention, the pandemic cost per capita, attack rate and reproduction number are
$370.56, 16.34% and 1.09 respectively in the dynamic model, while they are $581.09, 25.33%
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Fig 4. Pandemic cost per capita, attack rate and reproduction number in the catastrophic, strong and moderate influenza pandemic scenarios
with and without vaccine intervention. Pandemic cost per capita, attack rate and reproduction number are relatively lower in the dynamic model due to
the combined impact of direct and indirect effects, in comparison to the static model which includes only the direct effect. Fig 4A: Pandemic cost per capita
in the catastrophic, strong and moderate influenza pandemic scenarios with and without vaccine intervention. Fig 4B: Attack rate in the catastrophic, strong
and moderate influenza pandemic scenarios with and without vaccine intervention. Fig 4C: Reproduction number in the catastrophic, strong and moderate
influenza pandemic scenarios with and without vaccine intervention.

https://doi.org/10.1371/journal.pcbi.1005521.9004

and 1.15 respectively in the static model (see Table 4). In the strong influenza pandemic sce-
nario with vaccine intervention, the pandemic cost per capita, attack rate and reproduction
number are $90.81, 3.90% and 1.02 respectively in the dynamic model, while they are $420.28,
18.45% and 1.11 respectively in the static model. In the moderate influenza pandemic scenario
with vaccine intervention, the pandemic cost per capita, attack rate and reproduction number
are $14.85, 0.16% and 1.00 respectively in the dynamic model, while they are $225.83, 9.85%
and 1.05 respectively in the static model.

Molinari et al estimated the annual economic impact (medical costs and productivity loss)
of seasonal influenza in the United States to be $87.0673 billion (95% CI: $47.2153, $149.5086)
in 2003 with the vaccine intervention [40], which relates to an inflation adjusted cost per capita
of $392.24 (95% CI: $212.71, $673.54) in $2015. We estimated the pandemic cost per capita
with no vaccine intervention to be $678.10, $486.67 and $255.18 (in $2015) for catastrophic,
strong, and moderate influenza scenarios respectively, and with vaccine intervention to be
$370.56, $90.81 and $14.85 respectively.

Direct and indirect effects on return on investment

While the vaccine interventions are cost-beneficial in both the dynamic and static models, the
return on investment is relatively higher in the dynamic model due to the combined impact of
direct and indirect effects, in comparison to the static model which includes only the direct
effect (see Fig 5 and Table 7).

Prioritization of vaccine intervention

Vaccine prioritization criteria includes risk of death, total deaths, net benefits, and return on
investment. Table 8 shows the values for risk of death, total deaths, net benefits, and return on
investment of high and non-high risk groups among the 0-19, 20-64, 65+ years subpopulations
for the catastrophic, strong and moderate influenza pandemic scenarios. The prioritization cri-
teria of risk of death, total deaths, net benefits, and return on investment assist in the decision
making process for vaccine prioritization among different age and risk groups, as shown in
Table 9.
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Fig 5. Return on investment of vaccine intervention. Return on investment is the gain in net benefits relative to the
vaccination cost, that is, dollars saved per $1 investment in vaccine intervention. Economic impact of the vaccine
intervention includes both the direct and indirect effects. The direct effect is evaluated from the static model, and the
direct and indirect effects is evaluated from the dynamic model.

https://doi.org/10.1371/journal.pchi.1005521.9005

Risk of death

Fig 6A illustrates the prioritization criteria for the vaccine intervention based on the risk of
death. In the catastrophic influenza pandemic scenario, the risk of death among the high-risk
65+ years subpopulation is the highest at 392.18 deaths per 100,000 influenza cases, while it is
the lowest among the non-high risk 0-19 years subpopulation at 6.63 deaths per 100,000 influ-
enza cases. In the strong influenza pandemic scenario, the risk of death among the high-risk
0-19 years subpopulation is the highest at 281.08 deaths per 100,000 influenza cases, while it is
the lowest among the non-high risk 0-19 years subpopulation at 5.04 deaths per 100,000 influ-
enza cases. In the moderate influenza pandemic scenario, the risk of death among the high-
risk 0-19 years subpopulation is the highest at 157.85 deaths per 100,000 influenza cases, while
it is the lowest among the non-high risk 20-64 years subpopulation at 2.65 deaths per 100,000
influenza cases.

Total deaths

Fig 6B illustrates the prioritization criteria for the vaccine intervention based on the propor-
tion of total deaths. In the catastrophic influenza pandemic scenario, the proportion of total
deaths among the high-risk 20-64 years subpopulation is the highest at 0.45, while it is the
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Table 7. Pandemic cost, net benefits and return on investment. Pandemic costis the total cost associated with the health outcomes of influenza cases
and the cost of vaccination. Net benefits are the difference in cost due to improved health outcomes from vaccination and the vaccination cost. Return on
investmentis the gain in net benefits relative to the vaccination cost, that is, dollars saved per $1 investment in vaccine intervention.

Static model (direct effect)

Pandemic
influenza

Catastrophic
Strong
Moderate

Pandemic cost with no
vaccine intervention

(million $)
6,135.18
4,403.21
2,308.79

Dynamic model (direct + indirect effects)

Pandemic
influenza

Catastrophic
Strong
Moderate

Pandemic cost with no
vaccine intervention

(million $)
6,135.18
4,403.21
2,308.79

https://doi.org/10.1371/journal.pcbi.1005521.t1007

Pandemic cost with vaccine
intervention (million $)

5,153.93
3,698.98
1,939.60

Pandemic cost with vaccine
intervention (million $)

3,249.14
718.04
30.79

Vaccination
cost
(million $)

103.56
103.57
103.57

Vaccination
cost
(million $)

103.56
103.57
103.57

Net benefits
(million $)

877.68
600.66
265.62

Net benefits
(million $)

2,782.47
3,581.59
2174.43

Return on investment of
vaccine intervention

8.47
5.80
2.56

Return on investment of
vaccine intervention

26.87
34.58
21.00

Table 8. Risk of death, total deaths, net benefits and return on investment for different age and risk groups in the catastrophic, strong, and moder-
ate influenza pandemic scenarios. Risk of deathis estimated based on the number of influenza related deaths per 100,000 subpopulation for the specific
age and risk groups. Total deaths is estimated based on the proportion of influenza related deaths for the specific age and risk groups among total influenza
related deaths. Net benefits are the difference in cost due to improved health outcomes from vaccination and the vaccination cost. Return on investmentis the
gain in net benefits relative to the vaccination cost, that is, dollars saved per $1 investment in vaccine intervention.

Age and risk group

Non-high risk 0-19 yrs
High risk 0-19 yrs
Non-high risk 20-64 yrs
High risk 2064 yrs
Non-high risk 65+ yrs
High risk 65+ yrs

Age and risk group

Non-high risk 0-19 yrs
High risk 0-19 yrs
Non-high risk 20—64 yrs
High risk 20-64 yrs
Non-high risk 65+ yrs
High risk 65+ yrs

Age and risk group

Non-high risk 0-19 yrs
High risk 0-19 yrs
Non-high risk 20—64 yrs
High risk 2064 yrs
Non-high risk 65+ yrs
High risk 65+ yrs

Risk of death

(per 100,000 cases)

6.63
369.70
7.43
308.19
51.36
392.18

Risk of death

(per 100,000 cases)

5.04
281.08
5.22
216.44
35.08
267.86

Risk of death

(per 100,000 cases)

2.83
157.85
2.65
110.11
17.38
132.71

https://doi.org/10.1371/journal.pcbi.1005521.t008

Catastrophic influenza pandemic

Proportion of total deaths

0.031
0.117
0.065
0.452
0.055
0.280

Net benefits (million $)

Strong influenza pandemic

Proportion of total deaths

0.033
0.127
0.064
0.450
0.053
0.272

280.05
484.16
436.93
1201.38
68.80
311.13

Net benefits (million $)

Moderate influenza pandemic

Proportion of total deaths

0.036
0.139
0.064
0.447
0.052
0.263

425.90
714.00
542.70
1462.52
79.71
356.77

Net benefits (million $)

279.50
483.30
300.61
864.83
43.02
203.17

Return on investment

9.86
249.16
8.20
133.99
10.49
47.41

Return on investment

14.99
367.42
10.18
163.11
12.15
54.37

Return on investment

9.83
248.69
5.64
96.45
6.56
30.96
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Table 9. Prioritization of influenza vaccine intervention. Prioritization of influenza vaccine intervention among different age and risk groups based on dif-
ferent criteria: risk of death, total deaths, net benefits, and return on investment. ®Risk of death is estimated based on the number of influenza related deaths
per 100,000 subpopulation for the specific age and risk groups. Risk of death is the highest among the high risk 65+ years subpopulation in the catastrophic
influenza and it is the highest among high risk 0—19 years subpopulation in the strong, and moderate influenza pandemic scenarios. ® Total deaths is estimated
based on the proportion of influenza related deaths for the specific age and risk groups among total influenza related deaths. The proportion of influenza
related deaths is the highest among the high risk 20-64 years subpopulation in the catastrophic, strong, and moderate influenza pandemic scenarios. °Net
benefits are the difference in cost due to improved health outcomes from vaccination and the vaccination cost. Net benefits are the highest among the high
risk 20—64 years subpopulation in the catastrophic, strong, and moderate influenza pandemic scenarios. Return on investmentis the gain in net benefits rela-
tive to the vaccination cost, that is, dollars saved per $1 investment in vaccine intervention. Return on investment is highest among the high risk 0-19 years
subpopulation in the catastrophic, strong and moderate influenza pandemic scenarios.

Prioritization criteria—Catastrophic influenza pandemic

Priority Risk of death? Total deaths Net benefits® Return on investment®
1 (high) High risk 65+ yrs High risk 2064 yrs High risk 20—64 yrs High risk 0-19 yrs
2 High risk 0-19 yrs High risk 65+ yrs High risk 0-19 yrs High risk 2064 yrs
3 High risk 2064 yrs High risk 0-19 yrs Non-high risk 20-64 yrs High risk 65+ yrs
4 Non-high risk 65+ yrs Non-high risk 20—64 yrs High risk 65+ yrs Non-high risk 65+ yrs
5 Non-high risk 20-64 yrs Non-high risk 65+ yrs Non-high risk 0-19 yrs Non-high risk 0-19 yrs
6 (low) Non-high risk 0-19 yrs Non-high risk 0-19 yrs Non-high risk 65+ yrs Non-high risk 20-64 yrs

Prioritization criteria—Strong influenza pandemic

Priority Risk of death Total deaths Net benefits Return on investment
1 (high) High risk 0-19 yrs High risk 2064 yrs High risk 20—64 yrs High risk 0-19 yrs
2 High risk 65+ yrs High risk 65+ yrs High risk 0-19 yrs High risk 2064 yrs
3 High risk 2064 yrs High risk 0-19 yrs Non-high risk 20-64 yrs High risk 65+ yrs
4 Non-high risk 65+ yrs Non-high risk 20—64 yrs Non-high risk 0-19 yrs Non-high risk 0-19 yrs
5 Non-high risk 20—64 yrs Non-high risk 65+ yrs High risk 65+ yrs Non-high risk 65+ yrs
6 (low) Non-high risk 0-19 yrs Non-high risk 0-19 yrs Non-high risk 65+ yrs Non-high risk 20—64 yrs

Prioritization criteria—Moderate influenza pandemic

Priority Risk of death Total deaths Net benefits Return on investment
1 (high) High risk 0-19 yrs High risk 20—-64 yrs High risk 20-64 yrs High risk 0-19 yrs
2 High risk 65+ yrs High risk 65+ yrs High risk 0-19 yrs High risk 20-64 yrs
3 High risk 20-64 yrs High risk 0-19 yrs Non-high risk 20—-64 yrs High risk 65+ yrs
4 Non-high risk 65+ yrs Non-high risk 20—-64 yrs Non-high risk 0-19 yrs Non-high risk 0-19 yrs
5 Non-high risk 0-19 yrs Non-high risk 65+ yrs High risk 65+ yrs Non-high risk 65+ yrs
6 (low) Non-high risk 20—64 yrs Non-high risk 0-19 yrs Non-high risk 65+ yrs Non-high risk 20—64 yrs

https://doi.org/10.1371/journal.pchi.1005521.t009

lowest among the non-high risk 0-19 years subpopulation at 0.031. In the strong influenza
pandemic scenario, the proportion of total deaths among the high-risk 20-64 years subpopula-
tion is the highest at 0.45 while it is the lowest among the non-high risk 0-19 years subpopula-
tion at 0.033. In the moderate influenza pandemic scenario, the proportion of total deaths
among the high risk 20-64 years subpopulation is the highest at 0.447, while it is the lowest
among the non-high risk 0-19 years subpopulation at 0.036.

Net benefits

Fig 6C illustrates the prioritization criteria for the vaccine intervention based on net benefits. In
the catastrophic influenza pandemic scenario, the net benefits among the high-risk 20-64 years
subpopulation is the highest at $1201.38 million, while it is the lowest among the non-high risk
65+ years subpopulation at $68.80 million. In the strong influenza pandemic scenario, the net
benefits among the high risk 20-64 years subpopulation is the highest at $1462.52 million,
while it is the lowest among the non-high risk 65+ years subpopulation at $79.71 million. In the
moderate influenza pandemic scenario, the net benefits among the high risk 20-64 years
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Fig 6. Prioritization of influenza vaccine intervention. Prioritization of influenza vaccine intervention among different age and risk groups based on
different criteria: risk of death, total deaths, net benefits, and return on investment. Fig 6A: Risk of death is estimated based on the number of influenza
related deaths per 100,000 subpopulation for the specific age and risk groups. Risk of death is the highest among the high risk 65+ years subpopulation in
the catastrophic influenza and it is the highest among high risk 0-19 years old among strong, and moderate influenza pandemic scenarios. Fig 6B: Total
deaths is estimated based on the proportion of influenza related deaths for the specific age and risk groups among total influenza related deaths. The
proportion of influenza related deaths is the highest among the high risk 2064 years subpopulation in the catastrophic, strong, and moderate influenza
pandemic scenarios. Fig 6C: Net benefits are the difference in cost due to improved health outcomes from vaccination and the vaccination cost. Net
benefits are the highest among the high risk 20—-64 years subpopulation in the catastrophic, strong, and moderate influenza pandemic scenarios. Fig 6D:
Return on investment is the gain in net benefits relative to the vaccination cost, that is, dollars saved per $1 investment in vaccine intervention. Return on
investment is highest among the high risk 0—19 years subpopulation in the catastrophic, strong and moderate influenza pandemic scenarios.

https://doi.org/10.1371/journal.pchi.1005521.g006

subpopulation is the highest at $864.83 million, while it is the lowest among the non-high risk
65+ years subpopulation at $43.02 million.
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Return on investment

Fig 6D illustrates the prioritization criteria for the vaccine intervention based on return on
investment. In the catastrophic influenza pandemic scenario, the return on investment among
the high-risk 0-19 years subpopulation is the highest at 249.16 (i.e., $249.16 saved for every $1
invested in vaccine intervention), while it is the lowest among the non-high risk 20-64 years
subpopulation at 8.20 (i.e., $8.20 saved for every $1 invested in vaccine intervention). In the
strong influenza pandemic scenario, the return on investment among the high-risk 0-19 years
subpopulation is the highest at 367.42 (i.e., $367.42 saved for every $1 invested in vaccine inter-
vention), while it is the lowest among the non-high risk 20-64 years subpopulation at 10.18
(i.e., $10.18 saved for every $1 invested in vaccine intervention). In the moderate influenza
pandemic scenario, the return on investment among the high-risk 0-19 years subpopulation is
the highest at 248.69 (i.e., $248.69 saved for every $1 invested in vaccine intervention), while it
is the lowest among the non-high risk 20-64 years subpopulation at 5.64 (i.e., $5.64 saved for
every $1 invested in vaccine intervention).

Sensitivity analysis

We conducted univariate sensitivity analysis for vaccine compliance, vaccine efficacy and vac-
cine start date, and their impact on attack rates and return on investment for catastrophic,
strong, and moderate influenza pandemic scenarios.

Vaccine compliance, vaccine efficacy and vaccine start date impact on attack rate. Fig
7 illustrates the univariate sensitivity analysis for vaccine compliance rates of 10%, 40%, 60%
and 80% (Fig 7A), vaccine efficacy rates of 10%, 20%, 30%, 40%, 50% and 60% (Fig 7B) and
vaccine start dates after epidemic onset of day 15, day 30, day 60 and day 90 (Fig 7C), and their
impact on attack rates for catastrophic, strong, and moderate influenza pandemic scenarios
with no vaccine intervention (base case) and vaccine intervention (static and dynamic
models).

We observe a negative correlation between vaccine compliance and attack rate, negative
correlation between vaccine efficacy and attack rate, and positive correlation between vaccine
start date and attack rate. The relative impact in the dynamic model is higher due to the com-
bined benefits of direct and indirect effects of the vaccine intervention, in comparison to the
static model with only the direct effect of the vaccine intervention.
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Fig 7. Sensitivity analysis of vaccine compliance, vaccine efficacy and vaccine start date, and impact on attack rate. Univariate sensitivity analysis
for vaccine compliance rates of 10%, 40%, 60% and 80% (Fig 7A), vaccine efficacy rates of 10%, 20%, 30%, 40%, 50% and 60% (Fig 7B) and vaccine
start dates after epidemic onset of day 15, day 30, day 60 and day 90 (Fig 7C), and their impact on attack rates for catastrophic, strong, and moderate
influenza pandemic scenarios with no vaccine intervention (base case) and vaccine intervention (static and dynamic models).

https://doi.org/10.1371/journal.pcbi.1005521.g007
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Fig 8. Sensitivity analysis of vaccine compliance and impact on return on investment. Univariate sensitivity analysis for vaccine compliance rates of
10%, 40%, 60% and 80%, and their impact on return on investment for catastrophic (Fig 8A), strong (Fig 8B) and moderate (Fig 8C) influenza pandemic
scenario in the static (direct benefit) and dynamic (direct + indirect benefits) models.

https://doi.org/10.1371/journal.pchi.1005521.9g008

Vaccine compliance impact on return on investment. Fig 8 illustrates the univariate sen-
sitivity analysis for vaccine compliance rates of 10%, 40%, 60% and 80%, and their impact on
return on investment for catastrophic (Fig 8A), strong (Fig 8B) and moderate (Fig 8C) influ-
enza pandemic scenario in the static (direct benefit) and dynamic (direct + indirect benefits)
models. We observe a negative correlation between vaccine compliance and return on invest-
ment in the dynamic model, indicating that the return on investment is higher with vaccine
introduction and decreases with vaccine compliance but also beneficially decreases the attack
rate. In the static model, return on investment remains stable for the varied rates of vaccine
compliance, with relatively higher return on investment in the catastrophic followed by strong
and moderate pandemic influenza scenarios.

Vaccine efficacy impact on return on investment. Fig 9 illustrates the univariate sensitiv-
ity analysis for vaccine efficacy rates of 10%, 20%, 30%, 40%, 50% and 60%, and their impact on
return on investment for catastrophic (Fig 9A), strong (Fig 9B) and moderate (Fig 9C) influenza
pandemic scenario in the static and dynamic models. We observe a positive correlation between

A) Catastrophic Influenza B) Strong Influenza C) Moderate Influenza
- o _
= = = = ® ® Static model
I [P o g — o _ = Dynamic model
£ . £ £
8 3 g g |-
> o > ™ >
£ o £ £ |
c - [ o c
o o ~ o
g 8 — g % 8 -
5 £ 2+ §
x © J o x © 7]
o - o - o -
10% 30% 50% 10% 30% 50% 10% 30% 50%
Vaccine efficacy Vaccine efficacy Vaccine efficacy

Fig 9. Sensitivity analysis of vaccine efficacy and impact on return on investment. Univariate sensitivity analysis for vaccine efficacy rates of
10%, 20%, 30%, 40%, 50% and 60%, and their impact on return on investment for catastrophic (Fig 9A), strong (Fig 9B) and moderate (Fig 9C)
influenza pandemic scenario in the static (direct benefit) and dynamic (direct + indirect benefits) models.

https://doi.org/10.1371/journal.pcbi.1005521.g009
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vaccine efficacy and return on investment in the dynamic and static models, with relatively
higher return on investment in the dynamic model compared to the static model.

Vaccine start date impact on return on investment. Fig 10 illustrates the univariate sen-
sitivity analysis for vaccine start dates after epidemic onset of day 15, day 30, day 60 and day
90, and their impact on return on investment for catastrophic (Fig 10A), strong (Fig 10B)
and moderate (Fig 10C) influenza pandemic scenario in the static and dynamic models. We
observe a negative correlation between vaccine start date and return on investment in the
dynamic and static models, with relatively higher return on investment in the dynamic model
compared to the static model.

Discussion

Direct and indirect epidemiological and economic effects of vaccine
intervention

Direct effect is due to the immune protection gained by effectively vaccinated individuals, and
indirect effect is due to blocking of the influenza transmission by vaccinated individuals to sus-
ceptible individuals in their social network. The static model provides a conservative estimate
of the epidemiological and economic benefits of influenza vaccine intervention by accounting
for only the direct effect. The dynamic model provides a comprehensive estimate of the epide-
miological and economic benefits of influenza vaccine intervention by accounting for both the
direct and indirect effects.

The vaccine intervention has a higher probability of effectively vaccinating individuals who
will have otherwise being infected in the absence of the vaccine intervention in more severe
pandemic scenarios (such as catastrophic influenza). This is due to relatively higher attack rates
and higher proportion of population at risk of influenza infection in comparison to less severe
pandemic scenarios (such as moderate influenza). Thereby, the impact of the direct effect
decreases from catastrophic, strong to moderate influenza pandemic scenarios (see Fig 5).

The vaccine intervention has a lower probability of breaking transmission pathways in more
severe pandemic scenarios (such as catastrophic influenza), because the transmission network is
densely connected in comparison to sparsely connected transmission networks in less severe
pandemic scenarios (such as moderate influenza). Thereby, the impact of the indirect effect
increases from catastrophic, strong to moderate influenza pandemic scenarios (see Fig 5).
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Fig 10. Sensitivity analysis of vaccine start date and impact on return on investment. Univariate sensitivity analysis for vaccine start dates after
epidemic onset of day 15, day 30, day 60 and day 90, and their impact on return on investment for catastrophic (Fig 10A), strong (Fig 10B) and
moderate (Fig 10C) influenza pandemic scenario in the static (direct benefit) and dynamic (direct + indirect benefits) models.

https://doi.org/10.1371/journal.pcbi.1005521.9010
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Pandemic cost per capita, attack rate and reproduction number are relatively lower in the
dynamic model due to the combined impact of direct and indirect effects, in comparison to
the static model which includes only the direct effect, in the catastrophic, strong and moderate
influenza pandemic scenarios. While the vaccine interventions are cost-beneficial in both the
dynamic and static models, the return on investment is relatively higher in the dynamic model
in comparison to the static model.

Prioritization of vaccine interventions

We analyzed vaccine prioritization criteria based on risk of death, total deaths, net benefits and
return on investment for the high and non-high risk groups among 0-19, 20-64 and 65+ years
subpopulations. The risk of death is the highest among the high-risk 65+ years subpopulation
in the catastrophic influenza, and it is the highest among the high-risk 0-19 years subpopula-
tion in the strong and moderate influenza pandemic scenarios. The proportion of total deaths
is the highest among the high-risk 20-64 years subpopulation in the catastrophic, strong and
moderate influenza pandemic scenarios. The net benefits are the highest among the high-risk
20-64 years subpopulation in the catastrophic, strong and moderate influenza pandemic sce-
narios. The return on investment is the highest in the high-risk 0-19 years subpopulation in the
catastrophic, strong and moderate influenza pandemic scenarios.

The proportion of total deaths and net benefits measure the epidemiological and economic
impact respectively, and are dependent on the absolute size of the different risk and age group
subpopulations. Risk of death and return on investment measure the epidemiological and eco-
nomic impact respectively, and are independent of the absolute size of the different risk and
age group subpopulations. Based on risk of death and return on investment, high-risk groups
of the three age group subpopulations are recommended for prioritization of influenza vaccine
intervention. Also, the vaccine intervention is cost-beneficial for all age and risk groups.

Targeted vaccination

The attack rates among the children (0-19 years) are higher than the attack rates among the
adults (20-64 years) and seniors (65+ years) in the catastrophic, strong, and moderate influ-
enza pandemic scenarios, as illustrated in Table 4. This can be attributed to their larger social
contact network and homophilous interactions in schools. Thereby, if we target children for
vaccination, there will be higher reduction among the children as well on the overall attack
rate in the general population, as also illustrated in prior studies by Hodgson et al [16], Fergu-
son et al [17], and Germann et al [18]. Also, as shown in Table 9, high risk children have the
highest return on investment from the vaccine intervention.

Public health implications

The dynamic model provides improved estimates of the epidemiological and economic benefits of
vaccine interventions in comparison to a static model, by accounting for both the direct and indi-
rect effects. These comprehensive estimates assist in prioritization of vaccine interventions among
subpopulations of different risk and age groups, especially during influenza pandemics with lim-
ited availability of vaccines. Decision makers can use the dynamic model simulations to compare
the epidemiological and economic impact of using different prioritization criteria of influenza vac-
cine interventions among different risk and age group subpopulations, thereby optimizing alloca-
tion of limited resources and improving evidence-based public health policy and practice.

Based on risk of death and return on investment, high-risk groups of the three age group sub-
populations can be prioritized for vaccination, and the vaccine interventions are cost saving for
all age and risk groups. The attack rates among the children are higher than among the adults
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and seniors in the catastrophic, strong, and moderate influenza pandemic scenarios, due to their
larger social contact network and homophilous interactions in school. Based on return on in-
vestment and higher attack rates among children, we recommend prioritizing children (0-19
years) and seniors (65+ years) after high-risk groups for influenza vaccination during times of
limited vaccine supplies. Based on risk of death, we recommend prioritizing seniors (65+ years)
after high-risk groups for influenza vaccination during times of limited vaccine supplies.

Modeling implications

We used an agent-based individual model in this study to estimate the direct and indirect epi-
demiological and economic impact of vaccine interventions during an influenza pandemic

in Chicago, similar to related studies [14,46,47]. Alternatively, a population level compartmen-
tal model can also be used to conduct this study, similar to related studies [15,48,49]. While
agent-based individual models add heterogeneity in contact patterns between individuals in
comparison to homogeneous mixing in compartmental models, it will be valuable to compare
the vaccine intervention priorities derived from these two modeling methods in future studies.

Limitations

We used a mean estimate of $28.62 (inflation adjusted to 2015 US dollars) for the cost of influ-
enza vaccine, and did not include the range and uncertainty in vaccination costs by location
and size of clinical practice. While beyond the scope of this study, this analysis can be extended
to additional studies for a range of vaccine compliance and efficacy values at different attack
rates of influenza pandemics in different rural and urban areas of the United States and at the
country level, to infer objective prioritization criteria for influenza vaccine interventions
among different risk and age groups.

Supporting information

S1 Appendix. Risk space of transmissibility and clinical severity of influenza pandemic.
(DOCX)

Author Contributions
Conceptualization: KMA AM.

Data curation: ND.

Formal analysis: ND.

Funding acquisition: AM KMA.
Investigation: ND AM BLL SS SGE KMA.
Methodology: ND AM BLL SS SGE KMA.
Project administration: AM KMA.
Resources: ND AM BLL SS SGE KMA.
Software: ND.

Supervision: KMA.

Validation: ND.

Visualization: ND.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005521 June 1,2017 22/25


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005521.s001
https://doi.org/10.1371/journal.pcbi.1005521

©-PLOS | sotoer o

Priorities for influenza vaccine interventions

Writing - original draft: ND KMA.

Writing - review & editing: ND AM BLL SS SGE KMA.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

CDC—ACIP—Advisory Committee on Immunization Practices (ACIP) Home Page—Vaccines [Inter-
net]. [cited 2015 Jul 3]. Available from: http://www.cdc.gov/vaccines/acip/

Grohskopf LA, Sokolow LZ, Olsen SJ, Bresee JS, Broder KR, Karron RA. Prevention and Control of
Influenza with Vaccines: Recommendations of the Advisory Committee on Immunization Practices,
United States, 2015-16 Influenza Season. MMWR Morb Mortal Wkly Rep. 2015 Aug 7; 64(30):818-25.
PMID: 26247435

Fiore AE, Shay DK, Broder K, Iskander JK, Uyeki TM, Mootrey G, et al. Prevention and control of sea-
sonal influenza with vaccines: recommendations of the Advisory Committee on Immunization Practices
(ACIP), 2009. MMWR Recomm Rep. 2009 Jul 31; 58(RR-8):1-52. PMID: 19644442

Meltzer MI, Cox NJ, Fukuda K. The economic impact of pandemic influenza in the United States: priori-
ties for intervention. Emerg Infect Dis. 1999 Sep; 5(5):659-71. https://doi.org/10.3201/eid0505.990507
PMID: 10511522

Mullooly JP, Bennett MD, Hornbrook MC, Barker WH, Williams WW, Patriarca PA, et al. Influenza vac-
cination programs for elderly persons: cost-effectiveness in a health maintenance organization. Ann
Intern Med. 1994 Dec 15; 121(12):947-52. PMID: 7978721

Bridges CB, Thompson WW, Meltzer MI, Reeve GR, Talamonti WJ, Cox NJ, et al. Effectiveness and
cost-benefit of influenza vaccination of healthy working adults: A randomized controlled trial. JAMA.
2000 Oct 4; 284(13):1655—63. PMID: 11015795

Lee PY, Matchar DB, Clements DA, Huber J, Hamilton JD, Peterson ED. Economic analysis of influ-
enza vaccination and antiviral treatment for healthy working adults. Ann Intern Med. 2002 Aug 20; 137
(4):225-31. PMID: 12186512

Prosser LA, Lavelle TA, Fiore AE, Bridges CB, Reed C, Jain S, et al. Cost-effectiveness of 2009 pan-
demic influenza A(H1N1) vaccination in the United States. PLoS One. 2011 Jul 29; 6(7):e22308. https://
doi.org/10.1371/journal.pone.0022308 PMID: 21829456

Meltzer MI, Neuzil KM, Griffin MR, Fukuda K. An economic analysis of annual influenza vaccination of
children. Vaccine. 2005 Jan 11; 23(8):1004—14. https://doi.org/10.1016/j.vaccine.2004.07.040 PMID:
15620473

Borse RH, Shrestha SS, Fiore AE, Atkins CY, Singleton JA, Furlow C, et al. Effects of vaccine program
against pandemic influenza A(H1N1) virus, United States, 2009—-2010. Emerg Infect Dis. 2013 Mar; 19
(3):439-48. https://doi.org/10.3201/eid1903.120394 PMID: 23622679

Kostova D, Reed C, Finelli L, Cheng P-Y, Gargiullo PM, Shay DK, et al. Influenza lliness and Hospitali-
zations Averted by Influenza Vaccination in the United States, 2005-2011. PLoS One. 2013 Jun 19; 8
(6):e66312. https://doi.org/10.1371/journal.pone.0066312 PMID: 23840439

Biggerstaff M, Reed C, Swerdlow DL, Gambhir M, Graitcer S, Finelli L, et al. Estimating the potential
effects of a vaccine program against an emerging influenza pandemic—United States. Clin Infect Dis.
2015 May 1; 60 Suppl 1:520-9.

Meltzer MI, Bridges CB. Economic analysis of influenza vaccination and treatment. Ann Intern Med.
2003 Apr 1; 138(7):608; author reply 608—9. PMID: 12667038

Lee BY, Brown ST, Korch GW, Cooley PC, Zimmerman RK, Wheaton WD, et al. A computer simulation
of vaccine prioritization, allocation, and rationing during the 2009 H1N1 influenza pandemic. Vaccine.
2010 Jul 12; 28(31):4875-9. https://doi.org/10.1016/j.vaccine.2010.05.002 PMID: 20483192

Medlock J, Galvani AP. Optimizing influenza vaccine distribution. Science. 2009 Sep 25; 325
(5948):1705-8. https://doi.org/10.1126/science.1175570 PMID: 19696313

Hodgson D, Baguelin M, van Leeuwen E, Panovska-Griffiths J, Ramsay M, Pebody R, et al. Effect of
mass paediatric influenza vaccination on existing influenza vaccination programmes in England and
Wales: a modelling and cost-effectiveness analysis. The Lancet Public Health. 2017 Feb; 2(2):e74-81.
https://doi.org/10.1016/S2468-2667(16)30044-5 PMID: 28299371

Ferguson NM, Cummings DAT, Fraser C, Cajka JC, Cooley PC, Burke DS. Strategies for mitigating an
influenza pandemic. Nature. 2006; 442(7101):448-52. https://doi.org/10.1038/nature04795 PMID:
16642006

Germann TC, Kadau K, Longini IM, Macken CA. Mitigation strategies for pandemic influenza in the
United States. Proceedings of the National Academy of Sciences. 2006; 103(15):5935—40.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005521 June 1,2017 23/25


http://www.cdc.gov/vaccines/acip/
http://www.ncbi.nlm.nih.gov/pubmed/26247435
http://www.ncbi.nlm.nih.gov/pubmed/19644442
https://doi.org/10.3201/eid0505.990507
http://www.ncbi.nlm.nih.gov/pubmed/10511522
http://www.ncbi.nlm.nih.gov/pubmed/7978721
http://www.ncbi.nlm.nih.gov/pubmed/11015795
http://www.ncbi.nlm.nih.gov/pubmed/12186512
https://doi.org/10.1371/journal.pone.0022308
https://doi.org/10.1371/journal.pone.0022308
http://www.ncbi.nlm.nih.gov/pubmed/21829456
https://doi.org/10.1016/j.vaccine.2004.07.040
http://www.ncbi.nlm.nih.gov/pubmed/15620473
https://doi.org/10.3201/eid1903.120394
http://www.ncbi.nlm.nih.gov/pubmed/23622679
https://doi.org/10.1371/journal.pone.0066312
http://www.ncbi.nlm.nih.gov/pubmed/23840439
http://www.ncbi.nlm.nih.gov/pubmed/12667038
https://doi.org/10.1016/j.vaccine.2010.05.002
http://www.ncbi.nlm.nih.gov/pubmed/20483192
https://doi.org/10.1126/science.1175570
http://www.ncbi.nlm.nih.gov/pubmed/19696313
https://doi.org/10.1016/S2468-2667(16)30044-5
http://www.ncbi.nlm.nih.gov/pubmed/28299371
https://doi.org/10.1038/nature04795
http://www.ncbi.nlm.nih.gov/pubmed/16642006
https://doi.org/10.1371/journal.pcbi.1005521

©-PLOS | sotoer o

Priorities for influenza vaccine interventions

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.
29.
30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Ciofi degli Atti ML, Merler S, Rizzo C, Ajelli M, Massari M, Manfredi P, et al. Mitigation measures for pan-
demic influenza in ltaly: an individual based model considering different scenarios. PLoS One. 2008
Mar 12; 3(3):e1790. https://doi.org/10.1371/journal.pone.0001790 PMID: 18335060

Prosser LA, Bridges CB, Uyeki TM, Hinrichsen VL, Meltzer MI, Molinari N-AM, et al. Health benefits,
risks, and cost-effectiveness of influenza vaccination of children. Emerg Infect Dis. 2006 Oct; 12
(10):1548-58. https://doi.org/10.3201/eid1210.051015 PMID: 17176570

Coleman MS, Fontanesi J, Meltzer MI, Shefer A, Fishbein DB, Bennett NM, et al. Estimating medical
practice expenses from administering adult influenza vaccinations. Vaccine. 2005 Jan 4; 23(7):915-23.
https://doi.org/10.1016/j.vaccine.2004.07.028 PMID: 15603893

Peasah SK, Azziz-Baumgartner E, Breese J, Meltzer MI, Widdowson M- A. Influenza cost and cost-
effectiveness studies globally—a review. Vaccine. 2013 Nov 4; 31(46):5339—48. https://doi.org/10.
1016/j.vaccine.2013.09.013 PMID: 24055351

Monto AS, Davenport FM, Napier JA, Francis T Jr. Effect of vaccination of a school-age population
upon the course of an A2-Hong Kong influenza epidemic. Bull World Health Organ. 1969; 41(3):537—
42. PMID: 5309469

Longini IM Jr, Koopman JS, Monto AS, Fox JP. Estimating household and community transmission
parameters for influenza. Am J Epidemiol. 1982 May; 115(5):736-51. PMID: 7081204

Longini IM, Halloran ME, Nizam A, Wolff M, Mendelman PM, Fast PE, et al. Estimation of the efficacy of
live, attenuated influenza vaccine from a two-year, multi-center vaccine trial: implications for influenza
epidemic control. Vaccine. 2000 Mar 17; 18(18):1902—9. PMID: 10699339

King JC Jr, Beckett D, Snyder J, Cummings GE, King BS, Magder LS. Direct and indirect impact of influ-
enza vaccination of young children on school absenteeism. Vaccine. 2012 Jan 5; 30(2):289-93. https://
doi.org/10.1016/j.vaccine.2011.10.097 PMID: 22085547

Glezen WP, Gaglani MJ, Kozinetz CA, Piedra PA. Direct and indirect effectiveness of influenza vaccina-
tion delivered to children at school preceding an epidemic caused by 3 new influenza virus variants. J
Infect Dis. 2010 Dec 1; 202(11):1626—33. https://doi.org/10.1086/657089 PMID: 21028955

CDC-MMWR. 2009; Available from: http://www.cdc.gov/mmwr/preview/mmwrhtml/mm5833a1.htm
Bureau USC. Census.gov. [cited 2016 May 1]; Available from: http://www.census.gov/

Beckman RJ, Baggerly KA, McKay MD. Creating synthetic baseline populations. Transp Res Part A:
Policy Pract. 1996 Nov; 30(6):415-29.

Barrett CL, Bisset KR, Eubank SG, Feng X, Marathe MV. EpiSimdemics: An Efficient Algorithm for Sim-
ulating the Spread of Infectious Disease over Large Realistic Social Networks. In: Proceedings of the
2008 ACM/IEEE Conference on Supercomputing. Piscataway, NJ, USA: IEEE Press; 2008. p. 37:1—
37:12.(SC ‘08).

Barrett C, Bisset K, Leidig J, Marathe A, Marathe M. Economic and social impact of influenza mitigation
strategies by demographic class. Epidemics. 2011 Mar; 3(1):19-31. https://doi.org/10.1016/j.epidem.
2010.11.002 PMID: 21339828

Bisset K, Marathe M. A cyber-environment to support pandemic planning and response. DOE SciDAC
Magazine. 2009;

Jhung MA, Swerdlow D, Olsen SJ, Jernigan D, Biggerstaff M, Kamimoto L, et al. Epidemiology of 2009
pandemic influenza A (H1N1) in the United States. Clin Infect Dis. 2011 Jan 1; 52 Suppl 1:513-26.

Reed Carrie, Biggerstaff Matthew, Finelli Lyn, Koonin Lisa M., Beauvais Denise, Uzicanin Amra, et al.
Novel Framework for Assessing Epidemiologic Effects of Influenza Epidemics and Pandemics. Emerg-
ing Infectious Disease journal. 2013; 19(1):85.

Meltzer MI, Gambhir M, Atkins CY, Swerdlow DL. Standardizing scenarios to assess the need to
respond to an influenza pandemic. Clin Infect Dis. 2015 May 1; 60 Suppl 1:S1-8.

Seasonal Influenza Vaccine Effectiveness, 2005-2016 | Health Professionals | Seasonal Influenza
(Flu) [Internet]. [cited 2016 Apr 22]. Available from: http://www.cdc.gov/flu/professionals/vaccination/
effectiveness-studies.htm

Yoo B- K, Szilagyi PG, Schaffer SJ, Humiston SG, Rand CM, Albertin CS, et al. Cost of universal influ-
enza vaccination of children in pediatric practices. Pediatrics. 2009 Dec; 124 Suppl 5:S499-506.

Carias C, Reed C, Kim IK, Foppa IM, Biggerstaff M, Meltzer MI, et al. Net Costs Due to Seasonal Influ-
enza Vaccination—United States, 2005-2009. PLoS One. 2015 Jul 31; 10(7):e0132922. https://doi.org/
10.1371/journal.pone.0132922 PMID: 26230271

Molinari N-AM, Ortega-Sanchez IR, Messonnier ML, Thompson WW, Wortley PM, Weintraub E, et al.
The annual impact of seasonal influenza in the US: measuring disease burden and costs. Vaccine.
2007 Jun 28; 25(27):5086—96. https://doi.org/10.1016/j.vaccine.2007.03.046 PMID: 17544181

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005521 June 1,2017 24/25


https://doi.org/10.1371/journal.pone.0001790
http://www.ncbi.nlm.nih.gov/pubmed/18335060
https://doi.org/10.3201/eid1210.051015
http://www.ncbi.nlm.nih.gov/pubmed/17176570
https://doi.org/10.1016/j.vaccine.2004.07.028
http://www.ncbi.nlm.nih.gov/pubmed/15603893
https://doi.org/10.1016/j.vaccine.2013.09.013
https://doi.org/10.1016/j.vaccine.2013.09.013
http://www.ncbi.nlm.nih.gov/pubmed/24055351
http://www.ncbi.nlm.nih.gov/pubmed/5309469
http://www.ncbi.nlm.nih.gov/pubmed/7081204
http://www.ncbi.nlm.nih.gov/pubmed/10699339
https://doi.org/10.1016/j.vaccine.2011.10.097
https://doi.org/10.1016/j.vaccine.2011.10.097
http://www.ncbi.nlm.nih.gov/pubmed/22085547
https://doi.org/10.1086/657089
http://www.ncbi.nlm.nih.gov/pubmed/21028955
http://www.cdc.gov/mmwr/preview/mmwrhtml/mm5833a1.htm
http://www.census.gov/
https://doi.org/10.1016/j.epidem.2010.11.002
https://doi.org/10.1016/j.epidem.2010.11.002
http://www.ncbi.nlm.nih.gov/pubmed/21339828
http://www.cdc.gov/flu/professionals/vaccination/effectiveness-studies.htm
http://www.cdc.gov/flu/professionals/vaccination/effectiveness-studies.htm
https://doi.org/10.1371/journal.pone.0132922
https://doi.org/10.1371/journal.pone.0132922
http://www.ncbi.nlm.nih.gov/pubmed/26230271
https://doi.org/10.1016/j.vaccine.2007.03.046
http://www.ncbi.nlm.nih.gov/pubmed/17544181
https://doi.org/10.1371/journal.pcbi.1005521

©-PLOS | sotoer o

Priorities for influenza vaccine interventions

41.

42,

43.

44.
45.

46.

47.

48.

49.

50.

51.

52,

53.

54.

55.

56.

Zimmerman RK, Lauderdale DS, Tan SM, Wagener DK. Prevalence of high-risk indications for influ-
enza vaccine varies by age, race, and income. Vaccine. 2010 Sep 7; 28(39):6470-7. https://doi.org/10.
1016/j.vaccine.2010.07.037 PMID: 20674882

Hall JL, Katz BZ. Cost of influenza hospitalization at a tertiary care children’s hospital and its impact on
the cost-benefit analysis of the recommendation for universal influenza immunization in children age 6
to 283 months. J Pediatr. 2005; 147(6):807—11. https://doi.org/10.1016/j.jpeds.2005.06.031 PMID:
16356436

Fung IC-H, Meltzer MI, Borse RH. US Pandemic Influenza Vaccination Campaign 2009-10: a cost anal-
ysis of the US federal government’s funding appropriation. CDC/NCEZID/DPEI/SPSB Health Econom-
ics Modeling Unit White Paper [Internet]. 2013;(1). Available from: http://works.bepress.com/isaac_
fung1/10/

SIBEL [Internet]. [cited 2016 Aug 29]. Available from: http://ndssl.vbi.vt.edu/apps/sibel/

R: The R Project for Statistical Computing [Internet]. [cited 2016 Aug 29]. Available from: https://www.r-
project.org/

Marathe A, Lewis B, Barrett C, Chen J, Marathe M, Eubank S, et al. Comparing effectiveness of top-
down and bottom-up strategies in containing influenza. PLoS One. 2011 Sep 22; 6(9):€25149. https://
doi.org/10.1371/journal.pone.0025149 PMID: 21966439

Halloran ME, Ferguson NM, Eubank S, Longini IM Jr, Cummings DAT, Lewis B, et al. Modeling targeted
layered containment of an influenza pandemic in the United States. Proc Natl Acad Sci U S A. 2008 Mar
25; 105(12):4639—44. https://doi.org/10.1073/pnas.0706849105 PMID: 18332436

Dover DC, Kirwin EM, Hernandez-Ceron N, Nelson KA. Pandemic Risk Assessment Model (PRAM): a
mathematical modeling approach to pandemic influenza planning. Epidemiol Infect. 2016 Aug 22;1-12.

Yu Z, LiuJ, Wang X, Zhu X, Wang D, Han G. Efficient Vaccine Distribution Based on a Hybrid Compart-
mental Model. PLoS One. 2016 May 27; 11(5):e0155416. https://doi.org/10.1371/journal.pone.
0155416 PMID: 27233015

Patrozou E, Mermel LA. Does influenza transmission occur from asymptomatic infection or prior to
symptom onset? Public Health Rep. 2009 Mar; 124(2):193-6. https://doi.org/10.1177/
003335490912400205 PMID: 19320359

Wu JT, Riley S, Fraser C, Leung GM. Reducing the impact of the next influenza pandemic using house-
hold-based public health interventions. PLoS Med. 2006 Sep; 3(9):e361. https://doi.org/10.1371/
journal.pmed.0030361 PMID: 16881729

Elveback LR, Fox JP, Ackerman E, Langworthy A, Boyd M, Gatewood L. An influenza simulation model
forimmunization studies. Am J Epidemiol. 1976 Feb; 103(2):152—65. PMID: 814808

Carrat F, Vergu E, Ferguson NM, Lemaitre M, Cauchemez S, Leach S, et al. Time lines of infection and
disease in human influenza: a review of volunteer challenge studies. Am J Epidemiol. 2008 Apr 1; 167
(7):775-85. https://doi.org/10.1093/aje/kwm375 PMID: 18230677

Cori A, Valleron AJ, Carrat F, Scalia Tomba G, Thomas G, Boélle PY. Estimating influenza latency and
infectious period durations using viral excretion data. Epidemics. 2012 Aug; 4(3):132-8. https://doi.org/
10.1016/j.epidem.2012.06.001 PMID: 22939310

Clinical Signs and Symptoms of Influenza | Health Professionals | Seasonal Influenza (Flu) [Internet].
[cited 2017 Feb 15]. Available from: https://www.cdc.gov/flu/professionals/acip/clinical.htm

Vink MA, Bootsma MCJ, Wallinga J. Serial intervals of respiratory infectious diseases: a systematic
review and analysis. Am J Epidemiol. 2014 Nov 1; 180(9):865—75. https://doi.org/10.1093/aje/kwu209
PMID: 25294601

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005521 June 1,2017 25/25


https://doi.org/10.1016/j.vaccine.2010.07.037
https://doi.org/10.1016/j.vaccine.2010.07.037
http://www.ncbi.nlm.nih.gov/pubmed/20674882
https://doi.org/10.1016/j.jpeds.2005.06.031
http://www.ncbi.nlm.nih.gov/pubmed/16356436
http://works.bepress.com/isaac_fung1/10/
http://works.bepress.com/isaac_fung1/10/
http://ndssl.vbi.vt.edu/apps/sibel/
https://www.r-project.org/
https://www.r-project.org/
https://doi.org/10.1371/journal.pone.0025149
https://doi.org/10.1371/journal.pone.0025149
http://www.ncbi.nlm.nih.gov/pubmed/21966439
https://doi.org/10.1073/pnas.0706849105
http://www.ncbi.nlm.nih.gov/pubmed/18332436
https://doi.org/10.1371/journal.pone.0155416
https://doi.org/10.1371/journal.pone.0155416
http://www.ncbi.nlm.nih.gov/pubmed/27233015
https://doi.org/10.1177/003335490912400205
https://doi.org/10.1177/003335490912400205
http://www.ncbi.nlm.nih.gov/pubmed/19320359
https://doi.org/10.1371/journal.pmed.0030361
https://doi.org/10.1371/journal.pmed.0030361
http://www.ncbi.nlm.nih.gov/pubmed/16881729
http://www.ncbi.nlm.nih.gov/pubmed/814808
https://doi.org/10.1093/aje/kwm375
http://www.ncbi.nlm.nih.gov/pubmed/18230677
https://doi.org/10.1016/j.epidem.2012.06.001
https://doi.org/10.1016/j.epidem.2012.06.001
http://www.ncbi.nlm.nih.gov/pubmed/22939310
https://www.cdc.gov/flu/professionals/acip/clinical.htm
https://doi.org/10.1093/aje/kwu209
http://www.ncbi.nlm.nih.gov/pubmed/25294601
https://doi.org/10.1371/journal.pcbi.1005521

