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Abstract

Theoretical models of infection spread on networks predict that targeting vaccination at individuals with a very large
number of contacts (superspreaders) can reduce infection incidence by a significant margin. These models generally assume
that superspreaders will always agree to be vaccinated. Hence, they cannot capture unintended consequences such as
policy resistance, where the behavioral response induced by a new vaccine policy tends to reduce the expected benefits of
the policy. Here, we couple a model of influenza transmission on an empirically-based contact network with a
psychologically structured model of influenza vaccinating behavior, where individual vaccinating decisions depend on
social learning and past experiences of perceived infections, vaccine complications and vaccine failures. We find that policy
resistance almost completely undermines the effectiveness of superspreader strategies: the most commonly explored
approaches that target a randomly chosen neighbor of an individual, or that preferentially choose neighbors with many
contacts, provide at best a 2% relative improvement over their non-targeted counterpart as compared to 12% when
behavioral feedbacks are ignored. Increased vaccine coverage in super spreaders is offset by decreased coverage in non-
superspreaders, and superspreaders also have a higher rate of perceived vaccine failures on account of being infected more
often. Including incentives for vaccination provides modest improvements in outcomes. We conclude that the design of
influenza vaccine strategies involving widespread incentive use and/or targeting of superspreaders should account for
policy resistance, and mitigate it whenever possible.
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Introduction

Seasonal influenza imposes a significant health burden: in the
United States alone there are an estimated 25-50 million cases per
year, with 30,000 deaths and numerous hospitalizations, especially
among the elderly and individuals with severe medical conditions
[1,2]. Vaccination generally commences in September prior to the
influenza season and is non-mandatory for the general public [1
4]. The question of whether to focus efforts on increasing vaccine
coverage in children (who spread a disproportionate amount of
infection) or the elderly (who suffer the greatest health burden
from infection) has received significant attention in the transmis-
sion modelling literature [5-7]. Much of this work indicates that
immunizing children might be a more effective way to reduce
overall disease burden in the population. However, vaccine
coverage has not significantly expanded in children. This leaves
room for considering alternative strategies.

Many infectious diseases exhibit a highly heterogeneous form of
transmission known as “superspreading”, wherein a minority of
individuals are responsible for the majority of secondary infections
[6-12], and it is possible that influenza also exhibits this property
[13]. In a contact network, a superspreader can be represented as
an individual with a very large number of contacts. Network-based
infectious disease transmission models show how targeting super-
spreaders can be a highly effective (and efficient) form of infection
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control [14-20]. This suggests there may be value in exploring the
possibility of immunizing influenza superspreaders, hence the
focus of our analysis in this paper.

Transmission models generally treat vaccine coverage as a fixed
control parameter [21], requiring the implicit assumption that
desired vaccine coverage can always be achieved. However, public
health authorities do not decide influenza vaccine coverage because
they do not control individual vaccinating decisions. Instead, they
control decisions such as where to set up immunization clinics, how
to disseminate information, and whether to offer incentives to get
vaccinated. Using a theoretical model to address factors that public
health actually controls requires incorporating individual vaccinat-
ing behavior into the model. However, models of superspreader
vaccination strategies usually assume that targeted individuals will
always agree to be vaccinated to an arbitrarily specified level of
vaccine uptake [14-16,18].

Incorporating behavior into transmission models is increasingly
important in an age of vaccine exemption, especially for influenza
vaccine, for which coverage is typically suboptimal [22,23].
Combining incentive use with targeting of influenza super-
spreaders could potentially be very effective, but behavioral
feedbacks need to be considered in program design.

Previous research has integrated behavioral modelling with
transmission modelling to explore aspects of vaccinating behavior
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Author Summary

Superspreaders are the small number of individuals
responsible for the majority of infections. Theoretical
models have shown how vaccinating superspreaders can
be a highly efficient way to control disease. However,
these models neglect behavior by assuming that super-
spreaders will always agree to be vaccinated. This is a
problematic assumption for influenza vaccination, which is
voluntary in most populations, and for which vaccine
coverage is often suboptimal. We developed a model of
seasonal influenza transmission on a network of individ-
uals who make decisions about whether or not to get
vaccinated based on known determinants of vaccine
uptake, such as personal infection history, perceived
vaccine risks, and social influences. We found that, because
of feedbacks between disease spread and individual
vaccinating behavior, attempts to boost vaccine coverage
in superspreaders through the use of incentives or
recruiting by social contacts are almost completely
undermined by such feedbacks. For example, higher
vaccine uptake in superspreaders reduces influenza inci-
dence, which in the next season reduces the perceived
need for vaccination among non-superspreaders, who
then do not become vaccinated as much. Our results
suggest that the design of potential strategies to reach
influenza superspreaders should account for behavioral
feedbacks, since they may blunt policy effectiveness.

for various vaccine-preventable infections (see Refs. [24-26] for
reviews). Earlier approaches used compartmental models, but
more recently, researchers are also using simulation models where
transmission of infection and/or information occurs through social
contact networks [27-31]. Transmission patterns can change
significantly—even qualitatively-when transmission occurs through
a network rather than in a homogeneously mixing population, and
vaccinating behavior can change accordingly. The proliferation of
recent papers considering vaccinating behavior on social contact
networks prevents our providing a comprehensive survey here.
However, to our knowledge, these previous models have not
analyzed how behavioral feedbacks influence the effectiveness of
vaccination strategies that target superspreaders, nor have most of
them explored how incentive use influences vaccination behavior.

Here, we analyze an agent-based simulation model that couples
seasonal influenza transmission on an empirically-based contact
network with a psychologically realistic model of individual
vaccinating decisions. We explore the effectiveness of incentive
programs and targeted superspreader vaccination strategies. Our
objectives are to understand: 1) whether superspreader vaccination
strategies remain effective when behavior is accounted for; 2)
whether economic incentives improve the effectiveness of such
strategies; and 3) how perceived vaccine efficacy and the resulting
vaccinating decisions are determined by interactions between
network structure, transmission heterogeneity, and vaccine-disease
dynamics.

Model

Population structure

For our baseline analysis we generated ten contact networks of
10,000 nodes each, by sampling subnetworks from a large contact
network derived from empirical contact patterns in Portland,
Oregon [32-34]. We ensured that the resulting node degree
distribution and clustering coefficient matched that of the full
empirical network (see Text S1). For influenza, susceptible
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individuals are recruited primarily through immunity waning,
hence we assumed that the networks remained static, with no
immigration or emigration. In our sensitivity analysis we explored
hypothetical networks with exponential and Poisson node degree
distributions.

The contact network contains individuals representing the full
spectrum of neighborhood sizes and does not impose a dichotomy
between superspreaders and others. However, to assist with
interpreting the output of our simulations, we defined a super-
spreader as an individual who infected more than the 95
percentile from a Poisson distribution with mean Ry, where R is
the basic reproduction number for the “null” deterministic
model’s approximation. Approximately 11% of individuals in the
empirically-based network met this definition of superspreaders
(see Text S1 for details) [11].

Disease dynamics

We assumed a Susceptible - Infected - Recovered - Vaccinated -
Susceptible (SIRVS) natural history. An infectious individual
transmits influenza to a susceptible contact (S— 1) with probability
p(2) per day, where p(f) varies seasonally. An infectious individual
moves to the recovered state (I —>R) after a number of days
sampled from a Poisson distribution with mean ¢ days. A
recovered individual becomes susceptible (R—S) with probability
p per season (natural waning immunity). A vaccinated individual
becomes susceptible (V'—S) with probability @ per season
(vaccine waning immunity). Vaccination has no impact on
individuals who are in the naturally immune R state and the
vaccine efficacy is €. Symptomatic infection occurs with probability
Y. In our sensitivity analysis, we also allowed for heterogeneity
with respect to the infectious period ¢ and the infectivity p(#). This
creates additional sources of heterogeneity that may cause some
individuals to become superspreaders. More details appear in
Table 1, Table S1 and Text S1.

Vaccinating behavior

We structured the vaccination decision-making submodel
according to known determinants of influenza vaccine acceptance.
Empirical studies have identified that perceived vaccine effective-
ness, previous acceptance of vaccine, past experiences with
infection and vaccine complications, social influence, and
perceived susceptibility are correlates of vaccine acceptance
[35,36]. Although the data in these studies are not detailed
enough to favor particular functional forms governing these
effects, it is nonetheless possible to construct functional forms that
are qualitatively consistent with them, which is also the approach
adopted in some other models [37].

The payoffs for strategy choices are given by

'PV(I):Lfcvu('([)f [1 78(1‘)161‘71]'([) (1)

Pr(t)=L—cins(1), (2)

where Py(f) is the payoff to vaccinate for season ¢, P(?) is the
payoff not to vaccinate, L is the baseline payoff (a state of perfect
health), &(7) is the perceived vaccine efficacy, ¢yq is the cost of
vaccinating and ¢;,¢(f) is the perceived infection cost [37].

The perceived infection cost ¢j(f) incorporates perceived
susceptibility and past infection experiences. Perceived suscepti-
bility is expressed through past influenza incidence in the
population. Past infection experience is expressed through the
time since the individual’s last perceived infection, 77. Hence
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t—1

(1) = ie "1+ (1= Dyeny S e " I(t—1—j),  (3)
j=0

where I(?) is the influenza incidence in season ?, ¢;;/ is the penalty
for being infected, A controls the relative importance of personal
history versus population history, and m is the memory decay rate.
Severe outcomes are implicitly accounted for in ¢y, which
represents the combined foreseen risk of infection and any
resulting complications. Thus, this equation captures how
individuals use past experiences to guide future vaccinating
decisions.

The perceived vaccine efficacy &(¢) for an individual in season ¢
generally differs from actual efficacy ¢ and is given by

PLOS Computational Biology | www.ploscompbiol.org

Table 1. The values and descriptions of the parameters used in the simulations.

Parameter Description Value Reference

N Number of individuals in network 10000 assumption

ROED Null Deterministic Basic Reproductive Value (empirically-based) 3.45 calibrated **; [40,53-55]
Ds Change in Seasonality Amplitude (empirically-based) 0.03 [53,56]

t Shift in Seasonality function (empirically-based) 120 calibrated**

1 Number of Exogenous Infections (empirically-based) 1 calibrated**

v Probability of influenza being symptomatic 0.70 [57]

J Average number of days to move from state / to state R (recovery rate) 5 [44,57-59]

p Probability of moving from state R to state S, per season 0.25 [58,60,61]

oy Average incidence for nilLl, per day 0.00035+ [62]

Kady Variance of incidence for nilLI 12.25%x 1010 calibratedt

i Probability of an individual mistaking nilLI for influenza 0.50 assumption

Vv Number of individual’s contacted for vaccination, per day 20 assumption

(0] Probability of moving from state 1 to state S, per season 0.50 [63]

€ Vaccine efficacy 0.70 [41,64]

y Probability of experiencing vaccine complications, per vaccination 0.01 [45]

$/QALY Cost per Quality Adjusted Life Years $50,000 [43]

L Baseline payoff $50,000 assumed

Y Monetary value of the incentive $20,$50 [41,44-46,49,50,65]
m Memory decay rate, per season 0.30 calibrated

& Minimum perceived vaccine efficacy 0.65 calibrated

€ Maximum perceived vaccine efficacy 0.90 assumption

14 Vaccine efficacy memory decay rate factor 15 assumption

o Minimum cost of vaccination $45 $[41,44-46]

Crac Additional cost of vaccination due to a complication $115 assumption [41,44-46]
Cinf Maximum cost of infection $172.5 [43]

2 Weight assigned to personal experiences 0.50 assumption

a Probability that the individual imitates 0.50 assumption

v Strength of preference to imitate contacts 0.50 assumption

b Parameter for vaccine uptake equation (empirically-based) 3950 calibrated

The values were calibrated for each network using the passive vaccination approach.

* The values m, b and ¢ were calibrated such that the average annual vaccine coverage on each network was approximately 35% using appropriate values.
**Ro was used in calibrating influenza incidence (15%) using values similar to influenza’s R [40-42] on each network such that the average peak of prevalence
occurred between January 1 and February 28" [66].

The value for (x) was calculated such that the annual incidence of non-influenzal influenza-like-illness (nilLl) was 12%, corresponding to the ratio of nilLl incidence to
influenza incidence estimated in [62] and multiplied by the average annual influenza incidence (15%) [37,40-42].

The variance for « was calibrated such that the log-normal distribution best resembled the shape of a normal distribution.

©Crae Was computed as the cost of the actual vaccination $20 and plus the time required to receive the vaccination $25.

doi:10.1371/journal.pcbi.1002945.t001

(1—g)e(z—1) vaccinated & infected
gt—De " +[1—e "

ft—De S+[l—e <

vaccinated & not infected (4)

FOES

did not vaccinate

where ¢ controls how quickly perceived vaccine efficacy drops
upon a perceived vaccine failure, € is the maximum perceived
vaccine efficacy, and £>1 is a decay factor which causes memory
of a previously ineffective vaccination to fade at a slower rate
(m/&) than a successful vaccination, since they have less
information with which to update their impression [37]. The
asymmetry between an event where individuals vaccinate and
become infected versus an event where they did not vaccinate
arises because of the distinction between “evidence of absence”
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and “absence of evidence”. Only symptomatically infected
individuals update their values of 77 and &(%).
The cost of vaccination also incorporates past experience:

Crac(D) = Crac + Crace 1€, (5)

where ¢y, represents time and economic costs, T¢ is the time
since the last perceived vaccine complication, and €y is the
perceived cost of a vaccine complication. The probability an
individual perceived a complication upon vaccinating is .

We incorporate social influence through a learning process.
Empirical studies of determinants of vaccine acceptance suggest
that individuals form opinions through communicating with their
peers and sharing personal experiences [35,36]. Hence, before
each vaccination season, an individual engages in a social learning
process with probability o, sampling another individual at random
and replacing their 77, T¢ and &(¢f) with the average of their pre-
existing value and that of the sampled individual, weighted by ¢
and 1—o0 respectively. This captures both the tendency to
personalize the experiences of others, as well as habit, since
strategies change more slowly as ¢—0. This mechanism of social
learning is similar to that used in a previous behavior-incidence
model that was validated against empirical data [38].

We also account for the impact of non-influenzal influenza-like-
illness (nilLI) on decision making, since nilLI can be mistaken for
true influenza and thus alter 77 and &(#). The probability an
individual experiences nilLLI each day is o, where a is sampled
from a log-normal distribution parameterized from empirical data
on nilLI incidence. An individual mistakes miILI for true influenza
with probability f, in which case 77 and &(f) are updated
accordingly (see Text S1 for details).

Vaccination strategies

Passive Vaccination (PV) is the baseline strategy corresponding
to how most influenza vaccination programs are designed:
vaccines are made available (e.g. at drug stores, public health
clinics, doctors’ offices), opening times are widely disseminated,
and individuals seck out vaccination on their own, without being
individually recruited by public health.

To capture this, we assume an individual decides to get
vaccinated for the current season with probability ®(Py —Py),
which is a sigmoidal function of Py —Py such that ¢(0)=0.5,
®(c0)=1, and ®(— 00)=0 (see Text S1). We assume individuals
can be vaccinated only between September 1* (1=0) and
December 31* [4]. Those who choose to vaccinate have their
times of vaccination distributed throughout this period according
to a process described in Text S1. If an individual perceives having
been infected by influenza before it is their time to become
vaccinated, they do not seek vaccination.

In addition to making PV available, public health may also
implement one of four pro-active strategies: 1) random vaccination
(RV) which targets a randomly chosen individual; 2) nearest
neighbor vaccination (NN), which targets a randomly chosen
individual and one of their neighbors (i.e. contacts) 3) chain
vaccination (CV), which either targets a randomly chosen
individual or a neighbor of an individual targeted the previous
day; and 4) improved nearest neighbor vaccination (INN) which
targets a randomly chosen individual and one of their most
popular neighbors. Under INN, “popular” means having the
highest degree, and we assume imperfect knowledge of a
neighbor’s neighborhood size. We refer to NN, CV and INN as
superspreader strategies, as their objective is to target individuals
with a large number of contacts [15,16,18,39].
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The number of individuals targeted by public health each day is
held constant at V for all strategies. In each case, if the targeted
individual did not already decide to vaccinate under PV, they
reconsider: they undergo the social learning process again and
agree to be recruited for vaccination with probability ®(Py —P).
In our sensitivity analysis we also ran simulations where each
targeted person was automatically recruited, corresponding to a
situation where behavior is neglected (NB). More details on the
pro-active strategies appear in Text SI.

Incentives

We allowed for the use of economic vaccination incentives
under the pro-active strategies. Each time an individual is targeted
they receive an incentive of value Y if they get vaccinated during
the current season. An individual can receive multiple incentives.
Hence superspreaders should receive more incentives, since they
are likely to be targeted multiple times under NN, CV and INN.
We considered Y'=$0 (baseline), $20, and $50. With incentives,
the probability of vaccinating becomes a function of
Py—Px +nY (where n is the number of times they have been
targeted) instead of Py —P,. In order to express Py, Py and Y in
the same payoff currency, Cjr, Cyae, and ¢4 Were expressed in
quality-adjusted life years (QALYs) (see Text S1).

Model calibration and simulation design

For each of the ten networks, the transmission probability and
amplitude of seasonality were calibrated so that the average
seasonal incidence of influenza in the absence of vaccination was
15% [40-42], and prevalence peaked between January and
February. ¢,y was based upon utility scores derived from patient
surveys [43]. ¢yac was based on published vaccine costs [41,44-46].

m and & were calibrated such that the average annual vaccine
coverage was 35%. For a 70% efficacious vaccine, vaccine
coverage of 35% reduces seasonal influenza incidence by about
33% (Table 2), in line with what is expected for an imperfect
vaccine covering one-third of the population. Examples of
calibrated time series of annual coverage and weekly incidence
appear in Figure S1. For each network we generated 400
realizations of 150 years each, discarding the first 125 years to
avoid transient effects.

Results

In the absence of incentives, the improved nearest neighbor
strategy (INN) is the most effective in reducing influenza incidence,
followed by chain vaccination (CV), nearest neighbor (NN),
random vaccination (RV), and the baseline strategy of passive
vaccination alone (PV) (Table 2).

This relative ordering is to be expected, since previous research
shows the advantages of targeting individuals with many contacts
[14,16-20]. However, feedbacks due to the dependence of
vaccinating decisions on infection history generates some surprises
[26,38,47,48]. In this system, the feedbacks manifest as policy
resistance [48], where the response of the population to an
intervention (in this case, pro-active strategies and incentives) tends
to reduce the effectiveness of the intervention. In our model
simulations, policy resistance arises because increased vaccine
coverage in one season reduces incidence due to both direct and
indirect (herd) protection, which in turn disincentives vaccination
in future seasons, since decisions are based partly on infection
history and perceived vaccine failure/complications. An additional
source of policy resistance in this system is the tendency for pro-
active strategies to waste recruitments on individuals who already
decided to get vaccinated under passive vaccination, or who have

March 2013 | Volume 9 | Issue 3 | 1002945



Table 2. Average influenza incidence <{I(¢)) and vaccine
coverage {V(t)) in the entire population, and just in
superspreaders (<I(£)55, <V(0)55)).

Strategy A@®)> Vo KI5 (1)) VS
No Vaccination 0.150 0 0.23 0

PV 0.100 0.35 0.17 0.39

PV+RV 0.097 0.38 0.17 0.41

PV+NN 0.096 0.37 0.16 0.43

PV+CV 0.096 0.37 0.16 0.43

PV+INN 0.095 0.37 0.16 0.46

PV (NB) 0.098 0.35 0.17 0.35

PV+RV (NB) 0.075 0.49 0.15 0.49

PV+NN (NB) 0.070 0.49 0.13 0.57

PV+CV (NB) 0.070 0.48 0.13 0.57

PV+INN (NB) 0.066 0.48 0.12 0.63

PV+RV ($20) 0.092 0.41 0.16 0.44

PV+NN ($20) 0.090 0.40 0.15 0.49

PV+CV ($20) 0.090 0.40 0.15 0.49

PV-+INN ($20) 0.088 0.38 0.14 0.53

PV+RV ($50) 0.088 0.43 0.16 0.45

PVA+NN ($50) 0.085 0.41 0.15 0.52

PV+CV ($50) 0.085 0.41 0.15 0.52

PV-+INN ($50) 0.083 0.40 0.14 0.57
Numbers represent mean of 400 simulations (standard deviations were very
small). NB indicates that vaccinating behavior is ignored, $20 (respectively $50)
indicates that $20 (respectively $50) incentives are used. The strategies listed
without any parentheses (rows 2-6) pertain to the baseline model: strategies
with behavior but no incentives.

doi:10.1371/journal.pcbi.1002945.t002

already been infected (this is a problem especially among
superspreaders, who are both targeted more often and tend to
get infected earlier in the season) (Table S2). On average, only
1.9% of the population was vaccinated through being contacted
through a nearest neighbor under INN; whereas under NN and
CV the percentage was 2%.

Policy resistance almost completely undermines the benefits of
using pro-active strategies: passive vaccination (PV) reduces
seasonal influenza incidence from 15% to 10%, but implementing
improved nearest neighbour vaccination (INN) on top of that
provides only slight additional reductions, down to 9.5%. The
other pro-active strategies (NN, CV, RV) are even less effective,
reducing incidence to 9.6% or 9.7% (Table 2). Moreover, among
pro-active strategies, superspreader strategies are only marginally
more effective than random vaccination (RV) (Table 2). As
expected, the superspreader strategies improve vaccine coverage
among superspreaders. However, this is offset by lower coverage
among non-superspreaders. As a result, the average vaccine
coverage under superspreader strategies is the same as under
random vaccination (Figure 1, Table 2).

The impact of policy resistance is made clear by considering the
case where vaccinating behavior is neglected (by assuming that
targeted individuals are automatically recruited for vaccination).
Neglecting behavior (NB) significantly overestimates both effec-
tiveness and vaccine coverage for the pro-active strategies, both in
superspreaders and non-superspreaders (Table 2). Hence, without
accounting for behavior, we might have concluded that super-
spreader vaccination strategies can be significantly more effective
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than their non-targeted counterpart, but if we take behavior into
account, their impact is greatly diminished.

We note that the slightly higher effectiveness of the improved
nearest neighbor strategy also arises because by preferentially
immunizing those individuals with a large number of contacts,
susceptible individuals tend to be clustered together on the
network, reducing the opportunities for the susceptible-infected
contacts necessary for transmission (Table S3).

Individuals with more neighbors were more likely to be infected
(Figure la)-d)). This resulted in a higher probability of them
getting vaccinated (Figure le)-h)), but it also caused them to
perceive the vaccine to be less effective (Figure 11)-1)), on account
of higher infection rates causing higher rates of perceived vaccine
failure.

The effect of adding vaccinating incentives is likewise blunted by
policy resistance (Table 2). Any increase in vaccine coverage due
to use of incentives reduces incidence, which in turn disincentivizes
future vaccine uptake (especially among superspreaders under
passive vaccination, Table S4). Also, incentives often reach
individuals who are already prone to get vaccinated (Table S2).
However, modest improvements in program effectiveness due to
the use of incentives are still possible. For example, adding a $50
incentive to the improved nearest neighbor strategy reduces
influenza incidence from 9.5% to 8.3% (Table 2).

We estimated the net per capita costs (total vaccine costs plus
total infection treatment costs per member of the population) for
cach strategy. The least expensive strategy was the improved
nearest neighbor strategy (INN) without incentives, at a cost of
$16.88 per capita. In contrast, passive vaccination on its own (PV)
costs $17.11 per individual because infection costs are higher
under PV than INN. These results assume the administrative costs
of vaccination are the same for passive versus pro-active strategies,
although in reality the marginal cost per vaccinated person may be
higher under pro-active strategies, especially if they involve
targeting superspreaders. We ran additional simulations where
there was an additional marginal cost for recruiting contacts (as
under NN, CV and INN), finding that the marginal cost for
recruiting contacts under INN would have to be at least $12.09
per recruited individual before INN becomes more costly than PV.

Using vaccinating incentives increased the total cost of all
strategies, but not always significantly. Further details appear in
Text S1 and Table S5.

On average, most individuals received few incentives and only a
few individuals received many incentives (Figure S2). Super-
spreaders tended to receive more incentives by virtue of having
more contacts, but the benefit of this was partly mitigated by the
fact that they are likely to be infected and/or seek vaccination
earlier in the season than individuals with few contacts, and hence
have less time to accumulate incentives.

Our baseline assumption was that superspreading is driven only
by heterogeneity in neighborhood size (node degree). Incorporating
heterogeneity into the infectious period, transmission rate, or both
did not significantly impact the results (the superspreader strategies
become slightly less effective in the absence of incentives). We
suspect these forms of heterogeneity did not make a difference
because an individual’s infectious period and infectiousness were not
correlated to their node degree, meaning that superspreader
strategies on average do not target individuals with higher
infectiousness or longer infectious period. This causes differences
in effectiveness between the various strategies to be averaged out.
Were correlations to exist between node degree on the one hand,
and infectious period or transmission rate on the other hand, then
we speculate the results could change qualitatively, either in the
direction of greater effectiveness of superspreader strategies, or
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Figure 1. Model outcomes as a function of neighborhood size k. Average probability of being infected (a-d), probability of being vaccinated
(e-h), and perceived vaccine efficacy (i-1) for the scenarios of no incentives (a, e, i); $20 incentives (b, f, j), $50 incentives (c, g, k), and no behavior (d, h,
I). Strategies include no vaccination (black), passive vaccination (blue), random vaccination (red), nearest neighbor vaccination (green), chain
vaccination (light blue), and improved nearest neighbor vaccination (purple).

doi:10.1371/journal.pcbi.1002945.g001

lesser effectiveness, depending on whether the correlation was
positive or negative, respectively.

For simulations on the hypothetical Poisson or exponential
networks instead of the empirically-based network, we found that
the pro-active strategies continued to provide very small reductions
in incidence compared to passive vaccination alone (Table S6 and
Table S7). Results were also qualitatively unchanged when
incentives were distributed only to the recruited neighbor of
individuals targeted under NN and INN (Tables S2, S5); however,
the cost of the policies was reduced due to fewer incentives being
distributed (Table S5).

Discussion

Previous models of superspreader vaccination strategies have
shown how targeting individuals with a very large number of
contacts can be a very effective way to control infection [14—
20,39]. These models have generally assumed that targeted
individuals will always agree to be vaccinated. For voluntary
influenza vaccination, this assumption may introduce inaccuracies,
since individual choice is a major determinant of influenza vaccine
uptake [22,35,36].

Here, we developed a psychologically structured model of
influenza vaccinating behavior and coupled it to a model of
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seasonal influenza transmission through an empirically-based
contact network. Our assumptions about vaccinating behavior
were based on empirical studies exploring determinants of vaccine
uptake [35,36]. We found that three of the most commonly
investigated superspreader vaccination strategies (nearest neigh-
bor, chain vaccination, and improved nearest neighbor) provided
little or no improvements over their non-targeted counterpart
(random vaccination).

This surprisingly strong policy resistance is driven by multiple
mechanisms: individuals are less likely to get vaccinated if their
most recent influenza infection was a long time ago, if they
perceive low susceptibility to infection (which can emerge from
herd immunity generated by vaccination), or if they perceive
recent vaccine complications or low vaccine efficacy. The presence
of non-influenzal influenza-like illness (nilLI) reinforces this
because it can create the perception of vaccine failure. Moreover,
superspreader strategies tend to reach individuals who are already
more prone to get vaccinated without the need for active
recruitment on account of their history of more frequent
infections. Contact-based recruiting was also stymied by the fact
that neighbors tended to share similar experiences and informa-
tion, which led to neighbors more often than not sharing the same
opinion regarding vaccination [27,37].
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Providing vaccination incentives boosted effectiveness some-
what, including for superspreader strategies, although these gains
were again partly mitigated by policy resistance. The most
effective overall strategy was the improved nearest neighbor
strategy (INN) with $50 incentive: this strategy reduced the
average annual influenza incidence to 8.3% (compared to 10%
under passive vaccination). The improved nearest neighbor
strategy may also be cost-saving compared to passive vaccination.
A few empirical studies have found that incentives can increase
vaccine uptake [49,50]. However, these studies focused on
incentivization for small groups of elderly individuals over the
course of a single season, not widespread incentivization for
individuals with a large number of contacts.

Individuals with more contacts were more likely to be infected,
which agrees with results from past models [51,52]. This resulted
in an individual’s perceived vaccine efficacy declining with their
number of contacts. This is a potential barrier in superspreader
vaccination compliance. More generally, how perceived vaccine
efficacy evolves over time and in response to disease dynamics and
the collective effects of individual vaccinating decisions merits
further study.

As with any model, our model made simplifying assumptions.
For example, we assumed a targeted individual who is asked to
recommend a contact for vaccination would always comply. We
could address this limitation by introducing a parameter for
compliance failure. This would result in a similar strategy to the
chain vaccination strategy, where occasionally the recruitment
process jumps to another individual rather than continuing along
the chain of contacts. We also neglected age structure in the
model, which did not allow us to address issues such as age-related
heterogeneity in infection severity, and correlations between
infection severity and neighborhood size.

Incorporating greater heterogeneity into the model by stratify-
ing individuals with respect to age would increase model realism. It
would also allow us to address other objectives such as how
incentives can be designed to boost vaccine coverage in children.
However, this would also increase model complexity, and given
that current model already required dealing with the extra
complexity of incorporating behavior, we opted for the incremen-
tal approach of first developing a model without age structure.
Another aspect of model development that requires greater
attention is the functional forms used to capture psychological
effects such as the role of past experiences and social influences,
since typically more than one functional form is qualitatively
consistent with existing data on determinants of vaccine uptake.

These areas suggest potential for further work at the interface of
theoretical modeling and empirical surveys. In particular, surveys
of determinants of vaccination behavior can be designed to better
meet the needs of models that couple disease dynamic models to
vaccinating behavior models, for instance by helping to determine
which functional forms best capture psychological effects. This will
require collecting new psychological data from study populations.
In other cases, these models suggest predictions which can be
tested. For example, our model predicted that superspreaders
would perceive a slightly lower vaccine efficacy than non-
superspreaders, and it would be interesting to see whether this
effect holds true for any populations.

Thoroughly validated ‘““behavior-incidence” models of influenza
vaccinating behavior will help public health authorities to optimize
influenza vaccine programs. However, as we have found here,
vaccination strategies that target superspreaders and/or provide
vaccination incentives must be carefully designed to mitigate the
potentially strong effects of behavioral feedbacks and policy
resistance.
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Supporting Information

Figure S1 The top row, a)—c), shows the degree distribution for
each network (black) compared to the original empirical network
(gray) of Portland, Oregon [32-34]. The second row, d)-{), clearly
shows that prevalence peaks between the beginning of January and
the end of February. The third row, g)-i), shows the prevalence
over many years under no vaccination and the fourth row, j)-l),
shows the average vaccine coverage over the years under passive
vaccination. The average time for peak of prevalence: Empirically-
based #=136, Exponential t=123 and Poisson t=147. The
approximate average duration of the season: Empirically-based
181 days, Exponential 124 days and Poisson 217 days.

(TIFF)

Figure 82 A semi-log plot of the probability of number of
incentives received and used by superspreaders (solid line) and
non-superspreaders (dashed line) for the four different vaccine
strategies a) random vaccination b) nearest neighbor vaccination c)
chain vaccination and d) improved nearest neighbor vaccination.

(TIFF)

Table S1 The values and descriptions of the parameters used in
the simulations for the Poisson and exponential networks. The
values were calibrated for each network using the passive
vaccination approach. * The values m, b and ¢ were calibrated
such that the average annual vaccine coverage on each network
was approximately 35% using appropriate values; the monthly
vaccine uptake was based on the 2010-2011 influenza season [67].
% Ry was used in calibrating influenza incidence (15%) using
values similar to influenza’s Ry [40—42] on each network such that
the average peak of prevalence occurred between January 1% and
February 28 [66].

(PDF)

Table 82 Percentage of recruitments where recruitment did not
matter, whether due to infection, already vaccinated or will be
vaccinating in the future (Useless) and the percentage of incentives
actually used (%Y Used). NB indicates the scenario where
vaccination behavior is entirely ignored, ($20) indicates where
$20 incentives were used and ($50) for $50 incentives. The
vaccination programs are the passive (PV), along with the pro-
active programs: random vaccination (RV), nearest neighbor
(NN), chain (CV) and improved nearest neighbor (INN).

(PDF)

Table 83 The global clustering coefficient among susceptible
individuals (Cs) and the pair correlations between susceptible and
infected individuals (PCis;)) and susceptible and vaccinated
individuals (PC|gy) for the various vaccination strategies.

(PDF)

Table S4 The statistics regarding the number of superspreaders
that were willing to vaccinate prior to being recruited (V§5(1)),
that were randomly contacted and then were willing to vaccinate
(V35()) and those contacted through a nearest neighbor and then
were willing to vaccinate (Vyw(?)) for the various vaccination
strategies (with and without incentives) (empirically-based net-
work). 2()=<{>++/{{>), where {-) denotes the average and
v/<{->> denotes the standard deviation. NB indicates the scenario
where vaccination behavior is entirely ignored, ($20) indicates
where $20 incentives were used and ($50) for $50 incentives. The
vaccination programs are the passive (PV), along with the pro-

active programs: random vaccination (RV), nearest neighbor
(NN), chain (CV) and improved nearest neighbor (INN).

(PDF)
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Table 85 The estimated costs of the various vaccination
strategies for the Realistic networks. The vaccination programs
are the passive, along with the pro-active programs: random
vaccination (RV), nearest neighbor (NN), chain (CV) and
improved nearest neighbor (INN). Y indicates an incentive value

of $20.00, where Y indicates an incentive value of $50.00. Iy
refers to the cost of infection, V,y refers to the cost of vaccination
and Y,y refers to the cost associated with incentives. * the strategy
was slightly altered to only allow the incentives to be distributed to
the acquaintance.

(PDF)
Table S6 Influenza incidence and vaccine coverage for the

various vaccination strategies (with and without incentives) where
there is heterogeneity in the infectious period and transmission

rate (exponential network). Z()=<{>++/{D>), where ()
denotes the average and 1/{<-)) denotes the standard deviation.
The annual incidence is denoted by I(£), where I55(¢) denotes the
annual incidence of the superspreading population. The annual
vaccine uptake is denoted as V(¢), where the vaccine uptake in the
superspreading population is denoted as 55(¢). NB indicates the
scenario where vaccination behavior is entirely ignored, ($20)
indicates where $20 incentives were used and ($50) for $50
incentives. The vaccination programs are the passive (PV), along

with the pro-active programs: random vaccination (RV), nearest
neighbor (NN), chain (CV) and improved nearest neighbor (INN).

(PDF)

References

1. WHO (2012). Immunization, vaccines and biologicals: Influenza. Available:
http://www.who.int/immunization/ topics/influenza/en/index.html.

2. Szucs T (1999) The socio-economic burden of influenza. J Antimicrob
Chemother 44: 11-15.

3. CDC (2012). The flu season. Available: http://www.cdc.gov/flu/about/season/
flu-season.htm.

4. CDC (2012). Final state-level influenza vaccination coverage estimates for the
201011 season: United States, national immunization survey and behavioral risk
factor surveillance system, August 2010 through May 2011. Available: http://
www.cdc.gov/flu/professionals/vaccination/coverage_1011estimates.htm.

5. Medlock ], Galvani A (2009) Optimizing influenza vaccine distribution. Science
325: 1705-1708.

6. Dushofl ], Plotkin J, Viboud C, Simonsen L, Miller M, et al. (2007) Vaccinating
to protect a vulnerable subpopulation. PLoS Med 4: e174.

7. Longini I, Halloran M (2005) Strategy for distribution of influenza vaccine to high-
risk groups and children. American Journal of EPIDEMIOLOGY 161: 303-306.

8. Kemper J (1980) On the identification of superspreaders for infectious disease.
Mathematical Biosciences 48: 111-127.

9. Woolhouse M, Dye C, Etard J, Smith T, Charlwood J, et al. (1997)
Heterogeneities in the trans-mission of infectious agents: Implications for the
design of control programs. PNAS 94: 338-342.

10. Galvani A, May R (2005) Dimensions of superspreading. Nature 438: 293-295.
11. Lloyd-Smith J, Schreiber S, Kopp P, Getz W (2005) Superspreading and the
effect of individual variation on disease emergence. Nature 438: 355-359.

12. Stein R (2009) Lessons from outbreaks of hlnl influenza. Annals of Internal

Medicine 151: 59-62.

13. Pestre V, Morel B, Encrenaz N, Brunon A, Lucht F, et al. (2012) Transmission
by super-spreading event of pandemic a/hlnl 2009 influenza during road and
train travel. Scandinavian Journal of Infectious Diseases 44: 225-227.

14. Pastor-Satorras R, Vespignani A (2002) Immunization of complex networks.
Physical Review E 65: 036104.

15. Cohen R, Havlin S, ben Avraham D (2003) Efficient immunization strategies for
computer networks and populations. Physical Review Letters 91: 247901.

16. Holme P (2004) Efficient local strategies for vaccination and network attack.
Europhysics Letters 68: 908-914.

17. Takeuchi F, Yamamoto K (2005) Effectiveness of vaccination strategies for
infectious diseases according to human contact networks. Japanese Journal of
Infectious Discase 58: 956-962.

18. Miller J, Hyman J (2007) Effective vaccination strategies for realistic social
networks. Physica A 386: 780-785.

19. Bai W, Zhou T, Wang B (2007) Immunization of susceptible-infected model on
scale-free networks. PHYSICA A 384: 656-662.

20. Hartvigsen G, Dresch J, Zielinski A, Macula A, Leary C (2007) Network
structure, and vaccination strategy and effort interact to affect the dynamics of
influenza epidemics. Journal of Theoretical Biology 246: 205-213.

PLOS Computational Biology | www.ploscompbiol.org

Policy Resistance Undermines Targeted Vaccination

Table S7 Influenza incidence and vaccine coverage for the
various vaccination strategies (with and without incentives) where
there is heterogeneity in the infectious period and transmission
rate (Poisson network). X(-)={-)>++/<{-)), where {-) denotes
the average and /{{-»y denotes the standard deviation. The
annual incidence is denoted by I(f), where I55(f) denotes the
annual incidence of the superspreading population. The annual
vaccine uptake is denoted as V(f), where the vaccine uptake in the
superspreading population is denoted as ¥55(¢). NB indicates the
scenario where vaccination behavior is entirely ignored, ($20)
indicates where $20 incentives were used and ($50) for $50
icentives. The vaccination programs are the passive (PV), along

with the pro-active programs: random vaccination (RV), nearest
neighbor (NN), chain (CV) and improved nearest neighbor (INN).
(PDF)

Text S1 The supplementary text provides further detailed
information pertaining to the modelling of disease dynamics and
vaccination behavior, the classification of a superspreader and the
various vaccination strategies.

(PDF)

Author Contributions

Conceived and designed the experiments: CRW EYK CTB. Analyzed the
data: CRW. Wrote the paper: CRW EYK CTB.

21. Hethcote H (2000) The mathematics of infectious discases. SIAM Review 42:
599-653.

22. Galvani A, Reluga T, Chapman G (2007) Long-standing influenza vaccination
policy is in accord with individual self-interest but not the utilitarian optimum.
Proc Natl Acad Sci USA 104: 5692-5697.

23. Lam P, Chambers L, MacDougall DP, McCarthy A (2010) Seasonal influenza
vaccination campaigns for health care personnel: systematic review. Can Med
Assoc J 182: E542-1548.

24. Klein E, Laxminarayan R, Smith D, Gilligan C (2007) Economic incentives and
mathematical models of disease. Environment and development economics 12: 707—
732.

25. Funk S, Salathé¢ M, Jansen V (2010) Modelling the influence of human
behaviour on the spread of infectious diseases: a review. JR Soc Interface 7:
1247-1256.

26. Bhattacharyya S, Bauch CT (2012) Mathematical models of the interplay between
individual vaccinating decisions and disease dynamics: a need for closer integration
of models and data. Human vaccines and immunotherapeutics 8: 842-844.

27. Salathe M, Bonhoeffer S (2008) The effect of opinion clustering on disease
outbreak. Journal of the Royal Society Interface 5: 1505-1508.

28. Perisic A, Bauch C (2009) Social contact networks and disease eradicablity under
voluntary vaccination. PLoS Comp Biol 5: ¢1000280.

29. Funk S, Gilad E, Watkins C, Jansen V (2009) The spread of awareness and its
impact on epidemic outbreaks. PNAS 106: 6872-6877.

30. Fu F, Rosenbloom D, Wang L, Nowak M (2011) Imitation dynamics of
vaccination behaviour on social networks. Proc R Soc B 278: 42-49.

31. Cornforth DM, Reluga TC, Shim E, Bauch CT, Galvani AP, et al. (2011)
Erratic flu vaccination emerges from short-sighted behaviour in contact
networks. PNAS 104: 5692-5697.

32. Network Dynamics and Simulation Science Laboratory (2008). Synthetic data
products for societal infrastructures and proto-populations: Data set 1.0. Virginia
Polytechnic Institute and State University.

33. Network Dynamics and Simulation Science Laboratory (2008). Synthetic data
products for societal infrastructures and proto-populations: Data set 2.0. Virginia
Polytechnic Institute and State University.

34. Network Dynamics and Simulation Science Laboratory (2008). Synthetic data
products for societal infrastructures and proto-populations: Data set 3.0.
NDSSL-TR-07-010. Blacksburg: Virginia Polytechnic Institute and State
University. Available: http://ndssl.vbi.vt.edu/Publications/ndssl-tr-07-010.pdf

35. Chapman G, Coups E (1999) Predictors of influenza vaccine acceptance among
healthy adults. Preventive Medicine 29: 249-262.

36. Cummings K, Jette A, Brock B, Haefner D (1979) Psychosocial determinants of
immunization behavior in a swine influenza campaign. Medical Care 17: 639-649.

37. Wells C, Bauch C (2012) The impact of personal experiences with infection and
vaccination on behaviour-incidence dynamics of seasonal influenza. Epidemics
4: 139-151.

March 2013 | Volume 9 | Issue 3 | 1002945



38.

39.

40.

41.

42,

43.

44.

46.

47.

48.

49.

50.

51.

Bauch CT, Bhattacharyya S (2012) Evolutionary game theory and social learning
can determine how vaccine scares unfold. PLoS Comput Biol 8: ¢1002452.

Kim B, Yoon C, Han S, Jeong H (2002) Path finding strategies in scale-free
networks. Physical Review E 65: 027103.

Mao L (2011) Agent-based simulation for weekend-extension strategies to
mitigate influenza out-breaks. BMC Public Health 11: 522.

Bridges C, Thompson W, Meltzer M, Reeve G, Talamonti W, et al. (2000)
Effectiveness and cost-benefit of influenza vaccination of healthy working adults:
A randomized controlled trial. JAMA 284:1655-1663.

Couch R (1993) Advances in influenza virus vaccine research. Annals of the New
York Academy of Sciences 685: 803-812.

Turner D, Wailoo A, Cooper N, Sutton A, Abrams K, et al. (2006) The cost-
effectiveness of influenza vaccination of healthy adults 50-64 years of age.
Vaccine 24: 1035-1043.

Lee PY, Matchar DB, Clements DA, Huber J, Hamilton JD, et al. (2002)
Economic analysis of influenza vaccination and antiviral treatment for healthy
working adults. Annals of Internal Medicine 137: 225-231.

. Nichol KL (2001) Cost-benefit analysis of a strategy to vaccinate healthy working

adults against influenza. Arch Intern Med 161: 749-759.

Meltzer M, Cox N, Fukuda K (1999) The economic impact of pandemic
influenza in the united states: Priorities for intervention. Emerging Infectious
Diseases 5: 659-671.

Bauch CT, Earn DJD (2004) Vaccination and the theory of games. Proc Natl
Acad Sci 101: 13391-13394.

Sterman JD (2006) Learning from evidence in a complex world. Am J Pub
Health 96: 505-514.

Nexoe J, Kragstrup J, Ronne T (1997) Impact of postal invitations and user fee
on influenza vaccination rates among the elderly: A randomized controlled trial
in general practice. Scandinavian Journal of Primary Health Care 15: 109-122.
Satterthwaite P (1997) A randomised intervention study to examine the effect on
immunisation coverage of making influenza vaccine available at no cost. The
New Zealand Medical Journal 110: 58-60.

Christakis N, Fowler J (2010) Social network sensors for early detection of
contagious outbreaks. PLoS ONE 5: ¢12948.

. Christley R, Pinchbeck G, Bowers R, Clancy D, French N, et al. (2005) Infection

in social networks: Using network analysis to identify high-risk individuals.
American Journal of Epidemiology 162: 1024-1031.

. Truscott J, Fraser C, Hinsley W, Cauchemez S, Donnelly C, et al. (2009)

Quantifying the transmissibility of human influenza and its seasonal variation in
temperate regions. PLoS Currents 1: RRN1125.

PLOS Computational Biology | www.ploscompbiol.org

54.

56.

57.

58.

59.

60.

61.

62.

64.

66.

67.

Policy Resistance Undermines Targeted Vaccination

Keeling M, Rohani P (2008) Modeling Infectious Diseases in Humans and
Animals. Princeton: Princeton University Press. 408 p.

. Truscott J, Fraser C, Cauchemez S, Meeyai A, Hinsley W, et al. (2012) Essential

epidemiological mechanisms underpinning the transmission dynamics of
seasonal influenza. J R Soc Interface: 304-312.

Dushoff J, Plotkin J, Levin S, Earn D (2004) Dynamical resonance can account
for seasonality of influenza epidemics. PNAS 101: 16915-16916.

Carrat F, Vergu E, Ferguson N, Lemaitre M, Cauchemez S, et al. (2008) Time
lines of infection and disease in human influenza: A review of volunteer
challenge studies. American Journal of Epidemiology 167: 775-785.

Earn D, Dushoff J, Levin S (2002) Ecology and evolution of the u. TRENDS in
Ecology and Evolution 17: 334-340.

Nichol K, Tummers K, Hoyer-Leitzel A, Marsh J, et al MM(2010) Modeling
seasonal influenza outbreak in a closed college campus: Impact of pre-season
vaccination, in-season vaccination and holidays/breaks. PLoS ONE 5: ¢9548.

Jr IL, Halloran ME, Nizam A, Wolff M, Mendelman PM, et al. (2000)
Estimation of the efficacy of live, attenuated influenza vaccine from a two-year,
multi-center vaccine trial: implications for influenza epidemic control. Vaccine
18: 1902-1909.

Cox R]J, Brokstad KA, Ogra P (2004) Influenza virus: Immunity and vaccination
strategies. comparison of the immune response to inactivated and live,
attenuated influenza vaccines. Scandinavian Journal of Immunology 59: 1-15.
Fleming D, Ayres J (1988) Diagnosis and patterns of incidence of influenza,
influenza-like illness and the common cold in general practice. Journal of the
Royal College of General Practitioners, 38: 159-162.

. Ambrose C, Yi T, Walker R, Connor E (2008) Duration of protection provided

by live attenuated influenza vaccine in children. Pediatric Infectious Disease
Journal 27: 744-748.

Demicheli V, Pietrantonj CD, Jefferson T, Rivetti A, Rivetti D (2007) Vaccines
for preventing inuenza in healthy adults. Database of Systematic Reviews 2007

. Kane R, Johnson P, Town R, Butler M (2004) A structured review of the effect

of economic incentives on consumers and preventive behavior. American
Journal of Preventive Medicine 27: 327-352.

CDC (2012). 20112012 influenza season: Disease activity. Available: http://
www.cde.gov/flu/about/season/flu-season-2011-2012. htm.

CDC (2012). Influenza vaccination coverage: Fluvaxview:2010-11 influenza
season. Available: http://www.cdc.gov/flu/professionals/vaccination/
vaccinecoverage.htm.

March 2013 | Volume 9 | Issue 3 | 1002945



