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Modeling human behavior is essential to accurately predict epidemic spread, with behaviors like
vaccine hesitancy complicating control efforts. While epidemic spread is often treated as simple
contagion, vaccine uptake may follow complex contagion dynamics, where individuals’ decisions
depend on multiple social contacts. Recently, the concept of complex contagion has received strong
theoretical underpinnings thanks to the generalization of spreading phenomena from pairwise to
higher-order interactions. Although several potential applications have been suggested, examples of
complex contagions motivated by real data remain scarce. Surveys on COVID-19 vaccine hesitancy
in the US suggest that vaccination attitudes may indeed depend on the vaccination status of social
peers, aligning with complex contagion principles. In this work, we examine the interactions between
epidemic spread, vaccination, and vaccine uptake attitudes under complex contagion. Using the
SIR model with a dynamic, threshold-based vaccination campaign, we simulate scenarios on an
age-structured multilayer network informed by US contact data. Our results offer insights into the
role of social dynamics in shaping vaccination behavior and epidemic outcomes.

I. INTRODUCTION

The integration of human behavior into the modeling
of epidemic spreading has long drawn researchers’ at-
tention [1]. Human behavior fundamentally influences
the spread of epidemics in various ways. These include
how our societies, mindsets, and lifestyles are organized,
how human settlements tend to favor crowding (both hu-
man and animal), as well as our modes of transportation,
which facilitate the fast and global spread of otherwise lo-
cal diseases. Additionally, our responses to epidemic out-
breaks play an important role. Particularly in this latter
aspect, modeling human behavior remains a formidable
challenge due to its complex nature and the lack of real-
world, quantitative data on behavioral changes in popu-
lations affected by epidemic outbreaks [2, 3].

Key aspects of human behavior that significantly shape
epidemics are the fear of infection, information aware-
ness, and behavioral attitudes towards control interven-
tions [3–8]. In particular, vaccination provokes hesitant
attitudes in some sectors of the population, diminishing
its efficacy at the population level [9, 10]. For this reason,
the dynamics of vaccination has long been a topic within
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the epidemic modeling literature [11–15], and numerous
works have attempted to incorporate genuine behavioral
features into the vaccination process [4, 7, 15–17].

Despite the lack of a well-established unifying frame-
work to couple epidemic spreading and social dynam-
ics, one of the standard approaches to integrate hu-
man behavior into epidemiological models is game theory
through the so-called vaccination games [18, 19]. Here,
individuals decide whether to vaccinate or not depend-
ing on the assessment of the cost incurred by the op-
tions they face. This assessment although traditionally
assumed to be perfectly rational and mostly isolated from
the social environment, has been progressively extended
to incorporate more realistic features that affect the hu-
man decision-making process [16, 18–20]. Another ap-
proach for integrating epidemic models and vaccination-
related behavior, significantly less exploited than vacci-
nation games, is that of opinion dynamics [21]. In this
approach, individuals hold an opinion on a topic (such
as vaccine uptake), which can change or be influenced
through various mechanisms, including peer interaction
and social and mass media exposure. Notable references
include [22–28], where complex behaviors involving sud-
den transitions, bistability, or network segregation have
been demonstrated.

Among the most notable models of opinion dynamics,
lies the seminal Watts-Granovetter threshold model [29–
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31]. Originally aimed at modeling phenomena such as
riots and other social movements, this model was later
generalized to the study of information cascades, stock
market crashes, and cascading failures in infrastructure
networks. These collective phenomena are typically re-
ferred to as complex contagions [32]. Unlike simple con-
tagions, where the transmission of infection occurs at a
rate between individuals and a single infected neighbor is
always sufficient to expose a susceptible node, in complex
contagions, the behavior of an individual is conditional
on the behavior of a fraction of their peers [32–34]. Thus,
while biological processes such as epidemics may be seen
as simple contagion processes, human behavior dynam-
ics related to opinions and decisions on matters of self-
protection and vaccine uptake might constitute complex
contagions. Recent studies have indeed begun to explore
the interaction of simple and complex contagions within
the context of epidemics [6, 27, 35–40].

At the same time, a substantial body of theoretical
work is being developed around the concept of com-
plex contagion, through the generalization of spread-
ing phenomena from pairwise to higher-order interac-
tions, extending traditional networks to structures such
as simplicial complexes and hypergraphs [41–43]. Cur-
rently, though several potential applications have been
suggested [44], examples motivated by real data where
complex contagion is at play are scarce. In this regard,
we have found explicit evidence from COVID-19 vaccine
hesitancy surveys [45], suggesting that people’s attitudes
towards vaccine uptake could depend on the behavior of
their social peers, perfectly aligning with the concept of
a complex contagion process.

Motivated by these observations, in this work, we in-
vestigate the interplay between the spread of an epidemic
on networks and the dynamics of opinion on vaccine up-
take following a complex contagion interaction. We em-
ploy the standard SIR model, which we couple with a
dynamic vaccination campaign. The progression of this
campaign is, in turn, influenced by a threshold-based
opinion dynamics process, effectively integrating mod-
els of simple and complex contagion. To offer a more
realistic setting where the dynamics unfold, we use an
age-based multilayer contact network substrate, gener-
ated from data-driven contact matrices in the United
States [46]. We investigate the system behavior by first
assuming that everyone has the same activation thresh-
old to switch their opinion towards a pro-vaccine stance,
and later we explore the heterogeneous landscape of vac-
cine attitudes across the US as provided by Lazer et al.
surveys [45].

II. MODEL

A. Definition

Our model consists of coupled dynamics featuring a
simple epidemic process, a vaccination campaign, and

opinion dynamics based on a complex contagion model,
running on an age-layered contact network.
This multilayer network is generated from contact ma-

trices constructed from age-based data-driven synthetic
populations [46, 47] (see Methods, Section VA, for imple-
mentation details). In this construction, nodes in layer a
represent individuals of age a, and their contacts are dis-
tributed both within their own layer and across other lay-
ers, following realistic contact patterns. Our geographical
focus here is on the United States, both at the national
level and on a state basis.
As a simple approximation to influenza-like illnesses

(ILI), we take the conventional susceptible-infected-
removed SIR model for the epidemic process:

S + I β−→ I + I, (1)

I µ−→ R, (2)

where β is the disease’s transmission rate, and µ is the
recovery rate. Throughout this work, we fix the basic re-
production number at R0 = 1.5, representing a moderate
transmissibility scenario, and set µ = 0.2, corresponding
to an average infectious period of 1/µ = 5 days. These
values are consistent with empirical studies and prior lit-
erature on influenza epidemiology [48–50]. Although the
survey data informing opinion thresholds was collected
during the COVID-19 pandemic, the epidemic model it-
self is not intended to reproduce COVID-19 dynamics,
but rather to explore generic scenarios of mild, influenza-
like illnesses. The transmission rate β is then adjusted
following the relationship R0 ≈ (β/µ)⟨k⟩, where ⟨k⟩ de-
notes the average degree of the contact structure, which is
approximately ⟨k⟩ = 12 across all the states in the coun-
try (see Methods, Section VA, for details on the contact
structure).
All susceptible individuals are eligible to an ongoing

vaccination campaign, modeled also as a Poisson process
with rate α:

S α−→ V. (3)

This parameter α can be interpreted as the vaccination
effort carried out by the public health authorities during
the vaccination campaign. However, not all susceptible
individuals will automatically proceed to vaccination, as
this depends both on their individual attitude toward the
control measure and on the ongoing progress of the vac-
cination campaign, thereby establishing a tight feedback
loop between the two dynamical processes.
Inspired by surveys on vaccine hesitancy conducted at

the beginning of the COVID-19 vaccination campaign in
the US, we add a third dynamical process in the form
of opinion dynamics under complex contagion. The at-
titude towards vaccination is binary: inactive (hesitant)
H or (pro-)active A. The following transition is defined:

H −→ A. (4)
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Thus, hesitant behavior is not necessarily anti-vaccine
behavior and once an individual has decided to be vac-
cinated, they will not change their mind. The specific
mechanism under which this change of opinion proceeds
is through a threshold-based updating rule in the vein of
the renowned Watts-Granovetter model [31]:

oi(t+ 1) =

{
A if

VΩi
(t)

ki
≥ θi,

H otherwise.
(5)

Here θi is the individual’s i activation threshold, ki is
the number of first-neighbors of i, and VΩi

(t) is the total
number of vaccinated individuals within these neighbors.
This relationship directly connects the success of the on-
going vaccination campaign to the opinion on vaccina-
tion, setting a co-evolving feedback loop between vacci-
nation and opinion dynamics. An alternative modeling
choice could have been to base the updating rule on peers’
declared vaccination stance (i.e., whether they intend to
vaccinate, A status, or not,H status) rather than on their
actual vaccination status. However, our approach delib-
erately couples the success of the vaccination campaign
with the evolution of attitudes, allowing us to directly
leverage survey data on observed vaccine uptake.

It is important to emphasize that only hesitant sus-
ceptible individuals participate in the opinion dynamics
and only those who adopt a pro-vaccination attitude (A)
may proceed to vaccination. Infected and removed indi-
viduals do not reassess their attitudes towards vaccina-
tion and are excluded from the vaccination process alto-
gether. This assumption reflects the limited preventive
role of vaccination once individuals are already infected
or have recovered and ensures that behavioral changes
occur only among those who can still be protected.

Additionally, it must be noted that no age-dependence
has been made explicit so far since all these processes and
parameters are equal for any individual in the system. In
our model, age enters implicitly through the specific con-
tact patterns of the multilayer network. The reason for
this is to focus directly on the global impact of the cou-
pled simple and complex contagion dynamics, without
confounding features.

Our approach is summarized in Figure 1. More details
on the specifics of the data and modeling approach can
be found in the Methods, section V.

B. Experiments

We run extensive discrete-time Monte Carlo simula-
tions of the coupled dynamics on the multilayer struc-
ture.

The system behavior is characterized by these main ob-
servables: the number of active (convinced to vaccinate)
agents NA(∞), the prevalence R(∞), that is, the fraction
of the population affected by the disease, and the vacci-
nation coverage (VC) V (∞), the number of people that

end up taking the vaccine. All these quantities are re-
ferred to the equilibrium state, that is when the fraction
of infected individuals in the system reaches zero. By
normalizing these quantities by the system’s size N , we
represent them as r(∞) = R(∞)/N , v(∞) = V (∞)/N ,
and nA(∞) = NA(∞)/N , respectively. These quantities
will be examined across varying control parameters such
as the activation threshold θ, the initial fraction of active
individuals nA(0), and the vaccination rate α. As a nu-
ance, given that the outlook of nA(∞) and v(∞) is very
similar, and the fact that nA(∞) is highly conditioned
on nA(0), we define the following derived quantity:

∆nA(∞) ≡ nA(∞)− nA(0)

1− nA(0)
, (6)

which can be interpreted as a measure of the normal-
ized final size of the behavioral cascade triggered given
the initial condition nA(0). In other words, ∆nA(∞) in-
forms us about the change in vaccine support relative to
the initial support nA(0). It must be noted that the dis-
tribution of this variable nA(0) is assigned uniformly at
random, that is, the initial set of individuals with a pro-
active attitude towards vaccine uptake is independent of
their age, degree, or opinion assortativity.
Finally, we consider vaccination rates ranging from

α = 0.001, which amounts to vaccinating 0.1% of the
eligible population, to α = 0.05. To put these numbers
in perspective, the highest daily vaccination record in the
United States, according to [51], was 3.15 million doses
on April 11, 2021, when the total population that had
received two doses was approximately 73 million, as re-
ported by [52]. Given that the total US population is
about 350 million, this represents a rate of roughly 0.012
on that record day (1.2% of the population). Nonethe-
less, actual vaccination rates are much more variable as
compared to our simplified model of a constant rate.
From a global perspective, during the COVID-19 pan-
demic, despite the urgent vaccination deployment efforts
and increased disease awareness, the daily percentage of
the population receiving a COVID-19 vaccine dose rarely
exceeded 1%, equivalent to α = 0.01, with occasional ex-
ceptions in countries like China and the UK. As reported
in [53], these countries experienced peaks of 1.57% and
1.41% of their populations getting vaccinated in a sin-
gle day, respectively. These figures are instrumental in
contextualizing our vaccination rate scenarios.

III. RESULTS

A. Homogeneous thresholds

Initially, we study the system’s behavior under a homo-
geneous threshold θ scenario (Figure 2). The parameter
space related to the opinion dynamics process, (θ, nA(0))
is scrutinized in finer detail, and we select certain vacci-
nation scenarios based on the rate α. As representative
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FIG. 1. Modeling approach scheme. (a) Contact matrices are constructed using data-driven synthetic populations [46] and
are used to generate age-layered contact networks following the approach proposed in [47]. (b) Vaccination surveys conducted
during the COVID-19 pandemic by Lazer et al. [45] inform the conversion of vaccination attitudes into numerical vaccination
thresholds. Initially, individuals are assumed to have homogeneous vaccination thresholds. In a later stage of the work,
these thresholds are refined using the data-informed values from the surveys. (c) With the contact structure established and
vaccination thresholds assigned to individuals, the dynamics of the model are initiated. During the opinion stage, each hesitant
susceptible individual decides whether to vaccinate based on their threshold and the vaccination status of their neighbors. If the
proportion of vaccinated neighbors exceeds the threshold θ, the individual becomes vaccinated with probability α. Otherwise,
they remain unvaccinated and may proceed to the epidemic stage governed by a standard SIR model. Only susceptible
individuals are subject to opinion dynamics and the vaccination process; infected and removed individuals do not reassess their
attitudes or undergo vaccination.

enough, the US contact patterns data at the national
level are utilized to generate the underlying multilayer
contact network.

Four different vaccination scenarios with substantially
different vaccination efforts are considered, ranging from
α = 0.001 (Panels a1-c1), α = 0.005 (Panels a2-c2),
α = 0.01 (Panels a3-c3), to α = 0.05 (Panels a4-c4).
As framed by the prior discussion on COVID-19 vacci-
nation rates, the scenarios proposed here lie from a very
low effort, α = 0.001, to a very high and rather unrealis-
tic vaccine unroll, α = 0.05, so that we can have insights
on the system behavior under extreme but meaningful

vaccination bounds.

For α = 0.001, we can appreciate how ∆nA(∞) ≈ 0 for
the most part of (θ, nA(0))-space (Figure 2a1), this mean-
ing that α is very low to trigger a substantial vaccina-
tion coverage (Figure 2b1), remaining very close to null,
and thus system’s prevalence tends to be rather homo-
geneous and maximal across the parameter space (Fig-
ure 2c1). The poor vaccination coverage cannot bring
down the system’s endemic phase in any point of the
parameter space. Notably increasing α to α = 0.005,
a different picture starts to emerge. The region where
∆nA(∞) ̸= 0 extends toward higher nA(0) and θ (Figure
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FIG. 2. System’s behavior under homogeneous thresholds for the US multilayer network. Results for normalized
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r(∞) = 0 and non-null values of the respective observables.



6

2a2). These behavioral changes lead to mass vaccine up-
take when initial vaccine support nA(0) is high enough,
independently of the activation threshold θ (Figure 2b2).
Consequently, the disease’s prevalence decreases in that
same region (Figure 2c2). Doubling α to reach α = 0.01,
leads to a qualitatively different picture when looking at
the system’s prevalence (Figure 2c3). Vaccination cov-
erage v(∞) is high enough in an important part of the
system that yields a disease-free phase for medium-high
nA(0) and also for lower values of this initial support as
long as θ is kept very small. Finally, in the very high
effort scenario, α = 0.05, the trend continues, as the
disease-free phase extends to lower values of nA(0) and
higher values of θ.

Overall, for a fixed value of θ, moving from nA(0) = 0
to nA(0) = 1, means that vaccine hesitancy loses ground,
VC increases and disease prevalence tends to zero. In
high enough α scenarios, for low θ, the transitions occur
in a more abrupt way, whereas for medium to high θ,
the transitions are smoother. Varying θ with fixed nA(0)
does not have a notable effect except where a phase sep-
aration exists. If the initial vaccine acceptance nA(0)
is high enough, even θ → 1 has no effect on vaccina-
tion and prevalence. A giant component of vaccinated
agents can emerge fast enough to avoid a sizeable out-
break. On the other hand, as nA(0) decreases (for a
fixed α), critical values of θ appear that, if surpassed,
can bring the system from a disease-free phase to an en-
demic phase. This critical threshold θ, however, can be
pushed toward higher values if the vaccination campaign
proceeds at faster rates.

Importantly, though, even in the most intensive vac-
cination scenario explored, the epidemiological impact
could be sizeable if the initial support for vaccination
is rather mild, and the threshold to be convinced is not
very high. This is clearly a hindrance product of social
contagion being regarded as a complex contagion pro-
cess rather than a simple one, requiring greater support
to diffuse a pro-active attitude towards vaccine uptake.

Complementarily, in the appendix B, we offer curves
of the explored observables for varying θ with sections of
constant nA(0), where the abrupt nature of the changes
in ∆nA(∞), v(∞), and r(∞) is better appreciated.

B. Heterogeneous thresholds from surveys

In the second stage of this work, we inform our model
with activation thresholds derived from real data col-
lected from the surveys carried out by Lazer et al. [45],
at the beginning of the COVID-19 vaccination campaign
in the US. These surveys offer, among other features,
insights into vaccination acceptance and hesitancy, seg-
mented by age at the national level, and also account for
the fraction of people within a certain attitude towards
vaccine uptake at the state level.

The attitudes are categorical and include: “already
vaccinated”, inclined to be vaccinated “as soon as possi-

ble”, “after at least some people I know”, “after most
people I know”, and those who “would not get the
COVID-19 vaccine”. It is from this threshold-based per-
spective and its heterogeneous distribution—varying ac-
cording to others’ vaccination statuses—that we draw
inspiration for our coupled epidemic-vaccination-opinion
dynamics model.
Now, since the control parameters θ and nA(0) previ-

ously used are now fixed for every state, the only free
parameter is the vaccination rate α, which we use to ex-
tensively explore the outcomes of the coupled dynamics.
Taking full advantage of the vaccination attitude data for
every state in the US, simulations are conducted for ev-
ery US state. It is important to note that the assignment
of different vaccination attitudes and their corresponding
thresholds to agents in the network is done randomly.

1. System’s behavior under different vaccination scenarios

Similarly as before, we examine how ∆nA(∞), v(∞),
and r(∞) behave across varying α values in Figure 3,
panels a, b, and c, respectively.
We observe that ∆nA(∞) across states remains be-

tween 0.2 and 0.6 for the vaccination scenarios with the
lowest effort. This separation diminishes as α increases,
aligning within the range of 0.9 to 1.0 for scenarios with
the highest vaccination rate α. Notably, no state exhibits
∆nA(∞) = 0 in any scenario, implying, that all of them
can trigger behavioral cascades that increase the number
of convinced individuals and thus there is substantial po-
tential for vaccination coverage to grow. Regarding vac-
cination coverage, we appreciate how in low α regimes,
VC is primarily between 0.1 and 0.2, with the exception
of Alaska (AK). For intermediate α values, representing
more realistic vaccine uptake rates, the disparity in VC
across states reduces but widens again as α → 1. Due to
inherent differences in each state’s contact network but,
more importantly, their θ distribution, the curves show
different rates of growth and intersect at various vacci-
nation scenarios. This phenomenon reflects the diversity
in vaccine attitudes across states. As a specific example,
the case of Massachusetts (MA) is especially interesting.
In the lowest α regimes, MA occupies an average rank
among states, with 13% of its population having already
received the vaccine. However, with increasing α, the
vaccination-opinion feedback loop is further stimulated.
This facilitates the progressive vaccination of individu-
als in subsequent categories, specifically “soon” at 47%,
and “someone” at 18%. Ultimately, this leads MA to
emerge as one of the states with the highest vaccina-
tion coverage. The disease’s prevalence, consequently,
is the highest for the lowest vaccination rates, spanning
approximately from 0.25 to 0.4. These values rapidly de-
crease with increasing vaccine unroll, reaching a disease-
free state beyond α ≈ 0.05. Alaska is correspondingly
an exception here too; its prevalence is an outlier for the
lowest α scenarios (r(∞) < 0.1), and sizeable outbreaks
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FIG. 3. Epidemiological impact across US states for varying vaccination rates α. The vertical dashed line represents
an approximate separation between the endemic phase and the disease-free phase. Panel a: ∆nA(∞) vs. α. Panel b: v(∞) vs.
α. Panel c: r(∞) vs. α. The color bar represents the initial fraction of support for the vaccine: “already vaccinated” v(0) plus
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are negligible for α > 0.005. With an initial “already
vaccinated” fraction of v(0) = 0.29, Alaska accounts for
the highest initial immunized population.

All the curves across the panels incorporate additional
information represented by a color map for the sum of
initial conditions for vaccinated and pro-vaccine individ-
uals, v(0)+nA(0). Overall, there is a positive correlation
between this initial condition and VC, and a negative one
towards the disease’s prevalence.

2. Relevance of heterogeneous thresholds

To explore the effect of heterogeneity in vaccination
attitudes, let us examine more closely the relevance of
each vaccination attitude, and thus the threshold θ, in
determining the final epidemic size r(∞).
To analyze this, we perform a pairwise correlation anal-

ysis between each state’s prevalence r(∞) and the frac-
tion of the state’s population in different vaccination atti-
tudes across the extensive range of vaccination scenarios
examined earlier in this section (Figure 3), as determined
by the vaccination rate α. Figure 4 shows Pearson’s cor-
relation coefficient ρ for each vaccination category as a
function of α. The main continuous lines represent the
ρ values, while the error bars denote the 95% confidence
intervals. Although the errors are relatively large due to
the small number of data points (equal to the number of
states, plus the District of Columbia, and the US level),
the overall trends remain clear.

For the low to middle range of vaccination scenarios
considered, α ∈ [10−4, 6.5 × 10−3), the factor (vaccina-

tion category) that achieves greater explanatory power in
terms of the Pearson coefficient is the ‘already’ category.
That is, the initial condition v(0) for the vaccinated pop-
ulation. In terms of our framework, they populate the
initial condition nA(0) (together with those in the ‘soon’
category). Strictly speaking, though, this is not a be-
havioral attitude towards the vaccine that plays a role in
the implemented opinion dynamics, but one of the cate-
gories in which individuals were classified when respond-
ing to the surveys in [45]. However, a varying value of
v(0) across states encapsulates heterogeneous predispo-
sitions of individuals in those regions as well as different
vaccination efforts deployed in each state. As vaccina-
tion rates further increase α, a crossover appears between
categories ‘already’ and ‘soon’, taking the ‘already’ cate-
gory the dominant role in terms of explanatory power for
a higher range of α values explored. When vaccination
rates are high enough, states with a higher proportion in
this vaccination category will see their vaccination cov-
erage greatly increased due to this behavioral category
for which vaccination is just a spontaneous process, since
they are initially convinced independently of their social
peers. People in the ‘someone’ category, on the other
hand, would react to the vaccination process as if it were
a simple contagion process: they just need an individ-
ual to change their attitude from hesitant to convinced
and take the vaccine when available. For the most part,
the contribution to explanatory power is very poor, es-
pecially in the lower α range. This is understandable
for two reasons: i) according to the data (see Figure A1
in Appendix A), this is the lowest populated vaccina-
tion category across the majority of states, and ii) these
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FIG. 4. Pearson’s coefficient (Prevalence vs. Population fraction) as a function of vaccination rates. The
coefficient is measured using a pairwise linear regression of each US state’s average final prevalence versus the fraction of the
population in the corresponding vaccination attitude category according to surveys. This measurement is performed for the
considered range of vaccination scenarios as given by the vaccination rate α. Shaded areas cover the 95% C.I.

individuals require only one vaccinated neighbor to be
convinced to vaccinate, thus they do not constitute a
concerning bottleneck to trigger behavioral cascades.

The next vaccination attitude in terms of increasing
hesitancy is ‘most’. Individuals in this category are those
who genuinely make their decision based on a complex
contagion process for which θ > 0.5. As we saw in the
first part of this work when studying the system’s behav-
ior under a homogeneous activation threshold θ, a value
of θ > 0.5 can have an important epidemiological im-
pact in the population unless the initial support for the
vaccine nA(0) is sufficiently high, also conditioned to the
vaccination effort α. According to the results in Figure 4,
the impact of ‘most’ stays fairly constant, with the Pear-
son coefficient ρ around 0.5 for the whole range of α. The
explanatory power is high, but other factors, either ‘al-
ready’ for low to middle α, or either ‘soon’ or ‘never’ for
higher α show a greater relevance in these terms. What
mitigates a potential negative impact of the ‘most’ cat-
egory is the fact, as it happened with ‘someone’, that
people in this category, although with a higher represen-
tation, are far from a critical fraction of the population

in their respective states. Finally, the ‘never’ category,
the group of people who show the highest hesitancy or
anti-vaccine sentiment, acquires the greatest relevance in
the middle to the higher end of the explored range of α.
With a high enough vaccine rollout, the states that will
experience higher outbreaks will be those with a higher
fraction of individuals who would not take the vaccine,
logically blockading an almost full percolation of the vac-
cinated status across the network.

Indeed, we can appreciate by looking at the data that
in several states the combined fractions of the ‘most’ and
‘never’ attitudes amount to less than 0.5 of the popula-
tion. This indicates that in scenarios with rapid vac-
cination, individuals with a ‘most’ attitude are likely
to find most of their neighborhood already vaccinated,
prompting their shift to a pro-vaccine stance. Second, in
most states, the fraction of the population already vac-
cinated or willing to be vaccinated as soon as possible,
v(0) + nA(0), is more than 0.4 and often exceeds 0.5.
Including the ‘someone’ category which, as we stated, re-
quires just one vaccinated neighbor per individual, this
vaccinated/pro-vaccine segment increases to over 0.5 in
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most cases. This suggests that, from moderate α sce-
narios onwards, vaccination-opinion cascades can readily
grow, leading to widespread vaccination coverage and sig-
nificantly mitigated outbreaks.

IV. DISCUSSION

In this work, we have explored the interplay of con-
tagion processes that differ in their transmission mech-
anisms: a classical pairwise SIR epidemic spread; and
a vaccination model driven by a social complex conta-
gion process based on the Watts-Granovetter threshold
model. Far from an arbitrary theoretical problem, the
model proposed is grounded in US surveys on vaccine
hesitancy, which showed complex contagion features in
the attitudes of individuals towards vaccine uptake [45].

We have characterized the system’s behavior by the
relative size of the activation cascade ∆nA(∞), the vacci-
nation coverage v(∞), and the disease’s prevalence r(∞)
at the absorbing state in the control parameter space
of nA(0), initial fraction of people convinced to take the
vaccine, and θ, the activation threshold from hesitancy to
convinced. First, under the assumption of homogeneous
activation threshold θ across the population, within a re-
alistic range of vaccination values, the emergence of a
disease-free phase is possible for very low θ and medium
nA(0). However, even under highly unrealistic vaccine
rollout, sizeable outbreaks persist if the initial support
nA(0) is not high enough and the activation threshold is
moderate. In the second part, we have relaxed the ho-
mogeneity assumption by endorsing the population with
heterogeneous thresholds based on real vaccine hesitancy
surveys. We observed mixed behavior depending on the
vaccination scenario. Generally, and as expected, indi-
viduals who are already vaccinated play a key role in
reducing the epidemic’s final size. Conversely, those who
significantly delay vaccine uptake or directly refuse to
vaccinate have a negative impact on the disease’s preva-
lence. Fortunately, given that initial support for vaccine
uptake is sufficiently high across states, the influence of
anti-vaccine zealots is mitigated.

The results can be further contextualized by consid-
ering a few limiting regimes that help clarify the mech-
anisms at play. When the vaccination rate α is very
low, individuals who become convinced to vaccinate do so
too slowly to alter the epidemic trajectory. In this case,
the system behaves similarly to a baseline SIR model,
and the opinion dynamics have little epidemiological im-
pact. In contrast, when α approaches its maximum value
(α = 1 in our discrete-time formulation), vaccination oc-
curs almost immediately upon willingness, and the sys-
tem becomes governed by the structure of the opinion
dynamics—namely, the activation threshold θ and the
initial support nA(0). A particularly interesting regime
emerges when nA(0) ≈ θ, as this defines the average
level of vaccinated neighbors an agent would expect to
observe at early times, assuming opinions are homoge-

neously distributed. In such a setting, behavioral cas-
cades can be rapidly triggered if vaccination is fast, since
most agents are just at the brink of activation. How-
ever, this potential tipping point is only effective when
rollout is sufficiently fast—when α is low, this frontier
does not mark a meaningful behavioral transition. More-
over, the observed transition is not sharply aligned with
the nA(0) = θ diagonal, likely due to network topology
and higher-order structural features such as clustering.
These subtleties highlight the interplay between social re-
inforcement, vaccination logistics, and contact structure
in shaping vaccine adoption and epidemic outcomes.

Our model assumes that once an individual adopts
a pro-vaccine stance, this decision is irreversible. This
choice is consistent with the original formulation of
the Watts-Granovetter threshold model, and aligns with
our goal of integrating social reinforcement dynamics
with epidemic spread in a focused, empirically grounded
framework. Moreover, given the SIR nature of the epi-
demic process, such unidirectional opinion change has
limited implications: once infected or recovered, indi-
viduals no longer participate in the vaccination process.
Introducing opinion decay (e.g., A → H) for suscepti-
ble individuals would likely slow the overall vaccination
cascade and could worsen epidemic outcomes. Nonethe-
less, reversible opinion dynamics may become relevant
in contexts with waning immunity (SIRS-like processes),
slow vaccination rollout, or fluctuating perceived risk due
to local incidence or media influence. Exploring such
feedbacks—especially when conditioned on dynamic sig-
nals—would be a valuable extension of this framework.

One criticism that could be raised about our approach
is the use of an age-multilayer contact structure while
the dynamical processes running on it, as defined here,
do not explicitly depend on age, nor do we analyze out-
comes by age group. Our choice was to focus on global
results in order to emphasize the interplay between epi-
demic dynamics and threshold-based opinion formation,
rather than provide a more detailed epidemiological ac-
count. We also observe that the main conclusions hold
for simpler, data-agnostic contact structures, such as ho-
mogeneous or heterogeneous single-layer networks (see
Appendices D and E).

This modeling choice is closely related to another sim-
plifying assumption: the random assignment of pro-
vaccine stances across the population. However, vaccine
hesitancy is known to vary by age, gender, or socioeco-
nomic status [10, 54], and structured heterogeneities in
these attributes may affect both vaccine coverage and epi-
demic outcomes, especially in populations with markedly
different demographic profiles. Due to the lack of granu-
lar data on vaccination attitudes disaggregated by state
and age, we have not pursued this more detailed strati-
fication here, though it remains an important avenue for
future research.

Moreover, incorporating community structure and ho-
mophily in the distribution of vaccine attitudes is critical
to understanding the reemergence and successful trans-
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mission of infectious diseases [55]. Behavioral clustering
and assortative mixing in opinion networks—including
the emergence of tightly knit anti-vaccine communi-
ties—are known to significantly influence both social
reinforcement and epidemic outcomes [6, 28, 56, 57].
Our current model does not include these higher-order
structural features, such as social clustering, modular-
ity, or opinion assortativity, all of which can amplify or
dampen behavioral cascades. Incorporating such features
would provide a richer framework for exploring system
resilience, vulnerability to misinformation, and the ef-
fectiveness of targeted interventions—particularly within
the broader context of interacting simple biological and
complex social contagion dynamics.

Finally, although the threshold model proposed is
grounded in responses from real surveys, human decision-
making is multifaceted, and additional mechanisms un-
doubtedly influence the choice to vaccinate. These mech-
anisms might include rational action, as is typically con-
sidered in vaccination game approaches [16, 20], where
individuals weigh the costs of different options. Addi-
tionally, the influence of mass media and social networks
is nowadays critically significant, where figures of author-
ity or online communities may exert more influence than
peers or acquaintances [58–61]. Moreover, these plat-
forms can also facilitate the rapid spread of misinforma-
tion and fake news, further complicating the landscape of
decision-making. Furthermore, communities evolve and
adapt, often leading to fragmentation between opposing
viewpoints and the creation of echo chambers [62–64].
These factors are increasingly pivotal in shaping atti-
tudes toward vital issues and warrant consideration in
future studies.

In summary, interesting potential extensions could be
added to advance our understanding of the interplay be-
tween epidemics and social contagion processes related
to vaccine uptake, but as it is, our model stands as an
example of naturally competing simple and complex con-
tagions processes, this last inspired by real-life observa-
tion of people’s social behavior from vaccine hesitancy
surveys. This is valuable in itself given the scarcity of
real examples of contagion processes where transmission
is genuinely characterized by group interactions.

V. METHODS

A. Age-layered network

A population ofN individuals is considered, structured
in a multilayer network based on individuals’ age a. An
individual i of age a belongs to layer-a, and their contacts
ki can be distributed both within this layer and across
other layers, following realistic age-mixing patterns.

This contact structure is derived from contact matrices
built from data-driven synthetic populations developed
by Mistry et al. [46]. The contact matrices for different
countries and regions—in particular, those used in this

work for the United States, District of Columbia, and the
50 states—are publicly available at [65]. These matrices
encode detailed contact patterns, resolving up to 85 age
groups.
It should be noted that these matrices were originally

constructed using demographic data from 2005. To re-
flect a more current picture of American society, we use
2019 population census data [66] and update the contact
matrices following the procedure in [67].
Let M be the original contact matrix, where Mab de-

notes the average number of contacts between age group
a and age group b during a fixed time period. The up-
dated matrix M ′ is computed as:

M ′
ab = Mab

NN ′
b

NbN ′ , (7)

where N and N ′ are the total original and updated popu-
lation sizes, and Nb and N ′

b are the original and updated
populations of age group b, respectively.
To generate the multilayer network M from the con-

tact matrix M (hereafter dropping the prime for clarity),
we follow the procedure developed in [47]. Briefly:

1. For every node (individual) in a given layer a, stubs
(half-links) are sampled from a negative binomial
distribution, as observed in [47], with average de-
gree in layer a given by:

⟨k⟩a =
∑
b

Mab.

2. The inter-layer probability matrix is computed as:

pab =
Mab∑
b Mab

,

representing the probability that a stub from an
individual in layer a connects to another in layer b.

3. With the degree ki of each individual and the prob-
abilities pab, a configuration model is implemented.
Stubs are matched by uniformly sampling a source
node i, selecting a target layer b according to pab,
and sampling a target node j within that layer with
probability proportional to their remaining stubs,
i.e., kj/

∑
ℓ∈b kℓ.

The result is a multilayer network M where individ-
uals are connected following realistic age-based contact
patterns. However, it is important to note that this mul-
tilayer configuration model does not explicitly incorpo-
rate higher-order structural features such as clustering,
or community structure.
As the network generation process is stochastic, final

results from the dynamical simulations are averaged over
an ensemble of network realizations generated under the
same parameters.
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B. Epidemiological model

The epidemiological model used is the standard and
well-known susceptible-infected-removed SIR model run-
ning on a population of individuals structured on the
age-based multilayer network as explained previously.

We consider discrete-time dynamics with unitary time
step ∆t = 1 day. Then, at every time step, susceptible
individuals can experience a simple pairwise contagion
interaction and become infected with probability β∆t:

S + I β−→ I + I. (8)

Since every individual can interact with any other of their
first neighbors in the network, the total probability of
becoming infected is P (S → I) = 1 − (1 − β∆t)Ii(t),
where Ii(t) denotes the number of infected neighbors of
individual i at time t, and β is the disease’s transmission
rate. The quantity Ii(t) is bounded by the node’s degree
ki.
Lastly, recovery or removal from the infection dynam-

ics is, as usual, a spontaneous transition modeled as a
Poisson process:

I µ−→ R. (9)

Then, for every infected individual, the probability of
decaying to the recovered/removed state is P (I → R) =
µ∆t at every time step.

C. Opinion dynamics model

The SIR process runs simultaneously with two other
intimately related dynamical processes: the vaccination
campaign and the opinion dynamics on vaccination. Vac-
cination by itself is modeled as a spontaneous process
proceeding continuously as long as there are eligible in-
dividuals to be vaccinated and without any preferential
target. The catch is that in order to be eligible for vac-
cine uptake, the individual must be in a convinced or
active state. Here is where the opinion formation process
enters.

To model the opinion dynamics we consider the Watts-
Granovetter threshold model of social contagion [29, 31].
In this model, individuals can be classified into two
states: inactive and active. Within this context, we will
refer to the inactive ones as hesitant, being them denoted
by H, and we will retain the active nomenclature to refer
to the pro-active ones regarding vaccine uptake, denoted
by A. As in the original model, the state A is irreversible,
and therefore the dynamics are ruled by the transition:

H −→ A. (10)

Mapping the status H to 0 and A to 1, and designating
as oi the individual’s i opinion, the updating rule in the

original formulation of the model proceeds in the follow-
ing way:

oi(t+ 1) =

{
1 if

∑
j∈Ωi

oj(t)
ki

≥ θi,

0 otherwise.
(11)

Here, the summation extends to Ωi, which is the neigh-
borhood of individual i, oj is the status of the neighbor j,
and ki is the degree or number of neighbors of i; finally, θ
is the individual’s activation threshold (0 ≤ θi ≤ 1). Due
to its lack of symmetry, if the focal individual status is
already at 1, nothing happens. Thus, as aforementioned,
once the state 1 is adopted, it is conserved until the end
of the dynamical process.
For the present work, however, we do not follow the

rule described in equation 11 but a variation. Rather
than adopting a proactive attitude towards vaccination
based on the vaccine views of peers, people will make
the decision on vaccine uptake based on their neighbors’
vaccination status. Therefore, the updating proceeds as
follows:

oi(t+ 1) =

{
A if

VΩi
(t)

ki
≥ θi,

H otherwise.
(12)

Where VΩi
(t) is the total number of vaccinated individ-

uals within i’s neighborhood. This change directly con-
nects the success of the ongoing vaccination campaign to
the opinion on vaccination, setting a co-evolving feedback
loop between vaccination and opinion dynamics.
Finally, every convinced or active susceptible (S,A)

will be vaccinated

S α−→ V, (13)

with probability P (S → V) = α∆t.
While we can find either infected or removed individ-

uals with a pro-active vaccination stance because they
were convinced just prior to following the infection route
in our model, they will not be eligible for vaccination
anymore, and thus will not pose any influence on the
vaccination campaign.

D. Vaccine hesitancy data

In order to adapt the categorical attitudes to our nu-
merical approach, as defined in the surveys by Lazer et
al. [45], we translate them into quantifiable activation
thresholds, denoted by θ. Individuals in the “already
vaccinated” category are exempted from further opinion
dynamics, effectively setting their activation threshold
at zero. The same is presumed for individuals catego-
rized as “as soon as possible”. We posit that these indi-
viduals are already convinced and merely awaiting their
opportunity to be vaccinated; hence, we assign them a
θ = 0. For those who would get vaccinated “after at
least someone I know”, we interpret this as requiring one



12

known individual to be vaccinated, leading to a threshold
of θ = 1/ki, where ki is the individual’s number of first
neighbors. Those in the “after most people I know” cate-
gory are assigned a simple majority criterion, correspond-
ing to θ = 0.5. It could be argued that this approach is
somewhat lenient with the constraint, considering that
the majority criterion might vary on an individual basis.
Lastly, for the “would not get the COVID-19 vaccine”
category, we assign a threshold of θ = 1+, signifying that
their decision remains unchanged irrespective of the vac-
cination status of their entire neighborhood, indicative
of anti-vaccine sentiment. Table I presents a summary of
the proposed mappings.

survey category θ
already vaccinated 0
as soon as possible 0

after at least someone I know 1/ki
after most people I know 0.5

would not get the [COVID-19] vaccine 1+

TABLE I. Vaccination attitude categories and activa-
tion threshold attribution. Mapping to inform the in-
dividuals’ activation thresholds in our model based on the
vaccination attitude categories as given by Lazer et al. [45].

The specific fractions in every vaccination attitude cat-
egory for every state in the US are depicted in Figure A1
of the supplementary material A

E. Simulations

Our results are obtained through extensive discrete-
time Monte Carlo simulations. For the sake of clarifi-
cation, we describe the algorithm followed to implement
the coupled dynamics described above:

1. A multilayer network with N nodes is generated ac-
cording to the method briefly described above and
developed in [47]. The individual with the highest
degree is assumed to be the patient zero, which
is the initial seed that will trigger the epidemic
spreading process. An initial fraction nA(0) of pro-
vaccine individuals are randomly assigned across
the network.

2. At every time step t, every node i in the con-
tact multilayer network is visited, and the thresh-
old model updating rule is applied (Eq. 12). In
practice, a list of hesitant/inactive and suscepti-
ble individuals is kept since they are the only type
of agents that could change their opinion status.
Opinion updating follows a parallel scheme.

3. During the same time step, the transitions related
to the SIR+V model occur. Susceptible and proac-
tive individuals who were not vaccinated undertake
a Bernoulli trial with each infected neighbor. Ef-
fective updating of health statuses also takes place
following a parallel scheme.

4. If the population of infected individuals drops to
zero, the process terminates, otherwise, we move
to the next time step t → t + 1 (and back to item
2).

In all the experiments performed, each result for a
given set of control parameters has been derived by av-
eraging over 25 network realizations and 50 iterations of
the dynamical process for each network.

F. Code and data availability

The code developed for the data curation process, sim-
ulations, analysis of results, and figure generation, as
well as the curated data to feed the model, is hosted
at https://github.com/phononautomata/threshold.
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Appendix A: Fraction of every vaccine attitude per
state (survey data)

In figure A1, we report the fraction of the population
with each vaccination attitude according to the survey
by Lazer et al.[45].

In Figure A1, we report the fraction of the popula-
tion in each vaccination attitude category according to
the survey by Lazer et al.[45]. This survey provides valu-
able insights into public sentiment regarding vaccination
across various states in the United States. The data are
broken down into five distinct attitudes toward vaccina-
tion:

• “Already vaccinated”: This category includes indi-
viduals who have already received the COVID-19
vaccine.

• “As soon as possible”: These individuals are ready
to get vaccinated as soon as they are eligible, re-
flecting a proactive approach toward vaccination.

• “After at least some people I know”: These in-
dividuals are hesitant but open to getting vacci-
nated once they observe others around them, such
as friends or family, receiving the vaccine.

• “After most people I know”: This group is even
more hesitant and prefers to wait until a larger por-
tion of their social circle gets vaccinated.

• “I would never take the [COVID-19] vaccine”: The
most resistant group, comprising individuals who
are strongly opposed to taking the COVID-19 vac-
cine under any circumstances.

Appendix B: Complementary results for
homogeneous thresholds

Complementarily to the heatmap shown in Figure 2,
we represent in Figure B1 the system’s behavior for the
US multilayer network as sections of constant nA(0) for
varying θ under chosen vaccination scenarios.

Now the first row (Panels a1-a4) represents the evolu-
tion of ∆nA(∞) for the proposed vaccination scenarios in
the main text. As α increases, we observe how ∆nA(∞)
increases too, being the section with higher nA(0) those
that sustain higher ∆nA(∞) values for a larger range of
increasing θ. Whereas the lowest vaccination scenario
cannot trigger a substantial behavioral cascade, since all
the curves quickly decay to 0 for low θ, higher α provokes
successful behavioral cascades as confirmed by looking at
the evolution of v(∞) curves in the second row (Panels
b1-b4). The greatest change among the considered sce-
narios is observed when increasing effort from α = 0.001
to α = 0.005, with v(∞) ≈ 0.1 changing to v(∞) > 0.5,
for the extreme case of nA(0) = 1. Even for sections with
a high level of initial hesitancy (low nA(0)), the change

in v(∞) is relevant. Further increases of α naturally lead
to higher v(∞), but the gains are clearly sublinear. As
for the disease’s prevalence (Panels c1 to c4), we observe,
as reported in the main text, a very high (and narrow)
impact for the lowest vaccination scenario, and as we in-
crease α, we appreciate the relevance of a different nA(0),
and the fact that a disease-free phase is reached when this
initial support nA(0) is low enough (clearly the transition
occurs between α = 0.005 and α = 0.1).
Finally, these sections allow us to clearly appreciate

the abrupt nature of the changes in ∆nA(∞), v(∞) and
r(∞) for varying θ. Interestingly, as α increases, changes
are more abrupt, as the competition between the different
dynamic processes involved intensifies.

Appendix C: Complementary results for surveys’
heterogeneous thresholds

Figure C1 depicts the specific scatter plots of preva-
lence versus population fraction in vaccination attitude
categories for three selected vaccination scenarios (α =
0.001, 0.005, and 0.01).
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FIG. B1. Sections for the US multilayer network under homogeneous thresholds. Panels 1 to 4 represent different
vaccination efforts (α = 0.001, 0.005, 0.01, 0.05 from left to right columns). Panels a depict ∆nA(∞), panels b represent v(∞),
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Appendix D: Homogeneous thresholds on simple
Erdős-Renyi and Barabási-Albert networks
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FIG. D1. Homogeneous thresholds in Erdős-Rényi net-
works. Results for normalized activation change ∆nA(∞),
vaccination coverage v(∞), and prevalence r(∞). In every
panel, outcomes are explored in (θ, nA(0)) space. Every row
shows the solution for a different vaccination rate α. Ev-
ery point in the diagrams amounts to 25 network realizations
times 25 dynamical realizations. White dashed line contours
mark an approximate (due to finite size effects) separation
between ∆nA(∞) = 0 or r(∞) = 0 and non-null values of the
respective observables.

As a complement to our main text results, we also
show results of the same coupled dynamics under a ho-
mogeneous activation threshold θ in Erdős-Rényi and
Barabási-Albert networks both with average degree ⟨k⟩ =
10.

1. Erdős-Rényi networks

Although not presented here, the trivial scenario with
α = 0 triggers no cascading behavior, and subsequently,
no vaccination at all (since v(0) = 0). Therefore the
prevalence is always the maximum expected according
to the given disease and network characteristics. In this
case, for the stochastic simulations on the ER network,
we obtain an average value rmax

ER ≡ rER(∞) = 0.454,
with [0.450, 0.460] as the 95% confidence interval (CI).
Indeed, for the limit case nA(0) → 0 and θ > 0, with
θ > nA(0), vaccination is trivially null for any α and
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FIG. D2. Homogeneous thresholds in Barabási-
Albert networks. Results for normalized activation change
∆nA(∞), vaccination coverage v(∞), and prevalence r(∞).
In every panel, outcomes are explored in (θ, nA(0)) space.
Every row shows the solution for a different vaccination rate
α. Every point in the diagrams amounts to 25 network real-
izations times 25 dynamical realizations. White dashed line
contours mark an approximate (due to finite size effects) sepa-
ration between ∆nA(∞) = 0 or r(∞) = 0 and non-null values
of the respective observables.

the system’s prevalence approaches the case with α = 0,
rER(∞) → rmax

ER (∞). As a further reference, given the
values being used as epidemiological parameters, β =
0.03 for the transmission rate and µ = 0.2 for the re-
moval rate, and the social interaction term ⟨k⟩ = 10,
under a homogeneous mixing approximation we would
expect R0 = β⟨k⟩/µ = 1.5, and thus rhom(∞) = 0.58
as computed from the classical SIR solution given by the
transcendental equation r(∞) = 1 − e−R0r(∞). Despite
ER networks being regarded as homogeneous systems
that can resemble more a standard well-mixing approach
than, for instance, scale-free networks where the degree
distribution has a power-law form, the relatively low ⟨k⟩
results in a significant contact saturation that leads to a
reduced epidemiological impact[68].

For the lowest proposed vaccination rate scenario, α =
0.001, we observe that for the most of the (θ, nA(0))-
space, there is no growing support for vaccine adoption,
that is, ∆nA(∞) = 0 (Figure D1 panel A1). We re-
fer to the space where ∆nA(∞) = 0 to the impassive
region. Consequently, vaccination coverage is extremely
low (Figure D1 panel B1), and sizeable outbreaks emerge,
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ranging roughly between r(∞) ∈ (0.3, 0.46) (Figure D1
panel C1). The region of the parameter space where ad-
herence to vaccine uptake is the maximum possible, θ = 0
with nA(0) ∈ (0, 1), shows a slightly larger vaccination
coverage and a lower prevalence. In any case, all the
parameter space is characterized by an endemic solution
(r(∞) ̸= 0).

As the vaccination rate α increases, there is a growing
region of (θ, nA(0)), where hesitancy recedes and fades
away, and consequently vaccine uptake emerges and the
disease prevalence decreases. For α = 0.0025, the maxi-
mum VC attained is at v(∞) = 0.324 [0.318, 0.327] (Fig-
ure D1 panel B2), and the corresponding prevalence is
reduced to r(∞) = 0.145 [0.140, 0.149] (Figure D1 panel
C2). The impact has been notably reduced in some re-
gions of the parameter space, but the vaccination rates
are still slow enough to avoid the emergence of epidemic
outbreaks. Doubling α, α = 0.05, clearly, the solution
landscape changes. We attain a vaccination coverage
around v(∞) = 0.425 [0.417, 0.432] (Figure D1 panel B3),
which provokes the beginning of an emergent disease-free
region (Figure D1 panel C3). Still increasing α values
translates into successful positive feedback between the
vaccination adoption opinion dynamics and the vaccina-
tion campaign, which in turn increases the parameter
space region where a disease-free solution reigns and, con-
sequently, the endemic solution is bounded to domains
with high adoption threshold θ and low to very low ini-
tial support nA(0) (Figure D1 panels C4, C5, and C6,
progressively).

Overall, for a fixed value of θ, moving from nA(0) = 0
to nA(0) = 1, means that hesitancy loses ground, vacci-
nation coverage increases, and disease prevalence tends
to zero. In high enough α scenarios, for low θ, the tran-
sitions occur in a more abrupt way, whereas for medium
to high θ, the transitions are smoother. Varying θ with
fixed nA(0) does not have a notable effect except where a
phase separation exists. If the initial vaccine acceptance
nA(0) is high enough, even θ → 1 has no effect on vacci-
nation and prevalence. A giant component of vaccinated
individuals can emerge fast enough to avoid a sizeable
outbreak. On the other hand, as nA(0) decreases (for
a fixed α), critical values of θ appear that, if surpassed,
can bring the system from a disease-free phase to an en-
demic phase. This critical threshold θ, however, can be
pushed toward higher values if the vaccination campaign
proceeds at faster rates.

The extreme and unrealistic case of α = 1, depicts
an abrupt transition when looking at the behavior of
∆nA(∞) in (θ, nA(0))-space (Figure D1 panel A6). A
rather marked boundary separates the region where the
maximum size of cascading behavior occurs and the re-
gion where factoring in the initial support nA(0), there
is no further change induced. This impassive region pre-
cludes the system from reaching total VC there. How-
ever, for the largest part of it (roughly when nA(0) >
0.25), VC, as being propelled by a high vaccination rate,
is large enough to drive the system to the free-disease

phase. Finally, it is noteworthy that the solution land-
scape for r(∞) is very similar across the vaccination sce-
narios with α = 0.05 and α = 1 (Figure D1 panels C5
and C6, respectively). This observation suggests the ex-
istence of diminishing returns to the vaccination process
as determined by α, possibly constrained by the underly-
ing network topology. Therefore, a moderate vaccination
may be sufficient to efficiently mitigate the epidemic im-
pact of the disease.

2. Barabási-Albert networks

For α = 0.001, the situation is qualitatively similar to
the coupled dynamics running on homogeneous networks.
Vaccination rates are too low to trigger a cascading be-
havior and change individuals’ hesitant opinions toward
vaccine-proactive individuals. Virtually, VC is null across
the (θ, nA(0)) (Figure D2 panel B1), and prevalence is
maximal for the BA network under the current epidemi-
ological parameters, being rBA(∞) = 0.504 [0.503, 0.505]
(Figure D2 panel C1). However, at odds with the ER net-
work case, continuing to increase α has hardly an effect.
Adherence to vaccination advances very slowly (Figure
D2 panels A1 to A4), and consequently VC is sluggish.
Even at α = 0.01, disease prevalence continues to be
very high across all the (θ, nA(0)) space. Still, even at
α = 0.05, an important region of the parameter space
suffers a high epidemic impact, and no disease-free solu-
tion emerges. Lastly, for α = 1, the situation of ∆nA(∞)
(Figure D2 panel A6) and v(∞) (panel B6) now resembles
more closely the results for the ER network (Figure D1
panels A6 and B6, respectively). However, in the impas-
sive region (∆nA(∞) = 0) where VC remains very low to
null, the epidemic impact is larger than in homogeneous
networks.

In BA networks, the competition between disease con-
tagion and the opinion-vaccination dynamics is over-
whelmingly won by the former. This outcome is ex-
pected, considering the well-documented fact that the
topology of heterogeneous networks facilitates a rapid
spread of disease [69]. In this coupled dynamical system
under study, disease transmission is a simple contagion
process, requiring only a single contact between an in-
fected and a susceptible individual to propagate, whereas
opinion dynamics—a complex contagion—demands a
critical mass of individuals who are not only persuaded
but also vaccinated, to initiate a cascading effect of be-
havioral change. In contrast to the dynamics on ER net-
works, the heavy-tailed degree distribution found in BA
networks means that highly connected nodes play a sig-
nificant role and necessitate a larger number of influenced
neighbors to shift their stance toward a pro-vaccination
viewpoint, thereby impeding or delaying widespread vac-
cination coverage.
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Appendix E: Survey-based thresholds on ER and
BA networks

1. System’s behavior under different vaccination
scenarios

To finalize the analysis on ER and BA networks, we
extend the model to the survey-based thresholds scenario
as we did in the main text for the data-driven multilayer.

In Panels B1 and B2 of Figure E1, we focus on vaccina-
tion coverage. In low α regimes, VC is primarily between
0.1 and 0.2, with the exception of Alaska (AK). For in-
termediate α values, representing more realistic vaccine
uptake rates, the disparity in VC across states reduces
but widens again as α → 1. Due to inherent differences
in each state’s ⟨k⟩ and, more importantly, their θ dis-
tribution, the curves intersect at various points. These
varying gaps and curve crossings for different α values
reflect the diversity in vaccine attitudes across states. As
a specific example, the case of Massachusetts (MA) is in-
teresting. In the lowest α regimes, MA occupies a median
rank among states, with 13% of its population having al-
ready received the vaccine. However, with increasing α,
the vaccination-opinion feedback loop is further stimu-
lated. This facilitates the progressive vaccination of in-
dividuals in subsequent categories, specifically “soon” at
47%, and “someone” at 18%. Ultimately, this leads MA
to emerge as one of the states with the highest vaccina-
tion coverage.

Regarding the final disease prevalence r(∞), Panels C1
and C2 display results for ER and BA networks, respec-
tively. The most notable difference between the network
types aligns with previous analyses. For ER networks
(Figure E1 C1), in very low α regimes, prevalence across
US states ranges from 0.1 to 0.3. These values decrease
rapidly with increasing vaccination deployment, reaching
a disease-free state beyond α ≈ 0.05. Alaska is corre-
spondingly an exception here too; its prevalence is negli-
gible across all vaccination rate scenarios, as represented
by α. With an initial “already vaccinated” fraction of
v(0) = 0.29, Alaska’s outcomes suggest that for very low
α, the opinion-vaccination cascades do not initiate, re-
sulting in v(∞) ≈ v(0). This indicates that such an
initial v(0) is close to the herd immunity threshold pc,
preventing sizeable outbreaks. For a well-mixed popu-
lation, akin to an ER network with a basic reproduc-
tion number R0 = 1.5, the herd immunity threshold is
pc = 1− 1/R0 ≈ 0.33. Alaska’s negligible impact is thus
understandable in light of its initial condition v(0)[70].
Conversely, in BA networks we saw the impossibility of
attaining a disease-free solution for most α values. Now,
even Alaska experiences significant outbreaks for most
α values. In the case of Massachusetts, previously high-
lighted for its vaccination coverage (VC) progression with
varying α in both ER and BA networks, a similar trend
is evident in its prevalence data. It begins at a mid-rank
position but becomes one of the states least impacted
when α reaches high (yet realistic) values.

Overall, while the relationship is not strictly mono-
tonic, it is evident that larger v(0) + nA(0) values corre-
spond to higher VC and lower prevalence, and vice versa,
underscoring the significance of initial vaccine support
conditions in influencing the epidemiological impact.

2. Relevance of heterogeneous thresholds

We explicitly show scatter plots for the different vacci-
nation attitude categories and each US state’s final epi-
demic size for selected vaccination scenarios (see Figure
E2).
We observe a clear correlation as indicated by Pear-

son’s correlation coefficient for low and moderate α sce-
narios of r(∞) and v(0) (“already vaccinated”) (refer to
Figure E2 A1 to A6) and a relatively small or very poor
correlation with respect to the “soon” category (Figure
E2 B1 to B6), the only exception being α = 0.1 for the
BA network case (Panels A6 and B6). As expected, the
higher v(0) is, the lower r(∞). Particularly in the low-
est vaccination rate scenarios, the correlation between
r(∞) and v(0) is very high (Panel A1 with ρ = −0.97)
or even absolute (Panel A4 with ρ = −1), in contrast to
r(∞) vs. nA(0). In these scenarios, where the vaccina-
tion campaign is irrelevant, it is evident that the empha-
sis is on the already vaccinated portion of the population
rather than those pro-vaccine but not yet vaccinated. We
observe that as α increases, the Pearson coefficient’s ex-
planatory power for v(0) diminishes, while it grows (in
absolute value) for nA(0).
For the attitude “someone” (I will take the vaccine

after someone I know), we observe mixed results. At the
lowest α, it indeed correlates positively with prevalence,
and as α increases, the sign of the correlation changes,
and ρ grows in magnitude. However, correlations are
generally weak, suggesting that these individuals are not
key in shaping the spread.

The “most” attitude (I will take the vaccine after most
people I know) shows moderate but distinct correlations.
In states where this fraction of individuals is larger, larger
outbreaks tend to occur. Across different α scenarios
and networks tested, the correlation coefficient ρ varies
within a small range. One reason these individuals are
not more influential is that if a cascade of pro-vaccine
individuals grows quickly enough, those with the “most”
attitude will also likely become pro-vaccine, thus helping
to reduce the final epidemic size. On the other hand, the
presence of such individuals would be highly detrimental
if it were to be accompanied by either high anti-vaccine
sentiment or low pro-vaccine attitudes.

Finally, we consider the anti-vaccine attitude popula-
tion fraction (“never”), i.e. the zealots, denoted by nZ . A
higher nZ correlates with a higher r(∞), although their
statistical correlation varies depending on the vaccina-
tion scenario. Similar to other attitudes, the fraction of
zealots or anti-vaccine individuals increases its explana-
tory power under more intensive vaccination campaigns.
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FIG. E1. Epidemiological impact across US states for varying vaccination rates α. Top panels: Results across US
states on ER networks. The vertical dashed line represents an approximate separation between the endemic phase and the
disease-free phase. Bottom panels: BA networks. Panels A1 and A2: ∆nA(∞) vs. α. Panels B1 and B2: v(∞) vs. α. Panels
C1 and C2: r(∞) vs. α. The color bar represents the initial fraction of support for the vaccine: “already vaccinated” v(0) plus
“as soon as possible” nA(0). Some state labels are shown for reference.

Indeed, when vaccination becomes less relevant, it is logi-
cal to expect that individuals refusing vaccines under any
circumstances will not have a significant impact. Their
influence becomes particularly notable in BA networks
for high to very high vaccination rates.

Although not directly comparable, assuming a uniform
threshold setting in ER networks with initial vaccina-
tion support between 0.4 and 0.6, we see in Figure D1
(Panel C5) that we are within the disease-free phase of
the diagram. Similarly, Figure E1 (Panel C1) shows that
all states reach a disease-free solution at approximately
α = 0.05. This suggests that the initial conditions across
states are favorable enough to effectively yield reduced
prevalence, provided vaccination progresses swiftly. Con-
versely, for BA networks, consistently with the simplified
homogeneous setting previously explored, even such ro-
bust initial support is insufficient to significantly lower
the system’s prevalence.
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