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Abstract

Understanding how human behavior and infectious disease dynamics interact is essen-
tial for anticipating and mitigating outbreaks. While coupled behavior-disease models have
provided valuable insights into the feedback between disease transmission and vaccination
behavior, many assume homogeneous populations and neglect the influence of social struc-
ture in shaping individual vaccination strategies. Traditional surveillance systems often
lack timely data on vaccination behavior, making it difficult to monitor changes in pub-
lic vaccine sentiment. Moreover, existing statistical methods for detecting early warning
signals of critical transitions rely on assumptions that do not always hold in real-world
settings. This thesis addresses these limitations by incorporating population heterogeneity
and homophily into a coupled behavior-disease model, and by using the resulting simula-
tions to support the training of data-driven models for forecasting outbreak risks from high-
frequency social media data. Specifically, we develop a coupled behavior-disease model that
distinguishes social media users from non-users, capturing indirect heterogeneity in how
individuals access vaccine-related information. The model demonstrates that homophily
slows the spread of pro-vaccine strategies, pushing the population closer to tipping points.
It also suggests that early vaccine-related online discussions may offer predictive signals of
future outbreaks. Building on these findings, we generate synthetic time series with heavy-
tailed noise to mimic real-world social media data. These model-generated data are used to
train deep learning classifiers, under CNN-LSTM and ResNet architectures, to detect early
warning signals in social media data. These classifiers outperform conventional statistical
indicators, such as variance and lag-1 autocorrelation, in both sensitivity and specificity.
Finally, we extend the modeling framework to a generalized multi-group vaccination game,
considering direct heterogeneity in levels of vaccine support. Simulations reveal that ho-
mophily contributes to the persistence of opinion polarization in the population, regardless
of the presence of diseases. Together, these studies highlight the need to account for het-
erogeneity in modeling vaccination behavior and that homophily can have various effects
depending on the states of the system. We also show that combining mechanistic models
and data-driven techniques can help detect emerging risks of disease outbreaks, informing
more proactive public health policies.
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Chapter 1

Introduction

Alongside warfare and technology, infectious diseases have played a signi cant role in shap-
ing human history. In his Pulitzer-Prize-winning bookGuns, Germs, and Steel: The Fates
of Human Societies Dr. Jared Diamond argues that Eurasia's historical dominance was
due in part to the development of immunity to deadly infectious diseases after centuries
of exposure to pathogens carried by domesticated animals, which was an advantage not
shared by the native peoples of the New World [68]. Diseases such as smallpox served
as \invisible weapons" and had a devastating impact during European colonization of the
Americas and other regions [57, 58]. One striking example is the Spanish conquest of
the Inca Empire. By the time Francisco Pizarro arrived in Peru in the early 16th cen-
tury, smallpox had already decimated a large portion of the Inca population, including the
emperor and his designated successor, igniting a civil war that left the empire politically
fractured and militarily vulnerable [56].

Hundreds of years later, we no longer need to worry about su ering from smallpox, for

it has been successfully eliminated through a global immunization program launched by the
World Health Organization (WHO) [212, ]. However, the threat of infectious diseases
still remains [165]; apart from smallpox, no other infectious disease has been completely
eradicated [82]. Measles, for example, continues to be a public health problem in many
parts of the world, even though e ective vaccines have been available for decades [206, ].
More recently, the emergence of the COVID-19 pandemic pressed the pause button on
the world, disrupting healthcare systems and economies, while also reshaping daily life for
almost everyone{from the sudden shift to working from home to the widespread suspension
of international travel.

The battle against infectious diseases has been a continuous thread throughout human



history, during which vaccines have emerged as a powerful tool for protection. They typ-
ically contain weakened or inactivated parts of a virus or bacteria, or generic instructions
(such as mRNA) to prompt the body to produce a harmless piece of the pathogen. These
components train the human immune system to recognize and respond quickly to real in-
fections, thereby preventing illness [239, 45, ]. In the past, when a highly contagious
disease swept through a region, the population became infected with only two possible out-
comes: recovery with acquired immunity, or death. These diseases spread quickly and then
faded away just as rapidly, disappearing until another carrier of the pathogen arrived [176].
Vaccines o er a third path by stimulating the immune system to produce antibodies, which
allow people to gain immunity without su ering from the disease.

Although vaccines have been proven e ective in preventing diseases, motivations and
concerns about vaccination di er between the public and individual levels. At the public
level, high vaccination rates are essential to build herd immunity{when enough people be-
come immune to a disease, either through previous infection or vaccination, the pathogen
cannot spread freely in the population, protecting those who lack immunity [161]. At the
individual level, the decision to get vaccinated is in uenced by various factors, such as
personal beliefs, fear of side e ects, or access to vaccines. During the COVID-19 pan-
demic, many people expressed hesitation about the newly developed vaccines [74, 98, 1,
worrying that the accelerated approval process might have overlooked potential risks. At
the same time, proof of vaccination was often required for access to public places, which
indirectly forced people to get vaccinated despite their concerns.

Individual decisions about vaccination are also a ected by the behavior of others. Peo-
ple tend to rely on other people's actions to determine how they behave, especially in times
of uncertainty. This is a common psychological and social phenomenon knownsagial
proof [51]. When deciding whether to get vaccinated, people often look to those around
them for guidance. If their family members, friends, or colleagues choose to get vaccinated,
they will probably do the same since the vaccine gains credibility [188]. In contrast, if many
in their social circle refuse to get vaccinated, they may be discouraged from doing so as
well. In this sense, vaccination becomes a kind of \imitation game".

The spread of infectious diseases, the impact of vaccination, and imitation among indi-
viduals are closely interconnected and form a dynamic feedback loop. Speci cally, people's
tendency to imitate others' vaccination behavior can cause vaccine coverage in the pop-
ulation to either rise or fall, which, in turn, determines whether a pathogen persists or
eventually dies out. Meanwhile, the state of the epidemic also a ects people's incentive to
get vaccinated: when a disease spreads quickly and leads to a large outbreak, the vacci-
nation rate often surges in response; otherwise, people may feel less urgent and choose to
delay or avoid vaccination [23]. This feedback loop unfolds within complex social networks,
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where social connections vary in number and strength. Individuals with more social ties
can in uence, and be inuenced by, more people, so their vaccination behavior is more
likely to change. Moreover, clusters of like-minded individuals lead to more selective in-
teractions, meaning people tend to encounter certain types of information while others are
Itered out [15].

These intertwined dynamics also suggest that patterns in real-time behavioral data
could potentially re ect underlying trends in vaccine uptake. Traditional surveillance
systems typically rely on low-frequency and aggregate data, such as annual vaccination
reports, which often su er from reporting delays [222]. In recent years, the rise of digi-
tal platforms has enabled the collection of large-scale and high-frequency behavioral data.
Social media activities, web searches, and other digital traces o er timely information on
public sentiment on health-related topics, including attitudes about vaccination. Such data
0 er a promising way to improve the timeliness of vaccine coverage monitoring, allowing
early detection of changes in vaccine uptake [192, ].

This thesis addresses the following two main knowledge gaps:

() Individuals in a population are not identical, and there are di erences in various
aspects such as age and occupation, a phenomenon knowrheterogeneity These
di erences give rise to non-random contact patterns [116], where people are more
likely to interact with others who share similar characteristics, a tendency referred
to as homophily [157]. For example, children tend to interact more frequently with
children in schools, while adults primarily socialize with adults in workplaces. Such
contact patterns have been extensively studied in the context of disease transmission,
but their in uence on the spread of health-related behavior, such as vaccination, has
received relatively little attention. In this thesis, we develop a generalized model-
ing framework that captures how individuals in di erent subgroups in uence one
another's vaccination behavior through imitation, and investigate how homophily
a ects both the behavior and disease dynamics.

(i) Monitoring changes in vaccine coverage is of great importance. However, available
vaccination rate data are often coarse in temporal resolution, making it di cult
to capture timely feedback. This thesis aims to identify signals in high-frequency
data that are potentially associated with trends in vaccine coverage, and to use
deep learning (DL) models to predict whether the vaccination rate is approaching a
tipping point. In situations when empirical data are insu cient to build a complete
training dataset, we explore whether simulated data can serve as a substitute, a
hybrid approach that combines mechanistic models and data-driven methods [14].



Figure 1.1: Measles cases (blue) and deaths (red) in the United Kingdom from 1940 to
2023. The gray dashed line marks 1968, the year the measles vaccine was introduced. Data
from [220].

1.1 Epidemic models of measles

Among various infectious diseases, we chose measles as our focus based on several key
factors. First, measles is one of the most contagious human diseases. This high transmis-
sibility makes measles an ideal candidate for evaluating the accuracy and robustness of
mathematical epidemic models [105]. Second, measles is highly preventable through vacci-
nation. According to the Centers for Disease Control and Prevention (CDC), one dose of
the measles, mumps, and rubella (MMR) vaccine is 93% e ective against measles, and two
doses increase the e ectiveness to 97% [44]. However, measles outbreaks continue to occur
occasionally due to decreases in vaccine coverage caused by vaccine hesitancy and behav-
ioral factors, showing the critical role of human behavior in disease dynamics [183, ]
Third, measles is supported by extensive historical epidemiological data, which facilitates
model calibration and empirical validation. As shown in Figure 1.1, the United King-
dom has over 80 years of measles data. The sharp decline in cases and deaths after the
introduction of measles vaccines in 1968 also highlights the strong impact of vaccines.

To study the transmission dynamics of measles, we adopt the Susceptible-Infectious-
Recovered (SIR) model, one of the most fundamental compartmental frameworks in infec-
tious disease modeling [131, 7, ]. Inits basic form, the SIR model divides the population
into three compartments. Susceptible$) individuals have no immunity to the disease and



may become infected upon exposure to the disease pathogen. Infectidysr{dividuals are
currently infected and capable of transmitting the disease pathogen to susceptible individ-
uals. RecoveredR) individuals have acquired immunity and thus do not become infected
again (if we assume lifelong immunity). Sometimes, the termafected and infectious are
interchangeable if we do not consider a latent period. In many cases, people who die from
the disease are also included in theecovered class, as they no longer contribute to the
transmission of the disease. This simpli cation is generally accepted when disease-related
death is negligible with respect to the total population size.

We often useS, |, and R to denote the proportion of individuals in the corresponding
compartments with S+ | + R = 1. Their dynamics over time are described by a system
of di erential equations,

ds

i SI; (1.1)
d _

=S (1.2)
dR

= (1.3)

where is the transmission rate and is the recovery rate (with &= being the mean
infectious period).

The system represented by Egs. (1.1){(1.3) captures only a single outbreak. This is
because, in a closed population, the number of susceptible individuals decreases over time
since they eventually become infected and recover, leaving too few for the pathogen to
infect. Therefore, to model the resurgence of the disease, a continuous source of susceptible
individuals must be introduced. Since measles primarily transmits among young children,
and recovery from measles infection usually gives lifelong immunity, one common approach
is to include natural births and deaths in the system, which gives

ds

— = Si S; 1.4

gt (1.4)

dl

— = Sl I l; 15

gt (1.5)

dR

— = | R: 1.6

o (1.6)
Here, is the birth rate and is the natural death rate. For simplicity, it is often assumed
that = to maintain a constant population. We also introduce the concept abasic

reproduction number Ry, which represents the average number of secondary infections
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caused by a single infectious individual in a fully susceptible population, given %, =

=( + ) [31]. For measles, the basic reproduction number is often cited between 12 and
18, which means that a person with measles can go on to infect 12 to 18 others, though
the estimates could vary widely depending on the context [105].

While Egs. (1.4){(1.6) capture recurrent outbreaks of measles, it does not account
for the seasonal variation often observed in real-world data. For childhood diseases like
measles, the transmission rate tends to be higher during school terms due to increased
contact among children [149]. Thisseasonalitycan be introduced by allowing the trans-
mission rate to vary periodically with time. For example, it can be modeled using a
sinusoidal function (t) = o(1+ ;sin(2t)), with o the mean transmission rate and ;
the amplitude of seasonal variation.

Although considering demographic and seasonal factors improves the practicability of
the classic SIR model, these frameworks still assume that individuals behave passively
in response to disease dynamics. In the post-vaccine era, modeling measles transmis-
sion requires incorporating behavioral dynamics, particularly vaccination decisions. Since
measles vaccines are usually administered shortly after birth, it is reasonable to assume that
vaccinated children enter the disease system as \recovered" individuals and unvaccinated
children enter as susceptible individuals. If we lex denote the proportion of pro-vaccine
parents in the population (since they are the ones who choose whether or not to vaccinate
their children), x represents the fraction of newborns who are vaccinated, whil¢l x)
is the fraction that remains susceptible. Therefore, the system in Egs. (1.4){(1.6) becomes

C;—?: a1 x) Sl S; 1.7)
% = Sl I [; (1.8)
%—Tz X + | R: (2.9)

Naturally, x should be treated as a time-dependent variable, but how does it change as
parents observe and imitate the vaccinating behavior of others?

1.2 The vaccination game

To model how vaccination behavior evolves, we turn tgame theory a mathematical frame-
work used to analyze strategic decision-making where the outcome of a strategy depends
on the actions made by all participants [97, 22]. In classical game theoryptayer is an

6



individual who makes a decision, atrategy is the action a player chooses, and payo
quanti es the resulting bene t or cost [174]. In the measles vaccination game, parents are
the players who choose between two strategies: to vaccinate their child or not. The payo
depends on several factors, such as the perceived risk of the vaccine and the perceived risk
of infection. Each parent aims to maximize their expected payo by making their vaccina-
tion strategy. This choice determines the overall vaccine coverage in the population, which

a ects the infection probability for an unvaccinated child.

Classical game theory assumes that players are fully rational and make decisions with
perfect information. However, in reality, parents cannot accurately assess the probability
of infection. In addition, they tend to adopt new strategies by imitating others [20, 73],
although their vaccination decision is locked in at the time of their child's birth. In response
to these limitations, we adoptevolutionary game theorywhich models how the distribution
of strategies evolves within the population [155].

We follow the replicator equationthat describes how the frequency of a strategy changes
over time based on itstness (analogous topayo in classical game theory) relative to the
average tness in the population [118]. Here, the pro-vaccine strategy has a frequency of
x and the anti-vaccine strategy has a frequency of 1 x. We dene p(x) and A(Xx) as
the expected payo s of pro-vaccine and anti-vaccine strategies, respectively, both of which
are arbitrary functions of x. We let (x) = x p(X)+(1 X) a(x) be the average payo
in the population. The replicator equation for the pro-vaccine strategy is

Taxp0 WI=XA N e ACT (110)
An alternative way to derive the time evolution forx is to start with speci ¢ assumptions
about the payo functions [20]. We assume that the perceived risk of the vaccine is constant
and the perceived risk of infection increases linearly with the current infectious percentage

I (t). Hence, the payo dierence would take the form E = »p A= c+ml. We
further assume that parents are willing to adopt a new strategy only when it oers a
higher payo , and their willingness to switch is higher if the payo gain is larger. Given
the sampling rate , anti-vaccine parents imitate pro-vaccine parents at a ratex , and
switch their strategy with a probability proportional to E. The rate of change in the
frequency of pro-vaccine parents becomes

dx

azx(l X)) E x@ x)(!+1) (1.11)
after rescaling, where! is the relative vaccine risk. When E < 0, the payo of the
pro-vaccine strategy is lower, leading to a net shift to the anti-vaccine strategy in the
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population. Eg. (1.11) remains valid as the sign of E determines the direction of change.
We shall notice that Egs. (1.10) and (1.11) are equivalent sindeis an implicit function of
x through Eqgs. (1.7){(1.9).

A major limitation of the above assumptions is that when the infection level is very
low, the perceived risk of vaccination may exceed the risk of infection, making the anti-
vaccine strategy more attractive regardless of. As a result,x will decrease and eventually
approach zero. However, vaccine refusal remains relatively rare for many childhood dis-
eases, even in places with no infections. This suggests that other factors must be considered
to help maintain a high level of vaccine support. One possible approach is to include the
injunctive social norm that re ects socially encouraged behaviors [173],

d
d—)t(= XL [ ! +1+ 2 1 (1.12)
where quanti es the strength of the injunctive social norm. The term (2x 1) reinforces

the majority strategy by being positive whenx > 0.5 and negative wherx < 0:5.

1.3 Social structure, heterogeneity, and homophily

As previously discussed in our research questions, real-world populations are not well-
mixed, as individuals tend to interact through social networks shaped by spatial, cultural,
and demographic factors. Here, we clarify how key terms are de ned in this study. We
refer to a population ashomogeneously mixed each individual has an equal probability of
interacting with any other member. In contrast, a population is said to bdeterogeneously
mixed if there is a speci c contact pattern due to factors such as geography, social struc-
ture, or individual characteristics. One important consequence of heterogeneous mixing is
the phenomenon calledhomophily, the tendency of individuals to interact with similar oth-

ers [157]. In other words, heterogeneity provides the basis for homophily, while homophily
ampli es the e ects of heterogeneity.

To illustrate contact patterns relevant to vaccination dynamics, we present three social
networks in Figure 1.2, each consisting of 40 individuals with 60% supporting vaccination:
() A homogeneously mixed network modeled as an Erdys-Renyi random graph [79], where
individuals are randomly connected without contact patterns (Figure 1.2A). (ii) A two-
block network, where each block contains 20 individuals who primarily interact within their
own group. The pro-vaccine percentage is 60% in both groups, matching the entire pop-
ulation (Figure 1.2B). (iii) A polarized two-block network, where one group is dominated



Figure 1.2: lllustration of di erent social networks. Red nodes represent pro-vaccine indi-
viduals, blue nodes represent anti-vaccine individuals, and edges denote social connections.
(A) A homogeneously mixed network modeled as an Erd)s-Renyi random graph. (B) A
two-block structure, each containing a mix of pro- and anti-vaccine individuals in propor-
tions matching the overall population. (C) A two-block structure with polarized vaccine
sentiments.

by pro-vaccine individuals (90%) and the other is dominated by anti-vaccine individuals
(30% pro-vaccine) (Figure 1.2C).

We now turn to the vaccination game. We do not focus on speci ¢ network topologies,
as detailed behavioral data on person-to-person interactions are rarely available. Instead,
we adopt an abstracted population structure by dividing the population into subgroups.
We assume homogeneous mixing within each group, while the entire population exhibits
heterogeneous mixing. In Figure 1.3, we consider a simpli ed case in which the population
is divided into two subgroups. Within this framework, parents can imitate others within
their own group or from the other group. Due to homophily, cross-group imitation occurs
less frequently and has a weaker in uence. We assume that parents are free to change their
vaccine sentiment through imitation, but they do not switch between subgroups.

1.4 Early warning signals for critical transitions

Sudden and dramatic shifts are common features in many complex systems, ranging from
the collapse of ecosystems [198, 87] and abrupt climate change [10] to crashes in the nancial
market [128]. These so-calledritical transitions can occur when a system is gradually



Figure 1.3: Imitation processes in a population with two subgroups. Bi-directional arrows
represent imitation occurring both within and between groups, with arrow thickness indi-
cating the relative strength of imitation.

pushed toward atipping point, beyond which small perturbations trigger large and often
irreversible changes. The popular bookhe Tipping Point: How Little Things Can Make a
Big Di erence by Malcolm Gladwell captures this idea in a broad societal context, showing
how subtle behavioral changes can lead to widespread social transformations [100].

Such tipping behavior is particularly relevant in coupled human-environment systems,
where interactions between natural dynamics and human decision-making create complex
feedback loops [80]. In these systems, human behavior does not simply respond to envi-
ronmental changes; it can actively alter key parameters of the system itself. For instance,
policy decisions, social norms, or individual risk perceptions may in uence the rate of
pollution or resource consumption, which drives environmental changes [132]. A similar
mechanism exists in the coupled behavior-disease model discussed in this study. When
misinformation about vaccines spreads widely in a population, the perceived risk of vac-
cination can gradually increase. As a result, more individuals may opt out of vaccination
because their subjective risk-bene t assessment has changed. These changes in collective
behavior can lead to sharp declines in vaccination rates and, in extreme cases, to a collapse
in vaccine uptake. A notable example is the MMR-autism scare in the late 1990s and
early 2000s, triggered by a now-debunked study that falsely linked the MMR vaccine to
autism [36].

The nonlinear nature of these coupled systems means that gradual changes in individual
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behavior can lead to sudden shifts at the population level, such as from a disease-free state
with full vaccine uptake to an endemic state with zero vaccine uptake. Mathematically,
this kind of critical transition can be understood through the lens obifurcation theory in
dynamical systems, which describes how small changes in parameters may induce qualita-
tive shifts in the long-term behavior of the system [196, Bifurcations are generally
classi ed as local and global, depending on whether the qualitative change can be detected
by a stability analysis of the equilibria. This study focuses orocal bifurcations which
occur when the stability of an equilibrium changes as eigenvalues of the system's Jacobian
matrix cross the imaginary axis [213, ]. For the coupled behavior-disease system de-
scribed in Egs. (1.7){(1.9) and Eq. (1.12), the point$ ;1 ;R ;x ) =(0;0;1; 1) represents

a disease-free equilibrium with full vaccine uptake, which is stable when the social norm
is stronger than the relative vaccine risk (>! ) [173]. However, ad increases and ex-
ceeds due to the spread of misinformation, this equilibrium destabilizes, and the system
converges to a new steady state: an endemic equilibrium with zero vaccine uptake. The
threshold! = marks a critical transition, beyond which a collapse of vaccine uptake
occurs [175].

Importantly, the approach to a bifurcation is often accompanied by changes in the sys-
tem's properties. One widely studied phenomenon is calleditical slowing down (CSD),
which refers to the system's increasing recovery time from small perturbations as it ap-
proaches a tipping point [235]. Imagine a ball placed at the bottom of a well. If the
well is deep and steep, a small nudge will cause the ball to quickly roll back to the bot-
tom, just as a system returns to equilibrium after a small perturbation. However, as the
system approaches a tipping point, the well becomes shallower and atter, and the same
nudge causes the ball to return more slowly [62]. This slower recovery re ects the reduced
resilience of the system.

Although CSD can theoretically be detected by applying small disturbances to a system
and measuring how quickly it returns to its initial state, this method is impractical in real-
world settings. Moreover, CSD occurs because the dominant eigenvalue of the system
approaches zero from below [221], but the governing equations of a real-world dynamical
system are usually unknown. As a result, researchers have turned to statistical techniques
that can capture the signs of CSD in time series data. Two commonly used indicators are
lag-1 autocorrelation and variance [197].

As a system approaches a tipping point, its recovery from disturbances becomes slower,
causing its current state to resemble its previous state more closely. Lag-1 autocorrelation
measures the correlation between the state of the system at timeand timet 1, and
tends to increase toward 1 when a system experiences CSD. Meanwhile, reduced resilience
makes the system more sensitive to random uctuations, allowing them to push the system
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further from equilibrium and leading to an increase in variance. Therefore, increases in
lag-1 autocorrelation and variance are considered signals of CSD, which we often refer to
as early warning signals(EWS). To detect such signals, the trend of an indicator is typi-
cally quanti ed using Kendall's tau correlation coe cient, which ranges from 1 (strictly
decreasing) to 1 (strictly increasing) [64].

In addition to lag-1 autocorrelation and variance, other indicators of CSD have also
been proposed in recent studies, such as spectral reddening and detrended uctuation
analysis [62]. While these statistical indicators and trend detection methods have proven
useful in many settings, they often struggle with noisy or incomplete data and rely on
strong assumptions about system dynamics. These limitations have motivated a growing
interest in data-driven approaches for detecting EWS in time series data. In the next
section, we explore how deep learning models can be used for time series classi cation in
the context of critical transitions.

1.5 Deep learning for time series classi cation

From IBM's Deep Blue defeating a world chess champion in the 1990s to DeepMind's
AlphaGo mastering the game of Go in 2016, arti cial intelligence (Al) has made remarkable
progress, not just in game-playing, but in how machines learn and make decisions. Al
broadly refers to the development of algorithms that enable machines to perform tasks that
typically require human intelligence. Within this eld, machine learning (ML) has emerged
as a dominant paradigm that applies data-driven methods to automatically learn patterns
and make predictions without being explicitly programmed [124]. A key subset of ML is
DL, which employs multi-layered neural networks to reveal more complex relationships in
data [140, ]. Neural networks are computational models inspired by the structure of the
human brain, composed of layers of interconnected units (\neurons”) that learn to extract
features from input data.

While DL has achieved signi cant success in image recognition and natural language
processing, its application to classical time series analysis is a relatively new but rapidly
growing area of research. Researchers have demonstrated that deep neural networks can
e ectively capture patterns from sequential data, making them suitable for time series
classi cation tasks [123]. In time series classi cation, the goal is to assign a label to an
entire sequence based on its temporal characteristics. This is distinct from time series
forecasting, which aims to predict future values based on past observations. In the context
of EWS detection, classi cation allows models to recognize whether a system is in a stable
regime or approaching a critical transition, without explicitly modeling future trajectories.
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Among various deep learning architectures, convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) are particularly e ective in dealing with sequential data.
CNNs were originally developed for visual data [141, ], but have since been adapted for
one-dimensional time series by treating the temporal axis analogously to the spatial axes
in images [133]. The core idea behind CNNs is the use of convolutional layers that apply
learnable Iters across segments of the input. As these Iters move along the sequence,
they generatefeature mapsthat capture important temporal features. Convolutional lay-
ers are typically followed by pooling operations that reduce the size of the feature maps
while preserving key information, and then by fully-connected layers that combine learned
features for nal classi cation.

RNNs are designed to model temporal sequences by maintaining a form of \memory"
throughout time steps, enabling them to capture dependencies within sequential data. This
is achieved through recurrent connections, where the output at each time step is fed back
into the network as input for the next step. However, standard RNNs face di culties in
learning long-range dependencies due to exploding or vanishing gradients [26]. To combat
this problem, Long Short-Term Memory (LSTM) networks are introduced, which feature
a separate memory state that persists across time steps without being repeatedly trans-
formed by activation functions or weighted connections [117]. Detailed architectures and
implementation examples of 1D-CNN and LSTM can be found in [201].

Standard CNNs also su er from exploding or vanishing gradients as the number of layers
increases. A Residual Neural Network (ResNet) addresses this issue by incorporating skip
connections that directly link the output of one layer to a deeper layer, bypassing the layers
in between. Each skip connection, along with the intermediate layers it bypasses, forms a
residual block A ResNet is constructed by stacking multiple such residual blocks, allowing
the training of very deep networks without performance degradation [108]. ResNet has
demonstrated success in image recognition and has more recently been adapted for time
series classi cation tasks [230].

Building on these architectures, researchers have begun to explore the potential of deep
learning in the detection of EWS before critical transitions [38, 66, 37]. Since critical tran-
sitions are often related to local bifurcations, and the center manifold theorem suggests
that high-dimensional systems can be reduced to low dimensions near these bifurcation
points, it becomes feasible to focus on simpli ed normal forms of bifurcations. By simulat-
ing these systems, one can generate time series data that capture both CSD before critical
transitions and stable dynamics where no transition occurs, which allows the creation of
labeled datasets where the timing and type of bifurcation are known. DL models trained on
such data can learn to identify early patterns speci c to di erent bifurcation types, while
also distinguishing them from baseline scenarios where no transition is going to happen.
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Notably, [38] shows that the CNN-LSTM framework can provide EWS in empirical and
model time series in ecology and epidemiology, with greater sensitivity and speci city than
traditional statistical methods.

1.6 Thesis outline

The remainder of this thesis is organized as follows. In Chapter 2, we introduce a novel
coupled behavior-disease model that distinguishes between social media users and non-
users when modeling imitation dynamics on vaccination behavior. Unlike existing coupled
models that assume imitation dynamics occur in a homogeneous population, our model
explicitly incorporates heterogeneity in social media engagement and includes homophily to
re ect the tendency of individuals to interact within their own social groups. Our analysis
shows that increasing homophily prevents the spread of pro-vaccine strategies, making
the population more vulnerable to crossing a tipping point into an endemic state with no
vaccine uptake. Furthermore, EWS such as increased variance and lag-1 autocorrelation
were observed in social media data before the 2014 measles outbreak in California [175]. By
analyzing additional datasets, we nd this to be a common phenomenon. Our mathematical
model reproduces similar early earning patterns in simulated social media data, re ecting
the mechanisms that may be at the heart of these empirical observations. This chapter
has been published irMathematical Bioscienceq109].

In Chapter 3, we present a data-driven approach for detecting EWS of vaccine sen-
timent shifts that may precede disease outbreaks. Instead of relying on low-resolution
vaccination rate data, our method analyzes real-time changes in vaccine sentiment derived
from high-frequency social media data to forecast outbreak risk. In addition to the widely
employed CNN-LSTM architecture in previous studies on DL-based EWS [38, 37], we
also develop a ResNet classi er to compare performance. Both classi ers are trained on
time series of social media activity generated from the stochastic coupled behavior{disease
model introduced in Chapter 2. levy noise, rather than Gaussian white noise, is used
in order to simulate heavy-tailed uctuations commonly observed in real-world social and
epidemiological systems. We compare the performance of DL classi ers with traditional
statistical EWS based on the theory of CSD, such as variance and lag-1 autocorrelation, on
both theoretical and empirical disease-related social media data. Our work demonstrates
the potential of using deep learning with real-time social media data to forecast emerging
public health risks with greater accuracy and interpretability. It also provides indirect
evidence supporting the feasibility of training DL models with simulated data when real-
world data is highly limited. This chapter is under review atMathematical Biosciences
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and Engineering

In Chapter 4, we extend the investigation in Chapter 2 by modeling homophily in a
more generalized multi-group vaccination game. In contrast to binary grouping, this model
divides the population into an arbitrary n distinct groups, allowing for more grouping
possibilities and considering more complex cross-group interactions. We narrow our focus
to a three-group game, where we divide the population into one majority group representing
the general public and two minority groups: a strongly pro-vaccine group and a strongly
anti-vaccine group. The study reveals that homophily can lead to multi-strategy equilibria
within each group, causing opinion polarization at the population level, even when the
disease is highly transmissible. Our model provides a possible explanation for a real-world
observation: even in regions with high overall vaccination coverage, there can exist clusters
of communities with persistently low vaccine uptake. This phenomenon cannot be captured
by previous models that assume homogeneous mixing. To our knowledge, this is the rst
study to rigorously analyze the equilibrium structure in a multi-group vaccination game
under homophily. This chapter has been submitted t&roceedings of the Royal Society B:
Biological Sciences

Finally, in Chapter 5, we conclude the thesis by synthesizing the main ndings and dis-
cussing their broader implications for behavior-disease modeling and public health practice.
We also discuss the key limitations of our work and propose several directions for future
research.
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Chapter 2

E ect of homophily on coupled
behavior-disease dynamics near a

tipping point

This chapter is based on the paper: Z. He and C. T. Bauch. E ect of homophily on coupled behavior-
disease dynamics near a tipping point.Mathematical Biosciences 2024, 376:109264.
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2.1 Abstract

Understanding the interplay between social activities and disease dynamics is crucial for
e ective public health interventions. Recent studies using coupled behavior-disease models
assumed homogeneous populations. However, heterogeneity in population, such as di erent
social groups, cannot be ignored. In this study, we divided the population into social
media users and non-users, and investigated the impact of homophily (the tendency for
individuals to associate with others similar to themselves) and online events on disease
dynamics. Our results reveal that homophily hinders the adoption of vaccinating strategies,
hastening the approach to a tipping point after which the population converges to an
endemic equilibrium with no vaccine uptake. Furthermore, we nd that online events can
signi cantly in uence disease dynamics, with early discussions on social media platforms
serving as an early warning signal of potential disease outbreaks. Our model provides
insights into the mechanisms underlying these phenomena and underscores the importance
of considering homophily in disease modeling and public health strategies.

2.2 Introduction

Measles, once a highly contagious disease that claimed millions of lives annually, un-
derwent a signi cant decline in incidence following the development of a vaccine in the
1960s [77, ]. This decline was further accelerated by the introduction of highly e ective
immunization programs [237], especially after the introduction of a second vaccine dose in
the 1990s [183]. In the year 2000, the United States proudly declared measles elimination,
having experienced no transmission for a minimum of 12 months [43, ]. Since then, over
20 million deaths have been prevented globally through measles vaccination [61]. However,
the elimination of measles in the US proved to be short-lived, and worldwide elimina-
tion remains elusive. The constant in ow of the virus carried by international travelers
from measles-endemic regions [142, ], coupled with vaccine refusal leading to reduced
immunization rates, creates ideal conditions for resurgence to occur.

One of the primary factors contributing to measles vaccine refusal is the concern re-
garding vaccine safety. In 1998, a series of articles were published in the esteemed medical
journal The Lancet falsely linking the measles-mumps-rubella (MMR) vaccine to autism
among children [226]. Despite being discredited as fraudulent [195], these articles had a
lasting negative impact on measles vaccination rates worldwide [172, 25]. During the early
2000s, there was a signi cant decrease in public trust regarding the safety of the MMR
vaccine, resulting in a notable decline in the vaccination rate in England between 2000
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and 2004 [216]. The measles outbreak that occurred in Disneyland, California, from De-
cember 2014 to February 2015 also highlighted the consequences of vaccine refusal and its
association with disease outbreaks [150, ]. The California Department of Public Health
reported a substantial decrease in MMR vaccine coverage among kindergarten students in
California from 2010 to 2014 [40].

Human behaviors both in uence and are in uenced by disease dynamics, as outbreaks
often trigger behavioral responses that e ectively prevent the spread of the disease [91, 90].
To explore this interrelationship, it is essential to consider human behaviors in epidemic
models. Evolutionary game theory provides a theoretical framework for understanding
the dynamic nature of individual behaviors. Since the pioneering work by Fine and Clark-
son [85], there has been a signi cant interest in applying evolutionary game theory to model
this two-way feedback in adopting vaccinating strategies [93, , 22,20, , 28], with some
research focusing particularly on measles [21, 19, 72, , ]. Later progress included
considering more than one subgroup of individuals [189] and social contact networks [169].
Recent studies have expanded upon this approach by incorporating bifurcation theory and
placing considerable emphasis on the identi cation of early warning signals (EWS) for crit-
ical transitions [210, , 63, ]. When a system approaches a tipping point, even small
perturbations can trigger a shift to an alternative state, resulting in a reduced ability to
recover from perturbations. This characteristic behavior is referred to as critical slowing
down (CSD). Certain EWS, such as increased variance and lag-1 autocorrelation, serve
as reliable indicators for disease emergence [32]. They enable researchers to proactively
alter the future trajectory of a system, even when working with imperfect epidemiological
data [33].

Monitoring the vaccination rate trend serves as an e ective means of evaluating the
behavior-disease model in real-world scenarios. However, a notable challenge arises from
the limited availability of vaccination data that was typically obtained annually. For in-
stance, National Immunization Survey (NIS) monitors vaccination coverage among children
through annual phone surveys [42]. The coarse-scale nature of the time series data poses
di culties for researchers in accurately tracking trends, identifying the speci c timeframe
when vaccine coverage falls below critical thresholds, and predicting potential future out-
breaks.

The widespread use of social media platforms has signi cantly facilitated the dissemina-
tion of both pro- and anti-vaccine sentiments. Notably, in uential gures on platforms like
Twitter have had a profound impact on shaping public opinion regarding vaccination [25].
Moreover, the availability of high-frequency social media data has introduced novel av-
enues for studying the dynamics of infectious diseases. For instance, Pana@bal. [175]
conducted research that involved geocoding Tweets related to the MMR vaccine prior to
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Figure 2.1: Sequence of events in a directed graph.

the measles outbreak in Disneyland, California from 2014 to 2015. By observing EWS
derived from the time-series data of these Tweets, the study reveals CSD in the dynamics
of vaccine-related discussions.

This article presents an extension of the coupled behavior-disease model, incorporating
two di erent social groups, namely social media users and non-users. Our model captures
the imitation processes occurring within each group and between di erent groups [111]. The
underlying causal inference is illustrated in Figure 2.1. We hypothesize that a decrease in
the proportion of pro-vaccine individuals will lead to a decline in vaccine coverage, thereby
creating the conditions necessary for a potential outbreak. Furthermore, a decrease in
the pro-vaccine percentage (in a population originally dominated by pro-vaccine opinion)
iIs assumed to foster a more balanced distribution of opinions, stimulating discussions on
vaccination. The coupled dynamics allow us to estimate online discussions with a relatively
straightforward formula, which can be validated qualitatively against real-world social
media data.

2.3 Results

2.3.1 Model

To address our objectives, we propose a behavior-disease model that couples disease trans-
mission and vaccinating behavior dynamics. Our approach commences with the widely used
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Susceptible-Infected-Recovered (SIR) epidemic model that incorporates natural births and
deaths [7], where individuals are classi ed as susceptible, infected, or recovered based on
their health conditions during an epidemic. To capture homophily, we categorize each indi-
vidual as either a social media user or a non-user and assume that their social group will not
change; to capture the dynamics of vaccinating behaviors, we employ evolutionary game
theory [20, 21, ], and categorize each individual as either pro-vaccine or anti-vaccine,
with the freedom to observe and adopt the vaccination strategies of others, subsequently
adjusting their own strategies. However, due to homophily, interactions between individ-
uals from di erent social groups occur less frequently [157], and thus are less in uential
in shaping opinions. We assume that individual behaviors can be spread and adopted
quickly [46], and that individuals have a 100% commitment to their vaccination strate-
gies. Consequently, people's attitudes towards vaccination evolve on a similar timescale
as interepidemic periods [232, ]. At each time poirtt the number of new individ-
uals adopting vaccination (vaccinators) entering the system is proportional to the total
number of pro-vaccine individuals present at that speci c time. Likewise, the number of
new non-vaccinators entering the system follows the same relationship. Furthermore, we
assume lifetime immunity after vaccination, so vaccinators enter the system as recovered
individuals, while non-vaccinators enter as susceptible individuals.

We let x; (respectively, x,) be the proportion of frequent social media users (respec-
tively, social media non-users, or infrequent users) that are pro-vaccine. Hence, the propor-
tion of anti-vaccine individuals among frequent social media users (respectively, non-users
or infrequent users) is 1 x; (respectively, 1 x,). We assign the payo sg;(P) and E;(A)

to pro-vaccine and anti-vaccine individuals, respectively, within social grouipas [20, ]
Ei(P)= rv+ off(X1;x2); (2.1)
Ei(A)= ra(l @)+ of {(x1;%2); (2.2)

where E;(S) denotes the payo of adopting the strategyS in the social groupi. r, is the
perceived probability of signi cant morbidity from the vaccine, whiler,, is the perceived
probability of signi cant morbidity from being infected, which is assumed to be a function
of disease prevalencé(t) at time t. ( quanties the e ect of injunctive social norms
(behaviors that individuals are expected to follow and expect others to follow, representing
what people should do, even if it goes against their immediate interests) [51]5 is a
function representing the group pressure of adopting the stratedy in the social group

i [112, ]
We make the assumption that individuals will only imitate others if switching their
vaccination strategy leads to a higher payo [20]. Moreover, the imitation rate is assumed
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to be proportional to the payo gain. Therefore, whenE;(P) > E (A), the rate at which
anti-vaccine individuals in the social groupi imitate pro-vaccine individuals within the
same social group can be determined by calculating

xi(l x)EP) Ei(A); (2.3)

in which is the sampling rate, and represents the rate of social learning. Whén(A) >
Ei(P), Ei(P) E;(A) becomes negative, making Eq. (2.3) essentially

(1 x)x[Ei(A)  Ei(P)]: (2.4)

The negative sign in the front denotes the population out ow, which indicates that anti-
vaccine individuals remain steadfast in their strategy, while pro-vaccine individuals are
switching to an anti-vaccine strategy. A similar calculation can be applied to assess the
imitation dynamics between individuals from di erent social groups. However, both the
imitation rate and the social norm strength between social media users and non-users are
attenuated by a decay factor of (1 h), where h ranges between 0 and 1, representing
the level of homophily [157, ]. A value di = 1 indicates complete homophily, wherein
individuals exclusively interact with similar others, so the social norm from the other group
will have no impact. Conversely, wherh = 0, individuals have no preference for whom
they interact with, so they imitate others at the same rate and are equally in uenced by
the social norm in both groups. We obtain the time evolution ox;:

dx;

d_tl = xi(l x)[E(P) Ei(A)]

+@1 h)x;(1 x)max(E(P) Ei(A);0]

1 h) (1 x))ximax[E;(A) Ei(P);0] (2.5)
wherei;j 2f1;2gandi 6 j since we only consider two social groups. The group pressure
functions in Egs. (2.1) and (2.2) are

fP=xi+@ h)x;

fA=1 x+@ h@ x);
with which Eq. (2.5) becomes

Tz xi@ X e+ o 140 Mg D)
n
+(1 h) @ x)max| ry+cl+ o2 h)(xi+x 1)0]
o]
(1 xj)ximaxfr, cl o2 h)(xi+x; 1);0] :
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After substituting ! ry=q 0=¢ and c, we obtain the coupled model de ned
by the following system of di erential equations:

‘3_? = @1 x) SI S (2.6)
% =sl | (2.7)
Z-'?: x +1 R (2.8)
% = x1(1 xl)[n! +1+ (2x; 1+(1 h)@2xx 1)
+(1 h) x(@ xOmax[ ! +1+ (2 h)(xi+xs 1):0]
(1 xo)xgmax[! | (2 h)(xy+ x; 1);0]0; (2.9)
% = x (1 xz)[n! +1+ (I h)@x: 1)+2x, 1)
+(1 h) xi( x)max] ! + 1+ (2 h)(xi+x2 1);0]
1 xOxemax] | (2 h)(xi+ X2 1);0]0; (2.10)

whereS, |, and R are the proportions of susceptible, infectious, and recovered individuals
respectively. The proportion of pro-vaccine individuals in the entire populationy, is

calculated as
_ XaNgp+ XxoNg |

N1+ N3

N, and N, are assumed to be constant over time. The di erential equation foR can be
eliminated asS + | + R = 1 always holds. The list of parameters employed in Eqgs. (2.6){
(2.11) is presented in Table 2.1. For a detailed elaboration of our model, please refer to
Appendix A.1.

We assume that the rate of pro-vaccine sentiments expressed on social media posts
closely aligns with the actual current vaccination rates in infants [194], allowing the number
of social media posts to serve as a measurement of vaccination behaviors within the system.
Here, we further devise a formula that captures the following characteristics for calculating
the number of social media posts:

(2.11)

() When the disease is not transmitted in the population 0, very small), a substan-
tial number of social media posts (regardless of sentiment) should be generated when
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Parameter Description Baseline value References

N, Pro-vaccine frequent social media users 1000 Choice of interest [181, 70]
N> Pro-vaccine infrequent/non- social media users 19000 Choice of interest [181, 70]
Ro Basic reproduction number 16 [7, ]

Recovery rate 36514 yr ! [7, 77]

Natural birth (and death) rate 1=60 yr ! [7, 77]

Transmission rate 417 yrt [7, 77]

Sampling rate 3000 yr? [21, , , 38]
! Relative vaccine risk 2 104 [21, , , 38]

Social norm strength 3 104 [21, , , 38]
h Homophily level 0.8 Choice of interest

Table 2.1: Parameters and descriptions. Population sizé$; and N, are hypothetical
but the ratio of social media users is obtained from [181, 70N; includes high activity
users only whileN, also includes non-users. The transmission rate is calculated by

= Ro( + ). The relative vaccine risk is assumed to increase linearly from the baseline
value! =(2+0:5t) 10 4.

polarization emerges (i.e. the proportions of individuals holding di erent opinions are
relatively balanced, withx; and 1  x; being approximately equal). If one opinion
overwhelmingly dominates, a prolonged debate becomes unnecessary [121].

(i) When | increases, a greater number of posts (regardless of sentiment) should be
observed online. This aligns with the notion that online discussions on vaccination
tend to surge during disease outbreaks [175].

One possible way to calculate the number of pro-vaccine social media posts is
Tpo=cxi (1 xp)+ | (2.12)

wherec and are scaling factors that characterize the impact of opinion di erence and
disease prevalence, respectively, reaches its maximum value whex; = (1  X;) =0:5,
indicating a perfectly polarized population [164], particularly when is small. Similarly,
the number of anti-vaccine posts can be calculated as

To= (1 x)+ 9 (2.13)

with perhaps dierent scaling factorsc® and ° However, as will be discussed in the
subsequent sections, the number of collected anti-vaccine posts is signi cantly lower than
that of pro-vaccine posts. This discrepancy leads to a less precise estimation. Consequently,
our project will concentrate solely on analyzing the number of pro-vaccine posts.
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2.3.2 Stochastic simulation

The deterministic model shown in Egs. (2.6){(2.10) is converted into a stochastic model
driven by an -stable levy process,

dX = f(X;t)dt+ dL; (2.14)

where X = [S;1;xq;X;], f(X;t) is a column vector of the right-hand sides of Egs. (2.6),
(2.7), (2.9), and (2.10).dL is an additive -stable levy process, and =[ s; |; x;; x.)
is a column vector of scaling factors controlling the magnitude of noise f&; I, x;, and
Xo.

It is noteworthy to highlight our use of an -stable Levy process in generating additive
noises, rather than a conventional Wiener process as in many studies on stochastic models.
The purpose is to better estimate rare and extreme events, such as a drastic change in the
pro-vaccine percentage due to in uential news reports or social media posts by celebrities.
These events often have an in nitesimal probability of occurrence, but would hugely impact
the dynamics of the system, and thus predicting them with high precision is of great
importance [158]. In reality, such events might occur at a higher frequency than a normal
random variable predicts. As a result, a random variable under a fat-tailed distribution
is desired [170]. We choose an-stable levy process with stability parameter 2 (0; 2)
because its tail decays like a power law. Furthermore, anstable Levy process possesses
independent and stationary increments, which provide convenience in designing algorithms
for simulation.

We introduce a modi cation to the formula governing the count of pro-vaccine social
media posts by adding a noise term with

T=mTy+k: (2.15)

Here,m and k serve as scaling factors, while represents an additive noise that follows a
skewed fat-tailed stable distribution, Stable(; ;¢ = c(Tp); = (Tp)) with stability
parameter 2 (1;2) and skewness parameter 2 (0;1). The scale parameterc and the
location parameter should depend onT,. Specically, both c and should increase as
Tp increases (see Appendix A.2). The underlying rationale is that a surge iy signi es

an elevated prominence of vaccination discussions, thereby elevating the likelihood of re-
posting and, consequently, substantially augmenting the total post count.
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Figure 2.2: The! {h parameter plane for the stability of the disease-free equilibriumgj
with unanimous support for vaccination S;1;X1;X,) =(0;0;1;1). E is stable in the dark
blue region on the left and unstable in the light blue region on the right. Red line is the
estimated critical transition! = (2 h).

2.3.3 Homophily may lead to earlier disease outbreaks

Our investigation reveals that homophily may lead to earlier disease outbreaks by pre-
venting the spread of pro-vaccine strategies across di erent social groups. The disease-
free equilibrium with unanimous support for vaccination (leading to full vaccine uptake)
E=(S;l;x1;%2) =(0;0;1;1) is of particular interest as this state represents the desired
outcome. We generated plots of the stability of such an equilibrium when we varied the
perceived vaccine risk , while considering di erent levels of homophilyh. Prior research
has discussed that a critical transition from full to zero vaccine uptake happens when the
perceived vaccine risk exceeds the social norm strength if di erent subgroups are not
considered in a population, which is identical to complete homophilyh(= 1) [173, ]
Due to the complexity of Egs. (2.9) and (2.10), we were unable to derive an analytic ex-
pression describing the relationship between the critical transition point and the level of
homophily, but after a number of experiments, we expected it to bk = (2 h), which
isthe timewhen ! +1 + (2 h)(x;+x, 1)=0atl =0and x; = x,=1.

In our simulation where we maintained a xed social norm strength =3 10 4, and
set initial conditions (S(0); 1 (0);x1(0); X»(0)) = (0:01;10 ©;0:99,0:99), we observed that
such a critical transition occurred when the perceived vaccine ridk was slightly smaller
than the social norm strength. In fact, the regression line is = ( 2:9414+5:8858) 10 #,
which is close enoughtd =( 3h+6) 10 * as we expect. The di erence occurs because
of the small magnitude ofl and the fact that x; + x, 1 is slightly less than 1. From
Figure 2.2, we conclude that > (2 h) is a su cient but not necessary condition for

25



Figure 2.3: Homophily leads to earlier disease outbreaks. Simulations of (A) pro-vaccine
sentiment percentage in the total population, (B) infection prevalence, and (C) susceptible
percentage with di erent homophily levels:h = 1:0=0:8=0:5=0:2 (dark to light colors).

the critical transition.

We explored scenarios where the vaccine risk exhibited a linear increase. Notably, lower
levels of homophily correspond to (i) delayed vaccine uptake collapse and subsequent dis-
ease outbreaks, as the pro-vaccine strategies enjoy wider dissemination (Figure 2.3A and
B); (ii) a larger outbreak size due to the accumulation of susceptible individuals (Fig-
ure 2.3B and C). Moreover, lower homophily levels are associated with (iii) accelerated
vaccine uptake collapse, evidenced by a steeper drop in response to the widespread anti-
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Figure 2.4: The rst time when x drops below 95% in (A)h{ (B) { , and (C) h{
parameter planes. The rst time whenl increases above 1¢ in (D) h{ (E) { , and

(F) h{ parameter planes. Model converges to the disease-free unanimously pro-vaccine
equilibrium in the white regions in (C, F).

vaccine strategies with increasing vaccine risk (Figure 2.3A).

We also varied values oh (homophily level), (social norm strength), and (sampling
rate), and examined their e ects on two crucial time points: the rsttime when the popula-
tion's pro-vaccine percentage drops below 95%, the approximate herd immunity threshold
for measles [67] (Figure 2.4A{C), and the time of the rst epidemic when the infectious
percentagel increases above 10 (Figure 2.4D{F). Keeping h and xed, an increased

precipitates an earlier collapse of vaccine uptake and disease outbreak (Figure 2.4A and
D); maintaining h and constant, a higher leads to a delayed decline in vaccine uptake
and subsequent disease outbreak (Figure 2.4B and E). Notably, our simulations reveal that
with a small , higher homophily levels result in a later collapse in vaccine uptake as well
as the disease outbreak (Figure 2.4C and F). This phenomenon arises because, in scenarios
of low , the pro-vaccine social norm lacks the strength to promote such a strategy, thereby
leading vaccinators to imitate non-vaccinators. However, homophily disrupts this trend,
highlighting the advantageous role of reduced social interactions in such contexts.

Insights into sensitivity are also revealed from the parameter plane plots in Figure 2.4
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(for the elasticity coe cient plot, please see Appendix A.3). By generating colormap
indices based on discrete intervals, we observe that the regions in Figure 2.4A, B, D, and E
are divided nearly horizontally, suggesting that variations in have minimal impact on the
model outcomes. Additionally, we nd that the model is converging towards the disease-
free and unanimously pro-vaccine equilibrium, even in scenarios with linearly increasing
vaccine risk. This trend only occurs when the homophily level is low and the social norm
strength is high (Figure 2.4C and F).

2.3.4 Online events could signi cantly impact disease dynamics

Throughout the study, we assume that the population is originally dominated by pro-
vaccine sentiments. We also believe the sequence of events shown in Figure 2.1 could
possibly occur:

(i) A decline in the number of individuals holding pro-vaccine sentiments would lead
to a corresponding decrease in the vaccination rate shortly. Meanwhile, the drop in
pro-vaccine proportion (when the pro-vaccine faction is the majority) would intensify
discussions about vaccines, as the proportions of individuals with opposite sentiments
approach parity.

(i) When the vaccination rate falls below a certain threshold, along with speci c trigger
events, such as the introduction of imported cases, the potential for a disease outbreak
becomes a signi cant concern.

We posite that a prospective disease outbreak and the observed intense online discus-
sions should not be regarded as unrelated events. In essence, when vaccination becomes
a trending topic on social media, it serves as an indicator that the pro-vaccine percentage
is on the decline, thereby signaling a potential decrease in the vaccination rate, a critical
factor contributing to the likelihood of a future outbreak. It is also worth noting that
the relationship between online discussions and sentiment change is a two-way street; not
only do online discussions re ect the change of sentiments, but they also in uence people's
sentiments at the same time. Posts by o cial government and media accounts are often
perceived as authoritative and more in uential; accounts of celebrities tend to amass a
larger number of followers, so any expressions of opinion from such gures can potentially
trigger a substantial volume of re-posts. Despite their low probability of occurrence, such
extreme events typically polarize public opinions, leading to a rapid surge in the percent-
age of one sentiment (and a drop in the other). Hence, in a simulation, the pro-vaccine
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Figure 2.5: Possible realizations of the stochastic model. (A, E, I, M) Pro-vaccine percent-
age with increasing magnitudes of noisg,, (with N;=N = 5%); (B, F, J, N) corresponding
infection percentage. (C, G, K, O) Pro-vaccine percentage with di erent proportions of
social media userdN;=N: (C)10%, (G) 20%, (K) 40% and (O) 60%; (D, H, L, P) corre-
sponding infection percentage. Dark blue/red lines are the average of 100 simulations, 20
of which are shown using light lines. Dashed blue lines in (C, E, G, |, K, M, O) are the
solid blue line in (A), the standard case.

percentage would undergo a steep increase (or decrease) when such events occurred in the
absence of an outbreak.

Several realizations of the stochastic model are presented in Figure 2.5, in which we
postulate an increasing vaccine risk, consequently expecting a gradual decline in the pro-
vaccine percentage. We investigated the impact of social media activities on disease dynam-
ics, where we assumed that social media behaviors can vary across di erent populations
in two fundamental ways. Firstly, how people engage in online social activities can vary.
To explore those variations, we used di erent noise magnitudes of,. Basically, a larger

x, Signi es higher social engagement, resulting in accelerated opinion propagation and
a higher possibility that extreme events would occur. Secondly, the proportion of social
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media users can be di erent, which can be modeled by changing the ratio of social media
users and non-users in a population while keeping the total population constant.

In Figure 2.5, we present the average curves of the overall pro-vaccine percentage derived
from 100 realizations with various parameter sets. Notably, we see a signi cant shift in the
critical transition point when we amplify the noise magnitudes ,, (Figure 2.5A, E, |, and
M). This shift suggests that heightened social engagement and an increased likelihood of
extreme events could potentially accelerate the onset of vaccine uptake collapse. We also
observe that disease outbreaks are more likely to occur earlier in scenarios with higher social
engagement (Figure 2.5B, F, J, and N). Conversely, the proportion of social media users
in a population does not greatly in uence disease dynamics. While a larger proportion of
social media users does make it easier for the overall pro-vaccine percentage to be a ected
by online events, we nd that the timing of the critical transition displays no obvious
di erence (Figure 2.5C, D, G, H, K, L, O, and P).

2.3.5 Model explains the \early discussions" observed in social
media data

A recent study has unveiled compelling evidence of CSD from Twitter data related to
measles and the MMR vaccine. Researchers observed signi cantly increasing variance, lag-1
autocorrelation, and coe cient of variation in the geocoded time-series data. Remarkably,
these patterns emerged years prior to the Disneyland measles outbreak in California in
2014 [175]. Our investigation extends beyond the California outbreak, encompassing major
measles outbreaks in the United States, the United Kingdom, and Canada spanning the
years 2012 to 2019. Similar patterns are found in the preceding Twitter data of each
outbreak. In some instances, these patterns are less conspicuous due to the limited number
of Twitter posts available for analysis.

We present the results focusing on three measles outbreaks in the selected countries
for which we have successfully collected decent quantities of geocoded Twitter posts (Fig-
ure 2.6E{G, for details on processing the data, please see Section 2.5.2). We also plot
the variance, lag-1 autocorrelation, and coe cient of variation of the selected time-series
Twitter data (Figure 2.6{K, M{O, and Q{S). In the California dataset (Figure 2.6A, E,

[, M, and Q), a signi cant pattern emerges, showcasing a continuous increase in variance
starting from mid-2013, approximately 1.5 years before the outbreak. Meanwhile, lag-1
autocorrelation and the coe cient of variation display an overall upward trajectory with

some oscillations. An abnormal surge in posts results in an instant boost in all three indi-
cators in the New York dataset in May 2017, followed by a rapid decline in December 2017
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