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Abstract: Early warning signals are vital in predicting critical transitions in complex dynamical sys-
tems. For behavioral epidemiology systems in particular, this includes shifts in vaccine sentiments that
may precede disease outbreaks. Conventional statistical indicators, such as variance and lag-1 auto-
correlation, often struggle in noisy environments and may fail in real-world scenarios. In this study,
we leveraged universal signals of critical slowing down to train deep learning classifiers, specifically
using long short-term memory (LSTM) and residual neural network (ResNet) architectures, for detect-
ing early warning signals in disease-related social media time series. These classifiers were trained
on simulated data from a stochastic coupled behavior-disease model with additive Lévy noise, a non-
Gaussian noise that better reflects the heavy-tailed nature of real-world fluctuations. Our results show
that these classifiers consistently outperform conventional indicators in both sensitivity and specificity
on theoretical data while delivering quantitatively clear results that are easier to interpret on empiri-
cal data. Integrating deep learning with real-time social media monitoring offers a powerful tool for
preventing disease outbreaks through proactive public health interventions.
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1. Introduction

Before the development of vaccines, infectious diseases like measles were widespread and often
resulted in significant morbidity and mortality, particularly among children [1]. The introduction of
vaccines drastically reduced the incidence of these diseases, saving countless lives and alleviating the
burden on healthcare systems [2]. Vaccine coverage is crucial not only for individual protection but also
for establishing herd immunity, which prevents the spread of diseases within communities, including
to those who cannot be vaccinated due to medical reasons or choose not to get vaccinated because
of personal interests [3,4]. When the vaccination rate drops below the herd immunity threshold, the
risk of disease transmission increases, and any trigger event, such as an imported case, can potentially
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lead to a large outbreak. Between 2000 and 2013, California saw a concerning decline in the rate of
measles, mumps, and rubella (MMR) vaccination [5, 6]. This drop in vaccination coverage resulted in
the loss of herd immunity, culminating in a significant measles outbreak at Disneyland, in California,
in late 2014 [7-9]. This event underscored the critical need for maintaining high vaccination rates to
prevent the resurgence of preventable diseases.

Monitoring vaccination rates is crucial. In the United States, the Centers for Disease Control and
Prevention (CDC) oversees vaccination data collection through the National Immunization Survey
(NIS) [10]. This annual survey gathers information via telephone from households with children and
adolescents, cross-referencing data with healthcare providers’ records. In Canada, the Public Health
Agency of Canada (PHAC) collaborates with Statistics Canada to collect national vaccination data,
conducting the Childhood National Immunization Coverage Survey (cNICS) every two years since
1994 [11]. In England, Public Health England (PHE) manages childhood vaccination data collection
through the Cover of Vaccination Evaluated Rapidly (COVER) program, which operates on an annual
basis [12]. However, annual or biennial vaccination data collection has notable limitations concerning
bias and timeliness [13]. Response bias can significantly affect the reliability of such data, as those
who choose to participate in surveys may not accurately represent the broader population, potentially
skewing the results. Timeliness is another critical issue. While these surveys provide periodic updates,
they may not capture rapid changes or emerging trends in vaccination rates between survey periods.
This gap can delay the identification of vaccination coverage issues and the implementation of timely
public health interventions. Consequently, the data might not reflect the current state of vaccination
coverage, hindering efforts to address potential outbreaks promptly.

Social media data offers a high degree of timeliness, as it is generated and updated instantaneously,
providing immediate insights into public behaviors, sentiments, and discussions. This real-time na-
ture makes social media an attractive tool for infectious disease surveillance [14—16]. Public health
authorities can quickly detect emerging health concerns [17] and monitor changes in public attitudes
toward vaccinations [18,19] by analyzing social media activities, such as posts, shares, and comments.
Recent advancements have also shown significant promise in incorporating social media into infec-
tious disease modeling [20]. Social media plays a crucial role in altering people’s behaviors by raising
awareness of the disease, which generally helps to slow its spread. For example, when the number
of infections increases and is reported on social media, susceptible individuals become more cautious
and take protective measures, leading to a decrease in the transmission rate between susceptible and
infected individuals, which is often modeled by using an exponentially decreasing function [21-23].
Some models also introduce separate compartments for aware and unaware individuals and model the
transitions among them [24].

As researchers explore ways to incorporate social media into mathematical models, the potential for
enhancing early warning systems becomes increasingly promising [25]. Critical transitions and early
warning signals (EWS) are fundamental concepts in understanding and forecasting sudden changes in
complex systems [26,27]. Critical transitions occur at moments when a dynamical system reaches a
bifurcation point, leading to sudden and often irreversible shifts. EWS, on the other hand, typically
precede these transitions and can provide notice of impending changes, potentially enabling the miti-
gation of adverse outcomes. Specific EWS, such as increased variance and lag-1 autocorrelation, have
demonstrated reliability in indicating the emergence of diseases in epidemic models [28,29].

Deep learning (DL) excels at time series classification due to its ability to learn complex patterns
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within sequential data [30,31]. Research has demonstrated that deep learning models can predict differ-
ent types of bifurcations in time series data for both continuous- and discrete-time models in physiol-
ogy, economics, and ecology [32-34]. These deep learning models can recognize subtle changes in the
time series data that precede critical transitions by learning generic features of bifurcations from large
simulated training datasets. This capability is particularly useful in the context of disease outbreaks,
where early detection of critical transitions can significantly improve response times and outcomes.

Certain EWS (e.g., variance, lag-1 autocorrelation) have been observed in vaccine-related Twitter
data and Google trends prior to major measles outbreaks [35], indicating that changes in public vaccine
sentiments can precede epidemiological events. However, traditional EWS methods typically assume
white noise [36], whereas social media dynamics often follow non-Gaussian noise due to occasional
high-impact events, such as viral posts from celebrities or influencers. These rare but large fluctuations
create heavy-tailed distributions that can distort standard EWS metrics. To explain the phenomenon
of “early discussion” and also better model the extreme events on social media, researchers have de-
veloped a stochastic coupled behavior-disease model with additive Lévy noise that links social media
activity with disease dynamics [37]. This model suggests that heightened online discussion about vac-
cines and infectious diseases can serve as a signal for shifts in vaccine uptake and disease transmission.
Building on these findings, there is promising potential for using deep learning models to detect EWS
for vaccine uptake collapse in social media data. These models can learn to recognize patterns sug-
gesting declining vaccination rates by analyzing large datasets, thereby providing timely alerts and
enabling public health interventions to prevent outbreaks.

The growing field of behavioral epidemiology emphasizes the importance of incorporating human
behavior into the modeling and control of infectious diseases [38—41]. For example, vaccination as
an effective measure of preventing infectious diseases has been extensively studied using evolutionary
game theory to account for individual decision-making [42—48]. Over time, this line of research has
considered factors such as vaccine scares [49, 50], social networks [51,52], social norms [53], and ho-
mophily [37], leading to more realistic models of vaccination dynamics. These increasingly complex
models not only capture key behavioral mechanisms but also offer an opportunity: they can be used
to generate synthetic data for training deep learning models. This idea, previously suggested by [54],
is extended in this study to contribute new tools for the preparedness and mitigation of potential out-
breaks.

In this article, we present a behavioral epidemiological method for using deep learning classifiers
to provide EWS for potential vaccine uptake collapse. We train these classifiers using simulated data
from a stochastic coupled behavior-disease model based on [37] and test their performance on real-
world Twitter data collected before several major measles outbreaks in North America. We evaluate
the classifiers’ performance relative to traditional EWS indicators such as variance and lag-1 autocor-
relation. In addition, we vary the noise amplitude to assess the robustness of these EWS methods.

2. Methods

2.1. Deep learning model framework

We used two deep learning algorithms. The first was a CNN-LSTM framework similar to [32-34],
consisting of a 1D convolutional layer with dropout, a max pooling layer, and two LSTM layers with
dropout, followed by a dense layer (Figure 1A).
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Figure 1. Two deep learning frameworks: (A) CNN-LSTM, (B) ResNet.

The second algorithm applied ResNet [55], as inspired by [30] (Figure 1B). Each residual block
consists of three convolutional layers with progressively smaller kernel sizes, enabling the model to
capture different levels of abstraction. These layers are followed by batch normalization, ReLU acti-
vation, and dropout layers to prevent overfitting. The input to the block is added directly to the output,
allowing the model to retain information from earlier layers. The overall architecture includes three
such residual blocks. The model concludes with global average pooling and a dense layer, which
produces the final output using a sigmoid activation.

Both models were compiled using the Adam optimizer with binary cross-entropy loss and trained
for 300 epochs at a learning rate of 0.0005 and a batch size of 1024. All code was written in Python
using TensorFlow 2.12.0 and executed in Jupyter Notebook. Notably, the ResNet model contains
approximately 20 times more trainable parameters than the CNN-LSTM model and requires a much
longer time to train. The CNN-LSTM model achieved precision scores of 86.3% and 99.3% and recall
scores of 99.4% and 84.2% for positive and negative cases, respectively, using an equal number of
instances for each category. In comparison, the ResNet model achieved precision scores of 96.2% and
80.3% and recall scores of 76.2% and 97.0% for positive and negative cases. The overall accuracy was
91.8% for the CNN-LSTM model and 86.6% for the ResNet model.

2.2. Theoretical data for training

We applied a coupled behavior-disease model that incorporates two different social groups (social
media users and non-users) [37] with an exponentially decreasing media function [21-23]:

dS

= =u(l —x) = Be™SI —us, 2.1)
dl
i Be ™SI —yI —pul, (2.2)
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where §, I, and R are the proportions of susceptible, infectious, and recovered individuals, respectively,
with S +7+R = 1. x; (respectively, x,) is the proportion of social media users (respectively, non-social
media users) that are pro-vaccine. The overall pro-vaccine percentage in the population is the weighted
average x = (x;N| + x,N;)/(N; + N;). The total population size was set to N = N, + N, = 200,000, and
the initial social media user ratio N;/N was drawn from €/[0.05,0.4]. We assumed that the number of
social media users N; had an approximate annual growth rate of 5%. We also assumed that individuals
sample others at a rate x and adopt the sampled strategy with a probability proportional to the payoft
difference, provided it is positive [42]. The basic reproduction number R, of measles was drawn from
the uniform distribution U[12, 18] [3, 56], the recovery rate y was drawn from U[365/22,365/13]
year~! [35,53], the natural birth/death rate u was drawn from U[1/70, 1/50] year™', and the homophily
level h was drawn from U[0.4,0.8] [37]. For the remaining parameters, the transmission rate was
calculated as 8 = Ry(y + u) [3], the sampling rate was set to k = 3000 year~! [35,37], the social norm
strength was set to § = 3 x 107 [35,37,53], and m = 0.6 quantified the impact of the media coverage,
indicating a relatively weak behavioral response to increases in infection prevalence [21, 57]. This
coupled model captures a population of social media users and non-users, where individuals imitate
others’ vaccination strategies both within and across social groups, but tend to interact more within
their own group due to homophily [58].
The deterministic model was converted to a stochastic model driven by an a-stable Lévy noise,

dX = (X, ndt + odL, (2.6)

where X =[S, 1, x1, x2]. f(X, 1) is a column vector of the right-hand sides of Eqs 2.1, 2.2, 2.4, and 2.5.
o =05,05,0,,0,]=[107,2x107%,4x1073, 107%] is a column vector of scaling factors controlling
the magnitude of noise for S, I, x;, and x,. dL is the additive a-stable Lévy process. To preserve the
total population in the stochastic model, we impose the constraint o = —os — 07, which ensures that
the Lévy noise terms do not alter the overall population size. The number of pro-vaccine social media
posts was estimated by

T, =Alexi(1 =xp)+7I]+¢&. 2.7

Here, the scaling factor A = 0.2, while ¢ and T were drawn from U[10,200] and U4[50,000, 100,000],
respectively. £ is an additive noise that follows a skewed fat-tailed stable distribution, with an expected
value of (1 — A)[cx;(1 — x;) + 7I]. The stochastic model was simulated using a self-developed Monte-
Carlo algorithm. The additive Lévy noise term dL was generated using the levy_stable function from
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the Python module scipy.stats with parameters @ = 1.5 and 5 = 0; extremely large jumps with magni-
tude larger than 200 were disregarded. The stochastic term & was also generated using levy_stable with
parameters dynamically adjusted based on the baseline level cx;(1—x;)+7/. To reflect the variability in
user engagement, T, was further perturbed using a probabilistic filter that randomly reduced its value
based on posting likelihood. Finally, all solutions to Eq 2.6 were clipped to lie within the physical
bounds [0, 1] [37].

We modeled the bifurcation parameter, the relative vaccine risk w, as a linearly increasing function
w = (2 +0.5¢) x 107*. A critical transition was defined heuristically when the deviation of x from the
equilibrium was greater than 20 times the noise amplitude o, = (o, N; + 0, N2)/(N, + N,), indicating
a likely escape from the basin of attraction [33]. Such a transition should occur before x drops below
95%, the approximate herd immunity threshold for measles [4]. Upon detecting a critical transition,
the 500 data points of 7', immediately preceding the transition were classified as a “positive” series; if
no critical transition was observed, the time series was disregarded. A “negative” (or “neutral”) series
was generated by setting w just below the estimated bifurcation point (2 — /) [37] and collecting the
final 500 data points. Each series was then smoothed using the Python package ewstools [59] with a
Gaussian kernel at a bandwidth of 100 data points. The residual and the smoothed time series together
form a two-dimensional sample. A balanced set of 10,000 samples of each type was used for training.

2.3. Empirical data for testing

We collected English Tweets containing the keywords “measles” or “MMR” from January 1, 2011,
to December 31, 2019, using the Twitter API. After cleaning the text (e.g., removing usernames, URLS,
non-English characters, and converting emojis to text), we used the Python package geopy and a modi-
fied version of the geodict library [60] to geocode location information. Deep learning has been widely
used for sentiment analysis of vaccine-related content on social media [61,62]. Here, the cleaned and
geocoded Tweets were then classified as pro-vaccine, anti-vaccine, or neutral using COVID-Twitter-
BERT [63]. Our analysis focused on four major measles outbreaks in the United States and Canada
(California 2014—15, New York 2018-19, Washington 2018-19, and British Columbia 2014) [7,64—66]
as well as four countries with mandatory measles vaccination policies and low incidence rates between
2014 and 2018 (Singapore, Mexico, Argentina, and Brazil) [67-70]. Pro-vaccine Tweets from the se-
lected regions and time frames were smoothed using ewsfools with a Gaussian kernel at a bandwidth of
100 data points. The variance and lag-1 autocorrelation of the residual time series were then computed
using a rolling window of 200 data points.

3. Results

3.1. Performance of EWS and DL on theoretical data

We simulate sample positive and negative (or neutral) time series with different noise amplitudes.
Time series with small amplitudes exhibit minor oscillations in the pro-vaccine percentage (Figures 2A
and C), while those with large amplitudes display more pronounced oscillations (Figures 2B and D).
We monitor two conventional EWS, variance and lag-1 autocorrelation, of the time series data on pro-
vaccine percentage (Figures 2E-L) and the number of pro-vaccine social media posts (Figures 3E-L).
EWS indicators are expected to show increasing trends as systems approach critical transitions. Con-

Mathematical Biosciences and Engineering Volume 22, Issue 10, 2761-2779.



2767

A Taneit B C D
2 1.00 RSOl — 4 oo 1.00 B ———————
© M\
(]
f=
80.98 0.98 0.98 0.98
>
o
2 0.96 0.96 0.96 0.96
E F G H
1.0 le-5 1.0 le-5 1.0 le-5 1.0 le-5
[}
1Y)
fe
©05 0.5 0.5 0.5
~
g }
|
| s A - o AVARN APAN N
0.0— —— 0.0l D e 0.0/= 2 s 0.0k SN e VN e
| K L
1.0 1.0l 1.0 1.0
9)
<
09 0.9 0.9 0.9
(o))
©
—0.8 0.8 0.8 0.8

0 1000 2000 3000 4000 O 1000 2000 3000 4000 O 1000 2000 3000 4000 O 1000 2000 3000 4000
Time Time Time Time

Figure 2. Trends in two conventional EWS (variance and lag-1 autocorrelation) applied to
simulated time-series data. (A-D) Pro-vaccine percentage x in the entire population (light
purple) and its smoothed trend (dark purple) for different cases: (A) a positive sample with
small noise amplitudes, (B) a positive sample with large noise amplitudes, (C) a neutral
sample with small noise amplitudes, and (D) a neutral sample with large noise amplitudes.
(E-H) Variance of x. (I-L) Lag-1 autocorrelation of x. In (A, B), grey dashed lines mark the
transition time.

sistent with this, we observe strong increasing trends in variance for both the pro-vaccine percentage
(Figures 2E and F) and the number of pro-vaccine social media posts in positive samples (Figures 3E
and F). However, lag-1 autocorrelation does not exhibit a similar upward trend (Figures 2I and J, Fig-
ures 31 and J).

The outputs of two deep learning classifiers applied to the number of pro-vaccine social media
posts are also shown (Figures 3M—P). The probabilities assigned by the classifiers are smoothed using
a Gaussian kernel to reveal an overall trend. For positive cases, both frameworks predict probabilities
near zero for a long time before sharply increasing, effectively signaling the onset of a transition. In
particular, LSTM transitions earlier than ResNet, indicating greater sensitivity to early signals, and a
faster response. For negative cases, ResNet consistently predicts probabilities close to zero throughout
the time, whereas LSTM produces several spikes and oscillations following sudden increases in the
number of pro-vaccine posts.

The performance of these indicators is assessed using receiver operating characteristic (ROC) curves
(Figure 4). The upward trends in variance and lag-1 autocorrelation are quantified by calculating the
Kendall tau coeflicient, while the final data point in the smoothed probabilities assigned by the deep
learning classifiers represents their prediction outcome. We simulate a balanced set of 500 positive
samples and 500 neutral samples across five different noise amplitudes. The statistics are generated
over the entire pre-transition period, as well as on partial pre-transition periods up to 100, 200, and
400 time points before the transition. For neutral samples, the “pre-transition” period is defined as the
entire time series, as no transition will occur. Using the area under the ROC curve (AUC) score, we
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Figure 3. Trends in two conventional EWS (variance and lag-1 autocorrelation) and two
deep learning classifiers (ResNet and LSTM) applied to simulated time-series data. (A-D)
Corresponding number of pro-vaccine Tweets T, (light purple) and its smoothed trend (dark
purple) of Figures 2A-D. (E-H) Variance of T,. (I-L) Lag-1 autocorrelation of 7,. (M—-P)
Probabilities assigned by two deep learning classifiers. In (A, B), grey dashed lines mark the
transition time.

find that variance on T, is the best-performing conventional EWS, while lag-1 autocorrelation on 7,
performs the worst (Figures 4E-H). Both indicators on x exhibit weak predictive ability (Figures 4A—
D). Deep learning classifiers consistently outperform both variance and lag-1 autocorrelation on x and
T, at all cut-off times in the pre-transition period (Figures 4I-L). When evaluated over the entire pre-
transition period, both classifiers achieve near-perfect performance, with ROC curves approaching the
top-left corner and AUC scores close to 1, indicating high sensitivity and specificity. However, their
performance gradually declines for both classifiers as the cut-off time moves further from the transition,
with LSTM generally outperforming ResNet. This trend reverses at the 400-time-point cut-off, where
LSTM’s performance drops significantly, particularly for negative samples.

3.2. Performance of EWS and DL on empirical data

To test our deep learning classifiers on empirical data, we select four measles outbreaks in North
America between 2013 and 2020 as positive samples: the 2014—15 outbreak in California, the 2018-
19 outbreak in New York, the 2018-19 outbreak in Washington, and the 2014 outbreak in British
Columbia, Canada (Figures SA-D). For negative (or neutral) samples, we choose four countries (Sin-
gapore, Mexico, Argentina, and Brazil) that have mandatory measles vaccination policies and reported
very few measles cases from 2014 to 2018 (Figures 6A-D).
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Figure 4. ROC curves for predictions of an upcoming critical transition in theoretical time-
series data. (A—D) ROC curves based on Kendall tau values for variance and lag-1 autocor-
relation of x. (E-H) ROC curves based on Kendall tau values for variance and lag-1 auto-
correlation of T,. (I-L) ROC curves for probabilities assigned by deep learning classifiers.
Performance is evaluated on 500 positive and 500 neutral simulations. Panels correspond to
different pre-transition periods used for prediction: (A, E, I) the entire pre-transition period,
(B, F, J) up to 100 time points before the transition, (C, G, K) up to 200 time points before
the transition, and (D, H, L) up to 400 time points before the transition. Grey dashed lines
represent the chance level.

Before the three outbreaks across the US (CA14, NY18, and WA19), both the ResNet and LSTM
classifiers show a clear increase in probability predictions, signaling a potential critical transition in the
pro-vaccine percentage among the population (Figures SM—O). Interestingly, while LSTM consistently
responds faster than ResNet in the theoretical data, we find that ResNet is more sensitive to early
signals in the empirical data. LSTM, however, proves effective in filtering out “false signals”, such as
sudden boosts in the number of Tweets caused by the reposting of news reports over a short period.
In both CA14 and NY 18 data, a small drop in the LSTM prediction occurs after it reaches near 100%
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Figure 5. Trends in two conventional EWS and two deep learning classifiers applied to
positive empirical Twitter data. (A—D) Number of pro-vaccine Tweets (light purple) and its
smoothed trend (dark purple) before and during four selected outbreaks: (A) 2014-15 out-
break in California, (B) 2018-19 outbreak in New York, (C) 2018-19 outbreak in Washing-
ton, and (D) 2014 outbreak in British Columbia. Corresponding (E-H) variance, (I-L) lag-1
autocorrelation, and (M—P) probabilities assigned by two deep learning classifiers. Grey
dashed lines indicate the start of each outbreak, with outbreak periods marked by arrows at
the top of (A-D).

(Figures SM and N), as these short-lived bursts of discussion did not lead to a sustained discussion over
time. Consequently, no significant drop in the current pro-vaccine percentage is expected. The number
of Tweets collected in British Columbia is much smaller, making it challenging for deep learning
classifiers to capture patterns in the time series data. The ResNet classifier predicts a zero probability
for a critical transition to occur, while LSTM shows an increasing probability to around 55% during a
period of moderate online discussion before dropping back to zero (Figure SP).

In the four selected countries where measles vaccination is mandatory (SG, MX, AR, and BR),
the number of pro-vaccine Tweets we collected is relatively small. Both ResNet and LSTM predict
low probabilities of critical transitions throughout the time range (Figures 6M-P). In early 2015, all
four countries experienced a relatively large-scale discussion following the outbreak at Disneyland,
California. LSTM captures this slight increase in MX, AR, and BR data. However, the probabilities
drop quickly as the discussion does not last long. Notably, no major measles outbreaks have occurred
in these countries since then.

Our results reveal a marked increase in variance prior to each selected outbreak (Figures SE-H).
Lag-1 autocorrelation has an overall upward trend, with rises that start earlier but have a smaller scale
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Figure 6. Trends in two conventional EWS and two deep learning classifiers applied to
neutral empirical Twitter data. (A—D) Number of pro-vaccine Tweets (light purple) and its
smoothed trend (dark purple) between 2014 and 2018 in four selected countries: (A) Singa-
pore, (B) Mexico, (C) Argentina, and (D) Brazil. Corresponding (E-H) variance, (I-L) lag-1
autocorrelation, and (M—P) probabilities assigned by two deep learning classifiers.

(Figures 5I-L). For negative samples, both values exhibit only significant fluctuations when intense
discussions are observed over a short period (early 2015); they remain relatively stable for the rest of
the time (Figures 6E-L). In the case of variance, when we compare specific numerical values, these
larger fluctuations are still much smaller compared to the values seen in positive cases.

4. Discussion

The coarse-scale nature of vaccination rate data poses challenges for public health departments
in monitoring timely changes, thereby limiting their capacity to provide early warnings of potential
declines. In contrast, social media provides high-frequency data on various topics, including vaccine-
related sentiments. Our findings indicate that deep learning classifiers are adept at analyzing social
media time series data to detect early warning signals of critical transitions in pro-vaccine sentiment.
These classifiers not only exhibit superior sensitivity and specificity compared to conventional EWS,
like variance and lag-1 autocorrelation in theoretical data, but also demonstrate robust performance
when applied to empirical data, underscoring their practical utility in real-world scenarios.

Researchers have evaluated the performance of variance and lag-1 autocorrelation as EWS on a
simple SEIRx (Susceptible-Exposed-Infectious-Recovered-Vaccinator) epidemic model [32]. In our
study, we observe much lower AUC scores for both indicators on the pro-vaccine percentage, which
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we attribute to two key factors. First, unlike a model that broadly divides the entire population into
pro-vaccine and anti-vaccine individuals, our model considers interactions within and between two
distinct social groups. Additionally, the performance of two indicators is assessed not directly on
a state variable but on a weighted average of two state variables with time-varying weights. These
modifications introduce additional complexity to the system and can potentially distort the intrinsic
statistical properties that conventional EWS rely on. Second, instead of Gaussian white noise, we
apply fat-tailed a-stable Lévy noise that has an infinite variance when the stability parameter « is
less than 2. This type of noise can produce large jumps that obscure the subtle and gradual changes
typically expected near critical transitions, reducing the predictive power of variance. Furthermore,
these large jumps can also disrupt the temporal relationship between a system’s current state and its
previous state, making lag-1 autocorrelation a less reliable indicator. The time series representing the
number of pro-vaccine social media posts is more complex due to its derivation from transformed state
variables through multiple functions, combined with additional Lévy noise. This complexity leads
to poor performance in lag-1 autocorrelation, which performs even worse than random guessing. On
the other hand, the high performance of variance is expected, as the scale parameter of the additive
Lévy noise is assumed to increase as the pro-vaccine percentage decreases [37], and such a decrease
is a necessary condition for the system to approach a tipping point. Despite the complexity of the
data, our deep learning classifiers still serve as highly effective indicators. These findings highlight the
advantage of using deep learning classifiers in capturing patterns in transformed and noisy data. This
capability can be particularly valuable in real-world applications, as observational data often undergo
multiple transformations and are influenced by non-Gaussian noise.

The performance of any deep learning model depends heavily on the quality of the training data [71].
For detecting early signals of pro-vaccine sentiment collapse on social media, the ideal training set
should contain time series data from real-world social networks, paired with detailed vaccination data
for the corresponding regions to determine whether a decline in vaccine coverage is occurring. How-
ever, collecting sufficient data from social media platforms is challenging, as most posts lack location
information, and identifying vaccination rate declines from such coarse-scale data becomes even more
difficult. Mathematical models provide an efficient way to simulate large amounts of training data;
they also allow us to precisely control key conditions, such as whether a critical transition occurs and
when it takes place. This approach has also been adopted in recent work, where theoretical epidemic
models were used to generate synthetic data for training deep learning models to detect superspreading
events [72]. Our approach uses a coupled behavior-disease model with two social groups as the back-
bone. We also introduce an exponential media function and randomize most of the parameters in order
to make the data more realistic and diverse. However, it is important to acknowledge that our model
relies on simplifications that may not fully capture the complexity of real-world social media behav-
iors. As aresult, deep learning classifiers trained on those theoretical data could overfit to the synthetic
patterns and struggle to generalize to the unpredictability of empirical data. To address this sim-to-real
gap, a potential direction is to pre-train the model on simulated data, followed by fine-tuning on lim-
ited real-world data (a specific form of transfer learning) [73]. This procedure usually allows models
to retain structural insights from simulation while adapting to empirical noise.

The complex dynamics of social media data require sufficient temporal context to model effectively.
As a result, our approach is particularly well-suited for regions that have not experienced outbreaks
for extended periods, during which vaccination rates are in decline. Ideally, testing samples should

Mathematical Biosciences and Engineering Volume 22, Issue 10, 2761-2779.



2773

come from regions with outbreaks in the early 2010s, when the resurgence of measles began [74,
75]. However, since social media did not gain widespread popularity until the 2010s, few posts were
collected prior to these outbreaks, making the time series data less informative. For outbreaks occurring
in the mid-to-late 2010s, the preceding social media data was often influenced by outbreaks in other
regions. To address this, we reduce the length of the time series to isolate a cleaner segment of data,
minimizing the impact of sudden boosts caused by outbreaks elsewhere. Our choice of 500 data points,
corresponding to approximately 1.5 years of daily data, strikes a balance between capturing annual
trends and seasonal effects while maintaining computational feasibility. However, a longer time series
would be preferable for detecting EWS [76]. To achieve a more accurate reflection of vaccination
rate fluctuations, more detailed data preprocessing methods will be required to filter out the effects of
outbreaks on social media data.

In the four countries with mandatory measles vaccination policies included in our study, the num-
ber of Tweets related to the measles vaccine was low for two main reasons. First, the policy has
made vaccination a socially accepted norm, resulting in little public debate. Second, a large portion
of the discussions occurred in languages other than English, since English is not an official or com-
monly spoken language in Mexico, Argentina, and Brazil, although it is one of Singapore’s four official
languages. Therefore, the English Tweets we collected represent only a small fraction of the total dis-
cussions in these countries, which introduces a selection bias and leads to underrepresentation. Future
research could adopt multilingual approaches using language-specific sentiment models. This would
also help expand the real-world dataset, which could support more effective transfer learning through
pre-training and fine-tuning.

We proposed two widely used deep learning frameworks for time series classification. While each
has its strengths, we do not consider one approach strictly better than the other. The LSTM model is
more computationally efficient due to a much smaller number of parameters. It generally outperforms
ResNet but tends to overreact to short-term fluctuations in some cases. The ResNet model is more con-
servative and predicts a high probability of critical transitions only when enough evidence is observed.
We believe that combining insights from both models offers a more balanced and comprehensive per-
spective, leveraging the sensitivity of LSTM and the stability of ResNet for more robust analysis of
time series data.

We hope this study provides new insights into predicting critical transitions in dynamical systems,
and contributes to the growing field of behavioral epidemiology, particularly in the context of parental
vaccination choices. Human behaviors introduce significant complexity and noise into these systems,
often limiting the effectiveness of traditional statistical early warning indicators. Additionally, real-
world data shortages can also make theoretically feasible models difficult to implement in practice.
Our findings demonstrate that it is possible to bridge the gap between dynamical systems and data-rich
sources like social media and let deep learning models extract meaningful patterns from available data
and uncover early signals of critical transitions, even in noisy and complex environments. Integrating
these models with real-time social media monitoring could serve as a powerful tool for proactive public
health interventions, ultimately helping to reduce the risks of disease outbreaks.
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provided Python scripts.
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