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Abstract

Online toxicity spreads through social interactions in ways
that resemble contagion processes observed in epidemiology.
Prior studies have applied compartmental epidemic models to
analyze the propagation of toxic behavior in digital environ-
ments, yet these approaches typically assume that recovered
individuals must return to a susceptible state before becom-
ing toxic again. In practice, many users rapidly re-engage in
toxic activity after temporary recovery. To capture this behav-
ior, we extend the SEIRS epidemiological framework by in-
troducing an immediate relapse mechanism that allows tran-
sitions directly from the recovered state to the infected state.
Using four datasets spanning political protests, public health
debates, and controversial online discussions, we compare the
standard SEIRS model with the proposed SEIRS-relapse for-
mulation. Results show that incorporating relapse dynamics
reduces L2 norm error and improves robustness across differ-
ent sets of parameter initializations. These findings suggest
that relapse mechanisms provide a useful extension for mod-
eling recurring toxicity patterns in online discourse.

1 Introduction
In recent years, online toxicity has emerged as a significant
challenge affecting social media platforms and online com-
munities. Toxic behavior, characterized by harmful language
and hostile interactions, can spread rapidly within digital en-
vironments and negatively impact user well-being and the
overall quality of online discourse (Sahana et al. 2020). Due
to the contagious nature of such behavior, researchers have
increasingly drawn parallels between the spread of toxicity
and the transmission of infectious diseases (Addai, Yousefi,
and Agarwal 2025). This analogy has led to the application
of epidemiological models to study and predict the propaga-
tion of toxic behavior in social media environments.

Among these models, the SEIRS (Suscepti-
ble–Exposed–Infected–Recovered–Susceptible) framework
has been used to capture cyclical dynamics of behavioral
contagion (Tong et al. 2020). In the context of online
toxicity, individuals may transition from being susceptible
to exposure through interaction with toxic content, become
actively toxic, and eventually recover before becoming
susceptible again. However, this formulation assumes that

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

users must pass through the full susceptible-exposed cycle
before becoming toxic again.

Recurring engagement in harmful behavior has also been
discussed in research on aggression more broadly. Behav-
ioral neuroscience studies suggest that certain forms of ag-
gression exhibit addiction-like characteristics, including re-
lapse after periods of abstinence (Golden and Shaham 2018).
While online toxicity differs from physical aggression, these
findings highlight the possibility that harmful behaviors can
re-emerge after temporary disengagement. Empirical analy-
ses of toxic interaction networks further indicate that some
users repeatedly participate in hostile exchanges and return
to toxic discussions over time (Cheng et al. 2017; Kumar
et al. 2023). These patterns motivate the inclusion of relapse
mechanisms when modeling toxicity propagation dynamics.

To capture this phenomenon, we extend the traditional
SEIRS framework by introducing an immediate relapse
mechanism that allows individuals to transition directly
from the recovered state back to the infected state, which
we call SEIRS-relapse. This modification models users who
rapidly re-engage in toxic behavior, bypassing the suscepti-
ble and exposed stages. Specifically, this study investigates
whether incorporating an immediate relapse mechanism into
epidemiological models improves their ability to capture
toxicity propagation dynamics across multiple online con-
texts.

We tested and compared the performance of SEIRS
and SEIRS-relapse. Our empirical findings from multiple
datasets show that SEIRS-relapse improves the robustness
of model performance in different parameter initialization
scenarios and improves the average performance compared
to SEIRS.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews related work on toxicity and epidemiological
modeling in online environments. Section 3 describes the
methodology, including data collection, toxicity measure-
ment, and the proposed epidemiological model. Section 4
presents the experimental results. Section 5 discusses the im-
plications of the findings, and Section 6 concludes the study
and outlines directions for future research.



2 Related Work
2.1 Toxicity Analysis on Digital Media
The spread of toxicity on social media has become a criti-
cal area of research as online platforms increasingly shape
public discourse. Researchers have analyzed toxicity in on-
line discussions across different platforms. While some fo-
cused on specific events such as the COVID-19 pandemic
(DiCicco et al. 2023; Yousefi et al. 2023; Pascual-Ferrá
et al. 2021), others have applied computational approaches
to detect and analyze toxic behavior on social media plat-
forms including Reddit (Falade, Yousefi, and Agarwal 2024;
Almerekhi, Jansen, and Kwak 2020) and X (formerly Twit-
ter) (Vaidya, Nagar, and Nanavati 2024).

A large body of research has focused on detecting and
classifying toxic content using machine learning and deep
learning approaches (Fan et al. 2021; Taleb et al. 2022;
Bonetti et al. 2023; Patel et al. 2024). Beyond detection, sev-
eral studies have examined behavioral patterns associated
with toxic users (Cheng et al. 2017; Chang and Danescu-
Niculescu-Mizil 2019). Their findings show that banned
users often concentrate their activity within particular dis-
cussion threads, post inflammatory or irrelevant content, and
provoke responses from other users, contributing to the es-
calation of toxic interactions.

Together, these studies demonstrate that toxic behavior
is not only prevalent in online environments but can also
spread through social interactions and user engagement. Al-
though this body of research provides valuable insights into
the detection and behavioral dynamics of toxicity, most stud-
ies focus on measuring or predicting toxic content rather
than modeling the underlying mechanisms that drive its
propagation and persistence within online communities.

2.2 Epidemiological Modeling of Information and
Behavior

Due to the contagious nature of online interactions, re-
searchers have increasingly drawn parallels between the
spread of information and the transmission of infectious
diseases. One of the earliest works establishing this anal-
ogy is the rumor propagation model proposed by Daley
and Kendall (1964), which applied concepts from mathe-
matical epidemiology to describe how information spreads
through populations. Subsequent research further extended
these ideas to networked systems. For example, Newman
(2002) demonstrated that classical epidemiological models
such as SIR can be solved exactly on various network struc-
tures, highlighting their applicability to complex social sys-
tems.

Building on these foundations, epidemiological models
have been widely adopted to study diffusion processes in
digital environments. Abdullah and Wu (2011) proposed a
framework that uses epidemic modeling techniques to an-
alyze the spread of news on Twitter. Similarly, Gardner,
Beard, and Medhi (2017) developed the IoT Botnet with
Attack Information (IoT-BAI) model, based on a modified
SEIRS framework, to study the propagation of malware such
as the Mirai worm in IoT networks.

More recent studies have applied epidemiological ap-
proaches directly to the study of behavioral dynamics on
social media. Nie et al. (2021) incorporated information en-
tropy into a modified SEIR model to analyze the interac-
tion between information dissemination and epidemic trans-
mission. Addai, Yousefi, and Agarwal (2024) introduced a
modified SEIQR model that incorporates memory effects to
capture how past behavior influences future toxic activity.
Additionally, Yousefi and Agarwal (2024) compared several
epidemiological models, including SIR, SIS, and STRS, to
examine how different model structures capture varying lev-
els of toxicity intensity in online discussions.

While these studies demonstrate the usefulness of epi-
demiological frameworks for modeling behavioral conta-
gion, existing models focus primarily on transmission and
recovery dynamics. The behavior of users who rapidly re-
turn to toxic activity after recovery remains relatively under-
explored. Addressing this gap is essential for better under-
standing persistent toxicity cycles in online communities.

3 Methodology
This section details the data collection process, the toxicity
detection method, and the explanation and formulation of
the epidemiological models.

3.1 Data Collection
To examine toxicity propagation across different types of
online discourse, we utilized four datasets representing dis-
tinct thematic domains: political protests, public health de-
bates, and controversial online discussions. These datasets
were selected to capture diverse contexts in which toxic be-
havior frequently emerges, and adapted from prior studies
or publicly available datasets explained in the following sec-
tions. Table 1 summarizes the basic statistics of the datasets
used in this study.

Political Protest Domain For the political protest do-
main, we analyzed the discourse on X surrounding anti-
government protests in Brazil following the October 2022
presidential election. Allegations of electoral fraud dur-
ing this period led to widespread protests, making them
a relevant context for studying toxicity propagation in
socio-political discussions (Rossini, Mont’Alverne, and
Kalogeropoulos 2023). We utilized the dataset from pre-
vious studies (Amure and Agarwal 2025; Bhattacharya,
Spann, and Agarwal 2024), and refer it as Brazil Antigov.

Public Health Debate Domain For the health-related do-
main, we analyzed the discourse related to opposition to
COVID-19 public health measures on X. We utilized the
dataset from an earlier study (Yousefi et al. 2023), capturing
a prominent phase of global COVID-19 debates on social
media. We refer this dataset as Anti-Covid.

Controversial Online Discussions The remaining two
datasets capture controversial online discussions from Red-
dit communities where heated debates frequently emerge.

First, we used a publicly available Reddit Climate Change
dataset on Kaggle (Lexyr 2022). According to the dataset
description from the Kaggle, it was collected to facilitate the



Dataset Platform Timeframe Duration (Days) Toxic Posts Size
Brazil Antigov X Nov 1 2022 - Jan 30 2023 91 16617 403996
Anti-Covid X Mar 12 2020 - Dec 31 2020 295 4420 21031
Climate Change Reddit Sep 1 2021 - Sep 12 2022 377 47730 679784
No New Normal Reddit Jun 6 2020 - Aug 11 2021 432 3502 17707

Table 1: Statistics of the datasets used in the study. Toxic posts are identified using the toxicity detection procedure described
in Section 3.2. Brazil Antigov represents the Brazil anti-government dataset from the political protest domain. Similarly Anti-
Covid represent Covid-19 dataset from public health debate domain. Finally, Climate Change and No New Normal represents
the datasets selected as a part of the controversial online discussions theme.

analysis of climate-related discourse and public debate. We
refer this dataset as Climate Change.

The second dataset focuses on the r/NoNewNormal sub-
reddit, a large Reddit community formed during the COVID-
19 pandemic that opposed public health measures. The sub-
reddit grew to over 100,000 members before being quar-
antined and eventually banned by Reddit in 2021 due to
widespread misinformation and coordinated harassment of
other communities (Milmo 2021). We utilized the dataset
from (Falade, Yousefi, and Agarwal 2024), and it is referred
as No New Normal.

3.2 Toxicity detection
None of the datasets used in this study contained pre-labeled
toxicity annotations. To estimate toxicity levels for each text
entry, we employed the Detoxify model (Hanu and Unitary
team 2020). Detoxify is a transformer-based model built
on the xlm-roberta-base architecture and fine-tuned on the
Jigsaw Multilingual Toxic Comment Classification dataset1.
It is well established and peer-reviewed in multiple stud-
ies (Köpf et al. 2023; Gadre et al. 2023; Falkenberg et al.
2024). The model produces a toxicity score in the range
[0, 1], where higher values indicate greater toxic content.

Following a prior study (Saveski, Roy, and Roy 2021),
we classify a text as toxic if its toxicity score is greater than
or equal to 0.5. This binary classification is used to deter-
mine the number of toxic posts reported in Table 1 and to
construct the time-series used in the epidemiological mod-
els explained in Section 3.7.

3.3 Epidemiological Models
Epidemiological models provide a useful framework for
studying how behaviors spread within populations. By di-
viding a population into compartments such as susceptible,
exposed, infected, and recovered, these models allow re-
searchers to analyze how interactions between individuals
lead to the propagation of a phenomenon over time.

In this study, we reinterpret epidemiological compart-
ments to reflect user behavior in online discussions. Suscep-
tible (S) users are individuals who have not yet posted toxic
content. Exposed (E) users have encountered toxic content
and are in a latent stage before potentially engaging in sim-
ilar behavior. Infected (I) users actively contribute to the
spread of toxicity by posting harmful content. Recovered (R)

1https://www.kaggle.com/datasets/julian3833/jigsaw-toxic-
comment-classification-challenge

users represent individuals who have stopped posting toxic
content, at least temporarily. This formulation allows us to
model how users transition between behavioral states and
how toxicity propagates through online communities over
time.

3.4 SEIRS Model
The SEIRS model extends classical epidemic models by in-
troducing an exposed compartment that represents a delay
between exposure to toxic content and active participation
in it. Additionally, the model allows recovered individuals
to return to the susceptible state at rate δ, enabling repeated
engagement with toxic behavior. The model parameters are
defined as follows:

• β – effective contact rate governing transitions from sus-
ceptible to exposed

• σ – progression rate from exposed to infected
• γ – recovery rate from infected to recovered
• δ – rate at which recovered users become susceptible

again
• λ – recruitment rate representing new users entering the

system
• µ – departure rate representing users leaving the discus-

sion

To reflect the dynamic nature of online discussions, we in-
corporate both a recruitment rate (λ) representing new users
entering the system and a departure rate (µ) representing
users leaving the discussion. The resulting compartmental
structure is illustrated in Figure 1a. These dynamics are rep-
resented in the SEIRS model’s ordinary differential equa-
tions (ODEs) in Eq. 1, which comprehensively describes the
flow of users between states. The equation forms the math-
ematical foundation for studying the propagation of toxicity
across a population, enabling us to quantify how users tran-
sition through these stages over time.

SEIRS
ODEs



dS

dt
= λN(t) + δR− βIS

N(t)
− µS,

dE

dt
=

βIS

N(t)
− (µ+ σ)E,

dI

dt
= σE − (µ+ γ)I,

dR

dt
= γI − (µ+ δ)R

(1)
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(b) SEIRS-relapse

Figure 1: Transfer diagrams for epidemiological models. Figure visualizes the compartments (S)usceptiple, (E)xposed,
(I)nfected, and (R)ecovered. Moreover, it shows which parameters govern the transitions between these compartments.

Quantity N from Eq. 1, representing the population count,
is defined by Eq. 2 at any given time t.

N(t) = S(t) + E(t) + I(t) +R(t). (2)

3.5 SEIRS Model with Immediate Relapse
While the SEIRS model captures long-term reinfection
through transitions from recovered to susceptible states, it
does not explicitly model users who quickly return to toxic
behavior shortly after recovering.

To address this limitation, we extend the SEIRS model
by introducing an immediate relapse rate α, which repre-
sents the direct transition from the Recovered (R) state back
to the Infected (I) state. We theorize that the SEIRS model
with immediate relapse provides a more accurate depiction
of toxicity dynamics by accounting for both short and long
term reinfection cycles.

In this modified model, the flow between compartments
remains the same, except for the addition of the direct R-to-
I pathway governed by the rate α. Figure 1b illustrates the
revised SEIRS model. The corresponding dynamics are cap-
tured in Eq. 3, which incorporates the new relapse term and
updates the overall system of differential equations to reflect
this behavior. The changes in the ODEs are highlighted with
bold.

SEIRS
Relapse
ODEs



dS

dt
= λN(t) + δR− βIS

N(t)
− µS,

dE

dt
=

βIS

N(t)
− (µ+ σ)E,

dI

dt
= σE − (µ+ γ)I +αR,

dR

dt
= γI − (µ+ δ)R−αR

(3)

3.6 Parameter Bounds and Initialization
Parameter Bounds Parameter bounds were chosen to re-
flect plausible behavioral timescales for toxicity dynamics
in online discussions. Since the underlying compartment
transitions are not directly observable, these bounds act as
guiding constraints that keep the optimization within be-
haviorally reasonable ranges rather than representing pre-
cise empirical estimates. For rate parameters, bounds were

specified by defining a minimum and maximum transition
duration and then converting these durations into rates using
their reciprocals. For example, a bound of [1/30, 1/2] corre-
sponds to an average transition time between 30 days and 2
days. Table 2 summarizes the bounds and fixed values used
for each model parameter.

The bounds are designed to capture relative differences
in how quickly different behavioral transitions occur in on-
line discussions. Prior work has shown that toxic behavior
in online discussions is often recurrent, with some users re-
peatedly engaging in such interactions over time and across
contexts (Kumar et al. 2023). These observations motivate
modeling exposure, infection, and relapse as faster processes
compared to recovery and return-to-susceptibility.

The transmission rate β was assigned a relatively wide
bound, [10−6, 10], because the intensity of toxicity propa-
gation may vary substantially across datasets and discussion
contexts. The exposed-to-infected rate σ was bounded to re-
flect a short latent period, corresponding to transitions on the
order of hours to approximately one day, capturing rapid re-
sponses to toxic content. The recovery rate γ was bounded
to allow infected users to remain active between 2 and 30
days, reflecting sustained participation in toxic discussions.
The return-to-susceptible rate δ was bounded more conser-
vatively, corresponding to a return period between 7 and 180
days, representing slower disengagement and re-entry dy-
namics.

The recruitment and departure rates, λ and µ, were fixed
at 10−4 to represent low-rate background turnover in the ef-
fective discussion population. These values were kept small
because both parameters interact with the total population
size and could otherwise dominate the behavioral dynamics.
Fixing λ and µ also reduces model flexibility and helps sta-
bilize parameter estimation across datasets and model vari-
ants.

Finally, the relapse rate α was allowed to vary within the
range [10−6, 1/3], corresponding to relapse timescales rang-
ing from very infrequent recurrence to rapid re-engagement
on the order of a few days.

Initialization In addition to defining parameter bounds,
careful consideration was given to the initialization of model
parameters during optimization. Nonlinear optimization of
epidemiological models can be sensitive to initial parameter
values and may converge to different local minima depend-



Parameter Bound/Value Description
β [10−6, 10] transmission rate
γ [1/30, 1/2] recovery rate
σ [1, 3] exposed → infected
δ [1/180, 1/7] recovered → susceptible
λ 10−4 recruitment rate (fixed)
µ 10−4 departure rate (fixed)
α [10−6, 1/3] relapse rate

Table 2: Bounds of the parameters that govern the transi-
tions between compartments. We selected the bounds for
each parameter heuristically. A bound of [1/180, 1/7] means
the range for that parameter is 7 to 180 days. That is the the
reciprocal of the selected bounds.

ing on the starting point. To mitigate this issue, we adopted
a multi-start initialization strategy in which multiple param-
eter configurations are used as starting points for model fit-
ting.

Initial parameter vectors were generated using Latin hy-
percube sampling (LHS), a sampling technique designed to
efficiently cover multidimensional parameter spaces. LHS
ensures that sampled parameter values span the entire range
of each bound while avoiding clustering of samples in spe-
cific regions of the search space (Helton and Davis 2003).
Using this approach, we generated 100 distinct parameter
initializations covering the feasible parameter domain.

To ensure a fair comparison between the SEIRS and
SEIRS-relapse models, both models shared identical initial
values for their common parameters (β, γ, σ, δ, λ, µ). For
the SEIRS-relapse model, the additional relapse parameter
α was sampled independently within its specified bound and
appended to the corresponding base parameter vector. The
resulting parameter sets were saved and reused across all
datasets to ensure consistent experimental conditions. Each
parameter configuration served as the starting point for a
separate optimization run, producing a total of 100 model
fits per dataset for each model variant.

3.7 Construction of the Toxicity Time Series
After assigning toxicity scores to each post, we constructed
a temporal series representing the evolution of toxic activity
in each dataset. In our experimental setup, we approximate
the infected population using the number of toxic posts due
to the absence of user-level behavioral states. This design
choice enables this framework to be applied across datasets,
but we still acknowledge its simplistic nature. The infected
time series I(t) was obtained by aggregating the number of
toxic posts within fixed time intervals.

Specifically, for each dataset we counted the number of
toxic posts per day:

I(t) = number of toxic posts observed at day t

This series serves as the empirical observation of the in-
fected compartment in the epidemiological model. While the
SEIRS framework includes additional compartments (S, E,
and R), these states are not directly observable from the data

and are inferred indirectly through the model dynamics dur-
ing parameter estimation.

3.8 Model Fitting
To evaluate the ability of the epidemiological models to cap-
ture toxicity dynamics, model parameters were estimated by
fitting the simulated infected trajectory to the observed tox-
icity time series.

Effective Population Size The total population size N re-
quired by the compartmental model is not directly observ-
able from the toxicity datasets. Therefore, in our setting, N
should not be interpreted as the true number of unique par-
ticipants, but rather as an effective discussion population that
sets the scale of the compartmental dynamics, particularly
the susceptible pool and the transmission term.

To obtain a stable and representative estimate of this scale,
we derive N from the infected time series prior to model
fitting. Specifically, we use a high-percentile statistic of the
observed infected counts:

N = 3×Q95(I) (4)

The 95th percentile is used as a stable approximation of
peak activity. Instead of relying on the maximum value in
the observed data, which may reflect the characteristic of a
single day, we use a high percentile to capture typical high-
activity periods.

The multiplicative factor is a heuristic scaling constant
used to expand the observed toxic activity to a larger dis-
cussion population. Since not all participants produce toxic
content, the number of toxic posts reflects only a portion of
overall activity. The factor of three is not intended to rep-
resent a precise proportion of toxic to non-toxic users, but
rather to ensure that the effective population size is suffi-
ciently larger than the observed infected counts to support
meaningful compartmental dynamics. In this sense, it serves
as a practical scaling choice rather than an empirically de-
rived parameter.

We note that this estimation is heuristic and primarily
serves to initialize the model and scale the interaction dy-
namics. While different choices of N may lead to variations
in the estimated parameter values, our objective is to com-
pare model structures under a consistent setup. Since both
SEIRS and SEIRS-relapse models are fit using the same N
for each dataset, the relative comparison between models re-
mains unaffected by this choice.

Given the estimated population size N , the model com-
partments are initialized at the beginning of each simula-
tion. The infected compartment is initialized using the first
observed toxicity value. Because the exposed and recovered
states are not directly observable in the data, they are ini-
tialized to zero. The remaining population is assigned to the
susceptible compartment:

I0 = I(t0)

S0 = N − I0.

E0 = 0

R0 = 0

(5)



This initialization assumes that toxicity propagation be-
gins with the observed infected users while the remainder of
the discussion population is initially susceptible.

Parameter Estimation Parameter estimation was per-
formed using bounded optimization (L-BFGS-B) with nu-
merical integration of the ODE system using a standard
ODE solver. For each of the 100 initializations described
in the previous subsection, bounded optimization using the
bounds in Table 2 is performed to identify parameter val-
ues that best reproduce the observed dynamics. Model per-
formance is evaluated using the relative L2 error (Eq. 6)
between the simulated infected trajectory and the observed
toxicity time series.

L2 Error =
∥Imodel(t)− I(t)∥2

∥I(t)∥2
. (6)

This metric measures the overall discrepancy between the
model prediction and the observed toxicity dynamics across
the full time series. A lower error value indicates a closer
match between the simulated and observed trajectories.

4 Results and Findings
We applied both the SEIRS and SEIRS-relapse models for
100 trials on each dataset using different parameter initial-
izations. Table 3 presents the average error rates obtained
for each dataset and model. Across all datasets, the SEIRS-
relapse model achieves lower error rates than the standard
SEIRS model. The magnitude of improvement varies be-
tween datasets. The greatest error reduction is observed in
the Brazil Antigov dataset, where the relapse model im-
proves the error rate by 4.69%. In contrast, the improvement
is more modest in the No New Normal dataset, where the
reduction is 0.39%. These results indicate that incorporating
relapse dynamics improves the model’s ability to reproduce
observed toxicity patterns.

Figure 2 provides a more detailed view of the distribu-
tion of error rates across the 100 trials for each dataset. The
box plots and cumulative distribution functions (CDF) re-
veal consistent differences between the models. In particu-
lar, the relapse model exhibits lower standard deviations of
error across most datasets, suggesting that the additional re-
lapse parameter improves the stability of the model under
different parameter initializations.

The Climate Change dataset presents a slightly differ-
ent pattern. While the standard SEIRS model occasionally
achieves lower minimum error values in lower percentiles,
the SEIRS-relapse model performs better across the major-
ity of parameter initializations. In other words, SEIRS is ca-
pable of reaching slightly better best-case fits, but SEIRS-
relapse produces consistently lower errors across the full
distribution of trials. This suggests that the relapse model
provides greater robustness to parameter initialization and
reduces the likelihood of poor local optima during optimiza-
tion.

To further examine model behavior, we analyzed the pre-
dicted infected trajectories and compared them with the ob-
served toxicity time series. Figure 3 shows the average pre-
dicted I(t) trajectories across all trials alongside the ob-

Dataset SEIRS SEIRS-relapse Diff.
Brazil Antigov 67.76 63.07 4.69
Anti-Covid 50.17 48.93 1.24
Climate Change 41.67 40.39 1.28
No New Normal 56.07 55.68 0.39

Table 3: Average L2 norm error rates (%) for SEIRS and
SEIRS-relapse models across parameter initialization trials.
Brazil Antigov experiments showed the biggest improve-
ment with 4.69% change in L2 norm error on average.

served daily toxic post counts. The differences between the
two models are most pronounced in the Brazil Antigov
dataset, where the SEIRS-relapse model more closely fol-
lows the peaks and troughs of the observed data. For the re-
maining datasets, the trajectories of the two models are more
similar, which is consistent with the smaller improvements
observed in the error metrics.

Finally, we analyzed the distribution of the relapse param-
eter α across all trials for each dataset (Figure 4). The model
fits frequently depict α above the lower bound of 10−6. In
the Brazil Antigov dataset, approximately 90% of trials es-
timate α above the lower bound, indicating that the relapse
pathway is actively utilized in the majority of fitted solu-
tions. For the remaining datasets, roughly 75% to 80% of
trials estimate α above the lower bound, suggesting that re-
lapse dynamics are also frequently incorporated into the fit-
ted models, though somewhat less consistently than in the
Brazil dataset. This difference is also evident in Figure 3,
where the Brazil dataset shows more dynamic fits produced
by the relapse model.

In addition to approximately 20% to 25% of trials across
several datasets converging to the lower bound, a substantial
fraction of estimates in all datasets except Climate Change
accumulate near the upper bound of α = 1

3 , accounting for
roughly 35% to 40% of the parameter estimates. This con-
centration of solutions near both bounds suggests that the
current parameter range may restrict the optimization pro-
cess in some cases. Future work may therefore explore wider
bounds for α to allow the model to capture a broader range
of relapse dynamics.

5 Discussion
From a methodological perspective, these findings indicate
that extending epidemiological models with relapse dynam-
ics potentially offer a useful approach for studying recurring
behavioral phenomena in online discourse. Toxicity in social
media environments often emerges in bursts, declines, and
then reappears over time. The relapse mechanism allows the
model to capture these recurring patterns more effectively
than classical SEIRS dynamics alone. While our results re-
main empirical and do not imply that relapse extensions will
always outperform baseline models, they suggest that incor-
porating relapse dynamics can improve model stability and
representational capacity in many cases.

More broadly, this study highlights the value of relapse
as a conceptual component in computational models of on-
line toxicity. By formalizing relapse within a compartmental



Figure 2: Distribution of L2 norm errors across all parameter initialization trials. Figure shows the boxplot distribution of the
trials with the mean and standard deviation values reported. Moreover, it shows the cumulative distribution function (CDF) of
the trials, providing a different lens for the comparison of trial results. In simple terms for CDF, the more error rates closer to
the upper left the more robust the model with different parameter initializations.

Figure 3: Average simulated trajectories of the I compartment by the models compared with observed daily toxic post counts.
The red and blue lines show the model estimations, and green dashed line shows the observed data. The shades behind the lines
show the standard deviation of the averaged estimations.

Figure 4: CDF visualization of estimated α values of the
SEIRS-relapse model for each dataset. In each dataset, the
usage profile of α shows differences. Moreover the clustered
mass in the lower and upper bounds show that wider limits
for α should be considered in future studies.

modeling framework, we demonstrate how recurring toxic
activity can be incorporated into quantitative analyses of dis-
course dynamics. Although our model does not directly ob-
serve user-level behavior, the relapse mechanism provides a
useful abstraction for representing repeated toxicity activity
over time. This concept may also be incorporated into other
computational approaches beyond epidemiological model-
ing, such as machine learning systems that analyze temporal
patterns of toxic discourse.

Our findings also suggest that toxicity dynamics vary
across different types of online discussions. The distribution
of the relapse parameter α differed across datasets, indicat-
ing that the relative importance of relapse dynamics varies
depending on the context of the discourse. This observation
suggests that flexible modeling frameworks may be neces-
sary to capture the diverse propagation patterns observed in
different online communities.

Finally, epidemiological models provide a framework for
analyzing propagation dynamics in online discourse. Once
the parameters are estimated, these models can be used
to derive quantities such as the basic reproduction num-
ber (R0), which describes the expected growth potential of
a phenomenon within a population. Although the present
study focuses on improving model fitting rather than ana-



lyzing these derived quantities in depth, future research may
use relapse-based epidemiological models to calculate the
intensity of propagation of toxic discourse over time.

6 Conclusion, Limitations, and Future Work
This study investigated whether incorporating relapse dy-
namics into epidemiological models improves the ability to
capture toxicity propagation in online discussions. Across
multiple datasets, the SEIRS-relapse model consistently
achieved lower average error rates compared to the standard
SEIRS formulation and demonstrated improved robustness
across distinct parameter initializations. These results sug-
gest that relapse dynamics provide a useful extension for
modeling recurring toxic activity in online discourse. While
the improvements observed in this study remain empirical
and dataset-dependent, they indicate that incorporating re-
lapse mechanisms can increase the flexibility of epidemio-
logical models when fitting toxicity trajectories.

Beyond the empirical findings, several methodological
considerations and limitations should be acknowledged
when interpreting the results. First, the experimental setup
does not model individual users directly. Instead, toxic posts
are used as a proxy for infected individuals, meaning that
the infected compartment represents aggregated toxic activ-
ity rather than user-level behavioral states. As a result, the
model captures patterns of toxicity production rather than
transitions of individual users between behavioral states.

Second, the available data only provide observations for
the infected compartment I(t), while the susceptible, ex-
posed, and recovered compartments remain unobserved.
This partial observability introduces parameter identifiabil-
ity challenges, as multiple parameter combinations may pro-
duce similar infected trajectories. Consequently, estimated
parameters should be interpreted as effective parameters de-
scribing the observed dynamics rather than precise behav-
ioral transition rates. This limitation also affects the stability
of derived quantities such as the basic reproduction num-
ber (R0), which may exhibit sensitivity to parameter uncer-
tainty. Therefore, any further study that investigates the rate
of propagation should consider providing additional com-
partment observations to the models.

Third, the parameter bounds used during optimization
were selected heuristically rather than derived from estab-
lished theoretical or empirical estimates of toxicity dynam-
ics. The bounds were intended to restrict the search space
to behaviorally plausible timescales for exposure, recov-
ery, and relapse. However, because these ranges are not
grounded in validated behavioral measurements, the fit-
ted parameters potentially reflect the imposed search space
rather than the actual underlying behavioral mechanisms.

Fourth, the study employs a population-level compart-
mental model that assumes homogeneous mixing among
participants in the discussion. In reality, online discourse
occurs within complex network structures where interac-
tions are shaped by follower networks, reply chains, and
platform algorithms. The present framework abstracts away
these structural effects in order to operate on datasets where
reliable interaction networks is not always be available.

Finally, while the relapse model demonstrated improve-
ments across the datasets presented in this study, the results
should not be interpreted as evidence that relapse dynamics
will universally outperform classical epidemiological mod-
els. Toxicity propagation patterns vary across online com-
munities and discussion contexts, and the relative usefulness
of relapse mechanisms depend on the temporal characteris-
tics of the discourse being modeled.

Future work may address these limitations by incorpo-
rating user-level behavioral trajectories, integrating network
structures into the modeling framework, and exploring al-
ternative formulations of relapse dynamics. In addition, ex-
panding the analysis to larger collections of datasets and ex-
ploring wider and empirically grounded parameter ranges
may further clarify the conditions under which relapse dy-
namics provide meaningful improvements for modeling tox-
icity propagation.
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