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SEIR-LT HYBRID ASYNCHRONOUS CELLULAR AUTOMATA MODEL
FOR INFORMATION DIFFUSION IN SOCIAL NETWORKS

A hybrid asynchronous cellular automata model is proposed for simulating information diffusion processes in social networks,
combining the functionality of classical compartmental structures (Susceptible-Exposed-Infected-Recovered) with linear threshold
theory. An individualized mechanism for updating user states is implemented to more accurately capture temporal heterogeneity:
each network participant is assigned unique activity intervals instead of simultaneous state transitions across the entire population. It
is demonstrated that such an asynchronous modeling approach provides a more detailed representation of real human behavior, as in-
dividuals respond to external stimuli with varying speeds and levels of attention. A generalized linear threshold (GLT) methodology
is introduced to determine the probability of a user transitioning to an active state — that is, the moment when social influence from
the surrounding network exceeds the individual resistance threshold, prompting information adoption. The development patterns of a
heterogeneous population are characterized, with specific identification of influential and resistant classes of network participants. It
is established that abandoning global synchronization of users completely eliminates unrealistic wave-like artifacts inherent in traditi-
onal computational approaches. The functionality of the proposed asynchronous cellular automata architecture is tested using Monte
Carlo methodology on a two-dimensional lattice. The impact of temporal heterogeneity on the average cascade size is evaluated, re-
vealing an increase from 5.93 % under full synchronization to 6.17 % in localized heterogeneous configurations. A significant incre-
ase in the overall probability of large-scale information diffusion is observed: the proposed mechanism achieves successful propaga-
tion in 96 out of 100 macroscopic iterations, compared to only 88 % under conventional constraints. A natural smoothing of process
intensity is recorded, confirmed by a reduction in peak prevalence (the maximum proportion of the population in the infected state
actively disseminating information) from 0.99 % to 0.92 %, along with a more efficient redistribution of load over a slightly extended
sequence of simulation stages. The influence of model parameters is analyzed, and a phase transition of the baseline probability is
identified, with a critical point near 0.25. A fundamental asymmetry in information spread within the network is revealed: initiating
large-scale cascades using a small number of influential users is significantly easier than suppressing them by increasing the number
of resistant participants. The developed asynchronous cellular automata model is proposed as a tool for forecasting and testing strate-
gies aimed at mitigating the spread of undesirable content.

Keywords: Generalized Linear Threshold; misinformation containment; epidemiological compartments; social contagion; tem-
poral heterogeneity.

capture the local interaction patterns that characterize social
influence while enabling the emergence of complex global
dynamics from simple local rules [15]. The history of cellu-
lar automata dates back to the 1940, with significant theore-
tical developments establishing CA as a mature methodo-
logy for studying complex systems. Previous research has
demonstrated the utility of CA-based approaches for mode-
ling various diffusion phenomena, from disease spread to
opinion dynamics.

However, existing models often suffer from multiple
oversimplifications. Basic SIR (Susceptible-Infected-Reco-
vered) models assume homogeneous populations and
instantaneous state transitions, while simple threshold mo-

Introduction / Bctyn

The study of information diffusion in social networks
has become increasingly important in the digital age, where
understanding how ideas, behaviors, and information spre-
ad through populations has significant implications for mar-
keting, public health, and social policy. Traditional appro-
aches to modeling these processes have drawn from two
main theoretical frameworks: epidemiological models that
treat information spread as analogous to disease transmissi-
on [8], and social influence models that emphasize thres-
hold-based adoption decisions [5].

Cellular automata (CA) provide an ideal computational
framework for studying these processes, as they naturally
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dels neglect the probabilistic nature of influence. Perhaps
most critically, the vast majority of cellular automata mo-
dels employ synchronous updates, where all cells transition
simultaneously based on the previous global state. This as-
sumption produces artificial wave-like propagation patterns
and fails to capture the temporal heterogeneity inherent in
real social systems, where individuals process and respond
to information at vastly different rates [4].
Real-world information diffusion exhibits characteris-
tics that demand more sophisticated modeling [2, 7, 9, 14]:
e Individuals may be exposed to information multiple times
before adopting it (latency).
e Adoption decisions involve both threshold-based considera-
tions and stochastic elements.
e Response times vary dramatically across individuals based
on personality, context, and attention.
o Information processing and decision-making are inherently
asynchronous processes.

Object of research — process of information diffusion in
social networks, characterized by complex dynamics of
adoption, resistance, and temporal heterogeneity among
network participants.

Subject of research — mathematical modeling and com-
putational simulation of information spread using hybrid
cellular automata that combine epidemiological com-
partmental models with social influence threshold mecha-
nisms and asynchronous update dynamics.

The purpose of the research — develop, implement, and
analyze a novel SEIR-LT-Async (Susceptible-Exposed-In-
fected-Recovered with Linear Threshold and Asynchronous
Updates) cellular automata model that more realistically
captures the temporal heterogeneity of information diffusi-
on in social networks compared to traditional synchronous
approaches.

To achieve this purpose, the following main research
objectives are identified:

e to analyze existing approaches to modeling information dif-
fusion, identifying limitations of synchronous cellular auto-
mata and classical epidemiological models, which will allow
for establishing a concrete theoretical baseline for introdu-
cing an asynchronous paradigm;

e to develop a mathematical formulation of the hybrid SEIR-
LT model incorporating the Generalized Linear Threshold
(GLT) mechanism for activation probability, which will
enable the precise calculation of individual state transitions
based on complex social reinforcement;

e to design and implement an asynchronous update mecha-
nism with individual update intervals that captures temporal
heterogeneity in agent behavior, which will eliminate artifi-
cial synchronous waves and closely mimic realistic variati-
ons in human response times;

e to integrate dynamic parameter evolution (resistance decay,
influence growth) reflecting realistic social learning proces-
ses, which will provide a dynamic framework where agents'
susceptibility adapts based on accumulated exposure;

e to conduct comprehensive Monte Carlo simulations compa-
ring synchronous and asynchronous update dynamics, which
will statistically quantify the impact of temporal heterogene-
ity on overall cascade size and propagation probability;

e to perform parameter sensitivity analysis identifying critical
thresholds and regime transitions, which will pinpoint the
key leverage points, such as the minimum transmission pro-
bability and the required share of high-impact users;

o to evaluate the model's ability to reproduce qualitative featu-
res of real-world information diffusion phenomena, which
will confirm its viability as a predictive tool for analyzing
misinformation containment strategies.

This paper addresses these objectives by proposing the
SEIR-LT-Async hybrid model, which integrates the epide-
miological SEIR framework with the Linear Threshold mo-
del from social influence theory, enhanced with a novel
asynchronous update mechanism.

Analysis of recent research and publications. In the
study [8], the authors developed the mathematical theory of
rumor spreading in complex networks, establishing the fo-
undational connection between epidemiological dynamics
and information propagation. They demonstrated how SIR-
type compartmental models can effectively describe the
spread of information through social structures, providing a
theoretical baseline that justified the broad applicability of
disease transmission frameworks to sociology and informa-
tion science.

In the comprehensive work [4], the authors explored the
fundamental differences between synchronous and asynch-
ronous cellular automata, serving as a primary resource for
understanding temporal variations. They presented a deta-
iled taxonomy of stochastic asynchronous updating sche-
mes — such as fully asynchronous, a-asynchronous, and ran-
dom order — and demonstrated that switching from synchro-
nous to asynchronous updates can radically alter the dyna-
mics of the same theoretical model. Ultimately, their findin-
gs highlighted that global synchronous updates produce stro-
ng simultaneity artifacts, raising critical questions about the
realism of such constraints for natural and social systems.

In the research [10], the authors rigorously established
the mathematical construction of modern epidemiological
extensions, such as SEIR, on cellular automata to encom-
pass latent incubation phases. They provided the necessary
theoretical foundation for discretizing continuous compart-
mental models onto discrete spatial lattice structures while
preserving their essential dynamic properties, which is
highly critical for simulating complex, multi-stage temporal
state transitions across a physical or network topology.

In the article [9], the authors advanced the understan-
ding of social influence by proposing the Generalized Line-
ar Threshold (GLT) model, which significantly extended
classical collective behavior theories. They addressed the li-
mitations of traditional discrete-time threshold models by
introducing continuous-time stochastic dynamics and enab-
ling seamless integration with epidemiological frameworks
through rate-based transitions. This approach allowed for
more nuanced representations of inter-event waiting times
and individualized activation speeds based on neighbor in-
teraction.

In the paper [13], the authors analyzed the effectiveness
of cellular automata for complex optimization tasks in spa-
tially heterogeneous environments, successfully confirming
the meta-heuristic flexibility of this approach. They develo-
ped a three-dimensional lattice gas cellular automaton that
introduced probability-based cell transitions, where variable
environmental factors, such as high-risk or minimal-risk zo-
nes, dynamically modulated transmission probabilities. This
formulation effectively demonstrated how distinct spatial
regions can exhibit entirely different diffusion characteris-
tics over time.

In the study [11], the authors investigated contagion pro-
cesses extended to higher-order network structures, where
interactions occur not just in pairwise connections but wit-
hin larger group environments. They derived a universal
nonlinear infection kernel from heterogeneous exposure,
showing that simultaneous exposure through group interac-
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tions of varying sizes fundamentally alters epidemic thres-
holds compared to classical pairwise compartmental mo-
dels, moving the field explicitly toward more complex,
non-linear adoption dynamics.

In the work [7], the authors examined temporal hetero-
geneity in social systems by proposing a higher-order non-
Markovian social contagion model on simplicial comple-
xes. They revealed that when inter-event times for infection
and recovery follow non-exponential (Weibull) distributi-
ons — characteristic of bursty human behavior — the resul-
ting contagion dynamics deviate substantially from me-
moryless Markovian predictions. Furthermore, they de-
monstrated that such temporal concentrations profoundly
impact information cascade progression, suggesting that
synchronized recovery processes can significantly boost
overall system resilience against large-scale infections.

Despite the significant contributions of these studies, the
integration of multi-stage epidemiological compartmental
models with generalized threshold mechanisms under con-
ditions of individual temporal update heterogeneity remains
unaddressed. Most existing cellular automata frameworks
assume global synchronization, which introduces artificial
propagation waves and fails to reflect realistic human beha-
vior. Therefore, there is a clear need to develop a hybrid
asynchronous cellular automata model that combines com-
partmental SEIR structures and generalized thresholds,
which has not been previously investigated in the analyzed
literature.

Materials and methods of research. The study of in-
formation diffusion was conducted using computer simula-
tion methodology based on cellular automata theory [4, 15].
The modeling was performed on a discrete two-dimensional
grid, where individual agents were assigned heterogeneous
socio-temporal characteristics. To calculate the probabilis-
tic spread of information, a hybrid algorithmic approach
combining SEIR epidemiological compartments and the
Generalized Linear Threshold (GLT) model was applied
[9]. Statistical processing, scenario validation, and compa-
rative analysis of the obtained asynchronous cascade distri-
butions were conducted utilizing the Monte Carlo method
across multiple independent simulation runs.

Research results and their discussion / Pe3yJsibTa-
TU AOCAiAKEeHHs Ta iX 06roBOpeHHs

State Space and Cell Properties. The SEIR-LT-Async
model operates on a two-dimensional grid G of size NxN.
Each cell ¢; at position (7, j) represents an individual agent
with the following properties:

State Variable: c,;€{S, E, I, R} where:

o S (Susceptible): has not received information.

o F (Exposed): has received information but not yet spreading.
o ] (Infected): actively spreading information.

¢ R (Recovered): no longer spreading.

Influence Weight: w;;€[1, 1] representing the cell's abi-
lity to influence neighbors. High-impact users have
w;,;€[0.8, 1.0], while regular users have w;;<[0.1, 0.3].

Resistance: r;;€[0, 1] representing the cell's resistance to
adoption. High-resistance users have r;;€[0.8, 1.0], while re-
gular users have ;;€[0.1, 0.3].

Individual Threshold: 0;;€[0.1, 0.6] representing the in-
dividual's adoption threshold in the GLT framework.

Update Interval (Asynchronous Parameter): T;;€[Tuin, Timax
representing the cell's individual update period — the num-
ber of time steps between potential state transitions.

Neighborhood Definition. The model uses the Moore
neighborhood, which includes all eight adjacent cells:
N (i, j)={(i+ A, j+Aj): AL,
Aj € {-10,1},(Ai,Af) # (0,0)}.
This yields a maximum of 8 neighbors for interior cells,
with boundary cells having fewer neighbors.
Asynchronous Update Mechanism. Following the fra-
mework established by Fatés [4], each cell maintains:

¢ Update interval z;: Fixed period between updates;
e Step counter c;(f): Counts steps since initialization;
o Last update step #,,(i, ): Records when cell last transitioned.
Update Eligibility: At each global time step ¢, cell (i, j)
is eligible to update if and only if:
canUpdate(i, j,1) = (ci,j(t)modri,j = 0) . 2)

(1)

Interval Assignment: During initialization, each cell is
assigned an update interval:

T, ~ Uniform(Tpin, Tmax ) - 3)
For integer intervals, this is:
Ti,j = Tmin + L& : (me( — Tpin + I)J 5 (4)

where & ~U(0,1) .
Special Cases:
® ... =Tm =1: Synchronous updates (all cells update every
step);
® T, =Tmaw =k >1: Synchronous with period k;
® T, < Tma . True asynchronous behavior.

Duration Accumulation: Critically, even when a cell
cannot update (is not eligible), time-dependent quantities
continue to accumulate:

de(i,j,t+1)=dg(i,j,t)+1 ifo;; =E,
di(i,jjt+1)=d;(i,j,t)+1 ifc,;=1

This ensures that latent and infection periods are measu-
red in real time, not update cycles, maintaining biological
plausibility.

State Transition Rules. State transitions occur only
when a cell is eligible to update.

Susceptible to Exposed (S — E). A susceptible cell may
become exposed based on a threshold mechanism inspired
by the Linear Threshold model [5] and its continuous-time
generalization [9]. Within this framework, a user's decision
to change state and adopt information is driven directly by
the behavioral trends of their immediate surroundings: the
transition is triggered when the continuous social influence
from active neighbors sufficiently overcomes the individ-
ual's innate resistance. First, we identify infected neighbors:

Jz,] = {(k,l) € N(laj) “Op1 = 1
e transition occurs if the cell can update AND two conditi-
ons are met:
Condition 1 (LT Threshold): The number of infected ne-
ighbors must meet the global threshold: |7, | = 0 giopa: -

)

Condition 2 (Probabilistic Adoption): The exposure pro-
bability is calculated using an independent cascade formula:

Py (1) = (1= Tlg e, (1=B- )| (1=1) . (6)

Where f€[0,1] is the base transmission probability. The
cell transitions to state £ if: &<P,,,(i,j) where &~U(0,1) is a
uniform random variable.

This formula combines:

o Independent cascade element: each infected neighbor contri-
butes independently to infection probability;
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o Resistance factor: individual resistance reduces overall adop-
tion probability;

o Weight influence: higher-weight neighbors have greater
influence.

By integrating these components, the GLT methodology
formally links individual state changes to the behavioral tre-
nds of the network. The transition to an active state is not a
simple random occurrence, but a calibrated response to the
immediate environment, taking place only when contextual
social pressure structurally outweighs personal resistance.

Exposure Counting: Regardless of update eligibility, ex-
posure count is tracked:

Mewp (i, jot +1) = ey (1. /1) +| T, (1)

Posed to Infected (E — I)
Exposed cells transition to the infected state after a la-
tent period TE:

) (7)

0,',J'(l‘+1):11f (8)
canUpdate(i, j,t) A6 ()= E Adp (i, j) 2 Tg ’
where dg(i, j) is the duration in the exposed state (measured
in time steps, not update cycles).
Infected to Recovered (I — R)
Recovery probability increases with infection duration,
following a saturation curve:

P/’ec(dl):’YO"’(I_’YO)‘(l_e_u.dI); (9)

where: ¥ is the base recovery probability; 4 = 0.2 is the re-
covery rate growth parameter; d; is the infection duration.
Additionally, forced recovery occurs after maximum in-
fection duration:
o, i(t+1)=R
LJ ( ) . (10)
ifcanUpdate(i,j,t) A a’l(i,j) >T;
Dynamic Parameter Evolution. Dynamic Resistance
Resistance decreases with repeated exposure, modeling
the "wear-down" effect:

)= ),

(11)

where: r,(j’) is the base resistance; A, is the resistance decay

rate; n,y,(i,j) 1s the cumulative exposure count.

Dynamic Weight
Influence weight increases with successful transmissi-
ons, modeling reputation effects:

Vi (Z) = Wl(,(;) (1 +ay, SI’/Z(Z)j 5

is the base weight; o, =0.1 is the weight

(12)

where: ng-)

growth parameter; s; ;(f) is the number of successful trans-

missions.
Global Statistics and Metrics. Current Prevalence:
‘{c o.=1 }‘
t)=b——-—1. 13
p( ) ‘Guctive‘ ( )
Total Informed (Outbreak Size):
‘{c 10, € {E,],R}}‘
L (1) =F—r————1. 14
o l( ) ‘Gactive‘ )
Basic Reproduction Number (estimated):
Ry P (15)
Yo

where w is the average weight and & = 8 is the neighborho-
od size.

Peak Prevalence: p,, = max,p(r)
Time to Peak: 7)., = argmaxp(¢)

Effective Update Rate: For asynchronous systems, the
effective fraction of cells updating per step:

1 1 2
=T (16)

b Ti,j h Tmin T Tmax
Simulation Methodology. Monte Carlo Approach. Due
to the stochastic nature of the model, Monte Carlo simulati-
on with multiple independent runs is employed for statisti-
cal analysis. For each parameter configuration:
1. Initialize grid with specified population characteristics.
2. Randomly assign cell properties (weights, resistances,
thresholds, update intervals).
3. Randomly infect the initial seed population.
4. Run simulation until equilibrium (no E or I cells remain) or
maximum steps are reached.
5. Record final metrics.
6. Repeat for the specified number of runs (typically 50-200).
Equilibrium Detection. Simulation reaches equilibrium
when:

‘{CZGEZE}‘=0/\‘{CZGE=1}‘=O. (17)

This indicates that information diffusion has completed-
all individuals have either adopted and recovered, or rema-
ined susceptible.

Statistical Metrics. For each simulation configuration,
the following statistics are computed across runs:

e Mean and Standard Deviation of outbreak size, peak preva-
lence, time to peak;

e Qutbreak Probability: fraction of runs where outbreak size
exceeds 5 %;

¢ Distribution Analysis: histograms of key metrics.

Experimental Simulation Outcomes. We conducted all
simulations using a standardized parameter configuration
unless otherwise specified. The following Table 1 presents
the primary (default) parameters used throughout the expe-
rimental analysis.

Basic Simulation Dynamics. Before examining specific
experimental questions, we illustrate the general behavior
of the SEIR-LT-Async model during a typical simulation
run. For visualization clarity, a reduced grid size of 70x70
is used (compared to the default 150x150 in Table 1), as
this scale allows clearer observation of individual cell states
and spatial patterns while maintaining qualitatively similar
dynamics.

Figure 1 shows the evolution of spatial patterns at six ti-
me points selected to capture key phases of the diffusion
process: initial seeding (¢ = 0), expansion phase (¢ = 15), pe-
ak activity period (¢ = 30), decline phases (¢ = 60, ¢t = 90),
and equilibrium state (¢t = 121, when no Exposed or Infected
cells remain). The specific equilibrium time varies between
runs due to stochastic elements; # = 121 represents this par-
ticular realization.

The simulation demonstrates the characteristic SEIR
dynamics with a visible latent phase. At each time step, so-
me Susceptible cells become Exposed upon contact with In-
fected neighbors, but they do not immediately begin spre-
ading — they first spend several steps in the Exposed state
(shown in yellow). This latent period creates a distinct "in-
cubation zone" around active spreaders, which is especially
visible during early and middle stages of the outbreak. Af-
ter the latent period expires, Exposed cells transition to In-
fected and begin influencing their own neighbors, contin-
uing the cascade.
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Table 1. Smulation Parameters / [Tapametpu cumyisiiii

Parameter Symbol Default Value Description
Grid Size N 150 Square grid dimension (150x150 = 22,500 cells)
Transmission Probability B 0.3 Base infection probability per contact
LT Threshold ® 1 Minimum infected neighbors required
Recovery Probability Yo 0.1 Base recovery probability
Latent Period Tr 3 steps Duration in Exposed state before becoming Infected
Max Infection Duration T; 10 steps Forced recovery after this duration
Resistance Decay Rate A, 0.05 Rate of resistance decrease with exposure
Weight Growth Rate o, 0.1 Rate of influence increase with transmissions
Recovery Growth Rate M 0.2 Controls recovery probability increase over time
High-Impact Users P, 30 % Percentage of agents with high influence (w € [0.8, 1.0])
High-Resistance Users Pr 20 % Percentage of agents with high resistance (r € [0.8, 1.0])
Initial Infected Iy 1 % Percentage of randomly infected cells at 1 =0
Async Min Interval Tinin 1 Minimum update interval
Async Max Interval Tinax 3 Maximum update interval (default asynchronous mode)
Monte Carlo Runs M 100 Number of independent runs per configuration
Max Simulation Steps Tinax 1000 Maximum steps before forced termination
. » " b
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Wl
»

i

|

.
K

i , E ' = ‘l”‘

: : N £ =
g *1_.-:"' I

.. s | P

Midesaanaa . . T

. s

Fig. 1. Grid snapshots at 1 =0, t =15, £ =30, = 60, =90 and ¢ = 121 (Equilibrium Reached) showing the progression of states / 3uimku cit-
ku B mpotieci wacy at t =0, 1 =15, ¢=30, = 60, =90 and ¢ = 121 (Crau piBHOBarm), 1o MoKa3yrTh OIPOrpec 3MiHN CTaHIB

Asynchronous Update Dynamics. In traditional synch-
ronous cellular automata, all cells update simultaneously —
an unrealistic assumption for social systems, where individ-
uals differ in response times, attention patterns, and decisi-
on-making speeds. Real-world information diffusion is in-
herently asynchronous: some people check social media
every few minutes, others — once a day; processing and de-
liberation times vary widely. A naive comparison between
synchronous T = [1,1] and asynchronous t = [1,3] conflates
two effects: asynchrony itself, and mean update speed. Cells
updating every step (t = 1) naturally have more transition op-
portunities than cells with mean interval 2.0, making it impos-
sible to attribute differences solely to temporal heterogeneity.

To isolate the pure effect of asynchrony, we designed a
controlled experiment in which the mean update interval is
held constant while the variance varies. The synchronous

configuration T = [2,2] assigns all cells an identical interval
of 2 steps. The asynchronous configuration t = [1,3] assigns
intervals uniformly distributed between 1 and 3 steps, yiel-
ding the same mean interval of 2.0 steps: (1 + 3)/2 = 2.0.
This design ensures that any observed differences arise
from temporal heterogeneity alone, not from differences in
overall update frequency. The results of 100 Monte Carlo
simulations for synchronous and asynchronous update
dynamics are given in Table 2.

Asynchrony increases both outbreak size (6.17 % vs
5.93 %) and outbreak probability (96 % vs 88 %). The
asynchronous configuration produced successful outbreaks
in 8 additional runs out of 100. Peak prevalence was
slightly lower in async mode (0.92 % vs 0.99 %), sugges-
ting asynchrony "spreads out" infection over time—lower
peaks but more sustained transmission.
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Table 2. The results of 100 Monte Carlo simulation for synchro-

nous and asynchronous update dynamic / Pesynbrar 100 cumysisi-

it 3a merogom MomnTe-Kapiio asist CHHXPOHHOT Ta aCHHXPOHHOT
JIMHAMIKM OHOBJICHHS

Metric Sync [2,2] Async [1,3]
T [2,2] [1, 3]
Mean Interval 2.0 2.0
Mean Outbreak Size, % 5.93 6.17
Std Dev, % 0.70 0.74
Peak Prevalence, % 0.99 0.92
Time to Peak 11 steps 15 steps
Outbreak Prob., % 88.0 96.0
Successful Runs 88/100 96/100

Asynchronous updates provide systemic robustness by
leveraging temporal diversity to maintain transmission con-
tinuity, effectively eliminating the brittle "blackout win-
dows" inherent in synchronous models. By introducing va-
ried update intervals, the system ensures that fast-respon-
ding cells act as continuous bridges, creating constant op-
portunities for spread even when individual timings are su-
boptimal. Ultimately, this variance transforms a fragile,
clock-dependent process into a resilient network where the
staggered activity of neighbors guarantees that the transmis-
sion chain remains unbroken.

Parameter Sensitivity Analysis. Parameter sensitivity
analysis identifies which model parameters most strongly
influence system behavior. We conducted systematic para-
meter sweeps, varying each parameter across 10 values
while holding others at defaults. For each configuration,
100 Monte Carlo runs on a 150x150 grid provided statisti-
cally robust estimates.

Measured Metrics:

¢ Final Outbreak Size (%) — the percentage of the population
that eventually transitions through the Infected state. This
measures the total reach of information diffusion.

e Peak Prevalence (%) — the maximum percentage simultane-
ously infected at any single time step, indicating intensity at

eak.

o I())utbreak Probability (%) — the percentage of runs where fi-
nal outbreak size exceeds 5 %, indicating reliability of
outbreak occurrence.

o Average Time to Peak (steps) — the mean number of simula-
tion steps until peak prevalence is reached, indicating how
quickly the epidemic develops.

Base Transmission Probability (f). The transmission
probability B exhibited the most dramatic influence, reve-
aling a classic epidemiological phase transition. An analysis
of the sensitivity of the asynchronous cellular automaton
model to changes in the parameter 3 is shown in Figure 2.

At low values ( = 0.1), no outbreaks occurred — the in-
fection died in every run. Between B = 0.2 and = 0.3, a
sharp transition occurred: outbreak probability jumped from
13 % to 100 % and mean outbreak size tripled from 4 % to
13 %. This marks the critical transmission threshold at
approximately B = 0.25. Above this threshold, outbreak size
continued growing with diminishing returns, reaching 83 %
atf=0.5and 99 % at B = 1.0.

The existence of this sharp critical threshold provides a
clear intervention target — reducing transmission probability
below f,,;; guarantees outbreak prevention, while small chan-
ges near the threshold produce disproportionately large ef-
fects. This is the most sensitive leverage point in the model.

Analysis Summary Key Findings
Parameter: B (Transmission Probability) Optimal Value: 1.000 (max outbreak)
Range: 0.100 - 1.000 Max Outbreak Size: 99.2%
Steps: 10  Min Outbreak Size: 1.9%
Runs per Step: 30 Sensitivity: High (97.3% range)
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High-Impact User Percentage. The percentage of high-
impact users produced the largest magnitude effects of any
parameter tested — a 20x amplification from 5 % outbreak
size (at 10 % high-impact users) to 98 % (at 90 % high-im-
pact users). The relationship followed an S-shaped curve:

030
Fig. 2. Parameter Sweep — B/ AHaii3 4yTIMBOCTI MOJIE/Ti ACHHXPOHHUX KIITHHHUX aBTOMATIB JI0 3MiHK mapamerpa 3

slow growth below 30 %, explosive growth from 30 % to
65 %, then saturation above 70 %. Outbreak probability
showed a critical transition around 15-20 % high-impact
users, jumping from 40 % to nearly 100 %. Below this
threshold, the high-impact network is fragmented; above it,
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high-impact users form a connected backbone that reliably
propagates infection. An analysis of the sensitivity of the
model of asynchronous cellular automata to changes in the
proportion of influencing users is shown in Figure 3.

This quantifies the "influencer effect" — a small minority
of highly influential users can dramatically amplify infor-

mation spread. For misinformation containment, targeting
high-impact users provides leveraged impact. Conversely,
for beneficial campaigns, recruiting even 20 % high-impact
participation shifts the system from unreliable to certain

outbreak success.

Analysis Summary Key Findings
Parameter: High Impact Users (%) Optimal Value: 90.000 (max outbreak)
Range: 10.000 - 90.000 Max Outbreak Size: 97.7%
Steps: 10  Min Outbreak Size: 4.9%
Runs per Step: 30 Sensitivity: High (92.8% range)
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KOPHCTYBayiB
Analysis Summary Key Findings
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High-Resistance User Percentage. High-resistance
users provided powerful outbreak suppression, acting as "fi-
rebreaks" in the transmission network. Increasing resistant
users from 0 % to 50 % reduced outbreak size from 53 % to
4 % — a 92 % reduction. Outbreak probability remained at
100 % until resistant users reached 35-40 %, then dropped
sharply to just 7 % at 50 % resistant. An analysis of the sen-
sitivity of the model of asynchronous cellular automata to
changes in the proportion of stable users is shown in Figure 4.

Notably, the suppression effect (12x) was weaker than
the high-impact amplification effect (20x), revealing a fun-
damental asymmetry: facilitating spread is easier than pre-
venting it. Defensive interventions must be more extensive
than offensive efforts to achieve comparable effects.

Resistant users function analogously to vaccinated indi-
viduals — they provide indirect protection to neighbors by
blocking transmission chains. If resistance represents media
literacy, these results suggest educating 40-50 % of the po-
pulation could reduce outbreak probability from 100 % to
below 10 %. Even partial coverage provides substantial be-
nefits: 22 % resistant users reduced outbreak size by 79 %.

Parameter Sensitivity Summary. The analysis shows
that the composition of the population matters most. Incre-
asing the share of influential users from 10 % to 90 %
amplified outbreaks 20-fold, while increasing resistant
users from 0 % to 50 % reduced them 12-fold. The trans-
mission probability B has a critical threshold around 0.25:
below it, outbreaks die out; above it, they spread reliably.

An important practical finding is that spreading infor-
mation is easier than stopping it. The amplification effect
(20x) is stronger than the suppression effect (12x). This me-
ans that to counter misinformation, defensive measures
must reach a larger portion of the population than would be
needed to spread information using influencers.

Discussion of research results. The developed SEIR-
LT-Async model incorporates three fundamental aspects of
information diffusion in social networks: epidemiological
state transitions (Susceptible, Exposed, Infected, Recove-
red), threshold-based activation mechanisms inspired by the
Linear Threshold model, and individual temporal heteroge-
neity through asynchronous updates. The controlled experi-
mental comparison between synchronous and asynchronous
configurations demonstrates that temporal heterogeneity
fundamentally alters diffusion dynamics, increasing both
outbreak probability (96 % vs 88 %) and outbreak size
(6.17 % vs 5.93 %). Furthermore, parameter sensitivity
analysis identifies a notable asymmetry: facilitating infor-
mation spread remains inherently easier than preventing it.

In the study [1], researchers developed a network clique
cover approximation to analyze complex contagions, sho-
wing that densely connected subgroups accelerate thres-
hold-based spreading, yet their group interaction framework
lacked individual deterministic asynchrony and focused
predominantly on homogeneous temporal assumptions.

In the article [6], the authors introduced novel topologi-
cal measures for identifying the spread of complex contagi-
ons, demonstrating that standard shortest-path metrics fail
outside of simple contagions; however, their approach re-
mained synchronous and did not incorporate the "wear-
down" resistance mechanism presented in our findings.

In the paper [2], researchers examined the temporal pro-
perties of higher-order interactions in social networks, con-
firming that group interactions form bursty clusters rather
than uniform temporal distributions, although they omitted

epidemiological compartmental latency structures from the-
ir spreading analysis.

In the study [14], the authors explored the competition
among memes under limited user attention, establishing
that information propagation is constrained by individual
cognitive limits, but their model did not integrate the Gene-
ralized Linear Threshold mechanism to weigh distinct types
of social reinforcement.

In the work [3], researchers analyzed efficient influence
maximization in social networks utilizing threshold models,
providing scalable methods for identifying initial seeds, yet
their focus was primarily computational without addressing
how asynchronous staggered updates organically reshape
the cascade geometry itself.

Ultimately, the discussion of these research results con-
firms the profound necessity of the conducted study, becau-
se while previous literature has addressed aspects of thres-
hold adoption, epidemiological spreading, or spatial mode-
ling individually, none have successfully combined them
within a strictly asynchronous cellular automata paradigm
that accurately eliminates the artifacts of global synchroni-
zation the way our developed model accomplishes.

So, based on the results of the work performed, it is pos-
sible to formulate the following scientific novelty and prac-
tical significance of the research results.

Scientific novelty of the obtained research results — fur-
ther development was made to the hybrid model of asyn-
chronous cellular automata, SEIR-LT-Async, which, unlike
existing models, integrates the epidemiological com-
partmental structure with the Generalized Linear Threshold
mechanism and individual temporal update intervals, which
makes it possible to eliminate unrealistic global synchroni-
sation artefacts and ensure a more accurate reproduction of
the distribution of information cascades in heterogeneous
populations.

Practical significance of the research results — can be
applied to the study of information diffusion and the design
of systemic intervention strategies targeting misinformation
containment, as the proposed framework effectively enables
simulating how adjusting the percentage of high-impact
users or increasing population resistance influences the ove-
rall epidemic outcomes in digital communities.

Conclusions / BUCHOBKU

A novel SEIR-LT-Async (Susceptible-Exposed-Infec-
ted-Recovered with Linear Threshold and Asynchronous
Updates) cellular automata model has been developed,
implemented, and analyzed, which more realistically captu-
res the temporal heterogeneity of information diffusion in
social networks compared to traditional synchronous appro-
aches. Based on the results of the research the following
main conclusions can be drawn.

1. Formulated a hybrid SEIR-LT model integrating the epide-
miological compartmental structure with the Generalized
Linear Threshold (GLT) mechanism, providing a rigorous
mathematical framework to calculate activation probabiliti-
es based on individual resistance and neighbors' influence.

2. Designed and implemented a novel asynchronous update
mechanism with individual update intervals, which suc-
cessfully captures temporal response heterogeneity and eli-
minates the unrealistic wave-like artifacts of global
synchronization.

3. Integrated dynamic parameter evolution (resistance decay
and influence growth) into the model, demonstrating how
social learning and the "wear-down" effect of repeated expo-
sure reshape agent susceptibility and reputation over time.
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4. Conducted comprehensive Monte Carlo simulations com-
paring synchronous and asynchronous dynamics, which
statistically quantified that asynchronous updates increase
the mean outbreak size (from 5.93 % to 6.17 %) and eleva-
te the overall outbreak probability (from 88 % to 96 %).

5. Performed parameter sensitivity analysis to identify critical
thresholds, establishing that the transmission probability exhi-
bits a sharp phase transition at 3=0.25, and revealing a funda-
mental asymmetry where spreading information via influen-
cers requires less effort than suppressing it via resistant users.

6. Evaluated the model's ability to reproduce qualitative featu-
res of real-world diffusion, proving that temporal heteroge-
neity naturally spreads peak prevalence (reducing it from
0.99 % to 0.92 %) and maintains transmission chain con-
tinuity through fast-responding agents.
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Hayionanenuii ynisepcumem "Jlvsiscoka nonimexuixa”, m. Jlvgis, Yxpaina

FBPHJHA ACHHXPOHHA MOJEJ/Ib K/IITUHHUX ABTOMATIB SEIR-LT
AJ1A TIOIIUPEHHA IH@OPMAILIL Y COLIA/IBHUX MEPEXAX

HaBezeHo riOpuHy aCHHXPOHHY MOIe/b KIIITHHHUX aBTOMATIB ISl MOJICITIOBAHHSI IPOLIECIB MOMIMPEHHs iHpOopMarlii y comiaib-
HHUX MEpeXax, /¢ MOEIHAHO (YHKIIOHAN KJIACHYHUX KOMMapTMeHTHHX cTpykTyp (Crpuitastiausi-ExcrionoBani-In¢ikoBani-Bury-
JKauti) 3 Teopi€ero JiHIHHOTO MOpory. 3aCTOCOBAHO 1HAMBIAyali30BaHUN MEXaHi3M OHOBJICHHS CTAHIB KOPUCTYBAYiB ISl MAKCUMAJIBHO
TOYHOI (hiKcallil YaCOBOI HEOAHOPIAHOCTI: KOKHOMY YYACHHKY MEPEKi MPU3HAYAIOTHCS YHIKAIbHI IHTEPBATH aKTHBHOCTI 3aMiCTh OJ1-
HOYACHOTO repexoay 00'ekTiB yciel momyJsiiii. 35ICOBaHO, 1110 TaKKi ACHHXPOHHHHN Mi/IXi/ 10 MOJETIOBAHHS JCIIO JEeTAbHIIIe Xa-
paKTepusye peanbHy MOBEIIHKY JIFOJCH, SIKi PearyioTh Ha 30BHIIIHI MOAPA3HUKH 3 PI3HOO MIBUAKICTIO Ta yBarow. BeeneHo metoau-
Ky y3aranbHenoro nopory GLT (aurn. Generalized Threshold Model) mis BusHadeHHst IMOBIPHOCTI Mepexo/y KOPUCTyBada B aK-
THUBHHUI CTAaH — MOMEHT, KOJIU COL{aJbHUI BIUIMB OTOYCHHS MEPEBUIIYE 1HAUBIIYaTbHAN TOPIT OHOPY, 3MYIIYIOYH 11 TIPUUAHSITH 1H-
dhopmartiro. OxapakTeprU30BaHO 3aKOHOMIPHOCTI PO3BUTKY I'€TEPOreHHOI MOMYJISIilii KOPUCTYBAUiB 3 BUAUICHHSM KJIAaCiB BILTMBOBHX
Ta CTIHKMX yJaCHHKIB Mepexi. BcraHoBeHO, 10 BiiMOBa Bijl ri100aibHOI CHHXPOHI3AIil KOPUCTYBAYiB a€ 3MOT'y MOBHICTIO YCYHY-
TH HEePealiCTUYHI XBUIEOAiOHI apTredakTu, NpUTaMaHHi ISl TPAAUIIHHIX 004KCieHb. [IpoTecToBaHO (YHKIIIOHYBAHHS CIIPOEKTO-
BaHOI apXiTEKTypH aCHHXPOHHUX KIIITHHHUX aBTOMATIB i3 BUKOPUCTaHHIM MeTomoiorii Monte-Kapio Ha aBoBuMipHiii citii. Orine-
HO BIUIMB 4acOBOI I'€TEPOr€HHOCTI Ha cepeHiil o0csar Kackay, sSIKMil MPOJEMOHCTPYBaB 3pocTaHHs BiJ 5,93 % 3a yMOB MOBHOIO
CHHXPOHI3MY 110 6,17 % y noKai30BaHUX HEOAHOPIAHUX KOH(DIryparisx. BussieHo iCTOTHE MiABHINEHHS 3aralibHOT HMOBIPHOCTI
MacIITabHOro MOMKMPEHHS iHGOopMalil: 3apoOHOBaHMI MeXaHi3M 3a0e3MeyrB yCHilHy nepeaady iMmyiscy y 96 % 3i 100 makpoc-
KOIIIYHUX iTepauiil nmopiBHAHO 3 Tinbku 88 % 3a TpamuuiiiHUX oOMexeHb. 3adikcOBaHO MPUPOAHE 3IJIA/PKYBAHHS IHTEHCHBHOCTI
[POLIECY, IO MiATBEPIKYETHCS 3HMKSHHSIM MIKOBOI MOMIMPEHOCTI (MaKCMMAIIBHOI YaCTKH MOMYJIALIL, M0 nepedyBae B iH(PiKOBaHO-
My CTaHi Ta aKTUBHO noumproe inpopmairo) Bix 0,99 no 0,92 % Ta edeKTUBHIM EPEPO3NOIITIOM HABAHTAKCHHSI BIPOJIOBK JICILO
TPHBAIIIIOrO BiJpi3Ka eTariB A0CHiMKeHHs. J[OCTiKeHO BIUTUB MapamMeTpiB Ha Po3po0IeHy MOJIENIb ACHHXPOHHUX KIIITHHHUAX aBTO-
MariB Ta MpoaHaiizoBaHo (a3oBuil mepexia 6a30BOI HIMOBIPHOCTI 3 KPUTUYHOIO TOYKOIO O113bK0 piBHs 0,25. Busisieno pynaamen-
TaJbHy aCHMETPII0 TOMHUPEHHs iH(OopMAIllii B MEepexKi: 3amyCTUTH MaciTabHi iHpOpMaIliiiHi KacKkaau 3a JOMOMOr 00 MaIol KiTbKOCTI
BIUTMBOBHMX KOPHCTYBA4iB 3HAYHO JIETIIe, HiXK MPUAYIIUTH 1X 30LIBIICHHSIM KiIBKOCTI CTIHKHUX y4aCHUKIB Mepexi. Po3pobiieHy acuH-
XPOHHY MOJIEJIb KIITHUHHHUX aBTOMATiB 3aIlIpOIIOHOBAHO BUKOPHCTOBYBATH JUIsl IIPOTHO3YBAHHS Ta TECTYBAaHHs CTPATEriil CTpUMYyBaH-
Hsl He0QXKAHOTO KOHTEHTY.

KutiouoBi ciioBa: y3aranbHeHUi JTiHIHHUE MOPIr; CTpUMyBaHHs Ae3iH(OpMAIIiT; eriIeMionoridHi KOMIAPTMEHTH; COL[ialibHe 3a-
paXKEHHSI; 4acoBa I'eTEPOreHHICTb.
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