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Abstract

processes

Accurately modelling diffusion dynamics in complex networks is essential for improving medical outcomes,
guiding pandemic preparedness, and optimizing resource allocation in public health. However, existing approaches
often face a trade-off between predictive performance and model interpretability, limiting their utility for clinical
decision-making and strategic planning. This study presents a modular computational methodology that integrates
classical compartmental models with graph neural networks (GNNs) and explainable artificial intelligence (XAl)

to simulate, analyse, and interpret the spread of contagion across heterogeneous network topologies. The
approach captures both structural and temporal dimensions of diffusion processes, enabling granular insights

into transmission pathways. Simulations are applied to critical public health scenarios, including the identification
of super-spreaders and the assessment of targeted containment strategies. By combining mechanistic models

with data-driven learning and explainability techniques, the methodology supports outcome forecasting, scenario
comparison, and the interpretation of network-based risk factors. Results demonstrate the ability to predict
diffusion trajectories with high accuracy while preserving transparency in decision-relevant variables. The approach
is intended as a generalizable tool to support medical modelling and simulation with applications ranging from
epidemic control to personalized risk assessment and cost-effective intervention planning.
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Introduction

Understanding, predicting, and controlling the spread
of infectious diseases remains a critical challenge in
epidemiology, public health policy, and computational
modelling [1-4]. This is particularly relevant for highly
contagious diseases such as measles, whose resurgence,
despite the availability of a highly effective and safe vac-
cine, highlights the fragility of immunization programs
and the need for improved decision-support tools [5,
6]. A growing body of evidence points to declining vac-
cination coverage worldwide, driven by a combination
of misinformation, logistical barriers, vaccine hesitancy,
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and the disruption of routine immunization services dur-
ing the COVID-19 pandemic [7, 8]. As a result, measles,
once considered close to eradication in many countries,
has reemerged as a global threat, necessitating innovative
approaches for outbreak prevention and control.

In this landscape, computational models have become
indispensable tools for informing public health responses.
Classical compartmental models, such as Susceptible-
Infectious-Recovered (SIR) and Susceptible-Exposed-
Infectious-Recovered (SEIR), have long been used to
describe infectious disease dynamics at the population
level [9]. However, these models often assume homoge-
neous mixing, ignoring the complex and heterogeneous
nature of real-world social interactions that govern the
spread of pathogens. As a response to this limitation, net-
work-based approaches have gained prominence. These
methods explicitly incorporate the structure of human
interactions, modelling how diseases propagate through
social, spatial, or behavioural connections [10, 11]. Such
models can simulate not only global outbreak trajectories
but also localized spread patterns, superspreader dynam-
ics, and the differential impact of interventions across
population subgroups [12-14].

The application of network-based modelling to mea-
sles is particularly compelling. Measles is characterized
by a basic reproduction number (R;) between 12 and
18, among the highest of any known infectious disease,
which means that even small immunity gaps can trigger
large-scale outbreaks [15]. Given this high transmissibil-
ity, accurate modelling of contact patterns and vaccina-
tion coverage is essential for risk forecasting and policy
planning. Computational frameworks that integrate data
from multiple sources, such as epidemiological data-
bases, demographic surveys, and mobility records, enable
the construction of context-specific contact networks.
These networks provide the substrate on which simulated
outbreaks can unfold, allowing researchers to explore
alternative scenarios, assess the efficacy of control strate-
gies, and identify critical nodes (e.g., superspreaders) that
disproportionately influence disease propagation [6, 16,
17].

To support these needs, this work introduces a modu-
lar and extensible computational framework for model-
ling diffusion dynamics across complex networks. The
proposed system unifies classical epidemic modelling,
network simulation, and machine learning into a cohe-
sive architecture designed to support scenario analy-
sis and strategic intervention planning. Central to the
framework is a pipeline that transforms epidemiological
and demographic data into network representations, sim-
ulates disease transmission using compartmental models
adapted to network structure, and applies Graph Neural
Networks (GNNs) to analyse node-level diffusion behav-
iour. XAI techniques are used to interpret the learnt
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models, enabling insight into structural determinants of
spread and supporting the identification of intervention
targets, such as high-risk communities or superspreading
individuals.

In the context of measles, the framework is applied
to explore the interplay between vaccination coverage,
network topology, and outbreak dynamics. Simulation
experiments test the effectiveness of different contain-
ment strategies, such as blanket immunization, targeted
vaccination, and isolation of key nodes, under realistic
contact patterns. The integration of GNNs and XAI sup-
ports the classification of node risk and the explanation
of diffusion trajectories, thereby enhancing both the pre-
dictive accuracy and interpretability of the model out-
put. This hybrid approach provides a versatile platform
for disease modelling that is not only scientifically rigor-
ous but also accessible to public health professionals and
decision-makers.

Overall, the framework offers a novel methodologi-
cal contribution to the modelling and simulation land-
scape in biomedical research. By bridging traditional
epidemiological theory with modern network science
and machine learning, it enables deeper understanding
of diffusion phenomena and practical planning tools for
public health. The case study on measles exemplifies its
potential impact: facilitating the design of proactive vac-
cination policies, identifying structural vulnerabilities in
population networks, and supporting resource allocation
in outbreak preparedness. As infectious disease threats
continue to evolve, such integrative tools will play an
increasingly role in guiding timely and effective public
health interventions.

The paper is organized as follows: the Background and
Related Work section provides an overview of existing
approaches to epidemic diffusion modelling, and intro-
duces the proposed computational framework. The Sys-
tem Architecture section describes the proposed method
and its application in epidemiological contexts. The
Results section presents the experimental evaluation per-
formed on different network topologies. The Discussion
analyses the implications of the findings for epidemic
control strategies and methodological development.
Finally, the Conclusion summarizes the contributions
of the work and outlines possible directions for future
research.

Background and related work

Control of epidemic spreading through simulation

The control of infectious disease outbreaks in highly con-
nected and heterogeneous populations requires simula-
tion frameworks that go beyond descriptive epidemiology
and embrace predictive, explainable, and adaptive strate-
gies. Traditional models such as SIR or SEIR offer analyti-
cal insights into aggregate-level dynamics, but fall short



Branda et al. BMC Medical Informatics and Decision Making

when applied to structured populations where individual
behaviour, network position, and stochastic interactions
significantly affect diffusion patterns. Network-based
simulation environments enable a finer-grained approach
by incorporating real-world contact patterns, demo-
graphic data, and behavioural assumptions, thereby
allowing the generation of realistic outbreak scenarios
under various intervention hypotheses. Mathematical
models have been employed to study the dynamics of
epidemic transmission and provide a quantitative repre-
sentation of disease spread. Among them, compartmen-
tal models represent a widely used theoretical framework
for simulating how an infectious agent diffuses through a
population. In these models, the population is subdivided
into distinct classes (or compartments), and the homoge-
neous mixing hypothesis is assumed, meaning that each
individual has the same probability of coming into con-
tact with any other. Classic examples include the Suscep-
tible-Infectious-Susceptible (SIS) model, which considers
two groups, and the Susceptible-Infectious-Recovered
(SIR) model [18], which introduced a three-compartment
structure. Over time, extensions such as the Susceptible-
Infectious-Recovered-Vaccinated (SIRV) model have
been developed to incorporate additional states such as
vaccination. Despite their relevance, a major limitation of
classical compartmental models lies in their reliance on
the homogeneous mixing assumption, which oversim-
plifies real-world interaction patterns by assuming that
individuals mix uniformly within the population. Net-
work-based simulations provide a realistic representation
of heterogeneous social interactions, capturing variations
in contact frequency and community structures [19].
These approaches integrate a diffusion process, typi-
cally from mathematical models, with a contact struc-
ture described by temporal networks. In this framework,
nodes represent individuals and edges denote interac-
tions through which transmission may occur [20, 21].
Each node has a state (e.g., susceptible, infected, recov-
ered), allowing epidemic dynamics to reflect both the
structure of interpersonal contacts and the probabilistic
transitions defined by the model. Progression between
states is determined by epidemiological parameters and
effective contacts, which directly link the spread of infec-
tion to the network topology [22, 23].

Graph-based learning and model explainability

GNNs have become a powerful framework for learning
from graph-structured data. Through iterative message-
passing mechanisms, they enable each node to aggre-
gate information from its neighbours, thereby capturing
both local and global structural patterns in the graph
[24]. Applying this framework to the epidemiological
domain, GNNs can capture complex diffusion dynamics
and provide realistic predictions of infection spread or

(2026) 26:90

Page 3 of 20

intervention outcomes. Explainable AI (XAI) techniques
have been increasingly integrated into graph-based learn-
ing, providing interpretability of nodes, connections, and
substructures that most influence model predictions
[25]. In epidemiology, this transparency helps uncover
key transmission pathways, understand the role of highly
connected individuals or “superspreaders,” and assess the
vulnerability of specific communities.

Methodology overview

The presented framework exploits a modular pipe-
line, that combines network reconstruction from epi-
demiological databases, modelling of spread through
compartmental or stochastic processes and structural
analysis using GNNs. Crucially, interpretability is main-
tained through the integration of XAI methods, which
help to uncover the role of specific individuals, con-
nections or substructures in promoting infection. This
allows not only a retrospective analysis of the spread, but
also a prospective evaluation of targeted interventions.
By applying this framework to the case of measles, an
archetypal vaccine-preventable and highly transmissible
disease, we demonstrate its ability to inform decisions
ranging from early diagnosis to the design of tailored
public health strategies.

In the process of identifying and immunizing high-risk
individuals, such as super-spreaders, through explainable
GNN analysis integrated within the proposed simulation
framework (Fig. 1). Initially, a contact network is gener-
ated and associated with a dynamic SIRVD (Suscepti-
ble-Infected-Recovered-Vaccinated-Deceased) model
to simulate disease spread across the population. The
learned dynamics are then analysed by a GNN, which
encodes both structural and temporal features of the
diffusion process. Through XAI techniques, the system
highlights the most influential nodes, often correspond-
ing to individuals with high centrality, clustering, or tem-
poral reach. Once identified, these critical individuals are
selectively vaccinated, and subsequent simulations show
the effectiveness of targeted immunization in disrupting
transmission pathways. The final network visualization
demonstrates a significant reduction in active infec-
tions, underscoring the role of tailored interventions in
achieving infection containment with minimal resource
allocation.

In the case of non-pharmacological interventions, such
as quarantine or travel restrictions, the framework simu-
lates the targeted removal of connections in the network,
an action that can greatly reduce the spread of infection
(Fig. 2). The system begins with SIRVD-based simula-
tions on a contact network, which are used to train a
GNN. XAI techniques then identify key transmission
pathways (high-risk connections) within the network.
Strategic removal or temporary deactivation of selected
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Fig. 1 Infection containment scheme using GNN analysis followed by XAl methods (super-spreader vaccination). After simulating graph structures using
the SIRVD model diffusion, explainable GNN analysis is employed to select the most important edges (highlighted with thicker edges), based on which
super-spreader nodes are identified and vaccinated (nodes labelled 'V’ for ‘vaccinated node). Finally, the SIRVD simulation is applied to verify if the con-
tainment driven by the XAl method produces the expected infection containment
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Fig. 2 Infection containment scheme using GNN analysis followed by XAl methods (edge-removal). After simulating graph structures using the SIRVD
model diffusion, explainable GNN analysis is employed to select the most important edges (highlighted with thicker edges). These edges are then re-
moved to simulate the targeted infection containment. A follow-up simulation demonstrates reduced spread and effective infection control, validating

the impact of network-based intervention strategies

edges simulates non-pharmacological interventions such
as quarantine, social distancing, or travel restrictions.
Follow-up simulations show effective infection contain-
ment, demonstrating how edge-based interventions can
suppress outbreak propagation when guided by data-
driven insights.

Figure 3 shows the complete simulation-informed
intervention pipeline designed to support data-driven
epidemic control through the integration of network
simulation, GNNs, and XAI The upper section of the
diagram depicts a sequence of SIRVD simulations mod-
elling disease spread across a dynamic contact network
over discrete time steps (¢; to t,). Each node represents
an individual, and edges denote potential transmission
routes. As the simulation progresses, nodes transition

through epidemiological states (Susceptible, Infected,
Recovered, Vaccinated, Deceased), reflecting how an
outbreak unfolds over time. A specific simulation snap-
shot, selected at a critical point (e.g., high infection rate),
is extracted for further analysis. The lower section of the
diagram illustrates the GNN analysis, followed by an
explanation of it with XAI-guided interventions.

System architecture

The pipeline described in Fig. 4 summarized the modu-
lar flow we implemented for the construction of an epi-
demiological database and its transformation into a
computational infrastructure for the simulation, start-
ing with the systematic collection of epidemiologi-
cal bulletins released by governmental authorities and
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Fig. 3 General framework for simulation-informed intervention planning using GNNs and XAl. The top row illustrates the temporal progression of an
epidemic over a contact network, simulated using a compartmental SIRVD model. Nodes change state over discrete time steps, reflecting infection
dynamics. A representative snapshot (here t,) is selected as input for analysis. The corresponding contact graph is processed by a GNN, which learns
structural and temporal patterns of disease propagation. XAl methods are then used to interpret the GNN's predictions, identifying key nodes or edges
critical to diffusion. This enables the design of targeted interventions, such as selective immunization or contact restriction. The final output is an adapted
contact network incorporating the selected intervention strategy, which can then be re-simulated to assess containment outcomes. This iterative process
integrates predictive modelling, explainability, and simulation to support dynamic, data-driven public health planning
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Fig. 4 Schematic representation of the data workflow in the proposed framework. The pipeline begins with the systematic acquisition of official epide-
miological bulletins (from the Istituto Superiore di sanita via the EpiCentro platform), then digitally archived in a GitHub repository to ensure traceability
and version control. Key epidemiological parameters are extracted through a classification phase and organized into structured excel files to support

interoperability and downstream computational modelling

public health agencies, such as the periodic reports
published by the Istituto Superiore di Sanita in Italy on
the EpiCentro platform at https://www.epicentro.iss.it/,
which are downloaded in digital format and stored in a
GitHub repository to guarantee traceability and version-
ing. Raw datasets are obtained through a classification
phase in which the main epidemiological parameters,

such as number of cases, demographic and geographi-
cal distribution, are extracted and organised into struc-
tured files in Excel format to facilitate interoperability.
Text data extraction from PDF bulletins was conducted
using a hybrid automatic-manual approach designed to
balance efficiency and accuracy, consistent with recent
work on structured information extraction using large
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language models for complex technical text [26]. For
bulletins with a standardized tabular structure, an auto-
matic workflow was employed, including the use of the
GPT-4 (OpenAl) API orchestrated via LangChain [27]
to transform unstructured data into structured JSON
formats suitable for downstream processing. Automatic
extraction was subjected to subsequent programmatic
cross-validation and plausibility checks to mitigate errors
(e.g., logical range checks, temporal consistency), a best
practice in data quality assurance for structured and
tabular datasets. Manual annotation was reserved for
non-standardized bulletins, the presence of embedded
graphics, ambiguous symbols (e.g., ‘O’ for zero cases), or
cases where automatic confidence was low. This hybrid
procedure ensured data integrity while maintaining high
scalability.

In some cases, automatically extracted values may
contain transcription errors, such as truncation (e.g., a
regional cumulative total of 1205 cases extracted as 205)
or misinterpretations of symbolic notation (e.g., letter
‘O’ interpreted as the digit ‘0’). To address such issues,
a multi-level validation procedure was implemented,
following established data quality assessment method-
ologies in epidemiological and health databases [28, 29].
Automated checks flagged suspicious records based on:
(i) internal inconsistencies, such as a difference greater
than 5% between the sum of sub-regional cases and the
reported regional total, a commonly adopted threshold
for detecting aggregation errors [28]; (ii) epidemiological
plausibility violations, including demographic values out-
side admissible ranges (e.g., age outside 0—120years) [30];
and (iii) recurring error patterns such as digit truncation
or symbol confusion. All flagged records, together with
a random sample of 10% of the automatically extracted
data, were manually reviewed by comparison with the
original PDF bulletin, in line with recommended prac-
tices for partial manual validation of large health datasets
[31].

Quantitative values embedded in graphical elements
such as line charts and histograms are digitized using
external tools (e.g., WebPlotDigitizer, https://automer
is.io/wpd/?v=5_2), ensuring that all available informa-
tion is accurately captured in a computer-readable for-
mat. This is followed by the pre-processing phase, which
comprised several structured steps. Comprehensive data
cleaning was performed through (i) removal of duplicate
records using unique identifiers and time-stamps; (ii)
correction of transcription errors (e.g., truncated values
or misrecognised “O/0” entries); (iii) harmonisation of
categorical variables and diagnostic codes across bulle-
tins; (iv) range validation for epidemiological plausibil-
ity (e.g., age restricted to 0—120years, laboratory values
checked against physiologic limits); (v) logical consis-
tency checks (e.g., ensuring date of symptom onset did
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not follow hospitalization); and (vi) harmonisation of for-
mats, units, and time zones (all dates aligned to ISO 8601,
times corrected to UTC). Missingness analysis indicated
an overall rate of 9% across the dataset, with variability
between fields: demographic attributes (age, sex) showed
< 5% missingness, clinical covariates (comorbidities,
laboratory results) up to 18—20%, and geographical attri-
butes < 2%. We assumed data were Missing At Random
(MAR), as missingness was related to observable patient
factors (e.g., older patients more likely to lack com-
plete laboratory panels). Variables with low missingness
(< 10%) were imputed by single-value strategies (median
for continuous, mode for categorical). For higher rates,
we used Multiple Imputation by Chained Equations
(MICE), adopting predictive mean matching for continu-
ous variables and logistic regression for categorical vari-
ables. Sensitivity analyses compared complete-case and
imputed datasets to ensure stability of downstream esti-
mates. Derived epidemiological metrics were computed
using standard definitions. Incidence rates were calcu-
lated as the number of new cases meeting surveillance
definitions (numerator) over the corresponding popula-
tion at risk (denominator, stratified by age and sex and
sourced from official statistics such as ISTAT/Eurostat).
Rates were expressed per 100,000 individuals and directly
age-standardised to the European Standard Population
to facilitate cross-regional comparison. Temporal aggre-
gation followed a weekly resolution, prioritising date of
symptom onset when available, or laboratory confirma-
tion date otherwise. Spatial aggregation was carried out
at the NUTS-2 regional level, matching available denom-
inator data. Confidence intervals for incidence rates were
computed assuming Poisson-distributed counts. Addi-
tional derived indicators included basic reproduction
number approximations (via growth rate methods) and
vaccination coverage (doses administered/population eli-
gible). During this step the data were also normalised and
harmonised across different reporting formats, ensuring
internal consistency and enabling integration with com-
plementary sources such as mobility patterns [32] or cli-
mate datasets [33].

Once the pre-processing phase is completed, the
curated information is aggregated into a structured epi-
demiological database, which serves as the main input
for the modelling and simulation modules, illustrated
in Fig. 5. This modular framework is designed to sup-
port modelling and simulation processes in the bio-
medical field, capturing the complexity of real-world
diffusion phenomena. The system integrates structured
data sources, network-based simulations, deep learning
models and interpretability tools into a coherent and uni-
fied workflow, enabling researchers and policy makers to
simulate complex dynamics, generate reliable predictions
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Fig. 5 Overview of the modular computational framework for diffusion
modelling in complex networks. The pipeline consists of: (1) the epide-
miological database, which contains real-world infection data; (2) the net-
work Builder, responsible for constructing dynamic contact networks from
demographic, spatial, or temporal attributes; (3) the diffusion simulator,
integrating compartmental models and agent-based logic for scenario ex-
ploration; (4) the GNN-Based modelling module, which learns data-driven
representations of diffusion using GNNs; and (5) the explainability layer,
enabling the interpretation of model outputs and identification of key
drivers such as superspreaders and critical edges

and interpret results to guide effective public health
strategies.

Diffusion modelling and GNN explainability

The system is designed to accept inputs in standardized
formats, making it interoperable with electronic health
records and public health surveillance infrastructures.
From these data, the framework constructs dynamic
contact networks. The graphs represent social or spatial
interactions between individuals or groups, with edges
encoding the potential for disease transmission based on
proximity, behaviour, or frequency of contact. The net-
works can be static or temporal and support the inclusion
of weighted or probabilistic connections. This enables the
modelling of diverse real-world settings such as school
environments, urban communities, or cross-regional
mobility networks. The construction logic is adaptable,
allowing researchers to build population-specific or sce-
nario-specific models to explore localized or large-scale
epidemics.

Once the network is constructed, it serves as the sub-
strate for simulating diffusion processes using compart-
mental models such as SIRV or SIRVD. These simulations
operate over the network topology and can incorporate
behavioural responses, vaccination strategies, and spatial
mobility. The simulation engine is equipped to handle
Monte Carlo experiments and parameter sweeps, sup-
porting robust sensitivity analyses and uncertainty quan-
tification. The ability to rapidly simulate various what-if
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scenarios makes the platform suitable for both prospec-
tive planning and retrospective policy evaluation.

To enhance predictive capabilities, the framework
incorporates GNNs, which learn latent representations
of nodes and edges based on their structural and tempo-
ral context. These models are trained to forecast future
infections, classify nodes by risk category, or infer unob-
served dynamics. Unlike classical machine learning mod-
els, GNNs are topology-aware, enabling them to exploit
the relational structure of the data to generalize across
unseen or evolving networks. This allows for more adap-
tive and granular predictions in situations where condi-
tions change rapidly, such as during emerging outbreaks
or policy shifts.

To identify superspreaders or critical interactions
inside the network we trained a Graph Convolutional
Network (GCN) [34] model to classify node states at each
iteration step. The architecture comprises two graph con-
volutional layers followed by two fully connected layers.
The first and second graph convolutional layers map the
input node features to a latent representation of 32 hid-
den dimensions, each followed by a Rectified Linear Unit
(ReLU) activation to introduce non-linearity. The result-
ing embeddings are subsequently processed through a
fully connected layer of 16 units and a final linear classifi-
cation layer, whose outputs are normalized via a softmax
activation to yield class probabilities. Model optimization
was carried out using the Adam algorithm with a learn-
ing rate of 0.002 over 1000 training epochs. To mitigate
the effects of class imbalance, a weighted cross-entropy
loss function was employed, where class weights were
computed according to the empirical label distribution.
Training was conducted in a full-batch manner on GPU
when available, and model generalization was monitored
through validation AUC scores computed at each epoch.

Recognizing the importance of explainability in clinical
and policy decision-making, the system integrates XAI
techniques. These include Saliency Maps and Integrated
Gradients (IG), and can be extended to other interpret-
ability techniques, such as feature attribution methods
(e.g., SHAP and LIME) and counterfactual explanations.
Outputs from the GNN models can thus be traced back
to their structural and contextual drivers, making it pos-
sible to identify key individuals, communities, or edges
responsible for propagation. In the context of infectious
diseases like measles, this means identifying super-
spreaders, under-immunized clusters, or vulnerable
demographic groups. These insights facilitate the devel-
opment of targeted interventions such as focused immu-
nization campaigns or localized containment measures.

The architecture has been tested on a case study
focused on measles, a disease characterized by high
infectivity and renewed global concern due to declining
vaccination rates. By modelling scenarios with varying
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immunization coverage, the framework supports the
identification of outbreak drivers and the evaluation of
containment strategies. In addition, our diffusion con-
tainment strategies were benchmarked against a baseline
of four approaches: (i) no intervention, (ii) random vacci-
nation of nodes, (iii) betweenness-based vaccination, and
(iv) optimal percolation-based vaccination.

The inclusion of GNNs enables not only predictive
modelling but also the identification of latent patterns
in transmission pathways, offering deeper insight into
how disease dynamics evolve in response to structural or
behavioural factors.

Importantly, the modularity of the system allows for
broad applicability beyond measles. The platform can
be adapted to simulate other infectious diseases, anti-
microbial resistance, behavioural health diffusion, or
healthcare resource utilization. Its computational effi-
ciency, interpretability, and integration of network-based
reasoning make it a versatile tool for researchers, clini-
cians, and policymakers.As biomedical systems grow
more interconnected and data-rich, tools that combine
domain-specific modelling with machine learning and
explainability are essential. This framework embod-
ies that synthesis, offering a principled, extensible, and
transparent solution for biomedical modelling and simu-
lation. It is easily accessible via a Google Colab interface,
which allows users to configure parameters and simulate
customized case studies.

Results

To investigate how the structure of social interactions
affects diffusion dynamics, our framework allows users
to choose from a selection of synthetic network models,
each capturing distinct topological features commonly
observed in real-world populations. These models pro-
vide controlled environments to study how different
contact patterns influence the spread and containment
of infectious diseases. We begin by focusing on syn-
thetic graphs, in line with established practices in epi-
demic modelling and network science, where synthetic
data is used to validate methodologies under controlled
and reproducible conditions. This strategy enables sys-
tematic variation of parameters and network structures
before moving to the complexity of real-world health
data. For example, Popper et al. [35] generated synthetic
COVID-19 case data to evaluate and augment epidemio-
logical reporting, by incorporating scenarios that cannot
be captured through real-world observation; Lima et al.
[36] simulated epidemic spread in a synthetic multi-agent
community to test intervention strategies; and Renardy
et al. [37] modelled tuberculosis transmission on syn-
thetic populations to assess public health interventions.
These works highlight how synthetic settings are com-
monly used as a necessary first stage in methodological
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validation. However, the simulation parameters used
in our experiments were estimated using real data
extracted from the Italian health system (measles virus,
2018-2019). Moreover, we extended our case studies to
include both real contact networks and a synthetic popu-
lation generated using the SynthPops tool (https://githu
b.com/synthpops/synthpops), which simulates realistic
contact patterns. These results complement our synthetic
simulations and demonstrate that the proposed frame-
work can be effectively applied to real-world healthcare
scenarios, while preserving methodological transparency
and reproducibility. In the following lines, the graphs
employed in this study are presented, together with an
overview of their main structural and statistical proper-
ties. This overview aims to provide an essential under-
standing of the datasets, including their size, topology,
and node-level characteristics, which are relevant for
interpreting the performance and behaviour of the pro-
posed GNN model.

+  Watts-Strogatz (WS) Model: Starting from a regular
ring lattice where each node is linked to its &, nearest
neighbors, the WS model introduces randomness
by rewiring edges with probability p. This produces
small-world networks that combine short average
path lengths with high clustering coefficients,
features often present in social and biological
systems.

+ Barabasi-Albert (BA) Model: Capturing the
heterogeneity seen in many real-world systems, this
model uses a preferential attachment rule where
each new node connects to m existing nodes with
probability proportional to their degree. The result is
a scale-free network characterized by hub nodes and
a power-law degree distribution, which influences
vulnerability and resilience under epidemic
scenarios.

+ Random Geometric (RG) Graph: Nodes are
positioned randomly in a continuous space (e.g.,

a unit square), and two nodes are connected if
their Euclidean distance is less than a threshold r.
The resulting network exhibits spatial locality and
clustering, and its properties are influenced by the
dimensionality of the embedding space, making it
suitable for modelling geographically constrained
interactions.

+ Stochastic Block Model (SBM): Designed to simulate
community structure, this model partitions the »
nodes into k blocks, with edge probabilities defined
by a k x k matrix. The parameters allow distinct levels
of connectivity within and between communities,
enabling the representation of modular populations
and the study of intra- versus inter-group
transmission.


https://github.com/synthpops/synthpops
https://github.com/synthpops/synthpops
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Table 1 Network statistics and generation parameters for each graph model. The column nodes indicates the total number of vertices
in the graph, while edges reports the number of links between them. The clustering coefficient measures the tendency of nodes to

form tightly connected groups, andShortest path length represents the average minimum number of steps needed to travel between
two nodes. The column parameters specifies the generative settings for each model: (i) Barabasi-Albert: the number m of edges each
new node introduces; (i) Watts—Strogatz: the initial number of neighbors k,, per node and the rewiring probability p; (iii) Random
Geometric: the connection radius r and the embedding dimension dim; (iv) Stochastic block: the number of communities &, the intra-

community connection probability d

int

and the inter-community connection probability d

ui (V) synthpops: the number of nodes n of

the synthetic population and the location data to use (default is Seattle metro, Washington, USA). (vi) real contact map: no parameters

are needed

Network model Nodes Edges Clustering Coefficient Shortest Path Length Parameters

Barabési—Albert 1000 3984 0.0334 3.1896 m=4

Watts-Strogatz 1000 5000 0.5599 5.0332 kn = 10,p=0.06

Random Geometric 1000 31103 0.6346 4.1545 r=0.15,dim=2

Stochastic Block 1000 26220 0.091 2.0856 k=4,d;n = 0.15,doyt = 0.02
Synthpops 964 7318 03593 G is not connected n=1000, location =Seattle, Washington
Real [38] 80 139 04914 Gis not connected -

&

S ) @ il >@

Fig. 6 Schematic representation of the SIRVD model (S=susceptible, |=infected, R=recovered, V=vaccinated, D=Deceased). Transitions include infec-

tion (B), recovery (y), mortality (1), and vaccination (v)

«+ SynthPops: designed to generate synthetic
populations for analysing COVID-19 (SARS-CoV-2)
epidemics. It can create generic populations with
different network characteristics, as well as synthetic
populations that interact across different layers of a
multilayer contact network. In this context, nodes
represent individuals and have attributes such as
age, while edges represent interactions between
people, characterised by the setting in which these
interactions occur (for example, household, school,
or work).

+ Real contact map from [38]: To prove the usability
of our methodology in a real-world scenario, the
Contact patterns in a village in rural Malawi dataset
was used to compute the contact graph used in the
spreading simulations.

Table 1 summarises the main network parameters.
SIRVD model A SIRVD model has been used to
simulate the diffusion processes [20]. The SIRVD is an
extension of traditional compartmental models used
in epidemiology to simulate the spread of infectious

diseases. It partitions the population into five compart-
ments: Susceptible (S), Infectious (I), Recovered (R), Vac-
cinated (V), and Deceased (D). Transitions, as illustrated
in Fig. 6, between these compartments are governed by
a set of differential equations, each reflecting key epide-
miological processes. Susceptible individuals (S) may
become infected at a transmission rate 5 upon contact
with infectious individuals (I). Infected individuals can
either recover at rate y, die from the disease at rate y, or
transition to the recovered (R) or deceased (D) compart-
ments accordingly.

To model immunization effects, a vaccination rate v
transfers individuals from the susceptible group (S) to
the vaccinated group (V), which is assumed to be fully
immune to infection. Deceased individuals (D) no longer
contribute to the transmission dynamics but are essential
for quantifying the disease burden.

Vaccination is modelled through two mechanisms:
a random vaccination probability (v7; = 0.05) and a
targeted vaccination probability (v%; = 0.20), while in
the no-vaccination scenario this probability is set to
zero (v = 0.00). The optimal percolation vaccination
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strategy was implemented with the same overall vaccina-
tion rate as the targeted strategy (v}, = 0.20), ensuring
a consistent level of immunization across all compara-
tive scenarios. The natural human mortality rate (u)
was assumed to be negligible and set to 0.0000. For vac-
cinated individuals, the probability of infection was set
to zero (Bmgy = 0.0000), reflecting full protection. For
the SIRVD simulations, we used two years (2018-2019)
of Italian measles surveillance data and obtained the fol-
lowing calibrated parameters: 5=0.8394, y=0.4419, and
#=0.0010. Each configuration was simulated five times
(Nsims = b) to ensure robustness and reproducibility of
the results.

The inclusion of vaccination and mortality enhances
the model’s realism and applicability, allowing it to sim-
ulate various intervention strategies and public health
policies.

The SIRVD model can be further enriched by imple-
menting it on contact networks, where individuals are
connected through realistic interaction structures,
enabling fine-grained assessments of disease spread,
superspreader identification, and tailored containment
measures.

For the comprehensive SIRVD simulations, two main
objectives are addressed: (I) assessing the effectiveness
of targeted vaccination strategies informed by model
explainability and (II) and disrupting super-spreader
pathways to reduce infection. In the first case a XAI-
driven vaccination protocol is implemented by deter-
mining node level influence. Edge importance scores
are aggregated per node, and the top K% of influential
nodes (e.g., top 40%) are identified and vaccinated with
the same probability used in the baseline strategies. A
new run is executed under identical conditions, and
the results of XAI-driver vaccination is benchmarked

Table 2 SIRVD XAl-based interventions in WS network. The
column strategy lists the intervention method applied. peak
infected indicates the maximum percentage of the population
simultaneously infected during the outbreak. total Dead reports
the overall mortality rate at the end of the simulation. Duration
denotes the total number of time steps (simulation length),
where each step is a month. Simulations were repeated 5 times
to report mean and standard deviation values

Strategy Peak Infected  Total Dead Dura-
tion
No Vaccination 62.94%+0.18 0.32%+0.00091 16
Random Vaccination 61.38%=+0.18 0.20% +0.00064 18
Targeted Vaccination 57.26%+0.17 0.22%+0.00071 20
Optimal Percolation 59.78%+0.17 0.14%+0.00043 18

Vaccination

XAl Edge Removal
(70%)

XAl Targeted Vaccina-
tion (30%)

5444%+0.15 0.18%+0.00052 20

7.58%+0.025 0.04%+0.00019 19
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against the four initial alternatives: no vaccination, ran-
dom vaccination, betweenness and percolation central-
ity-based targeted vaccination. In the second scenario,
best vaccination strategies is selected for new simulation.
Then, XAl-based edge removal strategies is perfomed
to remove most influent edges. In both case, the evolu-
tion of infected ("Ih”) and deceased ("Dh”) populations is
tracked over time.

To prove the robustness of our methodology in high-
light important interactions or super-spreader nodes, we
repeated each simulation 5 times and reported results in
terms of mean values and their standard deviation. For
each graph, the complete set of vaccination strategies
is simulated, running for 24 steps, each corresponding
to a month; resulting GNN embeddings at a randomly
selected time step are visualised; and XAl-guided inter-
ventions via edge removal and targeted vaccination are
applied.

By removing 70% of the most important edges and vac-
cinating 30% of the total number of nodes among the
ones identified by XAI (using the same vaccination prob-
ability as other strategies) in two independent scenarios,
our framework proposed an effective strategy to reduce
the infection peak and total deaths in XAl-guided vacci-
nation applied to each network in SIRVD simulations.

Watts—Strogatz network

Table 2 reports the results obtained for the WS network,
comparing them to the baseline strategies with the XAI-
guided interventions. Simulations were repeated 5 times,
allowing for the reporting of each value in terms of mean
and standard deviation. Further details are illustrated in
Figs. 7 and 8.

Figure 7 illustrates the application of GNNs and XAI
in understanding the diffusion dynamics within the WS
network. Figure 7 (a) shows XAI applied to simulations
without vaccination, which is used to establish XAI-
guided vaccination. In contrast, Fig. 7 (b) displays XAI
applied to simulations with a betweenness-based vac-
cination strategy, identified as the best approach in the
baseline, used to set-up XAlI-guided edge removal.

IG is applied to demonstrate the mutual influence of
nodes on the infection process. By highlighting the most
influential edges, it becomes evident that certain indi-
viduals, due to their position or centrality in the network,
contribute disproportionately to the infection’s spread.
These nodes, often referred to as super-spreaders, are
critical in shaping the epidemic trajectory, and targeting
them for interventions, such as vaccination or isolation,
could significantly reduce the overall transmission.

Figure 8 illustrates the impact of various epidemio-
logical intervention strategies on a WS network over a
period of 24months, highlighting the infection rates.
Specifically, Fig. 8 (a) examines the effect of XAI-based



Branda et al. BMC Medical Informatics and Decision Making

Integrated Gradients Explanations for Class: |h

°
>

°
4
Normalized Edge Weights

(a) IG based on no vaccination strategy (Ih
class).

(2026) 26:90

Page 11 of 20

Integrated Gradients Explanations for Class: Ih

vh 10

Normalized Edge Weights

4
~_
Ko A

7
S
A\ SN
sl‘..,//i 3
S~

0.0

(b) IG based on targeted vaccination strategy
(Ih class).

Fig. 7 |G insights for the WS network in the SIRVD model setting. This visualization illustrates the node-level relevance scores computed using the IG
method, applied to a GNN trained to predict epidemic dynamics over a small-world topology. The WS model, known for its high clustering and short path
lengths, reflects realistic patterns of social interaction. The color intensity of each edge corresponds to its attributed influence on the model’s infection
prediction at a selected time step. Nodes with higher integrated gradient values are identified as critical contributors to the spread of the infection. Node
colors correspond to the simulation class and are indicated by abbreviations for each individual’s class (sh=Susceptible humans, ih=infected humans,

Rh=Recovered humans, vh =vaccinated humans)
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(a) XAlI-based vaccination infection rate

(b) XAI-based edge removal infection rate

Fig. 8 Effect of XAl-based targeted vaccination (top 30%) and XAl-guided edge removal (70%) on infected humans(ih) over time on WS network. The
mean values of all simulations (repeated five times) are compared here, with each case (baseline methods and XAl-guided intervention) distinguished

by the associated colour in the legend

targeted vaccination, using the same vaccination prob-
ability as the baseline strategies to vaccinate the top 30%
of all nodes identified by the XAI method as the most
important. The infection rate plot demonstrates that the
XAl-based vaccination is much more effective than other
strategies, with significantly reduced epidemic peaks. On
the other hand, Fig. 8 (b) compares XAI-based removal
(top 70%) (quarantine-like case) with the baseline of four
approaches, demonstrating the validity of this strategy,
even though XAl-targeted vaccination has shown the

best results in reducing the infection peak, as detailed in
Table 2.

Barabasi-Albert network
As illustrated in Table 3, both XAl-based strategies,
improved the management of the spread process in the
case of the BA network as well, especially in the case of
XAI-guided vaccination.

In particular, the vaccination of the 30% most influ-
ential nodes drastically reduced the peak of infection
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Table 3 SIRVD XAl-based interventions in BA network. The
column strategy lists the intervention method applied. peak
infected indicates the maximum percentage of the population
simultaneously infected during the outbreak. total Dead reports
the overall mortality rate at the end of the simulation. Duration
denotes the total number of time steps (simulation length),
where each step is a month. Simulations were repeated 5 times
to report mean and standard deviation values

Strategy Peak Infected  Total Dead Duration
No Vaccination 7444%+0.18 0.12%£0.00042 24
72.36%+0.18 0.30% +0.00092 17
63.46%=+0.1 0.22% £ 0.00066 17
64.12%+0.1 0.28%+0.00087 20

Random Vaccination
Targeted Vaccination

Optimal Percolation
Vaccination

6
6

XAl Edge Removal 63.34%+0.17 0.32%+0.00093 17
(70%)
XAl Targeted Vac-

cination (30%)

30.62%+0.084 0.10%=0.00037 16

to only 30.62%, with a significant decrease in mortality
to 0.084%, ending the epidemic in only 16 time steps.
In comparison, the removal of the 70% most influential
edges did not produce such a great result. However, it
reduced the infection peak to 63.34% (slightly lower than
the baseline).

Figures 9 and 10 provide a comprehensive overview
of the simulation results and the integration of GNNs
within the BA network setting. Figure 9 shows the con-
tribution of nodes to the spread process, highlighting
how nodes with the greatest impact on spread are ideal
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candidates for XAlI-based interventions (vaccination or
containment). As in the previous case, Fig. 9 (a) corre-
sponds to XAI for simulations without vaccination, while
Fig. 9 (b) corresponds to XAI applied to simulations with
a betweenness-based vaccination strategy. Edge impor-
tance scores were computed using attribution techniques
derived from the GNN model (IG in this case), and the
most epidemiologically critical connections were selec-
tively removed before simulation.

Figures 10 (a) and (b) compare the evolution of the
infected population (Ih) across the simulation time-
line following a targeted structural intervention. This
approach aims to disrupt transmission pathways in a
topologically informed manner, particularly targeting
hub-to-hub connections characteristic of scale-free net-
works. In particular, Fig. 10 illustrates the appreciable
changes in the number of infected, and the effective con-
trol of deaths, which is almost negligible with XAI-tar-
geted strategies (0.084%), as stated earlier. The observed
reduction in infection peak and acceleration of epidemic
termination suggest that strategically XAI-guided vac-
cination can suppress contagion more effectively than
baseline methods. The result highlights the utility of XAI
in identifying non-obvious intervention points and sup-
ports the integration of explainability into simulation-
based public health planning.

Integrated Gradients Explanations for Class: |h
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Fig. 9 |G insights for the BA network in the SIRVD model setting. This visualization illustrates the node-level relevance scores computed using the I1G
method, applied to a GNN trained to predict epidemic dynamics over a small-world topology. The WS model, known for its high clustering and short path
lengths, reflects realistic patterns of social interaction. The color intensity of each edge corresponds to its attributed influence on the model’s infection
prediction at a selected time step. Nodes with higher integrated gradient values are identified as critical contributors to the spread of the infection. Node
colors correspond to the simulation class and are indicated by abbreviations for each individual's class (sh=Susceptible humans, ih =infected humans,

Rh =Recovered humans, vh =vaccinated humans)
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Fig. 10 Effect of XAl-based targeted vaccination (top 30%) and XAl-guided edge removal (70%) on infected humans(ih) over time on BA network. The
mean values of all the simulations (repeated 5 times) are compared here, distinguishing each case (baseline methods and XAl-guided intervention) by

the associated colour in the legend

Table 4 SIRVD XAl-based interventions in RG network. The
column strategy lists the intervention method applied. peak
infected indicates the maximum percentage of the population
simultaneously infected during the outbreak. total Dead reports
the overall mortality rate at the end of the simulation. Duration
denotes the total number of time steps (simulation length),
where each step is a month. Simulations were repeated 5 times
to report mean and standard deviation values

Strategy PeakInfected  Total Dead Duration
No Vaccination 95.30%+0.22 0.22%+0.00061 17
Random Vaccination  94.98%+0.22 0.28% =+ 0.0008 15
Targeted Vaccination 95.10%+0.22 0.20% +0.00058 15
Optimal Percolation  94.38%+0.21 0.20%=+0.00055 17
Vaccination

XAl Edge Removal 94.36%+0.21 0.16%+0.00043 14
(70%)

XAl Targeted Vac- 2236%+0.074  0.10%+0.00038 18

cination (30%)

Random geometric network

Table 4 details the XAlI-guided interventions on the RG
network in SIRVD simulations. In RG graphs, high clus-
tering and spatial proximity cause infections to spread
rapidly within dense local groups, producing sharp peaks.
Since the degree distribution is fairly uniform, random or
degree-based vaccination is less effective, leaving the epi-
demic curve with higher infection peaks.

Figure 11 shows the IG insights for the RG network.
This visualisation highlights the node-level attributions
derived from GNNs trained to predict infection dynam-
ics in the two settings just described.

As illustrated in Fig. 12, the diffusion of infection, even
if not evident as in the previous case studies, is reduced
with both XAI strategies (94.36% with XAl edge removal
and 22.36% with XAI vaccination); additionally, the total
number of deaths is also slightly reduced.

Stochastic block network

The last synthetic simulation is made by considering a
structure of network in which communities (i.e. subre-
gions with a large number of contacts) are presents. Table
5 shows the the results on SBM network, comparing
baseline simulations and XAI-based interventions.

Figure 13 illustrates node-level importance scores com-
puted using IG-based explainability techniques applied
to the GNN trained on the disease diffusion dynamics.

Figure 14 (a) shows the effect of XAl-based targeted
vaccination (top 30%) on the evolution of infected
humans (Ih) over time in a SBM network under the
SIRVD model. Finally, Fig. 14 (b) shows the results of
XAl-based edge removal (top 70%) applied on infected
humans (Ih) over time on SBM network. In particular
panel (b) shows the reduction of deaths in the presence of
targeted vaccination and XAI based interventions.

Synthpops

{Table 6 details the XAl-guided interventions on the
Synthpops Seattle, Washington network in SIRVD
simulations.

Figure 15 shows the node embeddings extracted by the
GNN considering separately the no vaccination scenario
and the optimal percolation-guided vaccination strategy.

Figures 16 and 17 illustrate the progression of infec-
tion under the five different immunisation scenarios and
the explanations. They report how removing the 70% of
important edges (5122 edges removed) from the net-
work (approximately a quarantine of the whole commu-
nity) didn’t have important effects on the infection peak,
obtaining only a 1% of peak reduction compared to opti-
mal percolation vaccination. On the other hand, using
XAl-guided vaccination (30%, 289 vaccinated nodes)



Branda et al. BMC Medical Informatics and Decision Making

Integrated Gradients Explanations for Class: Ih

® Dh
® h
® Rh

Normalized Edge Weights

0.0

(a) IG based on no vaccination strategy (Ih
class).

(2026) 26:90

Page 14 of 20

Integrated Gradients Explanations for Class: |h

(XXX ]
=
z

vh 10

°
>

°
2
Normalized Edge Weights

0.0

(b) IG based on targeted vaccination strategy
(Th class).

Fig. 11 |G insights for the RG network in the SIRVD model setting. This visualization illustrates the node-level relevance scores computed using the IG
method, applied to a GNN trained to predict epidemic dynamics over a mathematical spatial network. In spatially constrained networks like RG, where
connectivity is based on physical proximity, IG analysis provides a fine-grained understanding of local transmission patterns. The color intensity of each
edge corresponds to its attributed influence on the model’s infection prediction at a selected time step. Nodes with higher integrated gradient values
are identified as critical contributors to the spread of the infection. Node colors correspond to the simulation class and are indicated by abbreviations for
each individual’s class (sh =Susceptible humans, ih=infected humans, Rh=Recovered humans, vh =vaccinated humans)
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(a) XAl-based vaccination infection rate

(b) XAl-based edge removal infection rate

Fig. 12 Effect of XAl-based targeted vaccination (top 30%) and XAl-guided edge removal (70%) on infected humans(ih) over time on RG network. The
mean values of all the simulations (repeated 5 times) are compared here, distinguishing each case (baseline methods and XAl-guided intervention) by

the associated colour in the legend

reduced the peak to 30.73% and total deaths to 0.10% (the
same target vaccination probability was used).

Real world contact map

To simulate the measles spreading on a not-synthetic
real-world population we selected the dataset of daily
human contact interaction dataset proposed in [38]. In
this dataset, authors used wearable proximity sensors to
track contact interactions in a village or rural Malawi for

26 consecutive days (from 16th December 2019 to 10th
January 2020). Interactions of each day can be repre-
sented by a contact graph, were nodes are humans and
one edge between two humans exists only if they inter-
acted during the day. Both number of edges and nodes
can change between days. For our analysis we are inter-
ested to the contact map with the higher number of
human interactions, for this reason we selected the graph
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Table 5 SIRVD XAl-based interventions in SBM network. The
column Strategy lists the intervention method applied. Peak
infected indicates the maximum percentage of the population
simultaneously infected during the outbreak. Total Dead reports
the overall mortality rate at the end of the simulation. Duration
denotes the total number of time steps (simulation length),
where each step is a month. Simulations were repeated 5 times
to report mean and standard deviation values

Strategy Peak Infected  Total Dead Dura-
tion
No Vaccination 94.82%+0.22 0.20% +0.00057 19
Random Vaccination 94.68%+0.21 0.14%+0.00043 18
Targeted Vaccination 94.64%+0.22 0.22%+0.00067 18
Optimal Percolation 94.76% +0.22 0.20%+0.00058 18
Vaccination
XAl Edge Removal 94.38%£0.21 0.269%+0.00073 15
(70%)
XAl Targeted Vaccina- 54.42%+0.14 0.14%+0.00054 17
tion (30%)

representing the interactions of 23rd December: 80
nodes and 139 edges.

Table 7 details the XAI-guided interventions on the real
contact network in SIRVD simulations. Figure 18 illus-
trates the progression of infection under the five different
immunisation scenarios. Both report how removing the
70% of important edges (97) from the network (approxi-
mately a quarantine of the whole community) didn’t have
important effects on the infection peak, obtaining only a
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1% of peak reduction compared to optimal percolation
vaccination. On the other hand, by using our methodol-
ogy to guide target vaccination, we achieved a reduction
of 22.75% in the infection peak (compared to the best
baseline strategy in this case, optimal percolation-guided
vaccination) by vaccinating the top 30% of nodes (24
nodes) in the network. For a fair comparison, the same
target vaccination probability was used. Figure 19 shows
edge-level explanations extracted using integrated gradi-
ents to highlight important interactions for human mea-
sles infection in a real contact network.

Discussion
The experimental evaluation of the proposed framework
demonstrates its capacity to simulate complex diffu-
sion processes and inform strategic intervention design
through a combination of network science, deep learn-
ing, and XAI Across diverse synthetic network topolo-
gies, including Watts-Strogatz, Barabdsi-Albert, Random
Geometric, Stochastic Block models, Synthpops and a
contact map of individuals taken from a real-world sce-
nario, our simulations consistently show that the inte-
gration of data-driven modelling with interpretability
mechanisms enables not only the forecasting of epidemic
dynamics but also the precise tailoring of containment
strategies.

Synthetic data is emerging as a cornerstone of epi-
demic modelling, providing a surrogate when empirical
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Fig. 13 G insights for the SBM network in the SIRVD model setting. This visualization illustrates the node-level relevance scores computed using the IG
method, applied to a GNN trained to predict epidemic dynamics. The SBM model, known for its high clustering and short path lengths, reflects realistic
patterns of social interaction. The color intensity of each edge corresponds to its attributed influence on the model’s infection prediction at a selected
time step. Nodes with higher integrated gradient values are identified as critical contributors to the spread of the infection. Node colors correspond to the
simulation class and are indicated by abbreviations for each individual’s class (sh=Susceptible humans, ih =infected humans, Rh=Recovered humans,

vh =vaccinated humans)
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Fig. 14 Effect of XAl-based targeted vaccination (top 30%) and XAl-guided edge removal (70%) on infected humans(ih) over time on SBM network. The
mean values of all the simulations (repeated 5 times) are compared here, distinguishing each case (baseline methods and XAl-guided intervention) by

the associated colour in the legend

Table 6 SIRVD XAl-based interventions in Synthpops network.
The column Strategy lists the intervention method applied. Peak
infected indicates the maximum percentage of the population
simultaneously infected during the outbreak. Total Dead reports
the overall mortality rate at the end of the simulation. Duration
denotes the total number of time steps (simulation length),
where each step is a month. Simulations were repeated 5 times
to report mean and standard deviation values
Strategy Peak Infected  Total Dead

Dura-
tion
0.25% (0.00080) 16
0.21% (0.00067) 18
0.25% (0.00066) 15
0.12%(0.00038) 19

62.45% (0.17
63.22% (0.18

No Vaccination (
(
60.44% (0.16
(

Random Vaccination
Targeted Vaccination

Optimal Percolation

)
)
)
60.58% (0.16)

Vaccination

XAl Edge Removal 59.44% (0.16) 0.17% (0.00051) 17
(70%)

XAl Targeted Vaccina- 30.73% (0.087) 0.10% (0.00037) 17

tion (30%)

data are scarce, restricted, or incomplete [39, 40]. Popu-
lation synthesis methods generate artificial datasets that
preserve demographic heterogeneity, such as age struc-
ture, household composition, and spatial distribution
while enabling analyses at scales that survey data cannot
achieve. Beyond privacy and scalability, synthetic popu-
lations support benchmarking, allow precise control
over demographic and epidemiological parameters, and
enrich training corpora for machine-learning models.
Recent studies demonstrate that spatially explicit syn-
thetic populations can reproduce observed demographic
statistics and that epidemic trajectories derived from
PDE- or SIR-based frameworks enhance the perfor-
mance of spatio-temporal graph models. Collectively,
these advances show that carefully constructed synthetic
data not only replicate key epidemic indicators, including

peak infection timing and magnitude, but also provide a
robust foundation for scenario testing, model validation,
and data-driven public health planning [1].

Simulation outcomes confirm that even modest struc-
tural interventions, such as targeted vaccination informed
by node-level relevance or edge removal guided by saliency
attribution, can lead to substantial reductions in infec-
tion peaks and total mortality. In particular, XAI-driven
approaches offer advantages over random or centrality-
based heuristics by leveraging model-derived insights
rather than relying solely on static network properties.
This advantage becomes particularly apparent in networks
with heterogeneous or modular structures, where high-
risk nodes are not always intuitively or centrally located.

The use of simulation prior to real-world deployment
allows health authorities to assess multiple scenarios
without incurring the costs, delays, or ethical risks asso-
ciated with live experimentation. This has direct impli-
cations for pandemic preparedness: policies can be
pre-tested in silico, allowing for faster response times
when outbreaks occur. Moreover, our results illustrate
how data-driven insights can optimize vaccine allocation,
avoiding resource wastage while maximizing protective
effects. In the BA network, for example, XAlI-informed
strategies (XAlI-targeted vaccination) halved the peak
deaths from infections compared to no intervention or
other baseline strategies.

The framework’s ability to adapt across network models
enhances its generalizability and usability for varied bio-
medical settings. It supports both prospective forecasting
and retrospective policy evaluation, offering a principled
infrastructure for iterative decision-making. Importantly,
these simulations highlight a future in which biomedical
modelling platforms act as real-time companions to epi-
demiological surveillance, guiding policy not only with
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Fig. 15 Node embedding visualization for the Synthpop network in the SIRVD model setting. This figure represents the latent space learned by the
graph neural network (GNN) during training on epidemic diffusion data. Each point corresponds to a node, projected into a two-dimensional embedding
space using dimensionality reduction. The position and clustering of nodes reflect structural and dynamic similarities captured by the GNN, including
community structures and temporal patterns of infection. Colors encode infection status (sh =Susceptible humans, ih=infected humans, Rh =Recovered
humans, vh=vaccinated humans). This representation enables interpretable classification of high-risk nodes and supports downstream tasks such as
targeted intervention and forecasting, by revealing relationships not evident from the original graph topology alone

lh over time
—— No Vaccination
06 Random Vaccination
—— Targeted Vaccination
0.5 \ —— Optimal Percolation Vaccination
XAl Edge Removal (70%)
c 0.4 .
2 s
g g
o 0.3 1
5 g
o
0.2
0.1
0.0
0 5 10 15 20
Step

(a) XAlI-based edge removal infection rate

Ih over time

—— No Vaccination
0.6 Random Vaccination

—— Targeted Vaccination

—— Optimal Percolation Vaccination
0.5 —— XAl Targeted Vaccination (30%)
0.4
0.3
0.2
0.1
0.0

10 15 20

Step

(b) XAlI-based vaccination infection rate

Fig. 16 Effect of XAl-based edge removal (top 70%) and XAl-based vaccination (top 30%) on infected humans (ih) over time on a Synthpops network.
The mean values of all the simulations (repeated 5 times) are compared here, distinguishing each case (baseline methods and XAl-guided intervention)

by the associated colour in the legend

predictive accuracy but also with actionable explana-
tions. The integration of interpretability into this process
ensures that interventions remain transparent and justifi-
able to both practitioners and the public.

In sum, the results advocate for a shift toward simula-
tion-enhanced public health planning, where evidence-
based decisions are accelerated, lives are preserved, and
resources are efficiently utilized. By making these capabil-
ities accessible and extensible, the framework addresses a
critical need for proactive, intelligent, and interpretable
systems in epidemic control and biomedical modelling.

Conclusion

This work presents a modular, interpretable simulation
framework that bridges classical epidemiological model-
ling with state-of-the-art machine learning techniques to
support evidence-based public health decision-making.
By integrating network-based diffusion models, graph
neural networks, and XAlI, the platform enables users to
explore complex transmission scenarios, assess interven-
tion strategies, and extract actionable insights from simu-
lated data.
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Fig. 17 |G insights for the Synthpops network in the SIRVD model setting. This visualization illustrates the node-level relevance scores computed using
the IG method, applied to a GNN trained to predict epidemic dynamics. The color intensity of each edge corresponds to its attributed influence on the
model’s infection prediction at a selected time step. Nodes with higher integrated gradient values are identified as critical contributors to the spread
of the infection. Node colors correspond to the simulation class and are indicated by abbreviations for each individual’s class (sh=Susceptible humans,

ih=infected humans, Rh =Recovered humans, vh =vaccinated humans)

Table 7 SIRVD XAl-based interventions in real-word network.
The column strategy lists the intervention method applied. peak
infected indicates the maximum percentage of the population
simultaneously infected during the outbreak. total Dead reports
the overall mortality rate at the end of the simulation. Duration
denotes the total number of time steps (simulation length),
where each step is a month. Simulations were repeated 5 times
to report mean and standard deviation values

Strategy Peak Infected  Total Dead Dura-
tion
No Vaccination 39.00% (0.12) 0.09%(0.0) 19
Random Vaccination 35.25% (0.11) 0.0%(0.0) 14
Targeted Vaccination 34.00% (0.11) 0.0%(0.0) 11
Optimal Percolation 33.25% (0.10) 0.25%(0.0005) 17

Vaccination
XAl Edge Removal (70%)

XAl Targeted Vaccination
(30%)

32.25% (0.10)
10.50% (0.003)

0.25% (0.0005) 17
0.0% (0.0) 8

Through extensive experiments across multiple synthetic
network topologies, the framework demonstrated robust
predictive capacity and the ability to pinpoint structurally
critical nodes and edges for targeted containment. These
capabilities translate into tangible benefits in managing
infectious disease outbreaks, offering a practical, cost-
effective alternative to reactive public health measures.
Notably, XAI-guided strategies consistently outperformed
traditional heuristics, highlighting the value of interpreta-
ble machine learning in real-time epidemic control.

The potential of such a platform extends well beyond
the scope of measles modelling. It sets the stage for rapid
adaptation to future pandemics, antimicrobial resistance
tracking, and behavioural diffusion modelling in healthcare.
Ultimately, the framework supports a proactive paradigm in
which simulation and interpretability enable timely, trans-
parent, and targeted responses to public health threats.
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Fig. 18 Effect of XAl-based edge removal (top 70%) and XAl-based vaccination (top 30%) on infected humans (ih) over time on a real-world contact
network. The mean values of all the simulations (repeated 5 times) are compared here, distinguishing each case (baseline methods and XAl-guided inter-

vention) by the associated colour in the legend
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Fig. 19 |G insights for the real network in the SIRVD model setting. This visualization illustrates the node-level relevance scores computed using the IG
method, applied to a GNN trained to predict epidemic dynamics. The color intensity of each edge corresponds to its attributed influence on the model’s
infection prediction at a selected time step. Nodes with higher integrated gradient values are identified as critical contributors to the spread of the infec-
tion. Node colors correspond to the simulation class and are indicated by abbreviations for each individual's class (sh=Susceptible humans, ih=infected

humans, Rh=Recovered humans, vh =vaccinated humans)
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