Journal of Pain Research Dovepress
Taylor & Francis Group

ORIGINAL RESEARCH

Modelling Pain Perception Using Fuzzy Cognitive
Maps

Hojjatollah Farahani ' Natasa Kovaé 2, Helal Fardi3, Peter Charles Watson (*

'Department of Psychology, Faculty of Humanities, Tarbiat Modares University, Tehran, Iran; 2Faculty of Applied Sciences, University of Donja Gorica,
Podgorica, Montenegro; 3Department of Psychology, Faculty of Education and Psychology, University of Tehran, Tehran, Iran; “MRC Cognition and
Brain Sciences Unit, University of Cambridge, Cambridge, UK

Correspondence: Hojjatollah Farahani, Tarbiat Modares University, Jalal AleAhmed, Tehran, Nasr;, [4115-111, Iran, Email h.farahani@modares.ac.ir;
Peter Charles Watson, Cambridge University, 15 Chaucer Road, Cambridge, CB2 7EF, United Kingdom, Email Peter.Watson@mrc-cbu.cam.ac.uk

Purpose: Perception of pain is a multifactorial mechanism involving physiological, psychological and social factors; only by
understanding the interplays of these factors can we hope to develop effective management strategies for pain. To that effect, we
developed a computational model using Fuzzy Cognitive Maps (FCMs) to simulate and predict individual pain experiences, based on
expert input across multiple disciplines. This framework has potential application in individualized pain management, drug develop-
ment and pain research.

Patients and Methods: The Method of the study is an FCM model based on expert-sourced data for pain perception. A total of 20
experts were recruited using a snowball sampling technique, divided into five specialist groups: neurologists, pain specialists,
psychologists, sociologists, and geneticists, with four experts in each group. The experts contributed input in CSV file format
specifying concept associations and linguistic terms. Therefore, three types of data collection were used: questionnaires for capturing
inter-factor interactions, fuzzy matrices measuring strengths of influences and interviewing in order to validate relationships. The data
was then analyzed by summing up expert-defined causal relationships based on fuzzy logic rules, allowing for the construction of the
initial weight matrix that reflects both the strength and direction of influence between concepts.

Results: The built FCM model integrates six significant concepts that influence pain perception: brain and neural basis of pain,
psychological factors, social factors, individual differences, type of tissue damage and general pain perception. The model structure
indicates strong reinforcing influences between psychological and neural factors, while social influences tend to inhibit perceived pain.
Centrality analysis highlighted individual differences as a critical mediating node in the system. The model stabilized to an internally
consistent fixed point under a variety of initial conditions, providing internal stability.

Conclusion: The findings indicate that the FCM model provides a useful framework for representing interactions between pain and its
influencing factors. The model was validated through expert consensus and scenario-based simulations. Future work will include
empirical validation using standardized psychological instruments to compare FCM outcomes with real-world psychological profiles.
Keywords: pain perception, fuzzy cognitive maps, pain management, elements of pain perception, medical decision support systems

Introduction

Pain is conventionally defined as an uncomfortable sensation or feeling with actual or potential tissue damage, and it is
recognized as a complex multidimensional phenomenon affected by a variety of changes such as neurophysiological,
immunological, cognitive, psychological, social and cultural factors. This understanding is vital for forming appropriate
pain treatment plans.'

Pain perception is not a straightforward, linear process; It varies widely among individuals and cultures, influenced by
both subjective interpretation and environmental context.* These factors interact to shape pain experience, and
a structured medical decision-making model is essential for integrating these variables into effective clinical responses
and, at the same time infer a decision. To address this need, computational tools capable of handling complexity,

subjectivity, and interdependence are required.’
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Among such tools, FCMs offer an interpretable and flexible framework for modeling Medical Decision Support
Systems (MDSS). FCM is a fuzzy modeling technique that employs the building blocks of fuzzy logic, neural networks,
and cognitive maps. FCMs are a robust form of modeling knowledge in systems where there is uncertainty, causality, and
complex interactions. In this case, each concept is a definite state or property of the system, and concepts affect each
other to describe the dynamic process of the system. These models can incorporate expert knowledge and dynamically
update system states via feedback.>*

FCM is a powerful modeling approach that consists of a range of nodes or concepts (variables) and shows causal
relationships through weighted connections between them.” When multiple experts contribute their perspectives, indivi-
dual FCMs are synthesized into a comprehensive, consensus-based model.*’

Pain perception is highly individualized, influenced by an interplay of biological, psychological, socio-cultural, and
genetic factors. Neurobiologically, pain signals originating from nociceptors in peripheral tissues travel through the
spinal cord to brain regions such as the somatosensory cortex, thalamus, and anterior cingulate cortex. Pain processing
involves neurotransmitters including excitatory substances like substance P and glutamate, and inhibitory agents like
serotonin, norepinephrine, and endorphins. Central modulation of these signals through neuroplasticity enables adapta-
tions in neural responses, often leading to increased sensitivity and chronic pain conditions.'*!'%'2

Psychologically, pain experience is shaped by cognitive, emotional, and behavioral factors. Protective psychological
traits such as optimism and self-efficacy mitigate pain, while vulnerability factors, including fear, anxiety, and pain
catastrophizing, enhance pain perception and chronicity. Negative emotions, notably anxiety and anger, significantly
contribute to increased pain sensitivity by activating hormonal and neurotransmitter pathways.'*'® Sociocultural context
further modulates pain perception. Cultural norms influence the expression and interpretation of pain, with some societies
encouraging open emotional displays and others promoting restraint. Strong social support generally correlates with
lower pain perception, whereas isolation and lack of support are associated with heightened sensitivity.'” '

Individual differences in pain perception are rooted in both genetic and environmental factors. Genetic variations,
evidenced by twin studies, contribute significantly to individual variability in pain sensitivity. Moreover, gender differences
exist in pain processing mechanisms, partly due to sex-specific quantitative trait loci (QTLs), hormones, and neurobiological
differences. Aging is another critical determinant, affecting pain thresholds and tolerance levels due to progressive sensory
system changes. Personality traits, notably neuroticism, extraversion, openness, agreeableness, and conscientiousness, sig-
nificantly impact how pain is experienced and managed. Higher neuroticism levels correlate with increased pain sensitivity
and reduced tolerance, while secure attachment styles and positive personality traits are generally protective against intense
pain perception.”> ' Pain classifications (acute vs chronic and nociceptive vs neuropathic) differ primarily by their underlying
tissue or nerve damage mechanisms, influencing treatment approaches and prognosis.>*>*

Despite the extensive body of literature on the biological, psychological, and social dimensions of pain, a significant
research gap remains in modeling how these domains dynamically interact to shape individual pain experiences. Existing
clinical and computational models tend to either isolate these factors or lack the interpretability necessary for integration into
medical decision-making. For instance, while machine learning algorithms may provide predictive power, they often operate
as opaque systems that do not offer causal insight into the mechanisms of pain perception. Conversely, traditional psycho-
metric and clinical approaches may be interpretable but fall short in capturing feedback loops and contextual modulation
among factors. To bridge this gap, we propose an FCM framework that synthesizes expert knowledge to construct
a transparent, simulation-ready model. The FCM structure enables the encoding of causal, often uncertain, relationships
using linguistic variables, while maintaining a level of interpretability conducive to clinical use. This approach offers a novel
perspective by embedding domain knowledge directly into the model and facilitating scenario testing, ultimately aiming to
support personalized pain assessment and management. The next section describes the development of the FCM model,
including expert elicitation methods, data integration, and the rationale for selecting key pain-related concepts.

Material and Methods

FCM model, first introduced by Kosko in 1986, was described as a recurrent neural network that mimics human
reasoning and decision-making processes.>> With FCMs, it is feasible to simulate complicated systems, such as the
human organism, and also examine patient data, such as symptoms, history and laboratory test results and graphically
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depict the correlation between different clinical and medical conditions variables.*®*” By encoding causal relationships
as perceived by experts, FCMs simulate human-like reasoning through iterative state updates that mirror real-world
feedback processes, supporting intuitive decision-making under complex, interrelated conditions.>® FCM consists of
different nodes where each node represents a concept, and the arrow between any two linked concepts indicates the
presence of a cause-and-effect relationship. Each arrow is weighted, with the value lying anywhere on the scale from 1 to
—1. A negative weight implies an inverse relationship, where an increase in one concept leads to a decrease in the other.
A positive weight denotes a direct relationship, where an increase in one concept increases the other. The absence of an
edge between two nodes signifies their independence within the FCM model. Different FCMs are derived from the
knowledge of various experts, where the resulting FCM is the fusion of all these individual FCMs.*®’

The current paper presents a novel medical decision support system utilizing FCMs to enhance pain perception
assessment in individuals experiencing acute or chronic pain. This study aims to facilitate early and accurate identifica-
tion of diverse pain types, enabling more timely and precise diagnoses by focusing on the fundamental factors
influencing pain perception. Initially, a literature review was conducted to identify relevant factors, resulting in the
selection of 6 key concepts (5 inputs and 1 output), as shown in Table 1.

In constructing the FCM model, expert input was gathered to capture relationships and dynamics among the identified
concepts. A total of 20 experts participated in the study, organized into five domain-specific groups (neurologists, pain
specialists, psychologists, sociologists, and geneticists), with four participants in each. Experts were identified using
a snowball sampling technique, which is commonly used in qualitative modeling where domain-specific expertise is
required and the expert population is limited or specialized. These individuals were selected for their established
contributions in their respective fields and were then asked to recommend peers who could offer complementary insights.
While snowball sampling carries a risk of introducing selection bias and homogeneity of viewpoints, since participants
tend to nominate individuals with similar perspectives, these limitations were actively mitigated by ensuring that the
initial expert pool was intentionally diverse in both discipline and professional background. Experts were interviewed
independently to minimize peer influence and groupthink. This sampling method was deemed appropriate given the
exploratory and interdisciplinary nature of the FCM construction, where the richness of domain-specific knowledge
outweighed the need for randomization. Nevertheless, the potential for sampling bias is acknowledged as a limitation,
particularly in how it may influence the weighting of concept relationships in the model.

Data collection employed three methods: questionnaires, fuzzy matrices and interviews. Questionnaires were
designed based on the literature review to capture the nature and extent of relationships between factors. In the fuzzy
matrix approach, experts quantified the influence of factors using a matrix format. Lastly, in the interview-based method,
participants sketched relationships between factors and described their strengths and polarity. Responses were consoli-
dated into a matrix, where rows represented relationships and columns reflected expert opinions. Negative or positive
relationships were assigned values based on their intensity, while neutral interactions received a value of zero.*”

Building upon the conceptual foundation outlined in the Introduction, the methodology of this study centers on
translating the multifactorial understanding of pain perception into a structured, computational model using FCMs. The

Table | Core Conceptual Constructs in Pain
Modelling and Their Identifiers

Concepts Identifier

Pain perception Cl

The brain and the neural basis of pain | C2

Psychological factors C3
Social factors C4
Individual differences C5
Type of tissue damage Cé
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six primary constructs identified, pain perception (C1), brain and neural basis of pain (C2), psychological factors (C3),
social factors (C4), individual differences (C5), and type of tissue damage (C6), were derived through an extensive
literature review and selected to represent the most influential and interdependent domains within the biopsychosocial
framework of pain. These constructs were not only theoretically grounded but also validated through expert consultation,
ensuring their relevance across both clinical and theoretical dimensions.

FCMs are particularly well-suited to this domain because they allow for the representation of causal relationships in
systems characterized by uncertainty, complexity, and non-linearity. Each concept (or node) in the FCM corresponds to
one of the six identified constructs, and the directed edges between nodes reflect the perceived causal influences among
them, quantified by weights ranging from —1 to +1. These weights indicate both the direction and the strength of
influence, capturing inhibitory and reinforcing effects. Unlike black-box models, FCMs enable both visualization and
interpretability of the relationships, allowing researchers and clinicians to examine how shifts in one domain (eg,
psychological distress) may propagate through the network to influence others (eg, pain intensity or social response).

The modeling process was carried out in three stages: expert selection and data elicitation, fuzzy linguistic quantification of
concept relationships, and integration of responses into a unified weight matrix. Experts were recruited using a snowball
sampling approach and represented five disciplinary perspectives, neurology, psychology, sociology, genetics, and pain
medicine. Each expert independently evaluated the relationships among the six constructs using questionnaires, fuzzy
matrices, and structured interviews. Their inputs included directional associations, intensity assessments, and qualitative
justifications, all of which were encoded in linguistic variables. These linguistic assessments were then translated into
numerical weights using predefined membership functions, ensuring consistency in interpretation and mathematical treatment.
The resulting model forms the basis for simulation, sensitivity, and policy analysis detailed in the following sections.

The universe of discourse was defined as a range from —1 to 1 with a step size of 0.001, allowing for a fine-grained
representation of connection strengths. Each expert was asked to evaluate the pairwise causal relationships between
predefined concepts using a 7-point linguistic scale: Very Low Negative (—VL), Low Negative (—L), Medium Negative
(—M), High Negative (—H), No Association (NA), Low Positive (+L), Medium Positive (+M), High Positive (+H), and
Very High Positive (+VH), as shown in Table 2.

To translate expert linguistic assessments into quantitative form suitable for FCM modeling, we defined a structured mapping
from real-world qualitative judgments to a numerical interval within [—1,1]. This interval captures the full range of causal
influence from strong inhibition to strong stimulation. Linguistic terms (eg, very low, medium, high) were each associated with
triangular membership functions defined over this universe of discourse. For example, the linguistic label “+M” (positive
medium) corresponds to the fuzzy interval [0.25,0.5,0.75], while “-VH” (very high negative) maps to [—1,—1,—0.75]. These
membership functions were defined via standard fuzzy logic conventions and applied uniformly across expert judgments.

Defuzzification was conducted using the centroid method, and the resulting crisp weights inherently fell within
[-1,1]. All weights were then aggregated from multiple expert sources using a fuzzy max operator (fMax) and optional
entropy-based filtering. We apply the hyperbolic tangent (tanh) as the activation function, which is commonly used in
FCMs to model gradual saturation behavior. The outputs of this function lie within (—1,1), and no further transformation
was applied. This preserves interpretability in the bipolar space, where negative and positive values denote opposing
polarities of concept activation.

The simulation of the FCM dynamics was conducted using Koskos reasoning rule,®> which updates the activation
level of each concept based on the weighted sum of incoming causal signals. This algorithm can be represented by the
following pseudocode:

Input:

- W: Weighted adjacency matrix

- Ay: Initial concept activation vector

- f: Activation function (sigmoid)

- T: Maximum number of iterations

- & Convergence threshold
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Table 2 Fuzzy Linguistic Descriptions and Weight Ranges of Conceptual Relationships in the Pain Model

Concept Pair

Relationship

Linguistic Variables

Weight Range

Interpretation

Brain (C2) <> Pain Perception (Cl) Reinforcing Very High (VH), High (H) +0.7 to +1 A stronger brain influences increases pain perception.

Psychological Factors (C3) < Pain Perception (Cl) Reinforcing High (H), Medium (M) +0.5 to +0.8 Psychological factors like stress or anxiety increase pain perception.

Social Factors (C4) <> Pain Perception (Cl) Inhibitory Low (L), Very Low (VL) —0.2 to —0.5 Social support or positive social interactions reduce pain perception.

Individual Differences (C5) <> Pain Perception (Cl) Reinforcing Medium (M), High (H) +0.6 to +0.9 Individual factors like genetic predisposition affect pain intensity.

Tissue Damage (C6) <> Pain Perception (Cl) Reinforcing Very High (VH), High (H) +0.8 to +1 Severe tissue damage increases pain perception significantly.

Brain (C2) <> Psychological Factors (C3) Reinforcing Medium (M) +0.5 Brain activity can modulate psychological factors.

Brain (C2) <> Social Factors (C4) Inhibitory Low (L) -0.3 Brain functions such as stress response can reduce social support effects.
Tissue Damage (C6) <> Psychological Factors (C3) Reinforcing High (H), Medium (M) +0.7 to +0.8 Psychological responses depend on the degree of tissue damage.

Individual Differences (C5) <> Psychological Factors (C3) Reinforcing Medium (M), High (H) +0.6 Psychological responses are modified by individual differences, eg, coping styles.
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Procedure:

1. Set A «— Ag

2.Fortin1to T:

a. Compute A’ — f(A + A x W)
b. If JA" - A|| < &, break
c.A— A

3. Return A (Final Activation Levels)

All modeling and inference processes were implemented using ExpertF'CM, a Python-based tool built on top of the fempy
packag.ge.40 ExpertFCM extends the base package with additional functionality, including expert aggregation, entropy
visualization, linguistic-weight mapping, and simulation analysis (eg, policy interventions, community detection, node
centrality, and sensitivity testing). Visualization and matrix analysis were carried out using matplotlib, seaborn, and pandas.

Results

Before analyzing centrality, sensitivity, and dynamic scenarios, we assessed the global stability characteristics of our
FCM model to confirm its suitability for dynamic scenario analysis. Following the spectral analysis methodology,*' we
computed the spectral radius (p) of the weight matrix. For our FCM model, the spectral radius was 3.25, clearly
exceeding the critical threshold of 1 required for global asymptotic stability (p(W)<1). This result indicates that our
model does not converge to a unique global attractor but rather exhibits potential for multiple equilibria or attractors,
depending on initial states or external perturbations. This finding explicitly confirms the dynamic diversity of our model,
validating its practical usability in simulating various pain-related scenarios and interventions. With this foundational
validation established, we proceed to examine the model’s structural and dynamic properties through centrality analysis,
sensitivity testing, and scenario simulations.

Figure 1 showcases a spectrum of influence strengths, with blue shades denoting strong negative influences and red
shades indicating strong positive influences. Pain perception (C1) strongly inhibits psychological factors (C3, —0.91) and
social factors (C4, —0.78), suggesting a robust regulatory role in emotional and social pain responses. Conversely, brain
and neural mechanisms (C2) have dual roles: reinforcing psychological (C3, 0.91) and social factors (C4, 0.70), yet
strongly inhibiting tissue damage (C6, —0.71). This duality suggests the brain’s central role as both a mediator and
regulator of pain dynamics. Individual differences (C5) notably act as a consistent facilitator, positively influencing
nearly all other concepts, underscoring its pivotal role in modulating pain experiences. Tissue damage (C6) emerges
primarily as an inhibitor, notably reducing activations in psychological and brain-based nodes, implying its stabilizing or
balancing role.

Figure 2 shows the summed incoming weights onto each node to evaluate their cumulative receptivity to influence. The node
C5 (Individual differences), receiving the most robust combined positive inputs, stands out as a central network reinforcement
hub, while C6 (Tissue damage) shows its critical countering role, receiving varied inputs of contrasting strengths.

Figure 3 provides a detailed view of the interactions among nodes in the conceptual model, revealing each node’s
directional influence on others. The weights, ranging from strong positive to negative values, illustrate the complexity of
the relationships and their potential implications for the system’s dynamics.

Negative weights, such as —0.91 for C1 (Pain perception) — C3 (Psychological factors) and —0.91 for C6 (Tissue damage)
— C2 (Brain and neural basis of pain) (Brain and neural basis of pain), suggest inhibitory effects where the source node
diminishes the target node’s activation level. C1 (Pain perception) — C3 (Psychological factors), for instance, C1 (Pain
perception) significant role in dampening C3 (Psychological factors) influence, aligning with its broader balancing function
within the network. Similarly, C6 (Tissue damage) negative impact on C2 (Brain and neural basis of pain) and C3
(Psychological factors) highlights its counteractive position, emphasizing its potential to stabilize or disrupt the network
depending on its state. Positive weights underscore supportive or reinforcing relationships. C5 (Individual differences), as
a central hub, displays strong positive connections, such as C5 (Individual differences) — C3 (Psychological factors) (0.91)
and C5 (Individual differences) — C6 (Tissue damage) (0.91), positioning it as a node that amplifies the activation of others.
Its uniformly high positive interactions reveal its pivotal role in driving overall system behaviour, potentially enabling
cascading effects. Moderate weights, such as C2 (Brain and neural basis of pain) — C4 (Social factors) (0.62) and C4
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Heatmap of Initial Weight Matrix
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Figure | Heatmap of the initial weight matrix, displaying the signed connection strengths between all concept pairs in the FCM. Darker colours indicate stronger influence
(positive or negative), revealing asymmetries and highlighting dominant pathways such as the strong effects from Psychological Factors (C3) and Social Factors (C4) to Pain
Perception (CI).

(Social factors) — C5 (Individual differences) (0.5), highlight interactions that balance reinforcement and inhibition. These
relationships suggest nuanced dependencies, where changes in one node moderately influence another without overwhelming
the network dynamics. The symmetry and asymmetry of weights between specific nodes, such as C2 (Brain and neural basis of
pain) — C3 (Psychological factors) (0.91) versus C3 (Psychological factors) — C2 (Brain and neural basis of pain) (0.78), also
reveal the unequal reciprocal influences in certain relationships. Such patterns provide insights into which nodes may
disproportionately affect the network’s equilibrium.

Individual differences (C5) appear as a central reinforcing node, while tissue damage (C6) displays complex
balancing influences, indicating both stimulatory and inhibitory impacts depending on context.

The centrality analysis (Figure 4) reveals essential insights into each node’s structural and functional roles in the
network. The degree centrality values indicate the direct connections a node has with others. Nodes C2 (Brain and neural
basis of pain), C3 (Psychological factors), C4 (Social factors), and C5 (Individual differences) exhibit the highest degree
of centrality, each with a score of 2.0, suggesting their critical roles as hubs with maximal direct connections. In contrast,
nodes C1 (Pain perception) and C6 (Tissue damage), with slightly lower scores of 1.8, have fewer connections but
remain integral to the network’s structure.

Betweenness centrality (Figure 5) quantifies the degree to which a node acts as a bridge within the network. Nodes C2
(Brain and neural basis of pain), C3 (Psychological factors), C4 (Social factors) and C5 (Individual differences) exhibit
moderate betweenness centrality scores of 0.0125, indicating a moderate level of involvement in facilitating commu-
nication pathways within the network. Nodes C1 (Pain perception) and C6 (Tissue damage) show zero betweenness
centrality, implying they act primarily as endpoints rather than intermediaries.

The closeness centrality (Figure 6) emphasizes how efficiently a node can access others within the network. Nodes C1
(Pain perception), C2 (Brain and neural basis of pain), C3 (Psychological factors), C4 (Social factors) and C5 (Individual
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Graph Visualization with Initial Weights Represented by Node Color
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Figure 2 Graph visualisation of the FCM with initial weights, where node colour represents total influence strength (in-degree plus out-degree). This topological overview
emphasises the network’s most influential nodes and the structure of causal loops within the pain-related system.

differences) demonstrate optimal accessibility, each with a perfect score of 1.0. This highlights their central positions,
which can quickly interact with all other nodes. Node C6 (Tissue damage) exhibits a lower closeness centrality of 0.833,
suggesting its position is slightly more peripheral than the others.

The node importance analysis (Figure 7) provides a deeper understanding of each node’s roles and influences within
the network by considering the sum of incoming and outgoing connections. Node C5 (Individual differences) emerges as
the most influential node, exhibiting a notably high importance score of 6.35. This indicates its centrality in propagating
influence to other nodes, underscoring its role as a primary driver within the system. Nodes C1 (Pain perception) and C6
(Tissue damage) exhibit negative importance scores of —2.55 and —2.44, respectively. These values highlight their limited
or counteracting influence within the network dynamics. They may serve as sinks that absorb influence or as nodes with
weaker outgoing interactions. The remaining nodes C2 (Brain and neural basis of pain), C3 (Psychological factors) and

C4 (Social factors) show moderate importance scores of 1.73, 1.36 and 1.50, respectively. This suggests balanced roles in
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60 Bar Plot of Aggregated Weights for Relationships (Non-zero Only)
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Figure 3 Bar plot of all non-zero aggregated weights across concept pairs. The plot emphasises asymmetries in influence, showing that certain concept relationships,
especially those involving Psychological Factors (C3) and Social Factors (C4), dominate the causal architecture of the model.
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Figure 4 Degree centrality of each concept, indicating the number of direct influences received and exerted. Individual Differences (C5) and Psychological Factors (C3)
emerge as one of the most connected nodes, confirming their central role in the network and their potential as leverage points in interventions.

which they contribute to and receive influence from other nodes. This balanced positioning may indicate their roles as
intermediaries, supporting the influence flow between more dominant and less impactful nodes.

Nodes representing the brain (C2), psychological factors (C3), social factors (C4), and individual differences (C5)
emerge as critical hubs, consistently central across different measures (degree, betweenness, closeness, importance). In
contrast, pain perception (C1) and tissue damage (C6), although slightly less connected, remain significant endpoints or
regulators in the system.

The FCM’s community detection analysis (Figure 8) reveals two distinct groups within the network. The first
community is represented solely by concept C1 (Pain perception), indicating its isolated influence and unique role
within the system. This suggests that C1 (Pain perception) might have specific characteristics or connections that set it
apart from the remaining nodes. The second community encompasses a tightly interconnected group of concepts C2

Journal of Pain Research 2025:18
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Betweenness Centrality of Nodes
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Figure 5 Betweenness centrality scores across all nodes, quantifying the extent to which each concept acts as a bridge connecting other nodes in the network. The
concepts Brain and neural basis of pain (C2), Psychological factors (C3), Social factors (C4), and Individual differences (C5) share equally high centrality, indicating their
collective role as key conduits in facilitating interactions between biological, psychological, and social components of pain perception.
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Figure 6 Closeness centrality values for each concept, indicating how efficiently a node can influence or be influenced by others in the network. The results reinforce the
integrative role of nodes like Individual Differences (C5) and Psychological Factors (C3) in modulating the broader system.

(Brain and neural basis of pain), C3 (Psychological factors), C4 (Social factors), C5 (Individual differences) and C6
(Tissue damage). This clustering highlights their collective dynamics and mutual influence, forming a cohesive sub-
network. These nodes share strong relationships, which could indicate their collaborative roles in driving specific
outcomes or maintaining the stability of the overall network. The separation of C1 (Pain perception) into its community
underscores its distinctive role compared to the remaining nodes, which exhibit interdependencies within their commu-
nity. This distinction might reflect structural or functional differences in how C1 (Pain perception) interacts with other
elements, suggesting potential areas for further exploration in its impact on the system’s behavior.

Figure 9 provides a concise summary of linguistic labels and weights. Here, individual differences (C5) consistently
display strong positive effects, reinforcing their position as a primary modulator. This finding underscores the critical
importance of personal traits, coping strategies, and genetic predispositions in shaping the experience of pain. Clinically,
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Node Importance Analysis Based on Sum of Influences
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Figure 7 Node importance analysis based on total influences (sum of outgoing weights). This analysis identifies nodes exerting the greatest control within the network.
Individual Differences (C5) exhibits the strongest positive influence, while Pain perception (Cl) shows significant negative influence. These results highlight Individual
Differences as a primary candidate for targeted interventions, given its prominent regulatory role within the model dynamics.

it suggests that interventions targeting individual characteristics, such as personalized psychological or behavioral
therapies, may significantly influence broader pain outcomes and therapeutic effectiveness.

Conversely, tissue damage (C6) again reveals mixed influences, further emphasizing its dual role as both a reinforcing
and inhibiting node depending on the target context. This dual nature may reflect the complex interplay between actual
physical injury and perceived pain severity, where tissue damage serves not only as an origin of nociceptive signals but
also triggers central regulatory mechanisms. Practically, it highlights that clinical pain assessments and treatments should
not solely focus on the extent of physical damage but also consider its broader modulatory effects across biological and
psychological domains.

Concept C1 (Pain perception) demonstrates mixed interactions. It has strong negative influences on C2 (Brain and
neural basis of pain), C3 (Psychological factors) and C4 (Social factors). This observation suggests that pain perception
actively engages regulatory feedback mechanisms, potentially to limit emotional distress, cognitive overload, and social
disruption associated with pain. The negative feedback loops identified here highlight the body’s inherent protective
mechanisms aimed at maintaining psychological and social homeostasis despite ongoing pain.

Concept C2 (Brain and neural basis of pain) is predominantly positively influential, especially towards C3
(Psychological factors), C4 (Social factors) and C5 (Individual differences). Its negative impact on C6 (Tissue damage)
is substantial. This central neural control likely underlies neuroplastic adaptations, allowing the brain to amplify or
suppress the relevance of pain signals depending on context, thereby shaping both individual psychological responses
and social behaviors. Such central modulation could form the basis for neuro-focused interventions, such as neuromo-
dulation therapies or cognitive-behavioral techniques that harness neural plasticity for pain relief.

Concept C3 (Psychological factors) shows a balanced influence pattern. While it exerts strong positive effects on C4
(Social factors) and C5 (Individual differences), it negatively affects C1 (Pain perception) and C6 (Tissue damage). This
complex balance underscores the dual role of psychological states in pain modulation, where positive psychological
states can enhance social engagement and resilience, whereas negative states like anxiety or depression might amplify
perceived pain intensity and prolong recovery. Therapeutically, this indicates psychological factors are pivotal targets for
intervention, aiming to mitigate their adverse impacts while bolstering their protective elements through supportive social
environments and targeted psychological therapies.

Concept C6 (Tissue damage) stands out for its dual nature. While positively influencing C1 (Pain perception) and C5
(Individual differences), it strongly negatively impacts C2 (Brain and neural basis of pain), C3 (Psychological factors) and
C4 (Social factors). This complex interplay indicates that tissue injury not only directly escalates pain experiences but also
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Community Detection in FCM Graph
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Figure 8 Community detection within the FCM graph using a modularity-based algorithm. Two distinct clusters emerge: one comprising solely the perceptual concept (Cl,
Pain perception), and the other cluster integrating neural (C2), psychosocial (C3—C5), and biological (C6) concepts. This division highlights the central integration of neural
and psychosocial factors within pain dynamics, while distinctly positioning pain perception (Cl) as a separate cluster, underscoring its unique role in the system.

potentially reduces cognitive, emotional, and social functioning by impairing central and psychological regulation. This
suggests that interventions focused on physical healing should be complemented with strategies aimed at protecting
cognitive-emotional resources and social support systems to comprehensively manage the overall pain experience.

When examining the system’s sensitivity analysis, the activation levels for top-ranked nodes (Figure 10) and key
nodes (Figure 11) reveal subtle but significant variations in response to changes in their initial values. The two plots offer
complementary perspectives on this analysis. For the top-ranked nodes C2 (Brain and neural basis of pain), C3
(Psychological factors) and C4 (Social factors) the analysis focuses on differences in activation levels relative to their
baseline states across various initial values ranging from 0.1 to 0.9. This reveals how influential these nodes are in
propagating changes throughout the system. The plot shows that while some nodes exhibit pronounced deviations from
their baselines, others remain more stable, indicating differing roles in maintaining the system’s equilibrium. For
instance, as the initial values increase, nodes like C3 (Psychological factors) display a more pronounced divergence,
highlighting their dynamic influence under changing conditions. On the other hand, the sensitivity analysis for key
drivers C1 (Pain perception), C2 (Brain and neural basis of pain), C5 (Individual differences) and C6 (Tissue damage)
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Figure 9 Updated FCM graph with all weights labelled. This visualisation shows the strength and polarity of each connection, enabling an intuitive overview of feedback
loops and highlighting competing effects (eg, tissue damage both reinforcing and inhibiting certain constructs).

extends this examination by considering even more minor initial variations, such as 0.001 and 0.1, alongside higher
values. This detailed approach illustrates that nodes such as C5 (Individual differences) are exceptionally responsive,
with significant differences in their activation levels emerging under minimal perturbations. Nodes like C6 (Tissue
damage) demonstrate a more muted response, suggesting a stabilizing role in the network. Including finer variations
underscores the validity of specific nodes while revealing others’ susceptibility to external changes.

Psychological factors (C3) and individual differences (C5) respond most dynamically to small initial changes,
suggesting that these nodes critically mediate pain dynamics. By contrast, tissue damage (C6) remains relatively stable,
again reinforcing its role as a stabilizing force within the network.

Figure 12 illustrates the progression of node activations over successive time steps in the simulated system. All nodes
initially begin at an equal activation level of 0.5. Subsequent iterations depict dynamic changes as interactions between
nodes unfold, governed by the weighted relationships within the network. Node C4 (Social factors) rapidly converges
toward equilibrium, stabilizing at approximately 0.998 by the fourth iteration. Similarly, node C2 (Brain and neural basis
of pain) consistently increases its activation, aligning closely with C4 (Social factors)’s trajectory. Both nodes exhibit

a strong positive influence, as inferred from their steady climb in activation levels. In contrast, node C6 (Tissue damage)
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Sensitivity Analysis: Differences in Activation Levels for Top Ranked Nodes
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Figure 10 Sensitivity analysis illustrating differences in activation values for key nodes following incremental perturbations of top-ranked nodes (C2-C4). The results
confirm that Individual Differences (C5) and Psychological Factors (C3) exhibit substantial sensitivity to these perturbations, validating their significant regulatory roles within
the modeled pain dynamics.

Detailed Sensitivity Analysis of Node Activation Levels for Key Nodes
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Figure |1 Detailed sensitivity analysis of activation patterns in response to small changes in input values for key nodes. The nonlinear propagation of influence is visible,
indicating that even minor adjustments in these nodes can substantially reshape the system’s final equilibrium.
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reveals a significant negative trend, initially fluctuating but stabilizing at an activation level near —0.775. This downward
trajectory indicates that negatively weighted interactions highly influence C6 (Tissue damage) in the network. Node C1
(Pain perception) also declines but stabilizes around —0.974, reflecting a similar but slightly more intense negative
influence. Nodes C3 (Psychological factors) and C5 (Individual differences) display more dynamic patterns. Node C3
(Psychological factors) rises quickly, achieving an activation level close to 0.999, indicating its dominance and strong
positive relationships with other nodes. Node C5 (Individual differences) exhibits a nonlinear response, oscillating
initially before converging to approximately 0.856, signaling moderate positive influence. The temporal evolution of
activations underscores the network’s interconnected nature. Some nodes strongly drive the dynamics (eg, psychological
factors and social factors), while others, like C6 (Tissue damage), act as suppressors due to their predominantly negative
relationships. The stability achieved across all nodes by the eighth time step reflects the balance attained within the
system. This balance highlights the system’s capacity to harmonize conflicting influences governed by the interplay of
weights and activation functions.

Figure 13 captures the average rate of change for all node activations across successive simulation steps, revealing
how rapidly the system adjusts toward equilibrium. Initially, during the first two iterations, the rate of change is high,
peaking during the second step. This sharp increase indicates significant adjustments as the nodes react to their initial
interactions and weights. Beyond the third iteration, the rate of change begins to decline steadily. This trend signals
a progressive stabilization in the activation levels as the influence dynamics between nodes approach balance. By the
fourth iteration, the rate of change reduces sharply, and subsequent iterations exhibit minimal changes, indicating that the
system is nearing equilibrium. The diminishing fluctuations in later iterations confirm that the network dynamics
successfully converge, demonstrating the stability and resilience of the modelled FCM. This behaviour underscores
the system’s ability to adapt and stabilize even with varying initial activations and weighted interactions.

Social factors (C4) and psychological factors (C3) rapidly stabilize at high activation levels, reflecting their reinfor-
cing interactions. Conversely, pain perception (C1) and tissue damage (C6) settle at negative levels, indicative of their
inhibitory interactions and emphasizing a dynamic equilibrium between stimulatory and inhibitory influences.

Node Activation Levels Over Time
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Figure 12 Complementary sensitivity analysis showing how target concepts respond to perturbations in controlling nodes. This reverse mapping underscores the
directional dependencies and system bottlenecks, with Pain Perception emerging as highly responsive to upstream psychological changes.
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Figure 13 The average rate of change in activation across all concepts at each simulation step. The graph illustrates a rapid initial decline in activation rate, indicating quick
stabilization of the model dynamics by step 5. The diminishing rate highlights the temporal stability and convergence behavior of the overall system rather than individual
concept dynamics or oscillatory behavior.

The scenario analysis (Figure 14) explores the interplay between various factors influencing pain perception. These
factors are represented by the concepts C1 (Pain perception), C2 (Brain and neural basis of pain), C3 (Psychological
factors), C4 (Social factors), C5 (Individual differences) and C6 (Tissue damage). The activation dynamics under three
distinct scenarios reveal more profound insights into how these factors interact within the model. In scenario 1, the
activation levels of C3 (Psychological factors) and C1 (Pain perception) are initially initialized with relatively low values
(0.1). This setup reflects a scenario in which psychological attention, emotions and cognitive factors play a minor role,

le-5 Scenario Analysis: Differences in Activation Levels Relative to Baseline
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Figure 14 Scenario analysis showing differences in activation levels under alternative simulated conditions relative to baseline. The figure highlights the differential impact of
modulating psychological versus biological factors, suggesting the dominance of top-down modulation pathways.

5168 e Journal of Pain Research 2025:18



Farahani et al

alongside a reduced emphasis on the physical and mental aspects of pain. The downstream effects on other concepts, such as
C2 (Brain and neural basis of pain) and C4 (Social factors), remain relatively subdued, highlighting the diminished
centrality of C3 (Psychological factors) and C1 (Pain perception) in influencing the network dynamics under these
conditions. Scenario 2 centres on a more robust activation of C2 (Brain and neural basis of pain) (0.5), while C1 (Pain
perception) maintains its low activation (0.1). Here, the neurological and hormonal functions are moderately stimulated,
potentially symbolising the centrality of brain-driven responses to pain. The increased activation of C2 (Brain and neural
basis of pain) propagates through the network, exhibiting notable differences in concepts such as C4 (Social factors) and C5
(Individual differences), which are influenced by the neurological underpinnings of pain. This scenario underscores the
brain’s vital role in moderating individual and social perceptions of pain. Scenario 3 amplifies the activation of C2 (Brain
and neural basis of pain) to a high level (0.9), maintaining a low emphasis on C1 (Pain perception) (0.1). This scenario
highlights the dominance of neurological and hormonal processes in shaping pain perception. The heightened activation of
C2 (Brain and neural basis of pain) results in significant shifts across the network, particularly influencing C4 (Social
factors) and C5 (Individual differences), as these concepts interact dynamically with the brain’s role. The propagation
effects underscore how the brain’s role extends beyond direct neurological responses, influencing broader psychosocial and
individual dimensions of pain. Comparing the differences in activation levels relative to a baseline reveals how variations in
the initial activations of C1 (Pain perception), C2 (Brain and neural basis of pain) and C3 (Psychological factors) drive
network-wide changes. The results demonstrate that while C1 (Pain perception) and C3 (Psychological factors) have more
localized effects, the brain’s role C2 (Brain and neural basis of pain) is a significant mediator, highlighting its pivotal
influence across multiple dimensions of pain perception. These insights can guide further explorations into targeted
interventions and scenarios emphasizing specific aspects of pain modulation.

Scenario analyses (Figure 14) reveal how varying the emphasis on psychological, neural, or direct pain inputs impacts
the network. Increasing brain-related activation (C2) enhances social and individual factors, underscoring the brain’s
central regulatory role. When psychological factors (C3) are less activated, the network shows muted dynamics,
confirming the essential role of psychological states in pain perception.

The policy analysis (Figure 15) examines how different initializations of key concepts influence the convergence
states of the system and the dynamics between factors related to pain perception, represented by the concepts C1 (Pain
perception), C2 (Brain and neural basis of pain), C3 (Psychological factors), C4 (Social factors), C5 (Individual
differences) and C6 (Tissue damage). Three distinct policies were evaluated to observe their impact on the final states
of the model and the time required for the system to reach stability (error threshold ¢<0.001). Under policy 1
(Psychological and Pain-Centric approach), high initial activations for C3 (Psychological factors) (0.9) and C1 (Pain
perception) (0.9) emphasize pain’s psychological and direct sensory aspects. This approach resulted in a strong activation
of C3 (Psychological factors), which propagated throughout the network, driving substantial influences on C4 (Social
factors) and C5 (Individual differences). The system converged in the 9th state, stabilizing slightly slower than the other
policies. Final activation levels balance social, individual and brain-centric influences. The negative activation of C6
(Tissue damage) (—0.775242) highlights the diminished role of direct physical damage in this scenario. Policy 2
(Neurological-driven strategy) prioritizes the brain’s role C2 (Brain and neural basis of pain) with an initial activation
of 0.8 and a moderate emphasis on C1 (Pain perception) (0.6). The heightened activation of C2 (Brain and neural basis of
pain) reinforces the central role of neurological processes in moderating pain perception, leading to significant down-
stream impacts on C5 (Individual differences) and C4 (Social factors). This configuration converged more rapidly in the
8th state, reflecting the stability introduced by the brain’s centrality in the model. The final states emphasize the
importance of neurological modulation, with a slightly higher positive influence on C5 (Individual differences) than
policy 1, while C6 (Tissue damage) remains similarly negative (—0.775281). Policy 3 (Balanced psychological and
sensory approach) adopts a moderate emphasis on C3 (Psychological factors) (0.7) and a reduced activation of C1 (Pain
perception) (0.4). This configuration balances psychological and direct sensory inputs, reflecting scenarios where both
factors play significant but not dominant roles. The model converged in the 8th state, similar to policy 2, but with slightly
different activation levels. C5 (Individual differences) exhibited the highest final state among all policies (0.855864),
indicating a stronger emphasis on individual variability. The reduced negative activation of C1 (Pain perception)
(—0.973934) reflects the interplay between psychological and sensory influences in pain modulation. The results indicate
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Figure 15 A policy simulation analysis comparing differences in activation levels relative to a baseline scenario. The three policies reflect distinct strategies: Policy |
demonstrates minimal differences across nodes, Policy 2 shows moderate deviations primarily affecting social and individual factors, and Policy 3 exhibits pronounced
negative effects on psychological factors (C3) and significant positive effects on individual differences (C5). These results confirm Individual Differences (C5) as a critical
leverage point for clinical intervention design due to its substantial responsiveness across interventions. The significant negative deviation observed for Psychological Factors
(C3) under Policy 3 highlights its sensitivity to interventions, suggesting that psychological modulation can heavily influence system-wide dynamics.

that C2 (Brain and neural basis of pain) pain stabilize all policies, contributing to rapid convergence and consistent
propagation of influence throughout the network. Policies prioritizing C3 (Psychological factors) result in slower
stabilization but higher impacts on social and individual factors, as seen in policy 1. Strategies focusing on C2 (Brain
and neural basis of pain) (policy 2) achieve faster convergence and maintain a balanced influence across all concepts. The
effects of policy 3 highlight the importance of psychological and sensory integration in driving individual variability.

Policy analyses (Figure 15) highlight distinct clinical implications. A psychologically driven approach (high C3
activation) stabilizes more slowly but effectively amplifies positive social and individual outcomes. Conversely, neuro-
logically driven policies (high C2 activation) stabilize faster, underscoring neurological factors’ stabilizing effect.
A balanced psychological-neurological approach optimally activates individual differences (C5), suggesting it as an
effective clinical strategy emphasizing patient-specific factors.

Discussion

Policy and scenario analyses have yielded invaluable insights into the dynamic relationships among pain perception, the brain,
the neural basis of pain, psychological factors, social influences, individual differences, and types of tissue damage, as
modelled by FCM. The simulated interventions highlighted key leverage points in the conceptual network, offering potential
targets for clinical strategies to alleviate chronic pain conditions. Each node within FCM, C1 (Pain perception) to C6 (Tissue
damage), represents distinct aspects of the multifaceted nature of pain perception, shaped by the interplay of biological,
psychological, social and individual factors. Analysing these nodes under various scenarios highlighted how specific
interventions can create cascading effects throughout the network.*”**** In contrast to the elderly, pain measurement for
younger individuals appears divergent. Research indicates that females exhibit higher pain perception compared to males.
From another perspective, culture also significantly impacts pain perception; some define pain as stemming from the mind,
while others advocate for an opposing view. Certain individuals possess heightened pain sensitivity and, therefore, experience
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more pain due to their focus on it. Fatigue, anxiety and pain are interrelated. Pain perception notably increases with fatigue and
anxiety.'® Ultimately, pain perception depends fundamentally on the brain and its corresponding neurophysiological pro-
cesses. For instance, node C2 (the brain and the neural basis of pain) demonstrated high positivity in both psychological and
social domains, emphasising the brain’s integrative role as a mediator of pain-related external and internal stimuli.'®'?
Baruch’s statements regarding neuroplasticity recognise the brain’s inherent ability to dynamically adjust to incoming pain
stimuli and their associated cognitive and emotional modifications.'> Psychological factors (C3) have also emerged as
a significant influence, with both “protective” and “vulnerability” pathways affecting pain outcomes. Protective elements such
as optimism and self-efficacy diminish pain perception, whereas maladaptive factors like catastrophising and pain-related fear
amplify it.">'* These findings justify psychological interventions aimed at enhancing resilience to reduce pain-related distress
and disability outcomes. Besides the crucial pathway through which social support systems affect pain perception (C4, Social
factors), positive social interactions have been shown to cultivate positive perceptions of pain. Conversely, other social factors
impacting the pain experience may include financial hardships, ineffective family functioning and involvement in litigation.
For example, the rates of chronic pain tend to be higher, more challenging and create a greater impact in individuals residing in
areas of socioeconomic deprivation. Understanding the role of the social environment in human pain perception and its
interaction with biological and psychological determinants has significantly advanced the study of pain and furthered efforts to
prevent and manage it.>> Concept C5 (individual differences) has played a pivotal role in shaping pain perception, particularly
concerning policy 3 (Balanced Psychological and Sensory Approach). This indicates that individual traits related to coping
mechanisms and personality have the most substantial impact on pain perception. It suggests a balanced approach that
integrates psychological and sensory factors to best represent personal differences in pain experiences. Conversely, C6 (tissue
damage) consistently showed negative outcomes across all policies, indicating that the tissue damage itself plays a lesser role
in pain perception. This suggests that central modulation mechanisms, rather than peripheral injury, are more influential in
shaping pain, highlighting the importance of psychological, neurological and social factors in pain management.

Although our model effectively integrates multidisciplinary perspectives, its methodological limitations deserve
attention. The reliance on expert judgment through snowball sampling introduces potential biases stemming from shared
professional or theoretical viewpoints.** Despite our mitigation strategies, initial diversity among experts and indepen-
dent assessments, this limitation remains significant, potentially influencing relationship weightings and model structure.
Thus, the generalizability and reproducibility of our findings necessitate validation through empirical methods, including
real-world clinical data or patient-reported outcomes.

While FCMs offer advantages in interpretability and integration of expert knowledge, it is essential to contextualize this
approach within the broader landscape of computational medical modeling. Unlike machine learning algorithms such as
neural networks, which excel in predictive accuracy but suffer from opacity,” or Bayesian models known for probabilistic rigor
but demanding substantial prior knowledge,® FCMs uniquely balance transparency, interpretability, and human-like reasoning.
Nonetheless, hybrid modeling that combines FCM interpretability with data-driven accuracy (eg, neural network-generated
weights) could enhance predictive validity, overcoming inherent expert-judgment limitations.”

Clinically, the translation of our FCM-based model can be significantly advanced by integrating it into decision-support
systems within electronic health records (EHRS), providing real-time personalized feedback to clinicians. For example, scenario-
based simulations could inform clinicians on potential psychological or social interventions tailored to individual patient profiles,
optimizing multidisciplinary treatment approaches. Embedding this model in clinician training programs could enhance
diagnostic accuracy and therapeutic decision-making by helping clinicians visualize complex biopsychosocial interactions
dynamically.”” Compared to other computational models such as neural networks, Bayesian decision models, or rule-based
systems, FCMs have a distinctive balance of transparency, flexibility, and human-like reasoning. However, the integration of
FCMs with machine learning approaches can further increase model generalizability and validity. As emphasised in the
biopsychosocial model of pain, all variables mentioned in this study are validated, confirming that the biopsychosocial model
asserts pain to be a personally experienced phenomenon arising from the dynamic interplay among complex sensory-
discriminative, cognitive-evaluative, motivational-affective, behavioural and social dimensions, none of which are mutually
exclusive. In light of this data, the EFIC recommends the comprehensive implementation of the biopsychosocial model of pain in

clinical care, research, education, including EFIC medicine, physiotherapy, nursing and psychology core curricula and
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policy.>>*> This model can be best embedded in clinical decision support systems (CDSS) for providing real-time feedback
regarding the risk of pain perception for patient profiles that will aid in personalised treatment planning.

Conclusion

Pain, as a multidimensional phenomenon and an across-the-board problem in clinical practice, significantly influences
individuals’ physiological, psychological, and social functioning. Knowledge of pain perception, information about pain
and coping mechanisms is also relevant for the establishment of effective new therapies.'®'® This study proposed an
integrative FCM-based model of pain perception, systematically analysing interrelated neural, psychological, social, and
individual determinants of pain. Utilising FCMs, this research contributes a transparent framework that aligns well with
contemporary personalised medicine initiatives as well as clinical practices. The idea of this study can be implemented in
the proper diagnosis and treatment of other pain disorders. The proposed approach, which is founded on the use of the
knowledge and experience of experts in a sophisticated automated medical system, can be used both for the diagnosis of
other types of pain disorders and for the recommendation of the appropriate treatments.

Concerning model convergence as a critical aspect of FCM usability, we applied spectral analysis.*® Our computed
spectral radius exceeds the threshold of unity, confirming the existence of multiple stable attractors rather than a unique
global attractor. This outcome preserves the practical applicability of our model, demonstrating its dynamic versatility
and capability to simulate various pain-management scenarios effectively.

Notwithstanding the value of the contributions of this study, there are some limitations. The current study was
conducted within the Iranian cultural context, and thus, its generalizability to other cultural settings is limited. Whereas
pain perception and its interlinked variables may be highly different across societies, future studies should replicate the
present analysis in diverse cultural contexts to examine the validity and extension of these findings. Cross-cultural
comparisons may tease apart universal patterns and culture-specific differences in the dynamics of the pain experience
and perception among individuals.

Even though the FCM model proved effective for analysing causal relationships, the weight assignments, being based
on expert judgment and snowball sampling, may introduce subjective bias. Thus, integrating more recent methodological

® could

advancements, such as hybrid neural-fuzzy cognitive approaches’ and interpretability-enhancing techniques,”
reduce subjectivity and enhance the robustness of the results. Although validated primarily through expert consensus and
scenario simulations, empirical validation using standardised clinical instruments remains essential. In future work,
validated psychological instruments (eg, Beck Depression Inventory,'” GAD-7**) will be administered to representative
samples, comparing FCM outcomes against empirical data to ensure accurate reflection of real psychological dynamics.

Clinically, the practical implementation of this model can be significantly enhanced by integrating it within decision-
support systems, electronic health records, and clinician training frameworks. Embedding such models could offer
clinicians dynamic insights into complex biopsychosocial interactions, thereby improving diagnostic precision and
personalised treatment strategies. These applications underscore the relevance of FCM approaches within medical
decision-making contexts, positioning them distinctively against other computational tools, such as Bayesian models
or traditional machine learning methods.

To determine the system’s reliability for diagnosing particular pain conditions, more simulation results and several
case studies are needed. Real model application requires the teamwork of more specialists and experts, along with input
from those who suffer from chronic pain. Future research should expand this model to diverse cultural and clinical
contexts, applying longitudinal designs to assess its sensitivity to change over time. Complementing FCMs with real-time
physiological or neuroimaging data will further validate their predictive and explanatory power, ultimately enhancing
their contribution to personalised pain medicine.
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FCM, Fuzzy Cognitive Map; CSV, Comma-Separated Values; MDSS, Medical Decision Support Systems; QTL,
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