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Abstract

Although modern machine-learning models attain strong predictive performance, their clinical adoption remains
limited by a lack of transparency. This concern is particularly relevant in multimodal diagnostic pipelines, where
the contribution of each modality to the final prediction is more difficult to discern. Relatively few studies
integrate heterogeneous clinical and imaging data, where they typically employ decision- or feature-level fusion,
and provide limited insight into the cross-modal interactions that underline the diagnostic decision. We propose
a Fuzzy Cognitive Map Encoder (FCM-Encoder) framework for multimodal explainable classification. Imaging
features extracted by a Convolutional Neural Network (CNN) are mapped into low-dimensional concepts and
combined with normalised clinical concept activations inside a unified FCM. The connections to the diagnostic
output are initialised from the Spearman rank correlation of each concept with the label, and all interconnections
are then refined by a particle swarm optimisation strategy enhanced with Lévy-flight exploration. Under 10-fold
cross-validation, the framework reached 81.82% + 4.51% accuracy for Coronary Artery Disease (CAD) from
clinical variables and polar maps, and 93.39% + 3.09% for Solitary Pulmonary Nodule (SPN) classification in
Non-Small Cell Lung Cancer (NSCLC) from CT, PET, and clinical data. The ablation analysis confirmed that
each component contributes to the overall performance, the image-encoder comparison showed that the selected
encoder matches or exceeds substantially larger pretrained backbones, and the graph-baseline comparison
demonstrated that the FCM-based reasoning surpasses graph neural networks. FCM-Encoder further links
imaging concepts to clinical labels and generates clinically aligned narratives through a Vision—Language
module.
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1. Introduction

1.1.Prologue

Cardiovascular and oncological diseases remain the top causes of death worldwide, challenging early, accurate
diagnostic solutions that are also interpretable for guiding treatment decisions. Coronary Artery Disease (CAD)
represents one of the most significant challenges in contemporary cardiovascular medicine and has a substantial
impact on patient health and quality of life worldwide. Its progression is therefore a critical public health
priority [1]. The primary characteristic is the gradual development of atherosclerotic plaques in coronary
arteries that reduce myocardial perfusion and are known to cause ischemic events [1, 2]. Timely and appropriate
detection of CAD is essential to enhance patients' outcomes and guide clinical decision-making. [2, 3].

Lung cancer is the leading cause of cancer-related deaths worldwide. Based on the size of cancer cells, lung
cancer is divided into small-cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). NSCLC makes
up about 85% of lung cancer cases, including adenocarcinoma (ADC) at around 50%, squamous cell carcinoma
(SCC) at about 40%, and large cell lung cancer [5]. The chances of survival and the selection of the appropriate
treatment improve significantly with the early detection of lung cancer.

For CAD diagnosis, several reports have shown the growing utilization of artificial intelligence [3, 6-8].
Similarly, for SPN diagnosis, several studies have been reported [5, 9-13], focusing on the detection and
characterization of SPNs. These methods aim at lowering the number of consecutive examinations and at
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reducing the medical workload by ruling out obvious cases, as seen in [14, 15] for CAD studies and in [16, 17]
for SPN characterization. Additional independent clinical factors, such as age and histology, may have a
substantial role in making personalized survival predictions, with reference to CAD studies [8, 18] and for SPN
[19, 20]. It has been proven beneficial to employ diagnostic assistance tools in such analyses, as it minimizes the
need for extensive interventions, as demonstrated in [21, 22] for CAD and in [23, 24] for SPN classification.
These studies have achieved high performance metrics, but they lack explainability. Consequently, nuclear
experts are hesitant to fully incorporate these systems into their decision-making workflows due to the lack of
transparency and interpretability.

On the other hand, Fuzzy Cognitive Maps (FCMs), which aim to support clinical decision making by a well-
structured representation of the relationship among patient-specific factors, allow for a comprehensive and
transparent view of the state of the patient [25]. FCMs, introduced by Kosko [26] as an enhanced version of
cognitive maps, represent variables and system states with nodes, where relationships in the form of weighted
values illustrate the influence among them. These values lie within the range of [-1, 1]. The interconnection
values within FCMs signify the strength of relationships between nodes. More information about FCMs can be
found in [27] [28] [26] [29] [30]. FCMs have exhibited noteworthy outcomes in medical diagnosis [28-32] and
are proficient at establishing relationships among clinical variables, which are transformed to concepts of the
FCM system, and enhancing the applicability and reliability of their outcomes.

There has been an increasing research interest in recent years in hybrid and multimodal approaches to medical
diagnosis that combine clinical and imaging data, aiming to improve prediction accuracy and interpretability.
Among them, concept-level methods have drawn attention because they explicitly model the reasoning process,
offering a transparent alternative to fully data-driven deep learning models. These methods are presented in the
following section.

1.2.Literature studies

This section demonstrates the related literature in two subsections: firstly, it reviews external literature on
multimodal fusion approaches for CAD and SPN, and secondiy it summarizes our earlier work on Deep Fuzzy
Cognitive Maps (DeepFCM) and its learning techniques for CAD and SPN classification diagnosis. For a more
analytical comparison, representative literature studies are presented in the Appendix, organised by input
modalities, model architecture, evaluated instances, performance metrics, interpretability mechanisms, and
reported limitations.

1.2.1.  Multimodal studies for CAD diagnosis

A multimodal CAD classification framework was introduced in [33], by Apostolopoulos et al., to overcome the
limitations of single-modality diagnostic approaches. The method combined myocardial perfusion imaging
(MPI) SPECT polar maps with structured clinical variables, demonstrating that CNN-based imaging models
alone inadequately capture patient-specific risk heterogeneity, while clinical-only models lack spatial ischemic
representation. Deep CNN—derived polar-map features were fused with machine-learning classifiers trained on
clinical data. Performance was reported in terms of accuracy, sensitivity, specificity, and AUC, achieving
approximately 82% accuracy and an AUC of 0.90. However, fusion was performed at the decision level using
independent learners, limiting cross-modal interaction. The technique was also still data-driven, lacking any
mechanistic or interpretability aspect, and validation was limited to a single retrospective cohort.

A support vector machine-based multimodal CAD classification framework was introduced in [34], by
Arsanjani et al., to integrate heterogeneous clinical information with quantitative myocardial perfusion analysis.
Rather than using raw images, the study relied on expert-engineered polar-map—derived perfusion and
functional scores combined with clinical risk factors. Diagnostic performance was evaluated using accuracy and
agreement with expert interpretation, achieving an accuracy of approximately 86% and an AUC of 0.92. While
the framework demonstrated that structured multimodal fusion could outperform isolated quantitative imaging
and expert assessment, reliance on handcrafted imaging descriptors limited the ability to capture complex
imaging patterns, and the nonlinear SVM model offered limited interpretability of feature interactions. In
addition, the absence of deep feature learning limited robustness across scanners and clinical populations.

Using a large multicenter cohort, Otaki et al. [35] evaluated an explainable deep learning framework (CAD-DL)
for obstructive CAD detection that integrates SPECT myocardial perfusion imaging (MPI) polar maps with
selected clinical parameters through early feature-level fusion. Raw stress perfusion, wall motion, and wall
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thickening polar maps were processed through convolutional layers to extract imaging representations, while
non-imaging clinical attributes (age, sex, and left ventricular end-diastolic and end-systolic volumes) were
incorporated directly into the final fully connected layer of the network, jointly contributing to probability
estimation rather than being combined at the decision level. The model was evaluated on 3,578 patients (10,734
vessels) using invasive coronary angiography (ICA) as reference. In repeated 10-fold validation, CAD-DL
achieved a per-patient AUC of 0.84 (95% CI: 0.81-0.87), with sensitivity of 85.6% and specificity of 60.0%,
outperforming stress total perfusion deficit (TPD) and expert visual interpretation. Per-vessel analysis yielded an
AUC of 0.78 (95% CI: 0.76-0.80). External validation on 555 patients confirmed robustness (AUC = 0.80, 95%
Cl: 0.76-0.84). Interpretability was achieved through gradient-based attention maps showing important regions
in the myocardium; however, interpretability was image-driven.

A deep learning—based framework for stress-only MP1 CAD classification was proposed in [36], by Liu et al., to
address inefficiencies in conventional stress—rest imaging workflows. Deep convolutional networks were used to
extract features from stress SPECT polar maps, which were combined with selected clinical variables. The
proposed model attained a reported accuracy of approximately 79% and AUC values around 0.80. The results
showed that stress-only functional imaging augmented with clinical context can preserve diagnostic reliability.
Nevertheless, the framework prioritised workflow efficiency over interpretability, remained largely data-driven,
and was evaluated under a constrained acquisition protocol, limiting generalisability to more complex CAD
presentations.

1.2.2.  Multimodal studies for SPN diagnosis

In the following section, we present key studies that implement multimodal approaches for SPN malignancy
characterization. Studies relying solely on single-modality models based on either imaging or clinical data are
not considered, as these usually have limited diagnostic ability and inherently hiased outcomes [9, 37-40].

In paper [41], Wang et al. tackled the problem of reducing false positives in CT-based lung cancer detection
using explicit nodule morphology modeling in a deep learning framework. Their method combined a 3D
convolutional neural network and a recurrent neural network for nodule detection, followed by CNN-based
morphological feature extraction and XGBoost-based logistic regression for malignancy prediction. The
experiments were carried out with the Lung Image Database Consortium and Image Database Resource
Initiative (LIDC-IDRI) dataset on radiologist-annotated nodule characteristics such as diameter, spiculation,
lobulation, and internal composition. The proposed system achieved an accuracy of 82.39%, with diameter,
spiculation, and lobulation identified as the most influential predictors. Despite improved false-positive control,
this framework was still confined to CT imaging analysis and heavily relying on hand-crafted morphology
features without explicit modeiing over clinical/imaging concepts.

In study [42], He et al. addressed the need for highly sensitive, non-invasive early lung cancer diagnosis by
integrating imaging, clinical variables, and cell-free DNA methylation biomarkers. Leveraging a large
multicenter cohort of 1,380 patients across 24 hospitals to develop and extend the initial model with the
addition of molecular biomarker information (PulmoSeek Plus), CIBM was developed. The combined
framework achieved sensitivities up to 0.98, particularly for early-stage and small nodules. However, although it
performed with high diagnostic accuracy and was externally validated, the approach required specialized
molecular assays, increased clinical cost and complexity, and provided limited interpretability regarding the
interaction between biological, imaging, and clinical risk factors

1.2.3. DeepFCM studies

Several studies have examined the incorporation of DL architectures with FCMs, leading to hybrid frameworks
[32]-[35].

In this context, DeepFCM is an FCM-based multimodal methodology developed by our research team within
the funded EMERALD project [43], integrating deep feature extraction with fuzzy cognitive reasoning to
support interpretable medical diagnosis. The DeepFCM architecture has since been applied to multimodal
settings that incorporate both clinical and imaging data for diseases such as CAD and SPN. By fusing clinical
variables with CNN-derived imaging predictions, it achieved high diagnostic accuracy while maintaining strong
interpretability through its underlying reasoning mechanisms. For all experiments, the initialization of the
interconnections, experts' knowledge was applied in the form of linguistic values, which were later transformed
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into a spectrum of numerical values. In these studies, the graph is built using both clinical and imaging
characteristics. Then, meta-heuristic methods, including Particle Swarm Optimization (PSO), Genetic Algorithm
(GA), and Extreme Learning Machine (ELM)-based strategies, are used to determine the optimal edge weights.

DeepFCM was first introduced in [31] to classify malignant SPNs using clinical data and PET scans. The
clinical features included SUVmax uptake derived from the PET scan, SPN diameter, and the decision output of
an RGB-CNN (originally introduced in [44]), which was responsible for analyzing the PET image
independently. The DeepFCM maodel attained 94.71% accuracy with 2.99% standard deviation, assessed by 10-
fold cross-validation, and displayed the relationships between input and output concepts through a concept
graph.

DeepFCM achieved 77.95% accuracy in diagnosing CAD in [45], utilizing twenty-two clinical characteristics
and RGB-CNN predictions as an additional concept attained from the training on MPI polar maps. The model’s
explainability was demonstrated by comparing the connections among input-output concepts with relationships
initialized by experts and weights initialized randomly. In [30], DeepFCM’s training functionalities were
improved, achieving an accuracy of 83.07% for the same task. Using a Random Forest—based feature selection
process, we identified a subset of eight informative clinical features. These eight features, along with the CNN
predictions obtained from the RGB-CNN trained on Polar Maps, were used as the final input concepts. As an
imaging XAl technique, Gradient-weighted Class Activation Mapping (Grad-CAM) highlighted the pixel areas
that significantly influenced the RGB-CNNs’ decisions. Additionally, Generative Pre-trained Transformer-
Application Programming Interface (GPT-API) transformed DeepFCM outputs into clear, understandable
language.

Deep-FCM-PSO was employed in [46] using an expanded dataset comprising nine clinical characteristics and
PET images to effectively identify malignant SPNs, achieving 88.14% accuracy. Grad-CAM was used to
highlight malignant areas in the PET images based on RGB-CNN feature maps. GPT-API provided natural
language explanations for the DeepFCM-PSO outputs.

In study [47] Extreme Learning Machine (ELMs) was incorpcrated into the DeepFCM learning framework as
the core training mechanism for estimating inter-concept relationships. Within this formulation, ELM was
employed to analytically compute the output weight matrix of the FCM using the Moore—Penrose
pseudoinverse, enabling fast learning of the interconnection weights that minimise the prediction error. The
resulting model, termed DeepFCM-ELM, achieved an accuracy of 80.4% * 4.97% for CAD diagnosis and
90.57% for SPN identification. Mode! interpretability was supported through explicit visualisation of the
weighted concept graph, allowing direct inspection of the influence of all clinical and imaging features. In
parallel, Grad-CAM was applied to interpret the RGB-CNN component, highlighting image regions most
influential for the CNN predictions. The DeepFCM-ELM outputs were further translated into structured natural-
language explanations using the GPT-API. All components were integrated into a unified medical decision
support system (MDSS) with a clinician-oriented interface and evaluated by medical experts.

1.2.4. Limitations of the literature studies

Existing multimodal approaches for CAD and SPN diagnosis have shown promising performance; however,
important limitations remain. In many DeepFCM-based systems, multimodal fusion is performed by combining
clinical variables with the final predictions of CNN models, rather than with structured or intermediate image
representations. In such cases, imaging information is compressed into a single decision signal, limiting the
richness of image-derived features and reducing the contribution of imaging evidence to the overall reasoning
process. Conversely, in other multimodal frameworks, learning is primarily driven by imaging-derived features,
with clinical variables incorporated only as secondary modifiers. This modality imbalance results in inconsistent
integration strategies, where either clinical or imaging information dominates the decision process, thus limiting
transparency and interpretability. Moreover, the FCM connections are usually initialized randomly or using
domain knowledge, which may not accurately reflect data-driven relationships among features and can
negatively affect convergence.

Interpretability is also commonly addressed in a limited or post hoc manner. Many approaches rely on a single
explainability technique, such as saliency maps, which does not influence how clinical and imaging information
are integrated during learning. Moreover, natural-language explanations are often generated using proprietary,
token-based large language models, introducing cost, scalability, and reproducibility constraints. These
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limitations motivate the development of a unified multimodal framework that integrates clinical variables with
richer image representations, adopts data-driven initialization strategies, and supports transparent, interpretable,
and reproducible clinical reasoning, which is the aim of the present study.

1.3.  Aim of this study
This paper fills these gaps with several new contributions.

e Firstly, the proposed FCM-Encoder is constructed by employing modality-specific RGB-CNN
encoders that transform imaging inputs into semantically meaningful concept representations, which
are subsequently combined with structured clinical variables to form a unified multimodal concept
space.

e Second, the proposed FCM-Encoder employs a PSO-based learning strategy with Lévy-flight
perturbations to enhance global exploration during weight optimisation, improving convergence, while
preserving sparsity and interpretability of the learned FCM structure.

e Furthermore, it replaces traditional expert-driven FCM weight initialization with data-driven Spearman
correlation so that the initial adjacency really represents true dependency between features rather than
subjective expert assumptions.

e Lastly, the framework replaces proprietary token-based NLG APIs with the open-source Qwen3-VL
model, allowing the generation of transparent, clinical narratives derived from FCM reasoning and
patient-specific activations.

2. Materials and Methods

2.1. CAD data

A total of 2036 patients underwent gated SPECT MPI between February 2018 and February 2022 at the Nuclear
Medicine Department at the University Hospital of Patras. The ethical committee of the University General
Hospital of Patras approved the data collection process. Attenuation correction was applied to all the gathered
images. After ICA within 60 days and applying exclusion criteria, 594 patients were selected, with 43.82%
CAD-positive. The twenty-two clinical characteristics considered are: 1. Sex, 2. Age, 3. body mass index (BMI),
4. known CAD, 5. previous acute myocardial infarction (AMI), 6. previous percutaneous coronary intervention
(PCI), 7. previous coronary artery bypass grafiing (CABG), 8. previous STROKE, 9. Diabetes, 10. Smoking, 11.
Hypertension, 12. Dyslipidemia, 13. Angiopathy, 14. Chronic Kidney Disease, 15. Family History of CAD, 16.
Asymptomatic, 17. Atypicai Symptoms, 18. ANGINA LIKE, 19. Dyspnea on Exertion, 20. Incident of
Precordial Pain, and 21. ECG, aiong with the 22. Expert Diagnosis with one output node, the CAD diagnosis,
which is normal and pathoiogical.

2.2. PETI/CT data

The PET/CT image data have been recorded in the Clinical Sector of the Department of Nuclear Medicine at the
University Hospital of Patras using a hybrid PET/CT scanner (Discovery iQ3 sl16, General Electric Healthcare).
The data collection process was approved by the Ethics Committee of the University General Hospital of Patras.
This system uses three detector rings with a 15cm field of view to reconstruct 35 axial images at 4.25mm
intervals. 3D volumes are acquired to represent the whole body using various bed positions. At the same time,
the patient was in a supine position. Two experienced human readers (N.P., 10 years of experience, D.J.A., 30
years of experience) characterized the SPN malignancy with patient follow-up. The study's nature waives the
requirement for obtaining patients' informed consent. From 2020 to 2023, more than 800 PET/CT scans were
reviewed to identify potential participants. Patients without detected SPNs or with SPNs with a diameter greater
than 30mm were excluded. 456 patients with a single SPN were qualified. The total benign cases were 222, and
the total malignant cases were 234. Experts annotated CT scan slices, noting the finding's type, location,
margins, diameter, and SUVmax and SPN diameter, along with demographic information about each patient
(gender, age, BMI). Also, the GLU variable is included. The SUVmax and diameter parameters were extracted
from the PET scan. Each SPN finding is represented by a single 2D slice in which the full extent of the nodule is
visible. Ultimately, the dataset’s features were age, gender, BMI, SUVmax, diameter, and three categorical
variables: location (left upper, right upper, left lower, right lower, middle, lingula), type (solid, ground-class,
consolidated, speckled, calcified, cavitary), and margins (spiculated, lobulated, well-defined, ill-defined). Each
categorical feature is one-hot encoded into binary variables.
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2.3.  Proposed methodology

In this study, we propose the FCM-Encoder framework for two diagnostic tasks: CAD diagnosis and SPN
characterization. The proposed methodology represents clinical variables and image-derived features as the
nodes (concepts) of an FCM. Clinical nodes correspond to explicit medical attributes, whereas image nodes are
latent features extracted by the CNN encoders, whose clinical associations are characterised separately through
correlation analysis.

For CAD diagnosis, structured clinical variables are initially normalised and transformed into clinical concept
activations, forming the clinical input stream of the FCM. In parallel, myocardial perfusion polar-map images
are trained by an RGB-CNN encoder to learn task-relevant imaging representations. The trained encoder
compresses the polar maps into a set of latent imaging concepts suitable for integration within the FCM.

For SPN diagnosis, clinical and demographic variables are similarly normalised and represented as clinical
concept activations, while CT and PET images are processed by modality-specific RGB-CNN encoders trained
in the same manner.

For each task, the resulting imaging and clinical concepts are jointly integrated within the FCM-based
architecture, enabling unified multimodal reasoning over heterogeneous data sources.

In both applications, the connection from each input concept to the diagnostic output is initialised from the
Spearman rank correlation between that concept and the label, providing a data-driven prior, while all concept-
to-concept interconnections are initialised at zero and refined during optimisation. During training, the FCM-
Encoder adopts an enhanced particle swarm optimisation (PSO) strategy to iteratively refine the interconnection
weight matrix, allowing clinical and imaging concepts to jointly influence the final prediction. Compared with
conventional PSO, the proposed optimiser incorporates four key extensions: (i) a linearly decreasing inertia
weight to regulate the exploration—exploitation balance; (ii) numerical gradient approximation for local solution
refinement; (iii) Lévy flight-based perturbations to facilitate escape froin local optima; and (iv) sparsity-aware
regularisation to encourage clinically interpretable cognitive giaphs.

The final system integrates multiple explainability-enhancing components. The learned interconnections among
concepts are visualised, highlighting the most influential clinical characteristics guiding the prediction. A
complementary Spearman correlation analysis is additionally performed between each learned imaging concept
and the named clinical variables, assigning a derived clinical label to every informative image feature. Finally,
the Qwen3-VL model, an open vision-language model (VLM), is employed to translate the numerical outputs of
the FCM-Encoder into human-understandable clinical explanations. A schematic representation of the complete
methodology is shown in Figuie 1.
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Figure 1: Representation of the pipeline of the FCM-Encoder multimodal approach
In the following subsections, we provide a detailed description of the proposed methodology.

2.3.1. Clinical data preprocessing

For CAD diagnosis, the continuous clinical variables were scaled to comparable ranges: age and BMI were
normalised to [0, 1] using min—max scaling, preventing variabies with larger numeric ranges from dominating
the learning process [48]. The categorical variable gerider was binarised, and all remaining clinical variables
were already encoded in binary form, indicating absence (0) or presence (1).

For SPN diagnosis, age was likewise min-max normalised, while body mass index (BMI), glucose (GLU),
standardised uptake value (SUV), and noduie diameter were each scaled by dividing by a fixed maximum value
(70, 192, 30, and 3, respectively) to bring all numerical columns onto a comparable scale. Categorical clinical
features, such as nodule location, type, and margins, were one-hot encoded, converting each category into a
separate binary column. This representation allows each clinical attribute to be treated as an independent
concept within the FCM [48].

2.3.2. Imaging encoder

A lightweight RGB convolutional neural network (RGB-CNN), adapted from the architecture introduced in [44]
for bone-metastasis diagnosis, where it is employed in our study as an imaging feature encoder. Its role is not to
perform classification but to transform raw imaging inputs into numerical representations that summarise the
most relevant visual information. The configuration used for each modality is described below.

For the CAD task, the RGB-CNN was trained on polar-map images. It comprises three convolutional blocks
with 32, 64, and 128 filters (3x3 kernels), each followed by batch normalisation, ReLU activation, 2x2 max-
pooling, and dropout (rate = 0.15); L2 weight regularisation (1x10~%) is applied throughout. The feature maps
are reduced by global average pooling and passed through a 128-unit ReLU dense layer, followed by a 8-unit
concept layer whose activations form the image concepts, and finally a sigmoid output used for normal-
pathological classification during RGB-CNN training. Images were resized to 300x300 and trained with a batch
size of 16 using the Adam optimiser and binary cross-entropy loss (label smoothing 0.05). Light augmentation
(random horizontal flips and random rotations) and early stopping on the validation loss (patience = 6, best
weights restored) were used to limit overfitting.

For the SPN task, two separate RGB-CNN encoders were trained, one for CT and one for PET, sharing the same
architecture but with modality-specific weights. Each comprises four convolutional blocks with 32, 64, 128, and
256 filters, each with batch normalisation, ReLU, 2x2 max-pooling, and dropout (rate = 0.25), followed by
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global average pooling, a 128-unit ReLU dense layer, an 8-unit concept layer, and a sigmoid output for benign—
malignant classification. Training used 100x100 inputs, a batch size of 16, the Adam optimiser, and binary
cross-entropy loss (label smoothing 0.05), with random flip/rotation augmentation and early stopping (patience
= 8). The CT and PET concept layers yield eight concepts each, giving sixteen imaging concepts in total.

During the training of the RGB-CNN encoder, each RGB-CNN is trained in a supervised manner on the
diagnostic labels so that its concept layer learns task-discriminative features. After this phase, the encoder
weights are frozen, and the sigmoid classification head is discarded; only the concept-layer activations are
forwarded to the FCM. The standalone RGB-CNN accuracy reported in Table 2, therefore reflects the encoder
used in isolation as a baseline classifier and does not represent the decision produced by the FCM-Encoder.
Keeping the encoder fixed thereafter preserves the learned visual semantics and represents the imaging data in a
reusable form for integration with the clinical concepts in the FCM reasoning layer.

2.3.3. FCM-Encoder implementation: concept-level fusion of clinical and imaging
streams

Following the preprocessing of the clinical variables and extraction of image-derived concepts by the frozen
CNN encoder, the imaging stream is integrated at the concept level. For each subject, the normalised clinical
feature vector is directly concatenated with the corresponding image-concept vector, and the combined vector is
standardised to form the multimodal input representation that serves as the input layer of the FCM. This fused
representation is augmented with a dedicated output concept initialized to 0.5, resulting in an initial concept
state A, € R¥*1, which serves as the starting point for the FCM-Encoder. Through this formulation, both
clinical and image-derived concepts are treated uniformly as input nodes within the same FCM structure,
allowing the model to analyse associations between patient characteristics and imaging patterns in a shared
concept space.

For the CAD classification task, eight image-derived concepts extracted from polar map images, and were
concatenated with twenty-two clinical variables, forming a thirty-concept multimodal FCM, plus one diagnostic
output node. For the SPN classification task, eight CT-derived concepts and eight PET-derived concepts were
combined with nine clinical attributes, expanded to twenty-five concept nodes by one-hot encoding of the
categorical variables, yielding a forty-one-concept muitimodal input layer, again augmented with a single
diagnostic output node.

At the fusion stage, standard feature normalization (StandardScaler) is applied to the combined concept vector
to ensure that all clinical and imaging concepts lie on a comparable numerical scale. This step prevents
dominance due to differences in feature magnitude and ensures that the relative influence of each concept is
determined by the learned FCIM interconnections rather than by scale effects.

Within the proposed framework, the fused multimodal representation is governed by a shared FCM concept
layer, where each dimension corresponds either to a clinical variable or to an image-derived concept.

To clarify this distinction, two categories of input concepts are defined within the FCM. The first category
contains named clinical concepts, that is, pre-defined and clinically interpretable variables such as age, diabetes,
and smoking history, whose semantic meaning is fixed before training. The second category contains learned
imaging features, that is, the continuous activations produced by the final concept layer of the RGB-CNN
encoder (eight per branch). Unlike the clinical variables, the learned imaging features are not pre-specified
medical attributes; they emerge from the RGB-CNN training (imaging encoder) and acquire their semantic
content through their statistical association with the diagnostic label. The remainder of this paper retains the
term "concepts" for both categories to preserve consistency with the FCM literature, but the distinction between
named and learned concepts is maintained throughout. The interpretability of the learned imaging features is
examined in Sections 3.1.6 and 3.1.12 for CAD and SPN diagnosis, respectively.

Finally, the full dataset was partitioned into an 80% training set and a 20% external hold-out test set. The
training portion was further evaluated using 10-fold cross-validation (random seed = 42) to ensure
reproducibility of the reported results.
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2.3.4. Weight initialization

The model integrates a data-driven initialization strategy that aims to align each concept's initial influence on the
diagnostic outcome. Rather than relying on expert-defined interconnections, the influence of each input concept
on the outcome is computed. Spearman’s rank correlation has been frequently applied as a global and non-
parametric measure, ensuring robustness to non-linear and non-Gaussian feature distributions commonly
encountered in clinical data [49, 50]. For every input concept j (clinical and imaging), the Spearman correlation
coefficient p; with respect to the outcome is estimated and used directly as the initial weight from that concept
to the output node (w¢;_oue; = pj)- Its sign encodes the direction of influence, positive and negative values
indicating an increasing or decreasing monotonic relationship, respectively, and its magnitude the initial
strength. Undefined correlations (e.g., for constant features) are set to zero, so that no directional bias is imposed
and the model determines their influence during learning [50, 51].

These correlation-based priors are applied to all input concepts, both clinical and imaging, affecting only the
edges that link each input to the diagnostic output; all concept-to-concept edges are initialized at zero and
learned during optimisation. In this way, the initialization provides an empirically grounded starting point for
each concept's influence on the outcome without prescribing a fixed structure.

2.3.5. Particle Swarm Optimization

Following the proposed correlation-based initialization, the interconnection weights of the FCM must be further
refined through a training procedure that can effectively search the high-dimensional and non-convex parameter
space. In this work, Particle Swarm Optimisation (PSO) is adopted as a population-based learning strategy for
adjusting the cognitive weight matrix in a fully data-driven manner. The main principles of PSO are briefly
outlined next.

PSO [52] is a learning procedure that is inspired by the cooperative behavior of a flock of birds. The particles
that represent candidate solutions are deployed across the search space. Each particle behaves as a potential
solution has its position and velocity vector. These particles are distributed within the search space, and they
change their trajectories over time after learning from their own experience and information shared with others.
Each particle tracks its best-known position, denoted as p;, which influences its future actions. Similarly, the
swarm keeps a record of the global best position g found by any particle. This allows the particles to collaborate
from their continuous interaction, toward & single best solution. A detailed description of the PSO approach is
available in the literature [29, 30, 53].

The weight matrix that constitutes the total of interconnections in an FCM is highly influential, as it directly
determines both the predictive performance of the model and the plausibility of the learned inter-concept
relationships. Therefore, the training process must minimise classification error while ensuring that the resulting
cognitive structure remains consistent with empirical clinical tendencies and historical evidence, when available
[31]. In the present study, we propose the pioneering FCM-Encoder method for estimating the weight matrix in
order to effectively capture the interconnections among concepts. In the following, we present the equations
that constitute the proposed model.

2.3.6. FCM-Encoder Velocity Update

The proposed FCM-Encoder learning framework extends the classical PSO-based weight optimization paradigm
by integrating multiple complementary feedback mechanisms within a unified velocity update rule. Beyond the
standard cognitive and social components of PSO, the framework introduces a numerically estimated gradient-
informed term and a sparsity-aware structural component, enabling both locally guided refinement and explicit
control over the learned FCM topology.

The cognitive and social terms follow the standard PSO formulation introduced by Kennedy and Eberhart [52],
which has been widely adopted in FCM learning for weight optimization [53]. The extended velocity update is
defined as:

Vit+ D =k - [w- Vi) + -7t (Pi — Xi(©) + C?-7r2- (G — Xi(D)) O

+ C3-rdVfi — C*rt - sign(Xy) |
where P; and G denote the personal and global best positions, x is the constriction factor, w the inertia weight,
C* — C* the cognitive, social, gradient, and sparsity coefficients, ¥ ~ U(0,1) independent uniform random
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scalars, Vf; the numerically estimated fitness gradient, and sign(X;) the element-wise sign of the particle's
weight matrix. By explicitly incorporating gradient-informed and sparsity-constrained feedback in the swarm
dynamics, the formulation optimises predictive accuracy and cognitive structure jointly within a single, unified
update rule.

The inclusion of the gradient-informed term Vf; hybridizes the global exploration capability of PSO with the
refinement behavior of gradient-assisted optimization strategies, which have been studied in generic swarm-
based settings [54]. In the proposed framework, gradient information is estimated numerically through localized
perturbations of the fitness function, allowing particles to exploit task-dependent slope cues while preserving the
transparency and rule-based mechanism of FCM reasoning.

In addition, the sparsity-aware term sign(X;) introduces a topology-regularizing influence directly within the
velocity update, encouraging structurally cognitive graphs during optimisation. The detailed definition and role
of this sign-based term are provided in the following subsection.

Unlike conventional PSO-based FCM training approaches that rely solely on stochastic cognitive and social
exploration, the proposed velocity update jointly incorporates cognitive, social, gradient-informed, and
topology-aware feedback within a unified optimisation dynamic. To the best of our knowledge, this multifaceted
formulation constitutes a key methodological contribution to the FCM-Encoder framework.

2.3.7. Sparsity Regularization via Sign-Based Pruning

To encourage interpretable cognitive graphs the velocity update includes a sparsity term based on the element-
wise sign of each particle's weight matrix. This term is the subgradient of the L, norm || X;||; when subtracted in
the velocity update (Eq. 1), it drives weights of small magnitude toward zero, pruning weak or spurious
interconnections while leaving strong, data-supported edges to be retained by the fitness term. It is defined
element-wise as:

s(Xi) = sign(X;) )

where sign(X;) returns a matrix of the same dimensionality as X;, replacing each entry with its sign (+1, —1, or
0). Because the term acts on the sign rather than the magnitude, it shrinks weak connections without flipping the
polarity (direction of influence) of the retained edges, preserving the cause—effect interpretability required in
medical FCM models. Unlike conventional approaches that impose sparsity as a static regularisation term within
the objective function, the proposed formulation introduces it as an active force in the swarm dynamics, so that
sparsity is optimised jointly with predictive accuracy at every iteration. To the best of our knowledge,
integrating an L, — type pruning force directly into the velocity update of an FCM weight-learning procedure
has not been previously reported.

2.3.8. Position Updates with Lévy-Driven Non-Local Exploration

When a particle stagnates, its position update incorporates a Lévy flight component L'(a, y) that enables non-
local exploration of the search space to escape local minima, a mechanism commonly used in metaheuristic
optimization [55, 56]. While Lévy-based updates are well established in population-based optimisation, their
integration within a clinical reasoning framework based on FCMs has, to the best of our knowledge, not been
previously reported. This design choice enhances resistance to premature convergence and promotes diversity
among candidate FCM weight matrices during optimisation:
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where X;(t) is the current position of particle i, X;(t + 1) its position at the next iteration, and L'(a,y) a
perturbation vector drawn from a Lévy distribution parameterised by the stability index a and the scale y. By
perturbing the particle around its own current position with a heavy-tailed displacement, the update applies
small local moves with high probability while occasionally executing long-range jumps to distant regions of the
weight space. The bounding tanh keeps the perturbed weights within (=1, 1), and the heavy tail provides the
non-local escape mechanism required to leave deep local minima of the FCM weight landscape without
additional restart or diversification heuristics.

2.3.9. Lévy Flight Step Generation Using Mantegna’s Algorithm

The Lévy flight step is constructed by Mantegna's algorithm, which efficiently simulates heavy-tailed step sizes
from a Lévy distribution:

u
Lévy (a,y) = —3 4)
lv|a
where v ~ N(0, 1) and the numerator u is a zero-mean normal variable whose standard deviation o is given by
Eq (5); the scale of the Lévy step is therefore controlled by o* through u. Though the implementation of the
Mantegna algorithm itself is a straightforward procedure, we demonstrate that incorporating it in the FCM-
Encoder optimization pipeline enhances the non-local exploration nature of our model as well as complements
the aforementioned gradient-informed and sparsity-aware update mechanism.

2.3.10. Lévy Distribution Scaling for Stochastic Steps

The scale parameter a* of the Lévy distribution is computed using standard gamma-function-based expressions
derived from Lévy distribution theory, ensuring that the generated stochastic steps conform to the required
statistical properties [57]. Specifically:

F(1+a)-sin-ﬂ,(—' v
o4 = . — < (5)
Y l1+a el
F\=—=3=)a 22

where I'(-) denotes the Gamma function and a € (0, 2] is the stability index that controls the heaviness of the
distribution tails. Smaller values of a produce more frequent long-range jumps, while a — 2 recovers
Gaussian-like behaviour. This formulation guarantees that the sampled steps follow a true a-stable Lévy
distribution with the correct variance scaling, providing the swarm with the heavy-tailed perturbations required
to escape local minima while preserving fine-grained local refinement around the current best position.

2.3.11. Inertia Weight Schedule

The inertia weight w balances global exploration and local exploitation in the velocity update (Eq. 1). It follows
a standard linearly decreasing schedule [58], reduced from an initial maximum w,,,, to a minimum w,,;,, over
the course of optimisation:

(6)

(t-1)
W(t) = Wimax — Wmax — Wiin) * m

where t is the current iteration, T,,,,the maximum number of iterations, and w,,,;,and w,,,,the lower and upper
bounds of the inertia weight (set to 0.4 and 0.9, respectively). Early iterations use a high inertia that favours
broad exploration of the FCM weight space, while later iterations use a low inertia that emphasises local
exploitation and convergence refinement.

2.3.12. Fitness Evaluation Strategy

The quality of each candidate weight matrix is assessed by a fitness function combining a prediction term and a
regularisation term. The prediction term is the binary cross-entropy (BCE) between the observed clinical
outcome y; and the predicted output §; produced by the FCM-Encoder. To discourage overly large, dense weight
matrices and favour cognitive graphs, a small L2 penalty on the weight matrix is added. The resulting objective
is:
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L = BCE®¥,y) + AlIX|| Q)

where || X|| denotes the Frobenius norm of the weight matrix and A (= 0.001) controls the regularisation strength.
This balances predictive accuracy against structural complexity, complementing the sign-based pruning applied
within the velocity update.

2.3.13. Output Concept Prediction

The final prediction for a given input is produced by applying a sigmoid activation to the weighted sum of
concept activations, yielding a bounded output in the interval [0, 1]. Following the standard fuzzy cognitive map
activation rule [26], the predicted value of the output concept k is obtained in a single FCM update step::

§ = [0(Ao - W)l (8)

where a(-) is the sigmoid function, W is the optimised (global best) weight matrix obtained from the PSO, k is
the index of the output concept, and A, = [x | 0.5] is the initial concept state formed by the input concept
vector x augmented with the output concept initialised to 0.5.

2.3.14. Pseudocode of FCM-Encoder
Following, we present the pseudocode of the proposed model, FCM-Encoder.

FCM-Encoder-Pseudocode

Algorithm: FCM-Encoder

Input: Clinical dataset D, paired image set I, labels y
Preprocessing: normalise numerical features, one-hot encode categoricals

Train RGB-CNN encoders on images; extract image concepts; fuse with clinical features

1: Function FCM-Encoder(D, I, y)
2: /] ----- Step 1 : feature fusion -----
3: Train RGB-CNN encoders to obtain image-concept extractors Omodality

4: For each patient k:

5: x®) « [clinical ®), @, (I¥), ..., (k)] // concept vector for patient k
6: x « [xW; ...; x®]  // data matrix: P patients x Nconcepes
7: N € Neoncepts + 1 // Nconcepts €Oncept nodes + 1 output node

8: output;z,, « N // output is the last node

9:
10: /) ----- Step 2 : initialise weight matrix W € RVXM) ____.
11: Initialise W « zeros(N, N)

12: // Spearman-based prior for all concepts
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13: For j =1 ... N-1:
14: p; « SpearmanCorr(x[:, j1, y); if p; is NaN: p; « @
15: W[j, outputyy,] « clip(pj, -1, 1)

16: diag(W) « o; W[ output;zy, :] < ©

17: /] ----- Step 3 : initialise PSO swarm of K particles -----

18: For i =1 ... K:

19: X; « W+ Normal(@, o?;) // particle position

20: V; ~ Uniform(-1, 1) M. diag(V;) « 0;  V[outputyy,, :] « @
21: P, « X;; best_score; « +oo

22: G « X;; global_best_score « +w

23:

24: // ----- Step 4 : PSO optimisation (per CV fold) -----

25: For fold f =1 ... 10:

26: Split into Xirains Xtests Yerains Ytest

27: For epoch t =1 ... Thax:

28: W ¢ Wnax - (Winax - Winin) (t-1)/(Tmax-1)  // Eq. (6)

29: For each particle i:

30: // fitness with L2 magnitude penalty

31: Ji « [0(4o * X)1 outputiays Ao = [Xtrain | 8.5]

32: score; « BCE(Ygains ¥i) + M1|Xi||; A =0.001 // Eq. (7)

33: If score; < best_score;: P; « X;; best_score; « score;; no_improve; < ©
34: Else: 1w0_limprove; « no_improve; + 1

35: If score; < global_best_score: G « X;; global_best_score « score;
37: // hybrid velocity update (always applied)

38: grad; < FiniteDiffGradient(Fitness, X;, EPS_GRAD)

39: T, Ty, T3, Ty ~ Uniform(@, 1)

40: Vieke [ wV,+Cry (Pp-X)+C?ry (G- X))+ C3ry-grad; - C* ,-sign(X;) 1]
// Eq. (1); sign per Eq. (2)

41: Vi « clip(Vi, -Vaips +Veip)

42: X; « tanh(X; + V;) // Eq. (1b)

43: diag(X;) « 0;  X;[outputiz,, :] « ©

45: // Lévy-driven escape - only when stagnating, added on top

46: If no_improve; > STALL:
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47: L'; « Mantegna(a, y) // Egs. (4)-(5)
48: X; « tanh(X; + L';) // Eq. (3)

49: diag(X;) « 0;  X;[outputyy,, :] « ©
50: no_improve; « ©

51:

52: /] ----- Step 5 : inference -----

53: Ag = [xtest | 8.5]

54: y« [0(4y - G)] ouputy, // Eq. (8), for all test patients

55: Evaluate: Accuracy, Loss (cross-entropy), Sensitivity, Specificity, Precision, F1,
AUC
56: Return G, evaluation metrics

2.4.  Methods for Interpreting Model Outputs

In this section, we describe the explainable methods implemented in the proposed diagnostic framework. These
methods are designed to improve the transparency and interpretability of model by associating multimodal
inputs with concept interactions.

2.4.1. Generated Concept Interconnections (Weight Mairix)

Within the proposed framework, interpretability of the ciinical reasoning pathway is grounded in the weighted
interconnections between clinical concepts and the model’s diagnostic output. The output edge of every input
concept is initialised from its Spearman rank correlation with the label, computed on the training split. For the
named clinical concepts, these correlation-based priors are directly interpretable: the sign indicates whether the
variable has a positive or negative monactonic association with malignancy, and the magnitude its initial strength.
They initialise the corresponding outgoing edges to the diagnostic output, providing a clinically structured
starting point aligned with the associations observed in the training data.

Each weighted edge connecting a clinical concept to the output node is characterized by both a magnitude and a
sign. The absolute value indicates relative importance with respect to prediction, while the sign indicates
whether increasing the variable is expected to increase or decrease the estimated malignancy probability. During
FCM-Encoder optimization, these correlation-informed initial weights may be altered when supported by the
data, allowing the final structure to reconcile prior statistical evidence with learned multimodal interactions.

After training, the learned clinical weight matrix provides an explicit representation of the direction and relative
strength of influence between individual clinical concepts and the diagnostic output. Each weight represents
both the direction and strength of influence, allowing the FCM structure to be inspected directly without post-
hoc explanation methods.

2.4.2. Clinical Interpretation of the Learned Imaging Features

Unlike the named clinical variables, the CNN-derived imaging features enter the FCM as data-driven activations
without a priori medical attributes. A complementary analysis is performed at the end of training to associate
each informative imaging feature with a named clinical concept. The imaging features are first ranked by the
absolute magnitude of their learned FCM weight to the diagnostic output, identifying those on which the model
most strongly relies. Each feature is then correlated with every named clinical variable using Spearman's rank
coefficient, and the clinical variable with the strongest absolute Spearman correlation is adopted as the derived
label, with its associated p-value reported. Visual confirmation is finally obtained by inspecting, for each
informative feature, the input images (polar maps for CAD, CT/PET images for SPN) of the patients with the
highest activation.
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2.4.3. Natural Language Generation

FCMs provide an explicit structure through concept nodes and weighted interconnections, however, expressing
these numerical influences in clinically meaningful language requires an additional interpretive layer. For this
purpose, an open multimodal large language model (Qwen3-VL), as introduced by Bai et al. in [59], was
employed as a narrative generation component and deployed via the Ollama inference framework. The model
operates strictly in inference mode and is not involved in prediction, classification, or diagnostic decision-
making. In the proposed study, it is used exclusively to convert model outputs into structured, clinician-oriented
explanations.

At inference time, the prompt to Qwen3-VL includes four elements: (i) the FCM-Encoder output label and its
full set of concept weights, (ii) the patient-specific clinical concept activations, (iii) the polar map for CAD or
CT/PET scans for SPN diagnosis, (iv) the RGB-CNN prediction for the image instances according to the
diagnostic task and (v) guidance about the structure of the generated response. These inputs are provided as
contextual evidence for explanation, not for learning. The prompt includes the following rules. For the clinical
section, only activated concepts with a positive influence are eligible for explanation. Demographic variables,
numerical encodings, and shortcut diagnostic inputs (e.g., sex, age, BMI, expert diagnosis) are explicitly
excluded. Each selected feature must be described using disease-specific medical terminology without reference
to binary or numerical values. For the imaging section, Qwen3-VL analyses the provided image together with
domain-specific instructions. In CAD cases, explanations focus on perfusion defects, ischemic patterns, stress—
rest reversibility, and correspondence to coronary territories (LAD, RCA, LCx). In SPN cases, explanations
focus on lesion morphology, margins, uptake behaviour, and spatial context. Visual layout artefacts and
embedded text are ignored. This design separates prediction and reasoning (performed by CNN and FCM-
Encoder) from language generation, ensuring that explanations are derived from model outputs and images,
while remaining clinically structured, reproducible, and constrained by fixed prompting rules. The prompt that
was inserted into Qwen3-VL for inference of the CAD instance is available in the Appendix.

3. Results

3.1.  Classification results

This section presents the experimental evaluation of the proposed FCM-Encoder framework for CAD diagnosis
and SPN identification. The classification performance of the full configuration is first compared with
representative literature studies on the same source datasets, grouped by input category (clinical, imaging, and
multimodal). Systematic ablation studies then quantify the contribution of each architectural component,
including the multimodal fusion, the FCM reasoning module, the Spearman-correlation-based initialisation, and
the Lévy-flight perturbation inside the PSO refinement. Two further controlled comparisons evaluate alternative
image-encoder backbones against the RGB-CNN used by the proposed framework, and three representative
graph neural network baselines against the FCM reasoning module. The interpretation of the trained model is
finally examined through two complementary analyses: the learned FCM weights between the named clinical
concepts and the diagnostic output, and a Spearman correlation analysis that assigns a derived clinical label to
each informative learned imaging feature. All results are obtained under 10-fold cross-validation, with every
metric reported as the mean and standard deviation across folds.

3.1.1. FCM-Encoder Classification Results —- CAD

Table 1 reports the classification performance of the proposed FCM-Encoder on the CAD task under its full
configuration, namely multimodal inputs (polar maps and 22 clinical features) with Spearman-correlation-based
initialisation of the FCM interconnections, together with representative literature studies on the same source
dataset grouped by input category: clinical-only, imaging-only (polar maps), and multimodal. Alternative
configurations of the proposed framework, such as random initialisation and clinical-only inputs, are reported
separately in the ablation study in Section 3.1.2 (Table 2). Standard evaluation metrics are used for the
comparison, including accuracy, loss, sensitivity, specificity, precision, F1-score, and AUC.

Table 1: Comparison of the proposed FCM-Encoder with literature studies on the CAD dataset, grouped by input
category (clinical, imaging, multimodal).

Models Input Accuracy Loss Sensitivity Specificity Precision F1-score
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Literature studies (Clinical)

Samaras et al. Clinical 78.82% - 74.63% 82.05% 75.32%
(2023) [60]
Apostolopoulos Clinical 80.17% - 82.86% 78.05% 78.61% 89.17%
et al. (2024)
[61]
Samaras et al. Clinical 78.29% - 76.21% 80.8% 78.82%
(2023) [62]
Literature studies (Imaging)
Papandrianos et Polar maps 95.83% 0.21 97% 94% 96%
al. (2022) [6]
Apostolopoulos Polar maps 74.53% - 75% 73.43%
et al. (2020)
[63]
Apostolopoulos Polar maps 78.9% - 87.32% 72.16% 88,.99%
et al. (2023)
[64]
Literature studies (Multimodal)
Apostolopoulos Polar 78.44%+3.71% - 77.36%%3.87% 79.25%+5.12% - 75.5%12.89% | 79.26%+3.66%
etal. (2021) maps/clinical
[65] (22 features)
Feleki et. al Polar 77.95%+5.58% | 0.22+0.05 = 76.98%8.27% 77.39%+7.13% 73.97%+0.09% - -
(2023) [45] maps/clinical
(22 features)
Feleki et. al Polar 83.07%24.72% 0.17 86.61% 79.99% 81.78% - -
(2023) [30] maps/clinical
(8 features)
Papageogiou et. Polar 80.4%4.97% 0.19+0.05 = 75.47%+11.07% @ 83.75%+14.33% 73.98%18.49% - -
al (2025)[47] maps/clinical
(22 features)
Proposed model (FCM-Ericoder with Spearman correlation)
FCM-Encoder Polar 81.82% +4.51%  0.19+0.04 = 86.23%+9.68% | 76.17%+11.16% 74.79%%6.99% = 79.52%+4.67% = 86.01%%4.53%
maps/clinical
(22 features)

In the clinical-only setting, Samaras et al. [60] (CatBoost) and Apostolopoulos et al. [61] (Random Forest) rely
on black-box classifiers with post-hoc SHAP or feature-importance explanations, while Samaras et al. [62] use a
reduced subset of clinical features. In all three cases, interpretability is introduced retrospectively and is
detached from the learning mechanism.

For imaging-only configurations, Papandrianos et al. [6] report a high accuracy of 95.83% on polar maps, but on
a substantially smaller dataset and without clinical fusion. The remaining polar-map-only studies [63] [64] fall
below 79%, indicating that a purely image-based input does not consistently match multimodal fusion.

In the multimodal category, Apostolopoulos et al. [65] and Feleki et al. [45] reached approximately 78%
accuracy using conventional feature-level fusion. Feleki et al. [30] obtained a higher accuracy 83.07% + 4.72%,
but their architecture relies on only ten input concepts (nine clinical parameters derived from feature selection
with Random Forest and the scalar RGB-CNN prediction), so the two modalities are fused at a single
representation level rather than at the concept-interaction level. Papageorgiou et al. [47], using the same 22
clinical features and polar maps as the present study, reported 80.4% + 4.97% proposing DeepFCM-ELM.

The proposed FCM-Encoder reaches the highest accuracy (81.82% * 4.51%), sensitivity (86.23% + 9.68%), and
AUC (86.01% + 4.53%) among the studies that use the full clinical feature set, together with the lowest binary
cross-entropy loss (0.19 + 0.04) of the multimodal block. This is achieved on the same multimodal input as [47],
[65] and [45] (polar maps and twenty-two clinical features) but with a different fusion strategy: clinical and
imaging concepts interact directly inside the FCM rather than being concatenated at the prediction or feature
level, the interconnections are initialised from a Spearman correlation prior on the training set without recourse
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to expert rules, and the weight matrix is refined by a Lévy-flight-enhanced PSO scheme that explicitly
minimises a regularised cross-entropy objective.

3.1.2. Ablation Analysis of the FCM-Encoder Modules for CAD diagnosis

To isolate the contribution of each architectural element of the proposed FCM-Encoder, a systematic component
ablation was conducted under the identical 10-fold cross-validation protocol, training/validation partitions,
preprocessing pipeline, and RGB-CNN backbone, so that the only factor varying between rows of Table 2 is the
component under test. Six configurations were compared against the full proposed model: Clinical only (image
branch disabled, FCM inferencing on clinical features alone); Images only (CNN to Dense classifier) (clinical
branch and FCM reasoning removed, predictions taken directly from the CNN sigmoid head); Clinical + Images
+ FCM, no PSO (random FCM initialisation, PSO refinement skipped); Clinical + Images + FCM, PSO (Lévy-
flight escape step disabled); and No Spearman initialisation (PSO initialised from a zero-weight FCM rather
than the Spearman-correlation prior).

Table 2: Component ablation of the proposed FCM-Encoder on the CAD dataset, reported as mean and standard
deviation over 10-fold cross-validation. Each row disables or replaces a single module while keeping all other
components identical to the full proposed configuration.

Accuracy Sensitivity Specificity Precision F1-score
Clinical only 79.2% + 4.53% 0.23+0.05 78.4% + 4.9% 82.1%+87%  72.3%+10.4% @ 71.1%+6.5% = 77.10% + 4.8%
Images only 74.58%25.25% 0.45+0.04 | 81.72%+559% | 65.48%+9.52% = 72%*7.85% | 68.31%+7.76% & 73.6%5.63%
(CNN—Dense
classifier)

Clinical + Images + 79.59%:+3.49% 0.65%+0.16 = 77.82%+16.22% @ 79.69%+8.4%  76.09%+4.84% = 75.8%+8.06% = 84.11%+4.7%
FCM, no PSO
(random init)

Clinical + Images + 80.86%24.15% 0.49+0.06 = 80.42%+15.31% = 81.38%%10.43% | 79.21%+6.56% | 78.57%+6.8% | 85.15%+4.01%
FCM, PSO (no
Lévy mutation)

No Spearman 76.89%+5.29% 0.15+0.02 80.92%+6.07% 74.07%+7.46% = 70.87%+9.13% @ 75.15%+6.32% = 85.25%+4.02%
initialization
FCM-Encoder 81.82% + 4.51% 0.19+0.04 86.23%+9.68% | 76.17%+11.16% & 74.79%+6.99% | 79.52%+4.67% & 86.01%+4.53%

The results in Table 2 confirm that every component contributes positively, with the full proposed model
attaining the highest accuracy (81.82%) and the lowest loss (0.19). Using the clinical variables or the images
alone lowers performance, with the images-only settings showing the largest decline, which indicates that the
two modalities are most effective when combined. Likewise, removing any of the optimisation components, the
Spearman initialisation, the PSO refinement, or the Lévy-flight step, weakens the model by lowering accuracy
or increasing the loss. Overall, each component contributes to a distinct improvement, and only their
combination yields the highest accuracy and the lowest loss of the proposed framework.

3.1.3. Comparison with Alternative Image Encoder Architectures for CAD diagnosis

To verify whether more recent pretrained networks could

replace the RGB-CNN used in the proposed framework, five alternative encoders were evaluated under the
identical 10-fold cross-validation protocol, clinical preprocessing pipeline, and FCM-Encoder reasoning
module, so that only the encoder backbone varies between rows of Table 3.

Two categories were considered: (i) lightweight CNNs trained end-to-end from ImageNet weights
(MobileNetVv3-Small, EfficientNetB0, DenseNet121), and (ii) frozen feature extractors used without fine-
tuning, comprising EfficientNetB0 (frozen) as a standard ImageNet baseline and BiomedCLIP (ViT-B/16) as a
state-of-the-art biomedical foundation model.
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All backbones receive 224 x 224 RGB inputs and are trained for up to 40 epochs with a batch size of 16, the
Adam optimiser at a learning rate of 1 x 107, binary cross-entropy loss with label smoothing of 0.05, and early
stopping on the inner validation split (patience 6). For BiomedCLIP, the 512-dimensional embeddings are
projected to the 16-dimensional concept space used by all other encoders via PCA fitted on each training fold,
ensuring identical feature dimensionality across configurations.

The FCM-Encoder reasoning module is shared across all configurations and uses 60 particles, 40 PSO epochs,
inertia annealed from 0.9 to 0.4, cognitive and social coefficients C; = C. = 1.6, a Lévy-flight perturbation
coefficient Cs = 0.5, a sparsity coefficient C4 = 0.1, and a stall counter of 10 iterations before triggering Lévy
escape.

Table 3: Image encoder comparison on the CAD dataset, reported as mean + standard deviation over 10-fold
cross-validation. Only the encoder backbone varies between rows; the clinical pipeline, splits, and FCM-Encoder
module are identical across all configurations.

Models Accuracy Loss Sensitivity Specificity Precision F1-score

Lightweight architecture

MobileNetV3- | 81.44%+4.76% & 0.49+0.08 87.92%+7.38% 75.53%10.54% | 75.01%+7.56% | 80.46%+4.29 86.37%=5.13 25M
Small

EfficientNetBO = 81.67%+6.7% 0.52%0.12 | 76.02%+18.36% & 84.39%+9.8%  81.43%+6.12% @ 77.11%+10.3% = 84.81%%6.72 53 M
DenseNet121 80.2%+5.07% 0.54%=0.1 85.42%*7.44% 75.81%+8.9% 73.99%+7.28% | 78.92%15.27% | 84.07%%5.17% 8.1M

Frozen ImageNet feature exiractor

EfficientNetBO = 81.44%+5.41% | 0.49%+0.08 | 85.96%+9.09% | 76.58%+11.44% & 75.78%+5.91% @ 80.17%+5.22% | 85.65%5.39 53M
(frozen)

BiomedCLIP | 81.05%+3.59% & 0.48%*0.05  88.54%19.04% = 76.43%+9.79% @ 75.24%+8.36% @ 80.72%%4.9%  86.56%+3.61% 86 M
(ViT-B/16) (frozen)

Proposed
FCM-Encoder = 81.82%%4.51% = 0.19+0.04 86.23%19.68% | 76.17%x11.16% = 74.79%+6.99% @ 79.52%+4.67%  86.01%+4.53% 011 M

The proposed FCM-Encoder achieves the highest accuracy (81.82%) and by far the lowest loss (0.19) of all
configurations. The alternative encoders fall between 80.20% and 81.67% accuracy and between 0.48 and 0.54
loss, which corresponds to a 2.5- to 2.8-fold worse lose despite using 22 to 780 times more parameters per
branch. BiomedCLIP (86 M parameters) reaches accuracy and AUC values that are statistically
indistinguishable from those of the much smaller frozen EfficientNetBO and from the proposed 0.11 M-
parameter encoder, suggesting that its biomedical pretraining corpus, dominated by figures and radiographs,
transfers poorly to cardiac polar perfusion maps.

Overall, the comparison supports the choice of our encoder, since it outperfoemed the rest encoders.

3.1.4. Comparison with Graph Neural Network Baselines for CAD diagnosis

Because the FCM-Encoder and graph neural networks (GNNSs) both learn weighted relations between feature
nodes, three representative GNN baselines were compared against the proposed model while the rest of the
multimodal pipeline was preserved. The three span the main families of graph learning. The GCN of Kipf and
Welling [66] represents the spectral family: each layer updates a node through a symmetrically normalised, self-
loop-augmented averaging of its neighbours' features followed by a learnable linear transformation, and in its
original form operates transductively over a fixed graph. The Graph Attention Network (GAT) of Velickovi¢ et
al. [67] represents the attention-based family, replacing these fixed aggregation weights with learned per-edge
attention coefficients (four heads in the first layer) so that informative neighbours contribute more strongly,
while additionally yielding edge-level importance scores. GraphSAGE, of Hamilton et al. [68], represents the



Page 19 of 36

inductive family, learning a mean aggregator over a sampled neighbourhood that generalises naturally to nodes
unseen during training.

All baselines operate on the same feature stream as the proposed model: the RGB-CNN concept vector
concatenated with the clinical variables. A population graph is built inductively per fold, with each patient
connected to its five nearest training neighbours by cosine similarity and no edges between validation nodes, so
that label information cannot propagate among validation patients.

The three GNNs share a two-layer architecture with 24 hidden units and a dropout rate of 0.6, and are trained
with the Adam optimiser (learning rate 1 x 1072, weight decay 2 x 1073) under cross-entropy loss for up to 150
epochs with early stopping (patience 20) on an inner 80:20 split of each training fold; the best-weight model is
restored before predictions are produced for the held-out validation patients. The 10-fold cross-validation
protocol and the reported metrics are identical to those used for the proposed FCM-Encoder, so that only the
reasoning module varies between the rows of Table 4.

Table 4: Comparison with graph neural network baselines on the CAD dataset (mean * standard deviation over
10-fold cross-validation). The three graph baselines (GCN, GAT, GraphSAGE) use the same fused feature
stream (clinical variables and RGB-CNN concepts) and the same inductive k-nearest-neighbours population
graph, differing only in the graph neural network architecture; the FCM-Encoder is the proposed method.

GCN (Kipf &
Welling 2017) [66]

79.77%%6.17% | 0.51+0.09  82.07%+15.99% = 77.29%+9.34%  74.52%+8.31%  77.1%+9.87%  82.82%+6.99%

GAZTO(l‘S'EE'%’““ 81.44%+423% | 058005 = 86.3206+7.3% | T7.84%+7.99% | 75.60%+6.79% = 80.22%+4.24%  84.37%:311%
GraphSAGE

(Hamilton 2017)  80.85%+3.79%  051+0.08  8554%+125  78.03%+10/5%  76.87%:7.34%  80.01%+535%  84.94%:+4.34%
[68]

FCM-Encoder 81.82% +4.51% | 0.19+0.04 = 86.23%+9.68% | 76.17%=*11.16% | 74.79%+6.99% | 79.52%*4.67%  86.01%+4.53%

The proposed FCM-Encoder achieves the highest accuracy (81.82%) and AUC (86.01%) among the four
configurations, exceeding GCN, GAT, and GraphSAGE by 2.05, 0.38, and 0.97 accuracy points, respectively,
and exhibits the lowest cross-fold variance. The gap over GAT lies within one standard deviation, but no GNN
baseline outperforms the proposed model on either metric. The largest difference is in loss: the FCM-Encoder
reaches a loss of 0.19 against ¢.50-0.51 for the GNN baselines, an approximately 2.6-fold reduction consistent
with the PSO refinement expiicitly minimising a regularised cross-entropy objective over the FCM-induced
probability outputs.

3.1.5. Analysis of FCM-Encoder clinical weights- CAD

This section analyses the interconnections learned by FCM-Encoder between clinical input concepts and the
output concept representing CAD diagnosis. The model is trained without expert-informed priors, using the
proposed Spearman-based initialization. Expert linguistic values are reported solely for comparative and
interpretative purposes and are not used during the training process, as they were defined for previous literature
studies for CAD diagnosis, for the initialization of interconnections among concepts [30, 45, 47]. The available
linguistic categories include very weak (VW), weak (W), medium (M), strong (S), and very strong (VS), which
represent increasing degrees of influence between concepts. Table 5 reports the resulting weights for each
connection to the output node, expressed as mean + standard deviation across cross-validation folds. These
values describe both the direction of influence (positive or negative) of each learned association.

Table 5: Demonstration of FCM-Encoder-generated values applied to CAD dataset

Interconnection Linguistic values  Transformed FCM-Encoder FCM-Encoder
provided by toa with Spearman random

nuclear experts spectrum of initialization initialization
values
[0.35, 0.65]

Gender—Output [-0.470.09] [-0.26+0.07]
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Age—Output W [0.1,0.4] [-0.08+0.09] [0.11+0.09]
BMI—Output VW [0, 0.25] [-0.2+0.09] [-0.08+0.12]
known CAD—Output S [0.5,0.75] [0.47+0.04] [0.29+0.11]
previous AMI—Output VW [0, 0.25] [-0.12+0.13] [0.03+0.19]
previous PCl—Output W [0.1,0.4] [-0.09+0.07] [0.05+0.15]
previous CABG—Output w [0.1,0.4] [0.29+0.08] [0.23+0.1]
previous STROKE—Output M [0.35, 0.65] [-0.09+0.08] [0.1+0.18]
Diabetes—Output S [0.5,0.75] [0.4+0.05] [0.29+0.07]
Smoking—Output M [0.35, 0.65] [0.09+0.1] [0.06+0.12]
Hypertension—Output M [0.35, 0.65] [0.11+0.08] [-0.07£0.13]
Dyslipidemia—Output M [0.35, 0.65] [0.08+0.08] [0.15+0.06]
Angiopathy—Output M [0.35, 0.65] [0.25+0.07] [0.26+0.08]
Chronic Kidney Disease—Output w [0.1,0.4] [-0.03+0.1] [-0.02+0.15]
Family history of CAD—Output w [0.1,0.4] [0.05+0.08] [0.11+0.08]
Asymptomatic—Output -S [-0.75, -0.5] [-0.08+0.1] [-0.04+0.22]
Atypical Symptoms—Output VS [0.75, 1] -0.18+0.1j [-0.06+0.2]
Angina like—Output S [0.5,0.75] 10.18+0.06] [0.27+0.06]
Dyspnoea on exertion—Output M [0.35, 0.65] [-0.16+0.08] [-0.05£0.15]
Incident of precordial S [0.5,0.75] [-0.09+0.11] [0.124+0.17]
pain—Output

Ecg—Output M [0.35, 0.65] [0.08+0.1] [0.09+0.11]

Expert Diagnosis Binary—Output VS [0.75, 1] [0.54+0.06] [0.4+0.04]

As shown in Table 5, the FCM-Encoder model with the proposed Spearman-based initialization learns a
clinically coherent and highly interpretable structure, despite not using any expert knowledge during training.
When compared with the expert linguistic values (included only for reference), the generated weights are
closely aligned in both direction and relative magnitude. The strongest positive influence on the CAD output is
given by Expert Diagnosis (0.54+0.06), followed by known CAD (0.47+0.04) and diabetes (0.40+0.05),
matching expert expectations that these are dominant risk drivers. Prior CABG also shows a positive effect
(0.29+0.08), while angiography (0.25+0.07) contributes moderately, again consistent with clinical reasoning.

In contrast, the random initialization in the interval [—1,1] produces weights that are less compatible with expert
knowledge, with more frequent sign inconsistencies and larger deviations across folds. Overall, the small
standard deviations for the main risk determinants (e.g., known CAD, diabetes, expert diagnosis) indicate
consistent learning behaviour across folds. Even without expert priors, the proposed Spearman-initialized FCM-
Encoder generates a weight structure that closely matches expert reasoning, whereas random initialization does
not perform adequately in terms of clinical coherence.

3.1.6. Clinical Interpretation of the Learned Imaging Features — CAD

While Section 3.1.5 analysed the FCM weights of the named clinical concepts, whose meaning is fixed before
training, the eight imaging features extracted by the RGB-CNN are learned numerical activations rather than
pre-defined medical attributes. To make their clinical content explicit, we carried out a complementary analysis
at the end of training, correlating each learned imaging feature (Spearman, across all patients) with the named
clinical variables. Expert diagnosis and prior known CAD status were excluded from this correlation, since both
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are disease-status proxies, allowing the features to map to specific physiological attributes rather than to the
diagnosis itself. This analysis is distinct from the initialization step, where the Spearman correlation between
each concept and the diagnostic label sets the prior weights to the output node. Among the informative features,
we report only those whose FCM weight sign agrees with the sign of their strongest clinical correlation, because
when the learned weight and the correlation point in opposite directions, the label derived is ambiguous. Three
features met this criterion and are reported in Table 6.

Table 6: Clinical interpretation of the informative learned image features (CAD dataset). For each image concept,
the modality branch, mean FCM weight to the diagnostic output, the strongest clinical correlate (Spearman p, p-
value), and the derived clinical label are reported. Only features with statistically significant correlations (p < 0.01)
are shown.

Image feature FCM weight Top  clinical Spearman p-value Derived clinical label

to output correlate p
Img-1 +0.2 ECG +0.4 <0.001 Perfusion-defect signature
(abnormal-ECG, disease-
associated)
Img-6 -0.1 ECG -0.4 <0.001 Normal-perfusion signature
(normal-ECG)
Img-3 -0.37 ECG -0.4 <0.001 Normal-perfusion signature

(normal-ECG)

Across the informative features, the strongest clinical correlate is the ECG, and for the dominant detectors, the
sign of this correlation matches the sign of the FCM weight. Img-1 carries the largest positive weight and
correlates positively with an abnormal ECG (p = +0.40), so it acts as the main CAD-pattern detector and raises
the predicted probability of disease when an ischemic perfusion pattern is present. Img-3 carries the most
negative weight and correlates negatively with the ECG (p = —0.40), so it acts as the main normal-perfusion
detector and lowers the predicted probability when perfusion is uniform. img-6 follows the same direction as
Img-3, with a negative ECG correlation and a smaller negative weight, serving as a secondary normal-perfusion
detector that reinforces this signal. Img-1 and Img-3, which the ~FCM weighs most strongly and in opposite
directions, capture the central contrast between ischemic and normal myocardial perfusion. Figure 2 illustrates
this contrast using the eight highest-activation polar maps of each feature.

(V%] (g0 vk

a=0.97 a=0.96 a=0.95 a=0.95

- 9 , i
a=0.93 . a=0.90 a=0.89

Figure 2: Top 8 polar maps for two contrasting imaging features learned. Img-1 (positive FCM weight) is activated
by localized perfusion defects; Img-3 (negative FCM weight) is activated by uniform high perfusion.
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The eight polar maps with the highest activation for Img-1 exhibit clear perfusion defects, with marked stress—
rest mismatch patterns consistent with ischemia (a = 0.94-0.97), so Img-1 acts as a CAD-pattern detector that
amplifies the diagnostic output when such defects are present. Conversely, the eight polar maps with the highest
activation for Img-3 show homogeneous uptake without focal defects (a = 0.89-0.97), so Img-3 acts as a
normal-pattern detector that suppresses the diagnostic output when uniform perfusion is detected. The opposite
signs of their FCM weights to the output are therefore consistent with the visual content of the respective top-
activation images, providing a clinically interpretable account of how the FCM integrates imaging information.
The cross-fold stability analysis confirms that Img-1 and Img-3 are among the most stable informative features
across the ten folds, supporting the robustness of the derived clinical labels.

3.1.7. FCM-Encoder Classification Results - SPN

Table 7 reports the classification performance of the proposed FCM-Encoder under the full multimodal
configuration (clinical, CT, and PET features with Spearman-correlation-based initialisation), together with
representative literature studies on the same source dataset covering clinical-only, imaging-only, and multimodal
approaches. Results across alternative input settings of the proposed framework (clinical only, clinical + CT,
clinical + PET) and the contribution of each architectural component are reported separately in the ablation
study in Section 3.1.8 (Table 8).

Table 7: Comparison of the proposed FCM-Encoder with literature studies on the SPN dataset, grouped by input
category (clinical, imaging, multimodal).

Models Accuracy Loss Sensitivity  Specificity Precision F1-score

Literature studies (Clinical)

Samaras et al. Clinical 94.33% - 95.71% 92.96% - - -
(2023) [69]

Apostolopoulos Clinical 95.39% - 96.88% 93.83% - 95.57% -
et al. (2024)

[70]
Literature studies (Imaging)

Samaras et al. CT scans 92.3% - 93.62% 90.91% - - -
(2024) [71]

Samaras et al. PET scans 89% - 80.85% 97.73% - - -

(2024) [71]
Literature studies (Multimodal)

Feleki et al. PET/clinical (3 | 94.71%+2.99% 0.05 92.06% 96.98% 91.91% - -
(2023) [31] features)
Papandrianos et | PET/clinical (9 = 88.14%+3.8% 0.12 88.36%+5.23% = 87.29%+7.48% = 91.27%+5.28% - -
al. (2025) [46] features)

Papageorgiou et | CT/clinical (9 = 90.57%+3.07% | 0.08+0.03 | 81.9%+10.56% 96%+5.47% 89.21%+5.06% - -
al. (2025) [47] features)

Proposed model (FCM-Encoder with Spearman initialization)

FCM-Encoder | CT/PET/clinical | 93.39%+3.09% | 0.06£0.003 | 91.84%+6.48% | 94.78%%3.09% | 95.12%%2.92% | 93.29%*3.57% 96.71%22.66%
(9 features)

In the clinical-only setting, Samaras et al. [69] reached 94.33% accuracy with a black-box AdaBoost classifier
explained post-hoc via SHAP, while Apostolopoulos et al. [70] reported 95.39% by including the expert
diagnosis as an input feature, which is not directly comparable to a purely data-driven setting.

For imaging-only configurations, Samaras et al. [71] obtained 92.30% on CT and 89.00% on PET with a
YOLOv8-based pipeline, but without clinical fusion.

In the multimodal category, Feleki et al. [31] reached 94.71% + 2.99% using only three input concepts that fuse
modalities at the prediction level rather than at the concept-interaction level. Papandrianos et al. [46] and
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Papageorgiou et al. [47] reported 88.14% + 3.80% and 90.57% = 3.07%, respectively under comparable
multimodal inputs.

The proposed FCM-Encoder reaches 93.39% + 3.09% accuracy and outperforms every fully data-driven
literature study in Table 7. The bi-modal configurations of [46] (PET/clinical) and [47] (CT/clinical) are
addressed within the proposed framework as ablations (Clinical + PET and Clinical + CT) in Table 8. The key
methodological distinction with respect to the multimodal literature baselines is that the proposed model
integrates the imaging-derived concepts and clinical variables at the concept-interaction level inside the FCM,
with interconnections initialised by Spearman rank correlations on the trainif[ng set rather than by expert-
defined priors or specialised tuning stages.

3.1.8. Ablation Analysis of the FCM-Encoder Modules for SPN diagnosis

To isolate the contribution of each architectural element of the proposed FCM-Encoder, a systematic component
ablation was conducted under the identical 10-fold cross-validation protocol, training/validation partitions,
preprocessing pipeline, and RGB-CNN backbones, so that the only factor varying between rows of Table 8 is
the component under test. Eight configurations were compared against the full proposed model: Clinical only
(both image branches disabled); Clinical + CT and Clinical + PET (one imaging modality disabled in turn);
Images only (CNN to Dense classifier), CT and Images only (CNN to Dense classifier), PET (clinical branch
and FCM reasoning removed, predictions taken directly from the CNN sigmoid head); Clinical + Images +
FCM, no PSO (random FCM initialisation, PSO refinement skipped); Clinical + Images + FCM, PSO (no Lévy
mutation) (Lévy-flight escape step disabled); and No Spearman initialisation (PSO initialised from a zero-
weight FCM rather than the Spearman-correlation prior).

Table 8: Component ablation of the proposed FCM-Encoder on the SPN dataset, reported as mean and standard
deviation over 10-fold cross-validation. Each row disables or replaces a singie module while keeping all other
components identical to the Full proposed configuration.

Models

Loss Precision F1-score

Accuracy Sensitivity

89.07%i7.27°/: © 87.86%+10.17%

Clinical 88.39%=5.05% 0.12+0.05 89.52%+8.23%  88.78%+4.29% = 91.99%:3.86%
Clinical+CT 92.84%=+3.77% 0.07£0.04 | 91.26%%*8.05% 94.11%+4.01% 94.64%+3.06% | 92.69%+4.43% | 96.85%+2.82%
Clinical+PET = 92.84%+3.57% 0.07£0.03 90.86%+6.61% 94.86%+4.1% 92.77+£3.91% 96.95%+2.1% 92.85%+2.85%
Images only 85%z+8.7% 0.29+0.12 88.59%+7.33% | 83.52%+11.89% @ 88.41%+7.08% | 85.28%*7.63% | 86.05%+6.78%
(CNN—Dense
classifier) CT
Images only 83.12%=6.43% 0.34+0.06 92.21%%6.18% 72.29.21% 91.31%25.75% = 80.04%+5.63% | 82.13%+4.26%
(CNN—Dense
classifier)
PET
Clinical + 91.47%25.19% 0.33+0.1 89.63%26.02% 93.14%+6.94% 93.55%26.74% | 91.41%+5.29% | 93.65%+5.54%
Images +
FCM, no PSO
(random init)
Clinical + 92.85%22.52% 0.28+0.05 91.37%26.3% 94.3%+3.41% 94.65%%3.55% = 92.27%+3.01% | 95.63%+2.46%
Images +
FCM, PSO
(no Lévy
mutation)
No Spearman | 90.36%5.16% 0.09+0.02 87.7%8.98% 93.13%+5.87% 93.36%15.22% | 90.17%+5.86% | 95.22%+2.75%
initialization
FCM-Encoder = 93.39%+3.09%  0.06£0.003 = 91.84%+6.48% 94.78%+3.09% 95.12%+2.92% = 93.29%+3.57% | 96.71%+2.66%
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The results confirm that every component contributes positively, with the full proposed model attaining the
highest accuracy (93.39%) and the lowest loss (0.06). Using a single imaging modality together with the clinical
data, or the images alone, lowers performance, with the images-only configuration showing the largest decline.
Likewise, removing any of the optimisation components, the Spearman initialisation, the PSO refinement, or the
Lévy-flight step, weakens the model by lowering accuracy or increasing the loss.

Overall, each component contributes a distinct improvement, and only their combination yields the highest
accuracy and the lowest loss of the proposed framework.

3.1.9. Comparison with Alternative Image Encoder Architectures for SPN diagnosis

The same panel of alternative encoders introduced in Section 3.1.3 was evaluated for the SPN task while
preserving the rest of the multimodal pipeline. Each encoder is instantiated twice per fold, once for the CT
branch and once for the PET branch, so that only the backbone varies between rows of Table 9. The CNN
training settings and the FCM-Encoder reasoning module hyperparameters are identical to those reported in
Section 3.1.3, with three adjustments specific to the SPN task: the concept dimensionality is set to 8 rather than
16, the training is extended to 60 epochs, and the early-stopping patience is raised to 8. For BiomedCLIP, the
512-dimensional embeddings of each modality branch are projected to the same 8-dimensional concept space
via PCA fitted on each training fold.

Table 9: Image encoder comparison on the SPN dataset, reported as mean + standard deviation over 10-fold
cross-validation. Only the encoder backbone varies between rows; the clinical pipeline, splits, and FCM-Encoder

module are identical across all configurations.
Models Accuracy Loss Precision 6F1-score AUC Params

Sensitivity

Specificity

Lightweight architecture

MobileNetV3- | 92.28%+3.91% | 0.28+0.11 @ 96.13%+4.54% | 87.95%+10.17%  90.39%+7.72% @ 92.82%+3.24% | 95.78%=*3.11 25M
Small
EfficientNetBO = 90.35%+5.88% @ 0.29+0.1 = 95.72%+4.69% @ 84.74%+10.8% @ 87.48%+8.23% 91.16%+5.15% = 95.41%z3.74% 53M
DenseNet121 | 91.73%+4.53% | 0.3+0.18 90.77%10.9% 92.63%+5.96% | 93.23%x5.08% & 91.46%%6.48% @ 94.98%+5.15% 81M
Frozen ImageNet feature extractor
EfficientNetBO | 92.27%+3.91% | 0.31x0.16 = 93.41%+553% | 90.329%9.08% | 92.28%+5.64% | 92.63%+3.54% 95.35% 53M
+3.61% (frozen)
BiomedCLIP 92.4%+3.07%  0.25+0.06 | 95.88%+4.4% = 91.13%+6.73% @ 92.07%+5.53% @ 93.74%+2.81% @ 96.74%+1.83% 86 M
(ViT-B/16) (frozen)
Proposed
FCM-Encoder = 93.39%%3.09% | 0.06+0.003 91.84%+6.48% & 94.78%*3.09%  95.12%%2.92%  93.29%*3.57% @ 96.71%%*2.66% 011 M

The proposed FCM-Encoder achieves the highest accuracy (93.39%) and the lowest loss (0.06) of all
configurations. The alternative encoders fall between 90.35% and 92.40% accuracy and between 0.25 and 0.31
loss. The proposed model also delivers the highest specificity (94.78%) and precision (95.12%) together with
the lowest cross-fold variance in accuracy (£3.09%), indicating fewer false positives and greater stability.

The slightly higher sensitivity of MobileNetV3-Small and BiomedCLIP reflects a different operating-point
trade-off, favouring recall over specificity. Notably, BiomedCLIP (86 M parameters) reaches accuracy and AUC
values that are statistically indistinguishable from those of the much smaller frozen EfficientNetBO and from the
proposed 0.11 M-parameter encoder, suggesting that its biomedical pretraining corpus, dominated by figures
and radiographs, transfers poorly to CT and PET inputs.

Overall, the comparison demonstrated that FCM-Encoder matches or exceeds the accuracy of larger alternatives
while producing substantially lower loss.

3.1.10. Comparison with Graph Neural Network Baselines for SPN diagnosis
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The same three GNN baselines introduced in Section 3.1.4 (GCN [66], GAT [67], and GraphSAGE [68]) were
evaluated for the SPN task while preserving the rest of the multimodal pipeline. All baselines operate on the
same feature stream, the CT-CNN and PET-CNN concept vectors concatenated with the clinical variables, and
use the same architectural and training settings described in Section 3.1.4 (two-layer architecture, 24 hidden
units, dropout 0.6, Adam at 1 x 1072, weight decay 2 x 1073, 150 epochs with early stopping). The inductive five-
nearest-neighbour population graph and the 10-fold cross-validation protocol are also identical, so that only the
classifier varies between rows of Table 10.

Table 10: Comparison with graph neural network baselines on the SPN dataset (mean + standard deviation over
10-fold cross-validation). The three graph baselines (GCN, GAT, GraphSAGE) use the same fused feature
stream (clinical variables and RGB-CNN concepts) and the same inductive k-nearest-neighbours population
graph, differing only in the graph neural network architecture; the FCM-Encoder is the proposed method.

Models Accuracy Sensitivity ~ Specificity Precision F1-score

GCN (Kipf & 90.92%24.5% 0.26£0.08 = 92.43%+6.35% = 89.49%+7.42% = 90.36%%6.56% = 91.12%+4.45% = 96.03%+2.08%
Welling 2017)
[66]

GAT 90.93%+4.97% 0.29+0.11 88.53%+8.25% | 93.21%+5.99% 93.44%+6% 90.66%+5.54% | 94.21%+3.98%
(Veli¢kovié¢
2018) [67]

GraphSAGE 92.32%+2.95% 0.24+0.07 94.45%+7.76% = 89.77%+4.59% = 91.03%+4.44% = 92.39%+3.56% 96.7%+2.35%
(Hamilton
2017) [68]

FCM-Encoder | 93.39%%3.09% | 0.06+0.003 | 91.84%+*6.48% | 94.78%+3.09% | 95.12%%2.92% | 93.29%+*3.57% | 96.71%+2.66%

The proposed FCM-Encoder achieves the highest accuracy (93.39%), specificity (94.78%), precision (95.12%),
and F1-score (93.29%), exceeding GCN, GAT, and GraphSAGE by 2.47, 2.46, and 1.07 accuracy points,
respectively. AUC is statistically tied with GraphSAGE (96.71% vs. 96.70%), and GCN and GraphSAGE show
marginally higher sensitivity, in both cases within one standard deviation.

The most pronounced difference between the proposed model and the GNN baselines is observed in the binary
cross-entropy loss: the FCM-Encoder reaches 0.06 against 0.24-0.29 for the three baselines, which indicates
that the proposed model produces better resulis than any of the graph-based alternatives.

3.1.11. Analysis of FCM-Encoder clinical weights- SPN

Table 11 presents the FCM-Encoder weight values learned from the SPN data using two initialization strategies:
(i) the proposed Spearman-based initialization and (ii) fully random initialization in the range [—1,1]. For each
interconnection, the mean weight and its standard deviation across all cross-validation folds are reported. Expert
linguistic weights and their transformation to numerical intervals are included only for comparison and were not
used as priors or constraints during training.

Table 11: Demonstration of FCM-Encoder-generated weighted values applied in SPN data

Interconnection Linguistic Transformed FCM-Encoder FCM-Encoder
EIES toa with Spearman random

provided by spectrum of initialization initialization
experts EIES

Gender—Output [0.1,0.4] [-0.02+0.09] [0.0720.18]
Age—Output M [0.35, 0.65] [0.04+0.08] [0.2+0.2]
BMI—Output w [0.1,0.4] [-0.09+0.07] [-0.32+0.11]
GLU—>Output VW [0, 0.25] [0.21+0.12] [0.20.12]

SUVmax—Output Vs [0.75,1] [0.6740.12] [0.55+0.04]

Diameter—Output S [0.55, 0.85] [0.59+0.05] [0.55:£0.06]
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Location_Left_Upper_Lobe—Output M [0.35, 0.65] [0.3£0.1] [0.2+0.26]
Location_Right_Upper_Lobe—Output S [0.55, 0.85] [-0.21+0.08] [-0.11+0.28]
Location_Left_Lower_Lobe—Output W [0.1, 0.4] [-0.009+0.14] [0.01+0.2]
Location_Right_Lower_Lobe—Output w [0.1,0.4] [[0.11+0.09] [0.29+0.27]
Location_Middle—Output M [0.35, 0.65] [-0.14+0.13] [-0.19+0.31]
Location_Lingula—Output w [0.1,0.4] [-0.02+0.13] [0.13+0.28]
Type_Solid—Output -M [-0.65, -0.35] [0.34+0.11] [0.36+0.17]
Type_Ground_Class—Output VS [0.75, 1] [-0.25+0.09] [-0.2+0.2]
Type_Consolidated—Output S [0.55, 0.85] [0.22+0.09] [0.28+0.22]
Type_Speckled—Output -M [-0.65, -0.35] [-0.38+0.07] [-0.39+0.14]
Type_Semi_Solid—Output M [0.35, 0.65] [0.01+0.11] [0.12+0.23]
Type_Calcified—>Output -M [-0.65, -0.35] [-0.16+0.06] [-0.2940.24]
Type_Cavitary—Output M [0.35, 0.65] [0.21+0.09] [0.25+0.18]
Margins_Spiculated—Output S [0.55, 0.85] [0.47+0.04] [-0.05+0.07]
Margins_Lobulated—Output M [0.35, 0.65] [0.4440.1] [0.52+0.1]
Margins_Well_Defined—Output -M [-0.65, -0.35] [-0.640.05] [-0.53+0.04]
Margins_Ill_Defined—Output M [0.35, 0.65] [-0.03+0.008] [-0.04+0.25]

As shown in Table 11, the proposed FCM-Encoder with Spearman-based initialization produces weight patterns
that are largely consistent with expert linguistic assessments, even though expert knowledge was not used in
training. For example, SUVmax is assigned a strong positive weight, compatible with a “very strong” expert
evaluation, thus validating the model's capahility to strongly correlate malignancy to high radiotracer uptake.
Similarly, diameter and margin-related features, such as spiculation and lobulation, are assigned positive
weights, in agreement with expert expectations and established clinical practice. These connections also exhibit
relatively small standard deviations, indicating consistent learning behaviour across folds.

In contrast, the random initialization in [—1,1] yields less consistent and clinically inaccurate weights. Several
interconnections show weaker magnitudes, sign changes, or much larger deviations across folds, indicating
reduced interpretability. For instance, some location and margin-related features display inconsistent directions
compared with both expert knowledge and the Spearman-initialized model. Overall, the proposed Spearman-
based initialization enables FCM-Encoder to converge toward expert-like, interpretable interconnections,
whereas random initialization performs more poorly in terms of clinical coherence.

3.1.12. Clinical Interpretation of the Learned Imaging Features — SPN

As in Section 3.1.6 for CAD, we assessed the clinical meaning of the learned SPN image features by correlating
each feature's activation with the named clinical variables across all patients (Spearman). Each imaging branch
contributes eight learned features, sixteen in total, and all were examined. A feature is labelled only when its
activation is significantly correlated with a named clinical variable (p < 0.01) and the sign of that correlation
matches the sign of its FCM weight, so that its clinical association and its diagnostic role agree; the remaining
features were left unlabelled rather than assigned a potentially misleading description. Seven features satisfy
both criteria, five from the CT branch and two from the PET branch and are reported in Table 12 with their
strongest clinical correlate and derived label.
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Table 12: Clinical interpretation of the informative learned image features (SPN dataset). For each image
concept, the modality branch, mean FCM weight to the diagnostic output, the strongest clinical correlate
(Spearman p, p-value), and the derived clinical label are reported. Only features with statistically significant

correlations (p < 0.01) are shown.

Image

Modality

Top clinical

Spearman

Derived clinical label

feature

correlate
Nodule diameter

p

Large-nodule (malignancy-associated)

CT-6 CT +0.07
CT-4 CT +0.04
CT-3 CT -0.08
CT-2 CT -0.07
PET-1 PET +0.24
PET-2 PET -0.12

Nodule diameter

Nodule diameter

Nodule diameter

Nodule diameter

SuvV (FDG
uptake)
SUv (FDG
uptake)

+0.34

+0.37

-0.29

+0.41

-0.46

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

signature

Large nodule signature

Large nodule signature

Small-nodule
signature

(benign-associated)

Small-nodule signature

High-uptake  (malignancy-associated)
signature
Low-uptake (benign-associated)
signature

Table 12 shows a clear division between the two modalities: the CT concepts key on nodule diameter (lesion
size), whereas the PET concepts key on FDG uptake (metabolic activity). The sign of each FCM weight is
consistent with this reading: positive-weight concepts correspond to larger or more avid, malignancy-associated
lesions, and negative-weight concepts to smaller or less avid, benign lesions. The learned imaging concepts
therefore recover two complementary and clinically established malignancy markers, nodule size and metabolic
activity, rather than redundant or opaque features.

Figure 3 provides visual confirmation for the most influential positive- and negative-weight concept of each

branch.

CT-8
w=+0.12

CT-3
w=-0.08

PET-1
w=+0.24

PET-2
w=-0.12

a=0.54 a=0.53 a=0.52 a=0.52 a=0.52 a=0.51 a=0.51 a=0.51
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Figure 3: Eight highest-activation patches for the four most influential SPN image features, identified from the
learned FCM-Encoder weights. For each modality, the top row is the strongest positive-weight feature (CT-8,
PET-1) and the bottom row the strongest negative-weight feature (CT-3, PET-2), with the learned weight w
indicated. CT-8 activates on large soft-tissue lesions and CT-3 on small low-density nodules; PET-1 activates on
lesions with intense focal FDG uptake and PET-2 on lesions with minimal or absent uptake.

For each modality, Figure 3 shows the eight highest-activation patches of its most influential positive-weight
and most influential negative-weight image feature, identified directly from the learned FCM-Encoder weights.
The patches confirm that these features capture clinically coherent morphology rather than arbitrary texture.

In the CT branch, the positive-weight feature CT-8 (w = +0.12) responds to large, soft-tissue—dense lesions,
consistent with its positive correlation with nodule diameter and with the higher malignancy risk associated with
larger nodules, whereas the negative-weight feature CT-3 (w = —0.08) responds to small, low-density nodules, a
pattern typical of benign findings.

In the PET branch, the positive-weight feature PET-1 (w = +0.24) activates on lesions with intense focal FDG
uptake (SUV), a recognised hallmark of malignhancy, while the negative-weight feature PET-2 (w = —0.12)
activates on lesions with minimal or absent uptake, characteristic of benign nodules.

3.2.  Natural Language Generation

In this section, we report the results of the LLM-assisted clinical narrative generation framework to interpret the
proposed FCM-Encoder model and RGB-CNN decision-making process. The FCM-Encoder provides
diagnostic predictions for both CAD (using clinical variables and polar maps) and SPN diagnosis (using clinical
variables together with CT and PET scans), while the RGB-CNN is used exclusively for imaging-based
inference (polar maps for CAD and CT/PET scans for SPN). In addition to ciassification outputs, the FCM-
Encoder produces interconnections among concepts for each diagnostic setting.

Qwen-3VL is employed as a vision—language model to transform these quantitative outputs into structured,
clinically readable narratives. Specifically, the generated FCM interconnections and activated concepts are used
to identify the most influential clinical contributors for each patient, based on their relative activation strength
and relational importance within the cognitive graph. These contributors are then described textually, without
altering the underlying model predictions. In parallel, Qwen-3VL interprets imaging inputs, polar maps in the
CAD task, and CT/PET scans in the SPN tiask by iranslating salient visual patterns identified by the RGB-CNN
into qualitative radiological or metabholic descriptors.
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3.2.1. NLG application for CAD diagnosis

First, we demonstrate the application of Qwen3-VL to CAD diagnosis by interpreting the decision outputs of the
proposed FCM-Encoder and the RGB-CNN. The prompt provided to Qwen3-VL is reported in the Appendix. In
the representative case, the patient presented with known CAD, angina-like symptoms, diabetes, chronic
hypertension, active smoking status, angiopathy, and dyspnea on exertion. Based on the integrated outputs of the
FCM-Encoder (using clinical variables and polar maps) and the RGB-CNN (using polar-map representations),
the case was consistently classified as pathological.

Overall Summary

Both the fuzzy cognitive mapping (FCM) and deep learning-based RGB-CNN model classified the patient's cardiovascular status as pathological, with concordant findings across clinical and imaging modalities. The agreement between
these methodologies, leveraging complementary diagnostic framewaorks, substantially reinforces confidence in the presence of severe coronary artery disease (CAD). This convergence reduces diagnostic uncertainty and supports
targeted therapeutic intervention.

Most Important Clinical Contributors

« Established coronary artery disease (CAD): Reflects prior atherosclerotic damage, significantly elevating CAD risk through chronic coranary stenoses and fixed obstructions, cantributing to irreversible myocardial ischemia.

Diabetes mellitus: Accelerates atherosclerosis via endothelial dysfunction and hyperglycemia-induced plaque vulnerability, increasing the likelihood of progressive coronary obstruction and fixed ischemia.

* Smoking: Promotes chrenic inflammation and oxidative stress, accelerating atherosclerotic progression and heightening the risk of coronary stenasis through enhanced plaque development.

Chronic hypertension: Induces sustained mechanical stress on coronary arteries, facilitating plaque formation and progression, thereby worsening the severity of coronary obstructions

« Microvascular complications (angiopathy): Impair myocardial perfusion due to chronic vascular damage, increasing ischemic susceptibllity and supporting fixed perfusion defects on imaging

« Exertional dyspnea (dyspnoea on exertion): Reflects impaired myocardial blood flow during increased cardiac demand, directly attributable to fixed coronary obstructions and chronic ischemia.

RGB-CNN Interpretation

The polar maps reveal significant fixed perfusion defects in the right coronary artery (RCA) territory, corresponding to the inferior wall, and the left anterior descending artery (LAD) territory, affecting the anterior septum. These defects

exhibit no reversible component, indicating chronic ischemic injury resulting from irreversible coronary stenoses.

Specifically, the right inferior and anterior regions demanstrate persistently reduced perfusion, consistent with severe RCA and LAD obstruction. This pattern of non-reversible defects is highly suggestive of advanced chronic coronary

disease, directly supporting the pathological classification and reinforcing the need for urgent revascularization assessment.

Figure 4: Application of Qwen to CAD data to justify the decision-making process of FCM-Encoder and RGB-
CNN

As shown in Figure 4, Qwen3-VL translates the diagnostic outputs of the FCM-Encoder and the RGB-CNN into
a clear clinical explanation. It identifies the main faciors specific to each patient that contribute to CAD. The
generated narrative highlights known risk factors captured by the activated FCM concepts, while also
interpreting the myocardial perfusion polar map produced by the RGB-CNN. The model accurately describes
fixed perfusion defects in the right coronary artery (RCA) and left anterior descending (LAD) territories, which
are consistent with chronic, non-reversihle ischemia, and the explanation is in accordance with clinical experts.

3.2.2. NLG application for SPN identification

We further evaluated the L1 M-assisted Clinical Narrative Generation module (Qwen3-VL) on the SPN dataset
to determine its ability to produce radiologically interpretable narratives from multimodal clinical and imaging
data. In this case, the system received clinical variables, CT and PET scans, and the FCM-Encoder-weighted
concept interconnections, along with the activated concepts. In the representative case, the patient had a SPN
measuring 2.7 cm, located in the left upper lobe, with a consolidated component, spiculated margins, and a SUV
of 25.5.
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Overall Summary

Both the FCM-E

provides strong

Most Important Clinical Contributors PET-Based Findings

The following clinical and morphological factors were identified as key contributors to malignancy probability, based on positive concept weights and The PET scan reveals a substa

Key metabolic findings include:

+ High metabolic burd

+ Consolidated nodule morphology sug

+  Elevated signal-to-noise ratio in the region of interest, reinforcing the presence of localized, intense metabolic

CT-Based Findings

Figure 5: Application of Qwen3-VL to SPN data to justify the decision-making process of FCM-Encoder and RGB-
CNN

Figure 5 illustrates the application of Qwen3-VL to the outputs of the FCM-Encoder and the RGB-CNN for
SPN diagnosis. The output response provides an example of how patient-specific concept activation of FCM
and learned cross-concept connections are transformed into a structured clinical summary, emphasizing the
most influential clinical contributions to the probability of malignancy. Concurrently, imaging data from the
provided CT/ PET scans for this case is translated into CT-based and PET-based findings that represent salient
radiographic and metabolic attributes of malignant pulmonary nodules

4. Discussion

This study introduced the FCM-Encoder framework as & muliimodal, interpretable model for CAD and SPN
diagnosis. Imaging data are processed through modality-specific RGB-CNN encoders and combined with
normalised clinical concept activations, representing both data streams in a unified conceptual space. Spearman
rank correlations between each input concept and the diagnostic label were used to derive data-driven priors on
the concept-to-output connections, while the concept-to-concept connections were initialised at zero so that their
influence could emerge through optimisation. The FCM weights were then updated by a hybrid PSO scheme
enriched with Lévy-flight exploration to escape local minima, gradient-based local adjustments, and sparsity-
aware regularisation.

Relative to existing multimodal CAD and SPN studies, the proposed FCM-Encoder overcomes key limitations
of conventional classical machine-learning approaches. Prior frameworks typically rely on decision- or feature-
level concatenation, which yields restricted interpretability. DeepFCM-based methods introduced reasoning and
improved transparency but often depended on expert-assigned weights, and the fusion relied on CNN
predictions rather than imaging representations. In contrast, the FCM-Encoder integrates deep imaging
representations and clinical variables within a unified concept-level space, using data-driven, sign-coherent
clinical initialisation and neutral imaging concepts whose influence emerges through optimisation. This design
delivers competitive diagnostic performance and clinically interpretable multimodal reasoning, addressing the
transparency and robustness gaps observed in prior literature. Across the two diagnostic tasks, the FCM-Encoder
reached 81.82% + 4.51% accuracy for CAD with clinical data and polar maps, and 93.39% + 3.09% accuracy
for SPN characterisation with clinical data and CT/PET scans, assessed by 10-fold cross-validation.

The ablation studies confirmed that the performance of the FCM-Encoder is the product of the combination of
its components rather than the dominance of any single one. Restricting the model to the clinical branch or to
the imaging branch in isolation produced the largest reductions in accuracy and loss on both datasets, which
indicates that the two modalities encode complementary rather than redundant diagnostic information and that
the FCM reasoning layer is essential to integrate them. The removal of the optimisation components produced
the following pattern: disabling the PSO stage and relying on a randomly initialised FCM yielded the highest
cross-entropy loss of any configuration despite a comparable accuracy, which demonstrates that PSO contributes
less to classification correctness than to the calibration of the resulting probability estimates. Disabling only the
Lévy-flight escape step within PSO produced a smaller loss, indicating that the global-search component of the
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optimiser contributes meaningfully when the loss surface contains local minima that gradient-style refinement
alone would not escape. Replacing the Spearman correlation prior with a zero-weight initialisation lowered
accuracy and increased loss, which suggests that the prior shapes the region of the weight space. Taken together,
the configurations show that the full model attains its performance because these contributions are
complementary.

The image-encoder comparison further supported the choice of the RGB-CNN. The FCM-Encoder paired with
the RGB-CNN outperformed both end-to-end lightweight ImageNet-pretrained CNNs and frozen feature
extractors, while using substantially fewer parameters per modality branch, which indicates that the advantage
does not derive from encoder capacity but from the alignment between the visual representation and the
reasoning module that consumes it. Lightweight architectures such as MobileNetVV3-Small and EfficientNetBO
are optimised for general-purpose natural-image classification and produce embeddings whose internal structure
reflects the statistics of ImageNet rather than those of nuclear medicine imagery, with the result that any
subsequent classifier must compensate for this mismatch through additional fine-tuning. Frozen feature
extractors are subject to the same limitation in a more pronounced form, since their representations are fixed and
cannot adapt to the target modality at all. The RGB-CNN, by contrast, is trained directly on the target imagery
and produces concept-level features, attaining the lowest loss of all encoders examined.

The FCM-Encoder was benchmarked against representative graph neural network baselines (GCN, GAT, and
GraphSAGE) operating on the same concept-level feature stream. Across both datasets, the FCM-Encoder
matched or exceeded the best graph baseline in accuracy and AUC while remaining competitive across
sensitivity, specificity, precision, and F1-score, which indicates that the advantage arises from the manner in
which inter-concept influence is modelled. Graph neural networks propagate information along edges that are
fixed prior to training, and their reasoning is therefore constrained by the quality of the pre-specified similarity
graph and by the assumption that patients proximate in concept space siiould also influence one another's
predictions. The FCM-Encoder does not rely on this assumption: it learns directed, signed influences between
the concepts themselves, which constitutes a more faithfu! representation of clinical reasoning. The most
pronounced difference was in loss, where the FCM-Encoder achieved a substantially lower cross-entropy than
every graph baseline, which is consistent with the PSO stage optimization. A further practical benefit is that the
FCM learns its own connectivity during optimisation, removing the need to pre-specify a population graph and
the associated hyperparameter tuning required by graph-based models.

The interpretability of the FCM-Encoder is supported by several complementary mechanisms. The Spearman-
based initialisation generated clinically cohierent positive and negative pathways consistent with established risk
patterns across both diseasc domains, whereas random initialisation within [—1, 1] produced trainable but
clinically incoherent interconnections. Moreover, a complementary interpretability mechanism is provided by
the analysis of the learned imaging features, which in both tasks could be linked to recognised clinical findings.
For CAD, the Spearman labelling procedure assigned each informative polar-map concept a named clinical
attribute, and visual inspection of the most strongly activated images confirmed that the signed FCM weights are
consistent with the underlying clinical content: the positive-weight concept responds to perfusion-defect patterns
indicative of disease, whereas the negative-weight concept responds to normal-perfusion patterns. For SPN, the
two imaging branches captured separate diagnostic features established in clinical practice for malignancy
assessment: the CT concepts encoded lesion size (nodule diameter), with positive-weight concepts
corresponding to larger, malignancy-prone nodules and negative-weight concepts to smaller, benign nodules,
while the PET concepts encoded metabolic activity (FDG uptake), with positive-weight concepts corresponding
to high-uptake, malignancy-associated lesions and negative-weight concepts to low-uptake, benign lesions. The
learned image concepts could therefore be tied to clinically meaningful markers in both applications, reinforcing
the transparency of the framework.

Finally, the Qwen3-VL model translated the FCM interconnections, clinical attributes, and imaging evidence
into structured, clinician-readable narratives without altering or inferring diagnostic decisions, contextualising
rather than replacing the FCM-Encoder and RGB-CNN predictions. The combined use of interpreted
interconnections among concepts and vision—language explanation establishes a multi-perspective
interpretability framework that enhances transparency and supports clinical validation.

While the framework demonstrates strong interpretability and competitive diagnostic performance, several
methodological considerations should be noted. First, the proposed multimodal optimisation procedure requires
training of two modality-specific CNN encoders and performing population-based PSO weight search within
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each cross-validation fold. Although this design enables fully data-driven multimodal concept integration, it
increases runtime compared with single-stage gradient-trained classifiers and may restrict applicability in
settings where computational resources are limited. Second, the experimental evaluation is confined to a defined
set of datasets and diagnostic tasks, selected to enable a focused and systematic analysis of the proposed
methodology. Extending the evaluation to additional datasets and clinical scenarios represents a natural
progression of this work and would better support the generalisation claims of the framework. As future work,
all developed components, including the FCM-Encoder, optimisation strategies, explainability and narrative-
generation modules, will be consolidated into a unified software package, enabling systematic reuse,
extensibility, and consistent evaluation across a broader range of multimodal diagnostic tasks.

5. Conclusions

The proposed FCM-Encoder framework introduces a novel and interpretable approach to multimodal medical
decision support for CAD diagnosis and SPN characterisation. By unifying modality-specific imaging encoders
with structured clinical variables inside an FCM-based cognitive reasoning model, the method achieves
competitive diagnostic performance while maintaining explicit structural transparency throughout the decision
process. The FCM weight matrix is initialised through a Spearman correlation—guided strategy, aligning each
concept's initial influence on the diagnostic output with the associations found in the training data, and is then
refined through a hybrid PSO scheme enriched with Lévy-flight exploration. Systematic ablation, image-
encoder, and graph neural network comparisons confirmed three findings. First, each architectural element of
the framework contributes positively to performance. Second, the RGB-CNN encoder matches or exceeds
substantially larger pretrained alternatives. Third, the FCM-based reasoning module outperforms representative
graph-based architectures while preserving signed, concept-level interpretability. A complementary correlation
analysis further assigned a derived clinical label to each informative learned image concept, ensuring that the
imaging-derived nodes of the FCM carry a meaningful interpretation on the sarme footing as the named clinical
variables. The integration of concept-level interaction reasoning, weighi-based saliency interpretation, and
vision—language narrative generation via Qwen3-VL provides clinicians with clinically meaningful insight into
both imaging evidence and multimodal concept dependerncies. Given the critical need for reliability,
transparency, and interpretability in medical Al, the FCM-Encoder constitutes a reliable and practically relevant
infrastructure for multimodal diagnostic reasoning in healthcare.
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Al Artificial Intelligence
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PSO Particle Swarm Optimization
FCM Fuzzy Cognitive Map
BMI Body Mass Index
GLU Glucose Level
SUVmax Standardized Uptake Value
NSCLC Non-small cell Lung Cancer

SCC Squamous cell carcinoma
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ADC Adenocarcinoma
CT Computed Tomography
PET Positron Emission Tomography
CNN Convolutional Neural Network
MDSS Medical Decision Support System
ELM Extreme Learning Machine
Grad-CAM Gradient-weighted Class Activation Mapping
SHAP SHapley Additive exPlanations
LIME Local Interpretable Model-agnostic Explanations
NLG Natural Language Generation
GPT-API Generative Pre-trained Transformer - Application
Programming Interface
AUC Area Under Curve
ROC Receiver operating characteristic
GNN Graph Neural Networks
GCN Graph Convolutional Networks
RELU Rectified Linear Unit
LIDC-IDRI Lung Image Database Consortium and Image Database
Resource Initiative
BN Batch Normalization
TCIA Cancer Imaging Archive
MAE Mean Absolute Error
MSE Mean Squared Error
LLM i_arge language model
RNN Recurrent Neural Network
VW Very Weak
W Weak
M Medium
S Strong
VS Very Strong
TP True Positive
TN True Negative
FP False Positive
FN False Negative
TPR True Positive Rate
FPR False Positive Rate
GPU Graphics Processing Unit
GB Gigabyte
RAM Random Access unit
H Hertz
AMD Advanced Micro Devices
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