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Abstract: The importance of interpretability in medical image clustering has grown significantly as a foundation for trustworthy clinical
decision-making and healthcare transparency in Artificial Intelligence systems. Although Convolutional Neural Networks (CNN) and
other Deep Learning (DL) methods have demonstrated remarkable results in distinctive feature extraction from CT scans of the lungs, the
majority of clustering algorithms are unreliable, leaving no information about the clustering process or the significance of the features.
Furthermore, traditional clustering algorithms are unable to preserve the topologic relationships of complex image representations, thus
making the clustering result difficult to interpret and unreliable. In order to address the above drawbacks, this study proposed a novel
approach for lung Computed Tomography (CT) image interpretation and clustering called the HFMSTM Enhanced Self Organizing Map
(SOM)—Explainable CNN (HSECNN) framework. To obtain informative deep feature representations, the proposed system employed an
attention-based Explainable CNN, and to perform topology preserving clustering, an HEFMSTM based SOM was used. The HFMSTM
enhancement enabled neighborhood connectivity and cluster organization which enabled complex patterns in lung CT images to be well
represented. In order to emphasize transparency even more, SHapley Additive exPlanations (SHAP) was employed for analyzing the global
importance of features, while Local Interpretable Model-Agnostic Explanations (LIME) was used for providing local justifications for
each cluster participation. Moreover, visualization modules were added to gain insight into clusters, feature distributions and topological
relationships. The suggested HSECNN framework outperformed the other methods in terms of precision, recall, accuracy, and F1-Score,
according to the experimental data. The performance of the clustering was improved through the use of topology-preserving clustering
and Explainable Al (XAI) methods, which also helped to make the clustering transparent and trusted by users. As a result, medical image
analysis and clustering of CT scans of the lungs are both improved by the suggested framework.

Keywords: Lung CT Images, Interpretable Clustering, Explainable CNN, SOM, HFMSTM, SHAP, LIME, XAlI.

1. Introduction their practical applicability in medical environments where
transparent decision-making is essential [11,12].

Interpretability has become increasingly important in medical o o

image analysis since clustering outcomes directly influence ~SOM have fqund aumerous app.hcatlons to malnt.aln topolqu
clinical understanding and decision-making processes [1]. af}d Offer suitably low dlmenswnal.representatlons of high
Although  clustering  techniques have demonstrated dimensional data [13,14]. SOM has significant advantages for
effectiveness in discovering hidden structures from lung CT  better visualization of the clustering structure because it keeps
images, understanding cluster assignments and identifying ~the neighborhood relationships between the samples and helps
influential features remain challenging tasks [2,3]. preservathn of topology mn Fhe mapping [15,'1 6]. In the case
Additionally, lung CT images have heterogeneous Of complicated medical imaging collections, however,
characteristics, complex texture patterns, and high- conventional SOM approaches provide limited insight into the
dimensional data, making the clustering of interpretable Significance of cluster memberships and attributes. To
images challenging [4,5]. All of these restraints hinder 1Mprove transparency and increase user confidence, it is

visibility, validation, and user confidence in medical systems ~ imperative to implement interpretable clustering frameworks
based on clustering. that preserve topology while concurrently providing users

with significant explanations of the clustering outcomes

The extraction of hierarchical representation of features from  [11,17].
lung CT images has been a promising area of research for

several DL approaches, particularly CNNs [6,7]. CNN  To overcome these limitations, this work proposes a novel
architectures automatically learn discriminative spatial ~HSECNN framework for interpretable clustering of lung CT

features and enhance clustering performance by images. The proposed framework combines HFMSTM [18]
representation learning [8]. However, despite all these enhanced SOM with Explainable CNN architecture to
benefits, CNN-based clustering systems often remain as enhance the clustering performance to ensure transparency. In
black-box systems, limiting understanding of clustering addition, attention mechanisms are employed to improve the
behavior and reducing explainability of cluster assignments ~ capability to represent features and discriminative learning.
[9,10]. Consequently, insufficient interpretability restricts ~SHAP-based feature weighting is used to enhance

interpretability by identifying features that are globally
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significant in clustering decisions, whereas LIME-based
explanations facilitate local interpretations of cluster
memberships. Additionally, visualization modules are
incorporated to improve understanding of cluster assignments,
feature distributions, and intrinsic data topology. The
proposed HSECNN system integrates clustering performance
with explainability techniques to improve transparency,
increases user trust, and facilitate interpretable medical image
analysis.

Here is the structure of the remaining sections: Related
research studies are summarised in Section 2. In Section 3, the
suggested approach is laid out in detail. Section 4 evaluates
the performance analysis and experimental outcomes. The
study and its implications for future research are wrapped up
in Section 5.

2. Literature Survey

Hasan et al., [19] developed a framework for interpreting lung
ultrasound image using fuzzy pooling DL model for disease
diagnosis. This approach used CNN architectures with fuzzy
pooling layers to obtain discriminative features and then
categorize lung ultrasound images into several disease
categories. Additionally, SHAP-based explanations have been
added to assist in the interpretation of prediction results
through identification of feature importance in the
intermediate layers of the network. Additional effort was
necessary to implement the framework in more interpretable
clinical decision-making applications, as it focused primarily
on classification tasks, neglecting a thorough investigation of
disease severity and an extensive topology-based
interpretation.

Sudhish et al. [20] devised a content-based image extraction
system for clinical diagnosis based on fuzzy grouping of DL.
This model utilized CNN for obtaining features with a
grouping method for categorizing the attribute mapping
dataset. To remove the length of attribute vectors obtained
through the previously trained CNN frameworks, a Multi-
Level Gain-based choosing traits was used. This approach
overlooked several intricacies in disease-specific patterns,
which diminished accuracy in the context of uncommon
disorders.

An improved method for forecasting and decision-making
was proposed by Ahmed et al., [21] using a hybrid predictive
model that integrates SOM, Principal Component Analysis
(PCA), and Artificial Neural Networks (ANN) for better
results. It adopted som as a feature extractor and as a topology
preserving representation, PCA as a dimensionality reduction
and ANN as a prediction and classification. Additionally,
interpretability analysis (SHAP) was implemented to boost
transparency in the decision-making process and shed light on
the model prediction. The model was more interpretable and
predictive than traditional machine learning models,
leveraging structured historical data to achieve limited
performance in real-time changes and unstructured data
sources.

Rahman and Rahman [22] introduced an approach for demand
forecasting that is based on XAI that uses along with ANN to

provide more accurate and interpretable predictions. The
implemented cluster framework utilised SOM to discern
clusters of diverse demand patterns, while NN was employed
for non-linear forecasting inside these demand clusters. In
addition, SHAP-based interpretability was applied to show the
contribution of features at the local and global level when
explaining the predictions of the model.

Danylenko & Yurchenko [23] devised an interpretable
demand forecasting model for multi-echelon supply chains
combining the use of a DL model, a SOM clustering approach
with SHAP-based explainability. The framework used a SOM
model to group the demand patterns and supply chain
attributes which allowed to present a more complex structure
of data before forecasting. Both LSTM and Transformer
networks have been used to predict demand at various levels,
and SHAP explanations are used to quantify the contribution
of various factors, including lead time, seasonality and
upstream demand, to the forecast results. The framework
performed well in terms of interpretability and forecast
accuracy, but it struggled to handle extremely unpredictable
supply chain conditions since it failed to account for certain
dynamic shocks and extreme demand changes.

Danylenko & Yurchenko [24] introduced a new stable
demand forecasting system under uncertainty and introduced
an explainable learning system in the forecasting process
using ANN, XAI and SOM. It used SOM to group and
represent complex demand patterns into clusters, and then
reduced dimensionality and forecast the demands within each
cluster. ANN was used to model nonlinear relationships and
to make accurate demand prediction and XAl techniques were
used to explain the importance of features, prediction
confidence, and decision-making processes. The hybrid
paradigm has helped enhance forecasting accuracy and greater
transparency, thereby aiding in informed decision-making
among sectors like retail, energy, and manufacturing. The
framework did not adequately address some of the market
disruptions that occurred over a short period or rare
uncertainty patterns, which could have adversely impacted
forecast accuracy during a volatile period.

3. Proposed Methodology

The section focuses on the development of the deep clustering
model that is suggested to use HSECNN. Figure 1 depicts the
pipeline of the proposed model.

3.1 Pre-processing

Improving visual quality and making sure the input to the
suggested HSECNN framework is consistent are two major
goals of data pre-processing. The images of the lungs from
various sets may exhibit differences in the image resolution,
intensity  distribution, noise, and scanning protocol,
potentially influencing the quality of feature extraction and
clustering. A series of pre-processing operations is performed
to improve image quality and to minimize data
inconsistencies. The pre-processing procedure consists of the
following stages:

e Noise Reduction: First, the noise reduction is used to
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minimize unwanted variations and image artifacts, but
keep the important anatomical structures in the lung areas.
This process will enhance the interpretability of the images
and enable appropriate learning of features.
Normalization: The denoised images are normalized to
standardize the intensity values of the pixels and minimize
variations resulting from the different CT acquisition
settings. Normalization can make the images more
consistent, thus making the learning process more robust.
Resizing: To achieve the uniform input dimension and
reduce the computational complexity, all CT images are
resized to 224 x 224 x 3 before feeding into the DL
framework. This operation improves processing efficiency
and enables consistent feature extraction across all
samples.

These pre-processing steps enhance the image quality, reduce
variations across different data sets and ensure it feeds into the
Explainable CNN module in a pre-standardized manner.
Therefore, extracted representations of features are more
trustworthy and lead to more accurate clustering and
interpretability results for the proposed framework HSECNN.

Figure 1: Pipeline of the proposed Model

3.2 Explainable CNN for Deep Feature Extraction

The Explainable CNN (ECNN) is the feature extraction
module of the proposed HSECNN framework. CNN
architectures  effectively learn  hierarchical  feature
representations from medical images by automatically
extracting discriminative visual characteristics at multiple
abstraction levels. The proposed framework utilizes pre-
processed lung CT image data, with dimensions of 224 x 224
x 3, as input to the ECNN model. Layers such as fully
connected, pooling, attention, convolutional and activation
facilitate the extraction of discriminative spatial features and
the production of relevant feature representations for use in
later clustering operations. The first step in convolutional
layers to find certain local spatial features in a CT image of
the lungs, like edges and textures, as well as variations in
intensity and disease-related structures. The convolution
operation is mathematically expressed as Equation (1).
Fil,cj = U( Zm Zn Wrrlfn Xi+m,j+n +b* (1

When the input image is represented by X, the convolution
kernel is W¥, the bias term is b¥, an activation function is o,
and the resulting feature map is Fi’fj. The obtained feature
maps capture meaningful visual features related to lung
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abnormalities.

To further improve feature discrimination and introduce non-
linearity, an activation function called a Rectified Linear Unit
(ReLU) is employed. Equation (2) defines the ReLU
operation.

RelLU (x) = max(0,x) 2)

where (x) represents the input activation value. Furthermore,
an attention mechanism is built into the CNN architecture to
selectively highlight the diagnostically important lung regions
and to remove irrelevant background information, to further
enrich feature learning. The attention map is calculated as
Equation (3).

M(F) = o(WoF + bg) 3)

Here F is the feature map extracted, W, is the weight matrix
of attention, b, is the bias term, and M(F) is the attention
map generated. It is possible to acquire the feature
representation with attention enhancement via

F*=M(F)OF 4)

where F* is the refined feature map and O is element-wise
multiplication. This attention mechanism highlights the
diagnostically relevant part of the lungs and reduces the
contribution of irrelevant background information, thereby
allowing for the better extraction of the relevant lung disease
features.

Later, the attention enhanced features are presented in a
compact deep feature representation using fully connected
layers. The deep features are a set of meaningful description
of the CT images of lung and are used to identify complex
image patterns. The proposed ECNN framework incorporates
mechanisms for explaining CNN to make it more transparent
and interpretable as opposed to conventional CNN models that
are Dblack-box systems. The resulting deep feature
representations are then passed into the HFMSTM enhanced
Self-organising Map module that performs topology-
preserving clustering to cluster similar image patterns into
meaningful clusters.

HFMSTM-Enhanced
Interpretable Clustering
After deep feature extraction, the extracted features are passed
to the HFMSTM-enhanced SOM module for clustering and
topology preservation. Unsupervised SOM neural networks
preserve neighbourhood associations between data samples
while mapping high-dimensional feature vectors to low-
dimensional maps. This topographic preservation property
allows the complex pattern of medical images to be effectively
visualised and understood. Unlike most of the clustering
methods based on distance classification, SOM captures both
local and global structural relationships, which improves
cluster representation interpretability and quality.

Self-Organizing Map for

The proposed HSECNN is designed to overcome the
shortcomings of the conventional SOM framework by
supplementing it with the HFMSTM mechanism, which
provides better topology preservation, neighborhood
connectivity, and cluster formation. The HFMSTM
enhancement enhances neighborhood connectivity and retains
intrinsic topological relationships between deep feature
vectors, facilitating effective organization of complex patterns
of lung CT images.

Picking a Best Matching Unit (BMU) with the smallest
Euclidean distances between the input features vector and the
weight vectors of the neurons is the first step. Equation (5)
depicts the BMU selection procedure.

BMU = argmin||x — w;|| (5)
i

In this case, x is the input deep features vector and w; is the
weight vector for the ith neurone. Once the BMU is identified,
a neighborhood function is used to update neighboring
neurons, while retaining the topological relations between
feature vectors. The neighborhood function is defined as

hei (£) = exp(—zerill, (©)

202(t)

where 7, is the location of the winning neuron and r; is the
location of the neighboring neuron, respectively, while
o (t) denotes the neighborhood radius at iteration (t).

Subsequently, the neuron weights are adjusted to optimize
cluster organization and topology preservation based on:

wi(t +1) = w; () +o< ()he (O)[x(E) —w; (O] (7)

where the neighbourhood influence function is represented by
h.;(t) and « (t) is the learning rate. With iterative adaptation,
neighbouring neurons slowly learn to represent similar feature
patterns and topology preserving cluster formation is
gradually achieved. The architecture of the proposed
HFMSTM-Enhanced SOM for interpretable clustering is
shown in Figure 2.

The deep feature vectors are arranged with Hybrid Fuzzy
Similarity = Computation, Minimum Spanning Tree
construction, and Manifold Clustering. The enhanced SOM
performs BMU identification, neighborhood-based weight
updating, and topology-preserving mapping to generate
meaningful cluster formations and final cluster assignments.

The HFMSTM enhancement also improves SOM by
enhancing neighborhood connectivity, maintaining the
intrinsic  topological relationships, and organizing the
complex feature distribution. Lung CT images with similar
pathological features are subsequently mapped to
neighbouring neurons which help meaningful clustering and
better topology visualization. The cluster assignment is then
passed to the explainability module, where the SHAP and
LIME modules are used to provide global feature importance
and local explanations of the cluster membership, thereby
enhancing transparency and interpretability in clustering
outcomes.
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Figure 2: Structure of HFMSTM-Enhanced SOM

3.3 SHAP-Based Global Feature Importance Analysis

While the HFMSTM enhanced SOM successfully arranges
the lung CT images in meaningful clusters, it is a difficult task
to interpret the image features contributing to the decision of
image cluster membership. To enhance transparency and
interpretability, SHAP is integrated within the proposed
HSECNN framework. SHAP is a game-theory-based
explainability technique that quantifies the impact of all
features on the final model output. To help comprehend the
elements that affect clustering results, SHAP gives each
characteristic an importance rating.

Following the proposed framework, SHAP is used to conduct
global feature importance analysis of the deep feature
representations extracted by the Explainable CNN and
clustered by the HFMSTM enhanced SOM. Equation (8) is
used to get the SHAP value of a feature:

IS|rAN]=IS[=1)!
IN|!

bi = Lsemy [fSU{hH -] ©®

A model's output function is denoted by f(:), where ¢;
represents the SHAP value that represents feature i, N is the
set of every. features, and S is an subset of features that does
not include feature i. The function that assesses the
contribution of feature i to the clustering decision is denoted
as f(S U {i}) — f(S). By calculating the effect of each feature
across all permutations, the SHAP value shows how much of
a marginal contribution a feature makes.

Features are ranked by their effect on forming clusters based
on the computed SHAP values. Features with high SHAP
values have high influence on the outcome of the clustering
process, while features with small SHAP have weak influence
on the outcome. The global interpretation allows to detect the
most significant deep features associated with lung CT image
patterns, helping to understand the characteristics of the
clusters.

Adding SHAP to HSECNN makes decision-making more
transparent and provides quantitative insights into the

significance of features. Global explanations are generated
that help the users understand the origins of cluster formation
and boost their confidence in understanding the results of
clustering. In the Visualisation and Interpretability Module,
thorough interpretations of the clustering results are achieved
by combining SHAP-based global explanations with LIME-
based local explanations.

3.4 LIME-Based Local Cluster Membership Explanation

SHAP offers a global understanding of feature importance for
the entire dataset, but cannot explain the reasons behind
individual cluster assignments. To ensure instance-level
interpretability, the suggested HSECNN employs LIME. As a
post-hoc explainability method, LIME can generate local
surrogate models that, for a given instance, imitate a
complicated model. This not only facilitates the interpretation
of the individual clustering decisions but also assists the
viewer in understanding the reason each lung CT image has
been categorized into a cluster.

In the proposed framework, LIME is applied to explain cluster
memberships generated by the HFMSTM-enhanced SOM.
LIME is designed to identify the most influential features
contributing to the cluster assignment by perturbing the input
features of a given lung CT image and analyzing the changes
in these clustering outcomes. The LIME objective function is
expressed as Equation (9).

$(x) = arggnin L(f, g, m) + Qg )
ge

L(f,g,m,) measures the surrogate model's fidelity in
corresponding to the original approach around the
neighborhood of instance x, , stands for the locality factor,
and () indicates the complexity reward applied on the
surrogate model. Here, £(x) remains the local corresponding
explanation found at instance (x) , (f) serves as the original
clustering method, and (g) is the accessible surrogate model
chosen from the group of interpretable models (G).
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With the local explanations generated, LIME identifies the
features that are contributing positively or negatively towards
the cluster membership of a single lung CT image. These
explanations enable users to understand the reasoning behind
clustering decisions and provide detailed insights into the
characteristics influencing a particular cluster assignment.
Moreover, the local explanations and global feature
importance information provided by SHAP can be combined
to form a comprehensive interpretability framework.

The proposed model integrates LIME into the HSECNN
framework, generating greater transparency at the individual
sample level and additional possibilities for detailed analysis
of cluster memberships. The LIME-based local explanations
are then combined with the SHAP-based global feature
importance analysis and incorporated into the visualization
and interpretability Module to enable an interpretable analysis
of clustering results. This enhances transparency, builds user
trust and supports reliable lung CT image analysis.

3.5 Visualization and Interpretability Module

The interpretability of clustering results is essential for
understanding the underlying patterns present in lung CT
images and increasing user confidence in clustering decisions.
The HFMSTM-enhanced SOM provides a meaningful
grouping of similar samples, but it can still be difficult for the
user to interpret cluster structures, contribution of features,
and data topology. To overcome this drawback, a
Visualization and Interpretability Module is added to the
proposed HSECNN framework.

Data from the HFMSTM enhanced SOM, SHAP and LIME is
merged in the visualization module to get complete insights
into the result of the clustering. The HFMSTM-improved
SOM generates topology preserving cluster maps, which aids
visualization of relationships between the lung CT image
samples. These maps can be used to highlight cluster
boundaries, neighborhood structures and similarities among
various pathological patterns.

In addition, SHAP visualisations like feature importance plots
are used to detect the most influential deep features for the
cluster formation and general clustering behaviour patterns.
Users are better able to grasp the relevance of particular
variables, and the way they affect clustering results with the
help of these images.

The overall interpretability of clustering results is gained by
combining SHAP-based global importance of features
analysis with LIME-based explainability analysis of local
clusters. The integrated explanations are then visualized to
enhance the understanding of feature contributions, cluster
memberships and topology preserving clustering structures.

Moreover, the explanations provided by LIME are visual and
provide local explanations for cluster memberships. LIME
detects characteristics that either positively or negatively
impact the assignment of a user-selected lung CT scan. The
instance-level explanation will give insight into the thinking
behind particular clusters and confirm consistency of model
decisions.

The topology preservation ability is used to further improve
the visual analysis by the HFMSTM enhanced SOM to
represent relations of the features in a low dimensional space.
This enables users to investigate their intrinsic data structure,
view distributions of clusters and discover similarities
between lung CT image patterns. Both topology maps and
SHAP explanations and LIME explanations provide a full
picture of clustering results.

The proposed framework for HSECNN will use the
visualization and interpretability Module to enhance
transparency, model validation and user confidence in the
clustering results. The generated visual explanations help
researchers and healthcare professionals to understand cluster
assignments, feature importance, and the topology of the data,
which leads to reliable and interpretable lung CT image
analysis.

Algorithm 1: HSECNN
Input: Lung CT image dataset

Output: Cluster assignments, feature importance

information, local explanations, and visualization results for

lung CT images

1) Begin

2) Acquire lung CT image datasets and pre-process the
images.

3) Resize images to 224 x 224 x 3 and normalize pixel
intensity values.

4) Feed the pre-processed images into the Explainable CNN.

5) Apply convolution operations to extract local spatial
features (Equation (1)).

6) Incorporate non-linearity using ReLU
(Equation (2)).

7) Reduce the feature dimensions by doing max-pooling.

8) Improve the representations of discriminative features
(Equations (3)(4)) by using the attention mechanism.

9) Generate deep feature vectors through the fully connected
layer.

10) Initialize HFMSTM-enhanced SOM neuron weights.

11) Compute the Best Matching Unit (BMU) for each feature
vector (Equations (5)).

12) Calculate the Gaussian neighborhood function for
neighboring neurons (Equations (6)).

13) Update neuron weight vectors using the SOM learning
rule (Equations (7)).

14) Enhance SOM topology preservation and neighborhood
connectivity using the HFMSTM mechanism.

15) Organize similar lung CT image features into topology-
preserving clusters.

16) Generate cluster assignment maps from the trained
HFMSTM-enhanced SOM.

17) Compute SHAP values to determine global feature
importance (Equations (8)).

18) Rank features according to their SHAP importance
scores.

19) Apply LIME to generate local explanations for individual
cluster memberships (Equations (9)).

20) Generate visualization outputs for topology preservation
and cluster organization.

21) Determine the clustering performance by calculating the
F1-Score, Accuracy, Precision, and Recall.

22) Produce  meaningful cluster assignments and
visualization.

activation
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23) End
4. Result and Discussion

This section assesses the suggested HSECNN framework by
contrasting it with current models.

4.1 Dataset Description

CT Scans for a Lung Cancer Database [25]: For the purpose
of lung cancer diagnosis and classification, there is a publicly
available dataset called CT Scan Image for Lung Cancer. This
dataset contains CT scan images of persons with different lung
issues. In this research, 100 images of Benign, 561 images of
Malignant and 631 images of Normal were selected from 1292
images for pulmonary disease classification and clustering.

Customized CT Image Dataset:

For experimental analysis, lung CT images were collected
from multiple publicly available datasets, including the
MIDRC-RICORD-1a  dataset [26], the SIIM-ACR
Pneumothorax Segmentation dataset [27], the MultiClass
Pulmonary Disease CT Image Dataset [28], and the Lungs
Disease Dataset [29]. Lung CT images corresponding to six
disecase classes, namely Atelectasis, Edema, Normal,
Pneumothorax, Pneumonia, and Tuberculosis, were collected
from these datasets. A total of 2347 lung CT images

corresponding to six disease classes were selected and used
for experimental evaluation.

Due to the extreme imbalance in both datasets, data
augmentation techniques such as flipping, scaling, brightness
adjustment, and rotation were employed to strengthen
minority classes and enhance the model's generalizability.
Following enhancement, the Lung Cancer CT now contains
6234 images, broken down as follows: 1989 images of benign,
2118 images of malignant, and 2127 images of normal.
Likewise, the MultiClass Pulmonary Disease CT data set
expanded to 3508 images of normal (603 images), atelectasis
(541 images), edema (586 images), pneumothorax (582
images), pneumonia (649 images), and tuberculosis (547
images). Each augmented dataset contained 80% training
samples and 20% testing samples for training and evaluation.
The distribution of datasets class-wise before as well as
following augmentation is shown in Tables 1 and 2,
respectively.

4.2 Experimental Setup and Parameters Setting

A machine running Windows 10, equipped with the Intel Core
TM 17-8700 processor, 16GB of RAM, and an NVIDIA GTX-
1060 GPU was used to conduct the experiment. The
programming platform is Python 3.12 and the DL framework
is Tensorflow 1.6. The parameters of HSECNN model are
enumerated in Table 3.

Table 1: Distribution of Lung Cancer CT Image Dataset

Categories Pre augmentation Post augmentation
Training | Testing | Total | Training | Testing | Total
Benign 80 20 100 1591 398 1,989
Malignant 449 112 561 1694 424 2,118
Normal 505 126 631 1702 425 2,127
Total 1034 258 1292 4987 1247 6234

Table 2: Distribution of Customized CT Image Dataset

Categories Pre augmentation Post augmentation
Training | Testing | Total | Training | Testing | Total
Atelectasis 75 19 94 433 108 541
Edema 61 15 76 469 117 586
Normal 328 82 410 482 121 603
Pneumothorax 431 108 539 466 116 582
Pneumonia 653 163 816 519 130 649
Tuberculosis 330 82 412 438 109 547
Total 1878 469 2347 2807 701 3508
Table 3: Simulation parameters
Model Hyperparameter Settings
Learning Rate 0.001
Dimension of Kernel 3x3
Pooling 2X2
Explainable CNN Size of batch 32
Optimizer Adam
Activation ReLU
Epochs 100
Grid Size 10 x 10
HFMSTM.- Learning Rate 0.5
Enhanced SOM Iterations 1000
Neighborhood Function Gaussian
Initial Neighborhood Radius 5
SHAP Explanation Method Global Feature Importance
LIME Kernel Width 0.75
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4.3 Evaluation Measures

The True Negatives are denoted as TN, the False Negatives
as FN, the True Positives as TP, and the False Positives as
FP.

e Accuracy: The percentage of samples that were accurately
predicted relative to the overall number of samples that
were analyzed. The degree to which the model was
successful in generating accurate results is called its

accuracy.
TP+ TN

Accuracy = —
y TP+TN+FP+FN

(10)

e Precision: The accuracy rate is the proportion of the
model's predictions that turn out to be correct, in this case,
samples of lung illnesses.

TP
TP+FP

Precision =

(In

e Recall: It finds the fraction of positive cases in the dataset
that were really predicted to be positive.

TP
TP+FN

Recall =

(12)

e F1-Score: It strikes a balance between recall and precision

2XPrecisionxRecall
Fl —score =—————

(13)

Precision+Recall

4.4 Analysis of Performance

Existing models such as FP-CNN [18], FC-CNN-CBIR [19],
and SOM-LSTM-SHAP [22] are compared with the proposed
HSECNN in this section. Using the effectiveness criteria
outlined in section 4.3, these models are tested on the dataset
provided in section 4.1.

4.4.1 Evaluating the Performance of CT Scan Images
Utilising the Lung Cancer Database

With a three-class classification dataset consisting of CT scans
images of lung cancer, the suggested model achieved
outstanding classification performance, as shown in Figure 3.
The majority of samples fall along the diagonal,
corresponding to correct predictions, and a few samples were
misclassified. Figure 4 shows the learning efficiency of the
suggested HSECNN model over 25 epochs, using accuracy in
training and testing for CT scans of the lung with cancer.
Excellent learning and convergence are demonstrated by the
fact that both the testing and training accuracy consistently
improve with each epoch. The training accuracy is raised from
around 69% to 97.5%, and the testing accuracy is raised from
65% t096%. The small difference between training and testing
accuracy at the last epoch shows that the proposed HSECNN
architecture ensures good and reliable clustering results on
lung CT images without losing generalization to unseen data.

With regard to the precision, recall, accuracy, and F1-score
criteria, Figure 5 compares the effectiveness of FP-CNN, FC-
CNN-CBIR, SOM-LSTM-SHAP, and the proposed
HSECNN. The alternative CNN models, FP-CNN, FC-CNN-
CBIR, and SOM-LSTM-SHAP, all have lower accuracy rates
than the suggested HSECNN (97.75 % vs. 9.60 %, 7.66 %,
and 4.14%, respectively). Likewise, HSECNN achieves
Precision of 97.74%, which is an improvement of almost
9.72%, 7.83%, and 4.28% over the existing models. In Recall,
the proposed model records accuracy of 97.76%, which is
higher by approximately 9.67%, 7.75%, and 4.18% in
comparison with FP-CNN, FC-CNN-CBIR, and SOM-
LSTM—-SHAP, respectively. Moreover, the Fl-score of the
proposed F1CNN. is 97.75%, which shows improvement of
about 9.57%, 7.79%, and 4.33% over FP-CNN, FC-CNN-
CBIR, and SOM-LSTM—-SHAP, respectively.

Confusion Matrix for Lung CT Scan Images for Lung Cancer Dataset

Benign

Malignant

Actual Class

Mormal

Beﬁign Malignant Normal
Predicted Class

Figure 3: A Confusion matrix representing the CT Scan
Images used in the Lung Cancer Dataset and the Suggested
model

Training vs Testing Accuracy ( CT Scan Images for Lung Cancer Dataset)
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Figure 4: Evaluation of the suggested model's accuracy on a
training set of CT Scan Images from a Lung Cancer Dataset
compared to a testing set
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Assessment of CT Scan Results for a Lung Cancer Database
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Figure 5: Classification study of current models and the proposed HSECNN using CT Scan Images from the Lung Cancer
Dataset

Confusion Matrix for Customized CT Image Dataset
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Figure 6: A Confusion matrix representing the CT Scan
Images used in the Customized CT Image Dataset and the
suggested model

4.4.2 Performance Evaluation on Customized CT Image
Dataset

The suggested model's confusion matrix based on the
Customized CT Image Dataset (6 distinct classes) appears in
Figure 6. For most of the samples, the values are clustered
around the diagonal, reflecting very accurate classification.

Figure 7 illustrates the Training vs Testing Accuracy curves
of the proposed HSECNN model for the Customized CT

Image dataset for 25 epochs. The training and test accuracy
improve over epochs, suggesting good learning and stable
convergence. There is an increase of 62% to 95% in testing
accuracy and an improvement of about 65% to 96.7% in
training accuracy. Good generalizability with little overfitting
is seen by a small difference between the two curves. There
was a strong and consistent enhancement of clustering ability
on the lung CT images, and the suggested HSECNN
framework was able to transfer this improvement to the
unknown dataset with minimal training and testing mistakes
at the last epochs.

Training vs Testing Accuracy (Customized CT image Dataset)
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Figure 7: Performance comparison for training and testing
set on Customized CT Image Dataset in terms of accuracy

using proposed model

5 10 5

Performance Evaluation For Customized CT Image Dataset
=) -+ [x
w w29 = 2= w = &5 n e g
w o g8 © P 8 Rt A n 2 g8 -CNN
w, Lgs8S gfgds cg&s  ggds NP
30 # FC-CNN-CBIR
g 60 ® SOM-LSTM-SHAP
@
e 40
| EHSECNN
2 20
0
Accuracy Precision Recall F1-Score

Figure 8: Classification study of current models and the proposed HSECNN using Customized CT Image Dataset

Considering several performance evaluation criteria like
Accuracy, Precision, Recall, and F1-score, Figure 8 compares
the performance of FP-CNN, FC-CNN-CBIR, SOM-LSTM-
SHAP, and the proposed HSECNN. The suggested HSECNN

outperforms the other models by a significant margin: 8.83%
over FP-CNN, 7.43% versus FC-CNN-CBIR, and 4.29%
versus SOM-LSTM-SHAP. Likewise, the Precision of
HSECNN is improved to 96.74% which shows the increase of
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4.58%, 7.74%, and nearly 9.12% from the existing models. In
the case of Recall the proposed model yields 96.70%, which
outperforms FP-CNN, FC-CNN-CBIR, and SOM-LSTM-
SHAP by 9.02%, 7.53%, and 4.46%, respectively. Moreover,
performance improvements of around approximately 9.19%,
7.66%, and 4.52% are obtained with the F1 score over FP-
CNN, FC-CNN-CBIR, and SOM-LSTM-SHAP,
respectively.

5. Conclusion

In this study, a novel HSECNN framework for interpretable
clustering of lung CT images was proposed. This framework
consisted of an attention-based Explainable CNN module that
learned discriminative feature deep features and the topology-
preserving clustering was obtained by an HFMSTM, which
was enhanced with SOM. The proposed method is to organize
the complex patterns of lung CT images in neighbourhoods
and represent the features in the neighbourhood relationships.
To make the clustering findings more interpretable and the
model more transparent, SHAP and then LIME were
additionally implemented. Global importance of features
analysis was performed using SHAP, while local descriptions
of cluster memberships were performed using LIME. In
comparison to the state-of-the-art approaches, the suggested
HSECNN framework achieved significantly higher precision,
recall, accuracy, and F1-Score in the experiments. The quality
of the cluster and topology preservation was improved from
the HFMSTM enhancement, while the feature representation
learning was improved by the attention mechanism.
Furthermore, visualization modules helped understanding the
structures of clusters, the distributions of features and
clustering decisions. The outcomes demonstrated that the
suggested framework for analyzing lung CT images is
effective, robust, and interpretable. Overall, the HSECNN
approach successfully addressed the limitations of existing
clustering methods, by integrating topology-preserving
clustering and explainable Al techniques. In future, the
multimodal medical data could be incorporated into the
system, and attention mechanism could be further optimized
to provide higher accuracy for clustering, scalability, and
clinical applicability.
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