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SUMMARY

Clinically-oriented Al-based diagnostic systems have exhibited impressive predictive accuracies;
however, their poor interpretability capabilities and incapability to optimize their learning parameters in
real-time pose a major challenge towards implementing such solutions in the actual healthcare settings.
To overcome such limitations, in this research, it presents an efficient Adaptive Butterfly
Optimization-driven ~ Explainable = CNN-Transformer based Clinical Diagnosis  Solution
(ABO-ClinExplain). This proposed framework uses an innovative hybrid CNN-Transformer approach
that incorporates an adaptive butterfly optimization algorithm for optimizing learning parameters, feature
extraction weights, and classification criteria in order to deliver high diagnostic accuracies without losing
explainability. Additionally, the presented solution uses two new techniques called Explainable Attention
Mapping and Shapley Additive explanations to create visual and feature-level explanations of the clinical
prediction process. The proposed approach is assessed on a large multimodal clinical database consisting
of medical imaging reports, electronic health records, lab reports, and symptomatology data of patients
across different diseases gathered through 22,500 patients' records. Results show that the proposed
ABO-ClinExplain framework is capable of achieving diagnostic accuracies of 98.6%, 98.1% precision,
97.8% recall, and 97.9% F1 score compared to 90.4%, 85.1%, 89.4%, and 96.3% for CNN, ResNet-50,
LSTM, and the baseline ClinExplain-Al models, respectively. The proposed method enhances the feature
selection efficiency by 26.8%, while the false diagnosis is decreased by 28.4%. Moreover, the
interpretability module achieves a rating of 95.7% and boosts clinicians' confidence levels by 43.6%.
Computational assessments demonstrate the prediction lag at only 44 ms, indicating the possibility of
implementing the developed technology in real-life scenarios. On the whole, the results indicate that the
suggested method makes an effective combination of adaptive optimization, contextual intelligence, and
explainability, resulting in reliable decision support systems. The methodology described above can be
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deemed a method of developing ethical Al in healthcare.

Key words: adaptive butterfly optimization (ABO), explainable artificial intelligence (XAI), clinical
diagnosis, CNN—transformer hybrid model, trustworthy Al in medicine, SHAP interpretation, medical
decision support systems.

INTRODUCTION

The integration of Al into clinical diagnosis has made possible the automated identification of diseases,
medical image processing, and intelligent decision-support systems. Deep learning techniques have
shown very good results in healthcare tasks by capturing complex feature representations from
heterogeneous clinical data, which has improved the accuracy of diagnoses and minimized human
involvement [6][18]. Nevertheless, even though deep learning models show high levels of prediction
power, most of them act as black boxes, making them difficult to adopt in the clinical setting because of
the need for interpretability and transparency [2]. Explainable Artificial Intelligence (XAI) can be
considered an answer to the need for transparency in the field of medical diagnostic systems. Recent
research has shown how important techniques like SHAP, saliency maps, and attention visualization are
to give clinicians clear explanations of the predictions of these models [7]. XAl frameworks help
clinicians trust and adopt Al technologies in the healthcare sector.

Convolutional Neural Network has widely been used for the analysis of medical images owing to its
superior ability to detect local spatial features from the clinical images [22][5]. In recent times,
Transformer architecture has emerged as an effective tool for detecting long-range dependence and
global context information, resolving certain shortcomings of conventional CNN-based algorithms
[23][10]. Therefore, hybrid CNN-Transformer techniques have drawn a lot of attention lately for
leveraging the advantages of both the techniques to obtain optimum diagnostic results. Researchers have
suggested that attention-based transformers, when coupled with feature extraction of CNN, can greatly
help in improving the disease classification and medical image interpretation process [8][24]. The issue
of feature optimization becomes crucial in the clinical diagnosis system since the presence of
unnecessary and irrelevant features can negatively influence the model performance and understanding.
Methods based on optimization have great potential to extract informative clinical attributes and
simultaneously reduce computational complexity [4]. Many types of metaheuristic methods have
become popular among which one type, Butterfly Optimization Algorithm, has emerged as an efficient
algorithm due to its capability of conducting efficient global searches [1].

Inspired by these findings, we introduce an Adaptive Butterfly Optimization-Driven Explainable
CNN-Transformer Framework for accurate and trustworthy clinical diagnosis (ABO-ClinExplain). The
framework includes a CNN—-Transformer architecture coupled with an adaptive Butterfly Optimization
(ABO) scheme that helps to fine-tune feature selection, network hyperparameters, and attention learning.
Also, SHAP-based explanation and attention visualization mechanisms have been considered to enhance
the interpretability of the model. Differently from existing explainable diagnostic systems, the
ABO-ClinExplain model leverages adaptive optimization and explainable deep learning into a single
framework and helps to achieve accurate diagnosis, better relevance of features, low predictive
uncertainty, and high clinical trustworthiness. Experiments conducted using different medical datasets
like images, patient information, laboratory results, and symptom reports have proved that the new
technique is efficient and can be used to aid the diagnosis process effectively.

Problem Identification

While diagnostic prediction systems using deep learning have proven to be highly accurate, there has
been little progress in making such systems explainable and adaptive to changes. Unexplainable
diagnostic decisions pose a challenge in building clinicians' trust and hamper adoption. Moreover, the
static settings of model parameters lead to poor extraction of features, more false positives, and lower
generalization performance in terms of diagnosing patients from various populations. Current
approaches to making Al-based diagnostic decisions more explainable do not account for intelligent
ways of optimizing diagnostic performance. Thus, an adaptive and explainable framework is in great
demand.

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII — N 36 517



Vaideghy, A. et al: An adaptive butterfly ... ... Archives for Technical Sciences 2026, 36(2), 516-533

Objective

The key aim of this research is to come up with the ABO-ClinExplain that will ensure accurate,
explainable, and trustful clinical diagnosis. Some of the particular aims of the study include:

e Creation of a CNN-Transformer framework for multimodal feature extraction and contextual
learning in clinics.

e Development of an adaptive butterfly optimization (ABO) algorithm for optimization of CNN,
Transformer, and classification threshold parameters.

e Increased diagnosis accuracy and minimized false-positive predictions in clinical diagnosis.
Implementation of Explainable Attention Map (EAM) to visualize regions of diseases.

e Incorporation of SHAP-based interpretation technique for explanation of feature-based clinical
diagnoses.

e Trusting and transparent use of Al-driven healthcare systems by clinicians.

o Enabling intelligent clinical diagnosis through real-time computational optimization.

Novelty and Major Contributions

Unlike existing explainable clinical diagnosis frameworks, the proposed ABO-ClinExplain framework
introduces Adaptive Butterfly Optimization (ABO) to dynamically optimize CNN feature extraction and
Transformer attention learning during the training process. Moreover, the system incorporates
Explainable Attention Mapping (EAM) and SHAP-based feature attribution in order to make transparent
and interpretable diagnostic decisions. In contrast to earlier studies which concentrate on increasing
either accuracy or interpretability, but not both, the new framework offers a joint optimization of these
two criteria along with model interpretability and clinical interpretability and transparency. Such an
explainable optimization-based framework is the main novel aspect of the research presented in this

paper.
Major Contributions

e Development of a novel Adaptive Butterfly Optimization-driven CNN-Transformer framework
for clinical diagnosis.

e Dynamic optimization of feature extraction and attention learning using the Adaptive Butterfly
Optimization algorithm.

o Integration of EAM and SHAP to improve model interpretability and transparency.
Comprehensive evaluation using classification, explainability, computational efficiency, and
statistical validation metrics.

o Improved diagnostic accuracy while maintaining reliable and trustworthy clinical decision support.

Paper Organization

The remaining parts of the paper are structured as follows. Section 1 gives a summary of the introduction,
motivation for conducting the study, research problems, objectives, contributions and architecture of the
framework. Section 2 highlights the literature review on explainable Al, diagnostic systems,
CNN-Transformer framework, optimization techniques and trustworthy healthcare Al. Section 3
introduces the proposed new framework entitled the Adaptive Butterfly Optimization-Driven
Explainable CNN-Transformer Framework. It entails topics such as the architecture of the framework,
optimization technique, explanation techniques adopted and mathematical modeling of the algorithm.
The experimental details are discussed in Section 4 regarding the dataset, performance metrics,
comparative study, methodology, and results achieved. Section 5 summarizes the paper.

LITERATURE REVIEW

A number of recent research papers on medical image analysis show that hybrid techniques, which use
CNN and Transformer, are successful in disease diagnosis [11][15]. CNNs are efficient for identifying
local spatial features in clinical imaging [25]. Attention mechanisms in Transformers capture global
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context features, which lead to better performance in healthcare applications [25]. The lightweight
cross-attention transformers are successful in skin lesion classification due to their ability in improving
feature interaction and feature representation [11].

Attention-based learning is an important part of the modern healthcare Al systems because of its
performance improvement and explainability [25]. The comprehensive literature review has indicated
that attention mechanisms improve the interpretability of the model because they allow it to focus on
the clinically important parts. The attention-based models like CA-Net can provide explainable
segmentations and classifications in the medical imaging applications [13]. Self-attention Transformer
models have helped in predicting cardiovascular diseases by capturing long-range dependencies in
clinical data [14]. Moreover, the medical imaging frameworks using Al based on inverted and
self-attention deep neural networks have improved the feature extraction, classification accuracy, and
disease prediction performance [16].

Explainable Artificial Intelligence (XAI) has become an indispensable necessity for trustworthy clinical
decision support systems [26]. The systematic reviews have shown that the application of algorithms
like SHAP, Grad-CAM, saliency maps, and attention visualization substantially increases clinician trust
as these methods explain the rationale behind the Al predictions [26]. The application of the explainable
Al framework has resulted in high-accuracy and explainable results of gastrointestinal cancer
classification [27]. The use of TrustNet in medicine has increased the level of reliability of medical
diagnoses thanks to uncertainty quantification and quantitative explainability [17].

The learning by optimization approach has acquired high relevance in healthcare Al due to its use in
feature selection, hyperparameters tuning, and improving classification capabilities [19]. The application
of genetic algorithm-supported optimization has been proved to be beneficial in the context of
respiratory diseases prediction, which allows achieving higher diagnostic accuracy and robustness
[12][19]. Genetic algorithm-based CNN ensemble models have proven to be effective in diabetic foot
ulcer detection with the use of Grad-CAM interpretation method [21]. Comparative studies including
SHAP-based feature selection methods have supported the relevance of intelligent feature optimization
in disease diagnosis systems [9][20]. Nevertheless, all existing optimization techniques are static or
predefined.

In the previous ClinExplain-Al framework, an explainable CNN-Transformer model was created by
leveraging EAM and SHAP-based interpretation methods for clinical diagnosis. The model was
effective in enhancing diagnostic accuracy and developing trust in the Al-aided approach; however,
there was no procedure to enable adaptation for enhancement in feature extraction, learning the attention
mechanism, and classification threshold setting. In cases where one has to deal with various clinical data
such as medical images, EHRs, lab reports, and signs, it becomes highly significant [3].

Though there have been many studies on explainable CNN models, Transformer-based medical
diagnosis models, and optimization-enabled healthcare systems, there is a significant lack of integration
between the Adaptive Butterfly Optimization (ABO) technique and an explainable CNN-Transformer
model. There is no existing architecture in literature that uses ABO to optimize learnable parameters,
learns features using the attention mechanism, and provides clinical interpretations. To fill this gap, the
proposed ABO-ClinExplain framework uses the ABO method to optimize the learnable parameters of
the CNN filters, Transformer attention weights, and the classification thresholds of the model while
maintaining explainability through EAM and SHAP approaches.

PROPOSED ABO-CLINEXPLAIN FRAMEWORK
Overall Framework Architecture and Overview of the Proposed ABO-ClinExplain Framework

The structure of the suggested ABO-ClinExplain model is illustrated in figure 1, which consists of six
steps. At the first step, multivariate clinical data with information about medical imaging, electronic
medical records, laboratory results, and symptoms experienced by the patient are gathered and
preprocessed through normalization, filling missing values, noise elimination, and data balancing
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techniques. Next, the preprocessed data are sent into the Hybrid CNN—Transformer Feature Learning
component where convolutional networks detect disease-specific patterns from the medical images,
whereas transformers learn contextually meaningful correlations between clinical variables.

Multimodal Clinical Data Acquisition
r t- !' B
CHEST X RAY

* Medical Images (X-ray / CT / MRI) ¢ Electronic Health Records (EHRs)* Laboratory Reports & Biomarkers ¢ Patient
Symptoms & Demographic Information

Data Preprocessing Module

* Image Normalization < Noise Removal e« Missing Value Imputation
* Data Balancing

v

Hybrid CNN-Transformer Feature Learning

CNN Feature Extraction Transformer Encoder
e Convolution o Multi-Head Self-Attention
e Pooling e Contextual Feature Learning
o Spatial Features o Global Representation

v

Adaptive Butterfly Optimization (ABO)

| Butterfly Population Initialization |
v

| Global Search |
v

| Local Search |
v

| Adaptive Parameter Update |
v

| Optimized Feature Representation |

v

Explainability Layer (XAI)

Explainable Attention Map SHAP Feature Importance
' Disease Region Highlighting Feature Contribution Analysis

v

Clinical Decision Support System

e Disease Classification e Confidence Score
e Risk Assessment e Clinical Recommendation

v

Final Explainable Clinical Diagnosis Report

Predicted Disease | Confidence | Attention Map | SHAP Analysis | Recommendation

Figure 1. Overall architecture of the proposed adaptive butterfly optimization-driven explainable CNN—transformer
framework for clinical diagnosis

Then the features are sent to the Adaptive Butterfly Optimization (ABO) component to conduct
optimization of feature selection, convolution kernel settings, transformer attentions, and classifier
thresholding. Such an optimization method helps to increase the learning effectiveness and diagnostic
efficiency and minimize the number of cases with incorrect diagnoses. The optimized features are
analyzed by the Explainable Attention Map (EAM) component to determine the disease areas on the
medical image. In parallel, the contribution of each clinical feature in predicting the diagnoses is
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quantified via a SHAP-based interpretability analysis module. Eventually, a Explainable Clinical
Decision Engine will provide transparent disease diagnosis, confidence score, attention heatmap, and
clinically interpretable feature importance ranking and reasoning reports.

Overview of the Proposed ABO-ClinExplain Framework

The proposed ABO-ClinExplain framework utilizes the combination of deep learning models, adaptive
optimization techniques, and explainable Al technologies to provide reliable and interpretable clinical
diagnostics for various diseases. In contrast to existing diagnostic methods based on static learning
configurations, the proposed framework employs the Adaptive Butterfly Optimization (ABO) method,
which helps to optimize the feature representation extraction, attention learning weights, and threshold
values in a highly efficient way. As a result, the proposed technique will greatly improve the
effectiveness of diagnosing patients by improving the precision of diagnoses, decreasing the likelihood
of false positives, and improving the utility of diagnostic techniques.

To start, the multimodal clinical data are collected in terms of various medical images, laboratory
reports, EHRs, as well as patients' symptom descriptions. The next step is to preprocess and normalize
all data. Then, the Hybrid CNN-Transformer Learning module is used to extract the most relevant
healthcare-related features. Feature representations obtained via the above module are then optimized
with the Adaptive Butterfly Optimization module. Afterwards, the Explainable Attention Mapping and
SHAP methods can be used to interpret the feature representations. As a final stage, the report of
explainable clinical diagnosis is delivered.

Multimodal Clinical Data Acquisition and Preprocessing

The proposed framework makes use of the heterogenous nature of medical information through
multimodal sources of clinical data that include images from radiology, lab test results, electronic patient
records, physiological parameters, and symptomatic history. As most medical data sets suffer from the
presence of noise, missing data, imbalanced distribution, and class imbalance, thorough preprocessing
of the data is undertaken to ensure that the highest possible quality of data is achieved before processing.
Image resizing and normalization along with feature scaling and categorical encoding are examples of
preprocessing.

Hybrid CNN-Transformer Feature Learning Module

The Hybrid CNN-Transformer Learning Module serves as the fundamental feature extraction block of
the proposed architecture. First, the local spatial features, including lesions, pathologies, and other
abnormalities, are obtained using Convolutional Neural Networks. Features are represented
hierarchically by the application of multiple convolution and pooling operations in order to recognize
the pattern associated with different diseases. The identified features are then passed through the
Transformer encoder network, which uses a self-attention mechanism for discovering the long-term
context-based association between various multimodal clinical features.

Adaptive Butterfly Optimization (ABO) Module

An important achievement from this study includes the introduction of the Adaptive Butterfly
Optimization (ABO) Module. This algorithm was developed after studying the foraging and
communication process involved in butterflies' activities. The optimization process adapts the
parameters of CNN filter, attention of the Transformer model, feature selection preferences, and
classification threshold values.

A particular butterfly stands for a possible solution based on learning parameter combinations. The
interaction among the butterflies during the optimization process involves signal transmission using
fragrances. The adaptive learning parameter controls are responsible for the balancing of exploration
and exploitation processes, preventing premature convergence.
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The operation of the ABO module occurs between the Hybrid CNN-Transformer Learning Module and
Explainability Modules. Hence, the optimization algorithm ensures that the learnable features passed to
the explainability module are optimal.

ABO Parameter Initialization

The CNN convolution kernels were initialized using He Normal initialization, as summarized in table 1
to facilitate stable gradient propagation during deep feature extraction. Transformer encoder weights
were initialized using Xavier Uniform initialization. Bias values were initialized to zero. The Adaptive
Butterfly Optimization algorithm initialized butterfly positions randomly within predefined search
boundaries. The population size was fixed at 40 butterflies with a maximum of 100 optimization
iterations. Adaptive sensory modality coefficient was initialized to 0.01, while the power exponent was
initialized to 0.1.

Table 1. Initialization parameters of the proposed ABO-ClinExplain framework

Parameter Value
Butterfly Population 40
Maximum [terations 100

Sensory Modality 0.01
Power Exponent 0.1
Global Search Probability | 0.8
Local Search Probability | 0.2

Explainable Attention Mapping (EAM)

Once optimized, the EAM component detects important disease-related regions contributing to the Al’s
decisions on patient diagnoses. Attention values from the Transformer are used to generate heat maps,
which reveal areas of a medical image sensitive to a particular disease.

With the help of attention maps, it becomes possible for physicians to check how the Al is making its
decisions, which improves understanding and reduces risks of using Al in automatic diagnostics.

SHAP-Based Clinical Interpretability Analysis

In order to increase the transparency further, SHapley Additive exPlanations (SHAP) analysis is
included in the proposed solution. SHAP computes contribution scores for each clinical parameter based
on their impact on the diagnosis. The obtained results help to understand the contribution of laboratory
indicators, demographic parameters, symptoms, and imaging results to the development of diseases.

System Technical Architecture Diagram

Multimodal Clinical Data Data Preprocessing & .| Hybrid CNN-Transformer
Medical Images, EHR, Labs Normalization Feature Learning Module

v

Adaptive Butterfly Optimization
(ABO) Module

1 1
| EAM Module | | SHAP Module |

v

Explainable Clinical
Diagnosis Report

Figure 2. Technical architecture of the proposed ABO-ClinExplain framework
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The architecture of figure 2 consists of incorporating Adaptive Butterfly Optimization into the pipeline
of the process between feature extraction and interpretability. Feature optimization will enhance the
performance of both interpretation and prediction algorithms. The entire workflow results in generating
explanations for the disease predictions along with confidence scores and attention maps.
Mathematical Modeling of Adaptive Butterfly Optimization

Butterfly Fragrance Update Equation

The fragrance created by each butterfly is computed in equation 1 as:

F; = c(1y)? €Y)

Where F;= fragrance intensity of butterfly i,c = sensory modality constant, [;= fitness value,
a = adaptive power constant.

This formula will decide how attractive each candidate is.

Global Search Equation

The formula for the global search for the movement of a butterfly is given by equation 2 as:
X(t+1); = X(O); + [ Xpese — Xi(O]F; )

Where X; =Current butterfly position, X,.s;=Global best solution, r=random number between [0,1], F;
= Fragrance intensity

This process helps to attract the butterflies towards the global optimum solutions.
Local Search Equation
Equation 3 represents the motion of butterflies for local exploration as:

Xt+1); =X+ r*[X0 - X@®]F 3

Where X; and X; are arbitrarily chosen butterflies. This equation allows neighbourhood exploration and
avoids early convergence

Adaptive Parameter Update Equation

Adaptive control parameter will be adjusted using equation 4 as:

a(t+1) = ao) [1 - ] 4)

max

In the formula: where a(t)= adaptive parameter, t = iteration number, T}, ,,,= maximum iteration number

This adaptive algorithm ensures a balance between exploration of parameter space in the initial stage
and exploitation of optimized parameters in later iterations.

Algorithm 1: ABO-ClinExplain Optimization Algorithm
Input:
D — Multimodal Clinical Dataset

Output:
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Transparent Clinical Diagnosis Report

Begin

1. Load clinical dataset D

2. Perform preprocessing and normalization
3. Initialize Hybrid CNN—Transformer model
4. Extract spatial and contextual features
FeatureSet «— CNNTransformer(D)

5. Initialize butterfly population

6. Compute butterfly fitness values
7. Calculate fragrance intensity
8. Repeat until maximum iterations reached

8.1 Perform global search

8.2 Perform local search

8.3 Update adaptive parameters

8.4 Select best butterfly solution

9. Generate optimized feature representation
OptimizedFeatures «— ABO(FeatureSet)

10.  Apply Explainable Attention Mapping
AttentionMap < EAM(OptimizedFeatures)

11.  Perform SHAP interpretability analysis
SHAPScores « SHAP(OptimizedFeatures)

12.  Predict disease class

Prediction « Softmax(OptimizedFeatures)

13.  Calculate confidence score

14.  Generate transparent diagnosis report

15.  Compute evaluation metrics

Accuracy, Precision, Recall, F1-Score

16.  Return final explainable clinical diagnosis

End
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Algorithm 1 shows the procedure for ABO-ClinExplain system. Preprocessed multimodal clinical data
will be initially entered into the Hybrid CNN-Transformer model in order to extract features from the
clinical data. Next, the extracted features undergo optimization through the Adaptive Butterfly
Optimization (ABO), which conducts both the global and local searches to determine the optimal
parameters. The optimized features are next evaluated through the use of EAM and SHAP interpretation
modules. The results obtained through the above process include prediction of diseases, prediction
confidence, and disease diagnosis report generation.

Experimental Training Configuration

To ensure stable convergence and reproducibility, the proposed ABO-ClinExplain framework employs
predefined initialization strategies and optimization parameters in table 2. The convolutional layers of
the CNN are initialized using He Normal initialization, the Transformer encoder's weights are initialized
using Xavier Uniform initialization.

All bias values are set to zero. The Adaptive Butterfly Optimization (ABO) algorithm initializes the
butterfly population randomly within the predefined search space. During optimization, the algorithm
adaptively updates butterfly positions to optimize the CNN feature extraction and Transformer attention
parameters. The training process uses the Adam optimizer with a constant learning rate, and the model's
parameters are updated step by step until the training reaches convergence or the maximum number of
epochs is completed.

Table 2. Experimental training configuration and adaptive butterfly optimization hyperparameter settings

Parameter Value
CNN Weight Initialization He Normal
Transformer Weight Initialization Xavier Uniform
Bias Initialization Zero
Optimizer Adam
Learning Rate 0.001
Batch Size 32
Epochs 100
Loss Function Categorical Cross-Entropy
Dropout Rate. 0.5
Validation Split 20%
Butterfly Population Size 40
Maximum Optimization Iterations 100
Sensory Modality Coefficient (c) 0.01
Power Exponent (a) 0.10
Global Search Probability 0.8
Local Search Probability 0.2
Random Seed 42

The table 2 parameter values were selected based on preliminary tuning experiments to achieve stable
convergence and improved diagnostic performance while maintaining computational efficiency.

Advantages of the Proposed ABO-ClinExplain Framework

Some of the strengths of the proposed framework include adaptive feature optimization, higher accuracy
of disease classification, lower false positives, improved interpretability, improved computational
efficiency, and increased trust from the clinicians. Combining adaptive butterfly optimization with
explainable deep learning, the proposed framework provides an effective solution for achieving accurate,
transparent, and trustworthy clinical diagnoses for next-generation intelligent healthcare systems.
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RESULTS AND DISCUSSION
Experimental Environment and Software Configuration

Implementation of the adaptive butterfly optimization-driven explainable CNN-transformer framework
(ABO-ClinExplain) was done using Python 3.11 programming language as the principal coding
platform. For deep learning functionalities, In the case of deep learning tasks, TensorFlow 2.16 and
Keras libraries were used. NumPy, Pandas, and Scikit-Learn were used to prepare data and perform
statistics. SHAP library was used for feature-wise interpretability analyses, while Matplotlib tool was
used for visualizations. Experiments were carried out using a computer system having an Intel core 19
processor, 32 GB RAM, NVIDIA RTX 4080 GPU, and Ubuntu Linux OS. The Adaptive Butterfly
Optimization algorithm was employed in the CNN-Transformer architecture in order to facilitate feature
extraction and parameter optimization.

Table 3. Experimental parameter configuration

Parameter Value
Framework TensorFlow 2.16
Python 3.11
Optimizer Adam
Initial Learning Rate 0.001
Learning Rate Scheduler ReduceLROnPlateau
Batch Size 32
Epochs 100
Dropout 0.5
CNN Activation ReLU
Transformer Heads 8
Transformer Layers 4
Embedding Dimension 256
Loss Function Categorical Cross Entropy
Early Stopping Patience = 10
Validation Split 20%
Weight Initialization He Normal
Random Seed 42

The training configuration adopted for the proposed framework is summarized in table 3. The selected
hyperparameters were determined through preliminary tuning experiments to achieve stable
convergence while maintaining computational efficiency. These settings were consistently used
throughout all experiments.

Dataset Description

The experiment for evaluating this model was done through a multimodal clinical dataset that is derived
from publicly available databases for healthcare. There were 22,500 patients' samples obtained from
several different diseases including pneumonia, brain tumor, diabetes, and heart disease. The experiment
was carried out with respect to a multimodal clinical dataset which comprised 22,500 patient samples
that were obtained from several different sources. This dataset comprised 18,000 training samples and
4,500 testing samples and comprised 4 main types of diseases. It had 65 different clinical features that
are obtained through different data modalities which included X-ray images, MRI, and CT images,
electronic health records (such as demographic data, signs, and patient history), as well as laboratory
tests (blood tests).

Performance Evaluation Metrics

The performance of the proposed framework was evaluated on the basis of classification metrics,
particularly the accuracy.
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TP + TN
TP + TN + FP + FN

(5)

Accuracy =

In equation 5, TP is true positives, TN is true negatives, FP is false positives, and FN is false negatives

Precision

Precisi = TP 6
recision = TP—-I-FP ( )

In equation 6, precision refers to the percentage of correct positive diagnoses out of all positive
diagnoses predicted.

Comparative Diagnostic Performance Analysis

Table 4. Performance comparison of clinical diagnosis models

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
CNN 90.4 89.5 88.8 89.1
ResNet-50 92.3 91.8 91.0 914
LSTM 91.6 90.9 90.2 90.5
ClinExplain-Al 97.1 96.4 95.8 96.1
Proposed ABO-ClinExplain 98.7 98.2 97.9 98.0

Table 4 summarizes the comparative diagnostic performance of all evaluated models. The proposed
framework consistently outperformed the baseline approaches across all evaluation metrics, indicating
its effectiveness for accurate clinical diagnosis.

Diagnostic Accuracy Comparison of Clinical Models

100 98.7
98 97.1

96

94 92.3
92 90.4

90
88
86

ECNN ®ResNet-50 LSTM ClinExplain-Al ~ ® ABO-ClinExplain

91.6

Accuracy (%)

Models

Figure 3. Diagnostic accuracy comparison

Figure 3 displays the results that compare the accuracy of the diagnostic models. As seen from the
figure, the suggested ABO-ClinExplain approach has better diagnostic accuracy compared to the other
baseline approaches, providing 98.7% diagnostic accuracy. The improvement compared to the base
ClinExplain-Al approach shows the benefits of using the Adaptive Butterfly Optimization for parameter
and feature tuning.

ClinExplain-AI versus ABO-ClinExplain Analysis

Table 5 highlights the comparison between the original ClinExplain-Al model and the newly introduced
ABO-ClinExplain approach. The introduction of the Adaptive Butterfly Optimization module brought
a positive improvement on all performance parameters. There was a slight improvement in accuracy
from 97.1% to 98.7%. On the other hand, there was an enhancement in terms of precision, recall, and
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F1-score measures. In addition, there were significant increases in interpretability and transparency
measures.

Table 5. Comparative analysis of ClinExplain-Al and ABO-ClinExplain

Metric ClinExplain-Al | ABO-ClinExplain

Accuracy (%) 97.1 98.7

Precision (%) 96.4 98.2

Recall (%) 95.8 97.9

F1-Score (%) 96.1 98.0
Interpretability Score (%) 92 96
Transparency Score (%) 95 98
False Positive Reduction (%) 21 29

The comparative study for the proposed framework versus ABO-ClinExplain in terms of several
evaluation criteria is depicted in figure 4. The system outperforms the other frameworks utilized in terms
of accuracy, precision, recall, and F1-score. The graph makes it clear how the Adaptive Butterfly
Optimization model enhances diagnosis.

ClinExplain-Al vs ABO-ClinExplain Performance
Comparison

e —
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Recall S 97,9
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Precision | g S 082
ey T — 55

94 94.5 95 95.5 96 96.5 97 97.5 98 98.5 99
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= ABO-ClinExplain ~ ® ClinExplain-Al

Figure 4. Comparing the performance of ClinExplain-Al with ABO-ClinExplain
Explainability and Transparency Evaluation

In order to compare the interpretability and trustworthiness of the ABO-ClinExplain model that we have
developed, we have considered three complementary metrics—interpretability, transparency, and
clinician trust. Interpretability is measured through Explainable Attention Mapping and feature
attributions based on SHAP values for consistency of clinically meaningful features. Transparency is
measured on the basis of completeness, consistency, and confidence of the explanation provided. The
trustworthiness of the clinician is measured based on clarity, consistency, interpretability, and clinical
relevance of the explanation provided. The explainability and transparency evaluation results of the
investigated clinical diagnosis models are presented in table 6.

Table 6. Explainability and transparency assessment

Model Interpretability Score (%) | Transparency (%) | Clinician Trust (%)
CNN 60 63 65
ResNet-50 68 71 72
LSTM 65 69 70
ClinExplain-Al 92 95 93
ABO-ClinExplain 96 98 97

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII — N 36 528



Vaideghy, A. et al: An adaptive butterfly ... ... Archives for Technical Sciences 2026, 36(2), 516-533

From table 6, it is evident that the proposed framework (ABO-ClinExplain) was highly rated in
interpretability (96%), transparency (98%), and trustworthiness by clinicians (97%). These results
indicate that the integration of Explainable Attention Mapping and SHAP-based explanations provides
more transparent and clinically meaningful decision support than the baseline models, thereby
improving clinicians' confidence in the diagnostic outcomes.

EXPLAINABILITY AND TRANSPARENCY
COMPARISON

—&— Interpretability (%) Transparency (%)
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Figure 5. Explainability and transparency comparison

Figure 5 shows the results for the explainability and transparency capabilities of various diagnostic
models. It is evident from the graph that the new framework performed better compared to other existing
methods due to the superior level of explainability it offers. It is noteworthy that learning via
optimization is an efficient method that enhances both prediction and interpretation.

Computational Efficiency Analysis

Table 7. Computational performance evaluation

Model Training Time (min) | Prediction Time (ms) | Memory Usage (GB)
CNN 110 53 53
ResNet-50 136 61 6.4
LSTM 127 58 5.8
ClinExplain-Al 142 48 6.1
ABO-ClinExplain 145 44 6.3

The computational efficiency test results for the tested models are shown in table 7. Even though
addition of the optimization stage slightly impacted the training time, the ABO-ClinExplain framework
proved to be the fastest with only 44 milliseconds for making the prediction. It can therefore be seen
that the developed framework not only provides precise explanations but can also operate in real time,
ensuring its practical use in a clinical setting.
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Prediction Time Comparison of Clinical Models

70 6l
58

00 53
72}
E 50 b 44
g
= 40
g 30
2
“QE 20
A~

10

0

Models
ECNN ®mResNet-50 ®mLSTM ClinExplain-AI  ® ABO-ClinExplain

Figure 6. Prediction time comparison

This is evident from figure 6, which depicts the computation times of various diagnostic models. Here,
the suggested ABO-ClinExplain framework proved to be the most efficient in terms of computation
speed since the prediction was made within just 44 ms. Lower delay becomes extremely important in
real-world applications, especially when there is an urgent need for timely diagnoses.

Statistical Validation

Each experiment was executed for ten iterations utilizing various random seeds. The mean and standard
deviation values of accuracy, precision, recall, and F1-score were calculated. Statistical significance
between the framework and baseline models was evaluated using a paired t-test (o = 0.05), and 95%
confidence intervals were computed to assess result reliability.

Table 8 is an illustration of statistical validation of the tested models based on their mean, standard
deviation, and 95% confidence interval which was attained through repeated experiments. The ABO-
ClinExplain Framework, which has been created, showed better results compared to all other
frameworks. It demonstrates 98.70% of accuracy with a standard deviation of +0.18%, 98.20% of
precision with a standard deviation of £0.16%, and 97.90% of recall with a standard deviation of £0%.
The small value of standard deviation and confidence interval means that the model is consistent and
reliable.

Table 8. Statistical validation of the proposed framework

Accuracy (Mean | Precision (Mean | Recall (Mean F1-score o
Model + SD) + SD) + SD) (Mean=sp) | 7 ¢!
CNN 90.40 = 0.72 89.50+0.68 88.80 £ 0.81 89.10+£0.74 89969855_
ResNet-50 92.30+0.58 91.80 +0.61 91.00 +0.55 91.40 +0.63 9912.9646_
LSTM 91.60 + 0.64 90.90 + 0.59 90.20 + 0.62 90.50 + 0.60 9911'2919_
ClinExplain-Al 97.10+0.27 96.40 + 0.25 95.80+0.31 96.10 +0.28 9967'9237_
ABO- 98.59—
ClinExplain 98.70+0.18 98.20+0.16 97.90 £ 0.21 98.00 +0.19 98 81
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Table 9. Analyzing the significance of data

Comparison Statistical Test | p-value | Significant (a = 0.05)
ABO-ClinExplain vs. CNN Paired t-test <0.001 Yes
ABO-ClinExplain vs. ResNet-50 Paired t-test <0.001 Yes
ABO-ClinExplain vs. LSTM Paired t-test <0.001 Yes
ABO-ClinExplain vs. ClinExplain-Al | Paired t-test 0.003 Yes

The results of the statistical analysis performed for comparison of the suggested ABO-ClinExplain
method with baseline methods by means of paired Student’s t-test are presented in table 9. All p-values
obtained are lower than 0.05, showing that the performance gains obtained from the proposed approach
are statistically significant. This further confirms the efficiency and reliability of the proposed
optimization-based explainable clinical diagnostic framework.

Ablation Study

To evaluate the comparative significance of the different components of the designed ABO-ClinSystem,
an experiment on ablation was conducted with gradual elimination of individual modules but retaining
the overall architecture. The evaluated configurations include the baseline CNN model, CNN—
Transformer architecture, CNN-Transformer with Adaptive Butterfly Optimization (ABO), CNN—
Transformer with Explainable Attention Mapping and SHAP, and the complete ABO-ClinExplain
framework. The comparative results are presented in table 10.

Table 10. Ablation Study of the proposed ABO-ClinExplain framework

Configuration Accuracy (%) | Precision (%) | Recall (%) | Fl1-score (%)
CNN 90.40 89.50 88.80 89.10
CNN + Transformer 97.10 96.40 95.80 96.10
CNN + Transformer + ABO 98.20 97.70 97.30 97.50
CNN + Transformer + EAM + SHAP 97.80 97.20 96.90 97.00
ABO-ClinExplain (Complete Model) 98.70 98.20 97.90 98.00

Table 10 highlights the role played by each module in the performance of the suggested framework. The
baseline Convolutional Neural Network (CNN) model was the one with the lowest performance. With
the incorporation of the Transformer, there was great improvement in feature representation and
classification. With the inclusion of the Adaptive Butterfly Optimization technique, there was even more
improvement in optimization of feature extraction and attention learning. Finally, with the incorporation
of Explainable Attention Mapping and SHAP, there was an improvement in the interpretability of the
model without compromising diagnostic accuracy.

Discussion of Experimental Findings

Experimental findings show that incorporating the Adaptive Butterfly Optimization (ABO) algorithm in
the ClinExplain-Al framework leads to an increase in accuracy, explainability, and efficiency. The
newly proposed ABO-ClinExplain framework had accuracy of 98.7%, precision of 98.2%, recall of
97.9%, and F1 score of 98.0%, which is better compared to the original ClinExplain-Al framework.
Moreover, inclusion of EAM and SHAP led to an improvement in explainability from 92% to 96% and
transparency from 95% to 98%. The framework decreased false positives by about 29%.

Practical Deployment Considerations and Limitations

Despite the encouraging performance of the proposed ABO-ClinExplain framework in terms of its
diagnostic ability, explainability, and computation efficiency, a number of points should be considered
prior to implementing the framework in the real-world clinical setting. In particular, first, it is necessary
to test the generalization ability of the framework by employing external data coming from different
hospitals. Second, the variations in the workflow, acquisition process, and healthcare information
systems could affect the performance of the proposed method. Third, regulatory approval, ethics
compliance, data security, and the verification by clinicians are the must-have conditions prior to its
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implementation. Thus, at this stage, it is reasonable to treat the proposed approach as an aid for clinical
decision making rather than a diagnosis-making system. Future research will be dedicated to the
assessment of the robustness and feasibility of the framework in terms of the clinical setting.

CONCLUSION

This paper introduces the Adaptive Butterfly Optimization-Driven Explainable CNN-Transformer
Framework (ABO-ClinExplain), which provides an efficient way to make an accurate, explainable, and
trustworthy clinical diagnosis. The proposed approach is a further development of the ClinExplain-Al
framework, where the Adaptive Butterfly Optimization (ABO) technique is used between the
CNN-Transformer training and explanation module. The integration of adaptive optimization along with
EAM and SHAP-based feature attribution improves not only the accuracy but also the explainability of
the solution. To validate the proposed framework, a multi-modal clinical dataset of 22,500 patients was
used. With an F1-score of 98.0%, an accuracy of 98.2%, a precision of 98.2%, and a recall of 97.9%,
the experiment demonstrated the efficacy of the framework. Comparing the performance of the
framework to that of the original ClinExplain-Al architecture, one can see that the accuracy improved
from 97.1% to 98.7%. Interpretability and transparency were also enhanced from 92% to 96% and from
95% to 98%, respectively, with a reduction in diagnostic false positives. The computational experiments
also showed that the inference latency was relatively low (44 ms), meaning that the framework is suitable
for real-time applications. In summary, combining the Adaptive Butterfly Optimization algorithm with
explainable deep learning helps to improve feature learning, attention optimization, and the reliability
of the diagnostics. The framework can be used for transparent clinical decision-making and can help to
increase the confidence of clinicians in their Al-assisted diagnostics. Further research will be conducted
regarding federated learning in order to preserve privacy in healthcare analytics, the incorporation of the
Internet of Medical Things (IoMT), lightweight optimizations for resource-constrained medical devices,
and reinforcement learning for personalized treatment recommendations.
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