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ABSTRACT Clinical decision-making for diabetes management requires prediction models that are
both accurate and interpretable. Although machine learning techniques have demonstrated promising
performance in diabetes risk prediction, their adoption in healthcare is often constrained by limited
transparency and feature redundancy. To address these challenges, the study proposes a Multi-Objective
Adaptive Improved Whale Optimization Explainable Artificial Intelligence (MO-AIWOA-XAI) framework
for diabetes risk prediction. The proposed framework integrates a multi-objective Adaptive Improved Whale
Optimization Algorithm (AIWOA) for feature selection, an Optuna-optimized Extra Trees classifier, and
explainable artificial intelligence techniques including SHAP, LIME, and DiCE. The feature selection
strategy simultaneously maximizes predictive performance while minimizing feature dimensionality, en-
abling the identification of clinically relevant risk factors. The framework was evaluated using the PIMA
Indians Diabetes Dataset and the Early Stage Diabetes Risk Prediction Dataset. Data preprocessing involved
KNN imputation, feature engineering, Min-Max normalization, outlier treatment, and SMOTE-Tomek
class balancing. Extensive experiments, including comparisons with PSO, GA, and WOA, cross-dataset
validation, 10-fold cross-validation, calibration analysis, and decision curve analysis, were performed to
assess model robustness. The proposed framework achieved an accuracy of 83.76%, AUC of 0.9004, F1-
score of 0.84, MCC of 0.6757, and PR-AUC of 0.9068 on the PIMA dataset, while attaining 95.19%
accuracy and 0.992 AUC on the Early Stage Diabetes dataset. In addition, the framework produced stable
and clinically interpretable explanations through SHAP, LIME, and counterfactual analysis. The results
demonstrate that the proposed MO-AIWOA-XAI framework effectively combines feature optimization,
predictive modeling, and explainable artificial intelligence to provide a reliable and clinically interpretable

solution for diabetes risk assessment and decision support.

INDEX TERMS Diabetes Risk Prediction, Explainable Artificial Intelligence, SHAP, LIME, DiCE,
Adaptive Improved Whale Optimization Algorithm, Feature Selection, Ensemble Learning, Cross-Dataset

Validation, Clinical Decision Support.

l. INTRODUCTION

Diabetes mellitus is among the most common chronic con-
ditions worldwide and is considered an important public
health problem owing to its rising prevalence, complications,
and cost of care [1]. The International Diabetes Federation
(IDF) reports that hundreds of millions of people are now
suffering from diabetes, and the number is set to increase
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considerably in future decades. Diabetic patients suffer from
serious complications, such as cardiovascular disease, renal
failure, neuropathy, retinopathy, and early death. This means
that it is important to identify people at risk of developing
diabetes to implement effective preventive measures [2].

Due to the fast development of Artificial Intelligence and
Machine Learning, data-oriented techniques have been gain-
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ing prominence in the area of healthcare analytics and predic-
tion of diseases. Machine learning can examine correlations
between various clinical, demographic and lifestyle param-
eters and discover some patterns which cannot be detected
using traditional statistical methods [3]. There are different
supervised machine learning methods, such as Logistic Re-
gression, Decision Trees, Random Forests, Support Vector
Machines, Gradient Boosting, and ensemble learning tech-
niques, used for the prediction of diabetes [4], [5]. Still, the
performance of all of them relies on how good features are
selected for them. High-dimensional medical datasets tend to
consist of irrelevant and noisy attributes which complicate
the process of computations and may hinder the results of
predictions.

In order to overcome these issues, feature selection has
been seen as a vital step in the predictive models. In terms
of various optimization techniques, there are better capa-
bilities in finding the informative features through the ef-
ficient search of large search spaces using meta-heuristic
algorithms. Some of the commonly used optimization algo-
rithms include the Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), Ant Colony Optimization (ACO), Grey
Wolf Optimization (GWO), and Whale Optimization Algo-
rithm (WOA). The Whale Optimization Algorithm, based
on the bubble-net foraging method of humpback whales,
has achieved good outcomes for exploration and exploitation
in the process of optimization. However, traditional WOA
experiences premature convergence and poor diversity in
optimization of complex medical problems [6].

In order to address these shortcomings, the current re-
search work suggests an approach known as the Multi-
Objective Adaptive Improved Whale Optimization Algo-
rithm (MO-AIWOA) [7], which is used for feature selection
in diabetes risk prediction. The main idea of the suggested
approach is the simultaneous optimization of classification
performance and the size of the selected feature subset, thus
leading to the identification of a small number of clinical
meaningful features with high classification performance [8].

However, despite the great potential of such algorithms
and their predictive performance, their practical use is limited
due to the fact that many of them have black-box nature. In
order to increase transparency of these models and trust in
their results, the field of Explainable Artificial Intelligence
(XAI) has become one of the most relevant research topics
nowadays [9].

Among the existing techniques for XAI, SHapley Addi-
tive exPlanations (SHAP) and Local Interpretable Model-
Agnostic Explanations (LIME) are popular techniques for
explaining the behavior of a model. SHAP provides expla-
nations that are global as well as local and are based on the
principles of cooperative game theory to quantify the impact
of each feature on the ultimate prediction. LIME constructs
locally interpretable surrogate models to explain predictions.
Recently, Diverse Counterfactual Explanations (DiCE) have
been proposed as an action-able technique which finds mini-
mal necessary changes in order to change the prediction of
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a model. Using SHAP, LIME and DiCE provides compli-
mentary information about the model behavior enabling the
clinicians to find the overall importance of features, patient-
wise predictions and action-able intervention [10], [11], [12].

While many studies have been conducted in predicting
diabetes using machine learning, most of these approaches
are only concerned with the accuracy of prediction with-
out considering the explainability of the model, its feature
optimization and robustness analysis. In addition, there has
been very less effort towards the use of optimization-based
feature selection, explainable Al, cross-dataset validation,
calibration analysis, decision curve analysis and counterfac-
tual reasoning in one single study.

In order to fill these gaps, the research proposes MO-
AIWOA-XAI, a framework for diabetes risk prediction
that employs multi-objective feature optimization, ensemble
learning, and advanced methods of explainability. In par-
ticular, the framework uses MO-AIWOA for the selection
of optimal feature subsets, Optuna-optimized Extra Trees
classifier for diabetes prediction, and SHAP, LIME, and
DiCE for global, local, and counterfactual explanations, re-
spectively. Additionally, the framework employs KNN-based
missing value imputation, feature engineering, SMOTE-
Tomek class balancing, calibration analysis, decision curve
analysis, cross-validation, and cross-dataset validation.

The framework was validated on PIMA Indians Diabetes
Dataset and Early Stage Diabetes Risk Prediction Dataset.
As can be seen from the experimental results, the model
proposed by the research achieves 83.76% accuracy, AUC
= 0.9004, F1-score = 0.84, MCC = 0.6757, and PR-AUC =
0.9068 for the PIMA dataset and 95.19% accuracy and AUC
= 0.992 for the Early Stage Diabetes dataset. Besides, the
model shows high explanation stability, as demonstrated by
its 1.0 SHAP stability score and provides clinically meaning-
ful counterfactual explanations. The key contributions of the
work are:

1) Proposal of MO-AIWOA (Multi-Objective Adaptive
Improved Whale Optimization Algorithm) for efficient
feature selection in case of diabetes diagnosis.

2) Integration of MO-AIWOA with the Extra Trees classi-
fier optimized with Optuna for diabetes risk estimation.

3) Application of SHAP, LIME, and DiCE algorithms for
generation of global, local, and counterfactual explana-
tions.

4) Thorough validation of the framework with cross-
dataset evaluation, 10-fold cross-validation, calibration
analysis, decision curve analysis, bootstrap confidence
interval analysis, MCC, Kappa, and PR-AUC.

5) Design of the clinically interpretable and computa-
tionally efficient framework suitable for diabetes risk
screening tasks.

The structure of the paper is as follows. Related works
are discussed in Section II. Section III details the MO-
AIWOA-XALI framework, the datasets and experiments set-
tings, Results and discussion. Conclusion and future research
directions are provided in Section I'V.
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Il. RELATED WORK

A. MACHINE LEARNING-BASED DIABETES RISK
PREDICTION

Machine learning algorithms have been largely utilized in
predicting diabetes cases owing to the capability of these
algorithms to examine the complicated associations that exist
between various demographic, clinical, and lifestyle factors.
Classification methods like Logistic Regression (LR), Sup-
port Vector Machine (SVM), Decision Tree (DT), Random
Forest (RF), K-Nearest Neighbor (KNN), and Naive Bayes
have been employed widely for diagnosing diabetes. The ap-
plication of these methods has yielded favorable predictions
on benchmark databases such as the PIMA Indians Diabetes
Database and Early Stage Diabetes Risk Prediction Database
[13].

Xu et al. proposed a machine learning framework for Type
2 Diabetes Mellitus (T2DM) prediction using the NHANES
2021-2023 dataset comprising 6,337 participants. The study
employed Monte Carlo multiple imputation, Principal Com-
ponent Analysis (PCA), Random Forest (RF), Recursive
Feature Elimination (RFE), and Adaptive Synthetic Sam-
pling (ADASYN) for data preprocessing and feature selec-
tion while evaluating seven machine learning algorithms.
The AdaBoost model achieved the best performance with
an AUC of 0.85, an accuracy of 71%, and an Fl-score of
0.71, identifying 24 significant multilevel risk factors. The
framework demonstrated improved prediction by integrating
multidimensional health ecological factors; however, its re-
liance on a single dataset and the absence of explainable
Al and external validation may limit its generalizability and
clinical applicability [14].

Aich et al. proposed a supervised feature selection ap-
proach based on a Gumbel copula upper-tail concordance
score for diabetes risk prediction. The method was evaluated
on the CDC (n =~ 253,000) and PIMA (n = 768) diabetes
datasets and compared with Mutual Information, mRMR,
ReliefF, and L1/Elastic-Net feature selection techniques us-
ing multiple classifiers. Experimental results showed that
the proposed approach reduced the feature space by 52%,
achieved competitive ROC-AUC performance, and consis-
tently identified clinically relevant predictors. The method
offers an efficient and interpretable feature screening mech-
anism; however, it primarily focuses on feature ranking and
does not incorporate explainable Al techniques or external
clinical validation [15].

Yang et al. developed a machine learning framework
to predict diabetes risk among individuals with Metabolic
Dysfunction-Associated Steatotic Liver Disease (MASLD)
using a dataset of 6,310 participants collected between 2007
and 2018. The study employed Random Forest (RF), Least
Absolute Shrinkage and Selection Operator (LASSO), Sup-
port Vector Machine Recursive Feature Elimination (SVM-
RFE) for feature selection and evaluated nine machine
learning models. The Light Gradient Boosting Machine
(LightGBM) achieved the best predictive performance, while
SHAP analysis identified urinary albumin, age, total choles-
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terol, and lipid accumulation product as the most influential
predictors. The proposed framework enhanced diabetes risk
prediction and model interpretability; however, its applica-
bility is limited to the MASLD population and lacks external
validation to assess its generalizability [16].

Srinithi et al. proposed a machine learning-based diabetes
risk prediction and personalized diet recommendation system
to facilitate early diabetes detection and promote healthy
lifestyle modifications. The study employed the PIMA Di-
abetes dataset and utilized the Random Forest algorithm
to predict diabetes risk using clinical parameters such as
glucose level, body mass index (BMI), age, blood pressure,
and insulin level. Based on the prediction results, the system
generated personalized region-specific diet recommendations
and healthy food alternatives. The proposed framework sup-
ported early diabetes prevention by integrating risk predic-
tion with dietary guidance; however, it relied on a single ma-
chine learning algorithm and did not incorporate explainable
Al techniques or extensive external validation [17].

Mohankumar et al. proposed a hybrid deep learning frame-
work for early-stage diabetes risk prediction by integrating
Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks. The study utilized the
Early-Stage Diabetes Risk Prediction Dataset from Kaggle,
comprising 520 patient records with clinical and demo-
graphic attributes. The CNN extracted representative fea-
tures, while the LSTM captured temporal dependencies,
achieving an accuracy of 99.42% and demonstrating strong
generalization with minimal overfitting. The proposed frame-
work significantly improved prediction performance; how-
ever, it lacked explainable Al mechanisms and validation on
larger, diverse clinical datasets, which may limit its inter-
pretability and generalizability [18].

Zhao et al. developed a deep learning-based prognostic
framework to predict chronic kidney disease (CKD) progres-
sion in patients with Type 2 Diabetes Mellitus (T2DM) using
a 17-year longitudinal electronic health record dataset com-
prising 569,680 individuals from 165 healthcare facilities
in Hong Kong. The model integrated clinical, biochemical,
and prescription history data, while SHAP was employed
to interpret key predictive factors. The proposed framework
achieved AUC values of 87.1%, 85.3%, and 84.7% for 2-,
5-, and 10-year predictions, respectively, and demonstrated
good generalizability through external validation on the UK
Biobank and CHARLS cohorts. The study provided an in-
terpretable and scalable approach for personalized CKD risk
prediction; however, it focused specifically on CKD progres-
sion in T2DM patients and may require further validation
across broader and more diverse populations [19].

Bernardini et al. proposed a machine learning-based clin-
ical decision support system for predicting hepatic fibro-
sis risk in patients with non-alcoholic fatty liver disease
(NAFLD) using routine laboratory tests and electronic health
records collected over 15 years. The framework was devel-
oped using two cohorts comprising 12,960 and 25,478 pa-
tients and incorporated established clinical indices, including
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the Hepatic Steatosis Index (HSI) and Fibrosis-4 (FIB-4)
index, with a minimal set of predictors. The proposed model
achieved the best performance with an AUC of 92.97%,
PRAUC of 75.44%, and sensitivity of 79.63%, demonstrating
effective fibrosis risk screening. The framework provides a
cost-effective and practical solution for clinical decision sup-
port; however, it is specifically designed for NAFLD-related
fibrosis prediction and lacks explainable Al techniques and
external validation across diverse populations [20].

Recent studies have demonstrated that machine learning
techniques significantly improve diabetes risk prediction by
effectively modeling complex relationships among clinical
and demographic risk factors. Ensemble learning algorithms,
including Random Forest, Gradient Boosting, XGBoost,
LightGBM, AdaBoost, and Random Survival Forest, have
consistently shown superior predictive performance across
diverse diabetes datasets. Several studies have also incor-
porated feature selection methods and explainable artificial
intelligence techniques to identify clinically relevant predic-
tors and improve model transparency. However, most existing
approaches primarily emphasize prediction accuracy while
paying limited attention to simultaneous feature optimiza-
tion, comprehensive interpretability, cross-dataset validation,
and clinical applicability. These limitations highlight the
need for an integrated machine learning framework that com-
bines efficient feature selection, robust predictive modeling,
explainable artificial intelligence, and extensive validation
for reliable diabetes risk prediction.

B. METAHEURISTIC OPTIMIZATION FOR FEATURE
SELECTION

Selection of features is an important step in enhancing the
performance of predictions and minimizing the complexity of
models in health care. There have been various metaheuristic
optimization techniques developed that aid in determining
the optimal subsets of features.

Some of the optimization techniques employed are Ge-
netic Algorithm (GA), Particle Swarm Optimization (PSO),
Ant Colony Optimization (ACO), Grey Wolf Optimization
(GWO), Firefly Algorithm (FA), and Whale Optimization
Algorithm (WOA). Of these, WOA has been widely used due
to its efficient combination of exploration and exploitation
based on the bubble-net approach of humpback whales.

There have been several attempts at incorporating opti-
mization techniques along with the machine learning clas-
sification technique for better prediction of diabetes. How-
ever, the traditional approaches for feature selection usually
focus on achieving higher classification accuracy while not
considering the aspect of feature reduction and interpretation.
Moreover, most of the optimization techniques exhibit an
issue of premature convergence with lack of diversity in later
iterations.

Ozkan et al. proposed an optimization-driven hybrid ma-
chine learning framework for automatic brain tumor classifi-
cation using MRI images. The study utilized a dataset of 834
MRI images and employed YOLOv11 for tumor localization,
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entropy-based feature extraction, and the Superb Fairy-Wren
Optimization Algorithm (SFOA) for feature selection, with
comparisons against PSO, HHO, and PO. The proposed
SFOA-KNN model reduced the feature set from 39 to 5
features while achieving 99.20% classification accuracy, out-
performing the comparative optimization methods and SVM
classifier. The framework improved diagnostic accuracy and
computational efficiency; however, it was evaluated on a sin-
gle MRI dataset and did not incorporate explainable artificial
intelligence techniques to enhance clinical interpretability
[21].

Francis et al. presented a systematic literature review on
metaheuristic-based cyberattack detection techniques for the
Industrial Internet of Things (IIoT), analyzing 36 recent stud-
ies. The review examined machine learning and deep learning
frameworks integrated with metaheuristic feature selection
(MFS) algorithms and categorized them into Swarm Intel-
ligence (SI), Evolutionary Algorithms (EA), Physics-Based
(PHY), and Human-Behavior-Inspired (HBI) approaches.
The analysis revealed that SI-based MFS was the most
widely adopted approach, appearing in 25 of the 36 studies,
while hybrid MFS frameworks achieved improved detection
accuracy on benchmark datasets. The review provides a com-
prehensive overview of existing methodologies and identifies
research gaps; however, it is limited to qualitative analysis
and does not experimentally validate the reported techniques
[22].

Mudassar et al. proposed a hybrid machine learning frame-
work for short-term wind power forecasting by integrating
Grey Wolf Optimization (GWO) for feature selection with
a Double Attention Gated Recurrent Unit (DAGRU) model.
The study evaluated the proposed framework using data from
seven European wind farms and the ELIA dataset, where
GWO combined with XGBoost identified the most infor-
mative features before time-series prediction. Experimental
results demonstrated that the GWO-DAGRU model achieved
superior forecasting accuracy and robustness compared with
existing methods, with statistical significance validated using
the Wilcoxon signed-rank test. The framework effectively
improved feature selection and prediction performance; how-
ever, it was developed specifically for wind power forecasting
and its applicability to other domains requires further inves-
tigation [23].

Ziane et al. proposed a hybrid metaheuristic feature se-
lection framework for diabetes prediction by combining Par-
ticle Swarm Optimization (PSO) and Grey Wolf Optimizer
(GWO) with an adaptive fitness function. The study eval-
uated the proposed approach on the Pima Indians, Frank-
furt Hospital, and Iraq diabetes datasets using Random For-
est, Support Vector Machine (SVM), k-Nearest Neighbors
(kNN), and Logistic Regression classifiers with stratified
five-fold cross-validation. The optimized Random Forest
classifier achieved a mean accuracy of 84.74%, while the
hybrid feature selector reduced the feature set by approxi-
mately 26% without compromising predictive performance.
The proposed framework improved classification accuracy

VOLUME 4, 2016



Sumalatha U et al.: MO-AIWOA-XAI

IEEE Access

and model interpretability through effective feature selection;
however, it did not incorporate explainable Al techniques or
external validation to assess clinical generalizability [24].

Sarker et al. proposed a metaheuristic-based machine
learning framework for early-stage diabetes prediction by
integrating the Fox Optimizer (FOX), Honey Badger Algo-
rithm (HBA), and Tuna Swarm Optimization (TSO) with a
Random Forest classifier. The study utilized the Early Stage
Diabetes Risk Prediction dataset comprising 520 subjects
with 16 predictors and employed SHAP to interpret feature
importance and individual predictions. Among the proposed
models, TSO_RF achieved the best performance with 100%
accuracy without cross-validation and a mean 10-fold cross-
validation accuracy of 98.14%, while reducing the feature set
to 14 attributes. The proposed framework improved predic-
tion accuracy, feature reduction, and model interpretability;
however, it was evaluated on a single dataset and lacked ex-
ternal validation to demonstrate its generalizability in diverse
clinical settings [25].

Adamu et al. proposed a hybrid metaheuristic feature se-
lection framework, WaOA-MRFO, for cardiovascular disease
prediction by combining the Walrus Optimization Algorithm
(WaOA) and Manta Ray Foraging Optimization (MRFO)
with adaptive diversity control. The study evaluated the pro-
posed model on the Cleveland Heart Disease dataset using
nested 5x5 cross-validation and further validated it on an
independent three-site cohort. WaOA-MRFO achieved com-
petitive predictive performance while reducing the feature
set by approximately 67%, identifying a stable four-feature
subset with strong cross-institutional transferability and en-
hanced process-level interpretability through EvoMapX anal-
ysis. The proposed framework improved feature selection
transparency and reproducibility; however, it was developed
specifically for cardiovascular disease prediction and its ap-
plicability to other medical domains requires further investi-
gation [26].

Sokoot et al. proposed a hybrid machine learning frame-
work for early diabetes diagnosis by integrating Borderline
Synthetic Minority Oversampling Technique (BSMOTE), k-
Nearest Neighbors (k-NN) imputation, the Giza Pyramids
Construction (GPC) algorithm, and an ensemble classifier
comprising k-NN, Support Vector Machine (SVM), Random
Forest (RF), and Extreme Learning Machine (ELM). The
proposed framework was evaluated on the PIMA Indians Di-
abetes Dataset (PIDD), where BSMOTE addressed class im-
balance, k-NN handled missing values, and majority voting
combined the predictions of multiple classifiers. Experimen-
tal results achieved prediction accuracies ranging from 91%
t0 93.9%, demonstrating improved performance over existing
approaches. The framework effectively handled imbalanced
and incomplete datasets while improving diagnostic accu-
racy; however, it relied on a single benchmark dataset and did
not incorporate explainable artificial intelligence techniques
or external validation to assess model generalizability [27].

Middha et al. proposed a hybrid optimization and deep
learning framework for Type 2 Diabetes Mellitus (T2DM)
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prediction by integrating Yeo—Johnson transformation, Jaya-
Dingo Optimization Algorithm (Jaya-DOA) for feature selec-
tion, and a hybrid Rider Neural Network (RideNN) and Deep
Residual Network (DRN) classifier. The proposed framework
was evaluated using the PIMA Indians Diabetes dataset and
a gene expression dataset, where data augmentation and
JCMRO-based classifier optimization were employed to im-
prove predictive performance. Experimental results achieved
a testing accuracy of 91% on both datasets, demonstrating
the effectiveness of the hybrid optimization strategy. The
proposed framework enhanced feature selection and classi-
fication performance; however, it involved a computationally
complex architecture and lacked explainable artificial intel-
ligence techniques and extensive external clinical validation
[28].

Anam et al. proposed a diabetes prediction framework by
integrating a Random Forest Classifier (RFC) with Binary
Grey Wolf Optimization-based Feature Selection (BGWO-
FS) and hyperparameter tuning. The proposed approach was
evaluated using two independent diabetes datasets with dif-
ferent clinical characteristics, and SHAP was employed to
interpret the selected clinical features. Experimental results
achieved test accuracies of 78.2% and 78.8% with F1-scores
of 75.3% and 70.0%, demonstrating improved predictive
performance, computational efficiency, and model stability
compared with GA-FS- and BPSO-FS-based approaches.
The framework enhanced feature selection, interpretability,
and generalizability; however, its predictive performance re-
mained moderate, indicating the need for further optimiza-
tion and validation on larger multicenter clinical datasets
[29].

Recent studies have shown that machine learning com-
bined with metaheuristic optimization significantly improves
diabetes risk prediction by enhancing feature selection and
classification performance. Algorithms such as PSO, GWO,
BGWO, FOX, HBA, and TSO have been integrated with
classifiers including Random Forest, LightGBM, SVM, and
k-NN to identify informative features while reducing redun-
dancy. Although some studies employ SHAP to improve
interpretability, most focus primarily on predictive accu-
racy using a single dataset, with limited attention to multi-
objective optimization, comprehensive explainability, cross-
dataset validation, and clinical applicability.

C. EXPLAINABLE ARTIFICIAL INTELLIGENCE FOR
DIABETIS PREDICTION

Even though machine learning algorithms are capable of at-
taining very accurate predictions, their usage in the domain of
healthcare is hindered because of their lack of interpretability.
The decision-making process in clinical practice demands
reliable and understandable predictions which should be val-
idated by healthcare practitioners.

Explainable Artificial Intelligence (XAI) represents a
promising area of research for solving these problems. SHap-
ley Additive exPlanations (SHAP) help to obtain global and
local explanations as they measure the effect that features
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have on model predictions through cooperative game theory
approaches. Local Interpretable Model-Agnostic Explana-
tions (LIME) build surrogate models to interpret predictions
locally. Lately, Diverse Counterfactual Explanations (DiCE)
were developed to discover actionable explanations of what
changes should be done to change the prediction results.

Several works have used SHAP and LIME in their models
for explaining cardiovascular disease, diabetes, cancer, and
chronic disease prediction models. However, most of the
models proposed for the prediction of diabetes are limited
to using SHAP and LIME as post-hoc techniques without
considering the evaluation of the explanation consistency
and stability. Moreover, SHAP, LIME, and counterfactual
explanation have not been combined in diabetes prediction
models.

Ahmed et al. proposed an explainable machine learn-
ing framework for personalized post-prandial glucose ex-
cursion (PPGE) prediction using continuous glucose moni-
toring (CGM) data from the CGMacros cohort. The study
employed a LightGBM regression model with participant-
grouped cross-validation and SHAP-based interpretability,
utilizing 23,519 meal-CGM pairs collected from eight partic-
ipants. The proposed model achieved a mean absolute error
of 22.44 mg/dL and an R? value of 0.549, while SHAP
analysis identified pre-meal glucose slope, baseline glucose,
and short-term variability as the most influential predictors.
The framework improved personalized glycemic prediction
and model interpretability; however, it was evaluated on a
limited number of participants and lacked comprehensive
nutritional information, which may affect its generalizability
[30].

Mukherjee et al. proposed an Internet of Things (IoT)-
enabled diabetes monitoring framework that integrates a Tab-
Transformer model with Explainable Artificial Intelligence
(XAI) techniques for real-time diabetes risk prediction. The
framework was evaluated using the Pima Indians Diabetes
and UCI Early Stage Diabetes Risk Prediction datasets,
where SHAP and LIME were employed to interpret model
predictions and IoT devices continuously monitored patient
glucose levels. The proposed TabTransformer achieved an
accuracy of 94.50%, outperforming Random Forest, Logistic
Regression, and TabNet while demonstrating stable perfor-
mance through cross-validation. The framework enhanced
real-time diabetes monitoring, prediction accuracy, and inter-
pretability; however, its practical deployment and scalability
in real-world IoT healthcare environments require further
clinical validation [31].

Rossi et al. proposed the Diabetes Risk via Explainable
Al Modeling (D.R.E.A.M.) framework for Type 2 Diabetes
Mellitus (T2DM) risk prediction using the PIMA Indians
Diabetes and BRFSS 2015 datasets. The framework inte-
grated clinically guided feature engineering, class balancing,
ensemble classifiers including Random Forest, XGBoost,
and LightGBM, precision-recall curve-based threshold opti-
mization, and SHAP for model interpretability. All models
achieved AUC values above 0.83 and Fl-scores of 0.78,
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while the Random Forest model provided the best balance
between sensitivity and interpretability for clinical decision
support. The proposed framework enhanced calibrated prob-
abilistic prediction and explainability; however, its real-world
clinical deployment and validation across diverse healthcare
settings require further investigation [32].

Wang et al. developed ensemble machine learning models
to predict health-related quality of life (HRQoL) in patients
with diabetes using social determinants of health (SDoH).
The study utilized the 2017 Behavioral Risk Factor Surveil-
lance System (BRFSS) dataset comprising 4,946 adults with
diabetes and evaluated multiple machine learning algorithms
using demographic, socioeconomic, behavioral, and clinical
features. The AdaBoost model achieved the best performance
with an AUROC of 0.70, an accuracy of 65%, a precision
of 68%, a recall of 73%, and an Fl-score of 0.70. The
proposed framework demonstrated the potential of SDoH-
based machine learning for early risk stratification; however,
its moderate predictive performance and lack of external
validation and calibration optimization limit its immediate
clinical applicability [33].

Cichosz et al. developed explainable machine learning
models to predict week-to-week risks of hyperglycemia,
hypoglycemia, and glycemic variability using continuous
glucose monitoring (CGM) data from patients with Type 1
diabetes. The study utilized 46,593 weeks of CGM data from
187 patients for model development and internally validated
Logistic Regression, XGBoost, and TabNet models, followed
by external validation on two independent cohorts compris-
ing 223 additional patients. The XGBoost model achieved
the best performance with ROC-AUC values of 0.90, 0.89,
and 0.80 for predicting hyperglycemia, hypoglycemia, and
glycemic variability, respectively, while maintaining good
generalizability across external cohorts. The proposed frame-
work demonstrated accurate and explainable prediction of
glycemic instability; however, it was designed specifically for
Type 1 diabetes using CGM data, limiting its applicability to
broader diabetes populations without further validation [34].

Ghaderzadeh et al. developed an interpretable Extra Trees
Classifier (ETC) framework for early Type 2 Diabetes Melli-
tus (T2DM) prediction using data from the PERSIAN Dena
Cohort comprising 3,203 adults. The study employed feature
selection, randomized hyperparameter optimization, isotonic
regression for probability calibration, and SHAP with Morris
sensitivity analysis to improve model interpretability, eval-
uating the framework through ten-fold cross-validation and
an 80/20 hold-out validation. The optimized ETC achieved
a cross-validated accuracy of 69% with an AUC of 0.69,
while SHAP identified fasting blood sugar, fatty liver status,
age, kidney stone history, and triglycerides as the most influ-
ential predictors. The proposed framework enhanced model
transparency, calibration, and fairness; however, its moderate
predictive performance and limited validation within a single
cohort indicate the need for further optimization and external
multicenter validation [35].

Kim et al. developed an explainable machine learning
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framework for depression prediction using data from the
2021 National Mental Health Survey of Korea, compris-
ing 5,511 adults. The study evaluated multiple feature se-
lection methods, including ReliefF, Markov Blanket, and
Information Gain, across 12 machine learning classifiers,
while SHAP was employed to provide model interpretability.
The Stacking classifier with ReliefF achieved the highest
performance (F2-score = 0.9851), whereas Markov Blanket
performed best with ExtraTrees and LightGBM, identify-
ing loneliness, reluctance to seek professional help, qual-
ity of life, and physical comorbidities as key predictors.
The proposed framework improved prediction accuracy and
interpretability through a dual-layer feature selection and
SHAP approach; however, it was validated only on a Korean
population, limiting its generalizability to other demographic
groups [36].

Recent studies have shown that machine learning com-
bined with metaheuristic optimization and explainable Al im-
proves disease prediction by enhancing feature selection, pre-
dictive performance, and model transparency. Ensemble clas-
sifiers integrated with optimization algorithms have demon-
strated promising results across various clinical datasets,
while SHAP and LIME have improved interpretability. How-
ever, most existing approaches emphasize predictive accu-
racy using single datasets, with limited attention to multi-
objective optimization, comprehensive explainability, cross-
dataset validation, calibration, and clinical applicability.

D. ENSEMBLE LEARNING AND HYPERPARAMETER
OPTIMIZATION

The increasing use of ensemble learning algorithms in health-
care data analytics is attributed to their reliability and en-
hanced performance capabilities. The commonest ensemble
learners used in medical structured data include Random For-
est, Extra Trees, Gradient Boosting, XGBoost, LightGBM,
and CatBoost.

The current literature has shown that hyperparameter tun-
ing helps to enhance the performance of ensemble learn-
ing algorithms. Hyperparameter tuning strategies like Grid
Search, Random Search, Bayesian Optimization, and Optuna
have been applied in the process of finding the best configu-
ration for parameters. Optuna has received significant interest
due to its efficiency and reduced computation cost.

Kundu et al. developed a multiclass machine learning
framework to classify diabetes, prediabetes, and non-diabetes
using data from the Bangladesh Demographic and Health
Survey (BDHS) 2017-18. The study employed Recursive
Feature Elimination with Cross-Validation (RFECV), hy-
perparameter tuning using Grid Search, and six machine
learning algorithms, including Gradient Boosting Machine
(GBM), Random Forest (RF), Support Vector Machine
(SVM), k-Nearest Neighbors (KNN), Naive Bayes (NB),
and Multinomial Logistic Regression (MLR). The optimized
GBM model achieved the best performance with an accuracy
of 74.4%, precision of 66.5%, Fl-score of 65.8%, and an
AUC of 66.7%. The proposed framework enabled multiclass
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diabetes risk stratification for targeted screening; however,
its moderate predictive performance and lack of explainable
Al techniques and external validation may limit its clinical
applicability [37].

Ulum et al. proposed a diabetes prediction framework by
integrating the Extreme Gradient Boosting (XGBoost) algo-
rithm with the Synthetic Minority Over-sampling Technique
(SMOTE) and Bayesian Optimization for hyperparameter
tuning. The study utilized the Pima Indians Diabetes Dataset
comprising 768 patient records and employed SMOTE to
address class imbalance, followed by Stratified 5-Fold Cross-
Validation to optimize model performance. The optimized
XGBoost model achieved an accuracy of 88%, precision of
79%, recall of 91%, Fl1-score of 84%, and ROC-AUC of
0.955. The proposed framework effectively improved dia-
betes classification by handling imbalanced data and optimiz-
ing model parameters; however, it was evaluated on a single
benchmark dataset and lacked explainable Al techniques and
external validation to demonstrate clinical generalizability
[38].

Dhanka et al. conducted a systematic literature review on
hybrid optimization frameworks that integrate hyperparame-
ter tuning and feature selection to improve machine learning-
based disease classification. The review analyzed studies
on cardiovascular disease, diabetes, cancer, oncological, and
metabolic disorders, focusing on Bayesian optimization, grid
search, metaheuristic algorithms, and feature selection tech-
niques such as filter, wrapper, and embedded methods. The
findings showed that hybrid optimization strategies improved
diagnostic accuracy by 12-15% compared with sequential
optimization approaches while enhancing computational effi-
ciency and model interpretability. The review provides valu-
able guidelines for designing clinically applicable machine
learning models; however, it is based on comparative analysis
of existing studies and does not include experimental valida-
tion of the proposed optimization frameworks [39].

Resma et al. developed an ensemble machine learning
framework to predict diabetes mellitus and identify its associ-
ated risk factors among adults in northern Bangladesh using
data from 1,408 participants. The study employed Recursive
Feature Elimination (RFE), Random Forest feature impor-
tance, and Best First Search for feature selection, followed by
six machine learning models and a stacking ensemble model,
with SHAP analysis and multivariable logistic regression
used for model interpretation and validation. The stacking
ensemble achieved the best performance with an accuracy of
91.67% and an AUC of 0.967, while SHAP identified age,
family history of diabetes, BMI, dietary behaviors, family
income, and gender as the most influential predictors. The
proposed framework improved predictive performance and
interpretability through ensemble learning and explainable
Al; however, it was validated on a single regional cohort,
limiting its generalizability to broader populations [40].

Alam et al. developed an optimized machine learning
framework for early Type 2 Diabetes Mellitus (T2DM) pre-
diction using a dataset of 485 patients from Bangladesh.
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The study evaluated eight machine learning algorithms with
GridSearchCV-based hyperparameter tuning and five class-
balancing techniques, including SMOTE, ADASYN, Ran-
dom Oversampling, Random Undersampling, and SMOTE-
Tomek. The optimized Random Forest model combined with
Random Oversampling achieved the best performance, ob-
taining 99.50% accuracy, 99.50% F1-score, and an AUC of
0.98. The proposed framework effectively addressed class
imbalance and improved predictive performance; however, it
was evaluated on a relatively small regional dataset and did
not incorporate explainable artificial intelligence techniques
or external validation to assess its clinical generalizability
[41].

Valilou et al. proposed a deep learning framework for
diabetes prediction by integrating CatBoost, Convolutional
Neural Networks (CNN), and Bidirectional Long Short-
Term Memory (Bi-LSTM) networks with Mountain Gazelle
Optimizer (MGO)-based hyperparameter tuning. The study
utilized the Pima Indians Diabetes Dataset and employed Re-
cursive Feature Elimination (RFE) to select the most relevant
features for model development. The proposed framework
achieved an accuracy of 95.5%, precision of 96%, recall
of 95%, and Fl-score of 95%, outperforming conventional
machine learning and standalone deep learning models. The
framework improved prediction accuracy and feature in-
terpretability through optimized deep learning and feature
selection; however, it was evaluated on a single benchmark
dataset and lacked external clinical validation to demonstrate
its generalizability [42].

Recent studies have shown that optimization-driven ma-
chine learning and deep learning models substantially im-
prove diabetes prediction by enhancing feature selection, hy-
perparameter tuning, and classification accuracy. Explainable
Al techniques have further increased model transparency by
identifying clinically significant predictors. However, most
existing approaches rely on single datasets and empha-
size predictive performance, with limited focus on multi-
objective optimization, comprehensive explainability, cross-
dataset validation, calibration, and clinical applicability.

E. CROSS-DATASET VALIDATION AND TRUSTWORTHY
CLINICAL Al

Most diabetes prediction algorithms are validated using a sin-
gle dataset and classic training-testing splitting approaches.
Even though the form of evaluation gives some insights into
model quality, it does not give adequate information about
model generalizability and robustness on diverse patients.
Recently, cross-dataset validation became widely recog-
nized as an efficient method of evaluating machine learning
algorithms in healthcare applications. By applying valida-
tion of algorithms on different datasets, one may analyze
their robustness, transferability, and applicability in the real
world. Furthermore, the methods of calibration analysis, de-
cision curve analysis, bootstrapping, and statistics, such as
Matthews Correlation Coefficient (MCC), Cohen’s Kappa,
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and Precision-Recall Area Under Curve (PR-AUC), became
important in evaluation of trustable Al systems in healthcare.

Muntaha et al. proposed a multi-disease machine learning
framework for predicting diabetes while simultaneously an-
alyzing associated kidney and cardiovascular disorders. The
study utilized three publicly available datasets and applied a
unified preprocessing pipeline, mutual information ranking,
model-based feature selection, and seven supervised machine
learning classifiers evaluated using stratified k-fold cross-
validation. Among the evaluated models, Random Forest
achieved the best performance with an accuracy of 76%
and an ROC-AUC of 0.823, while glucose, BMI, and blood
pressure were consistently identified as the most significant
shared predictors across the three diseases. The proposed
framework improved integrated chronic disease risk assess-
ment by identifying common clinical risk factors; however,
its predictive performance remained moderate and further
validation on larger multicenter datasets is required [43].

Hudumula et al. proposed a stacking ensemble frame-
work for diabetes prediction by integrating Random For-
est, XGBoost, LightGBM, Support Vector Classifier, and
a Deep Neural Network with Logistic Regression as the
meta-classifier. The framework was evaluated on three pub-
licly available datasets, namely the Pima Indians Diabetes
Dataset, Frankfurt Hospital Diabetes Dataset, and CDC
BRFSS Survey, while SHAP, LIME, and Kendall’s 7 were
employed to assess model interpretability and explanation
consistency. The proposed ensemble achieved AUC values of
0.901, 0.817, and 0.859 on the Pima, Frankfurt, and BRFSS
datasets, respectively, with strong SHAP-LIME agreement
observed on clinical datasets. The framework improved pre-
dictive performance, cross-dataset evaluation, and explana-
tion reliability; however, the lower interpretability agreement
on heterogeneous population-level data indicates the need
for more robust explainability methods for diverse real-world
datasets [44].

Ansari et al. proposed a leakage-safe benchmarking frame-
work for multi-disease prediction by evaluating six con-
ventional machine learning models, namely Support Vector
Machine (SVM), Logistic Regression (LR), Random Forest
(RF), XGBoost, Decision Tree (DT), and k-Nearest Neigh-
bors (KNN). The framework was assessed on three bench-
mark disease datasets using nested cross-validation, while
Local Interpretable Model-Agnostic Explanations (LIME)
and Permutation Feature Importance (PFI) were employed to
provide local and global model interpretability. Experimental
results showed that Random Forest and XGBoost achieved
the highest classification accuracy, whereas SVM and Lo-
gistic Regression obtained superior ROC-AUC performance
under outer-fold validation. The proposed framework es-
tablished a robust and interpretable benchmarking pipeline
for disease prediction; however, it focused on comparative
evaluation rather than developing a novel predictive model
and requires validation on larger real-world clinical datasets
[45].

Khan et al. proposed an interpretable hybrid machine
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learning framework for Type 2 Diabetes Mellitus (T2DM)
prediction using structured Electronic Health Record (EHR)
data. The framework integrated systematic data preprocess-
ing, Random Forest-based feature selection, SHAP explain-
ability, and domain-aware model validation, and was eval-
uated on the Pima Indians Diabetes, UCI Diabetes 130-US
Hospitals, MIMIC-III, and a simulated longitudinal EHR
dataset. The Random Forest + SHAP model achieved the
best performance with an accuracy of 91% and an AUROC
of 0.93, while identifying glucose, HbAlc, insulin, BMI,
and blood pressure as the most influential clinical predic-
tors. The proposed framework improved prediction accuracy,
interpretability, and clinical applicability; however, its effec-
tiveness requires further validation on large real-world mul-
ticenter EHR datasets to establish broader generalizability
[46].

Presitha et al. proposed a deep learning framework for
diabetic retinopathy (DR) detection and severity classi-
fication using retinal fundus images. The study evalu-
ated Inception-ResNet-V2, EfficientNet-B4, and ConvNeXt-
Small on the APTOS 2019 and DDR datasets, employing
ordinal learning for severity classification, bootstrap con-
fidence intervals, McNemar’s significance test, and Grad-
CAM for model explainability. Experimental results demon-
strated that ConvNeXt-Small achieved superior cross-dataset
generalization, while ordinal learning significantly improved
severity classification accuracy and agreement. The proposed
framework enhanced robustness, interpretability, and cross-
dataset performance for DR screening; however, it requires
validation on larger multicenter clinical datasets to establish
its real-world applicability [47].

Soomro et al. proposed a leakage-safe machine learn-
ing framework for diabetes classification by incorporating
fold-contained preprocessing and multi-seed stratified 10-
fold cross-validation to ensure unbiased model evaluation.
The framework was evaluated on the Pima Indians Diabetes
Dataset and the Early-Stage Diabetes Risk Dataset using
six machine learning models, including Logistic Regression,
Random Forest, Feedforward Neural Network, Backpropa-
gation Neural Network, General Regression Neural Network
(GRNN), and Artificial Bee Colony Optimized Feedforward
Neural Network (ABC-FFNN). Experimental results showed
that GRNN achieved the best predictive performance with
ROC-AUC values of 0.837 and 0.998 on the two datasets,
respectively, while also demonstrating superior probability
calibration. The proposed framework improved evaluation
reliability and predictive performance by eliminating data
leakage; however, it did not incorporate explainable artificial
intelligence techniques to enhance model interpretability for
clinical decision-making [48].

Seyedi et al. proposed an interpretable ensemble learning
framework for diabetes prediction using clinical and demo-
graphic data collected from two regional datasets and their
merged cohort. The framework incorporated class-aware im-
putation, data standardization, Synthetic Minority Oversam-
pling Technique (SMOTE), and a soft-voting ensemble of
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Random Forest, Gradient Boosting, and Logistic Regression,
while SHAP was employed to explain feature contributions.
Experimental results achieved an average ROC-AUC above
0.95 with balanced precision and recall across all datasets,
demonstrating stable cross-dataset performance and reliable
risk estimation. The proposed framework enhanced predic-
tion accuracy, interpretability, and reproducibility; however,
its effectiveness was evaluated only on regional cohorts, and
further validation on larger multicenter or federated datasets
is required to establish broader clinical generalizability [49].

Recent studies have shown that machine learning and
deep learning models combined with optimization techniques
and explainable Al substantially improve diabetes predic-
tion by enhancing feature selection, hyperparameter tuning,
predictive accuracy, and interpretability. Although several
studies employ ensemble learning, leakage-free validation,
and multi-dataset evaluation, most primarily focus on predic-
tive performance with limited emphasis on multi-objective
optimization, explanation stability, comprehensive statistical
validation, and clinically deployable decision support sys-
tems.

F. RESEARCH GAPS AND MOTIVATION

However, despite the great progress achieved in diabetes pre-
diction via machine learning approaches, a few key problems
are yet to be solved. Firstly, the majority of current models
pay little attention to feature selection and computational ef-
ficiency while trying to achieve maximum performance. Sec-
ondly, the optimization-based feature selection approaches
suffer from the lack of explainability mechanisms, making
them unsuitable for use in a clinical setting. Thirdly, most
of the studies used only one dataset and no cross-dataset
testing was conducted. Finally, little attention has been paid
to explainability, calibration, decision-curve analysis, and
counterfactual reasoning.

To fill the research gap, the current paper suggests a Multi-
Objective Adaptive Improved Whale Optimization Explain-
able Artificial Intelligence (MO-AIWOA-XAI) framework
which will incorporate multi-objective feature selection,
Optuna-optimized Extra Trees classification, SHAP, LIME,
DiCE, calibration, decision curve analysis, and cross-dataset
testing. It is expected that the proposed framework will allow
to build an accurate, explainable, and clinically applicable
tool for diabetes risk prediction with minimal number of
features required.

lll. PROPOSED MO-AIWOA-XAI FRAMEWORK AND
RESULT ANALYSIS

A. DATASET DESCRIPTION

To assess the performance of the MO-AIWOA-XAI frame-
work in terms of its efficiency, resilience, and generalization
ability, experiments have been conducted using two different
public databases for diabetes testing: the PIMA Indians Dia-
betes Database and the Early Stage Diabetes Risk Prediction
Database. The above-mentioned databases are based on two
diabetes test procedures — physiological parameters-based
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diagnosis and symptoms-based early diabetes prediction.
Using several different datasets makes it possible to get an
unbiased evaluation of the algorithm’s performance.

1) PIMA Indians Diabetes Dataset

PIMA Indians Diabetes Dataset is considered one of the
most popular benchmarking data sets in diabetes predictions
researches. This data set was first compiled by the National
Institute of Diabetes and Digestive and Kidney Diseases
(NIDDK) and includes medical information about women of
Pima Indian origin with age 21 and older.

In total there are 768 patients in the data set and eight
clinical predictors along with one binary target attribute. The
chosen clinical attributes are considered clinically important
physiological measures concerning diabetes development
and growth. These attributes include plasma glucose concen-
tration, blood pressure, body mass index, insulin, skin fold
thickness, age, diabetes pedigree function, and pregnancy
status.

Several attributes have physiologically implausible zeros
which are regarded as missing values. Thus, proper data
preparation and imputation techniques were conducted be-
fore modeling. Due to clinical significance and popularity of
the data set it can be considered a benchmark for diabetes pre-
dictions research and allows comparing results with already
existing publications. The dataset is publicly available at:

https://archive.ics.uci.edu/dataset/34/diabetes.

2) Early Stage Diabetes Risk Prediction Dataset

The Early Stage Diabetes Risk Prediction Dataset has been
created to assist in detecting diabetes at an early stage based
on the assessment of symptoms. As opposed to the Pima
dataset, which has been created with the emphasis on lab-
oratory tests and physiological measurements, the current
dataset highlights demographic information and the symp-
toms of diabetes.

The dataset includes 520 records of patients with 16 pre-
dictor variables and one target variable representing whether
diabetes was detected as positive or negative. Age, gender,
polyuria, polydipsia, sudden weight loss, weakness, polypha-
gia, genital thrush, visual blurring, itching, irritability, de-
layed healing, partial paresis, muscle stiffness, alopecia, and
obesity are some of the variables included in the current
dataset.

As mentioned above, the current dataset can be used
for assessing machine learning models in screening settings
where laboratory tests cannot be performed right away. Thus,
by including symptoms into consideration, the dataset offers
additional information about patients compared to the phys-
iological measurements provided by the Pima dataset. The
dataset is publicly available at:

Diabetes dataset focuses on symptom-oriented clinical obser-
vations. The complementary nature of these datasets enables
comprehensive evaluation of the proposed framework under
different diagnostic conditions.

Figure 1 illustrates the class distributions of both datasets
before preprocessing. The PIMA dataset exhibits a moder-
ate class imbalance, while the Early Stage Diabetes dataset
demonstrates a relatively higher proportion of positive cases.
To mitigate the impact of class imbalance on predictive per-
formance, appropriate resampling techniques were employed
during preprocessing.

The use of two independent datasets enables rigorous
evaluation of the proposed framework’s predictive capabil-
ity, interpretability, and generalization performance. Further-
more, cross-dataset validation experiments were conducted
to investigate the transferability of the learned patterns across
diverse patient populations and different diabetes prediction
scenarios.

B. DATA PREPROCESSING

Data preprocessing plays a key role in building effective and
resilient machine learning models, especially in health care
scenarios where the quality of data impacts model predic-
tion accuracy. In such a clinical dataset, some instances of
missing data, measurement inconsistencies, class imbalance,
and redundancy may arise, which can negatively impact
model training and generalization processes. For this reason,
a proper data preprocessing pipeline was employed for the
diabetes datasets.

The overall preprocessing workflow adopted in the study is
illustrated in Figure 2. The pipeline consists of missing value
treatment, feature engineering, normalization, categorical en-
coding, class balancing, and correlation analysis.

1) Missing Value Handling

In general, missing data is quite frequent in the medical
dataset and can either be a source of bias or lead to lower pre-
dictive performance. For example, there are several clinical
measurements in the PIMA Indians Diabetes Dataset includ-
ing glucose concentration, blood pressure, skin thickness,
insulin level, and body mass index where zero values are
physiologically impossible and therefore considered missing
values.

K-Nearest Neighbor (KNN) imputation was chosen in
order to maintain the data distribution and prevent any infor-
mation loss from the dataset. The KNN imputation fills in the
missing values according to the values of the samples that are
close in terms of their features. As opposed to using median
or mean imputation, KNN imputation helps to keep the data

https://archive.ics.uci.edu/dataset/329/early+stage+diabetes+ris 1-|§trr1<le)('1111(1:9112)rlll-li-t&e(f%élset

Table 1 summarizes the key characteristics of both
datasets. The PIMA dataset primarily captures physiological
and biochemical measurements, whereas the Early Stage

10

or categorical data in the Early Stage Diabetes Dataset,
missing values are replaced by the value with the highest
frequency.

VOLUME 4, 2016



Sumalatha U et al.: MO-AIWOA-XAI

IEEE Access

(a) PIMA Indians Diabetes Dataset
(768 samples, 8 features)

TABLE 1: Characteristics of the Diabetes Datasets Used in the Study

Characteristic PIMA Indians Dataset Early Stage Diabetes Dataset
Number of Instances 768 520

Number of Features 8 16

Target Classes 2 2

Data Type Clinical Measurements Symptoms and Demographics
Age Group Adult Females Mixed Population

Class Labels Diabetes / Non-Diabetes Positive / Negative

Primary Application Clinical Diagnosis Early Risk Screening
Feature Type Numerical Clinical Variables Categorical and Numerical Variables
Validation Purpose Physiological Risk Assessment Symptom-Based Risk Assessment

(b) Early Stage Diabetes Risk Prediction Dataset
(520 samples, 16 features)

Class Distribution (Before Preprocessing) Class Distribution (Before Preprocessing)
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FIGURE 1: Class distribution of the PIMA Indians Diabetes Dataset and Early Stage Diabetes Risk Prediction Dataset before
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FIGURE 2: Data preprocessing workflow adopted in the proposed diabetes prediction framework.

2) Feature Engineering
Feature engineering was performed to capture nonlin-

ear interactions among clinical variables and enhance the relevant features.
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predictive capability of the classification model. Several
interaction-based attributes were generated from clinically
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Examples include:
o Age x BMI

o Glucose x BMI
o Age x Glucose

The engineering of these traits provides further information
concerning the joint impact of physiological and demo-
graphic characteristics in terms of the risk of diabetes. The
use of the interaction variables enables the model to incor-
porate interactions which would otherwise remain hidden if
considered separately.

3) Data Normalization
The variables in the datasets vary based on their measurement
scale and unit. For instance, the variables of glucose con-
centration, insulin, age, and body mass index have varying
values. The performance of optimization and learning algo-
rithms may get affected because of this.

In order to normalize these variables, Min-Max Normal-
ization was performed using:

X - Xmin

Xnorm = Xmax — Xmin (1)

where X denotes the original feature value, while X,,;,
and X4, represent the minimum and maximum values of
the corresponding feature.

This transformation scales all numerical variables to the
interval [0,1], improving optimization efficiency and enhanc-
ing classifier convergence.

4) Categorical Encoding
Several categorical features have been included in the Early
Stage Diabetes Dataset, which include symptoms and de-
mographics. Categorical data cannot be used by machine
learning algorithms unless they are converted to numbers. In
this dataset, binary features like polyuria, polydipsia, obesity,
and weakness have been encoded to numerical format.

This ensures that the data remains meaningful and does not
have any artificial ordering between the different classes.

5) Class Imbalance Handling

Class imbalance can be a problem in healthcare data, and this
might lead to a bias towards the majority class in the predic-
tive model. In order to resolve this problem, the Synthetic
Minority Over-sampling Technique along with Tomek Links
(SMOTE-Tomek) technique was used.

The SMOTE technique produces artificial examples of the
minority class by generating examples between neighboring
examples. Tomek Links then eliminates the overlapping and
borderline examples in the vicinity of the class borders.

Following resampling, the balanced dataset contained:

« Diabetes cases (Positive): 491

« Non-diabetes cases (Negative): 491

The balanced class distribution reduces classification bias
and improves the model’s ability to identify both diabetic and
non-diabetic individuals.
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6) Correlation Analysis

Prior to feature optimization, correlation analysis was per-
formed to investigate relationships among clinical variables
and identify potential multicollinearity issues [50].

Pearson correlation coefficients were computed for all
numerical attributes, and the resulting relationships were
visualized using a correlation heatmap, as shown in Figure 3.

Correlation analysis gives us important clues regarding
dependency and redundancy among features. High correla-
tion between attributes can add to unnecessary complexity
and may harm model interpretability. Correlation analysis
outcomes act as the initial guidance prior to the feature
selection phase based on optimization techniques such as
MO-AIWOA algorithm.

7) Dataset Splitting
After pre-processing, the data sets were split into training
and testing data sets in an 80:20 split. Training data sets
were used for feature selection, parameter tuning, and the
development of models whereas testing data sets were only
used to evaluate model performance.

To further measure the robustness of the model and elim-
inate any bias in the evaluation process, we used stratified
10-fold cross-validation while training our model.

8) Final Dataset Characteristics

Following the preprocessing stage, the datasets were con-
verted to be machine learning ready by filling in any missing
values, encoding categorical variables, normalizing numeri-
cal attributes, generating interaction features, and handling
class imbalance using SMOTE-Tomek resampling. These
datasets formed a strong base for carrying out the feature
selection, classification, and explainability analysis experi-
ments in the research.

C. PROPOSED MULTI-OBJECTIVE ADAPTIVE
IMPROVED WHALE OPTIMIZATION ALGORITHM
(MO-AIWOA)
The process of feature selection is an essential part of any
medical data mining analysis since the presence of redundant
and irrelevant features may impair the quality of classifica-
tion and increase computation costs. Classical methods of
feature selection do not pay attention to feature reduction,
concentrating only on improving the prediction performance.
In order to improve the existing problems, we offer a
method called MO-AIWOA which is used to extract the most
significant subset of features from the set of diabetes features.
Our approach is a modification of Whale Optimization Al-
gorithm, which includes an adaptive mechanism and multi-
objective fitness function. The overall architecture of the
proposed MO-AIWOA framework is illustrated in Figure 4.

1) Standard Whale Optimization Algorithm
The Whale Optimization Algorithm (WOA) is a population-
based metaheuristic optimization technique inspired by the

VOLUME 4, 2016
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FIGURE 3: Correlation heatmap illustrating relationships among diabetes-related clinical features.

bubble-net hunting strategy of humpback whales. The algo-
rithm mimics the social hunting behavior of whales through
three primary operations:

1) Encircling prey

2) Bubble-net attacking mechanism

3) Random search for prey

The position update mechanism can be expressed as:

D = |C- X" (1) - X(1) @)

X(t+1)=X*(t)—A-D 3)

where:

o X*(t) represents the current best solution.
o X(t) denotes the position of a whale.

VOLUME 4, 2016

e A and C are coefficient vectors controlling exploration

and exploitation.

Although WOA demonstrates effective global search capa-
bility, it may suffer from premature convergence and reduced
population diversity when dealing with complex medical
datasets.

2) Adaptive Improvements in MO-AIWOA
To enhance optimization performance, several modifications
were incorporated into the conventional WOA framework.

a: Adaptive Exploration-Exploitation Control

The two phases of exploration and exploitation can be dy-
namically tuned during the entire process of optimization. In
initial iterations, the algorithm puts more emphasis on global
exploration to explore various parts of the search space.

13



IEEE Access

Sumalatha U et al.: MO-AIWOA-XAI

PIMA inidinen Dinbetes Dalaset

(768 Semples, B Features)

Early Slage [habetes Dalaset
(520 Bamples, 16 Featires)

2 DATA PREPROCESSING

! ?ﬂi | =t -
) - & o W - O - B LR
= Featura b e Lokl B0 TE - Tewmmis Cosrwiation
[ PA—— Beplawadii vl i Encuding Balmickig Areiyshs

.

x

©) e

= - =
Pyl ooy BAnptive Wi Byl Ot Ehve » damim| pe AT Ciptirral Foafurs
Innaskparine Aaarh Fiiness Feakialsin o Mwumies Festurs Cow St liminl i
[ A. SELECTED OPTIMAL FEATURES |
'ﬂ Pregnancies ﬂ Hucoss ﬂ Bl Pra sl e ﬂ B |

.

- 5. OPTUNA HYPERPARAMETER OPTIMIZATION -

| A EELEE e

mas_ dspih

mn_aampaas_ i i a@mples laal

.

| :: % 6 OPTIMIZED EXTRA TREES CLASSIFIER I
I = ¥
7.1 SHAP 7.2 LIME 7.3 DICE

J Ea

Locsd inburpestabile Modsd | f, € -
Agmaatie Explanation [Whit-# Anabysis)

*

EHAR Stabiiny Analysis
[Einlisliny Scarw = 1.07]

B EXPLAINABILITY LAYER

. Clmical Interpratnbdiny |
i} wrnll Tome ey

v

Trowtworshy Al for
Drecitinn Suppord

2, PERFORMANCE EVALUATION

o |

@ k(O[O [b|A|x|H |4 |
Aesurncy | Procisios O el Fi-Bearn Pt ALC MACIC Happa | W-FaldCy | Boobetes | Caliteation Dt
ONCH | Cuwe | mm

E CLINICAL DECISION SUPPORT

FIGURE 4: The overall architecture of the MO-AIWOA-XAI framework that is proposed. The framework encompasses the
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Extra Trees classifier, SHAP, LIME, and DiCE explainability components, and validation methods in order to predict the

diabetes risk.

However, exploitation starts dominating in further stages of

optimization.

b: Dynamic Position Updating

In order to avoid getting stuck and improving the conver-
gence properties, adaptive position update strategies have

14

been developed. The step size is updated based on the current
optimization stage to navigate the feature space.

c: Random Perturbation Strategy
A random perturbation scheme is used to improve the pop-
ulation’s diversity and prevent the possibility of being stuck

VOLUME 4, 2016
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at the local optimum points. Random perturbations are intro-
duced when there is little improvement in the population for
successive iterations.

d: Binary Feature Representation

Each whale represents a candidate feature subset using a
binary vector:

Xi: [xlax27x37"'7xm] (4)

where:

{1, if feature j is selected
{ITj =
0,

and m denotes the total number of available features.

®)

otherwise

3) Multi-Objective Fitness Function
Unlike traditional feature selection methods that optimize a
single objective, the proposed MO-AIWOA simultaneously
considers predictive performance and feature reduction.

The fitness function is defined as:

Fitness = 0.7 x AUC + 0.3 x FeatureReduction (6)

where:

NSE ecte
FeatureReduction = 1 — —scected @)

Ntotal

and:

o AUC represents the Area Under the Receiver Operating
Characteristic Curve.

o Ngeiecteq denotes the number of selected features.

e Niotqr denotes the total number of available features.

The formulation encourages the selection of compact fea-
ture subsets while maintaining high predictive performance.

4) Optimization Procedure
The proposed MO-AIWOA operates according to the follow-
ing steps:

1) Initialize whale population randomly.

2) Generate binary feature subsets.

3) Train the classifier using selected features.

4) Compute AUC score.

5) Evaluate fitness using Equation (6).

6) Update whale positions using adaptive search mecha-

nisms.

7) Apply random perturbation when necessary.

8) Update the global best solution.

9) Repeat until maximum iterations are reached.

10) Return the optimal feature subset.

The workflow of the proposed algorithm is presented in
Figure 5.
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5) Selected Feature Subset
The optimization process identified the most informative
diabetes-related features from the original feature space. The
selected subset consisted of:

« Pregnancies

o Glucose

o BloodPressure

« BMI

The chosen features performed dimensionality reduction
by about 60%, while still performing well as predictors. Re-
duced set of features enhances model explainability, reduces
costs of computations, and helps clinicians comprehend the
most significant predictors of diabetes.

6) Experimental Settings
The MO-AIWOA algorithm was configured using the param-
eter settings summarized in Table 2.

TABLE 2: Experimental Settings for MO-AIWOA

Parameter Value
Population Size 30
Maximum Iterations 50
Optimization Objective Multi-Objective
Fitness Function Eq. (6)
Classifier for Evaluation Extra Trees
Cross-Validation 10-Fold
Random State 42

The resulting feature subsets were subsequently utilized by
the Optuna-optimized Extra Trees classifier for diabetes risk
prediction and explainability analysis.

D. OPTUNA-OPTIMIZED EXTRA TREES CLASSIFIER
After performing feature selection via the use of the new MO-
AIWOA approach, an Extra Trees (ET) classifier was used to
predict diabetes risks. The ET technique is a type of ensemble
machine learning algorithm which involves training multiple
random trees and making their collective predictions to form
the final prediction. Because of its ability to deal with non-
linear problems, robustness to noise, and low variance, the
ET algorithm has proven to perform very well on structured
health care data sets.

Unlike the conventional machine learning algorithms like
the Logistic Regression and Decision Trees, ET adds more
randomness to the process of tree construction through ran-
dom splitting of nodes. This makes the model more general-
ized and helps to prevent overfitting when working with het-
erogeneous data. Also, the algorithm can efficiently handle
numerical and categorical data without any data assumptions.

1) Hyperparameter Optimization Using Optuna

Predictive accuracy of machine learning algorithms largely
depends on proper setting of hyperparameters. Classical
methods of hyperparameter tuning, including Grid Search
and Random Search, frequently consume considerable com-
putational power and cannot efficiently cover the large search
space. Hence, Optuna, one of the most advanced frameworks
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FIGURE 5: Workflow of the proposed MO-AIWOA feature selection algorithm.

parameters of the Extra Trees classifier.

Optuna makes use of a Bayesian optimization approach,

which relies on the Tree-structured Parzen Estimator (TPE).

While performing the optimization, the framework was test- Parameter , Optimal Value
. . . . . Cq. Number of Trees (n.stimators) 729
ing multiple configurations in terms of their cross-validation Maximum Depth (maz gepth) 23
results and then selected the best one. Minimum Samples Split (minsamplessplit) 4

The following hyperparameters were tuned: Minimum Samples Leaf (minsamples,eaf) !
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through Optuna is presented in Table 3.

TABLE 3: Optimal Hyperparameters Obtained Using Optuna

e Number of Trees (n_estimators)
o Maximum Tree Depth (max_depth)

¢ Minimum Samples Required at Leaf Nodes (min_samplesstiéy f)

The optimal hyperparameter configuration obtained
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The optimized configuration was subsequently employed
« Minimum Samples Required for Splitting (min_samples_ glalkexperiments and validation procedures reported in the
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2) Model Training Procedure

The enhanced Extra Trees classifier was developed based on
the features selected by the MO-AIWOA method. Prior to
developing the model, the data were split into training and
testing subsets in the ratio of 80:20. The training subset was
used to develop the model while the testing subset was only
used for evaluation.

In order to reduce bias in sampling and thus obtain reliable
results, stratified sampling was used in the process of data
splitting.

The complete classification workflow is illustrated in Fig-
ure 6.

3) Cross-Validation Strategy
To assess the ability of the proposed model to generalize,
stratified 10-fold cross validation was carried out. The data
set was divided into ten equal parts. In each iteration, nine
parts were used to train the model, and one part was kept
aside for validation. This process was repeated till all parts
were used once for validation.

Mean Cross Validation Accuracy of Proposed Framework:

Accuracycy = 80.12% £ 3.78% (8)

The relatively small standard deviation indicates stable
performance across different data partitions and demon-
strates the robustness of the proposed framework.

4) Model Evaluation Metrics

Performance of the optimized classifier was tested using
a number of statistical and clinical performance measures.
Accuracy alone might not be sufficient to describe the classi-
fier performance in medical applications; thus, other perfor-
mance measures were utilized.

a: Accuracy
Accuracy measures the proportion of correctly classified
instances:

TP+TN

A —
Y = TP I TN + FP + FN ©)

where TP, TN, FP, and FN represent true positives, true
negatives, false positives, and false negatives, respectively.

b: Precision
Precision quantifies the proportion of positive predictions
that are actually correct:
TP
Precision = —— 10
Tectsion TP+ FP (10)
c¢: Recall
Recall evaluates the model’s ability to correctly identify
positive cases:
TP
Recall = ———— 11
T TPYFN 1
VOLUME 4, 2016

d: F1-Score
The F1-score represents the harmonic mean of precision and
recall:

Precision x Recall

F1=2 12
% Precision + Recall a2

e: Area Under the ROC Curve (AUC)

The Area Under the Receiver Operating Characteristic Curve
(AUC) measures the classifier’s ability to distinguish be-
tween diabetic and non-diabetic patients across varying clas-
sification thresholds.

f: Matthews Correlation Coefficient (MCC)

MCC provides a balanced evaluation metric that considers all
elements of the confusion matrix and is particularly suitable
for healthcare applications:

TP xTN —-FP x FN

MCC =

/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

13)

g: Cohen’s Kappa

Cohen’s Kappa assesses agreement between predicted and
actual class labels while accounting for agreement occurring
by chance.

h: Precision-Recall Area Under Curve (PR-AUC)

PR-AUC provides additional insight into classifier perfor-
mance, particularly when evaluating minority-class detection
capability.

5) Statistical Validation
To further assess the reliability of the proposed framework,
bootstrap resampling was employed to estimate confidence
intervals for predictive performance. A 95% confidence in-
terval was computed using 1000 bootstrap iterations.

The resulting confidence interval for classification accu-
racy was:

95% CI = [77.16%, 87.31%] (14)

The tight confidence interval implies that there is stability
in the predictability behavior, and therefore the reliability of
the developed framework is achieved.

Finally, the implementation of the MO-AIWOA algorithm
for feature selection with Optuna tuning of the Extra Trees
classifier achieves a good trade-off among accuracy, effi-
ciency, and robustness.

E. EXPLAINABLE ARTIFICIAL INTELLIGENCE
FRAMEWORK

While state-of-the-art models in machine learning demon-
strate high predictive capability, they are still rarely used in
the field of medicine since there is no sufficient transparency
and interpretability of such models. The process of clinical

17
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FIGURE 6: Classification workflow using MO-AIWOA feature selection and Optuna-optimized Extra Trees classifier.

decision making implies not only correct prediction but also
explanations of results to help health workers trust the deci-
sions made by such models. To solve this problem, the Ex-
plainable Artificial Intelligence framework was implemented
in the MO-AIWOA-XALI architecture.

The XAI approach involves three approaches — SHAP,
LIME, and DiCE.

The explainability workflow adopted in the study is illus-
trated in Figure 7.

1) SHAP-Based Global and Local Explanations
SHAP is a model-agnostic interpretability technique derived
from cooperative game theory. SHAP quantifies the contribu-
tion of each feature toward the final prediction by computing
Shapley values. These values represent the average marginal
contribution of a feature across all possible feature combina-
tions.

For a prediction model f(x), the SHAP explanation can be
represented as:

M
fl@)=do+> ¢ (15)
i=1
where:

o ¢( denotes the baseline prediction,
o ¢; represents the contribution of feature i,
o M denotes the total number of features.

SHAP provides two levels of interpretability:

1) Global Interpretability
2) Local Interpretability

Global explanations identify the most influential diabetes
risk factors across the entire dataset, while local explanations
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reveal how specific features contribute to individual patient
predictions.

The SHAP summary plot shown in Figure 8 presents the
overall importance of selected features. The analysis revealed
that Glucose, BMI, BloodPressure, and Pregnancies were the
most influential attributes contributing to diabetes prediction.

2) SHAP Stability Analysis

Explanation approaches must provide consistent interpreta-
tions for different data samples. For assessing robustness in
the interpretation, SHAP stability test was conducted through
resampling procedures.

In each experiment, SHAP scores were calculated for
random sub-samples from the testing dataset, and then the
feature rankings were evaluated based on the Spearman rank
correlation coefficient. The average SHAP stability score is:

SHAPstability =1.0 (16)

This result indicates perfect consistency of feature rank-
ings across repeated experiments, demonstrating the reliabil-
ity of the generated explanations.

3) LIME-Based Local Explanations

Local Interpretable Model-Agnostic Explanations (LIME)
offer patient-level explanations through approximating the
machine learning model behavior through a locally inter-
pretable proxy model.

In LIME, for a particular prediction, multiple perturbed
samples are generated and a linear model is learned in the
vicinity of that sample. The importance of each feature
can then be calculated in terms of its impact on the local
prediction.
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The optimization problem of LIME can be formulated as: Figure 9 presents an example LIME explanation for an
individual patient prediction. Positive feature contributions
£(z) = argmin L(f, g, 7)) + Q(g) (17) increase diabetes risk, whereas negative contributions reduce
9eC the likelihood of diabetes.

where:

o f is the original prediction model,

« ¢ is the interpretable surrogate model,

o L measures local fidelity,
o {2 controls model complexity.
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The local explanations generated by LIME assist clinicians
in understanding patient-specific risk factors and provide
transparency for individual predictions.
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FIGURE 9: LIME explanation for an individual diabetes prediction.

4) DiCE Counterfactual Explanations

Even though SHAP and LIME provide information about
the reason for the prediction being made, neither of them
suggests how the prediction can be changed. Hence, DiCE
were introduced to offer practical insights.

DiCE produces counterfactual instances that require min-
imal changes to be made to the input features to change
the result of the prediction. This type of explanation is
useful especially in the health-care sector because it suggests
interventions.

In the case of a diabetic prediction for an individual,
DiCE will suggest the minimum number of changes to make
him/her non-diabetic.

An example counterfactual explanation generated by the
proposed framework is presented in Table 4.

TABLE 4: Example Counterfactual Explanations Generated
Using DiCE

Glucose Age Age_BMI | Outcome
0.698 2.788 1.157 0
0.698 2.377 0.795 0
0.698 2.055 -0.718 0

These counterfactual instances provide clinicians with
interpretable recommendations regarding potential changes
associated with lower diabetes risk.

5) Benefits of the Proposed XAl Framework

The integration of SHAP, LIME, and DiCE offers several
advantages:

« Global understanding of feature importance.
« Patient-specific explanation of predictions.
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o Actionable counterfactual recommendations.

o Improved transparency and trustworthiness.

« Enhanced clinical decision support.

« Improved acceptance of Al-assisted diagnosis.

As such, by utilizing these complementary explanation
methods together, the framework offers a complete analysis
of the model while maintaining its predictive performance.
This makes the framework more applicable to healthcare
in the real world since both interpretability and predictive
performance are important.

F. EVALUATION METRICS AND VALIDATION STRATEGY
The proposed framework of MO-AIWOA-XAI was evalu-
ated using a comprehensive evaluation approach for testing
its predictive performance, robustness, reliability, and ap-
plicability in the clinical domain. As prediction systems in
healthcare need to be accurate as well as reliable, a variety of
metrics were used for the evaluation.

1) Performance Metrics

The classification performance of the proposed framework
was evaluated using several widely accepted metrics derived
from the confusion matrix.

a: Accuracy
Accuracy measures the proportion of correctly classified
instances among all observations and is defined as:

TP+ TN (18)
TP+TN+FP+ FN
where TP, TN, FP, and FN denote true positives, true
negatives, false positives, and false negatives, respectively.

Accuracy =

VOLUME 4, 2016
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b: Precision
Precision quantifies the proportion of positive predictions
that are correct:
TP
Precision = ————— 19
rectsion TP+ FP (19)
c: Recall
Recall measures the ability of the classifier to correctly
identify positive cases:
TP
Recall = ————— 20
T TPYFEN 0
d: F1-Score
The Fl-score combines precision and recall into a single
metric:
Precision x Recall

F1=2 21
x Precision + Recall b

e: Area Under the ROC Curve (AUC)

The Area Under the Receiver Operating Characteristic Curve
evaluates the discriminative ability of the classifier across
different decision thresholds.

f: Precision-Recall Area Under Curve (PR-AUC)

PR-AUC is particularly useful for healthcare applications
because it emphasizes the model’s ability to correctly identify
positive cases.

g: Matthews Correlation Coefficient (MCC)
MCC provides a balanced assessment even when class distri-
butions are unequal:

TP x TN — FP x FN
MCC = ~ a

V(TP + FP)(TP + FN)(TN + FP)(TN + FN)

(22)

h: Cohen’s Kappa

Cohen’s Kappa evaluates the agreement between actual and
predicted class labels while accounting for chance agree-
ment.

i: Balanced Accuracy

Balanced Accuracy computes the average of sensitivity and
specificity and provides a robust measure when evaluating
medical datasets.

2) Cross-Validation Analysis
To evaluate model stability and generalization capability,
stratified 10-fold cross-validation was performed. The dataset
was divided into ten approximately equal partitions while
preserving class distribution.

During each iteration:

1) Nine folds were used for training.

2) One fold was used for validation.
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3) The process was repeated ten times.
4) Results were averaged across all folds.

The proposed framework achieved:

Accuracy oy = 80.12% =+ 3.78% (23)

The low standard deviation indicates stable predictive per-
formance across different subsets of the data.

3) Bootstrap Confidence Interval Analysis

The assessment of statistical validity of the gained results was
carried out through the procedure of bootstrap resampling,
which was done for 1000 replications.

The bootstrap procedure allows sampling observations
with repetitions and constructing an approximation to the
distribution of the classifier accuracy.

The 95% confidence interval obtained for the proposed
framework was:

95% CI = [77.16%, 87.31%] (24)

The relatively narrow interval demonstrates the consis-
tency and robustness of the proposed model.

4) Calibration Analysis
Well-calibrated prediction probabilities in healthcare appli-
cations are just as important as classification accuracy itself.
Calibration testing determines if the predicted probabilities
match the frequency of the outcomes.

The calibration plot was obtained by analyzing the pre-
dicted probabilities vs. observed frequencies for various
probability intervals.

Calibration Curve
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FIGURE 10: Calibration curve of the proposed MO-
AIWOA-XAI framework.
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The calibration results indicate that the predicted proba-
bilities closely align with observed outcomes, demonstrating
reliable probability estimation and supporting the use of the
proposed framework in risk assessment applications.

5) Decision Curve Analysis

The Decision Curve Analysis (DCA) method was used to
test the clinical utility of the proposed framework at various
decision thresholds.

This method differs from conventional methods because it
calculates the net clinical benefit by taking into account the
balance between true positives and false positives.

The net benefit is calculated as:

TP FP Dt
Net Benefit = — — | — X 25
N ( N L—p *)
where:
o NN denotes the total number of observations.
« p; represents the threshold probability.
Decision Curve Analysis
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FIGURE 11: Decision Curve Analysis of the proposed dia-
betes prediction framework.

The decision curve demonstrates positive net benefit
across a wide range of threshold probabilities, suggesting
that the proposed model can provide clinically meaningful
support for diabetes risk assessment.

6) Cross-Dataset Validation

In order to validate the effectiveness of the model in het-
erogeneous groups of patients, cross-validation procedures
were performed based on two datasets, namely the PIMA
Indians Diabetes Dataset and the Early Stage Diabetes Risk
Prediction Dataset.

Both frameworks were tested separately on each dataset
to verify the level of generalization for various diagnostics
settings. It should be noted that the PIMA dataset is mostly
concerned with physiological parameters, while the Early
Stage dataset considers symptoms.

The results achieved show high performance of prediction
in both cases.
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7) Comparative Feature Selection Evaluation
To validate the effectiveness of the proposed MO-AIWOA
algorithm, its performance was compared against several
established feature selection approaches, including:

o Particle Swarm Optimization (PSO)

o Genetic Algorithm (GA)

o Whale Optimization Algorithm (WOA)

o No Feature Selection

The comparison considered:

« Classification Accuracy

e Area Under Curve (AUC)

o Number of Selected Features
o Feature Reduction Percentage

The analysis provides insight into the capability of MO-
AIWOA to identify compact yet highly informative feature
subsets.

8) Experimental Environment
All experiments were done via Python programming lan-
guage and were run inside the Google Colab environment.
Machine learning, optimization, and explainability experi-
ments were realized with Scikit-learn, Optuna, SHAP, LIME,
DiCE, XGBoost, LightGBM, CatBoost, and associated sci-
entific packages.

The whole experimental process has been organized in
order to guarantee reproducibility, transparency, and consis-
tency of all experiments.

G. DISCUSSION

Proposed MO-AIWOA-XAI model is able to efficiently over-
come a number of serious problems related to diabetes risk
prediction, such as feature redundancy, predictive perfor-
mance, interpretability, and clinical feasibility. In contrast
to traditional machine learning models which concentrate
mostly on achieving high classification accuracy, the pro-
posed framework is able to optimize predictive performance
and feature reduction at the same time using the multi-
objective optimization approach. This allows for the dis-
covery of a small set of clinical features along with good
diagnostic ability.

The feature selection procedure showed the efficiency of
the proposed MO-AIWOA model, reducing the feature space
from the original one by about 60%. Pregnancies, Glucose,
Blood Pressure, and BMI are recognized as clinical markers
of diabetes and are supported by current medical literature.

The classification model optimized using Optuna showed
high prediction ability for both datasets. The accuracy of
83.76%, AUC of 0.9004, and F1-score of 0.84 were obtained
for the PIMA Indians Diabetes Dataset. Also, in cross-
validation with another dataset, the Early Stage Diabetes
Risk Prediction Dataset, the accuracy of 95.19% and AUC
of 0.992 were obtained.

One of the main advantages of the proposed framework
is its ability to provide explanations. Unlike other high-
performing models, which work as black boxes, SHAP,
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LIME, and DiCE algorithms help to understand predictions
in detail. SHAP gave both local and global explanations,
showing the importance of features for predictions, while
LIME created personalized explanations for each patient,
giving the reasons behind the model’s decision. DiCE, in
turn, created counterfactual explanations to understand what
is necessary to change in order to change the outcome of pre-
diction. The SHAP stability score was equal to 1.0, indicating
high stability of explanations.

The designed framework was tested for its validity through
several methods of statistical evaluations. The result of 10-
fold cross-validation accuracy being 80.12% =+ 3.78% sug-
gests that the framework performs reliably on any kind of
data partitioning. The 95% confidence interval of bootstrap
analysis was found to be in the range [77.16%, 87.31%]. It
can be noted that calibration analysis suggested that the pre-
dicted probabilities were well aligned with the observations,
and positive net benefit was obtained from decision curve
analysis at many probability thresholds.

1) Computational Complexity Analysis

The computational complexity of the proposed framework
is primarily influenced by the MO-AIWOA feature selection
stage and the Extra Trees classification process. Let P denote
the population size, T the number of optimization iterations,
and m the number of features. The approximate complexity
of the feature selection process can be expressed as:

O(P x T xm) (26)

since each candidate solution represents a feature subset
that must be evaluated using a classification model.

The complexity of the Extra Trees classifier depends on
the number of trees and training samples and can be approx-
imated as:

O(ntrees xXn IOg n) (27)

where n denotes the number of training instances.

While there is an extra amount of computational effort
involved in feature selection through optimization-based ap-
proaches in comparison to the filter-based approach, the
lower feature dimensionality helps to reduce classification
costs. Additionally, the SHAP, LIME, and DiCE explanations
will be produced in the interpretability phase only, not im-
pacting the model training process.

2) Limitations and Future Work

In spite of its good results, the developed framework has
several weaknesses. Firstly, the experiments were performed
on public benchmark data, which do not fully cover the het-
erogeneity of clinical populations. Secondly, the optimization
process used for the selection of the features requires more
computational resources than plain feature ranking methods.
Thirdly, the techniques of explainability considered in the
work are post-hoc approaches and may not reflect the logic
of the inner classifier fully.
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Further research should be devoted to the validation of
the framework based on larger multi-center clinical datasets
of patients with heterogeneous background. Further research
may also be directed to the application of federated learning
algorithms that would allow for developing the models in
collaboration without compromising patient privacy. Another
direction may be related to the use of temporal medical
records, data from wearable devices, and deep learning rep-
resentations for improving the predictive power of the model
and performing personalized risk assessment of diabetes.

IV. CONCLUSION

In the research, a new framework for Explainable Dia-
betes Risk Prediction (MO-AIWOA-XAI) based on Multi-
Objective Adaptive Improved Whale Optimization Algo-
rithm (MO-AIWOA), Extra Trees classification optimization
using Optuna library, and explainable Artificial Intelligence
was developed. The introduced framework aimed at solv-
ing several problems related to healthcare-oriented Machine
Learning applications, such as improving the prediction ca-
pabilities, minimizing the number of input features, and
increasing the model interpretability.

The introduced MO-AIWOA algorithm managed to select
a set of relevant features that were used to train the classifier,
and reached around 60% feature selection while keeping high
prediction performance. The optimization process was suc-
cessful in finding a robust classification model that showed
an accuracy of 83.76%, AUC of 0.9004, and F1-Score of 0.84
on the PIMA Indians Diabetes Dataset. In addition, testing on
the Early Stage Diabetes Risk Prediction Dataset achieved an
accuracy of 95.19% and AUC of 0.992.

The inclusion of SHAP, LIME, and DiCE contributed to
improving model transparency through global, local, and
counterfactual explanations. The SHAP stability score of 1.0
ensured the consistency and validity of the generated ex-
planations. Validation using cross-validation, bootstrap con-
fidence intervals, calibration, and decision curve analysis
ensured that the proposed framework was robust, reliable,
and potentially clinically useful.

The MO-AIWOA-XAI framework has proven to be ca-
pable of closing the gap between prediction performance
and explainability in diabetes risk prediction. The use of
optimization-based feature selection, ensemble learning, ex-
plainable artificial intelligence, and validation make the pro-
posed framework a good candidate for future clinical deci-
sion support systems and intelligent healthcare applications.

For future research, the focus will be on the clinical
validation of the proposed system with large-scale datasets,
integrating longitudinal patient records and data from wear-
able sensors, developing federated learning frameworks that
guarantee patient data privacy, and deploying the framework
within clinical decision support environments.
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