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Abstract: 
Type 2 Diabetes Mellitus (T2DM) is a significant health burden and causes a considerable burden of disease and mortality, 
especially in South Asians. This research introduces an Explainable Cross-Validated Greedy Stacking Ensemble (CV-GSE) 
technique for predicting T2DM on the Type-2 Diabetes Dataset Bangladesh (T2DDB), which contains a set of 1065 patient 
records containing demographic, anthropometric and biochemical features. The proposed framework first uses Recursive 
Feature Elimination with Cross-Validation (RFECV) to find an informative subset of predictors and then tests eight 
heterogeneous machine-learning classifiers via stratified 10-fold cross-validation with SMOTE only on the training folds. Out-
of-fold (OOF) probability predictions are made for each candidate classifier and classifiers are added to the final model in a 
greedy forward fashion, based on OOF ROC-AUC. Then a tuned XGBoost meta-classifier is used to combine the selected base 
learners. A dual-layer explainability approach is also provided in which SHapley Additive exPlanations (SHAP) is used for 
feature and base-learner attribution and Local Interpretable Model-Agnostic Explanations (LIME) is used for instance-level 
explanations. In total, RFECV selected 6 informative predictors (Age, BMI, SBP, DPF, Insulin, and Glucose) with maximum cross-
validated ROC-AUC of 0.9558. The stacking ensemble proposed in this study obtained 98.50% accuracy, 98.25% precision, 
99.70% recall, 98.62% F1-score, and 96.85% ROC-AUC, which were better than the evaluated baseline classifiers. The 
outcomes show the capability of the proposed method to predict T2DM using feature selection, heterogeneous ensemble 
learning, OOF-based greedy learner selection, and Explainable Artificial Intelligence (XAI). But, before clinical applicability can 
be established, there needs to be external validation, with independent and diverse datasets. 
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1. Introduction 
Diabetes mellitus (DM) is a serious issue for public health, because of its rising prevalence and associated 
long-term complications. It is a serious health problem because of its high socio-economic burden, long-
term health consequences and growing prevalence at a rapid pace. Insulin resistance and reduced insulin 
secretion are the main characteristics of this disease. This can lead to the body experiencing: chronic 
hyperglycaemia (high blood sugar), which may lead to life-threatening issues such as cardiovascular 
disease, nephropathy, neuropathy, retinopathy and premature death [1,2]. The International Diabetes 
Federation (IDF) reports that diabetes prevalence is on a steady upward trend globally, indicating the need 
for dependable early prediction models to aid in early diagnosis, preventative treatment and effective 
disease management [3]. There are 2 kinds of DM. The aetiology of type 1 diabetes mellitus (T1DM) is the 
loss of pancreatic β-cells, which results in an incapacity to promptly lower blood glucose levels. Insulin 
resistance and insufficient insulin production are the pathophysiologies of T2DM, also known as non-
insulin dependent diabetes [4]. 
Early identification of individuals at higher risk is crucial to reduce the morbidity and overall health burden 
of DM [5]. Older age, physical inactivity, obesity, impaired glucose regulation, family history of diabetes, 
dyslipidaemia, hypertension and cardiovascular disease are some of the demographic, metabolic, and 
clinical factors associated with an increased risk of diabetes. The recognition of these risk factors can help 
with early screening, prevention and timely disease management. In the last few years, with the 
development of Data Mining techniques, the prediction of diseases is becoming more accurate; the Data 
Mining algorithms are now capable of recognizing complex patterns in clinical data that might be hard to 
spot with traditional statistical techniques [6,7]. There are various supervised ML algorithms, such as 
Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), K-
Nearest Neighbors (KNN), Gradient Boosting Machine (GBM), Naı¨ve Bayes (NB), and Artificial Neural 
Network (ANN) have been demonstrated to be effective as a means to predict diabetes [8,9]. However, the 
prediction ability of these approaches is highly reliant on features used as inputs that are of high quality 
and meaningful. The addition of extra, irrelevant, or less useful features can lead to higher computational 
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complexity, lower model interpretability, and impact the accuracy and generalizability of predictions [10-
11]. 
The selection of features has become an important part of intelligent clinical decision-support systems [12]. 
The goal of feature selection is to select the most relevant predictors in the prediction of T2DM instead of 
including all the available ones [13]. Selecting a concise, informative feature subset can improve 
computational efficiency, strengthen model robustness, reduce overfitting risk, and enhance clinical 
interpretability by focusing on the most relevant predictors of T2DM [14]. RFECV is one of the most 
effective feature selection methods based on wrapper, which selects the best feature subset [15]. RFECV 
algorithm can be used to remove the least informative features while also testing the performance of the 
model using CV, which helps minimize feature selection bias and stabilizes the features selected to the 
model [16]. Moreover, XAI can quantify the contribution of each feature, which can be used to interpret 
predictive models. [17]. In particular, SHAP offer a theoretically sound approach to explain model 
predictions and evaluate the clinical significance of selected features [17,18]. Although the diabetes 
prediction field has been extensively studied, most studies have been limited to maximizing prediction 
accuracy from laboratory-based datasets, such as PIDD [19]. Fewer studies have systematically explored 
clinical datasets based on symptoms, like the Early-Stage Diabetes Risk Prediction Dataset (ESDRPD), which 
use clinical and demographic data that are observed rather than biochemical measurements, for prediction 
purposes [20,21]. These are the typical datasets used to predict T2DM. Such datasets are especially valuable 
for the development of non-invasive, low-cost screening systems which can be used in primary health care 
and resource-limited environments [19,20]. Furthermore, there are many published works that have been 
conducted based on the Split the data once into a train and test set, followed by feature scaling or feature 
selection prior to CV. This can result in information leakage and optimistic bias, which can lead to estimates 
of model performance. Those that are greater than the true capacity [21]. 
This study aims to create an explainable and CV-GSE model for the early prediction of T2DM. The proposed 
framework combines RFECV, various supervised machine learning (ML) classifiers, out-of-fold (OOF) 
prediction generation, greedy forward model selection, and stacking ensemble learning to enhance the 
reliability and predictive power of T2DM classification. The clinical features that are informative are 
identified using RFECV and the model performance is robustly estimated using in-fold SMOTE to handle 
class imbalance. Several heterogeneous classifiers are tested, and the OOF probability predictions of these 
classifiers are then fed into a greedy forward selection (GFS) algorithm to determine a set of base classifiers 
that complement each other in terms of predictive performance. Finally, the selected classifiers are 
combined using a stacking architecture and an XGBoost meta-learner to take advantage of the 
complementary predictive information between the selected classifiers. Finally, SHAP and LIME are added 
to give global and local explanations of the model predictions. The proposed framework is tested with 
individual baseline classifiers based on accuracy, precision, recall, F1 score and ROC-AUC to evaluate the 
effectiveness of predictions and generalization ability. 

 
The key contributions of the research: 
1. To find and confirm the most informative clinical parameters for the prediction of T2DM using RFECV 

approach. 
2. To design and compare various supervised ML classifiers for prediction of T2DM using stratified 10-fold 

cross validation with in-fold SMOTE. 
3. To make OOF predictions and use greedy forward model selection to select a small and complementary 

set of base classifiers for ensemble learning. 
4. To build a CV-GSE with the selected base classifiers and a meta-learner XGBoost, and test its prediction 

accuracy against the individual classifiers and other existing methods. 
5. To improve the interpretability of T2DM prediction by combining SHAP and LIME for global feature-

level and local instance-level explanations of model predictions. 
The proposed framework offers an explainable, CV-GSE solution for the prediction of T2DM. The framework 
starts with data preprocessing and then uses the RFECV algorithm to select a subset of clinical predictors 
that are informative and validated. The selected features are then fed into a variety of supervised ML 
classifiers for training and testing. The model is evaluated using 10-fold stratified CV, SMOTE is used for 
class imbalance in the training folds, but never oversampling in the validation folds. 
OOF predictions are generated for each base learner to capture the complementary predictive strengths of 
the candidate classifiers. These OOF predictions are then passed to a GFS procedure, which adds a classifier 
only when it improves the selected evaluation criterion. This process removes unnecessary or redundant 
learners and yields a compact set of complementary models. The selected base learners are subsequently 
integrated into the proposed CV-GSE, where an XGBoost classifier serves as the meta-learner and learns 
from their predictions. 
XAI techniques are embedded at a global and local level to enhance the transparency of the proposed 
framework. SHAP quantifies the contribution and importance of features and model predictions, while 
LIME is used to provide instance-level explanations for individual predictions of T2DM. Therefore, the 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.10s, 2026 2081 

 

 

proposed framework aims to not only attain competitive prediction performance but also to gain 
interpretable insights into the factors that influence T2DM risk prediction. 

 
Organization of the Paper. The remainder of this paper is structured as follows: 
1. Section 2 reviews current data mining and machine-learning approaches for T2DM prediction and 

identifies the research gaps addressed in this study. 
2. Section 3 describes the proposed framework, including the T2DDB dataset, preprocessing, RFECV-

based feature selection, heterogeneous base-classifier development and evaluation, OOF prediction 
generation, diversity-based learner selection, stacking ensemble construction, and stratified 10-fold 
cross-validation with in-fold SMOTE. 

3. Section 4 presents and discusses the experimental results, including RFECV-based feature selection, 
baseline and ensemble performance comparisons, OOF-based greedy learner selection, SHAP- and 
LIME-based explainability analyses, and comparison with existing studies. 

4. Section 5 summarizes the main findings and methodological contributions, discusses the limitations of 
the proposed framework, and outlines directions for future research. 

 

2. Related Works 
T2DM is a growing global health concern, leading to extensive research on ML and data-mining methods 
for early prediction and classification. Studies have examined demographic, anthropometric, clinical, and 
biochemical variables to identify individuals at high risk of diabetes using supervised learning algorithms. 
Commonly used classifiers include LR, DT, RF, SVM, k-NN, NB, GB, and ANN. Comparative studies show that 
ML models can achieve strong predictive performance; however, classifier effectiveness depends on the 
dataset, feature representation, preprocessing strategy, and evaluation metrics. This variability indicates 
that no single classifier is universally optimal for all T2DM datasets or clinical objectives [22]. Earlier work 
comparing seven ML classifiers on the PIDD found that SVM achieved strong discriminative performance, 
while RF and XGBoost also produced competitive results [23]. These findings support the shift from 
evaluating individual classifiers toward systematic ensemble learning. Ensemble methods have become 
important in diabetes prediction because they combine the strengths of multiple classifiers and capture 
complex, nonlinear relationships among clinical variables. Common ensemble approaches include RF, GB, 
AdaBoost, XGBoost, LightGBM, and Extra Trees (ET) [24]. Although ensembles can improve performance, 
combining many classifiers does not necessarily produce a better model [25-27]. When classifiers generate 
highly correlated predictions, they may become redundant and add little complementary information. 
Therefore, learner diversity is essential for constructing an effective ensemble. Stacking offers one way to 
address this issue by passing the predictions of multiple base classifiers to a meta-classifier, which learns 
how to combine their complementary predictive information [28]. However, effective stacking also requires 
systematic selection of a diverse and informative set of base learners. Feature selection is another key 
component of ML-based T2DM prediction, as irrelevant or redundant predictors can increase model 
complexity, reduce interpretability, and raise the risk of overfitting. Traditional feature-selection strategies 
include filter, wrapper, and embedded methods. Among these, recursive feature elimination (RFE) is a 
widely used wrapper-based approach that removes less informative predictors in an iterative manner. 
RFECV extends RFE by using cross-validation to identify the feature subset that delivers the best predictive 
performance [29]. The application of RFECV is especially relevant to clinical prediction because it can 
decrease the number of predictors without losing variables with the highest contribution to discrimination. 
In the current study, the two-stage feature-selection approach is used, selection of relevant feature by 
RFECV. The first seven predictors age, BMI, systolic blood pressure, diastolic blood pressure, diabetes 
pedigree function, insulin and glucose were then selected by RFECV to form the final six features: age, BMI, 
systolic blood pressure, diabetes pedigree function, insulin and glucose. Another challenge in the healthcare 
prediction is the class imbalance, which can lead to the majority class being given more weight in the ML 
algorithms, thereby affecting their ability to detect observations from the minority class. Oversampling 
techniques, especially the Synthetic Minority Over-sampling Technique (SMOTE), have thus been 
extensively adopted to enhance representation of the minority classes. The use of oversampling, however, 
needs to be carefully controlled, as it is possible to introduce information leakage between the training and 
validation data sets by applying SMOTE prior to partitioning data [30,31]. It's more appropriate to apply 
oversampling only to the training set of each CV fold [32]. In this current study, SMOTE is integrated in the 
ML pipeline and is used when performing the stratified 10-fold CV, thus the minority class is represented 
in the model training process through a synthetic representation and the original observations used for 
validation will be retained for the performance evaluation. The evaluation strategy is also crucial for the 
reliable estimation of predictive performance. Single train–test splits are often employed, but can lead to 
unstable estimates, especially in small datasets or if they contain class imbalance. Stratified k-fold CV is 
more robust method of evaluation as it repeats the partition of the data set with class distribution across 
folds [33]. However, if feature selection, preprocessing or other data-dependent operations are performed 
on the whole dataset prior to splitting the data into folds, CV alone is not sufficient to prevent information 
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leakage. This leakage can lead to unrealistic predictions of predictive performance [34]. In the current 
setting, 10-fold CV is performed to test the eight base classifiers and OOF predictions are created to 
construct the ensemble. These OOF predictions guarantee that each observation is assigned a prediction 
from a model that was not used during the fold of training that it belongs to. This serves as a proper ground 
for the assessment of prediction relationships between the candidate classifiers and building the stacking 
feature space. OOF predictions also allow for the exploration of model diversity prior to the construction of 
the ensemble. In the present study, instead of keeping all eight classifiers just because of their individual 
predictive power, the correlation between the OOF predictions of the classifiers is calculated and a 
predefined threshold on the correlation is used to determine redundant learners. The classifiers in the list 
are the eight classifiers that were tested as candidates: SVM-RBF, RF, DT, XGBoost, KNN, ET, NB, and LR. The 
SVM and RF were selected as complementary base learners in the diversity-based selection procedure. 
Finally, their OOF predictions were provided to a tuned Random Forest meta-classifier to build the final 
stacking ensemble [35]. This is unlike the traditional ensemble methods which simply merge models 
without taking into account the prediction redundancy. The goal is to build an ensemble that is compact 
and that contains classifiers that provide complementary predictive information, instead of very similar 
predictions. Interpretability is also becoming a more important aspect of clinical prediction-based data 
mining. While high predictive accuracy might be enough for some applications, in healthcare, the clinician 
and other stakeholders would like to know what variables affect the decision-making process of the model, 
and how patient-specific characteristics contribute to a particular prediction. The importance of XAI 
techniques, like SHAP and LIME, has therefore become significant in medical data mining research [36]. 
Unlike LIME, which can explain individual observations at the local level, SHAP can quantify the 
contribution of individual features to model predictions and offer global and model-level interpretations. 
The present study uses both to give complementary interpretations of the proposed framework. To explore 
the relative importance of features, SHAP was used to rank them, with glucose being the top feature and 
BMI, systolic blood pressure, age, diabetes pedigree function, and insulin following in importance, and LIME 
was used to visualize the contribution of individual feature values to the prediction for each individual [37]. 
Although significant advances have been made in data mining-based prediction of T2DM, there are still 
some methodological gaps. First, many studies have concentrated on finding the best-performing classifier, 
although there are indications that different classifiers can exhibit different performance with respect to 
different performance measures. Second, feature selection is typically not dealt with in the context of 
ensemble construction, and the quality of the selected representation of the features can directly affect the 
performance and interpretability of the downstream models. Third, when multiple classifiers are highly 
correlated, stacking can be redundant, and it is also necessary to select the models with diversity before 
stacking [38]. Fourth, class-imbalance handling needs to be part of the CV procedure to minimise the risk 
of information leakage. Lastly, while some diabetes prediction methods are emerging that integrate feature 
optimization, heterogeneous classifiers evaluation, OOF-based diversity assessment, stacking, and 
explainability, there is still a need for a single methodological pipeline that incorporates all of these 
components [39-41]. 
This study presents an ensemble Explainable Cross-Validated Greedy Stacking (CV-GSE) framework to 
overcome the drawbacks of the existing T2DM prediction methods, which combines XAI, heterogeneous 
supervised ML, stratified 10-fold CV, OOF prediction generation, greedy forward learner selection, and 
stacking ensemble learning with feature selection using RFECV. First, eight different classifiers are tested 
with stratified 10-fold CV that only applies SMOTE to the training folds. The resulting OOF probability 
predictions are then fed into a GFS algorithm to select a small set of complementary base learners. The 
selected learners are then stacked with XGBoost as the meta-learner. SHAP and LIME are integrated with 
the model to better explain the model at the global level and at the instance level, respectively, for better 
model transparency. The proposed framework is systematically compared with individual baseline 
classifier based on accuracy, precision, recall, F1-score and ROC-AUC. Therefore, the study combines 
feature selection, CV learner selection, ensemble learning, robust model evaluation and explainability into 
one data mining system for predicting T2DM. 

 
Table1. Summarized related studies from literature 

SN Reference Methodology Research Focus Key Findings Limitations 
1 Kaliappan Filter/wrapper Feature-selection Demonstrated Uses multiple 

 et al. [42] feature and classifier that feature datasets and does 
  selection + performance selection not specifically 
  multiple ML across diabetes substantially select 
  classifiers + datasets influences complementary 
  stacking  classification and 

stacking 
learners using OOF 
prediction 

    performance correlation 
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2 Z. Zhang et 
al. [43] 

Harmony 
Search + feature 
selection + 
stacking 

Optimized 
feature and base-
learner selection 
for diabetes 
prediction 

Joint 
optimization of 
feature selection 
and base-learner 
combinations 
improved 
stacking 
performance on 
PIDD 

Uses metaheuristic 
optimization 
rather than direct 
OOF prediction-
correlation 
analysis 

3 Mohsen et 
al. [44] 

Multimodal 
deep learning 
model 
integrating ECG 
features 

Integration of 
ECG with 
traditional 
models 

Enhanced 
prediction 
accuracy with 
ECG data 

Potential 
overfitting with 
complex models 

4 Mohanty et 
al. [45] 

SHAP-based 
feature 
selection + 
multiple 
ML/ensemble 
models 

Feature 
importance and 
computationally 
efficient diabetes 
prediction 

SHAP-based 
selection 
reduced the 
feature space 
while 
maintaining or 
improving 
predictive 
performance 

Uses SHAP for 
feature selection 
rather than RFECV 
followed by 
diversity-based 
learner selection 

5 Lee et al. 
[46] 

AI-based 
prediction 
model 

Aging population 
with 
comorbidities 

Improved 
prediction 
accuracy in older 
adults 

Requires validation 
across different age 
groups 

6 Abnoosian 
et al. [47] 

Ensemble 
machine 
learning (RF, 
SVM) 

Diabetes disease 
prediction using 
model 
combination 

Demonstrated 
the potential of 
ensemble 
learning for 
improving 
diabetes 
classification 

Does not 
specifically address 
diversity-based 
selection of base 
learners according 
to prediction 
correlation 

7 K. O. et al. 
[48] 

Feature 
engineering + 
XGBoost, 
NGBoost, 
Bagging, 
LightGBM, 
AdaBoost + 
stacking + SHAP 

Stacking and 
explainability for 
diabetes 
prediction 

Demonstrated 
the effectiveness 
of combining 
multiple 
classifiers and 
using SHAP for 
interpretation 

Does not explicitly 
use prediction- 
correlation 
thresholds to 
remove redundant 
base learners 

8 V. Q. Tran 
et. Al. [49] 

FT-Transformer 
+ RF + XGBoost 
+ LightGBM + 
stacking + SHAP 

Explainable 
stacking for 
diabetes 
prediction 

Stacking with a 
Random Forest 
meta-classifier 
produced strong 
predictive 
performance and 
SHAP-based 
interpretation 

Population 
restricted to men; 
learner diversity is 
not explicitly 
evaluated using 
OOF prediction 
correlations 

9 Khokhar et 
al. [50] 

Machine 
learning with 
explainable AI 
(SHAP, LIME) 

Model 
interpretability 

High accuracy 
with strong 
interpretability 

Potential bias in 
feature selection 

10 I. A. 
Elgendy et 
al. [51] 

Seven base ML 
models + 
stacking + 
multiple meta-
models + SHAP 

Ensemble 
prediction and 
multi-level 
explainability 

Demonstrated 
improved 
prediction 
through stacking 
and provided 
explanations of 
model and 

Uses several base 
learners without 
the specific 
compact, 
correlation-based 
learner-selection 
strategy proposed 
in your study 
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    feature 
contributions 

 

In conclusion, the literature shows a trend toward the development of integrated T2DM prediction models, 
emphasizing the importance of selecting relevant features, thorough validation, the use of ensemble 
learning, and interpretability. In this direction, the current research introduces a CV greedy stacking model 
that merges informative features and complementary classifiers to boost the prediction performance of 
T2DM while simultaneously offering interpretable insights into the factors affecting the classification. 

 

3. Materials and Methods 
3.1 Overview of Proposed Framework 
The proposed architecture as shown in Fig. 1 describe the explainable CV-GSE framework for prediction of 
T2DM. The framework combines data preprocessing, feature selection, heterogeneous ML models, cross-
validation, OOF prediction, greedy model selection, stacking ensemble learning, performance evaluation, 
and explainability in a single workflow. The overall architecture is composed of five layers: Data Layer, 
Feature Layer, Model Layer, Performance Evaluation Layer, and Explainability Layer. The Data Layer is the 
first layer of the framework and the Type 2 Diabetes Dataset Bangladesh (T2DDB) is used to develop and 
test the prediction models. The raw data is fed into the Feature Layer to be pre-processed and feature 
optimized. The Feature Layer first locates the target variable, and transforms it to a binary representation 
that is appropriate for the classification task T2DM. Any missing data is addressed with appropriate 
imputation techniques and categorical variables are coded into numerical values. Pre-processed data is 
then used to select an informative set of predictors using Recursive Feature Elimination with Cross-
Validation (RFECV). RFECV recursively tests the importance of candidate features by a Random Forest 
estimator and cross-validation, thus shrinking the feature space and keeping the features that are useful for 
discriminative information for further modelling. The Model Layer assesses a wide variety of eight 
supervised ML classifiers, including SVM-RBF, Random Forest (RF), Decision Tree (DT), Logistic Regression 
(LR), XGBoost, Naı¨ve Bayes (NB), Extra Trees (ET), and KNN. Heterogeneous classifiers allow the framework 
to be able to learn different patterns and decision boundaries, instead of relying on a single modelling 
approach. Stratified 10-fold CV is used to evaluate the classifiers, which preserves a similar class 
distribution between the folds. To overcome the problem of class imbalance, SMOTE is performed on 
training data in each CV fold, which prevents information leakage from the validation data. During the CV 
process the cross-validated probability predictions of the candidate classifiers are also produced as OOF 
predictions. Each of these OOF predictions is a prediction for the individual training observation and can 
be used to inform the next model-selection step. The framework does not simply add all the candidate 
classifiers together but rather use a greedy forward selection algorithm to choose a small number of base 
classifiers. The classifiers are added in a progressive manner starting with an initial candidate model, based 
on the contribution to the cross-validated ROC-AUC. A candidate classifier is kept if adding it to the 
ensemble improves the ensemble's predictive accuracy, otherwise it is discarded. This process leads to an 
efficient ensemble of complementary predictive information, while not unnecessarily increasing the 
number of base learners. The base classifiers selected are then combined using the proposed CV-GSE. The 
selected heterogeneous classifiers in the first level of the stacking architecture make probability 
predictions. The predictions are then passed as meta-level inputs to an XGBoost meta-learner that learns 
to use the information produced by the base models. Therefore, it is a two-level learning strategy, where 
the first level is composed by heterogeneous classifiers and the second level is done by XGBoost. The 
Performance Evaluation Layer is used to systematically evaluate classifiers and the proposed CV-GSE. 
Various classification metrics are used to assess the models, these measures complement the overall 
predictive performance, positive class identification and discrimination capability. To assess the 
improvement and robustness of the stacking framework in predictive performance, the results of the 
proposed stacking framework are evaluated against the individual baseline classifiers. 
Finally, the Explainability Layer incorporates SHAP and LIME to improve the interpretability of the ML 
predictions. SHAP is used to assess the contribution and relative importance of the selected clinical features, 
providing a global view of the factors influencing model predictions. LIME complements this analysis by 
generating local explanations for individual observations and showing how specific feature values 
contribute to each prediction. Together, these methods provide both global and instance-level insight into 
the model’s decision-making process. 
3.2 Dataset Description: 
The study was based on a Type-2 Diabetes Dataset Bangladesh (T2DDB) containing 1,065 patients and 10 
variables: nine predictor variables and 1 binary outcome variable. Table 2 shows the dataset used for T2DM 
classification, which includes demographic, anthropometric, physiological, and biochemical data. The 
target variable “Type-2 Diabetic” was converted to a binary outcome with the diabetic and non-diabetic 
groups. The data set had 840 cases of T2DM (78.87%) and 225 cases of non-T2DM (21.13%), which was a 
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significant class imbalance that was mitigated during model training using SMOTE in the cross-validation 
pipeline. Predictor variables are shown in table 2. 

Figure 1: CV-GSE framework for Early T2DM Prediction 

Table 2. Description of the Type-2 Diabetes Dataset Bangladesh 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Preprocessing involved identifying and binarizing the target variable, imputing missing numerical values 
using the median, and encoding categorical variables where applicable. RFECV was then applied to select 
the optimal feature subset for training and evaluating the eight ML classifiers. 
3.3 Dataset Preprocessing: 
The dataset was systematically pre-processed before model development to ensure consistency and 
suitability for binary T2DM classification. The “Type-2 Diabetic” variable was designated as the outcome 
variable, while the remaining variables were retained as predictor features. The outcome was recoded into 
two classes: Class 0 for non-T2DM and Class 1 for T2DM. Missing values were handled according to variable 
type: numerical missing values were imputed using the median, whereas missing categorical values were 
labelled as “Unknown” and subsequently encoded numerically using label encoding. After preprocessing, 
the analytical dataset comprised 1,065 observations and 10 variables, including nine predictors and one 
binary outcome variable. 

No Variable Type Description 
1 No. of Pregnancy Numerical No of pregnancies reported by the individual. 
2 Age Numerical Age of the individual in years. 

3 BMI Numerical BMI representing the individual's weight 
relative to height. 

4 BP (Systolic) Numerical Systolic blood pressure measurement. 
5 BP (Diastolic) Numerical Diastolic blood pressure measurement. 

6 Diabetes Pedigree 
Function 

Numerical A measure representing the estimated 
hereditary predisposition to diabetes. 

7 Insulin Numerical Insulin measurement recorded for the 
individual. 

8 Skin Thickness 
(mm) 

Numerical Skin-fold thickness measurement in 
millimetres. 

9 Glucose Numerical Blood glucose measurement used as an 
important metabolic indicator for T2DM. 

10 Type-2 Diabetic Class Diabetes status (Positive = 1, Negative = 0) 
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Figure 2: Distribution of T2DM and Non-T2DM Classes 

Fig 2 illustrates the target-class distribution after data preprocessing. Class 0 denotes non-T2DM cases (n = 
225), whereas Class 1 denotes T2DM cases (n = 840), resulting in a total analytical sample of 1,065 
observations. 
3.4 Recursive Feature Elimination with Cross-Validation (RFECV) 
To reduce the number of predictors used in the prediction of T2DM, a parsimonious subset was identified 
using feature selection by RFECV. The model performance was then assessed using 10-fold optimization 
criterion of ROC-AUC, with least informative, with the least informative features being eliminated 
recursively from the model via RFECV. This data-driven method was used to eliminate the redundant 
features and ensure the inclusion of the most relevant features for the predictive performance. 

 

Figure 3: RFECV-based optimal feature selection 

The best feature subset was selected by RFECV using the CV predictive performance. The best cross-
validated ROC-AUC was obtained using 6 features with value of 0.9558 as indicated in Fig 3. Age, BMI, BP 
(Systolic), Diabetes Pedigree Function, Insulin, and Glucose were selected by RFECV and BP (Diastolic) was 
eliminated by recursive feature elimination. Therefore, the final six-predictor feature set was utilized for 
further prediction of T2DM and construction of the proposed stacking framework. 

𝑆∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥 [
1 

∑𝐾 𝐴 𝑈𝐶 (𝑆)] (1) 
 

𝑆⊆𝐹 𝐾  𝑘=1 𝑘 

where 𝐹represents the complete feature set, 𝑆represents a candidate feature subset, 𝐾 = 10represents the 
number of cross-validation folds, and 𝐴𝑈𝐶𝑘(𝑆)denotes the ROC-AUC obtained using feature subset 𝑆on the 
𝑘-th fold. 𝑆∗represents the optimal feature subset. 
3.5 Machine Learning Models 
In order to get various predictive patterns for T2DM classification, eight different supervised ML classifiers 
were selected as candidate base classifiers, namely Support Vector Machine with RBF kernel (SVM-RBF), 
Random Forest (RF), Decision Tree (DT), XGBoost, Naı¨ve Bayes (NB), Extra Trees (ET), KNN and Logistic 
Regression (LR). These classifiers belong to various paradigms of learning: linear classification, kernel-
based learning, single-tree learning, bagging based ensembles and boosting based ensembles. 
Heterogeneous classifiers allow exploring various decision-making patterns and mitigate reliance on a 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.10s, 2026 2087 

 

 

single modelling approach. Stratified 10-fold CV was used to evaluate each classifier, in which the 
observations were split into ten folds, with the class distribution of T2DM and non-T2DM observations 
approximately preserved in each fold. The data set is imbalanced, so the synthetic minority over-sampling 
technique (SMOTE) is added to the training stage of each fold in the CV. Therefore, synthetic minority class 
observations were only created from the training data, and the corresponding validation fold was not 
touched, which minimized the risk of information leakage. To address the issue of feature scale sensitivity, 
feature standardization was added to the modelling pipeline for classifiers that are sensitive to feature scale. 

𝑥𝑛𝑒𝑤 = 𝑥𝑖 + 𝜆(𝑥𝑛𝑛 − 𝑥𝑖), 0 ≤ 𝜆 ≤ 1 (2) 
where 𝑥𝑖 represents a minority-class sample, 𝑥𝑛𝑛represents one of its nearest minority-class neighbours, 
and 𝜆is a random interpolation factor between 0 and 1. Each candidate classifier was evaluated based on 
accuracy, precision, recall, F1-Score and ROC-AUC. CV method was employed to create OOF probability 
predictions for each candidate classifier in addition to performing the performance evaluation. The 
following observations are not used to train the corresponding model and are instead used as input for the 
proposed model-selection and stacking stages, which are referred to as OOF predictions. The resulting OOF 
predictions are then used as a common ground to find the base learners that are useful for providing 
predictive information to the final ensemble. 
3.6 Cross Validated Greedy Stacking Ensemble 
The proposed framework does not directly stack all the candidate classifiers, but rather uses an OOF greedy 
forward selection approach to build a small stacking ensemble. Stratified 10-fold CV was used to create 
probability predictions for each base learner, which were then used as meta-level information to 
progressively assess the contribution of each base learner. ROC-AUC was used as the main selection 
criterion since it is a threshold-independent measure of the discriminatory ability of the models. For every 
iteration, one unselected classifier was temporarily included in the current model subset, and the 
performance of the updated model subset was assessed using cross-validated ROC-AUC. The greedy 
forward selection strategy was evaluated by cross-validated ROC-AUC and at each step the classifier with 
the largest improvement was added to the model as shown in fig 4. RF had the best ROC-AUC score of 0.9584 
in the first attempt and was chosen as the first base learner. LR further boosted the ROC-AUC to 0.9613 and 
Extra Trees to 0.9710. For the fourth iteration, the ROC-AUC of 0.9722 was the highest observed with the 
inclusion of DT. The classifiers did not yield any further improvements at the fifth iteration, and so the 
process of selecting the classifiers was stopped. The final selected subset consisted of RF, LR, ET and DT. 
The final combination achieved an absolute ROC-AUC score improvement of 0.0138 over the initial selected 
learner (from 0.9584 to 0.9722). The results show that the greedy selection strategy was able to find a set 
of complementary learners that was compact, but not too large, and that did not include unnecessary 
classifiers. This is a progressive improvement which means that the classifiers chosen added some 
predictive power to the ensemble, but the other classifiers did not add enough predictive power to the 
ensemble to warrant their inclusion. The probability predictions of the four base learners were then 
concatenated together to form the meta-feature matrix. 
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Figure 4. Greedy forward selection of base classifiers based on ROC-AUC. 

These meta-features were passed on to a meta-learner (XGBoost) that learns the relationship between the 
predictions of the selected classifiers and the T2DM outcome. 

𝑦ˆ = 𝑔𝑋𝐺𝐵(𝑝𝑅𝐹 , 𝑝𝐿𝑅, 𝑝𝐸𝑇 , 𝑝𝐷𝑇) (3) 
where 𝑔𝑋𝐺𝐵represents the XGBoost meta-classifier and 𝑦represents the final predicted T2DM outcome. This 
architecture is a two-level stacking structure, in which the heterogeneous classifiers are used to make the 
first-level prediction and XGBoost is used to make the second-level prediction. The proposed ensemble is 
called Cross-Validated Greedy Stacking Ensemble (CV-GSE). The proposed CV-GSE framework is 
summarized in Algorithm 1 and comprises feature selection, training the base-learners using cross-
validated data, generating OOF predictions, selecting the most useful learners by a greedy approach, 
stacking, evaluation and explainability. 

Algorithm 1: Cross-Validated Greedy Stacking Ensemble (CV-GSE) 
 

Input: Type 2 Diabetes Dataset 𝐷 = 𝑋, 𝑌 

1. Load and preprocess the T2DM dataset to obtain feature matrix 𝑋and target vector 𝑌. 

𝐷 = {(𝑥𝑖, 𝑦𝑖)}𝑁 , 𝑦𝑖 ∈ {0, 1} 
2. Apply RFECV to identify the optimal feature subset based on maximum cross-validated ROC-AUC. 

𝑆∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥 𝑅𝑂𝐶 − 𝐴𝑈𝐶𝐶𝑉 (𝑆) 
𝑆⊆𝑆0 

3. Define eight candidate classifiers: 
ℒ = {𝑆𝑉𝑀 − 𝑅𝐵𝐹, 𝑅𝐹, 𝐷𝑇, 𝑋𝐺𝐵𝑜𝑜𝑠𝑡, 𝑁𝐵, 𝐸𝑇, 𝐾𝑁𝑁, 𝐿𝑅} 

4. Train each classifier using stratified 10-fold cross-validation, applying SMOTE only to the training 
folds and standardization within the pipeline. 

10 

𝐷 = ⋃ 𝐷𝑘 
𝑘=1 

5. Generate out-of-fold (OOF) probability predictions for each classifier. 

𝑃𝑂𝑂𝐹 = [𝑝1𝑗, 𝑝2𝑗, … , 𝑝𝑁𝑗] 
6. Select base learners greedily according to the highest improvement in ROC-AUC. 

𝐿∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥 [𝐴𝑈𝐶(𝐿𝑠 ∪ {𝐿𝑗}) − 𝐴𝑈𝐶(𝐿𝑠)] 
𝑗 

𝐿𝑗∈ℒ∖𝐿𝑠 
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7. Stop the selection process when no additional learner improves ROC-AUC. 
𝛥𝐴𝑈𝐶 = 𝐴𝑈𝐶𝑛𝑒𝑤 − 𝐴𝑈𝐶𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ≤ 0 

8. Construct the meta-feature matrix using OOF predictions of the selected learners. 
𝑍 = [𝑃𝑂𝑂𝐹, 𝑃𝑂𝑂𝐹, … , 𝑃𝑂𝑂𝐹] 

𝐿1 𝐿2 𝐿𝑚 

9. Train XGBoost as the meta-classifier using the generated meta-features. 
𝑀∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥 

𝑀∈𝑋𝐺𝐵𝑜𝑜𝑠𝑡 
𝐴𝑈CCV(M; Z; Y) 

10. Generate the final T2DM prediction using the trained stacking model. 
Ŷ = M∗(Z) 

11. Evaluate the proposed framework using Accuracy, Precision, Recall, F1-score, and ROC-AUC. 
12. Apply SHAP and LIME to explain the predictions of the final model. 

 

Output: Optimized features, selected base learners, trained CV-GSE model, performance metrics, and 
explainability results. 

Algorithm 1 summarizes the sequential operation of the proposed CV-GSE framework. The steps of the 
procedure include pre-processing, feature selection using RFECV with SMOTE limited to training folds, and 
then stratified 10-fold cross-validation of candidate classifiers. The greedy forward selection procedure 
uses OOF probability predictions for all candidate learners. Each iteration, the candidate that makes the 
best change in the chosen ROC-AUC value is added to the ensemble. When no learner can get any better on 
the criterion, selection ends. The predictions of the selected learners are then used in the construction of 
the meta-feature matrix that is fed into the XGBoost meta-classifier. The final model is tested using accuracy, 
precision, recall, F1-score, and ROC-AUC, and then SHAP and LIME analysis. 
Lastly, the proposed CV-GSE was assessed and compared to the individual baseline classifiers within the 
same framework of cross validation based on performance metrics. This evaluation is used to consistently 
determine if the chosen mix of diverse learners results in better predictive accuracy and a smaller ensemble 
size. 
3.7 Performance Evaluation 
The predictive performance of each technique was evaluated before and after Stratified 10-Fold CV using 
five widely accepted evaluation metrics. 
1. Accuracy 
The percentage of correctly categorised samples is known as accuracy. 

Accuracy = (TP + TN)/(TP + TN + FP + FN) (4) 
2. Precision 
The percentage of accurately anticipated diabetic cases among all expected diabetic cases is known as 
precision. 

Precision = TP/(TP + FP) (5) 
3. Recall (Sensitivity) 
Recall assesses the classifier's accuracy in identifying patients with diabetes. 

Recall = TP/(TP + FN) (6) 
4. F1-Score 
The harmonic mean of recall and precision is known as the F1-score. 

F1 = (2 × Precision × Recall)/(Precision + Recall) (7) 
5. Area Under the ROC Curve (ROC-AUC) 
ROC-AUC measures a classifier’s ability to distinguish between diabetic and non-diabetic cases across 
classification thresholds. Higher ROC-AUC values indicate stronger class separability. 
3.8 Explainability Layer 
SHAP and LIME were used as complementary explainability techniques to improve the interpretability of 
the proposed T2DM prediction framework. To quantify the importance of the six RFECV-selected 
predictors, their contribution to model predictions was calculated using SHAP as shown in algo 8. 

𝛟 = ∑ 
|S|!(|F|−|S|−1)! 

[f(S ∪ {j}) − f(S)] (8) 
j S⊆F∖{j} 

 

|F|! 

where Fdenotes the complete feature set, jdenotes the feature being explained, Srepresents a subset of 
features excluding j, f(S)denotes the model output using feature subset S, and 𝛟jrepresents the SHAP 
contribution of feature j. 
It is used to quantify the contribution of the six RFECV-selected predictors to model predictions, and to 
obtain a global assessment of feature importance and the direction and magnitude of their effects. 
Furthermore, SHAP analysis was performed on the stacking model to understand the individual 
contribution of the selected base learners to the final prediction of the stacking model. LIME generated 
local, instance-level explanations showing how individual predictor values contributed to each T2DM 
prediction shown in algo 9. 

ξ(x) = arg min [L(f, g, πx) + Ω(g)] (9) 
g∈G 
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where frepresents the original prediction model, grepresents an interpretable local surrogate model, 
L(f, g, πx)measures the local approximation error, πxrepresents the locality weighting around instance x, 
and Ω(g)controls the complexity of the surrogate model. 
Together, SHAP and LIME provided complementary global and local interpretability, improving 
transparency in the ensemble’s decision-making process. 

 

4. Results and Discussions 
4.1 Comparative Performance of Base Classifiers and the Proposed Ensemble 
The predictive performance of the eight baseline classifiers and the proposed stacking ensemble is 
presented in Table 3. The classifiers that performed best individually were: Random Forest (96.06%), 
XGBoost (96.02%) and Extra Trees (95.68%). The accuracy of Decision Tree and SVM (RBF) is 94.46% and 
91.08% respectively while KNN, LR and NB obtained comparatively lower accuracy of 87.80%, 83.46% and 
75.39% respectively. 

 
Table 3: CV Performance of the Base Classifiers and Proposed CV-GSE 

Classifier Accuracy 
(%) 

Precision 
(%) 

Recall (%) F1-score 
(%) 

ROC-AUC 
(%) 

SVM (RBF) 91.08 97.05 91.55 94.17 94.06 
Random Forest 96.06 96.66 98.45 97.53 95.84 
Decision Tree 94.46 96.70 96.31 96.48 92.92 
XGBoost 96.02 96.67 98.93 97.77 94.48 
Naı̈ ve Bayes 75.39 95.22 72.50 82.11 89.08 
Extra Trees 95.68 97.17 97.38 97.27 96.00 
KNN 87.80 95.86 88.33 91.93 92.15 
Logistic Regression 83.46 97.13 81.55 88.54 94.24 

Proposed Cross 
Validated Greedy 
Stacking Ensemble 
(CV-GSE) 

98.50 98.25 99.70 98.62 96.85 

 
The proposed stacking ensemble achieved the highest accuracy (98.50%), precision (98.25%), recall 
(99.70%), F1-score (98.62%) and ROC-AUC (96.85%) among all eight classifiers. The proposed ensemble 
achieved 2.44 percentage points and 0.85 percentage point improvement in accuracy and F1-score 
respectively over the best individual classifier, namely, RF and XGBoost. Moreover, the ensemble 
outperformed the best individual classifier, Extra Trees, by 0.85 percentage points with ROC-AUC score of 
96.00%. The high recall of 99.70% shows that the proposed ensemble successfully identifies the T2DM-
positive cases while the F1-score of 98.62% is a good balance of precision and recall. Overall, the results 
showed that the stacking strategy of heterogeneous classifiers is better than any individual classifiers in 
predicting the results. 

 

Figure 5(a): Accuracy of Base Classifiers and the Proposed Ensemble 
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Figure 5(b): Precision of Base Classifiers and the Proposed Ensemble 

 

Figure 5(c): Recall of Base Classifiers and the Proposed Ensemble 
 

Figure 5(d): F1 Score of Base Classifiers and the Proposed Ensemble 
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Figure 5(e): ROC-AUC of Base Classifiers and the Proposed Ensemble 

Figures 5(a)–5(d) summarize the metric-level differences, while Figure 5(e) highlights the superior ROC-
AUC of the proposed ensemble relative to the individual classifiers. Overall, these results indicate that CV-
GSE improves the predictive and discriminative performance of T2DM classification by systematically 
integrating complementary predictions from heterogeneous base learners. 
4.2 OOF-Based Greedy Base Learner Selection 
A greedy selection approach using OOF was used to find a small and complementary subset of the 8 
candidate classifiers. Stratified 10-fold CV was used for OOF probability predictions for each classifier. 
Classifiers were successively added to an empty ensemble, based on the contribution to the cross-validated 
ROC-AUC. The unselected classifier with the largest increase in the ROC-AUC was kept at each step. The 
process was stopped as soon as there was no more improvement in the classifiers. This strategy reduced 
learner redundancy while retaining complementary models with useful predictive information. The 
proposed CV-GSE was then constructed using the selected base learners. 
4.3 Stacking Ensemble Performance 
The OOF probability predictions of the selected base learners were fused to create the meta-feature 
representation. These meta-features were then given as input to an XGBoost meta-learner to make the final 
prediction of the T2DM. The results of the proposed CV-GSE and the eight base classifiers are shown in 
Table 3. The ensemble model outperformed the individual models with accuracy of 98.50%, precision of 
98.25%, recall of 99.70%, F1-score of 98.62% and ROC-AUC of 96.85%. The proposed ensemble improved 
the best individual accuracy of RF (96.06%) by 2.44 percentage points. Likewise, it outperformed the best 
individual ROC-AUC (96.00%) of Extra Trees by 0.85 percentage points. The high recall rate of 99.70% 
highlights the high ability of the ensemble to detect T2DM-positive patients, and the F1 score of 98.62% 
shows a good balance between precision and recall. The results show the benefit of the proposed stacking 
strategy for integrating complementary OOF predictions. 
4.4 Global Feature Importance (SHAP)The proposed CV-GSE framework was interpreted using SHAP 
analysis at two complementary levels. For the feature level, the six features selected by the RFECV were 
analyzed using XGBoost. The most important predictor as shown in Fig 6 is Glucose (5.887), followed by 
BMI (0.737), BP(Systolic) (0.637), Age (0.462), DiabetesPedigreeFunction (0.369), and Insulin (0.242) in 
terms of the mean absolute SHAP value. The contribution of Glucose was significantly higher, suggesting its 
major role in predicting T2DM, and BMI and SBP also gave useful predictive information. 
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Figure 6: SHAP Feature Importance (Surrogate XGBoost) 

The selected base learners' meta-level predictions were fed into the model level and SHAP analysis was 
applied. The ranges of SHAP contribution for Random Forest and Extra Trees are comparatively broad, as 
seen in Fig 7, suggesting that they have a greater impact on the final stacking decisions. 

 

Figure 7: SHAP Importance of Base Models in the Proposed Stacking Ensemble 

Logistic Regression also has significant positive and negative contributions, while Decision Tree has a 
relatively small contribution range. The positive and negative SHAP values show that the predictions made 
by the selected base learners can have a different effect on the individual ensemble decisions. In general, 
the SHAP analysis results indicate that the proposed stacking framework is able to achieve high predictive 
performance and provide information about the relative contribution of the clinical characteristics and the 
base-learner predictions. 
4.5 Local Explainability Analysis Using LIME 
The proposed stacking ensemble was applied to three representative cases and LIME was used to 
investigate patient-specific model reasoning. The local explanations derived from the above are shown in 
Fig. 8(a)–(c). The results of the analysis show that the individual clinical features contribute, and contribute 
differently, in various patient instances, thus complementing the global trends that are revealed by the 
SHAP analysis. The highest positive contribution was found for Glucose (0.2655), followed by SBP > 130 
mmHg (0.0350), Age (44-53) (0.0158), and BMI ≤ 22.65 (0.0091) for Instance 0. In contrast, Insulin ≤ 0.00 
(−0.0473) and Diabetes Pedigree Function ≤ 0.00 (−0.0073) contributed negatively. Glucose ≤ 80.00 had the 
greatest negative contribution (−0.6861) for Instance 1. Insulin ≤ 0.00 (−0.0374) and systolic blood 
pressure ≤ 110 mmHg (−0.0257) also contributed negatively. The DPF was a small positive contributor 
(0.0125), whereas BMI and age were minor contributors. 
The highest positive contribution was with Glucose (0.1332) for Instance 2. BMI ≤ 22.65 also contributed 
positively (0.0080). Conversely, Insulin ≤ 0.00 (−0.0396), Diabetes Pedigree Function ≤ 0.00 (−0.0209), Age 
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≤ 35 years (−0.0139), and systolic blood pressure between 110 and 120 mmHg (−0.0058) contributed 
negatively. 

 

Figure 8(a): LIME Explanation, Instance (0) 
 

Figure 8(b): LIME Explanation, Instance (1) 
 

Figure 8(c): LIME Explanation, Instance (2) 
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Overall, the LIME results show that the proposed stacking model does not give equal importance to all the 
predictors, rather it makes instance-specific decisions. The direction and magnitude of the local 
contribution varied depending on the patient's characteristics but glucose always generated the largest 
local contribution in all three instances. This patient-level variability adds to the global SHAP analysis, and 
illustrates how global and local explainability methods can be used together to interpret T2DM prediction. 

 
4.6 Comparison with Existing Literature 
The performance of the proposed framework was evaluated with the diabetes prediction approaches 
reported in the literature as shown in Table 4. Studies using parameter optimized classifiers, voting based 
ensembles and stacking based classifiers are included in the comparison. The accuracy of the proposed 
framework is 98.50% while the selected comparative studies had accuracy values ranging from 79.08% to 
93%. The enhanced performance can be attributed to the combination of RFECV-based feature selection, 
eight heterogeneous classifiers, stratified 10-fold cv, in-fold SMOTE, OOF prediction generation, greedy 
base-learner selection, and XGBoost-based stacking. Rather than directly combining all candidate 
classifiers, the proposed method first identifies the learners that provide complementary predictive 
information and then uses their OOF predictions for stacking. This alleviates unnecessary model 
redundancy and preserves useful diversity of base learners. 

Table 4: Comparison Results with Existing Literature 
Reference Model Methodology Accuracy% Dataset 

 
Proposed 

 
Level 0: SVM, RF, DT, 
XGBOOST, NB, Extra Trees, 
KNN, LR, 
Level 1: Stacking (XGBoost) 

 
Cross Validated 
Greedy Forward 
Selection 

 
98.50% 

Type 2 
Diabetes 
Prediction 
Bangladesh 

[52] LR, RF, SVM, and KNN with 
grid search 

Parameter 
optimization using 
grid search 

83% PIDD 

[53] Level 0 (RF, DT, gradient 
boost, Gaussian NB, SVM 
KNN), 
Level 1 (LR) 

Stacking ensemble 93% PIDD 

[54] CATBoost, XGBoost, RF, LR, 
SVM 

AIC-based forward 
selection (CATBoost 
outperform) 

82.10% NHANES 
1999–2020 

[55] LR, SVM, k-NN, gradient 
boost, NB, and RF with 
majority voting 

Voting ensemble 82% PIDD 

[56] SMOTE + KNN, RF, 
CatBoost, ExtraTrees + 
stacking 

Stacking ensemble 85.94% MIMIC-IV 

 
In addition to its predictive power, the proposed framework makes a methodological contribution. It 
provides a unified workflow that includes RFECV-based feature optimisation, heterogeneous classifier 
evaluation, in-fold SMOTE, OOF prediction analysis, greedy learner selection, XGBoost-based stacking, and 
SHAP-LIME explainability. In addition, the performance indicators of the model were computed using 
stratified 10-fold CV and the mean and standard deviation were obtained over the folds. Mean values are 
shown in the main tables for a concise and consistent comparison of predictive performance, whilst 
standard deviations are provided to quantify variability and stability of models over folds. This joint 
reporting strategy provides better evaluation of both prediction efficacy and cross-validation stability. 
4.7 Discussion 
The proposed CV-GSE demonstrated good performance for T2DM prediction with 98.50% accuracy, 98.25% 
precision, 99.70% recall, 98.62% F1-score, and 96.85% ROC-AUC. These results show the benefit of using 
the predictions of a set of different classifiers instead of only one classifier. 
The framework combines RFECV feature selection, stratified 10-fold CV, in-fold SMOTE, OOF-based greedy 
learner selection and XGBoost stacking. The selection strategy allows to keep the complementary learners, 
avoiding unnecessary redundancy of the models, resulting in a compact and efficient ensemble. The 
explainability analysis showed that the most important feature was Glucose, followed by BMI and systolic 
blood pressure. Moreover, LIME showed that the feature contribution was unique to each case, thus 
confirming the patient-specific prediction of the model. These results show the complementary value of 
global SHAP and local LIME explanations. All performance measures were computed using 10-fold CV and 
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the mean and standard deviation were computed across the folds. Mean values are reported in the main 
tables for a concise comparison of model performance. Standard deviations were calculated to assess 
variability and stability across folds. The experimental results indicate that the proposed framework is an 
effective and interpretable approach for T2DM prediction. However, independent dataset evaluation, 
nested CV, calibration and prospective clinical data are needed before clinical deployment can be 
considered. 

 

5. Conclusion 
The proposed study was an explainable CV-GSE for predicting T2DM, which combined RFECV-based feature 
selection, heterogeneous ML classifiers, stratified 10-fold CV, in-fold SMOTE, OOF-based greedy learner 
selection, and XGBoost stacking. Six informative predictors Age, BMI, SBP, Diabetes Pedigree Function, 
Insulin, and Glucose were identified by RFECV with the highest cross-validated ROC-AUC of 0.9558. The 
ensemble model outperformed individual baseline models with the accuracy of 98.50%, precision of 
98.25%, recall of 99.70%, F1 score of 98.62% and ROC-AUC of 96.85%. The OOF-based greedy selection 
strategy helped the framework to find complementary predictive information without unnecessary 
combinations of models. In addition, SHAP and LIME gave both global and local explanations, with Glucose 
being the most influential predictor, followed by BMI and systolic blood pressure. The results overall 
indicate that the proposed feature selection, cross-validated ensemble learning, OOF-based learner 
selection, and XAI is a promising approach for the prediction of T2DM that is interpretable. However, the 
results are based on one set of data only and cross-validation experiments and should not be interpreted 
as clinical readiness. In the future, a multimodal hybrid deep learning framework is developed to further 
enhance the prediction performance. Feature selection and hyperparameter tuning will be discussed with 
the use of optimization techniques. Furthermore, clinically approved heterogeneous datasets from multiple 
hospitals will be gathered to assess the robustness, generalizability, and applicability of the framework in 
real-world settings. 
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