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Abstract - Diabetes is one of the most dangerous and non-communicable diseases affecting 537 million
people worldwide. It affects the pancreas making the body unable to produce insulin (a substance needed to
maintain blood glucose level). One of its symptoms is increased urinal level. Early and accurate prediction of
diabetes mellitus can help reduce its effect but predicting it is still a challenge for medical doctors. To address
this, we apply an Al model using the Pima Indian dataset and data from female patients in Bangladesh to
help professionals on gaining preliminary knowledge about the disease on their patients. We also used a
semi-supervised technique to fill in missing insulin information of the private dataset. SMOTE and ADASYN
were employed to solve the class imbalance problem. The combination of Machine learning classifiers and
ensemble techniques were applied to compare the performance of different algorithms to determine which
gives the best result. After training, the proposed method obtained an accuracy of 83%. The paper has shown
the promising applications in healthcare.
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I. INTRODUCTION

Diabetes is a chronic disease resulting from many factors such as high body weight, physical inactivity, and
high blood pressure [1]. It attacks the pancreas making the body incapable of producing insulin, causing
complications such as increased urine, damaged skin, and kidney failure. In Bangladesh, approximately 7.10
million people had suffered from this disease in 2019; globally, around 537 million people had been diagnosed
with diabetes according to 2021 IDF (International Diabetes Federation) data. A substantial body of work has
explored diabetes prediction using machine-learning methods. Most studies relied on the Pima Indians Diabetes
(PIDD) dataset, with comparatively few using institution-specific data or merged datasets. While many
investigations combined multiple algorithms with varied preprocessing pipelines for automated diabetes
detection, they commonly emphasized a single accuracy metric, centered exclusively on the PIDD dataset, and
gave limited attention to model explainability within their Al frameworks [2]. In this paper, we employ both
machine learning and explainable Al to identify diabetes using a private dataset collected from female employees
of a local textile industry in Bangladesh alongside the PIDD dataset. Missing entries are imputed with feature-
wise means, and data are partitioned using a holdout validation strategy. We evaluate several classifiers Decision
Tree, Logistic Regression, K-Nearest Neighbors, Random Forest, Support Vector Machine, and ensemble
approaches using precision, recall, and F1-score. The top-performing model is then integrated into a smartphone
application. In this paper, the prediction of diabetes mellitus has been made by providing a unique dataset of 203
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samples with six variables such as pregnancy, glucose, blood pressure, skin thickness, BMI, age and final outcome
of diabetes without disclosing the similarities with the Pima Indian dataset. The problem of class imbalance was
addressed using SMOTE and ADASYN. The training was also done by hyperparameter tuning. Another
explainable Al method was diabetes prediction, which we used as well. The fusion approach of machine learning
models are useful to enhance the performance of suggested method. It is split into sections as follows: Section 2
is a description of the proposed diabetes prediction system; Section 3, the final results are presented; Section 4,
conclusion and future improvements are described.

II. PROPOSED METHOD

This part of the text illustrates the procedures and implementations of machine learning techniques to create
our automatic diabetes prediction system. Figure 1 shows the different steps of this work.

Collect data
of diabetes Process and Classification using
features normalize Machine Learning

Figure 1. Steps of the Proposed Method

Classification Diabetes or

results Not

A. Dataset
We evaluate the proposed method on two public datasets: Prima Indian and RTML [3]. Features of the datasets
are described as follows:
e Pregnancies: Number of times pregnant
e  Glucose: Plasma glucose concentration in an oral glucose tolerance test
e BloodPressure: Diastolic blood pressure (mm Hg)
e  SkinThickness: Triceps skin fold thickness (mm)
e Insulin: 2-Hour serum insulin (mu U/ml)
e BMI: Body mass index
e DiabetesPedigreeFunction: Diabetes pedigree function
o Age: Age (years)
e Outcome: Class variable (0 or 1)

B. Data Processing
To combine the dataset, we found some exceptional zero values (skin thickness and BMI). These values were
replaced by the mean value.

C. Machine Learning Classifiers

In this study, a broad set of machine-learning and ensemble approaches were utilized: the GridSearchCV
tuning framework, Decision Tree, K-Nearest Neighbors (KNN), Random Forest, Support Vector Machine (SVM),
Logistic Regression, AdaBoost, XGBoost, Voting Classifier, and Bagging [4]. GridSearchCV is a scikit-learn
procedure for hyperparameter optimization that exhaustively tests combinations from a predefined parameter
grid using cross-validation. It streamlines model selection by fitting and evaluating each configuration against a
chosen metric (e.g., accuracy, Fl-score) and returning the best-performing setup [4]. A Decision Tree is a
supervised model that partitions the feature space through a series of hierarchical splits. Internal nodes encode
rules based on feature thresholds, while terminal leaves represent predicted classes (for classification) or
continuous outputs (for regression) [5] [6].

The KNN Classifier is a non-parametric, instance-based method that labels a query point according to the
majority class among its k closest training samples, where closeness is typically computed via a distance
measure such as the Euclidean metric [5] [7]. Random Forest is an ensemble technique of learning that builds a
series of decision trees in the course of training, and combines their predictions (majority vote in the
classification, average in the regression). It brings the element of randomness through bootstrap sampling and
random feature selection [6] [8].
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A Support Vector Machine is an algorithm to detect the optimal hyper plane to partition the data points of
divergent classes with the most significant margin. It applies the so-called kernel trick to data in the higher
dimensional space in situations where the data cannot be separated in a linear manner [9]. Logistic Regression is
a linear regression that can be applied in binary classification (equivalent to multiclass with softmax). It
estimates the likelihood of a datum point to be a member of a given set of classes based on the use of logistic
(sigmoid) function [10]. AdaBoost is an ensemble learning algorithm, a collection of weak classifiers (usually
decision stumps) used together to form a strong one. It puts more emphasis on the misclassified data points in
each iteration to concentrate on the challenging cases [11].

XGBoost is an optimized gradient boosting model which takes the form of an ensemble of decision trees built
sequentially, minimizing a loss function via gradient descent. It involves regularization so as to avoid overfitting
and parallel processing to ensure efficiency [12]. Voting Classifier Voting Classifier A voting Classifier is an
ensemble technique, and it uses a combination of multiple predictions made by classifiers, with either majority
voting (hard voting) or averaging predicted probabilities (soft voting) to get the final prediction [13]. Bagging is
a form of ensemble method that uses several instances of a underlying base learner (e.g., decision trees) and uses
random subsets of the training data (with replacement) to train the instances and (via voting or averaging) [14].

D. Explainable Al (XAI)

Explainable Al (XAI) refers to methods and techniques in artificial intelligence (AI) and machine learning (ML)
that make the decisions or predictions of Al models transparent, interpretable, and understandable to humans.
In contrast to classical black-box models (e.g. deep neural networks), that make precise, yet opaque predictions,
XAl is designed to give an insight into how and why a model makes certain prediction. This is important in
establishing trust, accountability and regulatory provisions in areas such as healthcare, finance and legal systems
[15].

III. PERFORMANCE EVALUATION OF THE PROPOSED METHOD FOR DIABETES
PREDICTION

This section presents the outcomes of our automated diabetes prediction framework. We assess multiple ML
classifiers using the precision metric. Precision is widely adopted to gauge how reliably a model’s positive
predictions correspond to true positives. Table 1 shows the performance metrics of all classifiers.

Table 1. Performance Comparison of Classifiers for Diabetes Prediction

Method Precision
kNN 74%
SVM 75%
Voting 77%
Decision tree 78%
XGBoost 81%
Combined models 83%
Ground truth
Diabetes 100 13
Not diabetes
16 45
Not diabetes Diabetes
Prediction

Figure 2. Confusion Matrix of the Classification
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Figure 2 depicts the confusion matrix for the XGBoost classifier trained with ADASYN oversampling, while
Figure 3 presents its Receiver Operating Characteristic (ROC) curve. The ROC curve summarizes the trade-off
between true-positive and false-positive rates and reflects the classifier’s discriminative power
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Figure 3. ROC curve and AUC value for XGBoost with ADASYN

According to these figures, the model predicts diabetes correctly with 83% confidence. The model classified
this class as a person that has a glucose level of more than 140.25 and involves pregnancies of more than 6.
According to obtained results, we can see that the Glucose, BMI and Age features significantly affect diabetes
people. Explainable Al techniques with SHAP and LIME frameworks are implemented with figure 4 showing the
feature importance.

Feature Importance

Glucose
BMI

Age
SkinThickness
Pregnancies
BloodPressure

Insulin
0 0.05 0.1 0.15 0.2 0.25 0.3

Contribution

Figure 4. Explainable Al Showing the Importance of Features [16]

IV. CONCLUSION

The paper presents the diabetes classification using machine learning and explainable Al. We have successfully
achieved a model using the Pima Indian and RTML dataset with a higher F1 score than previous works. There are
some future changes for this work, for example, we recommend getting additional private data with a larger
cohort of patients to get better results. The combination of machine learning models helps to improve the



88
Vu Xuan Manh et al. 2(4), 84-88, 2025

performance. Another extension of this work is combining machine learning models with fuzzy logic techniques
and applying optimization approaches.
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