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Abstract
Accurate and timely detection of diabetes is vital for effective medical intervention and lifestyle modification.
Traditional diagnostic methods, however, frequently lack adaptability and scalability across various populations.
Using a sizable real-world dataset of 100,000 patient records, this study compares seven supervised machine
learning algorithms for diabetes prediction: Decision Tree, Random Forest, Support Vector Machine (SVM), K-
Nearest Neighbours (KNN), Linear Discriminant Analysis (LDA), XGBoost, and LightGBM. To improve data
quality, extensive preprocessing procedures were used, such as class balancing using SMOTE, categorical encoding,
feature scaling, and missing value imputation. According to experimental data, the Random Forest model
outperformed other models with the highest accuracy (97.07%) and F1-score (0.80). The results emphasize the
value of model selection in creating dependable medical decision-support systems and the efficacy of ensemble
learning and preprocessing in enhancing predictive performance. The findings underscore the effectiveness of
ensemble learning and preprocessing in improving predictive performance and highlight the importance of model

selection in designing reliable medical decision-support systems.
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1 | Introduction

Elevated blood glucose levels are a hallmark of diabetes mellitus, a chronic metabolic disease caused by the
body's incapacity to either make enough insulin or use it efficiently. It is among the 21st century's most urgent
wortldwide health issues. The World Health Organization (WHO) reports that factors like sedentary lifestyles,
obesity, and population ageing have contributed to a dramatic increase in the prevalence of diabetes globally
in recent decades [1]. In addition to increasing patients' quality of life by prompt medical intervention and
lifestyle adjustment, early and precise detection of diabetes is essential for preventing profound consequences
such cardiovascular disease, kidney failure, and neuropathy [2].

In recent years, machine learning (ML) has become a powerful tool in medical diagnostics due to its capacity
to discover complex patterns and relationships in large-scale health data [3]. ML-based predictive models can
assist clinicians in identifying individuals at high risk of diabetes more efficiently and cost-effectively than
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traditional diagnostic methods. Previous studies have explored a range of ML algorithms to predict diabetes
using demographic, clinical, and laboratory data [4]. However, the performance of these models often varies
depending on the dataset characteristics, feature selection, and parameter tuning strategies [5].

This study aims to perform a comprehensive comparison of multiple supervised learning algorithms for
diabetes prediction using a large-scale real-world dataset containing 100,000 patient records. The evaluated
models include Decision Tree, Random Forest, Support Vector Machine (SVM), Linear Discriminant
Analysis (LDA), XGBoost, LightGBM, and K-Nearest Neighbors (KNN). Furthermore, we enhance
prediction performance through data preprocessing, feature scaling, and hyperparameter optimization to
ensure robust and generalizable results.

The remainder of this paper is structured as follows. Section 2 reviews related work on ML applications in
diabetes prediction. Section 3 describes the dataset and preprocessing techniques. Section 4 outlines the
methodology and implementation details. Section 5 presents experimental results and discussion. Finally,
Section 6 concludes the study and provides recommendations for future research.

2 |Dataset and Preprocessing

This research utilizes a large-scale real-world dataset of 100,000 patient records. There are 9 features per
record with demographic, clinical, and behavioral features: gender, age, hypertension, heart disease, smoking
status, body mass index (BMI), HbAlc value, blood glucose value, and the target feature indicating diabetes
status (1 for diabetic, 0 otherwise).

The dataset went through several preprocessing steps before training the model:

e  Missing value handling: Although the dataset is mostly complete, missing values (if any) were handled
with appropriate imputation methods.

e  Categorical encoding: Label encoding was applied to categorical features such as gender and smoking
status.

e Feature scaling: Numerical features were all scaled using StandardScaler to standardize the input
range.

e (lass balancing: Since the dataset was imbalanced (having around 8.5% diabetic cases), SMOTE
(Synthetic Minority Over-sampling Technique) was employed for increasing minority class
prediction.

Train-test split: The dataset was divided into training and testing data as 80-20%.

These preprocessing stages ensured that models were trained with clean, properly scaled, and balanced data,
which is critical for healthy performance and generalizability.

3 | Methodology and Implementation

Trained four supervised machine learning models to classify the patients into diabetic and non-diabetic classes
based on the features of the data set. The models were selected for their application in classification and for
their difference in mechanism [0].

e Decision Tree: A simple tree-based model that splits the data based on feature values, simple to
interpret but will tend to overfit [7].

e Random Forest: An ensemble of decision trees that aggregates numerous predictions to improve
generalization and reduce variance [8].

e Support Vector Machine (SVM): A margin classifier that generates a hyperplane to separate classes,
performing optimally in high-dimensional space [9].
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e K-Nearest Neighbors (KNN): A proximity-based classifier that makes predictions based on the
majority vote of the closest neighbors in the training set [10].

All the models were implemented using the Scikit-learning library in Python [11]. Hyperparameter tuning was
implemented with GridSearchCV to determine the optimal configuration for each algorithm:

e Decision Tree: max_depth and criterion.
e Random Forest: n_estimators and max_features.
e SVM: kernel type and C (regularization parameter).

e KNN: number of neighbors (k) and distance metric.

Performance metrics (accuracy, recall, precision, and F1-score) were calculated with 5-fold cross-validation.

All the experiments were performed on the identical training and test sets to ensure a fair comparison [12].

Table 1. Tuned Hyperparameters for Each Model.

Model Tuned Hyperparameters

Decision Tree max_depth=5, criterion="gini'

Random Forest n_estimators=100, max_features='sqrt’

SVM kernel="tbf', C=1.0

KNN n_neighbors=7, metric="minkowski'

LDA solver='Isqt', shrinkage="auto'

XGBoost n_estimators=100, learning_rate=0.1, max_depth=6
LightGBM num_leaves=31, learning rate=0.1, n_estimators=100

4 | Experimental Results and Discussion

The performance of the four machine learning models was determined by their classification accuracy on the
test set. Table 2 contains the metrics of each model.

Table 2. Performance Metrics of Machine Learning Models on Diabetes Dataset.

Model Accuracy Precision Recall F1-Score
Decision Tree 95% 1% 73% 72%
Random Forest 97% 92% 69% 80%
SVM 95% 95% 57% 70%
K-Nearest Neighbors 96% 1% 62% 73%
LDA 95% 85% 57% 68%
XGBoost 97% 95% 69% 80%
LightGBM 97% 97% 69% 81%

The accuracy of the models is also reflected in Figure 1, which is a comparison of their classification accuracy.
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Figure 1. Comparison of model accuracies for diabetes prediction.

Among the models that were tested, Random Forest performed best across all the measurements of
evaluation consistently with 97% accuracy and 80% F1-score. This is likely since it is an ensemble model
which avoids overfitting and adds robustness.

Confusion Matrix of each Classifier shown in Figure 2(A)-2(G):
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Figure 2(A). Confusion Matrix of Decision Tree.
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Figure 2(B). Confusion Matrix of Random Forest.
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Figure 2(C). Confusion Matrix of SVM.
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Figure 2(D). Confusion Matrix of KNN.
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Figure 2(E). Confusion Matrix of Light GBM.
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Figure 2(F). Confusion Matrix of XGBoost.
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Figure 2(G). Confusion Matrix of LDA.

The Decision Tree, although simple to interpret, performed worse due to its sensitivity to noise and
overfitting. SVM performed well but was kernel and regularization parameter tuned sensitive. KINN
performed with moderate accuracy but was sensitive to 'k' value and input feature scaling.

These results point towards the need for model selection and preprocessing in designing accurate diagnostic
systems. Ensemble methodologies like Random Forest can utilize multiple decision boundaries to increase
generalization on novel data.

5 | Comparison with Previous Research Papers

Table 3. Comparison between Present Study and Prior Research on Diabetes Prediction.

A . Paper 1Diabetes Prediction Paper 2Hybrid Machine
spec Using Machine Learning Learning Models: A Comparative Analysis
Classi tients into High!
. ssify Pa, s 111 oHe Predict diabetes presence.
Objective / Moderate / Minimal risk based on final . .
(1 or 0) using ML algorithms
score
Dataset Medical data from Pune — Large dataset containing
atase
2327 cases over 100,000 records
Gend blood
Feat Age, weight, RES, BML cholesterol, HbATc, smokd
res ressur ster smokin,
eature cholesterol, BMI pressure, , cholesterol, ¢, smoking,
etc.
ML Models SVM, Decision Ttee, Same models, but h.yb1.rid .
Random Forest, KNN model was used for optimization
Preprocessing No preprocessing,. .Preproces.sing: Imputation, .
unbalanced data Scaling, Encoding, SMOTE, Tuning
Accuracy, Precision
Evaluati Only A ’ ’
vatmation . Recall, F1-score, Confusion Matrix
Best model: Random
Result Best model: SVM (77.27%
e estmode (77.27%) Forest (97.07%)
Random Forest outperformed others due to
Conclusion SW Was the stror?gest,. the large c?ataset and preprocessing;
especially in eatly classification confirmed importance of good model.

preparation
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Table 4. Previous research papers key findings and used models.

ref Study Name Models Used Key Findings
Enhancing the Accuracy
of Diabetes Prediction Using Decision Tree, Random Random Forest best (97.1%
) Machine Learning Models: A Forest, SVM, KINN accuracy, 0.80 F1-score)

Comparative Analysis

Diabetes Prediction Using Machi
abetes Hrediction Lsig Machine Decision Tree, Random

[11] Lear@ng Forest, SVM, KNN SVM best (77.27% accuracy)
Algorithms
Prediction of Diabetes
[12] Using Neural Network- Based CNN + SAE + VAE 95.14% accuracy
Classifiers

6 | Conclusion

Here, we evaluated and compared the performance of four supervised machine learning algorithms—
Decision Tree, Random Forest, Support Vector Machine, and K-Nearest Neighbors—on a real-world large-
scale dataset of 100,000 patient records. By incorporating strong preprocessing steps such as imputation,
scaling, SMOTE class balancing, and hyperparameter tuning, we achieved a significant improvement in the
performance of our model. Of all the models, Random Forest was the top performer with 97.07% accuracy
and a strong Fl-score of 80%, demonstrating the capability of ensemble methodologies to handle hard,
unbalanced health data. These findings underscore the importance of model selection, preprocessing of data,
and testing beyond accuracy in robust diagnostic system design. Future work involves the application of deep
learning methods such as neural networks and time- series models (e.g., LSTM) and incorporation of clinical
EHR data to further enhance prediction capability and real-world applicability in healthcare systems.
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