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INTRODUCTION
Diabetes mellitus is increasingly recognized as a chronic metabolic disorder that poses
significant global health challenges. It is associated with severe complications, including
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cardiovascular diseases, kidney failure, and neuropathy. The rising prevalence of diabetes
underscores the urgent need for effective management strategies. Early detection and accurate
diagnosis are critical to preventing progression and complications [1]. Machine learning (ML)
technologies have emerged as valuable tools, providing more rapid and objective diagnoses
compared to traditional methods [2]. Several ML algorithms—particularly k-Nearest Neighbors
(k-NN), Support Vector Machines (SVM), and Random Forest—have shown promising results
in predicting diabetes onset [3], [4], [5], [6].

The comparative efficacy of these machine learning techniques varies based on the
datasets, methodologies, and features used. For example, studies have shown that k-NN
achieved about 80% accuracy. SVM and Random Forest reported accuracies of around 72%
and 75%, respectively [3], [5]. There is a research gap in the comprehensive comparison
between these algorithms and in understanding how model parameter selection affects
outcomes. This study aims to bridge that gap by directly comparing the three ML algorithms
in predicting diabetes using the Pima Indians Diabetes dataset [7].

Moreover, understanding the clinical features that drive prediction accuracy is essential
for enhancing model interpretability and reliability. Research shows that features such as
plasma glucose concentration, serum insulin resistance, and blood pressure are critical to
diabetes prediction [3], [5]. Isolating these features yields valuable insight into underlying risk
factors, supporting the development of targeted prevention strategies. Accordingly, this study
implements and compares the efficacy of k-NN, SVM, and Random Forest algorithms in
predicting diabetes, using standard evaluation metrics—accuracy, precision, recall, and F1-
score—to identify the best-performing model.

The scientific contribution of this study is to provide a clearer evaluation of which ML
algorithm is most effective for diabetes prediction and to identify the clinical features that
significantly influence the predictive power of these algorithms. Practically, the findings are
expected to serve as a foundation for developing more effective ML-based decision support
systems in clinical settings for early diabetes detection, which can improve diagnostic quality
and patient management. This research will strengthen the integration of ML technologies in
clinical decision-making, with the goal of enhancing the accuracy and timeliness of diabetes
diagnoses [8], [9].

METHOD

In our analysis of machine learning algorithms for diabetes prediction, we highlight
three significant methods: k-Nearest Neighbors (k-NN), Support Vector Machine (SVM), and
Random Forest. The k-NN algorithm is favored for its simplicity and effectiveness in managing
non-linear data without stringent assumptions about data distribution, making it suitable for
complex medical datasets [10]. SVM excels in handling high-dimensional data, effectively
discerning optimal separation boundaries between classes, which is critical in medical
applications where data features are often numerous, as supported by various studies on its
application in diabetes classification [11], [12]. Additionally, Random Forest offers superior
performance in dealing with imbalanced datasets and feature-rich environments, greatly
reducing the risk of overfitting through its ensemble learning approach [4][5]. The choice of
these algorithms is substantiated by their empirical success in medical classification problems,
particularly in diabetes-related studies [13], [14], [15].
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Figure 1. Research Methodology (Source: Author)

In our analysis of machine learning algorithms for diabetes prediction, we highlight
three significant methods: k-Nearest Neighbors (k-NN), Support Vector Machine (SVM), and
Random Forest. To begin with, the k-NN algorithm is favored for its simplicity and effectiveness
in managing non-linear data without stringent assumptions about data distribution, making it
suitable for complex medical datasets [10]. Building upon this, SVM excels in handling high-
dimensional data, effectively discerning optimal separation boundaries between classes. This
capability is especially critical in medical applications where data features are often numerous,
as supported by various studies on its application in diabetes classification [11], [12].
Furthermore, Random Forest offers superior performance in dealing with imbalanced datasets
and feature-rich environments, greatly reducing the risk of overfitting through its ensemble
learning approach [4], [5]. Ultimately, the choice of these algorithms is substantiated by their
empirical success in medical classification problems, particularly in diabetes-related studies
[13], [14], [15].

Dataset

This study uses the public Pima Indians Diabetes Database from Kaggle, which contains
data from 390 patients and 15 clinical features relevant to predicting diabetes, such as
cholesterol, glucose levels, age, BMI, and a target column for diabetes status. This widely used
dataset is representative for diabetes prediction research. The study will test and compare the
effectiveness of three popular classification algorithms in predicting diabetes.

Tabel 1. Patient Data from the Diabetes Dataset
(https //WWW kaggle.com/datasets/uciml/pima-indians-diabetes-database)

p | ol hdl_chol chol_hdl_ratio age gender height weight bmi systolic bp diastolic bp waist hip waist_hip_ratio diabetes

1 193 77 49 39 19 female 61 119 225 118 70 32 38 0.84 .No
diabetes

2 146 79 41 36 19 female 60 135 264 108 58 33 40 0.83 .NO
diabetes

3 217 75 54 4 20 female 67 187 293 110 72 40 45 0.89 .NO
diabetes

4 226 97 70 32 20 female 64 114 19.6 122 64 31 39 0.79 .No
diabetes
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patient_number cholesterol glucose hdl_chol chol hdl_ratio age gender height weight bmi systolic bp diastolic bp waist hip waist_hip_ratio diabetes

5 164 91 67 24 20 female 70 141 202 122 86 32 39 0.82 . No
diabetes
6 170 69 64 2.7 20 female 64 161 276 108 70 37 40 0.93 . No
diabetes
7 149 77 49 3 20 female 62 115 21 105 82 31 37 0.84 . No
diabetes
8 164 71 63 2.6 20 male 72 145 19.7 108 78 29 36 0.81 ) No
diabetes
9 230 112 64 3.6 20 male 67 159 249 100 90 31 39 0.79 ) No
diabetes
10 179 105 60 3 20 female 58 170 355 140 100 34 46 0.74 No

diabetes

Data Partitioning and Validation Strategy

To objectively evaluate the predictive performance of the machine learning algorithms,
the dataset was partitioned using a stratified hold-out validation strategy [16]. The data was
divided into a training set and an independent testing set with an 80:20 ratio, allocating 80%
of the instances for model training and the remaining 20% for testing. To mitigate the risk of
sampling bias and ensure that the original class distribution of the target variable, diabetic
versus non-diabetic cases, was strictly preserved across both subsets, a stratified sampling
technique was employed during the splitting process. Furthermore, a fixed random seed
(random_state=42) was initialized to guarantee the reproducibility of the data partition. It is
important to note that the Synthetic Minority Over-sampling Technique (SMOTE) was applied
exclusively to the 80% training subset to prevent data leakage, ensuring that the 20% testing
subset remained completely unseen and representative of real-world class distributions.

Data Preprocessing

Several preprocessing steps were conducted prior to model development. First, the
categorical feature "gender" was converted into a numerical representation. To address class
imbalance in the target variable, the Synthetic Minority Over-sampling Technique (SMOTE) was
applied to the training dataset. Initially, the minority class "Diabetes" consisted of 38 instances,
while the majority class "No Diabetes" comprised 262 instances. SMOTE generated synthetic
samples for the minority class to balance it with the majority. Lastly, all numerical features were
standardized using StandardScaler to ensure uniform feature scales.

The SMOTE algorithm operates by generating synthetic samples for the minority class
through linear interpolation between existing instances. Mathematically, for each sample x; in
the minority class, SMOTE selects k nearest neighbors (default k=5) and creates a new sample
Xnev USing the formula (1):

Xnev = Xi + A X (Xin - X)) (1

where:
Xin represents one of the k-nearest neighbors of x;

A denotes a random value between 0 and 1

Table 2. Class Distribution Before and After SMOTE Application

Condition Non-Diabetes Class Diabetes Class
Pre-SMOTE 262 38
Post-SMOTE 262 262
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This process iterates until the minority class sample count matches the majority class.
In the current implementation, the parameter random_state=42 ensures result reproducibility.
The increase in diabetic class samples from 38 to 262 demonstrates SMOTE's effectiveness in
addressing class imbalance while preserving crucial information from original samples.

k-Nearest Neighbors (k-NN)

The k-Nearest Neighbors (k-NN) algorithm was implemented using the
KNeighborsClassifier from the Scikit-learn library. The model was configured with default
hyperparameters, setting k=5 to evaluate five nearest neighbors. Patient data point distances
were computed using the Minkowski metric with p=2, equivalent to the Euclidean distance [7].
Uniform weighting ensured each point in the local neighborhood contributed equally to the
majority vote [17].

Support Vector Machine (SVM)

The Support Vector Machine (SVM) model was specifically configured using the Radial
Basis Function (RBF) kernel (kernel='"rbf). This kernel maps the clinical features into a higher-
dimensional space and helps determine the optimal separating hyperplane [18]. The
regularization parameter (C), which dictates the penalty for misclassification, was set to the
standard value of 1.0. The kernel coefficient (Y) was configured to auto-scale. Notably, the
probability=True parameter was enabled to allow the model to output class probability
estimates for subsequent advanced analysis [19], [20]. Furthermore, the random_state=42
parameter was defined to guarantee the computational stability and reproducibility of the
generated support vectors [21].

Random Forest

As an ensemble learning method, the Random Forest algorithm was constructed by
initializing 100 decision trees (n_estimators=100) [22]. This hyperparameter selection provides
an optimal balance between classification performance and computational efficiency. The split
quality at each node was evaluated using the Gini impurity criterion. The random_state=42
parameter was explicitly set to maintain the consistency of the bootstrap aggregating
(bagging) process and the random feature sub-sampling at each tree split. The final predictive
outcome regarding a patient's diabetes status was derived through a majority voting
mechanism. This mechanism aggregated the predictions of all 100 constituent trees [23], [24].

RESULTS AND DISCUSSION

In this study, machine learning models were developed and evaluated using both
Google Collaboratory (Google Collab) and a MacBook Air M1 as the local development
environment. Google Collab served as a cloud-based platform for model execution. The
MacBook Air M1 was used for initial data preprocessing, exploratory analysis, and local
debugging. Google Collab was chosen for its support of cloud-based Python scripting and
access to integrated GPUs in its free tier. These features facilitate faster computation. Several
essential libraries were used in this experiment. Scikit-learn was used for modeling and
evaluation, Pandas and NumPy for data manipulation, Matplotlib and Seaborn for visualization,
and Imbalanced-learn for handling class imbalance using SMOTE. The training process was
performed on a MacBook Air M1 (2020), which has an 8-core ARM architecture processor and
8GB of RAM. This device includes built-in CPU optimizations for efficient Python execution.
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Model training used three machine learning algorithms: k-NN, SVM with an RBF kernel,
and Random Forest Classifier. Each model was trained with SMOTE-balanced data and tested
on normalized data using StandardScaler. Evaluation included accuracy, precision, recall, F1-
score, and confusion matrix analysis. This process was repeated for each model to ensure
objective performance comparison.

Evaluation of Classification Model Performance

This study evaluated the performance of three widely used machine learning
algorithms, k-NN, SVM, and RF, in classifying diabetes outcomes. The evaluation was based on
four key performance metrics: accuracy, precision, recall, and F1-score. These metrics were
chosen for their ability to reflect not only the overall correctness of the model but also its
effectiveness in handling class imbalance, which is common in medical datasets. The results are
summarized in Table 1. From the results, the Random Forest model achieved the highest
accuracy at 89.7%, indicating superior overall performance in correctly classifying both diabetic
and non-diabetic cases. Although the k-NN model attained the highest recall (0.750), it suffered
from low precision (0.375), suggesting a high rate of false positives. This outcome highlights a
common trade-off in medical classification tasks, where maximizing recall can come at the
expense of precision. On the other hand, the SVM model showed more balanced results, with
moderate precision and recall, though still lower in overall performance compared to Random
Forest.

The F1-score, which balances precision and recall, provides a more holistic view of
model performance, especially in imbalanced datasets. Random Forest outperformed the
others with the highest F1-score (0.636), making it the most reliable model in this comparative
analysis for identifying diabetes cases accurately and consistently. The superior performance
of Random Forest in this specific clinical context can be attributed to several factors inherent
to the dataset. Medical datasets, such as the Pima Indians Diabetes database, often contain
non-linear relationships and complex interactions between physiological features (the
interaction between BMI, age, and glucose levels). Unlike k-NN, which relies on distance metrics
and is highly sensitive to noisy data, or SVM, which seeks a single optimal geometric margin,
RF builds multiple uncorrelated decision trees through feature bagging (Random Subspace
Method). This ensemble mechanism allows the algorithm to inherently filter out 'noise’ from
less relevant features, such as gender or minor blood pressure, variations and place stronger
emphasis on critical diagnostic signals like blood glucose, as corroborated by the feature
importance analysis. Furthermore, tree-based models are naturally robust to the varied
numerical distributions often found in clinical markers, allowing the Random Forest to
construct a highly accurate and generalizable decision boundary without overfitting the
training data.

Confusion Matrix Analysis

To gain deeper insight into the behavior of each model, confusion matrices were
analyzed. These matrices provide detailed information on the distribution of true positives, true
negatives, false positives, and false negatives, which are critical for evaluating classification
models in healthcare applications.
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Table 1. Performance comparison of classification models

Model Accuracy Precision Recall F1-Score

k-Nearest Neighbors ~ 0.769 0.375 0.750 0.500
Support Vector Machine 0.846 0.500 0.583 0.538
Random Forest 0.897 0.700 0.583 0.636

k-Nearest Neighbors

The k-Nearest Neighbors confusion matrix (Figure 2) showed 51 non-diabetic and 9
diabetic cases correctly predicted. However, the model missed 15 diabetic cases (false
negatives). This is a significant medical concern, as undiagnosed diabetes can cause serious
complications. Compared to k-NN, the SVM model (Figure 3) correctly identified 59 non-

diabetic cases, misclassified

7, and detected 7 of 12 diabetic cases. This shows improved

precision, though false negatives remain notable. Building on these results, the Random Forest
model (Figure 4) demonstrated the most robust performance, with 63 true negatives and 7
true positives, and only 3 false positives and 5 false negatives. This indicates not only high
accuracy but also a balanced ability to identify both classes, minimizing the risks associated

with misclassification.

Confusion Matrix for k-Nearest Neighbors

No Diahetes

True Label

Diabetes
'

i '
No Diabetes Diabetes
predicted Label

Figure 2. Confusion Matrix of k-Nearest Neighbors

True Label

Confusion Matrix for Support Vector Machine

No Diabetes
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|

i '
No Diabetes Diabetes
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Figure 3. Confusion Matrix of SVM
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Figure 4. Confusion Matrix Matrix of Random Forest

The confusion matrices confirm earlier performance metrics. They reinforce that
Random Forest best balances sensitivity and specificity among the models.

ROC Curve and AUC Analysis

A ROC curve analysis was conducted to comprehensively evaluate model discrimination
at different thresholds. The ROC curve plots True Positive Rate (Sensitivity) against False
Positive Rate (1 - Specificity), showing the trade-off between correctly identifying diabetic
patients and misclassifying non-diabetic ones. The Area Under the Curve (AUC) was calculated
to measure overall model performance. An AUC closer to 1.0 shows a better ability to
distinguish between classes. As illustrated in Figure 5, the Random Forest model exhibited the
highest predictive performance, achieving an outstanding AUC score of 0.934. This indicates a
robust and highly reliable capacity for class separation. The Support Vector Machine (SVM)
model also displayed strong discriminatory power, yielding an AUC of 0.890. In contrast, the k-
Nearest Neighbors (k-NN) algorithm recorded the lowest performance among the three, with
an AUC of 0.793. As shown in Figure 5, the Random Forest model had the highest predictive
performance with an AUC score of 0.934. This score indicates robust and reliable class
separation. The Support Vector Machine (SVM) model also performed well, achieving an AUC
of 0.890. In comparison, the k-Nearest Neighbors (k-NN) algorithm had the lowest
performance, recording an AUC of 0.793. These AUC results match the earlier discussed
evaluation metrics. They provide further evidence that Random Forest is the most effective
model for diabetes prediction in this study. Random Forest's superior performance is mainly
due to its ensemble approach [25]., which combines predictions from many independent
decision trees. This allows it to capture complex, non-linear relationships among clinical
features and reduces overfitting, a common problem with high-dimensional medical data. The
SVM model performs well by using the RBF kernel to map data and find optimal separation
boundaries. However, it lacks the adaptability of Random Forest's feature sub-sampling. In
contrast, k-NN's lower AUC and precision reflect its sensitivity as a distance-based classifier.
This makes it more affected by noisy data and overlapping classes in complex clinical settings.
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Figure 6. Feature importance rankings based on the Random Forest model

Feature Importance Analysis

To identify key features influencing classification decisions, a feature importance
analysis was performed using the Random Forest model. This approach quantifies each input
variable's contribution to the predictive outcome, clarifying which factors are most
instrumental in diabetes detection. Figure 6 indicates that blood glucose level is the decisive
feature, accounting for over 40% of the model's decisions. This result aligns with clinical
knowledge, as high glucose levels typically signal diabetes. Other influential features include
age and systolic blood pressure, both established risk factors. Conversely, gender exerted little
influence on predictions, suggesting its limited role in diabetes classification for this dataset.
This information can guide future feature selection, enabling model simplification without
sacrificing accuracy.
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CONCLUSIONS AND SUGGESTIONS

This study successfully evaluated and compared the performance of machine learning
algorithms for diabetes prediction by following a structured methodological pipeline. Initially,
data preprocessing was conducted, which included categorical encoding and feature
standardization. To address the inherent class imbalance within the dataset, SMOTE was
applied. Subsequently, three classification models, k-NN, SVM, and RF, were trained and
evaluated using standard classification metrics.

The Random Forest model achieved the highest accuracy at 89.7%. This result indicates
superior overall performance in correctly classifying both diabetic and non-diabetic cases.
Although the k-NN model attained the highest recall (0.750), it suffered from low precision
(0.375). This suggests a high rate of false positives. The outcome highlights a common trade-
off in medical classification tasks, where maximizing recall can come at the expense of
precision. In contrast, the SVM model showed more balanced results, with moderate precision
and recall. However, it still had lower overall performance compared to Random Forest.

The F1-score, which balances precision and recall, provides a more holistic view of
model performance, especially in imbalanced datasets. Random Forest outperformed the
others with the highest F1-score (0.636), making it the most reliable model in this comparative
analysis. As discussed, the superior performance of Random Forest in this specific clinical
context is attributed to its ensemble mechanism (feature bagging), which effectively filters out
noise from less relevant features and handles the non-linear relationships and complex
interactions inherent in medical datasets like the Pima Indians Diabetes database without
overfitting. Future studies could explore systematic hyperparameter tuning to further optimize
these predictive models.
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