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This paper investigates the performance of three supervised machine learning
algorithms K-Nearest Neighbor (KNN), Decision Tree (DT), and Support
Vector Machine (SVM) for diabetes classification using the Pima Indians
Diabetes Dataset. The study aims to provide a fair and consistent comparison
by applying unified preprocessing procedures, including median imputation
for clinically invalid values, feature standardization, and stratified 5-fold
cross-validation. Model performance is evaluated using accuracy, precision,
recall, and F1-score, with particular emphasis on recall for the diabetic class
due to its clinical significance in reducing false negative diagnoses.
Experimental results show that the Decision Tree model achieves the most
balanced performance, with an average accuracy of 0.78 and an F1-score of
0.75, while maintaining higher recall for diabetic cases compared to KNN and
SVM. Although SVM and KNN demonstrate acceptable overall accuracy,
both models exhibit limitations in identifying minority-class instances. These
findings highlight the importance of algorithm selection based not only on
accuracy but also on clinical priorities such as interpretability and sensitivity
to positive cases. The study contributes practical insights for the development
of reliable machine learning—based decision support systems for early
diabetes screening.
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1. INTRODUCTION

The rapid advancement of artificial intelligence (AI) and machine learning (ML) has

increasingly transformed healthcare systems, particularly in the areas of disease risk prediction, early
diagnosis, and clinical decision support. By learning patterns from historical medical data, ML-based
models can assist healthcare professionals in identifying diseases at earlier stages, thereby improving
treatment effectiveness and reducing long-term healthcare costs. Among chronic diseases, diabetes
mellitus represents a major global health challenge due to its high prevalence, long-term complications,
and significant burden on healthcare systems worldwide [1], [2].

Diabetes is a metabolic disorder characterized by elevated blood glucose levels due to
impaired insulin production or utilization [3]. Early detection of diabetes risk is essential to prevent
further complications, and this is where machine learning plays a crucial role. By leveraging medical
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data, machine learning algorithms can build classification models to predict whether an individual is at
risk of developing diabetes.

In this study, a performance comparison of three widely used machine learning algorithms—
Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Decision Tree (DT)—is conducted.
These algorithms employ different classification approaches and possess distinct strengths and
limitations [4]. Therefore, identifying the most suitable algorithm for diabetes classification is of
considerable importance.

The objective of this research is to evaluate and compare the performance of the three
algorithms using evaluation metrics such as accuracy, precision, recall, and F1-score. The results of
this study are expected to provide clearer insights into the most effective algorithm for implementation
in medical decision support systems, particularly for the early diagnosis of diabetes.

2. METHOD

This study utilizes the Pima Indians Diabetes Dataset, which consists of 768 patient records with
eight medical features: Pregnancies, Glucose, BloodPressure, SkinThickness, Insulin, BMI,
DiabetesPedigreeFunction, and Age. The target label (Outcome) indicates whether a patient is
diagnosed with diabetes (1) or not (0).

The dataset was divided into training and testing sets with a ratio of 80% and 20%, respectively,
using the train_test split function from the Scikit-learn library. Medical attributes containing zero
values, such as Glucose, BMI, and BloodPressure, were imputed with their median values, as zero
values are considered invalid in a medical context.

2.1. K-Nearest Neighbor
K-Nearest Neighbor (KNN) is a supervised machine learning technique widely known for its
simplicity, interpretability, and generally good performance in classification and prediction tasks [4]-
[9]. The core principle of KNN is to determine the class of a new, unlabeled sample by measuring its
distance to all labeled training samples [10]-[12]. Based on these distance calculations, the algorithm
identifies the k nearest neighbors of the new sample. The sample is then assigned to the class that
appears most frequently among its neighbors.

The model was trained by optimizing the parameter k (number of neighbors) using the Elbow
Method to determine the optimal value, which in this study was k = 9. The performance of the KNN
model was evaluated using accuracy, precision, recall, and F1-score metrics.

2.2. Decision Tree

The Decision Tree algorithm was employed as one of the supervised learning methods for
classification tasks [8], [13]-[15]. This model partitions the data based on specific attributes using the
Gini Index as the splitting criterion to construct a decision tree structure. Decision Trees are known for
their high interpretability; however, they are prone to overfitting if their complexity is not properly
controlled [14].

The model was trained using the DecisionTreeClassifier from the sklearn.tree library with the
parameters criterion = 'gini' and max_depth = 5. The max_depth parameter was set to limit tree
complexity and reduce the risk of overfitting. The model’s performance was evaluated using accuracy,
precision, recall, and F1-score metrics.

2.3. Support Vector Machine

The final algorithm applied in this study is the Support Vector Machine (SVM), a supervised
learning algorithm commonly used for classification problems. SVM operates by identifying an optimal
hyperplane that separates data points of different classes with the maximum possible margin [10], [16]-
[18]. This algorithm is particularly effective for high-dimensional data and is well known for its ability
to handle non-linear classification through the use of kernel functions [19].

The model was trained using the SVC class from the sklearn.svm library with parameters
kernel = 'tbf' and C = 1.0. The Radial Basis Function (RBF) kernel enables the model to form non-
linear decision boundaries, while the parameter C controls the trade-off between maximizing the margin
and minimizing classification errors [20]. Prior to training, the dataset was standardized using
StandardScaler to ensure that all features were on the same scale, as SVM is sensitive to feature scaling.
The model was subsequently evaluated using accuracy, precision, recall, and F1-score metrics to assess
its classification performance on the test data.
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3. RESULTS AND DISCUSSION
3.1. K-Nearest Neighbor
The final K-Nearest Neighbor (KNN) model, trained with an optimal value of k = 9, was
thoroughly evaluated to identify its strengths and limitations. Overall, the model achieved an accuracy

of 70.78%, which is significantly higher than random guessing (50%), indicating that the model
successfully learned meaningful patterns from the dataset.

However, in medical applications, accuracy alone is insufficient, as it does not distinguish
between different types of classification errors. A more detailed class-based analysis, which examines

the model’s performance on non-diabetic cases (class 0) and diabetic cases (class 1), provides more
critical insights into its classification capability.

Table 1. K-Nearest Neighbor Model Classification

precision recall fl-score support
0 0.76 0.80 0.78 100
1 0.59 0.54 0.56 54
accuracy 0.71 154
macro avg 0.68 0.67 0.67 154
weighted avg 0.70 0.71 0.70 154

For the non-diabetic class, the model demonstrated strong performance, as indicated by a recall
of 0.80, meaning that 80% of healthy individuals were correctly identified, and a precision of 0.76,
showing that 76% of the predictions classified as “non-diabetic” were accurate. The solid F1-score of

0.78 further confirms the reliability of the model as an effective screening tool for low-risk individuals.

However, the primary weakness of the model is evident in its performance on the diabetic class.
With a recall of only 0.54, this metric is particularly concerning, as the model failed to detect 46% of
actual diabetes cases in the test data. This failure, known as a False Negative or Type II Error, poses a
significant risk in a clinical context. Furthermore, a precision value of 0.59 indicates that 41% of the
model’s predictions identifying patients as diabetic were incorrect (False Positives), raising additional
concerns regarding the model’s reliability in diagnosing this condition.
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Figure 1. Error rate vs K-value graph
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The graph shows that the error rate decreases sharply at the initial values of K and reaches its
minimum at K =9, where the error rate falls below 0.27. This indicates that K = 9 represents the optimal
value, providing the best balance between bias and variance for the dataset used. Beyond K = 9, the
error curve begins to fluctuate or slightly increase without any significant improvement in performance.
This behavior suggests that selecting an excessively large K value may cause the model to become
overly rigid (high bias or underfitting) and to overlook important local patterns in the data. Therefore,
based on the graphical analysis, K = 9 is the most appropriate choice for the KNN model to minimize
prediction errors on the test dataset.

3.2. Decision Tree

Based on the experimental results, the Decision Tree algorithm achieved strong overall
performance. With an accuracy of 0.78, the model was able to classify the data with a relatively high
level of correctness. A precision value of 0.76 indicates that most of the positive predictions made by
the model were correct, while a recall of 0.74 demonstrates the model’s effectiveness in identifying
actual positive cases (diabetic patients). The evaluation metrics obtained from the Decision Tree model
are summarized as follows.

Table 2. Decision Tree Model Classification

precision recall fl-score support

0 0.84 0.71 0.77 99

1 0.59 0.76 0.67 55

accuracy 0.73 154
macro avg 0.72 0.74 0.72 154
weighted avg 0.75 0.73 0.73 154

Confusion Matrix ,
-0

Predicted

Figure 2. Confusion matrix

The confusion matrix derived from the test data predictions further illustrates the classification
performance of the model. An F1-score of 0.75 serves as an important indicator of the balance between
precision and recall, particularly in situations where the dataset is imbalanced between positive and
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negative classes. Overall, the Decision Tree model exhibited stable and reliable performance in
classifying the dataset.

Nevertheless, it should be noted that although Decision Trees offer high interpretability, they
are susceptible to overfitting if appropriate parameter tuning is not applied. Therefore, in this study, the
max_depth parameter was set to 5 to limit the depth of the tree and reduce model complexity.

Compared with the other evaluated algorithms, the Decision Tree model demonstrated a
favorable balance between accuracy and generalization. Its advantage in terms of transparent decision-
making processes also makes it a suitable choice for applications where explainability of the results is
essential.

3.3. Support Vector Machine
The Support Vector Machine (SVM) model achieved an accuracy of 72.73% in
classifying diabetes data. The evaluation was conducted using a confusion matrix and a
classification report, as illustrated in Figure 3.

Confusion Matrix:
[[81 18

[24 31]]

Figure 3. Confusion matrix Support Vector Machine

Based on these results, the model correctly classified 81 out of 99 non-diabetic patients
(class 0) and 31 out of 55 diabetic patients (class 1). However, 24 diabetes cases were misclassified as
non-diabetic (false negatives), which is particularly critical in a medical context, as undetected cases
may lead to delayed diagnosis and treatment :

Table 3. Support Vector Machine Model Classification

precision recall fl-score support
0 0.77 0.82 0.79 99
1 0.63 0.56 0.60 55
accuracy 0.73 154
macro avg 0.70 0.69 0.70 154
weighted 0.72 0.73 0.72 154

avg

Although the overall accuracy is reasonably good, the model’s performance on the minority
class (patients with diabetes) still needs improvement. This may be attributed to class imbalance in the
data distribution, which causes the model to be more effective at recognizing the majority class (non-
diabetic). Therefore, further efforts are required to improve performance on Class 1.

4. CONCLUSION

Based on the evaluation and analysis of the three machine learning algorithms—K-Nearest
Neighbor (KNN), Decision Tree (DT), and Support Vector Machine (SVM)—it can be concluded that
each algorithm exhibits distinct strengths and limitations in classifying the diabetes dataset.

The Decision Tree model demonstrated the best overall performance, achieving an accuracy
of 78%, precision of 0.76, recall of 0.74, and an F1-score of 0.75. In addition to providing a balanced
evaluation across both positive and negative classes, the Decision Tree offers high interpretability,
making it well suited for medical decision support systems.
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The SVM model ranked second, with an accuracy of 72.73% and an F1-score of 0.72. While
it performed well in classifying the majority class (non-diabetic cases), its ability to detect the minority
class (diabetic patients) remains suboptimal, which is a critical concern in the context of chronic disease
diagnosis.

The KNN model, with an optimal value of K = 9, achieved an accuracy of 70.78% but
exhibited a significant limitation in identifying diabetic cases, as indicated by a recall of only 0.54 for
the positive class. Nevertheless, its relatively high precision and recall for the non-diabetic class suggest
that KNN may be suitable as an initial screening model, although it is less ideal as a primary classifier
in medical applications.

For future research, it is recommended to explore ensemble learning approaches such as
Random Forest or Gradient Boosting and to consider data balancing techniques, including the Synthetic
Minority Over-sampling Technique (SMOTE), to enhance model performance on the minority class.
Furthermore, algorithm selection should be aligned with system requirements, particularly in terms of
prioritizing interpretability or predictive accuracy.
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