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ABSTRACT
Diabetes Mellitus is a global health concern, with its prevalence and incidence rising sharply worldwide, in-

cluding in Indonesia. Several factors contribute to the onset of diabetes mellitus, such as heredity, age, weight,
and blood pressure. Managing blood sugar levels, maintaining a balanced diet, exercising regularly, and under-
going early screening when necessary are among the key measures to prevent and control this disease. Early
diagnosis is essential to reduce both the number of cases and the associated risks. This study aims to detect dia-
betes mellitus using classification techniques. The method involves several subprocesses within the classification
procedure. The first stage, data preprocessing, includes feature selection and data cleaning. The resulting pre-
processed data are then used in the classification stage, specifically the learning subprocess, to generate a decision
tree model. Model construction employs pruning, followed by training and performance evaluation. The study
utilizes a diabetes dataset obtained from kaggle.com, consisting of 768 records. The dataset includes attributes
such as Pregnancies, Glucose, Blood Pressure, Skin Thickness, Insulin, Body Mass Index (BMI), Diabetes Pedi-
gree Function, Age, and the label Outcome. Testing was conducted using decision trees with maximum depths of
3, 5,7, 10, and 15. The results show that the highest accuracy (88.56%) occurred at a maximum depth of 5, while
the highest recall (100%) was achieved at a depth of 3. The highest precision (47.37%) and specificity (95.85%)
were also obtained at a depth of 3.

Keywords: classification, decision tree, diabetes mellitus, pre-processing.

I. INTRODUCTION

IABETES Mellitus is a genetically and clinically heterogeneous metabolic disorder characterized
Dby impaired carbohydrate tolerance. It has become a major global health problem, with its

prevalence and incidence rates rising sharply worldwide, including in Indonesia. According to
the World Health Organization (WHO) [1], type 2 diabetes mellitus is the most common form of the
disease, and its incidence is increasing rapidly, particularly in low-income countries. The WHO also
identifies type 2 diabetes mellitus as a growing global health threat.

The International Diabetes Mellitus Federation (IDF) estimated that in 2019, approximately 463
million people aged 20-79 years worldwide were living with diabetes mellitus, representing a
prevalence rate of 9.3% within that age group. Based on gender, the IDF reported that the prevalence in
2019 reached 9% among women and 9.65% among men. The prevalence is expected to rise with age,
reaching 19.9%, or about 111.2 million individuals aged 65-79 years. Furthermore, the number of
people with diabetes mellitus is projected to increase to 578 million by 2030 and 700 million by 2045
[2]. The rising prevalence of diabetes mellitus in Indonesia must be addressed through preventive efforts.

Early detection of diabetes is essential to reduce the risk of complications in the future. Advances in
science and information technology offer new approaches for diabetes prevention. One such approach
is data mining, which can serve as a useful reference. Data mining techniques such as classification [4]

107


mailto:rincikembang@itats.ac.id
mailto:sharits0022@gmail.com
mailto:leonardofahdioktavian@gmail.com

Jurnal ELTIKOM :
Jurnal Teknik Elektro, Teknologi Informasi dan Komputer

Pre- - Classification ‘ System Performance
processing (Decision Tree) Measurement
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can be applied for this purpose. Classification is a supervised learning method used to assign new data
to predefined categories [5].

Many classification algorithms have been developed to detect diabetes. One example is the k-nearest
neighbors (k-NN) algorithm, a “lazy” learning method that has been applied to classify diabetes cases.
In one study, tests were conducted using k values of 3 and 5. The highest accuracy, 39%, was achieved
when k=3. The precision value for both k=3 and k=5 was 65%, while the highest recall, 36%, occurred
at k=3. The F-measure also reached its highest value of 46% at k=3 [6].

Another study employed the Random Forest algorithm to detect diabetes mellitus. The research used
a dataset from kaggle.com titled Early Stage Diabetes Mellitus Risk Prediction, consisting of 520 records
and 17 attributes. The results showed a precision of 100%, a recall of 84.38%, and an accuracy of 90.38%
[7].

Classification techniques using tree structures have also been widely developed in the healthcare
sector. These include decision tree algorithms, C4.5, random forest, and Chi-Square Automatic
Interaction Detector (CHAID). Research on disease diagnosis and prediction using such classification
techniques has increased significantly. For instance, one study applied a decision tree algorithm to
classify liver disease using a liver disease dataset. The dataset was divided using the holdout validation
method with a test size of 0.2 and k-fold cross-validation with a test size of 0.6. Data normalization was
performed using either the min-max or standard scaler method. The results showed that testing with k-
fold cross-validation and min-max normalization produced an accuracy of 0.7, while k-fold cross-
validation with a standard scaler achieved an accuracy of 0.7333. Using holdout validation, the min-
max method yielded an accuracy of 0.5342, whereas the standard scaler achieved 0.6027 [8].

In another study on predicting Alzheimer’s disease (AD) in elderly patients, researchers used the
decision tree algorithm with a dataset of 150 subjects. The decision tree was pruned, and model
validation was conducted using 10-fold cross-validation. Performance was evaluated based on accuracy,
precision, and receiver operating characteristic (ROC) curve values. The results showed an accuracy of
88.7%, precision of 86.7%, and an ROC value of 91.8% [9].

The Decision Tree algorithm has also been used to examine correlations between age and disease.
One study aimed to determine which diseases most affected each age group. The dataset included ten
diseases: cholera (28,590 cases), diarrhea (28,550), Ebola (28,179), malaria (28,535), Marburg virus
(28,430), measles (28,471), meningitis (28,362), rubella (28,539), dengue virus (28,401), and yellow
fever (28,428). The results showed that disease outbreaks were most common among children aged 10
years and below [10].

The present study addresses the problem of detecting diabetes mellitus (DM) using classification
techniques and investigates whether decision tree depth significantly affects classification accuracy in
the early detection of diabetes. Previous studies have demonstrated that the Decision Tree algorithm is
widely applied in the medical field and has shown strong performance. Therefore, this study aims to
classify DM using the decision tree algorithm to support early identification of the disease.

II. RESEARCH METHOD

Data mining is the process of using statistics, mathematics, artificial intelligence, and machine
learning to extract and summarize information for practical use [11]. It is defined as the process of
discovering patterns in data. Based on its function, data mining can be categorized into description,
estimation, prediction, classification, clustering, and association [12]. Data mining algorithms help
explore data and facilitate information discovery [13]. However, as the data size increases, processing
time also becomes longer. This study consists of three stages: data preprocessing, classification using
the Decision Tree algorithm, and performance measurement of the system. The process flow is
illustrated in Figure 1.
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A. Dataset

This research uses Indian Liver Patient Dataset obtained from https://www.kaggle.com/datasets/
akshaydattatraykhare/diabetes-dataset. The dataset contains data collected from patients in northeastern
Andhra Pradesh, India, consisting of nine attributes and 768 records, with one attribute serving as the
label. The attributes include Pregnancies, Glucose, Blood Pressure, Skin Thickness, Insulin, Body Mass
Index (BMI), Diabetes Pedigree Function, Age, and the label Outcome.

B. Preprocessing

The dataset obtained must first be processed to ensure the accuracy of the information. In this study,
two preprocessing steps were carried out: feature selection and data cleaning.

The purpose of feature selection is to reduce the number of features involved in determining the target
class value. Features that are irrelevant or redundant are excluded. The main goal of feature selection is
to choose the most relevant features from a dataset to improve the predictive model’s learning
performance by increasing model accuracy, reducing computational cost or processing time, and
enhancing model interpretability [14].

The next step is data cleaning, which is essential because the dataset may contain incomplete,
irrelevant, or inaccurate data. Preprocessing also helps eliminate potential issues such as missing values
[15]. In this study, data cleaning was performed by removing unnecessary data.

C. Decision Tree

Decision trees are one of the classification methods used in data mining. Classification is the process
of developing a mathematical model to differentiate, identify, and explain data classes in order to predict
unknown classes in a dataset [16]. It is a supervised learning method used to categorize information into
predefined groups, enabling the creation of models that can classify large data populations [17].

A decision tree is a type of classification algorithm structured like a tree, consisting of roots, branches,
and leaves [16]. The root node represents the attribute being tested, each branch represents a possible
outcome, and each leaf node represents a class label [18]. The dataset's features correspond to the root
node, the decision rules are represented by branch nodes, and each leaf node produces an output result
[19].

Decision trees are constructed by organizing classifications in a hierarchical tree structure. The tree is
divided into smaller subsets while simultaneously generating decision and leaf nodes [20]. Decision
trees are widely used to produce reliable predictions. This method transforms large amounts of data into
a structured decision tree that represents clear and interpretable rules [21], [22].

The Decision Tree algorithm divides data into subsets based on specific features, forming a structure
where internal nodes represent features and edges denote possible outcomes or values. Its main objective
is to improve the organization or purity of these subsets by minimizing impurity measures such as Gini
impurity or entropy.

These measures assess the degree of disorder or unpredictability in a dataset. The algorithm
determines the optimal feature and value combination to split the data at each node based on the
reduction in impurity achieved. This process continues iteratively until a stopping criterion is met, such
as reaching a maximum tree depth or having a minimum number of samples in a leaf node [23].

Pruning is performed on the decision tree to prevent overfitting. Based on a model constructed from
training data, the dataset is recursively traversed to each leaf node. At this stage, the tree may become
overly complex and fit the training data too closely, resulting in reduced accuracy on unseen data [18].
The mean squared error (MSE) of the dataset is then calculated. If the MSE decreases after pruning, the
node is removed; otherwise, it is retained [24].

D. System Performance Measurement

Testing in this study was conducted using calculations derived from the confusion matrix, which
evaluates the performance of the classification model [24]. The confusion matrix is used to calculate
accuracy, recall, precision, and specificity values [25],[26],[27] and provides insight into the types of
errors made by the classification model [28]. It consists of four possible outcomes [29],[28],[30]: False
Positive (FP): negative data incorrectly predicted as positive, False Negative (FN): positive data
incorrectly predicted as negative, True Positive (TP): positive data correctly predicted as positive, and
True Negative (TN): negative data correctly predicted as negative.
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Figure 2. (a) Hlstogram of the distribution of Glucose values; (b) Histogram of the distribution of Blood Pressure values; (c) Histogram of the
distribution of BMI values; (d) Histogram of the distribution of Diabetes Pedigree Function values; (¢) Histogram of the distribution of Age
values; (f) Histogram of the distribution of Outcome values.
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The accuracy of the algorithm indicates how precisely the model’s predictions match the actual data.
The closer the accuracy is to 1 or 100%, the better the model’s performance [31]. Accuracy is calculated
using (1). The sensitivity or recall of an algorithm indicates how accurately the system identifies the
positive class. In predictive analysis, sensitivity measures how many actual positive cases are correctly
classified as positive. It represents the ratio of true positive predictions to the total number of actual
positive cases, reflecting the model’s ability to detect positive instances. Sensitivity is calculated using
(2). Precision measures how accurately an algorithm predicts positive results. It represents the
proportion of true positive predictions among all predicted positive outcomes [32]. Precision indicates
the system’s ability to produce relevant data and is computed as the ratio of true positive data to all data
predicted as positive. Precision is calculated using (3). Specificity reflects how accurately the system
identifies the negative class. It measures the proportion of correctly classified negative cases compared
with the total number of actual negative cases, helping to evaluate the model’s ability to distinguish
negative outcomes [33]. Specificity is calculated using (4). Sensitivity and specificity are key metrics
for evaluating the detailed performance of a classification model [29].

III. RESULTS AND DISCUSSION

The dataset in this study consists of 768 records. In the feature selection subprocess, six attributes
were selected as relevant features: Glucose, Blood Pressure, Body Mass Index (BMI), Diabetes Pedigree
Function, Age, and Outcome. In the subsequent data cleaning subprocess, incomplete data were
removed, resulting in a final dataset of 724 records. The preprocessed dataset was then divided into two
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parts: training data and testing data. The training data consisted of 464 records, comprising 234 positive
diabetes cases and 234 negative cases, while the testing data consisted of 260 records.

The distribution of glucose values is shown in Figure 2(a), ranging from 57 to 194, with a mode of
99. The distribution of blood pressure values, shown in Figure 2(b), ranges from 24 to 122, with a mode
of 70. Figure 2(c) illustrates the distribution of BMI values, which range from 18.4 to 52.9, with a mode
of 27.8.

Figure 2(d) shows the distribution of Diabetes Pedigree Function values, ranging from 0.085 to 2.42.
The bars represent the frequency of each value. Figure 2(e) presents the distribution of age values,
ranging from 21 to 70 years, with bars indicating the frequency of each age group. Figure 2(f) displays
the distribution of the Outcome variable, which contains two values: 0 and 1, where 0 indicates non-
diabetic and 1 indicates diabetic.

After completing the preprocessing stage, the next step was classification using the decision tree
algorithm. The classification process consisted of two stages: training and testing. During training, the
parameters used were confidence = 0.25, min_gain = 0.1, and min_leaf size = 2. The learning process
with a maximum depth of 3 produced the tree model shown in Figure 3(a), while Figure 3(b) presents
the decision tree model with a maximum depth of 5.
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Figure 3. (a) Decision tree model with maximum depth = 3; (b) Decision tree model with maximum depth = 5.
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Figure 4. Decision tree model with maximum depth = 7.
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The learning process with a maximum depth of 7 produced the tree model shown in Figure 4, and the
model with a maximum depth of 10 is presented in Figure 5. The resulting decision tree models were
used as test patterns for the testing dataset. The predicted values were determined by matching the
decision rules with the dataset, and the outcomes were compared with the actual values to generate the
confusion matrix. Based on the confusion matrix results, the accuracy, precision, recall, and specificity
values were calculated, as shown in Table 1.

Based on Table 1, the lowest accuracy value was 23.99% at a maximum depth of 3, while the highest
accuracy was 88.56% at a maximum depth of 5. The minimum recall value was 30% at maximum depths
of 5,7, and 10, and the highest recall was 100% when the maximum depth was 3. The lowest precision
value was 12.71% at a depth of 3, and the highest was 47.37% at a depth of 5. The lowest specificity
value was 14.52% at a depth of 3, while the highest was 95.85% at a depth of 5.

Based on the test results, a higher recall value indicates that the system is more capable of identifying
positive classes that are truly positive, thereby improving prediction accuracy. However, the results of
this study require further validation due to the unbalanced proportion of test data. The dataset contained
11% positive diabetes cases and 89% negative cases. To enhance system performance, future research
should employ balanced training and testing datasets.

The results also show that when the maximum depth value is too small, the model becomes overly
simple and less adaptable to the data’s complexity. This leads to low accuracy because the model cannot
capture the intricate relationships between features and the target variable. A small maximum depth may
cause underfitting, where the model fails to recognize underlying patterns in the training data, resulting
in poor performance in both training and testing phases. A simple model contributes to underfitting,
while a highly complex model increases the risk of overfitting [29].
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TABLE 1
SYSTEM PERFORMANCE
. Maximum Depth
Variable 3 5 7 10 G
Accuracy 23.99 88.56 87.45 87.08 49.08
Precision 12.71 47.37 40.91 39.13 17.47
Recall 100.00 30.00 30.00 30.00 96.67
Specificity 14.52 95.85 94.61 91.57 43.15

The results also reveal that when the minimum sample split value is too small, the tree tends to form
branches for individual observations. This makes the model overly complex and sensitive to noise in the
training data, reducing its ability to generalize patterns and lowering test accuracy. Conversely, if the
maximum depth is too large, the model becomes overly complex and may capture noise in the data. A
complex model leads to overfitting, reducing accuracy when applied to new data [18][34][35]. In this
condition, the decision tree becomes excessively deep, with many irrelevant branches. Therefore,
selecting an appropriate maximum depth is crucial to balance bias and variance in a decision tree [36].

When the minimum sample split value is too large, the tree stops dividing nodes even though useful
information may still be extracted from the data. This results in an overly simple model that cannot
capture data complexity, leading to underfitting.

IV. CONCLUSION

Based on the results of study using the Decision Tree algorithm, it can be concluded that after
preprocessing through feature selection and data cleaning, the dataset used consisted of six attributes:
Glucose, Blood Pressure, Body Mass Index (BMI), Age, Diabetes Pedigree Function, and Outcome,
with a total of 724 records. The Decision Tree algorithm demonstrated optimal performance when the
maximum depth was set to 5. The relatively low precision value was likely influenced by the imbalance
in the test dataset.
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