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Abstract: 

Diabetes is a global health issue that continues to rise, especially in Indonesia, caused by unhealthy lifestyles, poor diets, 

and genetic factors. Early detection of diabetes risk is crucial to prevent serious complications, and machine learning offers 

innovative predictive solutions. This research focuses on the development of a diabetes risk prediction model using the 

Decision Tree algorithm with hyperparameter optimization through the Grid Search technique. The research methodology 
includes the collection of patient medical data with key attributes such as glucose levels, blood pressure, skin health, insulin, 

body mass index (BMI), diabetes pedigree, age, and health history. The hyperparameter tuning process is carried out by 

varying key parameters such as the maximum tree depth (max_depth), the minimum number of samples required to split a 

node (min_samples_split), and the minimum number of samples required at a leaf node (min_samples_leaf). Grid Search 
is used to systematically explore hyperparameter combinations in order to find the optimal configuration that can improve 

the model's performance. The research process includes data preprocessing, splitting the dataset into training and testing 

sets, model training, and evaluation using accuracy metrics, confusion matrix, and ROC AUC curve. The initial results 

show a model accuracy of 76%, which was then improved to 81% after hyperparameter optimization using Grid Search. 
The visualization of the decision tree reveals that glucose levels and BMI have the most significant contributions in 

predicting diabetes risk. This research demonstrates the potential of machine learning in supporting the early detection of 

diabetes, with the Decision Tree algorithm showing promising predictive capabilities. Nevertheless, further research with 

larger datasets and the integration of other algorithms is highly recommended to improve the accuracy and generalization 
of the model. The main contribution of this research is the development of a machine learning-based approach that can 

assist medical personnel in screening for diabetes risk more efficiently and accurately. 
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1. Introduction 

Health is a key aspect of a successful life, with a healthy body as a sign of avoiding disease. Health problems have 

experienced a pattern transition where diseases were initially dominated by infectious diseases and have now moved 

to Non-Communicable Diseases (NCDs). Non-communicable diseases include cancer, kidney disease, hypertension, 

diabetes and so on [1]. In addition, the number of physical and mental health patients increases and decreases over 

time. Events like this will have a negative impact on the preparation of the hospital or health workers. Lack of 

preparation in terms of early treatment for people with diseases [2]. 

Diabetes mellitus has become one of the increasingly complex and concerning global health issues. According to 

data from the International Diabetes Federation (IDF), the number of diabetes sufferers worldwide continues to 

increase significantly [3]. In 2021, it was recorded that 537 million people suffered from diabetes, with projections 

predicting an increase to 643 million by 2030 and reaching 783 million by 2045 [4]. The situation in Indonesia is not 
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much different. Our country ranks fifth in the world with the highest number of diabetes sufferers. In 2021, Indonesia 

recorded 19.5 million sufferers, with projections increasing to 28.6 million by 2045 [5]. This figure indicates an urgent 

need for a comprehensive approach to the prevention, early detection, and management of diabetes [6]. The complexity 

of diabetes lies not only in the increasing number of sufferers but also in the health consequences it causes. This 

disease is not just a metabolic disorder, but can also trigger various serious complications such as cardiovascular 

disease, kidney failure, nerve damage, and eye disorders [7]. Contributing risk factors include unhealthy lifestyles, 

poor dietary habits, lack of physical activity, obesity, and genetic predisposition [8]. 

The main challenge in managing diabetes is the limitation of effective early detection systems. The diagnostic 

process often takes a long time, requires complex manual analysis, and depends on the availability of limited medical 

resources [9]. This condition requires a more innovative approach that is faster, more accurate, and can be widely 

implemented. The development of machine learning technology offers innovative solutions to address these 

constraints. Artificial intelligence algorithms are capable of quickly analyzing large amounts of medical data, 

identifying risk patterns, and providing standardized predictions [10]. This approach not only accelerates the detection 

process but also improves the accuracy of identifying individuals at high risk of diabetes. 

In the context of diabetes risk detection, the Decision Tree algorithm is one of the most promising machine learning 

approaches. Decision Tree is a non-parametric classification method capable of producing predictive models with a 

decision tree structure that is easy to understand and interpret [11]. The main advantage of this algorithm lies in its 

ability to capture non-linear relationships between predictor variables and target variables, as well as to identify the 

most significant risk factors [12]. The optimization of Decision Tree performance heavily relies on the hyperparameter 

tuning process, which is a critical aspect in the development of machine learning models. Hyperparameters are 

configuration parameters that cannot be directly learned from the training data but have a significant impact on the 

algorithm's performance [13]. In the context of Decision Trees, some key hyperparameters include the maximum tree 

depth (max_depth), the minimum number of samples required to split an internal node (min_sample_split), and the 

minimum number of samples required to be at a leaf node (min_samples_leaf). 

The Grid Search technique has proven effective in systematically exploring hyperparameter combinations. This 

method performs an exhaustive search through a predetermined subset of hyperparameters, allowing for the 

identification of optimal configurations that maximize model performance [14]. Previous research has shown that 

hyperparameter optimization can significantly improve the accuracy of diabetes risk prediction. Several studies report 

an improvement in model performance by 10-15% through proper tuning processes [15]. However, the main challenge 

remains the model's ability not only to achieve high accuracy but also to provide meaningful interpretations for 

healthcare practitioners. 

Previous research has demonstrated the effectiveness of machine learning in predicting diabetes risk, with several 

studies showing prediction accuracy above 80% [16]. The Decision Tree algorithm has specifically shown significant 

potential in health risk classification, including diabetes [17]. his research focuses on the development of a diabetes 

risk prediction model using the Decision Tree algorithm. Through a machine learning approach, the study aims to 

explore the algorithm's ability to classify risk based on key medical variables such as blood glucose levels, body mass 

index (BMI), blood pressure, age, and family history. This research aims to deeply explore the potential of Decision 

Tree in predicting diabetes risk, with a particular focus on hyperparameter optimization using Grid Search. Through 

this systematic approach, we hope to develop a predictive model that is not only accurate but also capable of providing 

meaningful insights in the efforts to prevent and manage diabetes. 

2. Method: 

This research is designed with a quantitative approach using the Decision Tree algorithm to predict diabetes risk 

[18]-[19]. The research process utilizes various tools and technologies, including the Python programming language 

and the Scikit-Learn library for the implementation of the Decision Tree algorithm, as well as visualization tools such 

as Matplotlib and Seaborn to understand data patterns. The dataset was processed through a cleaning process, such as 

handling missing values and ensuring data format consistency. Next, the data is divided into two parts 90% as training 

data to build the model and 10% as test data to evaluate the model's performance. 

The research design encompasses several key stages conducted systematically, starting from data collection to the 

visualization of the final model [20]. The data collection process aims to gather patient medical information relevant 

to diabetes risk factors. The collected data then undergoes preprocessing, which includes data cleaning, 

transformation, and normalization to ensure optimal data quality before use. Subsequently, the dataset is split into 

training and testing sets to ensure the model's ability to generalize effectively. The next stage involves model training, 
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where machine learning algorithms are employed to learn patterns within the data. The performance of the trained 

model is then evaluated using specific metrics to verify its reliability in identifying diabetes risk factors. The results 

of the analysis and evaluation are visualized to provide a clear and in-depth understanding of the model's performance 

and its relevance to medical data. This structured approach is designed to ensure that the research includes a 

comprehensive analysis, as illustrated in Figure 1. 

 

  
 

Figure 1. Flowchart of Decision Tree Optimization with Grid Search Hyperparameter method 

The dataset used in this study was obtained from credible medical reference sources and consists of 768 records. 

It includes eight medical attributes, such as glucose levels, blood pressure, BMI, insulin levels, skin health, diabetes 

pedigree function, age, and a diagnostic label (positive or negative). This dataset was selected because it encompasses 

relevant medical attributes for analysing diabetes risk. The data is presented in Table 1 below. 

Table 1. Dataset 

Glucose 
Blood 

Pressure 
Skin Health Insulin BMI 

Diabetes 

Genealogy Function 
Age Prediction 

148 72 35 0 33.6 0.627 50 1 

85 66 29 0 26.6 0.351 31 0 

183 64 0 0 23.3 0.672 32 1 

89 66 23 94 28.1 0.167 21 0 

137 40 35 168 43.1 2.288 33 1 

116 74 0 0 25.6 0.201 30 0 

78 50 32 88 31 0.248 26 1 

115 0 0 0 35.3 0.134 29 0 

197 70 45 543 30.5 0.158 53 1 

… … … … … … … … 
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The data analysis method involves constructing a decision tree using the Decision Tree algorithm based on 

attributes with the highest Information Gain or Gini Index [21]. The model is evaluated using metrics such as accuracy, 

confusion matrix, and ROC AUC to assess its predictive performance. To enhance performance, hyperparameter 

tuning is conducted using the Grid Search method. Grid Search is a hyperparameter optimization technique that 

explores various combinations of hyperparameter values to identify the best configuration based on evaluation metrics 

such as accuracy or F1-score [22]. By performing hyperparameter tuning, the resulting model achieves a more optimal 

accuracy level. This approach aims to produce a predictive model that can accurately and efficiently assist in the early 

detection of diabetes risk. Figure 2 illustrate Decision Tree model.  

 

Figure 2. Visualization of The Decision Tree Method 

The decision to predict diabetes risk is based on patients' medical attributes. This algorithm utilizes threshold 

values for each attribute to make decisions. At the root node, the algorithm examines blood glucose levels with a 

threshold of 127.5 mg/dL. Patients with glucose levels ≤ 127.5 mg/dL are further assessed based on age, categorized 

as either ≤ 28.5 years or > 28.5 years. Depending on age and BMI, patients are classified as either at risk of diabetes 

or not. For patients with glucose levels > 127.5 mg/dL, the algorithm checks BMI. If BMI ≤ 29.95, glucose levels are 

re-examined. Patients with glucose levels ≤ 145.5 mg/dL are classified as not at risk, whereas those with glucose levels 

> 145.5 mg/dL are classified as at risk. If BMI > 29.95, glucose levels are re-evaluated with a threshold of 157.5 

mg/dL. Overall, this decision tree employs threshold values of medical attributes to classify patients into risk or non-

risk categories for diabetes. Mathematically, the Decision Tree algorithm uses Entropy and Information Gain formulas 

to determine the optimal split at each tree node [22]. Entropy (S) is calculated using the formula: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑋) =  − ∑ 𝑝(𝑋𝑖) 𝑙𝑜𝑔2 𝑝(𝑋𝑖)

𝑛

𝑖

 

Description: 

Entropy(X) : The information set of an event x. 

P(X)  : Probability of occurrence of event x. 

n   : Number of classes in the dataset. 

 

𝐺(𝐷, 𝑡) = − ∑ 𝑃(𝐶𝑖) log(𝐶𝑖) + 𝑃(𝑡) ∑ 𝑃(𝐶𝑖|𝑡) + 𝑃(𝑇) ∑ 𝑃(𝐶𝑖|𝑇) log 𝑃 (𝐶𝑖|𝑇)  
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Description: 

𝐶  : The information set of an event 𝐶.  

𝑃(𝐶𝑖)   : Probability of occurrence of a category.  

𝑃(𝑡)   : Probability of occurrence of word 𝑡 in the text.  

𝑃(𝑇)   : Probability of non-occurrence of word 𝑡 in the article.  

𝑃(𝐶𝑖|𝑡)   : Probability of word 𝑡 appearing in class 𝑖.  

𝑃(𝐶𝑖|𝑇)   : Probability of non-occurrence of word 𝑡 in class 𝑖. 

3. Results and Discussion 

Results 

Based on the comparison graph of the initial model's accuracy (Initial Model) and the model after hyperparameter 

optimization using Grid Search (Post Grid Search), a significant improvement in model accuracy is evident. The initial 

model achieved an accuracy of approximately 76%, indicating that the model was not yet optimal in predicting 

diabetes risk. However, after undergoing hyperparameter optimization with Grid Search, the model's accuracy 

increased substantially, reaching around 81%. This improvement demonstrates the effectiveness of hyperparameter 

tuning in enhancing the model's predictive performance. 

 

Figure 3. Comparison of Accuracy of the initial model and after grid search 

Figure 3 demonstrates that the Grid Search technique is effective in identifying the optimal hyperparameter 

configuration, thereby enhancing the predictive capability of the Decision Tree model. Such optimization is crucial 

for producing an accurate and reliable model for the early detection of diabetes risk. The significant improvement in 

accuracy from the initial model to the post-Grid Search model highlights the potential of machine learning, particularly 

the Decision Tree algorithm with hyperparameter optimization, in developing an effective tool for diabetes risk 

detection. 

 

Figure 4. Visualisation of Confusion Matrix 
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Figure 4 provides an evaluation of the model's performance in classifying diabetes risk based on the dataset used. 

The analysis shows that 40 samples were correctly classified as "Not at Risk" (True Negative/TN), while 11 samples 

were incorrectly classified as "At Risk" (False Positive/FP) despite actually being in the "Not at Risk" category. 

Additionally, 7 samples were misclassified as "Not at Risk" (False Negative/FN) when they actually belonged to the 

"At Risk" category. On the other hand, 19 samples were correctly classified as "At Risk" (True Positive/TP). These 

results indicate that the model demonstrates reasonably good capability in classifying diabetes risk, correctly 

classifying a total of 59 samples out of 77 tested. However, there are still 18 instances of misclassification, highlighting 

areas for further improvement in the model's predictive accuracy. 

 

Figure 5. Receiver Operating Characteristic (ROC) Curve 

Figure 5 illustrates the model's ability to differentiate between the "At Risk" and "Not at Risk" classes across 

various thresholds. The orange curve depicts the relationship between the True Positive Rate (TPR) and False Positive 

Rate (FPR), with an Area Under the Curve (AUC) value of 0.76. This AUC score indicates that the model performs 

reasonably well, with adequate positive discrimination capability. Based on the evaluation results, the Confusion 

Matrix reveals that the model can predict diabetes risk with moderate accuracy, although some misclassifications 

occur, particularly in the False Positive (FP) category. Combining the solid AUC value with the Confusion Matrix 

results, the Decision Tree algorithm demonstrates significant potential as an early detection tool for diabetes risk. This 

potential can be further realized through appropriate hyperparameter tuning to enhance model performance. 

Discussion 

This study underscores the potential of machine learning, particularly the Decision Tree algorithm, in facilitating 

early detection of diabetes risk. The model demonstrated moderate initial accuracy, which was significantly improved 

to 81% through hyperparameter optimization using Grid Search, highlighting the critical role of tuning in developing 

robust predictive models. The identification of glucose levels and BMI as dominant risk factors aligns with established 

medical evidence, demonstrating the Decision Tree’s capability to pinpoint clinically relevant variables.Nevertheless, 

this research has certain limitations, notably the relatively small dataset size (768 samples), which may restrict the 

model’s generalizability across broader populations. Employing more sophisticated algorithms, such as Random 

Forest or Neural Networks, alongside comprehensive cross-validation across diverse demographic cohorts, could 

enhance the model’s predictive performance and reliability. 

4. Conclusion 

This research successfully implemented the Decision Tree algorithm to detect diabetes risk with commendable 

performance. Based on the Confusion Matrix, the model demonstrated effective classification capabilities, achieving 

a total of 59 correct predictions out of 77 samples. Evaluation results using the ROC curve revealed an AUC value of 

0.76, indicating the model’s adequate ability to distinguish between "At Risk" and "Not at Risk" patients. 

Hyperparameter optimization using Grid Search improved the model’s accuracy to 81%, emphasizing the critical role 

of tuning in enhancing model performance. Blood glucose levels and BMI were identified as the most dominant 

variables in predicting diabetes risk, consistent with existing medical literature. However, this research has certain 

limitations, particularly the relatively small dataset size, which may affect the model’s generalizability to broader 

populations. Future studies are recommended to utilize larger datasets, conduct cross-validation on diverse 

populations, and explore the use of more complex algorithms such as Random Forest or Neural Networks. Such 
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approaches hold significant potential to support healthcare professionals in detecting diabetes risk more efficiently 

and accurately. 
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