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 Diabetes mellitus (DM) is a chronic disease with a growing global burden 

and specific challenges for early management, particularly in regions with 

limited access to healthcare. This study develops a web-based system to 

classify diabetes risk from medical history using extreme gradient boosting 

(XGBoost), an ensemble model of decision trees. The dataset comprised 520 

respondents (320 DM, 200 non-DM) and underwent labeling, 

standardization, and an 80:20 train–test split, followed by hyperparameter 

selection via grid search and 5-fold cross-validation (CV). On the test set, 

the model achieved an accuracy of 0.9888, precision of 1.0000, recall of 

0.9718, and an F1-score of 0.9857; discriminative performance was also 

strong with an area under the receiver operating characteristic curve (AUC-

ROC) of 0.839. These findings confirm that XGBoost effectively handles 

complex or imbalanced medical data while providing probabilistic outputs 

that are clinically meaningful. Deployed as a web application, the system 

can support early screening, triage, and clinical decision-making, thereby 

expediting referrals and personalizing interventions in primary care and 

hospital settings, especially in resource-constrained environments. This work 

lays the groundwork for further development, including the integration of 

explainable artificial intelligence (XAI) techniques to enhance clinical 

transparency. 
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1. INTRODUCTION  

In general, diabetes refers to a group of conditions that affect processes in the body, characterized by 

a sustained increase in blood sugar levels due to damage to the function of organs such as nerves, kidneys, 

heart, and blood vessels. This disease can lead to various serious complications that impact many organs in 

the body, with a range of symptoms [1]. In Indonesia, the prevalence of diagnosed diabetes continues to rise, 

as reflected in the Riskesdas data since 2018, which provides a detailed picture of the distribution of diabetes 

across the archipelago. This condition requires a deep understanding to plan effective interventions for the 

prevention and management of diabetes in the community [2], [3]. Diabetes has evolved into a global health 

issue with increasing numbers every year. This indicates that diabetes is not just a local health problem but 

has become a global challenge that requires attention and collective action from various parties who are 

aware [4], [5]. 

In recent years, the use of machine learning techniques has become very popular for disease 

prediction. However, the accuracy of disease predictions remains a significant challenge in the medical field. 

https://creativecommons.org/licenses/by-sa/4.0/
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With the presence of artificial intelligence, it is hoped that it can predict diseases, especially diabetes mellitus 

(DM), so that patients can receive prompt and accurate care [6], [7]. 

The extreme gradient boosting (XGBoost) process can enhance prediction accuracy through multi-

threading, which efficiently utilizes CPU cores to significantly accelerate the algorithm's performance. This 

algorithm applies ensemble techniques and focuses on the gradient of the optimized loss function, resulting in 

a model that is very robust and accurate [8]–[10]. With XGBoost, this research aims to produce a model that 

can predict the risk of DM based on an individual's health history to enhance early diagnosis [11]–[13]. The 

researchers hope to contribute to the development of more accurate predictive tools that can assist in early 

prevention and management for those at risk, as well as provide additional information about risk factors 

associated with DM. 

This research lies in the implementation of the XGBoost algorithm for predicting DM risk based on 

patients’ health history and its integration into a web-based system [1]. Unlike many previous studies that 

primarily relied on conventional models such as logistic regression (LR), support vector machine (SVM), or 

random forest (RF), this study demonstrates the superior ability of XGBoost to handle imbalanced and 

complex medical datasets, further optimized through hyperparameter tuning with grid search and cross-

validation [2]. The main contributions of this work include the development of a high-performance predictive 

model with the creation of a user-friendly web application to facilitate early detection of diabetes risk, and 

the provision of probabilistic outputs that offer more nuanced decision support for healthcare professionals. 

In addition, this research contributes to the scientific community by highlighting the practical advantages of 

XGBoost in medical informatics and providing a foundation for future exploration of hybrid or ensemble 

models for disease prediction [3]. 

 

 

2. REVIEW OF LITERATURE 

This section reviews prior studies applying the XGBoost algorithm in medical and related fields. 

Research [14] highlights the importance of feature analysis in XGBoost for cardiovascular disease prediction, 

showing strong accuracy compared to other models (95% for RF, 90% for SVM, and 86% for LR). Another 

study applied XGBoost with feature selection and hyperparameter optimization in spam detection, achieving an 

accuracy of 92.67% and outperforming Chi and principal component analysis (PCA)-based methods [15], [16]. 

In this study, hyperparameters such as max_depth, learning_rate, and n_estimators were 

systematically optimized using grid search with 5-fold cross-validation to balance model complexity, 

learning efficiency, and overfitting risks [4]. Evaluation metrics included accuracy, precision, recall, and  

F1-score to ensure clinical relevance in diabetes prediction. Precision reduces false diagnoses, recall 

minimizes undetected cases, and F1-score balances both, especially useful for imbalanced datasets [3]. 

While XGBoost demonstrates strong performance for diabetes risk prediction, comparisons with 

other models are essential. RF offers robustness but higher computation costs [17]; LR is simpler yet less 

effective with non-linear data [18]; SVM performs well with high-dimensional data but struggles with 

scalability; and ANNs capture complex patterns but require large datasets and careful tuning. Benchmarking 

against these models, RF, SVM, LR, and artificial neural network (ANN) is needed to confirm XGBoost’s 

superiority in complex and imbalanced medical datasets [19]. Future research should expand to larger and 

more diverse datasets, including real-time electronic health records (EHRs). Hybrid ensemble methods such as 

stacking and bagging may enhance robustness, while integrating explainable AI (XAI) is crucial for 

interpretability and clinical adoption. 

 

2.1.  Diabetes mellitus 

DM is a common disease characterized by high levels of sugar in urine and blood. The term 

“diabetes” comes from the Greek diabainen, meaning “to flow continuously,” while “mellitus” comes from 

the Latin mellitus, meaning “honey.” This condition occurs when the pancreas does not produce sufficient 

insulin [5]. Insulin plays a crucial role in transporting blood sugar, derived from carbohydrate breakdown, 

into cells for energy. A lack of insulin leads to elevated blood sugar levels, which, over time may damage 

organs and body tissues. Common symptoms include frequent urination, excessive thirst, increased appetite, 

sudden weight loss, fatigue, obesity, slow-healing wounds, vision problems, and itching [17], [19]. 

According to the American Diabetes Association (ADA), a new patient is diagnosed with diabetes 

every 21 seconds, reflecting a high incidence rate [2]. Diabetes is a leading cause of premature death 

worldwide and contributes to severe complications such as blindness, heart disease, and kidney failure [18]. 

DM is often called a “silent killer” because many patients remain unaware of their condition until blood 

vessel damage or other complications occur. Risk factors are not limited to older adults, as anyone from 

young to elderly can develop the disease [20]. Lifestyle factors play a significant role, with DM frequently 

associated with chronic conditions such as hypertension and high cholesterol levels [18]. 
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2.2.  Prediction 

Prediction in the context of machine learning is the process of estimating future outcomes or values 

based on historical data [21]. This historical information may come from the current dataset or from specific 

input data [21]. The goal is to develop a model that can learn patterns from existing data and then use it to 

predict outcomes on unseen data, allowing preventive measures to be implemented earlier [22]. 

 

2.3. Decision tree 

In general, a decision tree is a decision-making technique that organizes each choice into a 

branching structure [23]. According to [24], decision trees are a popular and effective method in the fields of 

classification and prediction that transform data into an easily understandable decision rule tree. This rule can 

be expressed by searching for or filtering data according to the criteria generated by the classification model. 

Decision trees reduce a large dataset into a smaller dataset. Where each leaf node represents a class label. The 

root and internal nodes contain attribute test conditions, usually in the shape of an oval, while the leaf nodes 

are square-shaped. 

A decision tree classifies data by asking questions related to the characteristics of each feature in the 

data. Each question is represented by an internal node connected to child nodes that represent the answers to 

the question. In this way, the questions form a hierarchical structure in the shape of a tree. The decision tree 

is built by gradually adding question nodes, guided by labeled training data. Decision trees naturally divide 

issues into smaller components in order to solve them, used to divide data into more specific subnets by 

continuously asking questions until reaching a condition where further division is no longer necessary shown 

in Figure 1 [15]. 

 

 

 
 

Figure 1. Decision tree structure 

 

 

2.4.  Extreme gradient boosting 

XGBoost was introduced by Wang et al. [10] as a development of the gradient boosting decision 

tree (GBDT) previously introduced by [25], [26]. This algorithm builds decision trees iteratively, where each 

new tree corrects the errors of the previous one. The weights of each tree are also adjusted, resulting in a 

stronger and more reliable model [27]–[30]. 

In this study, XGBoost was compared with two basic models commonly used in medical prediction: 

LR and decision trees. LR works well for simpler cases, but lacks accuracy in handling complex non-linear 

relationships [6]. Decision trees provide better interpretability but are prone to overfitting when dealing with 

datasets containing many features or noise. In contrast, XGBoost combines multiple decision trees through 

ensemble learning, effectively handling feature interactions and delivering more stable and accurate 

predictions for complex medical datasets. 

The main advantage of XGBoost lies in its ability to provide highly accurate predictions of DM risk, 

achieving 99.79% training accuracy and 98.88% testing accuracy, significantly outperforming LR and 

decision trees [7]. Moreover, XGBoost is more effective at handling imbalanced data, which is common in 

disease prediction cases. Although interpretability remains a challenge, XGBoost’s ability to manage data 

complexity and deliver consistent results makes it a strong candidate for medical applications, particularly in 

early diabetes risk detection. 
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Technically, XGBoost works by building regression trees that map data points to leaves with 

continuous scores. It minimizes a regularized objective function (L1 and L2) and a convex loss function, 

using gradient descent to reduce error. Each new tree is trained to predict the residuals of the previous ones, 

and the ensemble of trees ultimately produces the final prediction [25]. Figure 2 illustrates how XGBoost 

works, where\propto_i is the regularization parameter and r_i is the residue calculated with the first tree, and 

h_i is a function that has been taught to forecast residuals, r_i using X for the first tree. To calculate\propto_i 

using the residue calculated r_i it can be computed using (1). 

 

arg 𝑚𝑖𝑛∝=∑ 𝐿(𝑌𝑖 ,𝐹𝑖−1(𝑋𝑖) + ∝ℎ𝑖(𝑋𝑖,𝑟𝑖−1))𝑚
𝑖−1   (1) 

 

𝐿(𝑌, 𝐹(𝑋)) is a differentiated loss function. 

Information: 

– Data collection (X, Y): the process begins with a dataset consisting of feature X and target Y. 

– Tree 1 (F1(X)): the first model is trained using a dataset. After the tree is created, r1 is calculated, which 

is the difference between the predictions of tree 1 and the actual value Y. 

– Calculate 𝛼1: the value of α1 is calculated, which is a regularization parameter that helps reduce 

overfitting. 

– Tree 2 (F2(X)): the second model, trained to predict the residual r1. After tree 2 is trained, the residual 

r2 is calculated, which is the difference between the predictions of tree 2 and the residual r1 

– Calculate: the value of α2 is calculated for tree 2. 

– Iteration process: this process is repeated for many trees. (from tree 3 to tree m). Each new tree is 

trained to predict the residuals from the previous tree, and new residuals are calculated at each step. The 

value of αi is also calculated each time for each tree i. 

– The final model Fm(X): a combination of each tree that has been trained. This combination is written as (2). 

 

𝐹𝑚  (𝑋) = 𝐹𝑚−1(𝑋) + 𝛼𝑚ℎ𝑚(𝑋, 𝑟𝑚−1) (2) 

 

Where hi is a function trained to predict the residual ri at the i-th tree. 

– Optimizing α: to calculate the value of α, then minimize the differentiable loss function L, using (3). 

 

𝑎𝑟𝑔 𝑚𝑖𝑛∝ ∑ 𝐿(𝑌𝑖 , 𝐹𝑖−1(𝑋𝑖) + ∝ ℎ𝑖(𝑋𝑖 , 𝑟𝑖−1))𝑚
𝑖=1  (3) 

 

Information: L is loss function, 𝑌𝑖  is the actual target value (0 or 1), 𝐹𝑖−1(𝑋𝑖) is prediction of the model 

in the previous iteration, ∝ is the coefficient that determines the extent of the contribution of the new 

model h_i, ℎ𝑖(𝑋𝑖 , 𝑟𝑖−1) is the new model added in the i iteration, and 𝑟𝑖−1 is residual or error in the 

previous iteration. 

 

 

 
 

Figure 2. How XGBoost works 
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The use of technology, such as machine learning algorithms in predicting diabetes, is also rapidly 

advancing, making it important to recognize whether someone falls into the category of patients with diabetes 

before those with DM experience serious complications, so that they can receive appropriate and timely 

treatment. The XGBoost algorithm has become popular for predicting diseases. Therefore, in this report, we 

will utilize the XGBoost algorithm as one of the implementations to generate predictions for the risk of DM. 

This system is expected to be beneficial for healthcare workers and to help improve hospital services for 

patients, especially in early detection, particularly of diabetes mellitus, and in personalizing treatment. 

 

 

3. METHOD 

An additional explanation to strengthen the applied science framing and its relevance to Indonesia’s 

healthcare context: XGBoost can be operationalized as an intelligence component in clinical decision support 

at Puskesmas and hospitals for early diabetes screening, for example, integrated with electronic medical 

records and routine anamnesis forms so that health workers receive a real-time risk score and its contributing 

factors. Its efficiency and scalability enable deployment in offline-first mobile applications for areas with 

limited connectivity, while its interpretability helps clinicians understand the influence of local variables such 

as body mass index, fasting blood glucose, blood pressure, family history, diet, and physical activity, making 

follow-up recommendations more actionable. In addition, this approach fits Indonesia’s need for resource-

efficient solutions: XGBoost handles imbalanced data and many features without costly infrastructure, its 

accuracy can be monitored across regions, and it can be aligned with local policies so it is ready for use in non-

communicable diseases program management dashboards and everyday clinical workflows. 

 

3.1.  Dataset 

This dataset is called early-stage diabetes risk prediction diabetes and was downloaded from Kaggle. 

The data used in this research is secondary data obtained from questionnaires filled out by patients at Sylhet 

Diabetic Hospital in Sylhet, Bangladesh, and has been approved by a doctor. This research involves a total of 

520 data points, consisting of 320 data points for the positive DM category and 200 for the non-DM category. 

This data set covers a variety of symptoms associated with diabetes [29]. The data supporting the findings of 

this study were obtained from various scientific articles and medical records related to diabetes risk 

prediction. The data were processed and anonymized prior to use in the development of the prediction model. 

Due to privacy and ethical considerations, the data are not publicly available but may be obtained from the 

corresponding author upon reasonable request. 

 

3.2.  Preprocessing 

This process prepares the data for processing in modeling with the XGBoost algorithm. The initial 

step involves labeling (label encoding), which is the process of converting data features that are originally 

text into numeric values [29]. Second, features and targets are separated to ensure that the model is trained 

only on relevant features and uses the target to make predictions [9]. Next, standardize the data to adjust it so 

that all features are within a uniform range [25]. Then, the data is divided into two with a distribution ratio of 

80:20, resulting in 416 data points for training and 104 data points for testing. Data partitioning is carried out 

to ensure that the model is trained using specific data and its performance is tested using foreign data that has 

not been seen during training [29]. 

 

3.3.  Modelling 

After the data splitting process, the format is converted into Dmatrix, which is a special format for 

XGBoost designed for data storage. The next process is to determine the hyperparameters using grid search 

with 5-fold cross-validation. The hyperparameters used are as shown in Table 1. 

 

 

Table 1. Hyperparameters used 
Hyperparameter Value Information 

max_depth [3, 4, 5] The maximum depth of each tree. 

learning_rate [0.01, 0.1, 0.2] Controlling the step size/how quickly the learning from mistakes mode operates in 

each iteration. 

n_estimators [550, 100, 200] The total number of trees that will be built by the model in the boosting process. 

 

 

The best hyperparameter combination based on performance during 5 iterations (cross-validation) 

will be saved as the model for making predictions on the testing data. This process is carried out using 5-fold 

cross-validation, where the model is evaluated for each hyperparameter combination to obtain the best 
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parameter combination that yields the most optimal model performance. Then, to maximize the model's 

performance, the model is trained with training data and evaluated using test data [16]. This process involves 

repeated iterations over 5 times to minimize prediction errors and reduce overfitting, making the model more 

reliable in making predictions on data that has not been seen at all during the model training process. After 

the training and optimization process, the model is saved for future use and can be applied in real-world 

applications for automatic diabetes risk prediction. With this approach, an accurate and reliable diabetes risk 

prediction model can be built using the XGBoost algorithm. The following is the system modeling design in 

the form of a flowchart, as shown in Figure 3. 
 
 

 
 

Figure 3. System modeling flowchart 
 

 

3.4.  Model evaluation 

The model that will be evaluated in this research uses a confusion matrix, which is one way to 

measure a model's performance in classification problems [24], where the classification results can belong to 

two or more classes. Evaluation using the confusion matrix helps in identifying how the model accurately 

predicts diabetes conditions (positive and negative) [9]. The accuracy value is the comparison between the 

number of data that has been correctly identified and the total data that has been tested [29]. The precision 

value is the comparison between the quantity of accurate forecasts as well as the overall number of  

forecasts [31]. The recall value is a comparison of how many predictions are correct compared to all the 

actual data [32]. The F1-score value combines precision and recall into a single metric, which is very useful 

for dealing with imbalanced data [33]–[35]. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
 (4) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (5) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (6) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×  
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
  (7) 

 

 

4. EXPERIMENT ANALYSIS 

Modeling using the XGBoost algorithm has been successfully applied to predict the risk of diabetes 

based on health history. This model was chosen for its advantages in handling complex data and imbalanced 

data distributions. The results of the modeling show good performance. 

One of the limitations of using XGBoost in this study is its relatively low interpretability, which is a 

crucial aspect in medical applications. Although XGBoost has demonstrated high predictive accuracy, its 

ensemble-based and complex nature makes the decision-making process difficult to understand directly by 

healthcare professionals. In clinical practice, physicians require not only the prediction results but also clear 

explanations of the contributing factors behind those results in order to ensure ethical use and build trust. 

Therefore, future research should consider integrating XAI approaches, such as Shapley additive 

explanations (SHAP) or local interpretable model agnostic explanation (LIME), to provide insights into the 
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dominant features influencing each prediction. By doing so, the model will not only be accurate but also 

transparent, trustworthy, and better aligned with the needs of medical decision support. 
 

4.1.  Preprocessing 

This section outlines the preprocessing steps, including label encoding, feature-target separation, 

and data standardization to prepare the dataset for XGBoost modeling. Figure 4 shows the encoding process 

converts all categorical features into binary values (0 and 1). Figure 5 shows that the predictor variables (x) 

consist of patient symptoms and characteristics, while the target variable (y) is the class column representing 

the diagnosis label. 
 

4.2.  Determine hyperparameters 

This section outlines the determination of hyperparameters for XGBoost modeling. Figure 6 show 

that the best XGBoost model uses eval_metric=logloss, learning_rate=0.1, max_depth=4, n_estimators=100, 

and objective=binary:logistic. 
 

 

 
 

Figure 4. Output after encoding data 
 
 

 
 

Figure 5. Output of separating features and targets 
 

 

 
 

Figure 6. Output defines the hyperparameters 
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4.3.  Result train and test 

This section discusses the model's performance, illustrating the training and testing performance in 

predicting data. Figure 7 shows the result of saving a model that has gone through the grid search stage, a 

model with the best hyperparameter combination based on performance over 5 iterations. (cross-validation). 

This model will be used to make predictions on the testing data. The metric results generated during the 

model training are displayed in a more readable format and displaying four decimal places. Proven by 

displaying/calculating evaluation metrics on the training data. A confusion matrix is used to see how many 

correct and incorrect predictions the model made on the training data. 

The accuracy produced from the image above is to calculate the model's accuracy in predicting 

correctly, with an accuracy value of 0.9979. The ratio of real positive forecasts to all positive predictions is 

known as precision, resulting in 0.9960. The percentage of real positive instances that the model accurately 

detects is known as recall, yielding a result of 1.000. The F1-score is the harmonization between recall and 

precision, resulting in 0.9980. 

Figure 8 shows that model evaluation is the process of assessing the performance of a model that 

has been trained and tested using foreign data. The objective is to evaluate the model's performance when 

applied to unfamiliar data. The following is the result of each score in table form. 

Each score displayed in Tables 2 to 4 is the result of the model's performance evaluation against the 

data used. To measure the model in making accurate predictions (accuracy), to assess the true positive 

predictions compared to the positive predictions made by the model for each category (precision), then to 

evaluate how many actual positive cases are correctly detected by the model from the total positive cases 

(recall), and to calculate the precision and recall harmonic mean, which provides an overall picture of the 

balance between the two (F1-score). Figure 9 shows that the XGBoost model achieved the best performance 

with an AUC of 0.839 compared to LR (0.823), linear SVM (0.815), and RF (0.812). 

 

 

 
 

Figure 7. Model train 

 
 

 
 

Figure 8. Model evaluation 

 
 

Table 2. Confusion matrix values 
True positive (TP) False positive (FP) False negative (FN) True negative (TN) 

33 0 2 69 
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Table 3. Model performance results 
Data Accuracy Precision  Recall F1-score 

Training 99% 99% 100% 99% 

Testing 98% 100% 97% 98% 
 

Table 4. Category of each class 
Category Precision Recall F1-score 

Diabetes (1) 94% 100% 97% 

Non-diabetes (0) 100% 97% 99% 
 

 

 

 
 

Figure 9. Receiver operating characteristic (ROC) curves 
 

 

4.4.  Website appearance 

The developed model has then been implemented in the form of a website to reach many people out 

there who need predictions of DM risk based on their health history. Figure 10 shows the results of a series of 

processes that occur after the user inputs their health history data. First, it involves a standardization process 

for the data that has been entered, so that the newly input values are on a diverse scale based on the 

parameters that have been processed by the previously trained model, and the results will be displayed on the 

main page. Then this model will generate predictions for diabetes risk and the probability of diabetes risk 

based on the input data provided. The model will determine whether the risk of diabetes from the entered 

data is positive (indicating diabetes) or negative (does not indicate diabetes). 

The probability value of diabetes risk is a result with a value between 0 and 1 to indicate how high 

the model's confidence level is in predicting whether someone has a risk of diabetes based on the given data. 

A value of 0.5 (50%) is used as the threshold d. If the probability value is above 0.5 (approaching 1), it 

means the model is very confident that there is a risk of diabetes, and the result will be classified in the 

positive category (diabetes). Conversely, if the probability value is under 0.5 (approaching 0), it means the 

model is very confident that there is no risk of diabetes, and the result will be classified in the negative category. 
 

 

 
 

Figure 10. Main display 
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5. CONCLUSION 

This research demonstrates that the XGboost algorithm shows optimal and accurate performance in 

classifying the risk of DM based on health history to enhance early diagnosis, achieving an accuracy of 

0.9808, a precision of 1.000, a recall of 0.9718, and an F1-score of 0.9857. With a high level of accuracy, the 

model successfully predicts whether an individual is at risk of having diabetes based on their medical history, 

in order to improve early diagnosis. 
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