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Diabetes mellitus is a chronic health condition that 

continues to increase worldwide and may lead to various 

severe complications when early risk identification is not 

performed. This study addresses the limited implementation 

of machine learning models in practical web-based 

applications that can assist users in analyzing diabetes risk 

based on health-related parameters. Therefore, this research 

aims to develop DiAnalyze, a web-based diabetes risk 

prediction platform utilizing the Random Forest algorithm. 

The study used the Diabetes Prediction Dataset obtained 

from Kaggle, initially containing 100,000 records with 

eight input features and one target variable. After data 

preprocessing and class balancing using undersampling, 

18,482 records were retained and divided into training, 

validation, and testing sets using a 64:16:20 ratio. The 

Random Forest model achieved an accuracy of 90.70%, 

precision of 89.09%, recall of 90.97%, F1-score of 90.02%, 

and ROC-AUC of 97.61%. The trained model was 

successfully integrated into the DiAnalyze web-based 

platform, enabling users to obtain diabetes risk 

classifications and corresponding risk probabilities based 

on the provided health parameters. DiAnalyze is intended 

as a supporting tool for diabetes risk assessment and does 

not replace professional medical diagnosis. 

KEYWORDS 

Diabetes Mellitus, DiAnalyze, Machine 

Learning, Random Forest, Website 

CORRESPONDING AUTHOR 

supriyadi.spy@nusamandiri.ac.id  

DOI 

10.37034/medinftech.v4i3.168 

 

1. Introduction 

Diabetes mellitus has become one of the major global 

health concerns due to the continuous increase in the 

number of affected individuals [1]. This disease is 

associated with impaired glucose regulation in the 

human body and may contribute to several long-term 

complications, including cardiovascular disorders, 

nerve damage, eye-related disorders, and kidney 

problems. Previous studies indicate that diabetes 

occurrence is influenced by various factors, such as 

unhealthy lifestyle patterns, obesity conditions, and 

insufficient early health monitoring [2]. Therefore, 

identifying diabetes risk at an earlier stage is an 

important step to reduce the potential impact caused by 

this disease. 

The advancement of information technology, 

particularly in artificial intelligence and machine 

learning, provides new opportunities for processing and 

analyzing healthcare data. Machine learning 

approaches have been widely applied to develop 

predictive models by discovering relationships between 

medical attributes and disease conditions. Several 

algorithms, including Random Forest, Logistic 

Regression, and Decision Tree, have been utilized for 

diabetes classification based on clinical parameters [3]. 

Among these approaches, Random Forest is considered 

an effective classification method because it combines 

multiple decision trees to improve prediction stability 

and reduce the possibility of overfitting. 

Despite the increasing application of machine learning 

in healthcare prediction, several challenges remain in 

implementing diabetes prediction systems. Existing 

studies often focus primarily on developing 

classification models without providing an accessible 

system that can be directly utilized by users [4]. In 

addition, healthcare datasets frequently contain 

complex characteristics, such as imbalanced class 

distributions and various clinical attributes, which may 

influence model performance. Furthermore, several 

important parameters, including HbA1c levels and 

blood glucose measurements, require medical 
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examination and are not always easily accessible by 

general users.  

Previous research has demonstrated that machine 

learning algorithms can provide promising results for 

diabetes prediction. Safitri et al. [2] implemented 

machine learning techniques for diabetes prediction 

and showed that data-driven approaches can assist 

classification processes. Syahri et al. [3] conducted a 

comparative evaluation between Logistic Regression, 

Random Forest, and AdaBoost algorithms, 

demonstrating differences in classification performance 

among these methods. Furthermore, Anggreini et al.       

[5] improved Random Forest performance through 

hyperparameter tuning techniques, showing that 

optimization of model parameters can enhance 

prediction capability. 

Based on these considerations, this research proposes 

the development of a web-based diabetes risk 

prediction system named DiAnalyze. The system 

integrates a trained Random Forest model into a 

website application to provide users with diabetes risk 

analysis based on health parameters. Unlike studies 

that only focus on algorithm evaluation, this research 

emphasizes the implementation of machine learning 

models into an accessible application platform. 

The objectives of this research are to develop a 

diabetes risk prediction model using the Random 

Forest algorithm, evaluate model performance using 

accuracy, precision, recall, F1-score, and ROC-AUC 

metrics, and implement the developed model into a 

web-based application. The proposed system is 

intended to function as a decision support tool that 

assists users in understanding potential diabetes risk 

based on available health information rather than 

replacing professional medical diagnosis. 

2. Research Method 

The dataset utilized in this study is the Diabetes 

Prediction Dataset obtained from the Kaggle platform. 

This dataset contains health-related attributes that 

represent several factors associated with diabetes risk 

and is used as the primary data source for developing 

the classification model. 

The dataset contains 100,000 records with nine 

attributes. Eight attributes are used as input features, 

while one attribute is assigned as the prediction target. 

The input variables consist of gender, age, 

hypertension, heart disease, smoking history, BMI, 

HbA1c level, and blood glucose level. Meanwhile, the 

target attribute is diabetes, which represents the 

classification label where value 0 indicates non-

diabetes and value 1 indicates diabetes. 

The utilization of healthcare datasets in machine 

learning enables the identification of patterns between 

patient characteristics and disease risks. Previous 

studies have shown that machine learning approaches 

can support diabetes prediction by analyzing 

relationships between medical features and 

classification outcomes [6], [7]. 

2.2. Data Preprocessing 

Data preprocessing is performed to prepare the dataset 

before the training process. This stage aims to improve 

data quality, transform data into a suitable format, and 

minimize potential problems that may affect model 

performance. Data preparation is an important stage in 

machine learning because raw datasets commonly 

require cleaning, transformation, and normalization 

processes before being used for model training [8] . 

The preprocessing stages performed in this research 

include: 

2.2.1. Missing Value Checking 

The dataset was examined to identify missing values in 

each attribute. Based on the analysis results, all 

attributes contained complete data without missing 

values. Therefore, no missing value handling technique 

was required. 

2.2.2. Duplicate Data Removal 

Duplicate data checking was performed to eliminate 

repeated records that could affect the learning process. 

The initial dataset contained 3,854 duplicated records, 

which were removed. After the removal process, the 

dataset consisted of 96,146 records. 

2.2.3. Categorical Feature Encoding 

Since the Random Forest algorithm requires numerical 

input values, categorical attributes were converted into 

numerical representations using the Label Encoding 

technique. The categorical attributes processed in this 

stage were Gender and Smoking History. The encoding 

process allows categorical information to be processed 

by machine learning algorithms while maintaining the 

representation of each category [9]. 

2.2.4. Dataset Balancing 

The original dataset experienced an imbalance problem 

because the number of non-diabetes samples was 

significantly higher than diabetes samples. This 

condition may cause classification models to become 

biased toward the majority class. 

To overcome this issue, an undersampling technique 

was applied to reduce the number of majority-class 

samples. After the balancing process, the dataset 

consisted of 10,000 non-diabetes records and 8,482 

diabetes records. 

Handling class imbalance is important in classification 

problems because an imbalanced dataset may cause the 

model to favor the majority class and reduce prediction 

performance on minority classes [10]. 
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2.2.5. Dataset Splitting 

After preprocessing and balancing, the dataset was 

divided into three subsets: 11,828 records (64%) for 

training, 2,957 records (16%) for validation, and 3,697 

records (20%) for testing. The training dataset was 

used to build the classification model, the validation 

dataset was utilized to observe model performance 

during development, and the testing dataset was used 

for final evaluation using unseen data. 

2.3. Training Model 

The classification model developed in this research 

uses the Random Forest Classifier algorithm. Random 

Forest is an ensemble learning method that combines 

multiple decision trees to generate predictions through 

majority voting. 

Random Forest has been widely applied in 

classification problems because it can handle complex 

datasets, manage multiple features, and provide stable 

prediction performance [11]. Previous research has 

demonstrated that Random Forest can effectively 

classify diabetes risk based on health-related attributes 

and achieve good predictive performance [12]. 

The model training process was conducted using the 

preprocessed dataset. The Random Forest model was 

configured with 100 estimators, a maximum depth of 

10, a minimum of 10 samples required to split an 

internal node, a minimum of 5 samples per leaf node, 

the Gini criterion, and the square root (sqrt) method for 

determining the maximum number of features 

considered at each split. These parameters were 

selected to control model complexity and reduce the 

possibility of overfitting during the learning process. 

After training, the generated model was saved and 

integrated into the DiAnalyze web-based application. 

The implementation of machine learning models into 

web applications allows prediction systems to become 

more accessible and easier to use by end users [13]. 

2.4. Evaluation 

The evaluation stage aims to measure the performance 

of the Random Forest model in predicting diabetes risk. 

The evaluation was performed using the testing dataset, 

which contains data that was not previously used 

during the training process. Several evaluation metrics 

were used, including accuracy, precision, recall, F1-

score, confusion matrix, and ROC-AUC. 

Accuracy measures the proportion of correct 

predictions compared with the total testing samples, 

while precision measures the proportion of correctly 

predicted positive cases compared with all predicted 

positive cases. Recall measures the ability of the model 

to identify actual positive diabetes cases, whereas the 

F1-score represents the harmonic mean between 

precision and recall and provides a balanced 

measurement of classification performance. The 

confusion matrix was used to analyze classification 

results based on True Positive (TP), True Negative 

(TN), False Positive (FP), and False Negative (FN). 

In addition, ROC-AUC was used to evaluate the 

model's ability to distinguish between diabetes and 

non-diabetes classes based on prediction probability. 

The evaluation approach follows previous diabetes 

prediction studies that assess machine learning model 

performance using classification metrics such as 

accuracy, precision, recall, and F1-score [7],  [14]. 

3.  Result and Discussion 

3.1. Model Training and Evaluation Results 

The developed diabetes risk prediction model was 

implemented using the Random Forest Classifier 

algorithm [15]. The training process was performed 

after completing the preprocessing stage, including 

duplicate removal, categorical encoding, and dataset 

balancing. The final dataset consisted of 18,482 

records, which were divided into training, validation, 

and testing datasets. 

The dataset distribution used during model 

development is presented in Table 1. 

Table 1. Dataset Distribution 

Dataset Number of Data Percentage 

Training 11.828 64% 
Validation 2.957 16% 

Testing 3.697 20% 

The Random Forest model was trained using several 

parameter configurations to control model complexity. 

The parameters used include 100 decision trees, Gini 

criterion, maximum depth of 10, minimum samples 

split of 10, minimum samples leaf of 5, and sqrt 

maximum features. 

After the training process was completed, the generated 

model was exported into a pickle format [16]. The 

saved model components consist of: 

1. random_forest_model.pkl as the main prediction 

model.  

2. gender_encoder.pkl for converting gender 

categorical values.  

3. smoking_history_encoder.pkl for converting 

smoking history categorical values.  

These model components were integrated into the 

backend service using FastAPI to perform prediction 

inference based on user input parameters. 

3.2. Random Forest Performance Analysis 

The performance evaluation was conducted using the 

testing dataset containing 3,697 records that were not 

involved during the training process. The evaluation 

aims to measure the capability of the Random Forest 

model in classifying diabetes and non-diabetes 
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categories [17]. The evaluation results are shown in 

Table 2. 

Table 2. Random Forest Model Evaluation Results 

Evaluation Metric Result 

Accuracy 90.70% 

Precision 89.09% 

Recall 90.97% 
F1-score 90.02% 

ROC-AUC 97.61% 

Based on the evaluation results, the Random Forest 

model achieved an accuracy of 90.70%, indicating that 

most testing samples were correctly classified. The 

precision value of 89.09% shows that the model was 

able to minimize incorrect positive predictions, while 

the recall value of 90.97% indicates that the model 

successfully identified most samples belonging to the 

diabetes risk category. 

The F1-score value of 90.02% demonstrates a balanced 

performance between precision and recall. 

Furthermore, the ROC-AUC value of 97.61% indicates 

that the model has strong capability in distinguishing 

between diabetes and non-diabetes classes. 

The testing classification results are presented in Table 

3. 

Table 3. Classification Report on Testing Dataset 

Class Precision Recall F1-score 

Non-Diabetes (0) 0.92 0.90 0.91 

Diabetes (1) 0.89 0.91 0.90 

The classification results show that the model provides 

relatively balanced performance for both classes. This 

indicates that the dataset balancing process using 

undersampling successfully reduced the impact of class 

imbalance during model training [18]. 

The confusion matrix analysis is presented in Figure 1. 

 

Figure 1. Confusion Matrix of Random Forest Model 

The confusion matrix results consisted of 1,801 True 

Negative (TN), 1,552 True Positive (TP), 190 False 

Positive (FP), and 154 False Negative (FN) cases. The 

model successfully identified 1,552 diabetes risk cases 

and 1,801 non-diabetes cases correctly. Meanwhile, 

154 diabetes cases were incorrectly classified as non-

diabetes. The relatively small number of false 

negatives indicates that the model has good capability 

in identifying potential diabetes risk cases. 

3.3. DiAnalyze Web-Based System Implementation 

The trained Random Forest model was implemented 

into a web-based application called DiAnalyze [19]. 

The application was developed to provide users with an 

accessible platform for analyzing diabetes risk based 

on health parameters [20]. 

The system architecture consists of three main 

components: 

3.3.1. Frontend 

The user interface was developed using React.js with 

Tailwind CSS to provide a responsive and interactive 

interface. 

3.3.2. Backend 

The backend service was developed using FastAPI 

[21]. The backend handles user authentication, receives 

prediction requests, performs preprocessing, and 

executes inference using the Random Forest model. 

3.3.3. Database 

MySQL was used to store user account information, 

including username, email, password hash, and account 

creation timestamp [22]. 

The application was deployed using Docker Compose 

on a Virtual Private Server (VPS) environment. The 

server specifications used are shown in Table 4. 

Table 4. Server Hosting Specification 

Component Specification 

Hosting Service Virtual Private Server 

Processor 2vCPU 

Memory 2 GB RAM 
Storage 40 GB SSD 

OS Ubuntu 24.04 

Server Region Jakarta 

The deployed application can be accessed through the 

domain: https://dianalyze.web.id .  

The implementation of Docker allows each application 

component to run independently within separate 

containers, making the deployment process easier to 

manage and maintain [23].  

The developed DiAnalyze system provides three main 

pages: the Homepage, Authentication Page, and 

Diabetes Prediction Page. 

3.3.4. Homepage 

The homepage provides general information about the 

application, diabetes education, and information 

regarding the technology used. It consists of three main 

https://dianalyze.web.id/


 

Muhammad Rizky Ardiansyah and Supriyadi 

 

Journal Medical Informatics Technology − Vol. 4, Iss. 3 (2026) 122-128 

126 

 

 

sections: the landing section, diabetes information 

section, and platform information section, as illustrated 

in Figures 2–4. 

 

Figure 2. Homepage Landing Section Interface 
 

 

Figure 3. Homepage Diabetes Information Section Interface 
 

 

Figure 4. Homepage Platform Information Section Interface 
 

3.3.5. Authentication Page 

The authentication page provides user registration and 

login functionalities to control access to the diabetes 

prediction feature. As shown in Figure 6, registered 

users can access the system by entering their username 

or email address and password. Users who do not yet 

have an account can create a new account through the 

registration page. 

As illustrated in Figure 7, the registration page requires 

users to provide a username, email address, password, 

and password confirmation. After successful 

registration, the account information is stored in the 

MySQL database, while the password is stored in 

hashed form for security purposes. Registered users 

can then log in to access the diabetes prediction 

feature. 

 

Figure 5. User Login Interface 
 

 

Figure 6. User Registration Interface 
 

3.3.6. Diabetes Prediction Page 

The diabetes prediction page allows authenticated users 

to perform diabetes risk analysis by entering the 

required health parameters, including gender, age, 

hypertension history, heart disease, smoking history, 

BMI, HbA1c level, and blood glucose level.  

As shown in Figure 7, users are required to complete 

the input form before initiating the prediction process. 

 

Figure 7. Diabetes Prediction Page Interface 

After the user submits the health parameters, the 

system processes the input data through the prediction 

API and applies the trained Random Forest model to 

generate the prediction result. The system displays the 

predicted diabetes risk classification and the 

corresponding risk probability.  
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As illustrated in Figure 8, the prediction result is 

presented together with the probability percentage and 

an informational message emphasizing that the model 

output is not a medical diagnosis. 

 

Figure 8. Diabetes Prediction Result Interface 

4.  Conclusion 

This study successfully developed a web-based 

diabetes risk prediction system named DiAnalyze, 

incorporating the Random Forest algorithm for 

classification. The model development progressed 

through several structured phases, including data 

preprocessing, categorical feature encoding, dataset 

balancing via undersampling, model training, and 

performance evaluation on testing data. 

Evaluation metrics demonstrated the Random Forest 

model's strong performance in predicting diabetes risk, 

achieving an accuracy of 90.70%, precision of 89.09%, 

recall of 90.97%, and an F1-score of 90.02%. These 

results validate the model's ability to categorize 

diabetes risk using health parameters such as gender, 

age, hypertension, heart disease history, smoking 

status, BMI, HbA1c level, and blood glucose level. 

Furthermore, the trained model was seamlessly 

deployed into the DiAnalyze web application using 

FastAPI for the backend and React.js for the frontend. 

The platform offers educational resources, user 

authentication, and an interactive prediction interface. 

However, DiAnalyze serves as a decision support tool 

for early risk assessment rather than a substitute for 

professional medical diagnosis. Future research could 

enhance system capability by leveraging larger clinical 

datasets, evaluating alternative machine learning 

algorithms, expanding health parameters, and 

implementing continuous model updating mechanisms 

to improve predictive accuracy. 
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