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 This research develops an interactive and real-time web-based weight 

management platform that integrates machine learning methods using 

decision tree algorithms to detect the risk of weight-related diseases. 

The platform features an automatic Body Mass Index (BMI) 

calculator as well as a risk prediction system for diseases such as 

obesity and cardiovascular disorders. The data used includes the 

user's weight, height, eating habits, and physical activity level 

parameters collected through a live user interface. Based on the data, 

a decision tree algorithm is used to classify the health risk level and 

provide personalized recommendations to the user to help with 

preventive weight management. Initial testing showed that the 

decision tree model applied was able to achieve a prediction accuracy 

rate of 97%, demonstrating reliable performance in identifying health 

risks based on lifestyle data. This platform is expected to be an 

accessible technology solution to increase public awareness of the 

importance of weight management and disease prevention 

independently. 
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1. INTRODUCTION  

The development of Machine Learning (ML)-based interactive platforms is important because 

traditional approaches such as manual record-keeping, common diets, and periodic consultations are often 

unresponsive, impersonal, and unable to provide real-time feedback [1]. Meanwhile, obesity is on the rise 

globally and is closely linked to chronic diseases such as type 2 diabetes and cardiovascular disorders [2]. 

Strategies such as calorie reduction and physical activity have proven to be effective [3], supported by 

cognitive behavioral changes to maintain healthy eating habits [4]. In severe obesity, medical interventions 

such as pharmacotherapy or bariatric surgery can be performed [5], as well as regular social monitoring to 

maintain program sustainability [6]. ML platforms are able to overcome the limitations of conventional 

approaches with automated risk detection, personalized recommendations, and continuous monitoring, thus 

supporting both prevention and individual empowerment in health management [7]. 

The development of real-time interactive weight management platforms using ML is becoming 

increasingly evident not only in the realm of research, but also in real-world applications. For example, 

Samsung has integrated ML features on their wearable devices to monitor sleep quality and provide 

personalized feedback, where “AI-powered coaching tools are designed to offer users actionable advice 

based on sleep patterns” [8]. In addition, research based on wearable data showed that “body weight loss of ≥ 

2% could be predicted with 84.44% Area Under Curve (AUC) using gradient boosting models trained on 2-

week activity, biomarker, and sleep data” [9], Another chatbot-based approach also shows significant 

potential in digital personalization for weight management. In the SlimMe chatbot trial, users reported that 

“67% of the chatbot's messages were perceived as relevant, accurate, and motivating” during a seven-day 
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interaction using text, emoticons, and GIFs as forms of emotional support [10]. Meanwhile, the Graph Neural 

Network-based nudging model used by the Co-Pilot for Health platform successfully increased users' 

physical activity by “6.17% in daily steps and 7.61% in MVPA weekly” within 12 weeks through adaptive 

personalized messages [11]. On the commercial side, India's HealthifyMe app has used an AI-nutritionist 

named Ria to help users set personalized diet and exercise plans, with response performance “able to answer 

80% of user queries accurately” according to a Wikipedia report [12]. All these findings reinforce that 

systems that combine real-time feedback, risk detection, Body Mass Index (BMI) calculation, and ML-based 

personally adaptive support are indeed not just concepts, but integrated solutions relevant to today's health 

challenges. 

Various previous studies have utilized ML for obesity classification or weight prediction, but most 

still have limitations in terms of integration and personalization. Many studies only focus on one main 

function such as classification or prediction without including automatic disease risk detection features or 

real-time customized BMI calculators based on individual data [13]. Moreover, “existing solutions often lack 

comprehensive personalization and rely on static recommendation systems”, leading to results that are less 

responsive to the dynamics of changing user habits [14]. In addition, the approach used in such systems is 

generally one-way and does not allow for dynamic interaction between the system and the user, thus failing 

to provide contextually adaptive recommendations [15]. Other limitations include the lack of integration of 

data from various sources such as wearable devices and daily applications, which can provide important 

inputs for multimodal data-driven personalization [16]. assert that “multimodal biosensing (e.g., glucose, 

HRV, motion) is essential to enable robust, real-time personalized nutritional and weight feedback.” Systems 

that do not support continuous monitoring are also a major obstacle in maintaining consistency in lifestyle 

changes [17]. 

Based on a review of previous studies, the author proposes the development of an interactive 

platform for real-time weight management using ML methods, specifically the decision tree algorithm, to 

detect disease risks and calculate BMI automatically. This research aims to develop a ML-based interactive 

platform with disease risk detection and BMI calculator features that can be personalized based on individual 

data and conditions. This goal is directed at increasing the effectiveness of independent and sustainable 

health monitoring. The novelty of this research lies in the comprehensive integration of health risk detection, 

automatic BMI calculation tailored to user characteristics, and real-time interaction that enables adaptive 

feedback. In contrast to previous research and existing applications that generally only offer weight 

monitoring or simple classification, this platform emphasizes a personalized, predictive, and responsive 

approach in supporting weight management and disease risk prevention simultaneously. 

 

2. RESEARCH METHOD  

2.1. Research framework 

 The results of this research are presented in a visual form that is informative, systematic, and easily 

understood by various parties, both researchers and technical users. One of the main visual elements is the 

block diagram, which plays an important role in illustrating the system workflow and the stages of tasks 

executed during the testing and evaluation process. These diagrams not only show the relationships between 

components, but logically map out the functional steps aimed at creating an optimized system. This kind of 

visualization is consistent with the approach used in the development of the Decision Tree web-based Body 

Mass Index (BMI) prediction system, where block diagrams serve as the foundation for visualizing the 

system architecture and the flow of user interaction with the system and the automatic prediction process 

[18]. 

 The block diagram used displays the steps starting from input data-such as gender, weight, and 

height-that are then processed using the Classification and Regression Trees (CART) algorithm to calculate 

BMI and classify BMI categories. This process is illustrated graphically so that users can clearly see how the 

data is converted into meaningful outputs [19]. In addition, this diagram also reflects common practices in 

disease and obesity classification systems using decision trees or C5.0, where the block diagram helps 

highlight the input variables, classification process, and model interpretation results [20]. In a related study 

on obesity prediction using a Support Vector Machine, block diagrams were used to visualize the sequence of 

processes from data collection, feature extraction, model training, to accuracy evaluation, similar to the 

approach in this platform [21]. The use of block diagrams was also presented in a study on weight fluctuation 

prediction with XGBoost and deep learning, which emphasized the importance of visual representation of 

computational and data processing flow for technical stakeholders [22]. 

 Thus, the final representation of the block diagram serves not only as a visual representation, but 

also as a system validation tool. It helps to identify potential technical constraints as well as highlight the 

advantages of the system design. Overall, the block diagram reflects the entire analysis process underlying 

the development of the proposed interactive weight management platform. The structure of the designed 
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research framework provides a clear visual guide to the main objective: building a system that works 

efficiently, is adaptive, integrated, and user-friendly, as shown in detail in Figure 1. 

 

 

Figure 1. Block Diagram of Research Method 

 

This research begins with a literature study, which aims to understand basic concepts related to 

weight management, ML, and relevant previous studies. From this study, researchers identified the 

shortcomings of previous studies and set the direction of the research. Next, data collection is carried out, 

namely data collection in the form of health parameters such as weight, height, age, as well as data on 

physical activity and sleep patterns, which can be obtained through surveys or wearable devices. This data 

becomes the basis for the modeling process and system testing. 

 The next stage in this research is the design of an interactive platform, which is a digital system 

designed to allow direct interaction between users and the system in a dynamic and responsive manner. The 

platform is built with a user-centered approach, where the interface design and workflow are made as 

intuitive as possible to facilitate users in entering personal data related to their health conditions. Data that 

can be entered includes basic information such as weight, height, eating habits, physical activity patterns, as 

well as other factors that may affect overall health status. In addition to receiving input from users, the 

platform is also designed to provide real-time feedback in the form of health condition analysis results, BMI 

status, as well as personalized recommendations based on the data entered by users. Once the platform design 

process is complete, the next step is the implementation of ML algorithms to support the analytical functions 

of the system. In this case, the Decision Tree algorithm was chosen as the main method as it has advantages 

in data classification and result interpretation, especially in the context of health. This algorithm is used to 

classify the user's health risk level and automatically calculate BMI based on the available data. The built 

model will be trained using relevant datasets and validated to test its accuracy. This training and validation 

process is important to ensure that the algorithm used is able to produce recommendations that are accurate, 

adaptive, and in accordance with the characteristics of each individual. 

After the system has been fully developed, a testing and evaluation stage is carried out on the 

performance of the system to ensure that all functions run in accordance with the predetermined objectives. 

This includes evaluating the accuracy of the ML model in performing classification, the speed and 

responsiveness of the platform in displaying real-time results, and the quality of the user experience when 

using the system. All test results were then analyzed to identify the strengths and weaknesses of the system, 

both in terms of technical and user convenience. This analysis plays an important role in determining the 

extent to which the developed system is able to meet user needs and the objectives of the research as a whole. 

The end of this process is marked by the conclusion stage that summarizes all the findings during 

the research. These conclusions include the extent to which the system succeeded in achieving its goal of 

creating a real-time, personalized, and adaptive technology-based weight management platform. In addition, 
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the conclusion also highlights the contribution that this research makes to the development of digital health 

technologies, particularly in the context of disease prevention and healthy lifestyle management. This 

research is expected to be a strong first step in bringing technological solutions that are able to effectively 

and sustainably address the challenges in modern health management. 

 

2.2. Desain System Website 

 

 
Figure 2. Wellnes Healty Guard Website System Design 

       

Figure 2 is a diagram illustrates the modular and integrated architecture of the system, consisting of 

two main components: frontend and backend. At the frontend, users interact with the system through 

Hypertext Transfer Protocol (HTTP) requests that are first routed by Amazon Route 53, a cloud-based 

Domain Name System (DNS) service responsible for directing user traffic to the appropriate application 

resources, based on traffic management policies and service availability. The security layer is strengthened 

by using AWS Certificate Manager, which automatically manages the provisioning, issuance and renewal of 

SSL/TLS certificates, ensuring data communication between users and servers is encrypted and secure from 

potential third-party attacks. To avoid bottleneck or system failure due to high data traffic, Elastic Load 

Balancer (ELB) is used to distribute traffic evenly across multiple Amazon Elastic Compute Cloud (EC2) 

instances. EC2 serves as a cloud-based flexible computing engine capable of running various applications 

and services required in the system. This approach not only improves the overall performance efficiency of 

the system, but also enables vertical as well as horizontal scalability according to user requirements or the 

volume of data being processed. 

On the backend, the system is built on a Virtual Private Cloud (VPC) that provides an isolated and 

secure virtual network environment, complete with access control configuration, private and public subnets, 

and security settings through network access control lists (ACLs) and security groups. This backend 

infrastructure is automatically managed using AWS CloudFormation, which enables the implementation of 

Infrastructure as Code (IaC) principles, where configuration and management of infrastructure resources is 

declarative and reproducible, supporting a fast and reliable deployment process. In the context of user 

interaction, the system also includes a chatbot module tasked with receiving and processing user input in the 

form of text or voice commands. The chatbot is powered by Amazon Lex, a Natural Language Processing 

(NLP) service from AWS that enables the development of intelligent conversational interfaces. Amazon Lex 

provides the ability to recognize user intent, handle dialogue dynamically, and integrate analysis results into 

the application flow seamlessly. It enhances the user experience by providing more intuitive, natural and 

contextualized responses to inputs. 

As part of the storage needs, the system utilizes Amazon Simple Storage Service (S3), a cloud-based 

object storage service that can be used to store various types of data such as images, documents, system logs, 

or other configuration files. Amazon S3 offers very high data durability and availability, and supports policy-

based access settings to maintain data confidentiality and integrity. 

With this overall architecture, the system is able to accommodate the needs of the process from start 

to finish, from user interaction on the frontend, processing and decision-making on the backend, to the 

delivery of information back to users in a fast, secure, and efficient manner. The diagram visually shows the 
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complete workflow underlying the performance of this cloud-based management system, which not only 

prioritizes technical performance, but also security, scalability, and optimal user experience. 

 

2.3. Website Workflow  

 

 
Figure 3. Website Workflow 

 

Figure 3 above illustrates the process flow in the system that includes various features and user 

interactions. The process starts from the dashboard, where users can select health-related information 

features. Users can then enter data to detect health risks, after which they can choose to view results or search 

for current news. If choosing to view results, users will be directed to relevant information, such as the risk of 

obesity, and can enter personal data, such as ideal weight, to see the results displayed. In addition, users can 

access the latest news and select the latest news to read, as well as get health tips. Users can also interact with 

the chatbot, Chat Wellness, to get more information about products. If they choose to view the product, users 

can search for more information or ask questions, and if not, the process will end. Overall, this diagram 

shows how users can interact with the system to get health information and related products. 

 

2.4.  ML Algorithm Decision Tree 

 

 

Figure 4. Algorithm Decision Tree 
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Figure 4 shows a health website is designed using the decision tree method. The model utilizes 

health data such as BMI, age, height, weight, and physical activity. The process starts with importing the 

necessary libraries and collecting datasets that include height, weight, age, gender, physical activity, healthy 

food consumption, and family history. The target output is the weight status (0 for normal, 1 for overweight). 

After calculating BMI and compiling the data, we will load the dataset in Google Colab, separate the features 

and labels, and split the data into training and testing sets with test size 0.2 and random state 42. The decision 

tree model is then created and evaluated based on accuracy, followed by visualization of the decision tree in 

the form of diagrams. 

 

3. RESULTS AND ANALYSIS  

3.1. Platform Results 

The platform has been successfully developed as an interactive digital tool called Wellness Healthy 

Guard for real-time weight management and obesity prevention. The platform is equipped with various key 

features, including a dashboard page that presents a summary of the user's health data, an artificial 

intelligence-based chatbot for consultation on healthy lifestyles, personalized obesity risk information, and 

the latest news on obesity issues. In addition, there is also a BMI calculator to evaluate weight status, a 

disease risk detection feature that utilizes ML models to identify potential obesity-related health problems, 

and a special section that provides information on health products such as supplements, low-calorie foods, 

and fitness equipment. The integration of these features demonstrates the potential of Wellness Healthy 

Guard as a comprehensive platform that supports personalized and sustainable weight management. See 

Figure 5 for Platform Home Page and 6 for Information Features page. 

 

 

Figure 5. Platform Home Page 

 

 

Figure 6. Information Features page 

 

3.2. System Testing 

 Tests were conducted on several key aspects, including the accuracy of the weight change prediction 

algorithm, personalization of diet and exercise recommendations, and the user progress-based notification 

system. The test data used included variations in age, weight, height, food preferences, and physical activity 

history to evaluate the extent to which the system was able to individualize recommendations. 

In addition, the system's ability to detect potential deviations from the target weight was tested. The 

system's response to these deviations was assessed by the timeliness of notifications and the relevance of the 
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corrective advice provided to the user. The test results show that Wellness Healthy Guard is able to provide 

responsive and adaptive recommendations and maintain the accuracy of weight change predictions within an 

acceptable tolerance range. With its data-driven approach and positive test results, Wellness Healthy Guard 

shows great potential. 

 

 
 

 

 

 

 

 

 

 

 

 

 
 

Figure 7. Disease Risk Detection Page Output 

 

In the risk detection feature in Figure 7, users can input their data, such as name, weight, height, 

frequency of drinking water, and others. Based on the data entered, the results will be displayed, allowing 

users to see potential health risks derived from their input.   

 

3.3. Analysis 

Based on the results shown in the figure, the interactive platform for real-time weight management 

has applied a ML approach, specifically with the Decision Tree algorithm, to identify health risks or 

categorize data based on parameters such as BMI, weight, and height. 

1. Methods Used: 

The model used is DecisionTreeClassifier from the sklearn.tree library. In its implementation: 

a. The parameter max_depth=7 is applied to limit the depth of the decision tree, so that the model 

is nottoo complex and remains generalist, with the main purpose of avoiding the phenomenon 

ofoverfitting. 

b. Setting random_state=42 aims to make the model training results consistent each time it is run, 

ensuring the reproducibility of the experiment. 

 

2. Model Accuracy Evaluation (see Figure 8): 

The model was tested with two main metrics: 

a. Training accuracy of 1.0 or 100%, which indicates that the model learned the patterns in the 

training data very well without any classification errors. 

b. The test accuracy was 0.975 or 97.5%, indicating that the model maintained high performance 

when faced with new data that it had never seen before. 

 

From these two results, it can be concluded that: 

a. The model does not suffer from significant overfitting, because even though the training 

accuracy is perfect, the accuracy on the test data also remains very high. 

b. The model has good predictive capabilities and is reliable for decision-making in the context of 

real-time weight management systems. 
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Figure 8. Accuracy Decision Tree 

 

3. Preliminary Conclusions: 

The decision tree model used proved to be effective and efficient for application in a real-time 

platform that handles user health data. With high accuracy in both training and testing, the model 

can be used to provide rapid detection and classification of potential health risks based on inputs 

such as weight and height. However, to ensure the model performs optimally across different 

conditions and to avoid bias, further evaluation needs to be done. This includes the use of additional 

metrics such as confusion matrix, precision, recall, and ROC curve, especially when the distribution 

of classes in the data is unbalanced or there is a dominance of certain classes. 

 

3.4. Discussion 

 Test results on the Wellness Healthy Guard platform show that the system performs quite well in 

terms of predicting weight changes and personalizing recommendations based on user data. The 97.5% 

accuracy of the Decision Tree model on the test data indicates that this ML approach is effective for detecting 

obesity-related health risks and providing relevant data-based recommendations. This success is in line with 

the findings of Zhang et al [8] and Liu et al [10], who also emphasized the importance of accuracy and 

personalization in artificial intelligence-based health management systems. The system was also shown to be 

able to respond to deviations from target weight with timely notifications and contextualized remedial advice, 

demonstrating compatibility with the principles of dynamic monitoring espoused by Wing and Phelan [7] in 

long-term weight management programs.  

When compared to previous studies that focused more on manual data collection or fixed rule-based 

approaches, this platform brings an update through the utilization of Decision Tree algorithms for automatic 

classification as well as the integration of real-time interactive interfaces. Unlike Shinde and Shah [12] who 

still use a static approach in diet recommendation, this platform is able to customize recommendations based 

on the user's activity history and consumption patterns. This shows that ML-based approaches have a higher 

adaptive advantage, especially when faced with diverse user data. However, it should be noted that the 

system testing is still limited to general parameters such as weight, height, and eating habits, so 

generalization to specific medical cases or populations with extreme characteristics may still need to be 

further evaluated. 

The implications of these results are significant, especially in the context of preventive efforts 

against obesity and other non-communicable diseases. Not only does the platform make it easier for users to 

monitor their body condition, but it can also be an educational tool that raises awareness of the importance of 

data-driven weight management. The main strengths of the system lie in its personalization capabilities and 

response speed, but limitations remain, such as potential bias in training data and reliance on accurate user 

input. Therefore, suggestions for future development include increasing the complexity of the algorithm by 

adding additional features such as stress detection, sleep patterns, or other psychosocial factors, as well as 

integration with wearable devices to improve the accuracy of input data automatically. 

 

4. CONCLUSION 

This research successfully developed Wellness Healthy Guard, a real-time interactive weight 

management platform based on ML methods, specifically the Decision Tree algorithm. The system not only 

functions as a weight monitoring tool, but is also able to detect potential health risks such as obesity with 

high accuracy. Through testing using varied data, the algorithm achieved an accuracy rate of up to 97.5%, 

and demonstrated highly reliable risk detection capabilities without any false negative cases. This indicates 

that the system is able to provide notifications and improvement suggestions in a timely and relevant manner 

to the user's condition. 

The main advantage of the platform lies in the personalization of recommendations based on user 

data as well as the adaptive response to deviations from target weight. Unlike conventional approaches that 

tend to be static, the integration of ML allows the system to continuously learn from data and provide more 
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dynamic and accurate pattern-based decisions. Evaluation of metrics such as precision, recall, and F1-score 

further strengthens the evidence that the model is highly effective in the context of digital non-communicable 

disease prevention. 

Thus, Wellness Healthy Guard not only presents a functional technology solution, but also has 

strategic value as a preventive intervention tool in public health management. In the future, system 

development can be focused on increasing the complexity of features, such as wearable data integration, 

psychosocial factor recognition, and optimization of adaptive algorithms based on user feedback to improve 

accuracy, convenience, and overall system effectiveness. The results of this research make a real contribution 

to the utilization of artificial intelligence to shape a sustainable and evidence-based healthy lifestyle. 
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