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Abstract

The increasing prevalence of chronic diseases and rising healthcare costs highlight the

urgent need for a more efficient and user-friendly health management system. This

study focuses on addressing the challenges faced by individuals, especially those in

underserved communities, who lack access to reliable and personalized health

management tools. By developing a system that integrates real-time data tracking,

predictive analytics, and customized recommendations, this research aims to empower

users to take a more proactive role in managing their health and improving their

overall well-being.

This study contributes to the field of personal health management by presenting a

scalable model that adapts to various user needs and environments. Its focus on

accessibility ensures that individuals from diverse economic and cultural backgrounds

can benefit from the system. The personalized approach not only enhances user

engagement but also makes health management more intuitive and effective, bridging

gaps that exist in traditional methods.
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Beyond its technical contributions, the study highlights the broader potential of

personalized health tools in everyday life. By simplifying complex health data into

actionable insights, users are better equipped to make informed decisions about their

routines, diet, and exercise. This system demonstrates how digital tools can be

integrated into daily life to encourage sustainable, healthier habits, ultimately leading

to improved quality of life for individuals across different demographics.

1.0 INTRODUCTION

According to the World Health Organization (WHO), non communicable diseases

cause 41 million deaths annually, equivalent to 74% of all global

deaths(Noncommunicable diseases, 2023). In the face of this terrifying data, there is

an urgent need for health management systems to help people monitor and manage

their health status. With the rapid development of the Internet of Things(IoT), health

management systems have become an important area of development. Real time

monitoring of human body signs such as heart rate, blood oxygen, and body

temperature can be achieved through wearable devices. These technologies can not

only monitor this data in real-time, but also perform health analysis, prediction, and

warning on the human body.

Nowadays, IoT technology provides a lot of help for health monitoring. The

IoTconnects sensors, devices, and networks to achieve real-time monitoring of human

body signs, enabling real-time monitoring of human health. The global loT Market is

expected to grow from UsD 648 billion in 2024 to UsD 153.2 billion by 2029 at a

Compound Annual Growth Rate (CAGR) of 18.8% during the forecast period(Internet

of Things(loT) Market Size, Statistics & Trends, Growth Analysis and Forecast, 2024).

Their applications are not limited to industry, but are gradually expanding to

healthcare. The dependence on IoT technology in the medical field will continue to

deepen, especially in areas such as remote healthcare and intelligent health monitoring.
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Therefore, the Internet of Things plays a very important role in the future development

of healthcare.

2.0 LITERATURE REVIEW

Due to rising global diseases and health awareness, health management systems (HMS) are

increasingly vital. Real-time data collection enables better personal health management.

However, traditional HMS lack real-time monitoring and intelligent suggestions. IoT

addresses this by enabling real-time data collection and analysis for personalized advice and

disease prevention.

Large Language Models (LLMs) overcome traditional HMS shortcomings in data analysis

and intelligence. LLMs possess powerful NLP and data analysis capabilities, understanding

user health input and providing predictive, personalized recommendations using large-scale

health data. This study aims to develop an intelligent HMS based on IoT and LLM for

personalized, comprehensive services via real-time data and intelligent analysis.

Increasing chronic and lifestyle-related diseases highlight the HMS role in daily health and

preventive medicine. Traditional HMS rely on periodic check-ups, manual entry, and

fragmented records, lacking continuity and real-time capability. This leads to inefficiency and

difficulty in early health issue identification. Modern HMS thus evolve towards

personalization, data-driven approaches, and real-time monitoring.

IoT development provides a new direction. IoT systems collect user health data (e.g., heart

rate, blood oxygen, temperature) in real-time via sensors. This enables continuous monitoring,

reducing reliance on user input and periodic checks, improving convenience, efficiency, data

accuracy, and completeness.

Analyzing this sensor data is now crucial. The PHIA system (Merrill et al., 2024)

demonstrates LLMs processing health data (e.g., heart rate, blood oxygen, steps) for
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personalized recommendations via multi-step iterative reasoning, enhancing analysis

personalization and accuracy.

(Nazi, Z.A., & Peng, W., 2024) found LLMs efficiently analyze/summarize medical literature,

aiding faster, more accurate doctor decision-making. (Ho et al., 2024) found integrating

multimodal data (e.g., heart rate, temperature, activity) allows the REMONI system to

efficiently analyze patient health changes and provide personalized recommendations.

Combining IoT and LLM enhances HMS intelligence and data processing. (Raiaan et al.,

2024) proposed LLMs' significant potential in data processing and natural language

generation for healthcare, effectively handling health records/feedback for targeted

recommendations. (Rezgui, K., 2024) noted LLMs quickly process unstructured text (e.g.,

EHRs, patient feedback). Guevara et al. (2024) trained an LLM using generated data to better

understand/extract complex Social Determinants of Health (SDoH) information. This method

improves model generalization for wider patient samples, ensuring complete SDoH recording

in EHRs, significantly boosting system intelligence/automation.

IoT-collected real-time health data uploaded to the cloud is analyzed by LLM to generate

precise personalized recommendations. For instance, upon detecting abnormal heart rate, the

LLM analyzes user history, habits, and other sensor data to infer causes and provide

suggestions, greatly enhancing HMS real-time performance and responsiveness.

3.0 METHODOLOGY

This system use an agile development model for this project. Firstly, Through short

iterations, new features can be frequently released and user feedback can be collected.

This mechanism helps to continuously improve the system.And because agile methods

can identify and solve problems in each iteration, they can more effectively manage

project risks.

3.1 Needs Analysis
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With the popularity of health tracking devices, individual users' health management

systems need to handle multiple data sources, such as heart rate,blood oxygen, body

temperature, etc. The development of LLM enables the system to integrate and

analyze this data, providing users with more comprehensive health reports and

personalized recommendations. This type of data analysis can help users better

understand their health status, avoid unnecessary diseases, and develop reasonable

health plans.

3.2 Conceptual Design andArchitecture

According to Figure 1， the architecture of the health management system adopts a

layered architecture and a model view controller (MVC) design pattern, combined

with a client server architecture to achieve distributed processing of data and services.

This design ensures the modularity, scalability, and efficient user interaction of the

system.

Figure 1:Model-View-Controller (MVC) type design architecture of Healthy management

system

3.3 System Modeling
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The Figure 2 Use Case Diagram illustrates the primary actors involved in the system,

including Users and Administrators, and their interactions with the system ’ s core

functionalities. Key use cases such as Sign-Up, Sending Health Reminders, and

Managing User Information are highlighted, showcasing the system ’ s ability to

address user needs for personalized health management and administrative control.

Figure 2 : Use case diagram

3.4 Implementation Tools

The platform was developed using Unity and C# in Visual Studio. Firebase handles

cloud storage and user authentication. Minimum development requirements include

an Intel i3 processor and 8GB RAM, with user-side operation requiring a dual-core

processor and at least 6GB RAM.
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3.5 Database and Algorithm Design

Figure 3 for health management systems, using class diagrams provides a solid

foundation for database design. By identifying the core entities in the system and

understanding their relationships, database tables are organized reasonably, forming a

clear and effective structure. The attributes of each entity are carefully mapped to

ensure accurate representation of relationships and dependencies.

Figure 3 : Class Chart design of the Word Adventure gamification learning platform

4.0 RESULTS
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4.1 Application Development

Developing a real-time health monitoring system using Raspberry Pi and Django

involves several structured phases, ranging from requirements analysis to deployment

and testing. This helped identify core functional needs, such as real-time

physiological data acquisition, user-friendly data visualization, and secure user

management.

After clarifying the objectives, a detailed requirements specification was prepared. It

outlined the functional features like heart rate and blood oxygen tracking, user

registration and login, data history browsing. It also included non-functional

requirements such as data privacy,responsiveness, and cross-device compatibility.

The frontend was developed using Django’s built-in templating engine, combined

with HTML and CSS for structure and styling. The HTML templates are rendered

directly by Django views, and dynamic content is passed via context variables. while

the backend was built with Python and Django, and the database used was

Django's default SQLite3, suitable for lightweight embedded systems like

Raspberry Pi.

The database design included models such as User, HHealth, HBloodOxygen,

HRecord, each responsible for storing biometric or behavioral health data. Foreign

keys were used to associate records with specific users, and the models were migrated

using Django’s ORM.

Maintenance tasks include monitoring device connectivity, log collection for API

usage and errors, regular code updates for new features or bug fixes, and user

support through email or integrated feedback forms. Security patches are applied

promptly, and access control is enforced through Django’s permission system.
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Through these stages, the system was developed into a robust health monitoring

platform capable of capturing and analyzing key health indicators in real time,

enhancing personal health awareness and proactive care.

4.2 Key Modules

Several core modules were developed and integrated to complete the system:

 Login and Registration System: Enables users to create and access accounts.

Simulated locally with clear feedback for error handling (e.g., duplicate

account, password restrictions).

 Health data visualization interface: allows users to intuitively view their own

health data

 User Health Report Interface: It allows users to view all their health data in

this report, and they can also print itBoss Battle Mode: Timed vocabulary

challenges where correct answers damage the boss, incorrect answers trigger

penalties. Players level up upon reaching the score threshold.

 Large language model analysis interface: Users can utilize this model to

analyze health data.

4.3 Application Testing

The specific testing plan is shown in Table 1. This table outlines the various stages of

testing, including their respective start and end dates, as well as the main testing

content for each stage. Each stage is assigned to the corresponding testing team

members to ensure completion as planned and to collect necessary testing data and

feedback.
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Table 1 Test plan

4.5 Test Results

Table 2 below shows that all 17 test cases have been successfully executed, and the

actual results are consistent with expectations. No serious functional errors were

found during the testing process. All functional modules of the system operate

smoothly and meet the project requirements.

Table 2 summarizes the testing outcomes by module

Test Area Number of Cases All Passed

Registration & Login 13 Yes

Data upload 4 Yes
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5.0 CONCLUSION

The Health Management System was developed in response to the growing demand

for accessible and affordable health monitoring tools. It enables real-time tracking of

vital signs such as heart rate and blood oxygen levels using Raspberry Pi and sensor

modules. Data is continuously collected, processed, and transmitted to a

Django-based web server, where users can log in to view their health records, monitor

trends, and manage their profiles.

The development process began with defining user requirements and selecting a

suitable technology stack. Django was chosen for its rapid development capabilities

and clean architecture, while sqlite provided a reliable backend database. The front

end was built with HTML and CSS to ensure a responsive user interface.

The system architecture includes sensor input, server-side data handling, database

storage, and data visualization components. Features such as user registration and

login, sensor data upload, history tracking, and data charts were implemented and

tested in stages to ensure functionality and stability. The final product is a web-based

system that allows users to interact with their health data in a secure and intuitive

environment.
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