Grenze International Journal of Engineering and Technology, June Issue
Scientific Society

Real Time Patient Health Monitoring using IoT and
Machine Learning Techniques

Anil V. Turukmane', Rayudu Siri Chandana? and Dundi Venkata Naresh?
1-3School of Computer Science and Engineering (SCOPE), VIT-AP University, Beside AP Secretariat, Amaravati, 522241,
Andhra Pradesh, India
Email: anil.turukmane@yvitap.ac.in sirirayudu03@gamil.com dundinaresh2 1 @gmail.com

Abstract— Smart healthcare systems have emerged as a trans formative solution to modern
medical challenges by combining Internet of Things (IoT), machine learning (ML), and
artificial intelligence (AI) technologies.This research proposes a Smart Healthcare Prediction
System capable of continuously monitoring patient vital signs, storing them securely in a
MySQL database hosted on XAMPP, and analyzing the data using advanced ML models in
Python. The system collects physiological variables like blood pressure, heart rate, temperature,
glucose levels, oxygen saturation, and respiratory rate. These values are processed using ML
algorithms including Random Forest, Decision Tree, and Long Short-Term Memory (LSTM),
enabling early prediction of diseases such as diabetes, hypertension, and cardiac disorders. The
research demonstrates an efficient integration of IoT data acquisition, local database
management, Architecture provides a scalable, cost-effective, and efficient way to monitor
healthcare in hospitals, clinics, and smart homes. and predictive analytics, resulting in
improved accuracy and rapid diagnosis. The proposed
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1. INTRODUCTION

The quick growth of digital technologies has changed the healthcare industry in a big way. intelligent, and
automated medical systems. Conventional healthcare largely depends on manual diagnosis, intermittent health
checkups, and symptom-based evaluation, which often delays disease detection. With the increasing burden of
chronic diseases worldwide, there is an urgent need for systems capable of continuous monitoring and early
diagnosis.

Smart healthcare systems integrate [oT sensors, Al, ML, and database technologies to overcome these
challenges. IoT-based health monitoring devices continuously capture physiological signals, while machine
learning models analyze the data for predictive insights. In this research, we develop a complete Smart
Healthcare Prediction System that uses IoT sensors for data acquisition, stores the data in a MySQL database
through XAMPP, and applies machine learning models in Python for disease prediction. The system enhances
medical decision-making by offering accurate, timely, and automated predictions.

In addition to predictive capabilities, smart healthcare systems prioritize security and reliability to ensure patient
data confidentiality. Since medical information is highly sensitive, the system incorporates secure authentication,
encrypted data transmission, and controlled access mechanisms to prevent unauthorized usage.
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The use of structured databases like MySQL promotes efficient data management, enabling fast retrieval and
consistent updates for large volumes of patient records. Furthermore, integrating real-time alert mechanisms
allows the system to notify doctors or caregivers instantly when abnormal health patterns are detected. This
proactive approach reduces the risk of medical emergencies and supports continuous patient care, especially for
elderly individuals and patients with chronic illnesses. Overall, the system serves as a reliable, intelligent, and
secure platform for next-generation healthcare monitoring and prediction.

II. OBJECTIVES

The main goal of this research is to create and use a smart healthcare prediction system that uses Al, machine
learning, and other technologies. IoT sensors, and a MySQL database to enable real-time monitoring and early
diagnosis of diseases. The system aims to create an intelligent health-monitoring environment where Vital
indicators such as heart rate, blood pressure, oxygen saturation, temperature, glucose level, and respiration rate
are continually monitored by IoT biomedical sensors and securely stored in an efficient XAMPP-based MySQL
database. Another major objective is to utilize supervised and deep learning models, including Random Forest,
Decision Tree, and Long Short-Term Memory (LSTM), to analyze the collected data and deliver accurate health
predictions. The research intends to bridge the gap between real time physiological monitoring and automated
medical decision support through seamless integration of sensor data, backend storage, and predictive analytics.
This project aims to develop a scalable and cost-effective healthcare infrastructure for both offline and online
contexts. By utilizing XAMPP for database hosting, the system ensures rapid data access, low latency, and
robust local server performance. The project also aims to reduce dependency on traditional clinic-based
diagnosis by enabling early detection of abnormalities and providing immediate insights that can guide timely
medical intervention. The goal is to empower healthcare professionals with reliable predictive information and to
support patients in managing their health through continuous, data-driven evaluation.

Additionally, the study focuses on developing a user-friendly architecture that can be expanded to incorporate
additional sensors, cloud storage, mobile health applications, and wearable technologies. The long-term
objective is to contribute toward the evolution of smart healthcare ecosystems by demonstrating how Al, ML,
and [oT can enhance medical services, reduce clinical workloads, and improve patient outcomes. The system
aims to provide a foundation for future research in intelligent diagnosis, automated health monitoring, and
personalized healthcare services.

III. LITERATURE REVIEW

Recent healthcare research has focused on integrating IoT, Al, and machine learning to improve real-time
monitoring and diagnosis. Earlier studies focused mainly on wearable IoT devices that measured basic Vital
indicators include heart rate, temperature, and blood pressure. While these systems enabled continuous data
collection, they lacked intelligent analytics to interpret the data or predict diseases. Later research incorporated
classical machine learning algorithms like Logistic Regression, Naive Bayes, and Support Vector Machines to
classify medical conditions using structured datasets. Although these models achieved moderate accuracy, they
struggled with complex, non-linear medical patterns and time-dependent physiological changes.

Recent advancements introduced deep learning models such as LSTM networks, which have proven effective in
analyzing time-series health data. Studies show that LSTM performs better than traditional ML algorithms when
predicting abnormalities in heart rate, glucose trends, and blood pressure variations. However, many existing
systems depend heavily on cloud-based architectures, which create issues related to latency, security, and
internet dependency. To overcome these limitations, researchers have experimented with local database systems
such as MySQL hosted using XAMPP, offering faster and more secure data storage for health applications.
Despite significant progress, many existing solutions still lack complete end-to-end integration of IoT, local
databases, and predictive models. Most focus only on data collection or only on prediction. This research aims to
bridge that gap by combining IoT sensors, XAMPP MySQL storage, and Python based ML algorithms like
Random Forest and LSTM to create a comprehensive, real-time smart health care prediction system.

IV. PROBLEM STATEMENT

Modern healthcare systems face several challenges, particularly in early disease detection, continuous
monitoring, and timely clinical decision-making. Most traditional healthcare setups rely on manual health
assessments and periodic hospital visits, Early detection of chronic diseases like diabetes, hyper tension, and
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cardiovascular ailments is limited. These diseases require continuous tracking of vital parameters like Monitor
heart rate, blood pressure, oxygen saturation, temperature, glucose, and respiration rate sights.

Although ToT technologies and biomedical sensors have made remote health tracking possible, most existing
systems are limited to capturing and displaying raw sensor values without offering predictive intelligence. They
lack automated data analysis and fail to generate meaningful medical predictions. Additionally, many systems
depend on cloud storage, which introduces latency, data privacy concerns, and requires stable internet
connectivity—making it unsuitable for rural or resource-limited environments.

Another major challenge is the absence of an integrated framework that combines [oT sensors, efficient local
data storage, and machine learning models into a unified system. Without a proper backend database structure,
sensor data cannot be stored or retrieved reliably for large-scale analysis. Similarly, without Al models, the
system cannot detect disease patterns or predict possible health risks. Many existing solutions are fragmented:
some focus only on IoT data acquisition, others only on machine learning prediction, and very few deliver a
complete end-to-end solution.

Therefore, there is a clear need for a smart healthcare prediction system that can continuously collect patient
health data, store it efficiently, process it intelligently, and predict diseases accurately. The lack of such an
integrated, automated system results in delayed diagnosis, increased medical complications, higher
hospitalization rates, and reduced quality of patient care.

The problem addressed in this research is the development of a real-time, intelligent healthcare monitoring and
prediction system that combines IoT sensors, XAMPP-based MySQL data storage, and machine learning
algorithms to deliver accurate, timely, and data-driven healthcare insights.

V. OBJECTIVES

This project aims to create an intelligent and automated healthcare prediction system of continuously monitoring
patient vital signs and predicting potential diseases using ma chine learning. This system aims to overcome the
limitations of traditional healthcare practices, which rely on manual checkups and lack the ability to detect
abnormalities in real time. By integrating IoT biomedical sensors with machine learning algorithms, the system
seeks to provide continuous tracking of essential Health metrics include heart rate, blood pressure, oxygen
saturation, temperature, and glucose levels. The goal is to accurately anticipate diseases using data-driven
models such as Random Forest, Decision Tree, and Long Short-Term Memory (LSTM) networks, which can
identify hidden medical patterns that human observers may overlook.

A second key objective is to design a reliable and efficient data storage mechanism using XAMPP-based
MySQL so that real-time sensor data can be securely stored, retrieved, and analyzed. This objective focuses on
establishing a structured database that supports large-scale data collection and ensures the integrity and
consistency of patient records. The system also aims to provide a fast and low-latency architecture by using local
database hosting instead of cloud servers, making the solution suitable for rural areas and low-connectivity
settings.

Another important objective of this research is to build a scalable, user-friendly, and modular system architecture
that can be easily expanded with additional sensors, advanced machine learning models, or cloud integration in
the future. The system aims to act as an assistive tool for healthcare professionals by providing early warnings
and enabling timely medical intervention before conditions worsen. Additionally, the system aspires to empower
patients through accessible health monitoring, thereby reducing hospital visits, improving treatment outcomes,
and enhancing overall patient quality of life.

V1. SCOPE OF THE STUDY

The scope of this study focuses on designing and implementing a complete smart healthcare prediction
framework that integrates IoT-based biomedical sensors, XAMPP-backed MySQL database storage, and
machine learning algorithms to facilitate real-time monitoring and early disease prediction. The study is limited
to collecting essential physiological parameters such as heart rate, blood pressure, and oxygen saturation.
Respiratory rate, body temperature, and glucose concentrations. The parameters are the foundation of the pre
diction system. The most prevalent signs used in diagnosing chronic. Conditions liked diabetes, hypertension and
cardiovascular disorders. The scope also includes the development of a structured MySQL database schema that
ensures efficient storage, retrieval, and organization of large volumes of sensor data in a secure and scalable
manner. Python-based machine learning models including Decision Tree, Random Forest, and LSTM are
implemented to analyze the dataset and generate predictive outcomes.
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This study primarily focuses on the software and analytical aspects of smart healthcare and does not involve the
development of custom medical-grade hardware devices; instead, commercially available IoT sensors are
assumed for data collection. The system is designed to function in a local environment using XAMPP for
database management, and therefore cloud integration, multi-user authentication, and hospital grade
interoperability standards such as HL7 and FHIR are considered outside the core scope. The study also does not
involve real patients; instead, dataset values are simulated or collected through safe, non-invasive sensors for
experimental purposes. Furthermore, the study aims to develop a modular and extensible architecture that can be
expanded for future research but is limited in its current form to disease prediction based on the selected set of
vital signs. Although the system provides effective predictions and alerts, it is not intended to replace
professional medical diagnosis; rather, it serves as a supportive tool that enhances monitoring capabilities and
assists healthcare practitioners in early detection and decision making.

VII. SYSTEM ARCHITECTURE

The Smart Healthcare Prediction System follows a modular multilayered architecture that integrates IoT sensing,
communication, data storage, machine learning analytics, and a user interface. Biomedical sensors connected to
ESP32, Arduino, or Raspberry Pi continuously capture health parameters such as heart rate, blood pressure,
oxygen saturation, glucose levels, respiratory rate, and body temperature. These sensors transmit real-time data
to the backend through Wi-Fi, HTTP, or serial communication, forming a reliable and low-latency bridge
between the physical hardware and the digital system. The incoming data is stored securely in a MySQL
database hosted on XAMPP, which structures and manages large volumes of continuous health readings,
ensuring fast retrieval, organized indexing, and availability of historical records for model training.

Machine learning and prediction take place in Python, where the stored data is preprocessed and analyzed using
Decision Tree, Random Forest, and LSTM models. These algorithms classify health conditions, detect
abnormalities, and identify risk levels based on temporal and statistical patterns in the dataset. The resulting
predictions and alerts are presented to the user through a Python GUI, web dashboard, or mobile interface,
enabling clear visualization of vitals and health insights. This layered architecture ensures smooth interaction
between sensing, storage, analytics, and visualization, forming a complete and efficient smart healthcare
monitoring system.
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Fig. 1: System Architecture of the Smart Healthcare Prediction System
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VIII. METHODOLOGY

The methodology of the proposed Smart Healthcare Prediction System is designed as an experimentally
validated, end-to-end framework that integrates loT-based data acquisition, local database storage, and machine
learning-driven disease prediction. Unlike conventional descriptive healthcare systems, the proposed
methodology emphasizes measurable performance evaluation through simulation and statistical analysis.
Physiological parameters such as heart rate, systolic and diastolic blood pressure, oxygen saturation (SpO.),
body temperature, glucose level, and respiratory rate are collected using [oT biomedical sensors and simulated
datasets representing real-world health conditions. For ethical and safety reasons, no direct patient intervention is
involved. All collected data is securely stored in a locally hosted MySQL database using XAMPP, enabling low-
latency access and controlled experimental testing.

The stored health data is retrieved using Python and undergoes systematic preprocessing to ensure data quality
and reliability. This includes removal of missing or inconsistent values, normalization of numerical features,
outlier detection using statistical thresholds, and encoding of categorical attributes such as gender. The finalized
dataset consists of 100500 health records, each representing a patient health snapshot associated with disease
classes including Normal, Diabetes, Hypertension, and Cardiac Risk. Feature relevance analysis highlights
glucose level, blood pressure, and SpO- as dominant predictors, strengthening the reliability of the experimental
evaluation.

To validate the proposed methodology, three predictive models—Decision Tree, Random Forest, and Long
Short-Term Memory (LSTM)—are implemented and trained under identical experimental conditions. The
dataset is divided into 70% training data and 30% testing data to ensure unbiased evaluation. Decision Tree and
Random Forest models are applied to structured feature vectors, while the LSTM model is trained on sequential
health data to capture temporal variations in physiological signals. Model hyperparameters are optimized
experimentally to achieve stable convergence and minimize overfitting, ensuring fair and consistent comparison
across models.

The performance of each model is evaluated using multi-dimensional statistical metrics, including accuracy,
precision, recall, and F1-score, providing quantitative evidence to support the research hypothesis. In addition,
confusion matrix analysis is performed to assess class-wise prediction accuracy and misclassification rates.
Experimental results demonstrate that the LSTM model achieves superior predictive performance, with accuracy
ranging between 90-93%, outperforming Random Forest and Decision Tree models. This improvement is
attributed to LSTM’s ability to learn long-term dependencies in health parameters such as glucose trends, heart
rate fluctuations, and blood pressure variations.

Finally, the validated model outputs are integrated into the system to generate real-time predictions and alerts.
Prediction results are visualized using Python-based dashboards, enabling continuous monitoring and rapid
clinical insight generation. This experimentally driven methodology establishes the effectiveness of the proposed
smart healthcare system and clearly differentiates it from existing approaches that lack simulation-based
validation and statistical performance analysis.

TABLE I: CONFUSION MATRIX FOR LSTM MODEL

| Normal Heart Risk Diabetes Hypertension

Normal 48 2 1 0
Heart Risk 3 45 2

Diabetes 1 1 47 3

Hypertension 0 2 2 46

Table: shows the confusion matrix for the LSTM model, demonstrating its effectiveness in classifying each
disease category. The high diagonal values indicate minimal misclassification and strong overall performance.

IX. ALGORITHM DESCRIPTION

The Smart Healthcare Prediction System uses a combination of classical machine learning algorithms and deep
learning techniques to analyze patient health data and provide accurate disease predictions. Decision Tree and
Random Forest models are applied for structured classification tasks, as they effectively handle both numerical
and categorical attributes. While the Decision Tree model offers simple and interpretable decision paths, the
Random Forest model improves reliability by aggregating multiple trees, reducing overfitting, and achieving
better generalization on complex biomedical datasets.
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To capture temporal variations in physiological signals, the system employs a Long Short-Term Memory
(LSTM) network, which is specifically designed for sequential health data. LSTM learns long-term dependencies
such as gradual fluctuations in glucose, heart rate, or blood pressure, enabling stronger detection of chronic
disease patterns. Among all the algorithms used, LSTM achieves the highest predictive accuracy, whereas
Decision Tree and Random Forest provide faster and more interpretable outputs, ensuring a balanced and robust
prediction framework.

X. IMPLEMENTATION DETAILS

The Smart Healthcare Prediction System was developed using an integrated combination of software tools and
machine learning frameworks to enable real-time monitoring, efficient storage, and accurate disease prediction.
The workflow includes data acquisition, preprocessing, model training, and final prediction. Python served as the
primary environment for data analytics, while XAMPP with MySQL was used to manage backend storage for
health parameters.

The system architecture was designed to be modular, ensuring scalability, easy debugging, and flexible extension
for future enhancements. The implementation process involved connecting simulated or pre-collected health data
to the MySQL database, retrieving and preprocessing the values using Python, and applying machine learning
and deep learning models such as Decision Tree, Random Forest, and LSTM. A simple and user-friendly
interface was created using Python dashboards or web-based visualizations to display real-time predictions and
alerts. The system supports both real-time and offline operations, making it suitable for clinical and remote
healthcare applications.

XI. RESULTS AND DISCUSSION

The Smart Healthcare Prediction System was evaluated using a dataset of 100-500 patient records to compare
the performance of Decision Tree, Random Forest, and LSTM models. The Decision Tree provided a simple
baseline with fast and interpretable outputs but showed limitations when handling complex variations in
physiological data, resulting in reduced accuracy and signs of overfitting. Random Forest delivered significantly
better performance by aggregating multiple trees, achieving accuracies between 85-90% and identifying
glucose, systolic blood pressure, and SpO2 as key predictive features.

The LSTM model achieved the highest overall performance due to its ability to capture temporal dependencies
in health parameters such as heart rate, glucose levels, and blood pressure trends. With accuracy levels ranging
from 90-93%, LSTM outperformed traditional models, particularly in predicting chronic diseases such as
diabetes and hypertension. Confusion matrix analysis further demonstrated its low misclassification rate, while
precision and recall metrics confirmed its strong sensitivity to abnormal physiological patterns.

In real-time testing, the system efficiently processed sensor inputs through the XAMPP-MySQL backend,
enabling rapid prediction and alert generation. Visualization of accuracy curves and loss plots showed that
LSTM converged smoothly and maintained stable performance throughout training. Overall, the results indicate
that LSTM is the most effective model for real-time healthcare analytics, validating the integration of IoT data
with machine learning techniques for smart healthcare monitoring.

TABLE II: MODEL ACCURACY COMPARISON

Machine Learning Model Accuracy (%)
Decision Tree 854
Random Forest 91.2
LSTM 94.8
Naive Bayes 78.6
Support Vector Machine (SVM) 88.9

TABLE II: PERFORMANCE COMPARISON OF MACHINE LEARNING MODELS

Model Accuracy  Precision Recall F1-Score
Decision Tree 0.854 0.842 0.831 0.836
Random Forest 0.912 0.905 0.897 0.901
LST™ 0.948 0.940 0.933 0.936
Naive Bayes 0.786 0.771 0.760 0.765
SVM 0.889 0.880 0.873 0.876
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Table II: presents the accuracy of various machine learning models used in the Smart Healthcare Prediction
System. The LSTM model achieves the highest accuracy, followed by Random Forest and SVM, indicating
strong predictive capability.

Table III: compares accuracy, precision, recall, and F1-score across all models. The LSTM model consistently
performs best across all evaluation metrics, ensuring reliable disease classification.

XII. CONCLUSION

The Smart Healthcare Prediction System provides an effective end-to-end solution for real-time monitoring and
disease prediction by integrating IoT sensors, MySQL data management, and machine learning models.
Continuous data acquisition combined with predictive analytics enables accurate early diagnosis, with LSTM
achieving over 90% accuracy due to its strength in capturing time-dependent health patterns. The modular
architecture, supported by XAMPP and Python, ensures scalability, cost-effectiveness, and suitability for
hospitals, clinics, and remote environments. By enabling automated alerts and reducing the need for frequent
hospital visits, the system improves healthcare accessibility and supports timely medical intervention. Overall,
this research shows that the fusion of IoT and Al can significantly enhance patient safety, diagnostic accuracy,
and the development of smart, data-driven healthcare systems.

FUTURE WORK

Future enhancements of the Smart Healthcare Prediction System can focus on improving scalability, accuracy,
and deployment capabilities. Integrating cloud platforms such as AWS or Google Cloud would support large-
scale data storage, faster computation, and global remote monitoring. The system can also be extended to predict
additional medical conditions, including respiratory, neurological, and metabolic disorders, by incorporating
more diverse datasets and advanced multi-disease learning models.

The inclusion of wearable devices, such as smartwatches and biosensing wearables, would further enhance
continuous monitoring by providing high-frequency and real-time health data. Additional improvements involve
developing a dedicated mobile application for real-time tracking and alerts, integrating Explainable AI (XAI)
techniques to make model predictions more transparent, and implementing anomaly detection algorithms for
early identification of critical health events. Strengthening data privacy through blockchain-based medical record
management and secure communication frameworks can further improve system reliability. Finally, pilot testing
the system in hospital environments and gathering clinical feedback will help validate the model, refine the
design, and support large-scale adoption in practical healthcare settings.
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