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1.0 Introduction 

Intelligent, responsive, and accessible healthcare systems are needed to deal with the growing number of 

chronic diseases, aging population, and access problems to medical care in remote and underserved areas [1]. 

The aim of this research project is to create an intelligent healthcare monitoring system that can communicate 

with patients and doctors to provide timely diagnosis, treatment, and care [2]. The goal of the project is to 

create and deploy a real-time, intelligent medical monitoring system that can assess a user’s health and inform 

them of health related information [3]. By combining the predictive performance of random forest 
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classification with the ease of decision trees, the model has two strengths: its predictive power and the 

interpretive power of decision trees. It will detect early warning signs of a patient’s health, classify levels of 

risk as low, medium, and high, and alert the user whether a medical emergency or notifying them immediately 

of potential problems. The system will also need to be a natural language interface powered by a Large 

Language Model (LLM) to increase user engagement, a location-based GPS to avoid falls or medical 

emergencies, and transmitting data securely through IoT protocols such as MQTT. It is also an effort to 

promote a scalable, modular, and intelligent healthcare infrastructure by providing real-time health information 

and facilitating a shift from reactive to proactive healthcare, reducing hospital reliance, and improving patient 

outcomes over time, particularly for the elderly, the chronically ill, and the rural [4]. This research program 

aims to improve the quality and delivery of future healthcare through innovation and interdisciplinarity [19] 

[20] . 

2.0 Literature Review 

Chike Nwibor et al. [5] describe a remote health monitoring device that uses IoT to measure oxygen saturation 

(SpO2), heart rate, and blood pressure through a single photoplethysmography (PPG) signal and machine 

learning. Future research is anticipated to focus on user experience and potential therapeutic applications such 

as monitoring individuals on antihypertensive medications and predicting changes in vital signs. 

S. Arun Kumar et al. [6] recommended lowering the mortality rate from lung diseases and premature heart 

attacks. The aim of this paper is to design and implement an intelligent health monitoring system combining 

cloud, IoT, and machine learning. Vital signs are collected by sensors, and machine learning predicts 86% of 

disease types. Wearable sensor technology and telemedicine integration may be utilised in the future to 

enhance remote  health monitoring.  

Agrawal et al. [7] demonstrate the use of wireless pressure-sensor insoles to reduce the risk of falls among the 

elderly. Of the six machine learning models assessed, logistic regression had the highest AUC (0.82), and 

random forests had the best accuracy (0.82) and specificity (0.88). To enhance fall risk prediction, the 

subsequent study investigates deep learning methods and novel gait parameters.  

Ubaid Ullah et al. [8] examined current developments in healthcare using Quantum Machine Learning (QML). 

Out of 2,038 articles published between 2018 and 2023, 49 are found to be relevant. Most focus on QML 

algorithms that utilise photos and patient data from EHRs. The QRF, QKNN, and Qsvm models are known to 

be used to solve healthcare issues. The difficulty of conducting a thorough search and the lack of precise 

quantum data are two disadvantages.  

Salini et al. [9] stated that pregnancy issues require prompt attention. Manual analysis of cardiotocography 

(CTG) tests is laborious and imprecise. ML has great potential despite its drawbacks. Care for expectant 

mothers and fetuses can be enhanced by interdisciplinary teamwork and technological innovation.  

Sengupta et al. [10] investigated how ML and wearable technology can be combined to treat strokes. This 

collection of research, which includes studies in six categories such as activity recognition and clinical score 

estimation, spans the years 2009 to 2023. By analysing the advantages, disadvantages, and potential 

applications of wearable sensors and machine learning for post-stroke mobility analysis, the study seeks to 

guide researchers in this area.  

Shanthakumara et al. [11] investigate how to incorporate IoT and ML into health monitoring, with a particular 

emphasis on wearable devices such as smartwatches. IoT-collected data, including heart rate, blood pressure, 

and temperature, is used by ML algorithms to examine medical conditions. According to the exhibition 

examination, the algorithm accuracies are 75% for KNN, 86% for SVM, 83% for Naive Bayes, 74% for 
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Decision Tree, and 81% for Logistic Regression. Future developments aim to increase the number of sensors 

and to develop more complex machine learning algorithms, with a focus on deep learning.  

M. Muhammad Arslan et al. [12] examine developments in vital sign monitoring systems that incorporate 

wireless communication, sensor technology, and machine learning (ML) algorithms. Research indicates that 

machine learning models such as KNN (92% accuracy), SVM (94% accuracy), and SGD (97% accuracy) are 

effective at classifying patients' health status. Real-time monitoring is improved by combining window-based 

applications with robust error-checking protocols; future work will focus on expanding training datasets and 

improving diagnostic accuracy.  

Abdullah Baihan et al. [13] introduce a wearable health-monitoring system for pilgrims performing the Hajj 

and Umrah that uses a deep reinforcement learning model, the Deep Q Network (DQN), to make context-

aware, adaptive alert decisions. To monitor vitals and guarantee safe distancing based on crowd density, the 

system uses wristbands embedded with sensors (temperature, SpO2, ToF, and heart rate). The system 

demonstrated improvements in data analysis rate (14.58%), density detection (16.12%), recommendation 

accuracy (15.79%), and reduced distortion error (11.57%) when evaluated at 5- to 60-minute intervals. 

Jie Zhou et al. [14] describe a flexible, encapsulated, wearable, non-invasive blood pressure (BP) monitoring 

system that uses piezoelectric micromachined ultrasound transducers (PMUTs). This motion-resistant, small 

(less than 2g) device uses ultrasonic pulse-echo to measure arterial diameter and has a high signal-to-noise 

ratio (>29 dB). With a mean absolute error of less than 4 mmHg (systolic) and less than 3 mmHg (d(diastolic) 

and a heart rate error of less than 3 bpm, it computes pulse wave velocity to estimate blood pressure. Its 

dependability for continuous, real-time blood pressure monitoring is confirmed by a strong  correlation (0.951–

0.998) with conventional techniques.  

Himi et al. [15] present smartwatch-based "MedAi" multi-disease prediction systems. Using machine  learning 

techniques like K-Nearest Neighbour, Random Forest, and Support Vector Machine, it attains exceptional 

accuracy (99.4%). After that, research will focus on expanding the dataset, creating the smartwatch, adding 

more diseases, and launching the mobile app.  

G. R. Pradyumna et al. [16] examine the development and importance of the Internet of Medical Things  

(IoMT) in revolutionising healthcare via remote monitoring, telemedicine, and real-time data collection. It 

highlights how machine learning, security, privacy, interoperability, and ethical issues are integrated. IoMT 

adoption is hampered by issues such as scalability and data management, despite advances in technology. The 

study emphasises the need for sustainable, power-efficient IoMT-enabled Smart Healthcare systems to support 

reliable, safe healthcare device networks and recommends more efficient, lightweight intrusion detection 

systems. 

3.0 Proposed Model 

A hybrid machine learning model that combines the strengths of both random forests and decision trees has 

been built for the proposed intelligent healthcare monitoring system to effectively assess an individual's health 

based on multiple physiological and environmental factors. When dealing with complex, real-time health data 

that often contains noise and fluctuations, the hybrid technique was selected to balance interpretability and 

predictive performance, as shown in Fig. 1. Because it offers an open, rule-based structure for decision-making, 

the decision tree algorithm is widely recognised for its transparency and usability. However, it could overfit 

when applied to huge feature spaces or noisy datasets. The combination of random forest, multiple decision 

trees, and ensemble learning techniques helps reduce variation and increase accuracy and resiliency. By 

combining both methods, the hybrid model increases the efficiency of the system through the generalisation 

ability of a random forest and the interpretability of a decision tree. Thirteen parameters are inputted to the 

model (age, systolic and diastolic blood pressure, body temperature, accelerometer and gyroscope values on 
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each three axes, UV exposure rate, heart rate (bpm), and SpO2 (%) in Fig. 2. Selected these parameters with 

care due to their clinical relevance and ability to accurately depict the user's physiological state. 

 
Figure 1. Prototype of Intelligent Health Risk Prediction System 

 

To enhance model generalisation and performance, the data gathered from real-time sensor readings is 

preprocessed to eliminate noise, normalise outliers, and impute missing values. After preparation, the data is 

split into training and test sets at an 80:20 ratio. The same dataset is used to train the random forest and decision 

tree classifiers. To avoid overfitting, the Random Forest model is configured with 100 estimators, and 

hyperparameters such as the split criterion and depth are optimised. Both models are used to generate 

predictions for each test sample. When the outputs agree, the shared prediction is maintained. Because of its 

ensemble nature and better generalisation to unknown data, the random-forest model employs a weighted 

approach in conflict situations, increasing the confidence of its output. To facilitate a quicker emergency 

response in the event of a fall or other serious medical condition, the system also includes GPS-based patient 

location tracking, which records the user’s location in real time. The final model creates three categories based 

on the user's health risk. These classifications are based on predefined thresholds for each feature, derived from 

medical standards and expert guidelines. Metrics such as accuracy, precision, recall, F1-score, and confusion 

matrix were used to assess the model’s performance. The hybrid model performed better than standalone 

models with a final prediction accuracy of over 97%. The hybrid model has been serialized using the pickle 
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module of Python, and is integrated in a chatbot from Streamlit. It improves the system’s responsiveness and 

trustworthiness, and can be used for health monitoring in high-risk or remote environments. 

     Figure 2. Proposed Intelligent Health Risk Prediction Framework 

 

3.1 Methodology 

The Intelligent Healthcare Monitoring System was developed using multiple stages involving real-time data 

collection, IoT integration, data pre-processing and hybrid machine learning models, alert generation, and 

deployment using a chatbot interface enhanced by Large Language Model (LLM), shown in Fig. 3. Preventive 

care is provided by the system with health monitoring, risk classification, and emergency alerts. 

Data Gathering in Real-Time from Health Band 

A wearable health band is used to gather physiological and environmental health data in real time at the start 

of the project. Vital signs and parameters included Time in seconds, age, Blood oxygen saturation (%), heart 

rate (bpm), blood pressure, X, Y, Z Accelerometer readings, X, Y, and Z Gyroscope readings, UV Exposure 

Level, and Body Temperature in degrees Celsius. These parameters are crucial for assessing a user’s physical 

health as these could indicate illness such as environmental stress, hypoxia, fever, heart failure, over-movement 

that can lead to falls. 

IoT Communication Using MQTT and Node-RED 

To provide efficient and lightweight communication between the wearable device and the server, we used the 

MQTT (Message Queuing Telemetry Transport) protocol via Node-RED. MQTT topics are used to send sensor 

data to a broker. This data is parsed, logged in CSV and Node-RED subscribes to the topics [17]. The real-

time data was analysed using Node-RED dashboards for testing and development. The IoT protocol promises 

quick data access, reliable data transfer, and the ability to integrate new sensors easily. 

Feature Engineering and Data Preprocessing 
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To get it ready for machine learning, the gathered dataset was carefully preprocessed:  

 Noise Handling: To lessen variability brought on by changes in the environment, raw values were 

normalised and smoothed.  

 Missing Data: Incomplete data rows were either discarded or imputed. 

 Synthetic Data Generation: To simulate real-world sensor inconsistencies, additional samples were 

generated by adding Gaussian noise. 

 Feature Enhancement: Using controlled value generation, columns like "Age", "Body Temp 

(°C)","UV Rate" and "Gyroscope readings" were added or expanded.  

 Random Age Assignment: Random age values ranging from 18 to 90 were added to replicate a range 

of age demographics.  

The finished dataset, Health_Monitoring_Dataset.csv, was prepared for training and risk labelling.  

Classification and Labelling of Health Risks 

Based on predetermined medical thresholds, a Health\_Risk class was assigned to each data instance:  

 Low Risk (0): Every parameter falls within the typical range. 

 Mild deviations (e.g., HR slightly above 90 bpm, SpO\textsubscript{2} 95–96\%) are considered a 

medium risk (1).  

 Critical abnormalities (e.g., SpO\textsubscript{2} < 92\%, Temp > 38.5°C, BP > 140/90 mmHg, or 

excessive gyro/acceleration values) are considered high risk (2).  

Each row was classified according to a rule-based function. If several parameters exceeded safe values 

simultaneously, the second flag was an alert_flag. 

Proposed Hybrid Machine Learning Model (Decision Tree and Random Forest)  

To accurately classify health states, we combined two tree-based classification models to generate a hybrid 

ensemble learning model based on both tree-based classification. 

 Decision Trees (DTs) are used because of their interpretability, simplicity, and capacity to use if- else 

rules to model intricate nonlinear relationships.  

 To reduce variance, improve accuracy and avoid overfitting, Random Forest (RF) is a set of multiple 

decision trees trained on different data sets and features. 

Model Workflow:  

1. By deleting columns such as Time (s), IR Value, Red Value, and Health_Risk, features (X) were 

extracted. 

2. The target label (y) was set to Health_Risk. 

3. The train-test ratio was 80:20. 

4.  We did individual training on both models [18]. 

5. Weighted approach or majority vote combined their predictions. Random Forest is given more weight 

as it is more general. 

6. We compared our measures of performance (accuracy, precision, recall, F1 score) to those derived 

from other stand-alone models (e.g., KNN, SVM, Gradient Boosting) [19]. 
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Figure 3. Working Flowchart of Intelligent Health Risk Prediction Framework 

 

7. With over 99% classification accuracy, the hybrid model outperformed the others. 

8. Pickle was used to save the finished model so that it could be included in the chatbot. 

Intelligent Warning System  

One of the primary functions of a sophisticated alert mechanism was to notify me immediately if readings were 

suspicious: 

 Rules for thresholds: Notify patients when a parameter crosses the thresholds of clinical practice (e.g., 

heart rate 60 or > 100 beats per minute). 

 Critical Multi-Condition Alerting: This system will send a critical alert to the user when more than 

two health conditions have crossed a threshold at the same time. This alerts users of potentially harmful 

trends that indicate worsening health condition, and of isolated abnormalities..  

An Algorithm for Detecting Falls  

The logic used to identify falls as a safety risk for senior citizens was based on the following: 
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 Acceleration values on any axis greater than 20 m/s²  

 Gyroscope readings that are more than 300°/s A fall is strongly indicated by such a sudden and 

powerful movement combination. An emergency notification is sent out when the event is flagged by 

the system. 

Online Health Tracking Interface for Chatbots 

A chatbot interface built with Streamlit was created to make the system more interactive and easier to use. The 

following tasks are carried out by the chatbot:  

 All vital signs can be entered by the user.  

 Predicts health risks by loading the trained hybrid model.  

 Shows a positive health assessment message (such as "Healthy", "Mild Risk", or "Critical Risk"). 

 Enumerates the precise parameters that set off the alarm. 

 Alerts users of fall detection.  

 Displays recommendations or warnings according to conditions found. 

This chatbot empowers users to evaluate their health and take appropriate action using a hybrid model, as 

shown in Algorithm 1.  

Conversational Support Driven by LLM 

A Large Language Model (LLM) was incorporated into the system to improve its intelligence and usability to:  

 Use natural language to interpret health information and alerts.  

 Give conversational advice, such as what to do if you have a fever or low SpO2. 

 Respond to user inquiries regarding system usage or health metrics.  

 Lower the technical hurdle for users who are not experts.  

Algorithm 2 demonstrates that the LLM serves as a virtual health assistant, adding conversational awareness 

to the analytical backend.  

 

Ngrok Deployment for Remote Access 

Without requiring cloud infrastructure, external users can access the local Streamlit app via a public URL to 

the application's ngrok deployment. This made it possible for:  

 User interaction in real time from any device with an internet connection.  

 Easy sharing of the monitoring tool with healthcare personnel.  

 Demonstration of a prototype without complete cloud hosting. 

 

ALGORITHM 1: Algorithm of Hybrid Model 

Let, 

D = {(p1, q1), (p2, q2), . . . , (pn, qn)} : Dataset of n samples 

pi ∈ R13 : Feature vector of 13 health parameters 

qi ∈ {0, 1, 2} : Health risk labels (0=LOW, 1= Medium, 2=High) 

fDT : Decision Tree Model 

fRF : Random Forest Model 

https://doi.org/10.70454/JRICST.XXXX.XX
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fHybrid : Final Ensemble Decision 

LLM () : Large Language Model Response Generator 

A ⊂ p : A Subset of features exceeding safety thresholds 

P : Prompt to the LLM 

R : Response from the LLM 

 

Step 1: Collected input data pi ∈ R13 in real time, where: 

pi = [Age, SpO2, R, BP, Accelx, Accely, Accelz,UV, Gyrox, Gyroy, Gyroz, Temp] 

Step 2: Apply preprocessing to D: 

– Handle missing data 

– Normalize or scale pi 

 Step 3: Define function c(pi) → qi based on medical thresholds: 2, if any critical 
condition is detected 

 

qi = 1, if any moderate condition is detected 0, 

otherwise 

Step 4: Dtrain, Dtest = TrainTestSplit(D, 80% train, 20% test) 

Step 5: Train both classifiers on Dtrain: fDT → Train 
Decision Tree on Dtrain fRF → Train Random Forest on 
Dtrain  

Step 6: For each test instance ⊂ Dtest: qDT = fDT (p), 
qRF = fRF (p) 

Hybrid Prediction Rule: 

 

Final predicted label: 

 

𝑓𝐻𝑦𝑏𝑟𝑖𝑑(𝑝) = {
𝑞𝐷𝑇 ,                                            𝑖𝑓 𝑞𝐷𝑇 = 𝑞𝑅𝐹

𝑞𝑅𝐹 , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (𝑅𝐹 𝑡𝑎𝑘𝑒𝑠 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦)
 

 

q =𝑓𝐻𝑦𝑏𝑟𝑖𝑑(𝑥) 

Step 7: Define alert set A ⊂ p: 

A = {pj ∈ p | pj exceeds medical thresholds} Raise: 

– alert_flag = 1 if |A| ≥ 1 

– critical_alert = 1 if |A| > 2 

 

ALGORITHM 2: Algorithm of Conversational LLM Response 

 

pi ∈ R13 : Input Feature vector 

q ∈ {0, 1, 2} : Final health risk prediction from the hybrid model 
LLM (): A pre-trained language model mapping prompts to natural language 
output 

A ⊂ p : Set of alert features where each pj ∈ A exceeds the safe threshold 
P : A constructed prompt string is given to the LLM 
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Σ 

R : Final natural language response 

Step 1: 

Each feature pi ∈ p is evaluated against a medical threshold function Gj.  

The alert set A is defined as: 

A = {pj ∈ p | pj > Gmax or pj > Gmin} 

Where Gmax, Gmin are the medically safe bounds for the feature pj. 

Step 2: 

 
Define a formatting function ∅ : A ∪ {q} → string that converts alerts and risk levels into natural 
language text. Then: 

 

                  P = The user has the following issues: +       ∅(pj) + ”Risk Level” + ∅(q) 
                                                                                           pj ∈A 

Where: 

Step 3: 

∅(pj) = pj = value, which is outside the safe range. 

∅(𝑞) = {

𝐿𝑜𝑤, 𝑞 = 0
𝑀𝑒𝑑𝑖𝑢𝑚, 𝑞 = 1
𝐻𝑖𝑔ℎ, 𝑞 = 2

 

 

LLM : P → R 

Where R ∈ NL, the space of natural language explanations. 
R = LLM (P ) 

 

4.0 Results and Discussion 

A real-time wearable health monitoring system provided the majority of the dataset used in this investigation. 

It comprises environmental and physiological factors that are crucial for assessing a user's health. Continuous 

monitoring with sensor-equipped hardware was used to record these parameters, which were then sent to a 

central data processing system via the MQTT protocol. Time (s), Age, SpO2 (%), Heart Rate (bpm), Systolic 

and Diastolic Blood Pressure, Accelerometer readings (X, Y, Z in m/s²), Gyroscope readings (X, Y, Z in °/s), 

UV Rate, and Body Temperature (°C) are the dataset's primary features as shown in Fig. 4. These attributes 

were chosen for their clinical relevance in detecting exposures, hazards from falls, respiratory distress, or 

cardiovascular abnormalities. We classified each record as low, medium, or high risk by thresholds based on 

the domains. The dataset had sufficient samples to train and assess machine learning models, was balanced, 

and clean. 

Given the constructed prompt P , the LLM is a 
function: 
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Figure 4. Dataset of Intelligent Health Risk Prediction Model 

 

Proposed Model 

The proposed model combines the features of RF and DT to obtain a hybrid machine learning model. In the 

hybrid model, interpretation is easily achieved and robustness is assured. In the decision tree, the decision is a 

path that can be traced. In the random forest, performance is improved by ensemble averaging. A weighted 

combination of both models is generated by a parameter β. The final prediction is both precise and adaptable. 

This method significantly improves classification reliability and attains a high degree of accuracy in identifying 

health risk levels, particularly when dealing with complex or noisy health data. 

     ŵ = β · RFPred + (1 − β) · DTPred   ……………………………(1) 

The random forest model is controlled by a weight parameter called β , which affects the outcome prediction. 

It's a number between 0 and 1, where 

 The decision tree model complete control when β =0. 

 The random forest model has full influence when β = 1. 

     Large Language Model (LLM) 

To support the hybrid classifier and enable natural language communication with users, the system 

incorporates an LLM. The structured input from the hybrid model is converted into conversational, 

approachable feedback by the LLM. By including a second adjustable parameter α, the system ensures that the 

final messages are accurate and personalised by combining the LLM's response with pre-existing medical 

templates. The hybrid predictive engine and the LLM communication lead to an interactive healthcare system 

that communicates risk and recommendations to the patient, while continuously monitoring key parameters.     

                                                    RFinal = α · L + (1 − α) · T       ….…………………………..(2) 

 T : Rule-based template response 

 L : Response generated by the Large Language Model (LLM) 

 α ∈ [0,1]: Weight parameter controlling the influence of the LLM 
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 RFinal : Final output response shown to the user 

  

Table 1. Different Machine Learning Algorithms' Effectiveness in Health Classification 

 

Algorithm Accuracy Precision Recall F1 Score Support 

KNN 66.95 0.5600 0.4824 0.5009 10000 

Decision Tree 87.51 0.6128 0.6455 0.6264 10000 

Naïve Bayes 75.21 0.8234 0.5572 0.6122 10000 

Random Forest 79.23 0.5858 0.5315 0.5359 10000 

Support Vector 
Machine 

62.3 0.5873 0.7060 0.5960 10000 

Logistic 
Regression 

69.72 0.6262 0.4968 0.5243 10000 

Proposed Model 97.93 0.9510 0.9872 0.9672 10000 

Figure 5. Different Machine Learning Algorithms' Effectiveness in Health Classification 

 

The hybrid health risk classification model, which combines RF and DT classifiers, performs exceptionally 

well compared to other existing algorithms in predicting health risk levels. As demonstrated in Table 1, the 

model achieves an impressive 97.93% accuracy, accompanied by outstanding precision, recall, and F1 Scores, 

as shown in Fig. 5. The combination of RF ensemble averaging and DT transparency ensures a reliable, 

interpretable model that can handle complex, noisy health data. Because it provides reliable decision paths and 

high predictive accuracy, this hybrid approach performs incredibly well for health risk classification in real-

world applications. 

A comparison of training and test accuracy is essential for assessing the performance and generalisation 

capacity of a hybrid model combining Random Forest and Decision Tree classifiers. Overfitting, a situation in 

which the model performs well on training data but is unable to generalise to unseen data, may be indicated 

by a noticeable difference between training and test accuracies, as shown in Fig. 6. The testing accuracy of 

97.93% in this instance, however, indicates that the model generalises well and that there is little variation 

between the training and testing accuracies. The robustness of the model's performance in actual health risk 

prediction scenarios is confirmed by this high accuracy on the test set. 
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Figure 6. Training vs. Testing Accuracy of Hybrid Model 

 

 

Figure 7. Confusion Matrix of Machine Learning Model 

To support the hybrid classifier and enable natural language communication with users, the system 

incorporates an LLM. The structured input from the hybrid model is converted into conversational, 

approachable feedback by the LLM. By including a second adjustable parameter α, the system ensures that the 

final messages are accurate and personalised by combining the LLM's response with pre-existing medical 

templates. The hybrid predictive engine and LLM-based communication result in an intelligent, interactive 

healthcare system that effectively communicates risk and recommendations to the user while monitoring key 

parameters. 
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Figure 8. User Interface of Intelligent Health Risk Prediction System                       

 

The confusion matrix, which measures the performance of the model across classes, supports this conclusion. 

Fig. 7 shows the percentages of cases correctly or incorrectly classified at each health risk level (0, 1, 2) in 

terms of the health risk class (correctly or incorrectly). The model produces accurate predictions for all classes 

when the confusion matrix has strong diagonal dominance, or high values along the diagonal. Fewer 

misclassifications are reflected in minimal off-diagonal values, demonstrating the hybrid model's ability to 

reliably and consistently distinguish among various health risk levels. 

The health monitoring system's output interface is made to help users easily comprehend and act upon complex 

health data. The three health risk levels, low, medium, and high and colour codes for easy identification are 

displayed. The system identifies which of the parameters, such as SpO2, heart rate, blood pressure, and body 

temperature, etc., is responsible for the elevated risk for each risk level. Fig. 8 illustrates an example of when 

the system makes clear that high blood pressure puts the user at risk. The system provides clear instructions 

by expressing the risk through natural language feedback from a Large Language Model (LLM) as well as the 

risk level. Based on the identified risk factors, the interface also suggests changes in the user's lifestyle or 

consultation with a doctor. 

 

5.0 Conclusion 

This paper describes the development of an intelligent healthcare monitoring system that can identify falls, 

assess health in real-time, and engage with users on an intuitive level . The system collects physiological and 

environmental data. A hybrid ML model utilizing RF and DT classifiers was created to predict a person’s 

health risk. It was able to predict low, medium, and high risk conditions with an accuracy of 97.93%. An LLM 

was added to the system to provide conversational explanations based on the predicted condition. In 

emergencies that call medical attention is required, this feature is important. The system is ideal for personal 

healthcare, senior monitoring, and remote medical support that provides health monitoring, intelligent 
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decision-making, and user-centric communication within one platform . The LLM improves the user’s 

understanding and engagement by translating structured outputs into readable feedback. The system’s location-

aware capabilities allow the system to determine the user’s current location in the event of a fall or unexpected 

illness. In an emergency requiring prompt medical attention, this feature is essential. The system is ideal for 

personal healthcare, serial monitoring, and remote medical support since it successfully integrates health 

monitoring, intelligent decision-making, and user- centric communication into a single platform. 
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