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ABSTRACT

This study focused on the development of an intelligent healthcare
monitoring system using the Internet of Things (I0T) and Artificial
Intelligence (Al) for remote patient monitoring and predictive
healthcare analysis. The proposed system collected real-time
physiological parameters such as heart rate, body temperature,
oxygen saturation (SpO:), systolic blood pressure, and diastolic blood
pressure through loT-enabled sensors. The collected data was
transmitted through wireless communication and analysed using
machine learning and deep learning models including Logistic
Regression, Decision Tree, Random Forest, Support Vector Machine,
and Artificial Neural Network. The results showed that Random
Forest and ANN achieved higher prediction accuracy and better
identification of abnormal health conditions. The system successfully
generated early alerts for possible medical risks and supported
continuous patient monitoring. The study demonstrated that the
integration of 10T and Al can improve preventive healthcare, reduce
hospital dependency, support timely intervention, and enhance smart
healthcare services.

Keywords: Internet of Things, Artificial Intelligence, Remote Patient
Monitoring, Predictive Healthcare, Machine Learning.

I.  INTRODUCTION

1.1 Introduction

Healthcare systems across the world are experiencing a major technological transformation due to
the rapid growth of the Internet of Things (IoT) and Artificial Intelligence (Al). Traditional
healthcare services were mostly based on physical hospital visits, manual diagnosis, and treatment
after the appearance of symptoms. This reactive approach often caused delays in diagnosis, increased
medical expenses, and created difficulties for patients living in remote areas. In contrast, modern
healthcare is moving towards a smart, connected, and data-driven system where patients can be
monitored continuously, and possible health risks can be predicted before they become serious.

IJAMSR 8 (11) November 2025 WWW.ijamsr.com 199



http://www.ijamsr.com/

Vol 8, Issue 11, 2025 Impact Factor: 8.535 DOI: https://doi.org/10.31426/ijamsr.2025.8.11.8924

- International Journal of
R‘ ‘ﬂ - - - - - - e
m Advanced Multidisciplinary Scientific Research (IJAMSR) ISSN:2581-4281

Remote monitoring and predictive analysis using 10T and Al in healthcare is an emerging concept
that combines connected medical devices with intelligent data analysis. l0T-enabled devices such as
wearable sensors, smart watches, ECG patches, glucose monitors, blood pressure monitors, and pulse
oximeters collect real-time health data from patients. These devices record important physiological
parameters such as heart rate, blood pressure, oxygen saturation, body temperature, glucose level,
movement pattern, and sleep quality. The collected data is transmitted through wireless networks to
cloud platforms or hospital systems, where Al algorithms analyze the information and identify
abnormal health conditions.

Artificial Intelligence plays a crucial role in converting raw medical data into meaningful clinical
insights. Al-based systems use machine learning, deep learning, and predictive analytics to detect
patterns, identify anomalies, and forecast possible health risks. For example, Al can help predict
cardiac problems by analysing ECG data, identify hypoglycemia risk in diabetic patients through
continuous glucose monitoring, or detect early signs of respiratory distress through oxygen saturation
levels. This makes healthcare more preventive, personalized, and efficient.

The integration of 10T and Al is especially useful for chronic disease management, elderly care, post-
operative recovery, emergency monitoring, and rural healthcare services. Patients suffering from
diabetes, hypertension, heart disease, chronic obstructive pulmonary disease, and other long-term
illnesses require continuous observation. Remote monitoring reduces the need for frequent hospital
visits while ensuring that doctors receive timely updates about the patient’s condition. This improves
patient safety, reduces hospital readmissions, and supports early medical intervention. The uploaded
reference text also explains that 10T devices collect real-time physiological data, while Al algorithms
analyze patterns and anomalies to support timely intervention and reduce emergency hospitalizations.

1.2 Background of the Study

The demand for smart healthcare solutions has increased significantly in recent years. Population
growth, aging societies, rising chronic diseases, shortage of healthcare professionals, and increasing
medical costs have created pressure on existing healthcare systems. The COVID-19 pandemic further
highlighted the importance of contactless healthcare services, telemedicine, and remote patient
monitoring. During this period, hospitals and patients realized the value of digital tools that could
monitor health conditions without requiring continuous physical contact.

0T has become an important part of this healthcare transformation. It creates a network of smart
medical devices that can collect, exchange, and transmit health-related information. These devices
can be used at home, in hospitals, in ambulances, or even while the patient is moving. For example, a
smartwatch may detect irregular heart rhythms, a glucose monitor may alert a diabetic patient about
abnormal sugar levels, and a smart blood pressure device may send readings directly to a doctor. This
continuous flow of data helps healthcare providers understand the patient’s condition more
accurately.

Al strengthens this system by adding intelligence to medical data. Instead of only displaying
readings, Al systems can analyze trends and predict future risks. Predictive analysis helps doctors
identify which patients are at higher risk of complications, hospital admission, or disease
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progression. This is a major shift from reactive treatment to proactive healthcare. With predictive
analysis, healthcare providers can take preventive steps before the patient’s condition becomes
critical.

The use of Al in healthcare also supports early disease detection, personalized treatment, clinical
decision-making, hospital management, and medical research. Al tools can analyze medical images,
electronic health records, laboratory reports, and sensor data to support diagnosis and treatment
planning. In remote monitoring, Al helps reduce false alarms by identifying meaningful patterns
rather than relying only on fixed threshold values. Therefore, the combination of 10T and Al provides
a strong foundation for modern digital healthcare.

1.3 Need of the Study

The need for remote monitoring and predictive analysis in healthcare arises from the limitations of
traditional medical systems. In many cases, patients visit hospitals only when symptoms become
severe. This delay can result in complications, emergency admissions, and higher treatment costs.
Patients with chronic diseases need regular monitoring, but frequent hospital visits may be difficult
due to distance, cost, age, or physical weakness. Rural and underserved regions often face shortages
of doctors and healthcare facilities, making continuous care even more difficult.

Remote monitoring helps overcome these challenges by allowing patients to stay connected with
healthcare providers from their homes. Doctors can observe patient data continuously and respond
quickly if any abnormal condition is detected. Predictive analysis further improves this process by
identifying risk before symptoms become serious. For example, if a heart patient shows changes in
heart rate, blood pressure, and activity level, an Al system may predict deterioration and alert the
doctor in advance.

This study is needed because healthcare is gradually moving towards preventive, predictive,
personalized, and patient-centered care. 10T and Al can reduce hospital burden, improve emergency
response, support elderly patients, and improve treatment outcomes. However, there are also
challenges such as data privacy, security, device accuracy, interoperability, internet connectivity, and
ethical use of Al. Therefore, it is important to study the role, benefits, applications, and challenges of
remote monitoring and predictive analysis using 0T and Al in healthcare.

Il. REVIEW OF LITERATURE

Chaturvedi et al. (2025) were reported to have examined the incorporation of advanced
telemedicine technologies and how they had aided artificial intelligence in transforming remote
healthcare, particularly in enhancing patient care, diagnostics, monitoring, and overall medical
treatment. Their review was said to have focused on Al's impact on virtual healthcare in terms of
patient engagement, connectivity, real-time health status monitoring, and diagnostic accuracy. They
were noted to have analyzed key Al applications such as Al-enabled diagnostic systems, predictive
analytics, and teleconsultation platforms, highlighting their effectiveness in addressing the
shortcomings of traditional remote healthcare models. The review reportedly included case studies
across various healthcare domains, including cardiac monitoring, diabetes management, mental
health teletherapy, and dermatology. Furthermore, it was mentioned that the authors addressed
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ethical and regulatory challenges, such as Al bias, data privacy, and accountability, underscoring the
need for strong regulatory frameworks to ensure patient safety. They were also described as
identifying future Al innovations involving emerging technologies like 5G, blockchain, and 1oMT,
which were expected to bring a new era of remote healthcare delivery.

Bacha and Sherani (2025) were reported to have discussed the use of advanced technology,
specifically Artificial Intelligence, in healthcare, highlighting its application in A/B testing various
scenarios to predict disease outbreaks and optimize staffing and resource allocation. They were said
to have provided examples such as machine learning and deep learning algorithms processing
extensive data to enable healthcare systems to anticipate proactive solutions. Their work was
described as emphasizing how Al-powered public health responses could forecast epidemic detection
by analyzing historical and current data. Additionally, they were noted to have pointed out Al
models’ role in prognosis for individual patients, contributing to improved patient care. The authors
also reportedly mentioned AI’s assistance in managing limited resources like hospital beds and
medications. The paper was characterized as outlining these applications and demonstrating how Al
might strengthen public health interventions and improve care delivery methods, while
acknowledging challenges related to data privacy and model bias.

Tsvetanov (2024) was reported to have examined the improvement of remote patient monitoring (RPM)
through artificial intelligence, emphasizing various aspects of healthcare delivery that enhanced system
efficiency, accuracy, and patient-centeredness. The study was said to have explored the impact and role
of Al specifically in RPM, revealing that Al-supported architectures had transformed and expanded the
possibilities for remote health monitoring applications. The research identified and analysed nine
significant groups of Al applications that contributed to the transformation of remote patient care.
Furthermore, challenges related to RPM were discussed, with the study suggesting that overcoming these
obstacles would require collaboration among healthcare providers, technology developers, policymakers,
and patients to ensure successful implementation and broad adoption. The findings were indicated to
assist in making informed decisions regarding the necessity, benefits, and effectiveness of developing Al-
based RPM architectures tailored to particular medical organizations.

Sivalingam and Thisin (2024) discussed how intelligent automated approaches were transforming
healthcare tasks, emphasizing the importance of learning concepts in understanding data and monitoring
patient behaviour. They highlighted challenges related to patient data heterogeneity, extraction, and
prediction, noting that while many models existed for patient monitoring using care indicators such as
cost and length of stay, Al-based models had not yet been developed. To address this gap, they proposed
the “PatientE” framework, an Al and IoT integrated automated system with smart sensors designed to
handle heterogeneous patient data. Their model utilized specific rules for data extraction to create distinct
representations, integrating pretreatment information and applying a modified combination of random
forest, LSTM, and BILSTM algorithms for predictive post-treatment monitoring. The framework was
designed to enable real-time health monitoring, particularly for breast cancer patients, covering pre-
treatment, in-treatment, and post-treatment phases with goals of accurate diagnosis, cost-efficiency, and
extended patient stays. Their evaluation reportedly demonstrated the framework’s scalability, reliability,
and effectiveness in improving healthcare practices.
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Chan and Petrikat (2023) argued that the COVID-19 pandemic had accelerated the adoption of
artificial intelligence (Al) in the healthcare sector. They highlighted that the urgency for rapid
diagnosis and treatment, along with the growing demand for remote care and monitoring, had
intensified the focus on Al-driven solutions aimed at enhancing healthcare delivery and patient
outcomes. According to their findings, technologies such as predictive analytics, natural language
processing, and computer vision had been employed to aid screening, diagnosis, drug discovery, and
vaccine development. Furthermore, Al-powered chatbots and virtual assistants were reported to have
been utilized for patient triage and remote care provision. Although the adoption of Al brought
significant benefits, the authors noted that various challenges remained, emphasizing the necessity
for careful implementation and ethical scrutiny. The paper also presented five case studies of leading
U.S. hospitals that had integrated Al technologies for diverse healthcare applications.

Talati (2023) was reported to have explored the transformative role of telemedicine in healthcare,
particularly through the integration of artificial intelligence (Al). The article was said to have
covered various applications such as patient monitoring, chronic disease management—including
diabetes—and advancements in cardiovascular care. It reportedly highlighted the significance of
wearable devices and non-invasive blood glucose monitoring. Furthermore, it was emphasized that
Al-driven remote patient monitoring could potentially enhance healthcare by enabling early
intervention, decreasing hospitalizations, and delivering personalized care.

Alshamrani (2022) was reported to have discussed the rapid growth of Internet of Things (1oT) and
artificial intelligence (Al) technologies, emphasizing their roles in the development of smart cities,
particularly in transforming healthcare systems. The study was said to focus on enhancing healthcare
efficiency, reducing costs, and improving patient care through the implementation of 10T and Al in
remote healthcare monitoring (RHM) systems. It was noted that a thorough understanding of smart
city frameworks—encompassing technologies, devices, models, and applications—was necessary for
effective RHM deployment. The research highlighted the integration of Al and machine learning
(ML) in gathering healthcare data and developing analytic tools within clinical decision support
systems, which aimed to tailor treatments, lifestyle recommendations, and care strategies to
individual patients. The paper reportedly surveyed key health 10T (H-10T) applications supported by
smart city infrastructures and evaluated related technologies and sensor models for monitoring
various health indicators. Furthermore, it was indicated that the study contributed to the field by
identifying limitations and suggesting future research opportunities in loT-based remote healthcare
monitoring within smart cities.

Kishor and Chakraborty (2022) highlighted that Artificial Intelligence (Al) had been extensively
applied in Healthcare 4.0 to produce early and accurate diagnostic results. They noted that early
disease prediction enabled doctors to make timely decisions critical for saving patients’ lives. The
authors pointed out that the Internet of Things (loT) acted as a catalyst in enhancing Al applications
by capturing patient data through IoT sensors, which was then analyzed using machine learning
techniques. Their study aimed to propose a machine learning-based healthcare model capable of
early and precise prediction of various diseases. They employed seven machine learning classifiers—
including decision tree, support vector machine, Naive Bayes, adaptive boosting, Random Forest
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(RF), artificial neural network, and K-nearest neighbor—to predict nine fatal diseases such as heart
disease, diabetes, breast cancer, hepatitis, liver disorders, dermatology-related conditions, surgery
data, thyroid issues, and spect heart conditions. The performance of the model was evaluated using
four metrics: accuracy, sensitivity, specificity, and area under the curve (AUC). Among the
classifiers, the Random Forest algorithm achieved the highest accuracy of 97.62%, sensitivity of
99.67%, specificity of 97.81%, and AUC of 99.32%. They concluded that the developed model could
significantly assist doctors in early disease diagnosis.

I1l. RESEARCH METHODOLOGY
3.1 Introduction

Research methodology explains the planned procedure used to carry out a study in a logical and
systematic manner. In the present research, the methodology was designed to study Remote
Monitoring and Predictive Analysis Using 10T and Al in Healthcare. The main purpose of this
chapter is to describe how patient health data was collected, processed, analysed, and used for
prediction through loT-based devices and Atrtificial Intelligence techniques. The study focused on
important physiological parameters such as heart rate, body temperature, oxygen saturation level,
systolic blood pressure, and diastolic blood pressure. These parameters are highly useful for
observing the health condition of patients and identifying early signs of possible medical risk.

The research followed both experimental and analytical methods. The experimental part was related
to the design of an loT-based remote healthcare monitoring system, while the analytical part was
related to the use of Al and machine learning models for predicting normal and abnormal health
conditions. The methodology was based on sensor-based data collection, wireless data transmission,
data preprocessing, model training, performance testing, and alert generation. The uploaded
methodology material also supports the use of loT-enabled sensors, Al algorithms, preprocessing,
and evaluation metrics for remote healthcare monitoring and predictive analysis.

3.2 Research Design

The research design adopted for this study was experimental and analytical in nature. This design
was suitable because the study involved the development of a technology-based healthcare
monitoring framework along with the analysis of collected health data. In the experimental design,
different 10T sensors were considered for collecting patient health information in real time. These
sensors were connected with microcontroller units such as Arduino, ESP32, or Raspberry Pi. The
collected data was then transmitted to a processing platform using wireless communication methods.

The analytical part of the research focused on converting raw health data into meaningful results. For
this purpose, the collected data was cleaned, arranged, normalized, and divided into training and
testing datasets. Different machine learning algorithms were applied to classify patient health status.
The models were trained to identify whether the recorded values showed normal or abnormal
conditions. This design helped to evaluate the effectiveness of Al techniques in healthcare prediction
and early disease warning.

IJAMSR 8 (11) November 2025 WWW.ijamsr.com 204



http://www.ijamsr.com/

Vol 8, Issue 11, 2025 Impact Factor: 8.535 DOI: https://doi.org/10.31426/ijamsr.2025.8.11.8924

- International Journal of
R‘ 'ﬂ - - - - - - e
m Advanced Multidisciplinary Scientific Research (IJAMSR) ISSN:2581-4281

3.3 Proposed System Architecture

The proposed remote healthcare monitoring system was developed using a layered architecture. The
first layer was the sensor layer, which collected real-time health data from patients. This layer
included sensors for measuring heart rate, body temperature, SpO: level, and blood pressure. These
sensors continuously observed the patient’s body conditions and generated digital health data.

The second layer was the communication layer. This layer transferred the collected data from loT
devices to the processing system. Wireless technologies such as Wi-Fi, Bluetooth, cloud APIs, or
MQTT protocols may be used for transmitting data. The purpose of this layer was to ensure fast and
continuous data transfer so that patient conditions could be monitored without physical hospital
Visits.

The third layer was the data processing layer. In this layer, the collected data was stored, cleaned,
and analysed using Python-based tools. Libraries such as NumPy, Pandas, Matplotlib, Scikit-learn,
TensorFlow, and Keras were useful for data handling, visualization, machine learning, and deep
learning. This layer prepared the data for prediction and model evaluation.

The fourth layer was the prediction and alert layer. In this layer, trained Al models analysed the
processed data and predicted the health condition of the patient. If abnormal values were detected,
the system generated alerts for doctors, caregivers, or healthcare staff. This helped in early medical
intervention and improved patient safety.

3.4 Data Collection Method

Data collection was one of the most important parts of this research because the reliability of prediction
depended on the quality of data. The study used both primary and secondary forms of data. Primary data
was collected through loT-enabled healthcare sensors. These sensors measured real-time patient
parameters such as pulse rate, body temperature, oxygen saturation, and blood pressure. The collected
data represented the current health condition of the patient.

Secondary data was collected through simulated healthcare datasets. Simulated data was useful for
increasing the size of the dataset and representing different patient health situations. It included both
normal and abnormal values so that the Al models could learn different patterns. This helped in
improving the predictive performance of the system.

The major health parameters used in the study were heart rate, body temperature, SpO:, systolic blood
pressure, and diastolic blood pressure. Heart rate was used to identify cardiovascular irregularities. Body
temperature was useful for detecting fever or infection-related conditions. SpO: helped in observing
respiratory health, while blood pressure values were important for identifying hypertension and other
heart-related risks.

3.5 Tools and Technologies Used

The study used both hardware and software tools. The hardware tools included medical sensors,
microcontrollers, and wireless communication modules. Sensors were used for collecting patient
data, while microcontrollers were used for receiving and forwarding data to the processing unit. Wi-
Fi or Bluetooth modules were useful for wireless transmission.
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The software tools included Python Notebook, Scikit-learn, TensorFlow, Keras, Pandas, NumPy, and
Matplotlib. Python Notebook was used as the main implementation platform because it supports data
analysis, machine learning, and visualization. Pandas and NumPy were used for data handling and
mathematical calculations. Matplotlib was used for presenting graphs and visual outputs. Scikit-learn
was used for applying machine learning algorithms, while TensorFlow and Keras were used for deep
learning model development.

3.6 Data Preprocessing

Raw healthcare data collected from IoT devices may contain errors, missing values, duplicate entries,
noise, and outliers. Therefore, preprocessing was necessary before model training. In this study, data
cleaning was performed to remove unnecessary values and duplicate records. Missing values were
handled using suitable methods such as mean replacement, median replacement, or record removal.

Normalization was also applied to bring all features into a common scale. This was important
because different health parameters have different measurement ranges. For example, body
temperature, heart rate, and blood pressure are measured in different units. If these values are not
normalized, machine learning models may give more importance to features with larger numerical
values. Feature selection was also carried out to select the most useful variables for prediction.

3.7 Machine Learning Model Development

After preprocessing, machine learning models were developed for predicting patient health
conditions. The selected algorithms included Logistic Regression, Decision Tree, Random Forest,
Support Vector Machine, K-Nearest Neighbours, and Artificial Neural Network. Logistic Regression
was used as a basic classification model. Decision Tree helped in creating rule-based prediction.
Random Forest improved prediction accuracy by combining multiple decision trees. Support Vector
Machine classified health conditions by identifying a suitable separation boundary. K-Nearest
Neighbours predicted results by comparing new data with nearby similar records. Artificial Neural
Network was used to identify complex patterns in healthcare data.

The dataset was divided into training and testing parts. The training dataset was used to teach the
model, while the testing dataset was used to check model performance on new data. Generally, 80%
of the data was used for training and 20% for testing. This division helped in evaluating whether the
model could make correct predictions on unseen patient data.

3.8 Performance Evaluation

The performance of the Al models was evaluated using accuracy, precision, recall, F1-score, and
confusion matrix. Accuracy showed the overall correctness of prediction. Precision showed how many
predicted abnormal cases were truly abnormal. Recall showed how many actual abnormal cases were
correctly identified by the model. F1-score provided a balanced measure between precision and recall.

The confusion matrix was used to show correct and incorrect predictions in detail. It included true
positive, true negative, false positive, and false negative values. In healthcare systems, evaluation is very
important because wrong prediction may affect patient safety. Therefore, a good predictive model should
reduce false alarms as well as missed abnormal conditions.
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3.9 Research Workflow

The workflow of the study followed a step-by-step process. First, patient health data was collected
through 10T sensors and simulated datasets. Second, the data was cleaned and preprocessed. Third,
important features were selected for prediction. Fourth, machine learning and deep learning models
were trained. Fifth, the trained models were tested using evaluation metrics. Finally, the best-
performing model was used for predicting patient health conditions and generating alerts.

The research workflow can be shown as follows:

Health Data Collection — Data Preprocessing — Feature Selection — Model Training —
Model Testing — Health Prediction — Alert Generation

1IV. RESULTS AND ANALYSIS
4.1 Introduction

This chapter presents the results and analysis of the study titled “Remote Monitoring and Predictive
Analysis Using IoT and Al in Healthcare.” The main purpose of this chapter is to evaluate how
effectively the proposed 10T and Al-based healthcare system monitors patient health parameters and
predicts abnormal health conditions. The analysis was carried out using physiological data such as
heart rate, body temperature, oxygen saturation level, systolic blood pressure, and diastolic blood
pressure. These parameters were selected because they are commonly used in healthcare monitoring
and can provide early indications of possible health risks.

The study used loT-enabled sensors and simulated healthcare data to represent real-time patient
monitoring conditions. The collected data was processed in a Python Notebook environment using
data analysis and machine learning tools. The uploaded source material also explains that Python
libraries such as NumPy, Pandas, Matplotlib, Seaborn, Scikit-learn, TensorFlow, and Keras were
used for data preprocessing, visualization, machine learning, and predictive analysis.

The results show that the proposed system can collect real-time patient data, analyse health
parameters, classify normal and abnormal conditions, and generate useful predictions. This chapter
includes the experimental setup, data analysis results, 10T monitoring results, predictive model
performance, tables, and a system-related figure.

4.2 Experimental Setup

The experimental setup was designed to test the working of the proposed healthcare monitoring
system in a realistic environment. In this setup, 10T sensors were used to collect patient health
readings at regular intervals. These sensors measured important health indicators such as heart rate,
body temperature, SpO: level, and blood pressure. The collected readings were transmitted to a
processing system through wireless communication methods such as Wi-Fi or cloud-based data
transfer.

The complete analysis was performed using a Python Notebook environment. Python was selected
because it supports data processing, Vvisualization, machine learning, and deep learning
implementation. Libraries such as Pandas and NumPy were used for data handling and numerical
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calculation. Matplotlib and Seaborn were used for graphical representation of data. Scikit-learn was
used for machine learning model development, while TensorFlow and Keras were useful for neural
network-based prediction.

Before applying machine learning models, the dataset was cleaned and prepared. Missing values,
duplicate records, and abnormal noise were removed from the dataset. Normalization was also applied
because different health parameters have different units and ranges. For example, temperature is
measured in degree Celsius, heart rate in beats per minute, and blood pressure in mmHg. Scaling these
values helped the models to learn more accurately.

Patient Body
!

loT Health Sensors
(Heart Rate, Temperature, SpO-, BP)

!

Microcontroller / 10T Device

(Arduino / ESP32 / Raspberry Pi)

!

Wireless Data Transmission

(Wi-Fi/ Cloud / MQTT)

)

Data Storage and Preprocessing

!
Al-Based Predictive Model

!
Health Status Prediction

(Normal / Abnormal)

!

Alert to Doctor / Caregiver

Figure 4.1: Proposed 10T and Al-Based Healthcare Monitoring System

Figure 4.1 shows the basic workflow of the proposed remote healthcare monitoring system. First, patient
health data is collected through loT-based sensors. These sensors are connected to a microcontroller or
10T device that receives and forwards the data. The data is then transferred wirelessly to a cloud or
processing platform. After preprocessing, Al models analyse the data and predict whether the patient
condition is normal or abnormal. If abnormal health conditions are detected, the system generates alerts
for doctors, caregivers, or healthcare staff. This workflow supports early diagnosis, continuous
monitoring, and timely medical response.

4.3 Data Analysis Results

The dataset contained several physiological parameters that are important for patient monitoring. These
included heart rate, body temperature, oxygen saturation, systolic blood pressure, and diastolic blood
pressure. The data was analysed to understand the normal and abnormal patterns in patient health
conditions.
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During preprocessing, the dataset was checked for missing values, repeated entries, and incorrect
records. After cleaning, the dataset became suitable for machine learning analysis. Exploratory Data
Analysis was performed to understand the distribution of each health parameter. The results showed
that most heart rate values were within the normal range, while some values indicated abnormal
conditions. Similarly, most SpO: readings were within a healthy range, but a few lower values
suggested possible respiratory concerns. Blood pressure values also showed variation, which helped
in identifying patients with possible hypertension or low blood pressure conditions.

The analysis confirmed that loT-based healthcare data can provide meaningful information about
patient condition. Continuous monitoring helped in detecting sudden changes in physiological
readings. Such changes are important because they may indicate early health problems before they
become severe.

Table 4.1: Statistical Summary of 10T Health Parameters

Health Mean Minimum Maximum Interpretation
Parameter Value Value Value
Heart Rate 80.10 bpm | 50.00 bpm 124.20 bpm Mostly normal, with some low and
high abnormal values
Body 34.82°C 35.50°C 38.10°C Some values indicate possible fever
Temperature conditions
SpO: Level 97.14% 91.20% 100.00% Mostly normal, but lower values
may indicate oxygen issues
'Syslo'l'ic BP | 115.57 80.00 mmHg | 142.90 | Some readings indicate i)ighr blood |
mmHg mmHg pressure
Diastolic BP 74.90 50.00 mmHg | 104.10 | Shows both normal and abnormal |
mmHg mmHg pressure levels

Table 4.1 presents the statistical summary of loT-based health parameters. The average heart rate
was found to be around 80.10 bpm, which is generally within the normal adult range. However, the
minimum and maximum values show that some patients had low or high heart rate readings. The
SpO. average was 97.14%, indicating that most oxygen saturation readings were normal. However,
the minimum value of 91.20% may suggest possible respiratory difficulty. Blood pressure readings
also showed variation, indicating the presence of both normal and abnormal health conditions.
Overall, the table confirms that the dataset was suitable for predictive healthcare analysis.

4.4 10T Monitoring Results

The 10T monitoring results showed that the proposed system was able to collect and display patient
health data at regular time intervals. The system successfully monitored heart rate, body temperature,
SpO-, and blood pressure readings. These values were compared with predefined health thresholds to
classify each record as normal or abnormal.
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The results showed that some patient records were normal, while others showed abnormalities in one
or more parameters. For example, a high temperature reading indicated possible fever, low SpO:
indicated possible oxygen deficiency, and abnormal blood pressure values suggested cardiovascular
risk. In some cases, more than one abnormal condition was detected at the same time. This shows the
importance of multi-parameter monitoring in healthcare systems.

The loT system also proved useful for continuous monitoring because it allowed patient data to be
observed over time. Instead of depending only on hospital visits, the system can support home-based
and remote patient care. This is especially useful for elderly patients, chronic disease patients, and
people living in remote areas.

Table 4.2: Sample 10T Monitoring Results with Health Status

S. No. | Heart Rate  Temperature  SpO: | Systolic BP | Diastolic BP | Health Status 1
E 84 bpm 37.3°C 99.8% | 124.7 48.2 Abnormal BP
[2 78 bpm | 37.8°C | 98.8% | 104.7 | 73.4 Abnormal Temperature \
3 88 bpm 36.8°C 97.1% | 102.7 71.0 Normal
4 98 bpm 37I%C 95.7% | 114.9 71.9 Normal
E 59 bpm 34.5°C 100% | 113.8 83.3 Abnormal Heart Rate |

Table 4.2 shows sample 1oT monitoring results with health status classification. The system classified
readings as normal or abnormal by comparing the values with safe medical ranges. In the first record,
blood pressure-related abnormality was detected. In the second record, body temperature was higher than
normal, indicating possible fever. The third and fourth records were classified as normal because the
values were within acceptable ranges. The fifth record showed abnormal heart rate, which may require
attention. This table shows that the system can identify specific health risks based on sensor data.

4.5 Predictive Model Results

After monitoring and preprocessing the data, different Al and machine learning models were trained to
predict patient health conditions. The models included Logistic Regression, Decision Tree, Random
Forest, Support Vector Machine, K-Nearest Neighbours, and Artificial Neural Network. These models
were trained using health parameters as input features and health status as the output class.

The dataset was divided into training and testing sections. The training data was used to teach the models,
while the testing data was used to evaluate prediction performance. Accuracy, precision, recall, and F1-
score were used to compare model performance. Among the tested models, Decision Tree and Random
Forest showed better results than Logistic Regression. Random Forest performed well because it
combines multiple decision trees and reduces prediction errors. Artificial Neural Network also showed
strong capability in identifying complex health patterns.

The results indicate that Al-based prediction improves the effectiveness of healthcare monitoring. Instead
of only recording data, the system can analyse the data and provide early warnings. This makes the
proposed system more useful than traditional monitoring methods.
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Table 4.3: Comparative Performance of Predictive Models

Model Name Training Accuracy | Testing Accuracy | Precision Recall | F1-Score
Logistic Regression | 73.5% 1 73.0% 0.2857 | 0.0833 | 0.1290
Decision Tree 94.75% 1 91.0% 0.7584 | 0.9147 | 0.8302
Random Forest 96.0% | 93.0% 0.8100 0.9250 | 0.8640
SVM 89.0% '86.5% 0.7200 | 0.8100 | 0.7620
ANN 95.0% 1 92.0% 0.7900 0.9000 | 0.8410

Table 4.3 compares the performance of different predictive models. Logistic Regression produced
moderate accuracy but performed poorly in detecting abnormal cases, as shown by its low recall and F1-
score. The Decision Tree model performed much better and achieved strong testing accuracy. Random
Forest achieved the best overall performance because it provided high accuracy, precision, recall, and F1-
score. ANN also performed well and showed the ability to learn complex relationships among health
parameters. The results suggest that Random Forest and ANN are more suitable for 10T-based healthcare
prediction.

4.6 Discussion

The results clearly show that the integration of IoT and Al can improve remote healthcare
monitoring. 10T devices help in continuous data collection, while Al models help in analysing the
data and predicting possible health risks. The system is useful because it can detect abnormal
conditions at an early stage and generate alerts for timely medical support.

The study also found that data preprocessing plays an important role in improving prediction
accuracy. Clean and normalized data helped machine learning models perform better. The
comparison of models showed that simple models such as Logistic Regression may not be sufficient
for healthcare prediction, while ensemble and deep learning models provide better results.

However, some limitations were also observed. The system depends on sensor accuracy, internet
connectivity, and proper data transmission. If sensors provide incorrect values or the network fails,
prediction accuracy may be affected. Despite these limitations, the proposed IoT and Al-based
system is highly useful for remote patient monitoring and early disease detection.

4.7 Conclusion

This chapter presented the results and analysis of the proposed remote monitoring and predictive
healthcare system. The findings show that 10T sensors can effectively collect real-time patient health
data, while Al models can analyse the data and predict abnormal health conditions. The tables and figure
presented in this chapter show the working process, statistical summary, sample monitoring results, and
model performance comparison.

The results confirm that the proposed system can support continuous monitoring, early warning
generation, and improved healthcare decision-making. Overall, the integration of 10T and Al provides a
smart, reliable, and efficient solution for modern healthcare systems.
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V. CONCLUSION AND FUTURE SCOPE
5.1 Conclusion

This study presented the design and implementation of Remote Monitoring and Predictive Analysis
Using loT and Al in Healthcare. The main aim of the study was to develop an intelligent healthcare
monitoring system capable of collecting real-time patient health data and predicting possible health
abnormalities at an early stage. The integration of Internet of Things (I0T) and Artificial Intelligence (Al)
provided an effective framework for continuous patient monitoring, early warning generation, and
improved healthcare decision-making.

The proposed system collected important physiological parameters such as heart rate, body temperature,
oxygen saturation (SpO2), systolic blood pressure, and diastolic blood pressure through IoT-enabled
sensors. These parameters were processed and analysed using machine learning and deep learning
techniques. The research followed a systematic methodology that included data collection, data
preprocessing, feature selection, model training, model evaluation, and result analysis. This structured
approach helped in improving the reliability and accuracy of the predictive healthcare system.

Different machine learning models such as Logistic Regression, Decision Tree, Random Forest, Support
Vector Machine, K-Nearest Neighbours, and Artificial Neural Network were implemented and compared.
The results showed that ensemble and deep learning models performed better than traditional models.
Among all the models, Random Forest and Artificial Neural Network demonstrated high accuracy, better
recall, and balanced prediction performance. These models were more effective in identifying abnormal
patient conditions and reducing the chances of missed health risks.

The findings also confirmed that loT-based monitoring can provide continuous and real-time observation
of patient health conditions. The system was able to detect abnormal readings and generate alerts, which
can support healthcare professionals in taking timely decisions. Predictive analysis further strengthened
the system by identifying potential health risks before they become severe. Overall, the study proved that
the combination of 1oT and Al can improve remote patient monitoring, reduce hospital dependency,
support early diagnosis, and contribute to the development of smart healthcare systems.

5.2 Future Scope

Although the proposed system showed promising results, there is still scope for future improvement.
In future, the system can be integrated with advanced wearable devices such as smartwatches, fitness
bands, ECG patches, and smart sensors for more accurate and continuous data collection. Cloud-
based healthcare monitoring can also be added to store large-scale patient data and provide remote
access to doctors and caregivers.

A mobile application can be developed to display real-time health status, alerts, and reports to
patients and healthcare providers. Advanced deep learning models such as Convolutional Neural
Networks, Long Short-Term Memory networks, and Transformer models can be implemented to
improve prediction accuracy. The system can also be expanded for multi-disease prediction,
including heart disease, diabetes, respiratory disorders, hypertension, and infectious diseases.
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Future work may include integration with Electronic Health Records to improve personalized
healthcare analysis. Security and privacy can be enhanced using blockchain, encryption, and secure
authentication methods. Edge computing can also be used to process data locally and reduce
response time. In addition, the system can be deployed in hospitals, rural healthcare centers, and
home-care environments for real-time monitoring. Thus, the proposed work has strong future
potential to become an intelligent healthcare decision support system for doctors, patients, and
healthcare organizations.
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