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Abstract 
Smart health refers to the integration of cutting-edge technologies into 
healthcare systems to improve patient care and apply intelligent clinical de-
cision-making. The study investigates how artificial intelligence (AI) can be 
integrated with decision support systems (DSS) in healthcare using wearable 
technologies and mobile health (m-Health) platforms. This research focuses 
on applying artificial intelligence to clinical decision support systems to im-
prove healthcare delivery in real-time. A proposed model aims to implement 
machine learning algorithms to analyze continuous health data retrieved 
from wearables and mobile health applications. The research will evaluate 
the proposed model using two datasets m-Health [1] and Indicators of Heart 
Disease [2], available online in Kaggle repository. Random Forest, Gradient 
Boosting Machines, and XGBoost are used to assess the predictive perfor-
mance within structured sensor data. Only statistically significant variables 
are retained for feature selection based on their correlation coefficients. Ran-
dom Forest reports 94.23% accuracy on the m-Health dataset, which affirms 
the effectiveness in sensor-driven activity performance evaluation. Gradient 
Boosting achieves 91.26% accuracy on the structured medical dataset, reaf-
firming its credibility in health risk assessment. It is noted that embedding 
AI models into decision support systems will act as a framework for respon-
sive, data-driven decisions in medicine. The capability to recognize anoma-
lies and forecast possible health threats facilitates proactive and continual 
care for patients, thus supporting real-time monitoring. Uniformed data 
preprocessing on other dataset enhances the experimental validity and reli-
ability. The study demonstrates that AI-empowered CDSS have great capa-
bilities in closing the gaps of delays in diagnosis and the need for timely, 
tailored interventions. Future research will focus in incorporating real-time 
wearable data with adaptive AI decision support systems to improve clinical 
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applicability and scalability. 
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1. Introduction 

Digital health technology adoption has taken the delivery and management of 
healthcare services to another dimension [3]. DSS can be used to assist clinicians 
in making various decisions, and the use of AI has broadened this task. The expe-
rience of AI in the field of health data interpretation and acquisition gives way to 
more effective and rapid decision alternatives [4]. Wearable devices such as mo-
bile health, fitness bands or smart wristwatches track patient vitals, including the 
heart rate, physical activity, and sleep hours among others [5]. Such data has the 
potential to be examined almost instantly and can potentially provide a holistic 
picture of an individual’s health status. These new advances have enhanced the 
early detection of disease, the tracking of even chronic diseases, and the engage-
ment of effective personalized health programs. While AI-enhanced decision sup-
port systems in mobile health have shown usefulness [6]. Earlier, researchers fo-
cused more on data analytics and early detection attempts. However, many of 
them are narrowed down to certain diseases rather than having a broader patient-
oriented model. The study seeks to fill that gap by examining AI Model for DSS 
to be predictive and adaptive in communicating with cardiovascular patients. By 
facilitating data-driven events and actions, the aim is to increase the chances of 
patients coming to hospitals for preventive care, manage the number of patients 
who go to the hospital, and reduce the pressure on healthcare systems. 

1.1. Research Hypothesis/Null Hypothesis 

The key hypothesis of the research states that the integration of AI models in De-
cision Support Systems (DSS), utilizing real-time physiological data collected via 
wearable technology, will significantly improve early detection of health risks. It 
supposes that machine learning algorithms will be able to predict and diagnose 
health conditions by analyzing behavioral and physiological data, resulting in high 
accuracy. AI models are expected to determine abnormal trends in heart rate and 
activity, which are comorbid factors associated with cardiovascular disease. Fur-
thermore, the research hypothesizes that the feature selection techniques can also 
detect the other critical determinants of health that impact the predictive model-
ing accuracy. The outcomes are expected to align with medical understanding, as 
the health determinants predicted by such models are known as risk factors. 
Whereas the null hypothesis of the research states that AI (ML) models, when 
applied to wearable data, do not significantly improve predictive accuracy or 
healthcare decision-making. 
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2. Literature Review 

In this section, the important features of AI Integrated Mobile Health applications 
will be presented, along with an evaluation on the integration of AI into the deci-
sion-making processes of organizational structures. The fundamental attributes 
of AI based Decision Support Systems will be outlined with regards to the litera-
ture examined. Research literature on the topics of AI Integrated Decision Sup-
port Systems for mobile health and wearable healthcare devices will be discussed. 

2.1. Background about the AI-Powered DSS 

Within the healthcare sector, decision support systems (DSS) are commonly im-
plemented with the aim of refining professional judgment and patient care out-
comes [7]. As indicated in Figure 1, the implementation of machine learning 
(ML) algorithms has enabled the DSSs to improve clinical outcomes. These sys-
tems aid in performing risk analysis, therapy determination, and even diagnosis 
through massive dataset computations using rule-based systems, algorithms, and 
predictive analytics [8]. This research discusses the application of AI algorithms 
in DSSs within the healthcare industry. AI integration in DSS refines suggestions 
accuracy by learning from historical and contemporaneous patient data. Auto-
mated analytical processes reduce healthcare professionals’ cognitive workload 
while enhancing the accuracy of diagnoses. The continual evolution of AI-driven 
DSS enhances their predictive capabilities and strengthens medicine’s evidence-
based foundation. 

 

 
Figure 1. Sample of AI-Powered DSS applications. 

 
The use of AI in healthcare has drastically changed patient monitoring, treat-

ment planning, and illness diagnosis [9]. By detecting complicated patterns in 
medical data, machine learning algorithms improve diagnosis prediction and 
early illness identification. As AI technology develops, its use in healthcare is 
growing, motivating innovation in operational and clinical contexts.  

Personalized healthcare and remote patient monitoring have been transformed 
by the emergence of wearable technology and m-Health. Continuous physiologi-
cal data collection is made possible by mobile applications and sensor-equipped 
devices, which enable early intervention and real-time health tracking [10]. AI-
powered analytics improve preventative care and chronic illness management by 
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gaining valuable insights from wearable data. Proactive health monitoring is made 
possible by the growing use of wearable technology, which reduces the need for 
in-person healthcare appointments [11]. It is anticipated that as m-Health and AI 
integration continue to progress, healthcare accessibility and efficiency will be im-
proved globally. 

2.2. Characteristics of the AI-Powered DSS 

AI-powered decision support systems (DSS) utilize extensive datasets alongside 
predictive analytics to optimize decision-making in medicine. These systems in-
tegrate machine learning algorithms to enhance therapy suggestions and increase 
the precision of diagnostics [12]. Automated reasoning capabilities provide far 
greater clinical evaluation accuracy by mitigating human error, which in turn en-
ables the delivery of real-time insights. Context-aware computing incorporates 
ambient cues, vital signs, and patient history to better personalize medical recom-
mendations. DSS keeps developing along with AI, providing medical personnel 
with ever-more-advanced tools for making accurate decisions. 

m-Health applications serve as a bridge between patients and healthcare pro-
viders by enabling remote health monitoring and real-time data transmission, as 
presented in Table 1. These applications utilize AI algorithms to detect anomalies, 
track chronic conditions, and provide personalized health recommendations. 
Adaptive learning mechanisms refine user interactions, ensuring that health in-
terventions are tailored to individual needs. Secure cloud-based infrastructures 
store and analyze patient data while maintaining privacy and compliance with 
regulatory frameworks. With ongoing technological advancements, m-Health ap-
plications are continuously improving patient engagement and accessibility to 
healthcare services [13].  

 
Table 1. Capabilities of current AI models in m-Health and wearable devices applications. 

Field AI Integration Real-Time 
User 

Personalization 
Data 

Secured 

Remote Monitoring ✓ ✓ ✓ ✓ 

AI-Based Diagnostics ✓ ✓ ✓ ✓ 

Personalized Health Tracking ✓ ✓ ✓ ✓ 

Chronic Disease Management ✓ ✓ ✓ ✓ 

Anomaly Detection ✓ ✓ ✗ ✓ 

Real-Time Alerts ✓ ✓ ✗ ✓ 

User Engagement ✓ ✓ ✓ ✗ 

Cloud-Based Storage ✓ ✓ ✗ ✓ 

Cardiovascular Detection ✓ ✓ ✓ ✓ 

Early Diagnosis & Prediction ✓ ✓ ✓ ✓ 

 
Continuous physiological signal collection, analysis, and interpretation from 
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sensor-equipped devices is known as wearable data processing. Early health risk 
identification is made possible by AI-driven algorithms that derive valuable in-
sights from real-time physiological data. Through noise reduction, signal pro-
cessing techniques improve data accuracy. By processing data locally on wearable 
devices, edge computing solutions reduce latency and reduce reliance on cloud-
based computations. Wearable technology is predicted to further transform pre-
ventive medicine and personalized healthcare as it develops and integrates with AI. 

2.3. Related Studies on AI-Integrated DSS, m-Health, and Wearable  
Healthcare Technologies 

Several strategies were previously explored to manage and monitor different health 
disorders using multiple AI models, including machine learning. Wearable de-
vices are widely used to gather physiological and behavioral data. Deep learning 
models are frequently applied to improve diagnostic accuracy. Figure 2 demon-
strates the classification framework as a tree map to categorize the related studies 
about AI-Integrated DSS, m-Health, and Wearable Healthcare Technologies. This 
tree map classifies the recent studies reviewed in the literature according to their 
focus (m-Health, Wearable Technologies, AI-DSS) and the machine/deep learn-
ing models they used.  

 

 
Figure 2. Tree map of recent studies on AI-Integrated DSS, m-Health, and wearable 
healthcare technologies. 

 
Resistance monitoring of lower limb movements in real time is essential for 

several clinical and athletic applications, including athletic training and rehabili-
tation. The study by Burenbatu et al. introduced a unique Mobile Multi-Task 
Learning Network (MMTL-Net) architecture that combines MobileNetV3 for fast 
feature extraction and leverages multi-task learning to concurrently forecast re-
sistance levels and detect activities. Experimental results reveal that MMTL-Net 
greatly outperforms current models using the UCI Human Activity Recognition 
and Wireless Sensor Data Mining Activity Prediction datasets, attaining a higher 
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Resistance Prediction Accuracy (RPA) of 91.2% [14].  
The authors Abdulhussein & Bilgin conducted a comparative analysis of ma-

chine learning algorithms for predicting heart disease. They assessed the efficacy 
of various ML algorithms on 319,796 patient records utilizing the KNIME plat-
form. Logistic regression attained the greatest level of accuracy (91.43%) among 
the models evaluated, highlighting the potential of machine learning in precise 
heart disease prediction to support clinical decision-making [15]. 

The study by Pal et al. proposed a comparison analysis of different machine 
learning classifiers such as Random Forest, Logistic Regression, Support Vector, 
Naïve Bayes, Decision Tree, and K-Nearest Neighbors. Experiments employed 
four datasets, all sourced from Kaggle. In the heart disease dataset, the best accu-
racy achieved was 82.35%. While the heart disease dataset 2020, the highest accu-
racy was 74.59% [16]. 

Health services customization and early risk prediction constitute the key re-
search issues in m-health systems, which could be solved using the application of 
AI algorithms and tools applied to physiological and behavioral data acquired by 
wearables and IoT devices in real-world situations. The researchers Delmastro et 
al. suggested a summary of the findings from research activities that focused spe-
cifically on AI-powered m-health systems as support for individualized rehabili-
tation services and risk assessment for malnutrition, mobile sensing data analysis 
for disease detection, and the finding of novel behavioral and health markers that 
can facilitate clinical practice and remote patient monitoring. They achieved an 
accuracy with 94% and recall value with 92% results [17]. 

The integrated AI systems have enhanced health practitioner decision-making 
capabilities. AI-CDSS promotes in-CVD and healthcare sectors, with personalized 
therapy while integrating predictive analytics through deep learning models of 
CNNs and RNNs. The study by K & Abirami, has proposed an innovative AI-
CDSS that offers advanced analytics and real-time monitoring functions, includ-
ing diagnosing and treating cancer, managing chronic diseases, optimizing med-
ication, supporting surgical decision making, managing infectious disease out-
breaks, analyzing radiology and medical imaging, providing mental health sup-
port, as well as conducting clinical trials and research. Moreover, the study de-
scribes the methods that are currently applied, for instance, the use of deep learn-
ing frameworks like convolutional neural networks (CNNs) and recurrent neural 
networks (RNNs) for predicting the risk of cardiovascular disease. Nevertheless, 
it underscores the importance of reevaluation, thorough validation, and incorpo-
ration of ethical as well as regulatory aspects concerning the application of AI 
models in clinical practice [18].  

Cardiovascular disease (CVD) is a chronic and deadly condition that causes the 
greatest number of deaths worldwide; it is the medical community’s top concern. 
Wearable sensor devices have grown popular in the contemporary healthcare con-
text. They have allowed real-time monitoring of health data, therefore assisting in 
the early detection of the risk of heart disease. The correct diagnosis and prognosis 
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of cardiovascular illness are crucial in giving proper therapy to patients by cardi-
ologists. The researchers Gola & Arya, proposed a model that may properly fore-
cast cardiovascular disorders and therefore lower the mortality rates connected 
with them. The Satin Bowerbird optimization technique picks the most relevant 
feature, and an upgraded deep-learning model is applied for classification. Here 
the performance of the suggested work is compared with different algorithms such 
as SVM, Decision Tree, Logistic Regression, Random Forest, and their Evolution-
ary Deep Learning model. Metrics used are accuracy, recall, precision, and Fl-
score were calculated to determine effectiveness. The proposed model attained an 
accuracy of 90% as best performance [19]. 

The review conducted by Bani Hani & Ahmad, focuses on examining and sum-
marizing the most accurate machine learning classifier applied for forecasting is-
chemic heart disease (IHD). Utilizing numerous databases, an exhaustive investi-
gation was implemented. Thirteen articles that were published between 2017 and 
2021 were reviewed. The clinical outcomes to enhance the quality of care, the ac-
curacy of algorithms to predict ischemic heart disease, and the commonly used 
algorithm to predict ischemic heart disease were the three themes obtained. The 
study finding shows that cardiovascular health disorders can be accurately pre-
dicted using machine learning algorithms such as DT, XGBoost, SVM, and LR [20].  

The Authors S. Sharma & Singhal, developed a recommendation model based 
on manifestation that produced an impressive accuracy in predicting heart disease 
by using the Boosting ensemble approach. The dataset that is being used comes 
from a survey that was conducted in a group of 400,000 individuals. The purpose 
of the study was to collect basic information about health. The Personal Key Indi-
cators of Heart Disease dataset has an uneven distribution of positive and negative 
classifications, which might hinder its effectiveness. Instances of the minority class 
were created by using oversampling pre-processing methods. The findings 
showed that Borderline 2 SMOTE-based XgBoost (Extreme Gradient Boosting) 
had the highest accuracy rate [21].  

Machine learning has the potential to significantly contribute to the identifica-
tion and prediction of potential risk factors for heart disease based on clinical and 
patient data, which is both dependable and cost-effective. Using survey data from 
400,000 US residents, the researcher R. C. Das et al. developed and assessed six 
machine learning models for the prediction of heart disease. The six machine 
learning models that were evaluated and compared included Xgboost, Bagging, 
Random Forest, Decision Tree, K-Nearest Neighbor, and Naïve Bayes. The find-
ings showed that Xgboost model were optimized, with an accuracy of 91.30% [22].  

The human heart pumps oxygen-rich blood throughout the body with the as-
sistance of coronary arteries. However, the probability of developing cardiac dis-
ease can be reduced through a proper diagnosis and early forecast. The study by 
Gangadhar et al. investigates the potential of predicting cardiac illness at an early 
stage using deep learning models. They explored early-stage prediction of coro-
nary heart disease using ANN and other ML models like SVM, Random Forest, 
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Decision Tree, and KNN. The findings showed that the ANN model demonstrated 
superior predictive accuracy of 88.44% [23]. 

Studies often focused on mood disorders and schizophrenia due to their over-
lapping complicated symptoms. The data collected from wearable devices were 
commonly employed in detection models which is producing promising results. 
The study by Nguyen et al. investigates the use of wearable device data used by 
multiple deep learning models to differentiate mental health disorders. The au-
thors employ various deep learning algorithms, including CNN-based models and 
RNN-based models to analyze motion signal data from the Psykose (schizophre-
nia) and Depresjon (mood disorders) datasets. The performance evaluation show 
that the best-performing model was the XceptionNet model, achieving an accu-
racy of 86%. While for the task of differentiating between mood disorders and 
schizophrenia, the top-performing models were Resnet50v2 and LSTM, both 
achieving an accuracy of 88%. The study makes major contributions by demon-
strating how using deep learning models with wearable technology can improve 
objectivity and accuracy in mental health diagnosis. The findings highlighted the 
possibility of such methods in clinical decision support [24]. 

Wearable devices have made it easier to gather data without having to enter it 
manually. The researchers Miah et al. conducted study that included making judg-
ments for small or large sports teams on whether a given athlete was a suitable 
match for a specific game. They compared multiple machine learning algorithms 
to predict human behavior and health using data obtained from sensors put on 
patients. Five machine learning algorithms were utilized in their research to ex-
amine and predict human health behavior. XGBoost outperformed the other ma-
chine learning methods, achieving the highest accuracy [25].  

The researchers Kuruvilla & Balaji, proposed a study utilizes a feature selection 
technique to determine the most suitable features of cardiac disease attributes. For 
their experiments, they used the Framingham heart disease dataset (FHS), which 
was collected from the Kaggle Machine Learning repository. Four ML classifiers 
validated 16 attributes in the dataset. Two feature selection methods, Correlation 
Feature Selection and Principal Component Analysis, were used to compare the 
study. The experimental result showed that the Correlation Feature Selection with 
Multilayer perceptron model obtained this dataset’s highest accuracy of 84.9%. 
Demonstrated the effectiveness of Correlation Feature Selection in improving ma-
chine learning model performance for heart disease prediction [26]. 

Psychology Decision-making was initially dominated by early techniques. 
There are numerous efforts to bridge this gap by applying expert decision-mak-
ing theories to fulfil users’ needs for managing Parkinson’s disease. The study 
by Timotijevic et al. developed a CDSS for Parkinson’s disease using a theoreti-
cal framework suggested that Machine Learning could be used in the system to 
analyze patient data. The study was executed in four European countries to 
identify essential user needs and cognitive demands. The research methods used 
include Hierarchical Task Analysis (HTA), computational modelling, and vi-

https://doi.org/10.4236/iim.2025.176013


A. Alqarni 
 

 

DOI: 10.4236/iim.2025.176013 243 Intelligent Information Management 
 

gnette studies, drawing on interview and observational data collected from 47 
prescribing clinicians across the four countries. The findings highlighted how 
the integration of data from various sources, such as self-reports data and data 
from devices. It can be able to enhance the decision-making process for clini-
cians to improve the management of Parkinson’s disease. The study proposing 
a user-centered, theory-based framework for designing flexible, shared m-
Health CDSS; by developing core principles for designing a Parkinson’s m-
Health based CDSS [27].   

There have been different efforts made towards better insulin dosing in type 1 
diabetes patients. For this specific case, decision support systems (DSS) were im-
plemented with a great deal of machine learning expertise. The study by Tyler et 
al. analyzed the possibility of supporting the management of type 1 diabetes pa-
tients with an AI-driven DSS focusing on insulin prescription and overdose de-
tection. Weekly insulin recommendations were made using a glucose-derived K-
nearest neighbours algorithm (KNN) that was trained on both simulation and 
real-world data. The KNN-DSS achieved enhanced glycemic control, facilitated 
adjustment of insulin doses, and early error detection all benefiting the diabetes 
management. The study highlights the potential of AI in transforming diabetes 
care through data-driven decision-making [28]. 

Across the previous studies examined, an increasing trend towards the usage of 
wearable technologies and mobile health (m-Health) applications has emerged. 
The authors Burenbatu et al. and Nguyen et al. used deep learning include MMTL-
Net, CNNs, and RNNs to recognise human activities and classify mental health 
disorders in real time using sensor-based data from wearable devices. Deep learn-
ing models, such as ANN and CNN by the researchers Gangadhar et al. and Miah 
et al., were widely used to capture complicated non-linear patterns in physiologi-
cal data, resulting in high accuracy rates in forecasting health risks. Furthermore, 
some researches Tyler et al. and Timotijevic et al. investigated the AI’s ability to 
predict diseases and enhance clinical decision-making using recommendation 
systems, hence improving therapeutic results and patient care. Ethical concerns 
and the necessity for regulatory compliance were briefly mentioned by K & Abi-
ram. It indicates a growing recognition of these difficulties in AI healthcare appli-
cations. 

An analysis of the previous studies shows a consistent direction in applying ar-
tificial intelligence (AI), particularly machine learning (ML) models, to healthcare 
data for disease prediction and monitoring. A majority of the studies, including 
those by Abdulhussein & Bilgin, and Pal et al. have shown the effectiveness of 
traditional ML algorithms—such as Logistic Regression, Random Forest, K-Near-
est Neighbours, and XGBoost—in successfully predicting cardiovascular diseases. 
Similarly, Gola & Ary and Bani Hani & Ahmad, highlighted the role of feature 
selection and data preprocessing in enhancing the accuracy of machine learning 
models for ischaemic heart disease prediction. Studies collectively emphasize the 
importance of data preprocessing techniques and robust machine learning models 

https://doi.org/10.4236/iim.2025.176013


A. Alqarni 
 

 

DOI: 10.4236/iim.2025.176013 244 Intelligent Information Management 
 

in increasing predictive healthcare technologies. 
The studies differ in the range of data used, which ranged from real-world clin-

ical datasets (e.g., Framingham Heart Study) to wearable sensor datasets (e.g., M-
HEALTH) to survey datasets such as the CDC’s Indicators of Heart Disease. Ad-
ditionally, the depth of feature engineering and model interpretability also dif-
fered. The researchers Kuruvilla & Balaji, emphasised feature selection techniques 
to increase performance, whereas Gola & Arya, concentrated on optimising deep 
learning architectures without paying close attention to explainability. Further-
more, while K & Abirami, identified ethical and regulatory challenges, most re-
search did not fully address these essential factors, limiting the real-world applica-
bility of their findings. 

While research has shown that AI can improve health monitoring and disease 
prediction, there are still numerous crucial gaps. First, most present research is 
disease-specific, focussing on singular health issues such as heart disease or mental 
health disorders rather than building a generalised, patient-centred model. This 
research addresses these gaps by implementing and comparing multiple robust 
ML algorithms to evaluate their predictive accuracy and efficiency. This research 
combines wearable sensor data from the m-Health dataset with survey-based in-
dicators from the Indicators of Heart Disease dataset. To ensure a more effective 
AI-powered DSS, this research intends to enhance AI model interpretability, op-
timize predictive accuracy, and real-time adaptability by utilizing feature selection 
techniques.  

It is observed that meaningful improvements have been made in health moni-
toring and wearable devices through the integration of AI. Learning models, such 
as deep neural networks and k-nearest neighbors, are utilized to interpret data 
obtained from these devices. However, traditional methods require additional en-
hancement in research. The M-HEALTH dataset includes various physiological 
and motion data, while the Indicators of Heart Disease dataset contains data from 
the Centers for Disease Control and Prevention (CDC) annual survey, covering 
the health information of about 400,000 adults. These datasets provide suitable 
context for exploring robust algorithms such as random forests, gradient boosting 
machines, and extreme gradient boosting (XGBoost). Therefore, this research 
aims to manage the gap in literature by applying advanced machine learning mod-
els to these two datasets, offering deeper understandings into physical activity and 
health monitoring. 

3. Methodology 

The research employs a machine-learning-based experimental study using real-
world data. This is due to the ability of machine learning-based research to pro-
vide the benefits of efficient data handling, predictive analysis, and model evalua-
tion using formal data structures, enabling the analysis of health tracking and risk 
forecasting with greater accuracy. An inductive methodology has been followed 
for the achievement of research objectives and the formation of solid conclusions. 
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This research is mainly based on quantitative data in which the experiment is us-
ing numerical signs measurements.  

Figure 3 presents the research design flowchart of machine-learning-based 
models using real-world data. The research uses two datasets available online on 
Kaggle repository: M-HEALTH and Indicators of Heart Disease. These datasets 
contain measurements for physiological and behavioral data for health such as 
heart rate, level of activity, weight (BMI), smoking, and sleeping habits. The data 
will be pre-processed to remove noise, standardize variables, and extract relevant 
features for analysis. Key features for predicting health risks will be selected 
through feature selection methods, allowing the models to focus on clinically sig-
nificant aspects that can be prioritized. To ensure fair evaluation of the models, 
both datasets are further divided into training and testing subsets. Random Forest, 
Gradient Boosting Machines (GBM), and XGBoost machine models are used in 
this research to classify and forecast heart risks. These models were chosen due to 
their established robustness and ability to handle high-dimensional and non-lin-
ear healthcare data. Random Forest reduces overfitting while maintaining inter-
pretability, GBM sequentially improves predictive accuracy by correcting prior 
errors, and XGBoost offers computational efficiency and scalability for large da-
tasets. Moreover, this research includes an experimental setting in which AI mod-
els are iteratively refined and assessed against multiple performance metrics, in-
cluding accuracy, precision, recall, and F1-score. 

 

 
Figure 3. Research design flowchart. 
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3.1. Research Datasets 

The target population of this research would be taken from two datasets M-
HEALTH and Indicators of Heart Disease, available online in Kaggle repository. 

The M-HEALTH dataset used in this research is based on records of body mo-
tion and physiological signals from 10 volunteers. The individual varied in profile 
and performed twelve different physical activities. The data is collected through 
three wearable Shimmer2 sensors worn on the chest, secured on the right wrist, 
and strapped on the left ankle using elastic bands to measure vital data of individ-
uals. These sensors record motion data such as acceleration, gyroscopic move-
ment, and magnetic field orientation, providing a complete view of the human 
body’s movement as shown in Table 2. 

 
Table 2. Dependent and independent variables attributes of M-HEALTH Dataset. 

Dependent Variable Independent Variables 

Movement Activity 
acc chest sensor (X, Y, Z) axes, gyro right lower arm sensor 

(X, Y, Z) axes, gyro left ankle sensor (X, Z) axes, acc left ankle 
sensor (X, Z) axes 

 
The chest sensor also has the capability of bearing, though not included in the 

original model, always-ready ECG signals intended to be used in heart monitoring, 
with arrhythmia being a primary area of interest. All sensor readings are taken with 
a frequency of 50 Hz, which is appropriate for accurately observing variations in 
human activity. Activities have been captured varying from passive activities such 
as standing and sitting to actively running and jumping with the frequency and du-
ration being specified. The files are separate for every subject, and recorded data are 
arranged in rows that reflect samples, while columns indicate readings or activities 
that were participated in over time. The activities were collected in an out-of-lab 
environment with no constraints on the way they must be executed, with the excep-
tion that the subjects should try their best when executing them. Thus, the data is 
collected in an uncontrolled manner, which is more applicable in real-life scenarios 
and increases variation proportionate to the manner of performance or execution.  

Preprocessing encompasses cleaning, filtering, and standardizing sensor readings 
for use in machine learning, all of which are important for noise removal. This 
method enables the identification of familiar activities of daily living, facilitating the 
creation of health status monitoring and activity classification frameworks. 

The Indicators of Heart Disease dataset, which can be found in the Kaggle re-
pository, is useful in examining risk factors in different races of the American 
population [29]. Originally, the dataset, which aimed at heart disease risk factors 
encompassed around 300 variables, has been narrowed down to 18 key attributes 
for this study, having a target population of 319,795 patient records for this re-
search. Features consist of dependent and independent variables, including body 
mass index (BMI), self-reported smoking, physical health, and diabetes presence, 
along with other variables, as shown in Table 3. These have a strong association 
with cardiovascular health (heart disease presence).  
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Table 3. Dependent and independent variables attributes of Indicators of Heart Disease 
Dataset. 

Dependent Variables Independent Variables 

Heart disease presence 
Age Category, DiffWalking, Stroke, Physical Health,  

Diabetic, Kidney Disease, Smoking, Physical Activity, Skin 
Cancer, Sex, BMI. 

 
Preprocessing techniques will be applied to address missing information, re-

dundant and duplicate data, and noise in the dataset, resulting in a suitable dataset 
for machine learning. Therefore, standardization and feature selection techniques 
will be used to improve the overall accuracy of the model, giving a simplified data 
structure that can get prediction. Imputation and cleanup of missing and noisy 
data will be performed to maintain the purpose of the dataset and conform to the 
specific data handling rules. The dataset serves as the basis for the study’s predic-
tive models. Additionally, the selected variables for analysis represent relevant risk 
factors for heart disease. It enhances the research value from both a clinical stand-
point and its applicability across diverse populations.  

3.2. Research Instrument 

The online Google Colab was used as a research tool. Colab is a hosted Jupyter Note-
book service that requires no setup and gives free access. It is highly suitable for 
machine learning and data science. Python will be the primary programming lan-
guage due to its versatility and excellent data-handling libraries. In this research, the 
Pandas and NumPy libraries will be used for data analysis, which includes data 
transformation, cleansing, standardization, and pre-processing. The visual percep-
tion of the data patterns and distributions will be facilitated by the usage of more 
visualization libraries such as Matplotlib and Seaborn. Such visuals will also be use-
ful during the first stage of data analysis when the features of the dataset will be 
explored to determine how different features will be related to each other. 

3.3. Model Performance Evaluation 

The model’s performance will be assessed where the performance of the classifi-
cation task will be measured which requires applying accuracy, precision, recall, 
and F1 score which provide different perspectives as discussed in the studies high-
lighted in the literature review. Accuracy measures the balance of correctly classi-
fied instances. Precision evaluates the reliability of positive classifications by cal-
culating the ratio of correctly predicted positives to total predicted positives. At 
the same time, it makes it crucial when false positives are costly. Recall quantifies 
the model’s ability to detect actual positive cases. It is essential in scenarios where 
missing positives have severe consequences. Finally, the F1-score is computed us-
ing precision and recall. It balances these two measures, providing a comprehen-
sive performance evaluation.  

Accuracy assesses the number of instances in a set of observations which are 
correctly classified. It can be computed in the next equation:  
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TP TNAccuracy ,
Total instances

+
=  

Precision refers to the measure of exact positive occurrences relative to the en-
tirety of positive prediction. It can be computed in the next equation:  

TPPrecision ,
TP FP

=
+

 

Recall definition accesses the number of correctly predicted positive cases. It 
can be computed in the next equation:  

TPRecall ,
TP FN

=
+

 

The F1-Score balances the asymmetry between Precision and Recall by calcu-
lating their harmonic-mean. It can be evaluated using the following equation: 

Precision RecallF1-Score 2 .
Precision Recall

×
= ×

+
 

where TP represents True Positives, TN are True Negatives. While FP represents 
False Positives rate and FN are False Negatives. 

4. Results 

This section focuses on analyzing results and findings of a detailed machine learn-
ing modeling analysis. After that, a comparison of the ML models’ performance 
on the two datasets are presented. 

4.1. m-Health Dataset Analysis 

The m-Health dataset consists of 1,215,745 rows and 24 columns including the 
following features. Table 4 provides a summary of each feature type and de-
scription. 

 
Table 4. The m-Health dataset features description. 

Feature Type Description 

Chest Acceleration  
(X, Y, Z) 

Continuous 
Acceleration data from the chest sensor along 

three axes. 

Electrocardiogram  
(Lead 1, Lead 2) 

Continuous ECG signals recording heart activity. 

Left-Ankle Acceleration  
(X, Y, Z) 

Continuous 
Acceleration data from the left-ankle sensor 

along three axes. 

Left-Ankle Gyro  
(X, Y, Z) 

Continuous 
Gyroscope data from the left-ankle sensor 

measuring angular velocity. 

Left-Ankle Magnetometer 
(X, Y, Z) 

Continuous Magnetic field data from the left-ankle sensor. 

Right-Lower-Arm  
Acceleration (X, Y, Z) 

Continuous 
Acceleration data from the right-lower-arm 

sensor along three axes. 
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Continued 

Right-Lower-Arm Gyro  
(X, Y, Z) 

Continuous 
Gyroscope data from the right-lower-arm  

sensor measuring angular velocity. 

Right-Lower-Arm  
Magnetometer (X, Y, Z) 

Continuous 
Magnetic field data from the right-lower-arm 

sensor. 

Label Categorical 
Activity classification (0 for null (not  

specified/completed activity), 12 activity labels). 

 
The activity set includes the following activities: 

• L1: Standing still (1 min) 
• L2: Sitting and relaxing (1 min) 
• L3: Lying down (1 min) 
• L4: Walking (1 min) 
• L5: Climbing stairs (1 min) 
• L6: Waist bends forward (20x) 
• L7: Frontal elevation of arms (20x) 
• L8: Knees bending (crouching) (20x) 
• L9: Cycling (1 min) 
• L10: Jogging (1 min) 
• L11: Running (1 min) 
• L12: Jump front & back (20x) 

NOTE: In brackets are the number of repetitions (Nx) or the duration of the 
exercises (min). 

Correlation analysis was performed to identify relationships between numerical 
variables. A correlation matrix was generated and visualized as a heatmap using 
seaborn library in Python. This heatmap highlighted the strength and direction of 
linear relationships between variables, revealing potential associations to be fur-
ther investigated. 

The features correlation matrix for the m-Health dataset as shown in Figure 
4 indicates the degree of relationship between features of the datasets captured 
from the sensors. The correlation coefficients vary from −1 to 1, with dark red 
colors indicating strong positive correlations and dark blue colors indicating 
strong negative correlations. The highest correlations are found between signals 
captured from the same sensor type, indicating a high degree of dependency 
between axes contained in each device. In contrast, low correlations are ob-
served across different sensor modalities, for instance, between accelerometers 
and magnetometers, suggesting relative independence between their data 
streams. 

The lack of strength of most column correlation with the label more complicated 
due to the low correlation. elect_signal_lead1, elect_signal_lead2, mag_left_an-
kle_sensor_X_axis, mag_left_ankle_sensor_Y_axis, and mag_left_ankle_sen-
sor_Z_axis demonstrate near-zero correlation with the response variable. Such fea-
tures don’t seem to add to a system’s predictive performance, so they could be de-
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leted for machine learning feature selection, which would improve computational 
efficiency without impacting the model’s accuracy.  

4.2. Indicators of Heart Disease Dataset Analysis 

The Indicators of Heart Disease dataset consists of 319,795 rows and 18 columns. 
Table 5 provides a summary of each feature type and description. 

The heatmap shows the correlation between the variables to highlight 
strongly related variables. The Seaborn Library in Python was used to visualize 
the heat map. The following Figure 5 shows the correlation between the dataset 
variables. 

Figure 5 depicts a correlation heatmap that shows the correlations between sev-
eral health indicators and heart disease. The colour gradient shows the degree and 
direction of correlations, with values closer to 1 or −1 suggesting stronger corre-
lations. Age Category, Difficulty Walking, Stroke, Physical Health, and Diabetes 
have the strongest positive correlations with heart disease, indicating that they 
may be significant risk factors. Physical activity and general health have a negative 
correlation, suggesting a preventive impact. The heatmap also shows the interre-
lationships between variables, which may influence the predictive modelling and 
feature selection in heart disease study. 

 

 
Figure 4. The m-Health dataset features correlation matrix. 
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Figure 5. The indicators of heart disease dataset correlation heatmap. 

 
Table 5. The heart disease dataset description. 

Feature Data Type Description 

Heart Disease Binary Presence of heart disease (Yes/No). 

BMI Continuous 
Body Mass Index is a measure of body weight relative to 

height. 

Smoking Binary Whether the respondent is a smoker (Yes/No). 

Alcohol Drinking Binary Whether the respondent consumes alcohol (Yes/No). 

Stroke Binary History of stroke occurrence (Yes/No). 

Physical Health Continuous Number of days in a month with poor physical health. 

Mental Health Continuous Number of days in a month with poor mental health. 

Diff Walking Binary Difficulty in climbing stairs (Yes/No). 

Sex Binary Gender of the respondent. 

Age Category Categorical Age group classification. 

Race Categorical Imputed race/ethnicity value. 

Diabetes Categorical 
Whether the respondent has been diagnosed with  

diabetes. 

Physical Activity Binary Engagement in physical activity outside of work. 
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Continued 

Gen Health Categorical Self-reported general health (fair, good, very good). 

Sleep Time Continuous Number of hours of sleep per day. 

Asthma Binary History of asthma diagnosis (Yes/No). 

Kidney Disease Binary History of kidney disease diagnosis (Yes/No). 

Skin Cancer Binary History of skin cancer diagnosis (Yes/No). 

4.3. Machine Learning Models 

This section presents the findings of machine learning models applied to the m-
Health and Indicators of Heart Disease datasets. The effectiveness of health mon-
itoring and risk assessment was measured using each model’s accuracy, precision, 
recall, and F1-score. 

4.3.1. Machine Learning Models on m-Health Dataset 
The m-Health dataset was analyzed with the Random Forest, GBM, and XGBoost 
models. The major goal is to determine the best model can be used to detect heart 
disease based on physiological data (senser-based), including Acceleration (chest 
and ankle) sensors, and Gyroscopic movement (arm and ankle) sensors.  

Phase1: Feature Selection and Preprocessing 
The correlation coefficient method was applied to identify the most critical fea-

tures regarding a model’s categorization accuracy and the most important factors 
impacting accuracy. Features with weak correlations (|r| < 0.1) were excluded. The 
selected variables were acc chest sensor (X, Y, Z) axes, gyro right lower arm sensor 
(X, Y, Z) axes, gyro left ankle sensor (X, Z) axes, acc left ankle sensor (X, Z) axes. 
Further, the dataset was split into two subsets, one for training which constituted 
80% and the other one for testing which was 20%. 

Phase 2: Models Performance Evaluation  
The models were evaluated based on the weighted average of the four-perfor-

mance metrics: accuracy, precision, recall, and F1-score.  
As shown in Table 6, the Random Forest model achieved the highest score in 

all metrics of accuracy (94.23%), precision (94.36%), recall (94.23%) and F1-score 
(94.21%). This demonstrates that Random Forest maintains the equilibrium be-
tween precision and recall, yielding accurate predications with minimal false pos-
itives and false negatives. Its exceptional performance across all important criteria 
makes it the best model for correctly recognizing health-related activities in this 
dataset. 

 
Table 6. The m-Health dataset models performance evaluation. 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9423 0.9436 0.9423 0.9421 

Gradient Boosting 0.8365 0.8313 0.8365 0.8183 

XGBoost 0.9034 0.9046 0.9034 0.9023 
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4.3.2. Machine Learning Models on Indicators of Heart Disease Dataset  
The Indicators of Heart Disease dataset, which consists of health risk factors and 
behavioral data, was trained and tested using the same machine learning models. 
The main goal is to predict the presence of heart disease based on 11 highly cor-
related independent variables which include: Age Category, DiffWalking, Stroke, 
Physical Health, Diabetic, Kidney Disease, Smoking, Physical Activity, Skin Can-
cer, Sex, and BMI. 

Phase1: Feature Selection and Preprocessing 
Categorical variables were encoded correctly for model compatibility. In addi-

tion, Feature selection was conducted using a correlation coefficient approach. 
Variables with near-zero or weak correlations (|r| < 0.1) to the target were ex-
cluded, while highly correlated and clinically relevant predictors were retained. 
The selected variables were Age Category, Difficulty Walking, Stroke, Physical 
Health, Diabetes, Kidney Disease, Smoking, Physical Activity, Skin Cancer, Sex, 
and BMI. Moreover, the dataset was divided into 80% training and 20% testing 
subsets. 

Phase 2: Models Performance Evaluation  
The models were evaluated based on the weighted average of the four-perfor-

mance metrics: accuracy, precision, recall, and F1-score.  
As shown in Table 7, the gradient-boosting model outperformed all other mod-

els in terms of accuracy (91.26%), precision (92.03%), recall (91.26%), and F1-
score (87.10%). These results show that Gradient Boosting efficiently balances 
precision and recall, making it the most accurate model. 

 
Table 7. The ındicators of heart disease dataset models performance evaluation. 

Model Accuracy Precision Recall F1-Score 

Random Forest 0.8945 0.8505 0.8945 0.8689 

Gradient Boosting 0.9126 0.9203 0.9126 0.8710 

XGBoost 0.9123 0.8539 0.9123 0.8709 

 
Furthermore, the recall is excellent, even slightly better than precision in some 

models, which suggests the models are able to detect positive cases effectively. 
While the F1-score for the heart disease dataset was slightly lower than that of the 
m-Health dataset, it remained in the high-performance category across all models. 
This minor discrepancy is consistent with the differences in feature complexity 
and data representation between the two datasets. 

4.4. Integration of ML Models Performance (AI) with the DSS 

In this section, the accuracy, precision, recall, and F1-score of Random Forest, 
GBM, and XGBoost on the m-Health and Indicators of Heart Disease datasets 
were compared to identify the most effective model for each dataset and assess 
their overall reliability and suitability for health-related predictions:  

1) In terms of accuracy, Random Forest was best with the m-Health dataset 
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achieving 94.2%, whereas Gradient Boosting was best with the Indicators of Heart 
Disease dataset achieving 91.3%. 

2) In terms of precision, Random Forest achieved the maximum precision of 
94.4% with the M-HEALTH dataset, while Gradient Boosting was best with the 
Indicators of Heart Disease dataset achieving 92.0%.   

3) In terms of recall, Random Forest was best with the m-Health dataset achiev-
ing 94.2%, while Gradient Boosting outperformed with the Indicators of Heart 
Disease dataset achieving 91.3%.   

4) In terms of F1-score, Random Forest excelled in the m-Health dataset achiev-
ing 94.2%, while Gradient Boosting was best with the Indicators of Heart Disease 
dataset achieving 87.1%.   

Overall, Random Forest is preferable for analysing activity data based on sensors, 
like the m-Health dataset. Gradient Boosting works better with more structured 
medical data, such as the Indicators of Heart Disease dataset. Ensemble-based mod-
els like Random Forest are quite effective for sensor data. As a result, aligning AI 
models with DSS frameworks will boost prediction accuracy. Thus, enabling more 
trustworthy and adaptive decision-making in digital healthcare. 

5. Discussion 

This section provides a thorough explanation and critical analysis of the results 
gained from the use of machine learning (ML) models in this research. The find-
ings are connected to the research’s hypothesis, objectives, and the broader con-
text of AI integration in healthcare decision support systems (DSS). The results 
are further discussed in this section, looking at how the research’s findings relate 
to previous research. 

5.1. Discussion of the Hypothesis 

The key hypothesis that guided this study was suggesting that integrating AI-
driven (machine learning models) into clinical decision support systems might 
considerably increase the accuracy and reliability of health-related predictions. 
The null hypothesis argued that such integration would not result in any mean-
ingful improvements/predictive accuracy. 

In this research, the null hypothesis is examined deeply, questioning its validity 
considering the actual results of the experiment. Quantitative analyses were per-
formed to evaluate whether the null hypothesis could endure the assumption that 
“applying a machine learning algorithm” at a dataset will not yield any meaningful 
predictions in terms of the underlying health issues involved.   

In this case, the null hypothesis is examined closely with regard to whether the 
outcome from the experiments conducted would warrant an acceptance of its va-
lidity. The metrics of several performance evaluation measures were calculated to 
determine whether the null hypothesis is correct regarding whether the machine 
learning models cannot predict health issues with high accuracy. This research’s 
null hypothesis stated that incorporating machine learning algorithms into health 
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data analytics will not significantly increase the predictive performance for clinical 
decision-making.  

This research’s findings, based on extensive experimental study with Random 
Forest, Gradient Boosting, and XGBoost algorithms on two separate datasets 
which include the m-Health dataset (sensor-based) and the Indicators of Heart 
Disease dataset (survey-based) provide strong empirical evidence to reject the 
null hypothesis. Random Forest and Gradient Boosting exceeded baseline pre-
dictions, with accuracies exceeding 94% and 91% respectively. 

Table 8 compares classification accuracies attained in recent studies on heart 
disease detection and human activity recognition to contextualise the suggested 
machine learning approach’s performance. These studies use a variety of AI algo-
rithms on a variety of datasets, displaying varying degrees of accuracy depending 
on methodology, dataset quality, and application breadth. The model in this re-
search exceeds earlier studies, with a top accuracy of 94.23%, demonstrating its 
possibility for more reliable predictions in health monitoring DSS systems. 

 
Table 8. Accuracy comparison of AI models in recent studies vs. this research. 

Reference # Recent Studies AI Model 
Model  

Accuracy 

[14] Burenbatu, Liu, Lyu (2025) MMTL-Net Model 91.20% 

[15] Ayat, Bilgin (2024) Logistic Regression Model 91,43% 

[16] Pal et al. (2024) Decision Tree Model 82.35% 

[22] Das et al. (2023) XGBoost Model 91.30% 

 This Research Random Forest Model 94.23% 

 
This research is evaluated with respect to model evaluation including accuracy 

measure. In machine learning research, particularly in applied contexts like 
healthcare, hypothesis testing is frequently represented by performance indicators 
and model validation rather than traditional statistical significance testing. The 
metrics presented in the methodology and results chapters support the alternative 
hypothesis (H1): when correctly trained and tested, AI (ML models) greatly en-
hance the health risk prediction accuracy. 

The results also suggest that machine learning models can effectively handle 
both survey-based and sensor-based health data. This supports the hypothesis that 
such models can enhance the adaptability and prediction powers of decision sup-
port systems in a wide range of healthcare fields. 

5.2. Comparison with Recent Literature 

The performance of machine learning algorithms discussed in this research aligns 
with recent studies in the field of predictive healthcare analytics. The outcomes of 
this research are well correlated with several recent studies, Section 2.3. The study 
by Delmastro et al. endorses the employment of AI models for real-time 
healthcare monitoring and decision-making, particularly with data sourced from 
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wearables and mobile devices. 
Moreover, the impact of m-Health data on improving clinical outcomes has 

received a significant amount of focus. The researchers Delmastro et al. and Ngu-
yen et al. pointed out the critical role of artificial intelligence in recognizing and 
analyzing behavioral and physiological data. This research makes use of the m-
Health data set, which supports this hypothesis that sensor data, when processed 
with machine learning (ML) models, can indeed lead to automated real-time de-
cision-making.   

In other respects, the research is using ensemble machine learning (ML) models 
to wearable data, which integrates with, and in some cases broadens, the existing 
body of AI in Healthcare literature as discussed in recent works. This research 
uses of Random Forest, Gradient Boosting, and XGBoost resulted in top classifi-
cation accuracy of 94%, which are competitive with and outperform similar work 
in the field. 

This research uses ensemble models, which maintain interpretability while 
reaching competitive performance. Unlike deep neural networks, which can be 
computationally expensive and often opaque in clinical reasoning, the ensemble 
models in this research (Random Forest, Gradient Boosting) provide clearer fea-
ture importance outputs which is a critical component in clinician acceptance. 

The researchers Pal et al. investigated different ML classifiers including Deci-
sion Trees, K-Nearest Neighbours, and Naïve Bayes across different datasets but 
obtained lower top accuracies of (82.35%) for heart disease prediction. This re-
search’s model performance (over 91%) demonstrates that ensemble approaches 
outperform basic classifiers such as KNN, Naïve Bayes, and Decision Trees. These 
findings emphasise the superiority of ensemble learners, particularly in structured 
health data, where this research models show greater performance without requir-
ing sophisticated preprocessing or class rebalancing procedures. 

Several studies have focused on hybrid optimisation strategies to improve model 
performance. The researchers Gola & Arya, developed a model that combined 
deep learning with the Satin Bowerbird algorithm. While this research does not 
use evolutionary algorithms, it does use robust ensemble learning to match these 
parameters, resulting in equalled or approached equivalent precision and recall 
without the need for sophisticated tuning, demonstrating their effectiveness and 
robustness in real-world clinical settings. 

The study by S. Sharma & Singhal, used oversampling and SMOTE with XGBoost 
to handle the imbalance issue in clinical datasets in order to enhance prediction on 
imbalanced datasets. This research did not employ these methods. However, it still 
achieved high F1-scores, which suggests that ensemble models may effectively man-
age mild class imbalance due to mechanisms such as bootstrapped aggregation and 
regularisation. These models performed quite well, even in the absence of any syn-
thetic data augmentation, which reflects moderate class imbalance. 

The work of Burenbatu et al. introduced the Mobile Multi-Task Learning Net-
work (MMTL-Net), which integrates MobileNetV3 feature extraction into multi-
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task learning for simultaneous activity recognition and resistance level estimation. 
Their experiments demonstrated that MMTL-Net achieved the highest perfor-
mance on both the UCI Human Activity Recognition dataset and the Wireless 
Sensor Data Mining Activity Prediction dataset, with an accuracy of 91.2%. In 
contrast to MMTL-Net’s complex, deep-learning multi-task architecture, this re-
search focuses on simpler ensemble models that are more interpretable which is a 
crucial requirement in healthcare. Thus, demonstrating the robustness of ML 
models in providing consistent high accuracy across diverse datasets. 

The research by Abdulhussein & Bilgin, performed a comparative study of the 
algorithms used in predicting heart diseases using machine learning. The re-
searchers implemented ML techniques on a dataset of 319,796 patients using 
KNIME. Logistic regression showed the highest accuracy of 91.6%, which under-
scores the potential of machine learning algorithms for accurate predictions of 
heart diseases to aid clinical decisions. While their model is simpler than this re-
search model, it lacks the power of ensemble learning provided by Gradient Boost-
ing and the inability to model complex, nonlinear interactions which XGBoost 
handles elegantly; both of which derive this research’s exceptional results.   

The study by K & Abirami, reinforces the discussions by Tyler et al., which un-
derscore the role of AI in decision-making processes for chronic ailments and in-
sulin administration. This research is consistent with existing studies while also 
providing a broader dual-dataset validation approach encompassing both real-
time sensor data and population-level health indicators data which demonstrating 
greater applicability and generalisability. 

Table 9 presents a comparison of existing AI approaches for health monitoring 
and heart disease detection, including their methodologies, results, and reported 
limitations. 

 
Table 9. Comparison of this research and related recent studies. 

Reference 
# 

Authors Year Aims Dataset Name Methodology Findings Limitations 

[14] 

Burenbatu, 
Liu, Lyu 

2025 

Proposes AI-driven  
system for real-time 
lower limb resistance 

monitoring 

UCI Human 
Activity  

Recognition  
dataset 

MMTL-Net  
using  

MobileNetV3 

Achieved 91.2% 
accuracy 

It is not completed for 
heart disease prediction 
using wearable devices; 

challenges with real-time 
processing and sensor  

integration 

[15] 

Ayat, 
Bilgin 

2024 
Evaluates ML  

algorithms for heart 
disease prediction 

Heart Disease 
Dataset 

(KNIME  
platform) 

KNN, Naïve 
Bayes, Logistic 
Regression on 

319,796 records 

Logistic  
Regression: 91.6% 

accuracy 

Limited generalizability 
due to dataset specificity; 
needs more patient data 

[16] Pal et al. 2024 
Compares ML  

classifiers for heart 
disease prediction 

Kaggle Heart 
Disease  
Datasets 

Various ML 
classifiers with 
four datasets 

Highest accuracy 
of 82.35% on the 

heart disease  
dataset; 74.59% 
on heart disease 

2020 dataset 

Performance varies 
across different datasets 
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Continued 

[22] Das et al. 2023 
Compares ML  

models for heart  
disease detection 

Clinical Heart 
Disease Dataset 

Six ML models 
for clinical data 

XGBoost: 91.3% 
accuracy 

Requires more diverse 
data; overfitting on 

smaller data 

 This 
Research 

2025 

Proposes machine 
learning models  

using wearable and 
survey datasets 

m-Health, In-
dicators of 

Heart Disease 

Random  
Forest,  

Gradient 
Boosting, 
XGBoost 

m-Health: Ran-
dom Forest: 

94.23%, Heart 
Disease: Gradient 
Boosting: 91.26% 

Requires further  
optimization and  

generalizability using 
cross-validation  
methods to be  

improved 

 
As a result, this research provides compelling evidence to reject the null hy-

pothesis, highlighting the fact that ML-based DSS integration will improve clinical 
predictions by combining constant high accuracy with wide applicability and in-
terpretability. Furthermore, these research findings overcome the findings ob-
served in the literature while also presenting a vital alternative: simpler, transpar-
ent models can perform like or better than, complicated, black-box systems in 
real-world clinical data contexts. Ensemble models provide feature importance 
scores, offering transparency and trust compared to “black-box” deep learning 
models, which is vital for clinician acceptance. 

To summarize, this research supports the efficacy of ensemble ML models as 
interpretable, efficient, and highly accurate alternatives to more complicated AI 
systems, as well as providing a new perspective on multi-modal health data inte-
gration in AI-driven clinical decision support systems. Despite their predictive 
strength, deploying ensemble models in real-time decision support systems intro-
duces practical challenges. Random Forest and GBM require significant compu-
tational resources for inference, which may limit their scalability on low-power 
mobile or bedside devices. In contrast, XGBoost is optimized for faster execution, 
making it more suitable for deployment in latency-sensitive contexts. Balancing 
model accuracy with computational efficiency remains an important trade-off for 
practical adoption. While this research benefits from testing across two datasets, 
the generalizability of the findings remains limited. Validation on more diverse 
demographic groups and across additional health conditions is required before 
clinical deployment. 

6. Conclusions 

This research evaluated the performance of Random Forest, Gradient Boosting 
Machines, and XGBoost on two datasets: m-Health and Indicators of Heart Dis-
ease. The findings confirmed the effectiveness of these models in real-time health 
risk prediction using wearable sensor data.  

The findings of this research provide a significant contribution in terms of re-
search and in terms of practice in the field of AI-integrated Decision Support Sys-
tems in the healthcare sector. Consequently, this research in terms of research was 
found to provide an empirical foundation for incorporating wearable data into 
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clinical decision-making models. Moreover, the dual validation through inde-
pendent datasets enhanced the study’s scientific rigor, revealing how algorithm 
performance varies with different types of data including behavioral versus phys-
iological. Furthermore, the feature selection improved model interpretability, 
aligning with the growing trend of explainable AI (XAI) in healthcare. 

While in terms of practice, this research demonstrated the potential of sensor-
derived data in clinical environments, emphasizing its feasibility for early diagno-
sis and real-time monitoring. Moreover, the model’s performance outperformed 
previous studies, with a top accuracy of 94.23%, suggesting its capacity for reliable 
predictions in DSS. Furthermore, the results highlight that AI-powered DSS, when 
developed transparently and with diverse data, could significantly improve clini-
cal outcomes. Future research should explore broader dataset integration, real-
world testing, and continued advancements in explainability to further enhance 
AI-driven healthcare solutions. 

6.1. Recommendations and Further Research 

Based on the research’s findings, several recommendations for future research are 
suggested to increase the usability and effect of AI-powered decision support sys-
tems in healthcare. Firstly, to assess the models’ stability and generalisability, 
cross-validation techniques should be applied over several folds and data splits. 
Secondly, future study should look into class imbalance handling methods includ-
ing Synthetic Minority Over-sampling Technique (SMOTE), under sampling, or 
weighted loss techniques. They help balance the learning process without affecting 
the performance, especially with under-represented specific diseases within med-
ical datasets. Thirdly, future studies should strive to build upon this work by at-
tempting to increase the breadth of the dataset to capture a wider spectrum of 
diseases, as well as the patient populations. This would enhance the model gener-
alization and contribute toward constructing a more universal AI framework de-
signed for diverse medical applications. Such models could allow for dynamic 
fine-tuning based on new patient information, thereby evolving the system’s di-
agnostic capabilities over time. In addition, the use of multiple dataset types, in-
cluding m-Health data and data from wearable sensors, could assist in developing 
more generalized models that enhance predictions made by AI-based DSS sys-
tems. Moreover, future studies should examine the clinically practical implemen-
tation of AI models within workflow processes, ensuring they are designed ethi-
cally, respectfully, and in a usable form for clinicians via explainable and inter-
pretable methodologies. This entails comprehensive direct monitoring, active 
closed loop controlled cyclic feedback, and adherence to a medical standard. Like-
wise, the implementation of the models proposed in this research will necessitate 
the use of advanced techniques on data management including cloud-based se-
cure storage, real-time analytics, and data integration from multiple secondary 
sources. These technical improvements will aid scalability, dependability, and in-
corporation into digital health systems. Furthermore, priority should be given to 
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the design and implementation of a fully working, DSS interface. This could in-
volve developing decision support system that provide predictions and sugges-
tions directly to users. Integrating real-time sensor data from wearable devices will 
enable continuous patient monitoring, alarm generating, and context-sensitive in-
tervention. As a result, this research lays the groundwork for a scalable, interpret-
able AI-DSS framework in healthcare. However, more effort is needed to validate 
these models in dynamic clinical real-world settings and expand their capability 
for broader use in real-time decision-making. In conclusion, while this research 
provides a solid foundation for integrating AI into decision-support systems using 
wearable data, it also suggests a variety of further investigations. The ultimate goal 
is to transfer from predictive modelling to intelligent, patient-centric, and auto-
mated decision support systems that are both clinically effective and technologi-
cally scalable. 
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