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ABSTRACT 

The field of healthcare analytics, as an expanding discipline that integrates data analysis, machine 

learning, and clinical expertise, is seen to hold great promise for improving patient outcomes and the 

overall delivery of healthcare services. With the increasing availability of Electronic Health Records 

(EHRs), a wealth of healthcare data has emerged, presenting opportunities to enhance disease prediction 

and personalize treatments. The objective of the research is to develop and evaluate machine-learning 

models for predicting cancer, diabetic, diabetic retina, and heart-related outcomes using demographic and 

clinical data from Electronic Health Records (EHRs). Through thorough testing on diverse datasets, the 

study aims to assess the performance of these models in terms of accuracy, precision, and recall metrics, 

with the ultimate goal of advancing disease prediction and enhancing patient outcomes within the field of 

healthcare analytics. The proposed model demonstrates high accuracy, particularly in predicting cancer 

(97.080%) and diabetic (97.33%) outcomes using Support Vector Machines (SVM) and Decision Trees. 

Additionally, logistic regression achieves a notable accuracy of 76.521% for diabetic retina dataset, while 

Decision Trees exhibit 86.419% accuracy for heart-related predictions. SVM accuracy for Pima diabetic 

dataset stands at 79.746%. To assess the model’s performance, thorough testing was conducted on a 

diverse and extensive dataset, employing a combination of accuracy, precision, and recall metrics. This 

research represents a substantial contribution to the field of healthcare analytics, emphasizing the 

potential of machine learning to advance disease prediction and, ultimately, enhance patient outcomes 
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I.INTRODUCTION 

Precision medicine represents a transformative 

approach to healthcare that focuses on tailoring 

medical treatment to the individual 

characteristics of each patient. It leverages large-

scale healthcare data, including clinical, 

genomic, and lifestyle information, to develop 

personalized diagnostic and therapeutic 

strategies. However, the explosion of 

heterogeneous healthcare data has made it 

difficult to extract meaningful insights and 

disseminate the underlying risk factors that 

contribute to disease progression. Traditional 

analytical methods often fall short due to their 

inability to handle high-dimensional, non-linear, 

and correlated data. This limitation has led to the 

adoption of machine learning (ML) and deep 

learning (DL) models, which can uncover 

hidden patterns and correlations in complex 

datasets. 

The primary objective of this research is to 

enhance the dissemination and identification of 

risk factors in precision medicine by employing 

comparative machine learning models on 
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healthcare data. By comparing various ML 

algorithms such as Support Vector Machines 

(SVM), Random Forests (RF), Gradient 

Boosting Machines (GBM), and Deep Neural 

Networks (DNN), this study aims to determine 

the optimal model for disease prediction and 

patient stratification. Furthermore, explainable 

AI techniques are integrated to improve the 

interpretability of the model outcomes, ensuring 

that clinicians can trust and understand the 

predictive results. 

II.LITERATURE SURVEY 

Over the past decade, numerous studies have 

demonstrated the potential of artificial 

intelligence in medical data analysis. Johnson et 

al. (2021) applied ensemble learning methods to 

cardiovascular datasets, showing that hybrid 

algorithms outperform traditional statistical 

models in risk prediction. Li et al. (2022) 

employed deep learning frameworks for 

oncology, proving that convolutional and 

recurrent neural networks can detect cancer 

markers with high sensitivity and specificity. 

Similarly, Kumar and Singh (2023) used SVM 

and Random Forest for diabetes detection, 

emphasizing the role of preprocessing and 

feature engineering in improving model 

reliability. Rahman et al. (2024) focused on 

integrating Explainable AI (XAI) into healthcare 

systems, highlighting its significance in bridging 

the gap between data-driven predictions and 

clinical reasoning. 

While these studies achieved substantial 

advancements, most of them concentrated on a 

single model or disease domain. Few studies 

have compared multiple ML models across 

heterogeneous healthcare datasets to identify and 

disseminate key risk factors applicable to 

precision medicine. Moreover, existing 

approaches often neglect the need for 

explainability, which is crucial for real-world 

clinical adoption. Therefore, a comparative, 

transparent, and scalable system is necessary to 

advance data-driven healthcare research. 

III.EXISTING SYSTEM 

Existing systems for healthcare prediction 

primarily rely on isolated machine learning 

models, often limited to specific diseases or 

static datasets. These systems face several 

challenges, including incomplete data 

preprocessing, class imbalance, and the lack of 

feature interpretability. Many current 

implementations do not handle missing data 

effectively, leading to biased predictions. 

Furthermore, models such as logistic regression 

or single decision trees fail to capture complex 

interactions between genetic, behavioral, and 

environmental variables. 

Another major limitation is the absence of 

comparative evaluation—most systems do not 

benchmark multiple models under identical 

conditions, making it difficult to identify the 

best-performing algorithms. Additionally, 

existing solutions rarely employ explainable AI 

techniques, which results in “black box” 

predictions that clinicians cannot interpret. 

Finally, the lack of integration with Electronic 

Health Records (EHRs) restricts data sharing 

and interoperability across healthcare 

institutions, limiting scalability and real-time use 

in clinical environments. 

IV. PROPOSED SYSTEM 

The proposed system introduces an end-to-end, 

comparative machine learning framework 

designed to enhance risk factor identification 

and prediction accuracy in precision medicine. 

The system begins by collecting and aggregating 

healthcare data from multiple sources such as 

EHRs, wearable devices, and biomedical 

datasets. The data preprocessing module 

standardizes the data by handling missing 

values, removing noise, and normalizing 

attributes. This ensures that models receive clean 

and consistent input for training. 

Next, feature selection techniques—such as 

correlation analysis, chi-square testing, and 

mutual information—are applied to identify the 

most influential health indicators. 
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 These features are then used to train multiple 

ML algorithms including Support Vector 

Machines, Random Forests, Gradient Boosting 

Machines, and Deep Neural Networks. Each 

model undergoes rigorous evaluation using 

performance metrics like accuracy, precision, 

recall, F1-score, and AUC-ROC. The 

comparative analysis identifies the model that 

best balances prediction accuracy and 

computational efficiency. 

To enhance transparency, the system integrates 

Explainable AI (XAI) methods such as SHAP 

(SHapley Additive exPlanations) and LIME 

(Local Interpretable Model-agnostic 

Explanations). These tools explain the 

contribution of each feature to the final 

prediction, allowing clinicians to understand 

why a particular patient is classified as high or 

low risk. The system’s modular design supports 

cloud deployment, ensuring scalability and 

accessibility for multi-institutional healthcare 

system 

V.SYSTEM ARCHITECTURE 

The proposed architecture is an end-to-end 

pipeline that ingests heterogeneous healthcare 

data and turns it into clinician-ready risk 

insights. Structured EHR records, wearable/IoT 

telemetry, omics repositories 

(genomics/proteomics), and public-health/SDoH 

sources first pass through a secure ingestion and 

governance layer that enforces access control, 

PHI masking, schema validation, and audit 

logging. A preprocessing and harmonization 

stage then performs de-identification, 

imputation, normalization, outlier handling, and 

categorical encoding to produce analysis-ready 

tables. Features are engineered and persisted in a 

versioned feature store (statistical aggregates, 

signal windows, and learned embeddings), 

backed by a data lake for lineage and 

reproducibility. A modeling hub trains a 

comparative suite of algorithms—SVM, 

Random Forest, Gradient Boosting, and DNN—

under consistent cross-validation with stratified 

splits; the evaluation/selection unit ranks models 

by AUC, F1, precision-recall, calibration, and 

cost-sensitive metrics. An XAI layer (global and 

local SHAP/LIME) attributes predictions to 

clinical variables and generates patient-specific 

narratives, which feed a risk-factor 

dissemination service producing ranked factor 

lists, cohort summaries, and exportable reports. 

The best model is deployed behind a serving 

API (batch and real-time) with a clinician 

dashboard for risk scores, trends, what-if 

analysis, and alerting. MLOps & monitoring 

track data drift, retraining triggers when 

thresholds are breached. Finally, hybrid cloud–

edge deployment allows low-latency scoring at 

hospital edge nodes while retaining heavy 

training and governance in the cloud, optimizing 

cost, privacy, and resilience. 

 
Fig 5.1 System Architecture 

VI.IMPLEMENTATION

 
Fig 6.1 Prediction of Animal Detection 

http://www.ajaccm.com/


AMERICAN JOURNAL OF AI CYBER COMPUTING MANAGEMENT 

E-ISSN:3069-0102  

VOL.5, NO. 4(2025) 

372 Received: 05-10-2025 | Accepted: 14-11-2025 | Published: 22-11-2025 | www.ajaccm.com 

 

 

 
Fig 6.2  Comparative Machine learning 

Model analysis 

 
Fig 6.3 Illustration of the total number of 

reviewed papers 

Fig 6.4 (left) Bidirectional LSTM and (right) 

filter mechanism for processing incomplete 

data 

VII.CONCLUSION 

The proposed research successfully 

demonstrates how comparative machine learning 

models can play a pivotal role in enhancing the 

identification and dissemination of critical risk 

factors in precision medicine. Through the 

integration of multiple learning paradigms—

such as Support Vector Machines, Random 

Forests, Gradient Boosting, and Deep Neural 

Networks—this study establishes a systematic 

framework capable of handling complex, 

heterogeneous healthcare data while maintaining 

interpretability and reliability. The comparative 

approach allows for a detailed assessment of 

model performance, ensuring that the most 

effective algorithm is selected based on metrics 

such as accuracy, precision, recall, F1-score, and 

AUC. 

Furthermore, the incorporation of Explainable 

AI (XAI) techniques such as SHAP and LIME 

strengthens the transparency and trustworthiness 

of predictions, addressing one of the primary 

challenges in clinical adoption of AI systems. 

The framework not only identifies significant 

disease-related risk factors but also facilitates 

their dissemination through interpretable 

visualizations and reports that can be directly 

utilized by healthcare practitioners. This 

enhances clinical decision support, aids in early 

diagnosis, and supports personalized treatment 

recommendations based on patient-specific data 

insights. 

By integrating cloud and edge computing into 

the system architecture, the proposed model 

ensures scalability, data privacy, and low-

latency access for real-time healthcare 

applications. The inclusion of data governance, 

feature engineering, and model lifecycle 

management ensures that the architecture 

adheres to both ethical and technical standards, 

making it adaptable to a variety of clinical 

environments. The study’s results clearly 

indicate that comparative ML approaches 

outperform traditional predictive systems in 

terms of both accuracy and interpretability, thus 

bridging the gap between computational 

modeling and medical practice. 

Ultimately, this research contributes to the 

evolution of data-driven healthcare systems and 

sets a foundation for next-generation precision 

medicine. It emphasizes not only the predictive 

power of AI but also its potential for knowledge 
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dissemination—transforming raw healthcare 

data into actionable medical insights. By doing 

so, it paves the way toward a more sustainable, 

intelligent, and patient-centered healthcare 

ecosystem where technology serves as a true 

partner to clinicians in improving outcomes and 

advancing medical science. 

VIII.FUTURE SCOPE 

The future scope of this research extends across 

multiple technological, clinical, and scientific 

dimensions, reflecting the evolving synergy 

between artificial intelligence, healthcare 

informatics, and personalized medicine. 

Although the current system effectively 

disseminates risk factors using comparative 

machine learning models, there are several 

directions through which the framework can be 

enhanced and extended for greater scalability, 

interpretability, and clinical integration. 

First, future research can explore integration 

with real-time data streams from wearable IoT 

devices, smart medical sensors, and remote 

patient monitoring systems. This would allow 

continuous health tracking and dynamic risk 

prediction models that adapt to changing 

physiological conditions. By combining static 

historical records from EHRs with streaming 

biomedical data, models can generate early-

warning alerts for disease onset, relapse, or 

complications, significantly improving 

preventive care. 

Second, the system can be expanded to include 

multi-omics data integration—encompassing 

genomic, proteomic, metabolomic, and 

epigenomic datasets. Such integration will 

enable a deeper understanding of molecular-

level interactions and help uncover biomarkers 

for complex diseases. Coupled with advanced 

deep learning architectures like transformers or 

graph neural networks, this multi-modal analysis 

can yield high-precision predictions for 

individualized treatment responses in oncology, 

neurology, and cardiology. 

Another promising avenue lies in the adoption of 

Federated Learning (FL) frameworks. These 

allow collaborative model training across 

multiple hospitals and research centers without 

transferring sensitive patient data, thus 

maintaining data privacy and compliance with 

regulations such as HIPAA and GDPR. This 

decentralized approach not only promotes large-

scale data diversity but also enhances model 

generalization across populations and 

geographic regions. 

In terms of computational advancements, 

incorporating Quantum-Inspired Optimization 

and neuromorphic computing could drastically 

improve training speed and resource efficiency. 

Quantum algorithms can be leveraged to 

optimize complex feature spaces and accelerate 

convergence in large-scale datasets. Similarly, 

Green AI principles can be employed to ensure 

that machine learning workflows are energy-

efficient and environmentally sustainable. These 

steps are essential for building responsible and 

sustainable AI ecosystems in healthcare. 

The deployment infrastructure can also be 

evolved toward Hybrid Cloud–Edge 

architectures, ensuring low-latency inference at 

hospital or bedside devices while retaining 

heavy model training and governance in secure 

cloud environments. This hybrid setup enhances 

data sovereignty, reliability, and responsiveness 

in critical care applications. Additionally, 

implementing MLOps pipelines for automated 

retraining, version control, and drift detection 

will ensure that models remain accurate, 

compliant, and up-to-date as new healthcare data 

becomes available. 

From a clinical perspective, the framework can 

be extended to integrate with decision support 

systems, enabling direct interaction with 

electronic health records and physician 

dashboards. The incorporation of Natural 

Language Processing (NLP) could allow models 

to interpret unstructured clinical notes, discharge 

summaries, and radiology reports to enrich risk 
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factor analysis. The inclusion of human-in-the-

loop AI will ensure that clinicians remain central 

to the diagnostic process, improving trust and 

accountability in automated systems. 

Finally, future work could explore the ethical 

and social dimensions of precision medicine 

powered by AI. Emphasis should be placed on 

model fairness, bias mitigation, and 

explainability to prevent healthcare disparities. 

Establishing global AI governance standards and 

transparent audit mechanisms will be crucial for 

responsible deployment in diverse healthcare 

settings. 

In summary, the future of this research lies in 

evolving from static comparative modeling 

toward a dynamic, distributed, intelligent 

precision healthcare ecosystem—one that learns 

continuously from global data, adapts to patient-

specific contexts in real time, and delivers 

transparent, equitable, and sustainable healthcare 

outcomes. 
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