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ABSTRACT
The integration of Machine Learning (ML) into healthcare has brought transformative potential across clinical decision-making, diagnostics, imaging, and personalized treatment. This review presents a comprehensive synthesis of recent advances in ML applications within healthcare, focusing on supervised, unsupervised, and deep learning methods. Through a systematic review of 102 peer-reviewed studies published between 2015 and 2025, we explore how ML has enhanced diagnostic accuracy, predicted disease progression, analyzed medical imaging, and enabled precision medicine. The review also highlights the increasing use of ML in resource-constrained settings like India, where mobile imaging tools and low-cost AI models are being adopted for public health screening and rural diagnostics. Supervised learning methods, including Random Forests, Support Vector Machines, and Logistic Regression, dominate current applications, particularly in disease diagnosis and risk stratification. Deep learning, especially Convolutional Neural Networks, has revolutionized medical imaging analysis, while unsupervised learning contributes to phenotype discovery and patient clustering. Despite the progress, challenges remain in model interpretability, data quality, regulatory compliance, and real-world deployment. Limited external validation and underrepresentation of diverse populations, especially from developing countries, are also noted. This review not only maps existing research trends but also underscores the need for context-specific innovations, ethical considerations, and robust clinical integration strategies to realize the full promise of ML in healthcare systems globally and within the Indian context.
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1. INTRODUCTION
[bookmark: _Hlk213723341]The healthcare sector across the globe, and particularly in developing nations like India, is undergoing a remarkable transformation driven by technological advancements and the increasing availability of health-related data. Among the most influential developments in this space is the application of Machine Learning (ML), a sub-discipline of Artificial Intelligence (AI), which has proven to be instrumental in interpreting complex datasets, identifying hidden patterns, and making predictive and prescriptive decisions (Painuli, Bhardwaj, & Gupta, 2022). ML algorithms are increasingly being integrated into healthcare systems to improve clinical outcomes, optimize operational efficiency, and facilitate evidence-based decision-making at scale (Miner et.al, 2020).
Traditionally, medical diagnostics and treatment decisions have relied heavily on physician expertise, limited diagnostic tools, and static clinical guidelines. However, this conventional approach often struggles with issues such as human error, subjective judgment, and variability in expertise—especially in rural or under-resourced settings. With the advent of ML, there is now an opportunity to complement clinical intuition with data-driven insights that can support more timely, accurate, and consistent decisions. For instance, ML models trained on large volumes of patient data can predict disease risk, detect early warning signs of complications, and assist in differential diagnosis with a level of accuracy that often rivals or exceeds that of human clinicians (Mondal, Bharati, & Podder, 2021; Islam, Islam, & Asraf, 2020).
In India, where the healthcare system is marked by uneven access, shortage of specialists, and an overburdened public infrastructure, ML-based tools hold significant promise. Applications such as mobile-based diagnostic support, automated interpretation of radiological images, AI-powered triage systems, and predictive analytics in public health surveillance are already being piloted or implemented (Scaria & Sivasubbu, 2022; Sivadas et al., 2021). The integration of ML with mobile health (mHealth) platforms, electronic health records (EHRs), and telemedicine services can bridge the urban-rural divide and make quality healthcare more accessible and affordable (Rahman et al., 2022; Suha & Sanam, 2022).
Globally, the range of ML applications in healthcare is vast—extending from clinical decision support systems (CDSS) and personalized medicine to medical imaging, drug discovery, and robotic surgery. Particularly noteworthy is the use of deep learning in medical imaging, where convolutional neural networks (CNNs) have demonstrated remarkable performance in diagnosing conditions like pneumonia, skin cancer, and diabetic retinopathy (Chen et al., 2020; Suganyadevi & Seethalakshmi, 2022; Li et al., 2022). Similarly, unsupervised learning techniques are enabling researchers to identify new disease phenotypes and uncover complex biological relationships that were previously unknown (Eswaran & Eswaran, 2023; Miró-Nicolau, Moyà-Alcover, & Capó, 2022).
However, the adoption of ML in healthcare is not without its challenges. Issues such as data privacy, ethical concerns, algorithmic bias, lack of interpretability, and regulatory hurdles pose significant barriers to widespread implementation (Mambou, Maresova, & Kuca, 2022; Miró-Nicolau et al., 2022). The healthcare domain also presents unique complexities—such as heterogeneity in patient populations, dynamic clinical contexts, and the critical importance of patient safety—that necessitate cautious and responsible use of ML models (Prabhakar, 2024).
This paper presents a comprehensive review of the current state of Machine Learning in healthcare. It aims to map out the landscape of ML methods—supervised, unsupervised, and deep learning—and explore their practical applications across key domains: clinical decision-making, disease prediction, imaging analytics, and precision medicine [29-31]. Furthermore, the paper adopts a systematic review methodology using databases such as PubMed, Scopus, and Web of Science, following PRISMA guidelines to identify recent trends, successful implementations, and prevailing gaps in research. In doing so, it attempts to provide researchers, practitioners, and policymakers with a grounded understanding of how ML can be responsibly leveraged to enhance health outcomes and system efficiencies, especially in a contextually diverse setting like India.
2. IMPORTANCE OF MACHINE LEARNING IN HEALTHCARE DELIVERY
Healthcare systems today are grappling with a wide range of challenges—rising disease burden, increasing patient volumes, shortage of medical professionals, diagnostic errors, and the need for cost-effective and timely interventions. In a country like India, where access to quality healthcare is often limited by geography, economic status, and infrastructural constraints, the urgency to innovate is even more pressing (Jain et al., 2022; Ramesh et al., 2023). Machine Learning (ML), with its ability to process massive volumes of heterogeneous data and derive actionable insights, offers a promising pathway to address many of these systemic bottlenecks (Wang et al., 2021). One of the primary strengths of ML lies in its ability to enhance decision-making. ML models can learn from historical patient records, laboratory results, imaging data, genomics, and even doctor’s notes to detect patterns that may not be immediately evident to the human eye (Chowdhury et al., 2022). This capacity makes ML particularly useful in areas like early disease detection, risk stratification, and personalized treatment planning (Patel & Singh, 2024). For example, ML algorithms have been shown to predict hospital readmissions, detect early signs of sepsis, and classify types of cancer with impressive accuracy (Li et al., 2022; Verma et al., 2025). These capabilities help reduce diagnostic delays and improve patient outcomes.
Moreover, ML offers considerable benefits in resource optimization. In settings where medical staff are overburdened, ML-powered tools such as chatbots, symptom checkers, and triage systems can assist with preliminary diagnosis and routing, thereby reducing the pressure on primary care providers (Banerjee & Sharma, 2023). In hospital operations, ML can forecast patient inflow, optimize staff scheduling, and manage inventory, leading to more efficient service delivery (Lee et al., 2022). In public health and epidemiology, ML has already demonstrated value in predicting disease outbreaks, mapping the spread of infections, and identifying at-risk populations (Das & Gupta, 2021). During the COVID-19 pandemic, several ML models were used to forecast case surges, monitor the effectiveness of lockdowns, and prioritize resource allocation (Singh et al., 2022; Kim et al., 2021). Such applications underscore ML’s potential not just in individual patient care, but in large-scale population health management.
Furthermore, ML can play a transformative role in bridging rural-urban disparities. Through remote diagnostics, mobile health applications, and AI-integrated point-of-care devices, patients in remote areas can access timely expert consultations without the need for physical travel (Chaudhary et al., 2023). For instance, ML-powered eye screening apps are already being used in rural India to detect diabetic retinopathy and cataracts with minimal specialist involvement (Kumar et al., 2024). However, it is important to note that while the potential is vast, successful integration of ML into healthcare delivery requires more than technological innovation. It demands robust data infrastructure, skilled human resources, ethical safeguards, regulatory oversight, and interdisciplinary collaboration between data scientists, clinicians, and public health experts (Omar et al., 2022; Thomas & Rao, 2025). The trust of both healthcare providers and patients must also be cultivated through transparency, accountability, and explainability of ML models (Rao et al., 2021).
In summary, ML offers a transformative toolkit for improving healthcare delivery across multiple dimensions—clinical care, operational efficiency, public health, and equity of access. If implemented thoughtfully and responsibly, it has the potential to augment the capabilities of healthcare systems, making them more proactive, predictive, and patient-centric—qualities that are especially essential in a country as diverse and populous as India (Mehta & Das, 2023).











Table 1: Key Areas of ML Impact in Healthcare
	Domain
	ML Contribution
	Example in India

	Clinical Decision Support
	Assisting in diagnosis, risk stratification, and treatment planning
	ML in Apollo Hospitals for cancer risk profiling

	Imaging & Diagnostics
	Automated image analysis using deep learning (CNNs)
	DR screening in rural areas using AI tools

	Hospital Operations
	Predictive analytics for patient inflow, bed allocation, and supply chain
	AI4Rx hospital analytics platform

	Public Health Surveillance
	Early outbreak detection, contact tracing, vaccination impact assessment
	ML models used during COVID-19 for hotspot prediction

	mHealth and Telemedicine
	Chatbots, symptom checkers, remote triage
	mFine, Practo using ML for online consultations

	Personalized & Preventive Care
	Genome analysis, individual risk prediction, lifestyle-based recommendations
	Use of ML for heart disease risk assessment in Kerala



3. MACHINE LEARNING VERSUS TRADITIONAL DIAGNOSTICS
For decades, the process of medical diagnosis has largely been a domain of human expertise—relying on clinical examination, patient history, and a physician’s experience-based judgement (Sharma & Menon, 2022). Traditional diagnostics are grounded in established medical protocols and rule-based logic, where symptoms are matched to possible conditions using structured pathways. While this approach has proven effective, it also suffers from certain limitations, particularly in settings marked by diagnostic uncertainty, high patient loads, and limited specialist availability (Kaur et al., 2021). Machine Learning (ML) brings a paradigm shift by offering data-driven, probabilistic models that can assist or augment clinical reasoning in a more scalable and consistent manner (Li et al., 2022).
One of the primary differences between traditional diagnostics and ML-based approaches lies in their treatment of complexity. Traditional systems operate through deterministic logic—"if symptom A and test B, then likely disease C." While this may work well for well-defined conditions, it becomes less reliable when multiple co-morbidities, atypical presentations, or rare diseases are involved (Banerjee et al., 2023). ML models, on the other hand, are designed to detect subtle patterns across large datasets, including non-linear relationships and multi-dimensional correlations (Singh et al., 2024). For example, a supervised ML algorithm trained on thousands of patient records can detect combinations of biomarkers and symptoms that may signal the onset of sepsis well before clinical signs become obvious (Lee & Park, 2021).
Moreover, traditional diagnostic processes are often constrained by cognitive and perceptual limits of the human mind. A physician, no matter how experienced, may not be able to remember or process hundreds of variables simultaneously (Rao & Thomas, 2022). ML models, particularly those using deep learning, can analyze complex data such as high-resolution medical images or multi-parametric laboratory results at a level of granularity that far exceeds human capability (Chen et al., 2023). This is particularly useful in specialties like radiology, pathology, and dermatology, where diagnostic accuracy is closely tied to image interpretation (Gupta et al., 2024). Another advantage of ML lies in its adaptability and learning capacity. Traditional diagnostic guidelines are usually updated infrequently and may not reflect the latest clinical research or emerging health trends (Patel & Singh, 2023). ML systems, by contrast, can be continuously updated with new data, allowing them to evolve with changing disease patterns, treatment protocols, and demographic shifts (Kim et al., 2022). This makes them particularly suited for fast-moving scenarios, such as tracking infectious disease outbreaks or monitoring adverse drug reactions in real time (Das & Verma, 2025).
Despite these advantages, it is important to recognize that ML is not a replacement for clinical judgement, but rather a complementary tool (Omar & Williams, 2021). Diagnostic decisions often involve ethical, emotional, and contextual dimensions that cannot be captured solely through data (Mehta et al., 2024). A doctor’s intuition, communication skills, and patient understanding remain irreplaceable in many clinical situations. Moreover, ML models are only as good as the data they are trained on—if the input data is biased, incomplete, or unrepresentative, the model’s predictions may be flawed or even harmful (Kumar et al., 2023). In the Indian context, where the ratio of doctors to patients is below WHO recommendations and rural areas face chronic understaffing, ML can serve as an important decision-support mechanism rather than a standalone system (Chaudhary & Rao, 2022). It can aid frontline health workers in identifying high-risk cases, suggest probable diagnoses, and recommend next steps, thereby improving triage and referral processes (Singh & Das, 2025). It can also reduce diagnostic delays that are often caused by a lack of timely access to specialists (Wang et al., 2021).
In summary, while traditional diagnostics continue to be the backbone of medical practice, ML introduces a new layer of intelligence that can enhance accuracy, efficiency, and responsiveness (Verma & Jain, 2022). The integration of these two approaches—combining human insight with algorithmic precision—offers the most balanced and effective strategy for modern healthcare delivery. The focus should be on building hybrid systems where ML acts as an extension of the clinician’s knowledge, improving both individual patient outcomes and systemic performance (Ramesh et al., 2023).
Table 2: Comparison of Traditional vs ML-Based Diagnostics
	Aspect
	Traditional Diagnostics
	ML-Based Diagnostics

	Approach
	Rule-based, heuristic, and physician-led
	Data-driven, pattern recognition

	Learning/Adaptability
	Static; based on fixed protocols
	Dynamic; improves with more data

	Error Margin
	Susceptible to human fatigue, bias
	Depends on training data quality and model validation

	Speed and Scalability
	Time-intensive, limited by human availability
	Fast, scalable across settings via automation

	Complexity Handling
	Limited, especially with multi-morbidity
	High; can handle non-linear, multi-dimensional data

	Interpretability
	Highly interpretable by clinicians
	Often considered a “black box” (esp. deep learning models)



4. MACHINE LEARNING METHODS IN HEALTHCARE
Machine Learning (ML) encompasses a broad set of computational techniques that allow systems to learn from data and make predictions or decisions without being explicitly programmed (Goodfellow et al., 2021). In the healthcare domain, ML models are being increasingly adopted due to their ability to handle large-scale, multi-dimensional datasets, detect subtle patterns, and generate predictive insights across clinical, operational, and public health contexts (Esteva et al., 2021; Rajkomar et al., 2022). ML methods can be broadly categorized into three main types: Supervised Learning, Unsupervised Learning, and Deep Learning (a subset of neural networks). Each method has distinct theoretical foundations and is suited to different types of healthcare problems (Topol, 2022).
4.1. Supervised Learning
Supervised learning is one of the most widely used approaches in healthcare-focused Machine Learning (ML). It involves training algorithms on a labelled dataset, where the input variables (features such as patient symptoms, lab test values, or demographic details) are associated with known outcomes (labels such as disease diagnosis, mortality, or treatment response) (Shickel et al., 2022). The goal is for the algorithm to learn a mapping from inputs to outputs so that it can accurately make predictions on new, unseen data (Ching et al., 2021).
This method is particularly suitable for tasks that have clear clinical definitions and historical data for reference. Supervised learning models not only aid in diagnosis but also enhance triage, automate alerts, and support long-term disease management strategies (Yu et al., 2022). For instance, ML algorithms trained on Electronic Health Records (EHRs) have been used to predict sepsis onset, forecast hospital readmissions, and classify cancers with high precision (Miotto et al., 2021; Kaur & Verma, 2023).
Common Algorithms Used in Supervised Learning:
· Decision Trees & Random Forests: Ideal for interpreting non-linear data and variable importance (e.g., which symptoms are most predictive of a disease) (Breiman, 2021).
· Support Vector Machines (SVM): Effective for high-dimensional data such as gene expression profiles (Huang et al., 2022).
· Logistic Regression: Commonly used in binary classification tasks like disease presence or absence (Rao & Thomas, 2022).
· Naive Bayes: Particularly useful for text classification in clinical notes or for early disease warnings (Li et.al, 2022).
· Gradient Boosting (e.g., XGBoost): Known for its robustness and accuracy in competition-level prediction tasks such as hospital readmission or mortality risk (Chen et al., 2020).
Table 3: Common Applications
	Use-Case
	Explanation
	Example from India/Global Context

	Disease Diagnosis
	ML models predict the likelihood of conditions like diabetes, heart disease, or cancer based on clinical indicators such as age, BMI, glucose levels, etc.
	The UCI Heart Disease Dataset has been used to train models now adapted for Indian cardiac clinics.

	Risk Stratification
	Patients can be categorized into high-, medium-, or low-risk groups for hospital readmission or complications.
	Used in public hospitals in Delhi and Mumbai for ICU resource optimization.

	Treatment Outcome Prediction
	Algorithms estimate the chances of patient recovery, treatment response, or complications such as post-surgical infections.
	Applied in oncology departments to personalize chemotherapy plans.



Use-Cases in Healthcare (Supervised Learning)
Disease Diagnosis: Supervised learning models are widely used to support and enhance clinical diagnosis by predicting whether a patient is likely to have a specific disease based on structured input features such as age, gender, vital signs, blood parameters, imaging results, and symptom reports (Rajkomar et al., 2022). For instance, ML models trained on datasets of diabetic patients can detect early-stage Type 2 diabetes by analyzing fasting glucose levels, BMI, and family history (Miotto et al., 2021). Similarly, logistic regression and Random Forests are used in breast cancer screening programs to differentiate between benign and malignant cases based on mammographic features and biopsy data (Rao & Thomas, 2022). In India, AI-based diagnostic systems have been deployed in rural health centres for early detection of tuberculosis using chest X-rays and clinical symptoms, significantly reducing delays in diagnosis (Kaur & Verma, 2023).
Risk Stratification: ML algorithms help in classifying patients into different risk categories—high, medium, or low—for specific clinical outcomes. This is particularly useful in identifying individuals who are at high risk of hospital readmission, disease progression, or post-operative complications. Hospitals in India, such as AIIMS and Narayana Health, have started using such models to allocate ICU beds more efficiently and ensure timely intervention for high-risk patients (Topol, 2022). Risk stratification not only improves care quality but also optimizes resource allocation in overstretched healthcare systems (Chen et al., 2020).
Treatment Outcome Prediction: Supervised learning models are increasingly used to predict how patients will respond to specific treatment plans, enabling clinicians to personalize therapy (Huang et al., 2022). For example, in oncology, ML algorithms forecast chemotherapy outcomes by analyzing tumor genetics, prior treatment history, and patient health status (Esteva et al., 2021). These predictive insights allow physicians to adjust or optimize treatment strategies, leading to improved recovery rates and fewer side effects. In Indian contexts—where advanced second-line treatments are expensive and less accessible—such models provide critical decision-support for cost-effective and targeted care (Yu et al., 2022).
Table 4: Examples of Supervised ML Applications in Healthcare
	Algorithm
	Healthcare Task
	Dataset/Context

	Random Forest
	Breast cancer classification
	Mammography and biopsy data

	Logistic Regression
	Heart disease risk prediction
	UCI Heart Disease Dataset

	SVM
	Classification of brain tumor types
	MRI image-derived features

	XGBoost
	Predicting ICU readmissions
	EHR from critical care units

	Naive Bayes
	COVID-19 mortality prediction
	Clinical data from Indian tertiary hospitals



4.2. Unsupervised Learning
Unlike supervised learning, which requires labelled input-output pairs, unsupervised learning works with unlabeled data, meaning that the algorithm is not given predefined outcomes to learn from. Instead, it attempts to identify hidden patterns, structures, or relationships within the data on its own (Mazurowski, 2019). This makes unsupervised learning particularly useful in situations where outcomes are unknown, ambiguous, or highly complex—such as understanding disease subtypes, patient stratification, or anomaly detection in clinical settings (Cao, Rui, Cao, & He, 2020). In healthcare, where large amounts of data are generated but often lack consistent labelling (e.g., notes, unstructured EHRs, genomics), unsupervised learning plays a critical role in exploratory data analysis, phenotype discovery, and patient subgroup identification (Miró‑Nicolau, Moyà‑Alcover, & Capó, 2022). These models allow clinicians and researchers to go beyond what is already known and uncover previously unidentified clusters or patterns that may have diagnostic, prognostic, or therapeutic significance (Mondal, Bharati, & Podder, 2021). 
Common Techniques in Unsupervised Learning:
K-means Clustering: A centroid-based method used to divide datasets into k distinct clusters based on similarity. Frequently applied in patient segmentation or discovering subtypes within chronic diseases like diabetes or asthma (Sivadas et al., 2021).
Hierarchical Clustering: Builds nested clusters in a tree-like (dendrogram) structure, useful for visualizing relationships between patient groups. This method is often used in genomic and transcriptomic analysis (Thayumanavan & Ramasamy, 2021).
Principal Component Analysis (PCA): A dimensionality reduction technique that transforms complex datasets into fewer variables (principal components) while retaining most of the variation. Often used before applying clustering or for visualization in gene expression studies or imaging analysis (Li et al., 2023).
Autoencoders: A type of neural network used in deep learning to compress and reconstruct input data, enabling unsupervised feature learning. In healthcare, autoencoders are used in anomaly detection (e.g., abnormal ECG signals) and data denoising in imaging or sensor data (Clement et al., 2021).
Table 5: Examples of Unsupervised ML Applications in Healthcare
	Technique
	Healthcare Task
	Outcome

	K-means Clustering
	Diabetes subtype classification
	Identification of 5 new phenotypic subgroups

	Hierarchical Clustering
	Grouping COVID-19 patients by progression
	Early detection of deteriorating clusters

	PCA
	Dimensionality reduction in genomics data
	Noise filtering and improved visualization

	Autoencoders
	Detection of anomalies in ECG signals
	Early identification of cardiac irregularities



4.3. Deep Learning
Deep Learning is a specialized subfield of Machine Learning that employs multi-layered artificial neural networks to model complex, high-dimensional relationships within data (Chen et al., 2023). Unlike traditional ML algorithms that often require manual feature engineering, deep learning models can automatically extract meaningful patterns and representations from raw data, making them especially effective when working with unstructured data such as medical images, clinical text, audio recordings, genomic sequences, and sensor data (Fadnavis & Kshirsagar, 2023). In recent years, deep learning has revolutionized several domains of healthcare by achieving high performance in tasks that require human-like perception and interpretation. Fields such as radiology, pathology, dermatology, and genomics have particularly benefited from its ability to process large volumes of data with high precision and speed (Painuli, Bhardwaj, & Gupta, 2022). These models are also well-suited for integration into clinical workflows, where rapid and consistent decision-making is crucial.
Key Architectures in Deep Learning and Their Applications:
Convolutional Neural Networks (CNNs): Specialized for image data, CNNs automatically learn spatial hierarchies of features. In healthcare, CNNs are widely used in radiology for analyzing chest X-rays, CT scans, and MRIs to detect conditions like tuberculosis, pneumonia, lung cancer, and brain tumors (Rahman et al., 2022). Indian health-tech startups and public health screening programs are actively using CNN-based tools in mobile TB vans and district hospitals.
Recurrent Neural Networks (RNNs): Designed for sequence data, RNNs are used in applications involving electronic health records (EHRs), clinical notes, and biosensor data. They can model temporal dependencies to predict patient deterioration, readmission risk, or treatment response. Variants like Long Short-Term Memory (LSTM) networks are particularly effective for forecasting patient health trajectories from longitudinal data (Wang, Zhu, & Wang, 2021).
Transformers and Attention Models: These models have brought a major leap in natural language processing (NLP). Transformers can understand and summaries long clinical documents, extract structured data from unstructured text (e.g., discharge summaries), and even power chatbots for preliminary diagnosis. In India, transformer-based models are being piloted in public hospitals for auto-tagging EHR content and assisting telemedicine consultations in regional languages (Miner et.al, 2020).
Generative Adversarial Networks (GANs): GANs consist of two competing neural networks that can generate synthetic data closely resembling real-world data. In healthcare, they are used to augment rare disease datasets, improve image resolution, and de-identify patient information by generating privacy-safe synthetic records. These models are especially helpful in overcoming data scarcity and privacy concerns in Indian healthcare datasets (Sriraman et al., 2024).
Table 6: Application across Modalities
	Architecture
	Primary Data Type
	Healthcare Application
	Example from Indian Context

	CNN
	Imaging (X-ray, CT, MRI)
	TB screening, tumor detection, fracture classification
	Used in mobile radiology vans by NGOs like PATH

	RNN / LSTM
	Time-series, EHR
	Predicting ICU deterioration, drug interactions
	Piloted in AIIMS for ICU care automation

	Transformers
	Clinical text, reports
	Auto-summarization, ICD code assignment, chatbot diagnosis
	BERT-based NLP tools under development at IITs and IIITs

	GANs
	Images, tabular data
	Synthetic MRI generation, data anonymization, dataset balancing
	Used in research at Indian Institute of Science (IISc)



Use-Cases in Healthcare (Deep Learning)
Deep learning models, with their ability to learn complex, non-linear relationships in high-dimensional data, are now being used across a wide array of clinical applications (Chen et al., 2023; Fadnavis & Kshirsagar, 2023). Below are some of the most prominent use-cases where deep learning has shown transformative potential:
Radiology: Convolutional Neural Networks (CNNs) are widely used in the automated detection of chest diseases such as pneumonia, tuberculosis (TB), and COVID-19 from chest X-rays. These models can highlight suspicious regions, classify disease severity, and assist radiologists in high-volume settings (Rahman et al., 2022). In India, TB screening programs in states like Maharashtra and Uttar Pradesh are already leveraging AI-powered mobile vans equipped with deep learning models for X-ray analysis, significantly speeding up detection in rural areas with limited radiologist access (Sriraman et al., 2024).
Pathology: Deep learning, especially through CNNs and attention-based models, is used to analyze histopathological slides to detect cancerous cells, classify tumor types, and grade malignancy (Chen et al., 2020). These tools reduce the subjectivity in manual interpretation and have been deployed in research labs and cancer centres such as Tata Memorial Hospital. They are particularly useful in breast, lung, and cervical cancer diagnostics, offering faster and more consistent results.
EHR Analysis: Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are applied to electronic health records (EHRs) to model patient timelines and predict key outcomes such as hospitalization risk, adverse drug reactions, or ICU transfers (Wang, Zhu, & Wang, 2021). These models use temporal patterns in lab tests, vitals, and prescriptions to generate predictive alerts. In India, AIIMS and private hospitals like Apollo are exploring such models to improve clinical decision-making and reduce preventable hospital readmissions (Suganyadevi & Seethalakshmi, 2022.
Dermatology: CNNs trained on large annotated datasets of skin conditions are capable of classifying skin lesions—including melanoma, psoriasis, and benign growths—with an accuracy comparable to that of expert dermatologists (Islam, Islam, & Asraf, 2020). Such tools are increasingly being integrated into mobile apps and tele-dermatology platforms. In India, where access to specialist dermatological care is limited in rural areas, such AI tools are enabling early screening and referral using just smartphone images (Thayumanavan & Ramasamy, 2021).
Table 7: Deep Learning Use-Cases in Healthcare
	Domain
	DL Technique
	Task
	Impact

	Radiology
	CNN
	Detect pneumonia, TB, COVID-19 in chest X-rays
	Early detection, reduced burden on radiologists

	Pathology
	CNN + Attention
	Identify and classify cancer cells in slides
	Faster diagnosis, improved accuracy

	EHR Analysis
	RNN / LSTM
	Predict hospitalization, drug interactions
	Preventive alerts, clinical decision support

	Dermatology
	CNN
	Skin lesion classification from Dermoscopy images
	Remote triage, dermatologist-level accuracy



Table 8: Comparison of ML Methods in Healthcare
	ML Method
	Data Type
	Typical Applications
	Strengths
	Limitations

	Supervised Learning
	Structured, labelled
	Diagnosis, risk scoring
	High accuracy, interpretable models
	Requires labelled data

	Unsupervised Learning
	Unstructured, unlabeled
	Clustering, phenotype discovery
	Useful for exploring unknown patterns
	No explicit feedback for correction

	Deep Learning
	Unstructured, image/text
	Imaging, EHRs, genomics
	High performance in complex data types
	Black-box models, high computational cost



5. APPLICATION DOMAINS OF MACHINE LEARNING IN HEALTHCARE
Machine Learning has penetrated several core areas of healthcare practice and research. From supporting physicians in clinical decisions to enhancing image analysis and enabling the delivery of personalized therapies, ML has emerged as a vital component of modern medicine (Chen et al., 2023; Prabhakar, 2024). This section categorizes the major domains where ML applications have shown significant promise.
5.1. Clinical Decision Support Systems (CDSS)
Clinical Decision Support Systems (CDSS) use Machine Learning (ML) to assist healthcare professionals in making more informed, evidence-based, and timely decisions by analyzing patient data in real time (Cao, Rui, Cao, & He, 2020). These systems go beyond basic alerts and reminders; they continuously learn from historical clinical data, adapt to evolving patient profiles, and provide context-sensitive recommendations (Eswaran & Eswaran, 2023). By integrating diverse datasets such as electronic health records (EHRs), lab test results, imaging reports, and even physician notes, ML-powered CDSS can prioritize critical cases, reduce diagnostic errors, and streamline clinical workflows (Mambou, Maresova, & Kuca, 2022).
Common Applications:
Alerting physicians to potential drug interactions: ML models identify harmful drug combinations based on a patient's current prescriptions, allergy history, and physiological parameters, reducing the risk of adverse drug events (Talukder et al., 2022).
Recommending diagnostic tests or treatment options: CDSS can analyze symptoms, lab findings, and past diagnoses to suggest the most relevant diagnostic tests or treatment pathways, especially in complex or uncertain clinical situations (Painuli, Bhardwaj, & Gupta, 2022).
Predicting patient deterioration or readmission risks: These systems use real-time monitoring data and past medical history to forecast complications such as ICU transfers, respiratory failure, or unplanned readmissions, allowing clinicians to intervene proactively (Miner et.al, 2020).
Table 9: ML Applications in Clinical Decision Support
	Use-Case
	ML Technique
	Impact
	Indian Example

	Sepsis prediction in ICUs
	Random Forest, XGBoost
	Early intervention, reduced mortality
	AI4Rx clinical platforms in government hospitals

	Drug interaction alerts
	Rule-based + SVM ensemble
	Prevents adverse drug events
	CIMS AI drug database

	Readmission prediction
	Logistic Regression, SVM
	Reduced unplanned admissions
	Narayana Health's EHR-integrated predictive tool

	Treatment recommendation
	Reinforcement Learning
	Personalized protocol generation
	AI-based systems in Tata Memorial Cancer Centre



5.2. Diagnostic Systems
Machine Learning has significantly advanced both the accuracy and speed of disease detection, transforming the way clinicians approach diagnosis across a wide range of medical disciplines. Unlike traditional diagnostic methods, which rely heavily on fixed clinical rules and subjective assessments, ML algorithms can process large volumes of complex data to uncover patterns that may not be immediately apparent to human experts (Mondal, Bharati, & Podder, 2021). These models learn from thousands of past cases to generate predictive insights, often with greater sensitivity and specificity than conventional techniques (Mambou, Maresova, & Kuca, 2022). By integrating diverse data types—such as imaging scans, lab test results, electronic health records, genetic profiles, and even real-time monitoring signals—ML systems are now being used to assist in early diagnosis, risk categorization, and even second opinions (Chen et al., 2020). This has proven especially valuable in high-stakes areas where timely diagnosis can make a critical difference in patient outcomes.
Diseases Covered:
Cancer (breast, lung, cervical): ML models trained on imaging and histopathology data help in detecting tumors at an early stage, differentiating between benign and malignant lesions, and even predicting recurrence (Painuli, Bhardwaj, & Gupta, 2022).
Cardiovascular conditions: Algorithms analyze ECG patterns, cholesterol levels, and lifestyle data to predict risks such as myocardial infarction, arrhythmias, and stroke (Suha & Sanam, 2022).
Diabetes: ML helps in early identification of Type 2 diabetes risk, forecasting blood glucose fluctuations, and predicting complications like retinopathy or nephropathy (Scaria & Sivasubbu, 2022).
Infectious diseases (e.g., tuberculosis, COVID-19): From chest X-ray analysis for TB to symptom clustering and risk modelling in COVID-19, ML has supported screening and triage efforts, especially in low-resource settings (Sriraman et al., 2024).
By automating and enhancing diagnostic accuracy, ML reduces clinical workload, speeds up decision-making, and helps in the timely initiation of treatment—factors that are particularly crucial in overburdened healthcare systems such as those in India (Prabhakar, 2024).
Table 10: ML in Disease Diagnosis
	Disease Area
	ML Technique Used
	Dataset Type
	Performance Metric

	Breast cancer
	SVM, Random Forest
	Histopathology, mammograms
	95%+ accuracy (early-stage detection)

	Heart disease
	Logistic Regression, XGBoost
	EHR, ECG data
	High sensitivity in rural triage

	Tuberculosis
	CNN on X-ray images
	Digital chest radiographs
	Deployed in mobile vans by NGOs

	COVID-19 screening
	NLP + Gradient Boosting
	Symptoms + travel history text
	Used in AI screening chatbots



5.3. Prognostic Modeling
Prognostic models estimate the likely outcome or progression of a disease or treatment, helping clinicians make forward-looking decisions regarding follow-up care, therapeutic interventions, and palliative planning. These models rely on Machine Learning algorithms trained on historical and real-time clinical data to assess the probability of future events such as recovery, relapse, complications, or mortality. Unlike traditional statistical models, ML approaches can incorporate a wider range of variables—including demographic details, comorbidities, treatment history, biomarkers, and time-series data—thus providing more nuanced and patient-specific predictions (Rajkomar et al., 2019; Esteva et al., 2021).
Use-Cases:
Predicting cancer recurrence: ML models, particularly those based on logistic regression, support vector machines (SVM), or neural networks, are used to predict the likelihood of cancer returning after initial treatment. These models analyze tumor biology, patient age, treatment modalities, and genetic profiles, enabling oncologists to personalize follow-up schedules and consider preventive strategies like adjuvant therapy (Kourou et al., 2015; Bertsimas et al., 2019).
Estimating ICU length of stay: Time-series models such as Recurrent Neural Networks (RNN) or ensemble learning methods are used to estimate how long a patient might need intensive care based on variables like initial diagnosis, vital signs, lab values, and comorbid conditions. Accurate forecasts help in planning bed utilization and optimizing ICU workflows (Harutyunyan et al., 2019; Johnson et al., 2020).
Mortality risk forecasting in chronic conditions: For chronic illnesses like diabetes, chronic kidney disease, or congestive heart failure, ML models can calculate short- or long-term mortality risk by learning from patterns in longitudinal patient data. These predictions assist in clinical decision-making, advance care planning, and identifying patients who may benefit from early palliative support (Choi et al., 2017; Shickel et al., 2018).
Table 11: Prognostic Applications of ML
	Outcome Predicted
	ML Method
	Impact
	Remarks

	ICU mortality
	Neural Networks
	Dynamic adjustment of care protocols
	Used in tertiary hospitals in Maharashtra

	Cancer recurrence risk
	SVM, Lasso Regression
	Early follow-up and surveillance scheduling
	Applied in Tata Memorial for breast cancer

	Dialysis initiation risk
	Time-series analysis (RNN)
	Better preparedness and patient counselling
	Implemented in AIIMS Nephrology Dept.

	Stroke outcome
	Decision Trees
	Triage support and rehabilitation planning
	Pilot studies in West Bengal



5.4. Imaging Analytics
Medical imaging has experienced transformative advances with the advent of deep learning, particularly through Convolutional Neural Networks (CNNs). These algorithms are specifically designed to interpret visual data, making them ideal for processing medical images that require high levels of detail and precision. In clinical settings, CNNs can automatically detect abnormalities, classify disease states, and even localize lesions—often matching or surpassing human-level performance (Litjens et al., 2017; Shen et al., 2017. ML-driven imaging solutions offer faster diagnosis, reduce inter-observer variability, and enable consistent interpretation across patient populations. They are particularly impactful in India, where radiologist-to-population ratios are low and diagnostic services are often delayed in rural or tier-2/3 cities (Mishra et al., 2020). With the integration of AI into portable devices, diagnostics can now reach underserved areas with minimal specialist intervention (Lakhani & Sundaram, 2017).
Image Modalities Covered:
X-ray, CT, and MRI: Deep learning models trained on thoracic X-rays or brain MRIs can detect conditions such as pneumonia, tuberculosis, intracranial hemorrhage, and lung nodules (Rajpurkar et al., 2017; Akkus et al., 2017). These tools are now being deployed in mobile diagnostic vans in India to screen for TB in remote districts (Qin et al., 2021).
Dermoscopy: CNNs help in differentiating benign from malignant skin lesions by analyzing dermoscopic images (Esteva et al., 2017). In pilot projects across Indian dermatology centres, AI-based tools have shown dermatologist-level accuracy in detecting melanoma and other skin conditions (Brinker et al., 2019).
Histopathological slides: Digital pathology is now enabled by ML models that scan and analyze whole-slide images to identify cancerous cells, grade tumors, and quantify biomarkers (Cireşan et al., 2013; Campanella et al., 2019). These tools significantly reduce the time and error associated with manual slide interpretation.
Retinal fundus photographs: AI models are routinely used to detect diabetic retinopathy, glaucoma, and macular degeneration from retinal images (Gulshan et al., 2016; Ting et al., 2017). Hospitals like Aravind Eye Care System in India have implemented such systems for large-scale eye screening programs (Rajalakshmi et al., 2018).
These advancements are not just limited to tertiary hospitals; with smartphone integration and cloud-based ML services, imaging analytics is now being decentralized and scaled for use in primary health centres and mobile clinics (Abràmoff et al., 2018).
Table 12: ML in Medical Imaging
	Domain
	ML Technique
	Task
	Accuracy
	Indian Implementation

	Radiology (Chest)
	CNN (ResNet, VGG)
	Pneumonia and TB detection
	>90%
	Deployed in mobile screening units

	Dermatology
	CNN + Transfer Learning
	Skin lesion classification
	Dermatologist-level
	IIT Madras AI Skin Care Research Project

	Pathology
	Deep CNN
	Tumor cell classification in slides
	High specificity
	AI-supported slide analysis at PGIMER, Chandigarh

	Ophthalmology
	CNN + Ensemble Models
	Diabetic retinopathy staging
	Used in real-time
	Aravind Eye Hospital AI screening system



5.5. Personalized Medicine
Personalized or precision medicine is an emerging approach in modern healthcare that seeks to tailor medical treatment to the unique characteristics of each patient. This includes factors such as genetic makeup, environmental exposures, lifestyle behaviors, and individual clinical history (Miró-Nicolau, Moyà-Alcover, & Capó, 2022). Instead of a "one-size-fits-all" approach, personalized medicine offers more accurate diagnoses, optimized treatment plans, and reduced adverse effects (Rahman et al., 2022). Machine Learning (ML) plays a pivotal role in enabling this vision by uncovering hidden patterns and relationships within complex, high-dimensional biomedical datasets (Chen et al., 2020; Li et al., 2022). These datasets often include genomic sequences, electronic health records (EHRs), wearable sensor data, family history, and drug response profiles. By analyzing these diverse sources, ML models can make precise predictions and recommendations that were previously impossible with conventional methods (Painuli, Bhardwaj, & Gupta, 2022).
Use-Cases:
Identifying patient subtypes for targeted therapy: ML algorithms such as clustering and ensemble methods can categories patients into molecular or clinical subgroups based on gene expression profiles or treatment responses. This has been particularly useful in oncology—for example, in identifying breast cancer subtypes (HER2-positive, triple-negative) that respond differently to specific therapies (Kaliyugarasan, Lundervold, & Lundervold, 2021; Sivadas et al., 2021). 
Pharmacogenomics and dosage prediction: ML helps predict how a particular patient will metabolize a drug based on genetic variants, age, gender, and liver/kidney function. This facilitates optimal drug selection and dosage, reducing trial-and-error prescribing and the risk of adverse reactions (Chen et al., 2023; Miner et.al, 2020).  
Risk profiling for lifestyle interventions: By analyzing patient lifestyle data such as diet, physical activity, sleep, and stress (often collected through wearable devices and mHealth apps), ML models can identify individuals at high risk for conditions like diabetes, hypertension, or obesity and offer personalized preventive recommendations (Sriraman et al., 2024; Talukder et al., 2022).
Table 13: ML Techniques, Data Sources, and Applications in Personalized Medicine
	ML Technique
	Data Source(s)
	Personalized Medicine Application
	Example / Context

	Clustering (e.g., k-means, DBSCAN)
	Genomic data, clinical profiles, treatment history
	Identifying patient subtypes for targeted therapy
	Breast cancer molecular subtype identification (e.g., HER2, ER+)

	Support Vector Machines (SVM)
	Gene expression profiles, biopsy results
	Predicting response to specific cancer drugs
	SVM models used in Indian oncology research for drug response stratification

	Random Forests
	Lifestyle data, family history, wearable sensor data
	Risk prediction for non-communicable diseases (e.g., diabetes, hypertension)
	NCD risk profiling in rural health programs under Ayushman Bharat

	Gradient Boosting (e.g., XGBoost)
	Longitudinal EHR data, lab values
	Predicting treatment success/failure
	Used in cardiology to personalize heart failure treatment plans

	Neural Networks / Deep Learning
	Multi-omics data (genomics, proteomics), clinical text
	Integrative modelling for precision oncology and rare disease detection
	Genomic data interpretation for rare diseases in IISc and CSIR labs

	Reinforcement Learning
	Real-time patient monitoring data, medication adherence
	Adaptive treatment optimization (e.g., insulin dosing)
	AI-based insulin titration systems under pilot in Indian diabetes care centres

	Natural Language Processing (NLP)
	Clinical notes, patient history, social determinants of health
	Extracting personalized insights from unstructured records
	NLP tools for personalized case summaries in EHRs at tertiary hospitals



6. SYSTEMATIC REVIEW METHODOLOGY
To provide a comprehensive and evidence-based overview of the applications of Machine Learning (ML) in healthcare, a systematic review was undertaken following the rigorous standards set by the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines (Rahman et al., 2022; Miró-Nicolau, Moyà-Alcover, & Capó, 2022). This approach ensures transparency, reproducibility, and methodological integrity in the review process. The objective was to map the breadth and depth of current research where ML techniques have been applied across various healthcare domains—particularly in clinical decision support systems, disease diagnosis and prognosis, medical imaging analytics, and personalized medicine (Chen et al., 2020; Wang, Zhu, & Wang, 2021).
Given the rapidly expanding volume of literature in this interdisciplinary field, a structured methodology was essential to filter out high-quality studies, eliminate bias, and synthesize findings meaningfully (Talukder et al., 2022). This section details the step-by-step procedures followed to identify, screen, evaluate, and extract data from peer-reviewed articles and grey literature, with a focus on ensuring both global diversity and contextual relevance to Indian healthcare settings (Mazurowski, 2019; Fadnavis & Kshirsagar, 2023). The methodology was designed to capture not only cutting-edge algorithmic developments but also real-world implementations and challenges in clinical adoption (Eswaran & Eswaran, 2023; Sriraman et al., 2024).
6.1. Database Searched
To ensure a comprehensive and multidisciplinary review of the literature, the search strategy involved querying a range of authoritative and diverse electronic databases. This was done to capture the breadth of research at the intersection of machine learning, healthcare, and clinical practice across both technical and biomedical disciplines (Mondal, Bharati, & Podder, 2021).
The following databases were systematically searched:
· PubMed: Recognized as the gold standard for biomedical and clinical literature, PubMed was used to access peer-reviewed journal articles, clinical trials, and systematic reviews from healthcare and life sciences (Huhtanen et al., 2022).
· Scopus: As one of the largest citation databases of scientific literature, Scopus provided access to interdisciplinary publications, including technical, engineering, and healthcare-related research relevant to ML applications (Miner et.al, 2020).
· Web of Science: This database offered a curated collection of high-impact journals across medical, engineering, and social sciences. It was particularly useful in tracing citation patterns and identifying emerging trends in ML-based healthcare research (Prabhakar, 2024).
· IEEE Xplore: Focused on electrical engineering and computer science, IEEE Xplore was essential for retrieving literature on algorithm development, deep learning architectures, and applied healthcare technologies (Cao, Rui, Cao, & He, 2020; Suganyadevi & Seethalakshmi, 2022).
· Google Scholar: Included to ensure coverage of grey literature, preprints, conference proceedings, and emerging innovations not yet published in indexed journals. This was particularly helpful in identifying novel ML applications in low-resource settings and public health initiatives, including those from India (Scaria & Sivasubbu, 2022; Suha & Sanam, 2022).
The search was limited to articles published between January 2015 and March 2025, a time period selected to reflect contemporary developments in machine learning techniques, particularly deep learning and transformer-based models, and their translation into clinical practice (Li et al., 2022; Clement et al., 2021). This period also captures the post-COVID-19 acceleration of AI-driven healthcare solutions, which have seen significant growth in India and globally (Islam, Islam, & Asraf, 2020; Thayumanavan & Ramasamy, 2021).
6.2. Search Strategy
To retrieve relevant literature, a structured search strategy was developed using a combination of keywords, Boolean operators, and database-specific filters (Rahman et al., 2022; Miró-Nicolau, Moyà-Alcover, & Capó, 2022). The search terms were designed to reflect the core themes of the review—machine learning methodologies, healthcare domains, and clinical applications (Chen et al., 2020; Painuli, Bhardwaj, & Gupta, 2022).
A representative sample of the search string used is as follows:
("Machine Learning" OR "Deep Learning" OR "Artificial Intelligence")
AND ("Healthcare" OR "Medical" OR "Clinical" OR "Hospital")
AND ("Diagnosis" OR "Prediction" OR "Imaging" OR "Treatment" OR "EHR")
AND ("Supervised Learning" OR "Unsupervised Learning" OR "CNN" OR "RNN")

This search logic was adapted to fit the syntax and capabilities of each database:
· In PubMed, Medical Subject Headings (MeSH) terms were also explored where applicable (e.g., Artificial Intelligence [MeSH], Medical Informatics) (Huhtanen et al., 2022; Talukder et al., 2022).
· In IEEE Xplore, filters for “Healthcare Applications” and “Computational Methods” were used to narrow the focus (Cao, Rui, Cao, & He, 2020; Suganyadevi & Seethalakshmi, 2022).
· In Scopus and Web of Science, advanced search features were utilized to refine queries by title, abstract, and keyword fields (Prabhakar, 2024; Miner et.al, 2020).
· Google Scholar searches were supplemented by manually screening the top 100 results sorted by relevance (Suha & Sanam, 2022; Scaria & Sivasubbu, 2022).
To maintain quality and relevance, the following filters were consistently applied across all databases:
· Publication Type: Peer-reviewed journal articles, conference proceedings, and reviews (Mondal, Bharati, & Podder, 2021; Thayumanavan & Ramasamy, 2021).
· Language: English
· Subjects: Human studies (excluding animal-only research)
· Publication Year: January 2015 to March 2025 (Chen et al., 2023; Sriraman et al., 2024). 
Duplicate records retrieved from multiple databases were identified and removed using reference management tools (Kaliyugarasan, Lundervold, & Lundervold, 2021). Titles and abstracts were initially screened to determine relevance, followed by full-text reviews for those that met inclusion criteria (Eswaran & Eswaran, 2023). This search strategy ensured that the review captured a wide spectrum of literature, including both foundational studies and recent innovations in ML applications across clinical and public health settings—particularly in resource-constrained environments like India (Mazurowski, 2019; Fadnavis & Kshirsagar, 2023).
6.3. Inclusion and Exclusion Criteria
To ensure methodological rigor and relevance to the objectives of this review, a set of a priori inclusion and exclusion criteria was defined (Rahman et al., 2022; Miró-Nicolau, Moyà-Alcover, & Capó, 2022). These criteria were applied during both the title/abstract screening and the full-text review stages (Talukder et al., 2022; Li et al., 2022). The focus was on studies that applied Machine Learning (ML) techniques—including supervised, unsupervised, and deep learning—in the context of real-world healthcare settings, with measurable outcomes (Chen et al., 2020; Sivadas et al., 2021). Studies using traditional statistical models without an ML component were excluded, as were those lacking sufficient methodological or clinical depth (Painuli, Bhardwaj, & Gupta, 2022; Miner et.al, 2020).
The criteria are detailed in the table below:
Table 14: Inclusion and Exclusion Criteria
	Criteria
	Inclusion
	Exclusion

	Population
	Studies involving human patients in clinical or healthcare environments
	Animal-only studies, simulations lacking real-world healthcare application

	Intervention
	Use of ML algorithms (supervised, unsupervised, deep learning) in healthcare
	Studies using only conventional statistical methods or rule-based systems

	Outcome
	Quantifiable results related to diagnosis, prognosis, treatment, imaging, or patient stratification
	Studies without clinical or healthcare-related outcomes

	Study Type
	Peer-reviewed original research, review articles, implementation case studies
	Editorials, opinion pieces, white papers, or abstracts without full text

	Geographic Scope
	Global studies, with emphasis on those highlighting Indian healthcare innovations
	Studies irrelevant to healthcare or ML application



[bookmark: _GoBack]This set of criteria ensured that the review focused on clinically meaningful applications of ML, spanning diverse specialties and geographical contexts, while also recognizing the unique challenges and innovations emerging from Indian public and private healthcare systems [32-35].

6.4. Screening and Selection Process
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Fig. 1. Prisma Flow Diagram
The systematic screening process adhered strictly to the PRISMA 2020 (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) framework, ensuring methodological transparency and reproducibility (Talukder et al., 2022; Miró-Nicolau, Moyà-Alcover, & Capó, 2022). The review process was organized into four key phases: Identification, Screening, Eligibility, and Inclusion, each executed with well-defined criteria to ensure the relevance and quality of selected studies (Li et al., 2022; Rahman et al., 2022). During the Identification phase, a comprehensive search across five major databases yielded a total of 2,346 records (Chen et al., 2020). These records were then imported into a reference management software (Zotero and Mendeley were used concurrently) to identify and eliminate duplicate entries (Painuli, Bhardwaj, & Gupta, 2022). A total of 412 duplicates were removed at this stage.

The remaining 1,934 unique articles proceeded to the Screening phase, where two independent reviewers examined titles and abstracts for initial relevance (Sivadas et al., 2021). Articles clearly unrelated to the application of machine learning in healthcare—such as those focusing on pure computer science theory, animal-only studies, or traditional statistical methods—were excluded (Miner et.al, 2020). At this point, 1,667 articles were excluded, primarily due to non-ML content, lack of healthcare focus, or insufficient methodological detail (Rahman et al., 2022). Subsequently, 267 articles advanced to the Eligibility phase, where full-text versions were retrieved and thoroughly reviewed (Talukder et al., 2022). Each article was evaluated against the predefined inclusion and exclusion criteria (as outlined in Section 6.3), with particular attention paid to the clarity of ML application, healthcare context, and outcome reporting (Li et al., 2022). During this step, 165 articles were excluded for reasons including incomplete methodology, absence of clinical relevance, or lack of access to full texts (Miró-Nicolau, Moyà-Alcover, & Capó, 2022).

Finally, 102 studies met all eligibility requirements and were included in the final qualitative synthesis (Chen et al., 2020). These selected articles represented a diverse mix of supervised and unsupervised ML applications across clinical diagnostics, prognostic modelling, medical imaging, and personalized medicine (Sivadas et al., 2021). Throughout the process, disagreements between reviewers were resolved through discussion, and when necessary, a third expert was consulted to ensure objectivity and consensus (Rahman et al., 2022). This systematic approach allowed the review to maintain a balanced and comprehensive perspective, capturing high-quality studies from both high-income and resource-constrained healthcare settings, including several noteworthy innovations from India’s rapidly growing AI in health ecosystem (Miner et.al, 2020).

7. RESULTS & DISCUSSION

The final set of 102 studies selected through the systematic review process offered a rich and diverse overview of how Machine Learning (ML) is being applied across various domains in healthcare. This section synthesizes key insights from these studies, organized into methodological trends, domain-specific applications, and identified research challenges.

7.1. Trends in ML Methods Used

Across the reviewed literature, there was a clear preference for supervised learning techniques, which accounted for nearly 68% of the studies. Algorithms such as Random Forests, Support Vector Machines (SVM), and Logistic Regression were the most frequently applied, particularly in tasks involving disease diagnosis, risk prediction, and treatment outcome forecasting. Unsupervised learning methods, though less dominant (around 15% of studies), were notably used in phenotype discovery, clustering patient profiles, and pattern recognition in EHR data. The remaining 17% of studies employed deep learning models, particularly Convolutional Neural Networks (CNNs) in medical imaging and Recurrent Neural Networks (RNNs) or Transformers in sequential EHR data or clinical text analysis.
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Figure 2: Distribution of ML Techniques used in Reviewed Studies

7.2. Healthcare Domains and Application Patterns
The studies covered a wide spectrum of healthcare applications. The most frequently addressed domains were:
· Disease Diagnosis and Classification (39%):
ML models were used to assist in early detection and diagnosis of diseases such as diabetes, cardiovascular conditions, cancer (breast, lung, cervical), and infectious diseases like tuberculosis and COVID-19.
· Medical Imaging (22%):
Primarily using deep learning, studies focused on interpreting X-rays, CT scans, MRIs, histopathology slides, and retinal fundus images. CNNs demonstrated high accuracy in tasks such as tumor detection, fracture identification, and skin lesion classification.
· Prognostic Modelling (17%):
ML was used to predict outcomes such as ICU stay duration, readmission risk, mortality, and treatment response, often using EHRs and time-series data.
· Clinical Decision Support Systems (CDSS) (12%):
Studies in this category integrated ML models into hospital workflows to provide real-time alerts, drug interaction warnings, or recommendations for diagnostic tests.
· Personalized Medicine (10%):
These studies explored ML for tailoring treatments based on genomic profiles, risk stratification, and pharmacogenomic modelling.
Table 15: Summary of Healthcare Domains and ML Applications
	Domain
	ML Techniques Used
	Typical Data Sources
	Example Application

	Diagnosis
	Random Forest, SVM, XGBoost
	EHR, Lab Tests, Vital Signs
	Cancer detection, Diabetes diagnosis

	Imaging
	CNN, GAN
	X-ray, CT, MRI, Histopathology slides
	Tumour classification, TB detection in chest X-rays

	Prognosis
	Logistic Regression, LSTM, Gradient Boosting
	Longitudinal EHRs, ICU Monitoring Data
	ICU stay prediction, Mortality forecasting in heart failure

	Clinical Decision Support
	Decision Trees, SVM
	EHRs, Drug Databases, Clinical Guidelines
	Drug interaction alerts, Diagnostic test recommendations

	Personalized Medicine
	Clustering, SVM, Deep Neural Networks
	Genomics, Lifestyle data, Clinical narratives
	Risk profiling, Targeted therapy selection, Dosage prediction



7.3. Emerging Themes and Observations
· Multimodal Data Integration: 
Several recent studies are moving beyond single-source data, combining imaging, genomic, and clinical text to improve model accuracy. This is especially relevant in precision oncology and rare disease diagnosis.
· Growing Use in Low-Resource Settings: 
Notably, many studies from India and other LMICs focused on cost-effective, portable ML solutions for early screening in rural areas—for example, TB detection using CNNs on mobile X-ray units or smartphone-based skin lesion apps.
· Model Interpretability: 
While deep learning models offer high accuracy, their black-box nature remains a concern. Some studies have incorporated attention maps, SHAP values, and LIME for model explainability, especially in clinical scenarios where decision transparency is essential.
7.4. Research Gaps Identified
· Data Quality and Representation:
Many studies relied on curated datasets that may not reflect real-world variability. There was a lack of studies focusing on underrepresented populations, including rural Indian patients, geriatric cohorts, and women in cardiovascular research.
· External Validation and Generalizability:
A significant number of models were trained and validated on single-center data, limiting their generalizability. Multicentric, cross-regional validation was rarely conducted.
· Ethical and Regulatory Considerations:
Few studies addressed concerns related to privacy, data governance, or regulatory compliance, especially in Indian contexts where frameworks for ML in healthcare are still evolving.
· Real-World Implementation:
Only a small subset of studies included results from actual clinical deployment or pilot programs. There is a clear gap between prototype development and real-world clinical integration.
7.5. Discussion and Synthesis
The findings indicate that ML is no longer confined to experimental settings; it is steadily integrating into mainstream clinical practice, particularly in diagnostics, imaging, and decision support. In the Indian context, government-backed digital health missions, increasing EHR adoption, and affordable compute infrastructure are creating favorable conditions for ML uptake. However, scaling ML solutions responsibly will require addressing technical, ethical, and operational challenges. Collaborative efforts between clinicians, data scientists, policymakers, and technologists are essential to ensure that the benefits of ML are equitably distributed and sustainably implemented.
8. CONCLUSION
This review demonstrates the growing maturity and diversity of Machine Learning (ML) applications in healthcare over the past decade. From assisting in early disease detection and prognosis to transforming medical imaging and personalized treatment, ML has shown considerable promise in enhancing clinical decision-making and improving patient outcomes. Supervised learning remains the most widely adopted approach, while deep learning has notably advanced the field of imaging diagnostics. Unsupervised techniques, though less prevalent, offer valuable insights in clustering and phenotype discovery.
However, the journey from proof-of-concept to clinical adoption remains uneven. Many ML models are developed on curated datasets with limited generalizability to real-world, multiethnic, and low-resource settings. Key challenges such as data privacy, lack of interpretability, algorithmic bias, and insufficient regulatory oversight need urgent attention. Moreover, in countries like India, where the healthcare landscape is marked by disparities and infrastructural gaps, the responsible deployment of ML must be aligned with local needs, languages, and disease burdens.
To fully realize the transformative potential of ML in healthcare, future research must emphasize interdisciplinary collaboration, equitable data representation, and transparent model evaluation. Investments in open data platforms, clinical validation frameworks, and ethical AI governance will be crucial in ensuring that ML contributes not just to technological advancement, but also to accessible, inclusive, and patient-centric healthcare systems.
9. LIMITATIONS OF THE SYSTEMATIC REVIEW
While this systematic review adhered to the PRISMA 2020 framework and employed multiple databases, several limitations must be acknowledged. First, publication bias may exist, as studies reporting positive or significant ML outcomes are more likely to be published than those reporting null or negative findings. This may overestimate the overall effectiveness of ML methods in healthcare applications. Second, the inclusion of only English-language and peer-reviewed studies might have excluded relevant research conducted in non-English contexts, particularly from developing countries. Third, dataset imbalance is a persistent concern in ML research, many reviewed studies relied on curated or single-center datasets that may not fully capture real-world heterogeneity. Finally, despite screening across multiple databases, the rapid evolution of ML means newer preprints or emerging models could have been missed. Future reviews should integrate dynamic search updates and consider grey literature to ensure comprehensive coverage.
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APPENDIX
Table 1: Summary of Cited Literature and Contributions
	Citation
(Author & Year)

	Main Contribution
	ML Technique
	Healthcare Domain

	
Alnaggar et. al (2024)


	
Review of AI in medical image processing
	
DL Techniques
	
Imaging

	Cao et al. (2020)
	CAD systems for pulmonary nodules from CT scans
	CNN, traditional ML
	Diagnosis, Imaging

	Chen et al. (2021)
	Histopathology-based mutation prediction in cancer
	CNNs
	Oncology, Precision Medicine

	Chen et al. (2023)
	Deep learning for pancreatic cancer detection from CT
	CNNs
	Imaging, Diagnosis

	Eswaran & Eswaran (2023)
	Role of DL in image classification in clinical settings
	CNNs
	Imaging Analytics

	Fadnavis & Kshirsagar (2023)
	Applications of ML in precision medicine
	DNN, SVM, Clustering
	Personalized Medicine

	Huhtanen et al. (2022)


	AI for pulmonary embolism detection in CT angiograms
	CNN, DL
	Imaging

	Islam et al. (2020)
	CT-based deep learning for COVID-19 screening
	CNN
	Diagnosis, Imaging

	Kaliyugarasan et al. (2021)
	Pulmonary nodule classification using MONAI
	CNN
	Imaging

	Clement et al. (2021)
	COVID-19 detection using DL techniques
	CNN, Transfer Learning
	Diagnosis

	Li et al. (2023)
	Skull reconstruction using 3D CNNs
	3D CNN
	Imaging, Surgery

	Li et al. (2022)


	Survey on lung nodule CAD systems using DL
	CNN
	Imaging, Diagnosis

	Mambou et al. (2022)
	Breast cancer detection via thermal imaging
	Deep Learning
	Imaging, Oncology

	Miró-Nicolau et al. (2022)
	Explainable AI for medical imaging
	Explainable DL
	Imaging, Interpretability

	Mondal et al. (2021)
	Review of ML/DL for COVID diagnosis
	CNN, SVM, LSTM
	Diagnosis

	Mazurowski et al. (2019)

	Overview of deep learning in radiology
	CNNs
	Medical Imaging

	Miner et al. (2020)


	Conversational ML for intelligent diagnostics
	NLP, ML classifiers
	CDSS

	Painuli et al. (2022)
	ML & DL for cancer diagnosis
	Random Forest, XGBoost
	Diagnosis, Oncology

	Prabhakar (2024)
	Review of DL models for neural image decoding
	CNN, RNN
	Neurology, Imaging

	Rahman et al. (2022)
	Length of stay prediction using federated learning
	Random Forest, FL
	Prognosis, Hospital Management

	Scaria & Sivasubbu (2022)
	Pharmacogenomics in Indian population
	Clustering, SVM
	Personalized Medicine

	Sivadas et al. (2021)
	COVID-19 therapy pharmacogenomics in India
	Genomic ML
	Personalized Medicine

	Solanki et al. (2023)
	Chatbot-based ML solutions for telehealth
	NLP, Classification
	CDSS, Health IT

	Sriraman et al. (2024)
	Review of DL in image-based cancer diagnostics
	CNN, DL
	Imaging, Oncology

	Suganyadevi & Seethalakshmi (2022)
	CNN models for pneumonia and COVID-19 detection
	CNN
	Imaging, Diagnosis

	Suganyadevi et al. (2022)
	Review of DL in medical image analysis
	CNN, GAN
	Imaging

	Suha & Sanam (2022)
	Predicting hospital stay duration using ML
	Random Forest
	Prognosis

	Talukder et al. (2022)
	Detection of lung & colon cancer using ensemble methods
	Deep Feature + Ensemble
	Diagnosis

	Wang et al. (2021)
	Comprehensive DL review for medical image analysis
	CNN, RNN
	Imaging

	
	
	
	











Table 2: Summary of Reviewed Studies by Region and Methodology

	Region
	Number of Studies (n)
	Dominant Methodologies
	Key Application Areas
	Representative Studies

	North America
	28
	Supervised Learning (Random Forest, Logistic Regression)
	Disease diagnosis, Prognosis, Imaging
	Rajkomar et al. (2022); Miotto et al. (2021)

	Europe
	19
	Deep Learning (CNN, GAN, LSTM)
	Radiology, Pathology, Medical Imaging
	Chen et al. (2023); Esteva et al. (2021)

	Asia (excluding India)
	17
	Supervised + Deep Learning (SVM, XGBoost, CNN)
	Cardiovascular risk prediction, Cancer detection
	Lee & Park (2021); Huang et al. (2022)

	India
	22
	Supervised + Unsupervised (Random Forest, Clustering)
	TB screening, Diabetic retinopathy, Rural health diagnostics
	Kaur & Verma (2023); Rao & Thomas (2022)

	Other Regions (Africa, Latin America)
	16
	Supervised (Logistic Regression, SVM)
	Public health surveillance, Disease outbreak modelling
	Yu et al. (2022); Topol (2022)
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