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Abstract—Artificial Intelligence (AI) is transforming 

healthcare, particularly in medical imaging, predictive 

diagnostics, robotic surgery, and clinical workflow support. As the 

field advances rapidly, it becomes critical to assess the emerging 

models, their applications, and the challenges impeding full-scale 

clinical adoption. This structured review surveyed AI applications 

in healthcare published between 2023 and early 2025. Studies were 

retrieved from major academic databases using defined search 

queries. After applying rigorous inclusion and exclusion criteria, 

70 peer-reviewed articles were selected as 40 focused on image 

processing and 30 addressing broader applications such as 

electronic health record analysis, virtual assistants, and federated 

learning. AI technologies continue to demonstrate significant 

advancements across diagnostic accuracy, patient monitoring, and 

decision support. Key trends include the adoption of federated 

learning for secure model training, synthetic data generation to 

overcome limited datasets, and the use of explainable AI (XAI) to 

enhance clinician trust. However, persistent challenges such as 

algorithmic bias, limited model interpretability, infrastructure 

barriers, and ethical concerns remain prevalent. The review also 

highlights a lack of geographical representation in literature, 

underlining the need for globally inclusive AI research. AI holds 

enormous potential for reshaping healthcare systems, but 

meaningful clinical integration requires addressing ethical, 

technical, and organizational challenges. This review synthesizes 

current trends and limitations while providing a roadmap for 

future research focused on equity, transparency, and 

collaboration. It emphasizes the importance of interdisciplinary 

engagement to ensure the development of trustworthy, effective, 

and widely accessible AI-driven healthcare solutions. 

 

Index Terms— Artificial Intelligence (AI), Machine Learning 

(ML), Medical AI, Smart Healthcare 

I. INTRODUCTION 

HE Advancements in Artificial Intelligence (AI) have 

continued to redefine the healthcare landscape, addressing 

critical challenges and offering transformative solutions 

 
 

across diagnostics, treatment planning, disease prevention, and 

beyond. Over the last decade, the rapid evolution of AI has 

proven to be a game-changer in tackling complex healthcare 

problems, ranging from detecting early-stage cancers to 

managing public health crises. These advancements are 

underpinned by innovations in machine learning algorithms, 

deep learning architecture, and their applications to diverse 

medical datasets, including imaging, genomics, and electronic 

health records (EHRs). 

This survey builds upon the foundational work presented since 

2023 publication, reflecting on the technological progress made 

in the past two years. Special emphasis is placed on the role of 

image processing in a critical area where AI has consistently 

outperformed traditional methodologies by delivering 

unprecedented levels of accuracy, speed, and scalability. 

Moreover, the integration of AI models with other data 

modalities, such as genomic sequences and patient monitoring 

systems, has facilitated more comprehensive and personalized 

healthcare approaches. 

The paper aims to review and evaluate the latest AI applications 

in healthcare, focusing on their clinical relevance, performance 

metrics, and implementation challenges. By systematically 

analyzing over 40 cutting-edge models, this survey highlights 

both their contributions and limitations, offering insights into 

the broader implications of these technologies. Additionally, it 

explores how AI solutions are addressing current gaps in 

healthcare delivery, such as the need for real-time diagnostics, 

the integration of wearable technologies, and predictive 

analytics for emerging health threats. 

While AI's potential is boundless, its deployment in healthcare 

remains fraught with challenges, including data bias, 

interpretability issues, and concerns over patient privacy. This 

paper not only provides an updated review of AI models but 

also contextualizes their development within these ongoing 

debates. By doing so, it seeks to guide future research efforts 
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and inform clinical practitioners on best practices for 

integrating AI into everyday healthcare workflows, ultimately 

aiming to enhance patient outcomes and operational efficiency. 

II. BACKGROUND: MEDICAL AI TECHNOLOGIES 

The integration of Artificial Intelligence (AI) into healthcare 

has ushered in a transformative era marked by significant 

advances in diagnosis, treatment, and patient management. The 

landscape of medical AI technologies is vast and rapidly 

evolving, encompassing foundational computational methods 

as well as specialized clinical applications tailored to real-world 

healthcare challenges. This background section systematically 

categorizes the key technological developments into two main 

areas: the core AI methodologies that form the backbone of 

healthcare innovations and their diverse applications within 

clinical practice. By establishing this structured foundation, the 

section aims to contextualize the subsequent survey of AI 

solutions, highlighting both the technological principles and the 

clinical needs driving ongoing research and deployment. 

 

A. Core AI Technologies in Healthcare 

 

1) Machine Learning in Healthcare 

 

Machine learning (ML) serves as the foundational technology 

behind numerous AI-driven healthcare applications. By 

identifying patterns within extensive datasets, ML models 

facilitate predictions about patient outcomes, disease risks, and 

treatment responses. Their scalability renders them particularly 

effective for population-level health management, enabling 

healthcare providers to forecast epidemiological trends and 

allocate resources efficiently. Nevertheless, challenges such as 

data heterogeneity, bias in training datasets, and concerns over 

patient data privacy persist, underlining the necessity for robust 

validation protocols and adherence to regulatory standards like 

HIPAA and GDPR [1]. 

 

2) Deep Learning for Medical Imaging 

 

Deep learning, a subset of ML, has revolutionized the analysis 

of medical imaging data. Convolutional neural networks 

(CNNs) have demonstrated extraordinary capabilities in 

detecting and classifying diseases across modalities such as 

MRI, CT, and X-rays. CNN-based models surpass traditional 

image-processing techniques in extracting hierarchical features, 

enabling early and accurate diagnosis of tumors, fractures, and 

other anomalies. However, the dependency on large, high-

quality, annotated datasets presents a major limitation, as 

medical annotation remains labor-intensive and costly. 

Moreover, domain adaptation remains a significant hurdle 

when applying models across different institutions and imaging 

equipment [2][3]. 

 

3) Natural Language Processing (NLP) in Healthcare 

 

Natural Language Processing (NLP) technologies have 

expanded the horizons of AI applications in healthcare, offering 

tools to interpret unstructured clinical narratives found in 

electronic health records (EHRs), radiology reports, and 

discharge summaries. By automating information extraction, 

summarization, and even predictive modeling based on patient 

notes, NLP reduces administrative burdens and augments 

clinical workflows. However, the complexity of medical 

terminologies, contextual nuances, and cross-institutional 

linguistic variations pose challenges that require advanced 

models like BERT-based transformers specifically fine-tuned 

for healthcare contexts [4]. 

 

4) Reinforcement Learning for Sequential Decision-Making 

 

Reinforcement learning (RL) has emerged as a robust AI 

paradigm for managing sequential clinical decisions, such as 

personalized treatment optimization and adaptive dosage 

adjustment. By learning from real-time feedback loops within 

dynamic clinical environments, RL models offer the ability to 

adapt strategies based on individual patient responses. 

Prominent applications include adaptive radiation therapy for 

cancer treatment and sepsis management protocols. Despite its 

potential, RL adoption remains constrained by the need for 

rigorous validation to ensure patient safety, the complexity of 

real-world clinical environments, and computational resource 

intensiveness [5]. 

 

5) Generative Models in Healthcare 

 

Generative models, particularly Generative Adversarial 

Networks (GANs) and Variational Autoencoders (VAEs), have 

provided innovative solutions for data augmentation, anomaly 

detection, and synthetic data generation in healthcare. By 

creating realistic synthetic datasets, these models address 

challenges related to data scarcity and privacy, enabling more 

robust AI training without exposing sensitive patient 

information. However, ensuring the clinical fidelity of synthetic 

data remains a major obstacle, as subtle deviations introduced 

by generative processes could compromise diagnostic 

reliability or introduce unexpected biases [6]. 

 

6) Robotic Process Automation (RPA) in Healthcare 

 

Robotic Process Automation (RPA) combines AI with robotic 

systems to streamline repetitive administrative and operational 

workflows in healthcare environments. Tasks such as patient 

registration, insurance claim processing, appointment 

scheduling, and billing are increasingly being automated using 

RPA solutions. These technologies not only enhance 

operational efficiency but also minimize human errors 

associated with manual data entry. Despite the advantages, 

RPA implementation requires significant upfront investment, 

meticulous integration with existing IT systems, and ongoing 

maintenance to ensure adaptability to evolving clinical 

protocols and regulatory updates [7]. 

 

7) Edge Computing in Medical Devices 

 

The integration of edge computing in healthcare has enabled AI 

algorithms to perform real-time data processing directly on 
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medical devices like portable ultrasound machines, wearable 

ECG monitors, and point-of-care diagnostic tools. By 

minimizing dependence on cloud infrastructures, edge AI 

improves response times, reduces latency, and bolsters patient 

data privacy. Applications such as continuous glucose 

monitoring and portable radiology analysis exemplify its value. 

However, limited computational capacity, battery life 

constraints, and the need for optimized lightweight models 

present significant engineering challenges that must be 

overcome for broader deployment [8]. 

 

8) AI for Genomics and Precision Medicine 

 

Artificial intelligence has become a pivotal tool in genomics, 

offering accelerated identification of genetic mutations and 

biomarkers critical for disease diagnosis, prognosis, and 

therapeutic decision-making. AI-driven platforms are 

instrumental in large-scale genome sequencing analysis, 

enabling the discovery of correlations between genotypes and 

phenotypes that inform precision medicine initiatives. 

Nevertheless, integrating genomic data into clinical practice 

faces barriers such as high dimensionality, privacy concerns, 

and the need for interpretability to gain the trust of clinicians 

and patients alike [9]. 

 

9) Predictive Analytics in Healthcare 

 

Predictive analytics powered by AI offers the ability to forecast 

disease outbreaks, hospital admission surges, patient 

deterioration events, and treatment responses by mining 

historical health records, social determinants of health, and real-

time clinical inputs. These tools have played pivotal roles in 

public health planning, especially during the COVID-19 

pandemic, where predictive models aided in resource allocation 

and infection control measures. However, their success heavily 

depends on the quality, timeliness, and representativeness of 

input datasets, which can vary significantly across institutions 

and geographic regions [10]. 

 

10) AI in Wearable Devices and Continuous Monitoring 

 

AI-enabled wearable devices, such as smartwatches, 

biosensors, and fitness trackers, have expanded the possibilities 

for continuous, real-time health monitoring outside traditional 

clinical environments. These devices detect physiological 

anomalies like arrhythmias, hypoglycemia, and sleep disorders, 

facilitating early intervention and chronic disease management. 

Although they represent a major advancement toward 

personalized and preventive healthcare, challenges persist 

regarding sensor accuracy, data synchronization, energy 

consumption, and ensuring patient adherence to device usage 

protocols over extended periods [11]. 

 

11) AI AI-Powered Virtual Assistants 

 

AI-powered virtual assistants are transforming patient 

engagement and healthcare administrative processes by 

handling appointment scheduling, medication reminders, and 

answering routine health inquiries. Through natural language 

processing (NLP) and dialogue management systems, these 

assistants alleviate the burden on healthcare staff and improve 

patient accessibility to healthcare services. Virtual assistants 

such as chatbots and voice-operated systems have been 

particularly beneficial in triage and chronic disease 

management. However, current limitations include difficulties 

in understanding complex patient queries, maintaining 

conversational context, and ensuring compliance with medical 

information accuracy standards [12]. 

 

12) Robotics-Assisted Surgery and AI 

 

Robotics-assisted surgical systems augmented by AI are 

redefining precision surgery, offering surgeons enhanced 

dexterity, vision, and control during complex procedures. AI 

components within robotic systems provide intraoperative 

guidance, simulate patient-specific anatomy, and adjust 

surgical plans in real-time based on sensor inputs. These 

technologies improve patient outcomes by reducing 

complication rates, minimizing surgical trauma, and shortening 

recovery times. Nonetheless, widespread adoption is hindered 

by the high acquisition and maintenance costs, as well as the 

steep learning curve associated with mastering robotic surgical 

platforms [13]. 

 

13) Blockchain Integration with AI in Healthcare 

 

Blockchain technology, when integrated with AI systems, 

offers a robust framework for secure, transparent, and tamper-

proof management of healthcare data. By enabling 

decentralized and immutable medical records, blockchain 

enhances data traceability and patient consent management, 

supporting AI training on trustworthy datasets. Furthermore, 

smart contracts facilitate automated compliance with privacy 

regulations. However, significant barriers to implementation 

remain, including the computational overhead introduced by 

blockchain protocols, interoperability issues among blockchain 

platforms, and regulatory uncertainties regarding data 

sovereignty and governance [14]. 

  

14) Ethical Considerations in Medical AI 

 

The rapid advancement of AI technologies in healthcare 

necessitates careful ethical scrutiny to safeguard patient rights 

and social equity. Ethical concerns encompass issues of patient 

consent, data privacy, algorithmic bias, fairness in decision-

making, and the potential dehumanization of care. There is a 

growing emphasis on developing explainable AI (XAI) models, 

auditing algorithms for bias, and ensuring accountability 

through human oversight. Despite these efforts, the field lacks 

universally accepted ethical standards tailored to the unique 

challenges of medical AI, making proactive governance and 

stakeholder involvement crucial [15]. 
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15) Federated Learning for AI Model Development 

 

Federated learning presents an innovative approach to 

collaborative AI model development by enabling multiple 

healthcare institutions to train shared models without 

transferring sensitive patient data. This decentralized strategy 

preserves data privacy and complies with regulations like 

GDPR while leveraging geographically distributed datasets for 

more generalized model performance. However, federated 

learning introduces technical challenges, including 

communication overhead, handling heterogeneous local data 

distributions (non-IID data), and synchronizing updates across 

nodes with varying computational capabilities [16]. 

 

16) Explainable AI (XAI) in Healthcare 

Explainable Artificial Intelligence (XAI) addresses one of the 

critical barriers to AI adoption in healthcare: the opacity of 

complex model decision-making processes. XAI techniques 

strive to make AI systems transparent and interpretable by 

highlighting the factors influencing predictions, such as specific 

features in imaging data or laboratory results. Methods like 

attention maps, saliency heatmaps, and feature attribution 

scores are increasingly integrated into diagnostic tools to 

enhance clinician trust. However, achieving a balance between 

model complexity and explainability remains challenging, as 

simplified explanations may not fully capture the intricate 

reasoning of deep models [17]. 

17) Digital Twins in Medicine 

The concept of digital twins in healthcare involves creating 

dynamic, virtual replicas of patients that simulate physiological 

states, disease progression, and treatment responses in real time. 

These models combine data from wearable devices, imaging, 

genomics, and electronic health records to support personalized 

care strategies and predictive interventions. Digital twins have 

shown promise in areas like cardiovascular modeling and 

oncology treatment planning. Nonetheless, they demand vast 

volumes of high-fidelity data and sophisticated computational 

infrastructure, posing significant scalability challenges and 

raising privacy concerns about maintaining the digital integrity 

of patient avatars [18]. 

18) AI in Behavioral Health Analysis  

Artificial intelligence tools are increasingly employed in 

behavioral health to analyze speech patterns, facial expressions, 

social media activity, and text communication for early 

detection of mental health disorders such as depression, 

anxiety, and PTSD. By identifying subtle cues that might 

escape human observation, AI enhances screening accuracy and 

enables proactive intervention strategies. However, the field 

faces ethical dilemmas regarding the surveillance of personal 

communications, potential misinterpretation of behavioral 

cues, and cultural variability in emotional expression that can 

affect model reliability across diverse populations [19]. 

19) Neuro-symbolic AI in Diagnostics [20] 

Neuro-symbolic AI, which integrates symbolic reasoning with 

neural network-based learning, offers a hybrid approach to 

medical diagnostics that combines data-driven pattern 

recognition with logical inference. This paradigm allows AI 

systems to perform complex reasoning tasks, such as causal 

inference and rule-based diagnosis, alongside predictive 

modeling. Neuro-symbolic methods are particularly valuable in 

scenarios requiring explainable decision paths. Nevertheless, 

their practical application in healthcare remains limited due to 

the computational intensity of combining symbolic and sub-

symbolic processing and the lack of standardized frameworks 

for integrating clinical knowledge bases into AI systems [20]. 

20) AI Applications in Ophthalmology 

AI-powered diagnostic tools in ophthalmology have made 

remarkable strides in detecting diseases such as diabetic 

retinopathy, age-related macular degeneration, and glaucoma 

from retinal imaging. Deep learning models trained on large 

ophthalmic datasets demonstrate diagnostic accuracy 

comparable to expert ophthalmologists, offering scalable 

solutions for mass screening programs. However, challenges 

persist in adapting these models to varied imaging equipment, 

different patient demographics, and ensuring robustness across 

diverse clinical settings. Standardization efforts and external 

validations are crucial to facilitate broader deployment [21]. 

B. AI Applications in Clinical Practice 

 

1) Speech-to-Action AI for Assistive Technologies 

 

Speech-to-action AI systems enhance the independence of 

individuals with disabilities by interpreting spoken commands 

and executing corresponding physical actions through assistive 

devices. Applications include controlling wheelchairs, robotic 

arms, or smart home systems via voice input. These solutions 

improve quality of life and enable greater autonomy. However, 

real-world deployment faces hurdles such as dealing with 

ambient noise, ensuring recognition accuracy across different 

accents and dialects, and mitigating system errors that could 

pose safety risks for users [22]. 

 

2) Cloud AI for Remote Diagnostics 

The integration of cloud computing with AI has significantly 

expanded the potential for remote diagnostics, particularly in 

underserved and rural areas. Cloud-based AI platforms enable 

healthcare providers to upload diagnostic images, laboratory 

results, or sensor data for real-time analysis and interpretation 

by powerful models hosted on remote servers. This approach 

democratizes access to specialized diagnostic capabilities 

without the need for extensive on-site computational resources. 

Nonetheless, reliance on stable internet connectivity, data 

transmission security, and regulatory compliance for cross-

border data flows present ongoing challenges [23]. 
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3) AI in Vaccine Development 

AI technologies are accelerating the vaccine development 

pipeline by predicting immunogenic targets, optimizing antigen 

designs, and simulating vaccine efficacy. Machine learning 

models analyze genomic and proteomic data to identify novel 

epitopes and forecast population-level immune responses, 

substantially reducing timeframes compared to traditional 

empirical methods. For instance, AI was instrumental in the 

rapid development of mRNA vaccines during the COVID-19 

pandemic. However, translating computational predictions into 

effective clinical candidates remains complex, requiring 

extensive experimental validation and addressing concerns 

about algorithmic biases that could overlook minority 

populations [24]. 

4) AI for Prosthetics Optimization 

AI-driven prosthetics design leverages biomechanics analysis, 

machine learning, and real-time user feedback to create devices 

that offer improved comfort, adaptability, and functionality. 

Intelligent prosthetics can adjust to variations in gait, terrain, 

and user activity levels, thereby enhancing mobility and user 

satisfaction. Techniques such as reinforcement learning enable 

prosthetics to learn optimal responses to user movements over 

time. Despite these advances, customization for individual 

anatomical and functional needs remains costly and technically 

demanding, limiting accessibility for patients in low-resource 

settings [25]. 

5) AI in Patient Flow Optimization  

Patient flow management within hospitals and healthcare 

facilities benefits significantly from AI predictive analytics, 

which forecast admission rates, emergency room congestion, 

surgery scheduling bottlenecks, and discharge timings. By 

identifying trends and potential capacity issues in advance, 

these tools enable better resource allocation, reduce patient wait 

times, and optimize staff deployment. However, the 

effectiveness of AI-based flow optimization hinges on access to 

real-time, high-quality operational data streams and the 

willingness of healthcare administrators to adapt workflows 

based on algorithmic recommendations [26]. 

6) Augmented Reality (AR) in Medical Training 

Augmented Reality (AR), integrated with AI technologies, is 

revolutionizing medical education and surgical training by 

providing immersive, interactive learning environments. 

Through real-time overlays of anatomical models and 

procedural simulations, AR platforms enhance spatial 

understanding, procedural accuracy, and skill acquisition 

among healthcare trainees. AI enhances these systems by 

personalizing the learning experience based on trainee 

performance analytics. However, the high costs of AR 

equipment, the need for continuous software updates, and 

limited access in resource-constrained regions restrict 

widespread adoption [27]. 

7) AI for Cardiovascular Risk Prediction 

AI algorithms are increasingly used to predict cardiovascular 

risk by analyzing complex interactions among clinical 

variables, genetic factors, lifestyle behaviors, and imaging 

biomarkers. These models enable early identification of 

individuals at high risk for conditions such as myocardial 

infarction, heart failure, and stroke, facilitating preventive 

interventions. Techniques such as ensemble learning and deep 

neural networks have improved predictive accuracy beyond 

traditional risk scoring systems. Yet, disparities in dataset 

representation across ethnic groups and longitudinal data 

scarcity present challenges for generalizability [28]. 

8) AI for Antibiotic Resistance Prediction 

Artificial intelligence is playing a pivotal role in combating the 

growing threat of antibiotic resistance by predicting resistance 

patterns based on microbial genomic data, patient histories, and 

environmental factors. Machine learning models aid clinicians 

in selecting appropriate antibiotics, thus improving treatment 

outcomes and curbing the spread of resistant strains. Despite 

promising results, the dynamic evolution of microbial genomes 

and the necessity for continuous data updating pose challenges 

to maintaining the predictive accuracy of these systems over 

time [29]. 

9) AI in Pathway Modeling for Drug Discovery 

AI models are increasingly utilized to simulate biological 

pathways, enabling the prediction of drug-target interactions, 

toxicity profiles, and therapeutic efficacies during the drug 

discovery process. By modeling complex cellular and 

molecular networks, AI accelerates hypothesis generation and 

experimental prioritization, thereby reducing development 

timelines and costs. Techniques like reinforcement learning and 

graph neural networks show promise in this domain. 

Nonetheless, the need for vast, high-quality biological datasets 

and the interpretability of AI-driven pathway models remains 

significant hurdles to their widespread application [30]. 

The rapid evolution of artificial intelligence technologies has 

fundamentally reshaped the healthcare landscape, offering 

innovative solutions that span from core computational 

advancements to real-world clinical implementations. As 

highlighted, the interplay between foundational AI techniques 

and their practical healthcare applications underscores both the 

immense potential and the inherent complexities of integrating 

AI into medical environments. This background establishes a 

comprehensive context for the subsequent exploration of 

contemporary AI models, where a more detailed examination 

of specific innovations, strengths, limitations, and emerging 

trends will further elucidate the transformative impact of AI 

across the healthcare continuum. 

III. METHODOLOGY 
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Conducting a comprehensive and reliable survey of artificial 

intelligence applications in healthcare requires a structured and 

transparent methodological approach. This section outlines the 

systematic processes employed to identify, select, and analyze 

relevant studies from recent literature. Emphasis was placed on 

ensuring the inclusion of high-quality, peer-reviewed research, 

with clear articulation of the criteria for inclusion and 

exclusion. Diverse data sources were consulted to capture a 

global perspective, and attention was given to maintaining a 

balance between established and emerging AI models across 

various healthcare domains. Additionally, considerations 

regarding study design diversity, geographical representation, 

and potential biases were carefully integrated into the selection 

framework. By adhering to these methodological principles, 

this review aims to provide an objective, comprehensive, and 

critical evaluation of the state-of-the-art advancements in AI for 

healthcare, setting a solid foundation for the analysis presented 

in subsequent sections. 

 

A. Search Strategy and Data Sources 

 

A systematic search strategy was employed to identify peer-

reviewed studies related to AI applications in healthcare, 

published between January 2023 and March 2025. Major 

academic databases including PubMed, IEEE, Scopus, 

SpringerLink, Web of Science, and Google Scholar were used. 

Search terms combined key phrases such as “artificial 

intelligence”, “machine learning”, “deep learning”, 

“healthcare”, “medical imaging”, “clinical decision support”, 

“predictive analytics”, and “federated learning”. Boolean 

operators and filters were applied to refine results by 

publication date, relevance, and subject area. The search 

process aimed to ensure comprehensive coverage of both core 

image processing techniques and broader healthcare AI 

applications. 

 

B. Inclusion and Exclusion Criteria 

 

To maintain relevance and rigor, the following inclusion 

criteria and exclusion criteria were applied: 

 

1) Inclusion Criteria 

 

• Peer-reviewed publications from January 2023 to 

January 2025. 

• Studies published in peer-reviewed journals or high-

impact conferences. 

• Research focuses on the application of AI in 

healthcare, with a preference for models impacting 

clinical workflows, diagnostics, or treatment. 

• Papers presenting original AI models, empirical 

evaluations, or systematic reviews related to medical 

imaging and broader healthcare applications. 

• Publications in English. 

 

2) Exclusion Criteria 

 

• Focused exclusively on non-medical domains 

• Studies without detailed methodology or performance 

analysis. 

• Duplicated research or non-peer-reviewed sources. 

• Discussed speculative concepts without 

implementation or evaluation 

 

C. Study Selection Process 

 

An initial pool of 320 articles was scanned. After title and 

abstract screening, 140 articles were selected for full-text 

review. Finally, 70 studies met all eligibility criteria and were 

included in this review: 40 related to AI in medical imaging, 

and 30 covering broader healthcare AI technologies. The 

selection process emphasized diversity across clinical domains, 

AI techniques, and deployment settings. To improve 

representativeness, studies from underrepresented regions. 

 

D. Diversity and Geographical Representation 

 

In response to the growing emphasis on global equity in AI 

research, particular effort was made to include studies 

originating from a wide geographical range. In addition to 

studies from North America and Europe, the review integrates 

research from institutions based in Asia, Africa, and the Middle 

East. This approach ensures a more comprehensive 

understanding of regional innovations, healthcare infrastructure 

challenges, and the cultural contexts that influence AI 

deployment and adoption across diverse health systems. The 

final pool of studies showcased a diverse representation: 

 

• 38% originated from North America 

• 30% from Europe 

• 20% from Asia 

• 12% from Africa, and Middle East 

 

This distribution reflects the global momentum behind AI 

innovation in healthcare, while also highlighting disparities in 

research output across different regions. The final selection 

includes 40 studies centered on medical image processing (e.g., 

radiology, oncology, retinal imaging), and 30 studies 

addressing non-imaging applications, such as electronic health 

record (EHR) mining, wearable monitoring, clinical decision 

support, and AI-assisted therapeutics. This distribution reflects 

the current research focus in the field while offering a holistic 

view of AI integration across healthcare systems. 

 

E. Data Extraction and Analysis 

 

A structured extraction framework was employed to gather 

consistent information across studies, including: 

 

• AI technique employed  

• Healthcare domain targeted 
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• Evaluation metrics reported (accuracy, F1-score, 

AUC) 

• Identified limitations and ethical considerations 

 

The extracted data were synthesized thematically to provide a 

comprehensive, comparative analysis. 

IV. OVERVIEW OF AI SOLUTIONS IN HEALTHCARE 

 

The integration of Artificial Intelligence (AI) into healthcare 

has expanded dramatically in recent years, catalyzed by the 

growing demands for more accurate diagnostics, personalized 

treatments, and efficient healthcare delivery. This section 

presents a structured analysis of contemporary AI applications 

that are reshaping medical practice, with particular emphasis on 

both established domains such as medical image processing and 

emerging interdisciplinary innovations. While image-based AI 

models have achieved remarkable successes in radiology, 

oncology, and surgical planning, the influence of AI now 

extends far beyond imaging, impacting areas like clinical 

decision support, wearable health monitoring, genomics, 

mental health, and healthcare administration. 

 

Within the realm of medical imaging, deep learning 

approaches especially convolutional neural networks (CNNs) 

have redefined diagnostic capabilities, enabling precise 

detection and segmentation of pathological features. 

Complementary innovations such as multi-modal data fusion, 

transformer-based models, and generative adversarial networks 

(GANs) further enhance diagnostic accuracy, procedural 

support, and synthetic data generation. Simultaneously, AI-

driven real-time analysis systems are enhancing intraoperative 

outcomes by providing immediate and context-aware feedback 

during critical procedures. 

 

Beyond imaging, the healthcare sector is witnessing the 

transformative impact of AI in predictive analytics, chronic 

disease management, electronic health record (EHR) mining, 

drug discovery, virtual rehabilitation, and clinical trial 

optimization. Natural language processing (NLP) models 

facilitate the extraction of valuable insights from unstructured 

medical text, while reinforcement learning algorithms offer 

adaptive, patient-specific treatment strategies. The proliferation 

of wearable devices and telemedicine platforms augmented 

with AI has expanded healthcare access, promoting continuous 

monitoring and early intervention. 

 

Despite these advancements, significant challenges remain. 

Issues such as data heterogeneity, model interpretability, 

algorithmic bias, and infrastructure readiness continue to affect 

AI adoption and scalability. Furthermore, the necessity for 

interdisciplinary collaboration between technologists, 

clinicians, ethicists, and policymakers is increasingly 

recognized as critical for responsible AI integration into 

healthcare systems. 

 

In the sections that follow, AI applications are categorized 

into three primary areas: imaging innovations, broader 

healthcare applications beyond imaging, and emerging 

interdisciplinary solutions. Each domain is critically evaluated 

in terms of its contributions, limitations, and implications for 

future research and clinical practice, offering a comprehensive 

survey of AI's evolving role in modern healthcare. 

 

A. AI Innovations in Medical Imaging 

 

1) Deep Learning for Radiology 

Deep learning, particularly through convolutional neural 

networks (CNNs), has emerged as a transformative force in 

radiology, enabling automated detection, segmentation, and 

classification of abnormalities such as tumors, fractures, and 

pulmonary nodules with high precision. These models excel in 

uncovering subtle imaging patterns that often surpass human 

perception, significantly improving diagnostic efficiency and 

consistency. Deep learning tools have also demonstrated value 

in triaging urgent cases and reducing radiologists' workload. 

However, their heavy reliance on large, annotated datasets and 

the challenges of domain adaptation across different imaging 

modalities and demographics remain significant hurdles for 

universal adoption [31]. 

2) Fusion Models for Multi-modal Imaging 

Fusion models integrate information from multiple imaging 

modalities such as CT, MRI, PET, and ultrasound to offer 

comprehensive diagnostic insights that surpass the limitations 

of single-modality interpretations. By combining structural, 

functional, and metabolic data, these AI-driven systems 

improve the detection of complex diseases, including various 

cancers, cardiovascular anomalies, and neurological disorders. 

Advanced fusion architectures, such as attention-based models, 

selectively weigh complementary information to enhance 

diagnostic accuracy. Nevertheless, fusion models demand 

intensive computational resources, sophisticated data alignment 

techniques, and remain constrained by the scarcity of 

synchronized multimodal datasets [32]. 

3) Real-Time Image Analysis for Surgical Support 

Real-time image analysis systems employ AI algorithms to 

assist clinicians during surgical interventions, providing 

dynamic, intraoperative insights that guide critical decision-

making. By instantly processing live imaging feeds such as 

ultrasound or laparoscopic video streams, AI tools can highlight 

anatomical landmarks, detect anomalies, and predict potential 

complications. This immediate feedback enhances surgical 

precision and reduces the risk of errors. However, sustaining 

real-time performance requires ultra-fast computational 

frameworks, seamless integration with surgical hardware, and 

robust validation to ensure reliability under diverse clinical 

conditions [33]. 
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4) Transformers in Medical Imaging 

Originally pioneered for natural language processing tasks, 

transformer architectures have now been adapted for medical 

imaging, delivering state-of-the-art performance in 

classification, segmentation, and anomaly detection tasks. 

Their self-attention mechanisms enable models to focus on 

relevant regions within images, improving the detection of 

subtle features indicative of early-stage diseases such as cancer. 

Vision transformers (ViTs) and Swin Transformers have 

demonstrated superior accuracy compared to traditional CNNs 

in several benchmarks. Yet, their substantial memory and 

computational demands, combined with a requirement for 

large, well-curated datasets, present practical barriers to clinical 

translation [34]. 

 

5) Generative Adversarial Networks (GANs) for Medical 

Imaging 

Generative Adversarial Networks (GANs) are revolutionizing 

medical image synthesis, data augmentation, and anomaly 

detection. By generating high-fidelity synthetic images that 

mimic real patient data, GANs help overcome the limitations 

imposed by small, imbalanced datasets, thereby improving 

model robustness and generalizability. GAN-based frameworks 

also enhance image reconstruction tasks, such as super-

resolution imaging and artifact removal. Nevertheless, the 

potential introduction of subtle artifacts into synthetic data 

raises concerns about diagnostic reliability and distinguishing 

between real and GAN-generated images remains a critical 

validation challenge [35]. 

B. AI Application Beyond Medical Imaging 

 

1) Predictive Analytics for Disease Outbreaks 

AI-driven predictive analytics models play a crucial role in 

forecasting disease outbreaks by analyzing complex 

epidemiological data, mobility patterns, social determinants of 

health, and environmental factors. These models aid public 

health officials in identifying emerging hotspots, optimizing 

resource allocation, and implementing timely interventions, as 

demonstrated during the COVID-19 pandemic. Machine 

learning algorithms such as random forests, support vector 

machines, and recurrent neural networks have all been 

employed for this purpose. Nonetheless, the dynamic nature of 

outbreaks and the dependency on accurate, real-time data 

present major challenges to maintaining model reliability over 

time [36]. 

 

2) Natural Language Processing (NLP) for Electronic Health 

Records 

Natural Language Processing (NLP) algorithms are 

transforming the way healthcare providers interact with 

electronic health records (EHRs) by extracting actionable 

insights from unstructured clinical narratives. Through 

information retrieval, summarization, and predictive modeling, 

NLP systems assist in patient stratification, adverse event 

detection, and clinical decision support. Tools such as named 

entity recognition (NER) and relation extraction enable deeper 

analysis of patient histories and treatment outcomes. However, 

variations in medical jargon, documentation styles, and regional 

terminologies introduce significant complexity, necessitating 

continual model adaptation and validation [37]. 

3) Wearable Technology Data Analysis 

AI algorithms processing data from wearable devices such as 

smartwatches, fitness trackers, and biosensors enable 

continuous health monitoring and early anomaly detection. 

Parameters like heart rate variability, oxygen saturation, gait 

stability, and sleep patterns are analyzed to assess health risks 

and detect early signs of conditions such as arrhythmia, sleep 

apnea, and falls in elderly populations. These systems empower 

proactive healthcare and chronic disease management. Yet, 

their effectiveness is contingent upon sensor reliability, user 

adherence to consistent device usage, and the ability to filter 

noise from large volumes of real-time data [38]. 

4) AI-Powered Chatbots for Healthcare Support 

AI-powered chatbots are increasingly deployed to enhance 

patient engagement by handling preliminary consultations, 

symptom checking, appointment scheduling, and medication 

adherence reminders. These conversational agents employ 

natural language understanding (NLU) and machine learning to 

simulate human-like interactions and triage patients efficiently. 

Chatbots have shown significant utility in reducing 

administrative burdens and expanding access to care, 

particularly in underserved regions. However, they are limited 

by difficulties in interpreting ambiguous queries, emotional 

nuances, and the potential risk of providing inaccurate medical 

advice without appropriate safeguards [39]. 

5) AI in Telemedicine Platforms 

The integration of AI into telemedicine platforms has vastly 

improved the scope and efficiency of remote healthcare 

delivery. AI modules assist clinicians by automating 

preliminary diagnoses, triaging cases, analyzing transmitted 

medical images, and flagging urgent situations. 

Teledermatology, teledentistry, and telepathology are among 

the specialties benefiting from AI-augmented assessments. 

These advancements have expanded healthcare access in 

remote and underserved areas. Nonetheless, the effectiveness of 

AI in telemedicine hinges on reliable internet connectivity, 

high-quality imaging devices, and adherence to strict data 

privacy standards, especially when handling sensitive medical 

data across borders [40]. 
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6) AI for Genomic Analysis 

AI technologies are revolutionizing genomic analysis by 

identifying genetic variants associated with disease risk, 

therapeutic responses, and patient stratification. Deep learning 

and ensemble models analyze large-scale genomic, 

transcriptomic, and epigenomic datasets to uncover complex 

genotype-phenotype correlations, accelerating personalized 

medicine initiatives. Applications include predicting cancer 

susceptibility, pharmacogenomic profiling, and rare disease 

diagnosis. Nevertheless, challenges persist around integrating 

heterogeneous omics data, maintaining data privacy, and 

ensuring that AI-driven insights are interpretable and clinically 

actionable for practicing physicians [41]. 

7) Reinforcement Learning for Treatment Optimization 

Reinforcement Learning (RL) is increasingly utilized in 

optimizing personalized treatment strategies for chronic and 

complex diseases, such as cancer, diabetes, and sepsis 

management. RL algorithms dynamically adapt to patient 

responses, learning the best intervention pathways over time by 

maximizing cumulative clinical rewards (e.g., survival rates, 

quality of life). Models like Deep Q-Networks (DQN) and 

Actor-Critic architecture have demonstrated success in adaptive 

therapy planning. However, deploying RL safely in healthcare 

requires extensive real-world validation, and the high 

computational demands of model training present barriers to 

scalability [42]. 

8) AI-Driven Drug Discovery 

AI accelerates drug discovery pipelines by predicting drug-

target interactions, screening molecular libraries, designing 

novel compounds, and anticipating toxicity profiles. 

Techniques such as graph neural networks, deep generative 

models, and reinforcement learning are applied to simulate 

complex biochemical interactions, drastically reducing the time 

and cost of candidate identification. AI has enabled the 

repurposing of existing drugs for emerging diseases and 

supported de novo drug design efforts. Despite these 

achievements, challenges include limited access to 

comprehensive pharmacological datasets, model 

interpretability issues, and regulatory uncertainties surrounding 

AI-discovered therapeutics [43]. 

9) Radiomics for Cancer Detection 

Radiomics involves the extraction of quantitative features from 

medical images to uncover underlying tumor phenotypes and 

predict clinical outcomes. AI models analyze texture, shape, 

intensity, and spatial relationships within imaging data, offering 

non-invasive biomarkers for cancer detection, staging, and 

treatment response monitoring. Radiomics has demonstrated 

strong potential in enhancing precision oncology, especially 

when integrated with genomic and clinical data. Nonetheless, 

reproducibility remains a major concern due to differences in 

imaging protocols, segmentation methods, and feature 

extraction pipelines across institutions [44]. 

10) 3D Medical Image Reconstruction 

AI-powered 3D image reconstruction technologies create 

volumetric representations from 2D medical imaging 

modalities like X-rays, CT slices, and MRI sections. These 

reconstructions aid in surgical planning, radiation therapy 

targeting, and anatomical visualization, offering clinicians a 

more intuitive understanding of complex pathologies. 

Advanced deep learning models, including variational 

autoencoders and GANs, have improved the accuracy and 

realism of 3D reconstructions. However, high computational 

costs, lengthy training times, and variability in input image 

quality pose challenges to widespread clinical implementation, 

particularly in real-time or emergency contexts [45]. 

11) Federated Learning for Data Privacy Preservation 

Federated learning has emerged as a promising solution to the 

challenge of preserving patient data privacy while 

collaboratively training AI models across multiple healthcare 

institutions. In this decentralized framework, local models are 

trained on-site using sensitive clinical data, and only model 

updates, not raw data are shared for aggregation. This approach 

enables the development of robust, generalizable models while 

complying with stringent data protection regulations like 

HIPAA and GDPR. However, federated learning faces 

technical challenges, including high communication overhead, 

heterogeneity of local datasets (non-IID data), and 

vulnerabilities to adversarial attacks on model updates [46]. 

12) AI for Early Sepsis Detection 

Sepsis remains a leading cause of mortality in intensive care 

units (ICUs), and early detection is critical for improving 

patient outcomes. AI models analyze real-time monitoring data 

such as vital signs, laboratory results, and clinical notes to 

predict the onset of sepsis hours before traditional clinical 

recognition. Machine learning algorithms, including recurrent 

neural networks (RNNs) and gradient-boosted trees, have 

shown promise in enhancing sepsis prediction accuracy. 

Nevertheless, high false-positive rates, alarm fatigue among 

clinicians, and the necessity for continuous model recalibration 

to accommodate evolving clinical practices pose significant 

barriers to clinical adoption [47]. 

13) AI-Based Cardiac Imaging Analysis 

AI is revolutionizing cardiac imaging by enabling automated 

assessment of cardiac structures, functions, and perfusion from 

modalities such as echocardiography, cardiac MRI, and CT 

angiography. Deep learning models assist in quantifying 

ejection fractions, detecting coronary artery disease, and 

identifying myocardial fibrosis with high precision and 

consistency. These advancements support earlier diagnosis and 

individualized treatment planning for cardiovascular diseases. 
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However, the success of AI-based cardiac imaging depends 

heavily on the availability of large, high-quality annotated 

datasets and interoperability with diverse imaging platforms 

and vendor-specific software [48]. 

14) AI in Diabetic Retinopathy Screening 

AI algorithms for diabetic retinopathy screening analyze retinal 

fundus photographs to detect microaneurysms, hemorrhages, 

and other pathological features indicative of disease 

progression. FDA-approved AI systems, such as IDx-DR, 

enable autonomous screening without the need for specialist 

interpretation, improving accessibility in primary care and low-

resource settings. Despite impressive sensitivity and specificity 

metrics, AI-based screening tools face challenges related to 

image acquisition quality, variations in patient demographics, 

and the need for robust referral systems to ensure that identified 

cases receive timely specialist care [49]. 

15) Virtual Reality (VR) for Rehabilitation Programs 

AI-enhanced virtual reality (VR) platforms are redefining 

rehabilitation therapies by creating immersive, gamified 

environments tailored to individual patient needs. These 

systems support physical therapy, neurorehabilitation, and 

cognitive rehabilitation by providing real-time feedback, 

tracking progress, and dynamically adjusting difficulty levels 

based on patient performance. AI algorithms personalize 

therapy regimens, enhancing motivation and engagement, 

which are crucial for long-term adherence. However, high 

equipment costs, the need for specialized training for therapists, 

and limited availability in resource-constrained healthcare 

facilities restrict the widespread adoption of VR rehabilitation 

solutions [50]. 

16) AI for Chronic Disease Management 

AI systems are playing an increasingly critical role in the 

management of chronic diseases such as diabetes, hypertension, 

heart failure, and chronic obstructive pulmonary disease 

(COPD). By analyzing data from electronic health records, 

wearable sensors, and patient-reported outcomes, AI models 

can identify deterioration patterns early, recommend 

personalized interventions, and improve medication adherence. 

Predictive algorithms and remote patient monitoring platforms 

contribute to reducing hospital readmissions and enhancing 

quality of life for patients. However, challenges persist around 

data interoperability, patient adherence to recommended 

interventions, and ensuring model transparency to support 

clinician trust [51]. 

17) Clinical Decision Support Systems (CDSS) 

Clinical Decision Support Systems (CDSS) utilize AI 

algorithms to provide evidence-based recommendations at the 

point of care, assisting healthcare professionals with diagnosis, 

treatment planning, and risk assessment. By analyzing clinical 

guidelines, patient histories, imaging data, and laboratory 

results, CDSS tools can alert physicians to potential drug 

interactions, suggest alternative therapies, or flag high-risk 

patients. While CDSS improves diagnostic accuracy and 

clinical efficiency, poorly integrated systems risk causing alert 

fatigue or workflow disruptions. Moreover, clinician trust in AI 

recommendations hinges on system transparency and validation 

in diverse clinical settings [52]. 

18) Speech Recognition for Healthcare Documentation 

AI-powered speech recognition systems are revolutionizing 

clinical documentation by converting spoken language into 

structured medical records. Tools such as Dragon Medical and 

Amazon Transcribe Medical enable physicians to dictate notes, 

update patient records, and create clinical summaries more 

efficiently, reducing administrative burden and freeing up time 

for patient care. Advances in deep learning, particularly 

recurrent neural networks (RNNs) and transformer models, 

have significantly improved transcription accuracy. 

Nevertheless, challenges such as background noise, variations 

in accents, domain-specific terminologies, and the need for 

post-editing persist in practical deployments [53]. 

19) AI in Mental Health Diagnostics 

AI models are increasingly applied to mental health diagnostics 

by analyzing multimodal data sources such as speech patterns, 

social media activity, facial expressions, and physiological 

signals. These models aim to detect early markers of 

depression, anxiety disorders, schizophrenia, and post-

traumatic stress disorder (PTSD). AI-powered chatbots also 

provide initial psychological support and monitoring. While 

these tools show promise in reducing the burden on mental 

health professionals and increasing early detection rates, they 

raise ethical concerns regarding data privacy, potential 

misinterpretations, and the need for human oversight in 

sensitive clinical decisions [54]. 

20) Image Segmentation for Surgical Planning 

AI-driven image segmentation algorithms assist surgeons by 

accurately identifying and delineating anatomical structures 

such as tumors, blood vessels, and vital organs from 

preoperative imaging scans. Techniques based on U-Net 

architectures, fully convolutional networks (FCNs), and 3D 

deep learning frameworks have significantly enhanced pre-

surgical planning, intraoperative navigation, and postoperative 

outcome predictions. These advancements reduce 

intraoperative risks and improve surgical precision. However, 

segmentation models must generalize well across diverse 

imaging modalities and patient populations, and inaccuracies 

can lead to severe surgical complications if not carefully 

validated [55]. 

21) AI for Rare Disease Diagnosis 

Artificial intelligence has shown immense potential in 

accelerating the diagnosis of rare diseases by analyzing subtle 
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clinical patterns, genetic data, and imaging biomarkers that may 

be overlooked by traditional diagnostic approaches. AI models 

utilize supervised learning, knowledge graphs, and deep 

phenotyping techniques to reduce diagnostic delays and 

improve early intervention outcomes for conditions that 

typically require years to identify. Despite these advances, the 

rarity and heterogeneity of many rare diseases pose challenges 

for data collection and model training, resulting in limited 

generalizability and the need for highly curated datasets [56]. 

22) AI for Personalized Oncology 

AI technologies are at the forefront of personalized oncology, 

enabling individualized cancer treatment strategies based on 

genomic profiles, histopathological imaging, and clinical 

parameters. Machine learning algorithms assist in predicting 

tumor behavior, identifying actionable mutations, and 

optimizing therapy selection including immunotherapy and 

targeted therapies. Tools such as radio genomics and predictive 

modeling are transforming precision oncology workflows. 

Nevertheless, integrating multimodal patient data, ensuring 

equitable model performance across populations, and 

addressing regulatory hurdles for AI-driven therapeutic 

recommendations remain pressing challenges [57]. 

23) Robotic Surgery Assistance 

AI-enhanced robotic surgery systems offer unprecedented 

precision, dexterity, and real-time intraoperative assistance, 

facilitating minimally invasive procedures across diverse 

surgical specialties. Machine learning algorithms aid in 

instrument navigation, tissue differentiation, and complication 

risk prediction during operations. These systems reduce 

intraoperative errors, shorten recovery times, and improve 

surgical outcomes. However, the steep costs associated with 

robotic platforms, extensive surgeon training requirements, and 

limited accessibility in low-resource settings continue to restrict 

widespread adoption [58]. 

24) AI for Skin Cancer Detection 

AI models, particularly convolutional neural networks (CNNs), 

have demonstrated remarkable performance in detecting 

melanoma and other skin cancers from dermoscopic images, 

achieving diagnostic accuracies comparable to or exceeding 

those of experienced dermatologists. These systems enhance 

early detection capabilities, facilitate large-scale screening 

programs, and reduce unnecessary biopsies. Nevertheless, 

challenges related to variations in image quality, skin tone 

diversity, lesion types, and environmental lighting conditions 

require further attention to ensure robust, unbiased model 

performance across populations [59]. 

25) Automated Blood Analysis Powered by AI [60] 

Automated AI systems in hematology and clinical pathology 

enable rapid, accurate analysis of blood samples for identifying 

anemia, infections, leukemia, and other hematological 

disorders. Deep learning algorithms are applied to classify 

blood cell morphology, detect abnormalities, and streamline 

laboratory workflows, improving diagnostic efficiency and 

reducing human error. However, the success of AI-based blood 

analysis is contingent on standardized imaging protocols, high-

resolution sample imaging, and cross-platform model 

validation to maintain reliability across diverse laboratory 

settings [60]. 

C. Emerging AI Innovations Across Healthcare 

 

1) AI in Emergency Triage 

AI-based triage systems enhance emergency department 

operations by automating the prioritization of patients based on 

the severity of their conditions. Machine learning algorithms 

analyze vital signs, presenting symptoms, comorbidities, and 

triage notes to support faster and more accurate triage decisions, 

optimizing resource allocation and reducing mortality rates. 

These tools have shown effectiveness in early stroke and 

myocardial infarction detection. However, challenges include 

the dynamic nature of emergency scenarios, the risk of over-

reliance on algorithmic outputs, and the necessity for robust 

integration with clinical judgment [61]. 

2) AI for Respiratory Disease Detection 

AI models are increasingly applied to the detection and 

monitoring of respiratory diseases such as asthma, chronic 

obstructive pulmonary disease (COPD), pneumonia, and 

COVID-19. Using chest X-rays, CT scans, spirometry data, and 

even cough sound analysis, AI systems can identify early 

pathological signs and monitor disease progression. These tools 

enable faster diagnosis and proactive interventions, particularly 

during pandemics. However, limitations in dataset diversity, 

variations in imaging quality, and challenges in differentiating 

overlapping respiratory conditions still pose barriers to 

universal deployment [62]. 

3) AI for Alzheimer’s Disease Monitoring 

Artificial intelligence supports the early detection and 

longitudinal monitoring of Alzheimer’s disease by analyzing 

neuroimaging data, cognitive assessments, speech patterns, and 

behavioral biomarkers. Predictive models facilitate the 

identification of preclinical stages, enabling earlier therapeutic 

interventions that can potentially slow disease progression. AI 

has also shown promise in personalizing care plans based on 

cognitive trajectories. Nonetheless, challenges persist in 

achieving reliable generalization across diverse cohorts and 

protecting patient privacy when analyzing sensitive 

neurological data [63]. 

4) AI for Pediatric Care 

AI technologies are increasingly tailored to address the unique 

physiological and developmental needs of pediatric patients. 

Applications range from AI-assisted imaging for congenital 
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anomalies detection to machine learning models predicting 

neonatal intensive care unit (NICU) outcomes. Pediatric-

specific AI models account for dynamic growth patterns and 

age-dependent physiological changes. However, the scarcity of 

large pediatric datasets and ethical concerns about AI use in 

vulnerable populations require careful regulatory oversight and 

validation to ensure safety and effectiveness [64]. 

5) AI for Clinical Trial Optimization 

AI is revolutionizing clinical trial design and execution by 

predicting patient eligibility, optimizing site selection, and 

forecasting trial success probabilities. Natural language 

processing and machine learning models assist in mining 

electronic health records and genomic data to match patients to 

trials, thus reducing recruitment timelines and improving 

diversity in participant pools. Moreover, AI-driven adaptive 

trial designs can dynamically adjust based on interim results. 

Nonetheless, data silos, privacy regulations, and bias risks in 

algorithmic matching processes need to be addressed for broad 

clinical trial innovation [65]. 

6) AI for Nutrition and Diet Planning 

AI-powered systems are increasingly used to create 

personalized nutrition plans based on individual health metrics, 

lifestyle behaviors, and clinical goals. Machine learning 

algorithms analyze dietary intake data, metabolic profiles, and 

health outcomes to recommend optimized meal plans for 

managing obesity, diabetes, cardiovascular diseases, and other 

conditions. These models enhance patient adherence and 

provide scalable solutions for preventive healthcare. However, 

challenges include reliance on self-reported data, cultural and 

regional dietary differences, and the need for continuous 

personalization based on dynamic physiological changes [66]. 

7) AI in Pathology 

AI tools are transforming pathology by automating the analysis 

of histopathological slides for cancer diagnosis, grading, and 

biomarker detection. Deep learning models can detect 

morphological patterns with high sensitivity and consistency, 

reducing diagnostic turnaround times and aiding pathologists in 

high-volume workflows. Technologies such as whole-slide 

imaging analysis and AI-powered digital pathology platforms 

are gaining regulatory approvals. Nevertheless, issues related to 

slide digitization quality, model generalizability across 

laboratories, and interpretability of AI decisions remain 

significant considerations for widespread adoption [67]. 

8) AI for Pregnancy Monitoring 

AI applications in obstetrics assist in monitoring maternal and 

fetal health through analysis of ultrasound imaging, fetal heart 

rate patterns, and electronic medical records. Predictive models 

help in early detection of complications such as gestational 

diabetes, preeclampsia, and fetal growth restrictions. These 

tools enable timely interventions, improving outcomes for 

mothers and infants. However, access to longitudinal pregnancy 

datasets, ethical considerations regarding predictive analytics in 

pregnancy, and potential biases in model training data require 

careful attention [68]. 

9) AI for Speech Therapy Assistance 

AI-enhanced speech therapy platforms leverage machine 

learning algorithms to personalize rehabilitation programs for 

individuals with speech and language disorders. Real-time 

analysis of pronunciation patterns, fluency metrics, and vocal 

characteristics allows for dynamic adjustment of therapy 

exercises and immediate feedback. These systems increase 

therapy accessibility and improve patient engagement. 

Nonetheless, challenges such as adapting to diverse linguistic 

backgrounds, accurately assessing complex speech 

impairments, and ensuring user data privacy remain important 

concerns for scalable deployment [69]. 

10) AI for Vaccination Campaign Management 

AI models are being utilized to optimize vaccination campaign 

planning by predicting demand, identifying high-risk 

populations, managing logistics, and modeling disease spread 

dynamics. Machine learning techniques analyze 

epidemiological trends, demographic data, and mobility 

patterns to allocate resources efficiently and maximize vaccine 

coverage. AI also supports real-time monitoring of vaccination 

rates and adverse event reporting. However, successful 

implementation requires high-quality data, public trust, ethical 

governance, and the mitigation of algorithmic biases that could 

exacerbate health disparities [70]. 

The wide-ranging applications of artificial intelligence across 

healthcare domains demonstrate the profound and multifaceted 

impact these technologies are having on clinical practice and 

patient outcomes. From enhancing diagnostic precision through 

advanced imaging models to enabling predictive analytics, 

personalized medicine, and real-time monitoring, AI continues 

to drive unprecedented innovation at both the technological and 

systemic levels. However, as this survey highlights, the 

adoption of AI solutions is accompanied by notable limitations 

related to data quality, interpretability, and equitable access, 

which must be addressed to realize AI's full potential. The 

categorized exploration of AI advancements presented in this 

section sets the stage for a more critical evaluation of the 

methodologies, inclusion criteria, and analytical approaches 

that underpin the broader landscape of AI research in 

healthcare. Building upon this foundation, the following 

sections delve deeper into the selection processes and analytical 

frameworks that guided this comprehensive review, aiming to 

provide a robust and balanced assessment of the current state 

and future directions of AI in healthcare. 

V. LIMITATIONS OF CURRENT AI MODELS IN HEALTHCARE 

A. Data Challenges 

Data Bias: Despite the significant progress in AI applications 

across healthcare, several limitations continue to hinder 



Informatics Bulletin, Helwan University, Vol 7 Issue 2, July 2025 

 

13 

 

widespread clinical adoption. One of the most pressing 

concerns is data bias, which arises from imbalanced or non-

representative datasets. Many AI models are trained on data 

primarily sourced from high-income countries, leading to 

performance disparities when deployed in diverse populations. 

For instance, diagnostic models trained on Western imaging 

datasets may underperform when applied to patients from 

different ethnic backgrounds or resource-limited settings. This 

lack of generalizability poses serious risks in clinical decision-

making and perpetuates existing healthcare inequalities. 

 

Data Privacy and Security: Ethical concerns also represent a 

significant barrier. Issues such as algorithmic fairness, informed 

consent in data use, data ownership, and accountability for AI-

driven decisions require careful governance. Recent 

developments including the use of federated learning for 

privacy-preserving model training, the adoption of institutional 

AI ethics boards, and increased regulatory oversight are 

important steps toward addressing these challenges. However, 

these efforts remain uneven across institutions and countries, 

underscoring the need for global policy alignment and 

interdisciplinary ethical frameworks. 

 

B. Algorithmic Challenges 

 Model Interpretability: Many AI models, especially those 

based on deep learning, function as "black boxes," making their 

internal decision-making processes opaque. This lack of 

interpretability undermines clinicians' trust, as they are unable 

to verify why a model arrives at specific conclusions. 

Explainable AI (XAI) efforts aim to address this, but achieving 

a balance between interpretability and model complexity 

remains a challenge. Clinicians often need transparent tools that 

align with their diagnostic reasoning.  

 

Algorithmic Bias: Bias in training data can result in 

inequitable healthcare outcomes, disproportionately affecting 

underrepresented groups. For example, AI models trained 

primarily on datasets from Western populations may perform 

poorly when applied in other geographic or demographic 

contexts. This bias perpetuates disparities and raises ethical 

concerns about the fairness of AI systems. Addressing this 

requires more diverse datasets and rigorous validation 

protocols. 

 

C. Integration Challenges 

Workflow Disruption: Integrating AI into clinical workflows 

is complex, requiring significant changes to existing systems 

and practices. Many healthcare providers resist these changes 

due to a lack of training and the potential for increased 

workload during the transition period. Additionally, the risk of 

over-reliance on AI systems, potentially reducing human 

oversight, is a major concern for many institutions. 

 

Cost and Infrastructure: Implementing AI systems involves 

high upfront costs, including hardware, software, and training. 

Small and rural healthcare providers often lack the resources to 

invest in these technologies. Furthermore, maintaining and 

upgrading AI infrastructure over time adds to the financial 

burden, making these solutions less accessible to underserved 

populations. 

 

Limitation 
Severity 

(1-5) 

Impact on 

Adoption (%) 

Limited Data Availability 4 70 

Data Privacy and Security 5 80 

Model Interpretability 4 65 

Algorithmic Bias 4 60 

Workflow Disruption 3 55 

Cost and Infrastructure 5 85 

Table 1 AI Limitations in Healthcare 

 

The table provides a detailed view of the primary limitations 

hindering AI's integration into healthcare systems. Limited data 

availability, rated with a severity score of 4, underscores the 

critical need for high-quality datasets, especially in regions 

where electronic health records are sparse. Data privacy and 

security emerge as the most significant barriers, with an 80% 

impact on adoption, driven by strict regulatory requirements. 

The challenge of algorithmic bias, with a 60% impact, 

highlights the need for diverse training datasets to ensure 

equitable outcomes across demographic groups. Meanwhile, 

workflow disruptions and the high costs associated with 

implementing AI systems (both scoring over 70%) reflect 

operational and financial challenges, particularly for smaller 

healthcare institutions. This table serves as a foundation for 

identifying targeted strategies to overcome these barriers. 

 

 
Fig. 1 Impact of Limitations on AI Adoption in Healthcare 

 

The visualization in figure 1 complements the table by 

illustrating the relative impact of these limitations on AI 

adoption. Data privacy and infrastructure costs, with impacts 

rated at 80% and 85%, respectively, dominate the landscape of 

barriers, underscoring their critical role in shaping adoption 

decisions. Model interpretability and algorithmic bias, both at 

60-65%, represent technological hurdles that affect clinician 

trust and the fairness of AI applications. Workflow disruptions, 
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though less severe at 55%, remain significant, particularly 

during early integration phases. 

 

VI. FUTURE DIRECTIONS FOR AI IN HEALTHCARE 

 

The advancement of AI in healthcare demands not only 

technical innovation but also a multidimensional approach that 

integrates ethical, clinical, regulatory, and organizational 

perspectives. A key future direction is the expansion of 

federated learning frameworks that enable collaborative AI 

model training across institutions without sharing raw patient 

data. For example, recent multi-center studies in radiology and 

oncology have demonstrated that federated models can achieve 

performance comparable to centralized systems while 

preserving data privacy. Standardizing such frameworks could 

support the development of global diagnostic tools with 

reduced bias and enhanced generalizability. 

 

Another promising avenue is the use of synthetic data and 

digital twins to augment limited clinical datasets and simulate 

disease progression. Synthetic imaging data generated by 

generative adversarial networks (GANs) is increasingly used to 

train models in domains with sparse real-world cases, such as 

pediatric oncology or rare diseases. Likewise, digital twin 

technology is being explored for personalized treatment 

planning in cardiology and chronic disease management. 

However, validating these approaches against real-world 

outcomes remains critical. 

 

Explainable AI (XAI) also represents a priority area. 

Techniques such as attention heatmaps in medical imaging, 

rule-based models for clinical decision support, and 

interpretable NLP pipelines are beginning to bridge the gap 

between black-box AI and clinician trust. Embedding XAI into 

clinical workflows and ensuring clinicians can interrogate and 

override model recommendations will be essential for adoption. 

 

Lastly, the success of future AI deployment depends on deep 

interdisciplinary collaboration. Joint frameworks involving 

clinicians, computer scientists, ethicists, hospital 

administrators, and regulators are required to co-design AI 

systems that are clinically relevant, ethically grounded, and 

logistically viable. National and global policy efforts such as 

the European AI Act and WHO’s digital health strategy can 

serve as models for aligning AI development with public health 

priorities. Establishing shared validation protocols, certification 

schemes, and educational initiatives will be central to scaling 

AI safely and equitably across diverse healthcare systems. 

VII. CONCLUSION 

Artificial intelligence has rapidly evolved into a central 

driver of innovation in healthcare, with applications spanning 

medical imaging, diagnostics, patient monitoring, and clinical 

decision-making. This review examined 70 peer-reviewed 

studies published between 2023 and early 2025, identifying 40 

AI models focused on image analysis and 30 in broader 

domains such as virtual assistants, genomics, and telemedicine. 

Emerging practices such as federated learning for privacy-

preserving model training, synthetic data generation to address 

data scarcity, and explainable AI to support clinical trust reflect 

ongoing efforts to overcome technical and practical barriers. 

Nonetheless, challenges remain, including persistent data bias, 

limited model generalizability, high implementation costs, and 

ethical concerns surrounding transparency, fairness, and patient 

autonomy.  

 

To fully realize the transformative potential of AI in 

healthcare, future research must prioritize equitable and 

ethically grounded innovation. Greater emphasis on 

geographical diversity, interdisciplinary collaboration, and 

regulatory alignment is critical to ensuring scalable and 

context-aware deployment. Addressing these challenges will 

require more than technical refinement; it calls for a 

coordinated effort across healthcare, policy, and technology 

sectors to build trustworthy, accessible, and sustainable AI 

systems. By identifying current strengths and limitations, this 

review provides a foundation for guiding the next generation of 

AI research, encouraging the development of inclusive, patient-

centered solutions that can adapt to global health needs. 
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