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Abstract: The integration of artificial intelligence (AI) is significantly transforming healthcare, 

offering substantial improvements in efficiency, diagnostics, and patient care. This structured narrative 

review synthesizes peer-reviewed evidence retrieved from PubMed, Scopus, Web of Science, and 

Google Scholar (January 2017–October 2025) and applies an explicit eligibility protocol to map 

current applications, trends, and limitations of AI in healthcare. We explicitly distinguish three families 

of AI relevant to clinical practice—predictive AI (discriminative machine-learning models for risk 

stratification and diagnosis), generative AI (large language models and generative adversarial networks 

producing synthetic content), and agentic AI (goal-directed autonomous systems)—and analyze their 

distinct decision-making loci, adoption pathways, and complementarities with healthcare systems. 

Beyond technological advancements, this paper addresses prevalent misconceptions and myths 

surrounding AI in healthcare. These common misunderstandings often involve concerns about AI 

replacing human professionals, its impact on costs, and the absolute reliability of AI-driven decisions. 

Dispelling these myths is crucial for fostering informed understanding and professional acceptance. 

Furthermore, we provide an in-depth analysis of the multifaceted challenges that hinder AI's effective 

integration. These encompass technical hurdles like data quality and interpretability, alongside critical 

ethical, social, economic, and legal considerations. By synthesizing current developments and 

critically evaluating both potential benefits and obstacles, this review offers a balanced perspective on 

the present state and future direction of AI in healthcare. It emphasizes the need for strategic planning, 

ethical governance, and collaborative efforts to navigate these challenges responsibly and harness AI's 

transformative capacity for improved global health outcomes. 
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1. Introduction 

AI is rapidly becoming part of the everyday language of healthcare. For consistency, throughout 

this review, we use the following terminology: Artificial intelligence (AI) refers to the broad field of 

computational systems that perform tasks normally requiring human intelligence; machine learning 

(ML) is a subfield of AI in which algorithms learn patterns from data; deep learning (DL) is a subset 

of ML based on multi-layer artificial neural networks; generative AI (GenAI) denotes models that 

produce new content—text, images, code, or molecular structures—and includes large language 

models (LLMs) such as the GPT and Med-PaLM families and generative adversarial networks (GANs); 

natural language processing (NLP) is the set of techniques that enable computers to understand and 

generate human language; and agentic AI refers to goal-directed systems that plan, act, and adapt 

across multi-step tasks with limited human input. These terms are used in this restricted sense 

throughout the manuscript. Conversations about AI’s role range from optimism about its ability to 

transform medical practice to hesitation about its limitations and risks. In this review, we look at AI in 

healthcare from two complementary perspectives. The first is what we call the AI perspective: a view 

that highlights the promise of AI tools such as machine learning and predictive modeling. From this 

angle, AI offers opportunities to improve patient outcomes, reduce costs, and make clinical and 

administrative work more efficient. At the same time, this perspective also reveals a set of challenges: 

questions about reliability, bias, data privacy, and the broader ethical concerns that come with 

automating aspects of care. We aim to unpack these trends and misconceptions, while also pointing to 

the ongoing debates about what role AI should realistically play in health systems. The second lens is 

the healthcare perspective, which grounds the discussion in the lived realities of clinical practice and 

patient care. Here, AI is not an abstract technology but a tool applied to concrete areas—diagnostic 

imaging, electronic health records, genetic data analysis, and even virtual assistants that support patient 

communication. These examples show both the exciting potential and the practical constraints of AI 

adoption in healthcare. While AI models trained on large datasets can detect diseases earlier or assist 

with rare conditions, they also raise questions about responsibility and the balance between automated 

decision-making and human expertise. 

Taken together, these two perspectives allow us to review the promise and pitfalls of AI in 

healthcare, while emphasizing that its impact will depend as much on thoughtful implementation and 

ethical oversight as on technical innovation itself. 

1.1. The AI perspective 

Healthcare today is at a turning point, with AI—including ML, DL, and generative AI (Gen AI)—

emerging as a force that could reshape the way medical care is delivered. In this section, we treat AI 

as an umbrella term but explicitly note where claims pertain specifically to predictive ML/DL systems 

versus generative or agentic systems, because these subtypes differ both technically and in their 

pathway to adoption (see Section 1.4). For the purpose of this article, we treat AI as an umbrella term, 
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without separating Gen AI from the broader discussion. The promise of machine learning and related 

technologies lies in their ability to improve patient outcomes, reduce costs, and streamline both clinical 

and administrative work. At the same time, this promise comes with a set of challenges: questions 

about how effective these systems really are, the misconceptions surrounding their use, and the ethical 

concerns raised by their deployment in sensitive medical contexts. Our aim in this section is to review 

the current trends, myths, and challenges that frame the conversation around AI in healthcare. 

Recognizing AI’s growing role in healthcare also means acknowledging the importance of 

weighing its benefits against its limitations. With this understanding, healthcare professionals and 

policymakers are better positioned to make informed choices about how, when, and where AI should 

be applied. Addressing misconceptions and untangling the complexities of implementation are not only 

essential for innovation but also for ensuring ethical and responsible use. This balance is best achieved 

through collaboration—bringing together healthcare providers, computer scientists, and ethicists to 

shape AI’s role in ways that are practical and accountable. Seen in this light, the discussion of AI in 

healthcare is more than a technical review; it is a step toward understanding how its potential and its 

pitfalls converge. 

The research base also highlights how far AI’s influence has already spread. Studies such as Jiang [1], 

Yu [2], Kothinti [3], and Karunanayake [4] emphasized its transformative role in diagnosis, treatment, 

patient engagement, and administrative tasks. Breakthroughs range from the use of machine learning 

on structured datasets to natural language processing applied to unstructured clinical records. 

Faiyazuddin [5] mapped this landscape in detail, pointing to AI’s contributions to diagnostic accuracy, 

treatment planning, patient interaction, and administrative efficiency. Similarly, Gupta [6] turned to 

emerging domains such as drug discovery, clinical trials, and patient care—areas where AI is 

accelerating discovery, improving target identification, and enabling navigation through massive 

datasets. Yet even alongside these advances, concerns remain. Ethical dilemmas, uneven 

implementation, and questions about the preservation of professional roles serve as reminders that 

adoption cannot be driven by technical capability alone. 

1.2. The healthcare perspective 

AI and its related technologies are now deeply embedded across multiple sectors, and healthcare 

is no exception. Within this context, the use of advanced algorithms and digital tools to support patient 

care, research, administration, and service delivery is broadly understood as AI in healthcare. These 

technologies carry the potential to reshape how care is delivered—enhancing clinical decision-making, 

streamlining administrative work, and supporting innovation across providers, payers, and 

pharmaceutical organizations [7]. 

AI’s ability to process diverse types of patient data—ranging from medical records and imaging scans 

to genetic information—has opened new possibilities for diagnosis and treatment. Using machine learning 

algorithms, AI systems can detect subtle patterns, identify anomalies, and generate outcome predictions 

that contribute to more accurate diagnostics and personalized care [8]. In medical imaging, for instance, 

radiologists increasingly rely on AI-assisted analysis of X-rays, MRIs, and CT scans to identify diseases 

such as cancer with greater precision and speed [9]. AI can also help develop individualized treatment plans 

by considering a patient’s unique characteristics, predicting medication responses, and adjusting dosages 

accordingly. Its capacity to learn from large datasets allows AI models to recognize rare or complex 

disorders, supporting physicians in cases that might otherwise be difficult to diagnose [10]. 
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Beyond diagnostics, AI technologies are also transforming how patients interact with the 

healthcare system. AI-driven chatbots and virtual assistants now provide around-the-clock 

assistance—scheduling appointments, answering routine questions, and offering general medical 

information [11]. These tools not only improve accessibility but also allow healthcare professionals to 

dedicate more time to critical and complex cases. Similarly, in drug discovery, AI is accelerating 

research by analyzing massive datasets and predicting molecular properties. This capability holds 

promise for faster development of new treatments and therapies, offering better outcomes for a range 

of conditions [12]. On the administrative side, AI is helping to reduce human error and improve 

efficiency in areas such as medical coding, billing, and patient scheduling, ultimately giving healthcare 

workers more time to focus on direct patient care [13]. 

In summary, AI in healthcare presents an opportunity to transform patient care, personalize 

treatments, and advance medical research. Yet, alongside its benefits, it remains essential to ensure that 

AI is used ethically and responsibly. Striking the right balance between human judgment and 

technological capability will determine how successfully AI becomes an integrated, trusted partner in 

modern healthcare. 

1.3. Tracing the evolution of AI in healthcare 

The integration of artificial intelligence (AI) into healthcare has led to remarkable progress, 

shaping how medical care is delivered and understood. Early developments—such as the emergence 

of expert systems in the 1970s—laid the groundwork for AI’s diagnostic decision-making 

capabilities [14]. Although these systems provided a starting point, the real transformation began with 

the rise of machine learning and natural language processing, both of which expanded AI’s reach across 

clinical, research, and administrative domains, as mentioned in Figure 1. 

 

Figure 1. Analytical timeline in healthcare. 

Today, AI plays a critical role in medical imaging, enabling faster and more precise disease 

detection, while also analyzing electronic health record (EHR) data to identify patterns, predict 

outcomes, and assess patient risk [15]. In parallel, AI-driven methods have become integral to drug 
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discovery, accelerating the identification of new therapeutic candidates and reducing costs. Virtual 

assistants and chatbots now help manage appointments, guide patients, and provide accessible health 

information, easing the workload on medical professionals [16]. 

Earlier research laid the foundation for these developments. For instance, Esteva et al. developed 

a deep learning algorithm capable of diagnosing skin cancer from image data [17], and Song et al. used 

machine learning to predict the onset of sepsis [18]. Rajkomar et al. demonstrated AI’s potential to 

forecast patient mortality, readmission rates, and hospital stays [19]. While these studies were 

groundbreaking, more recent work has refined AI’s precision and broadened its clinical applications. 

Contemporary studies such as Mihan et al. highlight AI’s capacity to predict cardiovascular risk 

using diverse, bias-mitigated datasets [20]. Natarajan et al. expanded this progress with models that 

anticipate adverse drug reactions by integrating genomic and patient data [21]. Ruamviboonsuk et al., 

in their work published in The Lancet Digital Health, developed a deep learning–based interpretation 

system capable of diagnosing diabetic retinopathy with high accuracy [22], while Jiang et al. 

introduced a system to predict acute kidney injury in critically ill patients [23]. These examples 

illustrate how AI is advancing from reactive diagnostics toward proactive, preventative healthcare. 

However, the rapid pace of innovation also brings ongoing challenges. Gu et al. raised concerns 

about AI bias in mortality prediction, particularly among underrepresented racial groups, emphasizing 

the importance of fairness and transparency [24]. Likewise, data security, privacy, and potential misuse 

continue to present ethical and operational risks [25]. Recent cross-sectoral analyses have also begun 

to map the emerging occupational, safety, and societal risks created by predictive, generative, and 

agentic AI families—risks that healthcare must explicitly anticipate as adoption accelerates [26]. These 

issues underscore the need for continuous oversight and collaboration between healthcare 

professionals, technologists, and ethicists to ensure responsible AI integration. 

Together, this growing body of research illustrates AI’s evolving story in healthcare, marked by 

significant achievements, but equally by the need for vigilance, inclusivity, and ethical balance. 

1.4. Taxonomy of AI families in healthcare: predictive, generative, and agentic 

Discussions of AI in healthcare frequently treat technology as a single block, yet the systems 

currently being deployed differ substantially in their underlying methods, decision-making locus, 

regulatory pathways, and complementarity with health-system structures. Following recent cross-

sector analyses of AI risk and adoption [26], we distinguish three families of AI that are most relevant 

to current clinical practice. 

Predictive AI comprises discriminative ML and DL models—logistic regression, gradient-

boosted trees, support-vector machines, convolutional, and recurrent neural networks—that map 

structured or imaging data to a label, score, or risk estimate. Examples include CNN-based diabetic 

retinopathy detectors, ML sepsis-onset predictors, and EHR-based mortality and readmission risk 

models [17–23]. Decisions about deployment are typically made at the institutional or health-system 

level: a hospital, payer, or public-health body integrates a predictive model into a workflow as 

Software as a Medical Device (SaMD), and the model's outputs feed standardized clinical pathways. 

Adoption, therefore, depends on procurement, validation, and regulatory clearance, and the model 

complements existing institutional decision-making by improving the accuracy and consistency of 

population-level triage and risk stratification. 
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Generative AI comprises GenAI/LLMs and GANs/VAEs that produce new content—free text, 

structured documentation, images, or candidate molecules. In healthcare, this family powers ambient 

documentation, discharge summary drafting, patient-facing chatbots, and synthetic-data 

augmentation [27–30]. Importantly, the locus of decision-making shifts from the institution to the 

individual professional: a clinician chooses, often through a generic interface, whether and how to use 

a GenAI assistant for a given note, query, or patient explanation. Adoption is therefore closer to the 

diffusion patterns of consumer software than to traditional medical-device procurement, raising 

distinct governance issues around reproducibility, hallucination, and accountability. 

Agentic AI refers to goal-directed systems that plan and execute multi-step actions, orchestrating 

tools, querying records, drafting orders, and monitoring outcomes, with limited human prompting 

between steps [4,31]. These systems can be built on top of predictive and generative components, but 

are functionally distinct in that they make a sequence of operational decisions on behalf of users. Their 

adoption sits between institutional and individual modes: agents act inside enterprise workflows yet 

exercise discretion that has historically belonged to human professionals, which makes Human-in-the-

Loop (HITL) safeguards, audit trails, and clear accountability frameworks essential. 

Recognizing these three families clarifies several debates in the literature. Concerns about 

algorithmic bias and external validation [20,24,32,33] apply most strongly to predictive AI; concerns 

about hallucination, content provenance, and misuse [27,29,30] are characteristic of generative AI; and 

concerns about emergent behavior, automation bias, and accountability [31,34,35] are most acute for 

agentic systems. The complementarities also differ: predictive AI complements institutional risk 

management, generative AI complements individual professional cognition, and agentic AI 

complements operational workflow execution. These distinctions inform the structure of the analysis 

that follows and are summarized in Table 1 and Figure 2. 

Table 1. Comparative taxonomy of predictive, generative, and agentic AI families in healthcare. 

Dimension Predictive AI Generative AI Agentic AI 

Core method Discriminative ML/DL 

(CNNs, RNNs, gradient 

boosting). 

LLMs, GANs, VAEs 

producing synthetic content. 

Planner–executor 

systems orchestrating 

tools and models. 

Locus of decision-

making 

Institutional/health-system 

(procurement and pathway 

integration). 

Individual professional 

(clinician-level adoption). 

Hybrid: enterprise 

workflow with delegated 

discretion. 

Adoption pathway SaMD clearance, formal 

validation, integration in 

EHR. 

Subscription/API access, 

governance via clinical 

policy. 

Pilot deployments under 

HITL constraints; 

emerging frameworks. 

Dominant risk Distributional shift, 

demographic bias, 

miscalibration. 

Hallucination, provenance 

loss, IP, and privacy leakage. 

Emergent behavior, 

accountability gaps, 

automation bias. 

Complementarity 

with healthcare 

system 

Strengthens population-level 

risk management and triage. 

Augments individual 

cognitive workload, 

communication, and 

documentation. 

Coordinates operational 

workflows and 

longitudinal monitoring. 

Representative 

references 

[17–24] [27–30,36–38] [4,31,39] 
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Figure 2. Taxonomy of AI families in healthcare. 

2. Materials and methods 

2.1. Type of review 

This work is a structured narrative review with a transparent search-and-selection protocol. We 

adopted a structured narrative format, rather than a full systematic review or meta-analysis, because 

the question we address (how AI is shaping clinical practice and what myths, challenges, and 

trajectories surround it) is intentionally broad, draws on heterogeneous study designs (technical 

evaluations, clinical validations, ethical analyses, and policy reports), and is not amenable to 

quantitative pooling. To compensate for the inherent limits of a narrative format and respond to 

reviewer feedback on methodological rigor, we explicitly pre-specified the search strategy, eligibility 

criteria, and study-selection workflow as described below and summarized in the PRISMA-style flow 

diagram (Figure 3). 
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Figure 3. PRISMA-style study-selection flow. 

2.2. Search strategy 

Literature was retrieved from four databases—PubMed/MEDLINE, Scopus, Web of Science, and 

Google Scholar—covering January 2017 to October 2025, a window selected to capture the period in 

which deep-learning, generative, and agentic AI matured in clinical contexts. Search terms combined 

three concept blocks using Boolean operators: 

• Block A (technology): “artificial intelligence” OR “machine learning” OR “deep learning” 

OR “large language model” OR “generative AI” OR “foundation model” OR “agentic AI”. 

• Block B (domain): healthcare OR medicine OR clinical OR “public health” OR diagnosis OR 

“drug discovery” OR “electronic health record*”. 

• Block C (analytic angle): bias OR ethics OR governance OR adoption OR trust OR 

explainable OR “clinical decision support” OR myth. 

Searches combined Block A AND Block B, then iteratively refined with Block C. Reference lists 

of seminal reviews [1,2,5,6,36,38,40] were hand-searched for additional eligible items (“snowballing”). 

Grey literature was permitted only when authored by recognized regulatory bodies, government 

agencies, or the corporate technical literature of vendors with peer-reviewed publication footprints. 
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2.3. Eligibility criteria 

Studies were included if they (i) were published in English between January 2017 and October 

2025; (ii) addressed AI/ML/DL/GenAI/agentic systems in human healthcare contexts (clinical, public-

health, administrative, or pharmaceutical R&D); (iii) reported either empirical results, a clearly defined 

methodological framework, or an analytical/critical perspective relevant to the review's themes (trends, 

myths, challenges, or future directions); and (iv) were peer-reviewed journal articles, conference 

proceedings indexed in the above databases, or authoritative grey-literature reports. Studies were 

excluded if they (i) addressed AI in non-health domains without translational implications; (ii) were 

editorials, commentaries, or letters without original analysis; (iii) reported only patent or product-

marketing material; or (iv) focused exclusively on animal or in vitro studies without clinical relevance. 

Where multiple publications reported overlapping content from the same research group, the most 

comprehensive or most recent version was retained. 

2.4. Study selection and synthesis 

Two authors independently screened titles and abstracts, then full texts, against the eligibility 

criteria; disagreements were resolved by consensus discussion with a third author. Selected studies 

were charted into a structured matrix capturing AI family (predictive/generative/agentic), clinical 

domain, study design, data source, reported strengths, and reported limitations. Synthesis was 

performed thematically along the four organizing axes used in this review—trends and future 

directions, myths and misconceptions, challenges, and discussion/synthesis—which were defined a 

priori. The PRISMA-style study selection process is summarized in Figure 3, and the application-

domain mapping derived from this synthesis is presented in Table 2; a comparative critical evaluation 

of representative studies appears in Table 3. 

Table 2. Application areas of AI in healthcare with representative recent studies. 

AI-based application area Representative recent study References 

Medical imaging and radiology Deep Learning Approaches for Medical Image Analysis 

and Diagnosis  

[41] 

Diagnostic decision support and clinical 

decision-making 

Artificial Intelligence and Decision-Making in 

Healthcare: A Thematic Review 

[42] 

Electronic health records (EHRs) and 

predictive analytics 

A Review of the Role of Artificial Intelligence in 

Healthcare 

[43] 

Drug discovery and personalized medicine A Review on Revolutionizing Healthcare Technologies 

with AI and ML 

[44] 

Telehealth and virtual patient services AI in Healthcare: Transforming the Practice of Medicine [40] 

Risk stratification, early warning, and 

clinical safety 

Artificial Intelligence in Healthcare Delivery: Prospects 

and Pitfalls 

[45] 

Administration and workflow  

optimization 

Implementing AI in Healthcare—The Relevance of 

Trust 

[46] 
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Table 3. Comparative critical evaluation of representative studies on AI in healthcare across predictive, generative, and agentic families. 

Study AI family Clinical task Design Strengths Weaknesses/open questions 

Esteva et al. [17] Predictive 

(DL/CNN) 

Skin-cancer classification 

from clinical and 

dermoscopic images. 

Retrospective single-center 

benchmark. 

Dermatologist-level accuracy on 

benchmark; demonstrated feasibility of 

CNNs in dermatology. 

Limited skin-tone diversity; no 

prospective external validation; 

outcomes not measured. 

Song et al. [18] Predictive (ML) Early prediction of late-

onset neonatal sepsis. 

Retrospective EHR cohort. Practical lead time for intervention; 

interpretable feature set. 

Single-site cohort; limited 

generalizability; alarm-burden not 

assessed. 

Rajkomar et al. 

[19] 

Predictive (DL on 

EHR) 

Mortality, readmission, 

and length of stay. 

Retrospective multi-site 

EHR. 

Scales to raw EHR; broad clinical 

utility; reproducible methodology. 

Limited interpretability; outcomes did 

not include downstream clinical action; 

deployment effects unknown. 

Ruamviboonsuk 

et al. [22] 

Predictive (DL 

imaging) 

Diabetic retinopathy 

screening. 

Prospective multi-site 

interventional cohort. 

Real-world prospective deployment; 

documented operational performance 

and workflow integration. 

Performance shifts vs. lab benchmarks; 

image-quality dependence; long-term 

outcome data still maturing. 

Mihan et al. [20] Predictive (ML) Cardiovascular risk under 

bias-mitigated training. 

Methodological/policy 

review with empirical 

examples. 

Explicit attention to demographic 

fairness; pragmatic mitigation 

strategies. 

Recommendations not yet translated into 

standardized reporting; lacks prospective 

trial evidence. 

Hacking [29] / 

Chen & 

Esmaeilzadeh 

[30] 

Generative (LLM, 

GAN/VAE) 

Clinical documentation; 

synthetic data; patient 

communication. 

Narrative/analytic 

perspective and case 

examples. 

Maps real productivity gains and 

concrete privacy/security risks; 

identifies governance gaps. 

No controlled clinical trials; 

hallucination rates not severity-stratified; 

IP and provenance unresolved. 

Karunanayake 

[4] / Bonis [31] 

Agentic Autonomous clinical 

assistants; closed-loop 

monitoring. 

Conceptual/industry 

analysis with early 

prototypes. 

Articulates plausible operational gains; 

proposes HITL safeguards. 

Limited peer-reviewed evidence; 

emergent-behavior and accountability 

frameworks still embryonic. 
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2.5. Classification framework 

The methodology involves mapping the most prevalent areas of AI application through a review 

of representative scholarly studies. These application domains were identified and organized according 

to their prominence in recent research, clinical integration, and overall impact on healthcare delivery 

and innovation. This structured mapping enables a systematic understanding of how AI technologies 

are reshaping diverse aspects of healthcare—from diagnostic precision to patient monitoring and 

administrative optimization. The resulting classification, shown in Table 1, outlines six major domains 

of AI application, arranged in descending order from the most widely implemented to the least. Each 

domain includes a representative study that exemplifies AI’s role within that specific context. 

3. Trends and future directions in AI in healthcare 

3.1. Overview 

Artificial intelligence (AI) is rapidly transforming the healthcare landscape, with a growing 

number of companies, institutions, and healthcare providers adopting AI-based systems to enhance 

medical delivery and research. Its applications span diagnosis, treatment planning, data management, 

and patient monitoring, fundamentally altering how healthcare professionals engage with technology. 

AI’s integration has led to a more precise understanding of patient needs, improved data handling, and 

better management of complex medical conditions, ultimately contributing to superior patient 

outcomes. Its capabilities in processing large datasets, improving surgical precision, and analyzing 

medical images continue to redefine clinical workflows [27]. 

3.2. Evolution of multimodal and generative AI architectures 

The healthcare AI ecosystem is experiencing a decisive paradigm shift from traditional unimodal 

systems—such as image-only models in radiology or text-based natural language processing (NLP)—

to multimodal AI architectures capable of integrating and contextualizing diverse information sources. 

These systems synthesize heterogeneous data types, including electronic health records (EHRs), 

Digital Imaging and Communications in Medicine (DICOM) files, structured genomic datasets, and 

continuous biosensor time-series data, resulting in richer, more comprehensive patient profiles [27,28]. 

In parallel, the emergence of generative AI (GenAI), underpinned by large language models (LLMs) 

and advanced generative adversarial networks (GANs), is transforming the way medical data is utilized. 

Beyond analytical functions, LLMs are increasingly applied to automate clinical documentation, 

streamline complex administrative processes, and enhance patient communication platforms [27,29]. 

Similarly, GANs and variational autoencoders (VAEs) have shown significant promise in generating 

high-fidelity synthetic patient datasets, which are vital for training AI models in privacy-sensitive 

settings and for overcoming the persistent challenge of limited annotated clinical data [30]. 

Collectively, these innovations mark a transition from data analysis to data synthesis and 

contextual intelligence, signifying the foundation for more adaptive, patient-centered AI systems. This 

evolution also provides the groundwork for the next critical trend—the integration of AI as a cognitive 

and workflow assistant, where generative and multimodal systems begin to directly augment clinical 

decision-making and operational efficiency within healthcare environments. 
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3.3. AI as a clinical workflow and cognitive assistant 

Generative AI applications are now functioning as “cognitive assistants” that alleviate clinician 

burnout by automating repetitive documentation and communication tasks. Such systems can: 

• Summarize patient histories for handovers [47]. 

• Draft clinical reports and progress notes [29]. 

• Manage communication within hospital systems [29]. 

These systems aim to restore clinician focus on direct patient care and decision-making, 

optimizing workflow efficiency [27]. 

3.4. Advanced predictive analytics for early and precision disease detection 

One of the most transformative and widely recognized applications of artificial intelligence (AI) 

in healthcare lies in predictive analytics, particularly for early disease detection and personalized risk 

stratification. Unlike traditional statistical models, modern AI frameworks can process and interpret 

vast amounts of longitudinal patient data from heterogeneous sources—ranging from genetic and 

epigenetic markers, continuous monitoring data from wearable and implantable devices, and lifestyle 

and behavioral indicators to high-resolution medical imaging and laboratory results [6,48]. By 

integrating these multifaceted datasets, AI systems are capable of uncovering subtle, nonlinear 

correlations that might otherwise go undetected by human clinicians. This capability enables the 

prediction of disease onset, progression trajectories, and treatment responses for complex and chronic 

conditions such as cardiovascular disease, cancer, and neurological disorders [6,48]. For instance, 

predictive algorithms can identify early biomarkers of Alzheimer’s disease or forecast the likelihood 

of cancer recurrence based on patient-specific molecular profiles and imaging trends. 

These advances collectively support a proactive and preventative model of medicine, in which 

care shifts from reactive treatment to early intervention and continuous management. Evidence from 

recent studies suggests that such AI-powered predictive models not only enhance diagnostic accuracy 

but also improve clinical decision-making by enabling personalized treatment pathways, reducing 

hospital readmissions, and optimizing healthcare resource allocation [6]. In essence, predictive 

analytics serves as a cornerstone in the ongoing transition toward precision healthcare, where 

prevention and individualized care supersede traditional one-size-fits-all approaches. 

3.5. Acceleration of the drug discovery and development pipeline 

Artificial intelligence, particularly generative AI, is also reshaping the landscape of 

pharmaceutical research and development (R&D) by dramatically shortening the drug discovery 

timeline—from initial target identification to lead optimization and clinical validation [40]. This 

transformation stems from AI’s ability to model complex biological systems, simulate molecular 

interactions, and generate novel drug candidates at a scale and speed previously unattainable through 

conventional experimental techniques. Advanced deep learning architectures, including variational 

autoencoders (VAEs), generative adversarial networks (GANs), and transformer-based models, are 

increasingly used to design and evaluate new molecular entities in silico—predicting their 

pharmacokinetic and pharmacodynamic characteristics with remarkable precision [30,49]. 

Simultaneously, the integration of multi-omics data (spanning genomics, proteomics, and 
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metabolomics) allows AI systems to identify novel druggable targets, elucidate complex biomarker 

signatures, and predict therapeutic responses across diverse patient populations [49]. Crucially, these 

AI-driven methodologies are not limited to hypothesis generation; they are actively expediting 

tangible progress in the drug development pipeline. Emerging evidence indicates that AI-designed 

molecules are demonstrating higher success rates in early-phase clinical trials compared to 

traditionally derived compounds, thereby reducing both time and cost associated with preclinical 

candidate identification [49,50]. Moreover, by leveraging synthetic biology and virtual screening, AI 

enables researchers to rapidly test millions of compounds and optimize candidates before laboratory 

synthesis, making the entire process more efficient and sustainable. Ultimately, AI’s contribution to 

drug discovery represents one of the most promising intersections of computational innovation and 

biomedical science, with the potential to accelerate the delivery of safer, more effective therapies to 

patients worldwide. 

3.6. Emergence of agentic AI and autonomous systems 

Agentic AI marks a new phase in healthcare innovation, introducing systems capable of self-

directed learning, task execution, and adaptive decision-making [31]. In clinical environments, these 

models continuously monitor patient vitals, interpret real-time data, and propose context-specific 

interventions, reducing response times in critical care. Beyond patient management, they streamline 

administrative operations by automating complex workflows such as prior authorizations and clinical 

documentation. Although Human-in-the-Loop (HITL) oversight remains essential for validation and 

accountability, ongoing developments indicate a steady shift toward higher autonomy and greater 

operational independence [31]. As discussed in Section 1.4, agentic systems blur the 

institutional/individual boundary that has historically governed clinical AI adoption, and their 

oversight requirements differ qualitatively from those that apply to predictive or generative 

components used in isolation. 

3.7. Ethical, regulatory, and interoperability challenges 

Despite significant advancements, several enduring barriers continue to impede the seamless 

integration of AI in healthcare: 

• Algorithmic bias: The risk of perpetuating inequities due to biased or non-representative 

training data [51]. 

• Transparency and explainability (XAI): The need for interpretable models to preserve 

clinician trust and accountability [52]. 

• Data governance and interoperability: Challenges in securely integrating and standardizing 

diverse datasets across healthcare systems [53]. 

• Regulatory lag: The lack of adaptive regulatory frameworks for dynamically evolving AI 

models [54]. 

• Cross-sectoral risk spillovers: Recent analyses of occupational and societal AI risk emphasize 

that the categories of harm created by predictive, generative, and agentic systems differ in kind, 

requiring family-specific governance rather than a single “AI ethics” envelope. 
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3.8. Future trends 

3.8.1. Large medical models (LMMs) and foundational AI 

AI research in healthcare is rapidly advancing toward large medical models (LMMs), multimodal 

foundational systems trained on diverse biomedical data, including clinical notes, imaging, genomics, 

and the full corpus of biomedical literature [36–38]. These models are expected to provide 

generalizable intelligence with emergent reasoning and deep contextual understanding of complex 

medical concepts. By enabling efficient fine-tuning or prompting for a wide range of downstream 

applications, such as high-level diagnostic reasoning, report summarization, and initial drug target 

hypothesis generation, LMMs have the potential to replace many narrow, task-specific AI systems, 

thereby standardizing core AI infrastructure across healthcare [36,38]. 

3.8.2. Closed-loop and agentic systems 

Future AI systems will evolve toward agentic and closed-loop models capable of 

autonomously planning, monitoring, and executing multi-step clinical tasks within safety-

constrained environments [2,39]. Applications may include continuous management of chronic 

diseases, where AI agents process real-time data from wearables and medical devices (e.g., continuous 

glucose monitors) to adjust therapeutic interventions or alert clinicians based on predictive risk 

assessments. Human oversight will remain essential, but the paradigm will shift from AI-assisted 

decision support to autonomous, safety-governed action [2,39]. 

3.8.3. AI-enabled digital twins 

The concept of digital twins—dynamic virtual replicas of individual patients—represents the next 

frontier in personalized medicine [55]. By integrating multi-scale biological data, from single-cell 

genomics and transcriptomics to organ-level imaging and whole-body scans, AI-driven digital twins 

will allow in silico simulation of disease progression, prediction of adverse drug interactions, and pre-

testing of therapeutic strategies. This capability moves precision medicine from reactive, trial-and-

error approaches toward predictive, highly individualized treatment planning [56]. 

3.8.4. Ambient intelligence and continuous data capture 

Clinical AI tools, such as AI scribes, are expected to evolve into pervasive ambient 

intelligence [57]. Passive sensors in clinical environments will capture interactions, examinations, 

and procedural details in real time, automatically generating fully coded EHR documentation. 

Extending beyond clinical settings, home-based and wearable devices will provide continuous 

passive monitoring, enable the ultra-early detection of physiological deviations, and support 

predictive, proactive healthcare [57]. 
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3.8.5. Ethical AI and robust governance 

The widespread integration of AI necessitates mature ethical and governance frameworks [58]. 

Key priorities include rigorous bias mitigation across diverse populations, implementation of privacy-

preserving techniques such as federated learning, and validated transparency through external audits 

rather than relying solely on explainable AI (XAI) methods. This approach emphasizes robust clinical 

performance and safety over superficial interpretability, ensuring that AI adoption maintains trust, 

fairness, and patient-centered care [59]. 

To synthesize these emerging trends within a unified conceptual framework, Figure 4 presents a 

maturity–impact lifecycle model of AI in healthcare. The figure illustrates a continuous, iterative 

progression spanning AI development, maturity assessment, clinical implementation, impact 

prediction, performance monitoring, and refinement. This cyclical representation is particularly 

relevant in the context of the trends discussed above, as it highlights that advancements such as 

multimodal learning, agentic systems, and digital twins do not evolve linearly but rather through 

repeated feedback-driven optimization loops. For instance, predictive analytics and generative AI 

models discussed in Sections 3.2 and 3.4 correspond to the “Predict Impact” and “Assess Maturity” 

phases, while agentic and closed-loop systems (Section 3.8.2) align with the “Implement AI” and 

“Monitor Performance” stages. Consequently, the figure reinforces the notion that future AI systems 

in healthcare will operate within adaptive, continuously learning ecosystems rather than static 

deployment pipelines. 

 

Figure 4. Maturity vs. impact matrix of future trends. 
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4. Myths and misconceptions surrounding AI in healthcare 

The emergence of sophisticated AI, particularly large language models (LLMs) and generative 

AI, has ignited a transformative debate within medicine. While enthusiasm for AI in healthcare 

continues to grow, misconceptions persist that can distort expectations and hinder ethical adoption by 

conflating the very different capabilities and risks of predictive, generative, and agentic AI families. 

These misconceptions are systematically contrasted with evidence-based realities in Table 4, which 

provides a structured comparison between commonly held beliefs and their corresponding factual 

clarifications. This tabular synthesis supports the critical evaluation of AI narratives and complements 

the lifecycle perspective illustrated in Figure 4 by emphasizing that both technological maturity and 

societal perception must evolve in parallel for responsible AI adoption. 

4.1. AI will replace medical professionals 

Reality: AI is an augmentation tool, not a substitute for clinicians. 

The belief that AI will fully replace doctors, nurses, or other healthcare workers remains one of 

the most persistent and least substantiated fears [60,61]. While AI systems outperform humans in 

narrow, data-intensive domains, such as image recognition, triage, and anomaly detection, they lack 

the contextual intelligence and emotional depth intrinsic to medical care (Table 1). 

i. Contextual judgment and empathy: Clinical decision-making extends beyond data 

interpretation. It integrates structured information (EHRs, lab values) with unstructured cues such 

as patient history, emotional state, and social context [2]. Current AI systems cannot replicate 

empathy, moral reasoning, or the nuanced understanding necessary to build trust and deliver 

compassionate care [60,61].  

ii. Evolving role of experts: Historically, technological innovations have enhanced rather 

than eliminated clinical roles. In radiology and pathology, for instance, AI automates routine 

pattern recognition, allowing specialists to focus on quality assurance, consultation, and complex 

diagnostics [62]. The future is thus collaborative: AI processes data, while clinicians provide insight 

and empathy. 

iii. Job transformation, not elimination: Automation may reduce repetitive administrative tasks 

but simultaneously creates new opportunities in AI development, validation, oversight, and patient 

engagement [61]. 

4.2. AI makes unbiased and infallible decisions 

Reality: AI inherits and amplifies systemic biases from its training data. 

The notion that AI operates as a neutral, purely objective decision-maker is dangerously 

misleading. An AI model’s accuracy and fairness are only as strong as the data it is trained on—a 

principle often summarized as “garbage in, garbage out” [32,33]. 

i. Data bias and disparities: Models trained on homogeneous or non-representative datasets 

tend to perform poorly across diverse populations. This has been observed, for example, in AI systems 

diagnosing skin lesions, where model accuracy varies across skin tones and demographic groups 

[60,32,33]. 

ii. The human factor in algorithm design: Bias can emerge from human decisions during feature 
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selection, data labeling, and algorithmic modeling. Implicit biases of developers or clinicians may 

inadvertently propagate inequities [32]. 

iii. Need for validation, not just accuracy: High accuracy in training environments does not 

guarantee fairness or generalizability. For high-stakes applications, continuous external validation, 

fairness audits, and real-world performance monitoring are essential [63]. 

Table 4. Representation of the myths and facts of artificial intelligence in today’s world. 

Myths Facts 

AI is replacing medical professionals in 

healthcare. 

AI and clinicians are working collaboratively to improve 

overall patient care. 

Expenditure on healthcare has increased 

with the introduction of AI. 

Healthcare is becoming affordable with the introduction of new 

technologies, helping reduce manpower. 

AI decisions are unbiased and precise. AI decisions are influenced by the dataset sources used for 

training. 

AI ensures no data security and privacy. AI uses encryption for data and ensures the security of personal 

information. 

AI is the solution to all healthcare 

problems. 

AI can enhance problem-facing ability but cannot eliminate the 

underlying challenges. 

AI is better at identifying diseases. AI can support physicians in making more accurate, data-driven 

clinical decisions. 

AI is complex and difficult to understand. Most AI tools are user-friendly, though some require targeted 

training for effective use. 

4.3. AI will always increase healthcare costs 

Reality: AI drives long-term efficiency and cost reduction. 

Although implementing AI infrastructure and training personnel requires substantial initial 

investment, economic evidence increasingly supports AI as a driver of long-term cost savings and 

system-wide efficiency [64,65]. 

i. Efficiency and optimization: AI reduces administrative overhead through automated 

billing, scheduling, and documentation—activities that can account for nearly 25% of healthcare 

expenditure [64]. It also enhances resource allocation, surgical scheduling, and patient throughput. 

ii. Improved outcomes, lower costs: By improving diagnostic precision and early detection, AI 

reduces unnecessary procedures and complications, resulting in fewer hospitalizations and lower 

treatment costs [65]. 

iii. Accessibility and scale: AI-driven telemedicine, remote diagnostics, and wearable 

monitoring solutions expand access to quality care in underserved regions, at a fraction of conventional 

costs [62]. 

4.4. AI data collection is inherently less secure 

Reality: AI presents new risks but also strengthens data protection.  

The training of AI systems on vast health datasets raises legitimate privacy concerns, yet many 

of the same technologies powering AI can also be used to enhance data security [66,67]. 
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i. The security paradox: Aggregating data from EHRs, wearables, and trials increases exposure 

risks. However, strong regulatory adherence to HIPAA and GDPR, combined with technical safeguards, 

mitigates these threats [66]. 

ii. Privacy-enhancing technologies (PETs): a) Federated learning enables collaborative model 

training without transferring raw data [67]. B) Differential privacy injects controlled noise to protect 

individual identities. C) AI-based threat detection proactively identifies cyber risks faster than 

traditional systems [66]. 

iii. Governance and trust: Security depends on strong data governance frameworks, encryption, 

and privacy-by-design principles that sustain public confidence [67].  

4.5. AI is a universal healthcare solution 

Reality: AI is a specialized tool, not a panacea. AI has transformative potential, but it is not a 

universal remedy for the systemic challenges in global healthcare. 

i. Narrow vs. general intelligence: Today’s systems operate within artificial narrow intelligence 

(ANI), excelling only at specific tasks (e.g., classifying tumors, reading X-rays). Artificial general 

intelligence (AGI), the kind that can think and reason like a human, remains hypothetical and far from 

realization [61,68]. 

ii. Limits of systemic impact: While AI can improve workflow efficiency, data-driven policy, 

and patient management, it cannot resolve structural issues such as inequitable access, workforce 

shortages, or the complexity of disease itself [2]. 

iii. Empowering the patient: The next evolution of AI in healthcare emphasizes patient-facing 

tools, systems that help individuals interpret symptoms, track chronic conditions, and make informed 

health decisions (Figure 2). This model redefines clinicians as guides and collaborators rather than sole 

decision-makers [69]. 

5. Challenges associated with AI in healthcare 

The integration of AI into healthcare is transforming clinical practice, enabling unprecedented 

advances in diagnosis, treatment, and patient monitoring. However, this transformation is not without 

its complexities. The deployment of AI in healthcare brings forth a host of technical, ethical, and socio-

economic challenges that must be addressed to ensure that these technologies are secure, equitable, 

and clinically reliable. The following subsections outline the key barriers to responsible and sustainable 

AI adoption. 

5.1. Technical and data infrastructure challenges 

The success of AI implementation in healthcare relies on the availability of high-quality data and 

a robust, interoperable technical infrastructure. Healthcare data, by nature, presents unique challenges 

that can hinder AI performance and generalizability. 
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5.1.1. Data availability, quality, and fragmentation 

AI models require large, diverse, and well-labeled datasets for optimal training and generalization. 

However, real-world healthcare data is often fragmented and inconsistent [70]: 

i. Heterogeneity and complexity: Electronic health records (EHRs) include a mix of structured 

data (lab results, vitals), semi-structured data (imaging, waveform), and unstructured narratives 

(clinical notes, pathology reports). These heterogeneous sources complicate data harmonization and 

model training [15,71]. 

ii. Inadequate representation: Both rare diseases and healthy populations tend to be 

underrepresented in datasets, leading to poor calibration in differential diagnosis and population-level 

screening tasks [72]. 

iii. Lack of standardization: Information is stored across multiple legacy systems and 

incompatible formats, impeding data aggregation and large-scale AI deployment. This lack of semantic 

interoperability remains a critical bottleneck [73]. 

5.1.2. Algorithmic robustness and trustworthiness (explainability) 

Trust in AI systems depends on transparency, validation, and reliability. The “black box” 

problem—AI’s opacity in decision-making—poses a major barrier to clinical trust and adoption. 

i. Model validation and rigor: Algorithms must be rigorously validated across diverse, real-

world clinical settings rather than just research environments, ensuring safety and generalizability [74]. 

ii. Explainable AI (XAI): Clinicians must understand why a model produces a given 

recommendation. Explainability supports accountability, enhances user trust, and allows clinician 

oversight in critical care contexts [75]. 

iii. Workflow integration: Integrating AI-driven decision support into existing clinical processes 

often leads to friction due to usability issues, workflow misalignment, or limited infrastructure, 

especially in resource-constrained environments [76]. 

Beyond these established issues, three weaknesses of current AI approaches deserve sharper 

emphasis. First, most published predictive models are validated retrospectively on convenience 

samples and rarely undergo prospective, multi-site external validation, leading to documented 

performance drops when deployed (“distributional shift”) [22,74]. Second, generative models in 

clinical contexts continue to produce confidently stated but factually incorrect outputs 

(“hallucination”), and current evaluation pipelines for clinical LLMs do not yet stratify failures by 

clinical risk severity, which limits the actionability of reported accuracy figures [27,29]. Third, agentic 

systems amplify both of these failure modes by chaining model calls without principled uncertainty 

propagation, so a small upstream error can cascade into a clinically significant downstream action [4,31]. 

These observations are revisited and quantified in the comparative-evaluation table presented in 

Section 6 (Table 3). 

5.2. Ethical and legal challenges 

AI’s role in healthcare introduces ethical dilemmas surrounding fairness, transparency, 

accountability, and patient autonomy. These challenges underscore the need for robust ethical 

frameworks and adaptive legal systems. 
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i. Bias, fairness, and equity: Algorithmic bias poses one of the most pressing ethical challenges. 

When AI systems reflect the biases present in their training data, they risk amplifying health disparities, 

particularly for underrepresented populations [77]. Ensuring fairness and inclusivity requires balanced 

datasets, continuous auditing, and clear ethical standards [78]. 

ii. Patient autonomy and informed consent: The complexity of AI systems makes it difficult to 

achieve truly informed consent. Patients must understand how algorithms use their data and influence 

their care decisions [79]. Achieving meaningful transparency may require new patient education 

frameworks and regulatory communication models. 

iii. Liability and accountability: Establishing clear accountability for AI-related errors is a 

significant legal challenge. In the case of a misdiagnosis or malfunction, responsibility can be diffuse, 

falling on the clinician, hospital, developer, or manufacturer [80]. Defining liability frameworks is 

critical to protect both patients and practitioners while promoting innovation. 

iv. Data privacy and cybersecurity: The vast amount of personal health information (PHI) used 

in AI development increases the risk of cyberattacks and data misuse. Traditional privacy laws, such 

as HIPAA, must evolve to match the advanced data aggregation and analytics capabilities of modern 

AI systems [43,81]. 

5.3. Socio-economic and human factors challenges 

AI’s success depends not only on algorithms but also on human acceptance and economic 

sustainability. Technology adoption in healthcare is deeply shaped by behavioral, organizational, and 

financial factors. 

5.3.1. Human factors and adoption 

Clinician engagement is critical for successful AI deployment [34]. However, several behavioral 

factors complicate this process: 

i. Automation bias: Over-reliance on AI recommendations can lead clinicians to overlook 

contextual nuances or patient-specific details [35]. 

ii. Clinician–AI communication: Poorly designed interfaces and opaque AI outputs can disrupt 

workflow, increase cognitive load, and lead to clinician fatigue [82]. 

iii. Reskilling and education: Continuous professional training is essential for clinicians to 

interpret AI outputs, recognize limitations, and collaborate effectively with AI systems [82,83]. 

5.3.2. Economic sustainability and return on investment (ROI) 

Although AI can reduce costs long-term, short-term economic hurdles remain significant: 

i. High initial costs: The expenses associated with development, validation, and implementation, 

including infrastructure upgrades, can be prohibitive [84]. 

ii. Demonstrating ROI: Health systems must see measurable improvements in patient outcomes 

and operational efficiency to justify investments [85]. 

iii. Regulatory burden: The cost of obtaining approvals (e.g., FDA clearance for Software as a 

Medical Device) adds complexity and delays implementation [86]. 
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6. Discussion and future directions 

The review so far has traced how AI is reshaping healthcare—across imaging, predictive analytics, 

drug discovery, and autonomous systems—while also spotlighting myths, ethical tensions, and 

infrastructural constraints. In this section, we synthesize these threads and suggest paths forward.  

6.1. Synthesis of key themes 

Across all domains, a few patterns emerge: 

i. Human–AI collaboration, not substitution: The myth that AI will replace clinicians is 

unfounded. The evidence suggests AI works best when paired with human judgment, empathy, and 

oversight. 

ii. Data quality as a limiting factor: Even the best algorithms fail if fed poor, biased, fragmented, 

or unrepresentative data. Many challenges trace back to data infrastructure. 

iii. Ethics, governance, and trust: No matter how advanced the model, adoption will lag if 

clinicians and patients do not trust the system. That requires transparency, accountability, and clear 

regulatory frameworks. 

iv. Uneven implementation and infrastructure gaps: AI’s potential is often limited by resource 

constraints, lack of standardization, or user resistance, particularly in less-resourced settings (e.g., rural, 

lower-income regions). 

v. Evolving role of evidence generation: AI is pushing beyond retrospective studies into 

prospective trials, synthetic controls, and adaptive learning systems—forcing new norms for validation 

and regulation. 

6.2. Gaps in current literature 

i. Prospective, real-world validation: Many models report high accuracy retrospectively, but 

fewer have been tested prospectively, externally, or in operational settings. 

ii. Explainability and usability studies: There is limited empirical work on how clinicians 

interpret AI outputs, how interfaces affect trust, and how “black box” systems perform in live 

workflows. 

iii. Long-term impact on skills and practice: As AI becomes more common, how will it shape 

clinicians’ diagnostic acumen, reasoning, and continued learning? 

iv. Global and equity perspectives: Most studies come from high-income countries; fewer 

examine deployment in low- and middle-income settings, where infrastructure and data constraints 

differ significantly [87]. 

v. Failure-mode stratification for generative clinical AI: Reported accuracy figures for clinical 

LLMs rarely separate hallucinations that are clinically inert from those that are clinically dangerous; 

standardized, severity-stratified failure-mode evaluations are still missing from the literature. 

6.3. Policy, organizational, and educational implications 

i. Adaptive governance frameworks: Regulators must keep pace with evolving models (e.g., 

model update cycles, re-training, post-market evaluation) [88]. 
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ii. Data stewardship and ecosystem design: Concepts like data stewardship (balancing societal, 

institutional, and individual interests) may fill gaps in accountability and trust [89]. 

iii. Embedding ethics from the start: The ethical framework must be integrated into every stage—

data collection, model building, validation, deployment—not tacked on afterward [90]. 

iv. Workforce education and cultural change: Clinicians, data scientists, ethicists, and 

administrators must learn to collaborate. AI literacy must be part of training curricula, not optional. 

v. Infrastructure investment and interoperability: Standards for semantic interoperability, data 

exchange, and annotation must be enforced [91]. 

6.4. Future directions 

Looking ahead, we propose several directions for research and practice: 

i. Hybrid clinical trials with AI components: Incorporating AI arms, synthetic controls, and real-

world validation. 

ii. Explainability tools co-designed with clinicians: Interfaces that translate AI reasoning into 

actionable, understandable recommendations. 

iii. Federated and privacy-preserving learning: To bridge data silos without compromising patient 

privacy. 

iv. Longitudinal, real-world outcome studies: Tracking how AI affects health outcomes, cost 

trajectories, and clinician behavior over time. 

v. Frameworks for autonomous AI deployment: As “agentic AI” becomes more feasible, 

frameworks for safe, human-supervised autonomy will be critical. 

6.5. Critical comparison of representative studies 

To strengthen the critical analysis of the studies cited above, Table 3 presents a head-to-head 

comparison of seven representative works that span the predictive, generative, and agentic AI 

families and the main clinical domains discussed in this review. For each study, we summarize the 

AI family, clinical task, study design, principal strengths, and principal weaknesses or unresolved 

questions. Three observations follow from this comparison. First, high-profile predictive models 

with reportedly excellent retrospective performances, such as the CNN-based dermatology classifier 

of Esteva et al. [17], remain limited by demographic skew in their training data and by the absence of 

multi-site prospective validation. Second, prospective real-world studies are rare, with the diabetic-

retinopathy program of Ruamviboonsuk et al. [22] standing out as an example of how operational 

deployment uncovers failure modes that are invisible in benchmark accuracy figures. Third, generative 

and agentic systems [27,29,31] are still reported predominantly through narrative case studies and 

vendor-driven evaluations rather than through controlled clinical trials, which makes claims about their 

workflow benefits provisional. Together, these patterns motivate the family-specific governance 

recommendations in Section 5 and the future research agenda in Section 6.6. 

7. Conclusion and outlook 

Artificial intelligence is no longer a futuristic aspiration in healthcare—it is actively reshaping how 

medicine is practiced, researched, and delivered. From imaging and diagnostics through drug development 



969 

AIMS Public Health  Volume 13, Issue 4, 947–975. 

to autonomous systems, AI’s influence has spread across virtually every domain of clinical care. 

However, this review underscores that technological sophistication alone is insufficient. For AI 

to fulfill its promise, integration must be guided by ethical foresight, robust infrastructure, human-

centered design, and adaptive governance. AI must remain a tool of augmentation, not replacement, 

blending computational power with human insight. Recognizing that predictive, generative, and 

agentic AI follow distinct adoption logics and create distinct risks (Sections 1.4, 5.2, and 6.1) is, in our 

view, a prerequisite for governance frameworks that are both effective and proportionate. 

As the field strides into the era of large medical models, continuous learning systems, and semi-

autonomous agents, we must remain vigilant. The next chapter of AI in healthcare depends not just on 

better models, but on trust, fairness, and equity. 

If chosen wisely, AI can transform healthcare from reactive to proactive, from one-size-fits-all 

to personalized, and from fragmented systems to interconnected ecosystems—never replacing the 

human touch but elevating it. 

Limitations 

Several limitations should be noted. First, this is a structured narrative review rather than a 

systematic review or meta-analysis: although the search strategy and eligibility criteria were pre-

specified (Section 2.2–2.4), no formal risk-of-bias appraisal was performed, and no quantitative 

synthesis was attempted. Second, the search was restricted to four databases and to English-language 

publications, which may have under-represented evidence from non-English health systems and from 

regional repositories that are particularly relevant to low- and middle-income settings. Third, the field 

is moving rapidly, particularly for generative and agentic AI, so some technical claims will inevitably 

be superseded between submission and publication; we have attempted to mitigate this by privileging 

peer-reviewed sources and by anchoring claims to study design rather than to vendor announcements. 

Fourth, although we have introduced a three-family taxonomy, real systems increasingly combine 

predictive, generative, and agentic components, and the boundaries between families are themselves a 

moving target. 
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