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Abstract: This review examines the rapidly expanding landscape of Generative Artificial Intelligence
(GenAl) in healthcare, focusing on how models such as GANs, VAEs, diffusion models, and large
language models are being explored across medical imaging, clinical documentation, synthetic data
generation, drug discovery, and decision-support workflows. Despite GenAl's growing influence, pet-
sistent challenges, including limited annotated datasets, concerns over model generalizability, privacy
risks, and the opacity of generative architectures, underscore the need for careful evaluation and gov-
ernance. Accordingly, this study aims to map cutrent applications, assess methodological and ethical
constraints, and identify future research opportunities. Using a structured search across ScienceDirect,
Scopus, and other sources, the study follows a structured narrative review complemented by quantita-
tive descriptive analysis of the literature. The review also adopts PRISMA-guided screening and stand-
ardized data extraction, the review synthesizes evidence from 110 studies published up to October
2025. The findings indicate that the literature frequently reports improvements in imaging quality, data
augmentation, molecular modeling workflows, and clinical documentation through generative ap-
proaches, particularly in technically constrained settings; however, evidence of clinically validated im-
pact remains uneven across domains. While issues of bias, hallucination, and limited interpretability
persist as significant obstacles, imaging-focused applications appear comparatively more mature than
decision-support and patient-level modeling tasks. Across domains, diffusion models are commonly
associated with higher visual fidelity in biomedical image generation, whereas LLMs demonstrate
promise in narrative-oriented tasks but require stronger factual grounding and external verification
mechanisms. Overall, the evidence suggests that GenAl’s potential in healthcare is highly context-
dependent and contingent upon robust validation frameworks, transparent governance, and human-
in-the-loop oversight. The review concludes that responsible integration of GenAl—guided by ethical,
legal, and clinical safeguards, will be essential for ensuring safe, equitable, and sustainable adoption in
healthcare research, delivery, and policy.

Keywords: Clinical Decision Support; Ethical Implications; Generative Al; Healthcare Artificial
Intelligence; Large Language Models; Medical Imaging; Synthetic Data; Trustworthy Al.

1. Introduction

Generative Al (GenAl) continues to expand rapidly in healthcare, enhancing diagnostic
precision, streamlining clinical workflows, and enabling personalized therapeutic strategies
[1]-[3]. Amid growing clinical complexity and increasing patient expectations, Al offers trans-
formative potential to improve patient outcomes, optimize resource utilization, and stimulate
innovation in medical methodologies [4]—[6]. Within this landscape, GenAl has emerged as a
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disruptive paradigm capable of synthesizing realistic biomedical data, modeling complex bio-
logical systems, and automating narrative and decision-support functions [4], [7], [8].

Models such as GANs, VAEs, diffusion models, and LLMs address key challenges, in-
cluding limited annotated datasets, privacy constraints, and the need for reliable simulation
frameworks [1], [7], [9]-[12]. By generating clinically valid synthetic data, GenAl accelerates
biomedical research, enhances diagnostic performance, and broadens access to emerging dig-
ital health technologies [1], [3], [4], [13].

This review critically examines GenAl’s evolving applications in medical imaging, drug
discovery, and electronic health record analytics, alongside the methodological, ethical, and
regulatory dimensions shaping its integration into healthcare systems [1], [4], [6], [14]—[10]. It
further outlines strategic directions for embedding GenAl responsibly within health systems
to ensure outcomes that are equitable, transparent, and empirically grounded [1], [4], [17].

While several reviews have examined generative Al in healthcare, they tend to focus
narrowly on specific model families, such as GAN-driven medical image synthesis, or on
limited clinical domains, including radiology and drug discovery. Existing surveys often cover
restricted time windows, omit multimodal generative architectures, or lack structured apprais-
als of methodological validity, explainability, and governance constraints. Importantly, prior
reviews rarely integrate macro-level research trends or publication growth statistics, nor do
they evaluate the maturity of GenAl applications across domains such as imaging, EHR syn-
thesis, decision-support, molecular modeling, and digital twins. Moreover, the rapid emet-
gence of international ethical and policy frameworks such as the WHO (2021) Ethics and
Governance of Al in Health, the EU Al Act (2024), and evolving FDA/EMA guidance for
adaptive AI/ML systems which has not been systematically linked to GenAl research trajec-
tories in the existing literature. These gaps limit the ability of clinicians, policymakers, and
researchers to understand how technical innovations intersect with governance, safety, and
translational readiness.

This study conducts a structured narrative review, complemented by quantitative de-
scriptive mapping of the literature, covering generative Al research in healthcare until Octo-
ber 2025. While PRISMA guidelines were adapted to inform the screening and selection pro-
cess, the study does not aim to constitute a formal systematic literature review or meta-anal-
ysis, but rather to provide an integrative and cross-domain synthesis of existing work. In con-
trast to earlier reviews, it integrates (i) PRISMA-guided article selection, (if) structured evi-
dence mapping of GenAl applications, (iii) a taxonomy of model families, (iv) domain-wise
maturity and methodological quality assessment, and (v) an evaluation of ethical, legal, and
policy implications influencing clinical adoption. In addition, this review incorporates biblio-
metric-style trend visualizations to highlight the evolving research landscape across medical
imaging, clinical documentation, synthetic data generation, molecular modeling, and decision-
support systems.

The remainder of this paper is organized as follows: Section 2 describes the research
protocol and PRISMA-based methodology. Section 3 introduces the foundational concepts
and model families of generative Al. Section 4 contextualizes GenAl within healthcare sys-
tems, while Section 5 synthesizes application domains using a data-centric and patient-centric
petspective. Sections 6 and 7 examine evaluation practices and ethical, legal, and social impli-
cations, respectively. Section 8 discusses key challenges and limitations, followed by future
research directions in Section 9. Finally, Section 10 presents an integrative discussion and
summary of key findings, and Section 11 concludes the paper.

2. Research Protocol

To systematically review the applications, benefits, risks, and future potential of genera-
tive Al technologies across healthcare domains, this review seeks to address the following
research questions:

1. What are the current applications of generative Al in healthcare?

2. Which generative models are most commonly used in healthcare applications?

3. How are these applications evaluated and validated?

4. What ethical, technical, and clinical challenges arise from the application of these mod-
els?

5. What future research directions and opportunities can be identified?
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2.1. Search Strategy for Reviewing Generative Al in Healthcare

The literature search was conducted across two major academic databases to ensure

comprehensive coverage of both medical and technical perspectives:

e ScienceDirect: for clinically oriented research and medical applications

e Scopus: for interdisciplinaty scholarly literature spanning computer science, engineering,
and health sciences.

e Other Literature from soutces such as preprints are also considered based on relevance
and rigor.

2.2. Search String

The search strategy employed the following query string to retrieve relevant literature:
“Generative AI” OR “Generative Artificial Intelligence” OR “GenAI” AND (“healthcare”
OR “health care” OR “health system” OR “health”).

2.3. Search Refinement

To ensure methodological rigor and relevance, the literature search was conducted
across publications indexed up to October 2025, with primary analytical emphasis placed on
recent advancements and emerging trends in generative Al research. Earlier studies were re-
tained selectively to trace foundational concepts and methodological origins of specific gen-
erative Al paradigms. Only English-language sources were included. Citation chaining was
employed to identify seminal and highly influential works, particularly those contributing to
the historical development of generative models and their early adoption in healthcare con-
texts. Database-specific subject headings were used to improve search precision and coverage.
These refinements ensured a focus on contemporary, high-impact research while maintaining
continuity with foundational methodological literature.

2.4. Inclusion and Exclusion Criteria

The literature selection process prioritized peer-reviewed journal articles and systematic
reviews to ensure methodological rigor and scholatly credibility. Non-technical commen-
taries, opinion pieces, and studies outside the healthcare context were excluded. The detailed
eligibility framework, including inclusion and exclusion criteria, is summarized in Table 1.

Table 1. Eligibility criteria for inclusion and exclusion of studies.

Inclusion Criteria Exclusion Criteria

Peer-reviewed articles, Conference papers and pre- . .
’ pap p Non-scientific blog posts and news articles

prints
Published between 1994 and 2025 Published before 1994
English-language publications Non-English articles
Focused on healthcare applications of GenAl Generic Al studies not specific to healthcare

To illustrate the outcome of applying these criteria, the overall search and screening
process is summarized in Figure 1. A total of 394 records were initially identified and reduced
to 250 after duplicate removal. Following title and abstract screening, 240 full-text articles
were assessed for eligibility, of which 153 met the inclusion criteria. After excluding additional
articles with methodological limitations or insufficient relevance, 110 studies were finalized
for inclusion. Eatlier publications were primarily retained to support historical tracing of gen-
erative Al paradigms, while the analytical synthesis emphasizes studies published during pe-
riods of higher research density.

2.5. Systematic Screening and Selection Methodology

The study selection process followed a three-stage screening protocol designed to ensure
comprehensive and unbiased inclusion of relevant studies. Stage 1 involved two independent
reviewers who evaluated each record against the predefined eligibility criteria and excluded
clearly irrelevant studies. Stage 2 consisted of full-text screening to assess methodological
soundness, relevance to generative Al applications in healthcare, and overall technical validity.
Stage 3 applied PRISMA-compliant evaluation instruments to assess scientific merit,
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methodological transparency, and potential sources of bias. This multi-level screening process
minimized selection bias and ensured the methodological integrity of the review.

2.6. Systematic Data Extraction and Synthesis Methodology

The included studies were systematically analyzed to capture both technical and clinical
characteristics. A standardized data extraction template was developed to record model ar-
chitecture, target healthcare domain, quantitative evaluation metrics, dataset attributes, clinical
and technical outcomes, methodological limitations, and ethical considerations, as summa-
rized in Table 5. The extracted data were organized across five thematic domains, enabling
analysis of model performance, clinical validity, and implementation challenges. This inte-
grated quantitative—qualitative synthesis facilitated the identification of cross-cutting trends,
evidence gaps, and methodological best practices in healthcare-focused generative Al re-
search, while maintaining transparency and reproducibility.
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Figure 1. Literature search and assessment workflow

3. Foundations of Generative Al

Generative Artificial Intelligence (GenAl) refers to a class of algorithms designed to
create new content such as images, text, audio, or structured data by learning statistical and
semantic patterns from existing datasets [1], [4]. Its adoption in healthcare has been driven by
advances in probabilistic modeling and unsupervised learning, extending eatlier approaches
such as Bayesian networks and principal component analysis [9], [18]. The introduction of
Generative Adversarial Networks (GANSs) by [9] demonstrated the capability of generator—
discriminator architectures to synthesize data that are nearly indistinguishable from real clin-
ical records, thereby enriching limited medical datasets [3], [19].

Figure 2 illustrates the evolving landscape of generative AI model adoption in healthcare,
based on publications spanning the period 1994-2025. To ensure consistency with the overall
bibliometric analysis and to account for sparse publication volume in eatly years, studies pub-
lished prior to 2020 are aggregated into a single category (£2020). As a result, the figure em-
phasizes temporal trends from 2020 onward, where publication density becomes sufficient to
support year-level comparison. The stacked areas represent overlapping thematic classifica-
tions rather than mutually exclusive counts, reflecting the fact that individual studies may
employ multiple generative model families. Early healthcare-focused generative Al research
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was dominated by image synthesis approaches based on GANs and VAEs. From 2022 on-
ward, diffusion models and transformer-based large language models (LLMs) exhibit rapid
growth, signaling a shift toward multimodal data generation and contextual reasoning. After
2023, hybrid architectures integrating LLMs with diffusion and VAE-GAN frameworks
show accelerated adoption, indicating a transition toward unified generative systems capable
of linking imaging, textual, and molecular data within a single learning paradigm.

100 4 W GANs
. VAEs
I Diffusion Models
| Ms
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Relative Share of Applications (%)

20 A

=2020 2021 2022 2023 2024 2025
Year

Figure 2. Shifting landscape of GenAl applications in healthcare.

Advances in Variational Autoencoders (VAEs) and diffusion models have provided
powerful tools for medical image generation, patient outcome simulation, and disease pro-
gression modeling. Consequently, GenAl has gained prominence across diverse healthcare
applications, including medical imaging, electronic health record analytics, natural language
processing, drug discovery, and personalized medicine [19], [20]. These developments illus-
trate how GenAl both reinforces established biomedical paradigms and enables new models
of digital innovation in healthcare [9], [21], [22].

Figure 3 presents publication trends across major healthcare application domains of gen-
erative Al, using the same temporal aggregation strategy as Figure 2. Publications prior to
2020 are grouped into a single <2020 category due to limited volume, while annual trends
from 2020 to 2025 are shown explicitly. The reported values represent overlapping thematic
classifications rather than mutually exclusive categories, as individual studies may contribute
to multiple application domains.
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Figure 3. Publication trends by generative Al application domain.
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As shown in Figure 3, medical imaging and image enhancement applications dominate
the literature and exhibit rapid growth from 2020 onward, reflecting the maturation of GAN-
, VAE-, and diffusion-based techniques for clinical imaging pipelines. Decision-support sys-
tems and clinical text generation demonstrate strong growth beginning in 2021, driven by
increasing adoption of transformer-based LLMs and multimodal architectures. Digital twin
and data-imputation applications remain comparatively less prevalent but show steady emer-
gence after 2022. The apparent decline in early 2025 reflects partial-year indexing rather than
a substantive reduction in research activity.

Taken together, Figures 2—4 provide a coherent bibliometric overview of the final corpus
spanning 1994-2025. While eatly studies are aggregated due to sparse coverage, the period
from 2020 onward reveals clear temporal and domain-specific research trajectories. Genera-
tive Al research in healthcare has transitioned from predominantly image-centric generation
toward multimodal, language-driven, and decision-oriented applications, underscoring the in-
creasing clinical integration and methodological diversification of generative models.

Figure 4 presents the distribution of publications included in the review by year. The
reduced number of studies in 2025 reflects partial-year coverage, as the literature search was
conducted in February. Overall, the trend highlights substantial growth in generative Al re-
search compared with earlier years. To contextualize the representativeness of the final corpus
(n = 110), a temporal distribution analysis was conducted by year of publication. Due to
sparse coverage prior to 2020, studies published in 2018-2020 were aggregated into a single
category (£2020). 2023, 45 in 2024, and 21 in early 2025. Journal articles constituted approx-
imately 82% of the corpus, while the remaining 18% comprised preprints (primarily arXiv
and medRxiv).

Clinical text generation and automated reporting follow a similar upward trajectory, par-
ticularly with the widespread adoption of transformer-based LLMs after 2022. In contrast,
digital twin and data-imputation applications remain emergent but demonstrate gradual
growth, indicating increasing interest in simulation- and augmentation-driven clinical analyt-
ics. Overall, the upward trend through 2024 underscores expanding clinical integration of
generative Al, while early 2025 figures likely underrepresent full-year output due to partial
indexing.
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Figure 4. Number of publications included in the review by year.

Across model families, GANs remain the most widely adopted architecture, followed by
VAEs and LLMs, while diffusion models and hybrid approaches are rapidly expanding the
methodological diversity of GenAl applications in medical research [1], [4], [5]. The major
GenAl model families identified in this review are discussed in the following subsections.

3.1 Generative Adversarial Networks (GANSs)

Generative Adversarial Networks (GANSs) are neural network architectures designed to
synthesize artificial data instances [1], [4]. They have demonstrated significant efficacy in
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healthcare applications such as medical image synthesis, data augmentation, cross-domain
translation, and the simulation of rare disease cases for diagnostic training [13], [23]. However,
the deployment of GANS in clinical contexts presents challenges, including mode collapse,
training instability, and limitations in clinical realism. Ongoing research addresses these issues
through Wasserstein GANs (WGANSs) and other stability-enhancing architectures [24]. Ad-
ditionally, refinements in evaluation metrics and the incorporation of domain-specific con-
straints are advancing the development of clinically valid and ethically trustworthy synthetic
datasets [13], [23]. Collectively, these innovations position GANs as foundational tools in
the evolution of realistic, privacy-preserving, and diagnostically valuable healthcare data gen-
eration [12], [25].

3.2. Variational Autoencoders (VAEs)

Variational Autoencoders (VAEs) are probabilistic generative models that encode input
data into a structured latent space and reconstruct it to generate new, statistically similar in-
stances [4]. They have shown promise in health informatics for generating synthetic electronic
health records, reducing noise in medical imaging, and imputing missing clinical data [9], [14].
VAEs’ well-organized latent representations facilitate anomaly detection and the modeling of
patient-specific clinical trajectories [22]However, VAEs exhibit limitations in high-fidelity
medical imaging, such as image blurriness and reduced structural sharpness, as summarized
in Table 4 [24]. Hybrid approaches, including VAE—-GAN architectures, integrate adversarial
learning to enhance image realism while preserving the probabilistic strengths of VAEs [9].
Furthermore, disentangled VAE variants aim to improve the separability of clinical variables
within the latent space, yielding more realistic, interpretable, and clinically useful synthetic
data [9].

3.3. Diffusion Models

Diffusion models represent a newer class of generative frameworks capable of producing
high-fidelity and realistic data by simulating a progressive denoising process [13], [23]. In-
spired by principles from thermodynamics, these models generate detailed and lifelike im-
agery, offering substantial advances in diagnostic imaging, data augmentation, and training
dataset expansion [9]. Nevertheless, diffusion models face computational and operational
challenges, including high computational cost and slow sampling rates, which currently limit
their routine deployment in clinical settings [19], [21]. Recent research efforts seek to mitigate
these limitations through accelerated sampling techniques, such as Denoising Diffusion Im-
plicit Models (DDIMs), as well as conditional diffusion frameworks [11], [25]. In addition,
physics-informed diffusion models aligh synthetic outputs more closely with biological real-
ism, thereby enhancing clinical validity and biomedical plausibility [3]. These developments
position diffusion models as a transformative frontier for achieving high-resolution, inter-
pretable, and trustworthy generative modeling in medical imaging and related healthcare ap-
plications [9].

3.4. Large Language Models (LLMs)

Large Language Models (LLMs) trained on medical and clinical corpora can generate
human-like textual content for a range of healthcare applications, including automated dis-
charge summaries, radiological report interpretation, clinical question answering, and patient
interaction [9], [26]. Despite their strong performance, concerns related to accuracy and in-
terpretability persist [3]. LLMs perform particularly well in decision-support and clinical doc-
umentation tasks; however, they are susceptible to hallucination, whereby plausible-sounding
but incorrect statements are generated, posing risks in healthcare environments 9], [26]. The
black-box nature of many LLM-based decision-support systems further complicates the ver-
ification of clinical recommendations and may increase the risk of inappropriate or misleading
outputs [24]. Moreover, biases embedded in training datasets can be amplified by these mod-
els, potentially reinforcing inequities, instigating ethical conflicts, and adversely affecting pa-
tient outcomes [27], [28]. Table 2 summarizes model types, their key usage and insight drawn
from studies on these models.



Journal of Future Artificial Intelligence and Technologies 2026 (March), vol. 2, no. 4, Saeed, et al. 594

Table 2. Model-centric developments of GenAl models

Representative

Model Type Key Contributions Studies

Key Insights

. .. . Most mature and widely used for
Data synthesis, denoising, medi- Y

GANs . ; [19], [29] imaging; faces stability and bias
cal image reconstruction
challenges.
Feature learnine. molecular struc Effective for probabilistic reason-
VAEs “ & mo‘ecu e [30]-[32] ing; latent variables capture hid-
ture prediction P
en patterns.
Diffusion High-resolution generation, de- Promising for drug and molecu-
o noising diffusion probabilistic [33], [34] lar synthesis; still limited in clini-
Models .
modeling cal deployment.
- . . Rapidly expanding into radiology
pins  Clinical documentation, question g, 35 and EHR summarization; risks

answering, summarization .
& hallucination.

4. Premise of GenAl in Healthcare

Generative Al in healthcare has evolved from early probabilistic and unsupervised par-
adigms into a diversified toolkit encompassing GANs, VAEs, diffusion models, and large
language models capable of generating clinically relevant images, text, and structured data [1],
[4]. Historically, a key inflection point was the introduction of GANs, which demonstrated
that generator—discriminator dynamics could yield synthetic samples approaching the distri-
butional fidelity of real clinical data. Subsequent advances in VAEs and, more recently, diffu-
sion models further expanded the design space for simulation, denoising, and patient-trajec-
tory modeling [13], [25].

This progression is not merely technical; it directly responds to persistent healthcare
constraints such as data scarcity, stringent privacy requirements, and the need for realistic in-
silico environments for training and validation, as shown in Table 2. Collectively, these drivers
explain the rapid diffusion of GenAl across imaging, EHR synthesis, and clinical documen-
tation tasks [13].

Across clinical domains, the appeal of GenAl is largely pragmatic [11], [36]. In medical
imaging, GANs and VAEs are widely used to synthesize MRI, CT, and PET data to support
algorithm development where annotated labels are costly or scarce, while diffusion models
and hybrid architectures are increasingly explored to overcome fidelity limitations in fine-
grained anatomical detail [37]. In parallel, EHR-oriented research leverages generative ap-
proaches to construct de-identified cohorts and support downstream analytics without com-
promising patient confidentiality [16], [37]. These use cases position GenAl as an enabler of
diagnostic development, privacy-preserving data sharing, and rare-disease research, even as
open questions remain regarding artifact risks and the enforcement of domain-appropriate
constraints for clinical reliability.

Figure 5 presents an evidence map of GenAl applications in healthcare, illustrating how
different model classes align with foundational drivers, application domains, and evaluation
and ethical considerations. As shown in Figure 5, the field still lacks harmonized validation
norms. Imaging-focused studies frequently report metrics such as FID or PSNR, whereas text
generation tasks rely on BLEU, ROUGE, or AUROC; however, consensus on what consti-
tutes clinically meaningful validation remains limited. This fragmentation, exacerbated by si-
loed datasets and the scarcity of multimodal benchmarks, complicates reproducibility and
cross-study comparability. It also underscores the need for cross-institutional evaluation pro-
tocols and standardized, ethically shareable testbeds (e.g., MIMIC-III, CheXpert) to move
from technical promise toward scientific and clinical credibility.

Figure 6 depicts a taxonomic tree of GenAl models used in healthcare applications, or-
ganized across three levels: L1 (model categories), L2 (sub-categories), and L3 (representative
examples or applications). Beyond technical classification, the ethics-and-governance sub-
strate remains decisive for real-world adoption. Bias and fairness concerns arise when gener-
ative models are trained on demographically skewed corpora, while privacy-preserving strat-
egies—such as differential privacy, k-anonymity, and federated learning—mitigate risks but
also introduce trade-offs in fidelity, accountability, and interpretability. Regulatory guidance
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tailored specifically to generative systems remains emergent across jurisdictions, and, together
with explainability gaps and workflow-integration challenges, continues to shape clinician
trust and adoption.

GANs VAEs Diffusion Models LLMs
Model Classes Image synthesis, augmentation, Latent Structure, Blurry Outputs, Low fidelity Images, Low sampling CDS, Hallucination and
Training Instability, Bias Disentanglement lssues & Interpretability Issues Opacity
| | | /
Foundational Data scarcity, few labelled Privacy, PHI protection, de- Simulation, In-silico training/ workflow needs, EHRIPACs
Drivers datasets, rarehealth conditions identification Validation Integration, Productivity
l . Medical Imaging, Clinical Text Drug & Molecular Synthetic EHR, de- Decision Support R :
Appicaton MRUCTIPET Summarizalion & de-novo design. indenification Contet avare Pore Tuns, Petert
omains Synthesistnhancemem Reportlng ADM coh reommendation 5'” B AL
Evaluation FID, PSNR, AUROC, R MIMIC, Chexpert, Bias, Faimess, GDPR,
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Figure 5. Evidence map of GenAl application in healthcare
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A balanced reading of the evidence suggests that GenAl’s most defensible near-term
value lies in augmentation rather than full automation. Reported gains in labeling efficiency,
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predictive accuracy, and human—Al synergy are promising, but must be interpreted through
the lenses of equity and patient safety, as efficiency gains divorced from fairness risk entrench-
ing existing disparities. As illustrated in Figure 6, the research frontier is converging toward
multimodal generative architectures, privacy-preserving diffusion frameworks, and neuro-
symbolic hybrids that integrate statistical generation with causal reasoning. These advances
must operate within governance frameworks capable of auditing performance, tracing ac-
countability, and sustaining clinician confidence. Related convergence trends are further dis-
cussed in Figure 12.

5. Domains of Healthcare Applications

5.1. Introduction to Application Categories

Generative Al applications in healthcare can be broadly organized into two overarching
categories: (1) data-centric and (2) patient-centric applications. This distinction reflects the
dual workflow of modern digital health systems, where upstream data generation, transfor-
mation, and enhancement processes support downstream clinical and patient-facing func-
tionalities.

Data-centric applications primarily focus on improving, augmenting, or synthesizing
structured and unstructured medical data. These include synthetic data generation, multi-
modal data fusion, missing data imputation, anomaly detection, and automated document
processing. In contrast, patient-centric applications emphasize direct clinical utility, support-
ing diagnosis, prognosis, therapeutic planning, clinical decision-making, rehabilitation guid-
ance, and patient engagement.

This conceptual division aligns with contemporary literature, which increasingly distin-
guishes between data-level innovation and clinically actionable systems. Structuring the review
along these two dimensions enhances conceptual clarity, illustrates how foundational data
processes underpin clinical intelligence, and provides a coherent basis for assessing the ma-
turity of each application domain.

5.2. Data-Centric Applications
5.2.1. Medical Imaging

Generative Al models, particularly GANs and VAEs, are widely employed to synthesize
realistic medical images in settings where annotated datasets are scarce, costly, or ethically
constrained [38], [39]. These models support diagnostic algorithm development, rare disease
research, and privacy-preserving data sharing [13], [25]. However, they often struggle to re-
produce fine anatomical structures, potentially introducing artifacts that compromise diag-
nostic reliability [3], [27], [40].

m Generative Adversarial
Networks (GANs)

m Vanational Auto-encoders
(VAEs)
Diffusion Models

m Large Language Models
(LLMs)

W Review Papers
Others

Figure 7. Categories of GenAl models used based on the papers under review. It isclear that GAN
models are the most widely used due to their robust applicability followed by VAEs, then LLMs as
the two later are comparably newer techniques
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To address these limitations, recent studies increasingly integrate diffusion models and
hybrid domain-constrained architectures to improve image fidelity and anatomical con-
sistency [41]. Ethical considerations persist regarding the downstream use of synthetic images
for clinical validation and decision-making [28]. Ongoing efforts aim to establish standardized
benchmarks for assessing image quality, authenticity, and clinical reliability [39]. Medical im-
aging and enhancement remain the most extensively explored GenAl application domains, as
reflected in the distribution of model usage shown in Figure 7.

5.2.2. Image Enhancement

Generative Al models, including GANs and VAEs, are also applied to enhance image
resolution, contrast, and noise reduction, particularly in low-quality or low-dose imaging sce-
narios [39], [42]. These approaches improve diagnostic performance while preserving patient
privacy [13]. Nonetheless, challenges remain in maintaining structural fidelity, which may af-
fect diagnostic interpretation [2]. To improve robustness, recent studies explore diffusion-
based and hybrid domain-aware architectures. Ethical concerns related to potential misuse of
enhanced images in clinical decision-making and regulatory evaluation remain unresolved
i3], [27].

5.2.3. Data Augmentation

Synthetic image generation is a critical technique for data augmentation in medical im-
aging, reducing overfitting and improving model generalizability across diverse patient popu-
lations [42]—[44]. The integration of real and synthetic data strengthens training pipelines,
particularly under class imbalance or limited data conditions [44], [45]. However, synthetic
augmentation may inadvertently reinforce latent biases present in the original datasets, result-
ing in overconfident but clinically flawed models [33]. Current research investigates fairness-
aware generation, latent space interpolation, and style transfer techniques to enhance syn-
thetic diversity and clinical plausibility [33], [42].

In parallel, Large Language Models (LLMs) are increasingly applied to automated struc-
tured reporting in radiology and pathology, translating visual findings into coherent narrative
summaries [15], [33]. Despite these advances, challenges related to factual accuracy, contex-
tual awareness, and regulatory compliance persist [2], [16], [40]. Emerging approaches, such
as retrieval-augmented generation and multimodal reasoning frameworks, emphasize factual
grounding and clinician oversight to improve reliability [15].

5.2.4. Data Imputation

Generative models are increasingly used to impute missing values in clinical databases
by modeling complex inter-variable relationships [33], [42], [45]. Architectures such as VAEs
and diffusion models generate plausible values for incomplete electronic health records, la-
boratory results, and longitudinal patient data [11], [47]. This approach improves data quality
for downstream predictive modeling while avoiding biases associated with traditional impu-
tation techniques (e.g., mean substitution or regression-based methods) [43].

Nevertheless, generative imputation can propagate hidden biases if missingness patterns
are inaccurately modeled [27]. Recent studies explore attention-based mechanisms and adver-
sarial validation to detect unreliable imputations [33], [45]. Hybrid models combining VAEs
with symbolic reasoning show promise for improving interpretability [32].

5.2.5. Anomaly Detection

Generative models are applied to detect anomalous patterns in healthcare data, identify-
ing potential fraud, reporting errors, or atypical clinical presentations [44], [48]. By learning
normative data distributions, these models can identify outliers with high sensitivity [49]. Ap-
plications include billing anomaly detection, adverse drug reaction monitoring, and identifi-
cation of subtle diagnostic inconsistencies, thereby enhancing clinical safety and organiza-
tional efficiency [37].

However, false positives remain a significant challenge, particularly in noisy clinical en-
vironments [3], [41]. Current research explores few-shot learning and multimodal fusion (e.g.,
combining imaging with laboratory trends) to improve specificity [3]. These trends are con-
sistent with the application growth patterns illustrated in Table 3.

5.2.6. Predictive Models

Generative Al is increasingly employed in predictive modeling to forecast disease pro-
gression, treatment response, hospital readmission risk, and other clinical outcomes [50]—[52].
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These models capture temporal and nonlinear patterns from longitudinal datasets, including
EHRs, imaging studies, and genomic profiles [51], [53]. By anticipating changes in patient
health trajectories, predictive generative models support proactive care planning, optimized
resource allocation, and personalized interventions [35].

Nonetheless, temporal generative models often experience performance degradation
over long prediction horizons due to error accumulation [37], [47], [54]. Recent work inte-
grates uncertainty quantification and knowledge graphs to improve robustness [11]. Prospec-
tive clinical trials remain necessary to validate these models in real-world healthcare settings
[42], [55].

5.2.7. Decision Support

Generative Al enhances clinical decision-support systems by producing context-aware
recommendations tailored to patient profiles [56]. These systems integrate multimodal inputs
including laboratory data, imaging, medications, and clinical history to generate diagnostic
hypotheses, treatment suggestions, and risk assessments [24], [53]. Through natural language
generation, LLMs also provide human-readable explanations that may reduce clinician cogni-
tive burden and support informed decision-making [32], [57].

However, opaque reasoning processes may encourage over-reliance on automated rec-
ommendations [58]. Current research emphasizes interactive interfaces that allow clinicians
to interrogate model outputs and hybrid architectures that link LLMs with curated medical
knowledge bases [59]. Regulatory frameworks for adaptive Al-based decision-support sys-
tems remain under active development [15], [16], [25].

5.3. Patient-Centric Applications

Patient-centric applications of GenAl focus on direct clinical interaction, decision-mak-
ing, and individualized patient support. Unlike data-centric applications, which primarily en-
hance underlying data infrastructure, patient-centric systems operate closer to the point of
care and therefore face higher requirements for reliability, interpretability, and governance.
As illustrated in Figure 8, patient-oriented use cases such as clinical summarization, decision
support, and automated reporting represent a substantial proportion of current GenAl de-
ployments, while more complex applications such as digital twins remain comparatively nas-
cent.

5.3.1. Summarization of Clinical Notes

Generative Al techniques are increasingly used to summarize electronic health records
(EHRs), producing concise and clinically relevant summaries for healthcare professionals [11].
Extractive and hybrid models identify critical patient information, thereby reducing cognitive
load and improving clinical efficiency [19], [37]. These systems also support care coordination
by transforming lengthy or fragmented clinical documentation into structured, easily inter-
pretable summaries [37].

However, clinical summarization remains vulnerable to contextual and semantic ertors,
particularly in complex or inconsistently documented cases [43]. Recent approaches integrate
structured EHR data with free-text narratives using graph-based or knowledge-augmented
architectures to improve factual accuracy and coherence [46]. The growing demand for ex-
plainable summarization has further driven research into attention visualization, editable sum-
maries, and clinician-in-the-loop validation interfaces [60], [61].

5.3.2. Chatbots and Patient Communication

Chatbots powered by generative language models are increasingly employed to enhance
patient engagement, particularly in remote or resource-limited healthcare settings [62]. Typical
applications include symptom triage, appointment scheduling, post-discharge follow-up, and
delivery of point-of-care health information [63], [64].

Despite their potential, chatbots require careful oversight to ensure medical accuracy,
ethical triage behavior, and cultural sensitivity [65]. Limited contextual reasoning can lead to
inaccurate or unsafe recommendations [64]. To mitigate these risks, recent work combines
reinforcement learning with human feedback (RLHF), rule-based verification layers, and hy-
brid architectures that constrain generative responses using validated medical knowledge ba-
ses [61]. Ongoing research emphasizes governance mechanisms to ensure that chatbot-medi-
ated interactions remain clinically safe and ethically compliant [25].
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5.3.3. Drug Design

Generative models, including Variational Autoencoders (VAEs), Generative Adversarial
Networks (GANSs), and reinforcement learning-based frameworks, are widely used in de novo
drug design to generate novel drug-like molecules [11], [66]. These models explore large
chemical spaces and optimize compounds for key pharmacological and physicochemical
properties [67], [68]. By accelerating early-stage screening, GenAl reduces both the time and
cost of traditional drug discovery pipelines and enables exploration of therapeutic candidates
for rare or complex diseases [9]. However, many generated compounds exhibit limited syn-
thetic feasibility or lack experimentally validated safety profiles [68]. To address these limita-
tions, contemporary approaches integrate generative models with molecular dynamics simu-
lations and in silico toxicity assessment to improve pharmacological realism and downstream
translational viability [22].

5.3.4. Simulations (Molecular Binding and ADMET)

Generative models are increasingly applied to simulate molecular interactions, including
ligand—receptor binding and absorption, distribution, metabolism, excretion, and toxicity
(ADMET) properties [69], [70]. These simulations enable virtual prioritization of compounds
prior to synthesis and laboratory testing, thereby accelerating preclinical development stages
[71], [72]. By jointly modeling pharmacokinetics and pharmacodynamics, such approaches
improve lead compound selection and reduce attrition rates in early drug development [73].
Recent research incorporates quantum-mechanical priors, federated learning strategies for
proprietary data aggregation, and uncertainty-aware validation loops to enhance reliability [9],
[11].

5.3.5. Protein Folding and Structure Prediction

Deep learning models, most notably AlphaFold, have achieved major breakthroughs in
predicting protein three-dimensional structures from amino acid sequences [11]. These ad-
vances have significant implications for understanding protein—ligand interactions, guiding
drug targeting, and identifying therapeutically relevant binding sites [74]

While current models excel at predicting static structures, they remain limited in model-
ing dynamic conformations, membrane proteins, and post-translational modifications. On-
going research explores equivariant neural networks, protein—protein interaction modeling,
and integration of cryo-EM data to address these challenges [67].

5.3.6. Synthetic Patient Data

Generative models such as VAEs and GANs are widely used to generate synthetic EHR
datasets that replicate patient demographics, clinical histories, laboratory values, and treat-
ment trajectories [14]. These datasets preserve key statistical properties of real patient popu-
lations while mitigating privacy risks, thereby enabling model development, benchmarking,
and data sharing without exposing protected health information [70], [75] .

Synthetic EHRSs are particularly valuable in settings where large annotated datasets are
unavailable [3], [73]. However, generative approaches may inadvertently propagate or amplify
biases present in the original data. As summarized in Table 3, current mitigation strategies
include differential privacy mechanisms, causal generative modeling, and fairness-aware train-
ing protocols [15].

5.3.7. Digital Twins

Digital twins in healthcare are virtual representations of individual patients, constructed
using generative models that integrate clinical, physiological, and behavioral data [35], [76].
These models simulate patient-specific disease trajectories and treatment responses, support-
ing precision medicine and personalized therapy optimization [31], [35], [65], [77].

Despite their conceptual appeal, patient-specific digital twins face significant challenges
related to computational cost, sparse longitudinal data, and limited clinical validation. As re-
flected in the maturity assessment in Table 3, digital twins remain at an eatly stage of devel-
opment, with ongoing research focusing on hybrid mechanistic—Al models, federated pet-
sonalization, and real-wotld outcome validation [11], [68].

Across Sections 5.3.1-5.3.7, the maturity, benefits, and risks of patient-centric GenAl
applications vary considerably. As summarized in Table 3, domains such as medical imaging,
image enhancement, and clinical text processing demonstrate higher maturity, supported by
structured data availability, established benchmatks, and partial regulatory validation. In con-
trast, complex patient-level simulations, particularly digital twins, remain at an early
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developmental stage due to high computational requirements, sparse longitudinal data, and
limited real-world validation. This synthesis underscores that while patient-facing GenAl sys-
tems are increasingly explored, their readiness for routine clinical deployment depends
strongly on domain-specific validation rigor, governance constraints, and explainability mech-
anisms.

Table 3. Domains of GenAl applications in healthcare.

Domain Typical Use-Cases Primary Benefits Key Risks & Challenges Maturity (as of 2025)
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Figure 8. Areas of GenAl applications in healthcare in the papers under review. it can be seen that
image enhancement and decision support are the most widely applied areas of healthcare for GenAl,
while digital twins and data imputation are the least applied due to their newness.
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Overall, patient-centric applications such as clinical summarization, decision support,
and automated reporting represent the most actively deployed GenAl use cases, consistent
with the publication distribution shown in Figure 8. In contrast, digital twins and advanced
simulation-based systems remain less prevalent due to higher data, computational, and vali-
dation requirements. The relative strengths and limitations of the underlying generative mod-
els supporting these applications are further summarized in Table 4, highlighting trade-offs

between realism, interpretability, computational cost, and clinical reliability.

Table 4. Comparative Capabilities and Limitations of GenAl models in healthcare.
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6. Evaluation and Validation Methods of GenAl Models in Healthcare Appli-
cations

6.1. Quantitative Evaluation Methods

Quantitative evaluation of generative Al (GenAl) models in healthcare involves the sys-
tematic application of statistical and computational metrics to assess fidelity, diversity, and
clinical relevance of generated outputs. Commonly used measures include the Fréchet Incep-
tion Distance (FID) and Peak Signal-to-Noise Ratio (PSNR), which quantify statistical simi-
larity between real and synthetic medical images, enabling objective performance comparison
across domains such as radiology and pathology [79].

For text-based generative models, including large language models (LLMs) and clinical
summarization systems, evaluation metrics such as BLEU, ROUGE, and AUROC are em-
ployed to assess linguistic coherence, factual consistency, and diagnostic alignment against
expert-validated reference corpora. Increasingly, multimodal evaluation metrics are being ex-
plored to capture integrated visual—textual outputs generated by hybrid GenAl architectures.

Despite their methodological rigor, quantitative evaluations remain constrained by the
absence of standardized benchmarks, inconsistent metric interpretation across modalities,
and weak correlation between numerical scores and downstream clinical utility. Consequently,
the literature increasingly emphasizes the need for unified validation frameworks that inte-
grate computational metrics with domain-specific clinical endpoints, ensuring that GenAl
performance measures translate meaningfully into real-world healthcare outcomes.

As illustrated in Figure 9, GANs and diffusion models dominate imaging-based quanti-
tative evaluation using metrics such as FID and PSNR, whereas LLMs primarily rely on
BLEU and ROUGE scores for linguistic validation. This figure highlights the modality-de-
pendent nature of quantitative assessment and the fragmentation of evaluation practices
across GenAl model families.
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Figure 9. Evaluation and validation pathways for GenAl models in healthcare.

6.2. Qualitative Evaluation Methods

Qualitative evaluation of GenAl models emphasizes interpretability, usability, and con-
textual validity—dimensions that are often underrepresented in purely numerical assessments.
These evaluations examine how effectively generated outputs reflect clinical reasoning, nar-
rative coherence, and domain fidelity. Methods such as thematic content analysis, expert an-
notation comparison, and human-in-the-loop validation are commonly employed to assess
transparency and reasoning quality in sensitive healthcare applications [13], [18], [26].

In medical imaging, qualitative evaluation typically involves clinician review of synthetic
scans to assess anatomical plausibility, diagnostic relevance, and error sensitivity. For text-
based applications, evaluators examine readability, factual grounding, ethical tone, and con-
textual appropriateness within generated clinical narratives. Thematic synthesis further sup-
portts the identification of latent biases, contextual misinterpretations, and cross-modal incon-
sistencies in multimodal outputs.

As emphasized across the reviewed literature, qualitative evaluation serves as an epis-
temic bridge between statistical performance and human trust. By contextualizing numerical
metrics within clinical judgment, qualitative assessment provides a more holistic understand-
ing of the reliability, safety, and ethical implications of generative Al systems in healthcare.

6.3. Expert Review and Clinical Validation

Expert review remains the definitive standard for validating GenAl systems in healthcare
contexts. This process involves structured evaluation by domain specialists, such as clinicians,
radiologists, pathologists, and biomedical informaticians, who assess clinical soundness,
safety, and practical applicability of generated outputs [47]. Expert evaluations frequently
adopt blinded or comparative study designs, wherein synthetic and real outputs are assessed
against criteria including diagnostic realism, interpretive value, and decision-support usability.

Beyond surface-level assessment, expert validation examines clinical concordance by de-
termining whether GenAl-generated recommendations, reconstructions, or summaties align
with established medical guidelines and treatment protocols [26]. Importantly, expert feed-
back also drives iterative model refinement, supporting adaptive improvement and alignment
with regulatory expectations from authorities such as the FDA and EMA. The literature con-
sistently demonstrates that embedding expert-in-the-loop validation enhances transparency,
accountability, and trustworthiness, key prerequisites for clinical adoption. In this sense, ex-
pert review transforms GenAl evaluation from a static performance check into a continuous
epistemic dialogue between algorithmic systems and human clinical expertise.

7. Ethical, Legal, and Social Implications (ELSI)

The literature consistently highlights the interdependent relationship between ethical,
legal, and social (ELS) dimensions in the deployment of generative Al within healthcare sys-
tems. Ethical principles—such as fairness, bias mitigation, transparency, and accountability—
interact closely with legal frameworks governing liability, responsibility, and fitness-for-
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purpose. At the same time, social factors, including public trust, perceived utlity, and equita-
ble access, strongly influence how generative Al systems are accepted, adopted, or contested
by stakeholders and end users [27], [28], [80].

These three dimensions collectively inform governance mechanisms, which integrate
ethical norms, legal requirements, and social expectations into enforceable oversight struc-
tures, including regulatory bodies, ethics committees, and institutional review processes [81],
[82]. Governance, in turn, feeds back into the ethical, legal, and social domains, enabling con-
tinuous alignment between technological innovation, public values, and regulatory safeguards.
Figure 10. illustrates this interdependence, showing how ethical principles, legal considera-
tions, and social factors mutually reinforce one another and converge into a centralized gov-
ernance layer that shapes responsible GenAl deployment in healthcare.

Figure 10 depicts the bidirectional relationships among ethical principles, legal consider-
ations, and social factors, and their convergence into governance structures such as regulatory
bodies, ethics boards, and institutional oversight mechanisms. These feedback loops ensure
that generative Al systems remain aligned with clinical safety, public trust, and regulatory
compliance.

While this section addresses overarching ELSI considerations, these issues become more
concrete when linked to the technical distinctions discussed eatlier. Generative imaging mod-
els, including GANSs and diffusion models, raise risks related to synthetic image authenticity,
diagnostic misrepresentation, and provenance loss, stemming from their pixel-level generative
capacity. In contrast, LLM-based systems introduce semantic and reasoning risks, such as
hallucinations, fabricated citations, biased narratives, and unsafe clinical recommendations
[27], [28]. These distinctions underscore the need for model-specific ethical guidance: imaging
models require provenance tracking, watermarking, and validation safeguards, whereas LLM-
based systems demand truthfulness controls, retrieval augmentation, hallucination monitor-
ing, and rigorous human oversight.

Ethics Principles

e Bias, Fairness, and Accountability

3

Social Factors Legal Considerations
Liability, R ibility, Fit f
e Trust, Access, Perceived Utility * Liability, Responsibility, Fit for

Use. Fit for Purpose

Governance
¢ Ethics Boards, Laws, Regulatory
Bodies

Figure 10. Interdependence of Ethical, Legal, and Social Dimensions in Generative Al Governance

7.1. Privacy

The generation of synthetic healthcare data must ensure that fabricated datasets cannot
be reverse-engineered or linked to identifiable individuals, as such leakage would constitute a
serious breach of patient confidentiality [70], [75]. State-of-the-art privacy-preserving ap-
proaches—including differential privacy, k-anonymity, and privacy-aware GAN variants—
are increasingly employed to mitigate re-identification risks [70].

Even low-probability privacy breaches can undermine ethical obligations and regulatory
compliance, reinforcing the need for robust anonymization pipelines and adversarial testing
[15], [16]. Accordingly, validation procedures increasingly incorporate statistical similarity
testing, membership inference attacks, and re-identification risk assessments to ensure that
synthetic records cannot be exploited to disclose protected health information (PHI) [27],

[43]-



Journal of Future Artificial Intelligence and Technologies 2026 (March), vol. 2, no. 4, Saeed, et al. 604

7.2. Bias and Fairness

Training generative models on imbalanced or non-representative clinical datasets risks
amplifying systemic biases and producing inequitable outcomes for underrepresented popu-
lations [10], [27], [41], [54]. For example, datasets dominated by specific demographic groups
may yield synthetic outputs that inadequately represent minority populations, theteby rein-
forcing disparities in downstream clinical decision-making [62].

Mitigation strategies include fairness-aware learning methods such as reweighting, ad-
versarial debiasing, and synthetic minority oversampling, combined with continuous auditing
using fairness metrics (e.g., demographic patity and equalized odds) [73], [83]. Ensuring fair-
ness across populations is thus a central ethical requirement for trustworthy GenAl deploy-
ment in healthcare.

7.3. Transparency and Accountability

The use of generative Al in healthcare necessitates interpretable and auditable models
that allow stakeholders to understand and scrutinize how outputs are generated [83]—[85].
Black-box architectures, particularly deep neural networks, often lack transparency, which can
impede regulatory approval and erode clinician and patient trust [26], [62]. Interpretability
techniques such as SHAP, LIME, and attention visualization have been increasingly applied
to enhance transparency and support accountability [15], [16]. In parallel, comprehensive doc-
umentation of data sources, model architectures, training procedures, and validation proto-
cols strengthens traceability, facilitates regulatory compliance, and enables corrective action
when biases or errors are identified [16], [37].

7.4. Compliance

Synthetic healthcare data must comply with stringent legal and regulatory frameworks,
including the General Data Protection Regulation (GDPR), the Health Insurance Portability
and Accountability Act (HIPAA), and applicable Food and Drug Administration (FDA)
guidelines [15], [86]. The GDPR mandates data minimization and purpose limitation, requir-
ing synthetic datasets to be non-reidentifiable while remaining functionally informative [43],
[86]. HIPAA imposes strict access controls and audit requirements for data usage [43].

For FDA-regulated use cases—such as Al-assisted diagnosis—rtobust validation is re-
quired to demonstrate equivalence between synthetic data and real-world clinical evidence
[15], [16]. Failure to meet these standards can result in legal consequences and undermine the
credibility of Al-driven healthcare solutions [24]. Table 5 summarizes the core ethical, regu-
latory, and governance concerns associated with GenAl deployment in healthcare, highlight-
ing key focus areas, representative studies, and their practical implications for clinical adop-

tion.
Table 5. Ethical, regulatory, and governance considerations of GenAl in healthcare
Concern Focus Notable Implications
Studies

Bias and Fairness Population imbalance [27] GenAl requires equitable dataset design

Privacy Synthetic data for ano- [33] Differential privacy and federated learning
nymity emerging
Explainability Clinician trust [81], [83] Drives demand for interpretable Al

Regulation ~ FDA, GDPR alignment [15], [21] Lack of harmonized global framework

8. Perils of GenAl Applications in Healthcare (Challenges and Limitations)

8.1. Data Scarcity

The development of effective generative models in the healthcare domain is significantly
constrained by the scarcity of high-quality, well-annotated medical datasets [11]. Unlike
broader application domains, medical data acquisition is limited by strict privacy regulations,
institutional ethics review requirements, and the need for specialized domain expertise for
accurate labeling [45], [87]. Rare diseases and longitudinal patient records are particularly un-
derrepresented, resulting in fragmented and incomplete training corpora [38]. Although
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approaches such as semi-supervised learning, federated learning, and transfer learning from
related domains offer partial mitigation, they often introduce trade-offs in data fidelity and
representativeness [88]. In the absence of sufficient labeled data, generative models may pro-
duce clinically implausible or statistically inconsistent outputs, thereby undermining down-
stream analytical and clinical applications [43], [88].

8.2. Generalization

A persistent challenge in medical generative Al is limited generalization beyond the train-
ing distribution [84], [89]. Overfitting, where synthetic outputs replicate training data rather
than capturing true biological variability, compromises external validity [69]. For instance,
models trained on patient cohorts from large urban hospitals may not generalize to smaller
institutions or demographically diverse populations [38], [89]. Techniques such as domain
adaptation, adversarial validation, and controlled noise injection into synthetic data generation
have been proposed to improve robustness [62]. Nevertheless, rigorous cross-institutional
validation remains essential to demonstrate that generative outputs preserve epidemiological
and pathophysiological validity across heterogeneous clinical settings [3], [43].

8.3. Explainability

The black-box nature of deep generative architectures, including GANs and diffusion
models, presents a significant barrier to clinical adoption, as synthetic outputs cannot be easily
traced back to interpretable sources [81], [83], [85]. Unlike discriminative models, where fea-
ture importance can often be quantified, generative models lack intuitive interpretability pat-
adigms [1]. This opacity raises concerns that synthetic data may propagate latent biases or
artifacts into diagnostic or decision-support systems [13], [59]. Emerging solutions include
hybrid architectures—such as VAEs augmented with attention mechanisms—as well as post-
hoc interpretability techniques, including latent space traversal and attribution-based analysis
[58], [90]. Regulatory and governance bodies increasingly emphasize interpretability require-
ments to prevent the misuse of synthetic data in biomedical research and clinical care [91]

[92].

8.4. Workflow Integration

Integrating generative models into healthcare information systems introduces substantial
technical and organizational challenges, including interoperability with electronic health rec-
ords (EHRs), clinician trust, and limited access to high-performance computing infrastructure
[79]. Synthetic data pipelines must align with clinical workflows, requiring temporally con-
sistent EHR trajectories and Picture Archiving and Communication System (PACS)-compat-
ible imaging formats [93]. Real-time deployment is further complicated by system latency,
care-continuity disruptions, and model drift over time [24], [32]. Effective integration there-
fore demands close collaboration among clinicians, data engineers, and regulatory stakehold-
ers to ensure operational feasibility, user acceptance, and compliance with healthcare IT
standards [15], [16].

8.5. GenAl for Healthcare Analytics and Decision-Making

Generative Al is increasingly embedded in operational and policy-level healthcare ana-
Iytics, extending its role beyond individual clinical prediction to system-wide decision support.
At the operational level, GenAl enables the construction of synthetic EHR cohorts that retain
statistical fidelity while protecting patient privacy, supporting fine-grained analyses for quality
monitoring, risk stratification, and setvice optimization [41], [71]. These datasets also under-
pin demand-forecasting models that anticipate patient flow, operating-theatre utilization, re-
admission risk, and bed occupancy, informing staffing and resource allocation decisions in
high-pressure healthcare environments [26], [94].

In clinical operations, LLM-based documentation tools and automated report generation
reduce clinician cognitive burden and improve throughput in radiology, pathology, and emet-
gency care settings [13], [15]. In imaging services, generative enhancement techniques—such
as super-resolution and denoising—reduce repeat scans and accelerate interpretation pipe-
lines, indirectly supporting downstream operational planning [23], [95].

At the policy and public health level, GenAl facilitates equity-aware simulations using
synthetic or augmented population datasets to evaluate interventions across
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sociodemographic subgroups and underserved regions [87], [96]. When combined with ex-
plainable Al techniques, these models provide transparent and auditable evidence to support
regulatory review, guideline formulation, and clinical governance. Moreover, GenAl supports
multi-institutional epidemiological collaboration by enabling privacy-preserving data sharing
through federated learning and synthetic-data intermediaries, thereby improving reproduci-
bility in surveillance and system-level performance assessment [45]. Collectively, these devel-
opments shift GenAl from a purely predictive paradigm toward a broader framework of ac-
tionable, trustworthy, and governance-aligned intelligence.

Robust safeguards remain essential for safe deployment. Human-in-the-loop oversight,
explainability mechanisms (e.g., SHAP, saliency maps, and attention-based interpretation),
fairness testing across patient subgroups, and seamless integration with EHR and PACS sys-
tems are critical to ensuring that generative analytics translate into accountable and clinically
sound decision-making [13].

9. Promise of GenAl Application in Healthcare (Future Directions)

9.1. Multimodal Models

The integration of heterogeneous data modalities—such as clinical notes, medical im-
ages, and physiological signals—ofters substantial potential for improving diagnostic accuracy
and holistic patient characterization [3], [23]. By leveraging cross-modal correspondences,
multimodal generative models can produce context-aware synthetic data that more closely
reflect the complexity of real-world clinical practice [84]. For example, jointly modeling radi-
ological images and their associated diagnostic reports enables the extraction of clinically
meaningful associations, thereby reducing ambiguity in downstream interpretation tasks [3],
[23].

Despite these advantages, challenges remain, including modality alignment, heterogene-
ous data formats, and increased computational requirements [97]. Emerging paradigms such
as cross-modal transformers and contrastive learning frameworks are being explored to unify
diverse data sources while preserving semantic integrity, enabling synthetic datasets to sup-
port multimodal diagnostic and decision-support systems more effectively [43], [98].

9.2. Federated Learning

Federated learning (FL) provides a decentralized paradigm for training generative mod-
els, allowing healthcare institutions to collaboratively improve algorithms without sharing raw
patient data [65], [70]. By distributing training across sites and aggregating only model updates,
FL mitigates privacy risks and aligns with data protection regulations such as GDPR and
HIPAA [28]. This approach is patticularly valuable for rare diseases and underrepresented
populations, where individual institutions often lack sufficient data volume [98].

However, FL introduces technical challenges, including communication overhead, sta-
tistical heterogeneity due to non-11D data distributions, and vulnerability to adversarial at-
tacks. These issues necessitate robust solutions such as secure aggregation protocols (e.g.,
homomorphic encryption) and adaptive optimization strategies [99]. Overall, FL’s capacity to
democratize access to high-quality synthetic data while preserving confidentiality positions it
as a critical enabler of scalable and collaborative GenAl development in healthcare [5], [100].

9.3. Explainable AI

The adoption of synthetic data and generative models in clinical environments depends
critically on transparency and interpretability, as opaque systems can undermine trust among
clinicians and regulators [92], [94]. Explainable Al (XAI) techniques—including attention
mechanisms, saliency mapping, and counterfactual explanations—play a central role in eluci-
dating how synthetic outputs are generated and in validating their clinical plausibility [3]. For
instance, in radiology, generative models should provide interpretable evidence that synthetic
lesions exhibit biologically plausible characteristics rather than artifacts introduced during
training [5].

Regulatory agencies increasingly emphasize the need for explainability in the certification
of Al-driven medical tools, prompting calls for standardized reporting of data provenance,
generation methods, and potential biases [57], [97]. Transparent generative models not only
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facilitate regulatory approval but also enable continuous refinement through human-in-the-
loop feedback, strengthening alignment with clinical practice [59], [94].

9.4. Standardization

A major barrier to the widespread adoption of synthetic data in healthcare is the absence
of standardized guidelines for its generation and validation [43]. Regulatory bodies and pro-
fessional organizations must establish frameworks that assess synthetic data quality across
multiple dimensions, including realism (fidelity), representativeness (diversity), and non-
reidentifiability (privacy preservation) [69], [75]. Institutions such as the FDA, EMA, and
IEEE are actively developing evaluation protocols that combine quantitative similarity met-
rics with clinician-in-the-loop validation to ensure compliance with clinical and ethical stand-
ards [3], [27], [43].

Furthermore, interoperability standards, such as HL7 FHIR for electronic health record
integration, are essential to enable seamless adoption of synthetic data across healthcare sys-
tems [43]. Achieving consensus on these standards will be pivotal for fostering innovation
while safeguarding patient interests and maintaining data integrity across institutions [9], [83].

10. Expanded Literature Synthesis

The transformative role of GenAl in healthcare has evolved from a predominantly con-
ceptual paradigm into a multidimensional applied science spanning imaging, clinical text, mo-
lecular modeling, and healthcare systems analytics [23], [98], [101]. Over the past decade, the
field has transitioned from classical statistical modeling toward generative architectures capa-
ble of learning complex, high-dimensional representations from heterogeneous and multi-
modal clinical data.

Early GenAl applications (1994-2020) were largely dominated by GANSs, primarily ad-
dressing data scarcity in medical imaging through realistic synthetic data generation and data
augmentation strategies that improved diagnostic model robustness. These eatly advances
established a methodological foundation upon which subsequent diversification occurred.
VAEs and transformer-based models extended generative modeling beyond imaging into
structured clinical records, molecular representations, and narrative medical text [97], [102].

More recent developments, particularly diffusion models and LLMs, have introduced a
new generation of contextual, stable, and explainable generative systems capable of synthe-
sizing data while supporting reasoning, abstraction, and cross-domain generalization. This
shift marks a conceptual transition from data generation alone toward interpretable and adap-
tive knowledge systems designed to support precision medicine and decision-making work-

flows [45], [67], [71]-

Model-Centric ] [ Application
Developments J L Domains
Synthesis of Ethical,
Generative Al in Regulatory and
Healthcare Govgrnange
Considerations

Methodological Integration, Impact,
and Evaluation and Emerging
Approaches Frontiers

Figure 11. Interdependence of GenAl in healthcare

As illustrated in Figure 11, the literature reveals a strong interdependence between model
maturity, application scope, evaluation rigor, and governance readiness. Model-centric ad-
vances directly influence feasible application domains, while ethical, regulatory, and
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governance constraints increasingly shape how generative systems are designed, validated,
and deployed in clinical environments.

From a technical perspective, distinct trade-offs persist across major GenAl model fam-
ilies [92], [103]. GANs remain the most mature and widely validated approach for medical
image synthesis, anomaly detection, and data augmentation, offering high perceptual realism
but continuing to face challenges related to training instability and mode collapse [31], [64],
[69]. VAEs excel in structured latent representations and probabilistic reasoning, making
them suitable for molecular design and patient phenotype modeling, although they often pro-
duce outputs with reduced visual or structural fidelity [32]. Diffusion models demonstrate
superior stability and high-resolution synthesis for biomedical imaging and molecular gener-
ation, albeit at substantial computational cost. Meanwhile, LLMs, such as BioGPT, Med-
PalLM, and GPT-4, extend generative capability into clinical documentation, summarization,
and knowledge reasoning, while introducing concerns related to hallucination, verification,
and traceability [33], [57], [95].

Across these architectures, a recurring methodological gap is evident: the lack of unified
benchmarks, standardized evaluation metrics, and reproducible validation protocols contin-
ues to limit cross-study comparability and external validity, particularly across institutions and
modalities. This limitation, previously highlighted in Figure 5, remains a central barrier to
large-scale clinical translation [104]

Methodologically, recent studies increasingly adopt hybrid learning paradigms that com-
bine generative modeling with reinforcement learning, explainability tools, and domain con-
straints, as summarized in Table 6. Techniques such as SHAP, Grad-CAM, and LIME are
frequently reported as post-hoc interpretability aids; however, relatively few studies integrate
these methods into real-world clinical pipelines in a systematic or longitudinal manner. Eval-
uation practices remain fragmented: imaging studies predominantly report FID or PSNR,
while text-based applications rely on BLEU, ROUGE, or AUROC, with limited consensus
on what constitutes clinically meaningful validation. A consolidated overview of evaluation
strategies and their alignment with model classes is presented in Figure 9.

Table 6. Emerging frontiers of GenAl applications in healthcare.

Frontier Description Potential Impact

Multimodal Generative . . . . . . .
Unified image—text—signal learning ~ Foundational for precision medicine

Models
Federaﬁi(ﬁfsffusmn Secure decentralized model training Privacy-compliant collaboration
Neurosymbohc Hybrid reasoning atnd generative model- Transparent decision-making
Integration ing
Governance AT auditability and regulation Enhances accountability and trust
Frameworks ’

Beyond technical performance, an expanding body of literature emphasizes the ethical,
regulatory, and socio-technical dimensions of GenAl adoption [15], [28]. Bias and fairness
remain persistent concerns, as generative models trained on demographically skewed datasets
risk amplifying existing inequities in diagnosis and treatment [10], [27]. Although synthetic
data generation and federated learning offer promising privacy-preserving alternatives, they
introduce new challenges related to fidelity, accountability, and auditability [69], [75]. Regula-
tory guidance from institutions such as the FDA and EMA, alongside frameworks such as
GDPR and HIPAA, remains fragmented and insufficiently tailored to generative systems,
leaving much of current deployment guided by voluntary or provisional standards [105].
These uncertainties compound challenges related to clinician trust, explainability, and work-
flow integration [103].

Despite these constraints, empirical evidence consistently reports tangible benefits of
GenAl adoption, including accelerated data labeling, improved predictive accuracy, and en-
hanced human—AlI collaboration [96], [101], [106], [107]. These gains are most pronounced
in radiology, oncology, and pharmacogenomics, where GenAl systems function as augment-
ative tools rather than autonomous decision-makers [88], [101]. However, the literatutre te-
peatedly cautions that efficiency gains must be interpreted through ethical and equity lenses,
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Figure 12. Models, challenges, and future directions in GenAl for healthcare

Looking forward, the literature anticipates convergence among multimodal generative
architectures, federated diffusion models, and neurosymbolic Al frameworks that combine
statistical generation with causal reasoning [31], [32]. These paradigms aim to address current
trade-offs by enabling scalable, interpretable, and privacy-preserving collaboration across het-
erogeneous datasets [108]. As summarized in Tables 7 and 8, the success of GenAl in
healthcare will ultimately depend not only on algorithmic sophistication but also on institu-
tional readiness, regulatory clarity, and human-centered governance frameworks [21], [103].
In this sense, GenAl is redefining healthcare intelligence by shifting the discipline from reac-
tive analytics toward proactive, explainable, and ethically alighed computational reasoning

[51], [104].

Table 7. Impact and performance of GenAl in healthcare.

Parameter Empirical Findings Implication
Efficiency 20—40% faster data labeling and synthesis Workflow optimization
Accuracy ~15% performance gains over baselines Context-sensitive improvement

Human—AI Synergy Improved productivity and satisfaction =~ Augmentation, not replacement

Accessibility Broader access to healthcare Al tools Risk of misuse and inequity
Table 8. Integration and implementation pathways.
Focus Integration Pathway Obstacles Observed Trends
Workflow Adoption EHR-integrated GenAlI Interoperability, clinician Gradual uptake
systems trust
Cloud and federated Shift toward hybrid com-
Infrastructure Cost, latency .
models puting

Evaluation in Practice Prospective clinical trials Limited validation

Pilot deployments

10.1. Policy Implications

The effective integration of generative Al into healthcare requires governance frame-
works that explicitly prioritize interpretability, safety, and equity. First, explainability must be
institutionalized: clinical- and policy-facing GenAl tools should incorporate feature-attribu-
tion maps, uncertainty profiles, and transparent data provenance to enable auditability, clinical
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oversight, and conformity with practice guidelines [15], [93]. Second, policymakers should
promote privacy-by-design architectures, combining federated learning with clinically vali-
dated synthetic datasets to enable secure cross-institutional analytics while remaining compli-
ant with data protection regulations [1], [4]. Such approaches reduce direct data exposure
while preserving analytic utility for system-level planning and research.

Third, health systems must implement continuous equity and performance monitoring,
including fairness audits prior to deployment and drift detection mechanisms after implemen-
tation. These processes should be supported by subgroup-level performance dashboards that
guide corrective governance actions when disparities emerge [3], [16]. Finally, procurement
and adoption pathways should align with transparency and interoperability standards. This
includes the use of interoperable evaluation metrics, model cards, and full lifecycle documen-
tation provided by vendors or developers, as summarized in Table 8 [4]. Together, these pol-
icy measures ensure that GenAl adoption advances clinical value without compromising ac-
countability or public trust.

10.2. Research Implications

Future research should prioritize the development of unified multimodal evaluation
benchmarks that integrate conventional technical metrics (e.g., FID, PSNR,
BLEU/ROUGE) with clinically meaningful endpoints such as diagnostic concordance, time-
to-decision, or downstream patient outcomes [86], [100]. Bridging this gap is essential to align
algorithmic performance with real-world clinical impact. Advancing hybrid neurosymbolic
and multimodal architectures represents another critical research direction, as these ap-
proaches can improve causal interpretability and robustness across heterogeneous institu-
tional settings [101]. Such models may better support generalization while enabling transpar-
ent reasoning over complex clinical contexts.

A further priority is prospective, multi-site external validation, ideally incorporating eq-
uity-aware sampling strategies to ensure that reported performance generalizes beyond con-
trolled research environments [109]. Without such validation, claims of robustness and safety
remain incomplete. Finally, translation-oriented research should increasingly integrate imple-
mentation science, examining cost-effectiveness, workflow disruption, alert fatigue, and hu-
man—Al teaming dynamics. These factors are central to establishing the real-world value of
generative models in both operational and policy contexts [101], [109].

11. Conclusions

Generative Al (GenAl) is increasingly transforming the healthcare landscape through
applications in medical image synthesis, predictive diagnosis, personalized treatment planning,
and molecular discovery [14]. Leveraging deep learning architectures such as diffusion models
and GANS, these technologies can generate clinically valuable representations, expand limited
datasets, and accelerate biomedical research workflows [3]. In radiology, generative models
enhance image resolution and replicate rare pathologies for training and education, while in
molecular science they enable in silico compound design and reduce reliance on costly wet-
lab experimentation [11].

Despite these advances, clinical deployment must adhere to stringent validation require-
ments for safety, effectiveness, and ethical fitness for purpose [37], [50]. Algorithmic bias,
data privacy risks, and limited interpretability necessitate robust governance mechanisms and
sustained transdisciplinary collaboration, as highlighted in Table 5 [10], [27]. Close coordina-
tion among clinicians, data scientists, and regulators is essential to ensure that GenAl systems
conform to standardized evaluation and approval pathways [41], [95].

Looking ahead, GenAl is poised for deeper integration into clinical workflows and re-
search pipelines [110]. Promising directions include patient-specific synthetic datasets for rare
disease modeling and improved generalization of Al-driven diagnostic systems across diverse
populations [1]. In medical education, GenAl is expected to play an increasing role in the
creation of realistic virtual patients and simulation environments for healthcare training [81],
[107].

At the same time, strong momentum is building toward making generative models trans-
parent, interpretable, and ethically governed, reflecting the sensitive nature of medical data
and clinical decision-making [58], [110]. Regulatory paradigms will be decisive in shaping the
safe and responsible use of synthetic data and Al-generated clinical recommendations. As the
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field matures, healthcare stands to benefit substantially from GenAl’s capacity to accelerate
discovery, augment decision-making, and ultimately improve patient outcomes at scale [25].
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