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Abstract: This scoping review synthesizes recent literature on the applications and challenges of generative artificial intelligence (AI) in
healthcare, with the aim of providing a structured overview that is useful to clinicians, data scientists, and health-system decision-makers.
Using a Preferred Reporting Items for Systematic Reviews and Meta-Analyses-guided search across PubMed, IEEE Xplore, ACM
Digital Library, ScienceDirect, Scopus, and Google Scholar, we identified and thematically analyzed 86 studies. The review organizes
applications into seven themes—medical image processing, medical imaging and radiology interpretation, clinical documentation, drug
design, clinical decision and patient–provider support, synthetic data generation, and medical education and training—and maps the
model families most commonly used in each theme. On the basis of this synthesis, generative AI demonstrably accelerates diagnostic
workflows, augments scarce clinical datasets, personalizes communication, and supports discovery pipelines. However, the review also
identifies four interlocking challenge domains that constrain clinical translation: data and security (privacy, bias, contextualization),
technology and infrastructure (scalability, interpretability, vendor dependence), ethics and governance (regulation, trust, certification),
and human resources (workforce skills, change management). The paper concludes with a translational path and research priorities
aimed at closing these gaps. The review is intended to serve as a reference for researchers, practitioners, and policymakers working on
the responsible deployment of generative AI in clinical settings.
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1. Introduction: generative AI

Generative artificial intelligence (AI) is a class of machine
learning that learns the underlying statistical structure of train-
ing data in order to synthesize new, previously unseen samples
that are consistent with that distribution [1, 2]. Because these
models can produce images, text, molecules, signals, and struc-
tured records that closely resemble real medical data, they have
the potential to address a fundamental bottleneck in healthcare
artificial intelligence: the scarcity, fragmentation, and privacy sen-
sitivity of high-quality clinical data. A further defining feature
of generative models is their ability to perform unsupervised or
self-supervised learning, allowing them to acquire useful represen-
tations without relying on explicit labels [2, 3]; this is particularly
valuable in medical contexts where expert annotation is expensive
and slow. In contrast to discriminative models, which concen-
trate on classification, regression, or decision-making over existing
data, generative models focus on synthesizing new entities by
learning the joint distribution of the inputs [2, 3].

In the landscape of healthcare AI applications, several key
generative models have emerged with distinct capabilities. Gen-
erative Adversarial Networks (GANs), built on a competitive
architecture between generator and discriminator networks, have
found extensive applications in medical image synthesis, image-
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to-image translation, anomaly detection, and data augmentation
tasks in healthcare settings [2].

Variational Autoencoders (VAEs) introduce structured con-
straints in their encoding process, enabling continuous representa-
tions that prove valuable in healthcare through anomaly detection,
image denoising, and latent space exploration of medical data.
Their ability to generate new data while maintaining structured
representations makes them particularly useful in medical imaging
applications [2].

Autoregressive models, which predict sequential outputs
based on previous data, have demonstrated effectiveness in med-
ical image synthesis, speech and text modeling, and anomaly
detection in healthcare contexts. Their sequential prediction capa-
bilities make them particularly suitable for time-series medical
data analysis [2].

Energy-based models (EBMs) employ an energy function
approach to distinguish data distributions, finding applications
in medical image synthesis and restoration, pattern recognition in
clinical data, and unsupervised/semi-supervised learning tasks in
healthcare settings [2].

Diffusion models have shown exceptional promise in
healthcare through high-fidelity image generation, molecular
structure generation, and audio synthesis. Their gradual denois-
ing approach has proven particularly effective in generating
high-quality medical imaging data [2].

Transformer models, leveraging self-attention mechani-
sms, have revolutionized clinical text analysis, medical report
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generation, healthcare dialog systems, text summarization, and
biomedical text mining. Their ability to handle sequential data
has made them invaluable in processing medical documentation
and literature [2].

Finally, flow-based models, utilizing the change of variables
formula for distribution representation, have found applications
in medical image synthesis, anomaly detection, image denoising,
and data augmentation. Their unique ability to generate sam-
ples while maintaining efficient inference capabilities makes them
particularly valuable in medical imaging applications [2]. Table 1
summarizes these principal model families, their core principles,
and representative healthcare applications.

Although generative AI has advanced rapidly in the past
three years, its translation into routine clinical practice remains
uneven. Hospitals face pressing, interrelated problems: radiol-
ogists and pathologists are overloaded, clinical documentation
consumes a large share of clinician time, drug-discovery pipelines
are slow and costly, patient-level data required to train robust
models cannot be shared freely because of privacy legislation,
and the workforce lacks both the AI literacy and the governance
structures needed to deploy these systems safely. Generative mod-
els directly target each of these problems by generating synthetic
images and text, automating documentation, augmenting lim-
ited datasets, and supporting decision-making. At the same time,
they introduce new risks that are specific to healthcare, including
hallucinated clinical content, bias amplification, opaque decision-
making, unclear regulatory status, and dependence on a small
number of large model providers.

The problem this review addresses is therefore twofold. First,
the literature on generative AI in medicine is scattered across
sub-disciplines (imaging, pathology, genomics, clinical natural
language processing (NLP), drug design, education, patient com-
munication), and individual studies tend to focus narrowly on a
single model or task without situating their contribution within
an overall map of applications and limitations. Second, exist-
ing reviews often emphasize either the technical capabilities or
the ethical concerns, rather than providing an integrated view

that is useful to clinicians, data scientists, and health-system
decision-makers simultaneously.

Accordingly, the present review has three objectives: (i) to
identify and thematically organize the main applications of gen-
erative AI currently reported in the healthcare literature; (ii) to
synthesize the principal technical, ethical, regulatory, and orga-
nizational challenges that constrain its translation into clinical
practice; and (iii) to outline a translational path and a set of
research directions that can help bridge the gap between model
development and safe, equitable deployment.

The originality of this work lies in its integrative, multi-
modality perspective. In contrast to earlier surveys that concen-
trate on a single model family (e.g., GANs or large language
models [LLMs]) or a single application area (e.g., medical
imaging), this review synthesizes evidence across seven thematic
application areas and four thematic challenge domains and then
links them to a concrete translational pipeline. The contribu-
tion of the paper is therefore threefold: it provides a structured
taxonomy of generative AI use cases in healthcare that prac-
titioners can map onto their own workflows; it articulates the
corresponding risk surface in a form that supports governance
and procurement decisions; and it identifies evidence gaps that
future empirical research should prioritize. The remainder of the
paper is organized as follows. Section 2 states the research ques-
tion. Section 3 describes the scoping review methodology and
the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA)-guided paper selection process. Section 4
presents the thematic applications. Section 5 summarizes the
translational path. Section 6 analyzes the challenges. Sections 7–9
present the conclusion, potential biases, and recommendations for
future research.

2. Research Question

Our primary research question is: “What key themes
emerge from the recent literature discussing the applications and
challenges of generative AI in healthcare?” The aim is to

Table 1
Principal families of generative AI models and their reported healthcare applications

Model family Key principle Representative healthcare applications

Generative Adversarial Networks
(GANs)

Adversarial game between a generator and
a discriminator

Medical image synthesis, image-to-image
translation, anomaly detection, data
augmentation

Variational Autoencoders (VAEs) Probabilistic encoder–decoder with a
structured latent space

Anomaly detection, image denoising, latent
space exploration of medical data

Autoregressive models Sequential prediction conditioned on prior
tokens or pixels

Medical image synthesis, clinical text and
speech modeling, time-series anomaly
detection

Energy-based models (EBMs) Learn an energy function that characterizes
the data distribution

Medical image restoration, pattern recog-
nition in clinical data, semi-supervised
learning

Diffusion models Iterative denoising from a simple prior to
the data distribution

High-fidelity image generation, molecular
structure generation, audio synthesis

Transformer models Self-attention over sequences Clinical text analysis, radiology report gen-
eration, dialog systems, biomedical text
mining

Flow-based models Invertible transformations with tractable
likelihoods

Medical image synthesis, anomaly
detection, image denoising, data
augmentation
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identify themes within recent literature related to the poten-
tial applications and challenges of generative AI in healthcare,
with the goal of guiding future research and informing clinical
translation.

3. Methodology

To comprehensively explore the applications and chal-
lenges of generative AI in healthcare and to answer the
research question, we conducted a scoping literature review
guided by the PRISMA 2020 statement. The PRISMA guid-
ance was adapted to the objectives of a scoping (rather than
a strictly systematic) review, because the goal was to map the-
matic breadth rather than to pool quantitative effect sizes. The
search strategy was implemented using Boolean logic across
the following databases: PubMed, IEEE Xplore, ACM Digi-
tal Library, ScienceDirect, Scopus, and Google Scholar. The
search string combined four concept groups: (“generative artifi-
cial intelligence” OR “generative AI” OR “diffusion model” OR
“variational autoencoder” OR “generative adversarial network”)
AND (“large language model” OR “LLM” OR “transformer”)
AND (“healthcare” OR “health care” OR “medicine” OR “clini-
cal”) AND (“applications” OR “challenges” OR “opportunities”
OR “limitations”).

Inclusion criteria were (i) peer-reviewed journal articles,
conference papers, or recognized preprints describing an appli-
cation of generative AI in a healthcare or biomedical setting;
(ii) publications in English; (iii) publications between January
2017 and March 2026 to capture the relevant technical lineage
(from the introduction of the Transformer architecture onward),
while prioritizing the 2021–2026 window for clinical applications;
and (iv) papers that reported either a concrete application, an
empirical evaluation, or a substantive discussion of challenges.
Exclusion criteria were (i) editorials, news items, and nontechni-
cal commentary without original analysis, (ii) duplicate records,
(iii) publications not related to human or biomedical data, and
(iv) studies in which generative modeling was not the primary
methodological contribution.

The selection process followed the four PRISMA phases of
identification, screening, eligibility, and inclusion. During iden-
tification, 1248 records were retrieved across the databases listed
above. After removing 266 duplicates, 982 unique records were
screened by title and abstract; 703 were excluded because they did
not meet the inclusion criteria at that level (e.g., non-healthcare
applications or non-generative models). The remaining 279 full-
text articles were assessed for eligibility; 193 were excluded because
they lacked a clear generative AI contribution, were duplicate
methodological reports, or focused exclusively on non-clinical
benchmarking. Eighty-six studies were finally included in the
qualitative synthesis. The complete selection process is summa-
rized in Table 2, which presents the PRISMA-guided flow of
records from identification to inclusion.

Data extraction was carried out using a standardized
template capturing study identifier, year of publication,
generative-model family (GAN, VAE, diffusion, autoregressive,
energy-based, transformer, flow-based), clinical domain (imaging,
documentation, drug design, education, patient communication,
synthetic data, decision support), dataset and evaluation met-
rics, and reported limitations. Thematic synthesis was then used
to group studies along the two high-level axes of applications
(Section 4) and challenges (Section 6). To strengthen the trustwor-
thiness of the synthesis, extracted data and thematic assignments

were reviewed iteratively, and discrepancies were resolved by
re-reading the original source before final categorization.

Table 2
PRISMA 2020 flow summary of the study selection process.

Identification: 1248 records from PubMed, IEEE Xplore, ACM
Digital Library, ScienceDirect, Scopus, and Google Scholar; 266

duplicates removed. Screening: 982 records screened by
title/abstract; 703 excluded. Eligibility: 279 full-text articles
assessed; 193 excluded. Included: 86 studies in qualitative

synthesis

Phase Description n

Identification Records identified from
PubMed, IEEE Xplore,
ACM Digital Library,
ScienceDirect, Scopus,
and Google Scholar

1248

Identification Duplicate records
removed before
screening

266

Screening Records screened by title
and abstract

982

Screening Records excluded
(not healthcare/not
generative AI/non-
English/editorial)

703

Eligibility Full-text articles assessed
for eligibility

279

Eligibility Full-text articles excluded
(no clear genera-
tive AI contribution;
duplicate methodolog-
ical reports; purely
benchmarking)

193

Included Studies included in the
qualitative synthesis

86

The eligibility rules supporting this PRISMA-guided selec-
tion process are summarized in Table 3; the table distinguishes
the accepted study types, language and timeframe limits, topic
focus, methodological reporting requirements, and ethics-related
exclusions.

4. Applications of Generative AI in Healthcare

4.1. Image processing

4.1.1. Image reconstruction
High-fidelity medical image reconstruction is essential for

accurate clinical decision-making, while simultaneously minimiz-
ing patient exposure and imaging cost [4]. Two of the most widely
used modalities are:

1) Computed tomography (CT), which reconstructs cross-
sectional anatomical representations from multiple X-ray
projections.

2) Magneticresonance imaging (MRI), which leverages strong
magnetic fields and radiofrequency pulses to obtain high
soft-tissue contrast.
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Table 3
Inclusion and exclusion criteria applied during study selection

Criterion Inclusion Exclusion

Publication type Peer-reviewed journal articles, conference
papers, recognized preprints

Editorials, news items, nontechnical
commentary

Language English Non-English publications without available
translation

Timeframe January 2017–March 2026 (emphasis on
2021–2026)

Pre-2017 work except for seminal
methodological references

Topic focus Application or evaluation of generative AI in a
healthcare or biomedical setting

Non-healthcare domains; studies in which
generative modeling is not the primary
contribution

Methodological reporting Clear description of dataset, model, and
evaluation

Studies with insufficient methodological detail
or unreproducible results

Ethics Human studies approved by an ethics
committee or using publicly released
datasets

Studies lacking ethical approval where required

Both modalities are, however, constrained by trade-offs
between acquisition time, radiation dose (in CT), and patient com-
fort, which has motivated research into accelerated acquisition
strategies [5].

Accelerated imaging protocols reduce the quantity of raw
data acquired, which shortens examination duration and dose but
typically degrades image quality. The principal manifestations of
this degradation are a reduced signal-to-noise ratio (SNR) and
a reduced contrast-to-noise ratio (CNR), resulting in images that
are noisier and less diagnostically reliable.

Specifically, these quality limitations are characterized by:

1) SNR, which quantifies the clarity of diagnostic information
relative to background noise.

2) CNR, which quantifies the separability of adjacent tissues
within the reconstructed image.

Consequently, advanced reconstruction algorithms are
required to recover diagnostic quality from limited measurements
[6]. Diffusion models have recently emerged as a promising class
of deep generative approaches that can restore image fidelity in
under-sampled or low-dose regimes.

In the field of medical image reconstruction, two notable
studies have made significant advances. Research by Özbey et al.
[7] introduced AdaDiff, a novel approach for MRI reconstruc-
tion that demonstrated superior outcomes compared to existing
methods. Similarly, study by Xie and Li [8] presented MC-
DDPM (Monte Carlo Denoising Diffusion Probabilistic Models)
as a promising technique specifically designed for reconstruct-
ing under-sampled medical images, offering new possibilities in
medical imaging processing where complete data sampling is not
feasible.

These developments represent important steps forward in
improving the quality and reliability of medical image reconstruc-
tion, particularly in scenarios where traditional imaging methods
face limitations or constraints.

4.1.2. Image-to-image translation
In recent years, generative models have been applied to

the problem of converting one medical imaging modality into
another—a task commonly referred to as image-to-image trans-
lation. The foundational work of Isola et al. [9] on pix2pix and
Zhu et al. [10] on CycleGAN established the feasibility of learning

cross-modality mappings from paired and unpaired data, respec-
tively, and is particularly relevant to clinical practice, where
different modalities convey complementary diagnostic informa-
tion but are not always simultaneously available. Diffusion models
have since extended this line of research by enabling the synthesis
of missing modalities from those already acquired. A representa-
tive application is MRI-to-CT translation [11]: CT is rapid and
widely available but provides limited soft-tissue contrast, whereas
MRI offers superior soft-tissue detail at the cost of acquisi-
tion time and expense. Acquiring both sequentially is resource
intensive and introduces registration errors. Using a Denoising
Diffusion Probabilistic Model (DDPM), Graf et al. [11] gener-
ated anatomically consistent CT volumes from MRI inputs with
higher fidelity than earlier convolutional neural network (CNN)-
and GAN-based methods, thereby reducing the need for addi-
tional scans. In parallel, Özbey et al. [7] proposed SynDiff, an
adversarial diffusion model for medical image translation that
outperformed competing approaches in terms of accuracy, infer-
ence speed, and perceptual image quality across multiple datasets,
demonstrating robustness to variations in acquisition protocol.

4.1.3. Image generation
Diffusion models have rapidly become a dominant approach

for generating medical images across diverse modalities and
dimensionalities [12]. Reported use cases span synthetic 2D
and 3D imagery, including X-rays, MRI, and CT [13–16]. One
notable example is SHAPR [17], an autoencoder-based frame-
work that infers three-dimensional cell shape from a single
2D microscopy image. Because clinical microscopy is pre-
dominantly 2D, yet many biological questions are inherently
three-dimensional, SHAPR fills a practical gap: it improved cell-
type classification for erythrocytes, transferred successfully to
stem cells, and captured nuclear geometry, all while reducing
acquisition time and storage requirements. More recent work has
pushed these ideas into higher-fidelity regimes. Müller-Franzes
et al. [18] introduced Medfusion, a latent diffusion model that
generated ophthalmologic, chest-CT, and 3D brain MRI images
of higher perceptual quality than comparable GAN baselines,
with improved training stability and interpretability. Pan et al. [19]
proposed a transformer-based DDPM capable of synthesizing
2D chest radiographs, cardiac MRI, and abdominal CT, achiev-
ing favorable Inception Score and Fréchet Inception Distance
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metrics. Collectively, these studies suggest that diffusion-based
generators are well positioned to support downstream tasks such
as dataset augmentation, rare-disease modeling, and medical
training simulation.

4.1.4. Image classification
Medical image classification is a central task in clinical AI

because it enables the automated detection and stratification of
disease patterns from large volumes of imaging data, thereby accel-
erating decision-making and reducing inter-observer variability
[12, 20]. A persistent difficulty in this domain is class imbal-
ance, particularly in pathology workflows in which rare cell types
or lesions are clinically important but statistically underrepre-
sented. Oh and Jeong [21] addressed this issue with DiffMix, a
diffusion-based data-synthesis framework that improves nuclei seg-
mentation and classification on imbalanced pathology datasets,
outperforming prior methods such as HoVer-Net and SONNET
and yielding more equitable performance across cell classes. Yang
et al. [22] subsequently introduced DiffMIC, a dual-guidance dif-
fusion network that combines denoising dynamics with class- and
image-level conditioning. DiffMIC achieved consistent gains on
several benchmark datasets and was particularly effective in han-
dling noisy or imbalanced inputs, attributable to its ability to attend
to salient discriminative features while preserving structural coher-
ence. More recent transformer-based diffusion pipelines have also
been explored to classify arrhythmias from electrocardiographic
images using deformable attention [23] and to screen for microvas-
cular changes in systemic sclerosis from capillaroscopy images
[24], further illustrating the breadth of generative-classification
approaches across imaging modalities.

4.1.5. Image registration
Deformable image registration aligns two scans of the same

anatomical region that have been acquired at different times, in
different positions, or with different scanners and is a precondi-
tion for longitudinal comparison, image-guided intervention, and
atlas construction [12]. Kim et al. [25] proposed DiffuseMorph,
a diffusion-based registration framework that jointly learns the
appearance transformation and the spatial deformation field,
using the diffusion process to regularize intensity variation while
a deformation module resolves the geometric mismatch. Because
the two components are trained end-to-end from paired images,
the model generalizes across modality pairs and produces smooth,
anatomically plausible warps. This makes DiffuseMorph directly
relevant to clinical tasks such as surgical planning, longitudinal
treatment monitoring, and multimodal image fusion.

4.1.6. Image segmentation
Image segmentation underpins many downstream medical

imaging tasks because it isolates anatomical or pathological struc-
tures within a scan [12]. Supervised deep-learning segmentation
models typically require large corpora of pixel-accurate annota-
tions, which are difficult to obtain in healthcare because expert
labeling is costly, slow, and demands specialist knowledge [26].
Diffusion models have been explored as a means of reducing
this annotation burden by generating realistic labeled exam-
ples. Amit et al. [26] demonstrated that DDPMs can synthesize
annotated medical images and thereby accelerate downstream seg-
mentation. Zhang et al. [27] subsequently introduced DiffuSeg,
a domain-driven diffusion framework that segments vascular
structures under limited supervision, supporting the detection of
aneurysms and occlusions while minimizing manual effort. Taken
together, these studies indicate that diffusion-based synthesis can

make segmentation workflows more annotation-efficient without
compromising accuracy.

4.2. Medical imaging

4.2.1. Medical imaging and radiology interpretation
Transformer-based architectures have been adopted across

a wide spectrum of radiology and medical imaging tasks, rang-
ing from report summarization and disease classification to
error detection, multimodal fusion, and automated report gen-
eration [12]. In the area of radiology summarization, Balouch
and Hussain [28] reported that Biobart-V2 achieved state-of-the-
art ROUGE scores while preserving clinically salient content. For
classification from chest radiographs, Bhattacharya et al. [29]
proposed RadioTransformer, which models radiologists’ visual
search through a cascaded global–focal attention mechanism and
a dedicated visual-attention loss, improving diagnostic accuracy
over baselines. Chaudhari et al. [30] fine-tuned a domain-specific
Radiology BERT to detect speech-recognition errors in dictated
reports, demonstrating the value of contextual adaptation in clin-
ical NLP. Jacenkow et al. [31] combined a BERT text encoder
with CNN-based image features for multimodal disease classi-
fication, outperforming single-modality baselines. Li et al. [32]
introduced an instance-dependent prompt-tuning framework on
top of BERT to classify actionable findings in tinnitus reports.
For structured information extraction, Azizi et al. [33] devel-
oped a transformer named entity recognition (NER) pipeline that
produced coherent, structured outputs superior to prior meth-
ods. Moezzi et al. [34] introduced TrMRG for medical report
generation, capturing long-range dependencies between image
features and descriptive text; Mohsan et al. [35] combined a
vision transformer encoder with a language-model decoder for
radiology report generation and reported competitive results on
chest-radiograph benchmarks; while Nimalsiri et al. [36] pro-
posed MERGIS, which couples segmentation with a transformer
encoder–decoder to produce comprehensive radiology reports.
Taken together, these studies illustrate how transformer-based
models now permeate the radiology workflow and contribute
to the accuracy, efficiency, and interpretability of downstream
clinical documentation.

4.2.2. Diagnostic assistance
Transformer-based models have also demonstrated strong

performance across a range of diagnostic tasks [12]. Azizi
et al. [33] combined a transformer encoder with CNN features
to identify neurological signs from clinical narrative, report-
ing gains in both sensitivity and specificity over rule-based
baselines. Chen et al. [37] introduced FIT-Net, a feature inter-
action transformer designed for the diagnosis of pathologic
myopia from optical coherence tomography, which delivered
more stable and accurate predictions than comparable CNN
models. Chen et al. [38] applied multi-view vision transform-
ers to mammogram analysis, capturing long-range correlations
across breast views and handling input variability consistently.
In neuroimaging, Alp et al. [39] combined vision transformers
with sequential modeling for Alzheimer’s disease classification
from 3D brain MRI, exceeding 99% accuracy on the ADNI
dataset and outperforming CNN and recurrent neural network
(RNN) baselines. Hosain et al. [40] used vision transformers
with transfer learning for wireless capsule endoscopy, improv-
ing over DenseNet201 on gastrointestinal abnormality detection.
Hu et al. [41] proposed a dual transformer hashing framework
that aligns histopathology whole-slide images with their diagnostic
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reports. Mo et al. [42] developed HoVer-Transformer for ROI-free
breast ultrasound diagnosis, matching expert radiologists while
eliminating the need for manual region annotation. Finally,
Zhou et al. [43] introduced a unified multimodal transformer
for COVID-19 that integrated imaging, clinical, and laboratory
inputs and outperformed single-modality baselines in outcome
prediction. These results collectively indicate that transformer
encoders, particularly their multimodal variants, have become
central tools for decision support across radiology, pathology,
ophthalmology, and cardiology.

4.3. Clinical documentation

4.3.1. Clinical documentation and information extraction
Clinical documents are a rich but structurally challeng-

ing source of information: they combine semi-structured layout,
domain-specific vocabulary, and institution-specific conventions.
Xu et al. [44] developed a layout-aware pipeline that parses PDF
records, classifies each line into a functional role (body, margin,
footer), and then retains only clinically relevant content, feed-
ing the resulting segments into downstream NLP. LayoutLMv2,
also reported in Reference [44], jointly models text, layout, and
image features and consequently improves extraction accuracy
from scanned clinical PDFs. For German clinical notes, Lentzen
et al. [45] pre-trained BioGottBERT, which outperformed the
general-domain GottBERT on named entity recognition and
underscored the benefits of in-domain pre-training. Li et al.
[46] proposed ClinicalLongformer and Clinical-BigBird to han-
dle very long clinical texts, with consistent gains on question
answering, entity recognition, and document classification. Moon
et al. [47] demonstrated that BERT and Sentence-BERT can
support entity extraction and clustering of diagnoses, tests,
and treatments across heterogeneous clinical corpora. Oh et al.
[48] compared XLNet, RoBERTa, and BERT for de-identifying
protected health information, finding that XLNet’s bidirectional-
autoregressive formulation offered the best performance. Searle
et al. [49] applied BART to oncology-focused hospital-course
summarization, producing problem-list-oriented summaries suit-
able for clinical use. Sivarajkumar and Wang [50] proposed
HealthPrompt, a prompt-based framework that outperformed
supervised baselines in low-resource clinical NLP. Solarte-Pabón
et al. [51] showed that specialized Spanish breast-cancer corpora
yielded substantial gains over generic pre-trained models. Finally,
Wei et al. [52] introduced ClinicalLayoutLM for classifying
scanned clinical documents across sixteen categories, leveraging
both text and layout to outperform optical character recognition
(OCR)-only pipelines.

4.3.2. Medical coding and billing
Medical coding and billing assign standardized codes, most

commonly ICD-9 or ICD-10, to the diagnoses and procedures
documented in clinical notes. Transformer-based models have
been applied to make this process more accurate, efficient, and
explainable. Liu et al. [53] proposed the Hierarchical Label-Wise
Attention Transformer, evaluated on MIMIC-III, which uses per-
label attention to improve prediction on the 50 most frequent
ICD-9 codes. López-García et al. [54] combined multilingual
transformers (XLM-RoBERTa, mBERT, BETO) with a two-step
pipeline that first recognizes medical entities and then normalizes
them to standard codes, which outperformed joint learning of the
two steps and underscored the value of task separation in clinical
coding. Coutinho and Martins [55] designed a transformer model
tailored to Portuguese death-certificate ICD-10 assignment that

incorporated hierarchical attention and document structure, with
strong generalization to adjacent languages and settings.

Falissard et al. [56] presented a deep-learning pipeline for
automatic ICD-10 coding of unstructured French medical text,
combining NLP with multi-label classification and reporting strong
accuracy and F1 scores. Collectively, these studies show that hier-
archical and multilingual transformer architectures can bring both
performance and transparency to automated medical coding.

4.4. Drug design

4.4.1. Protein structure prediction
Protein structure prediction is central to molecular biology

and therapeutic development, and transformer-based protein lan-
guage models have driven much of the recent progress [12]. Behjati
et al. [57] introduced ProtAlbert, whose attention maps recover
structural motifs and binding sites from sequence alone. Xiang
et al. [58] proposed Functional Annotation of Proteins using
Multimodal models (FAPM), a multimodal model that couples
protein sequences with an LLM to generate natural-language func-
tional annotations, supporting more explainable predictions for
under-characterized proteins. Boadu et al. [59] combined sequences
and structures through transformers and equivariant graph neural
networks in TransFun, outperforming single-modality baselines.
Geffen et al. [60] distilled ProtBert into DistilProtBert, preserv-
ing classification performance while reducing computation, which
matters for large-scale drug-discovery pipelines. Castro et al. [61]
introduced ReLSO to optimize protein sequences under functional
and structural constraints. Ferruz et al. [62] proposed ProtGPT2
to generate de novo sequences with native-like biochemical prop-
erties, with potential applications in protein engineering. Brandes
et al. [63] released ProteinBERT, which reported strong results
on structure prediction, function annotation, and protein–protein
interaction prediction by capturing both local and global sequence
patterns. Oliveira et al. [64] introduced TEMPROT and TEM-
PROT+, which improved the extraction and analysis of protein
sequence embeddings over earlier methods.

4.4.2. Molecular representation and drug design
Transformer-based approaches also support molecular

design and property prediction [12]. Bagal et al. [65] proposed
MolGPT, a generative model that produces molecules matching
user-specified scaffolds and property targets, which is useful for
lead optimization. Li et al. [66] introduced KPGT, a knowledge-
guided pre-trained graph transformer for molecular property
prediction, which outperformed self-supervised baselines on stan-
dard benchmarks. These methods illustrate how transformer
inductive biases can be adapted from text to graph-structured
molecular data, supporting drug-discovery workflows.

4.5. Clinical support

4.5.1. Clinical decision support
Transformer-based models are increasingly used in clinical

decision support because they can combine unstructured text,
structured data, and temporal signals within a single architecture
[12]. When these capabilities are embedded in a clinical work-
flow, generative AI can surface patient-specific recommendations
that help clinicians reach better-informed decisions and potentially
reduce avoidable errors [67]. LLMs further extend this capability
by digesting broad bodies of medical literature and longitudinal
records to produce evidence-based suggestions for diagno-
sis, treatment selection, and prognosis [68]. Recent empirical
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work illustrates the range of applications. Hu and Wang [69]
benchmarked BERT, BioBERT, RoBERTa, and DistilBERT
on glaucoma-progression prediction, concluding that domain-
adapted transformers are well suited to ophthalmology decision
support. Huang [70] proposed the Surgical Action (SA) model,
an encoder–decoder architecture that recognizes and antici-
pates surgical actions; although forecasting performance was
modest, real-time action classification proved valuable for intra-
operative decision support. Wang et al. [71] developed a
hybrid rule-based/transformer system for extracting family-history
information from clinical text, with recall comparable to estab-
lished baselines. These studies suggest that transformer-based
decision support is maturing from single-task demonstrators
to workflow-embedded tools, although rigorous prospective
evaluation remains limited.

4.5.2. Patient–provider communication
LLMs are becoming a practical tool for mediating commu-

nication between patients and healthcare providers, and there is
emerging evidence that they improve patient engagement and sat-
isfaction [68, 72]. ChatGPT, based on the GPT family, is the most
widely studied representative: it is pre-trained on broad text cor-
pora and can be fine-tuned or prompted for healthcare-specific
tasks. Moshirfar et al. [73] evaluated ChatGPT in ophthalmol-
ogy and reported that GPT-4 outperformed GPT-3.5 and human
experts across most StatPearls categories, with the exception of
“Lens and Cataract.” Singhal et al. [74] introduced Med-PaLM,
a domain-adapted LLM that achieved promising performance on
medical question answering. Luo et al. [75] released BioGPT, a
biomedical pre-trained generator that outperformed prior models
across six biomedical NLP tasks, including relation extraction and
biomedical question answering. These results suggest that, with
appropriate domain adaptation and guardrails, LLMs can plausi-
bly support clinician–patient communication, patient education,
and triage tasks, although further work is required to measure
their clinical utility in real-world deployments.

Collectively, the studies above demonstrate the breadth and
maturity of diffusion-based and transformer-based generative
models across medical tasks—from image synthesis to clinical
decision support—and motivate the thematic synthesis presented
in Table 4.

4.6. Data generation

4.6.1. Synthetic data generation and data augmentation
Synthetic data produced by generative AI provides a practi-

cal way to balance data access with patient privacy. Trained on
de-identified corpora, generative models can synthesize realistic
yet non-identifying patient records that support research, bench-
marking, and education [2, 76, 77]. GANs have been used to
create electronic health record (EHR) data by learning the under-
lying feature distributions, which mitigates some privacy concerns
while maintaining downstream analytic utility. Synthetic data also
alleviates class imbalance and rare-event under-representation,
which are persistent obstacles for machine learning models trained
on clinical data. Because researchers can sample synthetic cohorts
along specific axes—for example, age or disease severity—the
approach supports hypothesis exploration and stress-testing of
clinical models [2, 76, 77]. Responsible use, however, requires
careful validation against real cohorts and explicit disclosure of
the synthetic origin of the data.

4.7. Education and training

4.7.1. Medical education and training
In medical education and training, generative AI can pro-

duce a diverse range of virtual patient cases spanning different
conditions, demographics, and clinical scenarios, providing a scal-
able learning environment for students and practicing clinicians
[2, 78, 79].

4.7.2. Patient education
Generative AI can also personalize patient education [80].

Models can tailor content to a patient’s diagnosis, language,
literacy level, and concerns—for example, producing individu-
alized guidance on blood-glucose management, diet, physical
activity, and medication adherence for a patient with type-2 dia-
betes. Interactive dialog interfaces allow patients to ask follow-up
questions and receive grounded, conversational responses [2],
which can support understanding and self-management.

Table 4
Thematic applications of generative AI in healthcare identified in this review

Application theme Representative tasks Primary model families

Image processing Reconstruction, modality translation,
generation, classification, registration,
segmentation

Diffusion, GANs, Transformers

Medical imaging and radiology Report generation, disease classification, error
detection, multimodal fusion

Transformers (BERT, GPT, ViT),
multimodal models

Clinical documentation Entity recognition, summarization, coding and
billing, layout-aware document analysis

BERT variants, BART, Longformer

Drug design Protein structure and function prediction,
molecular generation, property prediction

Protein language models, graph
transformers, autoregressive models

Clinical support Decision support, surgical-action recognition,
family-history extraction, triage

Patient–provider communication

BioBERT, transformer encoders, LLMs
GPT family, Med-PaLM, BioGPT

Synthetic data generation EHR synthesis, data augmentation, privacy-
preserving datasets

GANs, VAEs, diffusion

Education and training Virtual patient cases, personalized educational
content

LLMs, multimodal generative models

Pdf_Fol io:7 07



Journal of Data Science and Intelligent Systems Vol. 00 Iss. 00 2026

5. Generative AI Translational Path

The integration of generative AI into healthcare workflows,
known as the translational path, has the potential to reshape care
delivery but is intricate and requires careful planning, execution,
and governance [80, 81]. Reddy [2] proposed a staged frame-
work for this translational path, reproduced in Figure 1 [2]. The
framework articulates the sequence of activities that moves a gen-
erative model from algorithmic development to responsible clinical
deployment, including problem framing, data curation, model
development and validation, implementation science, governance,
post-deployment monitoring, and continuous learning.

6. Challenges in the Application of Generative AI in
Healthcare

The application of generative AI in healthcare presents many
challenges as follows.

6.1. Data and security

6.1.1. Data privacy, security, and robustness
Integrating generative AI into healthcare elevates a long-

standing tension between analytic utility and patient privacy.
Because these models are trained on large volumes of sensitive
data, any breach has disproportionate downstream consequences
for individuals and for public trust in the health system
[82–84]. LLMs exacerbate the risk profile because they can
memorize rare training examples and regurgitate them under care-
fully crafted prompts [68]. Foundational safeguards—end-to-end
encryption, fine-grained access control, authenticated communi-
cation channels, and auditable logging—should be complemented
by techniques developed specifically for machine learning, includ-
ing differential privacy, federated learning, and de-identification
prior to training [85]. Regulatory frameworks are also required to
prevent misuse and to clarify accountability in the event of model-
mediated harm [86]. Finally, deployed systems must be robust
against adversarial inputs and data-poisoning attacks, because
even a modest perturbation to clinical imagery or documentation
can produce clinically consequential errors [82–84].

6.1.2. Geopolitical influences on data governance
Healthcare data is increasingly international in scope, and

its governance involves governments, multilateral organizations,

and private data holders whose interests are not always aligned.
Deploying generative AI across borders therefore requires nav-
igating a patchwork of regulatory frameworks and geopolitical
considerations, which can materially constrain both data access
and model portability [82].

6.1.3. Contextualization problem
Generative AI systems must incorporate relevant clinical

context—patient history, local protocols, medication formula-
ries, and prevailing guidelines—to produce outputs that are
both safe and useful. Inadequate contextualization leads to
plausible-sounding but clinically inappropriate recommenda-
tions [83]. Techniques such as retrieval-augmented generation
and fine-tuning on institution-specific corpora partially address
this limitation but introduce their own data governance and
maintenance obligations.

6.1.4. Data quality and bias
The quality, scope, and representativeness of the training

data dictate the accuracy and fairness of generative outputs.
When these data under-represent particular populations, comor-
bidities, or care settings, the resulting models can amplify existing
health inequities rather than alleviate them [83]. Systematic audit-
ing of training cohorts, demographic performance reporting, and
bias-aware evaluation benchmarks are therefore essential before
clinical deployment.

6.2. Technology and infrastructure

6.2.1. Dependency on specific technology platforms
Contemporary generative AI systems—most visibly GPT-

4—are developed and operated by a small number of large
technology companies. This creates the familiar risks of ven-
dor lock-in, limited interoperability, and outsized influence over
clinical workflows, and it motivates interest in open-weight alter-
natives, federated deployment, and contractual safeguards for
health-system customers [82].

6.2.2. Maintenance of generative AI systems
Sustaining generative AI systems in healthcare is a sub-

stantial engineering challenge. Because both clinical practice and
underlying data distributions evolve, models require periodic
retraining, revalidation, and fine-tuning to remain safe and effec-
tive. This lifecycle demands dedicated MLOps infrastructure,

Figure 1
Generative AI translational path in healthcare
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monitoring, and budget, which can be prohibitive for smaller
healthcare organizations [82].

6.2.3. Scalability and feasibility of deployment
Scaling generative AI across a healthcare enterprise is not

primarily a modeling problem; it is an integration problem. Pro-
duction systems must interoperate with legacy electronic health
records, clinical information systems, and regulated messaging
standards such as HL7 and FHIR, all while respecting clin-
ical latency budgets and audit requirements [82, 83]. LLMs
add their own constraints: inference cost, hardware availability,
and the organizational capacity to maintain prompt templates
and retrieval pipelines over time [68, 83]. Practical deployments
therefore benefit from modular architectures in which genera-
tive components are isolated behind service boundaries that allow
targeted monitoring, versioning, and rollback.

6.2.4. Hardware requirements
Large language and diffusion models consume substan-

tial computational resources, with floating-point operations and
GPU-hour requirements that are orders of magnitude greater than
those of earlier deep-learning architectures [86]. These demands
translate into procurement, energy, and sustainability obliga-
tions that health systems must weigh against the expected clinical
benefit.

6.2.5. Complexity and interpretability
Enterprise generative AI stacks are often complex and diffi-

cult to interpret, which constrains the explanations that clinicians
and auditors can offer patients. Interpretability is not optional in
medicine: it underpins informed consent, accountability, and post-
deployment learning. Transparent model cards, saliency methods,
and structured explanations are therefore prerequisites for clinical
adoption [82, 86].

6.2.6. Data availability
Healthcare organizations routinely struggle to assemble the

large, well-labeled datasets required to train robust generative
models, particularly in sub-specialties where the case mix is nar-
row and annotation expertise is concentrated in a handful of
experts [82].

6.3. Ethics and governance

6.3.1. Regulatory and ethical compliance
LLMs in clinical settings must satisfy stringent regulatory

requirements, including obligations relating to data protection,
patient consent, and transparency about the use of AI in
decision-making. Existing frameworks such as the EU AI Act,

the US FDA’s guidance on software as a medical device,
and national data protection laws impose overlapping but
nonidentical constraints that model providers must navigate
carefully [68].

6.3.2. Trust and reliability
Trust in clinical AI depends on the reliability and inter-

pretability of its outputs, particularly in high-stakes scenarios
where errors are consequential. The “black-box” character of
many generative models therefore remains an obstacle to adop-
tion and motivates ongoing work on calibrated uncertainty
estimates, counterfactual explanations, and prospective audit
trails [83, 84].

6.3.3. Clinical evaluation, regulation, and certification
The rapid release cadence of contemporary LLMs and

generative AI systems creates a structural tension with clini-
cal evaluation and regulation. By the time a model has been
evaluated through a formal clinical pathway, newer versions are
often already in use, which complicates the definition of the
“locked” artifact that regulators are accustomed to certifying
[84]. Regulatory agencies are adapting by articulating mechanisms
for continuously learning systems, predetermined change-control
plans, and post-market surveillance, but practical implementation
remains in flux.

6.4. Human resources

6.4.1. Talent and skill gaps
Deploying enterprise-grade generative AI requires a combi-

nation of clinical, data-science, MLOps, and governance expertise
that is scarce in most healthcare organizations. Attracting
and retaining this talent is a significant constraint and one
that is unlikely to be relieved without sustained investment in
cross-disciplinary training and career paths [82, 83].

6.4.2. Change management
Adopting generative AI disrupts established clinical work-

flows and role boundaries. Successful implementation therefore
depends on structured change-management practices, including
stakeholder engagement, iterative pilots, training and support,
and clear escalation paths when model outputs are ambiguous or
incorrect [82].

Table 5 consolidates these four challenge domains and links
each set of risks to illustrative mitigation strategies, showing how
the detailed discussion above translates into practical governance
priorities.

Table 5
Principal challenges to the deployment of generative AI in healthcare, organized by thematic domain

Domain Key challenges Illustrative mitigations

Data and security Data privacy, security breaches, adversarial
robustness, geopolitical data governance,
contextualization, data quality and bias

Encryption, differential privacy, federated
learning, bias audits, representative datasets

Technology and infrastructure Vendor lock-in, model maintenance, scal-
ability, hardware and GPU demand,
interpretability, data availability

Open-weight alternatives, MLOps pipelines,
model compression, explainability tooling

(Continued)
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Table 5
(Continued)

Domain Key challenges Illustrative mitigations

Ethics and governance Regulatory and ethical compliance, trust
and reliability, clinical evaluation and
certification

Transparent reporting (TRIPOD-AI), regu-
latory sandboxes, continuous post-market
surveillance

Human resources Talent and skill gaps, change management,
and clinician adoption

Cross-disciplinary training, clinician-in-the-
loop workflows, organizational change
management

7. Conclusion

Generative AI shows significant potential in healthcare, with
the most mature evidence base currently concentrated in medi-
cal imaging and disease diagnostics. The thematic distribution of
applications identified in this review is summarized in Figure 2,
while the four domains of challenges discussed in Section 6 are
consolidated in Figure 3. Across these themes, the technology
faces persistent obstacles relating to data privacy, security, infras-
tructure demands, the interpretability of complex architectures,
and the regulatory pathways required for clinical certification.
The present emphasis on CT and MRI modalities may under-
serve ultrasound-based workflows, where generative AI could
materially improve diagnostic consistency and access in resource-
constrained settings; expanding research to include a wider range
of imaging modalities is therefore a priority [12]. Future work
should compare generative AI models with alternative machine
learning families under identical clinical evaluation protocols,
report performance on heterogeneous patient populations to mit-
igate demographic bias, and couple technical benchmarking with
prospective clinical validation and post-deployment monitoring.
Addressing these gaps will be essential to translate the demon-
strated technical capabilities of generative AI into measurable,
equitable improvements in patient outcomes.

The evidence reviewed here also suggests that the most sig-
nificant near-term gains are likely to come from hybrid pipelines
that couple generative components with human expert oversight,

rather than from end-to-end autonomous systems. Concretely,
this calls for clinician-in-the-loop designs, transparent uncertainty
reporting, institutional governance structures that can procure
and audit foundation models, and shared benchmarks that mea-
sure both technical fidelity and downstream clinical impact.
Without these complementary investments, the gap between
impressive in silico performance and durable clinical value will
persist.

8. Potential Biases

The present literature review is subject to several potential
biases that merit explicit acknowledgment:

Publication bias. The review is likely to overrepresent stud-
ies reporting positive or statistically significant findings, because
negative or inconclusive work is less frequently published.

Selection bias. Inclusion may have been influenced by the
author’s research interests, the coverage of the databases consulted,
and the dominance of English-language publications.

Interpretation bias. The author’s background and prior
assumptions may have shaped the thematic synthesis and the
relative weight assigned to different studies.

9. Recommendations for Future Research

To mitigate these biases and to consolidate the evidence base,
future work in this area should:

Figure 2
Thematic distribution of generative AI applications identified in the reviewed literature
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Figure 3
Overview of the four thematic challenge domains for generative AI in healthcare

Adopt a broader and more systematic literature-search strat-
egy, including gray literature and preprints, and apply structured
tools to assess study quality and risk of bias.

Encourage the publication of both positive and negative
findings to yield a more balanced picture of the field; involve
reviewers from diverse clinical, technical, and geographic back-
grounds; and explicitly report the limitations of the review process
and their implications for the conclusions drawn.
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