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Large language models (LLMs) have revolutionized various fields, and their applications in
biomedicine and healthcare have shown transformative potential. These models, trained on vast text
corpora, have shown remarkable proficiency in generating, understanding, and analyzing human
language. In the biomedical and healthcare sectors, where vast amounts of unstructured data are
generated daily, LLMsare driving transformative change. Despite their potential, integrating LLMs into
healthcare and biomedicine presents significant challenges, including data privacy, model bias, and
the complexity of incorporating LLMs into existing clinical workflows. Ethical concerns such as patient
confidentiality, algorithmic bias, and transparency in LLM-driven decisions are also critical issues that
must be addressed. This review explores the current state of LLMs in biomedicine and healthcare,
examining their practical applications, benefits, limitations, and ethical challenges. We also discuss
the technical hurdles of implementing thesemodels and highlight future research directions, aiming to
unlock their full potential to advance both biomedical science and patient care.

The emergence of large language models (LLMs)1, such as GPT-42 and
Gemini3, represents a groundbreaking advancement in artificial intelligence
(AI), particularly within the domain of natural language processing (NLP).
Thesemodels, trained on vast and diverse text corpora4, have demonstrated
exceptional proficiency in generating, understanding, and analyzing human
language, enabling more nuanced and sophisticated interactions between
machines and humans5. In the biomedical6 and healthcare7 sectors, which
generate massive amounts of complex and often unstructured data daily,
LLMs are being harnessed to drive transformative change. These technol-
ogies are poised to revolutionize various facets ofmedical practice, biological
research, and patient care8–10.

Traditionally, healthcare and biomedicine have relied on struc-
tured data, such as medical records, lab results, and clinical notes, along
with manual interpretation by clinicians and researchers11,12. While this
approach has been foundational, it is time-consuming, susceptible to
human error, and constrained in its capacity to process vast amounts of
unstructured data13,14. The introduction of LLMs is reshaping this
paradigm by enabling automation and enhancing decision-making
across multiple levels of medical practice and biomedical research9.
Although LLMs are primarily designed for unstructured text, recent
research has explored methods to encode structured tabular data into

textual or semi-structured formats that LLMs can process. For instance,
synthetic note generation15, prompt-based representations of struc-
tured entries16 (e.g., lab values, medication codes), and hybrid pipelines
that combine LLMs with structured data backends17–19 (e.g., SQL, Fast
Healthcare Interoperability Resources (FHIR) Server, graph database)
are emerging approaches. By leveraging the power of LLMs, healthcare
and biomedicine can not only streamline clinical documentation but
also improve real-time diagnostics20, support clinical decision-
making21, and accelerate drug discovery22. These advancements
improve the efficiency of healthcare systems, facilitate more precise
diagnoses, foster personalized treatments, and enable the rapid trans-
lation of scientific discoveries into practical applications, thereby
advancing both clinical care and biomedical research23.

However, the integration of LLMs into biomedicine and healthcare is
highly non-trivial (Fig. 1)8. Issues such as data privacy24,25, model bias26, and
the complexity of incorporating LLMs into existing clinical workflows
remain significant barriers27. Moreover, the ethical implications of using
LLMs in sensitive domains like healthcare cannot be overlooked28. Critical
questions regarding patient confidentiality, minimizing algorithmic bias,
and ensuring transparency in AI-driven decisions continue to generate
discussion and debate.
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In this review, we examine the current state of LLMs in biomedicine
and healthcare, exploring their practical applications, potential benefits, and
inherent limitations. We also address the ethical concerns and technical
challenges involved in implementing these models in real-world healthcare
settings, while highlighting potential future directions for research and
innovation in this rapidly evolving field. By gaining a comprehensive
understanding of the role of LLMs in transforming healthcare, we can better
navigate their integration into clinical environments and unlock their full
potential to advance biomedical science and patient care.

Applications of LLMs in biomedicine
LLMs in genomics
Genomics, the study of an organism’s complete DNA set, has significantly
advanced our understanding of biological processes and disease
mechanisms29,30. By analyzing DNA sequences, researchers can identify
genetic mutations linked to diseases, enabling early diagnosis and the
development of targeted therapies. Genomics also plays a pivotal role in
personalized medicine, drug discovery, and uncovering evolutionary rela-
tionships among species31. As genomic data rapidly increases, there is a
growing demand for advanced computational tools to efficiently process
and interpret this vast amount of information. LLMs have emerged as

valuable assets in genomics, leveraging structural parallels between biolo-
gical sequences and human language. Here we explore how LLMs are
reshaping genomics by predicting genome-wide variant effects, identifying
cis-regulatory regions, and modeling DNA–protein interactions. For
example, several LLMs related to genomics have been proposed, including
Evo32, gLM33, and Caduceus34.

Predicting genome-wide variant effects. Predicting genome-wide
variant effects is essential for understanding how genetic variations
impact gene regulation and contribute to diseases35,36. Accurate predic-
tions help identify pathogenic mutations, providing insights for diag-
nostics, therapeutics, and personalized medicine37. However, traditional
computational methods struggle to capture the complex, long-range
interactions within the genome and often require large amounts of
labeled data. In contrast, transformer architectures in LLMs are well-
suited to address these challenges.

For instance, Avsec et al. developed Enformer38, amodel that integrates
long-range genomic interactions (up to 100 kb) and achieves accurate
predictions of variant effects on gene expression. Enformer performswell in
predicting the effects of both natural genetic variants and saturation
mutagenesis, as measured by massively parallel reporter assays. The
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Fig. 1 |Overview of large languagemodels in biomedicine and healthcare.Thisfigure highlights key functional areas where LLMs have been deployed or studied. These use
cases are discussed in detail throughout the review.
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improvement from using long-range interactions in the genome enables
more accurate variant effect predictions gene expression for both natural
genetic variants and saturationmutagenesis measured bymassively parallel
reporter assays. Additionally, it learns enhancer–promoter interactions
directly from DNA sequences, competing with methods that rely on direct
experimental data. Another example is the genomic pre-trained network
(GPN)39, which is designed to learn genome-wide variant effects through
unsupervised pretraining on genomic sequences. GPN successfully learns
gene structure and DNA motifs without supervision and can be applied
across species, enabling unsupervised variant effect predictions for entire
genomes.

Predicting cis-regulatory regions. Cis-regulatory regions, such as
promoters and enhancers, are crucial for controlling gene expression and
fundamental to processes like development, differentiation, and disease40.
Predicting these regions enables a better understanding of gene regula-
tion and the identification of genetic variants linked to disease41.

DNABERT42, a pre-trained bidirectional encoder representation
model, captures the global and contextual understanding of genomic DNA
sequences. It achieves state-of-the-art performance in predicting promoters,
splice sites, and transcription factor binding sites after fine-tuning on task-
specific labeled data. DNABERT also provides nucleotide-level interpret-
ability, highlighting conserved motifs and functional genetic variants.
Another model, Nucleotide Transformer43, leverages over 3202 human
genomes and 850 genomes across diverse species, ranging from50M to 2.5B
parameters. It generates transferable, context-specific representations of
nucleotide sequences and performswell inmolecular phenotype prediction,
even in low-data settings. This model effectively prioritizes functional
genetic variants and regulates gene expression through transformer-based
attention mechanisms.

Predicting theDNA–protein interaction. UnderstandingDNA–protein
interactions is critical for elucidating gene regulation, DNA replication,
repair, and other essential cellular processes44. Proteins like transcription
factors bind to specific DNA regions to control transcription, making
accurate mapping of these interactions vital for decoding gene regulatory
networks and identifying therapeutic targets45.

MoDNA46, a self-supervised model, excels in learning semantic-level
genome representations from vast amounts of unlabeled genomic data. It
achieves state-of-the-art performance in promoter prediction and tran-
scription factor binding site prediction. Another approach, GROVER47,
employs byte-pair encoding on the human genome and trains a foundation
language model for next-k-mer prediction. GROVER excels in genome
biology tasks such as identifying genome elements and predicting
protein–DNA interactions, outperforming other models.

LLMs in transcriptomics
Transcriptomics, the comprehensive study of all RNA transcripts produced
by the genome under specific circumstances, is fundamental to under-
standing gene expression patterns and functional genomics48. By analyzing
RNAmolecules, researchers gain insights into how genes are regulated, how
cells respond to environmental stimuli, and how aberrations in transcrip-
tion contribute to diseases such as cancer, neurodegenerative disorders, and
autoimmune conditions48. The advent of high-throughput sequencing
technologies, particularly single-cell RNA sequencing (scRNA-seq) and
spatial transcriptomics, has revolutionized the field by enabling the exam-
ination of gene expression at unprecedented resolution49,50. LLMs can
capture complex patterns in gene expression data, model cellular hetero-
geneity, and interpret spatial gene expression patterns. Below, we explore
how LLMs are advancing transcriptomics by enabling sophisticated ana-
lyses in scRNA-seq and spatial transcriptomics.

Cell-type annotation. Cell-type annotation involves identifying and
labeling individual cells based on their gene expression profiles from
scRNA-seq or spatial transcriptomics data51. This process is critical for

uncovering cellular heterogeneity within tissues and discovering novel
cell types or states, providing insights into development, disease
mechanisms, and potential therapies52. Accurate annotation helps con-
struct detailed cellular maps, essential for understanding complex bio-
logical systems. However, this task often relies on reference datasets or
knownmarker genes, whichmay not capture rare or previously unknown
cell types. High levels of technical noise and dropouts in single-cell data
can also complicate annotation, leading to misclassifications.

Several LLMshavebeendeveloped for cell-type annotation53, including
scBERT54, tGPT55, CellLM56, and Geneformer57. Somemodels, like scGPT58

and scFoundation59, are more general, handling multiple tasks, including
cell-type annotation. For instance, scBERT54 follows BERT’s pretrain-
finetune approach, learning gene-gene interactions from large unlabeled
scRNA-seq datasets and transferring this knowledge to annotate unseen
scRNA-seq data. Geneformer57, a context-aware, attention-based model,
was pre-trained on 30 million single-cell transcriptomes, enabling context-
specific predictions even in data-scarce environments. Thus, Geneformer
outperforms other models by leveraging large-scale pretraining, enabling
accurate predictions with limited data through transfer learning. Its
attention-based architecture captures gene network hierarchies dynami-
cally, making it versatile for diverse applications like disease modeling and
therapeutic target discovery.

Batch effect correction. Batch effect correction aims to remove sys-
tematic technical variations introduced during different experimental
runs, sample preparations, or sequencing batches that obscure biological
signals60. This step is crucial for integrating and comparing data from
different sources or studies, ensuring that observed differences reflect
biological, not technical, variation61. Effective correction improves the
reliability of downstream analyses, such as differential expression and
clustering62. However, accurately distinguishing between technical and
biological variability remains a challenge, especially when batch effects
overlap with biological conditions. Over-correction can eliminate real
biological signals, and existing methods may struggle with large-scale or
complex datasets.

LLM-based methods like scGPT58, tGPT55, and SCimilarity63 address
batch effect correction. For example, tGPT55 uses a rank-based approach,
insensitive to batch effects and data normalization, focusing on the
expression rankings of top-expressing genes rather than actual expression
levels. SCimilarity63, a metric learning framework, learns unified and
interpretable representations for annotating cell types and querying cell
states acrossmillions of profiles. It is a powerful metric-learning framework
that enables rapid, cross-study searches of over 23 million single-cell pro-
files, uncovering disease-relevant cell states and validating in vitro models.
Unlike traditional methods, it provides a unified, interpretable representa-
tion for efficient discovery of transcriptional similarities, accelerating
insights from large-scale atlases like the Human Cell Atlas. In summary,
SCimilarity excels by learning a unified representation of cellular identity
through consensus training on expert-curated Cell Ontology annotations
across multiple studies. Its key innovation lies in decoupling cell querying
from predefined labels, enabling identification of novel or unannotated cell
states beyond the limitations of existing ontologies. However, significant
challenges persist: (1) performance gaps exist for fetal cells, granulocytes,
and progenitor states due to training data biases toward adult tissues and
ambiguous differentiation hierarchies; (2) input quality dependencies
introduce subjectivity, as results vary with profile-generation methods
(single-cell vs. cluster centroids vs. signature-based aggregations); (3) cur-
rent exclusion of cancer cells and cell lines restricts applicability in oncology
contexts. While future integration with expanding Human Cell Atlas data
will broaden coverage, resolving biological ambiguities in transitional cell
states and improving robustness to input variations remain critical frontiers
for development.

Perturbation prediction. Perturbation prediction forecasts cellular
responses to interventions like drug treatments, gene knockouts, or
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environmental changes by analyzing gene expression patterns64. This is
key to drug discovery, understanding disease pathways, and developing
personalized medicine by predicting therapeutic effects or adverse
reactions before empirical testing65. However, challenges include the
complexity of modeling cellular pathways and interactions, data scarcity
for certain perturbations, and gene expression data’s high
dimensionality65. Models often face difficulties generalizing across dif-
ferent cell types or conditions due to biological variability.

scGPT58, built on a generative pre-trained transformer, distills biolo-
gical insights from over 33 million cells, using knowledge of cellular
responses from known experiments to predict unknown responses. By
leveraging self-attentionmechanisms, scGPTcaptures intricate interactions
between perturbed genes and the broader gene network. Another approach
incorporates Gaussian processes and LLMs, combining deep biological
context with prior knowledge to achieve state-of-the-art performance in
single-gene perturbation predictions. scGPT stands out as a transformative
foundation model that successfully adapts transformer architecture to
single-cell biology, enabling simultaneous learning of gene and cell
embeddings through self-supervised pretraining. Its key strengths include:
(1) exceptional zero-shot generalization that reveals biologicallymeaningful
clustering patterns across unseen datasets; (2) attention mechanisms that
capture interpretable gene-gene interactions alignedwith known functional
groups, and (3) superior fine-tuning performance on diverse downstream
tasks like cell annotation and multi-omic integration compared to task-
specific models. However, significant challenges remain: The model cur-
rently struggles with batch effect mitigation in zero-shot applications, faces
evaluation complexities due to ambiguous biological ground truths and
variable data quality, and lacks inherent capabilities for modeling dynamic
processes like perturbation responses and temporal changes. Future
development focusing on multi-omic pretraining, causal relationship
modeling, and in-context learning could address these limitations while
expanding its applicability across spatial and disease contexts.

Niche and region label prediction. Niche and region label prediction
assigns cells to specific spatial locations or microenvironments within
tissues based on their gene expression profiles, using spatial tran-
scriptomics data49. This task is vital for understanding how spatial context
influences cell function and interactions, with applications in develop-
mental biology, tissue engineering, and cancer research66. For instance,
identifying immune cell localization within tumors can inform immu-
notherapy strategies. Current limitations include spatial data resolution
and quality, computational challenges in analyzing high-dimensional
spatial data, and the lack of comprehensive spatial reference maps for
many tissues.

Nicheformer67, a transformer-based foundation model, integrates
human and mouse single-cell and spatial transcriptomics data to learn
cellular representations. Pre-trained on over 57 million dissociated and 53
million spatially resolved cells across 73 tissues, Nicheformer can be fine-
tuned for spatially relevant tasks like spatial density and niche/region label
prediction.The success ofNicheformer in capturing spatial informationand
transferring it across datasets and modalities highlights the potential of
foundation models for advancing spatial single-cell biology. By leveraging
the power of self-supervised learning and large-scale pretraining, Niche-
former can learn a unified representation of cellular heterogeneity that
captures both transcriptional and spatial variation.

LLMs in proteomics
Proteins are fundamental to nearly all biological processes, serving as
enzymes, structural components, signaling molecules, and more68.
Understanding protein structure and function is crucial for insights
into biology, disease mechanisms, and drug discovery69. With the vast
accumulation of protein sequence data driven by advances in sequen-
cing technologies, LLMs capitalize on the sequential nature of proteins
to capture complex patterns and dependencies that dictate their
structure and function70.

Protein structure prediction. Protein structure prediction involves
determining the three-dimensional conformation of a protein from its
amino acid sequence71. This is a critical task because a protein’s structure
governs its function, interactions, and role in biological processes72.
Accurate structural models are essential for understanding biochemical
mechanisms, facilitating drug design, and engineering proteins with
novel functionalities73. Despite significant progress, challenges persist.
These include difficulties in predicting the structure of proteins without
homologous templates, modeling conformational flexibility, and
accounting for the effects of the cellular environment on protein
folding74. Furthermore, predicting the structures of membrane proteins,
intrinsically disordered regions, and protein complexes remains chal-
lenging due to their dynamic and complex nature. Many LLMs have been
proposed for protein structure prediction, including ESM-275, SS-pLM76,
pAbT577, ESM378, and ESM-GearNet-INR-MC79.

Models such as MSA Transformer80, which uses multiple sequence
alignment (MSA)as input, havemadenotable strides in this area.Themodel
applies attention mechanisms across rows and columns of input sequences
and is trained with a modified masked language modeling objective across
protein families. Additionally, ProLLaMA81, a training framework that
adapts general LLMs into protein LLMs (ProLLMs), handles multiple
protein language processing tasks with low overhead and scalability. This
framework uses low-rank adaptation and a two-stage training approach,
making it versatile for various tasks.

Protein function annotation. Protein function annotation assigns bio-
logical roles, activities, and interactions to proteins based on their
sequences and structures82. This process is critical for interpreting
genomic data, understanding cellular mechanisms, and identifying
potential therapeutic targets. Accurate function annotation aids in elu-
cidating disease pathways, discovering biomarkers, and advancing
biotechnology83. However, the large number of uncharacterized proteins
and the dependence on sequence similarity for functional inference
present challenges84. Many proteins exhibit low sequence similarity to
known proteins, and multifunctional proteins or those involved in
complex regulatory networks are particularly difficult to annotate.
Additionally, predicting the effects of post-translational modifications
and other contextual factors remains computationally challenging83.

FAPM85, a contrastive multi-modal model, combines pretrained pro-
tein sequencemodels with LLMs to generate functional labels, such as Gene
Ontology terms and catalytic activity predictions. This model excels at
understandingproteinproperties and achieves state-of-the-art performance
on benchmarks and in-house annotated phage proteins, which often lack
homologs. Another model, ProteinChat86, is trained on over 1.5 million
(protein, prompt, answer) triplets curated from the Swiss-Prot dataset.
ProteinChat is a versatile model that can universally predict a wide range of
protein functions within a unified framework. It benefits from the combi-
nation of 3D protein embeddings with LLMs for deeper structural insights,
providing comprehensive functional descriptions from amino acid
sequences.

Prediction of protein–protein interactions (PPIs). Prediction of PPIs
focuses on identifying whether and how proteins interact within the
cellular environment87. PPIs are central to biological processes such as
signaling pathways, metabolic networks, and structural assemblies88.
Computational methods often face issues with high false-positive and
false-negative rates, and experimental validation is resource-intensive.
Additionally, predicting interaction interfaces and the effects of muta-
tions on PPIs is particularly difficult, especially for proteins without
known structures or those involved in weak or indirect interactions.

ProLLM89, a framework specifically tailored for PPI prediction,
introduces the protein chain of thought (ProCoT) method, which mimics
the biological signaling pathways as natural language prompts. ProCoT
enhances themodel’s capacity to predict interactions betweenupstreamand
downstream proteins by integrating this biological reasoning into its
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learning process. ProLLM has been validated on benchmark datasets,
demonstrating improved accuracy and generalizability compared to exist-
ing methods for PPI prediction.

LLMs in drug discovery
The process of developing new drugs is a lengthy and costly endeavor, often
requiring 10–15 years and over 2 billion dollars to bring a new treatment to
patients90. This slow process can delay the introduction of therapies that
could enhance and extendhuman life. Therefore, increasing the efficiency of
drug discovery and development offers substantial benefits. Many LLMs
have been developed for drug discovery, including Chemformer91,
BARTSmiles92, RetroSynth-Diversity93, Disconnection-aware model94,
Molformer95, Uni-Mol96, MolFM97, and MolGen98. Several tasks with rele-
vant LLMs will be introduced below.

De novomolecular generation. De novomolecular generation involves
using computational algorithms, often incorporating AI and machine
learning, to create novel chemical compounds99. This approach enables
researchers to explore vast chemical spaces beyond existing databases,
potentially identifying new drug candidates with optimized biological
activity and pharmacokinetic properties100. By generating molecules
designed to interact with specific biological targets, drug discovery can be
accelerated, addressing unmet medical needs101. However, models can
sometimes generate molecules that are challenging to synthesize or
possess undesirable properties, such as toxicity or instability. Accurately
predicting the biological activity and off-target effects of these molecules
remains difficult due to the complexity of biological systems and the need
for experimental validation.

MolFM97 is a multimodal molecular foundation model that facilitates
joint representation learning from molecular structures, biomedical texts,
and knowledge graphs. By using cross-modal attention between atoms,
molecular entities, and related texts, MolFM captures local and global
molecular knowledge. Text-guided molecule generation with diffusion
language model (TGM-DLM)102 improves upon autoregressive methods,
employing a two-phase diffusion process to update token embeddings in
SMILES strings and correct invalid structures. This model demonstrates
significant effectiveness in generating coherent, property-specificmolecules.
TGM-DLM outperforms autoregressive models by leveraging a two-phase
diffusion process that generatesmore accurate, text-alignedmoleculeswhile
ensuring chemical validity, without requiring extra training data.

Prediction of drug–target interactions (DTIs). DTI prediction focuses
on identifying how chemical compounds bind to biological targets like
proteins or nucleic acids. DTIs are central to understanding drug
mechanisms, identifying off-target effects, and discovering new uses for
existing drugs (drug repurposing)103. Accurate DTI predictions stream-
line drug development by prioritizing promising compounds, reducing
costs from failed trials104. However, the limited availability of high-quality
interaction data, alongwith the complexity of biological systems, presents
significant challenges105. Computational models often struggle with data
heterogeneity and may not fully capture dynamic protein behaviors or
the influence of the cellular environment on binding interactions. These
challenges can result in false positives or negatives, requiring careful
validation.

DTI-LM106, a framework leveraging pretrained language models,
captures context and neighborhood information to predict DTIs. It is
particularly effective in overcoming the challenges of sequence-based
models, excelling in both warm start and cold start DTI predictions.
Another model, DLM-DTI107, employs knowledge adaptation through a
teacher–student architecture to efficiently predict binding probability with
fewer parameters. DLM-DTI demonstrates strong performance with only
25% of the parameters compared to previous models. DLM-DTI enhances
drug-target interaction prediction through a compact, hint-based encoder
that blends general and target-specific knowledge, achieving superior

performancewith just 7.7GBVRAM(16%of prior SOTAmodels), enabling
efficient training on limited hardware.

Compound screening. Compound screening, a critical step in drug
discovery, involves testing large chemical libraries to identify compounds
with therapeutic potential against specific biological targets108. This
process is essential for identifying lead compounds for further
development109. However, traditional high-throughput screening meth-
ods are resource-intensive, requiring substantial automation and
equipment. These methods may also fail to explore the entire chemical
space, potentially overlooking promising compounds110. To address these
limitations, computational methods and machine learning approaches
are increasingly being used to enhance screening efficiency, predict
compound-target interactions in silico, and reduce the need for extensive
experimental testing.

Google’s Tx-LLM111 is a LLM specifically designed for drug discovery.
Tx-LLM, trained on vast biomedical datasets, can predict molecular inter-
actions, screen compounds, and propose new drug applications. It is a
versatile therapeutic AI that outperforms specialized models across 22/66
drug discovery tasks by unifying multimodal inputs (molecules, proteins,
text) in a single LLM, demonstrating cross-domain knowledge transfer
while maintaining SOTA competitiveness.

LLMs in biomedical informatics
The biomedical field generates vast amounts of textual data, including sci-
entific literature, clinical notes, electronic health records (EHRs), and
patient-reported information112. Extracting valuable insights from this
complex data is essential for advancingmedical research, improving patient
care, and facilitating the dissemination of knowledge113. LLMs are emerging
as powerful tools for processing and analyzing this data, supporting appli-
cations such as question answering, text summarization, and clinical
decision-making114. A wide range of LLMs have been developed to process
biomedical information, each tailored to specific data sources and tasks.
BioELMo115 adapts the ELMo architecture to biomedical text for con-
textualized word representations. BioBERT116 extends BERT by pretraining
on PubMed abstracts and PMC articles for improved biomedical under-
standing. BlueBERT117 leverages both PubMed and clinical notes from
MIMIC-III to enhance clinical language comprehension. BioMegatron118

scales up transformer architectures using domain-specific corpora for high-
performance biomedical NLP. PubMedBERT119 is pretrained from scratch
exclusively on PubMed to capture domain-specific semantics. BioM-
Transformers120 unify multiple biomedical transformer models under a
benchmarked framework. LinkBERT121 improves contextualization by
incorporating document-level link structures such as citations. BioGPT122 is
a generative transformer trained on biomedical literature for text generation
and question answering. BioMedGPT123 integrates multimodal biomedical
data, enabling tasks beyond text-only input. BioInspiredLLM124 explores
biologically motivated architectural enhancements for biomedical con-
versational agents. Finally, BioMistral125 offers a collection of open-source
pretrained models specifically tuned for biomedical applications. Next,
several tasks with relevant LLMs will be introduced (Tables 1 and 2).

Question answering. LLMs excel in question-answering tasks by pro-
cessing complex clinical inquiries posed in natural language and pro-
viding concise, accurate answers by synthesizing information from
multiple sources126. For example, clinicians may ask about the latest
treatment options for a specific condition, and LLMs can deliver up-to-
date responses based on recent research and clinical guidelines127. These
systems enhance decision-making processes, medical education, and
patient access to reliable health information128. However, LLMs can
occasionally generate incorrect or misleading answers, especially when
trained on incomplete or biased data. There is also a risk of over-
confidence in the provided responses, as models may lack the ability to
verify source reliability, potentially spreading inaccuracies129.
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Table 1 | Summary of example LLMs in biomedicine

Method Year Task Field

Enformer38 2021 Predict genome-wide variant effects Genomics

DNABERT42 2021 Predict promoters, splice sites, and transcription factor binding sites Genomics

MoDNA46 2022 Promoter prediction and transcription factor binding site prediction Genomics

Genomic pre-trained network (GPN) 39 2023 Predict genome-wide variant effects Genomics

Nucleotide Transformer43 2023 Generic Genomics

Evo32 2024 Predict molecular interactions Genomics

gLM33 2024 Predict function Genomics

Caduceus34 2024 Predict function Genomics

GROVER47 2024 Identify genome elements and predict protein–DNA interactions Genomics

scBERT54 2022 Cell-type annotation Transcriptomics

SCimilarity63 2023 Cell-type annotation Transcriptomics

tGPT55 2023 Clustering, batch effect correction, and bulk RNA-seq analysis Transcriptomics

CellLM56 2023 Cell-type annotation Transcriptomics

Geneformer57 2023 Cell-type annotation, cell clustering, and GRN inference Transcriptomics

scGPT58 2024 Cell type annotation, genetic perturbation effect prediction, and cell clustering Transcriptomics

scFoundation59 2024 Cell-type annotation, drug response prediction, cell clustering, and genetic perturbation
effect prediction

Transcriptomics

Nicheformer67 2024 Spatial density and niche/region label prediction Transcriptomics

MSA Transformer80 2021 Structure prediction Protein

ESM-275 2022 Predict function and structure Protein

SS-pLM76 2023 Protein design Protein

pAbT577 2023 Protein design Protein

ESM378 2024 Predict sequence, function, and structure Protein

ESM-GearNet-INR-MC79 2024 Protein generation Protein

ProLLaMA81 2024 Unconditional protein generation, controllable protein generation, and protein superfamily
prediction

Protein

FAPM85 2024 Protein function annotation Protein

ProteinChat86 2024 Question answering Protein

ProLLM89 2024 Protein–protein interaction prediction Protein

Chemformer91 2022 Property prediction, reaction prediction Drug discovery

BARTSmiles92 2022 Property prediction Drug discovery

RetroSynth-Diversity93 2023 Reaction prediction Drug discovery

Disconnection-aware model94 2023 Reaction prediction Drug discovery

Molformer95 2023 Property prediction Drug discovery

Uni-Mol96 2023 Conformer generation Drug discovery

MolFM97 2023 Molecule captioning, text-based molecule generation, and molecular property prediction Drug discovery

MolGen98 2024 Molecular generation Drug discovery

TGM-DLM102 2024 Molecule generation Drug discovery

DTI-LM106 2024 Drug–target interaction prediction Drug discovery

DLM-DTI107 2024 Binding probability prediction Drug discovery

Tx-LLM111 2024 Generic Therapeutics

BioELMo115 2019 Biomedical embeddings from language models Biomedical information

BlueBERT117 2019 Text mining Biomedical information

BioBERT116 2020 Text mining Biomedical information

BioMegatron118 2020 Large biomedical domain language model Biomedical information

PubMedBERT119 2020 Scientific text Biomedical information

BioM-Transformers120 2021 Biomedical text mining Biomedical information

LinkBERT121 2022 Biomedical text Biomedical information

BioGPT122 2023 Biomedical text generation and mining Biomedical information

BioMedGPT123 2023 Biomedical language tasks Biomedical information

BioInspiredLLM124 2023 Bioinspired LLM for biological tasks Biomedical information
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BioRAG130, a novel retrieval-augmented generation (RAG) frame-
work using LLMs, addresses these challenges by parsing and indexing an
extensive collection of 22 million scientific papers and training a spe-
cialized embedding model. It uses iterative retrieval processes for step-
by-step reasoning to provide current and comprehensive responses.
ScholarChemQA131, a large-scale dataset derived from chemical research
papers, tackles real-world issues like imbalanced data. The QAMatch
model reweights losses based on inverse class frequency and uses SoftMix
augmentations to improve learning with unlabeled data, significantly
outperforming baselines on ScholarChemQA and benchmark datasets.

Text summarization. LLMs are invaluable in text summarization,
helping manage the overwhelming volume of biomedical literature and
clinical documentation132. By summarizing lengthy research articles,
clinical trial reports, or patient records, thesemodels enable professionals
to quickly grasp essential information, saving time and reducing cogni-
tive load133. In research, summarization supports systematic reviews and
meta-analyses by synthesizing findings from multiple studies134. How-
ever, models can sometimes omit critical details or misrepresent content,
leading to potential misunderstandings. Ensuring the accuracy and
completeness of summaries, especially when dealing with technical jar-
gon or complex biomedical concepts, remains a challenge.

BioMedLM135, a 2.7Bparameter languagemodel trainedonbiomedical
literature, sets new standards for medical question answering and sum-
marization. A study136 evaluating LLMs for clinical text summarization
shows that models adapted to specific tasks and domains produce higher-
quality summaries. The clinical reader study indicates that LLM-generated
summaries are oftenpreferredover expert-generated ones for completeness,
correctness, and conciseness, though qualitative analysis reveals limitations
in both LLMs and human experts.

Clinical decision-making. One of the most promising applications of
LLMs is in clinical decision-making. These models analyze complex
patient data, such as unstructured clinical notes, lab results, and imaging
reports, and provide evidence-based recommendations137. LLMs syn-
thesize patient-specific clinical data with current medical evidence to
generate accurate differential diagnoses, optimize personalized treatment
regimens, and forecast probable health outcomes138. This support pro-
motes personalized medicine and improves care quality139. However,
challenges include concerns over patient data privacy and the need to
meet regulatory standards. The “black box” nature of LLMs can also
hinder clinician trust, as the reasoning behind recommendations may be
unclear. Additionally, biases present in the training data could lead to
disparities in care, necessitating interpretability, transparency, and
thorough validation of models in clinical settings.

A study140 evaluated four LLMs (ChatGPT, Galactica, Perplexity, and
BioMedLM) using ten fictional cases of advanced cancer patients with
genetic alterations to identify personalized treatment options. While LLM-
generated treatment options did not match the quality of expert recom-
mendations, they provided helpful insights that could complement estab-
lished procedures in precision oncology.

There are still several challenges in the field of LLM in biomedicine: (1)
Data scarcity andbias: limited high-quality labeled data for rare diseases, cell
types, or perturbations hinders model generalizability. Training data biases
(e.g., toward well-studied genes or populations) propagate into model

predictions; (2) Interpretability and trust: the “black-box”nature of complex
LLMs makes it difficult to understand why predictions are made, limiting
trust in critical applications like clinical decision-making or target identifi-
cation. Explaining attention mechanisms biologically remains challenging;
(3) Computational cost: training and deploying large foundation models
requires immense computational resources (GPUs/TPUs), limiting acces-
sibility for many research groups and clinical settings. Efficient fine-tuning
strategies are crucial but not universally solved; (4) Biological plausibility:
ensuring generated outputs (e.g., novel molecules, predicted interactions)
are not only statistically likely but also biologically feasible, synthesizable,
and physiologically relevant is non-trivial. Integration of biophysical con-
straints is often lacking; (5) Integration and multimodality: seamlessly
integrating diverse data types (e.g., sequence, structure, expression, images,
EHRs, literature) within a single model framework is complex but essential
for holistic biological understanding. Current multimodal integration is
often rudimentary.

Applications of LLMs in healthcare
LLMs in clinical diagnostics
Clinical diagnostics is one of the most impactful areas where LLMs are
transforming the healthcare landscape. The ability of LLMs to process and
analyze vast quantities of complex data, ranging fromclinical notes,medical
images, lab results, and genomic information, offers unprecedented
potential for improving diagnostic accuracy, speeding up decision-making,
and ultimately enhancing patient care. Significant progress has already been
made in applying general LLMs to clinical diagnostics. For example,
ChatDoctor141 utilizes patient–doctor conversation data, built on the
LLaMA architecture142, to improve model accuracy in healthcare contexts.
Similarly, DoctorGLM143 demonstrates that healthcare-focused LLMs can
be developed at manageable costs through fine-tuning of ChatGLM-6B144.
LlamaCare145, another largemedical LLM, is designed to enhance healthcare
knowledge sharing. Zhao et al. designed ChatCAD+146 as a universal and
reliablemedical dialog system, supportingChestCAD, toothCADandknee
CAD. Me-LLaMA147, a foundational model for medical applications, is
another example of how LLMs are being adapted for the healthcare sector.
MedDr148 is a generalist foundationmodel forhealthcare,which is capable of
handling diverse medical data modalities. Several Chinese medical LLMs
have also been introduced, generating robust, doctor-like responses.
Examples include HuatuoGPT149, DISC-MedLLM150, and Zhongjing151, all
of which aim to optimize diagnostic capabilities andmedical consultations.
However, despite these advancements in general medical knowledge, cur-
rent models still fall short in addressing specialized applications in clinical
diagnostics. The following sectionswill explore howLLMs are being utilized
across various medical specialties, leveraging diverse data formats and
learning approaches to tackle critical diagnostic tasks (Table 3). Table 4
presents a detailed summary of representative LLMs in clinical diagnostics.
The table highlights each model’s core capabilities, key limitations, and the
types of datasets used during training or finetuning. It provides a clearer
understanding of howdifferentmodels alignwith specific clinical needs and
data modalities.

Case studies or real-world deployments. EHR-integrated message
drafting has moved beyond pilots into routine use. In a 5-week clinical
deployment across 162 clinicians, LLM-drafted replies for patient portal
messages were adopted at a mean rate of 20% with significant reductions

Table 1 (continued) | Summary of example LLMs in biomedicine

Method Year Task Field

BioMistral125 2024 Biomedical LLM based on mistral architecture Biomedical information

BioRAG130 2024 Question answering Biomedical information

ScholarChemQA131 2024 Question answering Biomedical information

BioMedLM135 2024 Question answering and summarization Biomedical information
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in burden and burnout scores, while total time in the inbox did not
change. Drafts were generated in under 1 min and then reviewed and
signed by clinicians, preserving human oversight152,153. Domain-
specialized medical LLMs have also been tested on questions that arise
during care delivery. In a bedside consultation pilot using real-world
clinical questions, specialists preferred Med-PaLM 2154 answers over
generalist physician answers 65% of the time, while both groups still
preferred specialist answers overall. Safety ratings were comparable to
physician answers, indicating potential utility under specialist
oversight154.

Dermatology. LLMs are increasingly being applied to analyze images of
skin lesions, correlating them with clinical notes and lab results to
diagnose skin conditions such as melanoma, eczema, and other derma-
tological disorders155. Recent image-text LLMs, such as SkinGPT-421,
integrate text-based clinical records with image analysis, helping der-
matologists differentiate various lesions. This enables early detection and
personalized treatment plans. SkinGEN156 further enhances the utility of
LLMs in dermatology by combining interactive vision-language models
and image generation techniques to improve user understanding and
trust in AI-driven diagnoses. With the growing use of LLMs in derma-
tology, their impact on clinical practice has expanded significantly157. For
instance, Gabashvili158 highlights the broad utility of ChatGPT in der-
matology. Kluger159 and Joly-Chevrier et al.160 explore the potential roles
of ChatGPT in dermatology, emphasizing its effectiveness in board
exams and its rising importance in both academic and clinical settings.
Recent studies have also evaluated the performance of the latest LLMs,
such as GPT-4, in dermatology161–165.

Pulmonology. LLMs are playing a crucial role in diagnosing respiratory
diseases such as asthma and lung infections. LLMs enhance pulmonary
diagnostics by integrating multimodal clinical data, analyzing radio-
graphic patterns in chest X-rays and computed tomography (CT) scans
while cross-referencing symptom descriptions in medical notes to
detect early indicators of respiratory compromise and track disease
evolution. Niu et al.166 developed a large image-text language model
specifically for diagnosing lung cancer from CT scans. Rahsepar et al.167

conducted a comparison of question-answering capabilities related to
lung cancer prevention, screening, and radiology terminology. Wang
et al. developed ChatCAD168 as a user-friendly and understandable
system for patients compared to conventional CAD systems. Liu et al.169

proposed an innovative approach for bootstrapping LLMs to generate
radiology reports, using in-domain instance induction and a coarse-to-
fine decoding process. Tian et al.170 introduced P2Med-MLLM,

Table 3 | Summary of example LLMs in clinical diagnostics

Method Year Task Field

OpenAI’s models (e.g.,
ChatGPT, GPT-4,
GPT-4o)2

2024 Generic Generic

Google’s models (e.g.,
Gemini)3

2024 Generic Generic

Anthropic’s models
(e.g., Claude)

2024 Generic Generic

ChatDoctor141 2023 Medical QA Generic

DoctorGLM143 2023 Medical QA Generic

HuatuoGPT149 2023 Medical QA Generic

DISC-MedLLM150 2023 Medical QA Generic

Meditron383 2023 Medical QA Generic

Qilin-Med384 2023 Medical QA Generic

PEFT-MedAware385 2023 Medical QA Generic

PMC-LLaMA386 2023 Medical QA Generic

CPLLM387 2023 Medical QA Generic

BianQue388 2023 Medical QA Generic

Med-PaLM 2389 2023 Medical VQA Generic

Qilin-med-vl390 2023 Medical VQA Generic

LlamaCare145 2024 Medical QA Generic

Me-LLaMA147 2024 Medical QA Generic

Zhongjing151 2024 Medical QA Generic

Meerkat-7B391 2024 Medical QA Generic

Medical-mT5392 2024 Medical QA Generic

BiMediX393 2024 Medical QA Generic

ChatCAD+146 2024 Medical VQA Generic

MedDr148 2024 Medical VQA Generic

SkinGPT-421 2024 Medical VQA Dermatology

SkinGEN156 2024 Medical VQA Dermatology

ChatCAD168 2023 Medical VQA Pulmonology

Niu et al.166 2023 Segmentation,
Detection,
Classification

Pulmonology

Liu et al.169 2024 Radiology report
generation

Pulmonology

P2Med-MLLM170 2024 Report generation Pulmonology

Ophtha-LLaMA2185 2023 Medical VQA Ophthalmology

ChatFFA180 2024 Medical VQA Ophthalmology

FFA-GPT181 2024 Medical VQA Ophthalmology

ICGA-GPT182 2024 Medical VQA Ophthalmology

EyeGPT183 2024 Medical QA Ophthalmology

EYE-Llama184 2024 Medical QA Ophthalmology

RETFound186 2023 Foundational model Ophthalmology

VisionUnite187 2024 Foundational model Ophthalmology

EyeCLIP188 2024 Foundational model Ophthalmology

EyeFound189 2024 Foundational model Ophthalmology

TRINDs-LM196 2024 Medical QA Infectious disease

MMSummary203 2024 Medical VQA Obstetrics and
gynecology

RadOnc-GPT212 2023 Medical QA Oncology

SEETrials209 2024 Information
extraction from
clinical trials

Oncology

OncoGPT210 2024 Medical QA Oncology

Table 3 (continued) | Summary of example LLMs in clinical
diagnostics

Method Year Task Field

Hou et al.211 2024 Medical QA Oncology

PediatricsGPT217 2024 Medical QA Pediatrics

GastroGPT225 2024 Medical QA Gastroenterology

GastroBot226 2024 Medical QA Gastroenterology

OrthoDoc236 2024 Medical VQA Orthopedics

PsycoLLM246 2024 Medical QA Psychiatry and
psychology

MentaLLaMA247 2024 Medical QA Psychiatry and
psychology

Mental-LLM281 2024 Medical QA Psychiatry and
psychology

Neura253 2024 Medical QA Neurology

ChatENT263 2024 Medical QA Urology and
otolaryngology
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designed for patients primarily diagnosed with pediatric pneumonia,
which is capable of handling diverse clinical tasks, including generating
free-text radiology reports andmedical records. Additionally, LLMs can
analyze lab results such as pulmonary function tests and oxygen
saturation levels, facilitating faster and more accurate diagnoses. Time-
series data of patients’ respiratory patterns can also be used to predict
disease exacerbations and recommend timely interventions, further
improving patient outcomes.

Ophthalmology. Ophthalmology has significantly benefited from the
integration of LLMs, particularly in analyzing images of the eye,
including fundus images, optical coherence tomography (OCT) scans,
and patient records171,172. LLMs are used in ophthalmic diagnosis173,
medical report analysis174, and the generation of ophthalmic discharge
summaries and operative notes175. They are also being utilized in
vitreoretinal surgery176, oculoplastic procedures177, and in the detection of
conditions such as retinal vascular disease178, corneal eye diseases179, and
glaucoma. Research in open-source LLMs for ophthalmology has been
expanding rapidly. For instance, ChatFFA180 and FFA-GPT181 were
designed for visual question-answering tasks based on fundus fluorescein
angiography images. ICGA-GPT182 was introduced for similar tasks
using indocyanine green angiography (ICGA). EyeGPT183 is a specialized
LLM designed specifically for ophthalmology, while EYE-Llama184 and
Ophtha-LLaMA2185 are fine-tuned LLMs tailored to the domain. In the
foundational model category, RETFound186 focuses on generalizable
disease detection from retinal images. VisionUnite187 is a vision-language
foundation model for ophthalmology that integrates clinical knowledge.
EyeCLIP188 is a visual-language model developed using over 2.77 million
multimodal ophthalmology images, while EyeFound189 is a multimodal
generalist foundation model for ophthalmic imaging. By integrating
multiple modalities, these LLMs offer highly accurate assessments and
predictions for disease progression, significantly improving patient
outcomes in ophthalmology.

Infectious disease. The diagnosis and management of infectious dis-
eases, such as HIV and tuberculosis, are increasingly supported by
LLMs190,191, particularly in light of the shortage of infectious disease
specialists192. Kowk et al.193 used ChatGPT to model infectious disease
transmission. Maillard et al.194 and Perret and Schmid et al.195 applied
GPT-4 to analyze bloodstream infections and catheter-associated urinary
tract infections. Asiedu et al.196 proposed TRINDs-LM for classifying
tropical and infectious diseases. By integrating clinical notes and lab
results, LLMs can offer diagnostic assistance in identifying pathogens,
understanding disease transmission, and predicting outbreaks. Multi-
modal approaches that combine time-series data, patient history, and
imaging can track disease progression and recommend timely inter-
ventions, optimizing patient management and improving outcomes.

Obstetrics and gynecology. LLMs have the potential to assist in diag-
nosing pregnancy-related conditions, such as preeclampsia, gestational
diabetes, and fetal abnormalities, as well as in answering questions in
obstetric gynecology197–199. Recent studies have highlighted the role of
ChatGPT in patient carewithin obstetrics and gynecology200,201. However,
Mudrik et al.202 have pointed out that LLMs exhibit inconsistent per-
formance in gynecologic oncology, stressing the need for ongoing eva-
luation before they can be fully implemented in clinical settings.
Continuous assessment is essential to ensure LLMs meet the rigorous
standards required for clinical practice in obstetrics and gynecology. In
the field of open source LLMs, MMSummary203 was proposed as the first
automated multimodal summary generation system for medical imaging
video, particularly with a focus on fetal ultrasound analysis.

Oncology. Oncology is one of the most data-intensive fields in health-
care, where LLMs are revolutionizing diagnostics and treatment
planning140,204,205. Iannantuono et al.206 demonstrated that ChatGPT-4
and ChatGPT-3.5 are potentially powerful tools in immuno-oncology.
Zhou et al.207 found that LLM-powered chatbots, such as ChatGPT, can

Table 4 | Capabilities, limitations, and dataset types of representative LLMs in clinical diagnostics

Model Capabilities Limitations Dataset Types Used

ChatGPT, GPT-4, GPT-4o2 General reasoning, zero-shot QA, chain-of-
thought, multilingual support

No clinical focus, hallucinations,
closed-source

Web-scale corpus, limited biomedical
fine-tuning

ChatDoctor141 Medical QA, doctor–patient dialog finetuning Overfitting risk, text-only, no
multimodal support

MedDialog394, PubMed QA395

DoctorGLM143 Chinese medical QA, dialog understanding Language constraint, poor English
generalization

MedDialog394, Chinese Medical Dialog396

Med-PaLM 2389 Medical QA, USMLE-style reasoning, expert-level
answers

Weak visual reasoning, limited access Med-Alpaca397, Chat-Doctor398 PubMed
QA395, UMLS400

PMC-LLaMA386 Biomedical domain alignment, PubMed-based
learning

Outdated knowledge risk, text-
only input

S2ORC20401, Med-Alpaca397, Chat-
Doctor399

LlamaCare145 Healthcare dialog alignment, privacy-focused
finetuning

Limited multimodal support, early-
stage validation

MIMIC-IV, MedQA, MedDialog394

SkinGPT-421 Dermatology QA, image-text multimodal input Narrow domain, poor cross-domain
generalization

Skin disease images, clinical notes

ChatCAD168 Lung CT-based QA, imaging-text alignment Modality-specific, lung-only coverage MIMIC-CXR402, CheXpert403

Ophtha-LLaMA2185 Ophthalmic multimodal QA, visual-text grounding Visual accuracy issues, narrow
specialty focus

Retinal images, OCT reports

RETFound186 Retinal image foundation model, vision
representation

Needs task-specific finetuning,
domain-locked

Fundus images (EyePACS404, UK
Biobank405)

VisionUnite187 Multimodal alignment, fundus-OCT-text fusion High computational cost, complex
training

MMFundus Dataset406

PsycoLLM246 Psychiatry QA, mental health dialog, contextual
reasoning

Poor interpretability, subjective data
challenges

Clinical psychiatry notes, synthetic
dialogs246

PediatricsGPT217 Pediatric reasoning, child symptom
comprehension

No multimodal input, limited data size webMedQA407, Chinese Medical Dialog396

GastroBot226 GI-specific QA, domain-informed responses Narrow scope, lacks imaging
integration

Chinese Medical Journal Full-text
Database408
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providemore accuratemedical information than oncology physicians in
certain contexts.McLean et al.208 also presented evidence that integrating
LLMs into shared decision-making processes could significantly
enhance patient involvement and strengthen the patient-physician
relationship in neuro-oncology care. Several open-source LLM-based
tools have also been developed to support oncology professionals. For
example, Lee et al.209 designed SEETrials, an LLM-based tool for
extracting safety and efficacy data from oncology clinical trials.
OncoGPT was developed specifically for professional question–answer
sessions related to online oncology consultations210. LLaMA-3 was fine-
tuned for automated physician letter generation in radiation oncology211.
Liu et al.212 proposed RadOnc-GPT, a specialized LLM for radiation
oncology, using advanced tuning methods on a large dataset of patient
records from theMayo Clinic in Arizona. In oncology, LLMs are capable
of analyzing various data types, including medical images, genomic
sequences, and clinical records. By processing multimodal data, LLMs
can identify tumor types, predict disease progression, and suggest per-
sonalized treatment options based on genetic markers and clinical his-
tory, ultimately improving outcomes and enabling more precise,
individualized care.

Pediatrics. Pediatrics plays an indispensable role in ensuring children’s
health and growth, requiring highly specialized diagnostic tools due to
the unique medical needs of children. Recent studies have shown that
LLM-based chatbots can serve as supplementary tools for clinicians,
aiding in the diagnosis and development of differential diagnoses for
complex pediatric cases213–216. Yang et al.217 developed PediatricsGPT, the
first Chinese pediatric LLM assistant, combining pediatric expertise with
general medical knowledge. This tool is designed to assist healthcare
providers in addressing the specific challenges of pediatric care, offering
diagnostic support and contributing to enhanced patient management
and outcomes.

Gastroenterology. In gastroenterology, LLMs can analyze imaging data,
such as colonoscopies, endoscopies, and CT scans, along with clinical
notes and lab results, to diagnose conditions such as Crohn’s disease,
irritable bowel syndrome, and colorectal cancer. Over time, LLMs have
the potential to offload a wide range of labor-intensive tasks and unlock
new data-driven capabilities across the clinical, educational, and research
spheres of gastroenterology218,219. Lahat et al.220 assessed the capabilities
and limitations of ChatGPT in answering patients’ questions about
various gastroenterology topics. Lee et al.221 examined the quality of
ChatGPT-generated responses to commonquestions about colonoscopy.
ChatGPT’s ability to process endoscopy and pathology results222, as well
as answer questions regarding the diagnosis and treatment of gastro-
esophageal reflux disease (GERD)223 and colorectal cancer224, has also
been evaluated. Additionally, GastroGPT225 was developed, demon-
strating superior utility in key gastroenterology tasks. GastroBot226, a
Chinese gastrointestinal disease chatbot based on retrieval-augmented
generation, has also shown promise in providing tailored diagnostic
support in this field.

Endocrinology. In endocrinology, LLMs can assist in diagnosing hor-
monal disorders such as diabetes, thyroid dysfunction, and adrenal
diseases227. By analyzing lab results (e.g., glucose levels, hormone levels),
clinical notes, and medical images, LLMs help endocrinologists assess
patients’ conditions and track disease progression. A recent study
demonstrated that in clinical scenarios where there is no single correct
answer, GPT-4’s responses were reasonable, though they differed from
those of endocrinologists in clinically significant ways228. Multimodal
LLMs could also play a crucial role in managing chronic diseases like
diabetes by continuously monitoring time-series data, such as glucose
levels. These models can provide real-time treatment recommendations
and support patient adherence to their management plans, thus
improving long-term outcomes.

Orthopedics. ChatGPT has found several applications in orthopedics,
such as supporting education, suggesting medical interventions, and
assisting in individual case analysis during surgery229–233. Recent studies
have shown that ChatGPT, Bard, and BingChat are capable of
answering Orthopaedic In-Training Examination questions with
accuracy comparable to that of first-year orthopedic surgery
residents234,235. With more advanced multimodal functionalities, LLMs
like OrthoDoc236 can aid in detecting abnormalities in bone structure,
such as fractures, degenerative changes, or inflammation, by analyzing
medical images like CT scans, X-rays, and magnetic resonance images
(MRIs), along with patient records. These models could also help pre-
dict recovery times and suggest personalized rehabilitation plans based
on a patient’s medical history and diagnostic images, enabling more
tailored and efficient treatments.

Nephrology. LLMs have shown significant potential in enhancing
diagnostic accuracy, clinical reasoning, and even managing continuous
renal replacement therapy alarm troubleshooting in critical care
nephrology237,238. A recent study demonstrated that open-source LLMs
had an overall success rate of 17.1–30.6% when answering 858 nephSAP
multiple-choice questions. In comparison, Claude 2 correctly answered
54.4% of the questions, while GPT-4 achieved a much higher score of
73.3%239. These results suggest that, while open-source LLMs still struggle
with zero-shot reasoning in nephrology, GPT-4 and Claude 2 are much
more capable in this domain, showing their potential to support
nephrologists in clinical decision-making and education.

Dentistry. LLMs can analyze dental X-rays, patient records, and clin-
ical notes to diagnose conditions such as tooth decay, periodontal
disease, and oral cancer240. In these tasks, LLMs can assist in treatment
planning, such as recommending root canals, implants, or braces, by
integrating medical history, imaging data, and anatomical knowledge.
Additionally, LLMs can predict the risk of future dental conditions
based on lifestyle factors, genetic predispositions, and patient behavior.
Moreover, LLMs have demonstrated potential in dental education by
helping train dental professionals in diagnosing and treating complex
cases241. By integrating these models into both clinical practice and
education, dentistry can become more precise, personalized, and
efficient.

Psychiatry and psychology. Mental health has garnered significant
attention in recent years, and LLMs such as ChatGPT hold great
potential in alleviating mental health challenges due to their advanced
capabilities in text comprehension and dialog generation242,243. These
models can also offer profound insights into human cognitive processes
by mimicking the complexity of understanding and generating human
language244,245. Hu et al. proposed PsycoLLM246, a psychological LLM
trained on a high-quality dataset tailored specifically to the field of
psychology. This model can handle single-turn Q&A, multi-turn dia-
logs, and knowledge-based queries. Yang et al. developed MentaL-
LaMA, the first open-source, instruction-following LLM series
designed for interpretable mental health analysis on social media
platforms247. Han et al.248 applied the chain-of-interaction prompting
method to contextualize LLMs for psychiatric decision support by
modeling dyadic interactions. Additionally, MindfulDiary was
designed to help patients consistently enrich their daily records, thus
enabling clinicians to better empathize with patients by understanding
their thoughts and daily contexts249. In general, LLMs could assist in
diagnosing mental health conditions such as depression, anxiety dis-
orders, and schizophrenia. Multimodal LLMs, incorporating patient
interviews, speech patterns, and clinical notes, could also help identify
signs of mental illness. For instance, audio-text models can assess
speech for signs of cognitive decline or emotional distress, while text-
based models can analyze longitudinal patient records to track changes
inmood, cognition, and behavior over time. LLMs are also instrumental

https://doi.org/10.1038/s44387-025-00047-1 Review

npj Artificial Intelligence |            (2025) 1:44 11

www.nature.com/npjAI


in personalizing therapeutic interventions based on a patient’s mental
health history and response to treatment.

Neurology. Neurology, which deals with disorders of the brain and
nervous system, can benefit greatly from LLMs, particularly in the ana-
lysis of neuroimaging (e.g., MRI, positron emission tomography scans)
combined with clinical data250,251. Schubert et al. evaluated the perfor-
mance of LLMs on neurology board-style examinations and found that
LLMs could have significant applications in clinical neurology with
further refinements252. Barrit et al. developed Neura253, a solution that
deploys LLMs with custom parameters and prompt engineering, using
curated corpora and extended contexts for advanced retrieval-
augmented generation in neurology. This technology could support
clinicians in diagnosing complex neurological disorders, enhancing both
accuracy and efficiency.

Rheumatology and immunology. Rheumatology and immunology
have also benefited fromLLMs, especially in diagnosing autoimmune and
inflammatory conditions such as rheumatoid arthritis, lupus, and mul-
tiple sclerosis254,255. By analyzing clinical records, lab results (e.g., auto-
antibody profiles), and imaging data, LLMs help in the early detection of
these complex diseases, allowing for more timely interventions. Various
LLMs, including GPT-4, Claude, and Bard, have been compared for their
performance in rheumatology contexts256. LLMs show promising
potential in accurately assessing disease severity, such as in idiopathic
inflammatory myopathies257, indicating their potential integration into
electronic medical records to expedite patient scoring and treatment
planning. Furthermore, LLMs can also serve as valuable educational tools
in rheumatology, aiding in exam preparation and supplementing tradi-
tional teaching methods258.

Urology and otolaryngology. In urology, LLMs could assist in diag-
nosing conditions such as kidney stones, prostate cancer, and bladder
disorders by analyzing imaging data (e.g., ultrasounds, CT scans) and
patient history259–261. In otolaryngology (ENT), LLMs can aid in diag-
nosing conditions like sinus infections, hearing loss, and throat cancer by
analyzing audio-text data, imaging, and clinical records262. Long et al.
developed ChatENT263, an augmented LLM designed for expert knowl-
edge retrieval in otolaryngology. These models improve diagnostic
accuracy, enhance early detection, and assist in personalized treatment
planning264,265.

Cardiology. In cardiology, the ability of LLM shows on the patient cohort
phenotyping, adverse event identification, risk prediction, patient care,
cardiology clinical work-ups, administrative tasks, and clinical guide-
lines. Sarraju et al.266 discuss the potential roles of LLMs in enhancing
cardiovascular care delivery and health equity. Gala et al.267 evaluate LLM
utility in triaging and generating cardiology consult notes. Boonstra
et al.268 explore the integration of generative AI in cardiology practice,
focusing on workflow optimization. Gendler et al.269 examine how LLMs
assist clinicians in interpreting complex cardiology cases and guidelines.
Recent studies have also assessed the accuracy and reliability of LLMs in
managing chronic cardiac conditions. Dimitriadis et al.270 assess
ChatGPT’s recommendations in heart failure management scenarios.
Riddell et al.271 test GPT-4 on board-style cardiology questions, evalu-
ating its medical reasoning. Krittanawong et al.272 analyze GPT-4’s cap-
ability to interpret cardiology imaging and diagnostic data. Hillmann
et al.273 evaluate the model’s performance on patient-specific valvular
heart disease cases, highlighting both promise and pitfalls. Scquizzato
et al.274 assessed ChatGPT’s responses to cardiac arrest and cardio-
pulmonary resuscitation (CPR) questions from laypeople. Birkun et al.275

evaluated Bing chatbot’s first aid advice for heart attacks. Additionally,
ChatGPT was tested for its ability to determine the HEART score (His-
tory, ECG, Age, Risk factors, Troponin) in chest pain evaluation276. For
educational purposes, ChatGPT’s cardiovascular knowledge was tested

with clinical cardiac questions277. Through advanced pattern recognition,
LLMs enable early detection of cardiac dysfunction and provide reliable
risk stratification for major cardiovascular outcomes. These models are
particularly useful for personalized care, where LLMs integrate patient-
specific data to recommend targeted treatments and interventions.

Spanning various specialized medical research domains aforemen-
tioned, medical imaging serves as a foundational, cross-cutting modality
across nearly all areas of clinical diagnostics. When integrated with multi-
modal data, such as clinical notes, lab results, genomic sequences, and
temporal records, via LLMs, it unlocks transformative potential. Imaging
modalities likeX-rays,CT,MRI, ultrasound,OCT,dermatologyphotos, and
dental scans provide a visual anchor that, when combined with non-
imaging data, yield comprehensive patient insights. This fusion empowers
LLMs to diagnose conditions, monitor disease progression, and guide
treatment decisions with greater precision.

LLMs in patient engagement and virtual assistants (VAs)
By enhancing communication, personalizing care, and adhering to ethical
standards, LLMs have the potential to significantly improve both patient
outcomes and the overall healthcare experience. Research on the use of
LLMs in patient engagement, particularly inmental health278, chatbot-based
engagement279, and medical conversations280, underscores their ability to
function as valuable extensions of healthcare professionals. These studies
highlight LLMs’ capability to facilitatemeaningful interactionswithpatients
while ensuring trust and compliance with regulatory guidelines.

Patient mental health. Individuals facing mental health challenges
increasingly turn to online platforms, including socialmedia,whichprovide
insights into psychological states, health, and well-being at both individual
and population levels. Common mental health issues include internalizing
disorders (e.g., anxiety, depression, PTSD), thought disorders (e.g., schi-
zophrenia, psychosis), and externalizing disorders (e.g., addiction, BPD).
Models such as Mental-LLM281 and Mental-RoBERT282 are being used for
mental health prediction and reasoning, as well as addressing racial and
gender disparities using social media data. However, these models are
primarily trained on Reddit data, which presents limitations. Ethical and
fairness concerns remain critical areas for future work before such systems
can be safely deployed in real-world healthcare settings.

Personalized chatbot engagement. LLM-driven AI systems also sup-
port personalized patient engagement, particularly for older adults, by
promoting cognitive engagement and preventing decline. Zhou et al.279

propose theuseofLLMs for cognitive stimulation throughchatbot-ledbook
clubs aimed at seniors. The study, conducted in partnership with McLean
Hospital andHarvardMedical School, focuses on participants aged 70 and
older in assisted living communities. The chatbot tailors its conversational
style, content suggestions, and discussion prompts to individual
preferences283, creating an engaging, personalized experience for each user.

Virtual assistants. LLM-poweredVAs offer scalable and flexible solutions
to meet the diverse needs of healthcare providers and patients alike. These
systems, which include voice assistants and interactive dialog-based
platforms284,285, are designed to enhance patient interactions by providing
personalized support and guidance. A study 286 evaluated the performance
of popularVAs—GoogleAssistant,AmazonAlexa,Microsoft Cortana, and
Apple Siri—specifically in managing postpartum depression within
12 months of childbirth. LLM-powered VAs have demonstrated the ability
to deliver accurate, up-to-date health information and respondpromptly to
patient inquiries, offering immediate, reliable support.

LLMs in predictive analytics and population health
Predictive analytics. In today’s digital healthcare landscape, intelligent
systems play a crucial role in forecasting health conditions by analyzing a
patient’s lifestyle, medical history, and social activities. The growing
importance of Health Recommender Systems highlights their role in
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delivering personalized healthcare services. These systems leverage pre-
dictive analytics to suggest relevant treatments and health interventions
to patients, making them indispensable tools for decision-making in
healthcare287. For example, the Microsoft Azure platform288 offers a
variety of AI-powered tools, such as machine learning and data analytics,
which developers can use to build personalized user experiences,
including customized content recommendations and targeted healthcare
solutions.

Population health. EHRs often contain valuable patient data, such as
symptom descriptions, family history, and social determinants of health
(SDoH), in free-text form. Applying LLMs to population health can
significantly improve prevention strategies, resource allocation, and
health outcomes on a broad scale. For instance, Gu et al.289 demonstrate
that LLMs are highly effective at extracting SDoH from unstructured
EHRs, outperforming traditional methods. Health-Alpaca290, evaluated
across 10 consumer health prediction tasks, achieved top performance in
8 out of 10 tasks, including clinical acuity determination, whichmeasures
illness severity and required medical attention. LLMs have proven cap-
able of handling complex tasks like evaluating clinical acuity291.

LLMs in telemedicine and remote monitoring
Telemedicine. The COVID-19 pandemic accelerated the adoption of
telemedicine, and LLMs are driving the next generation of virtual
healthcare90,292,293. Custom LLMs, trained on clinical data, can quickly
analyze patient records294 and manage real-time patient consultations295.
During live sessions, LLMs can cross-reference new patient information
with curated medical databases, providing clinicians with real-time,
personalized recommendations. Additionally, LLMs in telemedicine
have the potential to overcome language barriers by offering real-time
translation, facilitating clear communication between patients and
healthcare providers, even across different languages296.

Remote monitoring. LLMs also play a significant role in remote patient
monitoring and follow-up care23. LLMs actively maintain patient
engagement through tailored health interventions, dynamically adjusting
reminder frequency, personalizing educational materials, and delivering
context-aware motivational support to optimize treatment
adherence298,114. Groundbreaking studies have shown the benefits of
integrating LLMs with wearable sensors, enhancing data collection and
analysis for better health monitoring. Lots of clinical communication
scenarios have been created297,298. Clinical scenarios using LLMs, such as
ChatGPT-generated patient clinic letters297, and ChatGLM’s persona-
lized diabetes management, laboratory test suggestions, and nutritional
recommendations298, highlight the potential of thesemodels in healthcare
innovation.

Despite the rapid advances and growing adoption of LLMs in
healthcare, several critical challenges remain before these systems can
be fully and safely integrated into routine care. Robust validation across
diverse patient populations is essential to mitigate biases and ensure
generalizability, especially in underrepresented demographic and
disease groups. Data privacy, security, and compliance with healthcare
regulations require rigorous safeguards, particularly when handling
sensitive multimodal medical data. Current models often lack
explainability, making it difficult for clinicians to understand and trust
their reasoning processes, which is a barrier to adoption in high-stakes
decision-making. Integration into existing clinical workflows demands
interoperability with electronic health records and seamless human-
in-the-loop oversight to prevent automation errors. Furthermore,
continuous model updating and domain-specific fine-tuning are
necessary to keep pace with evolving medical knowledge and practice
guidelines. Addressing these gaps will require multidisciplinary col-
laboration between clinicians, data scientists, ethicists, and policy-
makers to realize the full potential of LLMs while maintaining patient
safety and trust.

Ethicalandpractical challengesofLLMs inbiomedicine
and healthcare
The integration of LLMs into biomedicine and healthcare brings significant
opportunities for advancing patient care, medical research, and adminis-
trative efficiency. However, these advancements also come with a set of
ethical and practical challenges that must be addressed to ensure safe, fair,
and responsible use of these technologies in clinical settings299,300. This
section explores some of the most pressing challenges, including data
privacy and security, bias and fairness, integration into clinical workflows,
out of distribution, explainability and transparency, and hallucinations and
fabricated information.

Data privacy and security
Legal and ethical concerns related to handling sensitive health data are
crucial in the application of LLMs in biomedicine and healthcare. This
subsection will cover strategies for secure data storage and transmission,
identify potential risks such as data breaches or the misuse of patient
information, and explore methods of machine unlearning to mitigate
such risks.

Risks associatedwith vast training data in LLMs. According to a 2023
report by ENISA301, the healthcare sector is particularly vulnerable to
cybersecurity incidents due to its increasing reliance on digital systems
and cloud-based platforms for managing patient data. The integration of
LLMs into healthcare systems raises significant concerns, as thesemodels
store and process vast amounts of medical records and related data,
making them prime targets for cyberattacks. In particular, large-scale
data breaches are becomingmore frequent and severe. For example, from
2015 to 2022, 32% of all recorded data breaches occurred in healthcare,
with this industry facing the highest costs per breach302. This trend
worsened during the COVID-19 pandemic, as the volume of healthcare
data and its accessibility increased303. As noted by theHIPAA Journal, the
number of breached healthcare records surged to 133 million in 2023,
with the largest breach impacting over 11 million individuals304. Given
that LLMs require massive datasets for effective training, the risk of
storing and inadvertently exposing sensitive information in these models
becomes a critical challenge for ensuring data privacy and security in
healthcare applications. Hackers increasingly target such systems, with
hacking being the primary cause of medical data breaches. Therefore,
safeguarding the large datasets used in training LLMs is crucial for
minimizing the risks of data exploitation and ensuring patient safety.

To address the significant risks associated with using vast amounts of
training data in LLMs, several potential solutions can be considered in
conjunctionwith existing healthcare privacy frameworks such as theHealth
Insurance Portability and Accountability Act (HIPAA) in the United States
and the General Data Protection Regulation (GDPR) in the European
Union. HIPAA requires safeguards including encryption in transit and at
rest, role-based access control, and formal risk assessments before handling
protected health information (PHI). For example, theMayoClinic reported
conducting HIPAA-compliant risk assessments and implementing on-
premises inference when piloting Google’s Med-PaLM 2 for clinical ques-
tion answering, ensuring no PHI left institutional boundaries. GDPR
mandates lawful processing, explicit patient consent, and the right to era-
sure; the UK National Health Service has applied these principles in AI-
assisted triage tools by integrating opt-out mechanisms and full audit trails.

On the technical side, robust dataencryption, bothat rest and in transit,
is essential to protect sensitive healthcare information, ensuring that even if
data is intercepted, it remains unintelligible without the appropriate
decryptionkey305. Federated learningenablesLLMs to trainondecentralized
data sources without centralizing sensitive information, reducing breach
risks306,307. Differential privacy can be integrated into training pipelines,
adding noise to prevent re-identification of individual records308. Anon-
ymization and pseudonymization techniques support HIPAA’s de-
identification standards and GDPR’s data minimization requirements309.
A zero-trust architecture, in which every access request is continuously
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verified regardless of network origin, adds another layer of security310.
Finally, regular audits and compliance monitoring, including penetration
testing and periodic policy reviews, ensure ongoing adherence to HIPAA,
GDPR, and emerging AI governance frameworks such as the EU AI Act311.

Risks associated with the leakage in LLMs. A primary concern is the
leakage of personally identifiable information (PII) during model
interactions312. Recent research by ref. 313 shows that neighborhood
attacks, which compare model scores against synthetically generated
neighbor texts, outperform both reference-free and reference-based
attacks with incomplete knowledge of the training data. This demon-
strates that adversarial attacks on LLMs can be highly effective even
without direct access to the training data, highlighting the models’ vul-
nerability to membership inference attacks and the urgent need to
reassess existing security frameworks to better protect sensitive health-
care data. The inherent capacity of LLMs to memorize and retain large
amounts of information further compounds the risk of unintended data
leakage, making it essential to implement strong privacy-preserving
mechanisms. However, there remains a lack of assurance that current
safeguards are sufficient to prevent the inadvertent disclosure of PII,
necessitating ongoing vigilance and improvement of privacy protocols314.

Several approaches have been proposed to protect healthcare data
privacy in LLMs. One such solution is ProPILE, introduced by ref. 314,
which provides a tool for both data subjects and LLM service providers to
assess and mitigate potential PII leakage, thereby enhancing privacy safe-
guards and improving the robustness of deployed LLMs in handling sen-
sitive medical information. Additionally, advancements in machine
unlearning offer promising methods for safeguarding healthcare data
privacy. For example, ref. 315 presents a novel machine unlearning meth-
odology that uses gradient ascent to selectively erase harmful responses and
copyrighted content, while retaining valuable knowledge and aligning
models with ethical, privacy, and safety standards–an approach with
potential applications in healthcare. Similarly, ref. 316 proposes in-context
knowledge unlearning, which allows LLMs to selectively forget specific
information at test time based on the context of the query, preserving
unrelated knowledge. This fine-tuning method enables models to withhold
sensitive information from unauthorized users while still granting access to
authorized users. Despite these advances, refs. 318–321 highlight the vul-
nerabilities of current machine unlearning techniques, showing that
hazardous capabilities can be recovered through adaptive attacks, thereby
questioning the robustness and effectiveness of unlearning compared to
traditional safety training.

Bias and fairness
The challenge of bias and fairness in LLMs used in healthcare primarily
arises from disparities in the training data, leading to unequal treatment or
recommendations based on factors such as race, gender, or socioeconomic
status. Since thesemodels are often trained on historical datasets containing
entrenched biases, they can inadvertently perpetuate these inequalities,
thereby exacerbatinghealthcare disparities andnegatively impacting clinical
decision-making317.

For instance, a well-known healthcare algorithm used in the United
States inferred that Black patients were healthier than equally sick White
patients due to the use of healthcare costs as a proxy for health needs,
reflecting systemic inequities in healthcare access321. These biases are
embedded in the data, and when models rely on such flawed proxies, they
disproportionately benefit or harm specific demographic groups. Addi-
tionally,manyLLMsare trainedusingdatadisproportionately sourced from
wealthier countries, which limits their ability to generalize effectively across
diverse global populations, misrepresenting health needs in under-
represented regions312.

An emerging concern is that LLMs inmedical contexts have shown the
ability to infer demographic variables such as race from medical images,
despite the absence of visible race-related markers in these images. This
capability, as discussed in recent research, raises concerns about how race or

related proxies could be used inappropriately for medical decision-making,
potentially leading to biased care322,323. The possibility that AI systemsmight
inadvertently use race as a shortcut in their diagnostic algorithms necessi-
tates robust fairness interventions.

To address these biases, several strategies have been proposed,
including dataset balancing, fairness-focused model training, and bias
detection tools. For instance,health equity assessments are becoming critical
in evaluating the fairness of LLM outputs. Recent efforts, such as racial and
gender bias evaluations in LLM-generated medical vignettes, demonstrate
the importance of scrutinizing how these models perform across different
demographic groups317. Additionally, frameworks like MBIAS have been
introduced to mitigate bias in LLM outputs. MBIAS demonstrated over a
30% reduction in bias and toxicity while retaining contextual accuracy, with
a bias reduction exceeding 90% across diverse demographic groups324.
Although progress is beingmade, the evaluation andmitigation of biases in
LLMs, particularly in healthcare, remain in their early stages. Continued
research is necessary to develop robust methodologies that ensure fairness
and minimize harm in clinical applications, ensuring that AI-driven tools
are equitable and reliable.

Integration into clinical workflows
Integrating LLMs into existing clinical workflows presents a set of complex
challenges, including legal responsibility for errors, compatibility with
clinical digital systems, costs, training healthcare providers, and other
practical barriers. This subsection discusses these challenges and proposes
potential solutions to ensure the smooth adoption of LLMs into healthcare
settings.

Legal responsibility and accountability. One of the most pressing
challenges in integrating LLMs into clinical workflows is the ambiguity
surrounding legal responsibility in the case of incorrect predictions or
recommendations. Unlike traditional medical devices, LLMs generate
probabilistic outcomes that can lead to misdiagnoses or improper
treatment. There is a lack of clarity regarding who is legally accountable
when an AI system makes a wrong decision—whether it is the hospital,
the developer, or the healthcare professional using the system325. To
mitigate this risk, regulatory bodies need to establish clear guidelines that
determine liability when using AI-assisted tools. Collaboration among
stakeholders, including legal experts, healthcare institutions, and AI
developers, is essential to outline these responsibilities clearly. Compre-
hensive validation of AI models and ensuring that a clinician is always in
the loop during decision-making could further alleviate liability
concerns.

Compatibility with digital health systems. LLMs need to integrate
smoothly with existing EHR systems and other digital infrastructure used
in hospitals. Many of these systems have been developed independently,
leading to data silos and interoperability challenges that hinder the
integration of LLMs326. To address compatibility, adopting industry-wide
standards such as FHIR could facilitate smoother integration of LLMs
into existing digital systems327. Building application programming
interfaces that support secure and seamless communication between
LLMs and hospital systems is crucial. In addition, cloud-based solutions
and middleware technologies can act as translators between different
systems, enabling better compatibility328.

Cost concerns. The cost of implementing and maintaining LLMs in
clinical settings is a significant barrier, especially for smaller healthcare
facilities. Training state-of-the-art LLMs and ensuring their compliance
with healthcare standards are expensive undertakings. Moreover, the
ongoing operational costs, including data storage, processing power, and
updates, add to the burden329. Solutions could include adopting a phased
approach to implementation where LLMs are initially deployed in high-
impact, cost-effective areas (e.g., patient triage, medical documentation)
before full integration. Governments and private investors could also
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offer subsidies or incentives to healthcare providers to defray the cost of
LLM integration. Furthermore, open-source models and AI-as-a-service
platforms can reduce financial barriers by providing affordable
options330.

Training healthcare providers. Successful implementation of LLMs
requires healthcare professionals to understand their role, capabilities,
and limitations. Without adequate training, healthcare providers may
misuse or misinterpret AI-generated information, leading to patient
safety issues331. Training programs should be designed to familiarize
healthcare professionals with the capabilities and limitations of LLMs.
These programs could include simulation-based workshops, continuing
medical education modules, and real-time assistance systems. Providing
an intuitive interface for LLM interactions and offering ongoing technical
support can also facilitate smoother adoption and correct use.

Patient trust and ethical considerations. Trust remains a critical bar-
rier to the adoption of AI in healthcare, particularly when life-altering
decisions are involved333. Patients may feel uncomfortable to accept AI-
generated recommendations due to concerns over transparency,
accountability, and safety. Building patient trust requires more than
technical performance. It demands explainability, fairness, and ethical
rigor in design and deployment. For instance, tools like IBMWatson for
Oncology have faced scrutiny due to opaque recommendation
mechanisms and mismatches between AI suggestions and clinical
standards334. Ethical considerations also include issues of bias, fairness,
and delusions. LLMs trained on historical clinical data may perpetuate
existing healthcare disparities, such as underdiagnosis in minority
populations. A recent study321 showed that large models exhibited race-
based discrepancies in treatment recommendations, reflecting embedded
biases in training data. Furthermore, hallucinations—confidently gen-
erated but incorrect information—pose serious risks in high-stakes
contexts like cancer diagnosis or medication advice. To address these
concerns, practical frameworks such as model auditing, differential
privacy, and bias correction during training should be implemented.
Regulatory efforts, like the FDA’s Good Machine Learning Practice
guidelines, also provide emerging pathways for safe deployment. In
addition, involving patients in shared decision making, where LLM
results are explained alongside physician judgments, can help maintain
human oversight while improving understanding and trust335.

Clinical trials. Clinical trials serve as an important standard for validating
the safety, efficiency, and real-world applicability of LLMs in clinical
settings. Traditional clinical trial frameworks face challenges when
applied to LLMs due to the black-box decision-making and real-world
variability. To address these challenges, external validation using retro-
spective data336, continual monitoring using prospective data337, rando-
mized controlled trials338 using prospective data, and protocol-driven
trials for decision support339 are proposed. And feasibility studies for
clinician-AI interaction, such as ref. 340, evaluate how AI systems can be
smoothly integrated into existing clinical processes (e.g., outpatient visits,
emergency triage).

Out of distribution
Healthcare data poses significant challenges to LLMs due to its inherent
diversity, complexity, and contextual dependency341. Out-of-distribution
(OOD) scenarios arise when the model encounters data substantially dif-
ferent from the training distribution, which is common in healthcare set-
tings. This often includes variations in patient demographics, differences in
clinical protocols, or rare disease presentations. OOD issues are particularly
critical in largemodels, as they need to handle complex real-world scenarios
that training data cannot fully cover, leading to potential erroneous pre-
dictions, unreliable recommendations, and adverse clinical outcomes.

A major OOD challenge in healthcare is the model’s limited ability to
generalize across diverse patient populations342–345. LLMs trained on data

from specific demographicsmay struggle when applied to populations with
different backgrounds, exacerbating healthcare disparities for marginalized
or underrepresented groups. Healthcare environments vary signifcantly
across regions and institutions. Models trained on data from specific hos-
pitals may struggle in different settings where practices, equipment, and
guidelines differ, limiting general applicability.Recent researchhasprovided
insights into how LLMs handle distribution shifts in healthcare. For
instance, the research346 systematically explores the adaptation of LLMs to
distribution changes in healthcare, highlighting both the limitations and
potential strategies for improvement.

Healthcare faces significant challenges with new categories, such as
rare diseases or atypical presentations of common conditions, which
often fall outside the model’s training distribution, making predictions
less reliable343. These new categories are particularly challenging for
LLMs because they represent scenarios that the model has not
encountered during training, leading to a lack of generalizability. In
healthcare, the diversity and complexity of data mean that LLMs are
frequently confronted with cases that differ significantly from their
training data, such as rare conditions or unique patient demographics.
This is where OOD detection becomes crucial—identifying when the
model is encountering new, unseen categories allows for better handling
of such cases347–350. Effective OOD detection methods can help LLMs
determine when they are less confident, enabling healthcare profes-
sionals to step in andmitigate risks351. This presents significant research
potential in the healthcare domain, as handling anomalies and rare
diseases is vital for ensuring reliable and safe clinical outcomes.

Addressing OOD challenges requires strategies like continual
learning352,353, data generalization354–356, domain adaptation357–360, and OOD
detection361–366. Integrating real-world feedback and updating model para-
meters can improve robustness, but this is challenging due to data privacy
concerns and limited access to diverse healthcare data. Developing OOD
detection methods is crucial to mitigate risks and ensure safe AI-assisted
healthcare. Another promising solution is leveraging in-context learning to
enhance model generalization, as discussed in ref. 366. By using examples
provided during inference, in-context learning allows models to adapt
dynamically to new distributions without retraining, which can be parti-
cularly useful in healthcare scenarios where data variability is high and real-
time adaptability is needed.

Model explainability and transparency
Model explainability and transparency are critical for integrating LLMs into
healthcare, where trust, accountability, and informed decision-making are
essential. While these terms are often used interchangeably, they refer to
different aspects of AI systems. Explainability focuses onmaking individual
model predictions understandable to humans, offering insights into why
and how a particular decision was made. On the other hand, transparency
involves the broader disclosure of how the AI system operates, including its
structure, data, and decision-making processes, ensuring openness to build
stakeholder trust367,368. Explainability is vital in clinical settings to provide
healthcare professionals and patients with understandable reasons behind
an AImodel’s recommendation. This level of understanding is necessary to
support informed clinical decisions, where the consequences may directly
impact patient health369. Transparency, on the other hand, is necessary to
build trust among stakeholders by providing information about the data,
processes, and limitations of the AI model332,367.

Achieving effective explainability and transparency in LLMs used in
healthcare presents several challenges. (1)Model complexity: LLMs, such as
GPT-4 and similar models, are characterized by billions of parameters,
whichmakes themhighly complex. This complexitymakes it challenging to
explain individual decisions, even for AI developers371. (2) Lack of clinically
relevant interpretations: LLMs are typically general-purpose models that
may lack the clinical precision needed for medical decision-making. For
healthcare professionals, explanations need to be both understandable and
clinicallymeaningful370. (3) Trust issues: the “black box”nature of LLMs can
generate skepticismamonghealthcare professionals,whomaybehesitant to
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adoptAI-based recommendations if they donot understand how themodel
reaches its conclusions332.

Potential solutions for improving transparency and explainabilitymay
include the following: (1) Developing clinically relevant explanations:
creating explanations that are both understandable and relevant to clinical
settings is essential. Collaboration between healthcare professionals and AI
developers can help tailor explanations that address the specific needs of
clinical workflows369. (2) Human-in-the-loop systems: involving healthcare
providers in the decision-making loop ensures that AI decisions are subject
to human judgment, thereby improving trust and accountability372. (3)
Regulatory guidelines for transparency and explainability: regulatory
authorities should establish standards that mandate transparency in AI
systemsused inhealthcare, ensuring thatmodelsmeet specific explainability
criteria before deployment368.

Hallucinations and fabricated information
LLMs are powerful tools capable of generating human-like responses across
a wide range of queries. However, one of the critical challenges in deploying
LLMs in healthcare settings is their tendency to generate inaccurate or
nonsensical information, commonly referred to as “hallucinations.” In
healthcare, hallucinations can be particularly dangerous because they can
lead to misleading medical advice, improper treatment plans, or incorrect
diagnoses, potentially putting patients at risk373–375.

Hallucinations occur when an LLM generates outputs that are
factually incorrect, not supported by training data, or entirely fabri-
cated. These outputs may seem coherent but lack grounding in verified
data. Since many LLMs are trained on general internet text that may
include misinformation or unverified sources, they are more prone to
generate hallucinations, particularly in specialized domains like
healthcare375. This problem is compoundedwhen compared to domain-
specific models that rely on curated, peer-reviewed datasets, making
general-purpose LLMs less reliable for medical applications376,377. The
risks of hallucinations in healthcare are significant. Inaccurate infor-
mation from an LLM could lead to improper medical advice, erroneous
diagnoses, or misguided treatment recommendations, all of which
could compromise patient safety. Moreover, the highly confident and
articulate presentation of hallucinated content can lead healthcare
professionals to mistakenly trust and act on incorrect information,
especially in time-sensitive situations or when they lack specialized
expertise378,379. This highlights the importance of ensuring that LLM-
generated content is trustworthy and safe for use in medical decision-
making.

To address hallucinations in healthcare, a multi-faceted approach is
necessary.Reinforcement learning fromhuman feedbackhas beenshown to
align model outputs more closely with factual and reliable content by
incorporating human evaluators’ feedback during training380. Fact-checking
mechanisms integrated alongside LLMs provide an additional layer of
validation, enabling generated responses to be cross-referencedwith verified
medical databases, such asPubMedor establishedmedical guidelines, toflag
or correct inaccuracies beforepresenting themtohealthcare professionals374.
Furthermore, fine-tuning LLMs using high-quality, peer-reviewed medical
datasets can significantly reduce hallucinations by making the model’s
knowledge base more specialized and reliable for healthcare applications381.
Human-in-the-loop systems can further mitigate risks by involving
healthcare professionals in the validation of AI-generated content, ensuring
that only accurate and clinically relevant information is applied in
practice371. Finally, prompt engineering, which includes crafting prompts
that instruct the model to provide source citations or verify responses, can
also help reduce hallucinations by encouraging the model to generate fact-
based outputs382.

Summary of remaining challenges and research needs. Key chal-
lenges include ensuring robust, standardized privacy safeguards across
jurisdictions, developing mature and generalizable bias mitigation
methods, and establishing clear frameworks for liability and workflow

integration. Further research is needed for reliable OOD detection,
clinically meaningful explainability, and effective hallucination preven-
tion in high-stakes contexts. Progress in these areas will be essential for
safe, equitable, and trustworthy LLM deployment in healthcare.

Conclusion
LLMs are driving transformative advancements in biomedicine and
healthcare, with their ability to process and interpret vast amounts of
unstructured data proving invaluable across multiple domains. In clinical
diagnostics, healthcare professionals can be helped with LLMs by analyzing
patient data such asmedical images, clinical notes, and genetic information,
significantly improving diagnostic accuracy and facilitating early disease
detection. This has been particularly impactful in fields like radiology,
dermatology, pathology and so on, where LLMs help reduce human error
and enhance decision-making.

In drug discovery, LLMs are revolutionizing the process by rapidly
analyzing biomedical literature, clinical trials, and genomic datasets to
identify new therapeutic targets and repurpose existing drugs. This accel-
eration shortens the time and cost of drugdevelopmentwhile enablingmore
precise, targeted treatments. LLMs also enhance clinical decision support by
providing real-time, evidence-based insights that guide healthcare providers
in suggesting personalized treatments, preventivemeasures, and optimizing
overall patient care.

LLMs are also improving patient engagement and virtual care. Inte-
grated into telemedicine platforms and VAs, they offer personalized inter-
actions, including symptom checking, appointment scheduling,medication
reminders, and patient education, making healthcare more accessible and
responsive to patient needs. In addition, LLMs are advancing personalized
medicine by enabling healthcare providers to tailor treatments based on
individual patient profiles. By analyzing genetic, clinical, and environmental
data, these models deliver personalized treatment plans, particularly bene-
ficial in fields like oncology and genomics.

However, the integration of LLMs in healthcare has also sparked
important ethical discussions surrounding data privacy, algorithmic bias,
and transparency. Addressing these concerns is critical to ensuring the safe,
equitable, and effective use of AI systems in clinical settings.

In conclusion, LLMs are reshaping the landscape of biomedicine and
healthcare, offering significant improvements in diagnostics, drug dis-
covery, personalized medicine, and patient engagement. As the technology
continues to evolve, the integrationof LLMs intoclinical practicewill unlock
new opportunities, but also introduce challenges that require careful navi-
gation.With ongoing research and thoughtful implementation, LLMs have
the potential to revolutionize healthcare,making itmore efficient, equitable,
and patient-centered.
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