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Summary
With the rapid development of artificial intelligence (AI) within medicine, the emergence of large language models
(LLMs) has gradually reached the forefront of clinical research. In oncology, by mining the underlying connection
between a text or image input and the desired output, LLMs demonstrate great potential for managing tumours. In
this review, we provide a brief description of the development of LLMs, followed by model construction strategies and
general medical functions. We then elaborate on the role of LLMs in cancer screening and diagnosis, metastasis
identification, tumour staging, treatment recommendation, and documentation processing tasks by decoding various
types of clinical data. Moreover, the current barriers faced by LLMs, such as hallucinations, ethical problems, limited
application, and so on, are outlined along with corresponding solutions, where the further purpose is to inspire
improvement and innovation in this field with respect to harnessing LLMs for advancing precision oncology.

Copyright © 2025 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction
In recent years, the drastic growth exhibited by artifi-
cial intelligence (AI) has gradually driven the evolution
of medicine, showing excellent performance in mul-
tiple tasks.1–3 Deep learning, which is a major branch
of AI that involves the basic construction of deep
neural networks (DNNs), such as convolutional neural
networks (CNNs) and recurrent neural networks
(RNNs),4,5 has attracted much attention from re-
searchers and has achieved impressive progress in
management of various diseases, including
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respiratory infections, ophthalmopathy, and neuro-
logic disorders.6–10 Cancer, as one of the leading causes
of mortality worldwide, poses a tremendous challenge
to public health.11,12 The gradual expansion of the use
of AI techniques has led to a paradigm shift in the
fight against oncology, resulting in advancements in
various areas, from diagnosis, treatment, and prog-
nosis to molecular characterization.13

Although the release of the Chat Generative Pre-
trained Transformer (ChatGPT) by OpenAI has attracted
much attention, the more recently created open model
from China, DeepSeek, which was developed at lower
costs, has caused another extraordinary stir worldwide
since AI has been developing for decades from the 1950s
(Fig. 1).14,15 The foundation technology of these models is
large language model (LLM), which is essentially an
implemented form of deep learning that contains
numerous parameters and facilitates natural language
processing (NLP) tasks.16 In general, language modelling
(LM) aims to model the generative likelihood of word se-
quences and predict the probabilities of posterior tokens.
By guiding a neural network to accomplish the LM task on
a training corpus, a pre-trained language model (PLM) can
be created. Additionally, researchers have reported that
scaling a PLM often enhances the capacity of the model to
address downstream tasks, thereby transforming the PLM
into an LLM.17 Compared with conventional language
1
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Fig. 1: A graph of the development of artificial intelligence (AI), machine learning, deep learning, and large language models (LLM) with
time. The development of AI underwent rapid progress from machine learning, deep learning, to the emerging LLMs. The important milestones
were coloured in light blue and the examples of models were listed in time order. BERT, Bidirectional Encoder Representation from Transformers;
ChatGPT, Chat Generative Pre-trained Transformer; ERNIE, Enhanced Representation through Knowledge Integration; GPT, Generative Pre-trained
Transformer; Turing-NLG, Turing Natural Language Generation.
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processing methods, LLMs are particularly adept at
handling large and complex datasets due to their expan-
sive parameter space and extended context windows,
which enable them to capture intricate relationships
within data. Along with further explorations of inputting
diverse data more than texts into the LLMs, multimodal
LLMs (MLLMs), capable of handling data in diverse
modes, have been developed, representing another big
step forward comprehensive document processing.18,19

In this review, we initially introduce a set of model
construction strategies and general use of LLMs in
medicine. Inspired by the progression of this technology
in oncology, we emphasize the applications of LLMs in
screening, diagnosis, metastasis prediction, tumour
staging, treatment recommendation, and documentation
processing tasks related to malignancies, such as breast
cancer, lung cancer, and prostate cancer. Finally, we
highlight the core challenges that must be overcome for
LLMs to deliver sufficient clinical value, along with cor-
responding strategies that can accelerate this new gen-
eration of models to move closer to precision oncology.
Model construction strategies and medical
application of LLMs
Since GPT-1 was released in 2018 which marked a key
milestone of the LLM evolution process, the develop-
ment of LLMs has exhibited overall progress in terms of
increasing their numbers of parameters and expanding
knowledge, thereby improving the performance of the
updated models, such as GPT-4.20,21 Here, we divide the
LLM implementation process into three key compo-
nents. First, to enable a model to acquire domain-
specific knowledge and make personalized decisions
for individual patients, it is essential for the model to
leverage three levels of information: internal knowledge,
external knowledge, and patient-specific data. Then, the
model effectively leverages the information and
subsequently generates the task-specific outputs based
on appropriate prompts. In terms of applications in
medicine, empowered by the previously mentioned ap-
proaches, a wide range of tasks that are commonly
encountered in the clinic can potentially be solved by
LLMs. This structured framework outlines a potential
pathway for integrating LLMs into cancer research,
supporting both knowledge acquisition and strong task-
specific performance across various applications (Fig. 2).

Task-agnostic property with internal knowledge
An LLM is capable of being a generalist, which means
that it can address diverse clinical issues, whereas task-
specific models are adept in a certain domain, such as
a single type of cancer. Possessing a wealth of medical
knowledge, LLMs have the potential to serve as medical
domain-specific knowledge bases (KBs), allowing them-
selves to aid users across a range of clinical issues.22

Equipped with zero-shot or few-shot skills from their
pretraining stages, LLMs can make inferences con-
cerning unseen downstream tasks without conducting
task-specific training. A notable example is that models
have demonstrated the ability to accurately answer
complex questions on medical board exams even
without fine-tuning, a crucial technique that enhances
the adaptability of LLMs for use in domain-specific
tasks. In contrast, models that rely on supervised
learning, such as bidirectional encoder representations
from transformers (BERT), require a significant
amount of labelled data.

Fine-tuning enhances the task-specific performance
of LLMs
While the models are pre-trained on extensive, general
medical datasets, fine-tuning refines their performance
by adjusting their parameters based on a smaller,
domain-specific dataset.23 This process enables such a
model to not only retain the foundational knowledge
www.thelancet.com Vol 115 May, 2025
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Fig. 2: Overall model construction strategies of large language models (LLMs) and application in healthcare. a, The pre-training procedure
of LLMs could be conducted on a comprehensive corpus of general medical knowledge to address clinical reasoning challenges. The foundational
knowledge encompasses a wide array of sources, including literature, publications, webpages, and structured knowledge graphs. Auxiliary
external knowledge will be integrated to enhance the knowledge retrieval capacity of the model, followed by comprehensive analysis of diverse
patient data, such as electronic health records (EHRs) and whole slide images (WSIs), to formulate clinical decisions. b, The diagram delineates
the core components in the operational framework of LLMs targeting clinic tasks. Through the amalgamation of embedded parametric
knowledge and supplemental external information, the model is equipped with a comprehensive understanding of various diseases, enabling
LLMs to deliver personalized care based on the patient’s information by capitalizing on its advanced inference mechanisms. Moreover, phy-
sicians are then afforded the opportunity to evaluate the output derived from LLMs and adjust if deemed necessary. c, LLMs have been utilized
from text processing to disease management in the field of medicine. In textual information handling, LLMs could be utilized in automatic
medical record writing to improve the efficiency of clinicians and radiology report structuring to extract valuable results for disease evaluation.
As for disease management, LLMs could provide recommendations from diagnosis to prognosis. RAG, retrieval-augmented generation.
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acquired during pretraining but also acquire specialized
skills and insights that are relevant to certain fields, such
as oncology.24 For instance, the initial pretraining phase
provides the model with a broad understanding of
medical concepts, terminology, and general practices
across various specialities. However, in the context of
oncology, fine-tuning allows for the infusion of more
specialized knowledge regarding cancer diagnoses,
treatment protocols, and the complexities of tumour
biology. By utilizing curated datasets that include recent
research findings, clinical guidelines, and detailed case
studies specific to oncology, the model becomes adept at
recognizing and interpreting clinical information that is
pertinent to cancer patients.25

Dynamic customization via prompting
Compared with traditional joint or pipelined NLP-based
information extraction schemes, LLMs can respond
rapidly to users and align with human preferences via
www.thelancet.com Vol 115 May, 2025
prompt engineering or in-context learning without
modifying their model parameters. This is done because
pretraining or fine-tuning a model is expensive and time-
consuming.26 With instruction tuning or reinforcement
learning from human feedback (RLHF), LLMs are
capable of aligning with human intentions, whereas pre-
trained smaller models or traditional machine learning
pipelines are confined to supervised learning datasets
rather than catering to broad demands.23,27

Normalizing clinical data via natural language
understanding
Medical information extraction is a significant data
standardization technique that aims to identify named
entities and extract the relations between them.28 Given
an electronic health record (EHR) or clinical report, in-
formation extraction is dedicated to extracting triples
(entity1, relation, entity2), which are composed of en-
tities and their particular relations. The entities can be
3
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symptoms or lesion locations, and the relationships can
be descriptive (e.g., relating a biomarker to its results).29

A variety of downstream tasks can be accomplished with
these triples. Moreover, through information extraction,
unstructured medical data can be normalized to a uni-
form format, thereby preventing the processed data
from being synonymous or ambiguous content.

Improving the inference capacity via chain of
thought
Through chain of thought (CoT), which is an emerging
model scale property that allows LLMs to conduct
reasoning tasks that would otherwise have flat scaling
curves, an LLM can better simulate human thought
processes, thereby exhibiting higher levels of intelli-
gence across various application scenarios.30 The con-
struction of such thought chains enables a model to
interconnect different concepts and pieces of informa-
tion, forming a comprehensive cognitive framework
whose coherence not only enhances the ability of the
model to comprehend problems but also increases its
efficiency and accuracy with respect to generating text,
making inferences, and tackling complex tasks.

Domain knowledge enhancement via external
knowledge
External knowledge enables LLMs to generate more
precise content after enriching their domain knowledge.
Retrieval-augmented generation (RAG), which is a pro-
cess that is composed of a retriever, a repository, and an
LLM generator, is a novel approach for enhancing the
capabilities of LLMs by accessing an external KB.31 The
repository can be structured, unstructured, or semi-
structured, encompassing a vast quantity of medical
knowledge derived from sources such as PubMed,
MIMIC III, StatPearls, medical textbooks, knowledge
graphs, or encyclopaedias. Although the training corpus
used for the pretraining or fine-tuning stages may
include the abovementioned repositories, it might
encounter an obstacle, as it would need to undergo
continuous training to update the knowledge of the
model, which is both time-consuming and expensive.
However, adopting RAG in the inference stage prevents
LLMs from undergoing training while still utilizing
external knowledge. Notably, an adversary can exploit
the instruction-following capabilities of models to easily
extract text data verbatim from the data of RAG systems
built with instruction-tuned LMs via prompt injection.32

Thus, a strict safety evaluation system is crucial for
keeping private patient data confidential from an ethical
or legitimate perspective.

Role of LLMs in medicine
In addition to the abovementioned capacities, LLMs play
a useful role in the medical field. During clinical practice,
a wealth of textual information is generated from patients
along with their disease trajectories, and the potential of
LLMs to process these data has been explored.33,34 Previ-
ous evidence has provided examples of LLMs being used
in specific scenarios, such as medical record writing,
discharge summary generation, and imaging report
structuring.35,36 These studies have confirmed that the
application of LLMs can alleviate the workloads imposed
on physicians. In disease management scenarios, LLMs
enable novel clinical decision-making support schemes
ranging from diagnosis to prognosis prediction by
learning a large amount of patient data and medical
knowledge, providing valuable healthcare insights when
guided by prompts.37–39 In addition, the medication di-
rection copilot (MEDIC), which was proposed to decrease
the number of medication errors, can assist in improving
the accuracy of online pharmacies.40 In a certain appli-
cation scenario, a site-specific prompt engineering chat-
bot (SSPEC) was developed to aid outpatient navigation,
providing inspiration for future research on the practi-
cability of LLMs in clinical settings.41
Application of LLMs in oncology
Regarding specialized oncology tasks, previous evidence
has provided certain use cases involving various malig-
nancies, such as lung cancer, breast cancer, and colo-
rectal cancer (CRC). Here, we introduce the specific
application of LLMs related to tumours from five per-
spectives, namely, cancer screening and diagnosis,
metastasis identification, tumour staging, treatment
suggestion, and documentation processing; related
studies are listed in Table 1.42–61 Through these work-
flows, LLMs can potentially drive precise malignancy
management (Fig. 3).

Cancer screening and diagnosis
Early detection of cancer is the key for optimal inter-
vention planning. With the aim of identifying the pul-
monary nodules at high lung cancer risk, a multicenter
study utilized GPT-4o to follow the radiological changes
on longitudinal CT images that were converted into
videos, and the model prediction agreed well with the
radiologists.42 As for breast cancer screening and pre-
vention tasks, a team designed 25 questions according
to the Breast Imaging Reporting and Data System (BI-
RADS) and clinical experience to test the ability of
ChatGPT to manage this malignancy; the accuracy of
the model was 88%.43 A similar study designed 22 key
questions for prostate cancer (PCa) based on guidelines
and practical experience. Five LLMs, ChatGPT, You-
Chat, NeevaAI, Perplexity, and Chatsonic, were included
for the model comparison. Three of them, ChatGPT,
YouChat, and Perplexity, achieved average accuracies
over 90% in terms of answering all questions about PCa,
whereas ChatGPT performed best, with 100% correct-
ness. In particular, the interpretations of different
prostate-specific antigen (PSA) levels generated by LLMs
are of potential significance for screening efficiency
www.thelancet.com Vol 115 May, 2025
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Year Cancer types Tasks Reference standard Materials Data size Models Performance Ref

2025 Lung cancer Screening Pathological results CT images 647
patients

GPT-4o Accuracy of 0.88 42

2023 Breast cancer Screening and
prevention

Three radiologists Designed
questions

25
questions

ChatGPT Appropriate answering of 88% questions 43

2023 Prostate
cancer

Screening,
prevention, and
treatment
recommendation

Three urologists Designed
questions

22
questions

ChatGPT, YouChat,
NeevaAI, Perplexity, and
Chatsonic

Accuracy of 75–100%, comprehensiveness of
30–95.45%, readability of 84.21–100%, stability of
63.64–100%

44

2025 Colorectal
cancer

Screening Twenty experts and
twenty non-experts

Designed
questions

15
questions

ChatGPT Mean accuracy scores of 4.8 and 5.6 in expert and
non-expert assessments

45

2024 Various
cancers

Diagnosis and
tumour staging

Three pathologists Pathology
reports

1134
reports

Bard and GPT-4 Correctness of 91.77% and 92.75% for Bard and
GPT-4 in malignancy diagnosis, correctness of
91.75% and 95.88% for Bard and GPT-4 in
pathologic staging

46

2024 Colorectal
cancer and
breast cancer

Diagnosis and
metastasis
assessment

NA Histopathology
images

43,100
image
patches

GPT-4 with Vision
capabilities

Accuracies of 90% and 88.3% for CRC diagnosis
and breast cancer metastasis identification

47

2023 Lung cancer Metastasis
assessment

Four radiologists CT reports 449
reports

ChatGPT and GPT-4 Overall accuracies of 90.3% and 98.1% for
metastasis identification of ChatGPT and GPT-4

48

2024 Lung cancer Tumour staging
and histological
classification

AJCC guidelines Pathology
reports

852
reports

ChatGPT Average accuracy of 0.89 49

2025 Thyroid
cancer

Tumour staging
and ATA risk
prediction

AJCC guidelines, ATA
risk stratification
system, and two
endocrine surgeons

Pathology
reports

374
patients

Mistral-7B-Instruct,
Gemma-2-9B-Instruct,
Llama 3.1-8B-Instruct,
and Qwen2.5-7B-Instruct

F1-scores up to 98.1% and 95.5% for staging and
risk prediction in the validation set by ensemble
strategies

50

2024 Pancreatic
cancer

Treatment
recommendation
and report
simplification

Three radiologists CT reports 180
reports

GPT-3.5 and GPT-4 Overall accuracies of 99.9% and 99% for GPT-4 and
GPT-3.5 in report simplification; accuracies of 92%
and 75% for GPT-4 and GPT-3.5 in tumour
resectability categorization

51

2024 Eleven types
of cancers

Treatment
recommendation

Three radiation
oncologists and three
radiation physicists

Questions
acquired from
websites

115
questions

ChatGPT Correctness of 100%, 91%, and 92% for general
questions, treatment modality- and site-specific
questions

52

2025 Head-and-
neck cancer

Treatment
recommendation

NA CT images and
clinical data

2985
patients

GPT-4 Dice similarity coefficient of 0.76 53

2024 Various
cancers

Drug sensitivity
evaluation

NA Single-cell RNA
sequencing data

NA Graph-augmented LLM AUC of 0.975 for treatment response prediction 54

2024 Various
cancers

Evaluation of
irAEs

Physicians and
medical students

Clinical records 8825
records

Mistral OpenOrca Average sensitivity of 98.1% and specificity of
95.7%

55

2023 Breast cancer Treatment
recommendation
and text
summarization

Tumour board and
two radiologists

Clinical records 10
patients

ChatGPT Coincidence rate of 70% between the model and
tumour board in treatment recommendation,
mean scores of 4.3 and 4.6 in clinical record
summarization

56

2024 Colorectal
cancer

Treatment and
examination
recommendation

NCCN guidelines Designed
questions

150
questions

Eight chatbots Accuracies of 61.78%–82.67% 57

2023 Lung cancer,
breast cancer,
and prostate
cancer

Treatment
recommendation

NCCN guidelines Designed
prompts

104
prompts

GPT-3.5 Coincidence rate of 61.9% between the model and
guidelines

58

2024 Breast cancer BI-RADS
categorization

Three radiologists MRI,
mammography,
and ultrasound
reports

2400
reports

GPT-3.5, GPT-4, and Bard Gwet agreement coefficients of 0.42–0.52 between
the models and radiologists

59

2024 Lung cancer Information
extraction

A clinician CT reports 847
reports

ChatGPT Average accuracy of 0.896–0.940 60

2024 Glioblastoma Text
summarization

Clinical data and
tumour board

MRI reports 375
reports

GPT-4 Agreement of 91% between the model and experts 61

AJCC, American Joint Committee on Cancer; ATA, American Thyroid Association; BI-RADS, Breast Imaging Reporting and Data System; ChatGPT, Chat Generative Pre-trained Transformer; CT, computed
tomography; GPT, Generative Pre-trained Transformer; irAEs, immune-related adverse events; LLM, large language model; MRI, magnetic resonance imaging; NA, not available; NCCN, National
Comprehensive Cancer Network.

Table 1: Application of large language models in screening, diagnosis, and treatment of oncology.
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Fig. 3: Application and potential of large language models (LLMs) in oncology. a, Through decoding medical data, including clinical text,
radiology, and pathology, LLMs have been applied in cancer screening and diagnosis, metastasis prediction, tumour staging, treatment sug-
gestion, and documentation processing. b, Certain implementations of LLMs in oncology, such as identification of gene mutation and survival
prediction, have not been thoroughly explored. Moreover, validation and generalization of the LLMs need to be carried out before the models
can be reliable clinical assistants.
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improvement.44 To improve the screening awareness of
CRC, 15 questions, including general screening and
endoscopy examination-related queries, were specially
designed. After being evaluated by human experts, the
ChatGPT achieved a mean accuracy score of 4.8.45

Furthermore, not limited to one type of cancer, a
team assessed the capabilities of two chatbots, Bard and
GPT-4, in diagnosing malignancies from 1134 pathol-
ogy reports involving different organs, including the
breast, lungs, prostate, and colon. These two models
both reached diagnosis accuracies surpassing 90%,
along with report simplification.46 In addition, GPT-4
with Vision capabilities (GPT-4V) was adopted in pa-
thology classification tasks conducted on a histopathol-
ogy dataset of colorectal samples, finally reaching an
accuracy of 90% with respect to discriminating between
colorectal tumour and nontumorous normal tissues in a
ten-shot setting.47

Metastasis prediction
Tumour metastasis is a vital cancer progression pathway
that may affect the overall prognosis of patients. LLMs
are not only capable of assisting physicians in diagnosis
tasks but also for predicting cancer metastasis and target
organs.62 A study applied ChatGPT and GPT-4 to extract
lesion diameters, identify metastasis, and assess tumour
progression via free-text CT reports concerning different
types of lung cancer, including adenocarcinoma, squa-
mous cell carcinoma (SCC), and small cell lung cancer
(SCLC). The results showed that GPT-4 outperformed
ChatGPT in almost all tasks, achieving a respective ac-
curacy of 98.1% and 90.3% in recognition of metastases
to different sites, such as pleura, liver, renal, and bone.48

Moreover, the GPT-4V model mentioned above for
sessile-serrated adenoma diagnosis was also trained on
histologic sections for lymph-node breast cancer
metastasis detection, demonstrating an accuracy of
88.3%.47 Since CNNs have been deployed to predict the
origin of tumours on whole slide images (WSIs),63 how
to convert this realization into LLMs is promising and
deserves further research.

Tumour staging
A precise therapeutic schedule for treating a malignancy
usually requires a comprehensive and individualized
analysis of the condition of the patient and disease. The
tumour stages and pathological subtypes of malig-
nancies can significantly affect management regimens.
Thus, a study evaluated the performance of ChatGPT-
3.5 in the pathological assessment of lung cancer in
774 pathology reports after prompt optimization was
conducted within 78 other reports. As a result, the
model presented an average accuracy of 0.89 in evalu-
ating the pathological primary tumour (pT), lymph node
www.thelancet.com Vol 115 May, 2025
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involvement (pN), the overall tumour stage, and the
histology type.49 Then, for thyroid cancer, another study
investigated the power of four LLMs in complete
Tumour-Node-Metastasis (TNM) staging and American
Thyroid Association (ATA) risk prediction, and the
ensemble classifiers achieved F1-scores up to 98.1% and
95.5% in the two tasks, respectively.50 Moreover, the
study that compared the performance of the Bard and
GPT-4 models in diagnosing malignancies further
investigated the ability of the models to stage various
tumours, and the accuracies of the two models were
91.75% and 95.88%, respectively.46

Treatment recommendation
In terms of recommending specific treatments, to explore
the accuracy of surgical resectability determination for
pancreatic ductal adenocarcinoma (PDAC) through
radiological information, 180 original reports were uti-
lized to evaluate the capabilities of GPT-4 and GPT-3.5.
Ultimately, GPT-4 surpassed GPT-3.5 with a higher ac-
curacy (92% vs. 75%) by CoT prompting, which was su-
perior to other methods that utilized default or in-context
knowledge.51 For radiation oncology, a visual language
model named Radformer was developed based on GPT-4
and CNN to automatically delineate the target tumour
volume in patients with head-and-neck cancer, reaching a
mean Dice similarity coefficient of 0.76.53 Another study
utilized 115 questions derived from oncological websites
belonging three thematic categories, consisting of general
issues, modalities, and radiotherapy sites, to measure the
domain-specific and -agnostic response qualities of
ChatGPT-3.5. The results indicated that in the above
three tasks, compared with the experts, the model ach-
ieved factual correctness rates of 100%, 91%, and 92%.
Moreover, in a domain-agnostic metric assessment,
ChatGPT-3.5 demonstrated a college-level reading capa-
bility.52 Regarding medication, considering the challenge
of drug resistance of anti-tumour treatment, Drug-
Former, a graph-enhanced LLM, was developed to predict
the drug sensitivity on cellular-level by the drug resis-
tance data extracted from public database, achieving an
AUC of 0.975 and providing a reference for treatment
planning.54 In addition, for immunotherapy, another
team specifically utilized a RAG-assisted LLM to predict
immune-related adverse events (irAEs), including colitis,
hepatitis, myocarditis, and pneumonitis, in a variety of
malignancies. In the validation set, the model reached an
average sensitivity of 98.1% and specificity of 95.7%,
surpassing ICD codes and potentially providing in-
dications for immunotherapy monitoring.55

To address unspecified treatment scheduling, a team
specifically appraised the auxiliary role of ChatGPT-3.5
in clinical decision-making tasks by integrating clinical
notes and medical reports from ten patients with breast
cancer. The final concordance rate between the machine
and human specialists reached a moderate level of 70%
in the treatment recommendation. Nevertheless, the
www.thelancet.com Vol 115 May, 2025
data size was small, potentially causing this conclusion
to have limited generality.56 For CRC, a study utilized
the National Comprehensive Cancer Network (NCCN)
guidelines as a reference standard to compare the
response accuracies of eight chatbots, including Claude
2.1, Doctor GPT, ChatGPT-4, and so on. Finally, Claude
2.1 achieved the highest accuracy of 82.67% in the task
of responding to questions comprising various do-
mains, such as treatments and imaging or pathology
examinations.57 Another study more comprehensively
estimated the treatment suggestion ability of GPT-3.5
for patients with different malignancies including
breast cancer, lung cancer, and PCa based on the NCCN
guidelines. The model achieved an agreement rate of
61.9% with three reviewers and generated hallucina-
tions in 12.5% of all cases, implying that room for
improvement remains in enabling LLMs to provide
reliable assistance.58

Documentation processing
Since LLMs have achieved comparable performance to
that of human experts in clinical textual data summa-
rization tasks, these advanced approaches possess po-
tential for medical documentation processing.64 In the
abovementioned breast cancer-specific investigation, in
addition to decision-making, the ability of ChatGPT-3.5
to summarize medical vignettes has been studied. Ac-
cording to two reviewers, ChatGPT made a respective
score at 4.3 and 4.6.56 Another study specifically inves-
tigated the ability of LLMs, including GPT-3.5, GPT-4,
and Bard, of BI-RADS categorizing through magnetic
resonance imaging (MRI), mammography, and ultra-
sound reports. The final Gwet agreement coefficients
between the LLMs and humans reached 0.42–0.52, and
these scores were substantially lower than the human–
human consensus rate of 0.91. Among different lan-
guages, the agreement in English was greater than that
in Italian and Dutch.59 For lung cancer, a study utilized
ChatGPT to extract crucial radiological features,
including the site, diameter, density, lymphadenectasis,
and so on, in a zero-shot setting, and the model ach-
ieved an average accuracy of 0.937. Moreover, adding
prior medical knowledge to prompts may increase the
accuracy of answers to certain questions while
decreasing that of other questions.60 Another study
validated the capabilities of GPT-4 and GPT-3.5 of
report simplifying from patients with PDAC, reaching
respective accuracy of 99.9% and 99% in radiological
feature extraction.51 For patients with glioblastoma,
GPT-4 was utilized to perform MRI report summari-
zation by learning information from 375 reports. GPT-4
demonstrated an agreement level of 91% with neuro-
oncological experts in disease course representation,
showing potential in the tumour monitoring.61 There-
fore, appropriate prompt and task design allows LLMs
to assist in medical record management to facilitate
clinical workflow.
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Search strategy and selection criteria.

We conducted a comprehensive literature search in PubMed
and the Web of Science via the key search terms “large
language model” or “GPT” and “oncology” or “cancer” or
“tumour” or “malignancy”. The preliminarily selected
studies underwent careful full-text checks to ensure that
the final studies described herein were qualified and
relevant. Most of the included studies were published in the
last five years.
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Challenges
Although certain achievements have been made with
respect to incorporating LLMs into oncology, obstacles
remain to be overcome in the path of applying LLMs
dependably. The current challenges facing LLMs along
with possible solutions are summarized as follows.

As the majority of LLMs leverage uninterpretable ap-
proaches to make their final predictions, which is called
the “black box” effect, it may be difficult to understand
how the model makes the final decision. An LLM that
imitates realistic reasoning via CoT prompting has been
developed, providing examples of the diagnostic ratio-
nale.65 Nevertheless, how to depict flowcharts that are
more concise and understandable for visualizing the
logics of LLMs is undetermined. Moreover, fact fabrica-
tions, also termed hallucinations, are commonplace
across LLMs.66 Because most LLMs undergo pretraining
on public databases that have not been authoritatively
annotated with reference labels and do not conduct
tailored learning, misjudgements or textual mistakes may
occasionally occur; this may be a critical factor hindering
LLMs from achieving a professional level of accuracy.67

However, when medical knowledge was added to
prompts, performance enhancements were not always
observed for all the tasks.50 This phenomenon potentially
implies the difficulty of complex learning and the un-
avoidable mechanical characteristics of LLMs. Thus, it is
necessary to ensure that human specialists hold the final
word in decision-making until LLMs reach true human-
level thinking and become reliable oncology assistants.
Another obstacle that remains to be solved is how to
realize real human–computer interactions in the field of
malignancies. An emerging study developed the interac-
tive SkinGPT-4 model based on Llama-2-13b-chat for
dermatological diagnosis; through this system, users can
obtain medical advice in a manner similar to face-to-face
communication after uploading their skin pictures.68 This
effort inspires more exploration of integrating chatbots to
develop automated response generators that can interact
deeply with oncologists or patients.

And LLMs exhibit potential societal biases. For
example, demographic diversity in a population could
not be captured by GPT-4, and the known associations
between diseases and demographics were exaggerated,
potentially leading to the recognition of stereotypes in
disease management.69 GPT-4 has been utilized to mine
the critical problems of transgender patients facing
during the suffering from breast and gynaecological
cancers, revealing the challenges of awareness lack and
access issues, which provides a novel insight into LLM-
aided disease management in more diversified circum-
stances.70 Other factors that may cause prejudice are
language and culture biases. In the previously
mentioned study, the performance of LLMs was signif-
icantly better in English than in other languages that are
not in public use.59 And for tasks related to specific
cultures, such as Traditional Chinese Medicine (TCM),
the models developed by Chinese companies substan-
tially surpassed the models constructed by Western
companies, highlighting the cultural barriers of LLMs.71

Then, ethical issues have also been widely discussed
across various AI applications, such as that accountability
remains unclear when diagnostic or therapeutic mishaps
are produced.72 Moreover, the leakage of user data is of
great concern.73 Hence, establishing agencies that possess
supervision authority for legally acquiring, utilizing, and
storing data, as well as approving medical devices, is
necessary before clinically applying any LLM on the
market.74 Notably, for scientific investigators, exploring
the potential of LLMs in literature retrieval, information
mining, and data analysis tasks may help accelerate the
progress of medical knowledge acquisition. However,
humankind is still responsible for the overall research,
and LLMs should serve only as auxiliary tools rather than
real authors.75–77 This point emphasizes the notion that
the appropriate role of LLMs is augmenting rather than
replacing the cognitive processes of human beings, and
the harms of over-relying upon AI surely outweigh the
benefits.78,79

Finally, in terms of the overall healthcare of patients
with malignancies, there is still a long pathway before
LLMs can play an all-around role. Recently, a chatbot for
cancer proteomics analysis has been proposed, which
implies that molecular study based on LLMs is of po-
tential benefit to accelerate carcinogenesis mechanism
exploration.80 Moreover, another study investigated the
capability of GPT-4o mini in recognizing the causal re-
lationships between malignancies and genes; however,
how to directly identify the gene mutation in patients
remains to be studied.81 In addition, survival and prog-
nosis prediction which serve as critical components of
individualized care in oncology, have not yet been thor-
oughly studied. Another consideration is that most of the
studies described herein were more akin to explorations
than real clinical applications; thus, more comprehensive
research and large-scale multicenter prospective valida-
tions of these LLMs, as well as the implementation of a
proper resource allocation scheme especially in back-
wards regions, to make the chatbots become real clinical
assistants, are required. In addition, as medical knowl-
edge and research develop with each passing day, how to
keep the intelligence of LLMs at the frontier of
www.thelancet.com Vol 115 May, 2025
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oncological progress is a problem worthy of deep reflec-
tion.82 Ensuring the dynamics and accuracy of the infor-
mation acquisition of LLMs is of vital importance to
improve the credibility of the model output.83
Conclusion
In summary, the innovation of LLMs has remodelled the
conventional paradigm of language processing and is
swiftly blossoming in many realms. In oncology, LLMs
provide opportunities to promote precision oncology and
alleviate the health burden. However, the technical bar-
riers and application limitations of LLMs impact their
feasibility in real-world clinical settings. Therefore, to
address these bottlenecks, future in-depth research and
strict evaluations of LLMs could be conducive to realizing
personalized health care guidance for malignancy.
Outstanding questions
The emergence of LLMs has inspired the exploitation of
research and applications in various areas. In oncology,
LLM-related studies have achieved moderate to profound
performance. Going forward, it is essential to consider
issues such as accuracy improvement and scope expansion
to develop an automated system that is applicable to the
whole process of precise cancer management. In addition,
researchers must deeply reflect on the clinical translations
and realistic implementations of the new technology.
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