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Abstract

Background: In the era of data and intelligence, Artificial Intelligence (Al), especialy Large Language Model (LLM), has been
widely applied in the medical field.

Objective: The aim of this systematic review is to discuss the progress of LLM application in lung cancer, including clinical,
educational and research aspects, and to explore the potential of LLM application in the full-cycle management of lung cancer.

Methods: We searched six electronic databases according to PRISMA guidelines. Information was screened and extracted
independently by two authors according to the inclusion criteria. Quality assessment was performed using the QUADAS-2,
PROBAST and ROBINS:I toals.

Results: The literature search yielded 706 relevant studies, resulting in the inclusion of a total of 28 studies published between
2023 and 2024.LLMs are widely used in lung cancer-related tasks, including assisted diagnosis, information extraction, question
and answer science, and therapeutic decision support.ChatGPT is the most commonly used model and shows significant potential
for improving diagnostic accuracy and patient communication. The importance of cue engineering and fine-tuning in optimising
the performance of LLMs in specific clinical tasksis aso highlighted.

Conclusions: LLMs have the potential to transform lung cancer management by improving diagnostic accuracy, patient
communication and treatment planning. However, issues such as data security, ethical regulations, economic costs and clinical
validation need to be addressed and LLMs need to be used rationally as effective tools rather than misused or even replaced by
healthcare professionals.
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Abstracts

Objective:In the era of data and intelligence, Artificial Intelligence (Al), especially Large Language
Model (LLM), has been widely applied in the medical field. The aim of this systematic review is to
discuss the progress of LLM application in lung cancer, including clinical, educational and research
aspects, and to explore the potential of LLM application in the full-cycle management of lung cancer.
Methods:We searched six electronic databases according to PRISMA guidelines. Information was
screened and extracted independently by two authors according to the inclusion criteria. Quality
assessment was performed using the QUADAS-2, PROBAST and ROBINS-I tools.

Results: The literature search yielded 706 relevant studies, resulting in the inclusion of a total of 28
studies published between 2023 and 2024.LLMs are widely used in lung cancer-related tasks,
including assisted diagnosis, information extraction, question and answer science, and therapeutic
decision support.ChatGPT is the most commonly used model and shows significant potential for
improving diagnostic accuracy and patient communication. The importance of cue engineering and
fine-tuning in optimising the performance of LLMs in specific clinical tasks is also highlighted.
Conclusions:LLMs have the potential to transform lung cancer management by improving
diagnostic accuracy, patient communication and treatment planning. However, issues such as data
security, ethical regulations, economic costs and clinical validation need to be addressed and LLMs
need to be used rationally as effective tools rather than misused or even replaced by healthcare

professionals.
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Keywords:Lung Cancer; Large Language Modeling; Human-Computer Interaction; Artificial

Intelligence; Full-Cycle Management

1. Introduction

Cancer is currently a major global health challenge™ % Lung cancer is one of cancers with the
highest incidence and mortality worldwide™.The concept of holistic, full-cycle oncology health
management has been gradually implemented in the clinic. In the case of lung cancer, comprehensive
means prevention, screening, diagnosis, treatment, care and prognostic follow-up. And full cycle
refers to the division of lung cancer management into pre-cancer, cancer treatment (acute cycle) and
post-cancer (chronic cycle). This new concept of lung cancer management shifts lung cancer
treatment from disease-centred to patient-centred. This is in line with the concept of 5P medicine
(Personalized cancer medicin: Prevemtive, Predictive, Personalized, Participatory, Precision
Medicine)®™. However, there is a gap between the new concept and reality in lung cancer
management. Current research topics continue to focus on the cancer treatment cycle, such as The
Lancet 2024, which published a review discussing new perspectives and challenges in the treatment
of advanced non-small cell lung cancer’®. Although some studies have focused on lung cancer
screening in recent years, the acceptance of annual Low-dose Computed Tomography (LDCT)
screening remains low! ®.In addition, the right tools have not yet been found for the personalised
treatment of lung cancer'’.

With the continuous development of computer technology, Al has become an effective tool for
lung cancer diagnosis. For example, algorithms such as natural language processing, machine
learning and deep learning have significant applications in lung cancer diagnosis and prognosis™®. In
recent years, the emergence of LLM has reinvigorated the application of Al in healthcare™. LLM

(121 which are better

has characters such as large scale, high computational power, contextual learning
able to deeply interpret the information in the data and handle heavy clinical tasks. Thus, LLM may
have great potential to improve the full-cycle management in lung cancer. Another outstanding result
of LLMs is conversational robot, which can provide personalised information interactions for
patients and doctors in healthcare®. As such, LLM is also expected to be a novel decision support
tool for personalised diagnosis and treatment of lung cancer patients.

This study focuses on the applied research of LLMs in lung cancer. Through systematic
analysis, we summarise the overview of the applied research of LLMs in lung cancer, in terms of

application scenarios, model usage, fine-tuning methods, limitations and future directions. The aim

of this study is to explore how clinicians and researchers can better utilise the Al tools represented by

https://preprints.jmir.org/preprint/ 74177 [unpublished, non-peer-reviewed preprint]
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LLM and rationally consider the value and potential pitfalls of its application, under the requirements
of the intelligent era and 5P medicine, .
2. Methods

The study followed the PRISMA (Preferred Reporting Items for Systematic Review and Meta-
Analyses) guidelines'*. The protocol was registered on PROSPERO (CRD42024612388).
2.1 Eligibility criteria

During the study, we formulated strict inclusion and exclusion criteria according to the
problems to be solved, as shown in Table 1.We did not set a timeline for the studies.

Table 1 Inclusion and exclusion criteria

Criterion  Inclusion Exclusion
Types of Peer Reviewed Journals Books and book chapters; Letters; Reviews;
studies Conference proceedings; Journal articles that

are not published in Peer Reviewed Journals
Content Content involves LLMs and LC  Neither LLMs nor LC
Outcomes Including original data, and LC- No original data, and LC-related data are not
related data are presented presented separately
separately
Language English Non-English
Notes: LL.Ms: Large Language Models; L.C: Lung Cancer.

2.2 Data sources

We identified eligible studies by searching six electronic databases, including PubMed, Web of
Science, IEEE, Embase, Cochrane Library, and Scopus. The final search was run up to January 1,
2025.
2.3 Search strategy

The search string was structured as follows: ((large language model) OR (LLM) OR (Chat
GPT) OR (chatGPT)) AND ((lung cancer) OR (lung tumor) OR (pulmonary ground-glass) OR (lung
malignancy) OR (lung carcinoma) OR (lung metastasis) OR (lung metastatic) OR (pulmonary
metastatic) OR (pulmonary metastasis)).
2.4 Selection process

Endnote X9.3.3 (Bid 13966) software was used to check all references and remove duplicates.
Two authors (RZ, SC) screened the titles and abstracts independently, and subsequently screened the
full text independently according to the inclusion and exclusion criteria. Any disagreement during the
selection process was resolved by discussion, with arbitration by the third author (ZL) if necessary.
2.5 Data collection process

The data collection process was completed by the two authors (RZ, SC). All information
extracted from the main text, tables, charts and appendices was annotated using the Excel of WPS

office (12.1.0.18608).

https://preprints.jmir.org/preprint/ 74177 [unpublished, non-peer-reviewed preprint]
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2.6 Data items

The data extraction table included: title, the first author, publication year, study design, LLM
devices, application scenarios, intervention, prompt engineering, input, output, outcome measures,
safety measures and limitations.
2.7 Quality appraisal

To properly assess the quality of the included studies, we decide to use mixed methods,
following Mahmud Omar's approach™. We chose the appropriate quality assessment tools based on
the application of LLMs in different studies. For studies in which LLMs were primarily applied to
lung cancer diagnosis or lung cancer staging, we used QUADAS-2(Quality Assessment of
Diagnostic Accuracy Studies-2)"®. For studies in which LLMs were primarily applied to predict lung
cancer-related information, we used PROBAST(Prediction model Risk Of Bias ASsessment Tool)!'®!.
For studies in which LLMs were mainly applied to knowledge quizzing and information extraction,
we use ROBINS-I(Risk Of Bias In Non-randomised Studies - of Interventions)"”. As the form and
content of studies related to LLMs were different from traditional clinical trials, we modified the
entries of each scale appropriately according to the actual situation of the study and the research
purpose of this review. The quality assessment was carried out back-to-back by two researchers (SC,
Z1) and, in the case of controversial content, by a third researcher (RZ) in order to deliberate jointly
on the decision. See supplimentrary materials for details.
2.8 Synthesis methods

Meta-analysis was not planned in this review. We conducted a mixed approach including
quantitative and qualitative analysis for final data synthesis. We mainly used WPS and the website
( BioRender.com). for graphing.
3. Results
3.1 Search results

In this study, a total of 706 references were retrieved, and 28 studies were finally included after

screening. The specific screening process is shown in Figure 1.

https://preprints.jmir.org/preprint/ 74177 [unpublished, non-peer-reviewed preprint]
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Figure 1 Flowchart (produced according to the PRISMA 2020 flow diagram)
3.2 Basic information of included sources

All the included sources were published in 2023 and 2024, of which 7 were published in 2023
and 21 were published in 2024. There were 13 studies from the USA (the United States of America),
3 from Korea, 3 from Germany, and 3 from China. Other studies were from India, Turkey, Japan,
Greece and the Netherlands. There were 5 conference papers and 4 preprinted journals. See Table 2

for details.
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Table 2 Summary of included sources

Study
Kriti 20241

Hyeongmin

2024

Reza 2024

Arti 202421

Dong 2024

Fabiana
20243

Ferrari 2024
Matthias
20231

Adem 2024
Hana 2023""

Hu 2024

Hu 2024b"™

Huang 2024
James 20245
Sangwoon
2024832
Koichiro
2024

Wang 202454

Gopi 2024

Julian 2023"¢

Amir 2023""

Qu 20245

Dimitrios
202339
Niu 2024

Narmada
2023[41J
Sneha 2024

Country
USA

Korea

Germany

India

USA

USA

USA

Germany

Turkey

USA

China

China

USA

USA

Korea

Japan

USA

India

Germany

USA

China

Greece

USA

USA

Netherla

Title

Leveraging GPT-4 for identifying cancer phenotypes in electronic health
records: a performance comparison between GPT-4, GPT-3.5-turbo, Flan-
T5, Llama-3-8B, and spaCy’s rule-based and machine learning-based
methods

Extracting lung cancer staging descriptors from pathology reports: A

generative language model approach

Evaluating ChatGPT-4V inchest CT diagnostics: a critical image
interpretation assessment

Automating Clinical Trial Eligibility Screening: Quantitative Analysis of
GPT Models versus Human Expertise

Large-language-model empowered 3D dose prediction for
intensity-modulated radiotherapy

An example of leveraging Al for documentation:

ChatGPT-generated nursing care plan for an older adult

with lung cancer

Evaluating ChatGPT as a Patient Resource for Frequently Asked
Questions about Lung Cancer Surgery—A Pilot Study

Potential of ChatGPT and GPT-4 for Data Mining of

Free-Text CT Reports on Lung Cancer

Readability analysis of ChatGPT’s responses on lung cancer

Use of ChatGPT, GPT-4, and Bard to Improve Readability of ChatGPT’s
Answers to Common Questions About Lung Cancer and Lung Cancer
Screening
Zero-shot information extraction from radiological reports using
ChatGPT

The Power of Combining Data and Knowledge: GPT-4o is an Effective
Interpreter of Machine Learning Models in Predicting Lymph Node
Metastasis of Lung Cancer

A critical assessment of using ChatGPT for extracting structured data
from clinical notes

Physician Assessment of ChatGPT and Bing Answers to

American Cancer Society’s Questions to Ask About

Your Cancer

The Prediction of Stress in Radiation Therapy:Integrating Artificial
Intelligence with Biological Signals

Fine-Tuned  Large Model Patients

Language for Extracting

on Pretreatment  for Lung Cancer  from a Picture  Archiving
and Communication System Based on Radiological Reports

Scientific figures interpreted by ChatGPT:strengths in plot recognition
and limits in color perception

Improved Lung Cancer Detection through Use of Large Language
Systems with Graphical Attributes

ChatGPT: Can You Prepare My Patients for [18F]FDG PET/CT and

Explain My Reports?

How AI Responds to Common Lung Cancer Questions: ChatGPT versus
Google Bard

The Rise of AI Language Pathologists: Exploring Two-level Prompt
Learning for Few-shot Weakly-supervised Whole Slide Image
Classification

Evaluation of ChatGPT-supported diagnosis, staging and treatment
planning for the case of lung cancer

Cross-Institutional Structured Radiology Reporting for Lung Cancer
Screening Using a Dynamic Template-Constrained Large Language
Model

Applying Large Language Models for Causal Structure Learning in Non
Small Cell Lung Cancer

Transfer learning with BERT and ClinicalBERT models for multiclass

https://preprints.jmir.org/preprint/ 74177

Device
GPT-4, GPT-3.5-turbo, Flan-T5, Llama-3-
8B, spaCy

Llama-2-7B, Mistral-7B, Deductive Llama-
2-7B (Orca-2), Mistral-7B
(Dolphin), AWS Llama-2-70B, AWS Titan

Deductive

express

ChatGPT-4V

GPT-3.5-turbo

LLAMA-2

ChatGPT

ChatGPT3.5

ChatGPT, ChatGPT 4

ChatGPT-3.5-turbo

ChatGPT, ChatGPT 4, bard

ChatGPT

GPT-4

ChatGPT-3.5-Turbo-16k

ChatGPT 3.5,Bing Al

ChatGPT 4.0/3.5

Transformers Japanese model

GPT-4V

NR

ChatGPT

ChatGPT-3.5, Google Bard experimental

version

GPT-4

ChatGPT

lama-3.1 (8B, 70B, 405B), Qwen-2 (72B),
Mistral-Large (123B)

NR

BERT, Clinical BERT

Zhong et d

Key Takeaway
Extracted phenotype information of

NSCLC

Determine clinical stage LC

Read CT slices for LC diagnosis

Classify patients for clinical trial
eligibility by pathology reports
Predict the radiation dose

Generate effective care plan
recommendations for elderly LC
patients

Answers to questions about LC and
its surgery

Extract data according to the
original lung CT report

Answer questions related to LC
Answer questions about LC and

LCs

Extract CT report information of
LC
Predict lymph node metastasis in

patients with LC

Evaluate the stage and histological

type of LC
Answer the patient's general LC
questions
Predict the stress response of

patients undergoing radiotherapy

Extract pretreatment L.C present

Interpret the K-M survival analysis
chart

Interpret medical information and
diagnose LC

Answer questions related to
common clinical indications for
[18F]FDG PET/CT

Answer questions about LC
terminology

Acquire pathological knowledge of

LC

Diagnosis of LC and its staging

Create structured and standardized

LCS reports

Extract data to generate DAG
graph

Classification of cancer types

[unpublished, non-peer-reviewed preprint]
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nds classification of radiology imaging reports
Lyu 2023 USA Translating radiology reports into plain language using ChatGPT ChatGPT
and GPT-4 with prompt learning: results, limitations, and potential
Kyeryoung USA SEETrials: Leveraging Large Language Models for Safety and Efficacy =GPT-4
202444 Extraction in Oncology Clinical Trials

Jong 20241 Korea Lung Cancer Staging Using Chest CT and FDG PET/CT Free-Text ChatGPT (gpt-40, GPT-4, GPT-3.50)
Reports: Comparison Among Three ChatGPT Large-Language Models
and Six Human Readers of Varying Experience

Notes: LC: Lung Cancer; LCS: Lung Cancer Screening; NSCLC: Non-small-cell lung cancer.

Zhong et d

Translate the radiology report

Extract safety and efficacy
information from study abstracts

LC staging
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3.3 Prompt Engineering and Model Training

Prompt Engineering plays a crucial role in the training of LLMs. It is the focus
of specifics that is often discussed in LLM study. Therefore, we summarized the
training process of prompt engineering, inputs, outputs, and outcome metrics from the
included studies (Table 3). It can be seen that 16 studies explicitly demonstrated their
use of prompt engineering, but the remaining 12 studies did not. Most of the prompt
engineering used in LLM in lung cancer applications is still relatively primitive, with
prompt frames and direct instructions dominating. Methods such as Zero-shot (Kriti
2024) and reverse prompt engineering (Dimitrios 2023) can also be seen. The
surprise, however, is that with the development of LL.Ms’ image analysis capability,
LLMs are gradually being applied in the lung cancer field to the analysis of statistical
images, radiological images and other highly specialised images, in addition to text
processing. The outcome indicators are based on confusion matrices and rating scales,
mostly compared to artificially created gold-standard answers, or by two or more
experts judging the results separately. Some studies will also focus on the time and
economic cost of generating results for LLMs.

Table 3 Prompt Engineering and Model Training

Study Prompt method/content Model input Model output Outcome indicators
Kriti 20248 zero-shot prompt segmented text and Phenotypic information Accuracy, recall rate,
zero-shot prompt (cancer staging, cancer FI score, generation
treatment), evidence of time, operating costs
cancer recurrence, and
organs affected by
cancer recurrence
Hyeongmin morphology group Segmented 42 lung cancer staging Macro FI  score,
202419 pathological report descriptors; TN accurate  matching
classification ratio, accuracy
Reza 2024™" Not mentioned CT images of lung Diagnosis of lung Accuracy, sensitivity,
window cancer (yes or no) specificity
Arti 2024 Not mentioned Unprocessed raw Whether the patient is Accuracy compared
dataset qualified for to manual
enrollment (yes or no) classification
Dong 2024%*  Clinical physician CT images DVH (Radiation Dose Mean absolute error
commands (findings, Volume Histogram) (MAE) of Dmax,

https://preprints.jmir.org/preprint/ 74177
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Fabiana

2024

Ferrari 202424
Matthias
2023

Adem 20248

Hana 2023

Hu 2024

Hu 2024b%

treatment  goals, and

precautions)

Patient’s needs framework
(Situation/  Background,
Physical, Safety,
Psychosocial, Spi
ritual/Culture, Nursing
Recommendation)

Not mentioned

25 original lung cancer CT
reports used to prompt

training

Not mentioned

Not mentioned

Prompt template,
including an IE command,

a question form, extraction

requirements, and some
relevant medical
knowledge

Prompt templates,
including roles, tasks,
patient data, machine

https://preprints.jmir.org/preprint/ 74177

Medical records,

needs framework,

problem prompts

Questions
original lung cancer

CT reports

Questions

Questions

CT reports and prompt

template

Prompt templates

Care plan

Answers
Tumor information
includes tumor lesions,
metastatic sites, tumor
impression assessment

(deterioration, stability,

improvement), and
interpretation

Answers

Baseline responsesr
and simplified
responses

Answers to the

question form

Prediction results of
lymph node metastasis

in lung cancer

[unpublished, non-peer-reviewed preprint]
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Dmean, D95, and D1
between actual and
predicted plans

The number of items
that match the gold
(16
including NANDA,
NOC and NIC)

standard tags

5-point Likert scale
McNemar test,
accuracy, 5-point

Likert scale

Flesch Reading Ease
(FRE) formula,

fesch-kincaid grade

level (FKGL),
gunning FOG
formula, SMOG
index, Automated
readability index

(ARI), Coleman-Liau

index, Linsear write

formula, Dale-Chall
readability score,
Spache  readability
formula

Reading Ease Score,
readability, clinical
appropriateness

Accuracy, precision,
recall rate, and F1

score

AUC, AP (average
precision of three

repetitions)
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Huang 20245

James 20245
Sangwoon

2024

Koichiro

2024

Wang 202454

Gopi 2024

Julian 20235

Amir 202357

Qu 2024°

Dimitrios

20231

Niu 2024

Narmada

learning model results and
instructions
Prompt templates,
including clinical staging
introduction and

Instructions

Not mentioned

Not mentioned

Not mentioned

instruction

Not mentioned

Regeneration-response

function repeated three
times for training

Not mentioned

Guide GPT-4 to visually
describe complex medical
concepts

Build and refine prompts
based on the returned

answers

Not mentioned

Codeinterpreter

https://preprints.jmir.org/preprint/ 74177

Pathology reports and

prompt templates

Questions
Biological signals
before  radiotherapy

and instructions
Clinical  indications
and  diagnosis  of

radiological reports

Kaplan Meier (K-M)
curves generated
based on gene
expression data and
survival information

Images, symptoms,
clinical prescriptions

Questions

Questions

Questions(text)

Symptom description

CT imaging

Electronic medical

Tumor size, tumor
characteristics, lymph
node involvement,
histological
classification, clinical
staging

Answers

Prediction results of

biological signals and

stress response during

radiotherapy
Patient grouping
(Group 0: no lung

cancer, Group 1: lung
cancer  pre-treatment
present, Group 2: after

lung cancer treatment,

Group 3: planned
radiotherapy)
Analysis and

Interpretation of K-M

curves

Diagnosis of lung
cancer (yes or no)

Answers

Answers

Answers

Diagnosis and
treatment plan for lung
cancer
Standardized and
structured radiological
reports

directed acyclic graph

[unpublished, non-peer-reviewed preprint]
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Accuracy, average
precision, F1 score,

Kappa, recall rate

Self rating
Accuracy, recall rate,

precision, F1 Score

Overall accuracy,
sensitivity,
consistency, AUC,

classification time

Overall accuracy,
Accuracy under each

category

Accuracy, recall rate,
F1 score, AUC
Self rating

Accuracy,
consistency

AUC

Self drafted standards

F1 score, confidence
interval, = McNemar
test, and z-test

Bdeu score
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2023[41]

Sneha 2024/

Lyu 2023%

Kyeryoung
202414
Jong 20241

plugin(developed by
OPEN Al)

Not mentioned

instruction

Prompt templates

instruction

https://preprints.jmir.org/preprint/ 74177

records, genomic data

radiological reports

radiological reports

Journal abstract

Chest CT and FDG
PET/CT reports

Classification results of

lung cancer

Report translation and

suggestions

Details of clinical trials
in the article

The maximum size of
the primary tumor,

local invasion, satellite

lesions, metastatic
lymph nodes,
intrathoracic and
extrathoracic

metastases, and TNM

staging diagnosis

[unpublished, non-peer-reviewed preprint]
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AUC, F1 score,

accuracy, recall rate,,

precision
Self score, report
completeness and
accuracy

Accuracy, recall rate,
F1 score

Accuracy, recall rate,
F1 score, average
task completion time,

misreading rate
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3.4 Quality appraisal

We categorized the included studies according to their different research
purposes and assessed the quality of these studies with corresponding assessment
scales. We evaluated 3 predictive studies with PROBAST (Figure 2A, Supplementary
Table 1). These three studies had no significant bias in data source, study population
and research methodology, and their applicability was good. However, they may have
a high risk of bias in terms of predictors and outcomes.

We evaluated 10 diagnostic studies with QUADAS-2 (Figure 2B, Supplementary
Table 2), which showed that the applicability of these 10 studies was good, but the
risk of bias was unclear.

We assessed 15 intervention trials with ROBINS-I (Figure 2C, Supplementary
Table 3). These studies had a low risk of bias in participant selection and outcome
measurement, but had an unclear or high risk of bias in other aspects.

3.5 Other aspects

In addition, we counted whether the study mentioned human intervention in the
research process, data security measures, and study limitations. We found human
intervention in most trials. Six studies explicitly stated that they had initiatives related
to data security issues, but 22 studies made no mention of this. 20 studies discussed

the limitations of their study, but 8 did not. More details in Table 4.

Table 4 Other information

Human Intervention Limitations Data Security
Y 26(92.86%) 20(71.43%) 6(21.43%)
N 2(7.14%) 8(28.57%) 22(78.57%)

M
Notes: Y: Yes; NM: Not Mentioned.
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Figure.2 A The quality appraisal for 3 predictive studies with PROBAST. B The quality
appraisal for 10 diagnostic studies with QUADAS-2. C The quality appraisal for 15

intervention trials with ROBINS-I.
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4. Discussion

With the advancement of hard drives and semiconductors, the capabilities of big
data storage and dataset-based computer modeling have become more potent, paving
the way for the goal of computers that can simulate human interaction'®. In tandem,
Al technology and large language models have emerged and rapidly evolved, finding
applications across various disciplines'*”. The field of lung cancer, being one of the
world's challenges, is no exception. Systematic reviews are a common method of
analysis, and scientific systematic reviews can provide evidence-based support for
health care'*® Evidence synthesis is a pivotal instrument in the realms of evidence-
based medicine and policy development, particularly in an era characterised by the
proliferation of scientific publications and journals’. In this study, the included
literature was systematically analysed and quality assessed using the systematic
review method, with a view to providing a detailed and comprehensive discussion of
the application of LLMs in lung cancer.
4.1 Applications of LLMs in lung cancer

The findings of this study demonstrate that LLMs possess a broad spectrum of
applications in the domain of lung cancer. These applications can be classified into a
total of seven distinct categories, namely: auxiliary diagnosis!'® 2% 2! 2% 30, 33 35, 38, 39, 42, 45]
information extraction® 2 2% 40 4L 43 441" question answering!?* 2+ 2% 7 3L 3% 36 37],
scientific research® *!, science education 2% %7313 %1 ajded nursing® and treatment
decision***?, (Figure 5).

The largest number of studies is in the application of auxiliary diagnosis'® 2% - %
30,33, 35,38, 39, 42 41 gch as assisted lung cancer diagnosis and clinical staging. Early
diagnosis of lung cancer can effectively improve its survival rate"®” Most studies have
shown the efficacy of LLMs in enhancing the precision of lung cancer detection.
LLMs are anticipated to play a pivotal role in facilitating clinical decision-making

processes and lung cancer staging. At present, the primary applications of LLMs in

the field of lung cancer diagnosis are centred on the analysis of textual data and the
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interpretation of image data. Trained imaging physicians working with the assistance
of LLMs can significantly reduce the cost of CT interpretation and the workload of
radiologists in lung cancer screening programmes'®". However, the findings of Jong
20241 also suggest that the utilisation of LLMs as a surrogate for medical
professionals in the staging of lung cancer is not substantiated, emphasising the
necessity for further research and validation.

ChatGPT is a representative conversational LLM that performs various complex
natural language processing (NLP) tasks, including translation and question-

[52]

answering™. [] Consequently, a growing body of research has been dedicated to

evaluating the efficacy of LLMs in knowledge quizzes related to lung cancer!?* * % 2".
31,3436 371 Studies have generally recognised that LLMs have the potential to serve as
significant sources of information for lung cancer patients in the future. However,
there is still a need to enhance the accuracy and consistency of LLMs, and they
require expert oversight. It is important to acknowledge that the majority of LLMs are
not exclusively developed for healthcare applications. They are predominantly trained
using public databases, which results in knowledge gaps concerning specialised
domains of lung cancer. In order to utilise LLMs on a large scale in a lung cancer
quiz, it is first necessary to establish a more specialised and granular database. In
addition, the implementation of expert supervisory intervention is required to ensure
the accuracy and appropriateness of the models for individual patients'®®,

LLMs can extract clinically relevant information by applying NLP™.
Consequently, a number of studies have employed LLMs for the purpose of
information extraction from lung cancer-related medical records or reports!'® 2> 2% 40 4.
444 The studies concluded that LLM has great potential for medical data mining.
The task of extracting features from large amounts of unstructured text is inherently a
difficult, labour-intensive and time-consuming task™ In clinical work, healthcare
workers spend a lot of time searching for feature data that can be used for disease

diagnosis and treatment from cumbersome free-text information, which reduces the

efficiency and the time they can spend with patients. The advent of LLMs has paved a
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new path for the challenge of extracting clinical feature information®®. However, in
information extraction, LL.Ms also have a number of deficiencies, such as insufficient
extraction performance for complex tasks, the existence of illusions, etc. Further
research and improvement are needed in the future.

Furthermore, LLMs have also been employed in the context of lung cancer
research™ *!, aided nursing'® and treatment decision®* *?, In summary, the present
application of big language modelling in lung cancer involves scientific research,
education, clinical and other fields, and the beneficiary population has expanded from
doctors to patients, researchers and the general public. However, based on the concept
of holistic, full-cycle oncology health management, the current research on LLMs is
less involved in the application of prognostic follow-up (post-cancer) for lung cancer.
Prognostic follow-up of lung cancer includes assessment of post-treatment symptoms,
life quality, psychological assessment, review intervals, and social counselling™”, It
can be said that prognostic follow-up is the link that truly embodies the concept of
patient-centred 5P medicine®®®. Prognostic follow-up involves complex work,
personnel and data. Achieving accurate follow-up for each lung cancer patient with
limited healthcare resources is challenging. Furthermore, the process contains private
information such as patients' contact information, which current LLMs cannot
autonomously process in accordance with ethical requirements. Consequently,
following further enhancement of arithmetic capabilities, expansion of functionality,
and fortification of information security processing, LLMs have the potential to serve
as a potent auxiliary instrument in the management of lung cancer patients,

facilitating precise follow-up procedures.
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Figure 3 Applications of LLMs in lung cancer
4.2 Representative LLMs: ChatGPT

LLMs have developed rapidly since their introduction in 2019, particularly
following the emergence of ChatGPT-3. This development has garnered significant
attention from the community, leading to the establishment of individual LLMs by
companies and subsequent iterations of these models®®. Our systematic review found
that a variety of studies have opted for disparate LLMs. Furthermore, a significant
number of studies have conducted comparisons of the application of multiple LLMs.
On the one hand, it is evident that the various versions and functions of LLMs all
have the potential for application in lung cancer. Conversely, the diversity of LLMs
complicates the selection process for researchers, and the utilisation of diverse models
may influence the study's outcomes.

Of the studies that were included in this analysis, 21 employed the GPT family.
As for the application of lung cancer quiz, scholars all used ChatGPT to conduct their
research. ChatGPT, the LLM with the largest number of users in the world, has

demonstrated its superior arithmetic power, extensive knowledge database, and

Zhong et d
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notable dialogue and reasoning capabilities. It is also the most researched LLMs at
present. Several studies'® ®" % have evaluated the performance of the ChatGPT and its
updated version on the United States Medical Licensing Examination (USMLE). The
findings indicate that ChatGPT is able to achieve or come close to a passing score,
demonstrating its capacity to encompass a substantial breadth of medical knowledge.
It also shows higher accuracy in performance comparisons with other LLMs!® 4,
This may be the reason why researchers conducting LLM studies in the field of lung
cancer would first choose ChatGPT. However, ChatGPT also suffers from the
problem that the training data is not updated in a timely manner, and that facts can be
fictionalised in knowledge domains other than the training date'®'. And as a general-
purpose macromodel, it does not seem to have an advantage in clinical text
categorisation'®, medical question and answer tasks'®” and clinical prediction tasks'®®
compared to macromodels designed specifically for clinical applications.
Consequently, the provision of timely, realistic, and targeted high-quality training data
is imperative to enhance the efficacy of LLMs in the domain of lung cancer
research.The implementation of generic macromodels, such as ChatGPT, necessitates
meticulous fine-tuning and optimisation for specific clinical and research
applications. In addition, the integration of alternative LLMs should be encouraged.
4.3 Man-on-the-loop application model

The concept of 'human-on-the-loop' can be defined as a model of human-
computer hybridisation, whereby humans are involved in the decision-making or
learning process of an Al system. In this model, humans interact with the system to
establish a closed-loop feedback mechanism. It emphasises the role of humans in
supervising, correcting or optimising computers'®. Despite the pervasive utilisation
of LLMs in daily life, they are still subject to professional supervision and
intervention””. They are not yet able to work completely independently in the face of
complex and rigorous clinical tasks as well as legal and ethical requirements"”". The
28 studies included in this paper were evaluated by medical professionals who

performed the assessment of the model outputs. The assessment method employed is
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either a direct evaluation of accuracy by an expert, a comparison with a gold standard
developed by an expert, or a judgement given by a clinician. This ‘human-on-the-
loop’ application model emphasises the collaboration between humans and LLMs,
rather than substituting for one or the other. Collaboration is manifested both in LLMs
assisting humans to improve their original productivity, and in humans improving the
accuracy of LLM through cue engineering, evaluating feedback.

Prompt engineering is the process of designing and optimising input prompts to
guide LLMs in generating task-specific high-quality outputs. It is the most common
method of optimising the performance of a general-purpose LLMs for a specific
domain or a specific task”?, and it also represents the fundamental aspect of reflecting
the 'human-on-the-loop' model. 12 of the included studies did not explicitly state the
prompting works. The prompting works were mostly simple quizzes used for science
education, with only concise and direct questions or instructions for LLM, such as
'What are the clinical staging criteria for lung cancer?' 16 studies explicitly described
the method or content of prompting for LLM. Among them, the more used are prompt
templates and fine tuning (fine tuning). The prompt template will add roles, case
examples, task requirements, some lung cancer speciality knowledge and formatting
requirements'”?. For example, ‘You are an oncologist with more than 10 years of
experience, please summarise the clinical staging and tumour characteristics of this
lung cancer patient based on the following pathology and CT imaging report, the
tumour characteristics include tumour size, burr sign, and lymph node accumulation,
with the attached clinical staging criteria for lung cancer and typical examples.’ Fine-
tuning refers to further training the model based on pre-trained LLMs (e.g. ChatGPT,
BERT) using labelled data for a specific task or domain to adapt it to the new task”.
These two methods are more suitable for solving specific, complex tasks such as
information extraction and diagnostic prediction. In 2022, OpenAl demonstrated a
Reinforcement Learning by Human Feedback (RLHF) approach™ to align language
models with user intentions for a variety of tasks and improve model output accuracy.

This approach has been tried in the field of GI cancers and has proved to be one of the
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more promising directions for LLM optimisation'”®.
4.4 Limitations of LLMs and future directions in lung cancer

Al technology, led by generative LLMSs, has revolutionised every industry in the
last three years. From ChatGPT to DeepSeek, LLM has attracted a great deal of
attention and interest from the community. It is undeniable that LLM has significantly
enhanced the efficiency of clinical and scientific work. Nevertheless, researchers must
undertake a dispassionate evaluation of its limitations and potential areas for
enhancement.

The primary concern is data security. To illustrate this point, consider the
diagnosis and treatment of lung cancer patients, which involves the management of a
substantial amount of sensitive data, including medical history, imaging data, genomic
data, and more"”” 7%, This data is susceptible to leakage during the training and fine-
tuning of LLMs. Large datasets tend to be polycentric”®, and as such require storage
in the cloud or transfer across organisations, which increases the risk of data being
hacked or used maliciously. It is evident that disparate countries and regions have
established divergent security requirements for healthcare data (for instance, the
GDPR™® in the European Union and the HIPAA®" in the United States). The
globalised application of LLMs may encounter intricate compliance issues. Google
DeepMind and the National Health Service (NHS) had collaborated on an Al tool for
acute kidney injury prediction®. However, the collaboration has sparked controversy
over the use of 1.6 million patients’ medical data without full authorisation. In
addressing the primary concern of data security, researchers have proposed a range of

solutions, including data anonymisation and de-identification®™ ¥, federated

[85, 86] [87]

learning , differential privacy'®’, data encryption and access restrictions'®®, etc.
These researchers will continue to advocate for technological enhancements and
regulatory improvements to enhance the protection of patient data. It is noteworthy
that merely six of the studies included in this paper explicitly proposed specific
measures to address data security, thereby suggesting that researchers may have

inadvertently overlooked or deliberately avoided addressing this issue when
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employing LLMs.

The second issue that requires attention is that of ethical regulations. LLMs are
prone to illusions™' and biases® that result in the propagation of misinformation,
with potentially alarming ramifications in medical contexts. Patients are not fully
convinced by the diagnostic and therapeutic advice given by LLMs. It is also unclear
who is responsible if LLM gives the wrong advice that leads to bad results for
patients’®. That ethical issue is the biggest reason why Al can't get independent
prescribing rights. It is also important to consider whether patients are given enough
information and give their permission for their data to be used to train LLMs'®.
Consequently, the establishment of legislation and regulations on a global scale
should be encouraged to elucidate the allocation of responsibilities in the
implementation of AI in healthcare. Setting the ethical framework with different
healthcare scenarios application needs and patient acceptability thresholds to target
the use of LLM™. At the same time, human supervision of models can be enhanced
by optimising model decision-making and fine-tuning modules, and by increasing
model transparency and physician participation.

Finally, there is the issue of accessibility of LLM clinical applications. On the
one hand, independent development of LLMs requires a large amount of data
resources and cost budgets. Most hospitals choose to privately deploy commercially
available open-source LLMs and integrate them into their existing healthcare systems.
This requires additional hard and software support and a professional technical team
with continuous updating and maintenance®, which is still difficult for primary
hospitals with limited conditions. Conversely, the accuracy of AI needs to be
clinically validated in a multi-centre, prospective manner'®”’. However, the majority of
current applications of LLM in lung cancer remain in the experimental stage, lacking
large-scale clinical validation and long-term follow-up data. This, in turn, engenders
patient scepticism regarding AI systems, thereby impacting their application and
promotion in clinical practice. To address these two aspects, we can develop

lightweight vertical models for the lung cancer domain only and actively seek
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government funding to reduce training and deployment costs. Multi-centre and large
sample clinical trials should be conducted to provide high-quality training data,
thereby enhancing the accuracy of the model and ensuring the safety and effectiveness
of the model. At the same time, LLM should be selected to prioritise the application
of the aforementioned links, which LLM is proficient in and which pose minimal risk
to patients' health. These include the registration code'®®, screening'®”, and prognostic
follow-up™®® of lung cancer patients, which can enhance the information cycle and
systematic management under the concept of 5P medicine of lung cancer.
5. Limitations of this systematic review

This systematic review covers studies up to January 1, 2025. Due to the rapid
evolution of LLM research and model updates, some recent findings may not be
included. To mitigate this, we expedited publication and incorporated additional
recent studies for discussion. Although six databases were searched, relevant studies
outside these sources may have been missed. Additionally, restricting the review to
English-language articles may limit generalizability, though only two non-English
studies were excluded during screening. Unlike traditional systematic reviews of
clinical interventions, quality assessment here varied by application scenario, with
some metrics relying on subjective judgment. To reduce bias, two researchers
independently conducted assessments, with discrepancies resolved by a third reviewer
to ensure credibility.
6. Conclusions

In summary, our systematic review provides an overview of the applications and
research of LLMs in lung cancer, alongside a quality assessment. LLMs can assist
physicians in interpreting test reports, providing diagnostic and treatment
recommendations, and supporting education, research, and public outreach. The
application of LLMs holds promise for optimizing the efficiency of comprehensive
lung cancer management and improving the healthcare service environment.
However, researchers should also distance themselves from the hype and bandwagon

effect surrounding Al, acknowledging the existing safety concerns and limitations of
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LLMs. While strengthening regulations and human oversight, efforts should be made
to address technical shortcomings and develop specialized large models for lung

cancer and healthcare.
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