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SUMMARY
Large language models have shown efficacy across multiple medical tasks. However, their value in the
assessment of longitudinal follow-up computed tomography (CT) images of patients with lung nodules is un-
clear. In this study, we evaluate the ability of the latest generative pre-trained transformer (GPT)-4o model to
assess changes in malignancy probability, size, and features of lung nodules on longitudinal CT scans from
647 patients (547 from two local centers and 100 from a public dataset). GPT-4o achieves an average accu-
racy of 0.88 in predicting lung nodule malignancy compared to pathological results and an average intraclass
correlation coefficient of 0.91 in measuring nodule size compared with manual measurements by radiolo-
gists. Six radiologists’ evaluations demonstrate GPT-4o’s ability to capture changes in nodule features
with a median Likert score of 4.17 (out of 5.00). In summary, GPT-4o could capture dynamic changes in
lung nodules across longitudinal follow-up CT images, thus providing high-quality radiological evidence to
assist in clinical management.
INTRODUCTION

Large language models (LLMs), such as Chat generative pre-

trained transformer (GPT) and Gemini, have stimulated the surge

of natural language processing techniques that allow text

comprehension and human-like response generation.1 Prior

LLMs have shown the potential to interpret radiological images,

thus aiding in the detection of anomalies and making diagnostic

decisions.2–4 GPT-4o, which is the latest visual LLM released in

May 2024 by OpenAI, expands these capabilities to encompass

the processing of images, audio, and video, highlighting its po-

tential use in multimodal medical applications. However, the

use of video processing based on visual LLMs in clinical settings

remains unexplored.

In the context of computed tomography (CT) image-based

lung cancer analyses, advancements in deep learning (DL)

have significantly impacted tumor screening and diagnosis.5,6

A convolutional neural network (CNN)-based DL algorithm

was developed to assess malignancy risk from low-dose CT

scans, yielding an area under the curve (AUC) of 0.93.7 Ardila

et al. constructed a three-dimensional CNN model to analyze

consecutive CT images for cancer risk prediction, achieving
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an AUC of 0.94.8 In addition, a previous study reported no sta-

tistical significance between radiomics and a CNN model for

lung nodule diagnosis; however, an increase in diagnostic ac-

curacy was observed when the CNN model was integrated

with clinical features.9 The reader study of the aforementioned

research using radiologists’ assessments showed that,

compared with clinical experts, the two DL algorithms7,8

achieved better results when analyzing the CT examinations.

However, the output from DL models often lacks interpretable

reasoning, presenting challenges for clinical adoption despite

proven performance metrics.10 This limitation stems from the

complex nature of DL algorithms,11 where the internal deci-

sion-making process remains largely obscure to end users.

Although traditional clinical reasoning follows clear diagnostic

pathways that physicians can explain to patients, DL models

typically provide predictions without revealing the specific

features or patterns that led to their conclusions.

Recently, GPT models have shown the potential to auto-

matically label oncological phenotypes and determine TNM

stages based on radiology reports.12–14 However, the ability

to dynamically measure changes in the lung nodule size and

characteristics across serial CT images is paramount to
rch 18, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
NC license (http://creativecommons.org/licenses/by-nc/4.0/).
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assessing the progression of the malignancy risk and guiding

timely clinical interventions, particularly for early-stage lung

cancer.15,16 Substantial clinical evidence has suggested a

correlation between an increasing nodule diameter and the

likelihood of malignancy.17,18 Therefore, tracking dynamic

nodule changes via follow-up CT evaluations provides insights

that are valuable for the estimation of the potential malignancy

risk.19 Currently, this process necessitates a manual review of

each subsequent CT image by radiologists; therefore, the

assessment of nodular changes is time-consuming and sus-

ceptible to interobserver variability. This variability is particu-

larly pronounced when subtle but crucial details, such as

small bronchi involvement or vascular penetration—which

are key indicators of malignancy progression—are present

on an interim CT scan.20,21 Automation of the assessment of

dynamic changes in nodular characteristics could significantly

enhance radiological efficiency and facilitate the early detec-

tion and timely management of patients at high risk for lung

cancer.

This study aimed to leverage the advanced capabilities of

GPT-4o to estimate the probability of lung nodule malignancy

and dynamic changes in the nodule size and characteristics

using longitudinal CT follow-up images of individual patients.

By simulating the visual inspection procedures used by radiol-

ogists when reviewing videos of CT images, this study sought

to evaluate the capacity of GPT-4o to accurately assess

nodule characteristics over time and determine the potential

of GPT-4o to enhance both diagnostic accuracy and effi-

ciency in the context of lung cancer screening and clinical

monitoring.

RESULTS

Patients
This multi-center retrospective study aimed to evaluate the per-

formance of GPT-4o in detecting changes in malignancy proba-

bility, size, and features of patients with lung nodules on longitu-

dinal CT follow-up images. The study flowchart with an example

participant is shown in Figure 1. A total of 647 patients were

retrospectively enrolled. Of these patients, 278 (140 benign

cases; 138malignant cases; mean age, 57 years; SD, 11.4 years;

89men [32.0%]) were from the C1 dataset (Shengjing Hospital of

China Medical University), 191 (92 benign cases; 99 malignant

cases; mean age, 60 years; SD, 10.4 years; 72 men [37.7%])

were from the C2 dataset (the Fourth Affiliated Hospital of China

Medical University), 100 (76 benign cases and 24 malignant

cases; mean age, 62 years; SD, 4.8 years; 64 men [64.0%])

were from the National Lung Screening Trial (NLST) dataset,

and 78 (mean age, 50 years; SD, 13.0 years; 51 men [65.4%])

were from the local lung cancer screening (LLCS) dataset (Ta-

ble 1; Figure 2).

The patients enrolled in this study underwent a mean of 2.8

(SD, 1.2; range 2–10) CT examinations and an average follow-

up interval of 286.2 days (SD, 491.2 days). The median tumor

sizes of patients from the C1, C2, LLCS, and NLST datasets

were 9.0 mm (interquartile range [IQR], 7.0–13.0), 9.5 mm (IQR,

7.0–14.0), 5.2 mm (IQR, 3.6–9.3), and 5.0 mm (IQR, 4.0–7.5),

respectively, according to the initial CT images.
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Evaluation of GPT-4o’s diagnosis regarding the
estimation of nodule malignancy
For the C1 and C2 datasets, the AUCs for the lung nodule malig-

nancy estimations byGPT-4o based on only the first CT scan im-

ageswere 0.75 (95%confidence interval [CI], 0.71–0.80; 278/278

patients) and0.69 (95%CI: 0.64–0.74; 191/191patients), respec-

tively. When data from the first two follow-up evaluations were

used, the AUCs improved to 0.86 (95% CI, 0.82–0.90; 278/278

patients, p < 0.001, DeLong test) and 0.88 (95% CI, 0.83–0.92;

191/191 patients, p < 0.001, DeLong test), respectively. The

AUCs increased to 0.87 (186/278 patients, p < 0.001, DeLong

test compared to the baseline) and 0.93 (59/191 patients,

p < 0.001, DeLong test compared to the baseline), respectively,

when the third CT images were integrated (Figures S1A and

S1B). For the NLST dataset, the AUC of the estimation of nodule

malignancy determined byGPT-4owas 0.72 (95%CI, 0.61–0.83)

based on the initial CT scan image; however, it increased to 0.88

(95% CI, 0.80–0.96) and 0.92 (95% CI, 0.87–0.98) when the

second and final CT images, respectively, were integrated

(Figure S1C). For the LLCS dataset, the intraclass correlation

coefficient (ICC) for the estimation of the probability of lung

nodule malignancy performed by GPT-4o and that performed

by the radiologists (based on the Lung-RADS [Lung Imaging

Reporting andData System] criteria) was 0.66 based on the initial

CT images; however, it increased to 0.74, 0.80, and0.90when the

second, third, and fourth CT images, respectively, were inte-

grated (Figure S1D). Therewas no significant difference in the ac-

curacyofGPT-4o in estimating themalignancy of lungnodules on

CT images among participants in different gender subgroups

(p = 0.75).

The evaluation scores for feature detection by GPT-4o deter-

mined by the six radiologists were averaged, resulting in median

agreement scores of 3.51 (IQR, 3.05–4.10; mean score, 3.52;

SD, 0.75) and 4.33 (IQR, 4.06–4.67; mean score, 4.34; SD, 0.48)

for the C1 and C2 datasets, respectively (Figure 3). An average

ICC of 0.53 for evaluating the inter-rater agreement was achieved

when comparing the scores of the six radiologists. Additionally,

the characterization of the nodule features by GPT-4o demon-

strated strong agreement with the predefined radiological fea-

tures annotated in the NLSTdataset, resulting in an average accu-

racy of 0.84 (Table S1). Furthermore, we evaluated Molmo-7B’s

(a state-of-the-art open-source, multimodal vision-language

model) performance in the NLST dataset.22 Molmo-7B achieved

an average accuracy of 0.67 for feature detection (Tables S2

and S3), which is lower than the accuracy observed with GPT-

4o. In addition, the performance of comparative experiments us-

ing GPT-4o and Claude is presented in Table S4.

Evaluation of changes in the nodule size by GPT-4o
Across the C1, C2, LLCS, and NLST datasets, the nodule size

measurements by GPT-4o achieved ICCs of 0.86 (95% CI,

0.83–0.88), 0.95 (95% CI, 0.94–0.96), 0.88 (95% CI, 0.85–0.91),

and 0.93 (95% CI, 0.89–0.95), respectively, when compared to

the manual measurements performed by the radiologists

(p < 0.001). Pearson’s correlation coefficients between the

nodule size measurements performed by GPT-4o and radiolo-

gists were 0.86, 0.96, 0.88, and 0.93 for the C1, C2, LLCS, and

NLST datasets, respectively, indicating significant agreement



Figure 1. Study flowchart

(A) The overview of GPT-4o analysis used in this study. The follow-up computed tomography (CT) images of each patient were obtained from the picture archive

and communication system and then transformed into a video with 20 frame images per second. These videos were input in GPT-4o to allow estimation of the

probability of lung nodule malignancy, nodule size measurement, and nodule feature description. The results were then evaluated by six radiologists.

(B–D) The detailed evaluation process was illustrated in the C1 and C2 dataset (B), LLCS dataset (C), and NLST dataset (D). LLCS, local lung cancer screening;

NLST, National Lung Screening Trial.
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(p < 0.001, Figure S2A). The Bland-Altman plots to illustrate the

differences are presented in Figure S2B.

Additionally, the radiologists observed 105, 54, 51, and 44 pa-

tients from the C1, C2, LLCS, and NLST datasets, respectively,

with increased nodule sizes (slope from 0.03 to 32.0) on the

follow-up CT images. In contrast, 48, 36, 11, and 28 patients

from the C1, C2, LLCS, and NLST datasets, respectively, had

reduced nodule sizes (slope from �0.03 to �11.0). Compared

to the accuracy of the radiologists’ observations, GPT-4o

achieved accuracy rates of 84.8% (89/105), 92.6% (50/54),

88.2% (45/51), and 86.4% (38/44) for tumor growth in the C1,

C2, LLCS, and NLST datasets, respectively, as well as accuracy

rates of 85.4% (41/48), 91.7% (33/36), 81.8% (9/11), and 85.7%

(24/28) for tumor reduction in the C1, C2, LLCS, and NLST data-

sets, respectively. GPT-4o showed statistically significant better

performance for malignancy estimation compared to using
nodule size on CT images (Table S5). In addition, performance

for nodule size evaluation and malignancy estimation using

GPT-4o with different inputs is shown in Table S6.

Test-retest of the reproducibility of the evaluations
The test-retest experiments demonstrated an average reproduc-

ibility rate of 84.1% (an average of 71.5%, 78.6%, 83.0%,

85.2%, 92.5%, and 94.0% for the six radiologists) for the radio-

logical nodule feature detection of GPT-4o based on the reviews

of the two rounded assessments of 50 cases by the six radiolo-

gists. Additionally, the average reproducibility rates of the quan-

titative malignancy probability estimates were 82.0% (41/50)

with the first CT images, 90.0% (45/50) with the second CT im-

ages, and 96.0% (48/50) with the third CT images.

To demonstrate the stability of GPT-4o in delineating nodule

boundaries, a second round of experiment (Nov 11, 2024) for
Cell Reports Medicine 6, 101988, March 18, 2025 3



Table 1. Demographic and clinical characteristics of enrolled participants

C1 C2 LLCS NLST

Characteristics Malignant Benign Malignant Benign All Malignant Benign

Number (%) 138 (49.6) 140 (50.4) 99 (52.0) 92 (48.0) 78 (100.0) 24 (24.0) 76 (76.0)

Age, yr, mean (SD) 59 (10.8) 56 (11.8) 60 (11.3) 59 (9.2) 50 (13.0) 63 (5.1) 62 (4.6)

Gender, male (%) 48 (34.8) 41 (29.3) 34 (34.3) 38 (41.3) 51 (65.4) 17 (70.8) 47 (61.8)

Size (median, in mm) 12 3 10 9 3 8 14 3 11 8 3 7 7 3 5 8 3 6 5 3 4

Slices, median (IQR) 357 (333, 381) 355 (327, 384) 340 (310, 385) 320 (280, 367) 366 (335, 387) 156 (130, 168) 152 (136, 163)

Video, time,

mean (SD)

28.7 (8.0) 28.9 (6.5) 30.2 (11.2) 26.1 (12.9) 27.3 (8.8) 12.5 (1.8) 12.4 (1.5)

LLCS, local lung cancer screening; NLST, National Lung Screening Trial.
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nodule boundary delineation was conducted 1 week after the

initial round of experiment (Nov 4, 2024), under identical experi-

mental conditions. Figure S3 presents the examples of GPT-4o’s

output from the two rounds of experiment for six patients,

demonstrating the stability of the GPT-4o model. In addition,

Video S1, Video S2, and Video S3 show the detailed training

and testing process.

During the ad hoc experiment, six radiologists rated their will-

ingness to use the model, reliance on the information provided,

perceived potential for harm, missing content, and inappropriate

content associated with the three models: GPT-4o, one local DL

model, and one online DL model.7 The average scores for GPT-

4o (which provided both predictions and evidence) regarding the

willingness to use (86.9% vs. 54.2% vs. 72.4%) and reliance

(70.2% vs. 45.7% vs. 62.9%) were significantly higher than those

of the two DL models (which provided only predictions of the

probability). In addition, the average score for GPT-4o regarding

the perceived potential for harm (19.2% vs. 53.9% and 54.6%)

and missing content (35.6% vs. 79.3% and 64.2%) was lower

than that of the two DL models (Table S7). While DL models typi-

cally output only a malignancy probability score, GPT-4o gener-

ates interpretable descriptions related to nodule characteristics

and size changes. Since these descriptions may contain content

that radiologists consider inappropriate, radiologists perceived

the potential for GPT-4o to produce more inappropriate content

than DL models’ single probability output (20.7% vs. 10.0%

and 10.0%).
Figure 2. Patient enrollment flowchart
LLCS, local lung cancer screening; NLST, National Lung Screening Trial.
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DISCUSSION

This study demonstrates the ability of GPT-4o to evaluate the

changes in lung nodule malignancy probability, nodule size, and

featureon longitudinalCT follow-up imagesobtained frommultiple

centers and deliver high-quality radiological diagnostic evidence.

Compared to the pathological results from the C1, C2, and

NLST datasets, the ability of GPT-4o to assess the probability

of lung nodule malignancy significantly improved when follow-

up CT scan images were incorporated compared to that ob-

tained when only the initial CT scan was used. However, as

shown in Figure S1A, the AUC of the C1 dataset decreased

when the fourth CT scan was included, which may be attributed

to the reduced sample size. By the fourth CT scan, the sample

size in the C1 dataset for participants with benign and malignant

cases had decreased from 278 to 56. A smaller sample size may

lead to insufficient statistical power and decreased data repre-

sentativeness, making it difficult for the model to precisely cap-

ture adequate data variability and distinguish between benign

and malignant nodules.23,24

The study revealed that, compared to the radiologists’ manual

measurements, GPT-4o was able to detect lung nodule sizes

across internal and external NLST datasets, with accuracy rates

of 85.0%, 92.2%, 87.1%, and 86.1% for detecting nodule

growth/reduction on images of sequential transverse CT sec-

tions on the four datasets in this study. Additionally, based

on the radiologists’ evaluations of the key nodule features,



Figure 3. Radiologist’s evaluation scores for feature characterization by the GPT-4o

(A) The density plot of six radiologists’ Likert scores and (B) the spider chart of the average scores.
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GPT-4o achieved amedian Likert score of 4.17 (out of 5.00), thus

demonstrating its ability to effectively identify signs of lung nod-

ules on CT images. Moreover, for lung cancer screening setting,

GPT-4o achieved good ICC for estimating the probability of lung

nodule malignancy when compared to the evaluation of two ra-

diologists, further supporting the potential of this approach to

detect early lung cancer and improve the clinical management

and monitoring of patients at risk for lung cancer.

Previous studies of DL methods have shown their capability to

identify the probability of malignancy and malignancy-related

nodular features using CT images.8,25 Although a single CT

scan image provides information regarding the nodule size,

shape, and texture, longitudinal CT images reveal changes

such as size increases, solid component growth, and the appear-

ance of cystic components, indicating an increased risk ofmalig-

nancy.26–28 Conversely, size reductions and lesion absorption

suggest a reduced risk of malignancy.29–31 However, currently,

these assessments rely on manual evaluations of follow-up CT

images by radiologists, which are time-consuming and prone to

interobserver variability. Our study demonstrated that the GPT-

4o vision-language model can streamline this process by accu-

rately identifying and directly monitoring lesion changes using

videos of longitudinal CT images. Notably, our approach by-

passes the need for complex, task-specific network architec-

tures, such as U-net segmentation followed by classification net-

works.32,33 Such approaches require specialized knowledge,

thus limiting their practical implementation by radiologists. In

contrast, GPT-4o eliminates the need for complex network engi-

neering and offers a ‘‘plug-and-play’’ solution for monitoring lung

nodules on longitudinal CT images. Furthermore, the findings of

our ad hoc experiment suggest that this approach may enhance

radiologists’ willingness to utilize artificial intelligence techniques

in clinical practice. Specifically, compared to the previously re-

portedDLmodel,7 GPT-4owas correlatedwith a 14.5% increase

in willingness to use, 7.3% improvement in reliance on the infor-

mation provided, 35.4% decrease in the perceived potential for

harm, and 28.6% reduction in missing content. These findings

highlight the potential of GPT-4o as a valuable tool that could

assist radiologists in clinical practice.

Radiological nodule features are crucial for assessing the ma-

lignancy risk.34–36 GPT-4o demonstrated the ability to identify
subtle changes in nodule morphology over time. For instance,

in Figure 4G, it accurately described a nodule’s transition from

‘‘appears relatively round’’ on the initial CT scan to ‘‘shape has

become slightly more irregular, with some mild protrusions,

particularly in the third examination’’ on subsequent scans.

This interpretation received a high credibility score of 5.0 out of

5.0 from the six expert radiologists. Additionally, GPT-4o de-

tected evolving internal nodule characteristics, as illustrated in

Figures 4D–7F. It noted a shift from ‘‘maintains uniform density’’

in the first two CT images to ‘‘increased internal density’’ in later

scans. Furthermore, high agreement was observed in the

assessment of ‘‘presence of small bronchi involvement’’ (Fig-

ure 4D), a potential indicator of malignancy.37 GPT-4o achieved

the same observations by radiologists (Figures 4G–4I), pro-

gressed from ‘‘no small bronchi involvement’’ on the initial image

to ‘‘possible involvement of small bronchi adjacent to the

nodule’’ on the interim scan and finally to ‘‘more pronounced

involvement’’ on the last image. This aligns with the radiologists’

evaluations over a 4-year follow-up period (score, 5.0/5.0) and

the ultimate pathological confirmation of malignancy. These re-

sults suggest that GPT-4o could produce reports using language

commonly used in the field of radiology.

Conclusion
In conclusion, this study demonstrated the capability of GPT-4o

to emulate the ability of radiologists to monitor lung nodule char-

acteristics and sizes and estimate the probability of malignancy

using longitudinal CT follow-up images. Compared to patholog-

ical testing and manual evaluations by radiologists, GPT-4o

achieved convincing accuracy when estimating the probability

of malignancy and provided corresponding high-quality radio-

logical evidence. These findings suggest the potential of GPT-

4o to enhance the clinical management of patients at risk for

lung cancer.

Limitations of the study
This study had some limitations. First, eachCT scanwas analyzed

as a separate video input in GPT-4o, potentially reducing the effi-

ciency and increasing the risk of technical issues, such as errors

associated with video decoding and region of interest detection

by Python, associated with the processing procedure of
Cell Reports Medicine 6, 101988, March 18, 2025 5



Figure 4. Examples of lung nodule margins marked by GPT-4o on follow-up CT images of four patients

(1) original CT images, (2) lung nodule margins marked by GPT-4o, and (3) magnified view of the marked regions highlighted in (2).

(A–C) Images of a 68-year-oldmanwith a history of smoking and benign solid nodule in the basal segment of the left lower lobe. Themeasurements are as follows:

initial image (April 17, 2018), 20 3 17 mm; follow-up image (October 4, 2022), 29 3 26 mm; and final image (October 15, 2023), 30 3 26 mm.

(D–F) Images of a 36-year-old woman with no history of smoking and a benign nodule in the right upper lobe. The measurements are as follows: initial image

(November 18, 2021), 8 3 8 mm; follow-up image (January 24, 2022), 9 3 8 mm; and final image (May 24, 2023), 9 3 7 mm.

(G–I) Images of a 72-year-old man with a history of smoking and malignant nodule in the left lower lobe. The measurements are as follows: initial scan (February

28, 2018), 13 3 12 mm; follow-up image (June 22, 2021), 75 3 58 mm; and final image (June 28, 2022), 75 3 58 mm.

(J–L) Images of a 48-year-old man with a history of smoking and malignant nodule in the apicoposterior segment of the left upper lobe. The measurements are as

follows: initial image (May 29, 2022), 20 3 17 mm; follow-up image (June 3, 2023), 20 3 17 mm; and final image (March 27, 2024), 20 3 17 mm.

6 Cell Reports Medicine 6, 101988, March 18, 2025
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GPT-4o. Additionally, during this study, we did not design addi-

tional experiments for multiple nodules on a single CT image.

Pathological examinations usually involve the tissue of a certain

lesion; however, other lesions may produce different pathological

results because of the existence of tumor heterogeneity.38

Furthermore, amean of 2.8 (SD, 1.2; range 2–10) CT examinations

were found in this study. Future research should include longer

follow-up periods and incorporate clinical records and biochem-

ical tests to allow multimodal assessments. Moreover, we found

that Molmo-7B also had the capability for lung nodule character-

ization in CT videos. However, limitations in multi-modal output

currently restrict our understanding of its specific analytical strate-

gies. Future evaluation of largemulti-modal models withmore pa-

rameters, such as Llama 3.2-90B and Molmo-72B, should be

further considered. Finally, many DLmodels have been proposed

for lung cancer classification.7,8,15,32 In this study, we compared

the performance ofGPT-4o using twoDLmodels, one localmodel

and one previously published online model, as representatives.

Future research should further compare GPT-4o with a broader

range of DL models to strengthen the comparative evidence be-

tween LLMs and DL approaches.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to the lead

contact, Jiangdian Song (song.jd0910@gmail.com).

Materials availability

This study did not generate new, unique material or reagents.

Data and code availability

d Data: The lungCT videos, patient information, and results of the NLST da-

taset and the local training dataset have been uploaded to Mendeley

Data: Mendeley Data, https://doi.org/10.17632/ggt4f4dr85.2. The pre-

trained GPT-4o was available at https://chatgpt.com/share/673dc28d-

d3a0-8003-a186-acf5feb1b493. Note that this link may not be available

due to updates made by ChatGPT; therefore, Video S1, Video S2, and

Video S3 show the detailed training and testing process.

d This paper does not report original code. The software used in this study

is described in the aforementioned section and the key resources table

in detail.

d Any additional information required to reanalyze the data reported in this

paper is available from the lead contact upon request.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

GPT-4o OpenAI https://chatgpt.com/

Molmo-7B Ai2 https://huggingface.co/allenai/Molmo-

7B-D-0924

Python 3.11 Python Software Foundation https://www.python.org/

R 4.2.0 R project https://www.r-project.org/

Pytorch 2.2.2 Pytorch https://pytorch.org/

ITK-SNAP 3.8.0 University of Pennsylvania http://www.itksnap.org/pmwiki/pmwiki.php

R package pROC 1.18.0 pROC https://cran.r-project.org/package=pROC

R package irr 0.84.1 irr https://cran.r-project.org/package=irr

R package ggplot2 3.5.1 ggplot2 https://cran.r-project.org/package=ggplot2

Deposited data

NLST dataset NLST Research Team https://www.cancerimagingarchive.net/

collection/nlst/
EXPERIMENTAL MODEL AND STUDY PARTICIPANTS DETAILS

The CT images of all enrolled patients were chronologically sequenced and compiled as individual patient videos. CT images and

corresponding nodule information of 20 patients were randomly selected and used to generate prompts and establish the GPT-

4o memory bank. Subsequently, each patient’s follow-up CT video and corresponding prompts were input into GPT-4o to estimate

the probability of malignancy and evaluate changes in the nodule size and characteristics. The outputs generated by GPT-4o were

independently evaluated by a panel of six radiologists with varying levels of experience.

The enrolled patients were from Shengjing Hospital of China Medical University (referred to as C1) and the Fourth Affiliated Hos-

pital of China Medical University (C2) who underwent CT evaluations between January 31, 2018 and May 31, 2024 (Figure 2). The

inclusion criteria were as follows: at least two contrast-enhanced/plain thin-slice lung CT scans obtained with a minimum interval

of 2 months; available radiology reports included the nodule size (maximal long-axis and perpendicular maximal short-axis mea-

surements in the same plane)39; and a biopsy performed after the last follow-up CT evaluation. The exclusion criteria were as fol-

lows: previous surgical resection of the lung tissue; suspected lung cancer without pathological confirmation; and metastases

from other organs.

Additionally, to validate the ability of GPT-4o to screen for lung cancer, a dataset from C1 was collected (LLCS). The inclusion

criteria were as follows: age R18 years; at least two low-dose lung CT images obtained at the center with a minimum interval of

10 months; complete demographic data; and the nodule size on each CT image was measured by radiologists (maximal long-

axis and perpendicular maximal short-axis measurements in the same plane). The exclusion criteria were as follows: no nodule found

during the evaluation by the radiologist; prior cancer diagnosis or thoracic surgery; and insufficient image quality.

To further validate the performance of GPT-4o using an independent cohort, we included an external test dataset of 100 randomly

selected patients from the National Lung Screening Trial (NLST; n = 26,722) and the percentage of positive participants was 24%,

according to the NLST screening database.40 Additionally, patients with complete records of the imaging features (margin, predom-

inant attenuation), nodule size, demographic characteristics (gender, age, smoking history), and at least two low-dose lung CT im-

ages with an interval of 1 year, were included in the GPT-4o analysis.

For the in-house datasets, CT images were acquired from the following scanners: Philips lQon -Spectral CT, Philips iCT 256,

Philips Brilliance iCT 256, NMS Neuviz 128 Siemens, and SOMATOM go. Top scanner (Siemens Healthineers). The patient was

placed in a supine position, with arms raised, and the lung was scanned at the end of inhalation. The following parameters

were used: tube voltage: 100 kV or 140 kV, tube current: care dose 4D, scanning layer thickness: 2 mm, reconstructed layer thick-

ness: 2 mm, reconstructed layer spacing: 2 mm, and matrix: 512 3 512, FOV: 350 mm 3 350 mm. The enhanced scan was per-

formed using a double-barrel high-pressure syringe to inject 70–90mL of the non-ionic contrast agent iopromide intravenously into

the cubital vein. The injection speed is 2.5–3.0 mL/s, and arterial phase images are obtained after 30–40 s of injection. All the par-

ticipants’ CT images were reviewed by senior experts at our hospitals. Hence, the radiology reports were standardized and

included the location and size of the lung nodules, as agreed upon by the experts. Finally, a total of 647 patients were
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retrospectively enrolled. Of these patients, 278 were from the C1 dataset, 191 were from the C2 dataset, 100 were from the NLST

dataset, and 78 were from the LLCS dataset. The patients included from the respective participating centers constituted the

experimental groups of each dataset in this study.

This multicenter retrospective study was conducted in accordance with the Declaration of Helsinki and approved by the Institu-

tional Review Board (IRB) and Ethics Committee of Shengjing Hospital of China Medical University and The Fourth Affiliated Hospital

of China Medical University [IRB Approval Number: 2024PS1395K and 2024-KS-151]. All data were anonymized to protect patient

privacy, and informed consent was waived, as the study involved retrospective analysis of existing data without any direct patient

interaction.

METHOD DETAILS

CT images preprocessing and videos preparation
Each CT scan was compiled as a video by converting each CT slice into sequential frames. CT images were preprocessed with a

windowwidth of 2000 andwindow level of�500 to allow an optimal visualization size (5123 5123N;with N representing the number

of slices). These were converted to a video format at 20 frames per second to capture temporal progression of the findings similar to

that during evaluations performed by radiologists.41 All videos were anonymized to protect the privacy of the patients.

GPT-4o’s memory preparation
Twenty patients were randomly selected to create a memory of lung nodules and generate textual prompts for GPT-4o. The prompts

(Figure S5A) included demographic information (age, gender, smoking history), CT image time stamps, the corresponding image res-

olution and slice thickness, and the definition of themalignancy score. To facilitate nodule tracking acrossmultiple images, the center

coordinate and size of the lung nodule on the initial CT imagewere supplied toGPT-4o. Tomore accurately determine themalignancy

of lung nodules, we also provided additional information (Figure S5B).42

For detection of nodule boundaries, GPT-4o utilized the provided coordinates to automatically identify the lesion and measure the

nodule. After locating the frame that displayed the largest nodule size, GPT-4o delineated the nodule boundaries and reported the

measured nodule size. The specific prompts for detecting nodule boundaries and measuring nodule size are shown in Figures S5C

and S5D, respectively. Video S1 demonstrates the training process of GPT-4o.

Evaluation of the video of CT images using GPT-4o
During this study, GPT-4o was prompted to perform the following three primary functions for each CT image: evaluate the probability

of lung nodule malignancy; evaluate the nodule size (maximal long-axis and perpendicular maximal short-axis measurements in the

same plane); and comprehensively characterize the nodule features. Figure S4 provides details of the output of GPT-4o. Video S2

provide detailed demonstrations of the GPT-4o testing process for a participant, including nodule boundary detection and nodule

size measurement.

Specifically, GPT-4o output the likelihood of lung nodule malignancy (range, 1–100; accurate to a single digit) for each CT image.

Additionally, GPT-4o reported any observed changes in the predefined nodular features as the supporting diagnostic evidence. For

the C1 and C2 datasets, nodule features encompassing shape (regular or irregular), margin (characteristics of the nodule’s margin

and changes in the margin morphology), internal structure and density (increased or decreased internal solid components and air

cavities), presence of small bronchi involvement, presence or changes in small vessels around the nodule, and changes in the struc-

ture surrounding the nodule (e.g., pleural retraction, and vascular convergence.). For the NLST datasets, nodule features including

margin [spiculated (stellate), smooth, and poorly defined], and predominant attenuation (soft tissue, ground glass, mixed) based on

the NLST dataset document.

Evaluation of the output of GPT-4o
(1) Comparison of the GPT-4o’s diagnosis and pathological results

This study compared the estimates of the probability of malignancy determined by GPT-4o and the pathological results (benign or

malignant) using the C1, C2, and NLST datasets. The estimates determined by GPT-4o using the first CT image for each patient were

compared to those of the corresponding pathological findings. This evaluation was repeated for each subsequent follow-up CT

image to assess the ability of GPT-4o to incorporate longitudinal CT data.

(2) Radiologists’ evaluation of the features detected by GPT-4o

Six radiologists with varying levels of experience (5, 10, 15, 15, 20, and 25 years) independently reviewed each CT image from the

C1 and C2 datasets. For each patient, the radiologists documented their diagnostic observations of changes in the predefined

features of these datasets. Subsequently, the radiologists rated the consistency of their observations with the feature descriptions

generated by GPT-4o using a 5-point Likert scale (1, completely incorrect; 2, more incorrect than correct; 3, equally correct and

incorrect; 4, more correct than incorrect; and 5, completely correct).
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(3) Evaluations of lung cancer probability by GPT-4o and radiologists

For the LLCS dataset without pathological confirmation, two radiologists independently assessed the likelihood of malignancy of

lung nodules based on the Lung-RADS criteria. The average of their probability estimations served as the reference lung cancer label.

The intraclass correlation coefficient (ICC) was used to compare the probability of lung nodule malignancy estimated by GPT-4o with

the average probability determined by the radiologists.

Evaluation of changes in the nodule size by GPT-4o
Across all datasets (C1, C2, LLCS, and NLST), the nodule size measurements performed by the radiologists were used as the gold

standard. To compare the assessments of the nodule size by GPT-4o and the radiologists, this study followed the established

method of assessing interobserver reliability for nodule size measurements. Specifically, the maximal long-axis and short-axis mea-

surements of each nodule were averaged (the following equation), and fractional values were rounded up to the nearest millimeter

(mm).43,44

Average diameter = ðLong � axis diameter + Short � axis diameterÞ = 2
Additionally, to further determine the ability of GPT-4o to accurately track nodule size changes over time, we compared the assess-

ments of changes in the nodule size performed by GPT-4o with those performed by radiologists. This comparison was specifically

performed for nodules that exhibited increases or decreases in size based on the slope of the fitted line of the average diameter of the

nodules on follow-up images.

Comparison of the performance of GPT-4o and Molmo-7B and claude
To further compare the performance of GPT-4o, we evaluated the performance of Molmo-7B, a state-of-the-art open-source, multi-

modal vision-language model, on longitudinal CT scan videos of lung nodules in the NLST dataset. Molmo models are trained on

PixMo, a dataset comprising one million highly curated image-text pairs, and demonstrate near state-of-the-art performance on

11 academic benchmarks, second only to GPT-4o.21 We utilized the latest version, ‘‘Molmo-7B-D-0924,’’ for our experiments.

We deployed Molmo-7B locally (using NVIDIA RTX A6000, Python 3.11, and PyTorch with CUDA 12.1) and constructed a conversa-

tional interface using the Chainlit package, enabling video display and prompt input. We subsequently analyzed each patient’s CT

image videos by providing the videos and corresponding prompts (including the same information as those provided to GPT-4o) to

the Molmo-7B model. In addition, to compare GPT-4o with LLMs based on textual input, Claude was used for further comparison on

nodule size evaluation and malignancy estimation.

Test-retest of the reproducibility of evaluations
A test-retest experiment was conducted to assess the reproducibility of GPT-4o’s outputs. All six participating radiologists reviewed

GPT-4o’s responses to 50 randomly selected participants from in-house datasets in two rounds, with a 3-day interval between as-

sessments. The same prompt, as described in Figure S4, was used in both rounds. In each instance, qualitative features and quan-

titative malignancy probabilities for each nodule were recorded. All six radiologists independently evaluated the consistency of GPT-

4o’s responses across the two rounds. For qualitative features (shape, margin, internal structure and density, presence of small

bronchi involvement, presence or changes in small vessels around the nodule, and changes in the structure surrounding the nodule),

consistency was empirically determined by the radiologists (range 1–100), and the average scorewas used to gaugeGPT-4o’s repro-

ducibility. For quantitative malignancy probabilities, consistency was defined as a deviation of no more than 10 percentage points

between the two rounds of estimations.45–47

Additionally, to assess the acceptability of the workflow using the assistance of GPT-4o, we conducted an ad-hoc experiment

within the context of radiological practice. All participating radiologists quantitatively evaluated the following three distinct diag-

nostic models using a scale from 1 to 100: (1) GPT-4o-assisted lung nodule diagnosis, which provided diagnostic predictions and

supporting evidence; (2) a local DL model, which provided only the diagnostic prediction; and (3) one online DL model with a re-

ported accuracy exceeding 95%.7 Radiologists rated each model based on their willingness to use the model in the field of radi-

ology, reliance on the information provided, perceived potential for harm, the extent of inappropriate content, and the extent of

missing content.

QUANTIFICATION AND STATISTICAL ANALYSIS

To evaluate the accuracy of GPT-4o to estimate the probability of malignancy compared to that of the pathological results, the

receiver-operating characteristic curve and area under the receiver-operating characteristic curve (AUC) were used. Median scores

with interquartile ranges (IQRs) andmean scores with standard deviations (SDs) were used to evaluate agreement between the char-

acterization of the nodule features by GPT-4o and the radiologists. The ICC was used to assess agreement between the estimations

of the probability of malignancy of the LLCS dataset performed by GPT-4o and the radiologists.

The ICC and Pearson’s correlation coefficient were calculated to quantify the accuracy of measurements of the nodule size

performed by GPT-4o. A Bland-Altman plot was generated to illustrate agreement between the nodule sizes measured by
e3 Cell Reports Medicine 6, 101988, March 18, 2025
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GPT-4o and the radiologists. Additionally, the average of all the radiologists’ evaluations during the ad hoc experiment was used to

quantify the potential to apply these three models in the field of radiology.

GPT-4o was accessed through the chat interface, which includes upload functionality, on the OpenAI official website and used for

all experiments. Statistical analyses were conducted using R software (version 4.2.0; R Foundation for Statistical Computing).

Statistical significance was set at p < 0.05 (two-sided). The open-access dataset of this study has been uploaded to Mendeley

Data, https://doi.org/10.17632/ggt4f4dr85.2.
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