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Abstract

Background: Accurate esophageal cancer staging relies on ®F fluorodeoxyglucose positron emission tomography (*°F FDG-PET),
but its interpretation is complex and time-intensive. This diagnostic burden is exacerbated by significant workforce shortagesin
both radiology and surgery, thus necessitating automated support systems. The emergence of advanced large language models
(LLMs) has raised expectations for their potential to fulfill thisrole in complex medical tasks.

Objective:  We evaluated the diagnostic accuracy of LLMs for staging esophageal cancer using *®F FDG-PET images, with a
focusontheir ability to assesslymph nodes (LNs; clinical N [cN]) and distant metastases (clinical M [cM]) for automated radiology
reporting.

Methods: This retrospective study included 120 consecutive adult patients who were diagnosed with esophageal squamous cell
carcinoma and underwent *®F FDG-PET/computed tomography at Tohoku University Hospital between January 2019 and
December 2021. Patients with prior treatment, nonsquamous cell carcinoma histology, or blood glucose levels =200 mg/dL were
excluded. Frontal maximum-intensity projection positron emission tomography images were extracted, standardized, and analyzed
aong with information regarding the tumor location. Six LLMs (GPT-5, GPT-4.5, GPT-4.1, OpenAl-03, -01, and GPT-4 Turbo)
and 4 blinded human evaluators (a nuclear medicine specialist, agastrointestinal surgeon, and 2 radiology residents) assessed the
presence of thoracic and abdominal LN metastases on aregion-level basis and determined cN and cM staging on a patient-level
basis. The model analyses were performed using the application programming interface in a zero-shot setting. Radiology reports
served as the reference standard. Diagnostic agreement and accuracy were evaluated using Cohen k and the Cochran Q test.
Additionally, to account for the class imbalance in the dataset, the Matthews Correlation Coefficient was calculated as a robust
metric for binary classification performance. Post hoc McNemar tests were performed with Bonferroni correction; statistical
significance for pairwise comparisons was set at P<.0083 (adjusted from P<.05) using JIMP Pro (version 18.0; SASInstitute Inc).

Results: Theaverage accuracy was41/120 (34%) to 94/120 (78%) for LLMsand 72/120 (60%) to 102/120 (85%) for physicians,
with significantly higher accuracy for physicians (P<.05) in the thoracic LN, abdominal LN, and cN stages. Interrater reliability
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was dight to fair for LLMs (k: —0.07 to 0.25) and fair to substantial for physicians (k: 0.27 to 0.74). Matthews Correlation
Coefficient scoreswere consistently higher for physicians (0.28 to 0.75) than for LLMs (-0.07 to 0.32). Among the LLMs, GPT-5
demonstrated the highest overall accuracy, with newer LLMs showing improved diagnostic accuracy when compared with
previous modelsinidentifying abdominal LN metastasesand cM staging, though they showed weaker consistency for cN staging.
For example, in thoracic LN detection, GPT-5 achieved 76/120 (63%) accuracy, whereas other LLMs achieved 72/120 (60%) or
lower accuracy.

Conclusions: Although current LLMs have not yet reached physician-level accuracy in comprehensive staging, recent models

show promise in assisting with specific diagnostic tasks.
(JMIR Cancer 2026;12:e86630) doi: 10.2196/86630
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Introduction

Esophageal cancer remains one of the most challenging
malignancies to manage. According to the most recent
GLOBOCAN statistics and Japanese cancer registry data, it
poses a significant globa health burden [1,2]. Management
requires multidisciplinary expertise that spans complex surgical
procedures, perioperative care, and advanced imaging
interpretation. Esophagectomy is among the most invasive
oncologic surgeries, and optimal patient outcomes depend on
accurate staging, meticulous operative planning, and coordinated
care.

Surgical services face a mounting workforce shortage: the
Association of American Medical Colleges 2024 national
projection estimates a shortfall of 10,100 to 19,900 surgeons
by 2036 [3], and a nationwide Japanese survey reported that
over half of teaching hospitals already experience surgeon
shortages—even in densely populated prefectures[4]. Inparalle,
radiology faces both workforce shortages and escalating
workload: the 2023 Workforce Censusfor the United Kingdom
reports a 30% shortfall of clinical radiologists [5], while the
volume of image data per study has surged markedly,
compounding reporting demands [6,7].

Against this backdrop, fluorodeoxyglucose positron emission

tomography/computed tomography (**F FDG-PET/CT)—a
cornerstone of preoperative staging in esophageal cancer—is
notably time-consuming and complex to interpret [8,9], requiring
integration of functional and anatomical information. Thisadds
to theworkload of both surgeons, who must incorporateimaging
findings into surgical planning, and radiologists, who must
provide comprehensive and timely reportsfor multidisciplinary
decision-making.

International guidelines, including the American College of
Radiology Appropriateness Criteria and the European Society
for Medical Oncology recommendations, endorse *°F
FDG-PET/CT for baseline staging and selected follow-up in
esophageal cancer [10,11]. *®F FDG-PET/CT isrecognized not
only for itsdiagnostic utility in detecting distant metastases and
assessing nodal involvement but also for its significant
prognostic value in oncology, as metabolic parameters often
correlate with patient outcomes [12,13].

https://cancer.jmir.org/2026/1/e86630

Generative artificial intelligence (Al), a subset of Al capable
of creating new content, has revolutionized various fields.
Within this domain, large language models (LLMs) are deep
learning algorithms trained on massive datasets to understand
and generate human-like text. Recently, the evolution of these
models into multimodal large language models, which can
process and interpret both text and images simultaneously, has
expanded their potential applications in heath care. While
previous research has demonstrated the utility of Al in medical
tasks such as summarizing radiology reports or passing medical
licensing examinations[14], the application of general-purpose
multimodal large language models to complex image
interpretation remains limited. Most prior studies have focused
on anatomical imaging modalitieslike plain radiography or CT
for simple classification tasks [15-18]. There is a paucity of
research evaluating whether these model s can perform high-level
clinical reasoning, specifically TNM staging based on functional
nuclear medicine imaging (*®F FDG-PET). Against this
backdrop, and with the release of GPT-5, the latest publicly
available LLM from OpenAl, we report the first evaluation of
the medical image interpretation capabilities of thismodel. We
compared its diagnostic accuracy in esophageal cancer staging
with that of physicians and other state-of-the-art models.

Methods

Study Design
We adhered to the guidelines outlined in the checklist for Al in

medical imaging to ensure methodological transparency and
ethical rigor [19].

Ethical Consider ations

This retrospective study conformed to the ethical standards of
the Declaration of Helsinki (1975, asrevised in 2013) and was
approved by the Institutional Review Board of Tohoku
University Hospital (approval number 2024-1-816). The
Ingtitutional Review Board explicitly approved the transfer of
deidentified patient image data to the third-party commercial
servers used by the application programming interfaces (APIS).
The requirement for individual informed consent was waived,
and patients were informed regarding the study via an opt-out
method on the hospital website. To protect patient privacy and
confidentiality, all data used for analysis were anonymized; the
correspondencetable linking study IDsto personal information
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was stored separately in asecurelocation restricted to authorized
personnel. Prior to uploading, all imageswerefully deidentified
by removing all DICOM metadata and converting them to JPEG
format. As this study involved the secondary use of existing
data, no compensation was provided to the participants.
Furthermore, al images included in the manuscript and
supplementary materialswere carefully cropped to remove any
personally identifiable information, such as patient 1D, name,
age, and sex, to ensure that individual participants cannot be
identified.

Patients

The cases anayzed in this study were derived from a
prospective, continuously registered cohort of patients who

Maruyama et al

were hospitalized and treated at our institution between January
2019 and December 2021. All participants underwent upper
gastrointestinal endoscopy and were diagnosed with esophageal
cancer that was confirmed viabiopsy. The patientswere eligible
for inclusion if they were 18 years of age or older, had
undergone their first positron emission tomography (PET)/CT
examination using a GE scanner at our hospital, and had a
biopsy-confirmed diagnosis of squamous cell carcinoma(SCC).
Patients were excluded if they had a history of treatment for
esophageal cancer, ahistological type other than SCC, such as
adenocarcinoma, or a pre-examination blood glucose level of
>200 mg/dL. The overall study design is shownin Figure 1.

Figure 1. Research workflow for comparing large language models with physiciansin the staging of esophageal cancer. This flowchart illustrates the
study design for evaluating the performance of GPT-5, GPT-4.5, GPT-4.1, OpenAl-03, OpenAl-o0l, and GPT-4turbo in comparison with physicians
using MIPimages from 18F FDG-PET. The workflow includes key steps, such as acquiring MIP frontal images, cropping regions of interest, analyzing
these images and tumor location data using large language models, and assessing their performance relative to that of physicians. FDG-PET:
fluorodeoxyglucose positron emission tomography; MIP: maximum intensity projection.
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PET Imaging and I nterpretation

8 FDG-PET/CT was performed at our institution by using a
silicon photomultiplier PET scanner (Discovery MI; GE
Healthcare). Patientswereinstructed to fast for at least 6 h prior

to the ®F FDG injection. A rapid intravenous injection of 8F
FDG, at adose of approximately 3.7 MBg/kg, was administered
through the right antecubital vein. After a 60-minute uptake
period, patients underwent a low-dose CT scan (140 kV;
automatic exposure control, 20-80 mA), followed by whole-body
PET/CT imaging.

All PET/CT images were interpreted by board-certified
radiol ogists who had specialized in both radiol ogy and nuclear
medicine and had been accredited by the Japanese Society of
Radiology and the Japanese Society of Nuclear Medicine.
Interpretations were made in the context of available clinical
information and correlative imaging studies, such as
contrast-enhanced CT. Their interpretation reports served as
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the gold standard for this study, which evaluated whether LLMs
can generate radiology reports. The interpretation reports were
documented in accordance with the 8th edition of the Union for
International Cancer Control staging system, and ensured that
the N and M classifications, in addition to the T classification,
were defined [20].

Image Selection and Data Prepar ation

Asasingle maximum intensity projection (MIP) image extracted
from a PET scan provides information about the whole body,
it has been suggested that Al diagnosis could reduce the data
load [21]. Therefore, we chose to analyze the MIP, asit offers
a comprehensive view of metabolic activity across the entire
body while simplifying dataprocessing and interpretation. MIP
frontal imageswere extracted from the acquired DICOM-format
PET/CT images and subsequently converted to the JPEG format.
During this process, the regions from the neck up and pelvis
down were cropped to exclude common physiological
accumulations in the oral cavity and bladder. The decision to
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crop regions distal to the pelvis was further supported by the
finding that no bone metastases were identified in these areas
within our dataset. The original images (563 x 710 pixels) were
cropped to afixed size of 270 x 250 pixelsfor standardization.

Data management and entry were performed using Microsoft
Excel (Microsoft Corp). Based on theradiological interpretation
reports (reference standard), the following patient variables
were collected: age, sex, primary tumor location, presence of
thoracic lymph node (LN) metastasis, presence of abdominal
LN metastasis, clinical N stage (cN), clinical M stage (cM),
clinical stage, and treatment modality.

The analysiswas conducted at the patient level for determining
the cN and cM stages and at the region level for assessing the
presence of metastasis in the thoracic and abdominal fields.
This unit of analysis was selected to align with clinical
decision-making processes, where the overall stage and regional
involvement dictate the treatment strategy, rather than the
precise counting of individual LNs. All staging was performed
in accordance with the 8th edition of the Union for International
Cancer Control TNM classification.

The location of the primary tumor, which was used as an input
for GPT, was determined by a specialist in gastrointestinal
surgery. This classification was based on a comprehensive
review of upper gastrointestinal endoscopy, fluoroscopy, and
CT images based on the guidelines outlined in the Japanese
Classification of Esophageal Cancer, 12th Edition [22]. The
cervical and upper thoracic esophagus were classified as the
upper region, the middle thoracic esophagus as the middle
region, and the lower thoracic esophagus and esophagogastric
junction as the lower region, to generate a 3-tier classification.

LLM-Based Analysis

The selection of LLMsfor this study was restricted to the GPT
series developed by OpenAl, as these models are currently the
most widely used generative Al platformsglobally and provide
arobust API that facilitates seamless multimodal datainput. In
this study, 6 LLMs were used for analysis. GPT-5, GPT-4.5,
GPT-4.1, OpenAl-03, OpenAl-ol, and GPT-4 Turbo (OpenAl).
GPT-40 was excluded as its APl systematically returned a
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content policy violation when prompted with medical images,
precluding its inclusion in the analysis [23]. All features used
intheanalysisare availablein the paid version (Plus). To ensure
consistency, al parameters were kept at their default valuesvia
the standard chat completions API. Consequently, modelswith
intrinsic reasoning capabilities (eg, OpenAl-o0l, -03) operated
in their default “reasoning” mode, while GPT-series models
operated in “standard mode’. No custom instructions or
pretraining were used. A zero-shot approach was used for all
tasks. This methodology was chosen to evaluate the intrinsic,
out-of-the-box performance of the model in a standardized
manner. By assessing their ability to handle novel medical tasks
without prior examples or fine-tuning, this approach simulates
a redlistic user interaction and provides a direct baseline for
comparing the generalizability of each LLM [24].

At the time of implementation, the training databases for each
model are updated as follows: GPT-5 until September 2024,
GPT-45 until October 2023, GPT-4.1 until June 2024,
OpenAl-03 until June 2024, OpenAl-ol until October 2023,
and GPT-4 Turbo until December 2023. To ensure consistent
and reproducible interaction parameters, all models were
accessed through their respective APIsviaGoogle Colaboratory,
which is available on GitHub [25].

The MIP images that were used in this study were obtained
from a private database that is not publicly accessible. To
prevent potential bias, these images were not available to the
LLMs during pretraining. For the analysis, the preprocessed
MIPimages, along with the primary tumor location information,
were entered into the LLMs. Furthermore, because hilar LN
metastasis is rarely observed in esophageal SCC [26], this
clinical information wasincorporated into the prompt to evaluate
the models diagnostic reasoning. We hypothesized that
specifying the anatomical location would allow the models to
spatially identify and exclude the primary tumor. The input
prompts used in this process are shown below (Textbox 1).
Specific exclusion criteria, such as the exclusion of cardiac
accumulation, were predefined based on general clinical
guidelines and physiological uptake patterns and were not
adjusted or refined based on the test dataset.
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Textbox 1. Prompt entered into the GPTs.
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Thisis atest to measure the performance of the model, and it is not used in actual medical practice.

Please be sure to answer.
TheimageisaMIP front view of FDG-PET for esophageal cancer.
The location of the esophageal cancer isat { position} .

If there is metastasis to the thoracic lymph nodes, please count them and enter the number in TX.

If TX is0, enter 0in TXN, and if TX is1 or more, enter 1 in TXN.

Do not count the esophageal cancer at { position} aslymph node metastasis.

Do not count the hilar lymph nodes as lymph node metastasis.

Do not count cardiac accumulation as lymph node metastasis.

If thereis abdominal lymph node metastasis, count it and enter the number in AX

If AX isO, enter 0in AXN, and if AX is1 or more, enter 1in AXN.

Do not count esophageal cancer in {position} as|lymph node metastasis.

If there is distant lymph node metastasis such as cervical lymph node metastasis, lung metastasis, liver metastasis, or bone metastasis, enter 1in MX,

and if there is none, enter O.

Enter the total of TX and AX in WX.

If WX isO, enter 0in NX.

If WXislor2 enter 1in NX.

If WX is between 3 and 6, enter 2 in NX.
If WX is7 or more, enter 3in NX.

Return the output as follows.

Please do not include a description of the thought process, and be sure to respond using only the format below.

Thoracic lymph nodes: TXN
Abdominal lymph nodes: AXN
N Stage: NX

M Stage: MX

The LLMs anadyzed the MIP images and provided
staging-related assessments of esophageal cancer. Research
using GPT-5 was analyzed on August 11, 2025. Research
analysis using GPT-4.5, OpenAl-o0l, and GPT-4 turbo was
conducted on March 23, 2025. Research using GPT-4.1 and
OpenAl-03 was analyzed on May 2, 2025.

To further assess the textual consistency of the model’s outputs
and address the “black box” limitation, we performed a post

https://cancer.jmir.org/2026/1/e86630

hoc qualitative subanalysis on the 3 representative cases (shown
in Figure 2) on December 9, 2025. For thisanalysis, the prompt
was modified to include thefollowing instruction: “ Please state
the basis for reaching that diagnosis” This enabled us to
examine whether the model’s generated explanation aligned
with clinical features, although it does not guarantee that the
model visually attended to them.
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Figure2. Examplesof input images and responses of GPT-4.5, GPT-4.1, and OpenAl-03 in cases of esophageal cancer. The primary tumor siteindicated
intheradiology report is shown as ablue circle, and the metastatic L Ns are shown asred circles. Note that these colored circles were manually overlaid
by the authors to visualize the ground truth and were not generated by the Al models. The yellow cells indicate the correct answers (agreement with
the ground truth). (A) All the models correctly identified the absence of LN and distant metastases beyond the primary lesion. (B) A case with asingle
metastatic thoracic LN. Only GPT-5 and OpenAl-0l provided a correct evaluation, identifying thoracic LN metastasis, no abdomina LN metastasis,
and the correct cN and cM stages. Other models either failed to identify the thoracic LN metastasis or misdiagnosed abdominal LN metastasis as positive.
(C) A cN-stage 2 case with thoracic LN metastasis. 18F FDG (fluorodeoxyglucose) accumulation in the hilar LNs was interpreted as nonspecific
accumulation in the radiology report. GPT-5 correctly identified the cN stage but misdiagnosed abdominal LN metastasis as positive. Although other
models correctly identified thoracic LN metastasis, many incorrectly stated the disease as N1. cM: clinical M; cN: clinical N; LN: lymph nodes.
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Physician’s Evaluation

The sameinformation that was provided tothe LLMs, including
the cropped MIP images and primary tumor location for
esophageal cancer, was presented to 4 human evaluators. a
nuclear medicine speciaist with 14 years of experience, a
gastrointestinal surgeon with 9 years of experience, and 2
radiology residents. To prevent bias, the evaluators were blinded
to the contents of the diagnostic report. Using the same criteria
that were applied by the LLMs, each evaluator independently
assessed the images and determined the presence or absence of
thoracic LN metastases, abdominal LN metastases, and cN and
cM stages. The evaluators were not involved in the diagnosis
or treatment of the included patients. To ensure parity with the
Al input (which included tumor location prompts), evaluators
were provided with the tumor location information but were
strictly blinded to al other clinical data, including patient
history, reference radiology reports, and pathol ogical outcomes.

Statistical Analysis

The primary outcome was diagnostic accuracy, defined as the
concordance with the reference standard. The secondary
outcome was interrater reliability assessed using Cohen k. The
Cls for each rater’s diagnostic performance were calculated
using the Wilson scoreinterval (without continuity correction).
Cohen k consistency analysiswas used to assess the agreement
between the LLMs, physicians, and actual diagnostic reports.
Additionally, for binary classification tasks (assessment of

https://cancer.jmir.org/2026/1/e86630
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thoracic LN metastasis, abdominal LN metastasis, and cM
stage), the Matthews Correlation Coefficient (MCC) was
calculated. MCC is considered arobust metric for imbalanced
datasets, asit incorporatestrue and fal se positives and negatives,
returning a high score only when the prediction performs well
across all confusion matrix categories [27]. The k values were
interpreted according to the following scale: 0-0.2 (poor
agreement), 0.2-0.4 (fair agreement), 0.4-0.6 (moderate
agreement), 0.6-0.8 (substantial agreement), and 0.8-1.0 (almost
perfect agreement) [28]. Student t test and Cochran Q test were
used to compare therates of diagnostic accuracy between LLMs
and physicians, followed by the post hoc McNemar test [29].
Datawere analyzed using IMP Pro (version 18.0; SASIngtitute
Inc). Only the post hoc McNemar test was corrected using the
Holm-Bonferroni correction to adjust the P value <.0083; a P
value <.05 was considered statistically significant for al
analyses.

Results

Baseline Char acteristics of the Study Population

Of the 311 patients with esophageal cancer who were admitted
to our department, 36 were excluded because of a histological
type other than SCC, 139 had aready received treatment or
were not undergoing their first PET/CT scan, and 16 had other
carcinomas. Thus, 120 patients were included in this study
(Figure 3).
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Figure 3. Caseinclusion and exclusion flowchart. PET: positron emission tomography.

Within this cohort, 120 primary esophageal cancer lesionswere  (29.2%) had abdominal LN metastasis. The cN stage was NO
identified and analyzed. Histopathologically, all cases (100%) in45/120 (37.5%) patients, N1 in 52/120 (43.3%) patients, N2
were confirmed as SCC. The study population comprised 120 in 22/120 (18.3%) patients, and N3 in 1/120 (0.8%) patients.
patients (median age 71 years; 25/120 women, 20.8%); 58/120 ThecM stagewasM1in 27/120 (22.5%) patients. The detailed
(48.3%) patients had thoracic LN metastasis, and 35/120 dataare presented in Table 1.
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Table 1. Patient characteristics. All patients included had squamous cell carcinoma.

Characteristics

Values (n=120)

Age (years), median (range) 71 (44-89)
Sex, n (%)

Male 95 (79.2)

Female 25(20.8)
Location, n (%)

CeUt® 16 (13.3)

Mt 61 (50.8)

Ltz 43 (35.8)
Location of LNf metastasis, n (%)

Thoracic LN 58 (48.3)

Abdominal LN 35(29.2)
cN-staged, n (%)

NO 45 (37.5)

N1 52 (43.3)

N2 22 (18.3)

N3 1(0.83)
cM -Sageh n (%)

MO 93 (77.5)

M1 27 (22.5)
cStagei, n (%)

[ 17 (15.2)

[ 63 (52.5)

v 40 (33.3)
Treatment, n (%)

Operation 80 (66.7)

chemotherapy/radiation therapy 36 (30)

BSC 4(33)

8Ce: cervical esophagus.

but; upper thoracic esophagus.

®Mt: middle thoracic esophagus.

dLt: lower thoracic esophagus.

€Jz: zone of the esophagogastric junction.
fLN: lymph node.

9eN: clinical N.

AeM: clinical M.

icStage: clinical stage.

IBSC: best supportive care.

Examples of MIP Imagesand LLM Responses

Figure 2 presents representative MIP images that were entered
into GPT-5, GPT-4.5, GPT-4.1, and OpenAl-03, along with
their corresponding diagnostic outputs. All patients had middle
thoracic esophageal cancer.

https://cancer.jmir.org/2026/1/e86630
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Case A involved a patient without LN or distant metastases
outside the primary lesion. All 3 LLMs correctly identified the
absence of LN and distant metastases. In Case B, which featured
apatient with a single metastatic thoracic LN, only GPT-5 and
OpenAl-ol provided a fully correct evaluation. These models
accurately identified the thoracic LN metastasis, correctly
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reported the absence of abdominal LN metastasis, and
determined the proper cN and cM stages. The other models
either failed to detect the thoracic metastasis or incorrectly
identified abdominal LN involvement. Case C presented a
patient with cN-stage 2 thoracic LN metastasis. In thisinstance,
GPT-5 correctly identified the cN stage but misdiagnosed
abdominal LN metastasis as positive. While the other models
correctly detected the presence of thoracic LN metastasis, they
failed to determine the correct stage, with many classifying the
disease as N1.

Qualitative Assessment of Generated Rationale

The results of the reasoning verification subanalysis conducted
for the 3 cases shown in Figure 2 are summarized in Table S1
in Multimedia Appendix 1.

In Case A, GPT-5 provided a correct diagnosis with arationale
that explicitly mentioned the exclusion of cardiac and hilar
uptake, consistent with the instructions.

In Case B, athough GPT-5 had correctly identified the thoracic
LN metastasisin the primary analysis, themodel failed to detect
the lesion in the subanalysis (False Negative), stating “No
additional discrete FDG-avid mediastinal nodal foci.” The text
output suggested that the model actively evaluated and excluded
the hilar region; however, this inconsistency highlights the
stochastic nature of LLMs, where minor prompt alterations (eg,
adding arequest for reasoning) can ater the diagnostic outcome.

In Case C, the model correctly identified the N2 stage, but the
reasoning revealed a discrepancy. It correctly excluded hilar
uptake in its explanation, but hallucinated an abdominal LN
metastasis (False Positive). This suggests that athough the
model can generatetext that appearsto apply exclusion criteria,
it may till misidentify physiological uptake or noise as
pathological lesions, thereby reaching the correct stage for the
wrong anatomical reason.

Maruyama et al

Overall Diagnostic Performance of GPTsand
Physicians

The correct response rate, sensitivity, specificity, and Cohen kK
coefficient for each parameter are presented for both the LLMs
and physicians. The overall diagnostic performance is
summarized in Tables 2-5. In the overall correct response rate,
LLMs achieved a rate of 41/120 (34%; 95% Cl 26%-43%) to
94/120 (78%; 95% CI 70%-86%), whereas physicians
demonstrated ahigher rate of 70/120 (58%; 95% CI 49%-67%)
t0 108/120 (90%; 95% CI 83%-94%). The correct responserate
of LLMsfor thethoracic and abdominal LN ranged from 60/120
(50%; 95% CI 40%-59%) to 87/120 (73%; 95% Cl 64%-80%).
The sensitivity of LLMs ranged from 7/120 (6%; 95% CI
0%-14%) to 112/120 (93%; 95% Cl 86%-100%), whereas that
of physiciansranged from 65/120 (54%; 95% Cl 37%-72%) to
104/120 (87%; 95% CI 77%-94%). The specificity was 12/120
(10%; 95% Cl 2%-17%) to 115/120 (96%; 95% Cl 90%-99%)
for LLMs and 87/120 (73%; 95% Cl 61%-84%) to 119/120
(99%; 95% CI 94%-100%) for physicians. For the cN stage,
the correct response rate was 41/120 (34%; 95% Cl 26%-43%)
t0 58/120 (48%; 95% Cl 40%-57%) for LLMsand 70/120 (58%;
95% CI 49%-67%) to 73/120 (61%; 95% Cl 52%-70%) for
physicians. For the cM stage, the correct response rate ranged
from 91/120 (76%; 95% Cl 68%-84%) to 102/120 (85%; 95%
Cl 79%-92%) for both LLMs and physicians. The sensitivity
was 0/120 (0%; 95% Cl 0%-0%) to 18/120 (15%; 95% ClI
0.5%-29%) for LLMsand 40/120 (33%; 95% Cl 14%-52%) to
67/120 (56%; 95% CI 37%-72%) for physicians. The specificity
for both groups was 100/120 (83%; 95% Cl 75%-91%) to
119/120 (99%; 95% Cl 97%-100%). In terms of MCC, which
adjusts for class imbalance, physicians consistently
outperformed LLMs. For example, in the assessment of thoracic
LN metastasis, the radiologist achieved an MCC of 0.573,
whereas the highest-performing LLM (GPT-5) reached only
0.317.

Table 2. Overal diagnostic performance of GPTs and physicians for thoracic lymph nodes.

Accuracy (%) (95% Sensitivity (%) (95%  Specificity (%) (95% Cohenk value Pvalue Matthews correlation

Cl) Cl) Cl coefficient
GPT-5 63 (54-71) 31 (21-44) 94 (84-97) 0.25 <01 0.32
GPT-4.5 60 (51-68) 35 (22-47) 84 (75-93) 0.19 <01 0.21
GPT-4.1 58 (49-66) 28 (18-40) 85 (75-92) 0.13 <.01 0.16
OpenAl-03 56 (47-64) 22 (14-35) 87 (77-93) 0.097 _a 0.13
OpenAl-o1 50 (40-59) 93 (86-100) 10 (2-17) 0.027 — 0.05
GPT-turbo 52 (43-61) 20 (9-31) 82 (73-92) 0.03 — 0.04
Radiologist 78 (71-86) 84 (75-94) 73 (61-84) 0.57 <001 057
Surgeon 74 (66-82) 60 (47-73) 87 (79-96) 0.48 <001  0.49
Radiology resident1 74 (66-82) 71 (59-83) 77 (67-88) 0.48 <001 0.48
Radiology resident 2 80 (72-96) 87 (77-94) 73 (62-83) 0.60 <001 059

ot applicable.
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Table 3. Overall diagnostic performance of GPTs and physicians for abdominal lymph nodes.

Accuracy (%) (95% Sensitivity (%) (95%  Specificity (%) (95% Cohenk value Pvalue Matthews correlation

Cl) Cl) Cl) coefficient
GPT-5 73 (64-80) 14 (6-29) 96 (90-99) 0.14 <01 0.20
GPT-4.5 69 (61-77) 34 (18-51) 82 (74-91) 0.18 <01 0.18
GPT-4.1 71 (62-78) 17 (8-33) 93 (85-97) 0.13 <01 015
OpenAl-03 71 (62-78) 9(3-22) 96 (90-99) 0.067 _a 0.11
OpenAl-ol 56 (47-65) 63 (46-80) 53 (42-64) 0.081 — 0.14
GPT-turbo 66 (57-74) 6 (0-14) 91 (84-97) 0.063 — -0.06
Radiologist 80 (73-87) 57 (40-74) 88 (81-95) 0.47 <001 048
Surgeon 82 (75-89) 54 (37-72) 93 (87-99) 0.52 <001 053
Radiology resident 1~ 88 (82-94) 66 (49-82) 97 (93-100) 0.67 <001 0.69
Radiology resident 2 90 (83-94) 69 (52-81) 99 (94-100) 0.74 <001 075

3ot applicable.

Table 4. Overal diagnostic performance of GPTs and physicians for clinical N-stage (cN-stage).

Accuracy (%) (95% ClI) Cohen k value P value
GPT-5 48 (40-57) 0.18 <01
GPT-45 43 (34-52) 0.051 _a
GPT-4.1 45 (36-54) 0.12 <01
OpenAl-03 39 (31-48) 0.043 —
OpenAl-ol 34 (26-43) 0.055 —
GPT-turbo 34 (26-43) -0.072 —
Radiologist 58 (49-67) 0.38 <01
Surgeon 61 (52-70) 0.34 <.001
Radiology resident 1 61 (52-70) 0.39 <.001
Radiology resident 2 61 (52-69) 0.39 <.001

3Not applicable.

Table 5. Overall diagnostic performance of GPTs and physicians for clinical M-stage (cM-stage).

Accuracy (%) (95% Sensitivity (%) (95%  Specificity (%) (95% Cohenk value Pvalue Matthews correlation
Cl) I

Cl) coefficient

GPT-5 77 (68-83) 4(1-18) 98 (92-99) 0.023 _a 0.042
GPT-4.5 76 (68-84) 0(0-0) 98 (95-100) -0.032 — -0.07
GPT-4.1 77 (68-83) 0(0-0) 99 (94-100) -0.016 — -0.05
OpenAl-03 77 (68-83) 4(1-18) 98 (92-99) 0.023 — 0.04
OpenAl-ol 78 (70-85) 4(0-11) 99 (97-100) 0.039 — 0.09
GPT-turbo 78 (70-86) 15 (0.5-29) 96 (92-100) 0.14 <01 018
Radiologist 78 (70-85) 33 (14-52) 90 (84-96) 0.27 <001 028
Surgeon 85 (79-92) 52 (32-72) 95 (90-99) 0.52 <001 053
Radiology resident 1 77 (69-84) 56 (36-76) 83 (75-91) 0.36 <001 037
Radiology resident2 83 (76-89) 56 (37-72) 91 (84-96) 0.50 <001 050

3ot applicable.
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In the analysis of diagnostic correlation, GPT-5 and GPT-4.1
both demonstrated statistically significant weak correlations
with the diagnoses of thoracic LN metastasis, abdominal LN
metastasis, and cN stage. GPT-4.5 showed a dstatistically
significant weak correlation for the diagnoses of thoracic and
abdominal LN metastasis. GPT-4 Turbo showed a statistically
significant weak correlation in the diagnosis of the stage. The
other models did not demonstrate statistically significant
consistency. In contrast, all physicians demonstrated a
statistically significant moderate consistency for all items.

Comparison of Accuracy

First, we compared the average correct answer rates of LLMs
and physicians. In the assessment of thoracic LN metastases,

Maruyama et al

LLMs achieved 68/120 (57%; 95% Cl 52%-61%) accuracy,
whereas physicians achieved 91/120 (76%; 95% Cl 72%-80%)
accuracy. In the evaluation of abdominal LNs, LLMs reached
an accuracy of 82/120 (68%; 95% Cl 62%-73%) compared with
102/120 (85%; 95% CI 78%-91%) for physicians. For cN stage
diagnosis, LLMs attained 49/120 (41%; 95% Cl 36%-45%)
accuracy, whereas physicians achieved 71/120 (60%; 95% CI
55%-64%) accuracy. In the cM-stage assessment, the LLMs
achieved 92/120 (77%; 95% Cl 75%-80%) accuracy, which
was dlightly lower than the 96/120 (80%; 95% Cl 77%-83%)
accuracy observed among the physicians. Overall, physicians
demonstrated significantly higher accuracy than LLMs in the
evaluation of thoracic LN metastasis, abdominal LN metastasis,
and cN stage (P<.05; Table 6).

Table 6. Comparison of average accuracy between large language models (LLMs) and physicians.

Thoracic LN (%) (95% CI)

Abdominal LN (%) (95%

cN-stage® (%) (95% Cl)  cM-stage® (%) (95% Cl)

o))
LLMs (%) 57 (52-61) 68 (62-73) 41 (36-45) 77 (75-80)
Physicians (%) 76 (72-80) 85 (78-91) 60 (55-64) 80 (77-83)
P value <.001 .002 <.001 052

3_N: lymph node.
beN: clinical N.
%M clinical M.

Among the LLMs, GPT-5 demonstrated the highest diagnostic
accuracy for thoracic LN metastasis, abdominal LN metastasis,
and cN stage, and achieved one of the highest accuracies for
the cM stage. The results of McNemar’s pairwise test between
the LLMs GPT-5, GPT-4.5, GPT-4.1, and OpenAl-03 and the
radiologist are shown in Figure 4. Comparisons between the
LLMs revealed no statistically significant differences across
most evaluated parameters; however, a statistically significant
difference was observed between GPT-5 and OpenAl-03in the

https://cancer.jmir.org/2026/1/e86630

diagnosisof thoracic LN metastasis. In the diagnosis of thoracic
LN metastasis, all LLMs demonstrated significantly lower
accuracy than radiologists. However, for cN stage diagnosis,
GPT-5 and GPT-4.1 showed no dtatistically significant
difference from that of the radiologists. Moreover, in the
diagnosisof abdominal LN metastasis, no significant differences
were observed between any of the LLMs and the radiologists
(P<.05).
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Figure 4. Accuracy of large language models (LLMs) and physicians for each category. Error bars represent 95% Cls for each accuracy. OpenAl-ol
and GPT-4 turbo were excluded from the figure for clarity, as their performance was consistently lower than the other models, as detailed in Tables

2-5. cN: clinical N; LN: lymph node.
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In the analysis of diagnostic correlation, GPT-5 and GPT-4.1
both demonstrated statistically significant weak correlations
with the diagnoses of thoracic LN metastasis, abdominal LN
metastasis, and cN stage. GPT-4.5 showed a dstatistically
significant weak correlation for the diagnoses of thoracic and
abdominal LN metastasis. GPT-4 Turbo showed a statistically
significant weak correlation in the diagnosis of the stage. The
other models did not demonstrate statistically significant
consistency. In contrast, all physicians demonstrated a
statistically significant moderate consistency for al items
(Tables 2-5).

Discussion

Summary of Results

To our knowledge, thisis the first study to evaluate the newly
released GPT-5 for staging esophageal cancer using °F
FDG-PET images. Our results demonstrate a statistically
significant performance gap between that of physicians and
current LLMs. While diagnostic accuracy varied across
individual models and physicians, the average physician
performance was significantly superior to that of the LLM in
assessing thoracic LN metastasis (91/120, 76%; 95% ClI
72%-80% vs 68/120, 57%; 95% Cl 52%-61%; P<.001),
abdominal LN metastasis (102/120, 85%; 95% Cl 78%-91 vs
82/120, 68%; 95% Cl 62%-73%; P=.002), and cN stage (71/120,
60%,; 95% CI 55%-64% vs 49/120, 41%; 95% Cl 36%-45%;
P<.001; Table 6). Furthermore, LLM interpretations showed
poor consistency (Cohen k: —0.07 to 0.25), contrasting with the
fair-to-substantial agreement observed among physicians (k:

https://cancer.jmir.org/2026/1/e86630
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0.27 to 0.74). These statistical findings confirm that, despite
some overlapping accuracy ranges, current general-purpose
LLMs reliably underperform compared with human expertsin
complex staging tasks.

Principal Findings

Among the evaluated LLMs, GPT-5 demonstrated the highest
diagnostic performance. It achieved accuracies of 76/120 (63%;
95% CI 54%-71%) for thoracic LN and 87/120 (73%; 95% CI
64%-80%) for abdominal LN assessment, numerically
outperforming other models like GPT-4.5 (72/120, 60%, 95%
Cl 51%-68% and 83/120, 69%, 95% CI 61%-77%) and GPT-4.1
(70/120, 58%, 95% Cl 49%-66% and 85/120, 71%, 95% CI
62%-78%; Table 7 GPTs and radiologists). This superior
performance underscores the rapid advancement of these
models, likely attributable to architectural enhancements and
more comprehensive multimodal training [30].

However, a critica analysis of these results reveads a
fundamental limitation in using general-purpose generative Al
for specialized clinical tasks. While GPT-5 had high specificity
(115/120, 96%; 95% Cl 90%-99% for abdomina LNSs), its
sensitivity was critically low (5/35, 14%; 95% Cl 6%-29%)
when compared with radiologists (20/35, 57%; 95% ClI
40%-74%). This indicates that while the model is effective at
identifying “normal” findings (True Negatives), it fails to
reliably detect pathology (False Negatives). The discrepancy
between the high accuracy and relatively low MCC scores
observed in the LLMs further confirms that their performance
was driven primarily by the correct identification of negative
cases (specificity), rather than a balanced detection capability
required for clinical staging. This performance profile suggests
that general-purpose VLMs, which are primarily trained on
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natural images and text, currently lack the domain-specific
visua calibration required to distinguish subtle metastatic uptake

Table 7. Comparison of the accuracy.

Maruyama et al

from physiological noisein medical imaging.

Thoracic LN3 (%) ~ Abdominal LN (%) (95%  cN-stage? (%) (95% CI)  cM-stage® (%) (95% CI)
(95% Cl) CI)
Physi cians®
Radiologist (%) 78 (71-86) 80 (73-87) 58 (49-67) 78 (70-85)
Surgeon (%) 74 (66-82) 82 (75-89) 61 (52-70) 85 (79-92)
Radiology resident 1 (%) 74 (66-82) 88 (82-94) 61 (52-70) 77 (69-84)
Radiology resident 2 (%) 80 (72-96) 90 (83-94) 61 (52-69) 83 (76-89)
GPTsand radiologists
GPT-5 (%) 63 (54-71) 73 (64-80) 48 (40-57) 77 (68-83)
GPT-4.5 (%) 60 (51-68) 69 (61-77) 43 (34-52) 76 (68-84)
GPT-4.1 (%) 58 (49-66) 71 (62-78) 45 (36-54) 77 (68-83)
OpenAl-03 (%) 56 (47-64) 71 (62-78) 39 (31-48) 77 (68-83)
OpenAl-o1 (%) 50 (40-59) 56 (47-65) 34 (26-43) 78 (70-85)
GPT-turbo (%) 52 (43-61) 66 (57-74) 34 (26-43) 78 (70-86)

3_N: lymph node.
beN: clinical N.
%M clinical M.

%Thoracic LN: Cochran Q=4 (P=.26); Abdominal LN: Cochran Q=12.3 (P=.006); cN stage: Cochran Q=0.55 (P=.91); cM stage: Cochran Q=8.4

(P=.039).

Comparison to Prior Work

Radiological image diagnosis using generative Al has been
explored across various modalities, including plain radiography,
CT, and ultrasound, with reported accuracies varying widely
from 27.8% to 88% [15-18,31,32]. Many studies conclude that
generative Al performance remains suboptimal for clinical use.
Hong et a [33] found that no model achieved clinical-grade
applicability for reading chest radiographs due to significant
false positives, fal se negatives, and hallucinations. Our findings
align with this body of literature, confirming that substantial
advancements are needed before generative Al can be practically
appliedinthisclinical setting (Table S2 in MultimediaAppendix
2[15,17,31,32,34]). Unlike earlier studies focused on simple
classification or structuring textual data, our study targeted a
coreradiologist workflow: generating diagnostic reportsdirectly
from medical images. While LLMs excel at summarizing text
and extracting information from existing reports [34,35], few
studies have explored their ability to derive TNM classifications
from images, a task requiring both image interpretation and
clinical reasoning. Previous research has often focused on
T-factor classification, such as identifying a mass or its size.
Our work extends this by comprehensively investigating N and
M stage classification of malignant tumors using PET images.
Evaluating LLM performance on complex clinical tasks, rather
than simplediagnosis, iscrucial for assessing their future clinical
potential.

Furthermore, although the models were not provided with
explicit segmentation masks, we hypothesized that current

https://cancer.jmir.org/2026/1/e86630

VLMs would use their multimodal capabilities [15,16,29] to
map the semantic text label, such as “middle thoracic,” to the
corresponding high-uptake region on the MIP image. We
hypothesized that the models would interpret this text input as
a spatial guide by recognizing anatomical landmarks such as
the proximity to the heart, thereby allowing them to distinguish
and exclude the primary tumor from other metastatic lesions.
This hypothesis was supported by our post hoc qualitative
subanalysis, in which the model’s generated reasoning suggested
that it identified the primary tumor location based on the
provided text prompt.

Impact on Clinical M anagement

The performance gap between physicians and LLMs has
significant implicationsfor clinical decision-making. Accurate
staging, particularly the detection of nodal and distant
metastases, is critical for determining whether patients are
candidatesfor curative surgery versus multimodal therapy. The
low sensitivity of LLMs observed in this study (eg, 14% for
abdominal LNs by GPT-5) poses a substantial risk of
under-staging. In a clinical setting, relying on such a system
could lead to the omission of necessary neoadjuvant
chemotherapy or the performance of futile surgerieson patients
with undetected metastases. In contrast, physicians demonstrated
significantly higher sensitivity and balanced accuracy, ensuring
that high-risk patients are appropriately identified for systemic
treatment. Therefore, while LLMs show promise in specificity,
their current lack of sengitivity precludes their utility as a
standal one diagnostic tool for treatment planning.
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A key factor limiting LLM performancein medical imaging is
the fundamental mismatch between their text-centric design
and the demands of visual analysis. As LLMs are primarily
trained on textual data, they excel in natural language
understanding and reasoning but lack the capability to process
and analyze complex visua information [32]. This limitation
isreflected in the observation that text-based report structuring
consistently outperformed direct image-based diagnosis in
radiology report generation. To improve accuracy, future
research should prioritize architecturesthat better integrate text
and visual data. Incorporating multimodal |earning frameworks
that combine textual and imaging information might enhance
diagnostic performance and facilitate clinical applicability
[36,37].

Limitations
This study has several limitationsthat should be acknowledged.

First, our dataset was limited by a significant class imbalance,
particularly in M-stage classification, where only 27/120
(22.5%) of caseswere M 1-positive. Consequently, the resulting
Cls for sensitivity were wide, and the study may be
underpowered to detect significant differencesin sensitivity for
distant metastases. Such imbalances are known to bias machine
learning models toward the majority class, potentialy leading
to overestimated specificity and underestimated sensitivity.
Furthermore, potential image resol ution degradation during the
conversion and trimming of DICOM files may have impacted
the diagnostic accuracy of the LLMs. A more balanced and
carefully processed dataset would enable a more robust
evaluation of model performance. Additionally, because the
LLMs were prompted to provide binary classification outputs
(yes/no) in azero-shot setting rather than continuous probability
scores, receiver operating characteristic curve analysisand area
under the curve calculation were not feasible in this study.

Second, the reliance on a single MIP image for each case does
not reflect standard clinical practice. MIPsare 2D condensations
that can omit crucial spatial and anatomical details necessary
for accurate TNM staging, which clinicianstypically determine
by reviewing multiplanar image dlices and integrating
information from CT scans. This methodological constraint
may have disadvantaged the LLMswhen compared with human
interpretation. Furthermore, our input was strictly limited to
visual information from MIP images and did not include
semiquantitative metabolic parameters (eg, SUVmax) or
volumetric indices (eg, metabolic tumor volume), which are
integral to standard PET/CT interpretation for differentiating
malignant from physiological uptake. Thisis further supported
by the variability in diagnostic accuracy observed among
physicians within our study, which suggests a potential
discrepancy between radiological assessment in this
experimental setting and actual clinical workflows.

Third, the diagnostic criteria were not explicitly defined for
either the LLMs or the human evaluators. While a subanalysis
requesting the“basisfor diagnosis’ was performed to check for
logical consistency (Table S1 in Multimedia Appendix 1), we
acknowledge that this generated text itself represents apotential
hallucination and is not a substitute for visual attention maps.
The subanalysis revealed that while the model often generates

https://cancer.jmir.org/2026/1/e86630
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text regarding clinical exclusion criteria (eg, ignoring hilar
nodes), it remains prone to hallucinations (Case C) and
stochastic instability (as was with Case B). The addition of a
reasoning prompt paradoxically led to afalse-negative result in
a previously correctly diagnosed case. Crucialy, due to the
“black box” nature of commercial APIs, we could not generate
saliency maps or obtain reliable bounding box coordinates to
verify the models focus. Consequently, we cannot determine
whether the “correct” classifications were achieved based on
appropriate anatomical features or simply represent “right
answers for the wrong reasons.”

Fourth, the use of a private, single-ingtitution dataset limits the
generalizability of our findings. Differences in imaging
protocols, patient populations, and clinical workflows across
institutions can significantly affect model performance, making
external validation with larger, multicenter datasets essential.
However, it is noteworthy that the LLMs were applied in their
general -purpose form without task-specific fine-tuning. While
differing from traditional machinelearning modelsthat are often
customized, this approach facilitates performance testing across
diverse environments, suggesting that LLMs may be suitable
for broader clinical and research applicationswhere consistency
and ease of validation are important.

Finally, thiswas asingle-institution study focusing exclusively
on esophageal SCC. Differences in imaging protocols, patient
demographics, and disease pathol ogies acrossinstitutions were
not accounted for, limiting the external validity of our findings.

Future Directions

Future research should prioritize severa key areas to improve
diagnostic accuracy and clinical utility. First, overcoming the
limitations of 2D MIPimagesisessential; integrating volumetric
data from CT and 3D PET scans is necessary to capture the
spatial and anatomical details required for accurate staging.
Second, future studies should use multimodal learning
frameworks that better synthesize textual clinical data with
imaging features, rather than relying only on text-centric
architectures. Third, to addressthe“ black box” nature of current
models, assessments should include outputs such as bounding
boxes or heatmaps to verify that the model is identifying the
correct pathology rather than hallucinating lesions.

Finaly, conducting external validation wusing larger,
multi-institutional datasetsis crucial to assess generalizability
across different imaging protocols and diverse patient
populations.

Conclusions

Current general-purpose LLMs, including GPT-5, do not achieve
physician-level diagnostic accuracy for esophageal cancer
staging based on MIPimages. While newer models demonstrate
improved specificity and a reduction in hallucinations when
compared with those of earlier iterations, their sensitivity for
detecting nodal and distant metastases remains insufficient for
clinical use. These findings suggest that while LLMs hold
potential as future support tools, they currently cannot replace
or reliably augment expert radiological assessment in this
domain. Future development must prioritize the integration of
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volumetric dataand multimodal capabilitiesto bridgethenotable  performance gap observed in this study.
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