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Artificial intelligence-based pathological model for pan-cancer
lymph node metastasis detection: a multicentre diagnostic
study with retrospective and prospective validation
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Summary

Background Accurate detection of lymph node metastasis is crucial for precise tumour staging and treatment
planning. Conventional pathological examination can overlook lymph node micrometastasis, resulting in under-
diagnosis and suboptimal clinical outcomes. This study aimed to develop a pan-cancer artificial intelligence
diagnostic model (PanCAM) for detecting lymph node metastasis across cancer types.

Methods In this multicentre diagnostic study, patients who had undergone tumour resection and lymph node dis-
section from 17 hospitals in China were included. The entire dataset included nine common and 24 rare cancers.
Histological slides of resected lymph nodes were collected and scanned to generate whole slide images (WSIs).
PanCAM was developed by use of supervised learning and incremental learning strategies and trained and
internally validated retrospectively on WSIs from nine common cancers at Sun Yat-sen Memorial Hospital of Sun
Yat-sen University (Guangzhou, China). Its generalisability was retrospectively validated by use of WSIs from
15 external hospitals in China and the publicly available CAMELYON16 dataset from the Netherlands,
representing both common and rare cancers. Prospective validation was done in a multicentre study
(NCT06517979) across nine hospitals in China. The primary outcome was diagnostic sensitivity for detecting
lymph node metastasis. In a secondary analysis, we compared performance between PanCAM and pathologists.

Findings Between Jan 1, 2013, and Nov 30, 2024, 9256 patients from 17 hospitals in China were included in the study
(4735 [51-2%] men; 4521 [48-8%] women; median age 60 years [IQR 50-69]; 3486 [37-7%] with lymph node
metastasis). The dataset comprised 1303 patients in the training set, 558 in the internal validation set, 6006 in the
external validation sets, and 1389 in the prospective validation sets, totalling 69 502 images and 153 985 lymph
nodes. The CAMELYON16 dataset consisted of 399 images. In the retrospective validation, the diagnostic
sensitivity of PanCAM for detecting lymph node metastasis ranged from 0-97 (95% CI 0-92-0-99) to 1-00
(0-98-1-00) across 16 hospitals, and was 0-96 (0-92-0-99) on the CAMELYON16 dataset. In the prospective
validation, PanCAM exhibited sensitivity ranging from 0-93 (0-78-0-99) to 1-00 (0-98-1-00) across nine hospitals.
Despite being trained solely on images from common cancers, PanCAM achieved a sensitivity of 0-98 (0-95-1-00)
for rare cancers in both retrospective and prospective validations. At the patient level, PanCAM identified
120 additional patients with lymph node metastasis who were missed by pathologists in the retrospective
validation and 21 additional cases in the prospective validation.

Interpretation PanCAM provided a generalisable solution for detecting lymph node metastasis across cancer types.
With high sensitivity and robust performance, the model could assist pathologists in diagnosing lymph node
metastasis, improving diagnostic accuracy, supporting treatment decision making, and ultimately enhancing patient
outcomes.
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20 million new cases and 9-7 million cancer-related deaths
in 2022.' Among patients with cancer, lymph node metas-
tasis is a key prognostic factor associated with lower overall
and recurrence-free survival.>* Several studies have shown

Introduction

Cancer is a leading contributor to the global disease burden
and poses a serious threat to human health. Both incidence
and mortality rates of cancer continue to rise annually, with
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Research in context

Evidence before this study

We searched PubMed on Jan 31, 2025, without language or date
restrictions, using the terms (“"pathology" OR "whole slide image")
AND (“lymph node metastasis”) AND (“artificial intelligence" OR
"deep learning"). Among the 436 search results, 21 relevant
original articles that applied artificial intelligence to detect lymph
node metastasis in whole slide images of cancers were identified.
One study proposed a pan-origin lymph node metastasis
detection system, incorporating data from three hospitals and
covering 52 organs. However, this study included only

3800 images and reported a suboptimal specificity of 72-2%. The
remaining 20 studies focused on single or a small number of
cancer types—most commonly breast, gastric, colorectal, bladder,
or prostate cancer—with finite generalisability across different
cancer types. Moreover, most studies showed suboptimal
sensitivity and specificity, lacked validation in large-scale
multicentre cohorts, and did not include prospective evaluation.

Added value of this study

In this multicentre study, we developed a pan-cancer artificial
intelligence diagnostic model (PanCAM) for detecting lymph
node metastasis on whole slide images, which showed reliable
performance, particularly in identifying lymph node

that postoperative adjuvant therapy and intensified sur-
veillance in patients with lymph node metastasis can
significantly improve survival outcomes.*” These findings
underscore the increasing demand for accurate detection of
lymph node metastasis.

Histological examination of lymph nodes remains the
gold standard for metastasis detection. However, the heavy
workload in clinical pathology, lack of time for detailed
review, and inherent challenges in identifying micrometa-
stasis (tumour <2 mm in diameter) can result in missed
lesions during routine pathological practice.® Such over-
sight of micrometastasis might lead to underestimation of
nodal staging and compromise treatment decisions.
Therefore, more precise and efficient diagnostic tools are
urgently needed to enhance diagnostic accuracy.

Artificial intelligence (AI) has shown potential in clinical
pathology.”"" Al-based models can extract crucial features
from digitised pathology images and have already been
employed in early cancer detection, staging, treatment
response evaluation, and prognostic prediction.””¢ In the
context of lymph node metastasis, several Al-based diag-
nostic models have been developed that match or even
surpass expert-level performance, improve diagnostic effi-
ciency, and reduce reliance on immunohistochemistry.®"7-
Retrospective analyses by use of Al models have increased
the detection of positive cases by 8-22%.1722

Nevertheless, most existing Al models for lymph node
metastasis detection are restricted to one or a few cancer
types, limiting their clinical utility. For rare cancers, the
scarcity of available data further hampers the development

micrometastasis. To our knowledge, this study used the largest
multicentre dataset to date in this field, consisting of

9256 patients and 69502 images representing 33 cancer types
across 17 hospitals, and did the first multicentre prospective
validation for lymph node metastasis detection by use of artificial
intelligence. The model, trained on histological images from nine
common cancers, generalised well to rare cancers. PanCAM
showed robust diagnostic performance in both retrospective and
prospective validation and exhibited favourable generalisability
across hospitals, cancer types, and scanner types. Notably,
PanCAM identified 141 patients with lymph node metastasis who
were missed by pathologists, potentially reducing the missed
diagnosis rate by ten (1%) of 697 to eight (23%) of 35 across
hospitals.

Implications of all the available evidence

Artificial intelligence-based models can complement
conventional pathological diagnosis by improving the sensitivity
of lymph node metastasis detection, thereby reducing missed
diagnoses of nodal micrometastasis and enabling more precise
treatment. PanCAM showed robust performance across cancer
types and hospitals, indicating its potential for broad clinical
adoption, particularly in settings with poor medical resources.

of accurate and robust Al models.” Leveraging large-scale
pathological image datasets encompassing diverse cancer
types might enable Al models to learn more generalisable
features, thereby enhancing diagnostic performance across
a broad spectrum of malignancies.

We hypothesised that an AI model could automatically
detect lymph node metastasis across cancer types by
integrating well established algorithms with advanced
computing power and big data, thereby assisting patholo-
gists. In this study, a pan-cancer artificial intelligence
diagnostic model (PanCAM) was developed to detectlymph
node metastasis, by use of the largest multicentre dataset
reported to date, comprising 9256 patients and 69502
whole slide images (WSIs) from 33 cancer types across
17 hospitals.

Methods

Study design and participants

This multicentre diagnostic study involved a retrospective
study across 16 hospitals in China to develop PanCAM and
evaluate its generalisability, and a prospective validation at
nine hospitals in China to assess its clinical applicability.
The publicly available CAMELYON16 dataset from
the Netherlands was incorporated as an international val-
idation cohort. For model development, patients who had
undergone tumour resection and lymph node dissection
across China were included, without restrictions on age,
sex, histological type, or receipt of neoadjuvant therapy
(race and ethnicity data were not collected). The study
covered nine common cancers (lung, breast, colorectal,
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prostate, gastric, thyroid, cervical, bladder, and oesophageal
cancer) and 24 rare cancers (appendix 2 pp 8, 10). Partici-
pating hospitals were selected from both tertiary and
grass-roots hospitals to represent health-care disparities.
The workflow of this study is illustrated in figure 1.
This study was approved by the medical ethics committee
of Sun Yat-sen Memorial Hospital of Sun Yat-sen Univer-
sity (SYSMH, approval number: SYSKY-2024-513-01),
and the research protocol has also been reviewed and filed
by the ethics committees of all sub-centres. Patient infor-
mation was de-identified for privacy protection. Each
patient had provided written informed consent for the use
of clinical residual samples on admission, and the institu-
tional ethics committee waived additional informed con-
sent requirements for both retrospective and prospective
validation given the non-interventional nature of the study
and use of de-identified data. This study followed STARD
guidelines and was conducted in accordance with the
Helsinki Declaration, and the prospective validation was
registered with ClinicalTrials.gov, NCT06517979.

Data and image acquisition

Baseline characteristics, including age, sex, cancer type,
histological type, and neoadjuvant therapy status, were
extracted from the electronic medical records systems of
the participating hospitals. The data were queried and
entered into a standardised electronic data collection form
by the participating investigators at each hospital. To ensure
data quality, a random sample of the entered data was cross-
verified by authors TL, SW, GH, and YunW against the
original records. Pathological slides stained with haema-
toxylin and eosin from lymphadenectomy specimens were
retrieved from pathology archives and scanned at 20x
magnification to generate WSIs. The slide scanners inclu-
ded SQS-600P (Shenzhen, China), KF-PRO-400 (Ningbo,
China), and Pannoramic SCAN II (Budapest, Hungary).
Severely faded images were excluded. CAMELYON16
images were obtained by use of Pannoramic 250 Flash II
(Budapest, Hungary) and NanoZoomer-XR C12000
(Hamamatsu, Japan).® Details of scanner types used at each
hospital are shown in appendix 2 (p 9).

Model development

Two senior pathologists (JY and JC, each with >15 years of
experience) independently reviewed all WSIs across all
datasets and provided diagnoses, with immunohis-
tochemistry employed for definitive diagnosis in cases of
disagreement (appendix 2 p 6). The consensus diagnosis
from the two pathologists, combined with immunohis-
tochemistry results, was considered the reference standard.
WSIs were categorised as positive (including micrometa-
stasis [tumour cell cluster diameter >0 mm to <2 mm] and
macrometastasis [diameter >2 mm)]) or negative. In the
retrospective study, PanCAM was trained and internally
validated on WSIs from patients with nine common can-
cers at SYSMH (Guangzhou, China). Patients were strati-
fied by both lymph node metastasis status (positive vs
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negative) and cancer type, and were then randomly
assigned to training and internal validation sets in a
7:3 ratio using a computer-generated random number
sequence. For positive images from nine common cancers
in the training set, representative tumour regions were
selected by two senior pathologists (JY and JC) for pixel-
level annotation. To expedite annotation a model-assisted
strategy was employed, in which an initial model gen-
erated potential tumour regions for manual review. False
positives and false negatives were manually corrected to
ensure accuracy. These verified annotations were inte-
grated into the training set for iterative model improvement
(appendix 2 pp 4, 24). For challenging cases, annotation
labels were finalised through discussion between the same
two pathologists, with immunohistochemistry used when
consensus was not achieved (appendix 2 p 6).

PanCAM was developed by use of the DeepLabv3+ seg-
mentation framework with RegNet-Y40 as the encoder. The
model was trained through incremental learning, starting
with annotated WSIs from patients with prostate cancer
and progressively incorporating eight other common can-
cers (appendix 2 pp 4, 24). A comprehensive data sampling
strategy combining key patch selection, hard sample inte-
gration, and fixed-ratio random sampling was employed to
optimise model training with heterogeneous data. To
enhance robustness, spatial and colour-based image aug-
mentation techniques were applied during training. Image
classification was done by use of a pixel threshold method,
which involved two variables: the pixel threshold, in which
pixels above the threshold were classified as positive, and
the number of positive pixels threshold, in which images
exceeding this count were classified as positive. Optimal
pixel threshold and number of positive pixels threshold
values were established by maximising the F2 score,
which weights recall twice as much as precision, in the
internal validation set. The F2 score is calculated using
the following formula: F2 score=(5 x precision x recall)/
(4 x precision + recall).

The visualisation of PanCAM development is presented in
figure 2, with detailed methods provided in appendix 2 (pp 4-6).

In addition to the WSI-level evaluation, we also assessed
the PanCAM'’s diagnostic performance at the patient level.
A patient was considered positive for lymph node metas-
tasis if any of their WSIs was predicted as positive by
PanCAM. PanCAM was externally validated retrospectively
on WSIs from patients with 29 common and rare cancers at
15 hospitals and on WSIs from patients with breast cancer
in the CAMELYON16 dataset (appendix 2 p 8). For the
CAMELYON16 dataset, the performance of PanCAM was
compared with the best-reported results (state-of-the-art)
from previously published studies on the same dataset
(appendix 2 p 17).

Prospective validation of the model

PanCAM parameters were frozen following model devel-
opment. To further evaluate the clinical applicability of
PanCAM in a rigorous manner that mimics real-world

See Online for appendix 2
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Figure 1: Workflow of the study

The development of PanCAM comprised four stages. (A) The data collection phase involved obtaining lymph node sections from 33 cancer types across multiple medical centres, followed by scanning and
digitising to generate WSIs. WSIs were also obtained from the publicly available CAMELYON16 dataset from the Netherlands. (B) PanCAM was developed by use of pixel-level annotation of WSIs, on the
basis of a model architecture integrating DeepLabv3+ and RegNet-Y40 for segmentation and classification. An incremental learning strategy was employed to optimise model performance. Image
classification was done by use of a pixel threshold method, relying on two key variables: pixel threshold and number of positive pixels threshold. (C) Model performance was evaluated at both the patient
and WSl levels. (D) PanCAM was integrated into clinical settings in a prospective multicentre study to assist pathological diagnosis and support adjuvant therapy decision making. Some items were created
by use of BioRender.com. PanCAM=pan-cancer artificial intelligence diagnostic model. AUC=area under the curve. pN-=pathological lymph node metastasis negative. pN+=pathological lymph node

metastasis positive. WSI=whole slide image.

deployment, we designed and conducted a prospective
validation across nine hospitals (appendix 2 p 10). Lymph
node slides from enrolled eligible patients at nine partici-
pating hospitals were prospectively collected and digitised
into WSIs. The data collection was planned before the index
test (PanCAM diagnosis) and the reference standard were
done. Clinical pathologists examined lymph node slides
under standard pathological procedures using microscopy,
while PanCAM concurrently analysed the WSIs to generate
its diagnostic output. Both clinical pathologists and Pan-
CAM were masked to each other’s diagnostic results. The
WSIs were subsequently reviewed by two senior patholo-
gists (JY and JC) to establish the reference standard. In
cases of discordance between clinical pathologists and
PanCAM, senior pathologists provided arbitration for

research analysis, with immunohistochemistry employed
as needed to confirm the diagnosis (appendix 2 p 6).

Benchmarking against cancer-specific models

To comprehensively evaluate the diagnostic performance
of PanCAM, a comparative analysis was done against other
cancer-specific models. Specifically, two previously vali-
dated models were selected: bladder cancer-specific model
(BCa model),"” trained on bladder cancer, and prostate
cancer-specific model (PCa model),” trained on prostate
cancer. PanCAM and the cancer-specific models were trained
by use of an identical dataset of bladder and prostate cancer
samples. A dataset from three hospitals in China was used to
evaluate the models’ diagnostic performance (appendix 2 p 11).
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Figure 2: PanCAM development

(A) PanCAM training process. Pathologists manually selected regions of interest on WSIs for pixel-level annotation. These regions of interest were then cropped into square patches. A comprehensive
training dataset was constructed by incorporating positive, negative, hard sample, and random patches. Following data augmentation, the patches were used to train PanCAM, which was built on the
Deeplabv3+ and RegNet-Y40 architecture. Subsequently, PanCAM analysed a new batch of WSIs and generated preliminary annotations to expedite the annotation process, followed by pathologists’
review and correction. These verified annotations were integrated into the training dataset for model iteration. More details are shown in appendix 2 (pp 4-6, 24). (B) PanCAM analysing process. WSIs were
processed by use of a sliding window approach to generate patches, which were then input into PanCAM. The model produced segmentation heatmaps for visualisation and pixel-level prediction

probabilities for classification. WSI-level diagnoses were determined on the basis of pixel threshold and number of positive pixels threshold, with details provided in appendix 2 (p 6). PanCAM=pan-cancer

artificial intelligence diagnostic model. WSI=whole slide image.

Outcomes

The primary outcome was the diagnostic sensitivity of
PanCAM for detecting lymph node metastasis. Secondary
outcomes included specificity, accuracy, positive predictive
value (PPV), negative predictive value (NPV; calculated
from the 2x2 contingency table), as well as area under the
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receiver operating characteristic curve (AUC); a compari-
son of sensitivity between PanCAM and pathologists; the
performance of PanCAM in subgroups of diverse histo-
logical types, neoadjuvant therapy, and tumour micro-
metastasis and macrometastasis; and performance
differences between PanCAM and cancer-specific models.
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Lymph node status

With metastasis 511 (39-2%)

fibrosarcoma, and metaplastic carcinoma.

Training set Internal validation External validation Prospective validation
(n=1303) set (n=558) sets (n=6006) sets (n=1389)
Number of hospitals 1 1 15 9
Number of whole slide images 9953 4157 45251 10 141
Number of lymph nodes 22522 9298 98 407 23758
Median age, years 60 (50-68) 63 (55-69) 60 (50-69) 59 (49-68)
Sex
Male 688 (52-8%) 376 (67-4%) 3031 (50-5%) 640 (46-1%)
Female 615 (47-2%) 182 (32:6%) 2975 (49-5%) 749 (53-9%)

186 (33-3%)

Without metastasis 792 (60-8%) 372 (66-7%) 3729 (62-1%) 877 (63-1%)
Histological type

Adenocarcinoma 1091 (83-7%) 331 (59-3%) 4711 (78-4%) 1208 (87-0%)

Squamous cell carcinoma 181 (13-9%) 49 (8-8%) 612 (10-2%) 83 (6:0%)

Adenosquamous carcinoma 9 (0-7%) 3 (0-5%) 12 (0-2%) 4 (0-3%)

Others* 22 (1-7%) 175 (31-4%) 671 (11-2%) 94 (6-8%)
Receipt of neoadjuvant therapy

Yes 284 (21-8%) 140 (25-1%) 883 (14-7%) 242 (17-4%)

No 1019 (78-2%) 418 (74-9%) 5123 (85-3%) 1147 (82-6%)

Data are n, median (IQR), or n (%). *Other histological types include urothelial carcinoma, melanoma, lymphoepithelioma, serous carcinoma, small-cell neuroendocrine carcinoma,
large-cell neuroendocrine carcinoma, adenoid cystic carcinoma, undifferentiated carcinoma, sarcomatoid carcinoma, carcinosarcoma, clear-cell carcinoma, medullary carcinoma,
endometrioid carcinoma, basal-cell carcinoma, rhabdomyosarcoma, pilomatrix carcinoma, chromophobe carcinoma, hepatocellular carcinoma, embryonal carcinoma, carcinoid,

2277 (37-9%) 512 (36-9%)

Table 1: Baseline characteristics of included patients

Statistical analysis

The sample size for the retrospective validation was deter-
mined on the basis of sample availability, whereas that for
the prospective validation was calculated by power analysis
with PASS software (version 15.0.5, appendix 2 p 7). Stat-
istical analyses were done by use of R software (version
4.4.2). AUCs were calculated by use of the pROC package
(version 1.18.5). AUC comparison was done by use of the
DeLong test. 95% ClIs for sensitivity, specificity, accuracy,
PPV, and NPV were calculated by use of the
Clopper—Pearson method. Diagnostic performance com-
parisons between PanCAM and pathologists, as well as
across different models, were done by use of the 3 test. All
analyses were prespecified. A two-sided p value of less than
0-05 was considered significant.

Role of the funding source

The funders of the study had no role in study design, data
collection, data analysis, data interpretation, or writing of
the report.

Results

In the retrospective study, 7867 patients (4095 [52-1%)] men,
3772 [47-9%] women; median age 60 years [IQR 50-69];
2974 [37-8%)] with lymph node metastasis) were included
from 16 hospitals between Jan 1, 2013, and June 30, 2024.
Severe fading led to the exclusion of 62 images. Ultimately,
59361 WSIs and 130 227 lymph nodes were included in the
analysis. Among the 7867 patients, 1303 (9953 WSIs and

22522 lymph nodes) from SYSMH were assigned to the
training set, 558 (4157 WSIs and 9298 lymph nodes) from
SYSMH to the internal validation set, and 6006
(45 251 WSIs and 98 407 lymph nodes) from the remaining
15 hospitals to external validation sets. The CAMELYON16
dataset (399 WSIs) was used as an international validation
set. In the prospective validation phase, 1389 patients
(640[46-1%] men, 749 [53-9%] women; median age 59 years
[IQR 49-68]; 512 [36-9%] with lymph node metastasis) were
included from nine hospitals between Sept 1, 2024, and
Nov 30, 2024, yielding 10 141 WSIs and 23 758 lymph nodes
(table 1; figure 3A, B; appendix 2 pp 12, 25).

In the retrospective validation across 16 hospitals,
PanCAM showed sensitivity ranging from 0-97 (95% CI
0-92-0-99) to 1-00 (0-98-1-00), AUC from 0-99 (0-97-1-00)
to 1-00 (1-00-1-00), and specificity from 0-88 (0-84—0-91) to
0-98 (0-96-0-99). Accuracy ranged between 0-89 (95% CI
0-85-0-92) and 0-98 (0-97-0-99) and PPV between 0-49
(0-39-0-60) and 0-93 (0-89-0-96), and NPV exceeded 0-99
(0-97-1-00) at all hospitals. For the CAMELYON16 dataset,
PanCAM had a sensitivity of 0-96 (95% CI 0-92-0-99), an
AUC of 0-97 (0-96-0-99), and a specificity of 0-91 (0-87—
0-94), with comparative analysis against state-of-the-art
performance provided in appendix 2 (p 17). Additionally,
PanCAM showed sensitivity ranging from 0-96 (0-95-0-97)
to 1-00 (0-98-1-00) and specificity from 0-90 (0-89-0-91) to
0-98 (0-97-0-98) across nine common cancers; for rare can-
cers, sensitivity was 0-98 (0-95-1-00) and specificity was 0-92
(0-90-0-94; figure 3C, D; table 2; appendix 2 pp 13, 15, 26-27).
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In the prospective validation across nine hospitals,
PanCAM showed sensitivity ranging from 0-93 (95% CI
0-78-0-99) to 1-00 (0-98-1-00), AUC from 0-96 (0-91-1-00)
to1-

00 (1-00-1-00), and specificity from 0-89 (0-87-0-91) to
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0-98 (0-97-0-98). For common cancers, PanCAM had a
sensitivity ranging from 0-96 (0-78-1-00) to 1-00
(0-89-1-00) and a specificity ranging from 0-85 (0-75-0-92)
to 0-97 (0-94-0-98); for rare cancers, sensitivity was 0-98
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Figure 3: Performance of the PanCAM across hospitals and cancer types

(A, B) Number of patients and whole slide images included across nine common and 24 rare cancer types from 17 hospitals. (C, D) ROC curves showing the performance
of PanCAM in detecting lymph node metastasis across hospitals and cancer types in the retrospective validation. (E, F) ROC curves showing the performance of PanCAM
in detecting lymph node metastasis across hospitals and cancer types in the prospective validation. Details on rare cancer types and the full names of participating

hospitals in China are provided in appendix 2 (pp 8, 10). CAMELYON16 is a publicly available dataset in the Netherlands, used for external validation. Some items were
created by use of BioRender.com. AUC=area under the receiver operating characteristic curve. PanCAM=pan-cancer artificial intelligence diagnostic model. ROC=receiver

operating characteristic.

(0-95-1-00) and specificity was 0-93 (0-91-0-94; figure 3E, F;
table 2; appendix 2 pp 14, 16, 28-29). In the retrospective
and prospective validation set of 7953 patients, PanCAM
generated 2364 false-positive classifications (0-3 per
patient), each requiring a median additional review time of
13 s (IQR 10-16).

For patient-level diagnosis, PanCAM exhibited sensitivity
ranging across hospitals from 0-96 (95% CI 0-86-1-00) to
1-00 (0-94-1-00) in the retrospective validation and 0-99
(0-94-1-00) to 1-00 (0-97-1-00) in the prospective validation.
Pathologists had sensitivities ranging across hospitals from
0-77 (0-60-0-90) to 1-00 (0-93-1-00) in the retrospective
validation and 0-87 (0-60-0-98) to 1-00 (0-78-1-00) in the
prospective validation (appendix 2 pp 18-19). Across the
entire validation set, PanCAM exhibited higher overall
sensitivity than pathologists (0-99 [0-99-0-99] vs 0-96
[0-95-0-97], p<0-0001), whereas pathologists showed
superior specificity (1-00 [1-00-1-00] vs 0-82 [0-81-0-83],
p<0-0001; figure 4A-C; appendix 2 pp 20-21). PanCAM
identified 120 patients who were positive but missed by

pathologists, of whom 114 were micrometastasis cases, and
reduced the missed diagnosis rate by 1-23% (from ten of
697 to eight of 35) across hospitals in the retrospective
validation. In the non-interventional prospective validation,
PanCAM identified 21 additional patients who were posi-
tive but overlooked by pathologists, all of whom were
micrometastasis cases, potentially reducing the missed
diagnosis rate by 2-13% (from one of 44 to two of 15) across
hospitals (appendix 2 pp 18-19, 30).

PanCAM showed robust performance across diverse
histological types, with AUCs of 0-99 (95% CI 0-99-0-99)
for adenocarcinoma, 1-00 (1-00-1-00) for squamous cell
carcinoma, 1-00 (1-00-1-00) for adenosquamous carcin-
oma, and 0-99 (0-98-0-99) for other histological types
(appendix 2 p 31). Among patients who had received neo-
adjuvant therapy, PanCAM had an AUC of 0-99 (0-99-0-99;
appendix 2 p 32). In subgroups of positive WSIs, PanCAM
had a sensitivity of 0-95 (95% CI 0-95-0-96) for tumour
micrometastasis and 1.00 (1-00-1-00) for tumour
macrometastasis (appendix 2 p 22).
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Retrospective validation set
Lung cancer 0-98 (0-97-0-99) 0-99 (0-98-1-00) 0-90 (0-89-0-91) 0-91 (0-90-0-91) 0-40 (0-37-0-43) 1-00 (1-00-1-00)
Breast cancer 0-98 (0-98-0-99) 0-99 (0-99-0-99) 0-96 (0-96-0-97) 0-97 (0-96-0-97) 0-90 (0-89-0-92) 0-99 (0-99-1-00)
Colorectal cancer 0-99 (0-98-0-99) 0-99 (0-99-1-00) 0-96 (0-95-0-97) 0-97 (0-96-0-97) 0-85 (0-83-0-87) 1-00 (1-00-1-00)
Prostate cancer 0-98 (0:97-0-99)  0-99 (0-99-1-:00)  0-97 (0-97-0-97)  0-97 (0-97-0-98)  0-81(0-78-0-84) 1.00 (1-00-1-00)
Gastric cancer 0-98 (0-97-0-99)  0-99 (0-99-0-99)  0-96 (0-96-0-97)  0-97 (0-96-0-97)  0-90 (0-88-0-91) 0-99 (0-99-1-00)

0-97-0-98)

Cervical cancer 0-99 (0-97-1-00) 0-99 (0-99-1-00) 0-98 (0-97-0-98) 0-98 (0-97-0-98 0-78 (0-74-0-81) 1-00 (1-00-1-00)
Bladder cancer 0-99 (0-97-1:00)  0-99 (0-99-1-00) ~ 0-96 (0:95-0-97)  0-96 (0:96-0-97)  0-66 (0-62-0-70) 1.00 (1-00-1-00)
Oesophagus cancer ~ 1:00 (0-98-1-00)  1-00 (0-99-1-00)  0-92 (0-91-0-93)  0-93 (0-92-0-94)  0-65 (0-61-0-69) 1-00 (1-00-1-00)
Rare cancers 0-98 (0-95-1-00)  0-99 (0-98-1-00)  0-92 (0-90-0-94)  0-93 (0-92-0-95)  0-70 (0-64-0-76) 1-00 (0-99-1-00)
Prospective validation set

Lung cancer 1.00 (0-89-1-00)  0-99 (0-99-1-00)  0-90 (0-88-0-92)  0-90 (0-88-0-92)  0-28 (0-20-0-37) 1-00 (1-00-1-00)
Breast cancer 0-99 (0-97-1-00)  0-99 (0-99-1-00)  0-95 (0-93-0-96)  0-96 (0-95-0-97)  0-88 (0-84-0-91) 1.00 (0-99-1-00)
Colorectal cancer 0-99 (0-98-1-00)  1.00 (1-00-1-00)  0-97 (0-96-0-97)  0-97 (0-97-0-98)  0-85 (0-82-0-87) 1-00 (1-00-1-00)
Prostate cancer 1.00 (0-69-1-00)  1-00 (1-00-1-00)  0-95 (0-88-0-98)  0-95 (0-89-0-98)  0-67 (0-38-0-88) 1-00 (0-96-1-00)
Gastric cancer 0-99 (0-97-1-00) 1-00 (0-99-1-00) 0-95 (0-93-0-97) 0-96 (0-95-0-97) 0-88 (0-83-0-91) 1-00 (0-99-1-00)
Thyroid cancer 0-97 (0-95-0-99) 0-99 (0-98-1-00) 0-97 (0-94-0-98) 0-97 (0-95-0-98) 0-94 (0-91-0-97) 0-98 (0-97-0-99)
Cervical cancer 0-96 (0-78-1:00)  1.00 (0-99-1-00)  0-95(0-93-0-97)  0:95(0-93-0-97)  0-42 (0-29-0-57) 1-00 (0-99-1-00)
Bladder cancer 1.00 (0-29-1-.00)  1-00 (0-98-1.00)  0-85(0-75-0-92)  0-86 (0-76-0-93)  0-21 (0-05-0-51) 1-00 (0-94-1-00)
Oesophagus cancer ~ 0-98 (0-87-1-00)  0-99 (0-99-1-00)  0-90 (0-86-0-93)  0-91 (0-88-0-94)  0-55 (0-43-0-67) 1-00 (0-98-1-00)
Rare cancers 0-98 (0-95-1-00) 0-99 (0-99-1-00) 0-93 (0-91-0-94) 0-94 (0-92-0-95) 0-69 (0-63-0-74) 1-00 (0-99-1-00)

AUC=area under the receiver operating characteristic curve. PanCAM=pan-cancer artificial intelligence diagnostic model.

(
0-97 (0-96-0-98) 096 (0-95-0-97) 0-97 (0-97-0-98)
)

Table 2: Performance of PanCAM in detecting lymph node metastasis across cancer types in the retrospective and prospective validation sets

In the comparison of PanCAM with cancer-specific
models using the bladder cancer dataset, PanCAM
showed a sensitivity of 0-99 (95% CI 0-97-1-00), an AUC of
0-99 (0-99-1-00), a specificity of 0-98 (0-97-0-98), accuracy
0f 0-98 (0-97-0-98), a PPV of 0-81 (0-76-0-85), and an NPV
of 1-00 (1-00-1-00). By comparison, BCa model showed a
sensitivity of 0-98 (0-96-0-99),an AUC 0f 0-99 (0-99-1-00), a
specificity of 0-94 (0-93-0-95), accuracy of 0-94 (0-94-0-95),
a PPV of 0-62 (0-57-0-66), and an NPV of 1-00 (1-00-1-00).
Similar findings of PanCAM were observed in the prostate
cancer dataset compared with PCa model (figure 4D, E,
appendix 2 p 23).

The interactive interface of PanCAM is shown in
appendix 2 (p 33). Visualisation showed strong concord-
ance between model-identified and pathologist-annotated
tumour regions (appendix 2 p 34). Analysis of false diag-
noses (appendix 2 pp 35-36) revealed that most false neg-
atives resulted from the number of positive pixels setting
threshold misclassifying  subthreshold metastases,
although heatmaps still highlighted these tumour regions.
Complete misses occurred when tumour metastases were
obscured by lymph node tracers or were small-cell neuro-
endocrine carcinomas. False positives primarily involved
proliferating histiocytes, high endothelial venules, and
germinal centres.

Discussion

In this study we developed PanCAM, an Al-driven patho-
logical diagnostic model capable of detecting lymph node
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metastasis in nine common and 24 rare cancers and validated
it across 17 hospitals in China. PanCAM showed robust per-
formance in both retrospective and prospective validation,
particularly in detecting lymph node micrometastasis.
Pathological examination remains the gold standard for
detecting lymph node metastasis, but it is a labour-
intensive and time-consuming process. Pathologists
might overlook tumour micrometastasis during routine
slide review. To address this limitation, several studies have
applied Al-based models to analyse WSIs from various
cancer types, such as bladder, gastric, prostate, breast, and
colorectal cancer, and reported improvements in diagnostic
accuracy in detecting tumour metastasis.'”'*?'**? However,
most of these models were developed for specific cancer
types and not validated in large-scale multicentre cohorts.
One study® proposed a pan-origin lymph node metastasis
detection system by use of data from 52 organs across three
hospitals, but it included only 3800 images, achieved a
specificity of 72-2%, and was not prospectively validated. In
the present study, we assembled the largest multicentre
dataset to date in this field, including 9256 patients and
69502 WSIs from 33 cancer types across 17 hospitals,
comprising 153985 lymph nodes. PanCAM achieved
robust diagnostic performance in both retrospective and
prospective validation, with overall sensitivity exceeding
0-98 and specificity surpassing 0-95. When compared with
two representative cancer-specific models, PanCAM
showed similar or better diagnostic performance, under-
scoring its robustness across cancer types. The PPV was low
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Figure 4: Performance of PanCAM at the patient level and in cancer-specific datasets
(A-C) Patient-level diagnostic sensitivity and specificity of PanCAM and pathologists for lymph node metastasis detection in the retrospective and prospective validation. (D, E) Performance comparison of
PanCAM and cancer-specific models in the bladder and prostate cancer datasets. PanCAM=pan-cancer artificial intelligence diagnostic model. BCa model=bladder cancer-specific model. AUC=area under the
receiver operating characteristic curve. PCa model=prostate cancer-specific model. NPV=negative predictive value. PPV=positive predictive value.
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for certain cancer types (eg, lung and bladder cancer) in the
current study, which is primarily attributable to the low
proportion of positive images relative to negatives. Also, the
sensitivity of PanCAM for small-cell neuroendocrine car-
cinoma remained suboptimal, probably due to its challen-
ging morphology and the inadequate number of training
samples (only two negative cases). Future model refine-
ment should include more samples of this subtype to
improve detection accuracy.

Foundation models®*** are increasingly showing poten-
tial for multitask analysis in pathology through self-

supervised learning, which generates pseudo-labels from
inherent structures of data to reduce annotation costs. How-
ever, for high-precision and fine-grained tasks such as tumour
metastasis detection and segmentation, supervised learning
approaches remain more effective. This study used pixel-level
annotation to precisely localise lymph node metastasis, par-
ticularly micrometastasis, despite the higher annotation bur-
den. To mitigate this burden, an annotation acceleration
strategy was implemented to enhance pathologist efficiency.
Current Al models remain fundamentally data-
dependent, requiring extensive high-quality training data
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for optimal performance. In oncology, cancer prevalence
follows a long-tail distribution, with rare malignancies
posing particular challenges for data acquisition, even in
multicentre collaborations. PanCAM, initially trained on
nine common cancers, achieved an overall diagnostic sen-
sitivity of 0-98 and specificity of 0-93 for 24 rare cancers in
validation sets, matching its performance on common
cancers. This shows favourable generalisability while
highlighting the model’s potential to bridge the rare disease
gap in computational pathology.

To verify the integration of PanCAM with existing clinical
workflows, this study did a multicentre prospective
validation, aiming to assess the performance stability of
PanCAM in real-world settings. This phase focused on
evaluating the auxiliary value of PanCAM in improving
clinical practice, with the participants being PanCAM and
pathologists rather than patients. Clinical decisions were
made by pathologists and physicians, rather than PanCAM.
All the data used for analysis had been de-identified,
ensuring no compromise to patient interests or privacy.
Additionally, all patients had signed a general informed
consent form at admission, authorising the use of their
remaining clinical samples (such as blood, urine, stool, and
surgically resected tissues, etc) for teaching or medical
research. Given the non-interventional nature of the study,
the use of de-identified data, and the fact that patients were
not the direct participants, the institutional ethics com-
mittee waived the need for informed consent, in line with
previously reported studies.'s**

The generalisability of Al models is paramount for clin-
ical application. PanCAM, initially developed at SYSMH,
showed consistent diagnostic performance across multiple
external validation hospitals encompassing both tertiary
and grass-roots hospitals. Its cross-institutional validity was
further confirmed on the CAMELYON16 dataset. Most
notably, PanCAM showed good performance in the mul-
ticentre, pan-cancer prospective validation, further sup-
porting the reliability of PanCAM. Despite inherent
variations in slide scanner types (resolution, colour, and
contrast), PanCAM maintained robust and stable per-
formance across multiple scanner brands. Interpretability
remains a key consideration for clinical implementation.
PanCAM could concurrently segment tumour metastases
and generate prediction probabilities. Benefiting from the
supervised learning strategy employed during training, the
model exhibited good segmentation performance, with
strong concordance between model-identified and
pathologist-annotated tumour metastasis regions. The
model performance, coupled with transparent decision
visualisation, confirms its clinical applicability while
avoiding black-box classification limitations.

For patient-level diagnosis, PanCAM identified 141 add-
itional patients who were positive, potentially reducing the
missed diagnosis rate by 1-23% across hospitals. Most of
the missed cases were lymph node micrometastases, the
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accurate detection of which could facilitate more precise
staging and treatment. Centre-specific analysis revealed
that the missed diagnosis rate was notably higher in four
municipal hospitals and one provincial hospital. This
finding indicates that PanCAM could provide substantial
benefits in municipal hospitals, which typically have fewer
resources than provincial hospitals. In the provincial
hospital, further analysis attributed the higher rate to high
surgical volumes and consequent pathologist workload.
Increasing sensitivity is typically associated with an
increased risk of false positives, but the false positives in the
current study were primarily composed of proliferating
histiocytes, high endothelial venules, and germinal centres,
all of which are typically identifiable during routine
pathological review. As reported in the Results section,
PanCAM generated 2364 false-positive classifications in the
validation set, each requiring a median additional review
time of 13 s (IQR 10-16). Although this modestly increases
pathologists’ workload, the trade-off would likely be con-
sidered acceptable given the clinically significant value of
reducing missed diagnoses. In real-world applications,
dynamic threshold adjustment across hospitals could help
minimise misclassification.

Another factor contributing to missed diagnoses is the
low number of lymph node slides examined in routine
practice. Owing to the high workloads, pathologists
typically prepare only one or two sections per resected
lymph node. Given the random distribution of micro-
metastasis, this approach might miss tumour metastasis.
Previous studies®*” have shown that serial sectioning
improves the lymph node metastasis detection rate but
at the cost of substantially increasing the manual review
burden. PanCAM’s  high-throughput automated
analysis enables it to continuously process large volumes of
images, making serial sectioning more feasible in clinical
practice.

Our study has some limitations. First, although PanCAM
showed robust performance in Chinese cohorts and the
CAMELYON16 dataset (the Netherlands), additional
validation across diverse countries, populations, and scan-
ner types is needed to confirm generalisability. Second,
PanCAM was developed by use of a well established
architecture to ensure clinical practicality. Future work
should explore newer, lightweight architectures for poten-
tial performance improvement. Third, PanCAM was
developed by use of paraffin-embedded sections and needs
further evaluation for intraoperative frozen section appli-
cations. Fourth, detailed ethnicity data are unavailable in
the involved hospitals, as it is not mandatory for patient
registration, leaving the performance of PanCAM in
different ethnic subgroups unknown.

In conclusion, PanCAM shows potential as a generalis-
able and interpretable diagnostic tool for lymph node metas-
tasis detection, particularly nodal micrometastasis. Its robust
performance across cancer types and medical centres
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highlights its value as a powerful complement to conventional
pathological workflow.
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