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ABSTRACT 

Histopathological hematoxylin and eosin (H&E) slides contain valuable prognostic information for pancreatic ductal adeno- 
carcinoma (PDAC), yet systematic feature extraction remains challenging. This multi-center study developed and validated an 
automated prognostic model using deep learning on digitized whole-slide images from 873 PDAC patients with surgical resection 
across three academic centers. The CrossFormer architecture achieved superior performance in external validation (area under the 
curve [AUC] = 0.774), significantly outperforming ResNet-18 (AUC = 0.716), ResNet-50 (AUC = 0.737), and DenseNet-121 (AUC 

= 0.729). Gradient-weighted Class Activation Mapping identified key prognostic features including desmoplastic stroma, high 
nuclear-to-cytoplasmic ratio, tumor necrosis, and immune cell infiltration. The pathomics signature effectively stratified patients 
into low-risk and high-risk groups with significant survival differences ( p < 0.001). Critically, carbohydrate antigen 19-9 (CA19- 
9) retained prognostic value only in low-risk patients (hazard ratio [HR] = 2.70, p < 0.001) but not in high-risk patients (HR = 

0.998, p = 0.990). High-risk patients derived substantial benefit from adjuvant chemotherapy (HR = 0.56, p = 0.038), whereas low- 
risk patients showed no significant benefit (HR = 0.83, p = 0.562). These findings provide actionable clinical insights: treatment 
intensification for high-risk patients and CA19-9-guided monitoring for low-risk patients. This validated, interpretable model 
transforms routine H&E slides into quantitative prognostic tools, enabling personalized treatment strategies without additional 
testing costs. 
This is an open access article under the terms of the Creative Commons Attribution License, which perm
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© 2026 The Author(s). Advanced Science published by Wiley-VCH GmbH 

Advanced Science , 2026; 13:e15952 
https://doi.org/10.1002/advs.202515952
its use, distribution and reproduction in any medium, provided the original work is properly 

1 of 15

http://www.advancedscience.com
https://doi.org/10.1002/advs.202515952
https://orcid.org/0000-0002-3123-493X
mailto:haojihui@tjmuch.com
mailto:liu.liang@zs-hospital.sh.cn
mailto:yujun@tjmuch.com
mailto:npu15@fudan.edu.cn
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/advs.202515952


 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1 Introduction 

Pancreatic ductal adenocarcinoma (PDAC) remains one of the
deadliest malignancies with a 5-year survival rate about 13%, and
is projected to become the second leading cause of cancer-related
deaths by 2040 [ 1, 2 ]. The complex molecular landscape of PDAC,
characterized by Bailey et al.’s [ 3 ] identification of four distinct
molecular subtypes (squamous, pancreatic progenitor, immuno-
genic, and aberrantly differentiated endocrine exocrine) and
Collisson et al. [ 4 ] classification revealing differential treatment
responses between classical and basal-like subtypes, underlies its
therapeutic resistance and clinical heterogeneity. This molecular
diversity translates into varied histopathological presentations
and treatment outcomes [ 5, 6 ], necessitating more sophisticated
prognostic tools. 

Current prognostic assessment tools demonstrate significant
limitations. Serum carbohydrate antigen 19-9 (CA19-9), the only
Food and Drug Administration (FDA)-approved biomarker for
PDAC, shows false negativity in 5%–10% of Lewis antigen-
negative individuals and lacks specificity in obstructive jaundice
[ 7 ]. Recent pathomics studies have achieved moderate success,
with Chen et al. [ 8 ] and Lee et al. [ 9 ] reporting a C-index of
0.653 and 0.726 for survival prediction on The Cancer Genome
Atlas data. However, these approaches have not fully captured the
complex spatial relationships and morphological heterogeneity
inherent in PDAC tissue architecture. 

Hematoxylin and eosin (H&E)-stained slides represent an under-
utilized resource containing morphological patterns that reflect
underlying molecular alterations [ 5, 6 ]. Specific histological
features—including tumor-stroma ratio, perineural invasion pat-
terns, and immune cell distribution—have demonstrated inde-
pendent prognostic value in multiple studies [ 10–12 ]. Manual
assessment of these features suffers from inter-observer variabil-
ity and cannot integrate multiple morphological patterns into
unified risk scores [ 13 ]. The spatial heterogeneity of PDAC, where
different regions exhibit distinct morphological and molecular
characteristics [ 5, 14 ], further complicates traditional pathological
evaluation. 

Deep learning offers a solution by enabling objective, quantita-
tive analysis of complex morphological patterns. Convolutional
neural networks (CNNs) have achieved expert-level performance
in various cancer types, with recent transformer architectures
demonstrating superior capability in capturing long-range spatial
dependencies. In PDAC specifically, Cao et al. [ 15 ] developed
algorithms matching contrast-enhanced CT performance for
detection while Davide Placido et al. [ 16 ] used deep learning
on longitudinal real-world clinical data to predict the likelihood
of PDAC occurrence, offering a potential framework for early
detection of this aggressive cancer. However, existing studies
primarily focused on diagnostic tasks rather than prognostic
stratification and treatment guidance. 

This study addresses these critical gaps by developing and validat-
ing a comprehensive deep learning-based pathomics model using
873 PDAC cases with surgical resection across three academic
centers. We systematically compared multiple deep learning
architectures including conventional CNNs and transformer-
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based models to identify optimal feature extraction strategies for
PDAC histopathology. Through gradient-weighted class activa- 
tion mapping, we sought to reveal interpretable histopathological 
patterns underlying model predictions, bridging the gap between 
artificial intelligence and clinical pathology. Furthermore, we 
investigated how pathomics signatures interact with established 
prognostic markers like CA19-9 and evaluated differential treat- 
ment benefits based on pathomics risk stratification, ultimately 
aiming to transform routine H&E slides into actionable tools for
personalized PDAC management. 

2 Results 

2.1 Patient Characteristics 

A total of 440 cases from the Zhongshan Hospital (ZS) cohort,
331 cases from the Tianjin Medical University Cancer Institute
and Hospital (TJ) cohort, and 102 cases from the First Affiliated
Hospital of Soochow University (SZ) cohort were enrolled in this
study. After applying the exclusion criteria, 365 PDAC patients
with complete follow-up and clinicopathological data from the 
ZS cohort were included in the construction of the prognostic
model. These cases were randomly split into training ( n = 255) and
internal validation sets ( n = 110) at a 7:3 ratio. Additionally, 302
PDAC patients from the TJ&SZ cohort, with the same required
data, were included in the external validation set (Figure 1 ). 

The baseline characteristics of the cohorts were summarized in
Table 1 . Inter-cohort comparisons revealed significant differences 
in age, surgery, differentiation, T stage, adjuvant chemotherapy, 
and CA19-9 levels, while other clinicopathological parameters 
were similar across groups. These differences likely reflect under-
lying variations in patient demographics, institutional treatment 
practices, and stage distribution across the participating centers. 
Notably, the external validation cohort demonstrated signifi- 
cantly worse survival outcomes, with a median overall survival
(OS) of 24.1 months, compared to 48.1 months in the training
cohort ( p < 0.001) and 35.2 months in the internal validation
cohort ( p < 0.001, Figure S1A ). A similar trend was observed
for recurrence-free survival (RFS), with the external validation 
cohort showing 12.2 months versus 20.1 months in the training
cohort ( p < 0.001) and 19.1 months in the internal validation
cohort ( p < 0.001, Figure S1B ). 

2.2 Performance of the Deep Learning Models 

To provide a comprehensive overview of our analytical approach,
we present the complete workflow of pathomics model develop-
ment and validation (Figure 2 ). 

A comparative analysis of deep learning architectures revealed 
that although the CrossFormer model demonstrated modest 
performance in the training set (area under the curve [AUC]:
0.781, 95% confidence interval [CI]: 0.780–0.783, Figure 3A ), it out-
performed traditional models in predicting WSI-level outcomes. 
It achieved the highest AUC of 0.744 (95% CI: 0.741–0.746) on
the internal validation set, significantly surpassing other archi- 
tectures, including ResNet18 (AUC: 0.727, 95% CI: 0.724–0.729), 
Advanced Science, 2026



FIGURE 1 Flow diagram of patient inclusion across the study cohorts. ZS cohort, Zhongshan Hospital cohort, TJ&SZ cohort; Tianjin Medical 
University Cancer Institute and Hospital and the First Affiliated Hospital of Soochow University cohort. 
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ResNet50 (AUC: 0.718, 95% CI: 0.715–0.721), and DenseNet121
(AUC: 0.697, 95% CI: 0.694–0.700, Figure 3B ). This superior
performance was further validated on the external validation
set, where CrossFormer maintained its leading position with
an AUC of 0.774 (95% CI: 0.771–0.776), compared to ResNet18
(0.716, 95% CI: 0.713–0.718), ResNet50 (0.737, 95% CI: 0.734–0.739)
and DenseNet121 (AUC: 0.729, 95% CI: 0.727–0.732, Figure 3C ).
A detailed analysis of the external validation set revealed bal-
anced performance across multiple metrics: sensitivity of 0.769,
specificity of 0.664, positive predictive value (PPV) of 0.879,
and negative predictive value (NPV) of 0.476 (Table S1 ). Given
these comprehensive results and the model’s consistent per-
formance across all datasets—especially its strong performance
on the validation set—we selected the CrossFormer model for
feature aggregation in our multi-instance learning framework. Its
robust generalizability and balanced metrics make it particularly
suitable for this pathological imaging analysis. 

2.3 Visual Interpretation and Validation 

Through Grad-CAM Analysis 

To enhance the interpretability of the deep learning model’s
decision-making, we used Gradient-weighted Class Activation
Mapping (Grad-CAM). The resulting heatmaps highlighted
regions in the final convolutional layer that significantly influ-
enced cancer classification outcomes. Expert pathologists iden-
tified four key pathological features with strong predictive value
(Figure 3D ). Deep red regions in the heatmap corresponded
to desmoplastic stroma, a high nuclear-to-cytoplasmic (N/C)
ratio, and tumor necrosis, all of which were strongly associated
with poor prognosis. In contrast, deep blue regions, represent-
ing immune cell infiltration, were linked to a more favorable
prognosis. 

To validate the prognostic significance of these identified features,
we analyzed the proportion of patients with different outcomes
for each pathological characteristic. For the three features associ-
ated with poor prognosis, more than 60% of patients experienced
adverse outcomes. In contrast, 72% of patients with promi-
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nent immune cell infiltration demonstrated favorable survival 
(Figure 3E ). The prognostic robustness of the selected features
was further confirmed using Harrell’s C-indices in the training
cohort. Among individual features, immune cell infiltration 
demonstrated the highest discriminative power (C-index: 0.646; 
95% CI: 0.611–0.681), followed by dense desmoplastic stroma
(C-index: 0.602; 95% CI: 0.559–0.640), tumor necrosis (C-index: 
0.581; 95% CI: 0.537–0.623), and high nuclear-to-cytoplasmic ratio 
(C-index: 0.558; 95% CI: 0.514–0.599). Each of these features
exceeded the 0.5 threshold, indicating meaningful prognostic 
relevance. Importantly, when integrated into a composite path- 
omics signature, the combined model yielded a significantly 
higher C-index of 0.708 (95% CI: 0.673–0.742), underscoring the
added prognostic value of multi-feature integration compared to 
individual assessments alone (Figure 3F ). 

2.4 Prognostic Value of Pathomics Signature 

This signature was constructed by integrating deep learning- 
derived features from WSIs, followed by a sequential three-tier
feature selection process: correlation-based filtering, univariate 
Cox regression, and Least Absolute Shrinkage and Selection 
Operator (LASSO)-Cox modeling. The final model incorporated 
patch-level predictive outputs and risk activation mapping data 
from the training cohort. The resulting algorithms, termed 
Pathomics-OS and Pathomics-RFS, provided quantitative risk 
assessments for individual patients across all cohorts. Pathomics-
OS demonstrated robust prognostic performance in the training 
set, with AUC values of 0.724, 0.844, and 0.900 for 1-, 3-, and 5-
ear OS, respectively (Figure 4A ). The model maintained high
discriminative capability in the internal validation cohort, with 
AUC values of 0.730, 0.851, and 0.866 (Figure 4B ). External valida-
tion revealed moderate to strong performance, with AUC values
of 0.702, 0.733, and 0.731 for the same time points (Figure 4C ).
Similar performance was observed for the Pathomics-RFS model 
(Figure 4D–F ). 

To evaluate the clinical utility of our pathomics signatures, we
conducted comprehensive comparisons with established prog- 
nostic factors, including Tumor-Node-Metastasis (TNM) staging 
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TABLE 1 Clinicopathological characteristics of patients in the three independent cohorts. 

Training set Internal validation set External validation set 
Variables ( n = 255) ( n = 110) ( n = 302) p -value 

Gender 0.287 
Female 118 (46.3%) 44 (40.0%) 121 (40.1%) 
Male 137 (53.7%) 66 (60.0%) 181 (59.9%) 

Age 0.007 
< 65 117 (45.9%) 51 (46.4%) 176 (58.3%) 
≥ 65 138 (54.1%) 59 (53.6%) 126 (41.7%) 

Surgery < 0.001 
DP 125 (49.0%) 50 (45.5%) 85 (28.1%) 
PD 122 (47.9%) 58 (52.7%) 217 (71.9%) 
TP 8 (3.1%) 2 (1.8%) 0 (0%) 

Differentiation 0.036 
I-II 144 (56.5%) 64 (58.2%) 142 (47.0%) 
III 111 (43.5%) 46 (41.8%) 160 (53.0%) 

T stage < 0.001 
T1 77 (30.2%) 37 (33.6%) 36 (12.0%) 
T2 130 (51.0%) 59 (53.6%) 203 (67.2%) 
T3-4 48 (18.8%) 14 (12.7%) 63 (20.8%) 

N stage 0.683 
N0 154 (60.4%) 63 (57.3%) 184 60.9%) 
N1 85 (33.3%) 43 (39.1%) 99 (32.8%) 0.106 
N2 16 (6.3%) 4 (3.6%) 19 (6.3%) 
M stage 246 (96.5%) 108 (98.2%) 299 (99.0%) 
M0 9 (3.5%) 2 (1.8%) 3 (1.0%) 
M1 

TNM stage 0.609 
I 125 (49.0%) 56 (50.9%) 147 (48.7%) 
II 104 (40.8%) 45 (40.9%) 132 (43.7%) 
III 17 (6.7%) 7 (6.4%) 20 (6.6%) 
IV 9 (3.5%) 2 (1.8%) 3 (1.0%) 

Adjuvant chemotherapy < 0.001 
No 34 (13.3%) 21 (19.1%) 88 (29.1%) 
Yes 221 (86.7%) 89 (80.9%) 214 (70.9%) 

Diabetes 0.101 
No 182 (71.4%) 71 (64.5%) 227 (75.2%) 
Yes 73 (28.6%) 39 (35.5%) 75 (24.8%) 

Hypertension 0.109 
No 149 (58.4%) 65 (59.1%) 201 (66.6%) 
Yes 106 (41.6%) 45 (40.9%) 101 (33.4%) 
Microvascular invasion 0.477 
No 184 (72.2%) 86 (78.2%) 225 (74.5%) 
Yes 71 (27.8%) 24 (21.8%) 77 (25.5%) 

Perineural invasion 0.394 

(Continues) 
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TABLE 1 (Continued) 

Training set Internal validation set External validation set 
Variables ( n = 255) ( n = 110) ( n = 302) p -value 

No 54 (21.2%) 20 (18.2%) 73 (24.2%) 
Yes 201 (78.8%) 90 (81.8%) 229 (75.8%) 

CA19-9 < 0.001 
< 200 176 (69.0%) 76 (69.1%) 158 (52.3%) 
≥ 200 79 (31.0%) 34 (30.9%) 144 (47.7%) 

Abbreviations: DP, distal pancreatectomy; PD, pancreaticoduodenectomy; TP, total pancreatectomy. 

FIGURE 2 Overview of pathomics prognostic model selection, construction and evaluation. The workflow comprised four main stages: Model 
Selection: Whole slide images (WSIs) underwent tumor region annotation, followed by segmentation and color normalization. Four deep learning 
architectures were evaluated, with the CrossFormer model demonstrating optimal performance and subsequently selected for model development. 
Visual Interpretation: Grad-CAM was implemented to visualize and interpret the model’s decision-making process. Model Development: Processed 
image patches were used to train the deep learning model. Extracted prognostic features underwent systematic three-tier filtration. The final output 
generated a quantitative pathomics score for patient risk stratification into high- and low-risk groups. Model Evaluation: Comprehensive validation 
included univariable and multivariable analyses, Receiver Operating Characteristic curves, and additional statistical methods to assess model accuracy 
and robustness in predicting overall survival and recurrence-free survival. 
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FIGURE 3 Model performance comparison and feature visualization analysis. (A–C) ROC curves comparing the performance of ResNet18, 
ResNet50, DenseNet121, and CrossFormer architectures across training, internal validation, and external validation sets. (D) Grad-CAM generated 
heatmaps highlighting regions: high recurrence risk features (desmoplastic stroma, high nuclear-to-cytoplasmic(N/C) ratio and tumor necrosis) and 
low recurrence risk features (immune cell infiltration). Original magnification, ×200. (E) Stacked histogram depicting the distribution of identified 
pathological features stratified by recurrence-free survival. (F) C-index for individual features and their combined predictive performance; * , p < 0.05; 
* * * ; p < 0.001, N/C, nuclear-to-cytoplasmic. 

 

 

 

 

 

 

 

 

 

 

 

and CA19-9 levels (Table S2 ). Across all validation cohorts,
the pathomics signatures consistently demonstrated superior
discriminative performance. At every evaluated time point,
pathomics signatures achieved higher AUC values for both OS
and RFS compared to TNM staging and CA19-9, highlighting
their sustained temporal advantage in prognostic accuracy. In
the training cohort, the pathomics signatures outperformed
6 of 15
traditional markers with C-indices of 0.752 for RFS and 0.742
for OS, markedly exceeding those of TNM staging (0.594 and
0.585, respectively) and CA19-9 (0.562 and 0.555, respectively). 
This superior performance was retained in the external validation
cohort, where pathomics-RFS and pathomics-OS achieved C- 
indices of 0.673 and 0.651, respectively—again outperforming 
TNM staging (0.553 and 0.552) and CA19-9 (0.568 and 0.551). These
Advanced Science, 2026



FIGURE 4 Prognostic performance of pathomics signatures for OS and RFS. (A–C) ROC curves demonstrating the predictive accuracy of 
pathomics signature for 1-, 3-, and 5-year OS across training, internal validation, and external validation cohorts. (D–F) ROC curves illustrating the 
predictive performance of pathomics signature for 1-, 2-, and 3-year RFS across training, internal validation, and external validation cohorts. (G–I) 
Kaplan–Meier analysis of OS based on pathomics signature risk stratification in training, internal validation, and external validation cohorts. (J–L) 
Kaplan–Meier analysis of RFS based on pathomics signature risk stratification in training, internal validation, and external validation cohorts. OS, 
overall survival; RFS, recurrence-free survival; HR, hazard ratio; CI, confidence interval. 
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TABLE 2 Univariate and multivariate Cox regression analyses of the pathomics signature in relation to overall survival and recurrence-free 
survival. 

Overall survival Recurrence-free survival 

Sets Variables 
Univariate 
p -value 

Multivariate 
p -value 

Multivariate 
HR (95% CI) 

Univariate 
p -value 

Multivariate 
p -value 

Multivariate 
HR (95% CI) 

Training set Pathomics-OS 
Low-risk / 
High-risk 

< 0.001 < 0.001 4.494 (2.988 to 
6.760) 

Pathomics-RFS 
Low-risk / 
High-risk 

< 0.001 < 0.001 5.293 (3.365 to 
8.325) 

Internal 
validation set 

Pathomics-OS 

Low-risk / 
High-risk 

< 0.001 < 0.001 4.011 (2.084 to 
7.720) 

Pathomics-RFS 
Low-risk / 
High-risk 

< 0.001 < 0.001 4.053 (2.058 to 
7.980) 

External 
validation set 

Pathomics-OS 

Low-risk / 
High-risk 

< 0.001 < 0.001 2.763 (1.974 to 
3.868) 

Pathomics-RFS 
Low-risk / 
High-risk 

< 0.001 < 0.001 1.939 (1.476 to 
2.546) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

results underscore the strong generalizability and enhanced
prognostic capability of the pathomics approach across diverse
clinical settings. 

Risk stratification thresholds were determined using X-tile anal-
ysis, yielding cutoff values of 3.431 for Pathomics-OS and 3.093
for Pathomics-RFS in the training cohort. These thresholds
were applied to stratify patients into high- and low-risk groups
across all cohorts, and the lower pathomics signature scores
represented the higher prognostic risk. Survival analyses revealed
significantly worse outcomes in high-risk patients for both OS
(training: p < 0.001, hazard ratio [HR] = 4.602, 95% CI: 3.108–
6.816, Figure 4G ; internal validation: p < 0.001, HR = 5.095, 95%
CI: 2.817–9.214, Figure 4H ; external validation: p < 0.001, HR
= 3.041, 95% CI: 2.200–4.204, Figure 4I ) and RFS (training: p
< 0.001, HR = 6.365, 95% CI: 4.100–9.881, Figure 4J ; internal
validation: p < 0.001, HR = 4.562, 95% CI: 2.373–8.772, Figure 4K ;
external validation: p < 0.001, HR = 2.053, 95% CI: 1.567–2.690,
Figure 4L ). Multivariate Cox regression analyses, incorporating
clinicopathological factors identified in univariate analyses ( p
< 0.05), confirmed both signatures as independent prognostic
indicators (Table 2 ; Tables S3–S5 ). Importantly, the pathomics
signatures retained strong independent prognostic value even
after adjustment for established clinical variables, including
lymph node status and other conventional prognostic factors.
Pathomics-OS retained its prognostic significance across cohorts
(training: p < 0.001, HR = 4.494, 95% CI: 2.988–6.760; internal
validation: p < 0.001, HR = 4.011, 95% CI: 2.084–7.720; external
8 of 15
validation: p < 0.001, HR = 2.763, 95% CI: 1.974–3.868). Similarly,
Pathomics-RFS demonstrated robust independent prognostic 
value (training: p < 0.001, HR = 5.293, 95% CI: 3.365–8.325;
internal validation: p < 0.001, HR = 4.05, 95% CI: 2.058–7.980;
external validation: p < 0.001, HR = 1.939, 95% CI: 1.476–
2.546). These results confirm the robustness of our deep learning
framework for PDAC prognostic stratification. 

To further evaluate the robustness and generalizability of the
pathomics signatures, we performed mixed-effects Cox regres- 
sion modeling with study center included as a random effect.
The model yielded a center-specific random effect variance of
0.325, indicating moderate variability between institutions while 
preserving a strong overall prognostic signal for the pathomics
signature ( p < 0.001, HR = 3.729, 95% CI: 2.993–4.645). Com-
plementary meta-analytic assessment across institutions revealed 
moderate heterogeneity (I2 = 46.5%), though this did not reach
statistical significance (Cochran’s Q-test p = 0.159). The pooled
effect estimate remained significant ( p < 0.001, HR = 1.372, 95%
CI: 1.041–1.703), supporting the consistent prognostic value of 
the pathomics signature across diverse clinical settings. Subse- 
quently, subgroup analyses demonstrated that the Pathomics-OS 
signature maintained consistent prognostic value across a range 
of patient characteristics, with the exception of those with stage
III–IV disease. This exception was likely attributable to the
limited number of late-stage cases in the ZS cohort (Figure S2 ).
Similar trends were observed for the Pathomics-RFS signature
(Figure S3 ). These findings were further corroborated in the
Advanced Science, 2026



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

external validation cohort, where both Pathomics-OS (Figure S4 )
and Pathomics-RFS (Figure S5 ) showed sustained prognostic per-
formance, reinforcing the predictive strength and generalizability
of the model across independent clinical populations. 

2.5 Prognostic Variations of Serum CA19-9 
Levels Intercepted by Pathomics Signature 

CA19-9 is the only FDA-approved biomarker for PDAC, playing a
key role in diagnosis, tumor burden assessment, and monitoring
therapeutic response [ 17, 18 ]. While its prognostic significance
has been well established in pre- and peri-operative settings,
our interaction analyses revealed that the pathomics signature
significantly modulates CA19-9 ′ s prognostic utility. Specifically,
in the low-risk group, CA19-9 demonstrated strong predictive
value. Patients with low CA19-9 levels had significantly better
median OS compared to those with high levels (not reached vs
49.9 months, p < 0.001, HR = 2.701, 95% Cl: 1.561–4.673, Figure 5A )
and similarly better RFS (not reached vs 22.4 months, p < 0.001,
HR = 2.555, 95% Cl: 1.606–4.064, Figure 5B ). However, in the
high-risk group, CA19-9 levels did not significantly correlate with
prognosis (OS: 24.2 vs 24.3 months, p = 0.998, Figure 5C ; RFS:
12.0 vs 9.8 months, p = 0.264, Figure 5D ). These findings suggest
that the pathomics signature plays a crucial role in modulating
the prognostic accuracy of CA19-9. 

2.6 Therapeutic Response to Adjuvant 
Chemotherapy Based on Pathomics Signature 

To assess the clinical applicability of the pathomics signature
in guiding treatment decisions, we first examined its associ-
ations with established clinicopathological characteristics. The
high-risk pathomics group showed significant associations with
aggressive tumor features including differentiation, perineural
invasion, T stage, N stage, and CA19-9 levels (Table S6 ), indicating
that our model captured biologically relevant aggressive fea-
tures. Then, we evaluated the impact of adjuvant chemotherapy
within stratified pathomics risk groups. Since RFS was usually
utilized for predicting the response to adjuvant chemotherapy,
the survival analysis showed that patients receiving adjuvant
chemotherapy in the high-risk group experienced significantly
delayed recurrences, with longer RFS ( p = 0.038, HR = 0.563,
95% Cl: 0.327–0.969, Figure S6A ) compared to those who did not
receive adjuvant therapy. In contrast, among patients in the low-
risk group, adjuvant chemotherapy did not confer a significant
RFS advantage ( p = 0.562, HR = 0.827, 95% Cl: 0.434–1.574,
Figure S6B ). To determine whether this predictive capability was
unique to the pathomics signature, we further analyzed CA19-9
as a comparator biomarker using an RFS-optimized cutoff value.
Notably, CA19-9 failed to identify patients who would benefit
from adjuvant chemotherapy: neither the CA19-9 high group (HR
= 0.729, 95% CI: 0.440–1.209, p = 0.221, Figure S6C ) nor the CA19-
9 low group (HR = 0.989, 95% CI: 0.486–2.012, p = 0.976, Figure
S6D ) showed significant improvement with adjuvant therapy.
These findings highlight the potential of pathomics signatures to
serve as predictive biomarkers for tailoring adjuvant chemother-
apy in PDAC. High-risk patients appear to derive meaningful
benefit from adjuvant treatment, supporting a more personalized
approach to postoperative therapeutic decision-making. 
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3 Discussion 

Histopathological H&E slides encode comprehensive informa- 
tion about tumor biology, including cellular morphology, stromal
architecture, and microenvironmental composition [ 5, 6, 14 ].
However, traditional pathological assessment faces inherent lim- 
itations: subjective interpretation, focus on isolated features, 
and inability to quantify subtle variations across extensive tis-
sue areas [ 19 ]. The integration of digital pathology with deep
learning enables systematic, objective quantification of complex 
histological features [ 20 ]. 

This multi-center study demonstrates that deep learning-based 
pathomics analysis of routine H&E slides provides robust prog-
nostic stratification for PDAC patients by implementing the 
CrossFormer architecture, a vision transformer employing cross- 
scale attention mechanisms to capture long-range spatial depen- 
dencies [ 21 ]. Unlike conventional CNNs (ResNet, DenseNet) with
limited receptive fields, CrossFormer directly models relation- 
ships across tissue sections—critical for PDAC where prognostic 
features manifest across multiple spatial scales [ 22, 23 ]. The
CrossFormer architecture’s superior performance (AUC = 0.774) 
over conventional CNNs validates the importance of captur- 
ing long-range spatial dependencies in PDAC histopathology, 
where tumor-stroma interactions and immune infiltration pat- 
terns extend across tissue regions [ 24–26 ]. Our model’s ability
to maintain performance across independent cohorts suggests 
successful learning of generalizable biological features rather 
than institution-specific artifacts. 

To enhance interpretability, we employed Grad-CAM visualiza- 
tion, identifying four morphological features consistently associ- 
ated with poor prognosis: desmoplastic stromal reaction, elevated 
nuclear-to-cytoplasmic ratio, tumor necrosis, and immune cell 
infiltration patterns. These findings align with established bio- 
logical mechanisms. Desmoplastic stroma, comprising up to 
90% of tumor volume in PDAC, creates a hypoxic microen-
vironment that promotes chemoresistance through impaired 
drug delivery and activation of survival pathways [ 27, 28 ].
The dense extracellular matrix acts as a physical barrier, with
studies showing that hyaluronidase-mediated stromal depletion 
enhances gemcitabine delivery and survival in preclinical mod- 
els [ 29 ]. High nuclear-to-cytoplasmic ratio reflects increased
proliferative activity and chromosomal instability in PDAC 

[ 30 ]. Tumor necrosis indicates rapid growth outpacing vascu-
lar supply, releasing damage-associated molecular patterns that 
paradoxically promote tumor progression through inflamma- 
tory cascades [ 31–34 ]. Immune infiltration patterns, particularly
the balance between cytotoxic T cells and immunosuppressive
macrophages, determine the tumor’s immune contexture and 
treatment responsiveness [ 35, 36 ]. Critically, our model captures
the integrated prognostic impact of these features within a
unified quantitative framework rather than detecting them in 
isolation. The concordance between model-identified features 
and established mechanisms strengthens biological plausibility 
and clinical interpretability. 

Our finding that CA19-9 loses prognostic value in pathomics-
def ined high-risk patients while maintaining significance in 
low-risk groups reveals important biological insights. High- 
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FIGURE 5 The prognostic value of CA19-9 intercepted by the pathomics signature. (A, B) Kaplan–Meier analyses of OS and RFS stratified by 
serum CA19-9 levels in the low-risk pathomics signature group. (C, D) Kaplan-Meier analyses of OS and RFS stratified by serum CA19-9 levels in the 
high-risk pathomics signature group. OS, overall survival; RFS, recurrence-free survival; HR, hazard ratio; CI, confidence interval. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

risk tumors identified by our model likely represent terminally
dedifferentiated phenotypes with multiple adverse features—
dense desmoplasia, high cellular atypia, extensive necrosis—that
supersede the prognostic information from CA19-9 alone. The
uniform elevation of CA19-9 in high-risk patients creates a ceiling
effect, eliminating its discriminatory power. Conversely, in low-
risk patients with more differentiated histology, CA19-9 variations
reflect tumor burden and sialylated Lewis antigen production
capacity [ 17, 37 ], providing additional prognostic information.
This differential utility suggests that morphological features
visible in H&E slides capture more fundamental aspects of tumor
biology than serum markers in advanced disease states. 

The differential chemotherapy benefit observed between risk
groups has immediate clinical implications. High-risk patients’
10 of 15
substantial benefit from adjuvant therapy likely reflects their 
aggressive tumor biology requiring systemic treatment to con- 
trol micrometastatic disease. These tumors may harbor higher 
mutational burdens and proliferative indices, making them 

more chemosensitive despite worse baseline prognosis [ 38–41 ].
Our pathomics signature offers several advantages over exist- 
ing prognostic tools. Unlike molecular profiling requiring fresh
tissue and specialized platforms [ 42 ], our approach leverages
universally available H&E slides without additional costs. The 
model processes entire tumor sections rather than selected 
regions, capturing intratumoral heterogeneity that single-biopsy 
molecular assays miss [ 20 ]. The continuous risk score provides
more nuanced stratification than binary classifications, enabling 
personalized risk assessment along a spectrum rather than 
arbitrary cutoffs. 
Advanced Science, 2026



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The translational value of our pathomics signature extends to
immediate clinical applicability. First, it leverages universally
available H&E-stained slides without requiring additional molec-
ular testing, specialized equipment, or increased costs—making
it immediately implementable in routine clinical workflows
worldwide. The clinical applications are straightforward and
actionable: upon surgical resection, pathologists can apply our
pathomics algorithm to routine H&E slides, generating a quan-
titative risk score that stratifies patients into high-risk and
low-risk groups within hours of specimen processing. High-risk
patients, who demonstrated substantial benefit from adjuvant
chemotherapy, should be prioritized for aggressive adjuvant
treatment regimens, while low-risk patients may be considered
for less intensive approaches or clinical trial enrollment. 

Despite these advancements, several limitations warrant care-
ful consideration when interpreting our findings. First, our
model was trained on a single-center cohort (ZS), which, while
ensuring rigorous external validation, may not fully capture the
institutional heterogeneity present in broader clinical settings.
Although our external validation across two independent centers
demonstrated robust generalizability, future studies employing
multi-center training with domain adaptation techniques may
further enhance model performance. Second, the retrospective
design inherently introduces potential selection bias and con-
founding factors that may influence outcomes. To maintain
cohort homogeneity and isolate the intrinsic prognostic value of
tumor morphology, we specifically excluded patients who had
received prior anti-tumor therapies, including neoadjuvant treat-
ment. While this approach allowed us to establish a clear baseline
for evaluating the prognostic utility of the pathomics signature in
treatment-naïve tumors, it limits generalizability to the broader
PDAC population, particularly as neoadjuvant therapy becomes
increasingly integrated into standard clinical practice [ 43 ]. Third,
focusing exclusively on primary tumor tissue may overlook prog-
nostic information in nodal microenvironments. Fourth, despite
our multi-center cohort of 873 patients, relatively few advanced-
stage cases limit conclusions for this subgroup. To address these
limitations, we are actively pursuing several initiatives. We are
establishing a prospective, multi-center consortium involving
additional academic medical centers to collect standardized H&E
whole-slide images with harmonized clinical annotations. We
plan to implement federated learning approaches that enable
model training across multiple institutions while preserving data
privacy and maintaining external validation integrity. We are
also initiating complementary studies specifically focused on
neoadjuvant-treated patients to develop treatment response pre-
diction models using paired pre- and post-treatment specimens.
Additionally, integrating multi-omics data—genomic alterations
(KRAS, TP53, SMAD4), transcriptomic subtypes, and proteomic
profiles—holds promise for comprehensive prognostic frame-
works advancing PDAC precision oncology. 

4 Conclusion 

In summary, we developed a deep learning–based pathomics
model transforming routine H&E slides into quantitative
prognostic tools for PDAC. The model demonstrated
consistent multi-institutional performance, identified
biologically validated prognostic features through interpretable
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techniques, revealed context-dependent CA19-9 utility, and 
successfully predicted adjuvant chemotherapy benefit. As 
a scalable, cost-effective approach requiring no specialized 
molecular testing, our pathomics framework represents 
a practical step toward individualized, data-driven PDAC 

management. 

5 Experimental Section 

5.1 Ethics Statement and Patient Cohorts 

This retrospective study analyzed anonymized digital images 
from PDAC tissue samples, and was conducted in accordance
with the Declaration of Helsinki, with approval from the Ethics
Committee of Zhongshan Hospital, Fudan University (B2025- 
207R), Tianjin Medical University Cancer Institute and Hospital 
(EK20240007), and the First Affiliated Hospital of Soochow 

University (EC2025036). We enrolled three independent cohorts: 
ZS cohort ( n = 440) from Zhongshan Hospital, Fudan University
(September 2017-December 2021), TJ cohort ( n = 331) from Tian-
jin Medical University Cancer Institute and Hospital (January
2016-December 2021), and SZ cohort ( n = 102) from the First
Affiliated Hospital of Soochow University (January 2016-January 
2022). This multi-center design was intentionally adopted to 
enhance the generalizability of the findings and to evaluate model
performance across varied patient populations, clinical practices, 
and institutional workflows. 

Inclusion criteria were: (1) histologically confirmed PDAC with 
no distal metastasis; (2) complete clinicopathological data; (3) 
availability of high-quality, digitized H&E-stained slides from 

surgical resection specimens; and (4) complete follow-up data for
survival analysis. To maintain cohort homogeneity and isolate 
the intrinsic prognostic value of tumor morphology, patients 
who had received prior anti-tumor treatments—including neoad- 
juvant chemotherapy, radiotherapy, or targeted therapy—were 
excluded. Additional exclusion criteria included: (1) concurrent 
malignancies; (2) insufficient tumor tissue for digital analysis; 
and (3) loss to follow-up within 30 days after surgery. Col-
lected clinical variables included demographic characteristics, 
tumor markers (serum CA19-9), surgical details, pathological 
features (differentiation, perineural and microvascular invasion), 
TNM staging (American Joint Committee on Cancer 8th Edi-
tion), comorbidities (diabetes, hypertension), receipt of adjuvant 
chemotherapy, and survival outcomes. 

For model development and validation, the ZS cohort was
randomly divided into training and internal validation sets in
a 7:3 ratio. Model optimization and hyperparameter tuning 
were conducted on the training set, with model selection based
on performance metrics from the validation set. The TJ and
SZ cohorts were combined into a unified external validation
dataset to evaluate model generalizability. This combination was 
strategically implemented for two key reasons: First, statistical
power considerations—the SZ cohort alone ( n = 70) would be
severely underpowered for reliable external validation, producing 
unacceptably wide confidence intervals that would preclude 
meaningful performance assessment. Second, maintaining exter- 
nal validation integrity—combining both TJ and SZ as completely
independent external datasets ensures rigorous testing of real- 
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world gener alizability across different institutions, equipment,
and protocols. 

5.2 Survival Follow-Up 

All patients were regularly followed up after surgery, as previ-
ously described [ 44 ]. The overall survival (OS) was calculated
from the date of surgery until death from any cause or the
last follow-up (December 2024). Recurrence-free survival (RFS)
was defined as the time between surgery and either disease
recurrence, death, or the last follow-up, whichever occurred first.

5.3 Digital Pathological Image Acquisition and 

Processing 

All tissue specimens were processed according to standardized
protocols across participating institutions using formalin-fixed,
paraffin-embedded (FFPE) tissue blocks sectioned and stained
with standard H&E protocols. Analysis focused exclusively on
slides containing primary tumor tissue to capture intrinsic
histological features, with lymph node specimens intentionally
excluded to preserve focus on tumor-intrinsic morphology and
ensure alignment with conventional clinicopathological staging
metrics. 

The histopathological assessment followed a two-phase review
process. Initially, two board-certified pathologists independently
reviewed all H&E-stained slides via microscopy, blinded to all
clinical and prognostic data. Slides with fragmentation, overlap-
ping, inadequate tissue representation, or contamination were
reprocessed and reexamined. WSIs were then captured using a
brightfield scanning system (SQF-120Pro, Shenzhen Shengqiang
Technology Co, Ltd.) at 400 ×magnification, stored in .svs format
and processed using QuPath-0.4.3 software. 

Tumor regions of interest (ROIs) were independently annotated
by two expert pathologists (A and B), with any discrepancies
resolved by a chief pathologist (C), whose assessment was
considered final. All annotations underwent secondary review to
ensure consistency. 

The digital image processing pipeline involved several steps. WSIs
were segmented into 512 × 512 pixel tiles at 20 × magnification
to facilitate analysis of these high-dimensional images. Non-
informative tiles, predominantly containing white background
pixels, were excluded. Image preprocessing incorporated RGB
channel standardization through Z-score normalization. The
Macenko color normalization method was applied to standardize
staining variation across all participating centers, ensuring con-
sistent image quality and feature extraction [ 45 ]. Training data
underwent online augmentation, incorporating random cropping
and bi-directional flipping to enhance dataset diversity, while
test patches received only normalization to maintain consis-
tency. This systematic preprocessing pipeline yielded over 1.2
million informative image patches, with each patient contribut-
ing thousands of patches. After quality control and selection,
more than 800000 high-quality patches were retained for model
training, effectively enhancing the robustness and diversity of the
training dataset. All image processing procedures were executed
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on the OnekeyAI Platform, utilizing specialized tools such as
OKT-crop_WSI2patch for tile segmentation, OKT-patch2predict 
for background removal, and OKT-patch_normalize for color 
standardization. 

5.4 Construction and Evaluation of Deep 

Learning WSI-Based Model for Predicting Prognosis 

Our deep learning framework utilizes a two-tiered predictive 
system, combining patch-based analysis with multiple instance 
learning to extract comprehensive features from whole-slide 
images. Prognostic criteria were established where patients 
experiencing recurrence within 12 months were classified as 
having poor prognosis, while those remaining recurrence-free 
for over 36 months were considered to have good prognosis.
These outcomes were used for risk stratification, with all image
patches from a patient assigned the same risk label. We evaluated
several neural network architectures, comparing conventional 
convolutional neural networks (CNNs) with newer transformer- 
based approaches. The term “con ventional CNNs” refers to 
traditional deep learning architectures that rely primarily on 
convolutional operations with local receptive fields to extract 
hierarchical features from images. These models, including 
ResNet18, ResNet50, and DenseNet121 [ 46, 47 ], process informa-
tion through sequential convolutional layers, pooling operations, 
and fully connected layers, focusing on local feature extraction
within limited spatial neighborhoods. While these architectures 
have achieved remarkable success in medical image analysis, 
they inherently struggle to capture long-range dependencies and 
global contextual relationships in large whole-slide images due 
to their localized processing approach. In contrast, we also evalu-
ated the CrossFormer architecture [ 21 ], a vision transformer that
employs a fundamentally different feature extraction strategy. 
CrossFormer utilizes cross-scale attention mechanisms that can 
directly model relationships between distant regions of the image
without relying on sequential local convolutions. This enables 
more effective capture of global pathological patterns, such as
tumor-stroma interactions, immune infiltration distributions, 
and spatial heterogeneity, that often manifest across multiple 
scales and tissue regions To ensure robust performance across
diverse cohorts, we employed transfer learning, initializing model
parameters with weights pre-trained on the ImageNet dataset, 
allowing the model to leverage generalized visual features. To
promote better generalization, we used a cosine decay learning
rate schedule, defined as: 

𝜂𝑡 = 𝜂𝑖 
𝑚𝑖𝑛 

+ 1 

2 

(
𝜂𝑖 𝑚𝑎𝑥 − 𝜂𝑖 

𝑚𝑖𝑛 

)( 

1 + cos 

( 

𝑇𝑐𝑢𝑟 
𝑇𝑖 

𝜋

) ) 

(1) 

Here, 𝜂𝑖 
𝑚𝑖𝑛 

= 0 represents the minimum learning rate, 𝜂𝑖 𝑚𝑎𝑥 =
0 . 01 is the maximum learning rate, and Ti = 16 corresponds
to the total number of iteration epochs. Training specifications
varied by architecture: for conventional CNN models (ResNet-
18, ResNet-50, DenseNet-121), the initial learning rate was set to
0.01 and models were trained for 8 epochs; for the CrossFormer
model, the initial learning rate was 0.001 and training proceeded
for 16 epochs with an early stopping criterion where training
was halted if validation loss did not improve for 128 consecutive
iterations. Regarding the fine-tuning strategy, we performed full 
fine-tuning for the CrossFormer model, meaning all model layers’
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parameters were updated during the training process with no
layers frozen. Softmax cross-entropy was used as the loss function
for all models. 

To identify prognostic features from histopathological images,
we adapted the Class Activation Mapping (CAM) approach into
a Risk Activation Mapping (RAM) method, generating detailed
heatmaps at the tile level. Expert pathologists systematically
reviewed these heatmaps and annotated regions with distinctive
features. We performed quantitative analysis to assess spatial
distribution of these features and evaluated their prognostic
significance using Harrell’s concordance index (C-index). 

Following model training, a multi-instance learning approach
was applied to analyze WSI [ 48 ]. Each slice was analyzed using
the deep learning model to derive probabilities and labels,
denoted as Patchprob and Patchpred , retained to two decimal places.
Feature aggregation was accomplished through: 

1. Histogram Feature Aggregation: Distinct numbers were treated
as “bins” to count occurrences across types. Frequencies of
Patchprob and Patchpred in each bin were tallied and normalized
using min-max normalization, resulting in Histoprob and Histopred .

2. Bag of Words (BoW) Feature Aggregation: A dictionary was
constructed from unique elements in Patchprob and Patchpred .
Each WSI was represented as a vector noting the frequency of
each dictionary element, with Term Frequency-Inverse Docu-
ment Frequency (TF-IDF) transformation applied to emphasize
informative features, resulting in BoW representations 

3. Feature Early Fusion: We integrated Histoprob , Histopred , Bowprob ,
and Bowpred using a feature concatenation method ( 

⨁
), combin-

ing these into a single comprehensive feature vector: 

𝑓𝑒 𝑎 𝑡𝑢𝑟𝑒𝑓 𝑢𝑠𝑖 𝑜𝑛 = 𝐻𝑖𝑠 𝑡𝑜𝑝 𝑟 𝑜 𝑏 
⨁

𝐻𝑖𝑠 𝑡𝑜𝑝 𝑟 𝑒 𝑑 
⨁

𝐵 𝑜𝑤𝑝 𝑟 𝑜 𝑏 

⨁
𝐵 𝑜𝑤𝑝 𝑟 𝑒 𝑑 

(2)
Feature extraction resulted in 206 characteristics, comprising two
sets of 101 probability features and two predictive label features,
all detailed in Table S7 . Feature selection was conducted using
a structured three-step pipeline to address dimensionality reduc-
tion, eliminate redundancy, and enhance model performance: 

1. Correlation-based filtering: Features with a Pearson correlation
coefficient > 0.9 were considered highly collinear, and redundant
features were removed to reduce multicollinearity. 

2. Feature refinement via univariate Cox regression analysis ( p <
0.05) to identify features that individually demonstrate significant
associations with survival outcomes. 

3. LASSO- Cox modeling: A LASSO- Cox proportional hazards
model was constructed to perform regularized variable selection.
This method applies an L1 penalty to shrink less informative
feature coefficients to zero, enabling automated selection of the
most predictive subset of features while accounting for their
combined effects and interactions. 

In the LASSO-Cox modeling step, continuous measurements
were used directly without discretization, allowing the model
to capture subtle variations in feature expression and their
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relationship to patient outcomes. The optimal regularization 
parameter ( λ) was determined through 10-fold cross-validation in
the training cohort, balancing model complexity with predictive 
performance. The optimal λ values selected for the final models
were: λ = 0.179 for the recurrence-free survival (RFS) task
and λ = 0.022 for the overall survival (OS) task. The final
pathomics signature is expressed as a continuous prognostic 
score calculated using the formula: Pathomics Score = Σ( βi
× Xi), where βi represents LASSO-selected coefficients and Xi 
represents the aggregated feature values for each prognostic 
pattern. The non-zero features identified through LASSO-Cox 
regression were incorporated into multivariate Cox models to 
predict OS and RFS in the training cohort. To stratify patients
based on risk, optimal cutoff values for the pathomics signature
were determined using X-tile software (version 3.6.1, Yale School
of Medicine), defining high- and low-risk groups. These thresh-
olds were then applied consistently across external validation 
cohorts to evaluate the model’s generalizability. To account for
variability across participating centers, a mixed-effects Cox model 
was employed, incorporating study site as a random effect. This
approach ensured that institutional differences were appropri- 
ately accounted for in assessing the prognostic performance of the
pathomics signature. 

5.5 Statistical Analysis 

Normality of clinical parameters was assessed using the Shapiro–
ilk test. For group comparisons, independent t -tests were

applied to normally distributed variables, while the Mann–
hitney U test was used for non-normally distributed variables.

Categorical variables were compared using Pearson’s Chi-squared 
test or Fisher’s exact test, as appropriate. To evaluate model
consistency across centers, we calculated center-specific per- 
formance metrics and conducted formal heterogeneity assess- 
ments using meta-analytic methods with random-effects model- 
ing. Comparative analyses with established prognostic markers 
were conducted across all validation cohorts using C-indices 
and time-dependent area under the curve (AUC) analyses. 
Computational analyses were performed using Python 3.7.12 
(incorporating Onekey 3.3.5 and scikit-learn 1.0.2) and R 4.4.1,
with model training carried out on PyTorch 1.8.1 utilizing
NVIDIA 4090 graphics processing unit architecture. The dis-
criminative ability of the prognostic classifier was evaluated 
using Harrell’s C-index. Survival outcomes were analyzed using 
Kaplan–Meier curves, with statistical differences evaluated by 
log-rank tests. Univariate and multivariate Cox proportional haz- 
ards models were employed to identify independent prognostic 
factors. Statistical significance was defined as a two-sided p -
alue < 0.05, with Bonferroni correction applied for multiple
comparisons. 

5.6 Ethics Approval and Consent to Participate 

The study was approved by the Ethics Committee of Zhong-
shan Hospital, Fudan University (B2025-207R), Tianjin Medical 
University Cancer Institute and Hospital (EK20240007), and the 
First Affiliated Hospital of Soochow University (EC2025036). All 
study subjects provided written informed consent. The study was
performed in accordance with the Declaration of Helsinki. 
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