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Abstract 

Accurate molecular subtyping is essential for guiding precision treatment and prognostic stratification in endome-
trial cancer (EC). However, current methods, based on Sanger sequencing and immunohistochemistry (IHC), are 
costly, time-intensive, and difficult to implement widely in routine clinical practice, particularly in resource-limited 
settings. To overcome these challenges, we developed a deep-learning pipeline that directly infers EC molecular 
subtypes from routine hematoxylin-and-eosin (H&E) whole-slide images (WSIs). The framework integrates super-
resolution enhancement (SRResGAN), transformer-based lesion segmentation (MedSAM), and a ResNet-101 classifier 
for molecular subtype prediction, with an LSTM module for survival modeling. This retrospective study included 393 
Chinese patients diagnosed between 2010 and 2018, all with ≥ 5 years of follow-up. Molecular subtypes—POL-
Emut, mismatch repair-deficient (MMRd), p53abnormal (p53abn), and no specific molecular profile (NSMP)—were 
confirmed by Sanger sequencing and immunohistochemistry. The model achieved high classification accuracies 
(92% for POLEmut and MMRd, 91% for p53abn, and 90% for NSMP), with a strong correlation between predicted 
and observed survival (R2 = 0.9692; MAE = 123 days). External validation on two independent cohorts (N = 35 
and N = 83) confirmed robust generalizability across institutions. This study represents the first large-scale, multicenter, 
AI-based digital pathology model for EC molecular classification in China. The proposed workflow provides an auto-
mated, interpretable, and cost-efficient alternative to conventional molecular testing, supporting precision oncology, 
fertility-preserving management, and clinical decision-making in real-world practice.
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Introduction
Endometrial cancer (EC) is the second most common 
malignancy of the female reproductive system in China, 
with steadily increasing incidence and mortality in recent 
years. This rise has been accompanied by a noticeable 
shift toward earlier onset, with a growing proportion of 
patients diagnosed during reproductive age [1, 2]. These 
epidemiologic changes complicate clinical management 
and highlight the need for accurate diagnosis and indi-
vidualized treatment planning, particularly for fertility-
preserving candidates.

The rising incidence of EC has further strained the 
already limited pool of experienced pathologists, exac-
erbating diagnostic workloads and variability [3]. Accu-
rate molecular subtyping is essential for prognostic 
evaluation and the selection of appropriate therapy. 
Advances in molecular oncology have refined the Can-
cer Genome Atlas (TCGA) classification, which allows 
improved stratification of tumors with distinct clinical 
behavior and molecular profiles, providing a framework 
for more individualized patient management [4]. How-
ever, conventional assays based on Sanger sequencing 
and immunohistochemistry (IHC) remain costly, labor-
intensive, and time-consuming, limiting their scalability 
in routine diagnostic workflows. This practical limita-
tion underscores the urgent demand for more efficient, 
accessible, and reproducible methods for EC molecular 
classification.

Digital pathology has become an integral component 
of modern diagnostic workflows due to rapid develop-
ments in artificial intelligence (AI) [5, 6]. Deep learning 
models have achieved promising results in the automated 
analysis of whole slide images (WSIs) for various cancers, 
including lung carcinoma [7], by identifying complex 
morphological features even in sparsely cellular regions 
[8]. In other tumor types, AI and deep learning have also 
shown strong potential in molecular subtyping, prog-
nostication, and treatment stratification. For example, in 
bladder cancer, Zheng et al. developed a pathology-based 
deep learning model that accurately distinguished basal 
and luminal subtypes from hematoxylin and eosin (H&E) 
slides, achieving area-under-the-curve (AUC) values of 
approximately 0.88 in internal validation and moderate 
performance in external cohorts [9]. Moreover, a recent 
meta-analysis demonstrated that AI-assisted digital 
pathology achieves high pooled sensitivity and specific-
ity across multiple cancer types, supporting its diagnos-
tic reliability [10]. The 2023 International Federation of 
Gynecology and Obstetrics (FIGO) guidelines further 
underscored the clinical importance of molecular clas-
sification in EC [11]. Recent studies have explored AI-
based models for molecular subtype prediction using 
WSIs in recent multi-center datasets, demonstrating that 

deep learning can extract subtype-specific morphological 
characteristics and contribute to prognostic assessment 
[12, 13]. However, most of these studies have predomi-
nantly been on Western datasets, limiting the applicabil-
ity of their findings to Chinese populations.

In this context, there is an urgent need for an efficient, 
clinically viable, and cost-effective strategy for molecular 
subtyping of EC in China. To address this issue, a cohort 
of 444 patients newly diagnosed with EC between 2010 
and 2018 was retrospectively assembled. Each patient 
underwent POLE mutation testing, immunohistochem-
istry (IHC) evaluation, and long-term follow-up. WSIs 
were generated from diagnostic slides using Digital Slide 
Assistant Lite, and relevant clinical data were collected.

The deep learning model was trained to predict molec-
ular subtypes defined by IHC and Sanger sequencing, 
which served as the reference standard. This study aimed 
to develop and validate a WSI-based molecular subtyping 
pipeline tailored to Chinese patients. Model architectures 
were systematically compared for their ability to clas-
sify the four TCGA subtypes, POLE-mutated (POLEmut), 
mismatch repair-deficient (MMRd), p53abnormal 
(p53abn), and no specific molecular profile (NSMP), and 
to predict survival outcomes. Rather than focusing only 
on technical novelty, this work prioritizes clinical appli-
cability, scalability, and generalizability across Chinese 
centers, supporting the advancement of precision oncol-
ogy in EC management.

Results
Study workflow and baseline characteristics
The overall pipeline of our study, including slide digiti-
zation, super-resolution enhancement, ROIs (regions 
of interest) segmentation, and subtype classification, is 
illustrated in Fig. 1.

A total of 444 patients diagnosed with EC between 
2010 and 2018 were initially included in the study. After 
excluding 51 patients with incomplete clinical or patho-
logical data, 393 patients were retained for analysis. 
At the time of the last follow-up, 315 patients (80.15%) 
were alive, 47 (11.96%) had died, and 31 (7.89%) were 
lost to follow-up. Molecular classification showed that 
the most frequent subtype was NSMP (40.71%), followed 
by p53abn (29.26%), MMRd (18.58%), and POLEmut 
(11.45%). Most patients were 50–70 years old (66.41%), 
while 40–50 years old accounted for 25.19%, and the 
proportions of patients aged ≥ 70 and < 40 years were 
relatively low. Histologically, endometrioid carcinoma 
was the predominant subtype (84.99%), while serous car-
cinoma and carcinosarcoma accounted for 7.63% and 
3.56%, respectively. According to the FIGO staging sys-
tem, stage I was the most common (72.52%), while stage 
II and stage III each comprised approximately 13% of 
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cases. Stage IV was rare (0.51%). Body mass index (BMI) 
analysis indicated that overweight and obesity were 
prevalent, together accounting for 75.31% of the cohort 
(Table  1). There were no statistically significant differ-
ences among molecular subtypes with respect to age dis-
tribution, histological subtype, or BMI. However, FIGO 
stage distribution differed significantly among the sub-
types (P = 0.01), with POLEmut tumors more frequently 
identified at stage I (Table S1).

Overall, the cohort was characterized by middle-to-
older age, early-stage disease, predominance of endome-
trioid histology, and a high BMI rate. These features are 
consistent with previously reported epidemiological pat-
terns in EC. To ensure unbiased model training and eval-
uation, the dataset was randomly divided at the patient 
level into a training set (80%) and a test set (20%). Clinical 
and molecular subtype distributions were well balanced 
between the two sets, ensuring the robustness and gener-
alizability of the model development and evaluation pro-
cess (Table S2 and Table S3).

Backbone model comparison for molecular subtype 
classification
To determine the most suitable network architecture for 
histology-based molecular subtype classification, mul-
tiple state-of-the-art deep learning backbones were sys-
tematically compared under identical preprocessing and 
training conditions. The architectures evaluated included 
EfficientNet, DenseNet, VGGNet, Vision Transformer 
(ViT), and ResNet-101, all tested on the independent 
internal validation set. Model performance was assessed 
using overall accuracy, sensitivity, specificity, and AUC.

Among these architectures, ResNet-101 demonstrated 
the most consistent and superior performance, achieving 
high classification accuracies of 92.0% for MMRd, 90.0% 
for NSMP, 91.0% for p53abn, and 92.0% for POLEmut 
(Fig. 2). Other networks such as VGGNet and DenseNet 
achieved moderate yet competitive performance, 
whereas EfficientNet showed relatively lower accuracies 
across subtypes (Table 2).

Collectively, These findings indicate that ResNet-101 
provides the most reliable backbone for histology-based 
molecular subtype classification of endometrial cancer, 
combining strong discriminative power with balanced 
performance across all subtypes.

Interpretation of AI‑assisted molecular classification results
To clarify the rationale underlying the classification deci-
sions, gradient-weighted class activation mapping (Grad-
CAM) [14] and related interpretability methods were 
applied to highlight regions within images that influ-
enced the deep learning model’s predictions [15]. These 
techniques identified histological regions most closely 
associated with predicted molecular subtypes, allow-
ing for visual assessment of the model’s decision-making 
process. Grad-CAM generates class-discriminative local-
ization maps, providing visual cues for model attention 
during subtype prediction. Grad-CAM was employed on 
the trained models to visualize the histological features 
utilized in classifying each case [16].

Grad-CAM heatmaps were generated from hema-
toxylin and eosin (HE)-stained WSIs using the trained 
ResNet-101 model and are presented in Fig.  3. For 
MMRd samples, the model primarily focused on glan-
dular regions accompanied by dense immune cell infil-
tration at the tumor invasive front, consistent with 
the characteristic lymphocytic patterns often associ-
ated with MMRd tumors. In NSMP samples, attention 
was focused on well-preserved glandular morphology 
with mild nuclear atypia. For p53abn cases, the high-
lighted areas corresponded to regions with significant 
nuclear pleomorphism and prominent nuclear staining. 
In POLEmut samples, the model emphasized areas with 
well-preserved glandular structures. It is important to 
note that these histological features are not definitive 
molecular diagnostic markers but represent statistically 
associated morphological characteristics identified by 
the model during training from large-scale data. Previ-
ous studies have also reported that deep learning models 
trained on HE-stained slides can accurately infer micro-
satellite instability (MSI), POLE mutations, and p53 

Fig. 1  Overview of the study design and processing pipeline. a Overall study design. Tumor slides from the EC cohort were digitized into WSIs, 
preprocessed with SRResGAN for super-resolution and MedSAM for ROI extraction. The dataset was split into training, validation, and test 
sets with balanced sampling. Multiple backbones were compared, and ResNet-101 was selected for final classification. b Processing pipeline. 
Low-resolution WSIs were enhanced using SRResGAN, followed by ROI segmentation with a fine-tuned MedSAM model. Extracted high-resolution 
ROIs were classified into molecular subtypes using the EC model. c ROI segmentation and subtype classification. ROIs were classified into four 
TCGA molecular subtypes: POLEmut, MMRd, NSMP, and p53abn. Representative H&E images are shown. d Multi-center cohorts. The development 
cohort (n = 393) was used for training and internal validation, while two external cohorts from OGHFU (n = 83) and PMCHH (n = 35) were used 
for independent validation to assess generalizability

(See figure on next page.)
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Fig. 1  (See legend on previous page.)
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abnormalities, validating the reliability of this interpret-
ability framework [17–19].

ROC analysis confirms high discriminative power 
of ResNet‑101
Receiver operating characteristic (ROC) analysis and 
corresponding area under the ROC curve (AUC) values 
were used to assess the ability of deep learning models to 
classify molecular subtypes of EC (Fig. 4). To address the 
class imbalance within the dataset, both micro-average 
and macro-average ROC curves were constructed for a 
comprehensive evaluation.

Among all architectures tested, ResNet-101 showed 
the strongest classification performance, achieving a 
micro-average AUC of 0.9838 (95% CI: 0.9768–0.9896) 
and a macro-average AUC of 0.9843 (95% CI: 0.9773–
0.9903) (Table 2). Subtype-specific AUC values remained 

consistently high, ranging from 0.9800 for MMRd to 
0.9927 for POLEmut. The model also maintained a bal-
anced sensitivity of 90.7% and specificity of 92.4%, with 
an overall accuracy of 91.4%, and performed especially 
well for the POLEmut subtype. ResNet-50 and ResNet-34 
also performed well and achieved similar accuracies of 
92.6% and 92.9%, respectively, but demonstrated slightly 
less balance between sensitivity and specificity compared 
to ResNet-101. Although ResNet-34 and ResNet-50 
achieved overall accuracies close to ResNet-101, their 
macro-AUC values—particularly for minority subtypes 
such as POLEmut and MMRd—were lower, reflect-
ing weaker discrimination across thresholds. There-
fore, backbone selection was guided primarily by AUC, 
while accuracy was retained as a secondary reference. 
VGG-16 and VGG-19 showed moderate performance 
and were particularly reliable for POLEmut classifica-
tion. DenseNet-161 achieved acceptable results but did 
not match the performance of the ResNet series. Trans-
former-based models (ViT-Base and ViT-Large) were less 
effective, with ViT-Large outperforming its Base coun-
terpart but failing to exceed the convolutional neural 
network (CNN) models. EfficientNet showed the lowest 
performance across metrics, with an overall classification 
accuracy of approximately 50%.Across all models, the 
POLEmut subtype consistently achieved the highest clas-
sification accuracy, which likely reflects its distinct mor-
phological features. This may reflect distinct histological 
features, including increased lymphocytic infiltration 
and relatively preserved glandular architecture, which 
provide recognizable morphological cues for the model. 
These results indicate that ResNet-101, with the high-
est AUC and balanced sensitivity–specificity, effectively 
captures subtype-specific histological patterns and offers 
the most reliable performance for image-based molecular 
subtyping of EC.

Survival prediction performance
The model demonstrated robust performance in estimat-
ing survival outcomes. Kaplan–Meier analysis based on 
ground-truth molecular classifications (Fig. S2a) revealed 
subtype-specific survival distributions, although statis-
tical significance was not reached (Log-rank P = 0.18). 
Patients with POLEmut tumors showed the most favora-
ble long-term survival, in line with existing clinical lit-
erature, despite the limited sample size. The p53abn and 
MMRd subtypes were associated with less favorable 
outcomes. Survival curves based on model-predicted 
subtypes (Fig. S2b) were closely similar to the actual 
stratification, suggesting that the model successfully 
approximated biologically meaningful distinctions. All 
survival analyses are conducted on the independent test 
set only (n ≈ 80), defined a priori to avoid overlap with 

Table 1  Baseline Characteristics of Patients

Characteristic N = 393

Death, n(%)

  Alive 315 (80.15%)

  Dead 47 (11.96%)

  Lost 31 (7.89%)

Age group, n(%)

  20–40 years 18 (4.58%)

  40–50 years 99 (25.19%)

  50–70 years 261 (66.41%)

  70 + years 15 (3.82%)

Molecular classification, n(%)

  MMRd 73 (18.58%)

  NSMP 160 (40.71%)

  p53abn 115 (29.26%)

  POLEmut 45 (11.45%)

Histological type, n(%)

  Carcinosarcomas 14 (3.56%)

  Clear Cell Carcinoma 5 (1.27%)

  Endometrioid Carcinoma 334 (84.99%)

  Mixed Carcinoma 9 (2.29%)

  Serous Carcinoma 30 (7.63%)

  Undifferentiated Carcinoma 1 (0.25%)

Stage, n(%)

  I 285 (72.52%)

  II 52 (13.23%)

  III 54 (13.74%)

  IV 2 (0.51%)

BMI group, n(%)

  Under weight 12 (3.05%)

  Normal weight 85 (21.63%)

  Over weight 188 (47.83%)

  Obese 108 (27.48%)
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Fig. 2   Confusion matrix of the classification model
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Table 2  Accuracy Comparison of Image-Based Molecular Classification of EC

Model MMRD
AUC​

NSMP
AUC​

p53abn
AUC​

POLEmut

AUC​
Accuracy Specificity Sensitivity

Vgg-16 0.77 0.78 0.87 0.90 0.851 0.80053908 0.86902751

Vgg-19 0.89 0.87 0.86 0.94 0.887 0.8852941 0.8973226

EfficientNet 0.72 0.45 0.48 0.60 0.506 0.72131148 0.55296918

ViT-Base-16 0.57 0.56 0.61 0.59 0.619 0.58860759 0.58326841

ViT-Base-32 0.64 0.56 0.60 0.59 0.600 0.64359862 0.61093588

ViT-Large-32 0.79 0.80 0.82 0.80 0.859 0.82831325 0.82443111

DenseNet 161 0.83 0.76 0.83 0.82 0.820 0.84761905 0.81183389

ResNet-34 0.90 0.93 0.93 0.96 0.929 0.89944134 0.95092408

ResNet-50 0.93 0.90 0.91 0.97 0.926 0.90056818 0.93434032

ResNet 101 0.92 0.90 0.91 0.92 0.914 0.9244713 0.9073393

Fig. 3  Comparative visualization of EC pathology images using diverse backbones. Each row corresponds to a distinct case within the dataset, 
showcasing the interpretative results. The visual comparison emphasizes the differences in diagnostic features captured by each backbone, 
providing insights into their respective performance in pathological image analysis
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training and validation data. External validation cohorts 
do not include survival endpoints, and no survival mod-
eling is performed on those cohorts.

To quantitatively evaluate the accuracy of survival time 
prediction, correlation analyses were conducted between 

actual and model-predicted durations (Fig. S2c). A strong 
linear association was observed, with Pearson, Spearman, 
and Kendall correlation coefficients of 0.9850, 0.9858, 
and 0.9036, respectively. The coefficient of determination 
(R2) reached 0.9692, indicating that the model explained 

Fig. 4  ROC curves and AUC of classification models. The y axis is the true positive rate, and the x axis is the false positive rate. ResNet-101 outperformed 
in most prediction tasks. Class 0 to Class 3 represent the four types of EC molecular classification from MMRD, NSMP, p53abn and POLEmut respectively
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96.9% of the variance in observed survival durations. The 
mean absolute error (MAE) was 123.33 days, and the 
root mean squared error (RMSE) was 179.62 days, under-
scoring high precision in continuous outcome prediction. 
A Bland–Altman plot (Fig. S2d) further confirmed strong 
agreement between predicted and actual survival times, 
with the majority of points falling within the 95% limits 
of agreement (± 1.96 SD) and no signs of systematic devi-
ation or variance instability.

In summary, although survival curves did not show 
statistically significant differences in this cohort, the 
model accurately reflected expected survival patterns 
and yielded precise predictions of individual survival 
durations. These findings underscore the potential of the 
model to support prognostic stratification and personal-
ized treatment planning for patients with EC.

External validation performance on multi‑center cohorts
The ResNet-101 model demonstrated robust classifi-
cation performance across two independent external 
validation cohorts. In the Obstetrics and Gynecology 
Hospital of Fudan University cohort (OGHFU, N = 83), 
it achieved an AUC of 0.97, with an overall accuracy of 
92%, specificity of 94%, and sensitivity of 87%. In the 
Pingdingshan Maternal and Child Health Hospital cohort 
(PMCHH, N = 35), the AUC was 0.94, with an accuracy 
of 93%, specificity of 90%, and sensitivity of 94% (Fig. S3).

Compared to ResNet-50 and Transformer-based archi-
tectures, ResNet-101 achieved higher AUCs for all four 
molecular subtypes (POLEmut, MMRd, NSMP, and p53abn) 
across both centers. Despite inter-institutional variation in 
slide preparation and staining protocols, the model retained 
acceptable predictive performance, indicating potential 
applicability in diverse clinical settings. However, domain 
adaptation strategies may be required to further improve 
cross-center generalizability (Table 3 and Table 4).

Discussion
In this retrospective study, approximately 30% of patients 
with EC were aged between 20 and 50 years, indicat-
ing a trend toward earlier onset. This demographic shift 
highlights the clinical need for personalized therapeutic 
strategies, particularly in patients seeking fertility pres-
ervation. With the increasing volume of pathological 
specimens, the demand for accurate and timely histologi-
cal evaluation has increased, while the global shortage of 
trained pathologists remains unresolved. To address this 
challenge, AI-assisted digital pathology has emerged as a 
potential solution, offering reproducible, high-through-
put analysis with the ability to detect subtle histological 
features, improving diagnostic consistency and efficiency.

Given the high cost, procedural complexity, and long 
turnaround time of POLE mutation testing and IHC 

analysis, this study proposes a practical, image-based 
alternative for molecular classification of EC. Using WSIs 
and a deep learning framework, the approach provides a 
noninvasive and scalable solution for both molecular sub-
typing and prognostic estimation. Importantly, this pipe-
line could facilitate timely molecular characterization 
for patients undergoing fertility-preserving management 
or for institutions with limited access to molecular test-
ing, thereby bridging the gap between precision oncol-
ogy and routine diagnostic pathology. Compared with 
IHC and NGS/Sanger sequencing, which often require 
several days to weeks and specialized laboratory person-
nel, the proposed AI pipeline can provide preliminary 
subtype predictions within hours once WSIs are avail-
able, reducing turnaround time and manpower demand. 
In resource-limited settings, this approach may serve as 
a cost-efficient, complementary screening layer to prior-
itize confirmatory molecular testing rather than replac-
ing existing diagnostic workflows.

Table 3  Baseline characteristics of the external validation 
cohorts (OGHFU and PMCHH)

Characteristic OGHFU (N = 83) PMCHH (N = 35) P-value

Age group, n(%) 0.244

  20–40 years 6 (7.23%) 2 (5.71%)

  40–50 years 19 (22.89%) 9 (25.71%)

  50–70 years 31 (37.35%) 7 (20.00%)

  70 + years 27 (32.53%) 17 (48.57%)

Molecular classification, 
n(%)

0.758

  MMRd 19 (22.89%) 8 (22.86%)

  NSMP 43 (51.81%) 20 (57.14%)

  p53abn 12 (14.46%) 4 (11.43%)

  POLEmut 13 (15.67%) 3 (8.57%)

Histological type, n(%) 0.010

  Carcinosarcomas 1 (1.20%) 0 (0%)

  Clear Cell Carcinoma 0 (0%) 1 (2.86%)

  Endometrioid Carci-
noma G1

60 (72.29%) 15 (42.86%)

  Endometrioid Carci-
noma G2

5 (6.02%) 8 (22.86%)

  Endometrioid Carci-
noma G3

11 (13.25%) 7 (20.00%)

  Mixed Carcinoma 0 2 (5.71%)

  Serous Carcinoma 5 (6.02%) 2 (5.71%)

  Undifferentiated 
Carcinoma

1 (1.20%) 0 (0%)

Stage, n(%) 0.698

  I 62 (74.70%) 24 (68.57%)

  II 10 (12.05%) 7 (20.00%)

  III 7 (8.43%) 3 (8.57%)

  IV 4 (4.82%) 1 (2.86%)
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The analysis workflow incorporated super-resolution 
enhancement via SRResGAN and precise lesion segmen-
tation using MedSAM, followed by model training with 
multiple neural network architectures. Among the evalu-
ated models, ResNet-101 showed the highest classifica-
tion accuracy for all four molecular subtypes, achieving 
over 90% classification accuracy. Grad-CAM visualiza-
tions confirmed that the model’s focused regions corre-
sponded with histopathological features consistent with 
known subtype characteristics, suggesting that morpho-
logical signals captured in routine HE-stained slides are 
predictive of underlying molecular alterations. These 
findings demonstrate that deep learning models can infer 
clinically relevant molecular profiles directly from histo-
logical images, enabling integration of molecular subtyp-
ing and prognosis estimation from a single modality. The 
model’s classification performance was further validated 
using two external, multi-center, independent cohorts. 
The stable classification accuracy across centers with dif-
ferent data sources suggests generalizability and supports 
the potential applicability of this pipeline in real-world 
clinical practice. Despite differences in slide prepara-
tion and imaging equipment between institutions, model 
performance remained stable, indicating resistance to 
domain-specific variation. Model performance may vary 
across histologic subtypes, stages, and age groups. As the 
current dataset consisted predominantly of endometri-
oid ECs, caution is warranted when interpreting predic-
tions for rare histologic variants or specimens with low 
tumor cellularity, in which morphological cues may be 
limited. Moreover, fertility-sparing and younger patients 
represent important subgroups for future validation, as 
hormonal status or sampling differences could influence 
image-based classification. These clarifications define 
the scope of applicability and support cautious clinical 
translation of the model. Previous AI-assisted molecu-
lar subtyping studies, including the TCGA-based work 
by Frémond et  al. [13], were primarily developed and 
validated on research datasets. By contrast, the pre-
sent study leverages large, multi-center Chinese clinical 
cohorts derived from routine diagnostic practice, provid-
ing real-world evidence of the feasibility and robustness 

of AI-based molecular subtyping beyond TCGA-derived 
settings. Although SRResGAN can enhance fine-grained 
structures that assist ROI delineation, it may also intro-
duce artifacts; the pipeline therefore prioritizes a prag-
matic trade-off by limiting SR intensity and relying on 
augmentation-based robustness, while acknowledging 
that future evaluations should compare explicit stain 
normalization and SR-free baselines. The modest size 
of our internal test set, coupled with the limited scale 
of the external validation cohorts (N = 35 and N = 83), 
inherently constrains the statistical power of our analy-
sis. Consequently, the reported performance metrics, 
including the AUCs, should be interpreted with caution. 
Our findings are therefore presented as preliminary, and 
the generalizability of our model remains a hypothesis 
that warrants confirmation through larger, prospectively 
accrued, and multi-regional studies.

Although Kaplan–Meier survival analysis did not show 
statistically significant differences across molecular sub-
types, patients with POLEmut displayed more favorable 
long-term survival trends, consistent with previous clini-
cal observations. The lack of statistical significance may 
be due to the limited number of events and relatively 
short follow-up duration in this subgroup. Overall, most 
patients in this cohort remained alive during follow-up, 
supporting the reliability of the survival estimates and 
aligning with the typical prognosis of early-stage EC.

The model predicts molecular subtypes defined by IHC 
and Sanger sequencing, not prognosis itself. The subse-
quent survival analysis should be regarded as exploratory, 
serving as proof-of-concept that image-based molecular 
predictions may correlate with patient outcomes. These 
findings are preliminary and not intended as formal prog-
nostic validation. In practical deployment, each model 
output is accompanied by a confidence score. Low-confi-
dence or discordant predictions should trigger confirma-
tory molecular testing or multidisciplinary review before 
informing clinical management. Acceptable risk thresh-
olds may differ across clinical scenarios, with stricter 
confidence requirements for therapeutic decision-mak-
ing than for triage or screening applications.

Table 4  Performance of different backbones on external validation cohorts (OGHFU and PMCHH)

Cohort Model MMRD AUC​ NSMP
AUC​

p53abn
AUC​

POLEmut

AUC​
Accuracy Specificity Sensitivity

OGHFU ResNet-50 0.93 0.91 0.94 0.96 0.88 0.87 0.83

ResNet-101 0.96 0.94 0.97 0.98 0.92 0.94 0.87

Transformer 0.84 0.92 0.95 0.94 0.91 0.91 0.85

PMCHH ResNet-50 0.90 0.88 0.89 0.94 0.89 0.84 0.88

ResNet-101 0.93 0.91 0.94 0.97 0.93 0.90 0.94

Transformer 0.91 0.89 0.92 0.96 0.90 0.90 0.88
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This study has several limitations that should be 
acknowledged. First, cause-specific mortality was not 
assessed, and deaths unrelated to EC may have intro-
duced bias. Second, while patients with other malig-
nancies were excluded, the presence of baseline 
comorbidities was not analyzed, potentially introducing 
confounding effects. Third, although the model effec-
tively predicted molecular subtypes and survival dura-
tions, clinical covariates were not included in the survival 
prediction module, limiting its ability to account for 
non-histological prognostic factors. Additionally, the ret-
rospective design, limited follow-up duration, and exclu-
sion of cases with incomplete or poor-quality data may 
have introduced selection bias, and all participating cent-
ers were Chinese institutions, which could limit interna-
tional generalizability. These factors should be considered 
when interpreting the results, which are intended to be 
hypothesis-generating rather than definitive. Incorpo-
rating such data in future iterations may improve pre-
dictive accuracy and clinical relevance. Future work will 
also focus on integrating WSI-derived features with key 
clinical covariates and IHC metadata to build calibrated 
multivariable prognostic models; extending and adapting 
the pipeline to related tumor types (e.g., cervical, ovarian, 
colorectal) within prospective, multi-regional cohorts; 
enhancing transportability through stain handling and 
domain adaptation; and exploring histopathology-native 
pretraining with human-in-the-loop workflows to sup-
port safe clinical deployment.

In summary, this study evaluated the feasibility of 
applying deep learning to WSIs for molecular subtyp-
ing and survival prediction in EC. To our knowledge, 
this represents the first AI-based, large-scale multi-
center analysis within a Chinese population, con-
firming that histology-based models can be used to 
classify the four TCGA molecular subtypes of EC with 
high accuracy (> 90%) without the need for molecu-
lar testing and IHC. The results support the use of 
digital pathology combined with AI to provide a low-
cost, scalable approach to guide individualized clinical 
management and improve prognostic assessment in 
patients with EC.

Materials and methods
Study design and participants
This retrospective cohort study was conducted at Shang-
hai First Maternal and Infant Hospital and included 
patients newly diagnosed with EC between January 
2010 and December 2018. Patients with a history of 
other malignancies or previous treatment for EC were 
excluded, resulting in an initial cohort of 444 patients. 
All diagnoses and treatment decisions were made by 

attending physicians based on European Society for Med-
ical Oncology (ESMO) guidelines and patient preferences 
[20, 21]. Clinical and pathological data were retrieved 
from archived medical records, and annual follow-up 
was conducted via telephone. After excluding 22 patients 
with incomplete clinical or pathological information, 422 
cases remained. The other 13 were excluded due to poor 
slide quality, 1 due to an unclassifiable molecular sub-
type, and 15 due to missing key molecular data. Finally, 
393 patients with complete molecular subtyping and sur-
vival data were included in the analysis.

The resulting dataset comprised 15,328 histopatho-
logical images from these 393 patients, classified into 
four molecular subtypes: POLEmut (N = 45), MMRd 
(N = 73), p53abn (N = 115), and NSMP (N = 160). 
Tumor regions were delineated using a finely tuned 
MedSAM model [22], and image patches were then 
extracted. The dataset was randomly divided into train-
ing and testing sets in an 8:2 ratio, ensuring that image 
data from the same patient were assigned exclusively to 
a single subset to avoid data leakage.

To evaluate external validity, two independent vali-
dation cohorts were additionally collected from the 
OGHFU (N = 83) and PMCHH (N = 35). These datasets 
were prepared under routine clinical workflows at each 
institution, scanned with locally available digital pathol-
ogy systems, and labeled according to the same four 
molecular subtypes. No external samples were used dur-
ing model training (Fig. S1).

Tissue processing and digital slide acquisition
Tissue specimens obtained from hysterectomy were 
immediately fixed in 4.7% aldehyde solution at room 
temperature for at least 4 h. Following HE staining, 
WSIs were acquired using a high-resolution scanner 
at 20 × magnification. Pathological sections from 444 
patients underwent POLE mutation testing and IHC 
analysis for markers including PMS2, MLH1, MSH2, 
MSH6, and P53 [23]. Digital images were generated using 
Digital Slide Assistant Lite and converted to a stand-
ardized format using OpenSlide. All digital slides were 
reviewed by experienced pathologists.

Digital pathology image preprocessing procedure
The preprocessing pipeline began with image enhance-
ment using the SRResGAN model [24], which transforms 
low-resolution WSIs into high-resolution images. This 
enhancement was essential for capturing microstructural 
tissue features critical to histopathological evaluation. 
High-resolution images offer the detail needed to iden-
tify and study subtle morphological differences, which 
are crucial for accurate diagnosis and subtype classifica-
tion [25]. SRResGAN, a generative adversarial network 
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pre-trained on ImageNet and COCO datasets, was 
employed to increase image resolution while preserv-
ing feature integrity across different scales. The model 
minimized oversmoothing artefacts that may hide or dis-
tort diagnostically relevant structures. Enhanced image 
resolution facilitated both pathologists and AI models 
to make more precise assessments by providing clearer, 
more detailed visual information, supporting improved 
detection and analysis of histopathological features [26]. 
To reduce the risk of hallucination or morphology exag-
geration from SRResGAN, a conservative configuration 
was used (limited upscaling and suppressed edge sharp-
ening) and applied uniformly as a preprocessing step 
prior to segmentation/classification; robustness to poten-
tial domain shift was addressed with color/stain and 
scanner augmentations. No explicit color normalization 
was applied in the primary pipeline; instead, robustness 
to inter-laboratory staining and scanner variability was 
addressed via augmentation during training.

Targeted segmentation of cancerous regions
To selectively identify and outline EC lesions within 
WSIs, the MedSAM model [27] was employed. This seg-
mentation method uses the synergy between visual and 
prompt-based features, further refined through image 
enhancement techniques. Accurate definition of ROIs 
facilitates concentration of computational resources 
on diagnostically relevant areas [25], reducing analyti-
cal burden and improving the precision of subsequent 
analysis. MedSAM employs a transformer-based frame-
work to encode visual features from pathology slides, 
initialized with pretrained weights that capture generic 
structural patterns from large-scale image datasets. 
These pretrained weights facilitate the recognition of 
basic image elements such as edges, lines, textures, and 
contours, which form the solid foundation for task-
specific refinement tailored to EC lesion segmentation. 
The model also integrates a prompt-based technique, 
wherein bounding boxes are used to direct the segmen-
tation task toward defined ROIs, specifically annotated 
as "endometrial cancer lesions. This multimodal archi-
tecture allows MedSAM to accurately segment regions 
likely to harbor EC pathology, typically appearing as 
eosinophilic tumor areas with darker nuclei against a 
paler stromal background of normal endometrial tissue 
[28]. The segmentation output is a pixel-wise segmen-
tation mask that outlines cancerous areas within each 
WSI. This targeted segmentation both improves com-
putational efficiency by omitting irrelevant regions and 
provides a spatially resolved representation of lesion 
morphology and architecture, which are essential for 
further diagnostic evaluations. ROI segmentation was 
configured to balance noise reduction with preservation 

of tumor–microenvironment context. Masks were gener-
ated with conservative margins around tumor regions so 
that peri-tumoral stroma, invasion fronts, and immune-
cell–rich areas remained within the analysis field, while 
excluding obviously irrelevant background. This design 
aims to retain architectural and immune cues that are 
informative for subtypes such as MMRd, thereby mitigat-
ing boundary effects introduced by tight croppin.

Model development and training for molecular subtype 
classification
To achieve precise molecular classification of EC into 
four subtypes, a CNN architecture based on ResNet-101 
was employed [29]. This model was trained on enhanced 
and segmented image patches sized 224 × 224 pixels, pro-
cessed as multi-channel inputs to preserve spatial and 
contextual relationships. The network’s 101-layer depth 
allowed for hierarchical integration of local visual fea-
tures across a receptive field of 427 × 427 pixels, capturing 
broader architectural patterns in the tumor microenvi-
ronment. The ResNet-101 model incorporates residual 
connections with identity mappings to facilitate gradi-
ent flow during training and address vanishing gradient 
issues. It comprises 33 bottleneck blocks, each contain-
ing three convolutional layers with shortcut connections, 
enabling simultaneous spatial dimension reduction and 
feature channel expansion. This architecture allows the 
network to extract high-level abstract features from his-
topathological features [30].

The ResNet-101 backbone network was initial-
ized with weights pretrained on the ImageNet dataset, 
which, despite being based on natural images instead 
of histopathology slides, provides a robust foundation 
for visual feature extraction. Transfer learning, widely 
used in medical imaging, was then applied by fine-tun-
ing the model using histopathological images, allowing 
domain-specific adaptation of the extracted features to 
the task of EC molecular subtyping. Following feature 
extraction, global average pooling was applied, and the 
resultant representations were passed through two fully 
connected layers with 512 and 4 neurons, respectively. 
The final classification layer employed SoftMax activa-
tion to generate probability outputs corresponding to the 
four molecular subtypes: POLEmut, MMRd, p53abn, and 
NSMP. The training pipeline was optimized to ensure 
convergence and stability, supporting accurate classifica-
tion of subtype-specific morphological features embed-
ded within the pathology images. Patch-level posterior 
probabilities for each subtype are first computed by the 
classifier on tiled regions. For each slide, patch posteriors 
are aggregated by the mean of the per-patch probabilities 
to obtain slide-level subtype probabilities; the slide label 
is taken as the argmax of these aggregated probabilities. 
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Patient-level decisions are then formed by aggregating 
across all slides from the same patient using a majority 
vote over slide labels, with a tie-breaker based on the 
highest mean slide-level probability. In addition to the 
final label, uncertainty is summarized by the dispersion 
of patch- and slide-level predictions and by inter-slide 
disagreement, enabling a quantitative confidence score at 
the patient level.

Progression and survival prediction model
In the final step of the analytical pipeline, molecular sub-
type predictions generated by the deep learning model 
were integrated into a long short-term memory (LSTM) 
network to predict survival in EC patients. These subtype 
predictions served as input features alongside longitudi-
nal clinical variables. The LSTM model was trained using 
the binary cross-entropy loss function and optimized 
with the Adam algorithm. Input data included annually 
collected sequential clinical parameters such as age at 
diagnosis, BMI, histological type, and predicted molecu-
lar subtype. Before entering the model, these variables 
were standardized. Sequence lengths varied depending 
on the duration and availability of follow-up records for 
each patient [31, 32].

This integrated approach, combining deep learning-
based molecular classification from digital pathology 
images with LSTM-based temporal modeling of clinical 
parameters, aims to deliver a personalized and compre-
hensive risk assessment framework for EC patients.

Evaluation metrics
Model performance across image preprocessing and clas-
sification stages was evaluated using standard metrics 
that assess both accuracy and robustness in identifying 
and classifying pathological features [33]. Key indicators 
included precision, recall, and AUC. To ensure objective 
assessment, all evaluations were conducted in a blinded 
manner; reviewers were unaware of model-generated 
predictions. Macro-averaged AUC was prespecified as 
the primary performance metric because it is threshold-
independent and prevalence-invariant, which makes it 
more reliable under class imbalance. Accuracy, balanced 
accuracy, F1-score, and calibration error were reported 
as secondary measures to provide complementary 
perspectives.

For survival prediction, multiple quantitative metrics 
were applied to assess the concordance and accuracy 
between predicted and actual survival durations. These 
included Pearson, Spearman, and Kendall correlation 
coefficients, the coefficient of determination (R2), MAE, 
and RMSE, providing a comprehensive evaluation of pre-
dictive performance.

Statistical analyses
All histological classifications, molecular subtyping, and 
staging were performed by experienced pathologists. 
Descriptive statistical comparisons among groups were 
primarily conducted using the Pearson chi-square test. 
Where appropriate, contingency table chi-square tests 
were applied to assess differences among categorical 
variables. Nonparametric comparisons were performed 
using the Kruskal–Wallis rank-sum test, Z-score test, and 
likelihood ratio test, as applicable. All analyses were con-
ducted using R statistical software (version 4.3.1). Due to 
the limited number of patients with incomplete data and 
the negligible impact on the final results, these cases were 
excluded from the analysis.

Model configuration
All models were developed using Python 3.9, PyTorch 
v1.12, and the AutoDL platform. Both the SRResGAN 
and classification model were trained for 200 epochs 
with a batch size of 32, using two NVIDIA A100 GPUs. 
Hyperparameter settings included an initial learning 
rate of 0.001, a final learning rate of 0.1 under the cosine 
annealing learning rate scheduler, a weight decay of 
1e − 4, and a momentum coefficient of 0.9.

The LSTM-based survival prediction model employed 
a hidden layer comprising 1000 units and a dropout 
rate of 0.001 to reduce overfitting. This was followed by 
a dense output layer with a single neuron and a sigmoid 
activation function to yield survival probabilities between 
0 and 1 for individual patients. The network was trained 
for 100 epochs with a batch size of 32 samples.

Key hyperparameters, including learning rate, batch 
size, and dropout rate, were selected through a limited 
grid search on the validation subset to balance conver-
gence stability, computational efficiency, and gener-
alization. The learning rate schedule (cosine annealing) 
ensured smooth decay to prevent divergence, while the 
batch size of 32 was constrained by GPU memory and 
maintained stable gradient estimation. A small dropout 
rate (0.001) was used to regularize the fully connected 
layers without impairing convergence.

Vision Transformer (ViT) Implementation
To benchmark the classification model performance, a 
ViT architecture was also evaluated. The ViT model was 
pretrained on the ImageNet dataset and then fine-tuned 
using the same histopathology image patches and train-
ing conditions as those applied for CNN-based model.



Page 14 of 15Qi et al. Molecular Biomedicine           (2025) 6:102 

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s43556-​025-​00341-z.

Supplementary Material 1.

Acknowledgements
The authors would like to acknowledge the helpful suggestions concerning 
this study received from their colleagues.

Authors’ contributions
Peng Qi and Tianliang Yao: writing—original draft, software, investigation. 
Hu Li and Jingnan Zhu: writing—original draft, data curation, visualization, 
validation. Jianye Li: writing—original draft, data curation. Xuezhen Luo and 
Qizhi He: writing—reviewing & editing, project administration, visualization, 
supervisions. Yiran Li: conceptualization and writing—reviewing and editing. 
All authors have read and approved the final manuscript.

Funding
This work is supported by the Shanghai Health System Outstanding Talents 
Program of Grant 20234Z0019, the National Key Research and Development 
Program of China under Grant 2023YFB4705200 and the National Natural Sci-
ence Foundation of China under Grant 62273257.

Data availability
The corresponding author will provide the original data used to support the 
findings of this study upon reasonable request.

Declarations

Ethics approval and consent to participate
This study received ethical approval from the institutional ethics commit-
tee of Shanghai First Maternity and Infant Hospital (No: KS22133). Additional 
approvals were obtained from Obstetrics and Gynecology Hospital of Fudan 
University (OGHFU, ID: 2023–31) and Pingdingshan Maternal and Child Health 
Hospital (PMCHH, ID: 2025–007) for the use of external validation cohorts. 
Informed consent for the potential use of specimens in clinical research was 
obtained from all participants prior to surgical procedures. The study protocol 
and experimental design adhered to the most recent revised ethical guide-
lines of the Declaration of Helsinki.

Consent for publication
All authors have consented to the publication of the data covered in this 
article.

Competing interests
The authors declare that they have no known competing financial interests 
or personal relationships that could have appeared to influence the work 
reported in this paper.

Received: 29 August 2025   Revised: 22 October 2025   Accepted: 23 Octo-
ber 2025

References
	1.	 Morice P, Leary A, Creutzberg C, Abu-Rustum N, Darai E. Endometrial 

cancer. Lancet. 2015;387(10023):1094–108. https://​doi.​org/​10.​1016/​
S0140-​6736(15)​00130-0.

	2.	 Terzic M, Aimagambetova G, Kunz J, Bapayeva G, Aitbayeva B, Terzic 
S et al. Molecular Basis of Endometriosis and Endometrial Cancer: 
Current Knowledge and Future Perspectives. Int J Mol Sci. 2021;22(17). 
https://​doi.​org/​10.​3390/​ijms2​21792​74.

	3.	 Zheng W. Molecular Classification of Endometrial Cancer and the 
2023 FIGO Staging: Exploring the Challenges and Opportunities for 

Pathologists. Cancers (Basel). 2023;15(16). https://​doi.​org/​10.​3390/​
cance​rs151​64101.

	4.	 Walsh CS, Hacker KE, Secord AA, DeLair DF, McCourt C, Urban R. 
Molecular testing for endometrial cancer: An SGO clinical practice 
statement. Gynecol Oncol. 2022;168:48–55. https://​doi.​org/​10.​1016/j.​
ygyno.​2022.​10.​024.

	5.	 Wu S, Shen R, Hong G, Luo Y, Wan H, Feng J, et al. Development and 
validation of an artificial intelligence-based model for detecting 
urothelial carcinoma using urine cytology images: a multicentre, 
diagnostic study with prospective validation. EClinicalMedicine. 
2024;71:102566. https://​doi.​org/​10.​1016/j.​eclinm.​2024.​102566.

	6.	 Wang R, Chen F, Chen H, Lin C, Shuai J, Wu Y, et al. Deep learning in 
digital breast tomosynthesis: current status, challenges, and future 
trends. MedComm. 2025;6(6):e70247. https://​doi.​org/​10.​1002/​mco2.​
70247.

	7.	 Liu Y, Wang H, Song K, Sun M, Shao Y, Xue S, et al. CroReLU: cross-cross-
ing space-based visual activation function for lung cancer pathology 
image recognition. Cancers (Basel). 2022. https://​doi.​org/​10.​3390/​
cance​rs142​15181.

	8.	 Deng Y, Feng M, Jiang Y, Zhou Y, Qin H, Xiang F, et al. Development 
of pathological reconstructed high-resolution images using artificial 
intelligence based on whole slide image. MedComm. 2020;1(3):410–7. 
https://​doi.​org/​10.​1002/​mco2.​39.

	9.	 Zheng Z, Dai F, Liu J, Zhang Y, Wang Z, Wang B, et al. Pathology-based 
deep learning features for predicting basal and luminal subtypes in 
bladder cancer. BMC Cancer. 2025;25(1):310. https://​doi.​org/​10.​1186/​
s12885-​025-​13688-x.

	10.	 McGenity C, Clarke EL, Jennings C, Matthews G, Cartlidge C, Freduah-
Agyemang H, et al. Artificial intelligence in digital pathology: a sys-
tematic review and meta-analysis of diagnostic test accuracy. NPJ Digit 
Med. 2024;7(1):114. https://​doi.​org/​10.​1038/​s41746-​024-​01106-8.

	11.	 Berek JS, Matias-Guiu X, Creutzberg C, Fotopoulou C, Gaffney D, Kehoe 
S, et al. FIGO staging of endometrial cancer: 2023. Int J Gynaecol 
Obstet. 2023;162(2):383–94. https://​doi.​org/​10.​1002/​ijgo.​14923.

	12.	 Niazi MKK, Parwani AV, Gurcan MN. Digital pathology and artificial 
intelligence. Lancet Oncol. 2019;20(5):e253–61. https://​doi.​org/​10.​
1016/​S1470-​2045(19)​30154-8.

	13.	 Fremond S, Andani S, Barkey Wolf J, Dijkstra J, Melsbach S, Jobsen JJ, 
et al. Interpretable deep learning model to predict the molecular clas-
sification of endometrial cancer from haematoxylin and eosin-stained 
whole-slide images: a combined analysis of the PORTEC randomised 
trials and clinical cohorts. Lancet Digit Health. 2022;5(2):e71–82. 
https://​doi.​org/​10.​1016/​S2589-​7500(22)​00210-2.

	14.	 Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra D, editors. 
Grad-CAM: Visual Explanations from Deep Networks via Gradient-Based 
Localization. 2017 IEEE International Conference on Computer Vision 
(ICCV); 2017 22–29 Oct. 2017. https://​doi.​org/​10.​1109/​ICCV.​2017.​74.

	15.	 Salahuddin Z, Woodruff HC, Chatterjee A, Lambin P. Transparency of 
deep neural networks for medical image analysis: A review of interpret-
ability methods. Comput Biol Med. 2021;140:105111. https://​doi.​org/​
10.​1016/j.​compb​iomed.​2021.​105111.

	16.	 Zhang Z, Chen P, McGough M, Xing F, Wang C, Bui M, et al. Pathol-
ogist-level interpretable whole-slide cancer diagnosis with deep 
learning. Nat Mach Intell. 2019;1(5):236–45. https://​doi.​org/​10.​1038/​
s42256-​019-​0052-1.

	17.	 Kather JN, Pearson AT, Halama N, Jäger D, Krause J, Loosen SH, et al. 
Deep learning can predict microsatellite instability directly from histol-
ogy in gastrointestinal cancer. Nat Med. 2019;25(7):1054–6. https://​doi.​
org/​10.​1038/​s41591-​019-​0462-y.

	18.	 Echle A, Rindtorff NT, Brinker TJ, Luedde T, Pearson AT, Kather JN. Deep 
learning in cancer pathology: a new generation of clinical biomarkers. 
Br J Cancer. 2020;124(4):686-96.

	19.	 Coudray N, Ocampo PS, Sakellaropoulos T, Narula N, Snuderl M, Fenyö 
D, et al. Classification and mutation prediction from non-small cell 
lung cancer histopathology images using deep learning. Nat Med. 
2018;24(10):1559–67. https://​doi.​org/​10.​1038/​s41591-​018-​0177-5.

	20.	 Colombo N, Preti E, Landoni F, Carinelli S, Colombo A, Marini C et al. 
Endometrial cancer: ESMO Clinical Practice Guidelines for diagnosis, 
treatment and follow-up. Ann Oncol. 2011;22 Suppl 6:vi35-vi9. https://​
doi.​org/​10.​1093/​annonc/​mdr374.

https://doi.org/10.1186/s43556-025-00341-z
https://doi.org/10.1186/s43556-025-00341-z
https://doi.org/10.1016/S0140-6736(15)00130-0
https://doi.org/10.1016/S0140-6736(15)00130-0
https://doi.org/10.3390/ijms22179274
https://doi.org/10.3390/cancers15164101
https://doi.org/10.3390/cancers15164101
https://doi.org/10.1016/j.ygyno.2022.10.024
https://doi.org/10.1016/j.ygyno.2022.10.024
https://doi.org/10.1016/j.eclinm.2024.102566
https://doi.org/10.1002/mco2.70247
https://doi.org/10.1002/mco2.70247
https://doi.org/10.3390/cancers14215181
https://doi.org/10.3390/cancers14215181
https://doi.org/10.1002/mco2.39
https://doi.org/10.1186/s12885-025-13688-x
https://doi.org/10.1186/s12885-025-13688-x
https://doi.org/10.1038/s41746-024-01106-8
https://doi.org/10.1002/ijgo.14923
https://doi.org/10.1016/S1470-2045(19)30154-8
https://doi.org/10.1016/S1470-2045(19)30154-8
https://doi.org/10.1016/S2589-7500(22)00210-2
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1016/j.compbiomed.2021.105111
https://doi.org/10.1016/j.compbiomed.2021.105111
https://doi.org/10.1038/s42256-019-0052-1
https://doi.org/10.1038/s42256-019-0052-1
https://doi.org/10.1038/s41591-019-0462-y
https://doi.org/10.1038/s41591-019-0462-y
https://doi.org/10.1038/s41591-018-0177-5
https://doi.org/10.1093/annonc/mdr374
https://doi.org/10.1093/annonc/mdr374


Page 15 of 15Qi et al. Molecular Biomedicine           (2025) 6:102 	

	21.	 van den Heerik ASVM, Horeweg N, de Boer SM, Bosse T, Creutzberg CL. 
Adjuvant therapy for endometrial cancer in the era of molecular clas-
sification: radiotherapy, chemoradiation and novel targets for therapy. 
Int J Gynecol Cancer. 2020;31(4):594–604. https://​doi.​org/​10.​1136/​
ijgc-​2020-​001822.

	22.	 Kirillov A, Mintun E, Ravi N, Mao H, Rolland C, Gustafson L et al. Seg-
ment Anything. 2023. https://​doi.​org/​10.​48550/​arXiv.​2304.​02643.

	23.	 Stelloo E, Nout RA, Osse EM, Jürgenliemk-Schulz IJ, Jobsen JJ, Lutgens 
LC, et al. Improved risk assessment by integrating molecular and clin-
icopathological factors in early-stage endometrial cancer-combined 
analysis of the PORTEC cohorts. Clin Cancer Res. 2016;22(16):4215–24. 
https://​doi.​org/​10.​1158/​1078-​0432.​CCR-​15-​2878.

	24.	 Umer RM, Foresti GL, Micheloni C. Deep Iterative Residual Convo-
lutional Network for Single Image Super-Resolution. arXiv e-prints. 
2020:arXiv:​2009.​04809. https://​doi.​org/​10.​48550/​arXiv.​2009.​04809.

	25.	 Chen Z, Wang J, Jia C, Ye X. Pathological image super-resolution using 
mix-attention generative adversarial network. Int J Mach Learn Cybern. 
2024;15(1):149–59. https://​doi.​org/​10.​1007/​s13042-​023-​01806-9.

	26.	 Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez A et al. 
Attention Is All You Need. 2017. https://​doi.​org/​10.​48550/​arXiv.​1706.​
03762.

	27.	 Ma J, He Y, Li F, Han L, You C, Wang B. Segment anything in medi-
cal images. Nat Commun. 2024;15(1):654. https://​doi.​org/​10.​1038/​
s41467-​024-​44824-z.

	28.	 Umer RM, Foresti GL, Micheloni C, editors. Deep Generative Adversarial 
Residual Convolutional Networks for Real-World Super-Resolution. 
2020 IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion Workshops (CVPRW); 2020 14–19 June 2020. https://​doi.​org/​10.​
1109/​CVPRW​50498.​2020.​00227.

	29.	 He K, Zhang X, Ren S, Sun J, editors. Deep Residual Learning for Image 
Recognition. 2016 IEEE Conference on Computer Vision and Pattern 
Recognition (CVPR); 2016 27–30 June 2016. https://​doi.​org/​10.​1109/​
Cvpr.​2016.​90.1.

	30.	 Babapour Mofrad F, Valizadeh G. Densenet-based transfer learning for 
LV shape classification: introducing a novel information fusion and 
data augmentation using statistical shape/color modeling. Expert Syst 
Appl. 2023;213:119261. https://​doi.​org/​10.​1016/j.​eswa.​2022.​119261.

	31.	 Sitaula C, Hossain MB. Attention-based VGG-16 model for COVID-
19 chest x-ray image classification. Appl Intell. 2020;51(5):2850–63. 
https://​doi.​org/​10.​1007/​s10489-​020-​02055-x.

	32.	 EfficientNet: Rethinking Model Scaling for Convolutional Neural Net-
works. 2019. https://​doi.​org/​10.​48550/​arXiv.​1905.​11946.1.

	33.	 Wen X, Fan J, Jin M, Jiang H, Li J, Han M, et al. Intravenous versus 
super-selected intra-arterial chemotherapy in children with advanced 
unilateral retinoblastoma: an open-label, multicentre, randomised 
trial. Lancet Child Adolesc Health. 2023;7(9):613–20. https://​doi.​org/​10.​
1016/​S2352-​4642(23)​00141-4.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1136/ijgc-2020-001822
https://doi.org/10.1136/ijgc-2020-001822
https://doi.org/10.48550/arXiv.2304.02643
https://doi.org/10.1158/1078-0432.CCR-15-2878
http://arxiv.org/abs/2009.04809
https://doi.org/10.48550/arXiv.2009.04809
https://doi.org/10.1007/s13042-023-01806-9
https://doi.org/10.48550/arXiv.1706.03762
https://doi.org/10.48550/arXiv.1706.03762
https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.1109/CVPRW50498.2020.00227
https://doi.org/10.1109/CVPRW50498.2020.00227
https://doi.org/10.1109/Cvpr.2016.90.1
https://doi.org/10.1109/Cvpr.2016.90.1
https://doi.org/10.1016/j.eswa.2022.119261
https://doi.org/10.1007/s10489-020-02055-x
https://doi.org/10.48550/arXiv.1905.11946.1
https://doi.org/10.1016/S2352-4642(23)00141-4
https://doi.org/10.1016/S2352-4642(23)00141-4

	Clinical-grade AI model for molecular subtyping of endometrial cancer: a multi-center cohort study in China
	Abstract 
	Introduction
	Results
	Study workflow and baseline characteristics
	Backbone model comparison for molecular subtype classification
	Interpretation of AI-assisted molecular classification results
	ROC analysis confirms high discriminative power of ResNet-101
	Survival prediction performance
	External validation performance on multi-center cohorts

	Discussion
	Materials and methods
	Study design and participants
	Tissue processing and digital slide acquisition
	Digital pathology image preprocessing procedure
	Targeted segmentation of cancerous regions
	Model development and training for molecular subtype classification
	Progression and survival prediction model
	Evaluation metrics
	Statistical analyses
	Model configuration
	Vision Transformer (ViT) Implementation

	Acknowledgements
	References


