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Objective: The study aims to develop and validate a multi-omics model based on preoperative ultrasound (US) imaging results,
intraoperative H&E- stained slides, and clinical features to predict lymph node metastasis (LNM) before lymph node dissection (LND)
in ovarian cancer (OC) patients.

Methods: We analyzed 157 OC patients undergoing LND with definitive pathological confirmation of LNM status, comprising 91
patients in the training cohort, 38 in the internal validation cohort, and 28 in the external test cohort. US images were processed with
PyRadiomics to extract radiomics features, while pathological WSIs were processed with deep learning (DL) algorithms and multi-
instance learning(MIL) algorithms to extract pathomics features. Then, radiomics and pathomics models were developed using support
vector machines (SVMs), logistic regression (LR), and extreme gradient boosting (XGBoost) after dimensionality reduction and
feature selection. To create a powerful multi-omics model, clinical features were incorporated into the optimal radiomics and
pathomics features. Performance of models was assessed by accuracy, AUC, 95% CI, sensitivity, specificity, PPV and NPV.
Results: A total of 11 features were used to build radiomics models out of a selection of 1561 radiomics features. The SVM_rad
model demonstrated superior predictive performance (AUC: training=0.816, validation=0.760, test=0.775). In parallel, pathomics
models were built using a refined set of 3 features selected from the original 206 pathomics features. Among these, the SVM_path
model showed the highest predictive efficiency (AUC: training=0.983, validation=0.817, test=0.813). The multi-omics model showed
the greatest discriminative power (AUC: training=0.988; validation=0.923; test cohort=0.862). The quality of the prediction model was
demonstrated by the DeLong test, calibration curves, and decision curve analysis, which verified its high discrimination, calibration,
and clinical usefulness.

Conclusion: The study’s findings indicate that the multi-omics model integrating the tumor-level radiological data, cellular-level
pathological information, and patient-level clinical features can predict LNM before LND in OC and support rational treatment plans.
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Introduction

Ovarian cancer (OC) is the cancer with the greatest mortality of all the gynecological malignancies.' It became the eighth
most common diagnosis in the world in 2020, with about 314,000 incidences annually, and the eighth leading cause of
mortality, with more than 207,000 deaths attributed to the disease that year.” Despite advances in the management of
diseases, especially in their surgical treatment and maintenance therapy, OC patients still have a 5-year survival rate
below 50% in most countries.” Besides, ovarian cancer patients experience considerable psychological distress due to
uncertainties about treatment as well as fears of metastasis and recurrence.”

In gynecological cancer, a significant route of metastasis is the gynecological lymphatic system, and the most
common lymph nodes (other than the vulvar cancer lymph nodes) involved are the parietal (retroperitoneal) and visceral
abdominopelvic lymph nodes.” The National Comprehensive Cancer Network guideline recommends placing special
emphasis on resecting enlarged or suspicious lymph nodes identified on preoperative imaging or intraoperatively.®
However, it has been extensively debated whether lymph node dissection (LND) should be used on patients with OC.
Viveros-Carrefio et al have reported that the LNM in patients with low-grade stage I-II OC was observed in 12.6%.’
A number of studies have shown that systematic LND is not beneficial, with no difference in the progression or overall
survival and increased rates of complications.® Moreover, the use of a traditional radical LND can not be supported in
OC patients who have a low LNM risk and a favorable prognosis. From these, it is clear that LNM is a critical prognostic
factor and significantly influences treatment planning. Consequently, clinicians should review the patient’s conditions and
surgical indications to accurately determine whether a patient has LNM and whether the LND is needed. Yet, this is
difficult because the disease is heterogeneous, and traditional models fail to handle high-dimensional, imbalanced data.'”

At present, the sensitivity of CT (43-50%) and MRI (55-60%) for detecting LNM in gynecological cancer is not much
higher."" At the same time, MRI is restricted by the large equipment and high cost, and CT is restricted by radiation
exposure. Ultrasonography is a cheap and non-invasive process, which does not expose patients to any risk of radiation, and
is comparatively simple to carry out. While conventional ultrasound has limitation in the direct visualization of nodal
morphology, transvaginal sonography (TVS) has a good diagnostic performance for the detection of pelvic LNM in patients
with gynecological cancer, specifically in cases of cervical, ovarian, and endometrial malignancy.'? And with the utilization
of radiomics, the diagnostic value extends beyond mere nodal morphology to encompass the phenotypic heterogeneity of
the primary ovarian tumor. Recent studies has demonstrated that incorporating radiomic features extracted from primary
tumor ultrasound images could significantly improve the prediction of lymph node status in OC,'*'* compensating for the
shortcomings of conventional ultrasound in direct nodal imaging. However, while ultrasound radiomics has been widely

15-17

applied in liver, thyroid, and breast cancers, its application in OC remains limited. Most existing studies focus on

differential diagnosis and preoperative staging,'®'’ 13:14

with only a few addressing LNM prediction.

Frozen-section diagnosis accuracy in the intraoperative assessment of ovarian masses is critical for the surgeon’s
choice of operative procedures.”® At present, visual observation remains the primary means of obtaining information
from pathological sections. As high-throughput processing technology for medical images is developed and the high-
dimensional data generated is widely explored and analyzed, the term pathomics is gaining increasing interest. Pathomics
quantifies characteristics of data obtained from digital pathology images, providing information on the tumor
microenvironment.>' Recent studies have dealt with cancer risk gradation, prognostication, and prediction of adjuvant
chemotherapy effect.”? Although pathomics has been applied to LNM in cancers such as gastric, colorectal, and

d,>** its research in OC remains confined to the exploration of prognostic biomarkers.”® Therefore, it is of

thyroi
great clinical and translational importance to conduct systematic pathomics studies focused on LNM in OC.

Deep learning, which can quantify phenotypes in high dimensions undetectable to the human eye and construct
specialized predictive models for different clinical cases, is a non-invasive system for prognostic assessment,?’ disease
diagnostics,”® and treatment decision-making.>® This approach has also been extended to integrate multimodal data—
including radiomics, pathomics, and clinical or genomic features—to build more accurate prognostic and predictive
models.*® Despite these advances, there is a notable lack of robust evidence demonstrating the feasibility and clinical

utility of deep learning models for the prediction of LNM in OC.
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Given this critical need for accurate prediction of LNM before LND in OC, this study aims to develop and validate
a multi-omics model that integrates clinical data, preoperative US imaging data, and intraoperative pathological data
acquired before LND to predict LNM status precisely before the dissection commences. Beyond conventional machine
learning, we employed DL and MIL techniques to extract and aggregate discriminative pathomics features from WSIs,
which were subsequently integrated with radiomics features within a multi-omics framework to improve LNM predic-
tion. By capturing complementary information at both microscopic and macroscopic levels in vivo, we anticipate that this
multi-omics model will offer a scientifically robust basis to assist clinicians in personalizing surgical planning and
therapeutic strategies, ultimately improving patient outcomes and quality of life.

Materials and Methods

Patient Population

This study consecutively enrolled 206 patients with OC who had operative procedures between January 2020 and
August 2025 in two hospitals (the Affiliated Hospital of Inner Mongolia Medical University and Inner Mongolia People’s
Hospital). The inclusion criteria were as follows: (1) Patients who have pathological confirmation of ovarian cancer
based on intraoperative tumor specimens; (2) Patients whose pathological H&E-stained tissue slides are stored as whole
slide images (WSIs); (3) Patients who underwent transvaginal or transrectal sonography scan examination and serum
tumour biomarker examination prior to operation; (4) Patients who underwent LND with definitive histopathological
results confirming the presence or absence of LNM. The exclusion criteria included the following: (1) Adnexal or pelvic
mass that may not be of ovarian origin; (2) Low-quality ultrasound pictures or pathological pictures that were not suitable
for further analysis; (3) Incomplete clinical baseline data or treatment response records; (4) Lack of LND specimens or
definitive nodal pathological confirmation. The ultimate study population involved 157 eligible patients.

In this study, we randomly selected a cohort of 129 patients from the Affiliated Hospital of Inner Mongolia Medical
University and separated them into a training (n=91) and internal validation (n=38) cohort at a ratio of 7:3. All
hyperparameters were optimized solely within the training cohort using a 5-fold cross-validation grid search. The optimal
parameter configurations were then fixed and applied to the training cohort for model development. Given the use of
multiple machine learning algorithms, model selection was guided by performance on the validation cohort. The cohort
from the Inner Mongolia People’s Hospital (n=28) was used as an independent test cohort to evaluate generalizability and to
ensure a robust assessment of model performance. Figure 1 presents the flowchart for selecting patients for the study.

Clinic Model Construction

The clinical information of OC patients involved: general information, hospital records (the age of patients, menopausal
stage), diagnosis details (pelvic fluid, lateral, peritoneal thickening, pelvic wall nodules, maximum diameter of the masses),
surgical and histopathological findings (whether LND was performed and whether LNM is present), and immunohisto-
chemical staining. Clinically relevant variables were identified through univariate and multivariate analyses, with features
achieving p<0.05 retained for the clinical model.

Image Acquisition

The US analyses of adnexal masses in the ovary were conducted using Mindray Resona 8 (China), Philips EPIQ 5
(Netherlands), GE Voluson E8 (USA), and GE Voluson E10 (USA) in our study. Transvaginal sonography (TVS) was
a choice, with trans-abdominal ultrasonography being applied in the case of no sexual history in the patient, as well as in
the case of a huge mass. In a multiple-mass situation, the most complex mass was analysed. All the pictures were
retrieved from Picture Archiving and Communication Systems and were in JPEG format.

Pathological data were extracted from H&E-stained WSIs. Crucially, to support an applicable approach before the
availability of LND results, the source slides were derived exclusively from intraoperative tumor resection specimens
obtained prior to LND. Formalin-fixed paraffin embedding was performed subsequently, but the tissue source itself
predated the knowledge of nodal status. WSIs were collected using panoramic digital image-scanning technology (KF-

International Journal of Women’s Health 2026:18 https: 3



Yan et al

Inclusion criteria:

1. Patients who have pathological confirmation of ovarian cancer based on
intraoperative tumor specimens

2. Patients whose pathological H&E-stained tissue slides were stored as whole
slide images (WSls)

3. Patients who underwent transvaginal or transrectal sonography scan
examination and serum tumour biomarker examination before operation

4. Patients who underwent LND with definitive histopathological results
confirming the presence or absence of LNM

206 patients met the criteria

Exclusion criteria:

1. Adnexal or pelvic mass that may not be of ovarian origin

2. Low-quality ultrasound pictures or pathological pictures that were
not suitable for further analysis

3. Incomplete clinical baseline data or treatment response records

4. Lack of LND specimens or definitive nodal pathological confirmation

157 patients were eventually enrolled

\4

Affiliated Hospital of = , 3
Inner Mongolia Medical University Wi Mongoll:lfggple s
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at a ratio of 7:3
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training cohort| |internal validation cohort external validation cohort
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Figure | Flowchart for selecting the study patients. A total of 206 patients with ovarian cancer (OC) were initially screened between January 2020 and August 2025 from
two institutions (Affiliated Hospital of Inner Mongolia Medical University and Inner Mongolia People’s Hospital). Patients were excluded if they had non-ovarian adnexal
masses, low-quality imaging or pathological slides, or incomplete clinical data. Ultimately, |57 patients with confirmed lymph node dissection (LND) and pathological lymph
node metastasis (LNM) status were included and randomly split into a training cohort (n =91) and an internal validation cohort (n=38) at a 7:3 ratio. An independent
external test cohort (n =28) from a second institution was used to evaluate model generalizability.

4 https: International Journal of Women’s Health 2026:18



Yan et al

PRO-005-EX, Ningbo Konfoong Bioinformation Tech Co., Ltd.) at 20x magnification to produce 0.25-pixel resolution
digital pathological images for the extraction of pathological features.

Image Segmentation

The ultrasound images were converted to NII format to facilitate subsequent ROIs delineation. Regions of interest (ROIs)
were defined to encompass the entire target lesion while strictly avoiding adjacent normal tissues and acoustic shadowing
artifacts. Two independent investigators, blinded to the classification outcomes, manually delineated the ROIs using ITK-
SNAP (Version 3.8.0, USA).

The obtained digital pathology images were in KFB format and had to be transduced to TIF or SVS format to
continue with further standardization of QuPath.?' To ensure the accuracy of feature extraction, regions of interest
(ROIs) were meticulously annotated on WSIs. The ROIs were defined to encompass the entire viable tumor area,
excluding normal ovarian stroma, necrotic tissues, hemorrhage, and artifacts. Only regions with tumor cellularity
>60% were included to ensure representativeness. Morphological and texture features extracted from these ROIs
were subsequently used for pathomics model development and interpretation. The annotation process was con-
ducted by two independent observers (with 5 and 3 years of experience in gynecological pathology, respectively),
who reviewed the entire digital WSI at x40 magnification and were blinded to the patients’ clinical outcomes and
LNM status. During preprocessing, color normalization was applied via the Onekey Al platform to standardize
staining intensities across slides from different batches, thereby minimizing technical variations.

In cases of disagreement regarding the tumor boundary, a consensus was reached through adjudication by a senior
radiologist or pathologist with over 20 years of clinical experience, ensuring high accuracy in ROI definition.
Furthermore, to monitor the robustness and stability of the radiomics and pathomics pipeline, intra- and inter-observer
reproducibility was evaluated using the intraclass correlation coefficient (ICC), which was calculated based on repeated
annotations of 30 randomly selected WSIs with a 2-week interval. Only features with an ICC > 0.75 were retained for
subsequent analysis, ensuring high consistency between annotators.

Radiomics Feature Extraction and Selection

Radiomic features were systematically derived from the intratumoral region, including geometric, intensity-based,
and texture-related features. Geometric features quantified tumor morphology, intensity features captured voxel-
wise signal characteristics, and texture features were derived using established matrices, including gray-level size-
zone matrix (GLSZM), gray-level run-length matrix (GLRLM), gray-level co-occurrence matrix (GLCM), and
neighboring gray-tone difference matrix (NGTDM). Feature extraction was performed for the entire volume of
interest (VOI) as well as for each predefined subregion. All features were generated using PyRadiomics (version
3.0.1) in accordance with Imaging Biomarker Standardization Initiative (IBSI) guidelines.

A multi-stage feature selection strategy was applied to enhance robustness and reduce redundancy. Initially, features
significantly associated with the outcome were identified using statistical testing with a threshold of p < 0.05. To address
multicollinearity, Pearson correlation analysis was conducted, and one feature from each highly correlated pair (|r| > 0.9) was
removed. Subsequently, the minimum redundancy maximum relevance (mRMR) algorithm was employed to balance feature
relevance and redundancy, retaining the top 16 most informative features. Further refinement of the feature set was performed
using the least absolute shrinkage and selection operator (LASSO) regression. The best regularization parameter (A) was
identified through 10-fold cross-validation, resulting in a small and very predictive subset of features to be used later in modeling.

Radiomics Model Construction

Machine learning models were developed using the LASSO-selected features to generate radiomics-based predictive
signatures. Hyperparameters were optimized using grid search with five-fold cross-validation. Logistic regression (LR)
and support vector machine (SVM) were employed to model linear decision boundaries, while eXtreme gradient boosting

(XGBoost) classifiers were used to capture complex nonlinear feature interactions, together forming the radiomics signature.
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Pathomics Feature Extraction and Selection
A hierarchical framework combining patch-level inference with MIL was adopted to obtain WSI-level representations.
During this supervised training, each patch inherited the corresponding patient-level label.

For patch-level prediction, to overcome the disadvantages of the large image size, we first divided each WSI into non-
overlapping 512x512 pixel patches at 20x magnification while preserving critical histopathological information. Patches
containing predominantly background regions were excluded, retaining only diagnostically relevant tissue. All preprocessing
steps were implemented on the Onekey Al platform, including WSI tiling (OKT-crop WSI2patch), background filtering
(OKT-patch2predict), and color normalization (OKT-patch normalize), ensuring standardized processing across samples.
Then, feature extraction was performed using Inception v3, DenseNetl121, and ResNetl8 architectures, leveraging their

complementary representational capacities. Detailed network configurations are provided in Supplementary Note 1.

Following patch-level prediction, probability scores were generated for each patch. These probabilities were subse-
quently aggregated using MIL classifiers, including Patch Likelihood Histogram (PLH) and Bag of Words (BoW)
pipelines for WSI-level prediction. Specifically, the PLH method employed a histogram to depict the spread of patch
likelihoods over the entire WSI, which can address issues of polysemy and synonymy and achieve more accurate
classification.”> While the BoW technique characterized the WSI by converting each patch into a Term Frequency-
Inverse Document Frequency (TF-IDF) score and subsequently generating a composite TF-IDF feature vector.™
Additional methodological details are provided in Supplementary Note 2.

Pathomics Model Construction

The pathology signature was constructed using a strategy analogous to that of radiomics. Patch-level predictions,
probability histograms, and TF-IDF—weighted representations were integrated into a unified feature set for training WSI-
level machine-learning models (LR, SVM, and XGBoost). To ensure cross-modality consistency, the same MIL-based

fusion strategy was applied for both pathology and imaging signatures, facilitating coherent multimodal integration.

Multi-Omics Integration and Comparison

To establish the integrated multi-omics model, clinical features selected via univariate and stepwise multivariate analyses
(p<0.05) were combined with radiomics and pathomics MIL-derived signatures. This comprehensive fusion strategy
enabled synergistic integration of imaging, pathological, and clinical information, thereby enhancing the discriminative
capability and robustness of the final combined model.

Receiver operating characteristic (ROC) curve analysis with area under the curve (AUC) was used to evaluate model
performance. The DeLong test was used to assess discrimination performance. Calibration curves were produced to
provide comparisons of predicted probabilities and actual findings, and model reliability was also evaluated through the
Hosmer-Lemeshow test. To assess clinical utility, decision curve analysis (DCA) was performed to quantify net benefit
across a range of probability thresholds, which demonstrates the potential clinical usefulness of the proposed models.

The comprehensive workflow of the radiomics, pathomics, and multi-omics models in this study is presented in
Figure 2, which illustrates their significant potential to improve predictive accuracy in medical imaging.

Rationale for Model Training

The predictive task of this study is based on the biological premise that the phenotypic heterogeneity of the primary
ovarian tumor encodes its metastatic potential. We utilized these LNM labels (positive vs. negative) not to train a model
to recognize lymph nodes, but to learn the intrinsic differences in texture, vascularity, and cellular architecture between
tumors that have metastasized and those that have not. The models establish the predictive relationship between the
primary tumor phenotype and its biological behavior. Model performance metrics including accuracy, AUC, 95% CI,
sensitivity, specificity, positive predictive value (PPV) and negative predictive value (NPV) were calculated based on the
confusion matrix by comparing predicted probabilities against this LND-derived pathological ground truth.
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Figure 2 Comprehensive workflow of this study. Preoperative US and intraoperative H&E-stained WSlIs of OC patients were retrospectively collected. Radiomics models based
on LR, SVM, and XGBoost were constructed after feature extraction and selection. Pathomics machine-learning models at the patient level are obtained by integrating predictions
from all image patches generated by deep learning algorithms. The multi-omics model combining features from the best-performing radiomics and pathomics models, along with
clinical information, was constructed. The performance of unimodal and multi-omics models in predicting LNM before LND in OC was validated and compared.

Handling of Missing Data

Among the 157 patients included, baseline demographic and imaging data were completely recorded. For serum tumor
markers (AFP, CA125, HE4, CA199, and CEA), missing rates were below 2%. These missing values were imputed using the
median value of the respective training, validation, or test cohort to ensure dataset completeness for multivariable analysis.

Determination of Optimal Threshold

To transform continuous predicted probabilities into binary classifications (LNM positive vs. negative), the optimal cut-
off value was determined using Youden’s J statistic (Sensitivity + Specificity — 1). This maximizes the balance between
true positive and true negative rates. Additionally, to evaluate the clinical safety of the model, we also calculated the
sensitivity at a fixed high specificity (= 0.95).

Overfitting Mitigation Strategies

To mitigate the risk of overfitting inherent in high-dimensional radiomics and pathomics analyses relative to the sample size, we
implemented a rigorous multi-stage prevention strategy. Initially, feature dimensionality was reduced through LASSO regression
coupled with 10-fold cross-validation, which shrank redundant coefficients to zero. Hyperparameter optimization for all machine
learning models, including SVM, LR, and XGBoost, was conducted exclusively within the training cohort using a nested 5-fold
cross-validation grid search; the resulting optimal parameters were fixed prior to any evaluation of the validation or test cohorts.
In the pathomics pipeline, deep learning feature extraction was integrated with MIL aggregation algorithms, which inherently
regularize the model by focusing on distributional patterns rather than memorizing individual patch characteristics. Finally, the
model’s ability to generalize was stringently assessed using an independent temporal external test cohort from a different
hospital, serving as the ultimate guard against overfitting to the specific data distribution of the training set.

Statistical Analysis
Normality of continuous variables was assessed using the Shapiro—Wilk test. Continuous variables were compared under
Student’s ¢-test or Mann—Whitney U-test, depending on data distribution, whereas categorical variables were compared
under chi-square (%) tests. A P < 0.05 was considered a significant statistical difference.

All the analyses were performed on the OnekeyAl platform (version 3.5.12) using Python 3.7.12. The statistical
calculations were done using Statsmodels (version 0.13.2), radiomics feature extraction was done with PyRadiomics
(version 3.0.1), and machine-learning modeling, including support vector machines using Scikit-learn (version 1.0.2).
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Results

Baseline Characteristics of the Study Cohorts

To ensure the reliability of statistical analysis, we explicitly reported the number of LNM-positive cases across all
cohorts. In the training cohort (n=91), 37 patients (40.7%) were confirmed to have LNM. In the internal validation cohort
(n=38), 16 patients (42.1%) were LNM-positive. In the external test cohort (n=28), 8 patients (28.6%) were LNM-
positive. Although the test cohort exhibited a lower prevalence of LNM compared to the training set, this distribution
reflects the real-world clinical spectrum and was accounted for during model evaluation.

Clinical Features

A comprehensive univariate and multivariate analysis was performed for all clinical variables, and odds ratios (ORs) with
corresponding p-values were calculated for each feature. Comparison of the three cohorts revealed no significant
differences in age, menopausal status, maximum tumor diameter, pelvic fluid, laterality, or peritoneal thickening.
Variables demonstrating statistical significance (p < 0.05), including CA-125 and pelvic wall nodules, were retained
and incorporated into multivariate analyses as key clinical covariates for subsequent modeling. The univariable and
multivariable analyses of clinical features are summarized in Table 1. The baseline clinical characteristics across all
cohorts (Supplementary Table S1), along with the performance and ROC curves of different clinical machine learning

models (Supplementary Table S2 and Supplementary Figure S1) provide more details on the clinical features.

Radiomics Feature Selection and Model Construction

In this study, 1,561 radiomic features were obtained and divided into shape-, first-order-, and texture-based radiomic
features. 14 shape features and 306 first-order intensity features were identified, complemented by a comprehensive set of
texture features capturing spatial heterogeneity patterns. All feature extraction procedures were implemented using
a custom-developed pipeline built upon the PyRadiomics framework. Detailed methodological specifications are avail-
able in the PyRadiomics documentation. The proportional distribution of different feature categories (Supplementary
Figure S2) is illustrated in a dedicated figure, providing an intuitive overview of feature composition across the dataset.

Table | Univariable and Multivariable Analysis of Clinical Features

Feature Name OR_UNI | 95% CI_UNI | P value_UNI | OR_MULTI | 95% CI_MULTI | P_value_MULTI
Menopausal status 0.809 0.6650-0.9830 0.075

Age 0.997 0.9890-1.0060 0.581

AFP 0.999 0.9970-1.0010 0.301

CAI125 1.000 1.0000-1.0000 <0.05 1.0 1.0000—1.0000 <0.05
HE4 1.000 1.0000-1.0000 0.081

CAI99 1.001 1.0000—-1.0010 0.104

CEA 1.001 0.9870-1.0140 0.948

Maximum diameter 1.002 1.0000-1.0040 0.081

Pelvic fluid 1.095 0.9100-1.3180 0418

Lateral 1.252 1.0580-1.4810 <0.05 1.046 0.8970-1.2200 0.628
Peritoneal Thickening 1.513 1.2920-1.7720 <0.05 0.84 0.5850-1.2040 0.423
Pelvic wall nodules 1.647 1.4130-1.9190 <0.05 1.809 1.2410-2.6380 <0.05

Note: ratio; P value<0.05.
Abbreviations: Cl, confidence interval; AFP, alpha-fetoprotein; CA125, cancer antigen 125; HE4, human epididymis protein 4; CA199, cancer antigen
199; CEA, carcino-embryonic antigen.
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Figure 3 Least Absolute Shrinkage and Selection Operator (LASSO) logistic regression for radiomics feature selection in the training cohort. (a) LASSO coefficient profiles
of the 1,561 radiomic features. Features with non-zero coefficients at the optimal A (indicated by the vertical dashed line) were retained for model construction. (b) Ten-fold
cross-validation for tuning the regularization parameter (X). The optimal A value (arrows) was selected to minimize the deviance while maintaining model simplicity. (c) Bar
chart illustrating the relative importance weights of the || finalized radiomic features selected by LASSO. Features are ordered by absolute coefficient magnitude. Shape-

based features are represented in blue, first-order intensity features in Orange, and texture-based features in grey.

Then we used the Least Absolute Shrinkage and Selection Operator (LASSO) feature-selection technique with

a LASSO logistic regression model to select nonzero coefficients for the Rad-score. Figure 3 visualizes these coefficients,

alongside the Mean Standard Error (MSE) obtained from a 10-fold cross-validation procedure.
We used the 11 non-zero-coefficient radiomic features to create three radiological models: LR rad, SVM rad, and
XGBoost_rad. To evaluate the model’s performance, Table 2 presents metrics for the training, validation, and test

Table 2 Performance of Different Radiomics Machine Learning Models in Each Cohort

International Journal of Women'’s

Model Name | Accuracy | AUC 95% CI Sensitivity | Specificity | PPV | NPV | Cohort
LR_rad 0.802 0.842 | 0.759-0.926 0.838 0.778 0.721 | 0.875 Train
LR_rad 0.658 0.662 | 0.474-0.850 0.812 0.545 0.565 | 0.800 val
LR_rad 0.679 0.619 | 0.379-0.859 0.625 0.700 0.455 | 0.824 Test
SVM_rad 0.758 0.816 | 0.728-0.904 0.703 0.796 0.703 | 0.796 Train
SVM_rad 0.684 0.760 | 0.607-0.913 0.937 0.500 0.577 | 0917 val
SVM_rad 0.750 0.775 | 0.593-0.957 0.750 0.750 0.545 | 0.882 Test
(Continued)
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Table 2 (Continued).

Model Name | Accuracy | AUC 95% CI Sensitivity | Specificity | PPV | NPV | Cohort

XGBoost_rad 0.791 0.845 | 0.767-0.924 0.784 0.796 0.725 | 0.843 Train
XGBoost_rad 0.632 0.626 | 0.433-0.820 0.625 0.636 0.556 | 0.700 val
XGBoost_rad 0.821 0.731 | 0.484-0.978 0.625 0.900 0.714 | 0.857 Test

Abbreviations: Cl, confidence interval; AUC, Area Under the Curve; PPV, positive predictive value; NPV, negative predictive value.

cohorts, and Figure 4 shows the ROC curves. In the training cohort, the AUC of the SVM_rad model is 0.816, and the
accuracy is 0.758, indicating strong baseline discrimination performance. In the validation cohort, SVM rad achieved the
highest AUC (0.760) and the highest sensitivity (0.937) compared to LR_rad (0.662) and XGBoost_rad (0.626), although
its specificity was reduced (0.500). In the independent test cohort, the AUC of SVM-rad is 0.775, and the sensitivity and
specificity are both 0.750, indicating stable generalisation. In contrast, the AUC of LR rad decreased significantly from
training (0.842) to validation (0.662) and testing (0.619), while XGBoost rad showed strong training performance
(AUC=0.845), but weaker performance in validation (0.626) and testing (0.731). These results show variability across
models and cohorts.

Overall, the SVM rad model demonstrated the most consistent and robust performance across all cohorts, with
superior generalizability and balanced discrimination. These findings suggest that SVM_rad is better suited to capturing
the complex feature patterns inherent in ultrasound radiomic data than linear or tree-based approaches, supporting its
selection as the optimal model for subsequent analyses.

Pathomics Feature Selection and Model Construction
The performance of ResNet-18, DenseNet-121, and Inception-v3 models for patch-level prediction is presented in
Table 3 and Figure 5. In the training cohort, Inception v3 achieved the highest accuracy (0.922) and AUC (0.979;
95% CI: 0.9788-0.9800), together with well-balanced sensitivity (0.927) and specificity (0.918). In the validation cohort,
it maintained a superior AUC of 0.803 compared with ResNetl8 (0.767) and DenseNet121 (0.789), while showing
a favorable balance between sensitivity (0.779) and specificity (0.644). Notably, in the independent test cohort, Inception
v3 yielded the highest AUC (0.809; 95% CI: 0.7986-0.8201) among all models, accompanied by markedly high
sensitivity (0.912) and the largest Youden index (0.501), indicating improved overall discriminative ability. In contrast,
ResNet18 and DenseNetl121 exhibited more pronounced performance degradation from training to validation and test
cohorts, with lower AUCs and reduced balance between sensitivity and specificity.

Overall, Inception v3 demonstrated the most robust and generalizable patch-level performance for pathology data,
consistently outperforming ResNet18 and DenseNet121 across cohorts. Inception V3 is the most representative CNN in
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Figure 4 ROC curves of radiomics models across cohorts. Receiver operating characteristic (ROC) curves comparing logistic regression (LR_rad), support vector machine
(SVM_rad), and XGBoost (XGBoost_rad) models in (a) training, (b) internal validation, and (c) external test cohorts. AUC values are presented with 95% confidence
intervals (Cls). The SYM_rad model achieved the most stable performance across all cohorts, with AUCs of 0.816 (training), 0.760 (validation), and 0.775 (test).
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Table 3 Metrics of Different DL Models in Perdition Patch Level Results

Model Name | Accuracy | AUC 95% CI Sensitivity | Specificity | PPV | NPV | Cohort
Resnet!8 0911 0.974 | 0.9733-0.9747 0915 0.909 0.869 | 0.941 Train
Resnet|8 0.683 0.767 | 0.7628-0.7717 0.713 0.666 0.543 | 0.806 val
Resnet|8 0.587 0.750 | 0.7364-0.7631 0.847 0.512 0.335 | 0.920 Test
Densenet|21 0.884 0.957 | 0.9561-0.9580 0.881 0.886 0.837 | 0918 Train
Densenet|21 0.725 0.789 | 0.7850-0.7935 0.629 0.778 0.612 | 0.790 val
Densenet|21 0.577 0.705 | 0.6928-0.7182 0.894 0.485 0.335 | 0.940 Test
Inception_v3 0.922 0.979 | 0.9788-0.9800 0.927 0918 0.883 | 0.950 Train
Inception_v3 0.692 0.803 | 0.7993-0.8073 0.779 0.644 0.549 | 0.840 val
Inception_v3 0.657 0.809 | 0.7986-0.8201 0912 0.583 0.389 | 0.958 Test

Abbreviations: AUC, area under the curve; Cl,confidence interval; PPV, positive predictive value; NPV, negative predictive value.

the Inception Family, which contains fewer parameters than other classical CNNs, but greatly accelerates computational
speed, reduces the risk of overfitting, and further improves network recognition accuracy.>* In our study, the superior
AUC, higher sensitivity, and more favorable Youden index in the test cohort indicate its stronger ability to capture
discriminative histopathological patterns. Consequently, Inception v3 was selected as the backbone model for down-
stream pathology analysis and subsequent MIL based aggregation.

Gradient-Weighted Class Activation Mapping (Grad-CAM) is a model-specific method of visualization and inter-
pretation of DL models.*” In this experiment, Grad-CAM uses the gradient of the final convolutional layer to generate
a category-positioning map, effectively visualising the spatial information of a specific category without modifying or
retraining the network, as shown in Figure 6. Using gradients of the target class score with reference to the final
convolutional layer, Grad-CAM can determine important neurons that affect predictions. This visual interpretation ability
is critical for identifying areas of interest and for building confidence in subsequent decision-making.*®

Then, patch-level prediction probability scores were subsequently aggregated through the MIL classifier, which
included PLH and BoW to produce WSI-level predictions. Finally, we extract 206 features, with the BoW and PLH
methods contributing 103 features each. After the same framework as the radiomics model for feature selection,
hyperparameter optimization, and classifier selection, the t-Distributed Stochastic Neighbor Embedding (t-SNE) algo-
rithm was applied to visualize pathomic features, revealing a clear distinction among the distributions (Figure 7).
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Figure 5 ROC in patch-level prediction of different CNN models Bar plots summarizing accuracy, AUC, sensitivity, and specificity for ResNet-18, DenseNet-121, and
Inception-v3 models evaluated on patch-level predictions within the (a) training, (b) internal validation, and (c) external test cohorts. Inception-v3 demonstrated the highest
and most balanced performance, particularly in the external test cohort (AUC = 0.809, sensitivity = 0.912), and was therefore selected as the backbone for downstream
WSl-level aggregation.
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Figure 6 Representative Grad-CAM visualizations for WSI patches. (a—c) Original H&E-stained WSI patches from representative patients. (b, d) Corresponding Grad-CAM
heatmaps overlaid on original patches, indicating regions with the highest contribution to model prediction. Red—yellow hues denote higher activation (greater influence on
prediction), whereas blue—green hues indicate minimal contribution. The model consistently highlighted tumor-rich areas with high cellularity and architectural complexity.
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Figure 7 Pathological features visualized by t-SNE. Two-dimensional t-distributed stochastic neighbor embedding (t-SNE) projection of 206 pathomics features derived from
PLH and BoW pipelines, color-coded by LNM status (blue =LNM negative; red =LNM positive). Clear separation between classes indicates effective dimensionality
reduction and feature discrimination at the WSI level.

For WSI-level prediction, Table 4 and Figure 8 show the performance of three pathomics machine learning models
across cohorts. In the training cohort, LR path and XGBoost path achieved balanced accuracy, sensitivity, specificity,
and respective AUC of 0.988 and 0.982. The SVM_path model demonstrated excellent discrimination, yielding an AUC
of 0.983 and specificity of 1.000. In the validation cohort, SVM_path maintained a competitive AUC of 0.817, higher
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Table 4 Performance of Pathomics Machine Learning Models

Model Name | Accuracy | AUC 95% ClI Sensitivity | Specificity | PPV | NPV | Cohort
LR_path 0.945 0.988 | 0.972-1.000 0.946 0.944 0.921 | 0.962 Train
LR_path 0.711 0.808 | 0.669-0.947 0.875 0.591 0.609 | 0.867 val
LR_path 0.429 0.725 | 0.524-0.926 1.000 0.200 0.333 | 1.000 Test
SVM_path 0.593 0.983 | 0.964-1.000 0.000 1.000 0.000 | 0.593 Train
SVM_path 0.579 0.817 | 0.680-0.953 0.000 1.000 0.000 | 0.579 val
SVM_path 0.714 0.813 | 0.623-1.000 0.000 1.000 0.000 | 0.714 Test
XGBoost_path 0.945 0.982 | 0.951-1.000 0.946 0.944 0.921 | 0.962 Train
XGBoost_path 0.711 0.761 | 0.610-0.913 0.937 0.545 0.600 | 0.923 val
XGBoost_path 0.429 0.638 | 0.437-0.838 1.000 0.200 0.333 | 1.000 Test

Abbreviations: AUC, area under the curve; Cl, confidence interval; PPV, positive predictive value; NPV, negative predictive value.

than XGBoost path (0.761) and comparable to LR _path (0.808), and again exhibited complete specificity with no false-
positive predictions. In the independent test cohort, SVM _path achieved the highest AUC (0.813; 95% CI: 0.623—1.000)
among all cohorts, outperforming LR path (0.725) and XGBoost path (0.638), and maintaining a consistent specificity
of 1.000. However, when applying the default probability threshold of 0.5, or the Youden-index-optimized threshold, the
classification behavior of SVM_path across three cohorts was characterized by zero sensitivity. This suggests that while
the model is highly confident in ruling in high-risk cases, it fails to identify a substantial portion of patients with LNM at
this threshold. This limitation must be considered when interpreting its clinical utility.

Overall, despite lower sensitivity at the chosen decision threshold, the SVM_path model demonstrated the most
robust and generalizable discriminative ability at the WSI-level, as reflected by its consistently high AUC across
validation and test cohorts. These findings reflected the theoretical capacity of SVM_path to exclude low-risk individuals
if the threshold is appropriately adjusted, indicated its superior ranking performance in pathology-based WSI-level
prediction, and supported its selection as the optimal model for downstream analyses.

Figure 9 shows representative visualisation prediction results for two patients, highlighting the model’s ability to
accurately identify and classify patches across the entire WSI. The effectiveness and spatial consistency enhance the
interpretability and clinical utility of the model’s predictions. This demonstrates that the integration of DL for patch-level
feature extraction with MIL for WSI-level aggregation provides a robust computational framework, significantly

advancing pathomics beyond handcrafted features.
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Figure 8 ROC in WSl-level prediction of different pathomics models. ROC curves comparing LR_path, SYM_path, and XGBoost_path models in (a) training, (b) internal
validation, and (c) external test cohorts. AUC values with 95% Cls are shown. SYM_path achieved the most robust discriminative performance, with AUCs of 0.983
(training), 0.817 (validation), and 0.813 (test), albeit with reduced sensitivity at the selected probability threshold.
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Figure 9 Patch-level prediction results for two representative sample categories. Whole-slide images from two representative patients are shown with overlaid patch-level
prediction probabilities. The model spatially localized high-risk regions concordant with histopathological tumor distribution, demonstrating consistency between patch-level
inference and WSl-level aggregation. (a—d) Hematoxylin and eosin (H&E) stained whole-slide images (WSIs) from two representative patient samples. (b, e) Spatial
segmentation maps corresponding to the tissue regions in (a) and (d), respectively. (c, f) Heatmaps overlaid on the segmentation maps showing patch-level prediction
probabilities for LNM, where warmer colors indicate a higher predicted probability.

Multi-Omics Integration and Comparison
A combination of radiomics, pathomics, clinical, and MIL-derived features was used to create the multi-omics nomogram

(Figure 10). The prediction performance of different models is shown in Table 5 and Figure 11. In the training cohort, the

pathomics model demonstrated substantially superior performance compared with both the radiomics and clinical models,
achieving an accuracy of 0.945 and an AUC of 0.983 (95% CI: 0.9637-1.0000), whereas the radiomics model yielded an AUC
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Figure 10 The multi-omics nomogram for clinical use. Nomogram integrating clinical (SYM_clin), radiomics (SVM_rad), and pathomics (SVM_path) scores to estimate
individualized probability of LNM prior to LND. Each predictor corresponds to a point scale; total points are summed and mapped to predicted probability. Higher total
scores correspond to greater LNM risk.
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Table 5 Prediction Performance of Different Models

Signature | Accuracy | AUC 95% CI Sensitivity | Specificity | PPV | NPV | Cohort
Clinical 0.791 0.853 | 0.7753-0.9315 0.892 0.722 0.687 | 0.907 Train
Radiomics 0.758 0.816 | 0.7280-0.9037 0.703 0.796 0.703 | 0.796 Train
Pathomics 0.945 0.983 | 0.9637-1.0000 0.946 0.944 0.921 | 0.962 Train
Multi-omics 0.956 0.988 | 0.9734-1.0000 0.973 0.944 0.923 | 0.981 Train
Clinical 0.842 0.838 | 0.6955-0.9807 0.875 0818 0.778 | 0.900 val
Radiomics 0.684 0.760 | 0.6065-0.9133 0.937 0.500 0.577 | 0917 val
Pathomics 0.763 0.817 | 0.6803-0.9532 0.875 0.682 0.667 | 0.882 val
Multi-omics 0.868 0.923 | 0.8426-1.0000 0.937 0.818 0.789 | 0.947 val
Clinical 0.750 0.794 | 0.6274-0.9601 1.000 0.650 0.533 | 1.000 Test
Radiomics 0.750 0.775 | 0.5926-0.9574 0.750 0.750 0.545 | 0.882 Test
Pathomics 0.857 0.813 | 0.6232-1.0000 0.625 0.950 0.833 | 0.864 Test
Multi-omics 0.786 0.862 | 0.7221-1.0000 1.000 0.700 0.571 | 1.000 Test

Abbreviations: AUC, area under the curve; Cl,confidence interval; PPV, positive predictive value; NPV, negative predictive value.

of 0.816 and the clinical model an AUC of 0.853. The multi-omics model further improved predictive performance, reaching
the highest accuracy (0.956) and AUC (0.988; 95% CI: 0.9734—1.0000), with balanced sensitivity (0.973) and specificity
(0.944). In the validation cohort, the pathomics model continued to outperform the radiomics model (AUC: 0.817 vs. 0.760),
indicating a clear advantage of pathology-based features over imaging features alone. Notably, the multi-omics model
achieved the best overall performance in the validation cohort, with an AUC of 0.923 and an accuracy of 0.868, alongside
improved sensitivity (0.937) and specificity (0.818). In the independent test cohort, the pathomics model (AUC: 0.813) again
demonstrated higher discrimination than the radiomics model (AUC: 0.775), while the multi-omics model yielded the highest
AUC (0.862) and perfect sensitivity (1.000), indicating enhanced generalization.

Overall, these results show that pathology-based modelling methods have significant advantages over image-based
radiological analysis in terms of discrimination performance. More importantly, integrating pathological, US imaging,
and clinical information into the joint model consistently yields the best predictive performance across all cohorts. This
highlights the complementary characteristics of multimodal data and emphasises the value of multi-group fusion in
improving the model’s robustness and clinical applicability.
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Figure 11 ROC curves comparing multi-omics and unimodal models. ROC curves for clinical, radiomics, pathomics, and multi-omics models across (a) training, (b) internal
validation, and (c) external test cohorts. Multi-omics integration yielded the highest AUCs (training = 0.988; validation = 0.923; test = 0.862) and significantly outperformed
unimodal approaches (Delong test, all P <0.05).
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Figure 12 Delong test results comparing the discriminative performance of different models. Heatmap displaying pairwise statistical comparisons of AUCs between models
in (a) training, (b) validation, and (c) test cohorts. Red boxes indicate statistically significant differences (P <0.05), whereas white boxes indicate non-significant differences.
Multi-omics model AUC was significantly higher than all unimodal models in the training and validation cohorts.
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Figure 13 Calibration curves of different models. Calibration plots comparing predicted LNM probabilities against observed outcomes in (a) training, (b) validation, and (c)
test cohorts. The diagonal line represents ideal calibration. The dashed line represents the fitted calibration curve of the multi-omics model.

The results of the pair-by-pair comparison of AUC values using the DeLong test are shown in Figure 12. In most
cases, the P value for the comparison between the multi-omics and unimodal models is less than 0.05, indicating that the
comprehensive model shows significant statistical advantages across cohorts compared with clinical, radiomics, and
pathomics models. In addition, this difference is significantly more reflected in the training cohort than in the validation
and test cohorts.

The Hosmer-Lemeshow (HL) test (Figure 13) is used to assess model calibration. The specific method is to evaluate
the degree of agreement between the predicted probability and the observed results. In this test, a lower HL value
indicates better model calibration. The chart shows excellent calibration results. The HL value is 0.668 in the training
cohort, 0.259 in the validation cohort, and 0.529 in the test cohort, both higher than the significance threshold of 0.05.
These results show a high degree of consistency between predictions and observations, supporting the model’s reliability
and stability across different datasets.

The results of the Decision Curve Analysis (DCA) are shown in Figure 14, with data from the training, validation,
and test cohorts. The results show that, compared with other combinations of characteristics, the comprehensive model
systematically maximises net benefit across a wider range of probabilities, thereby demonstrating the best performance in
clinical practicality and potential decision-making benefits.

Discussion
Accurate prediction of lymph node metastasis (LNM) before lymph node dissection (LND) is essential for identifying
optimal surgical candidates. Ovarian cancer (OC) patients with LNM typically exhibit inferior prognoses and may benefit
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Figure 14 Decision curve analysis (DCA) for clinical utility. Net benefit curves for clinical, radiomics, pathomics, and multi-omics models across threshold probabilities in (a)
training, (b) validation, and (c) test cohorts. The multi-omics model achieved the highest net benefit over a broad range of threshold probabilities, indicating superior clinical
utility compared with unimodal approaches and the “treat all” or “treat none” strategies.

from radical tumor-reductive surgery. Conversely, performing unnecessary LND in early-stage OC patients without LNM
may increase the risk of complications. Therefore, precise assessment of LNM status is critical for determining the extent
of LND and guiding adjuvant treatment strategies in OC. Due to the heterogeneity of tumors, limitations of biopsies, and
the high cost of gene testing, there is an urgent demand to develop an effective, simple, cheap, and reproducible predictor
of LNM before LND in OC. In our study, the LR, SVM, and XGBoost machine learning techniques were used to
construct clinical, radiomics, and pathomics models with clinical information, US images, and WSIs of OC patients.
Then the radiomics, pathomics, MIL-derived, and clinical features obtained from these procedures were combined to
create a multi-omics nomogram that yielded the most promising results, with high predictive efficiency and robustness.
The multi-omics model was optimal in terms of clinical effectiveness as shown in the DCA analysis.

Serum tumor marker levels in patients with OC are measured based on clinical data. The clinical predictors of survival
and treatment response in OC mainly include serum CA-125 and HE4. A preoperative serum CA-125 level exceeding 535
U/mL was identified by Kim et al as a risk factor for LNM in patients with epithelial ovarian cancer (EOC).*’ Consistent
with these findings, our analysis suggests that elevated CA-125 levels may help predict LNM in OC. In terms of HE4,
although in vitro studies have shown that high levels promote ovarian cancer cell invasion and metastasis via specific
signaling pathways,*® we could not confirm a similar predictive value, indicating a need for further investigation. Besides,
past researchers have concluded that positive peritoneal cytology can predict LNM in OC patients,*® which conforms with
our finding that the presence of pelvic wall nodules on US imaging is associated with LNM.

Morphomics may be a perfect concept that encompasses morphological descriptors of any size: ultrastructural (nm - m),
microscopic (mm - cm), or macroscopic (mm - m).*® Thus, it is possible to imagine that pathomics and radiomics are
components of a broader morphomics framework that explains OC from multiple perspectives. However, there are
currently very few multi-omics studies in OC that combine radiological and pathological data, and current research on
predicting LNM in OC is limited to single radiomics, such as CT.*' By leveraging these two methodologies, this study
presents unproven methods, delves deeper into the field of LNM prediction in OC, and is of value to future clinical
interventions and disease control.

Studies have suggested that radiomics can quantitatively capture tissue and lesion characteristics, particularly shape
and heterogeneity, which are of special interest in oncology. Then, radiomics provides useful data for diagnosing,
predicting, and tailoring therapy by extracting phenotypic information from tumor heterogeneity.**** We developed our
radiomics models using feature selection based on US images. We discovered that overall tumor radiomics heterogeneity
can vary with tumor blood supply, tumor growth pattern, tumor density, and tumor cell metabolism in LNM in OC.
Besides, studies have indicated that radiomic analysis of primary lesions holds promise for identifying LNM in cervical
cancer.*** Ultrasound is a preliminary non-invasive diagnostic method, which can quickly detect multifocal tumours
and suspected metastatic foci in the pelvic and abdominal areas.'® The above research shows that predicting LNM based
on the imaging characteristics of primary tumours is still a field under exploration. The radiomics models developed in
our study provide clinicians with a valuable research result, which is conducive to the discovery of LNM in OC and plays
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a role in promoting this field. If the patient has multiple tumour foci, this model can be used to select the most suspicious
foci for operation. The prediction tool has the characteristics of convenience and repeatability. It can carry out treatment
interventions in a timely manner and support informed clinical decision-making and treatment planning.

Microscopic histopathological examination is the primary method for diagnosing and researching morphological changes
in disease. Still, it requires manual qualitative or semi-qualitative investigations by a pathologist, and is not easily reprodu-
cible, precise, scalable, or throughput. Metastases to lymph nodes are complex and time-intensive, and whether LND is needed
in the operation is always a critical source of subjectivity in the pathologic evaluation. The fast progress in computer-based
digital pathology in recent years has been central to contemporary clinical practice. WSI has greatly overcome the limitations
of conventional microscope slides and human cognition due to its improved network compatibility, ease of storage, and
sharability, thereby marking a major milestone in the clinical use of digital pathology and leading to continuous enhancements
in knowledge use and integration.*® Moreover, large-scale pretrained pathomics models have markedly improved pathomics
models’ ability to automatically extract high-dimensional, quantitative features from WSIs in a scalable, reproducible manner.
In our study, the pathomics model accurately predicts LNM and can be integrated into routine clinical workflows to provide
risk scores, guide the extent of LND, and help avoid unnecessary surgery or overtreatment, thereby improving diagnostic
efficiency, enhancing patients’ quality of life, and reducing healthcare costs.

In particular, deep learning (DL) enables automatic, high-dimensional feature extraction from whole-slide images in
a data-driven manner, capturing subtle morphological patterns that are difficult or impossible to describe manually, such
as molecular modifications or responses to treatment.*” This method is a complementary microscopic morphology
polyomics technology that offers several functions for numerous cases. Our established pathomic model used DL for
automatic feature extraction and multi-instance learning (MIL) to achieve intelligent feature aggregation, representing an
important breakthrough in ovarian cancer pathology analysis. In histology, instances refer to structural units with
analytical value. Take the ovary as an example; these examples can be a specific part, such as follicles, the interstitial
tissue, the follicular membrane, blood vessels, or a cell. This model can not only reduce dependence on labour-intensive
manual labelling but also improve the high repeatability and generalisation of histopathological analysis across different
patient groups and imaging platforms.

As machine learning is increasingly mainstream in the medical field, and model features are becoming increasingly
complex, the majority of model features are typically nonlinearly associated with outcome variables. Although LR has
advantages due to its simplicity and interpretability, it can only be applied to linearly separable problems rather than
nonlinear data.*® This may be the reason why LR showed limited learning ability compared with SVM and XGBoost in
our study, which was especially obvious when dealing with overly complex patterns. SVM and XGBoost can better cope
with complex nonlinear classification tasks.* Previous studies have also confirmed this technical trend: for example, in
the diagnosis of coronary heart disease, the performance of the SVM has been proven to be better than that of LR,
another study shows that XGBoost can achieve excellent classification performance within a reasonable calculation time
and maintain high accuracy, sensitivity, and specificity in the diagnosis of Parkinson’s disease.”!

Furthermore, in our study, the SVM models (SVM_rad and SVM_path) performed better than the LR and XGBoost
models in predicting LNM in OC, and achieved a high and stable area under the ROC curve (AUC) in both internal
validation and external test cohorts, reflecting its theoretical capacity to exclude low-risk individuals if the threshold is
appropriately adjusted. This advantage may come from its core principle of minimising structural risks,>* which aims to
determine the optimal hyperplane by maximising the classification “interval” rather than accurately fitting each data
point, thus improving the generalization ability of the model in high-dimensional and small-sample biomedical data.
However, this character also leads to its instability. For example, the specificity in the radiomics validation cohort is
reduced to 0.500, and the sensitivity in the pathomics training cohort is 0. These may be related to the easy over-fitting
character on small or noisy data sets, which may limit their ability to discover new morphological structures or adapt to
new data distribution. This phenomenon reflects the current challenges of artificial intelligence, machine learning models,
and deep learning models, and at the same time highlights an important direction for future research in this field.>* >
Future work should focus on threshold optimization strategies—such as lowering the cut-off to prioritize sensitivity or
employing cost-sensitive learning algorithms to penalize false negatives. This adjustment is crucial to ensure that the
model serves as a safe clinical decision-support tool.
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Based on the good performance of SVM rad and SVM path models in independent prediction, the multi-omics
model integrating pathology, imaging, and clinical information achieved the best comprehensive performance across all
cohorts: in the training cohort, its AUC increased to 0.988; in the validation cohort, it significantly increased to 0.923; in
the independent test cohort, it also showed excellent generalization ability compared to unimodal models (AUC: 0.862).
Moreover, the multi-omics model achieved a good balance between sensitivity (0.937) and specificity (0.818) in the
validation cohort, and the independent test cohort further verified its clinical potential, with the sensitivity reaching
1.000. These excellent improvements may come from the effective complementarity between multi-modal information.®
Radiology provides a macromorphological perspective, and pathology reveals microbiological characteristics. The
combination of the two can more comprehensively portray tumour phenotypes. The introduction of clinical variables
helps correct potential misjudgements and align predictions more closely with the actual clinical decision-making logic,
thereby improving specificity and reducing false positives. By integrating multi-source data, the model can leverage its
respective advantages and make more stable, generalised predictions, highlighting the important value of multi-modal
data fusion in building a highly clinically applicable prediction model.

At present, there are still certain limitations in the study of LNM in OC: the existing prediction model is mostly
limited to specific groups, such as patients with advanced serous cancer, which limits its promotion to a wider range of
patient groups covering different subtypes and stages. In addition, traditional imaging and clinical evaluation methods
lack accurate risk stratification ability, resulting in some patients receiving unnecessary LND, and other patients with
micrometastasis may miss the opportunity of individualised assisted treatment. The multi-omics model proposed in this
study helps to address the above shortcomings. Unlike traditional predictive models that rely on postoperative pathology,
our model is designed to provide decision support specifically before the commencement of LND. By integrating high-
dimensional quantitative features derived from intraoperative tumor resection specimens, our model has overcome the
limitations of a single modality and bridges the gap between tumor resection and nodal evaluation. Specifically, it helps
identify patients most likely to benefit from comprehensive LND. At the same time, it screens out low-risk patients so
that they can reduce the risk of complications and receive auxiliary treatment faster through more limited surgery, thus
laying the foundation for promoting the development of ovarian cancer surgery to a more accurate and individualised
strategy, which is expected to improve patient outcomes and long-term quality of life.

Looking ahead, integrating multiple data sources is an important direction. Driven by artificial intelligence technol-
ogies such as deep learning (DL), the field of LNM prediction in OC is expected to achieve a breakthrough. By
combining genome, proteome, and other multi-omics information, a multi-omics prediction framework can be built,
thereby enabling more comprehensive analysis of the mechanisms of OC tumour occurrence, development, and drug
resistance, helping to discover new biomarkers and therapeutic targets, and providing support for individualised
treatment.”’ In conclusion, such a comprehensive artificial intelligence prediction model will become a powerful tool
for accurate oncology, act as an intelligent clinical assistant to help doctors understand the condition, assist in the
formulation of optimal treatment plans, and promote the joint decision-making of doctors and patients.’®>’

This study has several limitations that warrant consideration. Since OC tumors can manifest differently over time, an
integrated temporal dataset of imaging data may enhance the model’s efficiency. In addition, model stability may be
compromised by inaccuracies in imaging and WSI annotations. Lastly, the sample size, particularly in the external test
cohort (n=28), is relatively small compared to the high dimensionality of deep learning and radiomics features. Although
we implemented rigorous overfitting controls, including LASSO feature selection, cross-validated hyperparameter
tuning, and MIL aggregation, the risk of overfitting inherent in small-sample, high-dimensional studies cannot be entirely
eliminated. Despite the encouraging AUC values in the external test cohort, the clinical heterogeneity of ovarian cancer
subtypes may limit generalizability. The seemingly exceptional performance in the training set should be interpreted with
caution, as it may partly reflect model optimism despite our regularization efforts. With these limitations, we are aware of
the possible effects they may have on the conclusions of this study and the model’s reliability. Future studies involving
larger, multi-center prospective cohorts are essential to validate these findings and confirm the robustness of the proposed

multi-omics signature and make the model more dependable.
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Conclusions

In summary, this study successfully developed and validated a novel multi-omics model using preoperative US images,
intraoperative histopathological slides, and clinical information to examine the feasibility of predicting LNM before LND
in OC. A highlight was the application of DL algorithms for automated pathomics feature extraction, and MIL techniques
like PLH and BoW to aggregate patch-level predictions into robust WSI-level representations. The results demonstrated
the superior predictive performance of the multi-omics model. By accurately identifying OC patients who would benefit
from LND while sparing those at low risk from unnecessary surgery and its associated complications, this reproducible
model paves the way for personalized and precise surgical planning in OC. Future research should focus on multi-center
validations with larger, more diverse populations to enhance robustness. Efforts to improve model interpretability and
ensure rigorous quality control in data annotation are the essential next steps to translate this promising multi-omics
model into reliable clinical practice.
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