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Abstract

Although neoadjuvant chemotherapy (NACT) is commonly used for advanced
ovarian cancer, patient outcomes vary substantially. We developed a graph
convolutional network (GCN) that integrates patient-specific baseline clinical
variables and computed tomography—derived radiomic features while
modeling inter-patient relationships to improve outcome prediction beyond
standard models. The GCN operates without reliance on high-performance
computing resources and predicts long-term overall survival (OS) while
stratifying short-term surgical outcomes (RO resection). The GCN was
compared with CA-125 ELIMination rate constant K (KELIM) score and three
Cox-based comparator models. Model performance was evaluated using the
concordance index (C-index) for OS, area under the receiver operating
characteristic curve for 3-year OS, Kaplan—Meier survival analysis, and RO
resection stratification. The GCN demonstrated strong OS prognosis
performance (C-index = 0.73, 0.72, and 0.70 across the training and two
external test datasets), stratified surgical outcomes, and identified 16.30% of

patients with low KELIM scores but favorable survival.



Introduction

Ovarian cancer is the most lethal gynecologic malignancy, and more than
70% of patients are diagnosed at an advanced stage with regional or distant
metastasis !. Despite advances in treatment, the prognosis for advanced
ovarian cancer remains poor, with a 5-year survival rate of less than 40% 2,
highlighting the urgent need for improved prognostic tools and personalized
treatment strategies. For patients ineligible for primary cytoreductive surgery,
interval cytoreductive surgery (ICS) following neoadjuvant chemotherapy
(NACT) has become a widely adopted treatment approach 2. Between 2010
and 2021, the proportion of patients undergoing ICS after NACT increased
from 16.6% to 40.8% 4. Although NACT followed by interval cytoreduction can
enhance resectability and reduce perioperative complications compared to
primary cytoreduction, determining which patients will derive optimal survival
benefit from NACT and appropriate timing of treatment remain critical clinical
challenges®’. Accurately identifying which patients are likely to benefit from

NACT is critical for optimizing treatment strategies.

Predictive models have been developed to inform treatment decisions in
ovarian cancer; however, those focused on prognostication for patients
undergoing NACT have largely relied on a single data modality, resulting in
limited improvements in precision 81!, Indicators such as changes in CA-125
levels during NACT, the neutrophil-to-lymphocyte ratio, the platelet-to-
lymphocyte ratio, and computed tomography (CT) semantic features have
been correlated with clinical outcomes in these patients 216, Integrated
predictive models, which combine imaging data that provide intuitive visual
assessments of disease status with non-imaging data that capture
complementary inter-individual associations, have demonstrated superior
predictive performance across various cancer types ’-1°. In current clinical

practice and related research, prediction models used to support NACT



decision-making are typically constructed from clinicopathologic
characteristics, laboratory indicators, or imaging-based assessments %°.
Commonly applied tools include biomarker-based approaches such as the
CA-125 ELIMination rate constant K (KELIM) score *? and clinicoradiologic

scoring systems such as the Suidan score 2%,

Previous predictive models typically handle each patient independently and
assume features are uncorrelated 202223, This limits their ability to capture
complex relationships in heterogeneous multimodal data and overlooks
population-level patterns that may influence individual outcomes. A graph
convolutional network (GCN) addresses these limitations by representing
patients as nodes in a population graph, with edges encoding similarities
based on multimodal features. This allows the model to integrate both
individual characteristics and inter-patient relationships, capturing subtle
patterns that may affect treatment response and prognosis. Clinically, this is
important because patients with similar baseline features can still exhibit
heterogeneous outcomes, making population-informed prediction a valuable
approach. Dependence on high-performance computing resources has
become a major barrier to the clinical deployment of current deep learning
methods 2425, In contrast, the GCN can be trained and deployed using
clinically accessible central processing unit (CPU) resources, facilitating its
use in real-world clinical environments without reliance on specialized

graphics processing unit (GPU) infrastructure.

In this study, we developed and optimized a GCN model based on a
population graph constructed from multimodal medical data to predict two
clinically meaningful outcomes in patients with ovarian cancer undergoing
NACT. Overall survival (OS) was defined as the primary endpoint,
representing the long-term prognostic outcome, while the probability of

achieving RO resection was defined as the secondary endpoint, reflecting the



key short-term surgical outcome after NACT. Together, these endpoints
capture both the long-term impact of therapy and the immediate response to
NACT, providing a clinically relevant framework for treatment decision-
making. To provide a comprehensive and clinically meaningful comparison
framework, we included clinical, radiomic, and combined clinical-radiomic
models, alongside the KELIM score, as the primary comparator models.
Additionally, the Suidan score, a widely used clinical scoring system for
predicting cytoreductive outcomes, was incorporated as an extra comparator
specifically for short-term surgical outcome assessment. The model was
rigorously trained to forecast clinical outcomes, and its performance was
evaluated across multiple external datasets and compared with a series of
current advanced models to assess its added value over conventional clinical,

biomarker, and radiomics-based approaches.

Results

Overview of the framework

We collected data from 853 patients with ovarian cancer treated with NACT
combined with ICS across multiple centers. The detailed patient inclusion and
exclusion criteria are illustrated in Figure 1. The training dataset consisted of
489 participants, with two external test datasets 1 and 2 comprising 198 and

166 patients, respectively. The overall study workflow is outlined in Figure 2.

Baseline characteristics of the study population in the training and two
external test datasets are summarized in Table 1. The median (interquartile
range [IQR]) age of the patients was 58 (51-64) in the training dataset, 59
(53-64) in external test dataset 1, and 61 (53-67) in external test dataset 2.
Most patients in all three datasets were diagnosed with serous ovarian
cancer, accounting for 77.51% (n = 379), 85.86% (n = 170), and 88.55% (n =

147), respectively. High-grade tumors were predominant, with proportions of



73.42% (n = 359), 80.30% (n = 159), and 72.29% (n = 120) across the three
datasets. All included patients were diagnosed with International Federation of
Gynecology and Obstetrics (FIGO) stage Il or IV disease. The median (IQR)
OS was 34.57 (20.07-58.90), 27.02 (14.35-50.30), and 37.50 (23.97-60.03)
months for the training, external test dataset 1, and external test dataset 2,

respectively.

Evaluation of prognostic efficacy across multiple models

In the training dataset (five-fold cross validation), pairwise association encoder
(PAE) achieved a sensitivity and specificity of 93.63% and 85.34%,
respectively. The sensitivity and specificity were 90.26% and 86.62% and
88.92% and 90.18%, respectively, for external test datasets 1 and 2,
respectively. For OS prediction, the GCN model achieved a C-index of 0.73
(95% confidence interval [Cl]: 0.67-0.79) in the training dataset, and 0.72
(95% CI: 0.65-0.79) and 0.70 (95% CI: 0.59-0.81) in the two external test
datasets 1 and 2, respectively (Figure 3a). The prognostic performance of the
GCN model was compared with that of the four independent comparator
models (clinical, radiomic, combined clinical-radiomic, and KELIM). In both
the training dataset and two independent external test datasets, the GCN
model consistently achieved higher C-index values than the other models,
with all comparisons yielding statistically significant differences (P < 0.01,
Figure 3a and Table S1). Comparison of baseline characteristics between the
high- and low-GCN score groups showed that patients in the high-GCN score
group had significantly longer overall survival and were relatively younger. No
significant differences were observed between the two groups with respect to
other clinical characteristics, including histologic subtype, tumor grade, and
FIGO stage (Table S2). Further, we evaluated each model’s ability to predict
3-year OS using the area under the receiver operating characteristic curve
(AUC). The GCN model achieved the highest AUC values across the
datasets: 0.88 (95% CI: 0.84-0.92), 0.84 (95% CI: 0.78-0.89), and 0.76 (95%



Cl: 0.67-0.85), respectively, outperforming all comparator models (P < 0.001
for the training and external test dataset 1, and P < 0.05 for the external test

dataset 2, Figure 3b—d and Table S3).

Kaplan—Meier (K—M) analysis showed that patients in the high GCN prediction
score group had significantly longer OS in both the training and external test
datasets (training dataset: hazard ratio [HR] = 0.36 [95% CI: 0.28-0.46], P <
0.001; external test dataset 1: HR = 0.31 [95% CI: 0.21-0.44], P < 0.001;
external test dataset 2: HR = 0.31 [95% CI: 0.20-0.51], P < 0.001; Figure S1).
KELIM =1 was associated with longer OS and showed statistical significance
in the training dataset and external test dataset 2 (training dataset: HR = 0.73
[95% CI: 0.56-0.96], P = 0.03; external test dataset 2: HR = 0.55 [95% CI:
0.31-0.98], P = 0.04; Figure S2); however, its prognostic capability was
inferior to that of the GCN model (P < 0.001). For the combined model, the
high prediction score group was associated with shorter OS only in the
training dataset and external test dataset 2 under the combined model
(training dataset: HR =1.94 [95% CI: 1.45-2.60], P < 0.001; external test
dataset 2: HR = 2.04 [95% CI: 1.01-4.15], P = 0.04; Figure S3).

Further, we explored whether the prediction scores differed significantly
between patients who achieved RO resection and those who did not. In the
training dataset and both external test datasets, the GCN and KELIM scores
showed statistically significant differences between the RO and non-RO groups
(training dataset: P = 0.04, P < 0.001; external test dataset 1: P < 0.01, P <
0.001; external test dataset 2: P = 0.04, P < 0.01). The Suidan score showed
statistically significant differences only in the two external test datasets,
whereas no significant difference was observed in the training dataset
(training dataset: P = 0.18; external test dataset 1: P = 0.04; external test
dataset 2: P = 0.03). The combined model showed a significant difference

only in the training dataset. In contrast, the clinical-only and radiomic-only



models did not demonstrate significant discrimination between RO and non-R0O
groups in any of the datasets (Figure 3e—g and Table S4). A systematic
SHAP analysis was performed for the GCN score, clinical score, radiomics
score, combined clinical-radiomic score, and KELIM score (Figure S4). The
SHAP results showed that the GCN score exhibited the widest distribution of
SHAP values and the most pronounced separation in both magnitude and
direction, indicating the strongest individual-level contribution to outcome
prediction among all evaluated models. Calibration curves and decision curve
analysis were conducted, and the results are shown in Figure S5.

To assess whether the graph structure provided additional prognostic value
beyond the underlying features, ablation experiments were conducted;
detailed results are provided in Supplementary Appendix Al. In addition, we
performed a comparative analysis benchmarking the graph convolutional
network against a standard deep learning architecture without graph
connectivity (ResNet50) using identical prognostic endpoints, in order to
explicitly isolate the contribution of the graph structure itself; the results are

summarized in Supplementary Table S5.

GCN identified favorable-prognosis patients with low KELIM scores
Given that the KELIM score is widely used for prognostic assessment in
patients with ovarian cancer receiving NACT, we conducted a detailed
comparison between the GCN model and the KELIM score in predicting OS.
Notably, the GCN model identified a subset of patients with low KELIM scores
who exhibited similar clinical benefits from NACT as those with high KELIM
scores. This finding was consistently observed in the training dataset and both
external test datasets (Figure 4a—c). These patients with low KELIM but
favorable-prognosis identified by the GCN model accounted for 17.79% (n =
87/489) of the training dataset, and 15.66% (n = 31/198) and 12.65% (n =
21/166) of the two external test datasets, respectively. Overall, this subgroup

represented 16.30% (n = 139/853) of the total study population. Specifically,



irrespective of whether a patient had a high or low KELIM score, those with
high GCN prediction scores had significantly better OS, whereas those with

low GCN prediction scores had worse outcomes.

Furthermore, we evaluated the ability of both the GCN model and the KELIM
score to predict short- and long-term survival. The GCN model demonstrated
strong predictive performance for 1-, 3-, and 5-year OS, with AUCs of 0.80
(95% CI: 0.74-0.86), 0.88 (95% CI: 0.84-0.92), and 0.74 (95% CI: 0.69-0.79)
in the training dataset. Similar superior performance was observed in the
external test datasets, with the GCN consistently outperforming the KELIM
score across all time points (Figure 4d—i and Table S6). The GCN model
demonstrated a 14.91-31.74% improvement in 3-year OS AUC over the
KELIM score across multiple datasets. Time-dependent AUCs at 1-, 3-, and 5-
year overall survival were compared between the GCN model and KELIM
across different datasets, with multiplicity adjustment using the Holm—
Bonferroni method (Table S7). Compared with patients with a high KELIM
score, those in the high GCN score group exhibited significantly longer OS
(49.67 vs. 34.77 months, P < 0.001). Additionally, we compared survival
probabilities between high and low GCN score groups at different time points
following NACT (1, 2, 3, 4, and 5 years). High GCN scores were consistently
associated with significantly better OS at all time points (P < 0.001, Figure 4j).
In contrast, high KELIM scores failed to consistently predict improved survival

across the time points (Figure 4Kk).

Monotonic relationship between GCN scores and outcomes

To explore the relationship between GCN scores and outcomes, we stratified
participants into four quartiles based on increasing GCN scores (0-25%, 25—
50%, 50-75%, and 75-100%). A clear positive trend was observed: as the
GCN score increased, OS significantly improved. Each adjacent quartile

comparison showed statistically significant differences, with the HR between



the lowest (0—25%) and highest (75-100%) quartiles reaching 6.94 (95% CI.
5.25-9.17, P < 0.001) (Figure 5a). Conversely, when participants were
stratified into quartiles based on increasing KELIM scores, no such monotonic
trend was observed (Figure 5b), and the survival difference between the
lowest and highest quartiles was significantly lower than that observed with
the GCN model (HR: 2.04 [95% CI: 1.51-2.76] and 6.94 [95% CI: 5.25-9.27],
P < 0.001). Subsequently, we investigated the relationship between the GCN
scores of participants and their short-term outcomes. We found that as the
GCN score increased, the probability of achieving RO resection continued to
rise, ranging from 0% to nearly 100%. A similar monotonic relationship was
observed between the KELIM score and the probability of achieving RO
resection; however, for patients with a probability of RO resection less than

25%, the KELIM score was unable to identify them. (Figure 5¢c—d).

Independent prognostic value of the GCN model

To evaluate whether the GCN model has independent prognostic value, we
performed multivariate Cox regression analyses in the training dataset and
two independent external test datasets. The results demonstrated that
patients classified into the high prediction score group by the GCN model had
significantly better OS, even after adjusting for potential confounders,
including age, tumor stage, grade, and histological subtype (training dataset:
HR = 0.32 [95% CI: 0.23-0.43], P < 0.001; external test dataset 1: HR = 0.30
[95% CI: 0.19-0.47], P < 0.01; external test dataset 2: HR = 0.17 [95% CI.
0.07-0.40], P < 0.001) (Figure 6). In contrast, the KELIM score was
significantly associated with better OS only in the training dataset and external
test dataset 2, and in both datasets, the HRs for KELIM were higher than
those for the GCN model.

Discussion



In this study, we developed a population-based GCN model capable of
identifying individuals with low KELIM scores who are likely to significantly
benefit from NACT. The proposed model effectively integrates multimodal
data, leveraging both radiological features and routinely collected clinical non-
imaging information to model inter-individual relationships through an adaptive
population graph. Using GCNs, the model enables accurate prediction of long-
term outcomes (OS) and stratification of short-term surgical outcomes (RO) in
patients with ovarian cancer undergoing NACT. Compared with multiple
models, our GCN framework demonstrated superior predictive performance.
Unlike previous deep learning models that relied on the efficacy of GPUs 2627,
our GCN model was trained and tested entirely on CPU, substantially
reducing computational resource consumption in practical clinical settings.
This design enhances its potential for clinical implementation on current low-

cost hospital workstations.

The GCN-derived prognostic scores significantly outperformed the widely
used KELIM score in predicting NACT outcomes. Across multiple datasets,
the GCN model achieved a 14.91% to 31.74% increase in 3-year OS AUC
compared to the KELIM score. K—-M analyses showed that the HRs between
the high- and low-prediction score groups defined by the GCN scores were
consistently more favorable than those defined by KELIM. Notably, the GCN
model identified a subgroup of patients with low KELIM scores but favorable
prognoses—comparable to those with high KELIM scores—accounting for
16.30% of the total study population. A previous study reported a median OS
of 40.8 months in patients with a KELIM score >1 12, In the present study, the
high-score group predicted by the GCN model showed a median OS of 49.67
months, extending survival by 8.87 months compared to prior KELIM-based
estimates. Additionally, the C-index of our GCN model for OS prediction
surpasses not only that of the KELIM score in this study but also previously

reported KELIM performance metrics (test dataset: 0.70 vs. 0.60 and 0.62) 8.



Furthermore, the GCN score exhibited a monotonic association with both OS
and the probability of achieving RO resection. After adjusting for multiple
variates, the GCN score remained an independent prognostic factor (P <
0.001). These findings may assist clinicians in better identifying patients who
are likely to benefit from NACT and support more informed treatment

decision-making.

Previous research has demonstrated the potential of multimodal data
integration for individualized prognosis prediction across various diseases 2%
33, In contrast to prior studies that were limited to single-source data ¢34, our
model synergistically integrates radiomic and non-radiomic data. Moreover,
rather than benchmarking against a single comparator, we comprehensively
evaluated our model against four alternatives: a clinical model, a radiomic

model, a combined clinical-radiomic model, and the KELIM score 3537,

Predicting cytoreduction outcomes in ovarian cancer remains a clinical
challenge. Additionally, selecting optimal candidates for cytoreductive surgery
is an unmet need 38, Although several tools have been proposed, their clinical
utility remains limited, and they have not been widely adopted 3°4°, Compared
with existing approaches 4142, our study incorporates both short-term (R0) and
long-term (OS) outcome measures. Unlike other prognostic indicators
reported in previous studies 43, the GCN score not only stratified patients
effectively according to long-term prognosis but also showed statistically
significant differences in RO resection rates between the high- and low-

prediction score groups.

Traditional multi-modal schemes typically concatenate features from different
sources for each patient and feed them into a neural network, however, such
approach ignores inter-patient relationships and population-level structure.

Unlike traditional multivariate Cox models or previous deep-learning



approaches, the GCN leverages non-imaging features to model inter-
individual relationships through a patient—patient graph, where edges reflect
similarities in baseline laboratory characteristics. Biologically, this captures
shared disease mechanisms, such as comparable inflammatory profiles or
tumor burden-related abnormalities, allowing the model to identify prognostic
patterns that traditional models may miss. Clinically, it enables the model to
match information from similar patients, improving outcome prediction and risk
stratification in heterogeneous populations receiving NACT, even when

individual features alone are not sufficiently discriminative.

Our ablation results clarify that the superiority of the GCN stems from the
relational information encoded by the graph rather than from feature quantity
alone. When the similarity structure was attenuated, prognostic performance
declined even though the underlying clinical variables were unchanged,
indicating that the graph captures dependencies not discerned from individual
features. Moreover, once the similarity network reached adequate fidelity,
expanding the feature set no longer improved GCN performance. These
findings show that graph-based representation learning contributes distinct

and meaningful prognostic value beyond traditional feature-based modelling.

A low GCN score predicts limited benefit from standard NACT, thus prompting
a multidisciplinary reassessment to optimize management. The primary
recommendation is to re-evaluate feasibility of primary cytoreduction, with
surgery indicated if resectability is confirmed. For patients deemed unsuitable
for surgery, GCN-guided risk stratification may support consideration of
alternative strategies—such as targeted therapy combinations**4°, rather than
persistence with a predicted suboptimal standard approach. Notably, the GCN
model identified 16.30% of patients who exhibited favorable survival despite

having low KELIM scores, indicating that the GCN can facilitate more precise



stratification of patients for treatment selection. While prospective validation is
required, these findings highlight the potential of GCN-guided, risk-adapted

treatment pathways to move beyond one-size-fits-all strategies.

This study has certain limitations. First, all analyses were retrospective, and
prospective validation in multi-institutional cohorts is needed to confirm the
generalizability and clinical utility of the model. Second, the current model
relies on laboratory and imaging features without incorporating molecular
biomarkers such as HRD status and BRCA mutations 4547, While we
conducted comprehensive searches of publicly available datasets (TCGA and
TCIA) and our institutional database, no cohorts were identified that contained
concurrent pretreatment CT imaging, complete clinical laboratory parameters,
and molecular/genetic profiles. Previous studies have demonstrated that
models integrating molecular-level and imaging data achieve strong predictive
performance while also elucidating underlying biological mechanisms*249,
Future iterations of our graph neural network should incorporate these
molecular biomarkers as such multimodal datasets become increasingly
available, aligning the model with precision oncology paradigms for ovarian
cancer management. Third, although neoadjuvant chemotherapy regimens
were largely standardized across centers and predominantly based on
platinum—taxane combinations, some variations in specific regimens among
centers may potentially contribute to inter-patient heterogeneity in prognosis.
Additionally, although the model is computationally efficient, its practical
deployment in clinical settings faces challenges. One such challenge is the
integration of radiomics feature extraction tools into existing clinical software
environments, such as picture archiving and communication systems. Once
this integration is achieved, the GCN can be smoothly embedded into clinical
practice without requiring hospitals to invest in additional computational

resources.



Future research should address these limitations by conducting prospective
trials and large-scale external validation. Incorporating multi-omics and
longitudinal data could enhance both predictive robustness and mechanistic
understanding. Finally, building a clinical software prototype that integrates
seamlessly into hospital information systems could pave the way for the
translation of graph-based models into practical tools for risk stratification and

treatment planning in ovarian cancer.

In conclusion, this study proposes a method that integrates both imaging
features and clinical variables into a CPU-compatible graph network, assisting
in improving the accuracy of clinical NACT decision-making for ovarian
cancer. Both the training dataset and the two external validation datasets
showed that the proposed GCN holds the potential to refine classifications for
patients with low KELIM scores, effectively identifying those who are likely to
benefit from NACT and thereby enhancing patient survival benefits. The
advantages of the GCN in multimodal data modeling, compatibility with low-
cost computational resources, and patient re-stratification underscore its

potential to guide precise clinical decisions in ovarian cancer treatment.

Methods

Patient cohorts

This multicenter retrospective study utilized data collected between January 1,
2012 and March 31, 2024 from three tertiary hospitals in China. A total of 78
laboratory variables commonly used in routine gynecological practice were
selected for pairwise association encoder %0 construction. In addition to
laboratory indicators, pre-treatment CT images were obtained for radiomic
feature extraction, which together with laboratory variables were used in GCN
development. Data from Shengjing Hospital of China Medical University were

used as the training dataset, whereas data from Liaoning Cancer Hospital &



Institute and the First Hospital of China Medical University served as external
test datasets 1 and 2, respectively. The enrolled patients were all
pathologically diagnosed with ovarian cancer and received NACT prior to ICS.
The inclusion criteria were: (1) age 218 years; (2) availability of a pre-NACT
pelvic CT scan within 1 month before NACT; and (3) availability of laboratory
test results within 1 month before NACT. The exclusion criteria were (1)
insufficient image quality; (2) presence of systemic inflammatory or other
major diseases; (3) concurrent other malignancies; and (4) missing clinical

data.

Approval for the study from the institutional ethics review committee at the
Shengjing Hospital of China Medical University (approval number
2024PS969K), the First Hospital of China Medical University (approval
number [2024] 560), and Liaoning Cancer Hospital and Institute (approval
number LH20250304). This work was complied with principles of the Helsinki
Declaration. All patient data were anonymized, and the requirement for written

informed consent was waived by the ethics committees.

Clinical data collection

Demographic, clinicopathological, and laboratory data were extracted from the
electronic medical records of the three retrospective cohorts. A
comprehensive set of routine gynecologic laboratory indicators (including both
blood and urine tests obtained before the initiation of NACT) was initially
collected. To ensure data quality and reduce bias from missingness,
laboratory variables with more than 20% missing values were excluded during
preprocessing 5152 | resulting in 78 laboratory indicators used for model
construction. For the remaining features, missing values were imputed in a
center-wise and feature-wise manner, using the median of each feature
calculated within the corresponding center. All imputations were performed

independently for each center to avoid potential data leakage. Laboratory



measurements from different centers were standardized before analysis. The
laboratory indicators and their missingness are detailed in Table S8. Tumor
staging was based on the International Federation of Gynecology and
Obstetrics (FIGO) criteria for ovarian cancer. OS was defined as the time from
histopathological diagnosis to death from any cause or the last follow-up. RO
status was defined as the condition where cytoreduction resulted in no

macroscopic residual disease 3.

Image segmentation and radiomic feature

All CT images from the three centers were retrieved from their respective
picture archiving and communication systems. Tumor regions of interest were
manually segmented using open-source software (ITK-SNAP,
http://www.itksnap.org/) with an abdominal window setting (level: 50, width:
400). Two experienced radiologists independently performed the
segmentations, and discrepancies were resolved by a senior radiologist with
over 20 years of experience. Radiomic features were extracted using the
PyRadiomics 3. All CT volumes were resampled to an isotropic resolution of
1x1x1 mm3 using B-spline interpolation, and gray-level discretization was
performed using a fixed bin width of 25. Feature extraction was performed on
the original images, on Laplacian of Gaussian (LoG) filtered images with
sigma values of 1.0-5.0 mm, and on all eight-wavelet decomposition sub-
bands. A total of 1,218 radiomic features were generated, including first-order,
shape-based, and texture features, as well as LoG and wavelet-derived
features. The complete feature list is provided in Table S9. All features were
standardized using Z-scores, and highly collinear features with a Pearson

correlation coefficient >0.9 were excluded from further analysis.

Prediction model construction
To construct the population graph, both pre-treatment laboratory variables and

radiomic features from patients who received NACT were incorporated. The



PAE was used to estimate inter-patient similarities based on non-radiomic
data (e.g., laboratory results), which defined the edge weights (Wi) in the
population graph. Supervised learning was performed using a 90-day>4%°
survival difference as the cutoff value, and the PAE predicted the survival
similarity between patients based on their laboratory indicators. The PAE
constructed 59622, 10118, and 9322 graphical connections for the training
and two external test datasets, respectively. Subsequently, radiomic features
served as node attributes within the graph. After constructing the adaptive
population graph, it was used in the graph convolutional neural networks®® for
graph representation learning and prognosis prediction of patients undergoing
NACT. The model architectures and schematic illustrations of the PAE and
GCN are provided in the Supplementary Methods. Patients were stratified into
high- and low-prediction score groups based on the median prediction score
in the training dataset to evaluate differences in survival outcomes. The entire
training and testing process of the model was conducted on the CPU, without

the need for high-performance GPU hardware.

For comparison, four independent prognostic models were constructed: a
clinical model, a radiomic model, a combined clinical-radiomic model, and the
KELIM score. To complement this prognostic comparison framework with an
assessment of short-term cytoreductive outcomes, the Suidan score was
incorporated as an auxiliary comparator. The Suidan score was calculated
according to its original criteria using preoperative clinical and radiologic
parameters??, In this study, it was used solely as an additional comparator for
short-term surgical outcome analysis and was not considered one of the
primary prognostic models. The clinical model was constructed using
clinicopathological features and laboratory variables. Laboratory data were
standardized via Z-score normalization. Significant predictors (P < 0.05) were
identified through univariate and multivariate Cox regression analyses and

subsequently used to calculate clinical prediction scores. The radiomic



prediction model was constructed based on radiomic features. These radiomic
features were standardized using Z-scores, and collinear features with
Pearson correlation coefficients >0.9 were excluded. Subsequently, univariate
and multivariate Cox regression analyses were performed to select significant
radiomic features for building the radiomic prediction model and calculating
prediction scores. A combined clinical-radiomic model was also developed by
incorporating both clinical and radiomic predictors using the same Cox-based
approach. A detailed description of the variables included in the clinical,
radiomic, and combined clinical-radiomic predictive models is provided in
Supplementary Appendix A2. In addition, the commonly used KELIM score in
current research was included as a reference model. The KELIM score,
calculated using an online tool (https://www.biomarker-kinetics.org/CA-125-
neo) %7, requires at least three CA-125 measurements taken within the first

100 days (or fewer) of chemotherapy initiation.

Statistical analysis

All statistical analyses were conducted using R software (http://www.R-
project.org/). The software versions and R packages used in this study are
provided in Table S10 and Table S11, respectively. Continuous variables are
presented as medians with IQRs, whereas categorical variables are
expressed as counts and percentages. Univariate and multivariate Cox
proportional hazards models were used to estimate HRs and 95% Cls. The
multivariate analysis was adjusted for potential confounders, including age,
histological subtype, clinical stage, tumor grade, and KELIM score. For
KELIM, patients were stratified into high- and low-prediction score groups
using a cutoff of 1, as previously described 288, For all other models, patients
were stratified based on the median predicted score from the training dataset
to evaluate differences in survival outcomes. All OS-related analyses (C-
index, time-dependent AUCs, Kaplan—Meier curves, HRs, risk-stratified

survival comparisons, and monotonicity analyses) are presented as



performance assessments for the primary endpoint. Analyses comparing
prediction scores between RO and non-RO groups and examining monotonic
trends in RO probability evaluate performance for the secondary endpoint. All
statistical tests were two-sided, and statistical significance was set at P <
0.05. The code related to this study has been released on GitHub repository

(https://github.com/jessiezhang1021/GCN-OC).
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Figure and Table Legends

Figure 1

Patient enrollment flowchart.

SJ cohort = patients from Shengjing Hospital of China Medical University, SZL cohort
= patients from Liaoning Cancer Hospital & Institute, YDY cohort = patients from the
First Hospital of China Medical University. CT, computed tomography; NACT,
neoadjuvant chemotherapy.

Figure 2

Study flowchart.

(a) The pairwise association encoder (PAE) was constructed using non-imaging data
prior to treatment to compute edge weights (Wj). These were integrated with
radiomic features extracted from pre-treatment imaging data to construct a
population graph. Graph convolutional networks (GCNs) were then trained to
generate prediction scores for each patient. (b) Four additional comparative models
were developed, and prediction scores were calculated for each. Patients were
stratified into high and low prediction score groups. Model performance was
evaluated using multiple metrics, and differences in short-term and long-term
outcomes between the two groups were compared. HR, hazard ratio; GCN, graph
convolutional network; KELIM, CA-125 ELIMination rate constant K.

Figure 3

Comparison of the predictive performance of multiple models.

(a) Comparison of C-index values for overall survival (OS) prediction across different
models. (b—d) Receiver operating characteristic curves for predicting 3-year OS in
the training dataset and two external test datasets, along with the corresponding area
under the curve values for each model. (e—g) Distribution of prediction scores for
different models in the RO and non-RO groups within the training dataset and two
external test datasets. Box boundaries represent the first and third quartiles; the
center line marks the median. Whiskers extend to the furthest non-outlier points
within 1.5 times the interquartile range. ‘ref’ indicates reference, *’ indicates P < 0.05,
“** indicates P < 0.01, *** indicates P < 0.001, ‘NS’ indicates not significant. Cl,
confidence interval; GCN, graph convolutional network; KELIM, CA-125 ELIMination
rate constant K.

Figure 4

Further comparison of the predictive performance of the GCN model and KELIM
score.

(a—c) Kaplan—Meier analysis for overall survival (OS) in the training set and two
external test sets. The GCN high and low prediction score groups were divided
based on the median prediction score in the training set, while the KELIM score high
and low groups were divided using a cutoff of 1. ‘L’ indicates low, ‘H’ indicates high,
‘NS’ indicates not significant. (d—f) Time-dependent receiver operating characteristic
(ROC) curves and the area under the ROC (AUC) values for 1-year, 3-year, and 5-



year OS predictions using the GCN model in the three datasets. (g—i) Time-
dependent ROC curves and AUC values for KELIM score predictions. (j) Comparison
of 1-, 2-, 3-, 4-, and 5-year OS based on GCN prediction score stratification, divided
into high and low GCN prediction score groups. (k) Comparison of 1-, 2-, 3-, 4-, and
5-year OS based on KELIM score stratification. ** indicates P < 0.05, ***’ indicates P
< 0.001. GCN, graph convolutional network; KELIM, CA-125 ELIMination rate
constant K.

Figure 5

Monotonic relationship between GCN prediction scores and outcomes.

(a, b) Kaplan—Meier analysis for GCN prediction scores and KELIM scores,
categorized from low to high according to percentiles. (c, d) Relationship between
GCN prediction scores and KELIM scores with the probability of achieving RO
resection. The red shaded area represents the 95% confidence interval. HR, hazard
ratio; GCN, graph convolutional network; KELIM, CA-125 ELIMination rate constant
K.

Figure 6

Independent prognostic value of the GCN model.

(a—c) Forest plots of multivariate Cox regression analyses for overall survival (OS) in
the training and external test cohorts. Green circles represent hazard ratios (HRs)
less than 1, while orange circles represent HRs greater than 1. The horizontal bars
indicate the 95% confidence intervals. ‘L’ indicates low, ‘H’ indicates high. HR,
hazard ratio.

Table 1
Baseline characteristics of the included population.

Table 1. Baseline characteristics of the included population

Training External External P P P
Variable test dataset test dataset value®  value value®
dataset
1 2 b
No. patients 489 198 166
Age (years) 0.23 <0.01* 0.07
Median 58 59 61
(IQR) (51-64) (53-64) (53-67)
FIGO stage 0.87 0.07 0.15
(%)
1 303(61.96) 124(62.63) 116(69.88)
v 186(38.04)  74(37.37) 50(30.12)
Histological 0.09 <0.01* 0.19
subtype (%)
Serous 379(77.51) 170(85.86) 147(88.55)
Other 82(16.77) 24(12.12) 13(7.83)



N/A 28(5.73) 4(2.02) 6(3.61)

Tumor grade 0.10 0.06 0.54
(%)
[ 18(3.68) 16(8.08) 14(8.43)
I 38(7.77) 14(7.07) 16(9.64)
1] 359(73.42) 159(80.30) 120(72.29)
N/A 74(15.13) 9(4.55) 16(9.64)
Complete <0.001* <0.01* 0.26
gross
resection (%)
True 322(65.85) 101(51.01) 94(56.63)
False 155(31.70)  93(46.97) 68(40.96)
N/A 12(2.45) 4(2.02) 4(2.41)
OS (days) <0.001* 0.29 <0.001*
Median 34.57 27.02 37.50
(IQR) (20.07- (14.35- (23.97-
58.90) 50.30) 60.03)
CA125 0.02* 0.79 0.08
(U/mL)
Median 1106.00 1182.70 1115.00
(IQR) (515.00- (670.90- (575.00-
2540.00) 3871.00) 2668.00)
HE4 (pmol/L) 0.87 0.03*  0.03*
Median 732.00 700.20 548.10
(IQR) (341.80- (346.30- (247.00-
1500.00) 1375.20) 866.50)

IQR, Interquartile range; OS, overall survival; CA125, cancer antigen 125; HE4, human
epididymis protein 4. ‘@ indicates the comparison of baseline characteristics between
the training dataset and external test dataset 1, ‘®’ indicates the comparison between
the training dataset and external test dataset 2, ‘“ indicates the comparison between
external test dataset 1 and external test dataset 2, “*’ denotes P-value less than 0.05.



Patients with ovarian cancer after NACT( 2012-2024)

Inclusion criteria:
(1) Age = 18

(2) Pelvic CT within 1 month prior to NACT
(3) Laboratory test results within 1 month prior to NACT

|

Center 1 (SJ Cohort)
n=547

\ 4

Center 2 (SZL Cohort)

58 excluded

|

Center 3 (YDY Cohort)
n=205

39 excluded

18 with insufficient image quality

12 with systemic inflammation or
major diseases

11 with other malignancies

17 with missing clinical data

11 with insufficient image quality
8 with systemic inflammation or
major diseases
11 with other malignancies
9 with missing clinical data

A 4

Training set
n=489

n=255
47 excluded
17 with insufficient image quality
N 8 with systemic inflammation or
major diseases
16 with other malignancies
6 with missing clinical data
v
External test set 1
n=198

A 4

External test set 2
n=166
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