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Abstract: This study aimed to enhance preoperative diagnostic accuracy for early ovarian cancer (EOC) by con-
structing and validating an interpretable predictive model integrating serological markers with O-RADS ultrasound 
risk stratification. A total of 674 patients with adnexal masses (270 EOC, 404 benign) were enrolled and randomly 
assigned to training (n=438) and validation (n=236) sets. Multivariate logistic regression identified cancer antigen 
125 (CA125; P=0.002), human epididymal protein 4 (HE4; P=0.001), carcinoembryonic antigen (CEA; P=0.005), 
maximum tumor diameter (P=0.005), and Ovarian-Adnexal Reporting and Data System (O-RADS) classification 
(P<0.001) as independent predictors. Among individual indices, O-RADS performed best (AUC=0.854), followed 
by CA125 (AUC=0.783), HE4 (AUC=0.744), CEA (AUC=0.717), and maximum tumor diameter (MTD; AUC=0.696). 
The comprehensive model achieved an AUC of 0.969 (95% CI: 0.953-0.985) in the training set and 0.973 (95% 
CI: 0.952-0.994) in the validation set, with sensitivity of 0.907/0.897, specificity of 0.914/0.980, and accuracy of 
0.911/0.949, significantly outperforming both the marker combination model (AUC=0.918) and individual indices 
(DeLong test, all P<0.05). Robust calibration was confirmed (training set: Brier score=0.062, Hosmer-Lemeshow 
P=0.126; validation set: Brier score=0.056, Hosmer-Lemeshow P=0.578), and decision curve analysis demonstrat-
ed positive net benefits across a wide threshold probability range. SHAP analysis identified O-RADS classification, 
CA125, and HE4 as the most influential predictors, with notable interactions among them. Bootstrap resampling 
and 5-fold cross-validation confirmed model stability. The comprehensive model demonstrated excellent diagnostic 
performance, robust calibration, and clinical utility, providing a reliable interpretable tool for preoperative EOC risk 
stratification.
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Introduction

Ovarian cancer (OC) is among the most lethal 
gynecologic malignancies, characterized by an 
insidious onset and rapid progression. Acc- 
ording to GLOBOCAN 2022 estimates, appro- 
ximately 324,000 new cases and 207,000 
OC-related deaths occur annually worldwide, 

with incidence and mortality rates continuing to 
rise [1, 2]. The deep-seated pelvic location of 
the ovaries, coupled with the absence of spe-
cific early symptoms, results in over 70% of 
patients being diagnosed at advanced stages 
(FIGO III-IV), when curative intervention is no 
longer feasible [3, 4]. The prognosis of OC is 
intimately linked to the stage at initial diagno-
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sis: patients with early-stage disease (FIGO I-II) 
who receive timely and optimal treatment have 
a 5-year survival rate exceeding 85-90%, 
whereas this rate drops to below 30% for those 
with advanced-stage disease [4, 5]. Therefore, 
improving the accurate identification of early 
ovarian cancer (EOC) is a critical determinant of 
patient outcomes and a major priority in gyne-
cologic oncology research.

The primary preoperative tools for adnexal 
mass evaluation include serum tumor markers 
and imaging modalities. Among serological 
markers, carbohydrate antigen 125 (CA125) 
remains the most widely used biomarker in OC 
diagnosis. However, its clinical utility is limited 
by suboptimal specificity, as elevated levels are 
frequently observed in benign gynecologic con-
ditions (e.g., endometriosis, pelvic inflammato-
ry disease, uterine leiomyomas) and physiolo- 
gical states (e.g., menstruation, pregnancy), 
resulting in false-positive findings and unnec-
essary surgical interventions [5]. Human epi-
didymal protein 4 (HE4) has emerged as a com-
plementary marker with superior specificity for 
distinguishing benign from malignant adnexal 
masses and is less influenced by benign gyne-
cologic conditions than CA125. Nevertheless, 
HE4 alone lacks sufficient sensitivity for stand-
alone screening [6]. Carcinoembryonic antigen 
(CEA), though primarily associated with gastro-
intestinal malignancies, may also be elevated 
in certain OC subtypes (e.g., mucinous carcino-
ma); however, its overall diagnostic value as  
an independent marker is limited [7]. To over-
come the deficiencies of single markers, com-
bined algorithms such as the Risk of Ovarian 
Malignancy Algorithm (ROMA) and the Risk of 
Malignancy Index (RMI) have been developed. 
While these algorithms improve diagnostic 
accuracy compared with individual markers, 
their performance varies across different popu-
lations, menopausal statuses, and histological 
subtypes, and they remain incompletely vali-
dated in EOC-specific settings [8].

In the imaging domain, transvaginal ultrasound 
(US) is the first-line imaging modality for adnex-
al mass characterization. The Ovarian-Adnexal 
Reporting and Data System (O-RADS), devel-
oped by the American College of Radiology, pro-
vides a standardized lexicon and evidence-
based risk stratification system that categoriz-
es adnexal masses into five categories accord-
ing to morphological features, including internal 

components, papillary projections, solid areas, 
and vascularity [9]. The updated O-RADS US 
v2022 further refined the classification criteria 
to improve diagnostic consistency and specific-
ity [10]. However, a notable diagnostic chal-
lenge persists in the “gray zone” (particularly 
O-RADS categories 3-4), where atypical imag-
ing features of early-stage malignancies may 
overlap substantially with those of benign 
lesions such as endometriomas, teratomas, or 
tubo-ovarian abscesses, resulting in consider-
able diagnostic uncertainty [11, 12]. Relying on 
O-RADS alone, therefore, may not adequately 
capture all EOC cases.

The biological rationale for combining serologi-
cal markers with imaging stratification lies in 
their complementary information dimensions: 
serological markers reflect the tumor’s func-
tional biological behavior (e.g., proliferation, 
secretion, and metabolic alterations), whereas 
O-RADS US stratification captures its morpho-
logical and architectural characteristics. These 
two data modalities are mechanistically inde-
pendent yet clinically synergistic [13]. In recent 
years, multimodal data fusion strategies have 
become a prominent research direction in on- 
cology diagnostics. Several studies have dem-
onstrated that predictive models or nomo-
grams integrating serological and imaging infor-
mation outperform individual markers or imag-
ing scores alone in ovarian tumor risk assess-
ment [11, 12, 14]. However, several important 
gaps remain in the current literature. First, 
most existing models are developed for all-
stage OC rather than specifically targeting EOC, 
where the diagnostic challenge is greatest and 
the clinical benefit of accurate detection is 
most profound. Second, many high-performing 
predictive models function as “black boxes”, 
lacking interpretability - that is, they cannot elu-
cidate the specific contribution of each predic-
tor variable to an individual patient’s risk esti-
mation, which limits their transparency, credi-
bility, and ultimately their clinical adoption [15]. 
Third, the interaction effects between key pre-
dictors (e.g., how elevated CA125 modifies the 
predictive contribution of O-RADS classifica-
tion, and vice versa) have rarely been system-
atically investigated, despite their potential 
importance for understanding the underlying 
decision-making mechanisms of the model.

In the era of precision medicine, there is a grow-
ing demand for predictive tools that are not only 
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accurate and robust but also interpretable, 
transparent, and actionable at the individual 
patient level. Model interpretability - the ability 
to decompose and quantify each predictor’s 
specific contribution to a given prediction - is 
essential for building clinician trust and facili-
tating shared decision-making [15]. Shapley 
Additive Explanations (SHAP), a game-theory-
based interpretability framework, has recently 
gained attention in medical machine learning 
due to its ability to provide both global (popula-
tion-level) and local (individual-level) explana-
tions of model predictions, including feature 
importance rankings, individual prediction de- 
composition, and pairwise feature interaction 
analysis.

Against this background, the present study was 
designed to address the above gaps by: (1) 
Focusing specifically on EOC (FIGO I-II) rather 
than all-stage OC; (2) Systematically integrating 
three serological markers (CA125, HE4, and 
CEA) with O-RADS US risk stratification and  
key tumor structural characteristics (maximum 
tumor diameter); (3) Employing SHAP to provide 
comprehensive model interpretability, including 
feature importance quantification, individual-
level prediction explanation, and interaction 
effect analysis; and (4) Rigorously evaluating 
model performance through multi-dimensional 
assessment (discrimination, calibration, and 
clinical net benefit) in both training and inde-
pendent validation cohorts. We hypothesized 
that the comprehensive model would demon-
strate superior diagnostic performance com-
pared with individual markers or the serological 
marker combination alone, while maintaining 
good calibration and clinical utility across 
diverse clinical subgroups.

Materials and methods

Study design

Using a single-centered, retrospective design, 
this study included patients with pathologically 
diagnosed adnexal masses who were surgically 
treated in our institution (July 2023-March 
2026). This retrospective study was approved 
by the Institutional Ethics Committee of the 
Third Affiliated Teaching Hospital of Xinjiang 
Medical University (Affiliated Cancer Hospital). 
The requirement for written informed consent 
was waived by the Ethics Committee due to the 
retrospective nature of the study and the use of 

anonymized clinical data. The pathological 
results were used to dichotomize patients into 
an EOC group (FIGO stages I-II) and a benign 
lesion group.

Sample size computation was based on the 
previously reported malignancy incidence of 
21.7%-28.3% among the population with 
adnexal mass [16, 17]. Also, the difference 
among different research groups was consid-
ered by taking a median value of P=0.20 in this 
study. Using the formula N = Z2 × [P × (1-P)]/E2, 
where α=0.05 (Z=1.96) and the allowable error 
E=0.05, the calculated minimum sample size 
was 246 cases. Finally, 674 patients, which 
met the requirements of sample size, were 
enrolled. Using random sampling, they were 
allocated to a training set (n=438) for model 
construction and a validation set (n=236) for 
independent performance evaluation accord-
ing to a 7:3 ratio.

Clinical data and measurements

Eligibility requirements for study enrollment: (1) 
Aged ≥18 years; (2) Underwent elective surgi-
cal treatment for adnexal mass(es) in our insti-
tution between July 2023 and March 2026; (3) 
Had complete postoperative histopathological 
diagnosis confirming either primary early ovari-
an cancer (FIGO I-II) or benign adnexal lesions; 
(4) Completed serological marker detection 
(CA125, HE4, CEA) and standardized transvagi-
nal ultrasound examination with O-RADS clas-
sification within 2 weeks prior to surgery; (5) 
Had complete and retrievable clinical records. 
Exclusion grounds: (1) Previous or concurrent 
other malignancies; (2) Receipt of any preoper-
ative anti-tumor therapy (chemotherapy, radio-
therapy, targeted therapy, or hormonal thera-
py); (3) FIGO stage III-IV ovarian cancer, border-
line ovarian tumors, or metastatic tumors to 
the ovary; (4) Recurrent adnexal masses or 
emergency surgery; (5) Pregnancy, breastfeed-
ing, or severe renal insufficiency (confounding 
tumor marker levels) [6, 8]; (6) Incomplete key 
clinical, serological, or imaging data (Figure S1).

Patients’ clinical data, including age, body 
mass index (BMI), menopausal status, family 
tumor history, and hypertension/diabetes his-
tory, were consulted and recorded. The sero-
logical markers assessed covered CA125, HE4, 
and CEA. O-RADS classification, MTD, intratu-
moral solid component‌, papillary projections, 
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seroperitoneum, and bilateral lesions were the 
imaging parameters evaluated.

All continuous variables were tested for distri-
bution before modeling. Variables with a 
skewed distribution were log-transformed or 
analyzed in the form of medians. Categorical 
variables were processed using dummy vari-
able encoding. Only patients with complete 
clinical, serological, and imaging data were 
included in the final analysis. Cases with miss-
ing key variables were excluded prior to analy-
sis, and thus no imputation methods were 
applied.

The quantification of serological markers 
employed the enzyme-linked immunosorbent 
assay (ELISA) technique using kits manufac-
tured by Shanghai Enzyme-linked Biotechnology 
Co., Ltd. (Catalog Numbers: CA125-ELISA-2023, 
HE4-ELISA-2023, CEA-ELISA-2023; Batch Num- 
ber: 202306-202602). The instructions were 
strictly followed during the measurement. All 
blood samples were collected on an empty 
stomach in the early morning. Following a 
10-minute centrifugation at 3000 rpm, the 
serum was separated and stored at -80°C for 
testing.

US examinations were completed by an ex- 
perienced sonographer (>5 years’ experience) 
using a high-resolution transvaginal US ma- 
chine (GE Healthcare, Voluson E8). All cases 
were graded and evaluated according to the 
O-RADS standard, and any disagreements (if 
any) were reviewed and agreed upon by two 
senior physicians.

Model development and outcomes

In this study, EOC (yes/no) was used as the 
principal outcome variable (binary outcome). 
During training, all the candidate variables were 
analyzed by univariate Logistic regression to 
screen for outcome-associated significant cor-
relates (P<0.05). Subsequently, the screened 
variables were incorporated into the multivari-
ate Logistic regression model, followed by final 
model variable determination via stepwise 
selection. 

Given that some ultrasonic features have been 
integrated into the O-RADS classification sys-
tem (e.g., solid components, papillary projec-
tions, seroperitoneum), variables with overlap-

ping concepts were removed during modeling 
to avoid information duplication and model 
redundancy. Only those with independent clini-
cal significance were retained.

Multicollinearity evaluation used the Variance 
Inflation Factor (VIF). Obvious collinearity was 
indicated by VIF >5, entailing variable removal.

Based on the final identified variables, two 
types of models were constructed: (1) A combi-
nation model of serological markers (CA125, 
HE4, CEA), referred to as the marker combina-
tion model; and (2) A comprehensive model 
(integrating serological markers with MTD and 
O-RADS classification).

The secondary endpoints included the diagnos-
tic efficacy of individual markers and models, 
assessed through the area under the curve 
(AUC), sensitivity, specificity, accuracy, F1 value, 
and Youden index, as well as the perfor- 
mance of the models across different clinical 
subgroups.

Statistical analysis

Statistical data analyses were completed by R 
software (version 4.5.1) and SPSS (version 
27.0). Measurement data underwent normality 
testing with the Shapiro-Wilk test. Those of 
Gaussian distribution were represented by the 
mean ± standard deviation and assessed for 
between-group differences using independent 
samples t-tests. If violating the Gaussian distri-
bution, measurement data were shown as the 
median (quartile) and analyzed by Mann-
Whitney U tests. Categorical variables were 
summarized as frequencies and corresponding 
percentages, and between-group comparisons 
were performed using the χ2 test or Fisher’s 
exact test, as appropriate. Correlations be- 
tween variables were assessed by Spearman’s 
correlation, and multicollinearity was evaluated 
by VIF, with a VIF >5 indicating the existence of 
potential collinearity issues. To avoid model 
over-fitting and variable redundancy, variables 
were screened by combining clinical signifi-
cance and statistical results before multivari-
ate analysis. In the training set, univariate 
Logistic regression analysis was first performed 
for initial screening of the candidate variables 
(P<0.05); those with significance were then 
incorporated into the multivariate Logistic 
regression model, using the stepwise regres-



Serological indices plus O-RADS for early ovarian cancer prediction

2744	 Am J Cancer Res 2026;16(7):2740-2762

sion method based on the Akaike Information 
Criterion (AIC) to determine the predictors for 
final modeling. Regression model coefficients 
were used to construct the prediction probabili-
ties. The diagnostic efficiency of the models 
was evaluated by receiver operating character-
istic (ROC) curves and AUCs, and the 95% con-
fidence intervals (CIs) were calculated. AUC dif-
ferences among different models were exam-
ined by the DeLong test. Optimal cutoff points 
were determined by the maximum Youden 
index. The models’ discriminative capacities 
were evaluated by the AUC and concordance-
statistic (C-statistic), with calibration evaluated 
by the calibration curve, Brier score, and 
Hosmer-Lemeshow (H-L) goodness-of-fit test. 
Practicability assessment used the decision 
curve analysis (DCA) by determining net bene-
fits across threshold probabilities. External 
(validation set) and internal validation (1,000 
bootstrapping iterations and 5-fold cross-vali-
dation) for stability and generalization assess-
ments were also conducted. SHAP-based inter-
pretability evaluation through feature impor-
tance ranking (average absolute SHAP value), 
individual prediction contribution, and variable 
interaction analyses was carried out. Sensitivity 
analysis evaluated whether O-RADS-specific 
US features provided additional predictive 
value. This study also built an extended model 
by adding intratumoral solid components and 
papillary projections to the main model. AUCs 
determined model discrimination, the DeLong 
test examined inter-model differences, the H-L 
test and Brier score assessed calibration, and 
the AIC and Bayesian information criterion (BIC) 
checked fitting. VIF calculation was conducted 
for potential multicollinearity assessment. All 
tests (two-tailed) took the P<0.05 significance 
criterion.

Results

Clinical and ultrasonic feature comparison

674 eligible patients were included, assigned 
based on postoperative pathology to EOC (270 
cases) and benign lesion (404 cases) groups. 
FIGO stage I was predominant among EOC 
cases, followed by stage II; pathologically, 
serous carcinoma was the most prevalent, th- 
en came mucinous, endometrioid, and other 
types. The study cohorts were balanced in mar-
ital status, education, residence, and history of 
hypertension and diabetes (P>0.05; Table 1). 

Concerning clinical features, the EOC group 
was greater in terms of age (P<0.001), BMI 
(P=0.027), postmenopausal woman proportion 
(P<0.001), and family tumor history positivity 
rate relative to their benign lesion counterparts 
(P=0.002). From the perspective of serological 
markers, CA125, HE4, and CEA presented high-
er levels in EOC patients than in those with 
benign lesions (P<0.001; Table 1). As far as 
ultrasonic features are concerned, the O-RADS 
classification was higher in patients with EOC, 
with a larger proportion of patients falling into 
the category 4 or 5 (P<0.001); EOC cases also 
exhibited larger MTD, as well as greater rates of 
intratumoral solid component, papillary projec-
tions, seroperitoneum, and bilateral lesions, 
when compared to the benign lesion group (all 
P<0.001; Table 1).

Baseline data comparison (training set vs. vali-
dation set)

To verify dataset splitting rationality, this study 
conducted a balance test on the baseline char-
acteristics of the training (n=438) and valida-
tion (n=236) sets. Statistical significance was 
absent regarding general demographic charac-
teristics, like marital status, educational back-
ground, residence, menopause status, hyper-
tension/diabetes history, and family tumor his-
tory (P>0.05). In terms of clinical and serologi-
cal indices, age, BMI, CA125, HE4, CEA, and 
MTD also differed non-significantly (P>0.05). 
Inter-group comparability was also confirmed in 
ultrasonic features, including the O-RADS clas-
sification distribution and the incidences of 
intratumoral solid component‌, papillary projec-
tions, seroperitoneum, and bilateral lesions 
(P>0.05). Notably, all variables showed a stan-
dardized mean difference (SMD) below 0.1, 
suggesting well-balanced baseline characteris-
tics between the training and validation sets 
and supporting dataset division rationality 
(Table 2).

Clinical and ultrasonic feature comparison 
(EOC vs. benign lesion groups in the training 
set)

In the training set (n=438), EOC cases (n=172) 
showed equivalent distributions in marital sta-
tus, educational background, residence, hyper-
tension/diabetes history, and BMI to benign 
lesion patients (n=266; P>0.05; Table 3), but 
were greater in age (P<0.001), the proportion 



Serological indices plus O-RADS for early ovarian cancer prediction

2745	 Am J Cancer Res 2026;16(7):2740-2762

Table 1. Comparison of clinical features and ultrasonic parameters (EOC group vs. benign lesion 
group)

Variable Total EOC group (n=270) Benign lesion 
group (n=404) Statistic P

Marital status 0.065 0.798
    Married 577 (85.61%) 230 (85.19%) 347 (85.89%)
    Single/divorced/widowed 97 (14.39%) 40 (14.81%) 57 (14.11%)
Education 3.238 0.198
    Junior high school or below 182 (27.00%) 83 (30.74%) 99 (24.50%)
    Senior high school/technical secondary school 239 (35.46%) 92 (34.07%) 147 (36.39%)
    Junior college or above 253 (37.54%) 95 (35.19%) 158 (39.11%)
Residence 0.325 0.569
    Urban 438 (64.99%) 172 (63.70%) 266 (65.84%)
    Rural 236 (35.01%) 98 (36.30%) 138 (34.16%)
Menopause status 38.043 <0.001
    Premenopause 372 (55.19%) 110 (40.74%) 262 (64.85%)
    Postmenopause 302 (44.81%) 160 (59.26%) 142 (35.15%)
Hypertension 1.473 0.225
    Yes 185 (27.45%) 81 (30.00%) 104 (25.74%)
    No 489 (72.55%) 189 (70.00%) 300 (74.26%)
Diabetes 1.980 0.159
    Yes 92 (13.65%) 43 (15.93%) 49 (12.13%)
    No 582 (86.35%) 227 (84.07%) 355 (87.87%)
Family tumor history 9.157 0.002
    Yes 116 (17.21%) 61 (22.59%) 55 (13.61%)
    No 558 (82.79%) 209 (77.41%) 349 (86.39%)
O-RADS ultrasound risk stratification 267.991 <0.001
    Category 2 107 (15.88%) 3 (1.11%) 104 (25.74%)
    Category 3 185 (27.45%) 30 (11.11%) 155 (38.37%)
    Category 4 250 (37.09%) 113 (41.85%) 137 (33.91%)
    Category 5 132 (19.58%) 124 (45.93%) 8 (1.98%)
Intratumoral solid component‌ 89.529 <0.001
    Yes 300 (44.51%) 180 (66.67%) 120 (29.70%)
    No 374 (55.49%) 90 (33.33%) 284 (70.30%)
Papillary projections 73.739 <0.001
    Yes 175 (25.96%) 118 (43.70%) 57 (14.11%)
    No 499 (74.04%) 152 (56.30%) 347 (85.89%)

Seroperitoneum 36.689 <0.001

    Yes 69 (10.24%) 51 (18.89%) 18 (4.46%)

    No 605 (89.76%) 219 (81.11%) 386 (95.54%)
Bilateral lesions 63.065 <0.001
    Yes 134 (19.88%) 94 (34.81%) 40 (9.90%)
    No 540 (80.12%) 176 (65.19%) 364 (90.10%)
FIGO staging
    I 162 (60.00%) 162 (60.00%)
    II 108 (40.00%) 108 (40.00%)
Pathological type
    Serous carcinoma 150 (55.56%) 150 (55.56%)
    Mucinous carcinoma 53 (19.63%) 53 (19.63%)
    Endometrioid carcinoma‌ 40 (14.81%) 40 (14.81%)
    Other 27 (10.00%) 27 (10.00%)
Age 47.76 [40.05, 55.32] 51.67 [44.99, 58.90] 45.11 [38.29, 52.11] 7.108 <0.001
BMI 23.42±3.02 23.73±3.11 23.21±2.94 -2.214 0.027
CA125 40.34 [21.87, 68.76] 81.84 [37.26, 150.21] 32.25 [17.67, 44.19] 12.815 <0.001
HE4 77.83 [53.95, 122.87] 140.75 [62.63, 224.92] 69.38 [51.78, 89.08] 10.438 <0.001
CEA 3.00 [1.55, 5.18] 5.05 [2.35, 8.31] 2.44 [1.35, 3.96] 9.632 <0.001
Maximum tumor diameter 6.06±2.78 7.28±2.90 5.25±2.37 -9.942 <0.001
Note: EOC, Early Ovarian Cancer; O-RADS, Ovarian-Adnexal Reporting and Data System; FIGO, International Federation of Gynecology and Obstetrics; BMI, Body Mass 
Index; CA125, Cancer Antigen 125; HE4, Human Epididymis Protein 4; CEA, Carcinoembryonic Antigen.
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Table 2. Baseline feature comparison (training set vs. validation set)

Variable Training set (n=438) Validation set 
(n=236) Statistic P SMD

Marital status 0.832 0.362 0.075 
    Married 371 (84.7%) 206 (87.3%)
    Single/divorced/widowed 67 (15.3%) 30 (12.7%)
Education 0.281 0.869 0.040 
    Junior high school or below 121 (27.6%) 61 (25.8%)
    Senior high school/technical secondary school 153 (34.9%) 86 (36.4%)
    Junior college or above 164 (37.4%) 89 (37.7%)
Residence 0.012 0.914 0.009 
    Urban 284 (64.8%) 154 (65.3%)
    Rural 154 (35.2%) 82 (34.7%)
Menopause status 0.042 0.838 0.017 
    Premenopause 243 (55.5%) 129 (54.7%)
    Postmenopause 195 (44.5%) 107 (45.3%)
Hypertension 1.093 0.296 0.085 
    Yes 126 (28.8%) 59 (25.0%)
    No 312 (71.2%) 177 (75.0%)
Diabetes 0.271 0.603 0.042 
    Yes 62 (14.2%) 30 (12.7%)
    No 376 (85.8%) 206 (87.3%)
Family tumor history 0.313 0.576 0.046 
    Yes 78 (17.8%) 38 (16.1%)
    No 360 (82.2%) 198 (83.9%)
O-RADS ultrasound risk stratification 1.469 0.689 0.090 
    Category 2 70 (16.0%) 37 (15.7%)
    Category 3 114 (26.0%) 71 (30.1%)
    Category 4 168 (38.4%) 82 (34.7%)
    Category 5 86 (19.6%) 46 (19.5%)
Intratumoral solid component‌ 0.245 0.621 0.040 
    Yes 198 (45.2%) 102 (43.2%)
    No 240 (54.8%) 134 (56.8%)
Papillary projections 1.111 0.292 0.085 
    Yes 108 (24.7%) 67 (28.4%)
    No 330 (75.3%) 169 (71.6%)
Seroperitoneum 1.228 0.268 0.091 
    Yes 49 (11.2%) 20 (8.5%)
    No 389 (88.8%) 216 (91.5%)
Bilateral lesions 1.056 0.304 0.082 
    Yes 82 (18.7%) 52 (22.0%)
    No 356 (81.3%) 184 (78.0%)
Age 48.03±10.78 47.64±13.16 0.407 0.684 0.032
BMI 23.47±2.93 23.32±3.19 0.607 0.544 0.048
CA125 40.64 [22.71, 67.95] 39.55 [21.15, 70.62] 0.185 0.853 0.034
HE4 76.66 [54.42, 125.77] 82.00 [53.79, 115.04] 0.046 0.963 0.091
CEA 3.08 [1.49, 5.22] 2.97 [1.63, 5.12] 0.022 0.982 0.016
Maximum tumor diameter 6.10 [4.03, 8.05] 5.58 [4.07, 7.58] 0.931 0.352 0.071
Note: O-RADS, Ovarian-Adnexal Reporting and Data System; BMI, Body Mass Index; CA125, Cancer Antigen 125; HE4, Human Epididymis Protein 
4; CEA, Carcinoembryonic Antigen; SMD, Standardized Mean Difference.
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Table 3. Comparison of clinical characteristics and ultrasonic parameters in the training set (EOC 
group vs. benign lesion group)

Variable Total (n=438) EOC group (n=172) Benign lesion 
group (n=266) Statistic P

Marital status 0.127 0.722

    Married 371 (84.70%) 147 (85.47%) 224 (84.21%)

    Single/divorced/widowed 67 (15.30%) 25 (14.53%) 42 (15.79%)

Education 2.694 0.26

    Junior high school or below 121 (27.63%) 55 (31.98%) 66 (24.81%)

    Senior high school/technical secondary school 153 (34.93%) 56 (32.56%) 97 (36.47%)

    unior college or above 164 (37.44%) 61 (35.47%) 103 (38.72%)

Residence 0.098 0.755

    Urban 284 (64.84%) 110 (63.95%) 174 (65.41%)

    Rural 154 (35.16%) 62 (36.05%) 92 (34.59%)

Menopause status 25.054 <0.001

    Premenopause 243 (55.48%) 70 (40.70%) 173 (65.04%)

    Postmenopause 195 (44.52%) 102 (59.30%) 93 (34.96%)

Hypertension 1.986 0.159

    Yes 126 (28.77%) 56 (32.56%) 70 (26.32%)

    No 312 (71.23%) 116 (67.44%) 196 (73.68%)

Diabetes 2.518 0.113

    Yes 62 (14.16%) 30 (17.44%) 32 (12.03%)

    No 376 (85.84%) 142 (82.56%) 234 (87.97%)

Family tumor history 4.582 0.032

    Yes 78 (17.81%) 39 (22.67%) 39 (14.66%)

    No 360 (82.19%) 133 (77.33%) 227 (85.34%)

O-RADS ultrasound risk stratification 167.421 <0.001

    Category 2 70 (15.98%) 1 (0.58%) 69 (25.94%)

    Category 3 114 (26.03%) 19 (11.05%) 95 (35.71%)

    Category 4 168 (38.36%) 73 (42.44%) 95 (35.71%)

    Category 5 86 (19.63%) 79 (45.93%) 7 (2.63%)

Intratumoral solid component‌ 65.752 <0.001

    Yes 198 (45.21%) 119 (69.19%) 79 (29.70%)

    No 240 (54.79%) 53 (30.81%) 187 (70.30%)

Papillary projections 36.432 <0.001

    Yes 108 (24.66%) 69 (40.12%) 39 (14.66%)

    No 330 (75.34%) 103 (59.88%) 227 (85.34%)

Seroperitoneum 23.926 <0.001

    Yes 49 (11.19%) 35 (20.35%) 14 (5.26%)

    No 389 (88.81%) 137 (79.65%) 252 (94.74%)

Bilateral lesions 35.634 <0.001

    Yes 82 (18.72%) 56 (32.56%) 26 (9.77%)

    No 356 (81.28%) 116 (67.44%) 240 (90.23%)

Age 48.03±10.78 51.56±10.11 45.49±10.55 -6.051 <0.001

BMI 23.47±2.93 23.64±3.07 23.35±2.82 -1.014 0.311

CA125 (U/mL) 40.64 [22.71, 67.95] 79.43 [37.48, 144.16] 32.64 [17.90, 44.01] 10.113 <0.001

HE4 (pmol/L) 76.66 [54.42, 125.77] 143.83 [63.27, 247.00] 67.93 [49.97, 85.82] 8.730 <0.001

CEA (ng/mL) 3.08 [1.49, 5.22] 4.93 [2.35, 7.88] 2.43 [1.31, 4.07] 7.760 <0.001

Maximum tumor diameter (cm) 6.10 [4.03, 8.05] 7.26 [5.25, 9.44] 5.33 [3.49, 6.79] 7.011 <0.001
Note: EOC, Early Ovarian Cancer; O-RADS, Ovarian-Adnexal Reporting and Data System; BMI, Body Mass Index; CA125, Cancer Antigen 125; HE4, Human Epididymis 
Protein 4; CEA, Carcinoembryonic Antigen.

of postmenopausal women (P<0.001), family 
tumor history positivity rate (P=0.032), and 
CA125, HE4, and CEA concentrations (P<0.001; 
Table 3). Regarding ultrasonic features, the 

inter-group comparison showed higher O-RADS 
classification and greater proportions of cate-
gories 4 and 5 lesions in the EOC group versus 
the benign lesion group (P<0.001); larger MTD, 
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as well as greater numbers of patients with 
intratumoral solid component, papillary projec-
tions, seroperitoneum, and bilateral lesions, 
were also identified in the EOC group (all 
P<0.001; Table 3).

Multicollinearity diagnostics of predictors in 
the training set

Using Spearman correlation and variance infla-
tion factor (VIF) analyses, this study assessed 
multicollinearity among 12 predictors in the 
training set (n=438). According to the correla-
tion analysis, O-RADS classification was mod-
erately correlated with intratumoral solid com-
ponent (r=0.636) and papillary projections (r= 
0.513), and CA125 was moderately correlated 
with HE4 (r=0.456) (Figure 1A). All VIF values 
were below 5, with O-RADS classification show-
ing the highest VIF value (3.079), indicating no 
severe multicollinearity among the predictors 
and supporting their inclusion in the subse-
quent modeling analysis (Figure 1B).

Univariate and multivariate Logistic regression 
analysis of predictor variables of EOC in the 
training set

Before multivariate analysis, intratumoral solid 
component and papillary projections were 
excluded because these ultrasound features 
had already been incorporated into the O-RADS 
classification and their simultaneous inclusion 
could have resulted in conceptual overlap. Con- 
sequently, nine variables were included in the 
logistic regression analysis. Univariate analysis 
identified age, CA125, HE4, CEA, MTD, meno-
pausal status, family tumor history, O-RADS 
classification, and bilateral lesions as signifi-
cant correlates of EOC (all P<0.05; Figure 2). 
After incorporating these nine variables into 
the multivariate logistic regression model, 
CA125 (P=0.002), HE4 (P=0.001), CEA (P= 
0.005), MTD (P=0.005), and O-RADS classifi- 
cation (P<0.001) were identified as indepen-
dent predictors of EOC, whereas age (P=0.723), 
menopausal status (P=0.879), family tumor 
history (P=0.268), and bilateral lesions (P= 
0.555) did not reach statistical significance 
(Figure 2).

Comparison of diagnostic efficiency of single 
indexes and the joint models for EOC

Based on the multivariate logistic regression 
findings in the training set, two predictive 
models were constructed: a serological marker 

combination model comprising CA125, HE4, 
and CEA, and a comprehensive model further 
incorporating MTD and O-RADS classification. 
ROC curves were used to evaluate the diag- 
nostic performance of the individual predictors 
and the two models. Among the individual 
predictors, O-RADS classification showed the 
highest diagnostic performance (AUC=0.854), 
followed by CA125 (AUC=0.783), HE4 (AUC= 
0.744), CEA (AUC=0.717), and MTD (AUC= 
0.696). The marker combination model achie- 
ved an AUC of 0.918, whereas the compre- 
hensive model showed the highest diagnostic 
performance, with an AUC of 0.969 (Figure 
3A-G). DeLong tests showed that the AUC of 
the comprehensive model was significantly 
higher than those of all individual predictors 
and the marker combination model (all P< 
0.001). The marker combination model also 
significantly outperformed all individual predic- 
tors, including O-RADS classification (all P< 
0.05). Among CA125, HE4, CEA, and MTD, only 
the difference between CA125 and MTD was 
statistically significant (P=0.012), whereas the 
remaining pairwise differences were not sta- 
tistically significant (Figure 3H).

Comprehensive performance evaluation of the 
comprehensive model across datasets

This study systematically evaluated the com-
prehensive model across the training and vali-
dation sets from three dimensions: discrimina-
tive power, calibration performance, and clini-
cal net benefits, to gain a comprehensive 
understanding of its diagnostic performance 
and clinical practical utility.

The ROC curve-based discriminant analysis 
showed that the AUC of the comprehensive 
model in the training set was 0.969 (95% CI: 
0.953-0.985), and the sensitivity, specificity, 
accuracy, F1 score, and Youden index were 
0.907, 0.914, 0.911, 0.895, and 0.821, respec-
tively, at the corresponding optimal cut-points; 
during validation, the model had an AUC of 
0.973 (95% CI: 0.952-0.994), with 0.897 sensi-
tivity, 0.980 specificity, and 0.949 accuracy, as 
well as F1 score of 0.929 and a Youden index of 
0.876. The highly consistent AUC across the 
datasets, plus a concordance (C) statistic 
exceeding 0.96, supported the model’s excel-
lent discrimination with no obvious over-fitting 
issues (Figure 4A and 4B).

In terms of calibration performance, the trai- 
ning set showed a Brier score of 0.0624, an 
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Figure 1. Spearman correlation matrix and VIF analysis of predictor variables in the training set. A. Spearman correlation matrix of 12 predictor variables in the 
training set (n=438); B. VIF values of various predictor variables. Note: VIF, Variance Inflation Factor; O-RADS, Ovarian-Adnexal Reporting and Data System; CA125, 
Cancer Antigen 125; HE4, Human Epididymis Protein 4; CEA, Carcinoembryonic Antigen.
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expected-to-observed (E/O) ratio of 1.000, a 
calibration intercept of 0.000, a calibration 
slope of 1.000, and an H-L test P value of 
0.126. In the validation set, the corresponding 
values were a Brier score of 0.0560, an E/O 
ratio of 1.091, a calibration intercept of -0.532, 
a calibration slope of 1.099, and an H-L test P 
value of 0.578. The H-L test P values in both 
datasets were greater than 0.05, and the E/O 
ratios were close to 1, indicating satisfactory 
agreement between the predicted probabilities 
and the observed outcomes (Figure 4C and 
4D).

The clinical net benefits were evaluated by the 
DCA. In the training set, the comprehensive 
model provided continuous positive net bene-
fits within 0.10-0.50 threshold probability. The 
model also maintained positive net benefits in 
the validation set in a wide threshold probabili-
ty range, with the net profit achieved at each 
threshold highly consistent with the training 
set. The above substantiates the high practica-
bility of the comprehensive model in clinical 
decision-making scenarios with different risk 
preferences (Figure 4E and 4F).

SHAP analysis of the comprehensive model

To deeply explain the decision-making mecha-
nism of the comprehensive model, this study 

adopted the SHAP approach to systematically 
interprets it from three aspects: feature impor-
tance, individual predictive contribution, and 
feature interactions.

From the feature importance perspective, the 
bar chart of SHAP feature importance showed 
that the contributions of the five predictor vari-
ables to the model prediction, from high to low, 
are as follows: O-RADS classification (average 
|SHAP|=0.150, attribution proportion: 30.2%), 
CA125 (average |SHAP|=0.122, attribution pro- 
portion: 24.7%), HE4 (average |SHAP|=0.105, 
attribution proportion: 21.2%), CEA (average 
|SHAP|=0.073, attribution proportion: 14.7%), 
and MTD (average |SHAP|=0.045, attribution 
proportion: 9.2%), establishing O-RADS classi- 
fication as the predictor variable that contrib-
utes the most in the comprehensive model 
(Figure 5A). The SHAP beeswarm plot further 
demonstrated a strong positive association 
between the feature values of all five variables 
and their corresponding SHAP values (Spear- 
man’s r >0.93, P<0.001), indicating that higher 
feature values contributed more strongly to 
increased predicted probability of EOC (Figure 
5B).

Concerning individual predictive contribution, 
the waterfall charts presented in Figure 6 
shows the decomposition of individual SHAP 

Figure 2. Forest plot of univariate and multivariate Logistic regression analysis of predictor variables of early ovarian 
cancer in the training set. The plot shows the results of univariate (orange) and multivariate (blue) Logistic regres-
sion analysis of 9 predictor variables in the training set (n=438), with the odds ratios (ORs) on the horizontal axis 
and the error bars representing 95% CIs. Note: OR, Odds Ratio; CI, Confidence Interval; CA125, Cancer Antigen 125; 
HE4, Human Epididymis Protein 4; CEA, Carcinoembryonic Antigen; O-RADS, Ovarian-Adnexal Reporting and Data 
System.
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Figure 3. ROC curve analysis and DeLong test of the diagnostic efficacy analysis of single markers and joint models for early ovarian cancer. A-E. ROC curves of 
CA125, HE4, CEA, maximum tumor diameter, and O-RADS classification as individual markers; F. ROC curve of the (serological) marker combination model; G. ROC 
curve of the comprehensive model; H. DeLong test P-value heat map of the AUCs of indicators and models. Note: ROC, Receiver Operating Characteristic; CA125, 
Cancer Antigen 125; HE4, Human Epididymis Protein 4; CEA, Carcinoembryonic Antigen; O-RADS, Ovarian-Adnexal Reporting and Data System; AUC, Area Under the 
Curve; CI, Confidence Interval.
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Figure 4. ROC curve, calibration curve, and decision curve analyses of the comprehensive model across the training 
and validation sets. A. Training set ROC curve; B. Validation set ROC curve; C. Training set calibration; D. Validation 
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contribution of 2 malignant and 2 benign repre-
sentative samples. In malignant samples, all 
the predictor variables contributed positively, 
driving the model’s prediction probability to 
shift in a malignant direction. In benign lesions, 
variables such as O-RADS classification, HE4, 
and CA125 all showed significant negative con-
tributions, which together pull the prediction 
probability of the model down to a benign 
range. The above results show that the model 
exhibits high variable specificity and clinical 
interpretability in its predictions for different 
individuals (Figure 6A-D). 

In terms of feature interactions, the SHAP 
dependence plots revealed that the CA125-
SHAP value increased as the CA125 level rose, 
with the positive effect further enhanced at 
high HE4 levels, suggesting the presence of a 
synergistic interaction between CA125 and 
HE4 (Figure 7A). A similar pattern was observed 
for HE4, namely, HE4 level elevations led to 
increases in HE4-SHAP values, with high CA125 
levels contributing to an amplifying effect 
(Figure 7B). The CEA-SHAP value increased 

with increasing CEA contents, and the positive 
effect was more prominent when the O-RADS 
classification was higher (Figure 7C). The MTD-
SHAP value also rose in parallel with the 
increase in MTD, and O-RADS classification 
had a relatively independent influence on it 
(Figure 7D). The SHAP value of O-RADS classi- 
fication increased in a stepwise manner as  
the classification level rose, and the positive 
effect of Category 5 lesions was particularly 
significant when the HE4 level was high (Figure 
7E).

Subgroup analysis, FIGO staging performance, 
and threshold sensitivity analysis of the com-
prehensive model

To further verify the stability and applicability of 
the comprehensive model in different clinical 
subgroups, this study carried out subgroup 
analysis from three dimensions: age, meno-
pausal status, and O-RADS classification. 
Meanwhile, the FIGO staging performance and 
model performance under different diagnostic 
thresholds were systematically evaluated.

set calibration curve; E. Training set DCA; F. Validation set DCA. Note: ROC, Receiver Operating Characteristic; DCA, 
Decision Curve Analysis; AUC, Area Under the Curve; CI, Confidence Interval; E/O, Expected/Observed ratio; H-L test, 
Hosmer-Lemeshow test; C-statistic, Concordance Statistic.

Figure 5. SHAP feature importance bar chart and beeswarm plot of the comprehensive model. A. SHAP feature 
importance bar chart of various predictor variables, with the average absolute SHAP value shown on the horizontal 
axis; B. SHAP beeswarm plot, where each point represents a sample, the color indicates the eigenvalue, and the 
horizontal axis shows the SHAP value. Note: SHAP, Shapley Additive Explanations; O-RADS, Ovarian-Adnexal Re-
porting and Data System; CA125, Cancer Antigen 125; HE4, Human Epididymis Protein 4; CEA, Carcinoembryonic 
Antigen.
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When stratified by age, the model showed an 
AUC of 0.932 for patients aged under 50 years 
and 0.944 for those aged 50 or above in the 
training set; the corresponding AUC for the 
<50- and ≥50-year-old subgroups in the valida-
tion set was 0.926 and 0.931, respectively, 
with highly overlapped 95% CIs among the  
subgroups. It suggests that the model has sta-
ble diagnostic efficiency across age brackets 
(Figure 8A).

Subgroup analysis based on menopausal sta-
tus revealed an AUC of 0.946 for the premeno-
pausal subgroup and 0.936 for the postmeno-
pausal subgroup, with the corresponding AUC 
in the validation set being 0.926 and 0.934, 
respectively. The consistency in diagnostic effi-
cacy between the subgroups across datasets 
shows that menopausal status has no signifi-
cant effect on model performance (Figure 8B).

Stratification according to O-RADS classifica-
tion revealed an AUC of 0.773 and 0.878 for 
O-RADS category 1-2, and 0.884 and 0.867 for 

category 3, in the training and validation 
cohorts, respectively. It suggests that the com-
prehensive model still holds certain auxiliary 
differential value in low-grade O-RADS lesions 
with atypical ultrasonic features. For the 
O-RADS category 4 subgroup, however, we 
failed to calculate the effective AUC due to 
insufficient benign sample size (Figure 8C).

Regarding FIGO stage among malignant cases, 
the median predicted probability was higher  
for stage I than for stage II in the training set 
(0.936 vs. 0.873), whereas the median pre- 
dicted probability was slightly lower for stage  
I than for stage II in the validation set (0.908  
vs. 0.929) (Figure 8D and 8E). Nevertheless, 
the predicted-probability distributions showed 
substantial overlap between the two FIGO 
stages, and the Mann-Whitney U tests showed 
no statistically significant difference in either 
the training set (P=0.210) or the validation  
set (P=0.340). These findings were expected 
because the model was developed to predict 
the probability of malignancy rather than FIGO 

Figure 6. SHAP waterfall chart of representative samples of the comprehensive model. A, B. SHAP waterfall charts 
of two malignant samples; C, D. SHAP waterfall charts of two benign samples. The contribution of each variable 
is indicated by positive (yellow) or negative (purple) arrows. Note: SHAP, Shapley Additive Explanations; O-RADS, 
Ovarian-Adnexal Reporting and Data System; CA125, Cancer Antigen 125; HE4, Human Epididymis Protein 4; CEA, 
Carcinoembryonic Antigen.
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Figure 7. SHAP dependence plots of various predictor variables in the comprehensive model. A-E. SHAP dependence plots of CA125, HE4, CEA, maximum tumor 
diameter, and O-RADS classification. The horizontal axis indicates original feature values, the vertical axis shows the corresponding SHAP value, and the marker 
color represents the value of interactive features. Note: SHAP, Shapley Additive Explanations; O-RADS, Ovarian-Adnexal Reporting and Data System; CA125, Cancer 
Antigen 125; HE4, Human Epididymis Protein 4; CEA, Carcinoembryonic Antigen. 
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stage. Therefore, the model-predicted proba- 
bility should not be interpreted as an indicator 
of disease stage.

In the threshold sensitivity test, a gradual 
decline in sensitivity (0.891→0.809), an 
increase in specificity (0.851→0.945), a rise  
in positive predictive value (0.811→0.914), 
and a decline in negative predictive value 
(0.916→0.873) were observed when the th- 
reshold probability gradually increased from 
0.30 to 0.60. The validation set also presented 
a similar monotonous trend, with the corre-
sponding indicators being highly consistent 
across the training and validation sets under 
each threshold. The above supports the ability 
of the comprehensive model to maintain strong 
diagnostic performance in a wide threshold 
range. Clinical users can flexibly weigh the sen-
sitivity and specificity according to actual needs 
(Figure 8F).

In addition, internal verification using 1000-iter-
ation Bootstrapping showed that the adjusted 
AUC in the training set was 0.942, with a low 
optimism bias (-0.004); 5-fold cross-validation 
yielded an average AUC of 0.927 and an inter-
fold standard deviation of 0.027, further vali-
dating the model’s robust internal stability and 
generalization.

Sensitivity analysis of O-RADS and its compo-
nent ultrasound feature

To assess whether intratumoral solid compo-
nents and papillary projections provided addi-
tional predictive value beyond the O-RADS clas-
sification, a sensitivity analysis was performed 
by incorporating these variables into the main 
model. The extended model showed no signifi-
cant improvement in discrimination compared 
with the main model. In the training set, the 
AUC was 0.975 for both models (P=0.835), 
while in the validation set, the AUCs were  
0.973 for the main model and 0.972 for the 

extended model (P=0.321). In addition, the 
extended model demonstrated slightly higher 
AIC and BIC values than the main model, indi-
cating no improvement in overall model fit 
despite increased complexity. In multivariable 
analysis, neither intratumoral solid compo-
nents (P=0.834) nor papillary projections 
(P=0.104) remained independently significant. 
Furthermore, an alternative model excluding 
O-RADS but including these two ultrasound fea-
tures showed lower predictive performance 
(AUC: 0.959 in both training and validation 
sets), suggesting that O-RADS captures imag-
ing information more effectively than its indi-
vidual component features.

Supplementary results: threshold-specific per-
formance

To facilitate clinical decision-making, we evalu-
ated the comprehensive model’s performance 
at five probability thresholds (0.10, 0.20, 0.30, 
0.40, and 0.50) in both the training (n=438) 
and validation (n=236) sets. Table S1 presents 
the sensitivity, specificity, positive predictive 
value (PPV), negative predictive value (NPV), 
and Youden index for each threshold. A thresh-
old of 0.30 provided a balanced trade-off, with 
a Youden index of 0.818 (training) and 0.814 
(validation), sensitivity of 0.922-0.944, speci-
ficity of 0.870-0.895, PPV of 0.817-0.860, and 
NPV of 0.943-0.962. Lower thresholds (0.10-
0.20) maximized sensitivity (≥0.93) at the cost 
of lower specificity, suitable for screening or tri-
age. Higher thresholds (0.40-0.50) prioritized 
specificity (≥0.89) and PPV (≥0.84), appropri-
ate for confirmatory diagnosis or surgical refer-
ral. These data support clinical context-based 
flexible threshold selection.

Discussion

By systematically integrating serological mark-
ers (CA125, HE4, CEA), O-RADS US risk stratifi-
cation, and tumor structural characteristics  

Figure 8. Subgroup analysis, FIGO stage prediction probability distribution, and diagnostic threshold sensitivity 
analysis of the comprehensive model. A. AUC forest plot of different age subgroups; B. AUC forest plot of subgroups 
grouped by menopausal status; C. AUC forest plot subgrouped by O-RADS classification; D. Violin plot of model pre-
diction probability distribution of different FIGO stages in malignant cases in the training set; E. Violin plot of model 
prediction probability distribution of different FIGO stages in malignant cases in the validation set; F. Trend chart 
of the diagnostic performance of indicators under different diagnostic probability cutoffs in the training and valida-
tion sets. Note: FIGO, International Federation of Gynecology and Obstetrics; AUC, Area Under the Curve; O-RADS, 
Ovarian-Adnexal Reporting and Data System; CI, Confidence Interval; PPV, Positive Predictive Value; NPV, Negative 
Predictive Value.
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collected from 674 adnexal mass-affected 
patients, this study built a comprehensive EOC 
predictive model that was subsequently veri-
fied to have excellent diagnostic efficiency 
(AUC=0.969 during training and 0.973 upon 
validation), far outperforming single indices 
and the marker combination model. Its calibra-
tion, clinical net gains, and good stability in 
internal validation were also confirmed. Hence, 
it is challenging for single-marker diagnostic 
tools to accurately identify EOC (a relatively hid-
den clinical stage); in contrast, risk assess- 
ment performance can be markedly enhanced 
through multi-dimensional information fusion. 
Due to the absent atypical manifestations and 
classic imaging features, EOC can be hardly 
detected by a single indicator that often cannot 
achieve good sensitivity and specificity simulta-
neously [16, 18]. This may underlie the gradual 
shift to the research on multimodal joint strate-
gies. Utilizing real-world data, this study sub-
stantiates this notion and supports the practi-
cability of “image+serology+structural featu- 
res” joint modeling in EOC diagnosis. From a 
biological standpoint, the model’s superior  
performance reflects biological complementar-
ity. Serological markers capture the tumor’s 
functional behavior, including proliferation, 
secretion, and metabolic alterations, whereas 
O-RADS ultrasound stratification reflects its 
morphological and architectural characteris-
tics, such as internal complexity, solid compo-
nents, and vascularity [13]. These two data 
dimensions are mechanistically independent 
yet clinically synergistic, which explains why 
their fusion markedly outperforms any single-
modality approach.

Assessing single index performance, O-RADS 
classification (AUC=0.854) significantly surpa- 
ssed CA125, HE4, CEA, and MTD. The O-RADS 
system proposed by Andreotti et al. [9] realizes 
the standardized risk stratification of adnexal 
masses by integrating characteristics such as 
mass morphology, solid composition, papillary 
projections, and blood flow signals. Strachowski 
et al. [10] further optimized the classification 
criteria in the updated version and improved 
the specificity. The AUC of O-RADS has been 
indicated to be mostly between 0.80 and 0.90 
in the general population; in the context of  
EOC or intermediate risk stratification (espe-
cially in categories 3-4), however, the discrimi-
nation ability of O-RADS fluctuates [17, 19, 20]. 

Echoing these findings, the present study fo- 
und that although the proportion of patients 
with O-RADS categories 4-5 was significantly 
increased in the malignant group, there was an 
obvious overlap in categories 3-4, suggesting 
the limitation of imaging stratification in gray 
zone lesions. Additionally, this research identi-
fied a greater prevalence of intratumoral solid 
component, papillary projections, and seroperi-
toneum in the malignant group, characteristics 
highly correlated with the O-RADS score, which 
further explains their superiority among indi-
vidual markers. Yet, relying solely on O-RADS 
cannot cover all early cases, especially in 
lesions with atypical imaging manifestations or 
inapparent structural complexity that limit its 
diagnostic ability.

When analyzing the performance of serological 
markers, CA125, HE4, and CEA were all found 
to be significantly up-regulated in the malignant 
group, and were established as independent 
predictors by multivariate Logistic regression. 
HE4 and CA125, in particular, contributed a 
greater proportion, which largely agrees with 
previous research conclusions. CA125 (MUC16) 
is a high-molecular-weight glycoprotein shed 
from the surface of ovarian epithelial cells; its 
elevation reflects tumor burden and peritoneal 
irritation, but it is readily elevated in benign 
gynecologic conditions such as endometriosis 
and pelvic inflammatory disease, limiting its 
specificity [6, 21]. In contrast, HE4, encoded by 
the WFDC2 gene and belonging to the whey 
acidic protein family, exhibits a more restricted 
expression pattern and is less influenced by 
benign gynecologic conditions, thereby confer-
ring the specificity that CA125 alone lacks [21-
23]. Singh et al. [24] meta-analyzed tumor 
markers, similarly noting HE4’s high stability in 
malignant lesion differentiation. In this study, 
the marker combination model (AUC=0.918) 
was advantageous over individual serological 
indices and O-RADS in diagnostic efficacy, 
which echoes previous literature [11, 12] and 
supports the functional complementation be- 
tween serological information and imaging 
stratification. Importantly, CEA, though rarely 
used in OC diagnosis, retained independent 
significance during multivariate modeling. This 
likely reflects its elevated expression in muci-
nous ovarian carcinomas, which constituted 
19.6% of the EOC cases in this cohort, high-
lighting the value of retaining CEA for capturing 
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subtype-specific information that CA125 and 
HE4 may miss [7]. MTD maintained its signifi-
cance in the comprehensive model despite its 
weak diagnostic performance as a standalone; 
it suggests that MTD is of certain value in 
reflecting tumor burden and growth. Tumor size 
is often used as an auxiliary variable in risk 
assessment in multivariate models; however, 
its predictive value is maximized when inter-
preted together with image complexity and 
serological abnormalities, as larger tumors with 
higher O-RADS scores and elevated markers 
likely reflect biologically more aggressive le- 
sions [25, 26].

During model building and performance evalua-
tion, this study focused on model discrimina-
tion, calibration, and practicability. The model’s 
robust generalization was demonstrated by a 
highly consistent AUC and C-statistic >0.96 
across datasets. The consistency between 
model-predicted probabilities and actual risks 
(low Brier scores and comparable H-L test 
P-values) was also observed. As indicated by 
literature, sole reliance on AUC reporting while 
ignoring calibration performance makes the 
models infeasible for clinical promotion [27-
29]. This study conducted a multi-dimensional 
evaluation to further enhance model reliability: 
DCA evidenced the model’s stable and positive 
net profits in the 0.10-0.50 threshold range, 
supporting its practicability in different risk 
decision scenarios. Through DCA and thresh-
old-specific performance evaluation, 0.30 was 
used as the model’s initial threshold for general 
preoperative EOC risk assessment, achieving a 
Youden index of 0.814 in the validation set 
(0.944 sensitivity; 0.870 specificity). To mini-
mize the situation of missed diagnosis of malig-
nant lesions during tumor screening and clini-
cal triage, a lower judgment threshold of 0.10 
to 0.20 can be selected, thereby increasing the 
sensitivity to 0.93 or above. For scenarios 
where the risk of surgery exploration or other 
confirmatory methods is high or the cost is 
high, a high threshold of 0.40 to 0.50 should  
be selected, thereby optimizing specificity and 
PPV to ≥0.89 and ≥0.84, respectively. In a 
word, shared decision-making by taking into 
account patient preferences, local disease 
prevalence, and healthcare resources deter-
mined the final threshold. Besides, a trend con-
forming to the general laws of diagnostic mod-
els, namely gradually decreased sensitivity and 
NPV, as well as increased specificity and PPV 

with the threshold increasing, was observed, 
showing favorable clinical adjustability of the 
model we proposed. The stable outputs in 
Bootstrap resampling and 5-fold cross-valida-
tion further proved the model’s good internal 
consistency.

SHAP provides an important supplement. The 
results confirmed O-RADS as the top-perform-
ing contributor, followed by CA125, HE4, CEA, 
and MTD, with SHAP values significantly and 
positively linked to their original values. It sup-
ports the high agreement between the model 
decision direction and clinical cognition, name-
ly, a greaer imaging grade is associated with 
higher serological marker levels, larger tumors, 
and greater malignant possibilities. Geysels  
et al. [15] reported that interpretable models 
help reveal true variable-risk associations. 
Furthermore, this study found obvious variable-
variable interactions (e.g., potentiated contri-
bution of CA125 and amplified prediction 
effects of O-RADS category 5 at high HE4 
expression, enhanced role played by CEA in 
high O-RADS classification). It implies a possi-
ble imaging feature-serological marker synergy, 
rather than a simple linear superposition rela-
tionship. Such synergies likely reflect the bio-
logical reality that concurrent upregulation of 
multiple serological markers, combined with 
high imaging complexity, collectively signifies a 
more aggressive tumor phenotype - a pattern 
that single-modality assessment alone cannot 
fully capture [15]. When assessing individual 
markers, the SHAP waterfall chart showed that 
the dominant variables influencing the predict-
ed results for different patients varied. The 
results indicate that the comprehensive model 
we built possesses high interpretability that 
supports its clinical utility.

The model’s stability and applicability were  
further validated by subgroup analyses based 
on age, menopausal status, and O-RADS clas-
sification. With constantly high AUC values 
obtained and highly overlapped CIs between 
corresponding subgroups, the model’s consis-
tent performance across different populations 
was demonstrated. Literature [30, 31] has 
reported O-RADS’s relatively limited diagnostic 
capability in low-risk populations. The compre-
hensive model built in this study, however, 
showed good diagnostic efficiency in O-RADS 
categories 1-3, indicating that it has important 
supplementary value in “atypical cases”. In 
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addition, this study found that the model’s pre-
diction probability for FIGO stage I was slightly 
higher than that for stage II, suggesting that it 
has a certain sensitivity to earlier-stage lesions. 
But given the overlap between them, the model 
is better suited for identifying malignant risks 
rather than staging judgments.

Despite the highly reliable results obtained, 
this study still has several limitations. First, this 
was a single-center retrospective study, which 
may have introduced selection bias. In addi-
tion, the validation cohort was derived from the 
same population as the training set; therefore, 
the present validation should be considered 
internal rather than true external validation. 
Future multi-center prospective studies with 
independent datasets are needed to further 
assess the generalizability of the model. 
Second, only cases with complete clinical, sero-
logical, and imaging data were included in the 
final analysis, and cases with missing key vari-
ables were excluded, which may also have 
introduced potential selection bias. Third, the 
limited samples in certain pathological sub-
types can possibly impact model performance 
in rare tumor subtypes. Fourth, additional 
molecular markers, dynamic monitoring indi-
ces, and deep US image features were not ana-
lyzed. Future studies may consider integrating 
multi-omics data and high-dimensional imag-
ing information for predictive performance 
enhancement [31]. Fifth, this study employed 
logistic regression as the modeling framework, 
which assumes linear relationships between 
predictors and the log-odds of the outcome. 
While SHAP analysis was used for post-hoc 
interpretability, the model may not capture 
higher-order non-linear interactions among pre-
dictors that more flexible machine learning 
approaches could identify. Future studies may 
consider comparing logistic regression with 
such models in this clinical setting.

Conclusion

The comprehensive model shows excellent dis-
crimination, good calibration, and stable clini-
cal practicability in diagnosing EOC. O-RADS 
stands as the best-performing predictor; sero-
logical markers and tumor structure character-
istics offer significant incremental information. 
Through SHAP, the mechanism underlying each 
variable’s contribution to model predictions is 
revealed, which enhances model explainability, 

favoring its clinical use. The model, being a 
promising tool to assist risk stratification and 
decision-making, sheds light on multimodal 
intelligent diagnosis. 
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Figure S1. Research flowchart.

Table S1. Model performance at selected probability thresholds for early ovarian cancer prediction 
across datasets
Threshold Dataset Sensitivity Specificity PPV NPV Youden index
0.1 Training 0.967 0.748 0.728 0.97 0.715
0.1 Validation 0.967 0.788 0.737 0.975 0.754
0.2 Training 0.933 0.849 0.812 0.948 0.782
0.2 Validation 0.956 0.829 0.775 0.968 0.784
0.3 Training 0.922 0.895 0.86 0.943 0.818
0.3 Validation 0.944 0.87 0.817 0.962 0.814
0.4 Training 0.911 0.942 0.916 0.938 0.853
0.4 Validation 0.933 0.89 0.84 0.956 0.824
0.5 Training 0.9 0.957 0.936 0.932 0.857
0.5 Validation 0.911 0.938 0.901 0.945 0.849
Note: PPV, positive predictive value; NPV, negative predictive value. Threshold values represent predicted probability of early 
ovarian cancer. Training set: n=438 (180 malignant, 258 benign); Validation set: n=236 (90 malignant, 146 benign).


