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Purpose:  To develop a multimodality deep learning model (Ovarian Cancer Network [OCNet]) using dynamic contrast-enhanced US images to classify
adnexal lesions.

Materials and Methods:  This retrospective study included patients with pathologically confirmed adnexal lesions detected at US across 14 hospitals in China
between January 2018 and July 2023. Data were divided into the training set (7 = 275), internal testing set (7 = 57), and external testing set (7 = 63).
Two deep learning models (OCNet_  and OCNet ) were developed and compared with Ovarian-Adnexal Reporting and Data System (O-RADS)
US and the Assessment of Different Neoplasias in the Adnexa (ADNEX) model. Diagnostic performances of radiologists with and without assistance of
OCNet were also assessed.

Results: A total of 395 female patients (median age, 43 years; IQR, 31-55 years) were included (252 benign and 143 malignant lesions). OCNet_  and
OCNet, . achieved an area under the receiver operating characteristic curve (AUC) of 0.94 (95% CI: 0.89, >0.99) and 0.91 (95% CI: 0.83, 0.99),

respectively, outperforming O-RADS US (AUC, 0.79; 95% CI: 0.68, 0.89; P = .002 and P = .03, respectively) and the ADNEX model (AUC, 0.86; 95%
CI: 0.77, 0.95; P = .04 and P = .36, respectively). Additionally, the assistance of OCNet enhanced diagnostic performance for junior radiologists, improv-

ing the average AUC from 0.86 to 0.94 and the average specificity from 52% to 73%.

Conclusion: The OCNet model achieved higher performance than O-RADS US and the ADNEX model for classifying adnexal lesions and improved the

diagnostic performance of junior radiologists.
Supplemental material is available for this article.

©RSNA, 2025

varian cancer is the eighth most common cancer among

women (1-3) and the most lethal gynecologic cancer (4-6)
globally, with a 5-year survival rate in China of approximately
40% (7). Precise preoperative diagnosis of ovarian cancer is es-
sential for guiding treatment decisions, preventing unnecessary
interventions, and preserving fertility (8).

US is currently the first-line recommended imaging modality
for characterizing adnexal lesions (9—11). Various US-based di-
agnostic models, including International Ovarian Tumor Analy-
sis, Assessment of Different Neoplasias in the Adnexa (ADNEX)
model, and the American College of Radiology Ovarian-Ad-
nexal Reporting and Data System (O-RADS) US risk system,
have been implemented in recent years (9). The O-RADS US
system was introduced in 2019 to standardize ovarian lesion risk
assessment and management (12—14). Despite its high sensitiv-
ity, O-RADS US faces limitations with relatively low specificity
in accurately differentiating between solid-appearing blood clots,
debris, and solid tissue within tumors (14,15). Patients with
O-RADS category 4 and 5 lesions need referral to a specialist
consultation or further examination.

MRI serves as a useful secondary tool for O-RADS categories
4 and 5 adnexal lesions (9). MRI offers high-resolution (0.5-1.0

mm) images in classifying adnexal lesions. However, in regions of
Asia where clinical resources are often limited, MRI is not always
accessible (9). Acquiring MRI data is not only time-consuming
and costly but also poses challenges for patients who have claus-
trophobia or those with implanted medical devices. Contrast-en-
hanced US (CEUS) may serve as an alternative secondary ex-
amination imaging tool. Compared with MRI, CEUS is a more
cost-effective option for further characterizing adnexal lesions
(16-18), particularly for those lesions containing solid compo-
nents (18,19). Yet CEUS remains associated with specific shared
challenges, such as its high dependence on experience. A typical
CEUS video provides detailed perfusion patterns of various ad-
nexal lesions, containing rich, valuable information for diagno-
sis. However, to date, there are no current guidelines on how to
interpret CEUS images of adnexal lesions to assist in diagnosis.
This lack of guidelines poses a challenge for US radiologists who
are not well versed in the gynecologic application of the CEUS
technique.

The rapid development of artificial intelligence (Al)-based
deep learning (DL) is expected to address these limitations. How-
ever, most existing models rely on static images or single modal-
ities, failing to capture the dynamic and multisource nature of
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Abbreviations

ADNEX = Assessment of Different Neoplasias in the Adnexa, Al
= artificial intelligence, AUC = area under the receiver operating
characteristic curve, CA-125 = cancer antigen 125, CEUS = con-
trast-enhanced US, DL = deep learning, OCNet = Ovarian Cancer
Network, O-RADS = Ovarian-Adnexal Reporting and Data System

Summary

A multimodal deep learning model integrating contrast-enhanced US
images achieved higher performance than Ovarian-Adnexal Reporting
and Data System US and the Assessment of Different Neoplasias in
the Adnexa model for classifying adnexal lesions and improved the
diagnostic performance of junior radiologists.

Key Points

= Deep learning models integrating contrast-enhanced US images
named Ovarian Cancer Network (OCNet), including OCNet,
(area under the receiver operating characteristic curve [AUC], 0.94)
and OCNet, . (AUC, 0.91), outperformed Ovarian-Adnexal
Reporting and Data System US (AUC, 0.79; P =.002 and P = .03,
respectively) and the Assessment of Different Neoplasias in the
Adnexa model (AUC, 0.86; P = .04 and P = .30, respectively) in

classifying adnexal lesions.

= Assistance by the OCNet model improved junior radiologists’ spec-
ificity from 52% to 73% without reducing sensitivity.
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CEUS data (20). CEUS interpretation inherently requires precise
temporal modeling. Furthermore, synergistic information from
concurrent imaging modalities, such as B-mode or Doppler im-
aging, is often neglected in existing approaches.

In this study, we propose a multimodal DL model, Ovarian
Cancer Network (OCNet), using dynamic CEUS images as
a triage tool for the automatic diagnosis of adnexal lesions.
We evaluated the performance of OCNet compared with
O-RADS US and the ADNEX model and assessed its value in

assisting radiologists.

Materials and Methods

Study Design and Patients

This retrospective study included patients with US-detected
adnexal lesions from 14 hospitals in China between January
2018 and July 2023. All patients underwent preoperative
CEUS examinations at least 120 days before surgery (21).
Data were divided into training and internal testing sets from
11 hospitals and an external testing set from three hospitals.
Ethical approval was obtained from the Third Affiliated Hos-
pital of Sun Yat-Sen University, and the requirement for in-
formed consent was waived due to the study’s retrospective
nature. Patients with a history of ovarian cancer, those preg-
nant during examination, and those without final pathologic
results were excluded from the study. Pathologic examination
served as the reference standard.

Data on baseline characteristics, including age, cancer anti-
gen 125 (CA-125) levels, menopausal status, and pathologic
outcomes, were collected from the hospital database. Postmeno-
pausal status was defined as age over 50 years with a history of
hysterectomy or 12 consecutive months of amenorrhea.
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For bilateral adnexal lesions, the lesion with the most complex
US morphology was selected for analysis. If the US morphology
of both masses was similar, the largest mass was selected for anal-
ysis. All images were anonymized and assigned unique numerical
identifiers. Figure 1 outlines the study workflow.

Imaging Protocol

Preoperative pelvic US, including both unenhanced US and
CEUS, were conducted using three systems: Philips EPIQ 7
(Philips Healthcare), Mindray Nuewa R9/Resona 7 (Mindray),
and GE LOGIQ E9 (GE HealthCare). Experienced radiologists
with more than 5 years of experience in gynecologic US per-
formed these examinations without access to patients’ clinical
information. For CEUS, 1.5 mL (for transabdominal protocol)
or 2.4 mL (for transvaginal protocol) of contrast agent (Son-
oVue; Bracco) was injected, followed by a 5-mL saline flush,
with recording starting at injection to maintain timing consis-
tency. A 90-second video was captured using a stationary probe,
primarily transvaginally, but transabdominally for lesions ex-
ceeding 6 cm.

O-RADS US and ADNEX Assessment

To maintain quality control, two senior radiologists (M.Z. and
E.Q.) with more than 5 years of experience in gynecologic US
independently reviewed all images without access to patients’
clinical or pathologic data. Lesions in the external testing set
were evaluated using the updated 2022 O-RADS US lexicon,
with each lesion assigned an O-RADS category and assessed via
the ADNEX model for malignancy probability. Any assessment
discrepancies were resolved through discussion.

The ADNEX model (22) is based on nine predictor variables,
including three clinical variables and six US variables: type of cen-
ter, patient age, CA-125 level, maximum diameter of the lesion,
proportion of solid tissue, number of papillary projections, pres-
ence of more than 10 cyst locules, presence of acoustic shadows,
and presence of ascites.

CEUS Image Preprocessing

The extraction of CEUS key frames was primarily conducted
via manual frame extraction.

For manual extraction, MicroDicom Viewer software (version
3.4.7; MicroDicom) was used to convert CEUS videos into static
frames. A radiologist (M.W., with 5 years of experience in gy-
necologic US) drew a region of interest that outlined the lesion
border on the CEUS video to generate a time-intensity curve,
which was generated either on the US machine or offline. Using
the time-intensity curve, six representative frames (T'1, beginning
of enhancement; T2, 10 seconds before peak enhancement; T3,
5 seconds before peak enhancement; T4, time of peak enhance-
ment; T5, 10 seconds after peak enhancement; T6, 20 seconds
after peak enhancement) were extracted from the CEUS video
(Fig 2).

Automated extraction of CEUS key frames was also investi-
gated in the study. The approach is outlined in Figure S1.

Development of Multimodality OCNet Model

The study developed two OCNet models, OCNet_  and OC-
Net Both models incorporated four modalities: CEUS

automated
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Figure 1:

Study workflow. (A) Data acquisiion of multimodality Ovarian Cancer Network (OCNet) model. (B) Development of OCNet model. (€) Performance eval-

uation and inferpretation of OCNet model. ADNEX = Assessment of Different Neoplasias in the Adnexa, Al = artificial intelligence, AUC = area under the receiver operating
characteristic curve, CA-125 = cancer antigen 125, CEUS = contrast-enhanced US, O-RADS = Ovarian-Adnexal Reporting and Data System, ROI = region of interest.

images, color Doppler images, grayscale US images, and clinical
data. Visual data were standardized to a 256 x 256 resolution.
Clinical data comprised age, CA-125 level, and menopausal
status, with age grouped into 10-year intervals using one-hot
encoding and CA-125 levels normalized.

Figure 3 illustrates the overall framework of OCNet, which
consists of three stages: feature extraction, multimodal fusion,
and cognitive reasoning. In the first stage, a multimodal feature
extractor gathered features from different data sources, includ-
ing CEUS images, color Doppler images, grayscale US images,
and clinical text data. This extractor included three branches: a
dynamic temporal shift module for extracting dynamic visual in-
formation from CEUS images, a static ResNet18 for static visual
information from color Doppler and grayscale US images, and
an attribute encoder with vector quantization for clinical attri-
butes. The temporal shift module enhances temporal modeling
by shifting some channels along the temporal dimension before
spatial convolutions, without requiring computation. Channels
were divided into three groups: one shifting forward, one shifting

Radiology: Artificial Intelligence Volume 8: Number 12026 = radiology-ai.rsna.org

backward, and one remaining static. For a feature map, shifts
were precisely defined per group. The temporal receptive field
was set to six, representing six key frames or segments, with a
shift stride of one due to the limited segments. Optimization was
achieved using the AdamW optimizer and Lambdal.R scheduler,
with label smoothing at 0.05 to reduce overfitting and a dropout
rate of 0.7. During testing, we followed the same procedure as in
the training phase.

In the second stage, a multimodal fusion module was devel-
oped to combine features from different branches. Initially, fully
connected layers projected the features from the first stage into a
shared space, with each feature handled by a separate fully con-
nected layer. Clinical features then guided visual features using
a Hadamard product, enabling the clinical features to activate
key regions within the visual features. The enhanced CEUS dy-
namic features were fused with other static image features using
a cross-attention mechanism, in which dynamic visual features
served as the query and static visual features as the key and value.
Static image features were also integrated through element-wise

3
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Figure 2:

addition. Ultimately, all fused features were input into the classi-
fier for prediction.

In the third stage, a multibranch cognition block was created
for advanced recognition, functioning in two steps. Ultimately, a
mean pooling operator combined all initial recognition results for
a more reliable outcome.

Our model was developed using PyTorch (version 2.0.1; Li-
nux Foundation) and trained on NVIDIA GeForce RTX 3090
graphics processing units. As shown in Figure 3, all DL networks
were trained from scratch in an end-to-end manner. We used
AdamW as the optimizer, with a learning rate of 0.001, a weight
decay of 0.0001, and a batch size of 16, following best practices.

The LambdalR scheduler from torch.optim.Ir_scheduler
was used with the AdamW optimizer, adjusting the learning
rate by multiplying it by 0.995 each epoch, resulting in a power
function decay.

To interpret the OCNet’s predictions, heatmaps were gener-
ated using gradient-weighted class activation mapping.

The performance of OCNet’s multibranch fusion architecture
and its capacity to integrate information from multiple modalities

Radiology: Artificial Intelligence Volume 8: Number 1—2026 = radiology-ai.rsna.org

Pkl(dB)

Data preprocessing for manual extraction of contrast-enhanced US (CEUS) images. Based on the time-intensity curve of the ovarian
lesion (T1, beginning of enhancement; T2, 10 seconds before peak enhancement; T3, 5 seconds before peak enhancement; T4, time of peak
enhancement; T5, 10 seconds after peak enhancement; T, 20 seconds after peak enhancement), a maximum cross-section static image and six
representative frames were extracted from CEUS data. ROl = region of inferest.

was also evaluated. In our comparative analysis, we used standard
fusion methods prevalent in the field of multimodal research and
focused on the comparison of fusion strategies for three types of
imaging data after integrating the features of clinical data.

In the external testing set, Al-assisted diagnosis was used to
evaluate 63 lesions for malignancy.

The assessment involved five senior readers (with more than
5 years of experience in gynecologic US) and five junior readers
(with 1 or 2 years of experience in gynecologic US), all blinded to
each other’s evaluations and without access to pathologic results.
All readers were fixed and uniquely selected. The modified CEUS
O-RADS US score (Table S1) was used for assessment. Based on
established criteria (16), the O-RADS category was upgraded for
a CEUS score of 4 or more, downgraded for a score of 2 or less,
and remained unchanged for a score of 3.

The Al-assisted diagnostic decision-making process was
made by averaging the probabilities assigned by the model and
the readers.
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Figure 3: Flowchart and architectural framework of the proposed Ovarian Cancer Network model. TSM = temporal shift module.

Statistical Analysis

Categorical variables are described as numbers (percentages)
and were compared with the y* test. Continuous variables
are expressed as medians (IQRs) and were analyzed using the
Mann-Whitney U test. The model’s diagnostic performance
was evaluated with AUC (95% Cls), with AUC comparisons
tested via DeLong statistics. Decision curve and calibration
curve analysis were also conducted. A 10% cutoff for AD-
NEX indicated malignancy, with O-RADS US 4 and 5 also
considered malignant. Al model cutoffs were set based on a
negative likelihood ratio near 0.10, with OCNet_  and OC-
Net . cutoffsar 0.251 and 0.181, respectively. Therefore,
we chose a cutoff of 0.200 for both models. Sensitivity, speci-
ficity, and predictive values with 95% Cls were presented, and
sensitivity and specificity were compared using the McNemar
test. A Bayesian logistic mixed-effects model was performed to
evaluate intraclass correlation coeflicients to assess agreement
across readers. All analyses were conducted using R software
(version 4.4.3; R Foundation) and Python (version 3.7.15;
Python Software Foundation).

P < .05 indicated a significant difference. For statistical consid-
erations, a borderline ovarian tumor was considered malignant.

Code Availability

The code base for training the DL models used in this study is
available at hrtps://github.com/1325116124/DL-Adnexal-Lesions/
tree/master.

Results

Dataset Characteristics

A total of 395 female patients (median age, 43 years [IQR,
31-55 years]) were included (252 benign and 143 malignant

Radiology: Artificial Intelligence Volume 8: Number 12026 = radiology-ai.rsna.org

lesions). Data were divided into the training set (7 = 275),
internal testing set (7 = 57), and external testing set (7 = 63).
Table 1 provides a detailed summary of the baseline charac-
teristics of the training and testing sets. The malignancy rate
was 34.5% (95 of 275), 40.4% (23 of 57), and 39.7% (25
of 63) in the training set, internal testing set, and external
testing set, respectively.

OCNet, O-RADS US, and the ADNEX Model for Classifying

Adnexal Lesions

As presented in Table 2, OCNet  and OCNet vielded
high classification performance in distinguishing malignant
from benign adnexal lesions, both in the internal (AUC, 0.99
[95% CI: 0.97, >0.99] vs AUC, 0.99 [95% CI: 0.96, >0.99])
and external testing set (AUC, 0.94 [95% CI: 0.89, >0.99] vs
AUC, 0.91 [95% CI: 0.83, 0.99]). We found no evidence of
a difference in the AUCs between OCNer_  and OCNet
omaed P =79 and P = .28 in the internal and external testing
sets, respectively).

Figure 4 shows the AUC comparisons between OCNet-
e OCNet . O-RADS US, and the ADNEX model
in characterizing adnexal lesions in the external testing set.

Both OCNet =~ and OCNet .~ demonstrated higher
performance relative to O-RADS US (AUC, 0.79; 95% CI:
0.68, 0.89; P = .002 and P = .03, respectively). OCNet_
and OCNet  also presented improved specificity versus
O-RADS US (87% vs 26%; P < .001 and 84% vs 26%; P <
.001, respectively). OCNet_ presented improved diagnos-
tic performance compared with the ADNEX model (AUC,
0.86; 95% CI: 0.77, 0.95; P = .04). There was no evidence
of differences in the AUCs between OCNet  and the

ADNEX model (2 = .36). However, higher specificities were
observed in OCNet and OCNet compared with the

automated
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Table 1: Baseline Characteristics of Each Dataset

Characteristic

Training Set (7 = 275)

Internal Testing Set (7 = 57)

External Testing Set (1 = 63)

Menopausal status

Premenopausal 194 (70.5)
Menopausal 81 (29.5)
Age (y) 39.0 (29.0-54.0)
Cancer antigen 125 (U/mL)* 28.8 (18.2-102.9)
Pathology
Benign lesions 180 (65.5)
Opvarian theca-fibroma 20 (7.3)
Mature teratoma 38 (13.8)
Cystadenoma 46 (16.7)
Cystadenofibroma 2(0.7)
Endometrioma 48 (17.5)
Pelvic abscess 5(1.8)
Pelvic inflammatory disease 8(2.9)
Simple cyst 10 (3.6)
Functional cyst 2(0.7)
Corpus luteum 1(0.4)
Other benign lesions 0
Malignant lesions 95 (34.5)
Borderline lesions 23 (8.4)
Serous cystadenocarcinoma 43 (15.6)
Mucinous cystadenocarcinoma 0
Adenocarcinoma 7 (2.5)
Endometrioid carcinoma 3 (1.1)
Germ cell tumor 4(1.5)
Clear cell tumor 4 (1.5)
Metastatic cancer 7 (2.5)
Other malignant lesions 4 (1.5)

29 (50.9)

28 (49.1)

47.0 (33.0-57.0)
47.2 (17.8-239.4)

34 (59.6) 38 (60.3)
4(7.0) 5(7.9)

6 (10.5) 14 (22.2)
11 (19.3) 7 (11.1)
0 0

6 (10.5) 7 (11.1)
0 1(1.6)

0 0

6 (10.5) 2(3.2)
1(1.8) 0

0 0

0 2(3.2)
23 (40.4) 25 (39.7)
3(5.3) 6(9.5)
11 (19.3) 6(9.5)

0 1(1.6)
2(3.5) 4(6.3)
1(1.8) 0

0 1(1.6)
3(5.3) 2(3.2)

0 2(3.2)
3(5.3) 3 (4.8)

39 (61.9)

24 (38.1)

48.0 (35.5-57.5)
20.8 (20.0-139.9)

lesion per patient.

*To convert to kilounits per liter, multiply by one.

Note.—Continuous variables are medians with IQRs in parentheses; categorical variables are numbers with percentage in parentheses. One

Table 2: Diagnostic Performance of OCNet and OCNet_ ,_ for Adnexal Lesions
Variable AUC* Sensitivity* Specificity* PPV NPV
Internal testing set’
OCNet_ 0.99 (0.97, >0.99) 91 (72, 99) 85 (69, 95) 81 (61, 93) 94 (79, 99)
OCNet, 0.99 (0.96,0.99) 91 (72, 99) 91 (76, 98) 88 (68, 97) 94 (80, 99)
External testing set’
OCNet, 0.94 (0.89, 50.99) 88 (69, 98) 87 (72, 96) 82 (62, 94) 92 (78, 98)
OCNet, 0.91(0.83,0.99) 88 (69, 98) 84 (69, 94) 79 (59, 92) 91 (77, 98)

T Curofts for OCNet, _ and OCNet

automated

Note.—Data in parentheses are 95% Cls. Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) are
percentages. AUC = area under the receiver operating characteristic curve, OCNet = Ovarian Cancer Network.

* All comparisons were not significantly different (2> .05).
were 0.200 for diagnosing adnexal malignancy.

ADNEX model in assessing adnexal lesions (87% vs 32%; P <
.001 and 849% vs 32%; P < .001, respectively).

Comparison of Performance between OCNet and

Radiologists

Table S2 presents the adjusted positive predictive values,
negative predictive values, and Brier scores for the OCNet
model using a prevalence of 10%. The decision curve and
model calibration analysis are illustrated in Figures S2 and

S3.

Radiology: Artificial Intelligence Volume 8: Number 12026 = radiology-ai.rsna.org

In the external testing set, the senior radiologists obtained an
average AUC of 0.93, as depicted in Table 3. When comparing
the performance between OCNet and radiologists, both OC-
Net and OCNet showed a markedly higher AUC

manual automated

and specificity compared with the junior radiologists in the
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Figure 4:  Graph of performance comparison of area under the receiver op-

erating characteristic curve (AUC] values among the proposed Ovarian Cancer
Network (OCNet), Ovarian-Adnexal Reporting and Data System (O-RADS) US,
and Assessment of Different Neoplasias in the Adnexa (ADNEX) model.

external testing dataset. However, we found no evidence of a
difference in AUCs between OCNet and the senior readers in
assessing adnexal lesions.

Al-assisted Diagnosis

The impact of Al assistance on diagnostic performance be-
tween senior and junior radiologists is presented in Table 3.
The average AUC for the junior readers was improved from
0.86 to 0.94 when using OCNet in the external testing data-
set. Specifically, the average specificities for the junior readers
increased from 52% to 73% with the aid of OCNet. With
the assistance of OCNet, the junior radiologists achieved
diagnostic performance comparable to that of the senior ra-
diologists without Al assistance. For the senior readers, as-
sistance of OCNet brought only small benefits and did not
yield any differences in diagnostic performance. The logistic
mixed-effects model showed that the intraclass correlation
coeflicient for experience level was 0.162, indicating 16.2%
of variance attributable to experience level. The correspond-
ing intraclass correlation coefficient between radiologists was
0.0025, indicating only 0.25% of variance due to individual
differences. This finding indicates that diagnostic perfor-
mance variability was primarily driven by experience level,
not by individual reader differences.

Interpretation of Model Prediction

As shown in Figure 5, for malignant lesions, OCNet focused
on the tumor area, while for benign lesions, it focused on
the lesion boundaries. Figure S4 demonstrates the relation-
ship between the temporal analysis of CEUS sequences and
heatmap visualization.

Radiology: Artificial Intelligence Volume 8: Number 12026 = radiology-ai.rsna.org
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Details of Lesions Misclassified by OCNet

Table 4 details the lesions misclassified by OCNet. OCNet-
and OCNet

manual automated

malignant) and nine (six benign, three malignant) lesions, re-

misclassified seven (four benign, three

spectively. As illustrated in Figure 6, all target regions of the
heatmaps identified by OCNet_

senior reader’s findings. Among its misclassified cases, four be-

were consistent with the

nign lesions exhibited malignant features on CEUS, potentially
leading to model error. Conversely, two of the three misclas-
sified malignant lesions displayed malignant characteristics on
CEUS that the model failed to identify; the third (ID: 2-1-060)
exhibited benign enhancement patterns, making correct classi-
fication challenging.

Discussion

The use of CEUS for assessing adnexal pathologies is gaining
interest. Integrating CEUS into O-RADS US classifications im-
proves lesion differentiation (18,19), offering a viable alterna-
tive where MRI is unavailable. However, its global adoption in
gynecology remains limited by the requirement for specialized
examiners. To our knowledge, this retrospective multicenter
study proposed the first DL models that integrate CEUS im-
ages with high performance for classifying adnexal lesions. In
the external testing test, both OCNet and OCNetr
models revealed high diagnostic performance, with AUCs of
0.94 (95% CI: 0.89, >0.99) and 0.91 (95% CI: 0.83, 0.99), re-
spectively, outperforming the O-RADS US system and achiev-
ing higher specificity compared with the ADNEX model. With
the assistance of OCNet, the average specificity of the junior
radiologists was markedly improved from 52% to 73% with-
out compromising sensitivity, suggesting its potential to reduce
false-positive results in clinical practice.

Our OCNet model demonstrated higher diagnostic specific-
ity for classifying adnexal lesions compared with the O-RADS
US system and the ADNEX model. Unlike the study by Moro
et al (23), in which the ADNEX model was nearly as effective as
expert US assessment, our study shows OCNet’s superior speci-
ficity. This difference may be due to our inclusion of CEUS im-
ages, which enhance diagnostic performance, and the inclusion
of more complex adnexal lesions, which may lower the specificity
of the ADNEX model.

In line with the findings of previous studies, our study con-
firmed that DL models could serve as an effective imaging tool in
differentiating malignant from benign ovarian tumors (24-26).
Chen et al (27) suggested that the DL algorithms using US im-
ages can achieve a high AUC of 0.93, which is comparable with
expert assessments. More recently, Xiang et al (28) developed
OvcaFinder by integrating image-based DL predictions, readers’
assessments, and clinical parameters, with an AUC of 0.947 for
assessing ovarian cancer. A noteworthy feature of our research
is the integration of multimodality data, which integrated dy-
namic CEUS images for the first time. Additionally, our model
also demonstrated robust cross-device generalization. Although
being primarily trained on Mindray systems, both OCNet
and OCNet  maintained high AUCs on Philips (0.97 and
0.94, respectively) and GE (0.90 and 0.92, respectively) devices.
These results highlight the model’s strong cross-device generaliza-
tion capability.
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Table 3: Impact of Artificial Intelligence Assistance on Diagnostic Performance between Senior and Junior Radiologists
Variable AUC* Sensitivity" Specificity* PPV NPV
Junior radiologists
Without OCNet
Reader 1 0.87(0.78,0.95) 92 (74,99) 53 (36, 69) 56 (40, 72) 91 (71, 99)
Reader 2 0.85 (0.76, 0.94) 96 (80, 100) 47 (31, 64) 55 (39, 70) 95 (74, 100)
Reader 3 0.86 (0.78, 0.94) 100 (86, 100) 50 (33, 67) 57 (41, 72) 100 (82, 100)
Reader 4 0.87 (0.80, 0.95) 100 (86, 100) 50 (33, 67) 57 (41, 72) 100 (82, 100)
Reader 5 0.86 (0.78, 0.94) 100 (86, 100) 58 (41, 74) 61 (45, 76) 100 (85, 100)
With OCNet_
Reader 1 0.94 (0.88,>0.99) 92 (74, 99) 82 (66, 92) 77 (58, 90) 94 (80, 99)
Reader 2 0.94 (0.89,0.99) 92 (74, 99) 79 (63, 90) 74 (55, 88) 94 (79, 99)
Reader 3 0.94 (0.89,>0.99) 96 (80, 100) 71 (54, 85) 69 (51, 83) 96 (82, 100)
Reader 4 0.95 (0.90, >0.99) 96 (80, 100) 79 (63, 90) 75 (57, 89) 97 (83, 100)
Reader 5 0.95 (0.90, >0.99) 100 (100, 100) 74 (57, 87) 71 (54, 85) 100 (100, 100)
With OCNet
Reader 1 0.94 (0.88,>0.99) 96 (80, 100) 74 (57, 87) 71 (53, 85) 97 (82, 100)
Reader 2 0.94 (0.88, 0.99) 100 (100, 100) 74 (57, 87) 71 (54, 85) 100 (100, 100)
Reader 3 0.95 (0.89,>0.99) 100 (100, 100) 63 (46, 78) 64 (47,79) 100 (100, 100)
Reader 4 0.94 (0.89,>0.99) 100 (100, 100) 71 (54, 85) 69 (52, 84) 100 (100, 100)
Reader 5 0.94 (0.88,>0.99) 100 (100, 100) 68 (51, 83) 68 (50, 82) 100 (100, 100)
Senior radiologists
Without OCNet
Reader 6 0.93 (0.86,0.99) 92 (74, 99) 79 (63, 90) 74 (55, 88) 94 (79, 99)
Reader 7 0.92 (0.85, 0.99) 88 (69, 98) 79 (63, 90) 73 (54, 88) 91 (76, 98)
Reader 8 0.92 (0.85, 0.99) 88 (69, 98) 79 (63, 90) 73 (54, 88) 91 (76, 98)
Reader 9 0.94 (0.88,>0.99) 92 (74, 99) 84 (69, 94) 79 (60, 92) 94 (80, 99)
Reader 10 0.93 (0.86, 0.99) 88 (69, 98) 79 (63, 90) 73 (54, 88) 91 (76, 98)
With OCNet_
Reader 6 0.96 (0.92,>0.99) 96 (80, 100) 90 (75, 97) 86 (67, 96) 97 (85, 100)
Reader 7 0.96 (0.91,>0.99) 92 (74, 99) 90 (75, 97) 85 (66, 906) 94 (81, 99)
Reader 8 0.96 (0.91,>0.99) 92 (74, 99) 90 (75, 97) 85 (66, 906) 94 (81, 99)
Reader 9 0.97 (0.94, >0.99) 96 (80, 100) 92 (79, 98) 89 (71, 98) 97 (86, 100)
Reader 10 0.96 (0.92,>0.99) 92 (74, 99) 90 (75, 97) 85 (66, 96) 94 (81, 99)
With OCNet,
Reader 6 0.96 (0.92,>0.99) 100 (100, 100) 87 (72, 96) 83 (65, 94) 100 (100, 100)
Reader 7 0.96 (0.91,>0.99) 84 (64, 96) 92 (79, 98) 88 (68, 97) 90 (76, 97)
Reader 8 0.95 (0.91,>0.99) 84 (64, 96) 92 (79, 98) 88 (68, 97) 90 (76, 97)
Reader 9 0.97 (0.93,>0.99) 100 (100, 100) 87 (72, 96) 83 (65, 94) 100 (100, 100)
Reader 10 0.96 (0.92,>0.99) 96 (80, 100) 84 (69, 94) 80 (61, 92) 97 (84, 100)
Note.—Data in parentheses are 95% Cls. Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) are
percentages. AUC = area under the receiver operating characteristic curve, OCNet = Ovarian Cancer Network.
* The assistance of OCNet  and OCNet  significantly improved the AUCs for junior radiologists (all 2 < .05). For senior radiolo-
gists, all comparisons were not significantly different (2 > .05).
" For sensitivity analysis, all comparisons were not significantly different (2 > .05).
#The assistance of OCNet_  and OCNet  significantly improved the specificities for junior radiologists, except for the difference
between reader 3 with OCNet,  and reader 3 without OCNet (7 = .07). For senior radiologists, all comparisons for specificities were not
significantly different (P> .05).

In our study, the OCNet_  model misclassified seven lesions Our model is designed to work seamlessly with the com-
in the external testing set. Among the four benign misdiagnoses, mon picture archiving and communication systems by fol-
all were either infected endometriomas or atypical mature tera- lowing established protocols, such as using Digital Imaging
tomas. These lesions exhibited features on both conventional US and Communications in Medicine for image transmission and
and CEUS that closely mimicked malignancy, thereby challeng-  Health Level Seven for connecting with electronic health re-
ing the model and limiting its performance. To address this lim- cords. In practice, radiologists would first evaluate the model’s
itation and enhance the model’s robustness for complex lesions, ~ heatmaps for credibility. If considered credible, radiologists
future work will focus on expanding the training dataset. can use the model’s probability estimation to downgrade or
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Malignant adnexal lesions

Resized Resized
grayscale ROI Heatmap Resized ROI grayscale ROI

Resized ROI

Heatmap

Figure 5: Examples of heatmaps generated by the Ovarian Cancer Network model for discrimination between malignant ovarian lesions and
benign ovarian lesions. The first, second, and third rows in each section display the original B-mode US, contrast-enhanced US, and the correspond-
ing heatmap, respectively. In the heatmaps, the color spectrum from red fo blue indicates regions from high fo low attention by the model, highlighting
areas that most influenced its decision. Generally, for malignant lesions, the Ovarian Cancer Network focused on the tumor area, while for benign
lesions, it focused on the lesion boundaries. ROl = region of interest.
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Figure 6:

2-0-099

Heatmap visualization shows the misclassified seven cases by the Ovarian Cancer Network

2-1-001

2-1-032

2-1-060

model. The first, second, and third rows display the original

‘manual

B-mode US image, contrast-enhanced US image, and the associated classification heatmap. The heatmap uses a color gradient, where red hues denote regions of highest

model activation and blue hues indicate areas of lower attention. ROl = region of interest.

upgrade the O-RADS US score. Users should be aware that
heatmaps that do not match the model’s predictions may
suggest mistakes and should be interpreted with caution. A
self-supervision mechanism has been established to prevent
overreliance and alert fatigue, by which the system occasion-
ally presents deliberately incorrect outputs—roughly once a
week—and if a user accepts these results, an alert is generated,
promoting ongoing critical assessment of the Al assistance.

This study had limitations. First, as a retrospective analysis,
our study revealed a higher prevalence of malignancy compared
with prior studies (27,29), most likely due to selection bias in
real-world data. Many adnexal lesions were referred from local
hospitals to our specialized centers, resulting in more complex
and malignant cases. Additionally, the use of surgical resection
as the reference standard may have skewed results toward high-
risk lesions, increasing the number of malignant cases. Second,
the preprocessing of dynamic contrast-enhanced images still re-
quires improvement. To address the issue of labor cost for man-
ual extraction, we have incorporated an automated Al-driven
framework for CEUS key-frame extraction. Yet the accuracy of
the current automated Al-driven framework still needs to be
enhanced. One potential reason for this limitation is that the Al
model’s ability to generate time-intensity curves may not achieve
the same level of precision as manually generated time-inten-
sity curves. Third, in the current study, we could not conduct a
more in-depth analysis of the impact of various CEUS enhance-
ment patterns on the model due to limited sample size. Finally,
the 63-lesion external testing set was underpowered.

In conclusion, this study demonstrates that the proposed OC-
Net models can serve as a low-cost, easily accessible, and accu-
rate diagnostic tool for adnexal lesions. The OCNet model in-
tegrated CEUS images for the first time and enables expert-level
distinctions for adnexal lesions. With the assistance of the OC-
Net model, false-positive rates were significantly reduced without
sacrificing high sensitivity. Our results indicated that the fusion

Radiology: Artificial Intelligence Volume 8: Number 12026 = radiology-ai.rsna.org

of the OCNet model with radiologists’ knowledge may enhance
diagnostic accuracy, ultimately leading to better patient outcomes
for those with ovarian cancer. Future prospective validation in
prevalence-matched cohorts is needed to verify the generalizabil-
ity and clinical value of the AI models.
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