Bllé*

ntegration

Ultrasound-Trained Artificial Intelligence
for Postmenopausal Adnexal Lesion

Characterization: A Multicenter Diagnostic
Accuracy Study

o
=
=
=
=
>
-
=
0
o

Graphical abstract Authors

Adnexal lesions - Manli Wu, Jiawei Wu, Ying Wang,
ey Wenjun Zhang, Jiang Zhu, Liyi
You, Yun Wu, Na Di, Wenkai Li,
Qinfeng Kong, Biyun Sun, Guoyi
Zhou, Jiahao Luo, Yutong Li,
Sheng Zhao, Xin Zhou and Xinling
Zhang

Grayscale
ultrasound

Heatmap

Correspondence

zhxinl@mail.sysu.edu.cn

Serous carcinoma Serous carcinoma Mature teratoma
Malignant risk score: 0.835  Malignant risk score: 0.987  Malignant risk score: 0.012

Ultrasound-Trained Artificial Intelligence for Postmenopausal Adnexal Lesion

Characterization: A Multicenter Diagnostic Accuracy Study

In brief
Highlights

Our proposed DL models have the
potential to help radiologists differen-

e Model . yielded the highest AUC (0.964) among five DL models. . . .
swin_transformer =~ " . . tiate benign from malignant adnexal
e Model . achieved comparable diagnostic accuracy to the ADNEX .
model swin_transformer lesions among postmenopausal women.
' . . . .o The models could potentially serve as a
* Model , . improved the diagnostic performance for junior . .
. swin_transformer triage tool to exclude low-risk adnexal
radiologists. lesions in low-resource settings
* Model , .. did not significantly improve the diagnostic performance £
for attending radiologists and senior radiologists.
* Model achieved superior diagnostic accuracy in purely cystic

swin_transformer

lesions, solid lesions, and lesions with a maximum diameter < 100 mm.

BIOI 2025, Vol 6, 36 1
https://bio-integration.org doi: 10.15212/bioi-2025-0175 com sori Jr
©2025 The Authors. Creative Commons Attribution 4.0 International License —&


https://bio-integration.org
mailTo:zhxinl@mail.sysu.edu.cn

riginal Article

B%ntegr ation

Ultrasound-Trained Artificial Intelligence
<l for Postmenopausal Adnexal Lesion
Characterization: A Multicenter Diagnostic

Accuracy Study

Manli Wu'2, Jiawei Wu'-2, Ying Wang'2, Wenjun Zhang?, Jiang Zhu?3, Liyi You*, Yun Wu®, Na Di¢, Wenkai L7,
Qinfeng Kong?®, Biyun Sun®, Guoyi Zhou'?, Jiahao Luo'°, Yutong Li'°, Sheng Zhao''®, Xin Zhou'™® and Xinling

Zhang'b*

Abstract

Objective: The purpose of this work was to establish and assess deep learning (DL) models based on ultra-
sound images for discriminating between benign and malignant adnexal lesions in postmenopausal women.
Materials and methods: In this retrospective multicenter study, a total of 662 adnexal lesions from 662
postmenopausal women between January 2020 and December 2024 were included. Five DL models (mod-
€l nerso? modelgwi“_[msfomr, model , modelc(mvnex[_ﬁ“y, and modelkegm_y_sgf) were trained and validated. Model
performance was assessed with area under the curve (AUC), sensitivity, specificity, positive predictive value,
and negative predictive value. The Assessment of Different NEoplasias in the adneXa (ADNEX) model
without CA-125 was applied for comparison. The diagnostic performance of junior radiologists was assessed
without or with DL model assistance. In addition, subgroup analysis was performed to assess the robustness
of the DL models.
Results: Model . - yielded the highest AUC (0.964) among DL models in the external validation
cohort (n = 93), with high sensitivity (0.952) and specificity (0.903). No statistical difference was observed
between the AUCs of model , . and the ADNEX model (AUC: 0.968; P = 0.819). Junior radiologists
assisted by the DL model exhibited improved diagnostic performance, with higher AUCs (0.938 vs. 0.819;
0.944 vs. 0.838) and sensitivity (0.905 vs. 0.667; 1.000 vs. 0.857), while maintaining comparable specificity.
However, model . - “did not significantly improve the diagnostic performance of attending radiolo-
gists and senior radiologists. Subgroup analyses revealed that model , . presented superior diagnostic
accuracy in purely cystic lesions, solid lesions, and lesions with a maximum diameter < 100 mm.
Conclusion: The proposed DL model has potential to assist radiologists in classifying adnexal lesions
in postmenopausal women by effectively enhancing the diagnostic performance of junior radiologists in
resource-limited healthcare settings.
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Introduction

Ovarian carcinoma is the eighth most com-
mon neoplasm and the eighth deadliest
cancer among women worldwide [1, 2]. In
2022, approximately 206,839 deaths and
324,398 new cases occurred globally [3].
The incidence of ovarian cancer is increas-
ing in certain regions, particularly in Asia
and Eastern Europe [4]. Consequently, the
accurate differentiation between benign
and malignant adnexal lesions is critical
for determining optimal treatment strate-
gies [5].

Transvaginal ultrasonography is recom-
mended as the first-line imaging modality

for the assessment of adnexal malignan-
cies, because of its non-ionizing nature,
cost-effectiveness, and real-time evalua-
tion capability [6]. However, its diagnostic
performance is highly operator-dependent:
less experienced practitioners demon-
strate lower accuracy and interobserver
agreement. This variability can result in
significant clinical errors, such as delayed
cancer diagnoses or unwarranted medical
interventions, thereby placing consider-
able strain on healthcare resources [7, 8].
Several evidence-based frameworks have
been created to standardize the classifi-
cation of adnexal lesions, including the
Risk of Malignancy Index (RMI) [9], the
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International Ovarian Tumour Analysis (IOTA) Simple Rules
[10, 11], the IOTA Assessment of Different NEoplasias in the
adneXa (ADNEX) model [12], and the American College
of Radiology (ACR) Ovarian-Adnexal Reporting and Data
System (O-RADS) [13-15]. Among these, the ADNEX
model exhibits the highest performance, achieving an area
under the curve (AUC) of 0.94 [12, 16]. Despite their high
diagnostic accuracy, these models’ applications remain con-
strained by the inherent subjectivity of the operator’s initial
ultrasound interpretation [16—18].

The diagnosis of adnexal masses has greatly benefited
from recent developments in deep learning (DL) models
[19]. These models can capture subtle imaging features that
might be missed by traditional ultrasound interpretation,
thus enabling more accurate preoperative discrimination
between benign and malignant ovarian lesions [20]. Recent
studies have shown that convolutional neural networks can
correctly classify adnexal lesions, with AUCs ranging from
0.90 to 0.95 [6, 21-24]. However, current diagnostic mod-
els using artificial intelligence (Al) to distinguish between
benign and malignant ovarian masses were developed on the
basis of data from adult women > 18 years of age. Because
postmenopausal women have greater risk of ovarian malig-
nancies than premenopausal counterparts [25], a critical
need exists to focus diagnostic strategies on postmenopau-
sal women. Nonetheless, to our knowledge, no prior studies
have developed a DL model for diagnosing adnexal masses
in postmenopausal individuals [26, 27].

Hence, this study was aimed at establishing and validating
a DL network to distinguish benign cases from ovarian can-
cer in postmenopausal individuals.

Methods
Study design

This retrospective study included adnexal lesions detected
on routine ultrasound at tertiary hospitals in China between
January 2020 and December 2024. Ethical approval was
obtained from the institutional review boards of the Third
Affiliated Hospital of Sun Yat-sen University (EY2022-117-
04), and the requirement for informed consent was waived
because the study was conducted retrospectively.

Eligibility was restricted to postmenopausal women with
lesions that were either: (1) expectantly managed for at least
6 months and classified as benign by an ultrasound expert’s
subjective assessment or (2) surgically removed with availa-
ble histopathological confirmation within 120 days after the
ultrasound examination [11, 28]. The exclusion criteria com-
prised indeterminate pathological diagnoses and a history of
ovarian cancer or bilateral oophorectomy. Postmenopausal
status was defined as (1) age >50 years and a previous hys-
terectomy without bilateral oophorectomy or (2) the pres-
ence of amenorrhea for more than 1 year [16]. The reference
standard for the final classification was either pathological
results or stable benign appearance on ultrasound, confirmed
after 6 months of expectant management.

Data collection

All ultrasound scans were performed through a standard-
ized technique by specialists with fellowship training and
more than 5 years of experience in gynecological sonogra-
phy after residency. Various ultrasound systems were used
to scan adnexal lesions, including the GE Voluson E8, E10,
and S8 (GE Healthcare, Zipf, Austria); Samsung HERA
W10 (Samsung Medison, Seoul, South Korea); Philips
EPIQ 7 (Philips Healthcare, Amsterdam, the Netherlands);
Sonoscape P80 and S60 (Sonoscape, Shenzhen, China);
and Mindray Nuewa R9 (Mindray, Shenzhen, China). For
each adnexal lesion, 2D grayscale ultrasound images were
obtained and exported as JPEG images. Patients’ age and
menopausal status were also collected. All data were
anonymized. For the purpose of this study, only one lesion
per patient was analyzed. When a patient presented with
multiple lesions, the one with the most complex ultrasound
morphology was included. In cases of similar morphology,
the largest lesion was selected.

For each case, only a single representative ultrasound
image that best captured the most salient sonographic fea-
tures of the adnexal lesion was selected for analysis. The
selection of the representative ultrasound images was per-
formed independently by two senior radiologists, each with
more than 5 years of experience in gynecological ultrasound.
Both senior radiologists independently reviewed the ultra-
sound images for each lesion and identified the image that
they deemed most representative. In cases of disagreement,
both senior radiologists jointly reviewed the images to reach
a consensus on the most representative image.

For solid lesions or cystic lesions with solid components,
the selected representative image was the one that best dis-
played the most suspicious solid components. For cystic
lesions without solid components, the selected image was
the one that best demonstrated the features of an irregular
wall or septa of the lesion. Otherwise, the image that rep-
resented the largest cross-sectional area of the lesion was
selected.

Image processing and model
development

Two experienced radiologists, each with more than 5 years
of experience in gynecologic ultrasound, used SonoKit soft-
ware (version V2.8.8, Sonoscape, Shenzhen, China) to out-
line the lesion region of interest while being blinded to the
pathology findings.

The dataset was divided into a training cohort, an inter-
nal validation cohort, and an external validation cohort.
Data from the Third Affiliated Hospital of Sun Yat-sen
University, Maternal and Child Health Hospital of Hubei
Province, Taihe Hospital, Women’s Hospital of Zhejiang
University, WenZhou People’s Hospital, Jiangxi Maternal
and Child Health Hospital, Jiangxi Maternal and Child
Health Hospital, and Sun Yat-sen Memorial Hospital of
Sun Yat-sen University composed the training and internal
validation cohorts. To validate model generalizability, we

M. Wu et al.: DOI: 10.15212/bioi-2025-0175

3

o
—
=
=
=
>
-
=
0
o




2
Q
=
o=
<

igina

(0]

BIOI 2025

used a separate dataset from Nanjing Women and Children’s
Healthcare Hospital.

To obtain more reliable experimental results, we trained
five DL models (modelRemeﬁO, modelCOnvnexLﬁny, modelRegneLngf,
model ., and model ) on the training set. These
state-of-the-art image classification models used a three-
stage “stem-main network-classification head” architecture
enabling progressive extraction of low-to-high-level features
through increasingly deep network layers. All five models
incorporated skip connections to address gradient vanishing
issues in deep network training. The output of the last layer
was adjusted to two classes corresponding to the binary clas-
sification task, and a sigmoid activation function was applied
to obtain the probability of malignant tumors. Weighted
cross-entropy loss was used as the objective function, and
focal loss was used to address class imbalance between
benign and malignant cases.

The specific models used were ResNet50, RegNet-Y-
8GF, ConvNeXt-Tiny, Swin Transformer, and Vit-Base.
The model weights were randomly initialized for training.
Key training hyperparameters included 50 epochs, a batch
size of 32, and an initial learning rate of 0.001. A 5-epoch
warm-up phase was implemented, wherein the learning
rate linearly increased from 0.0002 to 0.001, and was fol-
lowed by cosine decay scheduling to gradually decrease
the learning rate to 0.00001. Data augmentation techniques
included random rotation, scaling, and flipping. During
validation, the models generated continuous prediction
scores between 0 and 1 for each image, representing the
probability of malignancy. Scores exceeding a predefined
threshold were classified as malignant; otherwise, scores
were considered benign.

To enhance model interpretability, we applied the Class
Activation Map (CAM) method to visualize the image
regions that most influenced the model’s decisions. Using
the OpenCV package (version 4.3.0.36), we generated heat-
maps highlighting the DL models’ key areas of focus within
each input ultrasound image.

ADNEX model

Lesions in the external validation cohort were also eval-
uated with the ADNEX model. The IOTA ADNEX model
incorporates nine predictor variables to estimate the risk
of malignancy: three clinical characteristics (type of center
[oncology center vs. other], patient age, and serum CA-125
level) and six ultrasound characteristics (maximum lesion
diameter, maximum solid tissue diameter, number of pap-
illary projections, presence of more than ten cyst locules,
acoustic shadows, and ascites). The model computes a prob-
ability score for malignancy according to these inputs. In
this analysis, a probability threshold of 10% was applied to
classify a lesion as malignant. We applied the version of the
ADNEX model without CA-125, because of the availability
of CA-125 results for only a subset of patients.

The ADNEX model calculations and interpretations in
this study were performed independently by two senior
radiologists with more than 5 years of experience in gyne-
cological ultrasonography. They independently reviewed the

images and then reached a consensus on the sonographic
features required for the ADNEX model. Both radiologists
were blinded to the nature of the lesions as well as the diag-
nostic outcomes generated by the Al model.

Al-assisted diagnosis

We recruited radiologists with varying levels of experience
in gynecological ultrasonography: two junior radiologists
with less than 2 years of work experience, two attending
radiologists with 2-5 years of work experience, and two
senior radiologists with more than 5 years of work experi-
ence. The participating radiologists evaluated a total of 93
cases (72 benign and 21 malignant) selected from the data-
base of Nanjing Women and Children’s Healthcare Hospital.
Initially, each radiologist independently reviewed the ultra-
sound images with pattern recognition to render a diagno-
sis (benign or malignant). Subsequently, the probability of
malignancy generated by the DL model was provided to
each radiologist. With this Al assistance, they reassessed all
cases to provide an assisted diagnosis. All six radiologists
were blinded to the final pathological results and any addi-
tional clinical information.

Subgroup analysis

The robustness of the Al models was evaluated through
subgroup analyses by lesion type (categorized as cyst with-
out solid components, cyst with solid components, or solid
lesion) and maximum lesion diameter (<100 mm or >100
mm).

Solid components were defined as solid tissue > 3 mm in
height. Solid lesions were defined as adnexal lesions with
at least 80% solid tissue (according to echogenicity and
echotexture). Cystic lesions with solid components were
defined as unilocular, bilocular, and multilocular lesions
containing solid tissue > 3 mm in height. Cystic lesions
without solid components were defined as unilocular,
bilocular, and multilocular lesions without solid tissue >
3 mm in height.

Statistical analysis

All statistical analyses were performed in R software (ver-
sion 4.4.3, R project) and Python (version 3.7.15, Python
Software Foundation). A two-sided P-value < 0.05 defined
statistical significance. In all analyses, borderline ovarian
tumors were classified as malignant.

Continuous variables are represented by medians with
interquartile ranges (IQRs) in parentheses, whereas cate-
gorical variables are displayed as counts and percentages.
To evaluate the diagnostic capability of each model and
radiologist, we calculated the AUC and 95% confidence
interval (CI), as well as sensitivity, specificity, accuracy,
positive predictive value (PPV), and negative predictive
value (NPV). The AUC values were compared among
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models with DeLong’s test. Differences in sensitivity and
specificity were tested with McNemar’s test. The deter-
mined cut-off value for the Al model was aimed at achiev-
ing a negative likelihood ratio as close as possible to 0.05.

Results

Baseline characteristics

A total of 677 adnexal lesions from 677 patients were ini-
tially screened between January 2020 and December 2024.
After exclusion of 15 lesions because of a prior history
of ovarian cancer, 662 lesions from 662 postmenopausal
patients were finally included and assigned to the training
set (n = 505), internal validation set (n = 64), and external
validation set (n = 93) (Figure 1).

Table 1 summarizes the demographic and clinical base-
line characteristics of the study population. The median
age was 56.0 years (IQR: 53.0-63.0) in the training cohort,
57.5 years (IQR: 53.8-62.3) in the internal validation
cohort, and 58.0 years (IQR: 56.0-65.0) in the external val-
idation cohort. The age significantly differed across cohorts
(P =0.021). The malignancy rates were 30.1%, 32.8%, and
22.6% for the training, internal validation, and external val-
idation cohorts, respectively. No significant difference in
malignancy rates was observed among groups (P = 0.213).
The proportion of lesions managed surgically was 85.3%,
78.1%, and 58.1% in the training, internal validation, and
external validation cohorts, respectively, and significantly
differed (P < 0.001). Figure 2 provides an illustration of
the study workflow.

Performance of DL models versus
ADNEX for adnexal malignancy

The performance of the five developed DL models was eval-
uated in the external validation cohort and compared against
the ADNEX model without CA-125 in differentiating benign
from malignant adnexal lesions. Table 2 summarizes the
performance of the three developed DL models and ADNEX
model without CA-125.

581 adnexal lesions collected from 7
participating institutions between 2020 and
2024

The ADNEX model without CA-125 achieved high diag-
nostic performance in evaluating adnexal lesions, with an
AUC of 0.968 (95% CI: 0.935-1.000). Of the five DL mod-
els,model , . vyielded the highest performance, with an
AUC of 0.964 (95% CI: 0.925-1.000), sensitivity of 0.952,
and specificity of 0.903. Model, . vyielded slightly lower
performance than model . . with an AUC of 0.943
(95% CI: 0.908-0.989), and perfect sensitivity (1.000) and
NPV (1.000). The AUCs of model ,, model . . . and mod-
€l gner o 5 WeTe 0.934 (95% CI: 0.856-1.000), 0.899 (95% CI:
0.784-1.000), and 0.932 (95% CI: 0.871-0.992), respectively.

The AUCs and sensitivity did not significantly dif-
fer among models (P > 0.05). The ADNEX model with-
out CA-125 showed significantly higher specificity than
model, ., (P = 0.001), model (P = 0.027), and
model (P < 0.001), and presented comparable
(P = 0.683) and model

Convnext_tiny

specificity to model
(P =0.505).

swin_transformer Regnet_y_8gf

Al-assisted diagnosis

Al-assisted diagnosis was evaluated with the best DL
model (model .. ) in the external validation cohort.
Model , . achieved a significantly higher AUC than
both junior radiologists (model . . :0.964 vs. radiol-
ogist 1: 0.819, P = 0.012; modelSwin ansformer- 0.964 vs. radi-
ologist 2: 0.838, P = 0.012). Model , . also revealed
higher diagnostic performance than attending radiologist 1
(AUC: 0.898, P = 0.184) and attending radiologist 2 (AUC:
0.826, P = 0.008). Model , . showed comparable
diagnostic performance to senior radiologist 1 (AUC: 0.935,
P =0.373) and senior radiologist 2 (AUC: 0.965, P = 0.939).

Use of model , . greatly improved the diagnostic
performance of both junior radiologists in distinguishing
malignant from benign adnexal lesions (Figure 3). The AUC
increased significantly for junior radiologist 1 (from 0.819
to 0.938, P = 0.049) and junior radiologist 2 (from 0.838 to
0.944, P = 0.022) with model use. Marked improvements in
sensitivity were also observed for both readers (junior radiol-
ogist 1: from 0.667 to 0.905; junior radiologist 2: from 0.857
to 1.000), although these increases did not reach statistical
significance (P = 0.131 and P = 0.248, respectively). These
gains were achieved without significant loss of specificity,
which remained consistently high for junior radiologist 1

A separate cohort of 96 adnexal lesions from
an external institution between 2020 and 2024

The exclusion criteria:

cancer (n=12)

1 Previous history of ovarian

The exclusion criteria:
I—{ Previous history of
ovarian cancer (n =3)

Primary dataset: 569 lesions

|
| }

‘ External dataset: 93 lesions |

Training set: 505 lesions | | Internal validation set: 64 lesions | ‘ External validation set: 93 lesions ‘

Figure 1 Flowchart of the study.
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Table 1 Summary of the Baseline Characteristics in the Three Cohorts

Characteristic Training Cohort (n = 505) Internal Validation Cohort (n = 64) External Validation Cohort (n = 93)

Age
Median (IQR) 56.0 (53.0, 63.0) 575 (53.8, 62.3) 58.0 (56.0, 65.0)

Outcome
Benign 353 (69.9) 43 (67.2) 72 (77.4)
Malignant 152 (30.1) 21 (32.8) 21 (22.6)

Confirmed by histology
No 74 (14.7) 14 (21.9) 39 (41.9)
Yes 431 (85.3) 50 (78.1) 54 (58.1)

Diagnosis

Adenocarcinoma 11 (2.2) 1 (1.6) 0 (0.0)
Benign other 18 (3.6) 1 (1.6) 5(5.4)
Carcinosarcoma 2(0.4) 0 (0.0) 0 (0.0)
Clear cell tumor 14 (2.8) 3(4.7) 3(3.2)
Cystadenofibroma 8 (1.6) 3(4.7) 0 (0.0)
Cystadenoma (serous, 100 (19.8) 8 (12.5) 9(9.7)
mucinous, or seromucinous)
Endometrioma 13 (2.6) 1 (1.6) 3(3.2)
Endometrioid ovarian cancer 5 (1.0) 0 (0.0) 3(3.2)
Hemorrhagic cyst 5(1.0) 2(3.1) 1(1.1)
Hydrosalpinx 55 (10.9) 6 (9.4) 12 (12.9)
Malignant other 8 (1.6) 1 (1.6) 0 (0.0)
Mature teratoma 62 (12.3) 5 (7.8) 18 (19.4)
Metastasis 8 (1.6) 0 (0.0) 0 (0.0)
Mucinous borderline 12 (2.4) 1(1.6) 1(1.1)
Serous borderline 16 (3.2) 1 (1.6) 3(3.2)
Seromucinous borderline 3(0.6) 0 (0.0) 0 (0.0)
Borderline other 3(0.6) 0 (0.0) 0 (0.0)
Serous Carcinoma 69 (13.7) 13 (20.3) 11 (11.8)
Sex cord 44 (8.7) 5 (7.8) 2(2.2)
Simple cyst 49 (9.7) 13 (20.3) 22 (28.7)

Data were analyzed at the lesion level.

Qualitative variables are expressed as n (%), and quantitative variables are expressed as median + interquartile range (IQR).

(0.972) and junior radiologist 2 (0.889). For attending radi-
ologists and senior radiologists, model . .~ did not
markedly improve diagnostic performance in assessment of
adnexal lesions (all P > 0.05). The confusion matrix diagram
of the predicted results of the radiologists with or without Al

is shown in Figure 4.

Heatmap analysis

Heatmap analysis with CAM revealed the key regions of
interest identified by model , . in each ultrasound
image (Figure 5). In the heatmaps, areas of red and yellow
indicate the highest predictive significance for the model’s
decision, whereas blue and green areas correspond to regions
of lower predictive value. The analysis demonstrated that the
model consistently focused on the solid components and

septa within the adnexal lesions.

Subgroup analysis

To evaluate the robustness of model = across
swin_transformer

diverse types of adnexal lesions, we conducted a strati-
fied analysis based on lesion morphology and maximum

diameter (Table 3). With stratification by lesion type, the
model demonstrated high diagnostic accuracy for purely
cystic lesions and solid lesions, but lower performance in
classifying cysts with solid components (AUC: 0.939 vs.
0.944 vs. 0.778). Furthermore, analysis by lesion size indi-
cated that the model achieved better diagnostic performance
in lesions smaller than 100 mm than in lesions with a maxi-
mum diameter > 100 mm (AUC: 0.944 vs. 0.810).

Discussion

Ovarian cancer is a major health concern among women
worldwide. and postmenopausal women are particularly
at risk of malignant adnexal tumor development. Herein,
we developed and validated several types of DL models
designed primarily for classifying postmenopausal wom-
en’s adnexal lesions as either benign or malignant. To our
knowledge, this diagnostic study is the first to use ultra-
sound-trained DL models focusing solely on this high-
risk population. The developed DL models demonstrated
considerable diagnostic performance in assessing adnexal
malignancy, with AUC values of 0.899-0.964. Our DL
models therefore might be valuable in guiding healthcare
decisions for these patients.
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Data collection

— | Training set
L, | Internal
validation
Primary dataset set

External dataset

External
validation
set

B

Original images

Image processing and model development

Resnet50

Convnext_tiny Regnet_y 8gf Swin_transformer Vit

Model testing

—_—

Classification

i
! 1
E

3 18
(3:2%) (19.4%)

& 59 13
3 (63.4%) (14%)

Benign  Malignant Benign  Maiignant
Predicted label Predicted label

7 1
(7.5%) (15.1%) Count

Malignant
Malignant

True label

£ 2
a (75.3%) (22%)

AUC analysis Confusion matrix

Count

Heatmap analysis

Figure 2 Workflow illustrating deep learning model development and validation.

Table 2 Performance of Different Deep Learning Models and ADNEX without CA-125 in the External Validation Cohort

Parameter Cut-off AUC (95% CI)? SENP SPE° PPV NPV

ADNEX without CA-125 0.10 0.968 (0.935-1.000) 0.952 0.931 0.800 0.985
Model._...o 0.117 0.948 (0.908-0.989) 1.000 0.722 0.512 1.000
Model_,; . siomer 0.078 0.964 (0.925-1.000) 0.952 0.903 0.741 0.985
Model , ) 0.002 0.934 (0.856-1.000) 0.952 0.806 0.588 0.983
Model., ext tiny 0.093 0.899 (0.784-1.000) 0.905 0.653 0.432 0.959
Modelg,. iy s 0.358 0.932 (0.871-0.992) 0.905 0.889 0.704 0.970

ADNEX: assessment of different NEoplasias in the adneXa; AUC: area under curve; Cl: confidence interval; SEN: sensitivity; SPE: specifici-

ty; PPV: positive predictive value; NPV: negative predictive value.
aAll AUC comparisons were not statistically different (P > 0.05).
bAll sensitivity comparisons were not statistically different (P > 0.05).

°The ADNEX model without CA-125 showed significantly greater specificity than model

mModelg, o iy (P < 0.001), and comparable specificity to model
showed significantly higher specificity than model
(P = 0.146) and model (P =1.000). Model

del

Resnet50 (
Regnet_y_8gf Regnet_y_8gf

Convnext_tiny (

next tiny (P = 0.029), and comparable specificity to model
showed no statistical difference.

Resnet50 (

The results of our study are consistent with those from
previous research in general adult populations, which have
typically reported AUC values of 0.90-0.95 in character-
izing tumors’ adnexal nature [6, 21-24]. Radiomics and
convolutional neural networks have recently been demon-
strated to detect small sonographic signals that might be
signs of cancer [27]. Our results further demonstrated that
these models retained a high degree of discriminatory power
when used solely on postmenopausal women, a group with
distinct pathophysiological and morphological traits. This

swin_transformer (

P = 0.006) and model
showed significantly higher specificity than model
P < 0.001), and comparable specificity to model , (P = 0.181). Model , showed significantly higher specificity than model
P = 0.264). The specificities of model

Resnetso (P = 0.001), model , (P = 0.027), and

P =0.683) and modely,,,., , 4 (P =0.505). Model_, ...
(P < 0.001), and comparable specificity to model,,
(P =0.003) and mo-

Convnext_tiny
Resnet50

Conv-

and model (P =0.332)

Convnext_tiny Resnet50

consistency demonstrated the adaptability of DL frame-
works to different clinical populations.

The DL models alone showed comparable AUC values to
those of the ADNEX model without CA-125, which incor-
porates both clinical and ultrasonographic characteristics. In
a recent study focused on radiomics analysis of ultrasound
images to assess adnexal tumors with solid ultrasound mor-
phology [29], the ADNEX model also performed better than
Al classifiers based on radiomics. Although the ADNEX
model offers high diagnostic accuracy, it is difficult to apply
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Figure 3 Al-assisted diagnosis by radiologists with varying experience in gynecological ultrasonography. A, AUC comparisons of Al-assisted
diagnosis by the six radiologists. The AUC increased significantly for junior radiologist 1 (from 0.819 to 0.938, P = 0.049) and junior radiologist
2 (from 0.838 to 0.944, P = 0.022). For attending radiologists and senior radiologists, model ;. ..«ome did NOt significantly improve diagnostic
performance for assessing adnexal lesions (all P > 0.05). B, Sensitivity comparisons of Al-assisted diagnosis by the six radiologists. All sensi-
tivity comparisons between radiologists with or without Al assistance were not statistically different (all P > 0.05). C, Specificity comparisons
of Al-assisted diagnosis by the six radiologists. All specificity comparisons between radiologists with or without Al assistance were not sta-
tistically different (all P > 0.05). D, Positive predictive values of Al-assisted diagnosis by the six radiologists. E, Negative predictive values of
Al-assisted diagnosis by the six radiologists. Al, artificial intelligence, AUC, area under the curve.

in real clinical settings, because of its relative complexity
and restricted accessibility. The need to enter several clinical
and sonographic parameters into the model can be laborious
and time-consuming in busy clinical settings. Additionally,
this model is currently integrated into few ultrasound sys-
tems in mainland China, thus hindering widespread use of

this straightforward first-line screening tool at most health-
care institutions.

In this study, we demonstrated that model , . . pro-
vides a promising tool for classifying adnexal lesions in
postmenopausal women, on the basis of gynecological ultra-
sound. The model achieved a higher AUC than the junior
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Figure 4 Confusion matrix diagram of the predicted results of Al-assisted diagnosis by radiologists with varying levels of experience in
gynecological ultrasonography. A, Junior radiologist 1 without Al assistance. B, Junior radiologist 1 with Al assistance. C, Junior radiologist 2
without Al assistance. D, Junior radiologist 2 with Al assistance. E, Attending radiologist 1 without Al assistance. F, Attending radiologist 1 with
Al assistance. G, Attending radiologist 2 without Al assistance. H, Attending radiologist 2 with Al assistance. |, Senior radiologist 1 without Al
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Al, artificial intelligence.

radiologists and noticeably improved the diagnostic perfor-
mance of the junior radiologists (P = 0.049 for junior radi-
ologist 1 and P = 0.022 for junior radiologist 2). Integration
of model , . into real clinical practice has potential
to mitigate diagnostic disparities in resource-limited areas.
The AUC comparisons revealed that model - .~
achieved the highest performance among DL models. The
superior performance of model . . might be due to
its hybrid architecture combining the strengths of convo-
lutional neural networks and transformers. Its hierarchi-
cal design enables multi-scale feature extraction, which is
essential for tumor analysis at different resolutions. Most
importantly, the shifted window self-attention mechanism of
model . enables a focus on suspicious internal
echotexture and tumor boundary. This design mimics a radi-
ologist’s image analysis and best aligns with the medical
imaging requirement for higher diagnostic accuracy.
Subgroup analysis also revealed that the diagnostic per-
formance of the DL model varied among lesions with dif-
fering lesion morphology and size. Model . . showed
excellent diagnostic performance in solid lesions (AUC:
0.944), surpassing previously reported values (AUC: 0.80)
[29]. This difference might be attributable to the following
reasons. First, the relatively small number of solid lesions
in our cohort might potentially have led to selection bias.
Furthermore, most solid lesions in our study were malignant
and therefore might have been easily identified by our Al

model. Regarding lesion size, our model showed relatively
lower performance for lesions larger than 100 mm, possibly
because larger lesions tend to be more complex and to have
more heterogeneous features than small lesions. Additionally,
the limited number of such cases in our dataset restricted
our model’s generalizability to lesions larger than 100 mm.
Future prospective studies are needed to include more of
these complex cases to improve model generalizability.

This study has several limitations that should be consid-
ered. One major limitation is its retrospective design, which
might have led to selection bias and affected the generaliza-
bility of the results. Because this was a retrospective study,
we did not perform post-hoc adjustments or stratification
specifically for demographic factors (e.g., patient age and
surgical history) during model development or validation,
to ensure the robustness of the model. Second, the relatively
small sample size in the external validation cohort might
have affected the stability of performance metrics. Although
images were acquired from multiple machine types, we did
not explicitly test the interoperability and robustness of the
DL models across ultrasound devices, because of the lim-
ited sample size. Finally, because the CA-125 value was
not available for all patients, we used the ADNEX model
without CA-125 for analysis, which might have impaired
accuracy and hindered development of a multimodal DL
framework incorporating CA-125 levels alongside the
image analysis.
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Figure 5 Examples of mapping of class activation with model

swin_transformer.

Table 3 Subgroup Analysis of Model Performance in Assessing Adnexal Lesions in the External Validation

swin_transformer

Cohort
Parameter Accuracy SEN SPE PPV NPV
Lesion type
Cyst without solid components 0.939 (62/66) 1.000 0.938 0.200 1.000
Cyst with solid components 0.778 (7/9) 1.000 0.500 0.714 1.000
Solid lesion 0.944 (16/18) 0.933 0.667 0.933 0.667
Maximum lesion diameter
< 100 mm 0.944 (68/72) 0.875 0.953 0.700 0.984
> 100 mm 0.810 (17/21) 1.000 0.500 0.765 1.000

SEN: sensitivity; SPE: specificity; PPV: positive predictive value; NPV: negative predictive value.
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In conclusion, our DL model offers a valuable tool for
differentiating adnexal malignancies among postmenopau-
sal women. Our model might assist less experienced radi-
ologists by providing a quantitative risk score alongside
images, thereby increasing diagnostic accuracy in low-re-
source settings. This model could also be used as a triage
tool to exclude low-risk adnexal lesions when experts are
unavailable. Further prospective, multicenter studies will be
essential to optimize and validate model application in clin-
ical practice.
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