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ABSTRACT 

Ovarian cancer exhibits the highest death rate among gynecological cancers and is typically first evaluated through 

ultrasound. However, the intricate nature of ultrasound visuals for ovarian lesions, combined with the deep pelvic 

positioning, demands substantial expertise for accurate subjective interpretation. Consequently, identifying 

ovaries and ovarian lesions, along with diagnosing ovarian cancer, remains difficult. This study sought to create 

an automated deep learning-based system called the Ovarian Multi-Task Attention Network (OvaMTA). It targets 

ovary and ovarian mass detection, segmentation, and classification, while also supporting the diagnosis of ovarian 

masses from ultrasound screenings. From June 2020 to May 2022, the OvaMTA model underwent training, 

validation, and testing using a training/validation group of 6938 images and an internal test group of 1584 images. 

These were gathered from 21 hospitals among women receiving ultrasound for ovarian masses. Two additional 

external test groups were then assembled from two other hospitals. This included 1896 images collected from 

February 2024 to April 2024 for the image-based external test set, plus 159 videos gathered from April 2024 to 

May 2024 for the video-based external test set. An artificial intelligence (AI) platform named OvaMTA was built 

to diagnose ovarian masses via ultrasound screening. It comprises two components: OvaMTA-Seg, a whole-image 

segmentation model for ovary detection, and OvaMTA-Diagnosis, a diagnostic model that predicts the 

pathological nature of ovarian masses from image patches extracted by OvaMTA-Seg. System performance was 

assessed across one internal and two external validation sets, with comparisons to physicians' evaluations in 

practical clinical testing. Eight doctors participated in reviewing the real-world cases. The AI's value in supporting 

physician diagnoses was also examined. For segmentation tasks, OvaMTA-Seg attained an average Dice score of 

0.887 on the internal test set and 0.819 on the image-based external test set. It also showed strong results in 

detecting ovarian masses across test images (covering both normal ovaries and lesions), with an internal test area 

under the curve (AUC) of 0.970 and an external test AUC of 0.877. Regarding classification and diagnostic 

prediction, OvaMTA-Diagnosis delivered strong outcomes on the image-based internal (AUC: 0.941) and external 

(AUC: 0.941) test sets. In the video-based external evaluation, OvaMTA processed 159 videos containing ovarian 

masses, achieving an AUC of 0.911. This performance was similar to that of senior radiologists (accuracy [ACC]: 

86.2% vs. 88.1%, p = 0.50; sensitivity [SEN]: 81.8% vs. 88.6%, p = 0.16; specificity [SPE]: 89.2% vs. 87.6%, p 

= 0.68). AI assistance led to notable gains for junior and intermediate radiologists compared to their unaided 

performance (ACC: 80.8% vs. 75.3%, p = 0.00015; SEN: 79.5% vs. 74.6%, p = 0.029; SPE: 81.7% vs. 75.8%, p 

= 0.0032). General practitioners supported by AI reached performance levels matching those of radiologists on 

average (ACC: 82.7% vs. 81.8%, p = 0.80; SEN: 84.8% vs. 82.6%, p = 0.72; SPE: 81.2% vs. 81.2%, p > 0.99). 

The ultrasound-based OvaMTA system serves as a straightforward and effective support tool for ovarian cancer 

screening, delivering diagnostic accuracy on par with senior radiologists. It represents a promising resource for 

ovarian cancer screening efforts. 
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Introduction 

Ovarian cancer ranks among the three most frequent malignant gynecological tumors [1]. It carries the highest 

mortality rate in this category and poses a major risk to women's health [2]. Due to its deep pelvic location, subtle 

onset, and lack of distinct early symptoms, it is frequently subject to misdiagnosis or missed diagnosis [3]. 

Ultrasound (US) imaging is central to ovarian cancer detection. Yet, challenges arising from complex anatomy, 

variable biological behavior, and the labor-intensive, operator-dependent aspects of US limit standalone 

diagnostic accuracy [4]. To enhance this, various clinical models and classification systems have been developed 

for ovarian masses. These draw on patient data, US image characteristics, and lab results, including the Malignant 

Risk Index (RMI) [5], Gynecological US Imaging Reporting and Data System (GI-RADS) [6], Simple Rules (SR) 

[7], Attachment Region Lesion Analysis Model (ADNEX) [8], and Ovarian Attachment Reporting and Data 

System (O-RADS) [9]. Current US-based approaches for ovarian masses still depend heavily on manual feature 

identification by specialists, leaving room for better accuracy and efficiency. Their limited practicality and broad 

applicability hinder adoption, especially in primary care settings. Hence, creating a fast and precise automated 

diagnostic tool for ovarian cancer is essential. 

Advances in deep learning (DL) have demonstrated major advantages for US diagnosis by automatically deriving 

complex image features without manual selection by radiologists. Multiple investigations have tested DL methods 

on ovarian masses and reported favorable outcomes [10-24]. Nevertheless, a complete, automated AI pipeline that 

withstands diverse US imaging variations and aligns with routine clinical standards is still missing. Key gaps 

include: (1) the deep pelvic position of ovaries and masses complicates detection and segmentation, with most 

existing studies relying on pre-labeled images based on prior knowledge [19, 25], which involves time-consuming 

manual preprocessing prone to variability; full automation requires combining segmentation and classification; 

(2) clinical practice involves real-time dynamic video assessment, yet current models focus only on static images; 

and (3) limited real-time visualization and explainability. 

The goal was to build and validate the Ovarian Multi-Task Attention Network (OvaMTA) deep learning pipeline. 

It enables real-time guidance during US scanning to detect and label normal ovaries and ovarian masses, while 

screening for ovarian cancer. This used diverse multicenter image datasets for retrospective testing and external 

validation, with scalability tested on real-world clinical video data. Comparisons included AI-assisted 

performance of junior radiologists and non-specialist general practitioners versus unaided junior, intermediate, 

and senior radiologists. Efforts were also made to provide real-time visual interpretation of the model's internal 

"black box" decisions. The AI platform excelled at localizing tumors and ovaries in US videos and showed 

outstanding ability to differentiate benign versus malignant ovarian masses. It enhanced diagnostic accuracy for 

both general practitioners and radiologists, potentially serving as a valuable tool for ovarian cancer identification 

and diagnosis. 

Materials and Methods  

Ethics 

This retrospective multicenter investigation utilized US images collected from 23 hospitals. Grayscale US images 

were retrospectively obtained from Zhejiang Provincial People's Hospital and the National Health Commission 

Medical Imaging Standard Database of China (covering 21 hospitals) between June 2020 and May 2022 for 

training, validation, and internal testing. The protocol received approval from the Institutional Review Board of 

Zhejiang Provincial People's Hospital (QT2023117), with a waiver for written informed consent. External test 

dataset images came from Sichuan Provincial Maternity and Child Health Care Hospital and the Second Affiliated 

Hospital of Harbin Medical University (February 2024 to April 2024). Videos for external validation dataset B 

were acquired from the same centers (April 2024 to May 2024). Approvals were granted by the respective 

Institutional Review Boards: Sichuan Provincial Maternity and Child Health Care Hospital (20240205-011) and 

the Second Affiliated Hospital of Harbin Medical University (KY2024-029). All participants in the external 

cohorts provided written informed consent. 

Inclusion and exclusion criteria 

Inclusion required patients with at least one persistent ovarian mass identified on US. For the 

training/validation/internal test datasets (June 2020–May 2022), cases either had surgical confirmation with 
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histopathology (1636 cases) or at least 6 months of US follow-up showing resolution (241 cases). Analysis in this 

study focused specifically on follicular cysts and corpus luteum cysts. External test dataset A (February–April 

2024) and dataset B (April–May 2024) included only cases with pathological confirmation (498 cases total). 

Images of the contralateral normal ovary (in unilateral mass cases) were also incorporated as normal ovaries. 

Pathological diagnoses followed the WHO classification of female genital tumours (2020) and were grouped as 

benign or malignant (including borderline tumors) [26]. Ovarian masses encompassed both ovarian and fallopian 

tube-origin tumors. 

Exclusion criteria covered non-ovarian tumors (except metastatic ovarian tumors verified histologically), cases 

with unclear histopathology, and those lacking follow-up US. Images with multiple ovarian masses were also 

excluded. Data collection followed a standardized form by trained staff and was verified by two researchers 

(Y.N.W. and W.L.D.). A study flowchart appears in Figure 1. The research adhered to STARD-2015 guidelines 

(equator-network.org). 

 
Figure 1. The diagram illustrates the selection standards and the overall process for assessing the AI 

platform. US = ultrasound; AI = artificial intelligence. 

Ultrasound examinations 

All ultrasound scans were conducted with 38 different machines from 9 manufacturers, employing transvaginal, 

transrectal, and transabdominal approaches. Radiologists possessing more than five years of specialized 

experience in pelvic ultrasonography acquired the preoperative ovarian ultrasound images and recordings 

according to established protocols. A grayscale dynamic recording of the scan was captured for each ovarian mass 

at a consistent speed, lasting a minimum of 2–5 seconds. Scans routinely progressed from “no visible structure” 

to “the largest cross-section” and back to “no visible structure.” The region of interest (ROI) was centered in the 

frame to produce a uniform ultrasound recording. Stored data for analysis comprised the longitudinal maximum 

cross-section ultrasound image, the transverse maximum cross-section ultrasound image, and at least one 

representative image highlighting key features such as papillary projections, posterior acoustic shadowing, or 

solid components. Ultrasound images of unaffected ovarian tissue from the same patients were also retained for 

analysis, including at least one longitudinal view and one transverse view. 

Training dataset preprocessing 

All ovarian ultrasound images were transformed into PNG format. Labeling was performed using a system from 

Zhejiang Demetics Medical Technology Co., Ltd. (software version 4.4.0.1) to delineate all ovarian masses and 

normal ovaries. A radiologist with eight years of ultrasound expertise completed the initial outlining and ROI 

sketching, followed by review and refinement by a senior radiologist with 40 years of experience. JSON files 

were generated for every dataset, after which OpenCV-Python (version 4.8.1.78) was applied to compute the 

bounding box around each annotated ROI. 

For the OvaMTA-Seg component, which identifies ovaries or nodules across the full image, the complete 

ultrasound image, binary ROI mask, and pathology labels were utilized directly for supervised training. For 
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OvaMTA-Diagnosis, to achieve more precise focus on relevant areas, the bounding boxes were expanded by 25 

pixels on all sides before cropping the ultrasound images to create patches centered on the ovarian masses. 

Pathology labels were converted into three-dimensional one-hot encoding, while masks were handled as binary 

images scaled proportionally to the original image dimensions. 

Because images originated from various ultrasound devices, they varied in resolution. All inputs were therefore 

resized to a uniform 352 × 352 pixels for training and validation. To mitigate overfitting and expand training data 

variety, the following augmentations were applied to both images and corresponding masks: horizontal flipping 

(probability 0.5), vertical flipping (probability 0.5), and random clockwise rotation up to 90° [27, 28]. 

Model architecture and training 

The overall pipeline, termed OvaMTA, integrates OvaMTA-Seg and OvaMTA-Diagnosis. OvaMTA-Seg 

performs initial segmentation of ROIs within ultrasound images and generates a probability score indicating the 

presence of ovarian masses. In cases without detectable masses, the system outputs the OvaMTA-Seg 

segmentation results along with the probability of normal ovaries. When masses are identified, the system isolates 

and normalizes each connected ROI component, then feeds the resulting image patches into OvaMTA-Diagnosis. 

This step enables detailed segmentation of the mass region and binary classification as benign or malignant. 

Ultimately, the system produces detection boxes outlining the segmented ovarian mass areas and their associated 

malignancy probabilities for each image, as depicted in Figure 2. 

 
a) 

 
b) 

 
c) 

 
d) 

Figure 2. Schematic representation of the research framework. 
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(a) Ultrasound data and corresponding pathological outcomes were gathered from 23 hospitals, with boundaries 

of ovarian masses carefully annotated. (b) Creation of both an image dataset and a video dataset to support model 

construction. (c) The proposed OvaMTA platform integrates two neural networks: OvaMTA-Seg for automated 

tumor identification and OvaMTA-Diagnosis for malignancy prediction. (d) Model evaluation involved metrics 

such as ROC curves, confusion matrices, accuracy, sensitivity, specificity, and Kappa coefficient, alongside direct 

comparisons with physicians during video-based testing. ROC = receiver operating characteristic curve; OvaMTA 

= Ovarian Multi-Task Attention Network; ROI = region of interest; AI = artificial intelligence. 

The two components of the system were trained independently. In line with their specific roles, the training data 

for OvaMTA-Seg encompassed ultrasound images from all training cases involving both ovaries and ovarian 

masses. By contrast, the training data for OvaMTA-Diagnosis was restricted to ultrasound images of ovarian 

masses from all training cases (Figure 2). Both networks were constructed upon the MTANet architecture [27]. 

This is a single-stage multi-task attention framework featuring a Pyramid Vision Transformer (PVT) module for 

classification and a UNet-style multi-attention decoder for segmentation. The backbone was originally developed 

by the team and had previously surpassed leading models on the CVC ClinicDB dataset for polyp segmentation, 

the ISIC-2018 dataset for skin lesion segmentation, and a US dataset for liver tumor segmentation and 

classification [27]. It was therefore selected as the foundation for both OvaMTA-Seg and OvaMTA-Diagnosis. 

Thresholds were established using a two-stage decision process informed by the output probability scores from 

OvaMTA on the training and validation data. If the probability of an ovarian mass in an image fell below 0.9, the 

image was classified as containing only healthy ovaries, and the system returned the ovary segmentation outcome. 

Conversely, when the probability exceeded 0.9, the image was deemed to contain ovarian masses. In such cases, 

connected regions from the OvaMTA-Seg output were isolated via bounding boxes, cropped, and passed to 

OvaMTA-Diagnosis for refined mass segmentation and benign/malignant determination. For OvaMTA-

Diagnosis, patches with a malignancy probability above 0.37 were labeled malignant; otherwise, they were 

considered benign. It is important to note that these thresholds were determined empirically. The ideal cutoff for 

the same model may vary across different patient groups [29]. Here, the selected threshold corresponds to the 

point that maximizes the difference between the true positive rate and false positive rate, thereby helping to 

balance sensitivity and specificity to a reasonable degree [30]. 

Both OvaMTA-Diagnosis and OvaMTA-Seg were developed in PyTorch and trained on an NVIDIA GeForce 

RTX 3080 graphics processing unit. Training used a batch size of 10 and the AdamW optimizer with a learning 

rate of 1e-5 across all models. Each model was trained for 200 epochs with a learning rate scheduler that applied 

a 0.1 decay every 30 epochs. A randomly chosen validation subset, representing 10% of the combined training 

and validation data, was used to fine-tune the network parameters and hyperparameters. In the end, OvaMTA 

generates bounding boxes for the ROIs along with probability scores for healthy ovary, benign tumor, or malignant 

tumor. These three probabilities always sum to 1 and remain between 0 and 1. Segmentation performance was 

measured primarily by the average Dice coefficient. Classification performance was evaluated using multiple 

indicators, including sensitivity (SEN), specificity (SPE), accuracy (ACC), Cohen’s kappa score, and the area 

under the receiver operating characteristic curve (AUC). 

The complete implementation code for the deep learning system is publicly accessible at: 

https://github.com/SLYXDWL/OvaMTA. 

Generalizing the model to real-world ultrasound diagnostic scenarios 

For patient-level predictions based on images, the average of the predicted probabilities across multiple images 

from the same individual was calculated to produce a single overall score. For video-based predictions, each video 

frame was normalized individually and fed into OvaMTA. The system provided real-time diagnostic outputs for 

the current frame. The final benign or malignant classification for the entire video was derived from these frame-

level results. To incorporate temporal context, feature maps from the preceding six frames were averaged to form 

the feature representation for the current frame. Binarized segmentation masks were produced using a 0.5 

threshold. The resulting segmentation area for the current frame was expanded by 25 pixels to extract a patch, 

from which probabilities for healthy, benign, and malignant categories were computed for that frame. After 

processing all frames, the frame-level malignancy probabilities were averaged to determine the overall benign or 

malignant status of the video. 

Comparison with radiologists and performance enhancement by AI 
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Six radiologists and two general practitioners participated in the evaluation of ovarian masses. This group included 

two junior radiologists (with at least 3 years of clinical experience), two intermediate radiologists (at least 5 years), 

two senior radiologists (at least 10 years), and two non-radiology practitioners (at least 3 years). The eight 

clinicians independently reviewed all anonymized and randomly ordered videos from external dataset B at the 

patient level, assigning a benign or malignant classification to each mass. Two weeks later, they re-evaluated the 

same videos with the assistance of OvaMTA outputs. The tumor boundaries segmented by OvaMTA, along with 

the bounding box and associated malignancy probability, were displayed alongside the original ultrasound video 

(Figure 5). Video-level diagnostic conclusions from OvaMTA were also shown to the physicians at the conclusion 

of each video. All evaluators remained blinded to the final pathological diagnoses. 

   

a) b) c) 

   

d) e) f) 

Figure 3. Diagnostic accuracy of OvaMTA during image-based evaluations. 

Receiver operating characteristic (ROC) curves and confusion matrices for the internal test set (a, b, c) and external 

test set A (d, e, f) demonstrate the AI system’s effectiveness in identifying ovarian masses and distinguishing 

between benign and malignant ovarian tumors using static images. ROC = receiver operating characteristic curve; 

OvaMTA = Ovarian Multi-Task Attention Network; AI = artificial intelligence. 

  

a) b) 
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c) d) e) 

Figure 4. Side-by-side evaluation of the diagnostic effectiveness of the AI platform versus radiologists with 

differing levels of expertise and general practitioners. 

(a) Receiver operating characteristic (ROC) curves from the external video test set highlight the AI platform’s 

classification ability, presented together with results from radiologists across experience categories. A prominent 

red star marks the overall average performance of the radiologists. Grey circles indicate outcomes for junior 

radiologists, grey diamonds for intermediate-level radiologists, grey triangles for senior experts, and grey squares 

for general practitioners. (b) Bar charts summarize the results of the eight participating clinicians, including p-

values from paired McNemar tests to assess differences between groups. (c) Normalized confusion matrix 

detailing how well the AI platform separates benign from malignant ovarian tumors across the external video 

tests. (d) Kappa agreement matrix illustrating consistency among the eight doctors’ unaided interpretations of the 

external test videos. (e) Kappa agreement matrix illustrating consistency among the eight doctors’ interpretations 

when supported by the AI system on the external test videos. Every entry within the kappa matrices quantifies the 

pairwise agreement level between individual evaluators. On the axes of the kappa matrices in panels (d) and (e), 

general practitioners 1–2 and radiologists 1–6 are positioned from bottom to top vertically and left to right 

horizontally. ROC = receiver operating characteristic curve; AI = artificial intelligence. 

 
a) 



Alvarez et al., Deep Learning–Based Ultrasound Screening Pipeline for the Diagnosis of Ovarian Masses: A Retrospective 

Multicenter Validation Study 

 

 

247 

 
b) 

Figure 5. Examples of two different ovarian masses identified, outlined, classified, and visually explained by 

the AI platform. 

(a) Representative frame from a grayscale ultrasound video of a 64-year-old woman showing a multilocular cyst 

containing solid elements. The AI platform successfully locates the mass, delineates its boundaries, and delivers 

a real-time malignant classification along with the associated probability. The system’s final output aligned with 

the postoperative pathological confirmation (endometrioid carcinoma). Real-time interpretable heat maps 

generated by the AI direct clinicians’ focus toward irregular septations and solid areas. (b) Representative frame 

from a grayscale ultrasound video of a 52-year-old woman displaying a unilocular anechoic cyst. The AI platform 

identifies the mass, traces its contours, and provides a real-time benign classification with probability. This 

prediction matched the surgical pathology report (serous cystadenofibroma). The AI platform produces real-time 

interpretable heat maps that highlight the anechoic cystic regions for closer clinical attention. AI = artificial 

intelligence. 

Statistics 

Model development, which covered the training, validation, and internal testing phases, relied on a retrospective 

review that combined histopathological findings with follow-up records. Study participants were divided into 

training, validation, and internal testing groups at a 7:1:2 ratio. This resulted in 1514 individuals in the combined 

training and validation cohort and 363 individuals in the internal testing cohort. For performance assessment 

across the two external testing groups, the same inclusion and exclusion standards were applied, leading to 339 

participants in external testing set A and 159 participants in external testing set B. The 95% confidence intervals 

(CI) for sensitivity, specificity, accuracy, Cohen’s kappa score, and AUC of both the OvaMTA platform and the 

participating physicians were calculated via bootstrapping methods. McNemar’s test for paired categorical data 

was employed to compare the sensitivity, specificity, and accuracy of the AI platform against those of the 

physicians and the AI-supported physicians. A p-value below 0.05 was considered statistically significant. All 

statistical computations were carried out in Python (version 3.10.12), utilizing the Scikit-learn (version 

1.4.1.post1) and SciPy (version 1.11.2) libraries. 

Role of funding source 

The funding organizations had no involvement in the study design or execution; data collection, handling, 

analysis, or interpretation; manuscript drafting, revision, or approval; or the choice to publish the manuscript. W. 

Dai and Y. Wu had full access to the study data and took ultimate responsibility for the decision to submit the 

manuscript for publication. 
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Results and Discussion 

Demography of the participants 

This investigation incorporated data from 2375 patients in total (10,418 images and 159 videos) (Figure 1). 

Information gathered from the 21 hospitals was partitioned for model building as follows: training and validation 

set (6,938 images from 1,514 patients) and internal test set (1,584 images from 363 patients). Data from patients 

at the two additional hospitals (1,896 images from 339 patients) formed external test set A. Key demographic and 

clinical features of the study population are summarized in Table 1. Age details were available for every 

participant. In the training and validation cohorts, patient ages spanned 12–86 years (median = 41). In the internal 

test cohort, ages ranged from 15–81 years (median = 45). For the external image and video test cohorts, ages 

ranged from 11–75 years (median = 39) and 17–81 years (median = 43), respectively. 

Table 1. Baseline characteristics of patients. 

Characteristic 
Training and validation 

dataset (image) 

Internal testing 

dataset (image) 

External testing 

dataset A (image) 

External testing 

dataset B (video) 

No. of patients 1514 363 339 159 

No. of samples 6938 1584 1896 159 

Age (y) 42.05 ± 13.81 (12–86) 44.19 ± 14.91 (15–81) 40.35 ± 14.99 (11–75) 43.40 ± 14.65 (17–81) 

No. of healthy ovary 

samples 
431 (6.2) 67 (4.2) 322 (16.9) – 

No. of benign samples 4408 (63.5) 803 (50.7) 822 (43.3) 93 

No. of malignant samples 2099 (30.3) 714 (45.1) 752 (39.6) 66 

Tumor type     

Benign patients 966 (63.8) 183 (50.4) 224 (66.1) 93 (58.5) 

Malignant patients 548 (36.1) 180 (49.6) 115 (33.9) 66 (41.5) 

Histology     

Clear Cell 29 (1.9) 10 (2.7) 4 (1.2) 4 (2.5) 

Endometrioid 35 (2.3) 10 (2.7) 6 (1.8) 6 (3.8) 

Germ cell 293 (19.4) 63 (17.4) 146 (43.1) 15 (9.4) 

Mucinous 103 (6.8) 45 (12.4) 36 (10.6) 31 (19.5) 

Mixeda 73 (4.8) 13 (3.6) 20 (5.9) 6 (3.8) 

Serous 375 (24.8) 128 (35.3) 67 (19.7) 58 (36.5) 

Sex cord stromal tumor 61 (4.0) 24 (6.6) 19 (5.6) 11 (6.9) 

Metastatic ovarian tumor 15 (1.0) 9 (2.5) 4 (1.2) 7 (4.4) 

Othersb 530 (35.0) 61 (16.8) 37 (10.9) 21 (13.2) 

Note. The investigation involved 2375 patients in total (10,418 images and 159 videos). Average values are presented as mean ± SD, with the 

range shown in parentheses. Categorical data are reported as counts, with percentages included in parentheses. 

SD = standard deviation. 
a Mixed histology of ovarian mass refers to cases where the lesion simultaneously exhibits multiple pathological subtypes. 
b Other histology categories included mesenchymal tumors, Brenner tumors, and similar entities. The samples comprise both images and 

videos. 

Performance of AI system in ovary and ovarian mass segmentation 

Segmentation quality was measured via the Dice coefficient across both the internal and external image test 

collections. OvaMTA-Seg recorded a mean Dice score of 0.887 ± 0.134 for the internal test group and 0.819 ± 

0.201 for external test group A. Benign lesions showed Dice values of 0.912 ± 0.103 internally and 0.843 ± 0.192 

externally. Malignant tumors achieved 0.878 ± 0.131 in the internal set and 0.851 ± 0.141 in the external set. 

Figure 5 illustrates typical segmentation outcomes generated by OvaMTA-Seg on ultrasound scans. The AI 

framework supports highly accurate boundary definition in these images. In dynamic video evaluations, the 

system managed continuous identification and monitoring of masses throughout their visibility in the scan 

sequence. Consequently, this segmentation module can function independently as a helpful visualization resource 

for radiologists, effectively emphasizing suspicious regions. 

Performance of AI system in ovarian mass detection 

https://www.sciencedirect.com/science/article/pii/S2589537024005029#tbl1fna
https://www.sciencedirect.com/science/article/pii/S2589537024005029#tbl1fnb
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Given OvaMTA’s stepwise decision approach, separate assessments were carried out for mass identification and 

for benign/malignant categorization on the internal and external image test collections. For detecting the existence 

of masses, OvaMTA-Seg produced an AUC of 0.970 (95% CI: 0.970–0.973) internally and 0.877 (95% CI: 0.877–

0.882) in external test set A. Using an Intersection over Union (IoU) threshold above 0.5 to define correct 

detection, success rates stood at 94.2% internally and 88.1% on external images. In external test set B video 

assessments, the model reached a complete 100% detection rate, identifying every mass that appeared in the 

recordings. 

In the task of spotting malignant lesions, the model delivered an AUC of 0.941 (95% CI: 0.940–0.942) on the 

internal test set and 0.941 (95% CI: 0.938–0.941) on external test set A (Figure 3). For the video evaluations in 

external test set B, it attained an AUC of 0.911 (95% CI: 0.909–0.913) (Figure 4) together with 86.2% accuracy 

(137/159; 95% CI: 80.5–91.2) when classifying lesions as benign or malignant. 

Comparison of diagnostic performance between AI system and doctors 

Table 2 presents the outcomes from external test set B. Senior radiologists attained 88.1% accuracy (95% CI: 

84.3–91.5), 88.6% sensitivity (95% CI: 82.9–93.9), and 87.6% specificity (95% CI: 82.6–92.3). Junior radiologists 

achieved 74.8% accuracy (95% CI: 70.1–79.6), 68.9% sensitivity (95% CI: 61.0–76.9), and 79.0% specificity 

(95% CI: 73.0–84.7). Intermediate radiologists recorded 75.8% accuracy (95% CI: 71.1–80.5), 80.3% sensitivity 

(95% CI: 73.1–86.9), and 72.6% specificity (95% CI: 66.3–79.2). The AI platform matched senior radiologists 

closely, posting 86.2% accuracy (137/159; 95% CI: 80.5–91.2; p = 0.50), 81.8% sensitivity (54/66; 95% CI: 72.3–

91.0; p = 0.16), and 89.2% specificity (83/93; 95% CI: 82.8–95.2; p = 0.68). It significantly exceeded the results 

of intermediate radiologists (p = 0.00026), junior radiologists (p < 0.0001), and general practitioners (p < 0.0001). 

The AI system also showed better sensitivity than junior radiologists (p = 0.0046) and higher specificity than 

intermediate radiologists (p < 0.0001), junior radiologists (p = 0.0019), and general practitioners (p < 0.0001). 

Taken together, the AI platform’s diagnostic strength clearly outperformed lower- and mid-level experienced 

radiologists while equaling the proficiency of senior-level experts. 

Table 2. Diagnostic performances of AI system and doctors for detecting malignant ovarian tumors from 

ovarian masses. 

Modes Accuracya (%) p value Sensitivitya (%) p value Specificitya (%) p value Kappa score 

Internal test set (image-based) 

OvaMTA 
87.3 (317/363) 

[83.7, 90.6] 
 

87.8 (158/180) [82.7, 

92.4] 
 

86.9 (159/183) 

[81.8, 91.6] 
 

0.747 [0.674, 

0.813] 

External test set A (image-based) 

OvaMTA 
86.7 (294/339) 

[83.1, 90.2] 
 

87.8 (101/115) [81.5, 

93.4] 
 

86.2 (193/224) 

[81.7, 90.5] 
 

0.714 [0.636, 

0.791] 

External test set B (video-based) 

OvaMTA 
86.2 (137/159) 

[80.5, 91.2] 
 

81.8 (54/66) [72.3, 

91.0] 
 

89.2 (83/93) 

[82.8, 95.2] 
 

0.714 [0.601, 

0.817] 

Senior 

radiologists 
88.1 [84.3, 91.5] 0.50 88.6 [82.9, 93.9] 0.16 87.6 [82.6, 92.3] 0.68 

0.756 [0.678, 

0.825] 

Intermediate 

Radiologists 
75.8 [71.1, 80.5]∗ 0.00026 80.3 [73.1, 86.9] 0.87 72.6 [66.3, 79.2]∗ <0.0001 

0.515 [0.418, 

0.606] 

AI-assisted 

intermediate 

radiologists 

80.5 [76.1, 84.9]∗ 0.018 84.8 [78.4, 90.8] 0.54 77.4 [71.4, 83.4]∗ <0.0001 
0.608 [0.519, 

0.693] 

Junior radiologists 74.8 [70.1, 79.6]∗ <0.0001 68.9 [61.0, 76.9]∗ 0.0046 79.0 [73.0, 84.7]∗ 0.0019 
0.481 [0.382, 

0.578] 

AI-assisted junior 

radiologists 
81.1 [76.7, 85.5]∗ 0.0025 74.2 [66.7, 81.7]∗ 0.031 86.0 [80.9, 90.9] 0.070 

0.608 [0.517, 

0.697] 

https://www.sciencedirect.com/science/article/pii/S2589537024005029#tbl2fna
https://www.sciencedirect.com/science/article/pii/S2589537024005029#tbl2fna
https://www.sciencedirect.com/science/article/pii/S2589537024005029#tbl2fna
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General 

practitioners 
69.2 [64.2, 74.2]∗ <0.0001 83.3 [76.8, 89.6] 0.88 59.1 [52.1, 66.0]∗ <0.0001 

0.401 [0.308, 

0.493] 

AI-assisted 

general 

practitioners 

82.7 [78.3, 86.8] 0.19 84.8 [78.5, 90.7] 0.60 81.2 [75.4, 86.7]∗ 0.0041 
0.650 [0.565, 

0.732] 

Note. Values shown in parentheses indicate numerators/denominators; values in brackets represent 95% confidence intervals. 

∗p < 0.05, denoting a statistically significant difference compared with the AI system. 

AI = artificial intelligence. OvaMTA = Ovarian Multi-Task Attention Network. CI = confidence interval. 
a Comparisons of differences between the clinicians and the AI system were performed, with corresponding p-values calculated. 

Auxiliary diagnosis function of AI system on ultrasound videos 

Support from OvaMTA led to a marked rise in general practitioners’ accuracy, increasing from 69.2% to 82.7% 

(p < 0.0001). Junior radiologists saw their accuracy improve from 74.8% to 81.1% (p = 0.0037), while 

intermediate radiologists improved from 75.8% to 80.5% (p = 0.024). Overall, AI assistance produced substantial 

gains for junior and intermediate radiologists relative to their unaided results (accuracy: 80.8% vs. 75.3%, p = 

0.00015; sensitivity: 79.5% vs. 74.6%, p = 0.029; specificity: 81.7% vs. 75.8%, p = 0.0032). The AI platform 

notably boosted specificity among less experienced clinicians, elevating general practitioners from 59.1% to 

81.2% (p < 0.0001) and junior radiologists from 79.0% to 86.0% (p = 0.024). With AI support, junior radiologists’ 

specificity reached a level statistically equivalent to senior radiologists (86.0% vs. 87.6%, p = 0.69). Similarly, 

the sensitivity of non-radiology practitioners with AI assistance matched that of senior radiologists (84.8% vs. 

88.6%, p = 0.38). Assisted general practitioners attained overall performance comparable to the average of 

radiologists (accuracy: 82.7% vs. 81.8%, p = 0.80; sensitivity: 84.8% vs. 82.6%, p = 0.72; specificity: 81.2% vs. 

81.2%, p > 0.99). 

The Kappa matrices displayed in Figure 4 (d) and (e) indicate that AI assistance increased consistency in 

diagnoses across different clinicians. Thus, the AI system not only raised individual diagnostic proficiency but 

also enhanced agreement between observers. 

Visualization and interpretability of AI system 

As illustrated in Figure 5 and the accompanying videos, OvaMTA accurately identifies tumor locations, 

delineates adjacent ovarian tissue, and conducts frame-by-frame analysis throughout the video. The model 

supports clinicians in determining whether ovarian masses are benign or malignant. Videos S1 and S2 demonstrate 

the AI platform’s stable, continuous production of segmentation and diagnostic outputs for each frame. 

Figure 5 (a) displays a representative frame from a grayscale ultrasound video (Video S1) of a 64-year-old woman 

presenting with solid components inside a multilocular cyst. The AI platform detects the mass, outlines its 

margins, and supplies real-time malignant classification along with probability scores. Its final assessment agreed 

with the postsurgical pathology (endometrioid carcinoma). Real-time interpretable heat maps from the AI help 

direct clinicians’ attention to irregular divisions and solid portions. Figure 5 (b) shows a representative frame 

from a grayscale ultrasound video (Video S2) of a 52-year-old woman with a unilocular anechoic cyst. The AI 

platform identifies the lesion, traces its edges, and issues real-time benign classification and probability values. 

This matched the surgical pathology (serous cystadenofibroma). The AI system generates real-time interpretable 

heat maps that highlight the anechoic cystic areas for focused review. 

Precise detection and diagnosis of ovarian cancer play a vital role in enhancing patient survival and long-term 

outcomes. Recent progress in deep learning has shown its potential for evaluating ovarian cancer through 

ultrasound (US) imaging. Nevertheless, no existing AI pipeline fully aligns with routine clinical scanning 

procedures. To address this, we developed OvaMTA, an automated deep learning pipeline for ovarian mass 

identification and pathological classification based on US screening. The system was rigorously evaluated using 

both static images and dynamic videos. It demonstrated strong capabilities in localizing ovarian masses and 

normal ovaries in ultrasound scans (mean Dice: 0.819). Additionally, it exhibited excellent performance in 

distinguishing benign from malignant masses in ultrasound videos (AUC: 0.911). The ultrasound-based OvaMTA 

platform offers a straightforward and effective support tool for ovarian cancer screening, achieving diagnostic 

accuracy similar to senior radiologists. It therefore represents a promising resource for ovarian cancer detection 

and diagnosis. 

OvaMTA functions as a comprehensive platform integrating detection, segmentation, and diagnosis of ovaries 

and associated masses. During ovarian cancer screening scans, locating regions of interest in US images is critical, 
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as radiologists require complete measurements and detailed observation to assess ovarian or mass status. Earlier 

research primarily addressed ovarian masses alone [10, 12, 14-17, 18, 31, 32], often relying on restricted datasets 

or omitting robust external validation. Many models were designed for post-scan analysis after image collection 

and clinical data review, limiting their utility in fast-paced clinical environments. Developing a fully automated 

segmentation module tailored to ovarian ultrasound is therefore essential. Such a component not only boosts 

overall AI precision but also partially improves model transparency. 

OvaMTA delivered state-of-the-art results. The study benefited from multicenter data, inclusion of healthy 

ovarian annotations, and an advanced network design that optimized clinical workflow. The underlying MTANet 

backbone surpassed commonly used architectures such as ResNet and DenseNet [33, 34] in ovarian cancer 

imaging tasks [16, 18], as it seamlessly merges segmentation and classification, allowing mutual enhancement 

between the tasks and yielding superior accuracy [27]. Diverse training data further enabled better adaptation 

across varied patient populations. The system achieved higher mean Intersection over Union scores than prior 

works [35, 36] and outperformed the pooled accuracy reported in a recent meta-analysis (sensitivity: 0.90 vs. 0.88; 

specificity: 0.86 vs. 0.84) [37]. 

OvaMTA exhibited robust generalization, stability, and strong potential for clinical integration. Multicenter 

external validation combined with video-level testing offered more thorough assessment of real-world 

applicability than many previous studies. The fully automated pipeline supports seamless incorporation into 

physicians’ daily workflow, moving beyond post-diagnosis verification. Given the deep pelvic location of ovarian 

structures, identifying and evaluating ovaries and masses can be difficult. The AI platform aids clinicians in 

detection, followed by detailed segmentation and classification with accompanying probability scores that provide 

intuitive guidance. For better explainability, real-time attention heat maps were generated from current-frame 

features, helping users understand model focus areas (Videos S1 and S2). The system substantially raised junior 

radiologists’ accuracy in benign/malignant classification during screening (from 74.8% to 81.1%) and can support 

real-time ultrasound examinations. Furthermore, with brief training, it enables non-specialist general practitioners 

to perform at the average level of radiologists (accuracy: 82.7% vs. 81.8%, p = 0.80; sensitivity: 84.8% vs. 82.6%, 

p = 0.72; specificity: 81.2% vs. 81.2%, p > 0.99). This expands its usefulness to settings such as screening 

programs in primary care facilities. 

Several limitations should be acknowledged. First, regional differences observed in external testing suggest 

possible threshold shifts. The thresholds reported here serve as effective reference points, but applying domain 

generalization methods could further refine the model [38]. Second, training videos included only cases with 

ovarian masses; thus, segmentation of normal ovaries was evaluated solely on static images rather than videos. 

Recognizing normal ovaries is particularly important in postmenopausal screening. The study also excluded other 

pelvic masses and scenarios involving multiple targets (e.g., coexisting masses and normal ovaries). Future 

screening-oriented models would benefit from expanded training with negative and normal samples from healthy 

individuals [39]. Third, suboptimal segmentation occasionally reduced diagnostic accuracy, indicating 

opportunities to optimize human-AI collaboration [40, 41]. Fourth, the current pipeline lacks an automated 

keyframe selection mechanism, which can introduce bias in video-level conclusions when non-representative 

frames influence overall predictions. Dense frame-by-frame labeling was not feasible due to misalignment with 

typical clinical annotation practices. Developing decision algorithms that better match physicians’ scanning 

patterns is therefore warranted. Finally, color Doppler and clinical staging were not incorporated, as 

interpretations of Doppler findings vary among clinicians and may introduce inconsistency. Future work will 

examine clinical staging and multimodal approaches to refine ultrasound tools for ovarian masses. 

Conclusion 

In conclusion, the image-based OvaMTA platform effectively identifies and classifies normal ovaries and ovarian 

masses while differentiating benign from malignant lesions, with performance comparable to expert subjective 

evaluation. The AI system markedly enhances diagnostic capabilities for junior and intermediate radiologists. 

General practitioners aided by AI can reach the average performance level of radiologists. OvaMTA holds 

considerable promise as a practical, broadly applicable aid for physicians in ovarian mass screening and ovarian 

cancer diagnosis. 
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