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Abstract 

Background  The clinical application of artificial intelligence (AI) models based on breast ultrasound static images 
has been hindered in real-world workflows due to operator-dependence of standardized image acquisition 
and incomplete view of breast lesions on static images. To better exploit the real-time advantages of ultrasound 
and more conducive to clinical application, we proposed a whole-lesion-aware network based on freehand ultra-
sound video (WAUVE) scanning in an arbitrary direction for predicting overall breast cancer risk score.

Methods  The WAUVE was developed using 2912 videos (2912 lesions) of 2771 patients retrospectively collected 
from May 2020 to August 2022 in two hospitals. We compared the diagnostic performance of WAUVE with static 
2D-ResNet50 and dynamic TimeSformer models in the internal validation set. Subsequently, a dataset comprising 190 
videos (190 lesions) from 175 patients prospectively collected from December 2022 to April 2023 in two other hospi-
tals, was used as an independent external validation set. A reader study was conducted by four experienced radiolo-
gists on the external validation set. We compared the diagnostic performance of WAUVE with the four experienced 
radiologists and evaluated the auxiliary value of model for radiologists.

Results  The WAUVE demonstrated superior performance compared to the 2D-ResNet50 model, while similar 
to the TimeSformer model. In the external validation set, WAUVE achieved an area under the receiver operating 
characteristic curve (AUC) of 0.8998 (95% CI = 0.8529–0.9439), and showed a comparable diagnostic performance 
to that of four experienced radiologists in terms of sensitivity (97.39% vs. 98.48%, p = 0.36), specificity (49.33% vs. 
50.00%, p = 0.92), and accuracy (78.42% vs.79.34%, p = 0.60). With the WAUVE model assistance, the average specificity 
of four experienced radiologists was improved by 6.67%, and higher consistency was achieved (from 0.807 to 0.838).
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Conclusion  The WAUVE based on non-standardized ultrasound scanning demonstrated excellent performance 
in breast cancer assessment which yielded outcomes similar to those of experienced radiologists, indicating the clini-
cal application of the WAUVE model promising.

Keywords  Breast neoplasms, Ultrasonography, Video, Diagnosis, Deep learning, Artificial intelligence

Background
Female breast cancer stands as a prominent contributor 
to cancer-related mortality among women globally [1]. 
In China, the landscape of cancer is in transition, breast 
cancer has shown a rapid increase in incidence rate 
among younger generation and an accelerated mortal-
ity rate in older populations [2]. Breast ultrasound (US) 
has gained widespread use owing to its inherent con-
veniences, radiation-free nature, and efficacy in detecting 
breast cancer, especially in dense breasts. However, the 
operator-dependent nature of US often results in a high 
recall rate and low positive predictive value for biopsies. 
Particularly in China, where radiologists conduct bilat-
eral whole breast freehand scans and provide real-time 
on-site assessments, the process proves to be time and 
energy-consuming. Consequently, there is significant 
value in developing assisted diagnostic tools to alleviate 
the workload of radiologists and ensure consistent diag-
nosis across different operators.

In recent years, the rapid growth of artificial intelli-
gence (AI), particularly deep learning (DL), in the realm 
of ultrasonic imaging has been notable [3–5]. This pro-
gress offers a promising avenue to mitigate the inherent 
operator-dependence associated with US. Numerous 
studies have explored the application of AI in diagnos-
ing both benign and malignant breast tumors [6–15]. 
Some AI-based computer-aided diagnosis (CAD) sys-
tems have successfully obtained approval of the Food and 
Drug Administration (FDA) [16, 17]. Despite satisfactory 
diagnostic performance [14, 18–20], the utilization of 
these AI products and models remains constrained. Both 
research and commercial software predominantly rely on 
static ultrasonic images from various sections or multi-
modal images (B-mode US, color Doppler US, elastog-
raphy, contrast-enhanced US, automated breast US) [13, 
21–23], notably, the static images used to train AI models 
are typically meticulously curated by experienced radiol-
ogists. S-Detect™, a commercially available CAD system, 
has emerged as one of the most increasingly used tools 
for the diagnosis of breast cancer. A multicenter prospec-
tive study, conducted across nine medical centers span-
ning diverse economic statuses and healthcare resources 
in China, revealed significant differences in S-Detect’s 
diagnostic performance across study sites, and further 
indicated that discrepancies in US imaging acquisition 
proficiency likely contributed to the observed differences 

in diagnostic outcomes [24]. Studies have also showed 
that 11.6% −18.1% breast lesions exhibited inconsistent 
S-Detect outcomes in radial and anti-radial planes [25, 
26], and the AUC improved significantly from 0.76 with 
the cross-planes to 0.84 with the quadri-planes meth-
ods [27]. Furthermore, static images may fail to capture 
the overall morphological characteristics of tumors and 
their relationship with surrounding structures, poten-
tially leading AI models to misinterpret hyperplastic 
glandular tissue or ribs as lesions [28]. Additionally, the 
availability of imaging modes such as elastography or 
contrast-enhanced US is not consistent in primary medi-
cal institutions.

To address these challenges and fully harness informa-
tion from the whole lesion, we devised a whole-lesion-
aware network based on freehand ultrasound video 
(WAUVE). This innovative approach bypassed the tra-
ditional step of manually selecting a key frame image by 
radiologists, empowering the model to holistically ana-
lyze comprehensive information from the entire lesion 
for breast cancer assessment. We substantiated the supe-
rior performance achieved by constructing the model 
with dynamic videos as opposed to static images. Our 
study validated diagnostic efficacy and generalizability of 
the model, and we delved into its potential to assist expe-
rienced radiologists.

Methods
Development and external validation datasets
We retrospectively collected breast US videos and their 
corresponding static images from Peking University 
Cancer Hospital &  Institute and Nanchang People’s 
Hospital  between May 2020 and August 2022. These 
cases were primarily from patients who were either 
recalled after routine screening due to suspicious find-
ings or presented with symptoms requiring further 
diagnostic evaluation. Not all lesions were initially clas-
sified as suspicious or recommended for biopsy at the 
participating institutions. Some patients were referred 
after breast lesions were first identified at other facili-
ties, and a proportion of BI-RADS 2 and 3 lesions were 
included to ensure the representation of benign cases 
and better reflect real-world distributions. Breast US 
was performed by qualified radiologists using high-
frequency linear transducers under the machine’s 



Page 3 of 17Han et al. Cancer Imaging           (2025) 25:75 	

preset condition. In these tertiary hospitals, it is stand-
ard clinical practice to save both static images and full-
length US video clips during each examination. Videos 
were saved in AVI format and static images in JPEG. No 
mandatory requirements for experience or skill level 
of radiologists who performed US examinations were 
applied in this study. We only emphasized the integ-
rity of breast lesion US videos, which were required to 
contain the entire lesion area in an arbitrary scanning 
direction and speed based on individual habits to reca-
pitulate real-world routine clinical workflows. Mean-
while, for each lesion, two key frames were selected 
as the static images: (1) in cases where no suspicious 
malignant features were identified, the key frames were 
chosen as the largest cross-section of the lesion and a 
second orthogonal view; (2) for lesions with suspicious 
malignant characteristics, radiologists were allowed 
to select two views showing such features, regardless 
of orientation. Suspicious malignant features referred 

to irregular shape, non-parallel orientation, non-cir-
cumscribed margin, posterior acoustic shadowing, and 
echogenic halo, as defined by the BI-RADS lexicon.

To further evaluate model performance and generaliz-
ability, we prospectively collected 190 breast US videos 
from National Cancer Center (NCC) and Peking Union 
Medical College Hospital (PUMCH) between December 
2022 and April 2023. These data were collected after the 
development of the model. Details of the inclusion and 
exclusion criteria of the development and external valida-
tion datasets are presented in Fig.  1. For benign lesions 
without histopathologic results, a clinically confirmed 
diagnosis was established based on at least two years 
of imaging follow-up with no change in size or imaging 
characteristics, as per standard clinical practice. In the 
prospective dataset, all lesions had histopathologic con-
firmation. A small number of these were classified as 
BI-RADS 3 on imaging. In these cases, biopsy was per-
formed due to strong patient preference, driven by high 

Fig. 1  Overview of the retrospective development and prospective external validation dataset workflows. The development dataset was collected 
in two hospitals before August 2022, while the external validation dataset was collected in two other hospitals after development of the deep 
learning model. Abbreviations: NCC, National Cancer Center; PUMCH, Peking Union Medical College Hospital
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risk factors, anxiety or cosmetic concerns—a practice 
that reflects common clinical scenarios in China.

All videos and images processed for this study were de-
identified before transferring to study investigators.

Dynamic WAUVE model development
Our WAUVE model for breast cancer risk prediction 
used US videos as input and generated a cancer risk 
score between 0 and 1 to predict the risk of cancer exist-
ence for each video. The entire pipeline of the WAUVE 
model is presented in Fig.  2. The model comprised two 
components:

1)	 Lesion detector performed lesion detection frame-
by-frame to select region-of-interest (ROI) for fur-

ther assessment. We adopted the Faster R-CNN [29] 
with ResNet-34 backbone [30] as the lesion detection 
network, and the feature pyramid network (FPN) 
[31] was used to enhance the lesion detection capa-
bilities on different scales.

2)	 Video classifier predicted the cancer risk score by 
aggregating the predictions of a series of video clips 
with eight frames. To create the video clips, images 
within the ROI regions were firstly cropped. Then, 
we grouped each adjacent eight frames sequentially 
in chronological order in a track and predicted the 
cancer risk score for each clip. Tracks less than eight 
frames and extra ROIs at the end of the track that 
were insufficient to form the eight-frame clip were 
eliminated from calculations of cancer risk score for 

Fig. 2  The schematic architecture of the whole-lesion-aware network for freehand ultrasound video(WAUVE). For a given ultrasound video, (a) 
the Faster R-CNN with ResNet-34 backbone firstly extracts regions-of-interest (ROIs) from each frame. Then ROIs are cropped to generate video clips 
for each video, where each adjacent eight frames are grouped as a video clip. Subsequently, (b) Inflated 3D ConvNet (I3D) with ResNet-50 backbone 
performs malignancy probability prediction for each video clip. Finally, the overall cancer risk score is outputted in the form of the average 
of the results of all video clips
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simplicity. The video classifier was instantiated using 
the Inflated 3D ConvNet (I3D) [32] with ResNet-50 
backbone [30] in WAUVE.

More details of the model development are described 
in Additional file 1. All models were run using the GPU 
server with Intel Xeon CPU E5-2680 v4 @ 2.40 GHz 
and 8 NVIDIA TITAN RTX GPUs. PyTorch 1.10.1 was 
employed in our experiments. Detectron2 and SlowFast 
frameworks were adopted to implement the lesion detec-
tor and video classifier, respectively.

To illustrate the informative regions in each video and 
improve the interpretability of our AI model, a global 
average pooling (GAP) [33] layer was added after the 
last convolutional layer in the video classifier to generate 
heatmaps.

Comparison with other DL models
We developed two other DL models based on different 
classifier backbones for comparison: a static model using 
2D-ResNet50, and a dynamic model using TimeSformer. 
The detailed descriptions of the two models’ construction 
are shown in Additional file 1. We tested the static model 
on three input patterns: test on the single key frame, 
test on the two key frames (transverse and longitudi-
nal views), and test on all ROI images of video. In con-
trast, the entire dynamic video was directly fed into our 
WAUVE model and the TimeSformer model to generate 
the final malignancy score.

Reader and AI‑assisted reader studies
To compare the performance between WAUVE and 
experienced radiologists, and to analyze the auxiliary 
value of the WAUVE for experienced radiologists (18 
to 23 years of clinical experience in breast ultrasound), 
we conducted a two-part reader-study on the external 
validation dataset. In the first part, the four radiologists 
(YW, QZ, RZ, MX) who were blinded to the pathological 
diagnosis independently evaluated and provided a Breast 
Imaging Reporting and Data System (BI-RADS) score for 
each breast US video in isolation. In the second part, the 
radiologists reconsidered the BI-RADS score after refer-
ring to the malignancy score of the AI model.

Statistical analysis
Continuous variables with a normal distribution are 
expressed as the mean ± standard deviation and were 
analyzed using an unpaired t-test. Non-normally dis-
tributed continuous variables are presented as medians 
and ranges which were analyzed using the Wilcoxon 
rank sum test. Categorial variables are expressed as fre-
quencies and percentages which were analyzed using χ2 
test. The area under the receiver operating characteristic 

curve (AUC), sensitivity, specificity, positive predictive 
value (PPV), and negative predictive value (NPV), accu-
racy, and F1 score of WAUVE, 2D-ResNet50, and TimeS-
former models were calculated in the internal validation 
set. McNemar’s test was used to compare the sensitivity, 
specificity, and accuracy. The χ2 test was used to compare 
the PPV and NPV. In the reader study, the diagnostic per-
formance of WAUVE was expressed as the area under 
the ROC curve (AUC), while radiologists’ performance 
was represented as individual operating points using 
BI-RADS 3 versus 4a and above as the binary threshold 
(i.e., BI-RADS ≥ 4a considered malignant). The Delong’s 
test was used to compare AUCs. The agreement between 
two radiologists was qualified using Kappa values, while 
interclass correlation coefficients (ICCs) were used to 
assess the agreement between four radiologists. p < 0.05 
was considered a statistically significant difference. All 
statistical analyses were performed using SPSS (version 
26; IBM), MedCalc (version 20.1.0; MedCalc software), 
and Python 3.6.5.

Results
Dataset characteristics
Table  1 lists the detailed patient demographics, breast 
lesion characteristics, and US machine vendors. Each 
video and lesion had a one-to-one correspondence. 
Among the 2912 videos in the development dataset, 
2273 videos from 2203 patients were collected from 
Nanchang  People’s Hospital, while 639 videos from 568 
patients were collected from Peking University Cancer 
Hospital &  Institute. The frame rate of videos was pre-
dominantly 30 or 50, and frame numbers in all videos 
ranged from 12 to 4297. Additionally, the frame size 
of each video is 1920 × 1080.Abbreviations: N  num-
ber,  SD  standard deviation,  NCC  National Cancer 
Center, PUMCH Peking Union Medical College Hospital          
a BI-RADS category was extracted from sonographic 
reports before biopsy or surgery but not the reader study 
results. b Includes Samsung, Canon, Sonoscape, and Min-
dray. c Includes invasive lobular carcinoma, mucinous 
carcinoma, carcinoma with medullary features, invasive 
micropapillary carcinoma, solid papillary carcinoma, 
apocrine carcinoma, and malignant without specific 
type. d Includes adenosis, hyperplasia, tubular adenoma, 
benign phyllodes tumor, cyst, inflammation, and clini-
cally diagnostic benign (in retrospective dataset) with at 
least 2-year follow-up.

Comparison of the diagnostic performance of WAUVE 
model with other DL models
The WAUVE model achieved an excellent diagnostic 
performance in the training set with an AUC of 0.9745 
(95%CI = 0.9692–0.9794). In the internal validation set, 
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the WAUVE achieved an AUC of 0.9212, which was 
superior to that obtained by the static 2D-ResNet50 
model tested on the single key frame (AUC: 0.8824, p = 
0.002), two key frames (AUC: 0.8855, p = 0.003), and all 
ROI images of the video (AUC: 0.8767, p = 0.000), and 
was similar to that of the dynamic TimeSformer model 
(AUC: 0.9203, p = 0.92). More detailed metrics are shown 
in Fig. 3 and Table 2.

Performance of the WAUVE in the external validation set
The WAUVE yielded a satisfactory performance in the 
external validation set, with an AUC of 0.8998 (95%CI 
= 0.8529–0.9439), a sensitivity of 97.39% (95%CI 
= 92.57–99.46%), and a specificity of 49.33% (95%CI 

= 37.59–61.14%). We further tested the WAUVE model 
in different hospital, patient age, lesion size, and BI-
RADS category subgroups (Table 3).

AI model performance comparable to experienced 
radiologists
For the WAUVE model, a cancer risk score threshold of 
0.2102 was used to dichotomize predictions. This thresh-
old was selected to match the sensitivity level of the aver-
age performance of the four participating radiologists, 
enabling a fair and clinically meaningful comparison. 
WAUVE achieved comparable performance to the aver-
age performance of four radiologists, whereby the mean 
value in the error bars (green) approximates the point on 

Table 1  Patient demographics and breast lesion characteristics of the retrospective training, internal validation dataset and 
prospective external validation dataset

Abbreviations: N number, SD standard deviation, NCC National Cancer Center, PUMCH Peking Union Medical College Hospital. aBI-RADS category was extracted 
from sonographic reports before biopsy or surgery but not the reader study results. bIncludes Samsung, Canon, Sonoscape, and Mindray. cIncludes invasive lobular 
carcinoma, mucinous carcinoma, carcinoma with medullary features, invasive micropapillary carcinoma, solid papillary carcinoma, apocrine carcinoma, and malignant 
without specific type. dIncludes adenosis, hyperplasia, tubular adenoma, benign phyllodes tumor, cyst, inflammation, and clinically diagnostic benign (in retrospective 
dataset) with at least 2-year follow-up.

Characteristics, unit Retrospective dataset Prospective dataset

Training set Internal Validation set p value NCC PUMCH p value

Patients, N 2204 567 99 76

Age,years, mean ± SD 46.5 ± 12.3 46.4 ± 13.4 0.99 52.2 ± 13.6 48.4 ± 14.5 0.08

  < 50 years old, N (%) 1353 (61.4%) 350 (61.7%) 42 (42.4%) 46 (60.5%)

   ≥ 50 years old, N (%) 851 (38.6%) 217 (38.3%) 57 (57.6%) 30 (39.5%)

Videos/lesions, N 2336 576 104 86

Lesion size, mm, median (range) 18.4 (2.9–93.0) 19.3 (3.9–87.0) 0.009 16.0 (5.0–48.0) 16.0 (5.0–48.0) 0.45

  ≤ 10 mm, N (%) 377 (16.1%) 87 (15.1%) 16 (15.4%) 24 (27.9%)

  > 10 mm, N (%) 1959 (83.9%) 489 (84.9%) 88 (84.6%) 62 (72.1%)

BI-RADS categorya 0.41 0.000

  2, N (%) 185 (7.9%) 52 (9.0%) 0 1 (1.2%)

  3, N (%) 399 (17.1%) 83 (14.4%) 2 (2.0%) 24 (27.9%)

  4A, N (%) 598 (25.6%) 142(24.7%) 25 (24.0%) 18 (20.9%)

  4B,N(%) 493 (21.1%) 117 (20.3%) 25 (24.0%) 6 (7.0%)

  4C, N (%) 510 (21.8%) 137 (23.8%) 26 (25.0%) 26 (30.2%)

  5, N (%) 151 (6.5%) 45 (7.8%) 26 (25.0%) 11 (12.8%)

Machine 0.70

  GE, N (%) 1603 (68.6%) 379 (65.8%) 0 0

  Siemens, N (%) 273 (11.7%) 71 (12.3%) 0 0

  Philips, N (%) 107 (4.6%) 27 (4.7%) 104 (100.0%) 86 (100.0%)

  Esaote, N (%) 261 (11.2%) 76 (13.2%) 0 0

  Othersb, N (%) 92 (3.9%) 23 (4.0%) 0 0

Lesion type 0.45 0.08

  Invasive ductal carcinoma, N (%) 914 (39.1%) 236 (41.0%) 54 (51.9%) 34 (39.5%)

  Ductal carcinoma in situ, N (%) 93 (4.0%) 30 (5.2%) 8 (7.7%) 6 (7.0%)

  Other malignant tumorsc, N (%) 104 (4.5%) 22 (3.8%) 9 (8.7%) 4 (4.7%)

  Fibroadenoma, N (%) 644 (27.6%) 139 (24.1%) 18 (17.3%) 19 (22.1%)

  Intraductal papilloma, N (%) 71 (3.0%) 17 (3.0%) 3 (2.9%) 11 (12.7%)

  Other benign tumorsd, N (%) 510 (21.8%) 132 (22.9%) 12 (11.5%) 12 (14.0%)
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the ROC curve (Fig. 4). A comparison of the diagnostic 
performance of WAUVE and the four radiologists is dis-
played in Table 4.

AI‑assisted radiologists achieve better performance
With the assistance of the WAUVE, the average diagnos-
tic performance of the four radiologists achieved better 
specificity (56.67% vs. 50.00%, p = 0.003) and accuracy 
(82.24% vs. 79.34%, p = 0.002). More detailed metrics are 
listed in Table 4.

Table 5 shows each radiologist’s BI-RADS adjustments 
after considering the prediction result of WAUVE. In 
general, the radiologists preferred to upgraded more BI-
RADS categories in malignant lesions, and downgrade 
more BI-RADS categories in benign lesions. In reference 
to the binary clinical strategy of follow-up or biopsy (BI-
RADS 3 versus 4a +), we observed that four radiologists 
accurately downgraded cases 31 times, that is, unneces-
sary biopsies were avoided from benign lesions.

Changes in diagnostic consistency between radiolo-
gists before and after using the WAUVE are presented 
in Fig.  5. With the WAUVE assistance, the inter-class 

variation between two radiologists was reduced, lead-
ing to more consistent diagnostic results (with ICC from 
0.807 to 0.838).

Based on the independent diagnosis time of radi-
ologists, we defined evaluation time as the overall dura-
tion of diagnosis minus the duration of primary videos. 
Subsequently, we divided all videos into three groups: 
−10.45–12.67 s, 13.03–26.03 s, and 26.08–95.49 s. In all 
three groups, compared with the results of radiologists 
independently, the specificity of radiologists with the 
WAUVE assistance increased by 5% to 8%, especially in 
the most time-consuming group (p = 0.027), while the 
sensitivity remained stable (Additional file 1).

Qualitative illustration and heatmap interpretation 
of the WAUVE model
We demonstrated predictions of the lesion detector and 
video classifier in Additional files  2 and 3, and the rep-
resentative frames and heatmaps of the two videos in 
Fig. 6. The visualized feature maps use different color to 
highlight different degrees of informative regions rele-
vant to the AI predictions. To be specific, the red regions 

Fig. 3  Receiver operating characteristic curves for different DL models in the internal validation dataset. Abbreviations: AUC, area under the receiver 
operating characteristic curve; DL, deep learning
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contribute to high malignancy probability, and the blue 
regions to a benign probability.

Discussion
The diagnostic accuracy for breast cancer varies sig-
nificantly due to the high operator dependence among 
diagnostician across different regions, particularly in 
areas with unbalanced economic development [34]. In 
this work, we presented a DL model based on freehand 
US videos encompassing the whole lesion. The diagnos-
tic accuracy of this model surpassed that of the static 
2D-ResNet50 model and was comparable to the expertise 
of experienced radiologists in leading hospitals in China. 
Our model exhibited consistent and robust performance 
in external validation datasets across diverse hospital set-
tings, patient age, lesion size, and BI-RADS category sub-
groups. Moreover, it demonstrated the ability to enhance 
the performance of experienced radiologists, improving 
overall accuracy and specificity while achieving greater 
interobserver diagnostic consistency.

AI has undergone explosive growth within the fields 
of medicine, manifesting in various applications encom-
passing public health, clinical-trial performance, image 
analysis, medical information retrieval, and operational 
organization [35]. Notably, AI models have exhibited 
remarkably success in the interpretation of medical 
images, engaging in tasks such as quantification, work-
flow triage, and image enhancement [17]. Despite the 
approval of over 200 commercial radiology AI products, 
the widespread integration of AI into clinical practice 
presents both promising prospects and notable chal-
lenges [17, 36].

Compared to other radiology modalities, the operator-
dependent and non-standardized nature of static ultra-
sonic image acquisition presents a significant challenge 
in the generalization of existing AI models. Zhao et  al. 
[24] highlighted that the performance of DL-based CAD 
systems may be influenced by the degree of image stand-
ardization. In response to the subjectivity introduced 
by radiologist-selected static images, researchers have 

Fig. 4  Diagnostic performance comparison between WAUVE model and four radiologists. Receiver operating characteristic (ROC) curves 
and points are used to depict the performance of the model and four radiologists, respectively. Additionally, the mean performance of four 
radiologists is presented by error bars with 95% confidence intervals (CIs), which were calculated based on 9999 bootstraps of the data. Green 
and purple points represent the performance of radiologists without and with AI assistance, respectively
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explored methods for automatically acquiring frames 
from US videos. Huang et al. [37] proposed a reinforce-
ment learning-based framework capable of automatically 
extracting keyframes from breast videos. Similarly, Chen 
et  al. [38] introduced the Feature Entropy Breast Net-
work (FEBrNet) to auto-catch responsible frames during 
breast US scanning. However, whether using radiolo-
gist-selected images, automatically extracted keyframes 
or autonomously captured responsible frames, these 
approaches fail to capture the comprehensive morpho-
logical characteristics of tumors.

On the other hand, video-based AI models, designed to 
capitalize on both morphological and temporal context 
information during dynamic scanning, have been applied 
to various clinical tasks. Liu et al. [39] proposed a video-
based DL model with adjacent frame perception (AFP), 
enhancing the real-time detection of thyroid nodules by 
aggregating semantically similar contextual features in 
the video. Zhang et al. [40] developed a DL-video model 
using a 3D variant of ResNet-18 for differential diagnosis 
of thyroid carcinoma, demonstrating superior diagnostic 
performance compared to the 2D-ResNet-18 network in 
validation cohorts (AUC: 0.923 vs. 0.864, respectively, 
p = 0.028). Xu et al. [41] proposed an attention-boosted 
BConvLSTM-based diagnostic models, capturing spa-
tiotemporal information from US videos for classifying 
benign versus malignant liver masses. The LM-VNet, 
using only US videos, achieved AUC of 0.966 in the 
developing dataset and 0.901 in the external test dataset, 
outperforming models using only US images. Li et al. [28] 
demonstrated the effectiveness of a DL model in predict-
ing axillary lymph node metastases using dynamic US 
videos in breast cancer patients. The temporal interlace 

network (TIN) excelled with 0.914 AUC surpassing the 
static ResNet-50 model (AUC: 0.856, p < 0.05). Consist-
ent with these advancements, our dynamic WAUVE 
model using I3D exhibited significantly higher diagnos-
tic performance than the classic 2D-ResNet50 network. 
Notably, breast US examinations involve the dynamic 
scanning process in real-world clinical practice, empha-
sizing the superior compatibility of video-based AI model 
with the workflow of clinical radiologist.

A recently published literature reported a DL-based 
classification model utilizing breast US dynamic videos, 
achieving AUC of 0.969 in the internal test set. However, 
limitations in this study include the exclusive use of a sin-
gle US machine, operated by only one experienced radiol-
ogist with a slow and uniform sweep speed. Furthermore, 
the absence of an independent test set raises concerns 
regarding the model’s generalizability [42]. On the con-
trary, our study implemented a more flexible approach 
to video acquisition, aligning with individual habits in 
routine clinical workflows. Meanwhile, the US machines 
used in our training set encompassed a broad spectrum 
of models commonly found in Chinese hospitals. In addi-
tion, our patient populations were sourced from both 
general and tumor specialized hospitals, representing 
diverse demographic characteristics. The development 
dataset, designed to closely mirror real-world clinical 
practice, enhances the generalization of algorithms in 
new settings and reduces the gap between research and 
practical application.

As the stand-alone diagnostic performance of the 
WAUVE model proved comparable to that of experi-
enced radiologist in the prospectively collected exter-
nal validation datasets, it may be feasible to explore 

Fig. 5  Consistency between different radiologists before (a) and after (b) AI assistance. Based on the color bar on the right, the color block darkens 
with increasing consistency, and the number in the color block area represents the Kappa value between two corresponding radiologists. With AI 
assistance, the consistency between radiologists was higher than that before AI assistance, and the Kappa values between different radiologists 
were all improved to different degrees
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implementation strategies for training general or junior 
radiologists with AI support. Although the PPVs exhib-
ited differences across different subgroups, this might 

be attributed to the distinct prevalence of breast cancer, 
the imbalance distribution of patient characteristics, and 

Fig. 6  Examples of Qualitative illustration and heatmap illustration of our WAUVE model. We present representative frames from the input 
video and the corresponding heatmaps. The green bounding boxes represent the detected ROI in each frame. For each ROI, the cancer risk 
score of the video clip (Clip N: prob = X) is presented above the bounding box. In the heatmap, the red regions contribute to high malignancy 
probability and the blue regions to benign. a The WAUVE model obtained an overall cancer risk score of 0.643, with mostly red-colored regions 
suggesting a malignant lesion. All four radiologists in the reader study classified this lesion as BI-RADS 4 C, and the final histopathological diagnosis 
was a malignancy. b The WAUVE model obtained an overall cancer risk score of 0.111, with mostly blue regions suggesting a benign lesion. One 
radiologist assigned this lesion as BI-RADS 4a and another as 4b, indicating mild to moderate suspicion for malignancy. However, the final diagnosis 
was a benign fibroadenoma
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the interpretation of BI-RADS category by different radi-
ologists with various experience levels [43].

The issue of inter- and intra- reader inconsistency, 
along with high false positive rate of breast US diagno-
sis, has always been widely discussed. The discrepancy 
can create confusion among breast surgeons, impeding 
decision-making and hindering effective communication 
between doctors and patients. Consequently, patients 
often undergo reproducible examinations across dif-
ferent medical facilities. And overdiagnosis can lead to 
unnecessary biopsies or surgeries, which pose a consid-
erable physical and psychological burden and additional 
economical costs to patients. In the AI-assisted reader 
study, the discernible value of WAUVE was to help radi-
ologists enhance consistency across overall cases and 
heighten specificity in challenging scenarios, which indi-
cated that it holds the promise of avoiding unnecessary 
diagnostic interventions and reducing associated health 
costs. Differences in the degree of BI-RADS adjustment 
after AI assistance—such as the relatively high number 
of upgrades by Radiologist 2—may reflect the acceptance 
and confidence of different radiologists in AI diagnosis, 
individual diagnostic preferences or thresholds for sus-
picion, rather than a lack of clinical experience. Further-
more, the superiority of our AI system over radiologists 
is underscored in time-consuming cases (p = 0.03). This 
suggests the feasibility of relying on AI for the diagnosis 
of intricate cases, potentially saving substantial time and 
enhancing the efficiency of US examinations.

This study has several limitations. First, it is custom-
ary for radiologists to integrate imaging findings with 
clinical information, such as symptoms and risk factors, 
when characterizing lesions. Notably, our model does not 
encompass these variations, making a subtle distinction 
between our model and actual clinical workflows. Future 
enhancements could involve incorporating the clinical 
information into the model to optimize diagnostic effi-
ciency. Second, our reader study did not utilize bound-
ing boxes and heatmaps. This omission was deliberate, 
recognizing that interpreting dynamic heatmaps could 
be time-exhausting for experienced radiologists, poten-
tially affecting diagnostic efficiency. However, the inte-
gration of bounding boxes and heatmaps, if presented in 
real-time, could aid radiologists in locating and identify-
ing the representative characteristics of the lesion. This 
has the potential to contribute to further improvements 
in AI-assisted diagnostic performance. Third, our study 
lacks videos depicting normal breasts. Consequently, 
it remains to be ascertained whether the model might 
misdiagnose normal breast tissues, accounting for dif-
ferent ages and physiological phases, as masses. The false 
positive value of the model’s automatic identification of 
lesions warrants further investigation. Finally, for the 

external validation test, videos from two hospitals were 
exclusively obtained using Philips machines. Despite this 
limitation, the validity of our model’s results is upheld 
since videos from Philips machines constituted only 4.6% 
of our training dataset. Ongoing examinations involve 
videos obtained using machines from multiple vendors to 
ensure a more comprehensive assessment.

In conclusion, our dynamic model demonstrated 
exceptional proficiency in assessing breast cancer under 
non-standardized B-mode ultrasound scanning condi-
tions, facilitated the diagnostic performance of experi-
enced radiologists, and improved diagnostic consistency 
and specificity for difficult cases. This clinically applicable 
AI system, designed to align with clinical US examina-
tions, holds promise for integration into future breast US 
practices, potentially enhancing overall workflows.
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