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Abstract

Objectives In view of inherent attributes of breast BI-RADS 3, benign and malignant lesions are with a subtle
difference and the imbalanced ratio (with a very small part of malignancy). The objective of this study is to improve
the detection rate of BI-RADS 3 malignant lesions on breast ultrasound (US) images using deep convolution networks.

Methods In the study, 1,275 lesions out of 1,096 patients were included from Southwest Hospital (SW) and Tangshan
Hospital (TS). In which, 629 lesions, 218 lesions and 428 lesions were utilized for the development dataset, the internal
and external testing set. All malignant lesions were biopsy-confirmed, while benign lesions were verified through
biopsy or stable (no significant changes) over a three-year follow-up. And each lesion had both B-mode and color
Doppler images. We proposed a two-step augmentation method, covering malignancy feature augmentation and
data augmentation, and further verified its feasibility on a dual-branches ResNet50 classification model named
Dual-ResNet50. We conducted a comparative analysis between our model and four radiologists in breast imaging
diagnosis.

Results After malignancy feature and data augmentations, our model achieved a high area under the receiver
operating characteristic curve (AUC) of 0.881 (95% Cl: 0.830-0.921), the sensitivity of 77.8% (14/18), in the SW test set,
and an AUC of 0.880 (95% Cl: 0.847-0.910), a sensitivity of 71.4% (5/7) in the TS test set. Compared to four radiologists
with over 10-years of diagnostic experience, our model outperformed their diagnoses.

Conclusions Our proposed augmentation method can help the deep learning (DL) classification model to improve
the breast cancer detection rate in BI-RADS 3 lesions, demonstrating its potential to enhance diagnostic accuracy

in early breast cancer detection. This improvement aids in a timely adjustment of subsequent treatment for these
patients in clinical practice.
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Introduction

Breast cancer, as the most common malignant tumor for
women in the world, seriously threatens women’s physi-
cal and mental health [1]. Early screening and treatment
can significantly improve the prognosis of patients and
reduce mortality rates [2-4]. Hence, early detection
through screening and prompt treatment are essential
for effective management of this disease. Compared with
mammography [5], US screening imaging [6] is a major
screening routine with detailed information inside the
breast for early detection of breast cancer in many Asian
countries, improving the detection rate especially in
women with dense breasts [7].

The breast imaging reporting and data system (BI-
RADS) is a standardized system to differentiate the stages
of cancer as seen on US imaging, ranging from category
1 (not cancer) to category 6 (high likelihood of cancer)
[8]. Notably, BI-RADS 3 indicates a malignancy probabil-
ity less than 2%, and the corresponding treatment recom-
mendation is short-term follow-up. BI-RADS 3 lesions
indicate an extremely imbalanced data distribution (with
a very small part of malignancy), and similar features
between benign and malignant lesions. Such factors com-
plicated the detection of BI-RADS 3 malignant lesions in
breast cancer screening, posing a significant challenge for
precise diagnosis.

Artificial Intelligence (AI) [9] has significantly revo-
lutionized various clinical challenges. At early stages,
machine learning (ML) [10-12] algorithms were applied
in computer-aided diagnosis, including breast cancer,
relying on manually extracted features and specific image
properties defined by domain experts. With the further
development of Al, deep learning (DL), particularly
deep convolutional neural networks (DCNNs) [13], has
emerged a unique advantage in medical imaging. These
networks are capable of autonomously learning complex
feature representations from a vast amount of medical
images, eliminating the need for predefined features or
expert intervention. The feasibility of applying DL on the
classification of breast US images has been demonstrated
[14-16], highlighting its potential to identify subtle dis-
ease variances that may be invisible to radiologists.

However, there are few studies specifically designing
benign and malignant classification frameworks for BI-
RADS 3 breast lesions, due to the inherent properties of
BI-RADS 3 lesions. First, the morphology of benign and
malignant lesions classified by BI-RADS 3 exhibit a sig-
nificant degree of overlap [17], which makes DL models
difficult to distinguish precisely. Second, it commonly
has a high detection rate of BI-RADS 3 lesions but a
very low probability of malignancy. So, it is difficult to
collect sufficient malignant data to train the classifica-
tion model, resulting in overfitting problems during the
training stage, and causing limited generalization on new
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datasets. Thus, training a benign-malignant classifica-
tion model for BI-RADS 3 breast lesions is a challenging
task. This study aims to propose a two-stage augmenta-
tion method, including malignancy feature augmenta-
tion and data augmentation, by using the processed US
images to train the Dual-ResNet50 model, to better sup-
port benign and malignant classification for BI-RADS 3
breast lesions.

Patients and methods

Patient data

This retrospective study had been approved by the Ethics
Committee of the First Affiliated Hospital of Army Medi-
cal University ([No. (B) KY202264]), and the requirement
for informed consent from all patients was waived before
study inclusion. The workflow of our investigation fol-
lowed the BI-RADS guidelines, as detailed in (Additional
file 1: Table S1). The inclusion criteria included all these
patients who had undergone US examination. Following
this, malignant samples were confirmed by biopsy, and
benign samples were verified either directly via biopsy
or no significant changes over a three-year follow-up.
The cases that lacked of B-mode or color Doppler images
of the same lesion, and the cases of particular patients
(including pregnant, lactation, and local treatment his-
tory) were excluded.

As a result, a total of 742 patients, 847 lesion images
were obtained in Southwest Hospital (SW). Among them,
629 lesion images (400 BI-RADS 3 benign, 20 BI-RADS
3 cancers, and 209 BI-RADS 4 A cancers) from 2015 to
2020 were divided into the training and validation data-
sets, and 218 lesion images (18 BI-RADS 3 cancers, 200
BI-RADS 3 benign) in 2021 were split into the internal
test set. Additionally, 354 patients, 428 lesion images (7
BI-RADS 3 cancers, 421 BI-RADS 3 benign) were gath-
ered as the external test set from Tangshan Hospital (TS),
in 2021. Figure 1 illustrates the screening flow chart for
breast cancer patients, and the characteristics of the
screened patients are described in Table 1. The detailed
US data and preprocessing operations are provided in
Additional file 1: ROI extraction and preprocessing.

A Two-stage augmentation architecture
In this study, we proposed a two-stage augmentation
method for enhancing the extraction of malignancy
features and balancing negative/positive samples. Spe-
cifically, it first utilized BI-RADS 4 A malignant lesions
to achieve feature augmentation, and then applied the
CycleGAN model for data augmentation, to autono-
mously predict benign and malignant of BI-RADS 3
lesions by using the proposed Dual-ResNet50 classifica-
tion model. The detailed workflow is depicted in Fig. 2.
For the feature augmentation method, benign and
malignant regions of BI-RADS 3 lesions were with very
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Fig. 1 The screening flow chart for breast cancer patients. BC breast cancer, development dataset containing training and validation sets by stratified
sampling
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Table 1 Breast cancer patient and lesion characteristics

Specifications SW Dataset TS Da-
taset
Train & validate Internal Exter-
Test nal
Test
Patients (742 patients in SW)
Age
<30 273 36 95
30~49 306 78 211
50~69 31 17 47
>70 1 0 1
Diagnostic methods
Biopsy 431 131 354
Follow-up 180 0 0
Lesions (847 lesions from 742 patients in SW)
Lesions size
<5 25 8 13
5~99 150 70 114
10~199 302 108 176
>20 152 32 51
Lesions width
<5 177 60 98
5~99 320 1 180
10~199 125 46 74
>20 7 1 2
Aspect ratio
>1 10 2 4
<1 619 216 350
Boundary
Clear 542 182 297
Others 87 36 57
Morphology
Regular 564 193 313
Others 65 25 41
Blood Flow Spectrum
Pulsating 13 3 349
Others 616 215 5

The training, validation, and internal dataset was collected by Southwest
Hospital of China, while the external dataset was from Tangshan Hospital of
China. In this table, lesion information was determined using existing screening
and diagnostic reports. Note that the training and validation cohorts include
2015-2020 biopsy-confirmed lesions and 2015-2017 follow-up confirmed
lesions

similar appearance, only subtle variations, leading to the
missed cancer diagnosis. We observed BI-RADS 4 A is an
adjacent category of BI-RADS 3 in the BI-RADS grading
system, with a higher likelihood of malignancy between
2% and 10%, which requires a biopsy test for definitive
diagnosis [18]. Therefore, we added all 209 BI-RADS 4 A
cancers when training Dual-ResNet50, to extract more
discriminative features by learning these similar features
from BI-RADS 4 A, thereby assisting this model in the
detection rate of BI-RADS 3 malignant lesions.
Furthermore, due to the extreme imbalance of
benign and malignant samples in BI-RADS 3, the DL
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classification model demonstrated limited performance
in identifying malignant lesions of BI-RADS 3. Thus,
the data augmentation method was further applied to
address the imbalanced nature of benign/malignant BI-
RADS 3 lesions. The advantage of Generative adversarial
network (GAN) [19] as the data augmentation method
is to generate new data with diversity, instead of sim-
ply rotating, flipping, or cutting the original US images,
thereby expanding the dataset, and improving the gener-
alization ability of the model. We individually trained two
CycleGAN models [20] named Bmode-GAN and Dop-
pler-GAN using ten-fold cross-validation with respect to
B-mode and color Doppler images, to realize the mutual
transformation between BI-RADS 3 and BI-RADS 4 A.
Therefore, from BI-RADS 4 A to BI-RADS 3, we could
totally obtain 209 synthetic BI-RADS 3 malignant lesions
(including B-mode and color Doppler images) by these
two pre-trained CycleGAN models, achieving data aug-
mentation of BI-RADS 3 malignant lesions.

Dual-ResNet50 classification model

In this study, we further developed a DL-based classifi-
cation model based on dual-branches ResNet50, named
Dual-ResNet50, to verify the impact of the proposed
two-step augmentation method. Specifically, we evalu-
ated the performance of the Dual-ResNet50 model under
three distinct training conditions: DR-B, the base model
trained Dual-ResNet50 only on original data without any
augmentation; DR-F, the model trained Dual-ResNet50
by utilizing original data and the data with feature aug-
mentation; DR-FD, the model obtained by training Dual-
ResNet50 on original data and augmented data, which
included both feature and data augmentations. We ana-
lyzed the effectiveness of these different augmentation
methods, by the performance of these models under each
of these three conditions.

Here, for Dual-ResNet50, both B-mode and color
Doppler images of breast lesions were fed into the two
ResNet50 [21] branches of the Dual-ResNet50 model to
obtain their respective feature representations. Then, the
dimensionality was reduced through two fully connected
layers, and the probability between 0 and 1 could be out-
put through a SoftMax function, as the final classifica-
tion result. The detailed architecture of Dual-ResNet50 is
provided in Fig. 2 and Additional file 1: Dual-ResNet50
model.

Comparison with radiologists

To further evaluate the clinical effect of the DR-FD
model, the diagnostic performance of the model and
four radiologists were compared in SW and TS test sets,
which included patient data collected in 2021. We invited
four radiologists, to independently diagnose whether the
lesion is benign or malignant through analyzing B-mode
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Fig. 2 Schematic diagram of the two-stage augmentation method for breast cancer classification. (a) A two-step augmentation method for classifica-
tion. (b) CycleGAN model. (c) Dual-ResNet50 model. The two-stage augmentation method consists of feature augmentation and data augmentation. The
original BI-RADS 3 lesions, along with BI-RADS 4 A malignant lesions after feature augmentation, and synthetic BI-RADS 3 malignant lesions after data
augmentation using CycleGAN are input into the classification model named Dual-ResNet50, to predict the probability of BI-RADS 3

and color Doppler images of a specific lesion. The final
diagnosis of all radiologists was determined if not less
than two radiologists identified the lesion as malignant,
we labeled it as malignant; otherwise, it was classified as
benign.

Model interpretability

To alleviate the black-box nature of the DR-FD model,
the visual tool named Grad-CAM [22, 23] was used
to generate heatmaps for B-mode and color Doppler

images. The saliency maps were attained by applying
Grad-CAM on the last convolutional layers of two sepa-
rate ResNet50 branches in DR-FD. The heatmap signals
with higher brightness indicated areas that our DR-FD
identified as being relevant to the target class or feature
of interest. In clinical analysis, such heatmaps provided
additional information for radiologists in identifying sig-
nificant regions.
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Statistical analysis

The statistical analysis was performed using MedCalc
version 19.0.4, python packages. These indicators, includ-
ing AUC, sensitivity, specificity, accuracy, positive pre-
dictive value (PPV), negative predictive value (NPV),
Fl-score, and false positive rate (FPR), were applied to
evaluate the performance of the binary classification
model, which were described in Additional file 1: Sta-
tistic metrics. We utilized DeLong’s method to compare
the difference of AUCs between our proposed model
and other baselines, and provided the corresponding

Original BI-RADS 4a images
color Doppler

—
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confidence intervals. A p-value of 0.05 or less meant that
the null hypothesis was refused.

Results

Generation results of cyclegan model

A total of 209 synthetic BI-RADS 3 malignant lesion
image pairs (including B-mode and color Doppler images
of the same lesion) were generated by two pre-trained
CycleGAN models. Several typical examples of real BI-
RADS 4 A and corresponding synthetic BI-RADS 3
lesions are illustrated in Fig. 3.

Synthetic BI-RADS 3 images
B-mode color Doppler

2

a

P

e

R

L

Fig. 3 Examples of real BI-RADS 4 A and corresponding synthetic BI-RADS 3 lesions. Real BI-RADS 4 A B-mode and color Doppler images are displayed in
the first and second columns. Synthetic BI-RADS 3 B-mode and corresponding color Doppler images are presented in the third and fourth columns by
Bmode-GAN and Doppler-GAN models, respectively
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Fig.4 Comparison of ROC curves among the DR-B, DR-F, and DR-FD models for predicting BI-RADS 3 benign and malignant lesions on SWand TS cohorts

Table 2 Performance of different augmentation methods for predicting BI-RADS 3 lesions in the internal and external test sets

Method AUC (95% Cl) Sensitivity (%)  Specificity (%) Accuracy (%) PPV (%) NPV (%) F1l-score FPR
SW cohort  DR-B 0.626 (0.558-0.690)  16.7 90.5 844 13.6 923 0.150 0.095
DR-F 0.827 (0.770-0.874) 556 84.5 82.1 244 955 0339 0.155
DR-FD 0.881(0.830-0.921) 778 87.5 86.7 359 97.8 0491 0.125
Radiologists  0.728 (0.663-0.786) 333 97.5 92.0 54.5 94.2 0414 0.025
TS cohort DR-B 0.645 (0.597-0.690)  14.3 90.5 89.3 24 984 0.041 0.095
DR-F 0.792 (0.750-0.829) 286 84.1 83.2 2.8 98.6 0.052 0.159
DR-FD 0.880(0.847-0.910) 714 85.0 84.8 74 99.4 0.133 0.150
Radiologists  0.696 (0.650-0.740) 143 98.5 974 16.7 98.5 0.154 0.012

AUC area under the receiver operating characteristic curve, PPV positive predictive value, NPV negative predictive value, FPR false positive rate, Cl confidence

interval, Radiologists all the four radiologists

The CycleGAN model accomplished a very complex
image-to-image translation. From the perspective of
visual perception, in the direction of BI-RADS 4 A to
BI-RADS 3, the generated B-mode and color Doppler
images effectively preserved the lesion information in BI-
RADS 4 A, while changing in color, brightness, contrast,
and other stylistic features of BI-RADS 3. Overall, the
quality and variation of the synthetic images were con-
sistent with our expectations. However, in actual clini-
cal practice, it must never be assumed that the generated
BI-RADS 3 lesion images had the same properties as the
BI-RADS 3 lesion images of the specific actual patient,
even though the synthetic images looked realistic. In our
method, the synthetic BI-RADS 3 lesion images were
only applied as data augmentation for training Dual-
ResNet50 to alleviate the level of class imbalance, not for
actual clinical diagnosis.

Performance of Dual-ResNet50 with augmentations

We compared the performance of the Dual-ResNet50
classification model before and after augmentations
by examining various metrics (Fig. 4; Table 2). The
DR-FD model exhibited outstanding performance in

distinguishing malignant from BI-RADS 3, with AUCs of
0.881 (95% CI: 0.830-0.921) in the internal test set, and
0.880 (95% CI: 0.847-0.910) in the external test set. In
comparison, both DR-B and DR-F models showed lower
AUCs on SW cohort (DR-B: AUC =0.626, 95% CI: 0.558—
0.690, P<0.001, DR-F: AUC =0.827, 95% CI: 0.597-0.690,
P<0.05), and TS cohort (DR-B: AUC=0.645, 95% CI:
0.597-0.690, P<0.005; DR-F: AUC=0.792, 95% CI
0.750-0.829, P<0.05).

The ability of the Dual-ResNet50 model in detecting
malignant and benign cases before and after augmen-
tations is further presented in Table 2; Fig. 5. On SW
cohort containing 18 malignant and 200 benign lesions,
DR-FD achieved a high sensitivity of 77.8% (14 out of
18 malignant cases). By contrast, DR-B had a low sensi-
tivity of 16.9% (only 3 out of 18 malignant cases), while
DR-F had a sensitivity of 55.6% (10 out of 18 malignant
cases). Similarly, on TS cohort consisting of 421 benign
and 7 malignant lesions, the DR-B model demonstrated a
low sensitivity of 14.3% (only 1 true positive case). How-
ever, DR-F showed a sensitivity of 28.6% (2 true positive
cases), and DR-FD achieved a sensitivity of 71.4% (5 true
positive cases). These findings clearly demonstrated our
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a.

DR-B DR-B
Before
augmentation

DR-F DR-F
After feature
augmentation

DR-FD DR-FD
After data
augmentation
P s e T men mes T e s
b.

DR-B DR-B
augmentation

l DR-F l DR-F

After feature
augmentation

DR-FD DR-FD
After data
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Fig. 5 Performance of Dual-ResNet50 model in detecting malignant and benign lesions with different augmentation methods on SW and TS cohorts.
M malignancy, B benign, TP true positive, FP false positive, FN false negative, TN true negative. (a) the classification performance of Dual-ResNet50 in the
SW test set using three different levels of augmentation: no augmentation, feature augmentation, and combined feature and data augmentation. (b)
the classification performance of Dual-ResNet50 performance in the TS test set using three different levels of augmentation: no augmentation, feature
augmentation, and combined feature and data augmentation
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augmentation methods could improve the performance
of DL classification models in identifying malignant
lesions to various degrees.

In addition, we observed the performance of the
DR-FD model trained separately by B-mode or color
Doppler images on SW cohort (Additional file 1: Fig.
S3). Single modality B-mode or color Doppler images
effectively differentiated benign and malignant lesions
(AUC=0.795, 95% CIL: 0.735-0.847, AUC=0.789, 95%
CI: 0.728-0.841). Notably, the bimodal information inte-
grating both B-mode and color Doppler images further
enhanced the diagnostic accuracy (AUC=0.880, 95% CI:
0.830-0.921).

Comparison of DR-FD model and radiologists

According to Table 2, the DR-FD model exhibited excel-
lent performance in terms of AUC, sensitivity, and partic-
ularly in identifying patients with malignant lesions. The
final consensus diagnosis and the independent diagnoses
of the four radiologists are provided (Table 2 and Addi-
tional file 1: Table S3), respectively. The average AUC
of these radiologists was 0.728 (95% CI: 0.663—0.786,
p<0.01 for DR-FD vs. radiologists) and a corresponding
sensitivity of only 33.3% on SW cohort. Meanwhile, on
TS cohort, the average AUC was 0.696 (95% CI: 0.650—
0.740, p<0.01 for DR-FD vs. radiologists), and the sensi-
tivity was merely 14.3%. However, radiologists exhibited a
high specificity, indicating their tendency to give a benign
diagnosis to BI-RADS 3 lesions, which may lead to miss-
ing some patients with malignant lesions. Therefore, our
DR-FD model has the potential to serve as a valuable
tool, alerting radiologists in paying attention to these pre-
dicted high-risk lesions.

Interpretability of the DR-FD model

To enhance the interpretability of our DR-FD model, and
make radiologists understand the decision-making pro-
cess, we incorporated heatmaps to highlight the impor-
tant regions associated with DR-FD predictions. Each
heatmap highlighted regions of US images that were vig-
orous in predicting malignant and benign microcalcifi-
cation, with areas of strong emphasis marked in red and
areas of weak emphasis in blue.

The heatmap signals presented by B-mode and color
Doppler images of the same lesion did not overlap, when
the DR-FD model was employed to predict breast US
images (Fig. 6). For B-mode images, the heatmap mainly
covered the area of the lesion, indicating a potential
focus on the morphologic and acoustic features of breast
masses. For color Doppler images, the heatmap primar-
ily overlayed regions with relatively rich blood vessels.
This revealed a specific attention on capturing blood flow
information.
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The interpretability features presented by the heatmap
offered valuable guidance for radiologists. In cases where
there was inconsistency between the initial assessment of
radiologists and the predictions of the DR-FD model for
the same lesion, the heatmap offered an opportunity for
additional analysis. This facilitated a more comprehen-
sive evaluation of suspicious lesions, ensuring that they
received secondary attention.

Discussion

The increasing detection rate of early-stage breast cancer
and suitable treatment effectively reduced the mortal-
ity rate. From the perspective of breast US imaging, BI-
RADS 3 lesions have circumscribed margin, oval shape,
and parallel orientation of the mass, showing benign
characteristics [24]. The malignant masses diagnosed
by follow-up patients with category 3 are typically early
stage, small in size, and node-negative [25], and the imag-
ing characteristics of malignant masses are very similar
to those of benign category 3 lesions. Even experienced
US radiologists could not easily detect breast cancer
patients in BI-RADS 3 population in time, thus leading
to potential misdiagnosis or delayed confirmation of can-
cer during follow-up. In this study, we aimed to design
a two-stage augmentation method for BI-RADS 3 US
images, and utilized the augmented images to train the
Dual-ResNet50 classification network, achieving the clas-
sification of BI-RADS 3 benign and malignant lesions.
Different from previous studies [26—29], we focused on
the challenging task of breast lesions graded by BI-RADS
3, which was difficult to accurately identity the malig-
nancy of breast ultrasound images with naked eyes or
computer-aided diagnosis [30]. Our results demonstrated
that the proposed two-stage augmentation method held
promising potential as an effective tool to assist the DL
model in enhancing the detection ability of BI-RADS 3
lesions. Thus, it could suggest follow-up observation
for low-risk lesions, and promote early confirmation of
breast cancer with double-checks or immediate biopsy
for high-risk BI-RADS 3 lesions.

The performance of DR-B in classifying BI-RADS 3
lesions was unsatisfactory with low AUCs and sensitivi-
ties on both SW and TS cohorts (Table 2), which further
highlights the challenges when training a DL model using
BI-RADS 3 lesions in the clinical setting. BI-RADS cate-
gories 1-3 and 5, as visualized by mammography and US
imaging, display obvious benign and malignant features,
facilitating their accurate diagnosis as either benign or
malignant by radiologists or DL models [31]. Moreover,
the PPV of BI-RADS 4 A patients is less than 10% [32].
These findings indicate that BI-RADS 3 lesions typically
exhibit benign features on US imaging, while the malig-
nant features of BI-RADS 4 A are relatively weak. This
relationship highlights they are closely related in terms of
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malignant characteristics, particularly in the manifesta-
tion of early malignancy.

Based on this similarity, the incorporation of BI-RADS
4 A malignant lesions into the training process may
potentially assist the DL classification model, in learn-
ing more obvious features associated with malignant
lesions, thereby improving the identification of potential
malignancies. Therefore, by utilizing our proposed fea-
ture augmentation method, the DR-F model achieved a
significant improvement, especially in AUC and sensitiv-
ity. This finding reveals the potential of extracting simi-
lar features from existing malignant samples classified
as BI-RADS 4 A, and employing them in the diagnosis
of BI-RADS 3 lesions. As a result, the DL model more
easily detects subtle features associated with BI-RADS
3 malignancy lesions. Additionally, data augmentation
techniques based on GANs have emerged as effective
approaches for mitigating data imbalance in computer
vision tasks, thereby enhancing the performance of clas-
sification networks [33]. The generated images from
GAN-based in the classification task of many clinical
diseases, such as chest X-Rays images and colorectal his-
topathology images, provided a solution to address the
issue of data imbalance [34-36] Through the combina-
tion of feature augmentation and data augmentation,
DR-ED achieved a high AUC and sensitivity. This obser-
vation confirms the importance of appropriately address-
ing data imbalance for breast lesion classification, and
demonstrates the potential of the CycleGAN generation
method in enhancing the accuracy of breast lesion diag-
nosis at an early stage.

In breast US images, almost 99% of malignant lesions
presented a color signal, whereas only 4% of benign
lesions showed a detectable vascularization [37]. In
case of benign lesions, vessel distribution was found to
be equivalent for the core and periphery of the lesion,
whereas malignant lesions had greater vascularization
towards their center [38]. The heatmap provided valuable
insights into the accuracy of our model in identifying and
locating the lesion information. These accurate predic-
tions by the DR-FD model in Fig. 6a and b imply a poten-
tial correlation between blood flow signals and malignant
lesions, which is critical for the screening of breast can-
cer in BI-RADS 3 patients. Specifically, in the true posi-
tive (14 in the SW dataset and 5 in the TS dataset) and
true negative (175 in the SW dataset and 358 in the TS
dataset) cases, the heatmap accurately captured the mor-
phology and blood flow signals of the lesion. Moreover,
the signal enhancements of blood vessels and the velocity
of blood flow in the heatmaps of color Doppler images
were more substantial in malignant lesions compared
to benign lesions. The color Doppler ultrasound repre-
sents the blood flow as a color map superimposed over
matched B-mode image [39, 40]. Therefore, we speculate
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that the strong signal in the Doppler heatmap obtained
by DR-ED is more likely to resemble the blood flow signal
from the small blood vessels rather than the structural
signal from the B-mode image. This may be attributed to
the scattered or weak signals of microvessels, resulting in
insufficient pixels to display red or blue colors. Addition-
ally, it is possible that the blood flow velocity of microves-
sels is not fast enough to produce noticeable red or blue
coloration. However, these disparities are observed
between the predicted and actual lesion locations, as
indicated by the cases of false positive (25 in the SW
dataset and 63 in the TS dataset) and false negative (4 in
the SW dataset and 2 in the TS dataset) (Fig. 6¢ and d).
This reveals that the potential limitations of our models
may lie in not effectively capturing crucial information,
or overly emphasizing specific features during the predic-
tion process.

Our study still has several limitations. First, we only
collected datasets from two hospitals, which may not
fully represent the characteristics of other regions and
populations. Second, we integrated the bimodal informa-
tion from B-mode and color Doppler images. However,
it should be noted that US images alone may not fully
reflect the disease. Clinicians typically considered mul-
tiple information sources, including the medical history,
clinical manifestations, and other imaging examination
results. Furthermore, we only compared the individual
diagnostic performance of the model and radiologists in
this retrospective study, but failed to determine whether
the model had a positive impact on the clinical diagnosis.

In conclusion, our study demonstrated the poten-
tial of the proposed two-stage augmentation method in
improving the ability of breast cancer detection in BI-
RADS 3 lesions, and provided a promising tool for early
diagnosis of breast cancer. In the future, we will transfer
our augmentation method to other medical domains that
have the feature of the scarcity of malignant samples,
for identifying early cancers. This could improve cancer
detection and help assessing the generalizability of our
method. In addition, we plan to explore integrating imag-
ing data with clinical information, such as patient records
and imaging reports, through a multimodal deep learning
framework to further enhance diagnostic performance.
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