ELECTRONIC SUPPLYMENTARY MATERIAL
Two-stage Augmentation for Detecting Malignancy of BI-RADS 3 Lesions in Early Breast Cancer
ROI extraction and preprocessing
We applied open-source software ImageJ to extract the region of interest (ROI) from the raw B-mode and Doppler images, by removing irrelevant information. In principle, the ROI images included the lesion and surrounding tissues. Traditional data augmentation was then applied to the ROI images, and these augmented images were fed into the model for training. When using the CycleGAN generation model for data augmentation, we scaled these images to  pixels, then cropped them to  pixels. In the Dual-ResNet50 classification model, we first cropped these images to  pixels., and then adopted a series of augmentation strategies, including Horizontal Flip with a probability of 0.5, Image Blurring, Contrast Limited Adaptive Histogram Equalization (CLAHE), Random Brightness/Contrast/Saturation changing, Random Removing  Rectangle with probability of 0.3, Random Rotation in , Random Shear in  . Finally, these images were resized to  pixels fitting the input size of our Dual-ResNet50 model.
CycleGAN model
Network Architecture. The CycleGAN model consists of two generators and discriminators. The generator network goes through downsampling, residual blocks, and upsampling. The downsampling part regards convolution-norm-ReLU as the basic structure, to extract features from the input image of size  and compress it into a  feature vector. The residual blocks exploit the mechanisms of skip connections and feature preservation to achieve more accurate and stable image translation. And the upsampling part is composed of transpose convolution-norm-ReLU, to restore low-level features from the feature vector, and finally generate the transformed image. The discriminator adopts the network structure of PatchGAN, with convolution-norm-leaky ReLU as the basic structure. If each  patch in an image is real or false by stacking 5 layers of such structure, all responses of each patch are averaged to generate the ultimate result. This patch-based classification strategy intricately analyzes local features of an image, to effectively distinguish between the real and generated images.
Loss Function. The loss function of CycleGAN includes an adversarial loss, cycle consistency loss, and identity loss, defined as follows.

Where ,  are images from domain  and , respectively. ,  represent generators, , and  are discriminators.
The adversarial loss is a binary cross-entropy loss function, which measures the gap between the generated and real images.


The cycle consistency loss measures the difference between the original and reconstructed image using the mean squared error function. This ensures that the generators accurately transform the image between the original and target domains, while maintaining the consistency of the image content and structure.

Where  is the L1 norm.
Additionally, the identity loss promotes the generator to preserve the content and structure of the input image.

By jointly optimizing these loss functions, the CycleGAN model achieves the desired image transformations between domains, and generates visually indistinguishable images from the real ones.
Model training. To train and evaluate the CycleGAN model, these collected B-mode images of 20 BI-RADS 3 and 209 BI-RADS 4A malignant lesions in SW from 2015 to 2020 were regarded as two domains respectively, and then 209 synthetic BI-RADS 3 B-mode images were obtained in BI-RADS 4A to BI-RADS 3 directions by ten-fold cross-validation. Similarly, using color Doppler images of these above-mentioned BI-RADS 3 and BI-RADS 4A lesions as input domains of the CycleGAN model, 209 synthetic BI-RADS 3 color Doppler images can also be gotten. Consequently, we obtained a total of 209 generated BI-RADS 3 image pairs (including B-mode and color Doppler images of the same lesion) on the two trained CycleGAN models. During training, the Adam optimizer was applied with a learning rate of 0.002 and a batch size of 1. The model underwent training for 100 epochs.
Supplementary Table1. The detailed structure of the ResNet50 network.
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[bookmark: _Hlk137725452]Conv1 represents the convolutional layer at the input stage, while Conv2_x, Conv3_x, Conv4_x, and Conv5_x are the residual blocks.
Flops floating-point operations, Max pool max pooling operation, 1000-d 1000 dimensions.
The final training loss of the two CycleGAN models trained using B-mode and color Doppler images respectively, is obtained by averaging the training loss of each fold separately, as depicted in Additional file 1: Fig. S1a and S1b.
Dual-ResNet50 model
Network architecture. Our Dual-ResNet50 model consists of two independent learning branches with the high-performance ResNet50 serving as backbone. ResNet50 is a deep neural network composed of convolutional layers, pooling layers, and fully connected layers. The detailed network structure is depicted in Additional file 1: Table S1. Specifically, the convolutional layer is divided into 4 bottleneck blocks, sequentially containing 3, 4, 6 and 3 residual blocks. Through this stacked residual block structure, ResNet50 can effectively train deep networks and learn complex feature representations, thereby improving network performance. To further enhance discriminative feature learning, we make the following modifications. First, we pretrain our backbone on the ImageNet dataset, and utilize pretrained weights to initialize the network. Next, the B-mode and color Doppler images are separately fed into each branch of our backbone, generating two feature maps of size . These feature maps are then concatenated to produce a global feature vector of size . Then, we append two fully connected layers and a SoftMax function as classifier to predict the benign and malignant risk of breast BI-RADS 3 lesions. In addition, to prevent overfitting, a dropout layer with a probability of 0.3 of randomly dropping units is appended after the first fully connected layer.
Loss function. The Dual-ResNet50 model is essentially a classification model. Thus, cross-entropy is used as the loss function for optimization, which is

where w is the parameter that needs to be trained, N is the number of training samples,  represents the ground truth label, and  is the predicted probability.
[bookmark: _Hlk137725726]Model training. For the Dual-ResNet50 model, the BI-RADS 3 lesion images (benign: 400, malignant: 20) collected from 2015 to 2020 in SW hospital are split into train and validation sets by stratified sampling, to ensure that the benign and malignant proportion of BI-RADS 3 keeps consistent. It is specifically pointed out that these augmented data (209 BI-RADS 4A malignant lesions from 2015 to 2020, and 209 synthetic BI-RADS 3 malignant lesions by the two CycleGAN models) are only used for training. We train our model for 100 epochs with a batch size of 12. For optimization, the Adam optimizer is utilized to update model parameters with an initial learning rate of 0.0001 and a weight decay of 0.0005. Finally, we apply Automatic mixed precision (AMP) to speed up training and reduce memory footprint. The training loss for each fold of DR-FD is demonstrated in Additional file 1: Fig. S2.
Grad-CAM method
The visual tool named Grad-CAM was applied to generate heatmaps for B-mode and color Doppler images. A heatmap serves as a visualization of regions of interest or significant connections with CNN. In the process of the Grad-CAM method, the input images are fed into a pre-trained model, and the outputs of the final layer are obtained from the separate branches of the Dual-ResNet50 network. Subsequently, we compute the average gradient values and weigh them using connection weights. These connection weights reflect the importance of each connection toward the final output. By these calculations, we can obtain a heatmap where regions with higher brightness indicate areas that the network identifies as being relevant to the target class or feature of interest. In medical analysis, generating and visualizing such heatmaps can aid radiologists in identifying and analyzing significant regions associated with specific diseases or features, thereby providing additional information and insights.
Statistic metrics
There are several measures to evaluate the performance of our classification model in an extremely imbalance scenario, including the receiver operating characteristic curve (AUC), sensitivity, specificity, accuracy, positive predictive value (PPV), negative predictive value (NPV), F1-score, false positive rate (FPR). The corresponding formulas are as follows:
1. AUC: 

2. Accuracy:

3. Sensitivity:

4. Specificity:

5. PPV:

6. NPV:

6. F1-score:

7. FPR:

where ,  are the number of positive and negative samples, , , , and  are the numbers of true positive, true negative, false positive, and false negative samples, respectively. And  is the serial number of sample .
Supplementary Table2. Diagnostic performance of four radiologists for breast US imaging on SW and TS cohorts.
	
	Radiologists
	TP
	FP
	FN
	TN
	Sensitivity
(%)
	Specificity
(%)
	PPV
(%)
	NPV
(%)
	F1-score
	FPR

	SW
cohort
	reader1
	5
	6
	13
	194
	27.8
	97.0
	45.5
	93.7
	0.345
	0.030

	
	reader2
	6
	6
	12
	194
	33.3
	97.0
	50.0
	94.2
	0.400
	0.030

	
	reader3
	6
	2
	12
	198
	33.3
	99.0
	75.0
	94.3
	0.461
	0.010

	
	reader4
	4
	5
	14
	195
	28.6
	97.5
	44.4
	93.3
	0.348
	0.026

	TS
cohort
	reader1
	1
	6
	6
	415
	14.3
	98.1
	14.3
	98.1
	0.153
	0.141

	
	reader2
	2
	7
	5
	414
	28.6
	98.3
	22.2
	98.8
	0.250
	0.016

	
	reader3
	1
	4
	6
	417
	14.3
	99.0
	20.0
	98.3
	0.167
	0.010

	
	reader4
	1
	3
	6
	418
	14.3
	99.3
	25.0
	98.6
	0.182
	0.007


TP true positive, FP false positive, FN false negative, TN true negative.
Reader1, the 1st reader, reader2, the 2nd reader, reader3, the 3rd reader, reader4, the 4th reader.
Diagnostic performance of radiologists
Statistical analysis was performed on the diagnostic results of four radiologists using breast US images from the SW and TS cohorts. The diagnostic indicators of each radiologist in assessing breast lesions were summarized in Additional file 1: Table S2. This assessment enabled a comprehensive analysis of radiologists' performance in breast US imaging.
Supplementary Figures and Tables
Supplementary Figure1. Training loss of two CycleGAN models named Bmode-GAN and Doppler-GAN generative model under ten-fold cross-validation.
Supplementary Figure2. Training loss of DR-FD model.
Supplementary Figure3. Comparison of ROC curves for Dual-ResNet50 model using B-mode images, color Doppler images, and bimodal images on SW cohort.
Supplementary Table1. The detailed structure of the ResNet50 network. Conv1 represents the convolutional layer at the input stage, while Conv2_x, Conv3_x, Conv4_x, and Conv5_x are the residual blocks. Flops floating-point operations, Max pool max pooling operation, 1000-d 1000 dimensions.
[bookmark: _Hlk137725492]Supplementary Table2. Diagnostic performance of four radiologists for breast US imaging on SW and TS cohorts. TP true positive, FP false positive, FN false negative, TN true negative. Reader1, the 1st reader, reader2, the 2nd reader, reader3, the 3rd reader, reader4, the 4th reader.
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