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Introduction 
Breast cancer kills more than 500,000 women around the world every year [1]. However, studies show early screening 
and treatment exceeds five-year survival rates [2].  
 
In a standard breast cancer screening, a digital mammogram study is obtained and the findings are classified according to 
the Breast Imaging Reporting and Data System (BI-RADS) [3]. An abnormal finding requires that the patient be recalled 
for additional diagnostic workup. Although the introduction of screening mammography has contributed to a reduction in 
breast cancer-related mortality [4], the process of reading and analyzing mammograms by trained specialists can be 
costly, time consuming, and prone to error. Given that screening scans are interpreted by highly specialized radiologists, 
there are several advantages in automating this process. 
In this study, we proposed a multi-view convolutional neural network (MV-CNN) to classify the high-resolution synthetic 
screening mammograms from digital breast tomosynthesis (DBT) examinations. We studied the effect of image resolution 
and dataset size on this model’s performance. 
 
Hypothesis 
We hypothesized that that training a MV-CNN model using a large dataset of high-resolution synthetic mammograms 
without any prior down-sampling, shape hypothesis, user-interactive parameter settings or dataset size reduction can 
improve the classification performance 
 
Methods 
This study employed 21,264 screening digital breast tomosynthesis examinations which included 82,943 synthetic right 
and left MLO and CC views of the breast. Image level labels were obtained by extracting the BI-RADS codes from the 
radiology report. 
  
We developed a MV-CNN that incorporates two parallel branches to process synthetic mammography images from MLO 
and CC views respectively using a modified ResNet-50 network to extract the view-specific features [5] (see Figure 1). 
The network was trained by stochastic gradient descent with backpropagation [6] using  Adam loss [7] with initial learning 
rate of 10^(-5). 



 
Figure 1: Illustration of Multi-view Convolutional Neural Network architecture for BI-RADs classification. This model enables image 

labeling by extracting BI-RADS code from radiology reports. It contains two branches aiming at capturing features from CC and MLO 
views. Each branch takes a high-resolution image as input and includes a modified ResNet-50 network as a feature extractor and an 

average pooling step to reduce the feature map size. After these steps, view-specific feature maps are concatenated to form a 
vector which is fed to a fully connected layer followed by a softmax layer producing output distribution 𝑝𝑝(𝑦𝑦|𝑥𝑥). 

 
 
Results 
Figure 2 shows the effect of dataset size for model training in terms of ROC and AUC metrics. To illustrate the 
importance of using high-resolution images for training, we trained the model using down-sampled input images and 
measured the performance of model as shown in Figure 3. 

 

  
Figure 2 The effect of changing the size of the dataset in terms of AUC metric (left), comparison of ROC curves for BI-RADS 0 class 

(right). Increasing the size of dataset yields better results. 
 
 

  
Figure 3 The effect of changing the image resolution in terms of AUC metric (left), comparison of ROC curves for BI-RADS 0 class 

with different image resolutions (right). Increasing the image resolution yields better results 
 
 
 
 



Conclusion 
We developed and evaluated a novel end-to-end multi-view convolutional neural network model to classify high-resolution 
screening synthetic mammograms as either normal or requiring further workup.  
Our assessment showed that reducing either training dataset size or image resolution by unconditional down-sampling is 
likely to reduce the model’s performance. Based on these findings, we built a model that was capable of using a large 
dataset of high-resolution synthetic mammography images as the input for training and testing steps without downscaling 
image resolution. 
 
Statement of Impact 
We proposed a MV-CNN model to classify synthetic mammograms from DBT without any further image down-sampling 
on input data, shape hypothesis or user-interactive parameter settings that learns discriminative features automatically 
from a data set of 82,943 synthetic mammograms. To our knowledge, this is the largest dataset used for machine learning 
on mammograms thus far. We also showed that reducing dataset size and decreasing image resolution prior to model 
training can significantly decrease the classification model’s performance.  
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