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Introduction 
Mammographic density is one of the most important risk factors of breast cancer.  
Recently, many deep-learning-based studies were performed to evaluate the breast density. Since deep learning 
applications are learned under the assumption that the distribution and characteristics of test and training data are the 
same, it is not guaranteed that the model would operate properly when the characteristics of target data are different from 
that of training data. We studied a transferable deep-learning model between two different types of mammograms and 
reported results by experimenting with the Deep Learning regression model and the Cycle-Consistent Adversarial 
Networks (CycleGAN) model. 
 
Hypothesis 
We hypothesize that augmentation methods, including CylceGAN for training deep learning models measuring breast 
density, can reconcile the predictions of the learned model with mammograms taken from two different detector types. 
 
Methods 
We collected 4000 cases (3200 for training and validation, 800 for test) of mammograms taken by a direct-type detector 
(Dataset D) and 4000 by an indirect-type detector (Dataset I). Among datasets that were randomly selected from 
mammographic exams which were performed at our institution 2008 - 2011, cases that had 4 views (left mediolateral 
oblique view, right mediolateral oblique view, left craniocaudal view, and right craniocaudal view) were selected. We 
combined the images of 4 views into an input unit, and the median percentile values from each density label were used as 
output unit to train the regression model. Two types of models were trained from each dataset, one from Dataset D (M1), 
and the other from Dataset I (M2). We also developed two different augmentation methods to train transferable models 
between two types of datasets: the first method randomly applied flip, rotation, shear, resize, blur, and gamma change to 
the image (Classical augmentation) and the second one converted one type of data to another using CycleGAN 
(CycleGAN augmentation). We used four combinations (no augmentation, Classical augmentation, CycleGAN 
augmentation, and CycleGAN and Classical augmentation) of the above methods during training. The predictions of M1 
and M2 of each test set were compared using Spearman's rho values, whose changes with varying augmentation 
methods were inquired. The overview of the experiment and the model structure used for the training are shown in Figure 
1. 
 
Results 
In the case of Dataset D, Spearman's rho value between M1 and M2 prediction sets was 0.87 when not using 
augmentation, 0.94 when applying Classical augmentation, 0.89 when applying CycleGAN augmentation and 0.97 when 
both augmentation methods were applied. 
In the case of Dataset I, Spearman's rho value was 0.94, 0.92, 0.95, and 0.96, respectively. Figure 3 shows the results of 
each augmentation method. 
 
Conclusion 
We developed a regression model that could quantify the mammographic density. Cycle GAN enables Adaptive Transfer 
Learning between images taken by direct-detector type machines and indirect-detector ones. 
 
Statement of Impact 
This study contributes to the development of transferable artificial intelligence models across hospitals. 
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Figure 1 
 
An overview of training structure. The architecture of the regression model for density quantification with 4 views (left 
mediolateral oblique view (LMLO), right mediolateral oblique view (RMLO), left craniocaudal view (LCC), and right 
craniocaudal view (RCC)) is shown as red. The direct type mammograms and models trained by them are shown as blue, 
and the indirect type mammograms and models as green. 
 
 

 
 
 
 
Figure 2 
 
Examples of images applied by various augmentations. All images were applied a mask of breast region. Figure (A) 
shows Classical augmentation. Figure (B) shows CycleGAN augmentation between two types of images (Indirect type, 
Direct type). Changes of attenuation of skin (white arrows), subcutaneous fat (yellow arrows), and fibroglandular tissue 
(green arrows) were marked with arrows. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 



Figure 3 
 
Correlation between a model trained with Dataset A and that trained with Dataset B. 
Dataset A was collected from indirect-detector mammograms, and Dataset B from direct-detector mammograms. 
Spearman's R scores were used for comparison. 
 
 

 


