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Abstract
Data scarcity and class imbalance are two fundamental challenges in many machine learning
applications to healthcare. Breast cancer classification in mammography exemplifies these
challenges, with a malignancy rate of around 0.5% in a screening population, which is
compounded by the relatively small size of lesions (∼1% of the image) in malignant cases.
Simultaneously, the prevalence of screening mammography creates a potential abundance of
non-cancer exams to use for training. Altogether, these characteristics lead to overfitting on
cancer cases, while under-utilizing non-cancer data. Here, we present a novel generative
adversarial network (GAN) model for data augmentation that can realistically synthesize
and remove lesions on mammograms. With self-attention and semi-supervised learning
components, the U-net-based architecture can generate high resolution (256x256px) outputs,
as necessary for mammography. When augmenting the original training set with the
GAN-generated samples, we find a significant improvement in malignancy classification
performance on a test set of real mammogram patches. Overall, the empirical results of
our algorithm and the relevance to other medical imaging paradigms point to potentially
fruitful further applications.

1. Introduction
Common to many machine learning applications in healthcare, developing algorithms for
breast cancer detection in mammography (11; 14; 15; 8; 18; 9; 10; 12) is heavily prone to
overfitting given the difficulty in collecting large amounts of positive examples. A malignancy
prevalence of around 0.5% in a screening population leads to a stark class imbalance, which
is exacerbated by the fact that malignant lesions can be subtle and typically only occupy a
small area relative to the surrounding normal-appearing breast tissue. On the other hand,
non-malignant mammograms can be relatively abundant, but tend to be underutilized in
machine learning approaches, as overfitting can occur rapidly on the cancer examples during
training. Given the success of standard data augmentation strategies in combating overfitting,
recently there have been numerous efforts exploring the use of generative adversarial networks
(GANs) (19) for data augmentation (24; 25; 26; 27; 28). While baseline GAN-augmented
training methods may not be effective for natural images (29), mammography specifically
lends itself well to structured approaches (13). Here, we present a novel GAN model designed
to synthesize and remove lesions on mammograms. Importantly, instead of creating new
training examples from scratch, the approach relies on the biological intuition that lesions can
develop approximately uniformly across breast tissue. Given the context of surrounding tissue,
the proposed model is able to realistically generate and remove lesions. We demonstrate that,
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Figure 1: Examples of synthesized and removed lesions by the proposed GAN architecture.
Each pair of images represents a real image (left) and the synthetic counterpart (right). Each
row represents a different synthesis task. Zooming is encouraged for viewing the synthesized
calcifications (row 2).
as a data augmentation procedure, the approach leads to a meaningful boost in classification
performance for the presence of breast cancer in mammogram image patches.
The paper is structured as follows. We begin by describing the architecture of our
proposed contextual GAN. Using a series of optimized components, we demonstrate that
the model is capable of generating high resolution (256x256px) mammogram patches, where
lesions are either generated on or removed from surrounding tissue. Next, we illustrate the
effect of including the GAN-outputted patches in a training set of mammogram patches,
where a ResNet-50 (22) classifier is used to classify the presence or absence of cancer in
the patches. Testing on a set of held-out real patches, we find that the GAN augmentation
leads to improved performance for a range of real/generated sampling ratios. Finally, we
visualize the feature embeddings of the real and generated data to gain further insight into
the realized results.

2. Proposed Contextual GAN Architecture
Figure 2 describes the architecture of the proposed generator network. The model uses a
U-net (17) design, which encodes the input image and generates (or removes) lesions using
skip connections from the intermediate encoding layers. The generator takes as input an
image with size 256x256px, and consists of an encoding (blue bars in Figure 2) network and
a decoding network (in yellow). The encoding component starts with 16 filters at the first
convolutional layer block, and doubles the number of filters and halves the spatial resolution
per block. Each block consists of a concatenation of the input to the block and a random
scalar value (drawn uniformly from [-1,1] and reshaped to a 1x1 pixel and resized to match the
2
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Figure 2: The GAN generator architecture. In (a), the input image (i) is fed into the
generator, which produces the output (ii) that is added with (i) to produce the finalized
synthetic patch (iii). The diagram (b) describes the generator architecture. The discriminator
is essentially the encoding part of the network, but with 8x the number of filters at each
layer and max pooling instead of strides of 2.
input dimensions), followed by a convolutional layer with stride size of 2 and 3x3 kernel, and
a LeakyReLU (16) activation function. Akin to other GAN approaches, the random scalar
value is used as a sampling procedure to allow the generator to produce a variety of options
given one input image. At the 32x32 resolution, we use a self-attention module (4), which is
also used in the encoding part of the generator and discriminator. At the central layer of the
generator, a 4x4x2048 tensor is compressed into a 1x1x4 embedding, which forms the input
for the decoding part of the generator. Each decoding block consists of concatenating the
skip connection and random scalar value to the input, followed by an up-sampling operation
(nearest neighbor) and two convolutional layers (with ReLU activation). The output of the
final block at 256x256px resolution is passed through a final 1x1 convolutional layer, followed
by a 10px border cropping and clipping of values within [-1.0, 1.0]. The resulting output is
then added to the original input image (described in more detail below). The discriminator is
identical to the encoding part of the generator, but with 8x the number of filters per layer and
strides of 2 replaced with max pooling operations. We train separate models for generating
masses, calcifications, and removing lesions. While we experimented with a conditional
formulation, where one central model was used along with a category-specific input label, we
found that training separate models proved to be the most stable. We describe additional
architectural details below, along with the training and loss formulations.
Separate lesion and image channels. A unique feature of the proposed generator is
that the neural network output only synthesizes the lesion. This lesion is then added to

3

Synthesizing lesions using contextual GANs improves breast cancer classification on mammograms

the input image to form the combined output image. The lesion, input, and combined
images are concatenated to form a final three-channel output image. This approach greatly
stabilizes the training process by allowing the generator to focus on just synthesizing the
lesion. Additionally, we apply several post-processing steps to the lesion channel (as described
below in "Synthesizing dataset") to further refine the output.
Semi-supervised training loss. To further encourage malignant features to be generated
in the samples, we utilize a semi-supervised loss formulation (1). We extend the binary cross
entropy loss of [real (malignant), fake (malignant)] to include benign and normal patches
as well for a four-way output of [real, fake, benign, normal]. This approach allows the
discriminator to penalize examples containing benign or normal features. During training,
the discriminator is given examples of all four classes for each update step, with the losses
from benign and normal examples scaled by a factor of 0.2. For additional stability, a gradient
penalty was added to the discriminator loss as detailed in (6):
λ · Ex∼Preal ,δ∼U (0,1) [||∇x Dθ (x + δ)|| − k]2
where λ = 10, and k = 1.
Progressive growing. Generating patches at 256x256px resolution in one shot results in
frequent mode collapse, so we used progressive growing (2) from 128px to 256px, which
achieved significantly more stable and high quality results. The generator is first trained
to produce images at 128px resolution. Then, a new layer is appended to the generator to
produce images at 256px. We slowly fade in the new layer by doubling the resolution of
the previous 128px layer using nearest neighbor and linearly blending with the 256px layer.
Over 3000 iterations, the weight on the 128px layer decreases from 1 to 0 while the weight
of the 256px increases from 0 to 1. The discriminator follows an identical but reversed schema.
Self-attention module. We used self-attention (4) modules in both the generator and
discriminators, as well as spectral normalization (5). Self-attention has been shown (4) to
improve recognition of long-range dependencies and utilize features from the entire patch.
Border cropping. A 10px border around the generated lesion mask is cropped out to
smooth border artifacts. We find that this technique alone is effective in matching the features
of the input image, and that common techniques like L1 loss or perceptual loss are unnecessary.
Training details. We use the Adam (3) optimizer with a learning rate of 1e−5 , and β1 = 0.0,
β2 = 0.99,  = 1e−8 for both the generator and discriminator. For masses, we train the
generator twice for every one iteration of the discriminator for better convergence. Images
are clipped to a [−1, 1] pixel value range.

3. Experiments
Dataset details. For training and evaluation, we use the Optimam Mammography Image
Database (21), a publicly obtainable dataset from a large screening population in the UK.
Our dataset contains 8,282 images with a malignant lesion, 1,287 images with a benign lesion,
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Figure 3: Demonstration of GAN synthesis on contiguous boxes in a mammogram. A section
of a normal mammogram with five 256x256px patches in a row is selected for augmentation
to illustrate how the GAN works in varying contexts (above). The GAN synthesizes a lesion
onto each patch, and the patches are then reinserted back into the mammogram (below).
and 16,887 normal studies. The data is split into 60%/20%/20% training/validation/testing
splits. Approximately half of the cancer and benign cases contain radiologist-annotated
bounding box labels. From these full images, we generated patches according to the following
quantities: for training, we created 400,000 normals, 42,280 malignant masses, 3,500 benign
masses, 24,100 malignant calcifications, and 6,580 benign calcifications from full images in the
training split; for validation and testing (each), we created 1,000 normals, 1,000 malignant
masses, and 1,000 malignant calcifications from full images in the validation and testing
splits. To create patches, a random location is picked on a random mammogram image
that contains at least 90% breast tissue. Then, the patch is randomly flipped (left/right),
rotated (90, 180, or 270 degrees), and resized (uniformly from 0.8 to 1.2x) for augmentation.
To specifically create patches containing malignant lesions, a random pixel on the lesion
is chosen, and then a random x and y offset is chosen between 0 to 128 pixels in either direction.
Synthetic dataset. To create a synthetic lesion example, we follow the following procedure:
1. Randomly sample a healthy mammogram image.
2. Randomly sample a 256x256px patch that contains more than 90% breast tissue.
5
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Training Regime

AUC

P-value

Baseline

0.829

-

10% w/ decay

0.837

0.10

25% w/ decay

0.839

0.055

50% w/ decay

0.846

1e-4

75% w/ decay

0.828

0.72

100% w/decay

0.797

1e-8

Table 1: Experimental results comparing model performance with and without GANaugmented data. A baseline model trained on only real images is run alongside models
given varying starting rates of GAN-augmented training examples. The highest performing
GAN-augmented model yielded an improvement of 0.017 AUC over the baseline.
3. Input the patch into the generator and generate the synthetic patch.
4. Perform the following steps to post-process the synthetic patch:
• Isolate the lesion channel in the synthetic patch.
• Create a binary mask of the channel by applying a threshold of 0.1.
• Use connected-component labeling and pick the largest object in the binary mask.
• Discard the object if it is too small (< 10% of the patch area).
• Expand the edges of the object by 5px.
• Apply a 10px Gaussian smoothing filter to the edge of the object.
• Element-wise multiply the resulting mask with the lesion channel.
5. Add the lesion channel to the base normal patch.
We found that the post-processing steps removes background noise from the image while still
retaining the relevant synthetic lesion. For removing lesions from malignant mammograms,
we apply the same steps but use a < −0.1 binary pixel threshold. The extracted lesion is
then treated as a ’negative lesion’, which when added back into the input image removes the
lesion. To create our synthetic training dataset, we generated 5000 examples each of mass,
calcification, and normal patches.
Patch Classifier Training. For a patch classification model, we use ResNet-50 (22),
initialized with weights trained from ImageNet. We train the ResNet-50 for a binary
cancer/no-cancer task using different proportions of synthetic data compared to real data.
In each case, positive and negative examples are sampled with equal probability. Models are
trained for 500K samples, using the Adam optimizer (23) with a learning rate 1e-5, β1 = 0.9,
and β2 = 0.999. When including synthetic data, an initial proportion is chosen, and then
decayed by 10% every 5000 training samples. A decay was used to mimic a “fine-tuning”
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Figure 4: A plot of the t-SNE embedding using the last feature layer of the ResNet-50
classifier, trained only on real mammogram patches. The red points represent real normal
examples, the orange points represent real malignant calcifications, the green points represent
real malignant masses, the blue-green points (bottom) represent synthetic malignant masses,
and the blue points represent synthetic malignant calcifications (top). As illustrated, the
embeddings for the synthetic lesions cluster with real lesions, even using the embeddings
from a classifier trained on only real lesions.
scenario, where the model was trained on larger proportions of real data over time. For
initial proportions of synthetic data, we use 0% (all real), 25%, 50%, 75%, and 100%. In
each case, the final weights are chosen based on performance on the validation set (all real),
as evaluated every 5000 samples.
Results. The results of our experiments are shown in 1. As the percentage of synthetic
data initially is increased, test performance on real data rises to a peak of 0.846 AUC at a
50% initial synthetic rate (compared to 0.829 AUC trained only on real data; p < 1e − 8).
The improvement in performance was significant for rates of 10%, 25%, and 50%. Beyond a
50% initial synthetic rate, the test performance on real data declines. P-values are computed
using the DeLong method (20).
t-SNE Embedding. To better understand how the real and synthetic data are clustered
and the effect of the augmented model, we performed a t-SNE embedding analysis. From
the validation data, we sampled 2000 normal, 1000 real malignant mass, 1000 real malignant
calcifications, 3560 synthetic malignant mass, and 4000 synthetic malignant calcifications
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patches. We inputted each patch through the baseline ResNet-50 model trained only on real
patches to obtain a feature vector, using the last feature layer in the model. A two-dimensional
t-SNE embedding plot using these features is shown in Fig. 4. A first feature to note is
that the normal patches appear clustered away from the real mass and real calcifications
patches. This is to be expected, given that the ResNet-50 model was trained on real data.
Interestingly, the synthetic mass and calcifications patches are also clustered away from
the normal patches and generally overlap with the real lesion patches in the embedding.
While it may be expected that this would be the case, it is not guaranteed and provides
further support that the GAN is generating features that are consistent with real lesions, as
dictated by the features learned to distinguish between normal and malignant patches. In
the appendix, we also illustrate how several real false negatives that are originally clustered
towards the real patches in the embedding become correctly classified and subsequently
cluster towards the real lesions after GAN-augmented training (Fig. 5).

4. Discussion
Deep learning for cancer classification in mammography has shown promising progress, yet
data scarcity and class imbalance is still a significant roadblock to its continued progress. In
this paper we explore the use of GANs as a data augmentation technique for classification
networks. Using a U-net based architecture with self-attention and semi-supervised learning,
we synthesize lesions onto normal-appearing mammogram patches and remove lesions from
patches where they are present. We demonstrate that incorporating synthetically augmented
mammogram patches into the training regime improves overall model performance. Without
additional data or any changes to the underlying architecture, the GAN-augmented regime
produced an AUC of 0.846, 0.017 greater than the baseline. Through visualizing a t-SNE
embedding of the last classifier layer, we observe that the synthetic data distribution covers
and expands upon the original training data distribution. As a future step, we aim to
extend our GAN formulation toward improving full image object detection networks by
reinserting synthetic patches back into the full image and providing the bounding box
for localization. Code will be made available on Github before publication. Overall, our
contextual GAN model and data augmentation results show promise for rectifying data
imbalance in mammography, and can be adapted to address similar issues in other medical
imaging domains.

References
[1] Odena, Augustus. "Semi-supervised learning with generative adversarial networks." arXiv
preprint arXiv:1606.01583 (2016).
[2] Karras, Tero, et al. "Progressive growing of gans for improved quality, stability, and
variation." arXiv preprint arXiv:1710.10196 (2017).
[3] Kingma, Diederik P., and Jimmy Ba. "Adam: A method for stochastic optimization."
arXiv preprint arXiv:1412.6980 (2014).
[4] Zhang, Han, et al. "Self-attention generative adversarial networks." arXiv preprint
arXiv:1805.08318 (2018).
8

Synthesizing lesions using contextual GANs improves breast cancer classification on mammograms

[5] Miyato, Takeru, et al. "Spectral normalization for generative adversarial networks." arXiv
preprint arXiv:1802.05957 (2018).
[6] Kodali, Naveen, et al. "On convergence and stability of gans." arXiv preprint
arXiv:1705.07215 (2017).
[7] Patel, Mishal N. et al. "OPTIMAM Mammography Imaging Database (OMI-DB): A
Valuable Dataset to Fuel Machine Learning Research ."
[8] Lotter, William, Greg Sorensen, and David Cox. "A multi-scale CNN and curriculum
learning strategy for mammogram classification." Deep Learning in Medical Image
Analysis and Multimodal Learning for Clinical Decision Support. Springer, Cham, 2017.
169-177.
[9] McKinney, Scott Mayer, et al. "International evaluation of an AI system for breast cancer
screening." Nature 577.7788 (2020): 89-94.
[10] Yala, Adam, et al. "A deep learning mammography-based model for improved breast
cancer risk prediction." Radiology 292.1 (2019): 60-66.
[11] Lotter, William, et al. "Robust breast cancer detection in mammography and digital
breast tomosynthesis using annotation-efficient deep learning approach." arXiv preprint
arXiv:1912.11027 (2019).
[12] Wu, Kevin, et al. "Validation of a deep learning mammography model in a population
with low screening rates." arXiv preprint arXiv:1911.00364 (2019).
[13] Wu, Eric, et al. "Conditional infilling gans for data augmentation in mammogram
classification." Image Analysis for Moving Organ, Breast, and Thoracic Images. Springer,
Cham, 2018. 98-106.
[14] Ribli, Dezső, et al. "Detecting and classifying lesions in mammograms with deep
learning." Scientific reports 8.1 (2018): 4165.
[15] Morrell, Stephen, et al. "Large-Scale Mammography CAD with Deformable Conv-Nets."
Image Analysis for Moving Organ, Breast, and Thoracic Images. Springer, Cham, 2018.
64-72.
[16] Xu, Bing, et al. "Empirical evaluation of rectified activations in convolutional network."
arXiv preprint arXiv:1505.00853 (2015).
[17] Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image segmentation." International Conference on Medical image
computing and computer-assisted intervention. Springer, Cham, 2015.
[18] Wu, Nan, et al. "Deep Neural Networks Improve Radiologists’ Performance in Breast
Cancer Screening." arXiv preprint arXiv:1903.08297 (2019).
[19] Goodfellow, Ian, et al. "Generative adversarial nets." Advances in neural information
processing systems. 2014.
9

Synthesizing lesions using contextual GANs improves breast cancer classification on mammograms

[20] DeLong, Elizabeth R., David M. DeLong, and Daniel L. Clarke-Pearson. "Comparing
the areas under two or more correlated receiver operating characteristic curves: a
nonparametric approach." Biometrics 44.3 (1988): 837-845.
[21] Patel, Mishal N., et al. "OPTIMAM Mammography Imaging Database (OMI-DB): A
Valuable Dataset to Fuel Machine Learning Research." SIIM 2017 Scientific Session.
[22] He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings of the
IEEE conference on computer vision and pattern recognition. 2016.
[23] Kingma, Diederik P., and Jimmy Ba. "Adam: A method for stochastic optimization."
arXiv preprint arXiv:1412.6980 (2014).
[24] X. Peng, Z. Tang, F. Yang, R. S. Feris, and D. Metaxas, “Jointly optimize data
augmentation and network training: Adversarial data augmentation in human pose
estimation,” in CVPR, 2018.
[25] A. Yu and K. Grauman, “Semantic jitter: Dense supervision for visual comparisons via
synthetic images,” tech. rep., Technical Report, 2017.
[26] X. Wang, A. Shrivastava, and A. Gupta, “A-fast-rcnn: Hard positive generation via
adversary for object detection,” arXiv, vol. 2, 2017.
[27] Y.-X. Wang, R. Girshick, M. Hebert, and B. Hariharan, “Low-shot learning from
imaginary data,” arXiv preprint arXiv:1801.05401, 2018.
[28] A. Antoniou, A. Storkey, and H. Edwards, “Data augmentation generative adversarial
networks,” arXiv preprint arXiv:1711.04340, 2017.
[29] Ravuri, Suman, and Oriol Vinyals. "Classification Accuracy Score for Conditional
Generative Models." arXiv preprint arXiv:1905.10887 (2019).

10

Synthesizing lesions using contextual GANs improves breast cancer classification on mammograms

5. Appendix

Figure 5: Using the t-SNE embedding from Figure 4, we highlight five misclassified malignant
examples (in dark blue). (a) displays the proximity of these points to the normal cluster from
the embedding produced by the baseline model. (b) shows the same points moving toward
the malignant clusters and away from the normal cluster when using the embedding produced
by the augmented model and increase in malignant classification score by an average of 0.32.
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Figure 6: Image patches containing malignant lesions referenced by the blue data points
in Figure 5. These patches scored low (’normal’) with the baseline model, but scored high
(’malignant’) with the augmented model.
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