Deep learning methods aid in predicting risk of interval cancer
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Methods: Transfer Learning
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Figure 1: Sample
image showing how
dense tissue reduces
detectability of
tumors and can lead
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Figure 3: Schematic showing transfer learning process. Weights
from a network (ResNet50) trained on a much larger dataset
(ImageNet) were applied as initial weights. This helps ensure
robust networks and prevents overfitting on smaller datasets.
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Accelerates or dampens oscillations in
given learning direction.
Regularization (0-1) Penalty applied to large image weights
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Learning Rate decay over each update.
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updates.
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Figure 4: Possible augmentation parameters and training

hyperparameters were swept through their full realizable ranges
to determine best values for each parameter to improve accuracy
and reduce overfitting.

Results: Representative Predictions
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Figure 6: The network steadily increased in accuracy and
decreased in loss to a peak loss of 0.499 with 75%
accuracy and test loss leveling out at roughly 400 epochs.
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Figure 7: ROC Analysis shows an improvement of AUC
from 0.65 using BIRADS Density alone to 0.82 using both
density and the deep learning model. Because of the
small sample size, ROC analysis from conditional logistic
regression used data in both train and test set.

Conclusions and Future work:
Preliminary results show great promise of deep learning
in identifying interval risk. To further study this we plan to:
- Examine the effect of training when control (healthy)
mammograms are added as a potential outcome
- Further explore how saliency maps can identify
biological or textural features for high interval risk

Figure 2: The image

preprocessing steps used to
generate input images into the
network. A threshold was
performed to crop out
unnecessary information, and
the 4 standard views were
merged together as a single
image. This helps provide full
case information about a
patient to the network
simultaneously.
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Goal: Reduce the number of interval cancers by using
deep learning methods to identify when mammograms
are not likely to detect cancers.
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Causes: Dense
breast tissue ‘masks’
the tumor and
reduces sensitivity of
mammography1

Interval Cancers:
Breast Cancers found
in between normal
screening
mammograms.1
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Figure 5: For each row, the pseudo-presentation images are
shown (left) along with the saliency map (middle) that highlights the
pixels that had above a 50 percent weight in classifying the image
in its respective category (i.e. first row saliency map highlights
weights that push towards decision of classifying as screendetected decision). At right, the images are overlaid.
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