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Motivation / Background Results
« To accelerate the process when utilizing histology slice NN ' = - = iiﬁiitiiﬁéi
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* Histology slice: high resolution
+ clearly indicate the existence of cancer cells
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* From: the Laboratory for Integrative Personalized Medicine ~
* RGB TIFF images, 5k x 5k resolution, sometimes occluded, ( Results AN Results )
labeled w correct angle
Preprocess1.ng. Rotation, Gaussian Blur, Downsample Table 6: Confusion Matrix Table
* Augmentation: True/Predicted 0 90 180 270
B 0 210 13 42 22
* Rotated in 4 angles(0, 90, 180, 270 deg) % 520 1038
*  Mirroring 180 5 6 227 50 56301010
. 270 5 3 10 268
* Add small rotation angle (+5 deg) :
Table 7: Classification Report :
True Angle Precision Recall FI-Score 03 sk Bh
0 I 0.73 0.82 2 =
90 0.92 0.82 0.87
180 0.79 0.79 0.79
270 0.71 0.94 0.81 (244,37), ace=0.29
Ave 0.84 0.82 0.82
Table 5: Per Patient Accuracy m
Patient # 32 33 34 35 36 37 38 N\
Accuracy 0417 0912 0979 0.859 0903 0.646 0.923 / \
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Discussion Future Work

* Collect more data to avoid overfitting
* Explore different pretrained models
* Implement the model for mirroring

P Current regularization
N method doesn’t work well

Model * Prediction quality depends classification
on quality of original data
*  ResNet50 + output layer of 4 classes +  High enough accuracy for
our purpose Reference
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