Diagnosing diabetic retinopathy from images of the eye fundus
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Conclusion
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Future work

* Cropping background

* L2regularization

* More data augmentation
* Deeper analysis of saliency maps and class activation maps
* Collect more data

* Challenges: small amount of data, class imbalance
Strategies: transfer learning, data augmentation, weighted loss
* Performance comparable to lower field of kaggle competitors



