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(4) Conclusion

Proposed an information theoretic active learning samples selection approach
With careful design choices, method can be easily integrated into existing deep learning classifiers

The proposed method achieves 95% of overall performance with only 19% of the training data, while other active learning approaches
require around 25%.

The proposed method selects more samples from the least representative classes
Useful for medical imaging context with high class imbalance
Future work will explore effect of Information Gain sampling for medical image segmentation tasks
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