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Algorithm 2: Cost-sensitive cross-entropy (CSCE)

Input: cost matrix ({y), Actual values (y,),
Predicted values (y,)

Output: Loss value £

1: Begin

2:.L <0

3:Foreachie N

4: loss; = yy; +1og(vpi X ¥iy)

5:L£ « L+ loss;

6: Return £/N

7:End
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