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11- skewed

12- class

13- binary Class
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19- big data

20- methodology
21- ecology

22- Weka

23- fuzzy logic

14- accuracy

15- precision

16- training dataset

17- decision tree algorithms insensitive to the class Sizes
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26- stratified
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28- Random Under-Sampling
29- Random Over-Sampling
30- Synthetic Minority Over-sampling Technique
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