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2.5. Correlation based Feature Selection (CFS)
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TP+TN
Accuracy = ———————— (1)
TP+TN+FP+FN
TP
Precision = (2)
TP+FP

Tagd TP = True Positive, FP = False Positive

TN = True Negative, FN = False Negative
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10- fold cross validation
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Model Accuracy Precision RMSE
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Function
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