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2. Hel slAE @ (Distance Histogram)
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INPUT: DataD, Original Feature Set S
OUTPUT: Selected Features

1. selected = &

2. overaliLowestEntropy = A-veryHigh-value
3. forsize =11t M

4 lowestEntropy = A-veryHigh~vaiue

5. fori=1toM

6. if 8{i] & selected

7. tempSubset = append(setected, sfi})
8. tempEntropy = E{tempSubset)

9. if tempEntropy < lowestEntropy

10. fowestEntropy = tempEntropy
11. selectedFeature = Sli]

12. selected = append(selected, selectedFeature)
13. if E{selected) < overaliLowestEntropy

14. overaliLowestEntropy = E(selected)
15. overaliSelected = selected

16. return overaliSelected
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