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1-Filter

2 -Wrapper
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: _ P(x)
Kullback-Liebler  : Dy (p.q) = [ p(x)log, ({l (x)) dx
Bhattacharya De(p,q) = [ /p() x q(x) dx

Jeffrey’sdivergence: Dj(p,q) = [(p(x) — q(x)) (logz (zg;)) dx

Matusita: Du(p.q) = [(VP® — /a®) dx

P(x)

@ Kagan’s divergence: Dk(p.q) = f(p(x) a09)” dx
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/ Original feature set /

F-score

Information gain

Cumbmat\fN.‘[‘lodel

[ | Combination of feature sets
e

Fine tunin
Inversed sequential floating search method
I
¥

/ Final feature set /

Hui-Huang Hsu, Cheng-Wei Hsieh, Ming-Da Lu, Hybrid feature selection by combining filters
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and wrappers, Expert Systems with Applications, Volume 38, Issue 7, July 2011, Pages 8144-8150
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Hui-Huang Hsu, Cheng-Wei Hsieh, Ming-Da Lu, Hybrid feature selection by combining filters

@ and wrappers, Expert Systems with Applications, Volume 38, Issue 7, July 2011, Pages 8144-8150
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Entropy(Dy) = % » Entropy(Dj)
i=1

IG(D); = Entropy(N) — Entropy(D)

Hui-Huang Hsu, Cheng-Wei Hsieh, Ming-Da Lu, Hybrid feature selection by combining filters
@ and wrappers, Expert Systems with Applications, Volume 38, Issue 7, July 2011, Pages 8144-8150
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Hui-Huang Hsu, Cheng-Wei Hsieh, Ming-Da Lu, Hybrid feature selection by combining filters
and wrappers, Expert Systems with Applications, Volume 38, Issue 7, July 2011, Pages 8144-8150
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1—Principal component analysis
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1-linear discriminant analysis
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1-linear discriminant analysis
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PCA:
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® LLE(Linear Local Embedding)
®* MVU (Maximum Variance Unfolding)

@ 1 -manifold learning
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@ 1-Linear Local Embedding
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@ 1-Linear Local Embedding
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X(d-dimension) — Z(k-dimension)

@ 1-Linear Local Embedding
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@ 1-Maximum Variance Unfolding /
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