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Abstract: Feature selection is a key issue in machine learning field. As compared with feature selection for low dimen—
sional data feature selection for high dimensional data is a challenging task especially feature selection issue for high
dimensional small size data so many researcher focus on this problem. In essence the feature selection problem for
high dimensional data is regarded as a sparse modeling issue whose target is to solve the failure problem of the existing
feature modeling methods on high dimensional feature space. Therefore in this paper we give a survey of the feature
selection methods for high dimensional data and meanwhile propose some discussions on future work. Our main objec—
tive is to provide a reference for readers who are interesting in this research field.
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( Neighorhood Preserving Embedding NPE) * .
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Filter.Wrapper ~ Embedded '3%  Filter
( Fitness Function) ; Wrapper
: Embedded
-1 -1 50 - 1617 1821 23 RoC .
2 2630
1.2.1
8 SFS( Sequential Forward Selection)
SFFS( Sequential Floating Forward Selection) SFS  SFFS
9 FS_ SFS( Filtered
and Supported Sequential Forward Search)
10
SFS
11

SVM ( Tterative Reduced Forward Selection IRFS) SVM-RFS

1.2.2
12 Relief
P x
0,(x) = %( || x — nearmiss( x) | — | x — nearhit(x) |) (5)

nearhit( x) nearmiss( x) P x . (1)

Relief :

Step 1 W = 0;

Step2 fori =1to T do

(a) S x;

(b) (5) calculate nearmiss( x) nearhit( x) ;

(¢) fori = 1-*N

w, = w, + (x, — nearmiss(x) ,) > — (x, — nearhit( x) ;) *;
Step 3 w
Relief
. 13 Simba( Iterative Search Margin Based Algorithm)
Relief w X
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0, = %( || x — nearmiss(x) |, — || x — nearhit(x) | ,) (6)
Izl = szz
Simba .
x, — nearmiss( x) )’ x, — nearhit(x) )’
(Velw)), = % - ,Z‘g a%(wf) - %; ( (|.x; - nearmiss((x)) l|)| . (||xl - nearhit((x)) l|)| v )wi (7)
e(w) ;0?57{x}) (x) e(w)
Simba
Step 1 w=(11-1);
Step2 fort =1to T do
(a) S x;
(b) (06) calculate nearmiss( x) nearhit( x) ;
(c¢) fori =1 toNdo
A = L( (x, — nearmiss(x) ;) ’ ~ (x, — nearhit( x) ;) ° )w.'
“ 2\ ||x - nearmiss(x) ||, || x — nearhit(x) ||,/ "
(d) w=w+A.
Step3 w«—w' /| w’ | . when (W), = (w,)".
Step 4 w .
lw A . 13
Simba O( TNm) T N m S
Simba 13 Simba Relief.
14 ReliefF( Relief ) .SBS.SFS.SFBS.
. GA SN.Tabu  (TS)
Tabu
Relief + C <Relief + SFFS.SFFS + C ‘Relief + SFFS + C
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mRMR( minimal-Redundancy-Maximal -Relevance Criterion) . ={f}" c
mRMR : c
15 :
f/_;;gxfl 10, o) - ml—lﬂe%,’(fi »] (8)
ﬂpxy ») = —dxdy F_ . (8)
p( y)
F-F c F,., S
1.2.4 0o 1-
Filter ( )
0 1-
16 17 .
16 0- 1-
3=argmﬁin{ 1Y =XBI*+&1BI+AlBI 0} (9)



(9) 181 ( )

1 - AY
17 0- SCOC( Stochastic Complexity Optimi—
zation)
1.2.5
Filter
1821 . 2 .
21 :
18
NP-complete SAGA( Search Algorithm and Genetic Algorithms)
SAGA
1.2.6
22
. : ( Signal Noise Ratio
SNR) . ( Pearson Correlation PC) | ( Spearman Correlation SC) .
( Euclidean Distance ED) ( Cosine Coefficient CC) 5
23
( GoodCF Criterion) . GoodCF
1.2.7
24
( Adjusted Rand Index ARI) ROC
2527 2830
26 —
. 27 IG( Information
Gain) CHI( Chi-Square) .CC( Correlation Coefficient) OR( Odds Ratios)
( Logistic Regression)
28
. 28 7 \3
ROC( Receiver Operating Characteristic) ~ PRC( Precision Recall Curve)
( Signal-to Noise Correlation Coefficient S2N) ( Feature Assessment by Sliding Thresh—
olds FAST)
30
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