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Clustering Feature Selection Method Based on Neighborhood Distance
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Abstract To overcome the limitation of bad results on clustering and time-consuming of existing clustering algorithm
to high-dimensional data, we provided an unsupervised feature selection algorithm based on neighborhood distance, then
we clustered again on the selected feature subset. The use of the selected feature subset can improve clustering accura-

cy. The results of the experiment show that the method can find the valid features, and also improve the time-consuming

problems in clustering on high-dimensional data,
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EN2 BES=WU,RMzcU,x EBHEEPCR K
TR

Np () ={y| P(x)=P(y),y€U}

XCU, X fERHE PTR FRISIHRETR N

Ne(X)={y|VzE€X,P(x)=P(y),y€U}
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Np(C)={Np(C,),Np(Cy) -+, Np(C)}
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sig(r) = (éD,(Xi X)) /C
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BRAREC
Step2 VrER,IIEBERE sig(r);
Step3 (O—FS
Step4 STFAEE r,€R—FS
HH# sig(FSU{r,»
Steps  #H i, HERE
max(sig(FSU{r;}))
if max (sig(FSU{r;}))>0
FSU{r.}—~FS
Go to Stepd
Else
Return FS, end
B 1 et REMTT .
Stepl X JRIGEAB AT R, BBIRE C TR ERE
R OCknme) 5
Step2 HE A RHENEE BRI EERER OlGlm();
Stepd BB 8] E J4 8 R OGknd CF) ;5
Step6 IR R 4K Okn? Cim 1) ;5
BT, A B R WA B 2R OGknme +kmCE
+Okm? C2) +0km2 Cim 1)) .
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HATEFIRIE, WA PR HRER .
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R TRIEACREME LT, TES M EfRE
(accuracy) . J$¥E BF (precision) , 7 [ #& (recall )11 3 A5 i X
FUABGE R R IR B S W BB AT AT .

Accuracy(AC) , Precision( PE) , Recall (RE) 43 8| & X 0
T

Step6

Ac="§;al s PE=! 1“;“" ;RE=‘§1 “,;’+”"
R, n BRBEENXTRE 0. BRTEHRDBIE { NEEXT
S0 BRIRDBE | KO RE ¢ BANZFBIE K
HEHE PRI Rk RAEENE

S T WA SCHR WY Y RFIE SR B B A B0, A UCT 3
EEGERT 3 HASKBHESIESE Chess, Lung-Cancer
Soybean, 744 20 8 MR PR R RIS F R R 3

BREOBRVHET B 3 ABIBRHRINE 1 FF.

#1 HoEmik

Data Set Samples Attributes Class
Chess 3196 36 2
Lung-Cancer 32 56 3
Soybean 47 35 4
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100 WK H IR BTN AR 10V 948 B/ ME B R IEH
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% 2 7E Chess THH:ABHE

Before FS After FS
AC PE RE AC PE RE
Mean 0.55018 0.55466 0.68572 0.56277 0,77025 0, 9487
Min  0,52222 0, 26111 0.5195 0.52222 0.76103 0. 82504
Max  0.70651  0.70783 1 0.66051  0.7923 0. 9997
SD  0.03645 0.05084 0.09167 0.06281 0.01417 0.07945
%3 7E Lung-Cancer FRIPERELER
Before FS After FS
AC PE RE AC PE RE
Mean 0.72625 0.72956 0,69611 0.74219 0.75265 0. 7493
Min 0.71875 0.61677 0. 5604 0.71875 0, 63462 0, 5386
Max 0. 8125 0. 89655 0,922 0, 8437 0. 89655 0. 9782
SD 0.01546 0.02862 0,07113 0, 0408 0.04956 0. 08576
%4 7E Soybean FHIYERBELEE
Before FS After FS
AC PE RE AC PE RE
Mean 0.86702 0,90311 0.91462 0.84617 0.89684 0. 9305
Min 0, 68085 0.7333 0. 70735 0, 5744 0.56136  0.84118
Max 0,97872 0.97727 0. 985 0, 9787 0.9773 0. 9853
SD 0.101 0. 0656 0. 07085 0, 1141 0. 08795 0, 05102

BRASPTIER2—F 4 TTLUE S, BIESLE Chess f1 Lung-
Cancer ZEE N I IEEHE IR EFE LW RBBEEBA T
BEREBIESE Soybean WBEEE REBH TERE. &L,
SRR RN, B 1 TLUEFSIA SRS BB RO
EFE, TEABIRRE T HIEENRIOFE.
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