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Unsupervised feature selection method based
on adaptive locality preserving projection

YAN Fei, WANG Xiaodong

(College of Com puter and Information Engineering . Xiamen University of Technology, Xiamen 361024, China)

Abstract: The unsupervised feature selection method based on spectrogram is constructed in the original
high dimensional data space, which is easily disturbed by noise or redundant features. To overcome these
deficiencies, an unsupervised feature selection method based on adaptive locality preserving projection is
proposed. Global linear regression function is utilized to construct feature selection model, and the adaptive
local preserving projection is adopted to improve model accuracy. Then the /,, -norm constraint is added to
improve the distinguishability of different features and avoid noise interference. A comparison with several
state-of-the-art feature selection methods demostrate the effectiveness of the proposed method.
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HRAE N R AR ] e /MU R 25 6 1, %k
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(VO B & i A U2 58 I3 07 ik
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[eil B 45 25 07 3k Do T B 22 o T DR RO P A 4
BREAST.WINE,VOTE, UMIST.JAFFE"", % 1
BT P RO S 1R SR A

R1 IBEHIEKEXHR
Tab.1 The description of datasets
RS MO eI %) FFAE B
BREAST 699 10 2 {1,2,3,4,+++,7,8,9}

WINE 178 13 3 {1,2,3,4,°++6,7}

VOTE 435 16 2 {1,2,3,4,-+9,10}
UMIST 575 644 20 {100,200,300,+,500,600}
JAFFE 213 1024 10 {100,200,3005++++ 700,800,900}
4.2 BEEMmMESW

TE X p: Mg NEEMAR 2, BELRAEARA
TR, BBUEH E ACC (accurancy) & XA =
wmr

E@(P, »map(q;))
ACC =

n

Hpn NEEARERDE, 0(x.y) HILERE .Y 2=
y L, HAE R 1, BN R 0. map(q,) NIEAZ RKEL, R
B A DE B 38078 KM (Kuhn-Munkres) F B 2545 1
P WSS FEAS B A SR 25 AN A AR 4

Xof g O BT AW M S 8 I E
{107°,107°, 1077, 10", 10", 10°, 10 } . K¢ ¥ Je 1y 3k
RRAE £ VL 15 AR SLEe A 1 Se R IR AIE e #5607 vk
Pkt Fe BARPE W R E 15 # A H £-means B
TR, M 2 k-means 817 20 UK. A 4 52 46 50
W 5 W BRI 5 RS R M7 B E bR i 7
28 45 ROTIE V- B R MER B N3k 2 .

K2 EMAEFHREEHEN L RFMEEREE

Tab.2 Mean clustering accuracy comparison of different feature selection methods and value of feature selection %

Bk All-feature MaxVar MCFS UDFS JELSR UFSA
BREAST 60.09=0.00 60.09=0.00(1) 95.4240.00(7) 63.8140.00(1) 95.4240.00(7) 95.48+0.13(7)
WINE 70.22240.00 70.22740.00(2) 72.382£0.48(7) 84.2740.00(4) 89.3340.00(4) 90.34£0.25(4)
VOTE 83.454-0.00 71.49£0.00€10)  72.20£2.10€10)  93.56-£0.00(2) 91.7220.00(5) 95.590.10(2)
UMIST 41.2340.41 46.9940.32(100)  45.55+0.30(100)  44.9240.32(300)  46.0740.25(100)  47.94+1.42(100)
JAFFE 72.8241.35 75.024£1.77(800)  70.82£0.92(700)  95.40%=1.42(900)  97.74£0.21(400)  96.712=0.00(900)
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76 VOTE,UMIST il JAFFE {4 4 i, 5 9% B 2t
T YEE R R T All-feature, {H 451 4E B A By
R AR o DATTTT BE AT A8 b 755 45 J5 252 53 2 ml SR 2R i (1)

CIDOASCHE i UFSA 736 kK 2808k %
P F HoAlb Jr k. o JAFFE U6 4E th T 47 76 6 IR 45
PRI R & 3 I 0 Je 08 A DG A4 52 52 Wil DAL G o A S
RAEWEMEMT T 2RmIIE#E 1 JELSR J7ik.
AXF T J F R L 454 UDFES Jr ik, A SC 5 2 %
AR B AT R B R B R R 4 R Bl A AR L
Jry ¥R S5 A A B T 5 THEE RE.
4.3 BEIEHESH

M 3.0 kel & . UFSA i £ 2 #
5 v A AR AL EE JE B 3 53 R0 SR A AR AR AR B W oo 7R

R s B AR B A W O (nlog(n) +
d®) JH a AR ZRBE AR, d ARSRBE AR R A 4t
& m AR T 19 4R AR AR S2 56 b BT X F T R Y
HARWEE] S 2% BE N2 3 P,

SLE A 5 vk B K S 8 CIER AT D
W2 A 1, I 16 9P B AR 28 4 a7 00 3k, G 0 3k
RS 4.2 AN AR R R AN R B AT IR B AT 20 1K,
teJm A5 R O B (L BAR B A7 85 R A0 3R 4 o,
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Tab.3 Time complexity comparison of

different feature selection methods

WiR7S N ] 52 5%
All-feature Odn)
MaxVar Oddn)
MCFS O* +d*)
UDFS O* +d*)
JELSR OWd*n+n")
UFSA O(nlog (n) +d*)

R4 BWMAEFHIBITH EX L CBEALL R

Tab.4 Mean run-time comparison of different feature selection methods

s 4 All-feature MaxVar MCEFS UDFS JELSR UFSA
BREAST 0.069 5 0.050 6 0.113 53 0.267 21 1.249 2 0.364 75
WINE 0.064 1 0.063 0 0.081 0 0.097 6 0.156 29 0.125 2
VOTE 0.065 25 0.054 2 0.080 5 0.123 9 0.690 29 0.423 8
UMIST 6.329 1 3.069 3 4.247 6.175 6 4.438 1 5.340 7
JAFFE 1.329 0.612 66 3.727 6 7.007 6 2.253 6 1.917 8
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TE A I T) A JH b R 71T 3 0 B 0 B o 00 4 1)
JERG K, Has 17 W [A) 315 K Can UMIST %4 %)
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IR MG S RIER . LR T R EICAR M,
Hiz 5 13 8 T A R JF Cn UMIST A
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5% ARHT ANy 0 B 2 R S B Y
B A B, A e FE 285 T UFSA; @WUFSA
FHEE T JELSR H A T & (428 F R, 0 I 25
PEABCE I, UFSA B A T Z i .
4.4 FAEHNBXREHENZ IS
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a5 5 53 W7 45 J7 V5 AF 18 B A 5] R A B8P 1) o R SR 2%
YERG R FEAOR L s 1 s WL T T RLE %
F AT A BB L fie i B 28 e B 0 R = A 1k 4% BT
A FRFAE (A I, 3R R B 1 B A R AR IE O A — 2 g
TR A e R IEERR B S A AR SO B ) UFSA
05 ¥ 1) RIS W B 23 3 1 T A
4.5 BEMNHEENSBMELS N

AR YK ST B0 K K 2 2] R v T () S B AT B AR
A0 Hh 28 A AT 2% SCEk 015 13047 B i 7. R
AR, X Bk % VOTE, UMIST Ml JAFFE =4
BRENAT 0.0 B o AR 1, RIS E0R Y
90 BRI T B TRy RTREAE B30 (R R AT B 2R 2
FbRUE 22 70 B G5 AN B 2 Ca) FF s, TR R L [ 2 280
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Fig.1 Relation between clustering accuracy and the number of selected features
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Fig.2 Parameter sensitivity analysis of the proposed method
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