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Affinity Propagation Clustering Based Ensemble Feature Selection Method

MENG Jun YU Shuang-yun
(School of Computer Science and Technology,Dalian University of Technology,Dalian 116024, China)

Abstract Aiming at the problem that only a small part of features are associated with the sample classification in high-
dimensional data containing thousands of features, a filtering and grouping based feature random selection ensemble
learning method was proposed. Rank aggregation technique was used to select the relevant features, and we grouped
them by affinity propagation clustering algorithm using bicor correlation coefficient as distance measure. The feature
clusters were produced and the feature pairs from any two different clusters are not correlated. A feature from each
cluster was selected randomly,and then a relevant and discriminative feature subspace was generated. In this way, many
feature subspaces can be generated. Base classifiers were trained in the produced feature subspaces and fused together u-

sing a majority voting method, The experiments on 7 gene expression data sets show that the proposed method can ef-

fectively reduce the classification error. Meanwhile, it also has more stable performance,and good expansibility.

Keywords Classification, Rank aggregation, Affinity propagation clustering, Ensemble feature selection

1 38§

HE PR FE R —F R TR ENEREIT T E, B
o 48 R BOHE 4R AR AE 25 18] 3% R 8] AR AR F 25 18], EAR B
ZMFEF 2 B AR B E SR ITER, BB RE T
Bagging 1 AdaBoost B #F #9433 gEM] . B 1998 4E Ho' &%
2IFEHLRI 4> (Stochastic Discrimination, SD) B¢ 8 8 & # H
T —Fh 3 T HEHLF 23 (8] (Random Subspace Method, RSM) #
RERH R BT IS RR, X BB R T AMMR KA.
RFBHERFT B  Optiz 48 1 B T3t 158 2k A BURRTE %
#7511 Breiman™™ $2 4 1) BE HL ZF bk (Random Forest) E k.
MEAENR , Bock™ 3R ) RSM 1 () Bagging M B HFE F 2 (8],
PP Z AR FE R E T T AT AR B (Generalized Additive
Models, GAMs) #J 3 43 24 8%, 18 8] GAMbag, GAMrsm
GAMens £ . PEE SR EREHRAERAZERYE
RS IE T 48 PO BRAFAE th B B/ A 6, s R R4S
AETFTIENLEE S HFEE BN A SR E T8, 3 HE
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SHBITIRR AR R R E B EAE R TEM IS FE 2 H
£ FHER/DBIHEN % 22 B K B4R IE F 58 7R 0 B 94
fEzs (8] ISR 88T R, IEF B 5B R UCI $iiE &
FRETEEHSEEE,

ERAFEEE TR T REEXEIBENP W, H
BEEE A A R ENESRBRES, M RAEMHE
B EA TR AEEE S EE, Moon'™ R A REYL 52
SHFFAEZS 18], T LB R AR ME F A R 2R 42588, B T —Fk
B TEEDLR 4 9 8 i 4> 2 (Classification by Ensembles from
Random Partitions, CERP) ik, HiE & & HE 5%, 3 H
FE iz W, Lin™? & F e 3 9L B 53 i (Fast Correlated-
Based Filter, FCBF)#2 1, T —Fh 7 S . B M 68 . (2 F LA 4%
20 4E A 2 5 % % (Ensemble Gene Selection by Grouping,
EGSG) 5, % 15 FiE 8l Markov Blanket #1732 B 4
2, [ 40 P R 2R R AH B DGR, 7R L3RR b, MBS 4 RO ¢
M ERFIERKEFENER P E BV RS — 1 HEE
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P GREE S AR AT R AL, T AE R - K h IR TR BB
IRUEFE .

MR ELERA, ERIEEFESHEENRIF . B
IEFRBIXEE S BB R B RS T BB IEW 2T .
SEXT H BT BHE BB FE T EE PR RE M HES R
EARHIE T4 10 R 50 PR A S 8B R 53R AE A
RIEAYIE) R, A SR T —Fp B T I AR B R M E RUAFIE
% & ( Affinity Propagation Based Ensemble Feature Selection,
APBEFS)Ji#k. %77 B R Fl HE P & R (Rank Aggre-
gation Techniques) ™ SHRFEFAT L U8 , i th SRR AR P R B A
BER RN RE F1 FFAE , 3T 25 1 AURFIE LA bicor AR RED K
FRIE DGR BE B o, SR FH T 40 1% 7% B8 26 (Affinity Propagation
Clustering, AP)"' V#4743 4, SR ja M B4 2 R B BL ik —
MEEM B 78 A MR EFRZAFEERK
Z W FIET, (515754 AR AE TR G, ATITHR 85 T X 7 B
AR ARHVRER AT IS RE , A RURE T R T e,

2 EAXIEip

2.1 HERESER

REFFHAE U7 B T AR A HE P Rl B . SRR HEF AT 48
RN TFHIEEZED=(X, YD), HP. BEAWEH X=
Cepdimy o N SRR B0 M B R EA B, AR IE Y =
(W1sy2s s YN » TE X — P PE5 BEE (Scoring Function) S(x)
FRE RIS F=Cf1, f2,0 ) PRIRIETER RIRE A 4
W25, AR AR T 4 A T HE T3 e i 8 % £ (Statistical
Significance) 3FHE 7, 18 245 1E HE/F (Rankings) R=(ry, 12,
eeyrm) i (ISUSKMDRRIFIE f: HEF R TERI L B F S, th
HEFF R A5 8 — MEIEA R (Ordered LisO L=l L5+
) L A<M FR (LB« SRR IERF S, TR L, =9,
=p(p,q€[1,MD,ik## Top K MFEMENFFIET &, XK
FEE A A T, B WS 2 RS e 4
BRI BT

BRFHEHT RS EUE AL T R R84 AR
L R EIE ML s, B R — N B R AR RIS
BOAFEHEF BN S ROARMER. HFEEHARSE
HH e — E R bk T X —E, B ARRAER¥ET
B B BT BRI HR B A P S RIRRE A R
ROA G EEFIE T4 BB B A SUR R FHE R R E

FHEHER A B AR AR U HE R Y s R 4, 7T 43
3 T HEFE 45 #E (Different Ranking Criteria) B 7 EHI 2 T4
#2350 (Different Perturbed Versions of the Data Set) 5 &
B BT HUF AR AR T R B — R R S
AR EHET kST R THEF A R IEHE P S R I —E
FRREER RBREGERELER—MULHHETF. W
4 R@ R ,R¥ ,R™ ,R™ &Il # & eBayes, Fold-Change,
SAM,maxT Fll Welch T-test 5 #pHEF 3¢ [/ — M $4E 4% D
BIRFEHET , R F 7 584 (Mean Aggregation) =, 153
FEHF RAMBE R=(risres o) s, =0+ +
rO i 4y /5, 3R IE ST R HEFE, B R L I BUARIE A P

L=l Loy Do) 8 Top K AL B RIS T
THE., IEFTEHTEREE SEENSHEFTERX,
NG paR S el o Sa A
FTHHE I 3h 9 7 i & K ] Bootstrap 3¢ Subsampling
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XHIFIEE RTINS, EE LW, XS R H 2~ RS IR 1
R—AHEFP 7 AT R HE T SR A RO HE P 45 R A% B
—EHAREER MRERSERBLIER— MU HF.
é\ﬁ?i R(l) y R(Z) , R(3> s R(4) y R(S) ﬁ}%u %ZT.\. ;Eﬁﬁ Subsamf
pling XEHEEE 5 WIS, M Welch T-test J7 IEHE AR #45
RORARBFHRET X BAFEHFRENEER=
(rrsraseersrm) or; = (D 7P 73 5O 493 /5 RIS R

R BRI R A FRL= (1 L D) 5%
Top- K MEEE A BRAMBFIETE. XX FENHFER
B 5 RBAIRERAREE X BuR RN, s
KREBFE B EAREENHT.

EMRHEHETF M RA TR EESE 1 (Mean)  HU0E
(Median) . 4357 5 (Quantile) , £ A] 3k 4% 1% &Y (Markov Chain
ModeD) UL B & # HE ) (Robust Rank) 28, Wald 5@ 378 11
MEEE LR 5 MR BB EF NHITER T, 45
REEFHRAH X EARA S, W AR E N EH
TEAEREAR,
2.2 ESMEBBAEEE

ITAPEHE R AR 2007 4F Frey' £ Science 2475 b #
B —Fh R, ZE R A B S BEREBAENE
T A (Exemplan) , @it B S Z B 5@ EHE L, EH—
IMMEAWES  BEEHEITEEARBIERNRER L
BEHRE SR 4. 555K K-means, K-center J7 3k L $, AP
HHREA 3AMEED . (OATER AR SR BiH %
BB (ORBFEEEAREN BRNIERLER, QL
REAHFREEENRRT AP T ENREIE L,

APEZEETHUEER, BEAZHNESGER R
R B B 1 (D) S AR BB SR B Sovwon » BB R BT DL X
FREY, AT AR ST FR I, XA 28 b BIME sCk, ) BRI R M 240
P(Preference) , BYLEX M HHE S & EE BN LA RS RE
K, 8k BUORERRB ST REME ARk . & % B A SR
SH P ESRE NHFEE, TS S3E S BaMER L
BEAERELS . PHEERNE T EE S 02KHE
B0 BB BT A RS RE AN B & B/ N 7= A 25
MDD,

SRR AP BEBASE{4 3% AT {5 B (Responsibility, R) FI A
FE (Availability, DBAEEFER. FIEE -G OFERE
o EERE o BREBEAORERRE, THE « GOWERTR
Mo TR o HEREANEABRE. ERARWT.

r(i,k)=s<i,k)~r§§§<a<i,k’)+s(i,k’>} @))

min{0,r(k, k) + Xmax{0,r(", &)}, iFk
a(i,k)={i¢“k

Zmax{osr(i’vk)}v =k
Pk

2
BEERER S, YA S8E 2N AR ES AR
—HREHRENR AR, B A T RE T BRT , TTHll
B HXXREL B EERPBEPSIATHERF
(Damping Factor)A, FBE—KERH r R oG, B HI{E
ZLE-KERENAR . BE THERWEEE, HEARD
LE
RHO=U—DRBO+ARG—1) 3)
ABM=A0—DAGO+IAG—D (4)
APHZEBTENERH G SR A E B FHBEE,



HEAFIHE 098 R R EGE R B R -G+
ali, k) N R R AE, BRI R EE ST E A BT R
EKRKRAEREE.
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3.1 BEXBSR

ERBMERETEAE 3SR OEBFFEFE; (D
YGRS RB OBETNGER. Kb, AR EFERE
BURAT R 7 i A, B A i AR T LB R X A 25 (M)
BRETE., WRBIEENFENBCH M, IR AR T 5%
BN 2M—1 MFEA G F B FEERMFIETE, Y
MERKE BRIBRESTEHETSESR. FL L. ERE
BARPREASHEE RS OWIMHER K. RAHFRE
AR, BIBRS ST CHRHE, BB BRE LRI IR
AR/ R 2k BRARIE FAE R AR, AMUBE SR BFTEASH
BWESE,, BEELEEETHE, T LaEE el FH Lk
LN ROPEE S - AR

HEFREBAE S WIFESHA SRR ES B
RIS Z RIREAXRER . —MFMRIETFER R
4 QOSFERMBE A 2 B H A (O RREZ M R Y B R R
B, —SARIEXEEE T, A HykGenet ' Al mAP_KLM™ , 764
FEHERF A FE R 3N T HRAE SR B 4 AT , R B E A O B4R AE
YENFIEF & . E—ERE EHR T FEMEZ RN ITAR B
B THRFEMERE . EGSG FikHE LB IBRFE 2 | L5k
BB TIHE S A R R A W RHE Z B B RER TR B Y
B ¢ SRR IR BB AR P LR R — MU EAFE
T4, ZEHENR KB J0 RAFAE H R AT ARIE T F R AHE Z B B A
KER, NTTERAS TR SRR . BT I, 4 AR IE
SRR HEATHHE Z 8] KB AT T A a0 Y,

HEATHFAE SCER AT HT BT , BT 2R B 64 4 B R AIE 22 18] S 3R B A
WAIRE, R ICEFE bicor Fe B FAE 2 (M B KB, bicor
F Tukey’s biweight, & Hardin!"® F 2007 4R B i —FhR2E
BB EBF AR Z KK AME R, Song™ EitfE 5
AMEEFXREE b4 51RFALE{E B  Pearson R HH bicor
i B 3 B 22 (Al A SE BRI T bLE 45 SR 2R A bicor X & IR A K
BEAENEENE, BBTeBRAEREEBEEERN
EE GO XRBATER. TR HERE X=(x,
Zp st s xm) FAY=C(y1 532> yu) s bicor HE AR -

Mo~ -
bicor(X,Y) = 2z:y; (5)
Hr:

X =

(z; —med (X)) w?
M
\/,El[(xk —med(X))wi®
~ (yi_‘med(y>)w§y)
yi= -
A ZL—med (D)t

w” =1—u) 11— [ ) ©

_in"‘med(X)
Y Omad(X)
1, 1_ i O
1(1—;u,»;>={ sl > (10)

0, otherwise

med (. ) FREX A1 B B . mad () Fm BUR B L

(6)
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€

£ bicor FHREARHEZ MY KB Z S5 , J5R AL 3R CHR 55 1L

55 5B PRLRRAE 2 1) o S BRBE B S M HH B AR

s(i,j)=(m%m_ﬂ)ﬂ’1 an
BAEEH I—A8 B, ALK F, Y f~2 i, APBE-
FS B8 T BIFH 52 rERE.

BRAD ARG RIRFERBRIEE AR S, 7E5EH S
RO, AL 4B R R B B M ARE S HB B K A8
(EFE) s NGRS 20 R AL 3 B — MR A A — T R /D
K K WHE T4, BE oFit IR, T8 2] nFie MEFIEF 5, T
J& 43 BIAEXS B M AFAE T2 (8] o, e A 2B Bk, IR0 2548

EARBARZE  ARNBETREFERRBER
R, HANME T NEEBRERAMBM SRR, %
B LR SR B 4 R Ay B P RE B B R TR XA 1]
W 2 R R — T R A, an@ Lk, X 3807 Bl RE B 3R R
B B ER LA T BOR BT E R B 53 AR B AR E AN
RUGHE MMEER, MaRREITEHARES LR
BEA B BN 25 RS — 7 N A BB X T
BB ARRYE, ERMEESRBFRIERE/NT 0.5
B, BT B S BN ERF T BRI KA T LT,
FRENIEER. A CEESHRRETEREED LS.
3.2 HixHR

BT IR BRAEERIFMELLSE APBEFS B, §5
e FHE R B A BR W YNGR g8 58 B RRAE 25 (A AT 1 O , (15
Tt B AHE BB BRI A X 4368 7, 2R )5 LA bicor #R R
R ER B B v, | P 4R A% 48 R 2 BB IE X o e AL AT 4
4, AR B G BR O RRAE R 3 BI R — N A L 3 T SR AN 4
HAPBEYLEE— MRS BAFE T8 . RIERFIEFE R E
Stk BEEEHEEZ R, NTTR B ZAMHEF &, E£4 B XL
SRBE R AYAFAE T 25 (8] P o BN SR 4 2 4%, X B i
HEF A [ RN AFTTN, &5 RAZHREERME
JFHHBUNESR .

APBEFS B{AB B3R
B VI EEIEE D, WREHEE X, B RENH Top K, H5 2%

#RAE nFit,

B WABIER AR C=(c 00, hen)
FEE:
D FEHF R A BRI NGEIESE D fESTHR, £ 5845
PR KRAK TopK HARE T8 SF;
ORARADHFES SF 5 HFFHAEZ 8] S BREE By , 18 B AR E R BX
FER RAERE S;
(DETHE S, AL BEHERAH E X M # Top K M HRHAEFHFTR
5 BB ERESE FG=(G1,Gz, -+, Gr) , i, K=5ize(FG)
(4)For j==1 to nFit
(5) MG GH G GE L1, KDFHE H RS #E— S FR1E 1 K
N K BIRE T4 FS;;
6) B SRERIR B  BIRIE T4 FS R M4FIE F 25 B R 4y
H38 ofjs
(M EWREIRS BRI TR TS MR E T2 M, FHE
533585 of; ML AR SR ICHEAT I, B B UM LR pred;;
(8)End For
(9)N=length{sample: sample€ X}
(10)For i=1 to N
(11> FEMREA | EARIE o FW N Pred= {pred;.j€ [1, nFit]} %
BEBEEMEIRD;
(12)End For
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4 XRERESN

4.1 XBRYE

A%k ¥ P T Keng Ridge Bio-medical Dataset (ht-
tp://datam, i2r. a-star, edu. sg/datasets/krbd/) 7 {~B FH R %
FH AR, 45 Bl J& . Breast Cancer, CNS, Conlon Cancer.

Leukemia, Lung Cancer, Ovarian Cancer #1 Prostate Cancer,

PARENMXER MR 1 5.
1 BESHNMAXGER
BEE BEH %5 A
Non-relapse 51
Breast Cancer 24481

Relapse 46
CNS 7129 Sur.vwors 21
Failures 39
Positive 22

Conlon Tumor 2000 .
Negative 40
Leukemi 7129 ALL 4
_eukemia AML 25
I C 12600 Normal 17
<ung fancer Non-normal 186
Ovarian C 15154 Normal 1
arian -ancer Non-normal 162
Pros Ca 12600 Normal 59
rostate Cancer Notnormal 7

A SRS EHREEERRKM T REKFAEIE
RIBOE . SLIHT, BT F T SRA RES R limma
FAE R AL SR HEAL (Quantile Normalization) 75 32 B [5] 2 [F
Z BB R G R - E AL, M E SRR E K
EIME R 0, FEN 1. LB EGSG k% % S48 3H 4T B
1k, BUETEREI[ — o0, —0.51,(—0.5,+0.5),[+0. 5, F 014}
S%F 1 B EAk A 0,152,

4.2 EREFMSH

HBE APBEFS A B HERTAT Lot , ZE SE IR B R 4 b
BT, 5 EGSG.RSM L & Random Forest #1473 Lt ,
F R S $AE L EHIF (5-Fold Cross Validation, 5-CV) ) £
BiEsE B A0 FIYER B (Accuracy, ACC) SR 5 & 432
PERE. WTRE R R MK ERERIRE BT 4 M
B FERR . E FH M (True Positives, TP) | & FH ¥ (False Posi-
tives, FP) . EL B4 (True Negatives, TN) FI{ B4 ( False Neg-
atives, FN), HitE AR N

ACC=(TP+TN)/(TP+TN+FP+FN) (12)

TR AT E WA RS LBJUEE NN
EZRMNAR SRR TERENEIRBETES
TR HERE., L8RP, X APBEFS J5 i, {ERAEHE /T B
RATHRTHERIH eBayes FRIEHEF B & 77 1 (eBayes
based method) X ZH HATHIT . B HHA TR XBEFR N
B Top-K ARE B TR, Hrh BRI sh ot R Kl
B B 2T 20 YROHRE SR FIF R A 1 7 3 25 T
S5R1T T B4 . APBEFS.EGSG il RSM 75 % LA K 348
(K Nearest Neighbors, KNN) 142 [&] 37 5 5] & #/1 (Radial Ba-
sis Function Support Vector Machine, RBFSVM) i & 43 2%
#%, Hoh KNN & B Weka(R i% 5 2 RWeka) , RBFSVM 3k
Chang I Lin® 455t LIbSVM(R B 5 4 el071), LI TE
Windows XP % 4t,2. 19GHz BEF AL BRI 2G MR T3t
17, APBEFS,EGSG R i R &% £ #; RSM 1 Random For-
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est % F Weka LR kL.
4.2.1 AoLBRESEHBEZIRNHER
ERTREREREE SESEIBE nFit HX, AR
HIBED I MR R EREBARMR . A TRIER
SRBART APBEFS Hik R EA B, W 3TF Bayes Hi 5
REVARM APBEFS JFihE 7 MEH R A BIBEE L#HTT
LR, RAEFTA BERE L EEHT 10 WA AR 1F
WERGESEERE. TRPEB, Y Top K =500, APBE-
FS 432t RE S AT, At KNN 43262588 K 28 3, RBFS-
VM AEBRARNSE BB BR S LXBEZR LR
mE 1 FR. A 1 AT, YES B nFi BB —HUE
Bf, APBEFS ik B B R TAE , T AR R B39 7 i3
SEREEBTREFENESILBECRHER, 82, BEH%
B nFir=45 B, Fifp A APBEFS F RS EEEBT
—MNEREME.

88. 00
87.50
87.00
86.50
36. 00
85.50
85,00
84,50
84,00
83,50

2R (%)

105 10 15 20 25 30 35 40 45 50 55 60

2 XBEA)

E 1 APBEFSTEARRMHES LB THMLHERE

4.2.2 BEEAIEBARTHIEAERAEILE

% 2 5 T EGSG.RSM, Random Forest &l APBEFS J7
EARTE T AEERBIEE LW 10 KRBT EERER
FEHE, BITSEARBNT A AEE M EEE N 45, AP-
BEFS FriEth Top-K =500,EGSG ik t=15", e LB h &
B, Y FaE /N E N 100 L, RSM o RHERERE.
Random Forest R FBRIAS 3, B4r2K28 KNN # K Hig 8
7 3, RBFSVM R FBVAS B

F2 SIRXBIER AT RS ERERROD
KNN RBFSVM

Random

Datas
atesets TAPBEFS EGSG RSM APBEFS EGSG  RSM  Forest
Breast ) 35 65.78 64.85 70.41 69.51 68.35 65.36
Cancer
CNS 6529 62.90 63.83 65.29 65.04 6500 63.50
Conlon oo 9y 8242 81,13 86.00 83.32 87.10 83.55
Tumor

Leukemia 98.32 97.63 92.64 98.61 97.21 B84.44 93.33

Lung

08,38 98.67 98.23 98.33 98.43 97.09 97.00
Cancer

Ovarian
Cancer

98.05 99.09 94.17 99.29 99.56 94.17 95.71

Prostate o) 79 8384 86,40 93.24 89.63 89.19 87.79
Cancer

mean 86.92 85,05 83.03 87.31 86.10 83.62 83.75

B3 2 A1, APBEFS #1 EGSG HB:7E 7 M IBE i
4y K AETR A BT RSM #i Random Forest J7 i, AP-
BEFS LT EGSG FiE#y 1. 5%, XM RNEEA
FEH . (1D Random Forest 5 RSM F R BB F 3 E#%
FRIEF 2 (8], 4 AE T 25 18] N R IE AN — E SRR P A XL
9%, T FLASAE 2 (A7 AT BB R AR B R BE Y T EGSG F
el Markov Blanket XH4SAE #4743 40 5 MAAT ¢ DMSAE S REAL

(F#% 260 )
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