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Abstract  Ensemble pruning is a key technique for a goal of achieving a better ensemble performance,
using a smaller ensemble size of base classifiers, via finding a optimal sub-ensemble. Existing
ensemble pruning approaches always find the optimal sub-ensemble using diversity measures

among base classifiers or running heuristic searching algorithms, separately. Diversity and
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accuracy of base classifiers are widely recognized as two important properties for a successful
ensemble, but the increasing of the diversity of base classifiers must lead to the decrease of the
average accuracy of the whole base classifiers in a constructed initial pool of classifiers, and
improving the average accuracy of the whole base classifiers in the constructed initial pool of
classifiers must reduce the diversity among base classifiers. Therefore, there is a tradeoff between
the diversity and the accuracy of base classifiers in the constructed initial pool of classifiers,
which makes the ensemble perform at its best. Finding the tradeoff between the diversity and the
average accuracy of base classifiers is the key to a successful ensemble. Ensemble pruning is an
NP-complete problem. Those ensemble pruning approaches based on diversity measures, using
different strategies, just prune a part of redundant classifiers, and cannot exactly find the tradeoff
between the diversity and the accuracy of classifiers; Those ensemble pruning methods based on
heuristic searching algorithms can achieve good results when it comes to finding the tradeoff
between the diversity and the accuracy, but it is hard to do an exhaustive search when the optimal
sub-ensemble is achieved using heuristic algorithms. Hence, Improved Binary Glowworm Swarm
Optimization combined with Margin distance minimization measure for Ensemble Pruning
(IBGSOMEP) is proposed using a combination of the proposed improved binary glowworm
swarm optimization and margin distance minimization measure. Firstly, a set of training subsets
are obtained using the bootstrap sampling method, and a collection of base classifiers are achieved
by independently training on the training subsets. Secondly, the generated base classifiers are
pre-pruned using a margin distance minimization measure, the number of those base classifiers
with worse performance is downsized significantly, which markedly reduces the computational
complexity of ensemble pruning problem. Thirdly, Improved Binary Glowworm Swarm Optimization
(IBGSO) is proposed by improving a moving way and searching processes of glowworms,
introducing a competitive behavior and a leaping behavior. Analyzing its convergence is presented.
Finally, the final ensemble is efficiently achieved from the retaining base classifiers after pre-pruning
based on margin distance minimization measure using the proposed improved binary glowworm
swarm optimization, and the theoretic foundation of the proposed IBGSOMERP is analyzed. Extensive
experiments on 35 UCI machine learning benchmark datasets have been conducted. Experimental
results on these UCI datasets demonstrate that the proposed IBGSOMEP can achieve better
results than the original ensemble and other state-of-the-art ensemble pruning approaches, and
the number of the members of the final ensemble achieved by the proposed IBGSOMEP is much
less than that attained by other state-of-the-art ensemble pruning approaches. These experimental
results are presented to verify the effectiveness and significance of the proposed approach.

Keywords glowworm swarm optimization; binary discretization; margin distance minimization;

ensemble pruning; diversity
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X(t—2),, X(0) =P (X ()| X(t— 1),
{X (D}, 2, WA B Markov 4.

IBGSO S FEALHE - 3 A Bt 8 R AT 8
TEFAT AR ERAT y BAESE TP I T A AR AT
Phic 2 R B A, & IBGSO # & 3| (g ik T 2 )=
o A it o DO BB O 5 . PRI IR S A A B R Y e A R
FERORT SO, BT 7 X0 ey I X+ D e
Y . Wi, P(XG+DEY [ X (1) €Y) =0, |
(X0}, WIS Markov 3 2. HEEE.

TEIE 1. 452 IBGSO 5 g g & 9 Markov
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SEEAX (O FX N, MR A a6 27, 4
PIX(ONZ'#T|XG—DNZ' =)=>dt—1)>0

Hlim [[ [1—dD =0, lim§() =1, Hrp 6(0) =
1> 700 t—> oo

P(X(t)eZ).
E. RIELR A,
S(=[1—06—DIP(X(DONZ #IT|
Xt—DNzZ2 =) +5a—DPX(HNZ # T |
X—1DNZ#D).
I LA AX (o), 2RI Markov i #,
PIX(ONZ#TIX—DNZ#B)=1.80F
S(H=[1—0G—D]P{X(\)NZ #J |
Xt—DNZ =F)+5—1)
=>1—60()=[1—"P(X(H)NZ #J |
Xt—DNZ#=D)IX[1—6G:—1)]
>1—0)<[1—dG—1 ]+ [1—6G—1]

t—1
=[1-s[[[1—d]]
i=0
t—1
= limo()=1—[1—5(0)Jlim [[ [1—d(D]
3}1@8(7:)21.

[ 8 2R 8(t>§1,ﬁullir§8(t) =1. B IBGSO
DI 1 WSk 3] 4 s s fL . UEEE.
3.4.2  WfMEAEARSE

i IBGSO R RE LA E gsonum , % K HL A3
(] 4E R n s Fe KB ARIREUZ 200 IBGSO (1 1 1] &2
FPEFHTAE

WAL 2580 B 2R & O (gsonum) s W IR
LT RE ALFE gsonum FU K B, FF 5 HE B
J R VB L 5 2R OCgsonum X n) 3 1] B I $047 Bk
BRAT M B 2 B i o O(gsonum X n) 5 gsonum H
K POCRAE S S POR B R TR IR £ H b
KR e BE R O (gsonum®) s Ye £ B 4Rkl
B Z AR OCgsonum X n) s AT58 547 H
2 IR BE R OCgsonum X n) 5 B 45 B (9 52 7% B
N OCgsonum).

W IR TE £, DGR AUR L IBGSO /Y % 4K
B (B 52 24 R O (e X gsonum®) .

3.4.3 ZHELE

FEA# GSO vk d i) B A~ 2 800 7 25 6] 3 Dy
gsonwm s 74t B — HE K B 55 45 8] 2 n DU AF- il
gsonum FE K TG 25 (8] Ry gsonum X 2525 AT
it Fir 5 25 (6] 2R Al 2 5000 A7 i T 5 25 ) 38 g o
gl Bk SR R AR i s (R A A
OC(gsonum X n).

4 IBGSOMEP
4.1 EHNEFTit
¥ H Bootstrap Jy 2 % I 25 & i 47l B, e &2
R M YA USRS M A5 748 s R 26 e
XTI R4S 1Y M AU 82 17 0 S U 2 U B AR A
FARERECH A M. T b, A SOl A T IR AR Y
B AR L A AR .
4.2 WER

TEAS E AT gt )5 - R LR e b B 4y 2R AR 1Y
MR ML, AT 2% —1 AR 74, o NP O i)
R A ek NP R N N P S o = 32
BT AT 95 R R UL, 59 B SE i R 4 rh
YTURHET R AEH EEM L AR E MR G K
IR TERE IR 25 W L 43 R AR T DA S 2 R AR O 4y 2
BB, 32 5 IBGSO 7648 R i 1 5 sl 72 i
TR, s T /MG EE 33059 A3 A 2K
ar i P AR AR B e AR LUK B | oo i K NEE
W RBCRI H Y. AR SCR i A e/ e B AR i M
ANFEAPRAR BT MW E A 5 1 5.2 /6
TP HEAT IR SR B e/ A DN RO 3 28 A
BEAT PR S A SCis ] IBGSO gk 47 HE— 245 1 5
B A 2R A I ORG BE R L Bar 2R AR TR S
4.3 53

JRIG I A dn b  FE BT A PR T M4
Gy RAR. BRI IBGSO X Hak AT R By AL, 3% 5
AR LR RE AR ) R 3 S A A
40301 IE VB oK AL A

R T VE AR Sy 2 A A Y 3 R PR BUME L K
2 CLO) ™ Sy 42 o B A 1] 8 114 38 7 8 bR 4K

Fitness=A

1)
>3

(10)

. [ )
He, A %%ﬁﬁfﬁ»%\zzzmc(%’y}%
j=1

):ﬁ, ¥ =y
0, &ﬁéy/
Y F oy SRETEE ONREA b A 2 A Y s 2 )
R IRIEH. Fitness 8 W4 B 43 2 4 19 48 1k
REBAL.
4.3.2 gy
B KA B MBI E= {1+ foso s fu )
SR i B S5 /NG T B2 SR AT BB R L AR T MANER
BRI LR AEN F = {f 1 foes )

Acc(y; sy, sz R AR T R
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FEOr KA BB B R AT 1 8 0 FROR. Bl
X=C(x 2y sxy) s, =1G=1,2, M) FERE
PRES DAY o =0 FORAERR N
2 X=(1,0,1,1,0,0) FK/REFETH 1.3.4 4
B A B 2.5.6 DA ISR,
4.3.3  AAATRAb E T X
TER R R R R F R B 4
HOK BT Ay 0 1 a0, Ron AR AL S 2
P e £ sOR BB A SO O AN H AT i, A
ALAT R B HT R 4G Ak,
4.4 BLHH
I TR AR 1 £ R 0 BT AR ST B R A AT
EIE 2. RSP, G A BT
JERINRET M (M <MD 432 3% T LR
IEH . ARUEB A AR B ARSI
N: FEA%H ;
M: 3 ELM ¥ H ;
c: FEARBER] . c=1,2,-.C;
Vo AR FRREAE [ LV = (oo e
i) s vy =2 X ICfi(x)=y)—1,j=1,2,-+,N.
VoS RRRAE T BB E. V= (o0, o,

1 M
77_,,---,5;\»:1\—42\/,,;
i=1

0:) XU - ZRANMHE—~F &, 0= (o
0250t s08) 0, =& ENHER

i 3 Bootstrap i 7 kI 4k th M A3 2K 8
EhG F={fisfoesful.

MBI LA ) DA B IS E R B
ICf () =y) =1 8O3 258 £ RRIE M & V.Y
iR, =2XIfi(x)=y,)—1=1;

MBI LAREE DA By R G
ICfi () =y,) =0, TFE43 I3 1 FRAE ] 52 V11
W) M v, =2 X I(fi(x)=y,) —1=—1.

T edn b M AN JE 4y 25 2% AR BURRAE ] B Y

N B B B 3 1 M
{Eﬂ‘j V:(Ul s U2 9V ’“.’“UN):MZVII.
=1

/o Vi % =V Jefss - = 1 M
i=1

0. I 7R 273 HRARAEER J DFEAS L 20 R IE 0 (1 5L
HRTORMBROEH. R 2B ERLE SR
KOO TES DA BRI KA R E IE
Bl s 4 SR UCRRAE 1] 4 VB3 5 Dk o, 0. 3R
INES ] DREAR B RIER R SR 2R H N T
oAF T AR BRI 2R R AR B H L MR 2 B R

LA HESS §AFEA B LAY 2 25 R A IR 1.

AV >0, W RIRTE BT A FEAS b i 48 41 2 2
A I AL RDAE CRRAE [ V VB AT B — R KR
P M A5 30 0 4R SPE e e N A
A b B U S E B I RE AR A ROt bk £ . jIZeoR JLAR
BFFAE [ V AR T 0 i 4 Aol £, R R
IO — G BRI . DR JE A 2 R A B A RE
SP- VRS AIE ) 5 R S — G2 B 11 B A A

B TR T N S — R R B —
H0=1(0150:s050y) 50, =&, & AHE A SCHE I
BB ERAE [ BV Rl Z (A M BREREE B d (V,0) . 1
PRI R RE. I . d (Vo) /)N, U 45 i
P RE AT

RN RABES F rp kB — AR ik
B4 2 s IR R () B I A L4 25 4% L filf
- B RRAE [V o Z JE] YR B d (V. 0) 1k ) B
NP R IR, AR R E R F=1{ /1,
Fosrres fu) STER—AB BT £1o oy fu. B
VEFRHT M (M <MD P SEAF K% flo fromers S o M
1% d(V,0) fe/N. BIHAE BUPE RE SR 0. R 0k, 4 il B
e /MBI B 5 /N RIE M A4 228 L mT LR o5 4 A
PEfE. UEEE.

IS 1. R IBGSO. X 7l 35 K J5 (1 343 2 2%
A oo S Y IRAT R BT AR S L4 M B
A LA — 254

. AR AR F={f1. foss fu)
FEL L WY R e AF RIS KRB E A (fL, 20
For . BE B 2 0, HHUBY RS 0 4 I R AL R
U 48 I .

SR BT AL S5 B RS S )
G2V 1 AR TFEA EARBES 1 1
Fu b BERPERE R &L T 2 — 1 AN THER
BELTE R 7 e 2 R A AF A S U B AR Y 3 4y
R THEE? R T e A MERB, A SR A IBGSO
X RIRERS o oo o PIEATHE— 2B BT L.

#E IBGSO tf, AT E T2 5 M, % T4 K
PERERL I L0 28 2 4 . i 1 SR IBGSO 1918 %
B AN 3t 1 2R 2 25 88 FAE A L R 2
4.5 /NS A AR LR RE AR 1 T AR A I B RT
PR A5 U R T E . DRI, BT AR AT 4 B BE T A A
Feor e THEA. BN R ST RS 1 5 ik fg 78 AT DA
. I e,

Zi Bk b B 2 RIS 1 AT, IBGSOMEP
FE AT TS BR Uk 95 RS L AT DL S R A 2K B
F10 5 1
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4.5 IBGSOMEP {4 X5
#i% 2. IBGSOMEP. 5 LBHERESH

By GRS IR 4 . IBGSOMEP 2 %t
Wi R R R (X))

=~ w o=

© o0 NN o Ol

10.
- BERLBI IR A gsonum JUH KL
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.

36.
37.
38.
39.
40.
41.
42.
43.
44,
45.

F R AG L 3 A8 F<{f1 s fonoee
F' <~
S <argmaxacc Cfysfosersfu)s
F'<{f1};
F<F—{f1};
FOR i<2 to M" DO
M F i B (20 I — A JE 4 288 S
F'<—F'U{f};
F<F—{f);
END FOR

’ fM } H

X, <argmaxfitness(X1, Xz s X yonum ) 3
t<1;
WHILE ¢ <<t,.. DO
FOR i<-1 to gsonum DO
IF f(X;)= f(X,,,) THEN
AT BRERFT N 5
END IF
EHTCRM LRI AE
bonax <l 5 Xox < X5
FOR j<1 to gsonum DO
IF | X, —X, || <<r), A1,<</; THEN
loax <15 X< X3
END IF
END FOR
IF rand <7; THEN
T H PSR BN BEBLES 5 — 25 5
END IF
IF 7, <<rand <z, THEN
%k L X B8 — 4
END IF
IF rand>7r, THEN
) ¥ kA X, B8 — 2
END IF
IF rand<<comp THEN
AT AT 5
END IF
IF sum(X;) =M’V sum(X,;)=0 THEN
WAL X
END IF
IF f(X,)=f(X,,,) THEN
Xop <X
END IF
END FOR
END WHILE
RETURN f(X,,).

h T K% IBGSOMEP (1) — g . 78 35 4~ UCI
PR e 45 BRI, e 1. AR SCRE BRI 3 o 2%
PR KENIEM (CARTMY 454 k-7 38 IR TIF
AU o k=5, JF IR BAR FE PRI 2R 5 6y,
GRAEGE R 4 Oy AR BRI T 1 1.
501 IWRBERSEIZE

A iz ] Matlab R2012a 4 5 525 v BT i K 1)
FVEAHS , PC HLACE : Windows 7 #:/E R 48 K R¢ /K
FEiE E7500 Ab PR 2% . CPU E£ 48 2. 93 GHz, N 17
4 GB DDR3. #4j# Krishanand Fl Ghose! """/ {1y g 1%
SR EMT POCRBE LT p=0. 4, 96T
By =0. 6, S AR B2 f=0. 08, KB4k 5 B
n, = 5. A SCSE I vp A5 SR 1 Sy 3y E A S 30 WKL
Ji JCF- S 1.

F 1 UCIHIESE
LGRS SE A K J& A B B3]
Tris 150 4 2
Hayes 160 5 3
Wine 178 13 3
Seeds 210 7 3
Heart 270 13 2
Cleveland 303 13 5
Haberman 306 3 2
Column 310 6 2
Ecoli 336 8 8
Bupa 345 6 2
Tonosphere 351 34 2
Dermatology 366 34 6
Wholesale 440 7 2
Forest 523 27 4
Wdbc 569 30 2
1LP 583 10 2
Balance 625 4 3
Australian 690 14 2
BCW 699 10 2
Blood 748 4 2
Diabetes 768 8 2
Vehicle 846 18 4
Tic-tac-toe 958 9 2
German 1000 20 2
QSAR 1055 41 2
Diabetic-r 1151 19 2
CMC 1473 9 3
Yeast 1484 9 10
Wineq-r 1599 11 6
Car 1728 6 4
Segment 2310 19 7
Abalone 4177 8 3
Spambase 4601 57 2
Wineq-w 4898 11 7
Landsat 6435 36 6
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5.2 WEIR

AN H Y <3 5256 T8 A S R B
M3 A H M, o IBGSOMEP ## i 2 %%
M (1 35 BUAK B

ARSCAE Bk 35 NS B HEAT T T
T W ) R R TR S R B T P B R M R
JE % Diabetes, Spambase # 17 J& /n. 7£ Diabetes,
Spambase B 4fi % I . 7533 FE g ALy 100,200 Al
300 By Z&AF T AEBEAT BT AL IS o F0 T 19 43 28 s AL
ST RERERI Y R WL 1. i &1 AR AR
BTN FR G b 43 2 s RSSO A TR S I i R AL T L 4R
BT FEHER R 2 B THE G KRG TR B TR
W, Sy R AR B 8D A UK FE R 5 (H BB R )
KAECH B WG n . B3 K a8 P AETE — 2890 R 1Y
FEOr A RO 1A UK EE LB B TR I R
P 4. [t NI 1 R ] e B, FE 5L 40 254 B H 8
B 25 ZHT, UK BE AT LR B e 5 2 R T
il 25 D EEOP A T AR SR I I i A 28 2 1 25 ek
FPERE Y325, C A 5E M T AR WUKE BE. BUPR B3 /T 25 4>
Feop e . &R B R BB A BB A 25 S MR AR
Gp ) EE S 28 AR 0 B Y. R T3 R SR/ B Y 8
B FUH AR 25 KL AR BT AT L B0 M7 =25, Rt
A SCAE R T A s /M E R B8R 25 Sk 4r 2K e e
P IBGSO #E4T R BT AL, 4518 - i3 i F /)
A0 B AT 059 A DR BT 25 AR AR 2R A
5.3 HRSMm

AT H I 38 6] TS8R 347 PPl IBGSOMEP
1) P RE.

AR Y IBGSOMERP 7 A [a] #5235 43 26 2%
AR AR 5 2 A i S B 2R AR Y
X R SR B R X e A A, an sk 2.3 3 R,
H*Max”, “Mean” , “Min” 73 5l & 75 52 43 5 4% 1 I
PR 2 RS . [RIBNR 2 R 3 AT LLE
IBGSOMEP 1) £ i s 2 4E 35 4~ UCI % dls 4 |
BI85 AR G2 B G5 S 4 10 e A R0 F- 38 43 2
B, R 438 5 BRAEAF F o KRB XM T
AT EMER S KGRI EETERAE, 5
Bagging BXF b 23 # » Hoib “n” 7R e & 1 4 0
B R T AR SCHE ) IBGSOMEP Jir i 5 1 5 J5
FEE R FLEL B B /> F Bagging . Fi4E i 4r 25 PERE
JUREEIRTE 2SI

g T2 PR AR SO U R R RE . TS
Bagging"**!, Kappa''™!, AGOB™*!, POBE"*, DREP™,
D-D'®, DF-D*, GASEN!2, GSOSEN'#' , MOAG!®!,

RRE™, DivP™?, SCG-PM", SDAcc?, REM,
COM™ , MDM'*', FP-EP™"! , DF Two**' , AccRein"*,
MDEP"" #1717 % . 43 #. Bagging AT L4 45 Al 3 My
T R B 4R o 08 3 4 FE A AT I 2R wT LA in
B0y 26 4 A 19 22 5 1 s Kappa, AGOB, POBE Al
MOAG PR T e 22 50 D0 3 % 3k 43 2 48 6 A7
THEF 4 A 6B T HE P 4R B 2% ; DREP JE i
PR B IR 0 1 JE 0 2S00 2o AS DB 38 B 1 3 gy
AN AT B A S AR A e M R AR E AR
BIR 22 fe /MK s D-D il i T F 5 38 40 2848 1 R — 20
JE SR 5 R AS — SO0 B 5 R 3 43 2R 8 L I JE R AT
AR DF-D 35558 43 25 4 149 BURS DU 2 o 531 B 35 A i)
A AR XA 2 A0 Y JE A S AR B S R AT AR
GASEN 3 it B LI 25 5 4> B 7y 2R e — AL, R
J R 38 A% Sk R AT Ak 1 15 4R IR 25 B /s
GSOSEN SR FH &g s 2 ok L b Bk o) Bk 43 26 4
T4 LB AL s RRE e85 T 48 1 89 A 2 A8 v 9l 3t 37 119
Byt AT G B L 4RI T BE R DivP SR
RS AL LB 2 A 22 5 P00 B il 8 — > 41 &
JE Il FH 1 2 €0 B e R 0 ik o S B R AT AR 5
SCG-P R FHHEHL R A7 7 By o 43 S 4 1) 25 5
DR BE AR S 0 R I o R SN e A R B
SDAcc, DFTwo fl AccRein [R] B} & T H 2K 28 1Y
2 5 M FUKS B2 . JF R I GEP #4748 037 &4 s RE,
COM 1 MDM 3k H T AR 22 5 M0 % L 45 & GEP,
HEAT T S BT A7 s MDEP 35 F 33 A0 B2 A0 22 53
JETE BT 8 B 4L D B2 L SR J AT HE 3 46 K.

HH 3R 2,38 3 A HT 76 JRL UG 43 28 28 450 H L 200 B
A5 VR B U3 2 ME R R e v s 2P B 0 g3 2R
i HUAE LR By NG BE A RR AR AR BN T L i LA 43
AR HIECH HEL 200, 4 T 4RAIE IBGSOMEP #y £ &
PE A SCHEFE G AR 100 1 200 I9461FF . 5
A A BB A 5 AT R A BT, A 6~ 3% 11 fr
7N s Ho o “Win/Tie/Loss” 23 B FE /R 7E 35 4 UCI %
it b AR ORG B AT AR TR T 22 T A TR A 4L
MR 6~3R 11 ATLIAE .78 35 4> UCT Fedia 4 1,24
PSP Sy 100 B, IBGSOMEP #4945 i 25 J 11
T AT B AR B H R B 23 A5 MR AR
B 200 B A8 F oAt 5 25 i B s S22 H ik 8 24 A
MR bR, IBGSOMEP fi4 48 1 g B AL T HoAth
SERBT A 7 k. R 6~ 11 P EE T AS & F
AR JNBT KL 7 1 T B 3 S A% T B RURE 5 7 H RS
ZIH SR ANE 2 firs. i B 2 al A, A Sy k)
DL A0 B R4 2645 ARG T 80 i 48 Uk
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82 Dial‘yctcs g4 Dial?etes
80
78
x S
76 e
S S
K74 #
R R
72
721 1
70+ 1 70H i
68 . 68 . . .
0 10 20 30 40 50 60 70 80 90 100 0 20 40 60 80 100 120 140 160 180 200
4B SR H
(a) fEDiabetes_b 5573 S 8% WA A 100 1 HE 7 S B BE 20 #r (b) fEDiabetes 37> 2 g5t AR 9200 (1 HE - 45 et g 2
81 Di(‘ﬂbctcs 97 Spa‘mbase‘
82
80 96 b
= 78 x
@ 76 &7 1
6 K
X X
K74 KR
72 4 94+ B
70 b
68 L L L L L - 93 L L L L L L L L L
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GES =T RES O
(¢) fEDiabetes b3 AR J300 (19 HE 72 Lk R 4 (d) {ESpambase b5 7 FEARHMAE Y100 A9HE 7> 2 M RESI T
98 Spa‘mbase‘ 08 sz}mbase
97 971 1
=96 =961 1
B g
K %
X o5 <§95— 1
94 94 4
93 L L L L L L L L L 93 L L \» L L
0 20 40 60 80 100 120 140 160 180 200 0 50 100 150 200 250 300
S AR EH oS gE|

(e) f£Spambase I 3£ F5 24t FAR A200 [0 HE 742 B RE 20 B

A 1

(f) f£Spambase I FE 53 FE AR 00 119 HE 74 B e 437

1E Diabetes, Spambase b7 [ 73 2 &5 1t BUSE A% 1 T 422 I8 0 7% foc /0N A0 00 B8 1 157 4 Bioh 38 34 o0
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K2 EAREMEESNZEE 50,100,150 THERIFE

KO 50 100 150
IBGSOMEP  Best Mean Worst  IBGSOMEP  Best Mean Worst  IBGSOMEP  Best Mean Worst
Iris 97. 84 97.30  93.84  86.22 98. 38 97.30  93.70  83.78 98.92 97. 84 93.79  83.51
Hayes 99.39 90.00  67.70  43.03 100. 00 92.42  68.05  40.91 100. 00 94. 85 67.34  40.00
Wine 100. 00 99.77  89.61 76. 36 100.00 100.00  89.60  75.23 100.00 100.00  89.38  72.27
Seeds 100. 00 99.42  89.88  77.69 100. 00 98. 65 90.04  77.69 100. 00 99.23  90.04  75.96
Heart 94. 03 85.07 75.80  63.98 95.92 86.47  75.80  62.49 97.11 87.06  75.92  61.00
Cleveland 65. 32 58.38 48.16  37.12 68.56 58.92 48.19  35.05 70. 81 60.18  48.21 35.50
Haberman 80. 39 76.05 61.53  26.05 81.71 76.71 60.94  25.79 82.89 76.84  60.73  25.53
Column 96.10 88.92  80.42  71.17 98. 61 89.87  80.44  69.78 98.70 90.13  80.46  70.30
Ecoli 88. 89 82.06  73.55 63.41 90. 48 83.02 73.22 61.51 90.79 83.33 73.06  59.92
Bupa 81. 86 71.40  61.29 51.01 85.27 72.79 61.53  49.46 88.29 73.18 61.59  48.84
Tonosphere 99.90 95.90  88.58 79.14 100. 00 97.24  88.48  76.29 100. 00 97.14  88.47  76.86
Dermatology 100. 00 99.5 92.10  79.58 100.00 100.00  92.19  77.50 100.00  100.00  92.31 78.75
Wholesale 94.92 91.74  86.41 79. 32 95.98 92.73  86.50 78.03 96. 44 92.27 86.38 77.12
Forest 88.38 81.24 71.73 61.71 89. 81 81.90 72.11 59.90 91.43 82.76  72.29  60.00
Wdbc 100. 00 97.28  90.95  81.40 100. 00 97.98 91.06  80.70 100. 00 97.89  90.99 79.21
1LP 86.55 79.49  70.63  61.37 89.34 80.17  70.77  60.97 90. 26 80. 51 70.58  58.86
Balance 88. 96 80.59  73.60  66.08 90. 93 80.96  73.84  65.81 91. 31 81.71 73.71 64. 96
Australian 76. 47 66.52  57.96  48.70 79. 86 67.63 57.98  47.25 81. 35 68.55  57.93  47.15
BCW 100. 00 98.00  93.91 88. 62 100. 00 98.43 93.86  88.10 100. 00 98.52  93.98  87.86
Blood 76.93 72.53  66.14  59.60 77.27 73.27  66.10  59.27 78. 87 73.53  66.21 59. 27
Diabetes 83.38 75.54  68.01 60. 04 85.41 76.28 68.08  59.31 86. 32 76.54  67.99  58.96
Vehicle 84.79 74.62  67.68  61.30 87. 04 76. 21 67.82  58.99 89.23 76.09  67.87  59.53
Tic-tac-toe 99.10 90.28 81.36  71.25 99. 86 90.87  81.07  70.69 100. 00 91.15 81.17  69.58
German 83.67 74.50  66.88 59. 87 85.33 74.30  66.68  59.43 86. 80 74.40  66.82  57.97
QSAR 90. 08 83.19  77.44 71.91 91. 60 83.73 77.42  70.46 92.29 83.76  77.35  69.98
Diabetic-r 75.94 67.51 60.36  52.93 79. 42 67.83  60.42  52.61 80. 64 69.16  60.52 52.43
CMC 61.92 53.63  47.47  40.99 62.92 54.12  47.44  40.32 64. 88 54.76  47.51 40. 09
Yeast 67.88 54.35  48.18  41.49 69. 80 55.05  48.11  41.33 70. 41 55.47  48.03  40.41
Wineq-r 75. 60 62.85 57.06  51.65 77.77 63.60 57.18  50.42 78. 46 63.42  57.28  50.65
Car 99.77 96.03  92.87  88.23 99.96 96.38 92.86  88.52 100. 00 96. 71 92.92  87.53
Segment 99.24 96.53  93.44  89.42 99. 60 96.47  93.52  89.16 99. 82 96.91 93.53  88.73
Abalone 60. 56 52. 81 47.88  42.97 62. 65 53.32  47.89  42.68 63. 41 53.86  47.84  42.54
Spambase 97.23 92.72  89.88  86.99 97.52 93.10 89.88  86.77 97. 86 93.10 89.90  86.10
Wineq-w 74. 14 60.33  55.69  51.09 75. 65 60.94  55.70  50.91 76. 49 61.05 55.75  50.69
Landsat 92. 46 84.97  82.39  79.68 93.20 85.73  82.45 79.45 93. 47 85.58  82.41 78.95

k3 ETRRMEESSZSE200,250,300) THERIEE

o g 200 250 300
g IBGSOMEP  Best Mean Worst  IBGSOMEP  Best Mean Worst  IBGSOMEP  Best Mean Worst
Iris 99.19 97.84  93.86  82.97 98. 92 97.57 93.78  82.43 99.73 98.38 93.86  82.97
Hayes 100. 00 95.45  67.30  38.48 100. 00 95. 45 67.53  36.97 100. 00 95.76 67.58  36.97
Wine 100. 00 100.00  89.34  72.95 100. 00 100.00  89.43  71.36 100. 00 100.00  89.46  71.82
Seeds 100. 00 99.23  90.14 75.00 100. 00 100.00  90.05  74.81 100. 00 99.62 90.10  75.38
Heart 98. 11 87.26  75.81 60. 20 98.21 88.06  75.94  60.10 98.21 88.56  75.97 58.71
Cleveland 72.52 60.09  48.13  34.59 73.15 60.54  48.20  34.77 73.15 60. 81 48.25  34.77
Haberman 85.13 77.89  60.78  24.74 83.82 77.37  60.79  24.34 83.68 77.63  60.81 24.61
Column 99. 39 90.74  80.35 68.05 99.57 90.65 80.35 68.14 99.57 90.91 80.34  67.45
Ecoli 91.19 82.78 73.17  60.40 91.75 83.73 73.16  59.37 91.51 84.05  73.14  59.37
Bupa 88. 60 73.80  61.45  49.38 89. 85 73.41  61.55  47.83 90. 00 73.80  61.47  48.22
Tonosphere 100. 00 97.33  88.43  75.90 100. 00 97.62  88.42  75.52 100. 00 97.52  88.45 75.43
Dermatology 100. 00 100.00  92.21 75.83 100. 00 100.00  92.38  77.50 100. 00 100.00  92.25  75.42
Wholesale 96. 67 92.80  86.42  77.58 96. 82 93. 11 86. 45 77.58 96. 82 93.11 86.38  76.74
Forest 91. 62 83.14 72.15  57.33 92.29 83.24  72.07 57.24 91.90 83.90 72.03 57.71
Wdbc 100. 00 97.81 90.89  77.72 100. 00 98.07  90.98  78.07 100. 00 98.33  90.90  77.46
1LP 91. 85 80.34  70.82  59.09 91.79 80.80  70.65 59.09 92.31 80. 51 70.74  58.63
Balance 92.27 82.13  73.78  64.96 92. 69 82.56  73.77  64.85 92.75 81.92  73.72  64.43
Australian 82.22 68.12  58.03  46.57 82.37 69.08  58.05  47.20 83.77 69.32  57.98  46.57
BCW 100. 00 98.67 93.94  87.90 100. 00 98.67  93.93  87.76 100. 00 98.62  93.93  87.29
Blood 79.20 73.60  66.15 57.87 79.93 74.13  66.12  58.27 79. 60 73.87  66.09  57.60
Diabetes 87.23 76.80  68.09  57.97 87.71 76.93  68.04  58.14 88.01 76.97  68.02  57.97
Vehicle 89.70 76.39  67.87 59. 23 89.23 76.39  67.75 58. 34 89.94 76.45 67.79  58.22
Tic-tac-toe 100. 00 91.67  81.23  69.27 100. 00 92.26  81.14  68.99 100. 00 91.63 81.10 68.54
German 88.17 74.80  66.79  58.30 88.33 75.10  66.79  57.70 88.53 75.23 66.80  57.40
QSAR 93. 14 84.08  77.35 68. 85 93.43 84.04  77.36  68.66 93. 14 84.74  77.33  68.69
Diabetic-r 81. 48 68.90  60.43 52.32 82.00 69.36  60.45  52.09 82.70 69.19  60.48  52.09
CMC 64. 36 55.57  47.48  40.07 65.76 55.68  47.42  39.32 66. 03 55.64  47.50  39.77
Yeast 71.33 55.25 48.06  40.54 71. 89 55.63  48.10  40.02 71.55 55.86  48.14  40.29
Wineq-r 78.92 63.75 57.22  50.83 79.73 63.92  57.24  50.54 79.29 64.15 57.24  49.98
Car 100. 00 96.67  92.86  87.69 100. 00 96.92  92.91 87.61 100. 00 96.82  92.90  87.15
Segment 99. 84 96.93  93.50  88.76 99.98 97.09  93.54  88.87 100. 00 97.11  93.53 88.51
Abalone 64.53 54.26  47.89  42.01 65.18 54.10  47.89  42.01 65.90 54.29 47.87 41.72
Spambase 97.99 93.35 89.89  85.93 98.10 93.38  89.91 85. 87 98.09 93.51 89.88  85.75
Wineq-w 76.98 61.16  55.73  49.97 76. 95 61.54 55.78 50.03 77.06 61.65 55.74  49.95
Landsat 93. 67 85.84  82.37 78.72 93.92 85.64  82.40  78.79 93.96 85.72  82.41 78.74
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x4 EFRBNEESNHKEG0,100,150) T IBGSOMEP 5 Bagging X bk 4 #7
BB : T . e : -

Bagging n IBGSOMEP n Bagging n IBGSOMEP n Bagging n IBGSOMEP n
Iris 94. 59 50 97. 84 13 95.41 100 98. 38 12 95.68 150 98.92 13
Hayes 81.52 50 99.39 13 83.03 100 100. 00 14 79.39 150 100. 00 16
Wine 99. 09 50 100. 00 12 98.41 100 100. 00 13 99. 32 150 100. 00 12
Seeds 96.92 50 100. 00 12 97.88 100 100. 00 12 97.88 150 100. 00 13
Heart 87.76 50 94.03 11 88. 26 100 95.92 12 88. 66 150 97.11 12
Cleveland 51.89 50 65.32 9 51.35 100 68.56 11 52.07 150 70. 81 11
Haberman 71.84 50 80. 39 11 71.71 100 81.71 12 71.84 150 82. 89 12
Column 87.19 50 96. 10 12 89. 18 100 98. 61 12 88. 23 150 98.70 13
Ecoli 84.13 50 88. 89 12 84. 44 100 90. 48 11 84.68 150 90.79 12
Bupa 68. 29 50 81. 86 11 68. 84 100 85.27 13 69. 69 150 88.29 14
Tonosphere 95.62 50 99. 90 11 95.71 100 100. 00 13 95.90 150 100. 00 13
Dermatology 97. 64 50 100. 00 12 97. 36 100 100. 00 13 97.22 150 100. 00 13
Wholesale 90. 08 50 94.92 12 90. 45 100 95.98 11 90. 53 150 96. 44 12
Forest 81.43 50 88. 38 11 81.52 100 89. 81 10 82.00 150 91.43 13
Wdbc 97. 81 50 100. 00 13 98. 07 100 100. 00 13 97.89 150 100. 00 13
ILP 76.35 50 86.55 11 76.70 100 89.34 12 76. 41 150 90. 26 14
Balance 83.15 50 88. 96 13 84.32 100 90.93 13 83. 84 150 91.31 13
Australian 66.33 50 76. 47 11 67.00 100 79. 86 12 67.25 150 81.35 14
BCW 98. 48 50 100. 00 12 98.52 100 100. 00 12 98.52 150 100. 00 14
Blood 71.00 50 76.93 10 72.33 100 77.27 11 71.93 150 78. 87 12
Diabetes 75. 80 50 83.38 11 76.41 100 85. 41 11 75.97 150 86.32 13
Vehicle 76.09 50 84.79 12 75. 86 100 87. 04 13 76.33 150 89.23 14
Tic-tac-toe 96. 01 50 99. 10 14 96. 42 100 99. 86 15 96. 84 150 100. 00 15
German 76. 63 50 83. 67 11 75.43 100 85.33 14 75.77 150 86. 80 14
QSAR 84. 80 50 90. 08 11 84.87 100 91. 60 12 84. 64 150 92.29 13
Diabetic-r 66.41 50 75.94 12 67.54 100 79.42 13 67.77 150 80. 64 13
CMC 52.90 50 61.92 13 52.99 100 62.92 13 53.49 150 64. 88 13
Yeast 61.51 50 67.88 13 61.71 100 69. 80 14 61.73 150 70. 41 15
Wineq-r 70.75 50 75. 60 12 70.92 100 77.77 14 71.19 150 78. 46 14
Car 98. 02 50 99.77 14 98. 21 100 99. 96 13 98.17 150 100. 00 14
Segment 97.62 50 99.24 11 97.62 100 99. 60 11 97.69 150 99. 82 11
Abalone 54.43 50 60.56 12 54.35 100 62. 65 13 54. 45 150 63. 41 15
Spambase 95.94 50 97.23 13 96. 19 100 97.52 13 96.17 150 97. 86 14
Wineq-w 70.11 50 74.14 14 70.78 100 75. 65 16 70. 60 150 76. 49 14
Landsat 90. 68 50 92. 46 14 90. 75 100 93.20 15 91. 06 150 93. 47 15

x5 EARREFEESEE(200,250.300) T IBGSOMEP 5 Bagging it bt 43 17
-
o g . 200 _ ' 250 _ ‘ 300 _

Bagging n IBGSOMEP n Bagging n IBGSOMEP n Bagging n IBGSOMEP n
Iris 95.95 200 99.19 12 96. 49 250 98.92 11 95. 95 300 99.73 12
Hayes 80. 00 200 100. 00 14 78.79 250 100. 00 12 79.70 300 100. 00 14
Wine 98. 86 200 100. 00 12 99. 32 250 100. 00 13 98. 86 300 100. 00 13
Seeds 97.88 200 100. 00 14 97.88 250 100. 00 13 98.08 300 100. 00 13
Heart 88.96 200 98.11 11 88.56 250 98. 21 13 88.76 300 98.21 11
Cleveland 51.62 200 72.52 10 52.16 250 73.15 12 51.62 300 73.15 12
Haberman 71.84 200 85.13 13 71.45 250 83.82 12 72.11 300 83.68 13
Column 88. 14 200 99. 39 14 88. 66 250 99.57 14 88. 23 300 99,57 12
Ecoli 84.37 200 91.19 12 85. 00 250 91.75 11 85. 24 300 91.51 11
Bupa 68.76 200 88. 60 14 68. 84 250 89. 85 14 68.99 300 90. 00 14
Tonosphere 95. 81 200 100. 00 13 95.71 250 100. 00 13 95.71 300 100. 00 12
Dermatology 97.22 200 100. 00 11 97.22 250 100. 00 13 97.22 300 100. 00 11
Wholesale 90. 30 200 96. 67 13 90. 30 250 96. 82 11 90. 15 300 96. 82 12
Forest 81.90 200 91.62 13 82.10 250 92.29 12 81.81 300 91.90 11
Wdbe 97. 81 200 100. 00 14 97.98 250 100. 00 13 97.98 300 100. 00 14
ILP 76.52 200 91.85 13 76.01 250 91.79 13 76.47 300 92.31 14
Balance 84. 00 200 92.27 14 83. 84 250 92. 69 13 83. 36 300 92.75 14
Australian 67.92 200 82.22 13 67.97 250 82.37 13 68.02 300 83.77 12
BCW 98.52 200 100. 00 13 98.57 250 100. 00 12 98.57 300 100. 00 14
Blood 72.33 200 79.20 13 72.27 250 79.93 11 72.13 300 79. 60 11
Diabetes 75.93 200 87.23 13 75.97 250 87.71 12 76.28 300 88.01 13
Vehicle 76.27 200 89.70 15 76.33 250 89.23 13 76.15 300 89. 94 12
Tic-tac-toe 96. 88 200 100. 00 16 96. 84 250 100. 00 15 96. 81 300 100. 00 14
German 75.77 200 88.17 14 75.87 250 88.33 14 75.90 300 88.53 14
QSAR 85.02 200 93.14 13 85.02 250 93.43 14 84.90 300 93. 14 13
Diabetic-r 67.45 200 81.48 14 66.93 250 82. 00 15 67.28 300 82.70 14
CMC 52.95 200 64. 36 13 52.79 250 65.76 13 53.08 300 66. 03 13
Yeast 61.78 200 71.33 14 61.94 250 71.89 14 61.89 300 71.55 15
Wineq-r 70.77 200 78.92 15 71.04 250 79.73 14 71.08 300 79.29 14
Car 98.17 200 100. 00 13 98. 17 250 100. 00 14 98. 23 300 100. 00 14
Segment 97.73 200 99. 84 13 97.76 250 99. 98 12 97.73 300 100. 00 14
Abalone 54.48 200 64.53 14 54.77 250 65.18 15 54.61 300 65.90 15
Spambase 96. 26 200 97.99 13 96. 45 250 98. 10 13 96. 35 300 98. 09 12
Wineq-w 71.02 200 76.98 16 71.07 250 76.95 16 71.03 300 77. 06 15
Landsat 90. 96 200 93. 67 15 91.02 250 93.92 15 91.01 300 93. 96 15
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x6 SHMAEEERBEMERMEST B S (EHEFHRE 100)

Bim e IBGSOMEP n Bagging n Kappa n AGOB n POBE n DREP n D-D n
Tris 98. 38 12 95.41 100 95. 14 20 97. 84 13 95. 68 14 96. 22 50 95. 14 99
Hayes 100. 00 14 83.03 100 96.57 20 96. 77 26 97.17 21 89. 49 50 79. 60 99
Wine 100. 00 13 98. 41 100 100. 00 20 100. 00 16 100. 00 28 99. 39 50 99. 24 99
Seeds 100. 00 12 97. 88 100 100. 00 20 98.72 17 100. 00 23 98. 46 50 97.56 99
Heart 95.92 12 88. 26 100 89. 65 20 92.54 18 92. 84 20 91. 24 50 87.96 99
Cleveland 68. 56 11 51.35 100 55.41 20 61.98 13 58.02 22 56. 85 50 52.07 99
Haberman 81.71 12 71.71 100 72.77 20 76.93 15 75.35 31 75.70 50 71.67 99
Column 98. 61 12 89. 18 100 92.55 20 94. 81 12 93. 94 21 92. 64 50 87.71 99
Ecoli 90. 48 11 84. 44 100 83. 89 20 87. 30 22 86.67 17 86.59 50 85.08 99
Bupa 85.27 13 68. 84 100 70. 70 20 78.29 16 79.69 21 75.35 50 69.61 99
Ionosphere 100. 00 13 95.71 100 99. 14 20 99. 62 13 99. 90 21 97.43 50 95. 81 99
Dermatology 100. 00 13 97. 36 100 100. 00 20 99.07 16 100. 00 20 98. 43 50 97.31 99
Wholesale 95.98 11 90. 45 100 91. 89 20 94.02 18 93. 94 20 92.42 50 90.53 99
Forest 89. 81 10 81.52 100 84.25 20 87.37 15 86. 10 22 84.25 50 81.71 99
Wdbce 100. 00 13 98. 07 100 100. 00 20 100. 00 16 100. 00 23 99. 65 50 98. 30 99
1LP 89. 34 12 76.70 100 81. 14 20 82.91 18 83.76 21 81.42 50 76.52 99
Balance 90. 93 13 84. 32 100 86. 19 20 87.79 18 86.93 22 86.19 50 82.83 99
Australian 79. 86 12 67.00 100 65.07 20 72.75 24 72.61 21 71. 35 50 67.29 99
BCW 100. 00 12 98.52 100 99. 86 20 99. 33 20 99. 62 21 98. 86 50 98. 38 99
Blood 77.27 11 72.33 100 71.02 20 75.02 17 75.29 21 73.91 50 71.78 99
Diabetes 85. 41 11 76.41 100 78.61 20 80. 48 20 80. 48 22 80. 04 50 75.58 99
Vehicle 87. 04 13 75. 86 100 80.47 20 82.56 17 83.43 21 80. 55 50 75. 86 99
Tic-tac-toe 99. 86 15 96. 42 100 99. 24 20 98. 65 29 99. 48 22 98. 30 50 96. 74 99
German 85.33 14 75.43 100 78.10 20 80. 33 20 81. 80 22 79.67 50 75.87 99
QSAR 91. 60 12 84.87 100 88.50 20 89. 86 16 88.78 21 87.65 50 84. 96 99
Diabetic-r 79. 42 13 67.54 100 70. 84 20 73.74 20 74.75 22 72.87 50 67.48 99
CMC 62.92 13 52.99 100 53.79 20 59.41 16 58.53 21 56. 50 50 53.04 99
Yeast 69. 80 14 61.71 100 62.07 20 65. 90 18 64. 50 22 65.79 50 61.98 99
Wineq-r 77.77 14 70.92 100 71. 60 20 74.46 23 73.60 22 73.67 50 71.02 99
Car 99. 96 13 98.21 100 99. 38 20 99.73 21 99. 23 21 99. 04 50 98.07 99
Segment 99. 60 11 97.62 100 98.78 20 99.07 15 98.78 22 98.18 50 97. 60 99
Abalone 62. 65 13 54. 35 100 54,23 20 58.79 19 59. 28 21 57.97 50 54. 83 99
Spambase 97.52 13 96.19 100 96. 75 20 97.03 14 97.01 20 96. 80 50 96. 30 99
Wineq-w 75. 65 16 70.78 100 71.41 20 73.32 22 73.35 21 72.73 50 70.56 99
Landsat 93.20 15 90. 75 100 91.31 20 91. 80 25 91.67 20 91.74 50 90. 93 99
Win/ Tie/ Loss 23/7/5 0/0/35 0/4/31 0/1/34 0/4/31 0/0/35 0/0/35

x7 S5HMAZEERBEMERNEA T L 2T (EHEF[HNE 100)

B 46 DF-D n GASEN »n GSOSEN 2 MOAG =n RRE n DivP n SCG-P =n SDAcc n
Iris 97.30 51 97.30 51 97. 30 50 96. 94 17 97. 84 11 97.48 3 96.40 22 98. 20 6
Hayes 95.15 55  95.96 45 97.37 45 89. 49 22 99. 60 12 98.79 5 88.28 20 100.00 12
Wine 100.00 58 100.00 51 99. 85 51 100.00 18 100. 00 11 100. 00 2 100. 00 7 100. 00 22
Seeds 99. 23 58 99. 49 41 98.97 49 98. 85 16  100. 00 11 99. 87 3 97.95 9 100.00 15
Heart 90.95 57 92.09 51 92. 54 47 89.55 17 94.23 15 92. 04 3 91.65 27 92.74 23
Cleveland 56.04 55 60.54 45 58.78 48 56. 40 27 66. 85 14 63.51 2 63.33 48 65.09 8
Haberman 73.42 64 76.75 36 77.28 46 75. 26 20 81.05 12 78. 25 5 74.30 19 76.23 33
Column 92.21 56  93.77 50 92.99 49 90.91 14 96. 88 16 94. 29 3 92.39 27 93.51 21
Ecoli 86. 83 55 87.38 48 87. 26 47 86. 11 16 89. 37 16 87.54 5 85.48 53 87.70 37
Bupa 74.96 55  78.84 44 75.47 48 72.79 28 84.03 15 79.92 7 76.33 34 75.58 23
Tonosphere 97.05 56  97.43 50 97.71 48 96. 95 19 99. 62 11 98. 95 1 96.57 7 100. 00 9
Dermatology 99.44 55  99.63 41 98. 89 48 98.61 19 100. 00 12 100.00 2 97.59 24 100.00 25
Wholesale 92. 35 55 92.84 46 93.18 42 91. 89 22 95. 30 11 94, 24 3 93.67 14 93.79 7
Forest 83.94 56 85.21 45 85.97 45 83. 81 17 89. 27 14 86.03 10 83.92 21 85. 46 13
Wdbc 99.30 58 99.94 45 99. 82 16 98. 95 18 100. 00 11 99. 88 9 99.12 16 100.00 23
1LP 81.03 56  83.42 45 81.62 42 79. 49 32 87.24 16 85. 24 6 83.75 19 85. 82 21
Balance 86.29 57 88.56 48 87.68 49 84.75 26 89.92 25 87.52 2 85.63 74 86. 35 41
Australian 69.66 56  73.77 45 72.25 46 69.52 15 77.92 17 75.51 9 72.37 34 75.92 26
BCW 98.81 57 99.00 47 99. 29 47 98.71 20 99. 81 13 100. 00 5 98.67 5 100.00 8
Blood 73.87 56 74.84 47 75.33 46 73.16 22 78.13 12 76.53 11 77.76 40 74. 40 25
Diabetes 79.65 56  81.10 47 80. 00 46 77.45 27 84.16 20 82.12 6 81.27 52 82.31 23
Vehicle 80.83 54  81.14 47 82.52 49 78.78 20 86.19 22 83.59 15 83.75 41 79.61 26
Tic-tac-toe 98.78 57 99. 84 51 99.53 48 97. 40 14 99. 65 24 98.99 11 98.92 28 99.92 30
German 79.20 58 81.65 47 80. 00 47 77.87 27 84.97 21 81. 80 3 81.87 37 81. 40 23
QSAR 87.01 57 88.53 43 87. 82 48  86.73 34 91.94 14 89.51 2 87.35 29 88. 36 23
Diabetic-r 71.25 56 75.22 46 72.78 47 69. 65 31 77.94 22 76.49 4 75.36 33 75.61 31
CMC 56.16 55 58.54 46 56.92 46 54. 87 20 62.71 19 60. 86 7 57.03 77 59.77 28
Yeast 63.83 57 66. 86 48 65. 24 48 63.18 24 69. 48 29 66.67 13 65.57 76 66. 96 55
Wineq-r 73.04 57 75.38 49 74.16 52 72.35 28 77.10 23 74.79 6 73.81 67 75. 94 34
Car 98.81 56 99.25 47 99. 10 49 98. 44 16 99. 77 15 99. 09 8 98.40 48 99. 44 36
Segment 98.13 57 98.40 49 98. 40 45 98.09 23 99. 24 12 98.71 3 97.84 27 99. 38 12
Abalone 57.54 56 59.98 47 58.68 48  56.09 30 62. 89 25 61.10 6 59.53 82 61.59 51
Spambase 96.86 57 97.13 47 96. 96 47 96.51 10 97.45 22 96. 87 7 96.55 54 96. 87 40
Wineq-w 72.34 56 74.22 48 73.18 47 71.47 20 75.48 29 73.99 8 73.20 74 73.69 50
Landsat 91.57 56  92.60 48 92.02 48 91.22 21 92.87 33 91. 88 9 91.16 71 91. 38 56
Win/Tie/Loss 0/1/34 0/1/34 0/0/35 0/1/34 3/3/29 0/3/32 0/1/34 1/6/28
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*8 EHMAEEERBEMERME T EX L2 (E5H5LHJZMAE 100)

B 4E RE n COMP n MDM n EP-FP n DFTwo n AccRein n MDEP n
Iris 95. 20 4 98.02 7 98. 56 12 95. 86 58 98. 20 4 98. 20 4 97.68 30
Hayes 98. 60 11 96. 36 16 99. 60 11 95. 05 52 99.19 11 99. 60 15 99.43 30
Wine 100. 00 3 100. 00 3 100. 00 10 99.09 58 100. 00 2 100. 00 2 99. 09 30
Seeds 99.62 8 98.59 11 100. 00 10 97. 44 57 100. 00 10 100. 00 10 99.44 30
Heart 93.13 13 91. 84 17 92. 64 15 89. 76 69 92. 24 25 92. 24 25 94. 66 30
Cleveland 65.48 13 62. 34 11 60. 36 12 59.70 52 65.09 8 65.09 8§ 68.25 30
Haberman 80. 35 14 78. 25 7 77.81 18 75.84 54 77.23 10 77.23 11 80.96 30
Column 93. 06 14 95. 06 13 94. 81 11 91.23 59 93.73 25 93.73 25 97.97 30
Ecoli 87. 44 11 87.14 17 87.30 15 85.40 58 88.10 27 88.10 26 88.08 30
Bupa 83.65 17 80. 23 15 80. 08 14 75.63 56 76.05 20 76.74 14 83.46 30
Ionosphere 99. 62 10 99.71 11 100. 00 10 95.90 57 99.62 11 99.62 11 100.00 30
Dermatology 100. 00 2 99.91 1 100. 00 10 97.50 57 100. 00 2 100. 00 2 99.41 30
Wholesale 93.77 12 93.94 14 93.71 11 90. 53 58 93. 86 9 93. 86 9 93.45 30
Forest 84.71 17 87.56 19 87.11 11 85. 90 95 85.33 24 85.33 24 89.95 30
Wdbc 100. 00 10 99. 94 19 100. 00 10 97.95 55 100. 00 16 100. 00 16 97.95 30
1ILP 86. 29 16 82.11 19 83.08 14 81.47 58 86. 65 16 86. 60 16 86.18 30
Balance 88.08 19 87.89 21 87.04 17 85. 20 58 86. 81 46 86. 87 50  86.04 30
Australian 75.50 18 73.09 17 73.04 15 73.65 50 76.50 33 76.16 28 77.05 30
BCW 97.71 10 99. 38 16 99. 90 11 98. 52 48 100. 00 13 100. 00 13 98.52 30
Blood 77. 64 13 74.53 15 74.31 16 74,04 58 75.69 26 75.69 26 76.00 30
Diabetes 82.76 13 80. 65 18 80. 56 14 79.10 57 83.61 32 83.57 28 82.80 30
Vehicle 83.96 17 82.01 15 82.33 17 78.37 59 80. 25 21 80. 25 21 83.09 30
Tic-tac-toe 98. 58 22 98. 09 29 98.72 17 96. 98 58 98. 68 50 98. 65 45 98.81 30
German 82.17 19 81.57 13 81.37 15 80.13 5 82.50 36 83.00 36 83.90 30
QSAR 90. 41 15 89. 23 12 89. 26 15 86. 96 59 90. 17 17 91.02 17 90.83 30
Diabetic-r 76. 86 16 73.62 16 73.54 17 73.80 60 76.43 22 76.58 27 77.28 30
CMC 59.67 16 58.01 14 58. 46 15 55.38 51 60. 23 19 60. 20 17 61.68 30
Yeast 66. 94 20 65. 36 24 65. 14 25 64. 23 52 68. 10 41 68. 74 38  67.46 30
Wineq-r 74. 21 23 74.58 23 73.40 24 71.15 59 75.48 29 75.48 27 73.94 30
Car 97.75 16 99. 65 16 99.52 13 98.15 59 98. 94 35 98.94 35 98.15 30
Segment 97.31 13 98.76 15 98.71 11 97.58 58 98.91 22 98.91 23 97.53 30
Abalone 60.78 25 59.03 15 58. 66 16 54.69 56 61.62 41 61.68 44 61.23 30
Spambase 93.55 16 96. 74 18 96. 84 14 96. 14 59 96. 65 42 96. 65 42 96. 10 30
Wineq-w 72.61 32 72.69 22 72.37 28 70.57 57 74.55 58 73.46 54 74.33 30
Landsat 90. 30 25 92. 20 29 92.01 23 91.07 59 92.58 66 91. 94 63 92.02 30
Win/ Tie/ Loss 0/3/32 0/1/34 0/5/30 0/0/35 0/5/30 0/5/30 1/1/33

F9 FHMAFREERBEMERME ST 55 (E 5 EF|HRE 200)

IEEES IBGSOMEP #n Bagging n Kappa n AGOB n POBE n DREP n D-D n
Iris 99.19 12 95.95 200 95. 50 40 98. 56 24 96. 04 24 96.40 100 96.04 199
Hayes 100. 00 14 80. 00 200 98.79 40 97.58 40 98. 18 43 90.91 100  81.01 199
Wine 100. 00 12 98. 86 200 100. 00 40 100. 00 23 100.00 55 100.00 100 99.09 199
Seeds 100. 00 14 97. 88 200 100. 00 40 98. 21 24 100.00 44 98.21 100 97.82 199
Heart 98. 11 11 88. 96 200 90. 65 40 92. 64 28 93.43 40 92.24 100 88.86 199
Cleveland 72.52 10 51.62 200 55. 32 40 62.07 23 58.11 43 56.49 100 51.71 199
Haberman 85.13 13 71. 84 200 72.19 40 78. 60 21 75.61 60 76. 84 100 71.84 199
Column 99. 39 14 88. 14 200 94. 37 40 96. 45 24 93.94 42 93.25 100 88.14 199
Ecoli 91.19 12 84. 37 200 85.08 40 87. 46 33 87. 30 40 86. 90 100  84.76 199
Bupa 88. 60 14 68.76 200 75.19 40 82.17 24 80.93 43 76.51 100  69.53 199
Tonosphere 100. 00 13 95. 81 200 99. 90 40 99. 90 21 100.00 40 97.43 100 95.62 199
Dermatology 100. 00 11 97.22 200 100. 00 40 99. 63 45 100. 00 41 98.70 100 97.22 199
Wholesale 96. 67 13 90. 30 200 93.03 40 94. 32 27 94.55 42 92.73 100 90.53 199
Forest 91. 62 13 81. 90 200 85.33 40 87.43 23 86. 22 41 84. 25 100 81.46 199
Wdbc 100. 00 14 97.81 200 100. 00 40 100. 00 32 100.00 45 99.42 100 98.25 199
ILP 91. 85 13 76.52 200 82.56 40 83. 30 27 85.58 42 81.14 100 76.13 199
Balance 92.27 14 84. 00 200 87.20 40 89. 23 35 88. 00 43 87. 41 100 84.00 199
Australian 82.22 13 67.92 200 69.08 40 74.98 24 74,44 41 71.21 100 67.54 199
BCW 100. 00 13 98.52 200 100. 00 40 99. 38 32 99. 90 11 98.62 100 98.57 199
Blood 79.20 13 72.33 200 72.49 40 75.29 28 75.33 42 74.62 100  71.96 199
Diabetes 87.23 13 75.93 200 78.74 40 81.39 29 82.34 42 80.48 100 76.02 199
Vehicle 89.70 15 76.27 200 81.07 40 83.75 25 83.23 42 81.18 100 76.13 199
Tic-tac-toe 100. 00 16 96. 88 200 99.79 40 98.78 44 99.79 44 98. 65 100 97.08 199
German 88.17 14 75.77 200 79. 10 40 82.40 28 83.13 42 79.97 100  76.20 199
QSAR 93. 14 13 85.02 200 88. 85 40 90. 08 27 89. 38 41 87.68 100 85.37 199
Diabetic-r 81. 48 14 67.45 200 70.99 40 75.04 25 75.51 41 72.61 100 67.62 199
CMC 64. 36 13 52.95 200 54. 28 40 59.07 27 57.74 42 56.84 100 52.86 199
Yeast 71.33 14 61.78 200 63.69 40 67.25 29 65.70 42 65.38 100 61.58 199
Wineq-r 78.92 15 70.77 200 72.75 40 75.35 25 74.98 43 74.42 100 70.96 199
Car 100. 00 13 98. 17 200 99.73 40 99.79 29 99. 65 46 99.13 100 98.17 199
Segment 99. 84 13 97.73 200 98. 87 40 99. 16 25 98.73 42 98.24 100 97.78 199
Abalone 64.53 14 54.48 200 55.09 40 60. 37 31 60. 49 42 58.76 100 54.29 199
Spambase 97.99 13 96. 26 200 97.00 40 97.19 33 97. 20 40 96.97 100 96.36 199
Wineq-w 76.98 16 71.02 200 72.39 40 74.16 39 74.04 43 73.59 100 70.90 199
Landsat 93.67 15 90. 96 200 92. 33 40 92.55 39 92.74 43 92.16 100 90.99 199
Win/ Tie/ Loss 24/7/4 0/0/35 0/5/30 0/2/33 0/5/30 0/1/34 0/0/35
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F 10 S5HMAEESESREEMERNETEX L5 # (B 5 K58 N 2000

R 4E DF-D n GASEN »n GSOSEN =2 MOAG n RRE n DivP n SCG-P n SDAcc n
Tris 97. 30 84 97.30 103 97.12 100 97.30 9 99. 10 21 97. 84 3 96.94 25 99. 46 14
Hayes 96.16 105 94.55 95  95.96 95  90.71 23 99. 80 26 99. 60 8 89.90 23 100.00 10
Wine 100.00 113 100.00 101 100.00 98 99.70 21 100. 00 21 100.00 5 100.00 27 100. 00 20
Seeds 99.74 110 98.72 82 98.33 101 98.59 35 100. 00 21 100. 00 2 98.08 61 100.00 37
Heart 91.34 110 91.49 98 91. 64 100 90.05 26 95.12 22 92. 34 6 91. 45 62 94,43 26
Cleveland 56.76 106 58.78 96  57.84 66 57.66 30 69. 10 21 64. 95 12 63.79 67 65.82 5
Haberman 72.72 128 76.49 72 76.49 97  75.18 36 82. 11 24 79.56 7 77.82 29 77.28 8
Column 92.55 109 93.38 96  92.99 98 90.13 46 97.58 22 95.41 6 92.65 72 96. 02 26
Ecoli 86.90 106 86.90 102  86.90 94  86.11 34 90. 08 21 88.17 11 85.71 74 88. 65 33
Bupa 76.05 107 76.40 98  75.23 93 73.64 47 86. 36 25 81.16 17 76.25 70 76.51 29
Ionosphere 97.24 106 96.86 101  97.43 91 96.86 32 99. 81 25 98. 86 3 96.86 6 100.00 7
Dermatology 99.72 105 99.54 87  97.96 76 98.43 26 100. 00 22 100. 00 3 97.50 31 100.00 21
Wholesale 92.65 108 92.73 95  93.07 72 91.89 36 95.61 22 94.70 5  93.74 17 94. 24 12
Forest 84.00 107 84.70 90  84.70 97  83.30 38 89.71 24 87. 24 7 83.24 25 85.90 17
Wdbce 99.47 113  99.54 84  99.42 92 99.06 17 100. 00 21 99. 94 5 99.06 17 100.00 12
1LP 80.97 108 82.14 95  81.62 81  79.49 42 88.77 25 86. 27 11 84.03 35 85. 82 22
Balance 86.72 108 87.76 103  87.04 97  85.07 34 90. 45 25 88. 96 22 86.32 39 87.09 74
Australian 70.43 107 72.61 97  71.23 89  69.42 49 81.45 22 77.10 12 72.81 44 76.61 23
BCW 98.86 111 98.57 100 98. 86 71 98. 67 39 99. 90 21 100.00 4 98.76 5 100.00 8
Blood 74.13 108 74.58 97  74.93 76 73.51 26 78.62 26 76.89 5  77.73 41 74.39 12
Diabetes 79.61 107 81.04 97 80.26 97  77.66 46 85.41 26 83.33 15 81.92 54 81. 65 32
Vehicle 79.84 106  80.24 88  81.74 75 79.13 55 87.57 30 84.02 15 82.67 81 86.61 35
Tic-tac-toe 99.24 108 99.64 96  99.27 97  98.06 36 99. 69 24 99.41 34 99.30 61 100.00 26
German 80.13 109 80.85 92 79.60 94  77.87 60 86. 63 34 84.43 20 81.57 37 81.50 30
QSAR 87.17 108 88.01 98  87.39 89  86.41 47 92.32 25 89.79 11 87.41 39 87.99 35
Diabetic-r 71.88 109 73.43 97  71.70 93  69.62 54 80. 23 32 77.36 20 75.43 62 75.68 48
CMC 56.20 108 57.29 95  56.24 93 54.82 67 64. 60 24 61.60 13 58.65 82 59. 81 17
Yeast 64.01 108 65.64 97  64.80 97  62.84 62 71.45 32 68. 40 20 65.98 88 66.48 62
Wineq-r 73.56 107 75.09 96  74.19 95 72.71 54 78.73 32 76.25 34 73.56 72 76.15 45
Car 98.77 111 99.13 96  98.99 90  98.61 32 99.77 26 99. 23 11 98.34 86 99. 87 55
Segment 98.20 109 98.33 94 98. 33 98  97.98 52 99.53 24 98.78 12 97.91 77 99. 84 22
Abalone 58.41 109 59.78 94  57.92 89 55.98 59 64. 69 40 62. 54 27 56.12 86 61.73 55
Spambase 96.86 109 97.02 99 97.02 95 96. 62 30 97.77 28 97.01 24 96. 68 73 96. 93 56
Wineq-w 72.97 109  73.94 94  73.16 96  71.95 32 77.05 49 75.02 33 73.35 96 74.46 72
Landsat 91.91 110 92.44 99  92.07 100 91.45 58 92.82 30 92.55 35 91.35 94 91. 81 81
Win/Tie/Loss 0/1/34 0/1/34 0/1/34 0/0/35 4/4/27 0/4/31 0/1/34 0/7/28

F 11 S5EHMAEEEREEMERMESEIT L 54 (B4 K8 ME 2000

BARE RE n COMP n MDM n EP-FP n DFTwo n AccRein n MDEP n
Iris 96. 46 14 98. 56 10 99. 10 21 96. 22 78 99. 10 11 99. 10 11 97.22 30
Hayes 99. 39 20 97.37 26 100. 00 20 95.62 66 100. 00 9 100. 00 9 99.20 30
Wine 100. 00 1 100.00 1 100. 00 20 99. 39 94 100. 00 2 100. 00 2 99.39 30
Seeds 99. 87 9 99. 23 9 100. 00 20 97.82 86 100. 00 5 100. 00 5 99.82 30
Heart 93.23 23 92. 84 28 93.83 24 89. 15 97 95.23 33 95.03 31 94. 96 30
Cleveland 65.74 20 62.16 12 62. 34 23 59. 34 93 66. 45 13 66. 54 14 67.98 30
Haberman 80.72 21 78. 60 10 79. 30 21 75.28 74 77.28 8 77.28 8§ 81.05 30
Column 93.92 21 96.02 25 96. 36 24 91.92 98 93.77 15 93.77 15 97.74 30
Ecoli 86.92 20 87.54 37 87.54 21 85.32 98 88.73 48 88.73 47 87.16 30
Bupa 83.05 20 81.40 24 82. 40 23 77.70 92 75.66 32 76. 81 33 83.99 30
Tonosphere 99.71 20 100. 00 24 100. 00 20 95.71 97 99.71 9 99.71 9 100.00 30
Dermatology 100. 00 1 100.00 1 100. 00 20 97.22 93 100. 00 2 100. 00 2 99.22 30
Wholesale 93.91 20 94. 24 27 94.70 20 90.61 95 94. 09 15 94.09 15 93.61 30
Forest 84. 90 20 87.62 24 87. 81 23 87.16 96 85.97 26 86.03 26 89.16 30
Wdbce 100. 00 20 100. 00 24 100. 00 20 98. 36 86 100. 00 19 100. 00 19  98.19 30
1LP 87.00 24 83.82 28 84. 84 23 81.52 96 83.28 22 85.62 33 86.52 30
Balance 88.61 29 89. 81 32 89. 23 28 85. 27 97 86.67 96 86. 56 98 87.11 30
Australian 75.34 23 75.17 21 75.41 25 73.89 30 75.74 32 75.69 30 77.97 30
BCW 97.67 17 99.52 31 99. 95 20 98.57 92 100. 00 10 100. 00 10 98.57 30
Blood 76.98 24 75. 38 27 75.42 27 74.22 96 74.13 36 74.53 36 76.22 30
Diabetes 82. 84 24 81.73 36 81.99 27 79.41 97 81. 65 31 81. 65 30 82.15 30
Vehicle 83.01 24 83.98 27 83. 87 27 79.13 97 86. 29 41 86. 25 41 83.06 30
Tic-tac-toe 97.83 21 98. 82 40 99.79 25 97.08 95 99.13 93 99.13 93  98.98 30
German 82.47 29 81. 87 32 83.00 23 80. 13 96 81. 60 32 81. 60 32 83.87 30
QSAR 90. 29 24 90. 05 25 89. 86 23 87.02 95 87.58 38 87.58 38 90. 02 30
Diabetic-r 76.09 27 75.48 29 76.12 28 73.14 58 76. 30 21 76. 39 26 77.39 30
CMC 60. 18 25 59.73 24 59.75 25 56. 33 61 60. 56 18 60. 61 18  61.88 30
Yeast 66.17 31 66. 85 28 67.25 32 64. 30 51 64. 39 52 66.48 48 67.44 30
Wineq-r 74. 88 28 75.50 28 75.48 32 71.40 73 76.10 50 76.13 62  74.96 30
Car 97.83 23 99.77 33 99. 67 20 98.21 98 99. 21 52 99. 21 52 98.21 30
Segment 97.49 23 99. 18 23 98.93 20 97.76 95 99.18 26 99.18 26 97.76 30
Abalone 60.55 35 60. 69 31 60.51 25 54,48 99 60. 22 55 60. 22 58  60.37 30
Spambase 93.71 24 97.23 35 97. 14 20 96. 30 98 96.91 57 96.91 57 96.28 30
Wineq-w 72.83 40 73.88 37 74.01 32 70.71 95 73.89 101 73.82 82  74.59 30
Landsat 90.79 32 92.42 41 92. 33 31 91.16 98 91.67 112 91. 65 113 93.08 30
Win/Tie/Loss 0/3/32 0/4/31 0/6/29 0/0/35 0/6/29 0/6/29 0/1/34
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As we know, diversity among base classifiers is very

Natural

important to a successful ensemble. A collection of base
classifiers which perform badly in an ensemble can lead to the
decrease of the ensemble performance in classification. In
addition, as the increasing of the size of data sets, an ensemble
composed of massive classifiers incurs the increase in memory
space and computational cost, which motivates the appearance
of ensemble pruning. Ensemble pruning is an NP-complete
problem. To address this issue, margin distance minimization
performs well when it comes to measuring the diversity of
classifiers and pre-pruning the classifiers with worse
performance and less diversity, which can downsize the
classifiers in a constructed initial pool, and significantly
reduce the computational complexity of ensemble pruning.
The final ensemble extracted from the retaining classifiers

after pre-pruning is efficiently achieved using a heuristic

algorithm.
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Considering that Glowworm Swarm Optimization (GSO)
is a heuristic algorithm with many good advantages, such as
less parameters, easy implementation, strong robustness.
GSO can be used as a strategy to search for the optimal
sub-ensemble extracted from the retaining classifiers after
pre-pruning. To make GSO search for the optimal solution in
a binary space, the Improved Binary Glowworm Swarm
Optimization (IBGSO) is proposed by improving the moving
way of glowworms and the searching processes. The proposed
IBGSO is employed to further prune the retaining classifiers
after pre-pruning, and the final ensemble is achieved.

Based on the above analysis, Improved Binary Glowworm
Swarm Optimization combined with Margin distance minimi-
zation for Ensemble Pruning (IBGSOMEP) is proposed using
the combination of IBGSO and MDM. Experimental results
on 35 UCI datasets demonstrate that the proposed approach
obviously outperforms other state-of-the-art ensemble pruning
approaches with less number of base classifiers.

The key contributions of this work are described as
follows: (1) A novel approach for ensemble pruning is proposed
using the combination of IBGSO and MDM. (2) We find that
MDM can do well with respect to pre-pruning the classifiers
(3) The

proposed IBGSO can achieve a good result when it comes to

with less diversity and worse predictive ability.

searching in a binary solution space. (4) Experiments on 35
UCI datasets demonstrate the effectiveness and efficiency of
the proposed IBGSOMEP. (5) It provides a novel research

idea for ensemble pruning.





