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SUCE: semi-supervised binary classification based on clustering ensemble

MIN Fan, WANG Hongjie, LIU Fulun, WANG Xuan
(School of Computer Science, Southwest Petroleum University, Chengdu 610500, China)

Abstract: Semi-supervised learning and ensemble learning are important methods in the field of machine learning.

Semi-supervised learning utilize unlabeled samples, while ensemble learning combines multiple weak learners to im-

prove classification accuracy. This paper proposes a new method called Semi-sUpervised classification through Cluster-

ing and Ensemble learning (SUCE) for symbolic data. Under different parameter settings, a number of weak learners are

generated using multiple clustering algorithms. Using existing class label information the weak learners are evaluated

and selected. The test sets are pre-classified by weak learners ensemble. The samples with high confidence are moved to

the training set, and the other samples are classified through the extended training set by using the basic algorithms such
as ID3, Nave Bayes, kNN, C4.5, OneR, Logistic and so on. The experimental on the UCI datasets results show that

SUCE can steadily improve the accuracy of most of the basic algorithms when there are fewer training samples.
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Fig.1 The diagram of clustering ensemble

LR 2 T, ) AR 2 A 22 SR R &
SO A G 0 S R R 22— R AR
25 BUNESIUE £a8 8= S5 ErIea b 20 BN
g5 R, AR 1Y J7 T e e gHie AR W 45 44, A R T
LR AT H, k-Means?!' . EMPY | Farthest-
First”"# HierarchicalClusterer'”'4 /> 58 24 8 b $4F
R R W Fe Rl 2R 2 Bk, OF R IRE TR X
BB SE, k-Means J7 P {5 518 17 3 JF #¢
P, A T ) 46 S B0 B AR RBE RAEAN
FaE M, IF HASBEA SR X R M R o3 A E a2
XK. EM ATFEF R E RN H, iHE SRR
B ER, (HAER A X 2 2%, WS g AN iE TR
HIE AR 5 B £ RN = 4E 50l . HierarchicalClusterer %
AATAT H 5 &L, 575 IF 5 A ] 05, o )R B
PEAE R 2 JR B AR, RIS 45 A T WA .
FarthestFirst 7£ 3% 3 72 rh i /0 o RIS FEA BRI 2k
WL BARGRIR RS RO . BEESA
e, i H B S AT 5 PR 5 220 B AT AT 4R
AR S E A PR R A SC A 44 1) AU AR
P 42 ), BT DAAE RS, AR A
PR A B, RS g, AR SOH IR KRR
R R E N 2.

RAEBRM EZIFMM IR A JC REL.FM 8
% DB $5 80 DI $58055 . A SCil i 2K T ik F
AR, ff ] U, i JRESS 4l B0 R 45 R
T vPAh o H R U, RS ol B i U] I SR 2
S

EX 2 RILFE (purity of cluster, PC)

WHIRLE U=U,0U,, X FEBRE=IH
CeCHY R L4 Re(U) =[¢(U) tU], KW, =
[£0er) 106) -+ 1 (xp)], FHA(U)=[d(x) d(x,) -+ d(x0,)]
N xe U, W H LR



2|

+ 976 » O R

S 1 513 4

2K 20 8% CXFT U, SRR AEE ] KR

1U,|

PC(U,)= |§]auu)du» @)
K
ran={ ®
Tihb, BRI A I AFAE — A W il e 1Y)
[P AR 2 5 L SR 28 R T
EX 3 (FRZEXnD) &R 7T 4
CeC, A4 U LRIELE PCU,), 14
HxeU PHEANRERE . ARE XK AL
AU) Al 7E SR
normal(U,), PC(U,) >80
A(U,):{ covert(U,), PC(U,)<1-6 4
reset(U,), 1-0<PC(U,) <6
K

normal (U)) = [0 (d’ (x)) t(x)) -+ o (d (xw,) t(xwy))],
convert(U,) = [o(d' (x)) 1 —1(x)) -+ o (d (x0,) 1 —1(x05y))],

reset(U,)) = -1y, Hxi € U,,i =1,2,--- ,|U |0

ARSCH 1(x) F d'(x) 53 B RARHEAR x e U, 195
REREFMBMARL . 0 & H P& E R BE, X4
PC(U)>0 I}, RN R 7R BREIEHR 2 5 A AR A DL 1L,
¥ 95 H normal(U,) PREL, I HLIE IR EARZAE R
M ARZE 5 24 PC(U,)>0 I}, B RR AR 5K
PR AR 2, B8 covert(U,) pREL, 2R 28 HR 25 HL
G AE R bR %S s 24 PC(U) v T 1-0 Fil o Z
], BIA A SRR LSRN & 48 FA & mu, i+ H
reset(U,) BR%L, -1 7R x e U, BTN AR

Bl1 XU, =(x,%,x), U={y.y.}, AU =U,UU,
Hdw,=[101},6=09,

1) W3k «(U)=[1 01 10], PC(U,)=1>6, fif L)
d’ (U,) =normal (U,) =[10];

2) A «(U)=[0 1 0 0 1], PC(U,)=0<1-6, i A
d’ (U,) = convert(U,) =[10];

3) AR (U)=[00001], 1
Lhd' (U) =reset(U) =[-1 — 1]

RE¥ I BREGCHAHEA xe U tridCID
REFRE, AR E X (2) FlE X (3) 153 |c|4 i
MAREE

EX 4
R EINAR % d (x), Hd/ (x)€1{0,1},
h(x) I{E R

-O<PC(U,)=0<1-0, fif

(—3E) BE¥ I c ecxtxe U,
B2 4 bR 2

[ IC]

R CHCR Zd (x) =1C] or Zd @=0

-1, ,J&

B2 RAHSH 1 HMHEER U F U, H|C=3,

# C, T FRZd) (U) =[10], & C, I T bR 2
d,/(U)=[11], 4 C, By Fidldy (U) =[10],
XTU {yi,2} E/Jén%j‘?

lﬁde =1Cl =3, FTLL h(r)=1;

j"JZd;(YZ) =2, L h(y)=—T1.

2 HEkit g aar

AT A R R BARRESR, SR e TR
NS R, 5 ATk A
21 BEREFRR

FE T Y 2 W B 4 2 O 1 32 S e A A
2 S P TR IC AR A B bR T 5 R R ek A AR R e Y
Aot SR, B Er e A A A F > B
WA 27 2] Jy T W T B s D, FERAET
TG 2P MB35 T AR ICHE AR R IIE O,
SRR 58 W B LA 2T AR B i 28 K i An oA A
PEAT YNGR, #F % Bk ] 81, SUCE 45 & B4
W WE S, FC AR DGR T, A
B R A AR RS B

g 2 fron, 5T RIS Ly 2 W o2 it
B LA B, e R,
B A AT S BIREA C B2 RRZE T ok 5 15
Y ROALMPREALES (4B T A+C), “4i
NI RBRIEZENES B T BY. &2 A
UH, X T RIFHE S (4+C) I 73 K8, 58
BRI A 2B IREA B

ﬁf — :
IES R ESGH EERET) Ehﬂiaﬁ@w
Bima )| FdEB M%A;

2 ETFREERNFEESETEE
Fig.2 The diagram of semi-supervised classification based
on clustering ensemble
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Table 2 Comparing the classification accuracy of SUCE and basic algorithms

Bk FVE/HER Sonar Wdbce Ionosphere Voting Win
Initial 0.634 75+0.014 27 0.878 89+0.001 73 0.748 81+0.006 82 0.878 59+£0.00506 0
D3 SUCE-ID3 0.759 38+0.006 60 0.926 42+0.000 02 0.821 84+0.002 64 0.871 36+0.003 01 3
Initial 0.612 56+0.018 41 0.863 160014 00 0.750 89+0.011 18 0.904 19+0.006 78 1
42 SUCE-C4.5 0.752 13+0.006 91 0.915 45+0.000 01 0.819 90+0.002 32 0.869 92+0.003 58 3
Initial 0.771 82+0.005 96 0.949 54:0.000 03 0.884 13+0.002 26 0.893 18+0.001 38 1

Naive Bayes

SUCE-Bayes 0.783 88+0.005 93 0.942 69+0.000 02 0.875 40+0.001 82 0.865 02+0.000 74 1
Initial 0.686 25+0.010 37 0.929 89:+0.000 05 0.824 18+0.002 09 0.903 71+0.001 97 1
KRN SUCE-ANN 0.784 38+0.007 66 0.935 65+0.000 04 0.861 75+0.002 03 0.857 01£0.000 88 2
o Initial 0.666 52+0.009 33 0.913 16:0.000 02 0.849 11+0.001 83 0.891 15+0.002 07 1
bogistie SUCE-Logistic ~ 0.779 88+0.007 03 0.929 16:0.000 02 0.841 13+0.001 81 0.848 03+£0.001 27 2
Initial 0.627 55+0.014 24 0.877 15+0.001 24 0.758 90+0.005 50 0.905 86:0.006 47 1
Onek SUCE-OneR 0.762 13+0.006 12 0.908 96+0.000 04 0.826 74+0.002 05 0.872 32+0.004 03 3
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