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Cost-sensitive Ensemble Learning Algorithm for Multi-label

Classification Problems

FU Zhong-Liang®

Abstract Although a multi-label classification problem can be converted into a multi-class classification problem to solve,
it is difficult that a multi-label cost-sensitive classification problem is converted into a multi-class cost-sensitive classification
problem. A cost-sensitive ensemble learning algorithm for multi-label classification problems is proposed based on the
analysis on the problems encountered when the multi-class cost-sensitive learning algorithm being extended to multi-label
cost-sensitive learning algorithms. The average misclassification cost of the algorithm is composed of fall-out cost and the
omission cost. The new algorithm’s process is similar to the adaptive boosting (AdaBoost) algorithm, and the algorithm
can automatically learn some weak classifiers and combine them into a strong classifier, and the average misclassification
cost of the strong classifier will decrease as the weak classifiers gradually increase. The distinction between the cost-
sensitive ensemble learning algorithm for multi-label classification problems and the cost-sensitive AdaBoost algorithm
for multi-class classification problems is analyzed in detail, including the basis of output label and the meaning of the
misclassification cost. Unlike general multi-class cost-sensitive classification problems, the misclassification cost of the
multi-label cost-sensitive classification problems are subject to certain restrictions, and the specific restrictions are given.
A multi-label AdaBoost algorithm and a multi-class cost-sensitive AdaBoost algorithm can be obtained by simplifying
the proposed algorithm. Theoretical analysis and experimental results show that the proposed multi-label cost-sensitive
classification ensemble learning algorithm is effective, and that the algorithm can minimize the average misclassification
cost. In particular, when the difference of costs of the classes is large, the proposed algorithm can get better results than
the existing multi-class cost-sensitive AdaBoost algorithms.
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K e LSS R PR PSS Y
Emotions 593 72 6 1.869 0.311
Scene 2407 294 6 1.074 0.179
Yeast 2417 103 14 4.237 0.303
Wine 178 14 3 1 0.333
Tonosphere 351 34 2 1 0.5

5975 F A BT AN JE MR ke, BIEE T REACH)
B PR, 590 KA R 4 BL) o), 3 B
BIE R &AM RARZE BRI, e K5 %8
-3, s /AME S BRI VA EZ 5590
Rav it £, HIIACAEACE LR (E, =,
BAREO ut = (1/S0 wif + 25, w17 JUs, U
Al FH—ACE L BT BRI
B R AR /N 1T 28 AP AR K, 3 In A 3 ik
WA vy LA 73 S8 i ) e B 0 O RE A SR . S 4%
W73 Lu il BEALRI 2> B a3 I RS AN IR AR, 5593
KRBT =20, TH 10 &, Gir- PN BE
5 SEIGIER AL 2 (3348 it (10) 4Hh).
3.2 KWHER5NH

1) Cost-MLPBoost 47 2146 ik A5 73 A0
3P SO FATT

FREHIPAEIL, co(l) = co, e1(l) = 1, co+ 1 =
L. SEER IS, Sevt 5 & S0 2o A i A7 R A U
AT BARHT BB X, 7EPIA DR IS 5] B 4 MK
YrbATses. SER A R ILE 1~6 s,

P (14) THE AT 50, Emotions FE 4 ¢ 1
AU X IR K [0.195, 0.65], %X IR ) 4 A4
I3 ARH R () S 25 R LI 1. 2 R, A A4y
AR T X B 0 AR BB 59 73 1S i 0 1 o i 32 7 e
iX, T =20 Bt T = 1 BRI R T4
18 %, RWIHIFIEH M. co FITREIXIR [0, 0.195)]
H1[0.65, 1] N 4 A7 ARH RN IR S50 45 5 LI 2,
GERRY], HIROA R, WA 59 KA N, A
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3 IAR T B8 o A I F AT W] A

0.15

TR AU

0.09
550 JEAAN L
1 ETHRME co £ Emotions i EBIFEHAH

Fig.1 Average of cost in Emotions on valid ¢
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AL LA
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2

0.06T o * -
0.04F
5585850589565 5a5a 5
0.02 t : :
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5557

2 FETFIRH co 7F Emotions ¥l FHISE M

Fig.2 Average of cost in Emotions on invalid co

R AR I JE B8R 3 T LLEAT 40 R 23 B

W7 co = 0.05 500, 1 H(z) = L WK%
i 4.13 MR, HOPRE AR N 4.13 X 0.05/6
= 0.0344, & 2 BRI 4G o BT R
A UL T A, K2 ) P Ae 4y R Bl T
H(x) = L, HiER¥. 91 co = 0.7 1M, Ik
i, ¢, = 0.3, H(z) = 0 W14 2R M A
1.87%x0.3/6 = 0.093, K 2 ' ¢y = 0.7 FILL &5
R(T =1) BUH 0.094, 3R] Pt /3 RS
T H(x) = 0, 5k FH, ¢ = 0.8 B¥ 152
H(z) = 0; ¢co = 0.1 i, ¥433) H(x) = L, HILHS
B R

Scene HHE 1) co AR X [0.168, 0.52],
ZIX IR 4 ARSI AR XS B S50 25 LK 3. &5
R, 55 KAV R AR BEAE 59 7 K 4%
(AN T ET AR, T = 20 b T = 1 KP4 MR

P NEET 2940 %, SLEA 4 WERT 4 DI
{H T TR 7 AU DI SE B 45 2R, SRR WISk

0.12

LS

9557 KA
K3 FETHMM co 48 Scene Hidls L H-F A

Fig.3 Average of cost in Scene on valid co
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EE A
K4 BETIERUIN co 1 Scene i L ~FE4CH

Fig.4 Average of cost in Scene on invalid co

Yeast FHa1H co A RIE X R [0.093, 0.8],
5 MK 6 73l o 4 TR A A 4 AL
B AR R IV (1) S B 5 L, 25 RF R R W T R AR
M BUAE T 28X I S EAT 28, 17 W SE R R AL

2) Cost-MLPBoost ) ] 525 AH 5 1 46 ik F
BT 0 R BUR I 2 4545 AdaBoost 5%
(AdaBoost-based cost-sensitive binary tag classi-
fier, AdaBoost-CSML)27 (¥ b4,

Cost-MLPBoost 541 & 10 £ #x % AdaBoost
5% (Multi-label AdaBoost based on combining
multiple binary AdaBoost, Com-AdaBoost) (3T
K AN — 4328 AdaBoost 575 KEUG IE4 H 45
R) AL AR WK 2 (o = 0.5), o & W
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Fig.5 Average of cost in Yeast on valid co Fig.6 Average of cost in Yeast on invalid co
# 2 Cost-MLPBoost 5 Com-AdaBoost {52545 R LL A
Table 2 Comparison of Cost-MLPBoost with Com-AdaBoost
LAG/TE S A T=1 T =10 T =20 T =30 T =40
Emotions Cost-MLPBoost 0.1477 0.1134 0.1078 0.1055 0.1054
Com-AdaBoost 0.1461 0.1300 0.1261 0.1245 0.1241
Scene Cost-MLPBoost 0.0882 0.0732 0.0584 0.0542 0.0511
Com-AdaBoost 0.0892 0.0838 0.0801 0.0746 0.0709
*£ 3 AFEMAN I Cost-MLPBoost 15 AdaBoost-CSML EL#
Table 3  Comparison of Cost-MLPBoost with AdaBoost-CSML on different cost
Kb co(1) co(2) co(3) co(4) co(5) co(6) Cost-MPLBoost AdaBoost-CSML
Emotions 0.2 0.3 0.4 0.5 0.6 0.7 0.1023 0.1140
0.7 0.6 0.5 0.4 0.3 0.2 0.0987 0.1119
Scene 0.2 0.25 0.3 0.35 0.4 0.45 0.0537 0.0744
0.45 0.4 0.35 0.3 0.25 0.2 0.0535 0.0709
%4 1t Emotions F#idlE EAETARMLH R g0 45 R
Table 4 The experimental results in Emotions data on different cost
e l 1 2 3 4 5 6 l 1 2 3 4 5 6
1 co(l) 1 6 over(l) 0.0702 0.0028 0.0506 0.0096 0.0022 0.0006
c1 (1) 1 1 1 1 1 1 less(l) 0.1517 0.2674 0.3230 0.1539 0.2708 0.3124
2 co(l) 1 2 3 4 5 6 over(l) 0.2921 0.2556 0.1522 0.0337 0.0084 0.0006
ci(l) 6 5 4 3 2 1 less(l) 0.0393 0.1191 0.1213 0.0955 0.2298 0.3140
3 co(l) 1 2 3 4 5 6 over(l) 0.3079 0.3197 0.1916 0.0635 0.0556 0.0904
ci(l) 6 6 6 6 6 6 less(l) 0.0360 0.1006 0.0815 0.0567 0.1354 0.1090
4 co(l) 1 1 1 1 1 1 over(l) 0.0652 0.1461 0.2320 0.1315 0.3219 0.2539
ci(l) 1 less(l) 0.1393 0.1579 0.0500 0.0287 0.0528 0.0208
5 co(l) 6 5 4 3 2 1 over(l) 0 0.0017 0.1101 0.0629 0.2011 0.2551
ci(l) 1 2 3 4 5 6 less(l) 0.2876 0.2865 0.1888 0.0680 0.0921 0.0157
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AR BE A AL, 45 R &), Cost-MLPBoost
U+ Com-AdaBoost, IXTE—EFEE _LIGUE T AL
LG RE T R .

iy Cost-MLPBoost 55 3CHR [27] $#2%) AdaB-
oost- CSML (1) HLA S0 45 SR W& 3. Seie h 54y
AN B BUE T4 8040 X 33k, Emotions 24 [0.195,
0.65], Scene 4 [0.168, 0.52].

R 3 Pt g 45 R &) Cost-MLPBoost
I AdaBoost-CSML.

3) Cost-MLPBoost Fid5 4 73 AU A2 4 1y A2
IR S5 53 B

AR BURR 73 288 1) — > i gl 2 o N 4%
TR 73 AR A4S 70 28 25 m) J0 B8 2 0 A} sl o 1 0 22
HIBRAE, Xt AN BBURR 3 SR SR T A0 200 R, 4% R T
8. co(l) F cr (1) AR IS 45 5L WAk 4, Horp
over (1) NRFIFRZE | HILLE, less(l) RIREIARZE |
oz

A PRE 1M co) =1, ei(1) = 1, Bl
KATATARAE AT — B, T RAAS R BR 25 B AR A
[, P hrs 6 MR Bk, T2 BIARS N
) AL AR BN FR 2 A T, BT over(6) 1% 4w /)
1M over(1l) Mizdg K. SEE 45 K5 W 2V,
over(l) B 1 3Gy gk /I, X less(6) X
1M less(1) /).

SCH 2 10 co(l) = 1, ey (1) = 7 — 1, BRFARSS
AT BE § 3G RTTE W IE K, AH SRS ARZE [ AR
BN, TR AR2E 6 X Fh s A K A
AT PDEIRREE, —E R by, SRR
LRI TiX—I%, Hrh over(l) BE 1 3801732 #i s
/I (0.2921 £ 0.0006), 1fif HAR%E 6 JLF-A KL

S 3 1 co(l) =1, er (1) = 6, BIRALAEAT b2
AT HBARS R, T2 G Rt T2 2107,
SIS 2 ARG AR TIX — IR

SEE 4 1 eo(l) = 1, (1) = 1, 555 1 M,
WRAGATAT AR A AR —FF, T AN [ AR RS A
AR, SEEG 25 RRINN less(1) Bl 1 HEINTIE H%/).

SEE 5 W eo(l) = T—1, (1) =1, HEE A “52/b
N2, KRR GWBEY G, ot over(1) = 0 &
INELERAA SRR 1, ([T RN 2, R
R FEO A KRR R, B Hos %
i less(1) = 0.2876.

IR sEIG g5 R, Cost-MLPBoost [1)2% 2] 4
T e o B — 30, RIUEVLBR 8 A IR T3 4 40
M, ik LIE T 50E 2 AR,

4) 83k 2 T b BUR 28 5 O Hbr
ZAMM R ) BE I LR,

Cost-MLPBoost A H] T~ BAREAR M UK 43 2.
Cost-MLPBoost . Cost-MCPBoost!*2 FIA P17t

W AL T+ 5 7% (Boosting with unequal initial
weights on cost-sensitive adaptation)™) f)HL# g
W RINEK 5 ~ 6.

SEEG ), Cost-MLPBoost 5 Cost-MCPBoost
ZAA] AR B e e B 50 (13) 35, 1T 55 Cost-
UBoost (Boosting with unequal initial weights on
cost-sensitive adaptation) 5% AR 4% e A AR
Hoer(l) + (1/(K = 1)) 32, co(k), BB O hr2EH
AR 5 43 B ARSI P 24 2 .

R 5 ML 6 AL I H AR Wine LS
iR, BB R ZE AN, 2R 5 A
R ZERZ 2 f5. LK R, Cost-MLPBoost 4f
T Cost-MCPBoost (X4 FEA% 20 %, S5 4 $i4h),
P # 1T Cost-UBoost (fRMTBFE T 50 %). 3% 6
(RS S AR ZE BRI (20 3~ T £i%).

Sz 25 45 1, Cost-MLPBoost 4f -+ Cost-
MCPBoost ({84 BE A T 20 % ~ 50 %), 5 # #l 4f
T Cost-UBoost. IXUiH, 245 7 A0 FH 22 58RI,
Cost-MLPBoost FH T £k 5 bs 2 A Q4 Uk 43 28 1)
A, REMUS BEAF I RCR.

T JEAE 4 R 4E Tonosphere | [ 5K
g R, S g LK W, Cost-MLPBoost 4 T
Cost-MCPBoost (VB FEARL 10 %), 1 Cost-
MCPBoost X 4f Cost-UBoost.

%5 Wine HllidE EAFM KI5LK: (A)

Table 5 The experiment in Wine on different cost (A)
I 1 2 3 Cost-MLPBoost Cost-MCPBoost Cost-UBoost

co(l) 111 0.0906 0.1132 0.1811

al) 123

co(l) 3 21 0.1113 0.1415 0.2019

aa(l) 1.2 3

co(l) 3 3 3 0.1642 0.1906 0.2981

ca(l) 1 2 3

co(l) 1 2 3 0.1132 0.1019 0.1717

e 111

# 6 Wine i FARFEACISZE (B)

Table 6 The experiment in Wine on different cost (B)
I 1 2 3 Cost-MLPBoost Cost-MCPBoost Cost-UBoost

c(l) 1 4 7 0.1094 0.2415 0.3925
a1 1 1

ol 1 4 7 0.1774 0.2604 0.4226
ca(l) 3 2 1

o 1 1 1 0.0925 0.1623 0.1689
al)15 2 25

() 1 1 1 0.0994 0.1497 0.1610
er(l) 1.31.6 2
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Table 7 The experiment in Ionosphere on different cost
l 1 2 Cost-MLPBoost Cost-MCPBoost Cost-UBoost

co(l) 1 1 0.2476 0.2733 0.3133

a(l) 1 1

co(l) 1 1 0.4486 0.4848 0.5610

a(l) 5 1

c(l) 1 1 0.6038 0.6990 0.7905

c(l) 15 1

o) 1 1 0.8210 0.9171 0.9943

ei() 20 1

co(l) 1 1 0.3162 0.3352 0.4629

al) 1 5

co(l) 1 1 0.3886 0.4133 0.5619

a(l) 1 15

4 Hig

TETAT 2 7 AN R AdaBoost FyE3E L,
FEH T — R IR o A B MK B 2 AR A B
SO RAE A S . IR AR R T R R AR
BEARM TR A AR ARy 2 F1, STV R RT3 85
AR BE A 5973 S 25 138 0 1h 32 97 BRI, 78— e FR 1
R T 2 AR U R S . i T 2
FrZAC UK S A - AR BRI, i T
FET bR 25 B A 0 o AR XS B A 5L il
P45 Hamming loss /MBI £ Fr2E 7028
22 )R 2 4y AR U S Bk SER I UE T
P& R I A AL R 23 AU BRI 4% A ) L A 12
R AR A ZE BRI, AR SCRVE ] T 2 28K
P BB 4y 2 ) N, S HUAS B Cost-MCPBoost #ll
Cost-UBoost B I IR
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