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Ensemble Multi-label Classification Algorithm Based on Tree-Bayesian Network

ZHANG Zhi-dong WANG Zhi-hai LIU Hai-yang SUN Yan-ge
(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract The performance of learning algorithm can be improved by utilizing existing label dependencies in multi-label
classification. Based on the strategy of classifier chain and stacking ensemble learning, this paper built a model to explain
the dependency of different labels, and extended the linear dependency into tree dependency to deal with much more

complicated label relations. Compared with the original Stacking algorithm, the performance of the proposed algorithm is

improved in the experiments,
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BEE CENET L S S S
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Birds 0. 0533 0. 0529 0. 0529 0. 0526 0. 0529 0. 0531 0. 0538 0. 0539 0. 0539
CAL500 0.1782 0.1762 0. 1737 0.1744 0.1722 0.1718 0.1719 0.1701 0. 1697
genbase 0.0011 0, 0011 0, 0011 0.0011 0. 0011 0. 0011 0.0011 0. 0011 0.0011
Medical 0. 0104 0. 0103 0. 0104 0. 0104 0. 0104 0. 0104 0. 0104 0. 0104 0. 0104
yeast 0. 2591 0. 2620 0. 2644 0. 2677 0.2711 0. 2703 0. 2702 0. 2710 0. 2702
enron 0. 0575 0. 0573 0. 0573 0. 0574 0. 0574 0. 0574 0.0573 0. 0572 0. 0573
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ﬁ%%i * ﬁﬁﬁ}yfﬁ E/J)L_p ){_:T» %Eﬁﬁﬁ I TJ A'\J_i*ﬁ li[ﬁ}jl:&;ﬁ emotions 0. 3703 0. 3867 0 3878
ﬁ%‘ rZ, flags 0.6386 0. 6205 0. 6380
genbase 0.9794 0.9771 0.9771
%3 RIFASIRE PR medical 0. 1281 0. 1346 0.1295
. 537 0.4221 0. 4295
Table 3 Hammingloss in different datasets Z:Z; g 2252 0. 2981 0. 2201
B Multilabel TreeStacking TreeStacking bibtex 0. 1640 0. 1402 0. 1406
Stacking (All Pa) (One Pa) . . . i
birds 0.0538 0. 0533 0. 0531 IR 7 LR th, SRS R A L TreeStacking 578
CALS500 0. 1546 0. 1624 0. 1560 2B E B F-Measure T 715 %1 F One Pa 5 All
emotions 0. 2589 0. 2960 0. 2884 Pa Wjﬁ%mﬁ s [;%T:E CAL ﬁ%% |:':| E/,J%%*H% ttﬁﬁﬁl\ y T:Eﬁ
1l 0, 3045 0. 3233 0. 3029 24 N7
oe AR AR RIS ROACRAE Y .
genbase 0. 0020 0, 0025 0. 0025
medical 0.0251 0. 0249 0. 0251 T AFBIEEPHAETRE
yeast 0. 2237 0. 2686 0. 2594 Table 7 Accuracy in different datasets
enron 0.0572 0. 0604 0. 0608 Multil.abel TreeStacking TreeStacking
bibtex 0.0141 0, 0144 0, 0143 RER Stacking (All Pa) (One Pa)
birds 0. 4943 0.4915 0. 4900
M2 4 0T RUEH , 55K H, TreeStacking B ¥k 75U CAL500 0. 1997 0. 2008 0. 1868
%(ﬁﬂ emotions, medicial, enron %) E EII‘J ?%%%E%ﬂﬁ% emotions 0. 3134 0. 3256 0. 3250
. . flags 0. 5091 0.4915 0. 5092
Fb s XF FE B 4L birds, flags, genbase, yeast f1 bibtex, H 748 genbase 0.9744 0. 9708 0. 9708
BEEWE T 5 FSEMH S5 K, medical 0.1213 0. 1280 0.1229
yeast 0. 4172 0. 3040 0. 3131
F4 ARBEETHTERHE enron 0. 1644 0. 1663 0.1611
Table 4 Subset accuracy in different datasets bibtex 0. 1311 0.1128 0.1128

s MultiL.abel TreeStacking TreeStacking
Stacking (All Pa) (One Pa)
birds 0. 4656 0. 4625 0. 4625
CALS500 0, 0000 0, 0000 0, 0000
emotions 0. 1398 0. 1517 0. 1468
flags 0. 0982 0. 0818 0. 0921
genbase 0. 9577 0. 9472 0. 9472
medical 0.1012 0. 1084 0. 1033
yeast 0. 0579 0. 0199 0. 0302
enron 0.0118 0. 0200 0. 0235
bibtex 0. 0569 0. 0505 0. 0497

A3 5 A LAF H , 5 Stacking #H L., TreeStacking 7E K%
BHBARE F G P RERE UE.

5 NRFGREEPRTER

Table 5 Recall in different datasets

SR A MultiL.abel TreeStacking TreeStacking
Stacking (All Pa) (One Pa)
birds 0. 4980 0. 4943 0. 4927
CALS500 0. 2580 0. 2708 0. 2381
emotions 0. 3590 0. 4017 0. 3998
flags 0. 5939 0. 5950 0.6019
genbase 0. 9769 0, 9731 0, 9731
medical 0.1246 0. 1307 0.1251
yeast 0. 4701 0. 3663 0. 3688
enron 0. 1856 0. 1954 0. 1883
bibtex 0. 1376 0.1183 0. 1189

B3 6 FILAE Y, TreeStacking B F {H1E K S 55
W I 5RHRY Stacking B A 24, ££ emotions 5 enron |-
H F I FIRAES,

# 8 ATEARE TR T-HE R

Table 8 Average-precision in different datasets

W Multil.abel TreeStacking TreeStacking
*® Stacking (All Pa) (One Pa)
birds 0. 4383 0, 4466 0. 4486
CAL500 0. 3997 0, 3623 0, 3839
emotions 0. 6883 0, 6458 0, 6585
flags 0. 8006 0.7816 0. 7820
genbase 0. 9856 0. 9840 0. 9840
medical 0, 4975 0.5029 0, 4987
yeast 0.7156 0, 6162 0, 6275
enron 0. 5370 0. 5153 0. 5166
bibtex 0. 2624 0. 2417 0. 2405

it 45 R LR ], TreeStacking fRIBHRICZ [H]
AR 31 06 ZR T 12 Y, 328 T AR AR 15 % + D HE P SHe 1 2 0
IR, FEd SRR LU R 454 R 3 ME S KA. LB
L5 ZRAH LR R T A M2, 3¢ B AR DU 3G Frs o BT
ANFERR TS R Y T 7E A SR v, U # R 4
FRAE LA RT ARG 3 BAE B EARIC X RN H A RSB LA
ZBE , R AR AT AR A AR B T AR 4R
FERARXGHER TE MLz EfEBEE. & 95
H T 5 2880 B IR 4 W FERT , 7E ML Stacking 55 TreeS-
tacking H* One Pa SBEHI 2 IF N K, AR L E S — 5
RN EERTRIE ; WA T All Pa S0 3%, A7 I AHE
HA LT HAMPIF R, X FEEZILEVGEEMBEESRE
o, T E T — R R UL, B R R AT — R T
BE MR 2 BEAST FARS A n R UERE O(n), 1] Prim B 3
MR LR O(n®) , X EERT [A] AR F X T 3 A8 B 1 5 7l 1A
AT,
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Table 9 Comparasion of efficiency between TreeStacking

and ML Stacking

(Bh:s)
s MultiLabel TreeStacking TreeStacking
# Stacking (All Pa) (One Pa)
birds 53. 489 67. 766 58.174
CALS500 356. 293 591. 465 369. 908
emotions 30. 065 33. 316 29. 985
flags 1,092 1111 1.133
genbase 38, 003 39,470 38,671
medical 643. 642 716. 986 673. 233
yeast 651. 425 524, 803 471,710
enron 10870. 297 7750. 272 7455, 359
bibtex 34570, 297 33937, 206 32173, 933

MR 3— R SMUAN, &5 A M, TreeStacking &
BAEFRE N Z (RTF 20 1) R E B RRCR thiRie4
B (PF 20 ) B L SUR . BB RE LT
BRRET S FARICR S HBIRE , SRt B W RgR
BN A E G T — A FRin B H AR T A R LU0 R
YREEE AR R, AN . X7 TF emotions, flags Fl yeast, X 3
MRS RIER A LI, BB T 10 REHK. *
BRI PRBEEENFE ST IERL X 3 MU ERILFE L
RAERCTIRSRICEEE D, 458 6,7 F1 14,11 HAEEEE
KEHLE 20 Y THRIRE M EIRE, S st Z [ 1
KT M AR 2D B4R 2R 3 K, 41 - emotions K4 19
FRC R 6 4, T A LRSIl AR R ER LR E 42
W) R I e S T RSB S 2 T, A fT R T
Zo, F R R 45 % T I W7 B oy 24k B e R B KK
HEBh, R 2 53005 A 30 3 A B O 45 AR B4 56 B T RE 3
AFF G ZBRIE

HRIE AU T SARE LB AR KRR, X LA
S RE S AR AR H R UKL ENS B
MEMAERESEIT T U, 4% BRT B E 2R E R R
BB, 454 TCC Bk X pRic i g s (9 AR, 32 T TreeS-
tacking B ¥k, J8FF T XHEIREE R RBUR .

TreeStacking T ER HIHR 77 S 0, 2 H SRR EAF
BEE/ MY S XAREBUN R R Z IR EEEF RN,
HARER B A L AR U BN B R S T, A e il
FEH# - SRREFEEH NIRRT AN,

2 % X M

[1] TSOUMAKAS G,KATAKIS I, VLAHAVAS 1. Mining Multi-
label Data[ M // Data Mining and Knowledge Discovery Hand-
book. Boston: Springer, 2009 :667-685.

[2] ZHANG M L,ZHOU Z H. A review on multi-label learning al-
gorithms[ J]. IEEE Transactions on Knowledge & Data Engi-
neering,2014,26(8):1819-1837.

[3] UEDA N,SAITO K. Parametric mixture model for multitopic-
text[ J . Systems and Computers in Japan, 2006,37(2) ; 56-66.

[4] TSOURAKAKIS C, Provably fast inference of latent features
from networks: with applications to learning social circles and
multilabel classification[ C] // Proceedings of the 24th Interna-
tional Conference on World Wide Web, ACM, 2015:1111-1121,

[5] LUO Y,LIU T,TAO D, et al. Multiview matrix completion for
multilabel image classification[ ] ], IEEE Transactions on Image
Processing,2015,24(8) : 2355-2368.

[6] ZHANG M L,ZHOU Z H. ML-KNN: A lazy learning approach

[7]

(8]

[9]

L10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

Le1]

L2z]

to multi-label learning[ J . Pattern Recognition, 2007, 40 (7);
2038-2048.

CLARE A,KING R D. Knowledge Discovery in Multi-label
Phenotype Data[ ] |. Lecture Notes in Computer Science, 2002,
2168(2168):42-53.

ELISSEEFF A E,WESTON ]. A Kernel Method for Multi-La-
belled Classification[ C] // Advances in Neural Information Pro-
cessing Systems. 2002 :681-687.

GHAMRAWI N, MCCALLUM A. Collective multi-label classi-
fication[ C] // Proceedings of the 14th ACM International Con-
ference on Information and Knowledge Management. ACM,
2005:195-200.

RNKRANZ J, LLERMEIER E, LOZAMENC, et al. Multilabel
classification via calibrated label ranking[J]. Machine Learning,
2008,73(2):133-153.

ALVARES-CHERMAN E,METZ J, MONARD M C, Incorpo-
rating label dependency into the binary relevance framework for
multi-label classification[ J]. Expert Systems with Applications,
2012,39(2):1647-1655.

TSOUMAKAS G, VLAHAVAS 1. Random k-Labelsets: An En-
semble Method for Multilabel Classification [ C] // European
Conference on Machine Learning. Springer, Berlin, Heidelberg,
2007 ,406-417.

READ J,PFAHRINGER B, HOLMES G, et al. Classifier chains
for multi-label classification[ ] ]. Machine Learning,2011,85(3):
254-269,

TSOUMAKAS G,DIMOU A,SPYROMITROS E, et al. Corre-
lation-based pruning of stacked binary relevance models for
multi-label learning[ C] // Proceedings of the 1st International
Workshop on Learning from Multi-Label Data, 2009;101-116.

DEMBCZYNSKI K,CHENG W, HULLERMEIER E. Bayes op-
timal multilabel classification via Probabilistic Classifier Chains
[C]// International Conference on Machine Learning, 2010279~
286.

ZHANG M L,ZHOU Z H. Multilabel neural networks with ap-
plications to functional genomics and text categorization[ ] ].
IEEE Transactions on Knowledge and Data Engineering, 2006,
18(10):1338-1351.

CHENG W,HULLERMEIER E.Combining instance based
learning and log is ticre gression for multilabel classification[]].
Machine Learning,2009,76(2-3) ;211-225.
ALVARES-CHERMAN E,METZ J, MONARD M C, Incorpo-
rating label dependency into the binary relevance framework for
multi-label classification[J]. Expert Systems with Applications,
2012,39(2) . 1647-1655.

BIELZA C,LI G,LARRANAGA P. Multi-dimensional classifi-
cation with Bayesian networks[]J]. International Journal of Ap-
proximate Reasoning,2011,52(46) ;705-727.

FU B,WANG Z,XU G,et al. Multi-label learning based on itera-
tive label propagation over graph[]]. Pattern Recognition Let-
ters,2014,42(1) :85-90.

DE CAMPOS L M. A Scoring Function for Learning Bayesian
Networks based on Mutual Information and Conditional Inde-
pendence Tests [ J]. Journal of Machine Learning Research,
2006,7(7).:2149-2187,

FU B, WANG Z H. Multi-Label Classification Method Based on
Tree Structure of Label Dependency[]]. Pattern Recognition
and Artificial Intelligence,2012,25(4);573-580. (in Chinese)
e, EEiE. ETREUKREH N EZiMe R85 ] BRR
H5 A T §E,2012,25(4) :573-580.



