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Amulti-label learning model based on label correlation and imbalance
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Abstract; Since the existing multi-label learning algorithms pay less attention to the problem of correlation and
imbalance between label sets, this paper proposes a multi-label learning model based on label correlation and
imbalance (MLCI). By coupling other label categories to consider the correlation among labels and reducing the
imbalance ratio between labels of instances, the learning model is for each label category, and it is an ensemble
classifier that combines the current class of binary imbalance classifier with multiple imbalanced classifiers coupled
to other labels. In this paper, seven commonly used multi-label algorithms are used as comparison algorithms to
classify the four open datasets of yeast, scene, emotions and CALS500. The experimental results show that the
MLCI has obvious advantages in accuracy precision, ranking-Loss, macro-averaging AUC and micro-averaging
AUC.
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AT IPER M BE , A SCHE Mulan (Mulan
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f BT 4 D ESEEAREEARE, 730k A ER
HORMAYME AT, AT EAEEE D, IR
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Tab.2  Characteristics of the data sets

Name T(D) I(D) L(D) F(D) C(D)

Yeast biology 2417 14 2417 4.237
Scene images 2407 6 2407 1.074
Emotions  music 593 6 593 1.869
CALS500  images 502 174 502 26.044
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max_IR FREPEHE H i RIS % (max_IR =
max IR, ) ,ave_IR KR EHR A i) P S S F- i 32

1<k=q

1 q
(ave_IR =— 1IR,).
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RI HEEHETFERER

Tab.3 Class-imbalance of the data sets

Name min_IR max_IR ave_IR
Yeast 1.328 12.500 2.778
Scene 3.521 5.618 4.566
Emotions 1.247 3.003 2.146
CALS500 1.040 24.390 3.846
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TESEI R, O T B 4 I AL HAB A
AORICR AR SCR A T 2 TR 07 125 - B TAR A Y B2 A
BT EE B K (x, Y) (=
1. ,m) Fm RS 4R T BOREAS o e, S5
AMERFEA PR, Y, RIS | A
MRS, v, (L) R ES D | DHEADR
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£ 55 ) A0 32 55 8] U5 ) 22 b5 % 53 261 ((Combining
Instance-Based Learning and Logistic Regression for
Multilabel classification, IBLR ), ECC'', CLR',
RAKEI''".

FHAE RALHE MLCL 5% LB 4 8 4
ERYPEREIIT-AE L, 45 R B R b o )~ 2 {0
PREZERR  TER T A5 T R D45 2R 1Y {88k
R R A BT 45 | FORIIFEE R E
N F B RS EE PR RE . TSR IR AT R, A
SCRTEAR IR RIS B R MERE DI U4 2R AU I 10
RS 1Y) - EIPERE TN P2
22,1 FETREARYEET % EAPEREPEHI

TEIETREA B EE i 7 kv MLCT 550 LU 7E
4 MR ERIPERBINITESS R AN 4,3 5 PR, 18
Average-Precision PEM AR UE T, MLCI 7£ 4 MR
HROHCIT N o o R S g T A X LR BLR AT
Ht MLCI 7E scene Fl CAL500 344846 b V-1 251
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WOV EIE AR 853 A AN 24 £y, MLCI 753 21 i A G A
SRR R S SUR BS. 7F Ranking-Loss WM AR UE
H MLCT 7 4 B4 Hh e DT s v R A vy 1 oA
X UL, BEAN , MLCI 7E yeast £0H5 5 il CALS00 %
PEHEFN yeast BGAE F AR E S T 55 2 A Ede
£ P BUREAE Cardinality {88, MLCI 75 3 (1R
FH IR AL A, ROR B
2.2.2 JETHRERE RN ERTERETEH

TEIETHR2E B RE i 7 kT MLCT 550 L3R 7E
4 AR ERYTEREN PP A SR ISR 6 ~ 9 P, Tk
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x4 ESIMHEEL, SMELA Average-Precision 188 ( T)
Tab.4 Performance of each algorithm in terms of Average-Precision in each data set( T)

RS Yeast scene emotions CALS500

MLCI 0.773 2+0.017 0 0.888 4+0.016 6 0.827 2+0.036 2 0.521 2+0.020 2
COCOA 0.767 6+0.020 9 0.873 7+0.017 4 0.804 9+£0.022 7 0.491 8+0.019 2
ML-kNN 0.766 9+0.024 7 0.866 2+0.017 4 0.801 6+0.028 7 0.506 6+£0.015 5
BP-MLL 0.751 6+0.021 7 0.668 5+0.040 7 0.798 5+0.036 2 0.509 5+0.001 6

IBLR 0.768 3+0.025 3 0.867 3+0.018 0 0.815 0+0.030 6 0.313 0+£0.010 7

ECC 0.745 9+0.027 5 0.847 8+0.014 5 0.794 7+£0.021 5 0.473 0+0.008 1

CLR 0.749 6+0.022 1 0.820 9+£0.022 3 0.784 7+£0.024 8 0.508 4+0.004 8
RAKEL 0.639 6+0.022 2 0.718 6+0.004 3 0.704 1+£0.015 4 0.244 4+0.010 0

P 2EAE/ % 4.0 7.9 4.0 8.6
x5 ESIHIESEL, SME X Ranking-Loss THAE( | )
Tab.5 Performance of each algorithm in terms of Ranking-Loss in each data set( | )

RS yeast scene emotions CAL500

MLCI 0.156 9+0.011 2 0.060 1+0.009 0 0.135 3+0.023 2 0.229 3+0.012 3
COCOA 0.163 4+0.011 6 0.069 5+0.010 2 0.152 9+0.023 1 0.251 8+£0.012 3
ML-kNN 0.165 1+0.016 0 0.077 4+£0.011 6 0.161 1+£0.022 1 0.235 6+0.009 3
BP-MLL 0.452 9+0.033 2 0.186 1+0.029 7 0.163 1+£0.034 0 0.240 0+0.000 6

IBLR 0.164 3+0.016 5 0.076 0+0.011 6 0.148 1+£0.025 5 0.329 0+0.008 8

ECC 0.183 1+0.016 3 0.089 0+£0.011 4 0.164 1+£0.017 4 0.266 0+0.003 9

CLR 0.178 4+0.015 7 0.101 1+£0.013 5 0.175 9+£0.025 5 0.236 8+0.003 9
RAKEL 0.334 0+£0.022 7 0.209 9+0.001 7 0.294 8+0.022 1 0.553 5+£0.019 8

T2 % =17 -5.5 -4.5 -1.3
xR6 HEESNHIEEL, SMEER Macro-Averaging F1 HEE( 1)
Tab.6 Performance of each algorithm in terms of Macro-Averaging F1 in each data set( 1)

Ak yeast scene emotions CAL500

MLCI 0.446 3+0.004 0 0.739 2+0.019 4 0.677 9+0.035 6 0.313 0+£0.013 0
COCOA 0.419 5+0.027 7 0.736 8+0.031 0 0.668 2+0.030 5 0.209 0+£0.014 3
ML-kNN 0.395 3+0.036 5 0.735 5+0.021 4 0.629 5+0.050 7 0.087 9+£0.010 7
BP-MLL 0.452 9+0.033 2 0.526 3+0.046 2 0.677 1£0.044 6 0.260 9+0.003 0

IBLR 0.397 2+0.044 7 0.748 5+0.025 7 0.657 3+0.038 4 0.214 4+£0.012 0

ECC 0.379 6+0.039 1 0.710 2+0.012 2 0.619 7+£0.029 5 0.131 5+0.003 9

CLR 0.394 8+0.039 4 0.644 2+0.018 3 0.599 6+0.019 5 0.086 3+0.011 4
RAKEL 0.390 4+0.037 6 0.609 0+0.006 9 0.576 2+£0.027 5 0.171 5+0.003 4

Y2 %

4.2

6.6

4.4

14.7
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Tab.7 Performance of each algorithm in terms of Micro-Averaging F1 in each data set( 1)
Ak yeast scene emotions CAL500
MLCI 0.546 5+0.005 0 0.719 7+£0.021 9 0.679 9+0.035 8 0.424 7+£0.013 2
COCOA 0.639 1+0.024 9 0.732 1+0.037 0 0.685 7+£0.031 1 0.398 1+£0.018 4
ML-kNN 0.648 8+0.028 1 0.734 3+0.025 8 0.665 2+0.047 0 0.330 5+0.009 2
BP-MLL 0.657 0+0.022 9 0.506 7+0.041 3 0.691 6+0.041 4 0.757 8+0.001 0
IBLR 0.650 9+0.029 7 0.745 2+0.031 4 0.684 4+0.039 3 0.332 4+£0.015 3
ECC 0.621 9+0.032 0 0.705 0+£0.015 5 0.646 9+£0.030 9 0.358 6+0.000 8
CLR 0.623 0+0.027 2 0.627 6+0.023 4 0.614 7+£0.019 5 0.313 9+£0.021 0
RAKEL 0.581 4+0.026 6 0.597 2+0.007 1 0.599 0+£0.023 1 0.355 4+£0.015 9
SRZEAE/ % -8.5 5.5 2.5 1.8
R8 EEFINHIEE L, SME LM Macro-Averaging AUC 1588 ( 1)
Tab.8 Performance of each algorithm in terms of Macro-Averaging AUC in each data set( T)
RS yeast scene emotions CAL500
MLCI 0.723 9+0.0041 0.951 4+0.0075 0.862 7+0.0221 0.572 2+0.0045
COCOA 0.722 2+0.014 8 0.943 6+0.008 4 0.846 2+0.028 0 0.561 9+0.006 2
ML-kNN 0.679 0+0.004 0 0.934 4+0.011 2 0.837 7+£0.028 5 0.509 4+0.005 0
BP-MLL 0.710 0+0.004 1 0.860 7+0.014 1 0.839 8+0.032 8 0.569 7+£0.002 3
IBLR 0.698 0+0.004 1 0.942 2+0.010 2 0.853 9+0.026 9 0.510 1+£0.006 0
ECC 0.689 0+0.004 0 0.925 3+0.012 0 0.830 7+£0.015 4 0.542 2+0.005 1
CLR 0.650 0+0.004 0 0.901 9+0.010 4 0.810 2+0.020 8 0.566 4+0.001 3
RAKEL 0.640 0+0.004 0 0.756 5+0.005 5 0.700 3+0.018 5 0.510 4+0.000 3
P Y= % 4 5.6 4.6 3.4
K9 EESNHIEEL, SFE LM Micro-Averaging AUC HHRE( 1)
Tab.9 Performance of each algorithm in terms of Micro-Averaging AUC in each data set( T)
(=R7R yeast scene emotions CAL500
MLCI 0.855 8+0.011 2 0.957 0+0.006 9 0.879 5+0.018 6 0.767 7+0.010 5
COCOA 0.851 5+0.012 6 0.950 2+0.008 4 0.863 5+£0.023 3 0.745 5£0.011 2
ML-kNN 0.846 8+0.015 3 0.943 5+0.010 7 0.858 0+0.026 9 0.760 7+0.008 4
BP-MLL 0.825 2+0.015 3 0.838 0+£0.025 5 0.851 7+£0.028 2 0.757 8+0.001 0
IBLR 0.847 9+0.016 0 0.948 3+0.009 7 0.869 2+0.023 8 0.676 3+0.008 6
ECC 0.825 6+0.017 6 0.934 7+0.011 1 0.851 1+0.015 8 0.729 7+£0.003 6
CLR 0.822 0+0.015 3 0.911 7+0.010 2 0.827 9+£0.021 6 0.761 4+0.003 2
RAKEL 0.700 5+0.019 4 0.750 6+0.005 4 0.708 9+0.015 8 0.599 8+0.008 2
P 2EAE/ % 3.9 6.0 4.7 4.9
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