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An Imbalanced Multi-Label Data Ensemble Learning Method Based on
Safe Under-Sampling
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Abstract: The task of multi-label classification is widely present in real life, but there is often an issue of imbalanced
data, which seriously affects the classification performance. At present, the mainstream technology for solving this problem
is resampling, which are mainly divided into over-sampling and under-sampling. Particularly, over-sampling generates sam-
ples related to minority class labels while under-sampling removes samples related to majority class labels. However, these
methods all focus on solving an imbalance problem, namely intra label imbalance or inter label imbalance, which may intro-
duce another imbalance problem while solving one imbalance problem. In response to this issue, this paper proposes an im-
balanced multi-label data ensemble learning method ESUS (Ensemble learning method based on Safe Under-Sampling)
based on safe under-sampling. Firstly, the imbalanced multi-label dataset is divided into single label datasets and label pair
datasets through label partitioning. For single label datasets, this paper proposes a secure under-sampling method to solve the
problem of intra label imbalance, and constructs binary classification models using the sampled balanced dataset. For label
pair datasets, ensemble learning is used on the pruned data to solve the problem of inter label imbalance, which may maintain
the classification performance of the model and reduce spatiotemporal complexity. Finally, the single label dataset models
and label pair dataset models are integrated into the final classification model. The experimental results on six imbalanced
multi-label datasets show that compared with seven comparison methods, the ESUS method is more stable and effective on
four evaluation metrics.

Key words: multi-label classification; imbalanced data; label partitioning; safe under-sampling; data pruning; ensem-
ble learning
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AN B A R XS R — A5 A AR A 467 B LA A A
AT 5B (1) 00 45

BF =(BS)®(BP) (2)

4 EWHERSHH
4.1 HEE

TESEE SR T 54k A RS Z AR 28 A
AR RS E BRI IR ER LA
T BR AR 1 4 BRSO SR A, SR SR R
P2 R MeanIR1H . 75 B UL IH A /2 , MeanIR (H £ /R
HH I 4 22 55 28 B8040 S 1 P RS- F 72 B, MeanlR {8
K, BIOHE A ST £ 72 B 8 . MeanIR Y TH5E 22 2040
KA (4 PR

max (3 (1 Y,) Liey,
IRLbI(})= ml . h(LY,)= OMY’ (3)
> h(2.Y,) !
i=1
1
MeanIR = - > IRLbI(2) (4)

leY

() N —RES  m e 2 PR N 2 i B A A S
Bk, Y SR8 i S HI AR S 4E A IRLbLJE 2502
S FRRZE N I LU, b B AR 28 1) TRLbI
B9 1, AR AR% i IRLOUE ¥ R T 1, H(E 85 3d B A
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EE 2024 4

JOf A 28 AN S4) 4 A B g T MeanIR D)2 2245 25 54
e T AR BM RE E 1 F-344, B MeanlR {14 3R
THEABAREN R B .

F 10T LUE 5250 e T R R 2R A B 4 R
AUk 19 AN [] g o7 AT, , SRS 40 S i M e bR 4%
o WA & BRI 22 5 . B4, Bibtex Z4J 45 (14 52 441
B ik 7 395, 17 CALS00 1 Birds B4 ] KA 502 A
645 M SIREAS s Bibtex R MU e 2, 183 T 1 8361,
CAL500 Ul HA 681~ J&@ 4 ; CALS00 A 174 1454, Scene
AT 6 AhR%s . Ak, 1 F Y IX 6 4> HicHis 48 1) AN 24 4 i
FE 2 AR

#1 RBRBEESITEE

Btk G| IR | RSO | R RO | MeanIR
Bibtex text 7395 1836 159 12.4983
Birds audio 645 260 19 5.4070
CAL500 | music 502 68 174 20.577 8
Enron text 1702 1001 53 73.9528
Scene image | 2407 294 6 12538
Yeast | biology | 2417 103 14 7.196 8

4.2 FMHiERR

N TS UE T VR B AT AP, S5 5 BT A e H
1) 22 b1 2 AN Y 5 K04 53 25 48 A5 : Micro-averaged Re-
call, Macro-averaged Recall, Micro-averaged AUC #0l
Macro-averaged AUC. [ 3A U458 b1 #1802 56 T 45 25 19
PEREPE U 45 b . 3k B 45 b5 1 2 o0 PP A BSR4
IR GRS i A AR 25 BEAT P 2 L R T AR A B 45 bl i
PR 7 Ok 2E AT S ¥, 23 5 2 BCF 2 (micro aver-
aged) Hl 7% F ¥ (macro averaged) , it a A=
(5 A (6) fron :

EMmicszM(iTPi, iFP“ iTNZ, iFNi ) (5)
=1 A=1 A=1 A=1

k
EM % > EM(TP,,FP,, TN,.FN,) (6)
A=1

macro

Horp EM SRR AR ) — 3 2888 0PAR 46 b5 , 9] 201 Recall.
TP, (True Positive) &7~ IE 8 73 254 N FEARAEL, FP,
(False Positive) & 7 5 12 70 28 I N I RE AR A48, TN,
(True Negative) 75 IE 8 7328 N AE N BYFEA AN H, FN,
(False Negative)i’%iﬁ%iﬁﬁ‘}’%’éj{lﬂf NEEAS BS540 . Re-
call A IA(7)

1 P
Recall= — 2

i=1

Y.Nh(x,)|
Y|
2 (7) H p S I AR A A Y 2L i, Micro-averaged Fil
Macro-averaged Recall (B AT DLl i 254550 (5) ~ (7) 3R
% . Micro-averaged & Macro-averaged AUC A9 11 % Ul
A (8) kA (PR

(7)

AUC

micro™

(x| FEyRf ey, p)es”, (eS|

|75
(8)
AUC, ..o =
li{ufﬂfmn»ﬂmnxmwkaxz}
9= ZII1Z))

(9)
() (9) i £, y) PRI R SIEAE R, HoAR A AR,
Ty Ry EMRZEOMERME. L@ P s=
{0y e Y, L <i<pl, Hou B AH IC 14 52 491 i 28 % 4
B8 ={(x, v e Y, 1 <i<p} e ANHISEAT S AR 2 %) 4
A ROOPI Z={x ]y, e Y. 1 <i<p}, HES FMALE
RSy, RS BIEA L Z, = (x v e ¥, 1 <i<p} Ul
DA A R 2y, SRR
4.3 WTREM

R T RE B PERE , EF X ESUS ik R T =4
ISR R R 15T T AR A S50 48

(1)ESUS J5 ¥ A3 84t X Aa e e anfey 2 & XA~
[R5, 38 2K ESUS J7 iR A 75 A SE B B s 42 Fn = A~ 2k
Bk FPERESS SR 5 MLUL, MLSOL, MLTL, LPROS,
LPRUS,MLROS } MLRUS iX-£ 2k 5 g b A7 HL g ok
HATHE.

(2) B4 KR FETT 2 B AT 7 X iz ]
T RS, RO R AR A TR AR 4, SRS A X R
PREBIHEE AT — o FERE AR | T X A 25 X 45 i
A8 ) 2 e A 2 o SRR PR A T R B R 2
BT B e 195 ) R 28 1) 43 S . f S W ANl e
4R FRETT I PERE 5 ESUS 7 BeVEBEHEAT L4, B8 3iF
B RRFE A RUNE .

(3) B 5 BL 09 A R an e 2 1 %o B 59 s 4 1)
AL AR SCHEAT T I A S5 A X AR X R R R A T
B B R 5 AN AT RO B R B R RE , S X Bk as AT
()4 TXF LR 25 B A B BT A AR
4.4 KEEE

FESEEG T RICT Z AHH B A SUBIE i, IF
T =Rl O RAT ) 7 2805 : C4.5, SMO FTKNN. H:
Hh HRAEAHSCRITSE , KNN S kA e A8, 24 kI
fHo8 1 B SRR ARG 5 2, HAS 5 B ARG sk
B A A 2 T F AR i I SR dk 4 5 1, 3
FisF 5 A S92 38 ) I R S B 2o TS AR L Rl g
SECERTNPERE R FRAG . IR BRSOy kg PR R
A3 e A5 B B bR 25 B0 S VbR 5 X5 B0 4 10 B0 mT e
SR L AR SCREHUE(H M 3. 1AL, R T 55 0E ESUS Jr ik
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MITERE , SR LRI T oML Jr AN I 328
IANSER Micro-averaged Recall,
Macro-averaged Recall, Micro-averaged AUC Fl Macro-
averaged AUC, TEAIN A LA 4.2 Wil T T4 . EAh,
eI - ELE J7 445 MLUL , MLSOL, MLTL, LPROS,
LPRUS, MLROS A & MLRUS, Jf: H4 T He %, MLROS il
MLRUS ZEHL 1 PRI RAE HLA, 5332 10% F125%.

FEPRFATHEAR . X DU HE

4.5 HERHH

(1)ESUS 7 ¥ 178 %50k ke e v an o] 2
i T B IE ESUS J7 15 B A S0ME F kR s P, A ik

FH T 7542k A AN [) U 0 22 45 2 AN 28 1 5 40 4,
AT =Ry 2R BE R A PERE VAN 18 AR, OF 5 L b
2 bR AN A RO SRR Ty kAT T R . T
T3, 3R 2 %4 T Micro-averaged Recall 38 #5 7€ =
oy SR BE N A T E R S5 2R, R 3 4 1 T Macro-
averaged Recall I8 bR g 45 R, 4R 2 T Micro-
averaged AUC FEFRIEE S, R 5 Macro-averaged AUC
TEPREE R . W B UL 2 e R 2~ R 5
& b B EOE R BT 4G E o SR T R IR AR
Ti kS R IEAT TR

&2 Micro-averaged Recall 2558

Classification Method Bibtex Birds CAL500 Enron Scene Yeast
ESUS 0.4253 0.4578 0.340 1 0.5287 0.7099 0.5176
MLUL 0.3291 0.3565 0.2797 0.460 2 0.6115 0.578 4
MLSOL 0.3354 0.362 1 0.305 1 0.4692 0.6367 0.562 1
MLTL 0.2297 03165 0.3447 0.4557 0.627 8 0.566 8
LPROS 0.356 1 0.3680 0.2777 0.4759 0.6154 0.5537
4 LPRUS 0.3318 0.3463 0.2777 0.463 1 0.6199 0.5756
MLROS-10 0.338 1 0.3350 0.3260 0.4816 0.6135 0.5517
MLROS-25 0.3472 0.360 6 0.3367 0.4823 0.6225 0.5543
MLRUS-10 0.3205 0.3535 0.2792 0.4600 0.6317 0.568 4
MLRUS-25 0.3101 03115 0.2921 0.4540 0.6252 0.538 1
ESUS 0.469 9 0.548 4 0.2341 0.548 6 0.7222 0.5054
MLUL 0.3849 0.4097 0.2260 0.4967 0.629 4 0.568 2
MLSOL 0.394 5 0.4411 0.2320 0.503 1 0.6572 0.5778
MLTL 0.194 3 0.4145 0.2707 0.4805 0.6405 0.5704
LPROS 0.396 1 0.4588 0.2265 0.5023 0.660 2 0.597 1
SMO LPRUS 0.3806 0.4283 0.2265 0.499 1 0.6395 0.5799
MLROS-10 0.3939 0.4334 0.2293 0.499 8 0.6340 0.569 8
MLROS-25 0.3943 0.4389 0.2321 0.498 4 0.6359 0.569 1
MLRUS-10 0.3728 0.4003 0.2274 0.4967 0.638 1 0.566 4
MLRUS-25 0.3517 0.3531 0.226 6 0.4933 0.636 6 0.568 2
ESUS 0.1726 0.560 1 0.3279 0.3504 0.6745 0.5574
MLUL 0.1530 04710 0.304 3 03151 0.6799 0.608 8
MLSOL 0.1653 0.5254 0.3189 0.3282 0.7013 0.6175
MLTL 0.0749 0.3856 0.3332 0.2909 0.682 6 0.6137
LPROS 0.2024 0.556 8 0.3049 0.3912 0.695 1 0.6183
N LPRUS 0.148 8 0.4627 0.3049 0.3351 0.6756 0.608 9
MLROS-10 0.1700 0.5100 0.3217 0.3349 0.6877 0.6130
MLROS-25 0.1832 0.499 6 0.3280 0.3350 0.684 6 0.6114
MLRUS-10 0.148 6 0.4390 0.305 1 0.3186 0.6776 0.6013
MLRUS-25 0.1368 0.344 5 0.3016 0.3253 0.6753 0.5903

MFE2 T LB fdF C4.5 F1SMO 43280, ESUS
ITEEAEA R 2 B8R ARBUS T B RE . BT
= H R C4.5 43208 ] ESUS 7F 4 MR IS T i

1Y Micro-averaged Recall 255 ; {#i F§ SMO 4328 A,
ESUS7E 5 MR IS T iIg-AY Micro-averaged Recall
LEIL ST C4.5 AR ESUS Tk i~ Y RE
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EE 2024 4

FEHEA 55 A MLSOL AR TH T 12.6% ; i fi F SMO 432857 %
iF, ESUS PP R LLHER S — Y LPROS Y T 6.6%.
AN 8 KNN 43258980, ESUS J5 XA Birds B8 4
FEAE T B Micro-averaged Recall 7R W T

)2 LPROS, 111 ESUS Jr ik AE- 341k fie FHEA S 3, 5%
552 19 MLSOL J7i2:4H22 1 0.001 5, £ F Mot i 572
AR Micro-averaged Recall VERPEREVEMTEFRIT , ESUS
T AL PR R AN S PR A A R

=3 Macro-averaged Recall pegz)

Classification Method Bibtex Birds CAL500 Enron Scene Yeast
ESUS 0.3402 0.4059 0.2426 0.3351 0.720 1 0.3942
MLUL 0.2435 0.3589 0.2144 0.3015 0.624 8 0.3852
MLSOL 0.2497 0.3193 0.2287 0.296 4 0.648 1 0.388 8
MLTL 0.1512 0.3260 0.248 4 0.2920 0.6385 0.3788
LPROS 0.2742 0.3051 0.2101 0.2762 0.626 6 0.4022
43 LPRUS 0.240 6 0.344 6 0.2101 0.296 3 0.6304 0.3877
MLROS-10 0.2545 0.3315 0.2160 0.264 4 0.627 6 0.3951
MLROS-25 0.264 6 03371 0.2160 0.2677 0.6339 0.3990
MLRUS-10 0.2369 0.3593 0.2103 0.2975 0.6453 0.3802
MLRUS-25 0.2263 0.3213 0.2146 0.2959 0.6386 0.3603
ESUS 0.4199 04750 0.3352 0.498 7 0.680 8 0.5918
MLUL 0.2959 0.3985 0.1772 0.3209 0.6420 0.320 1
MLSOL 0.3109 0.427 1 0.1815 0.3214 0.669 1 0.3278
MLTL 0.194 3 0.4145 0.2707 0.4805 0.6405 0.5704
LPROS 0.396 1 0.4588 0.226 5 0.5023 0.660 2 0.5971
MO LPRUS 0.3806 0.4283 0.226 5 0.499 1 0.6395 0.5799
MLROS-10 0.3939 0.4334 0.2293 0.499 8 0.6340 0.569 8
MLROS-25 0.394 3 0.4389 0.232 1 0.498 4 0.6359 0.569 1
MLRUS-10 0.3728 0.4003 0.2274 0.4967 0.638 1 0.566 4
MLRUS-25 0.3517 0.3531 0.226 6 0.4933 0.636 6 0.568 2
ESUS 0.108 8 0.5428 0.2361 0.2810 0.686 2 0.4039
MLUL 0.083 2 0.4593 0.2306 0.2552 0.690 3 0.4223
MLSOL 0.0970 0.5160 0.2368 0.269 7 0.7099 0.4517
MLTL 0.0453 0.4219 0.2447 0.2537 0.6918 0.4228
LPROS 0.1369 0.5119 0.2318 0.2759 0.703 5 0.454 8
KN LPRUS 0.0830 0.466 7 0.2318 0.263 4 0.6830 0.4198
MLROS-10 0.1025 0.459 8 0.208 8 0.2582 0.6973 0.4379
MLROS-25 0.1218 0.4519 0.1894 0.254 4 0.6937 0.4472
MLRUS-10 0.0794 0.444 8 0.2310 0.2617 0.689 0 04118
MLRUS-25 0.0712 0.3863 0.2302 0.2603 0.6870 0.4015

MWFEILIEH, 248 H Macro-averaged Recall 1E
S PERETEH HE AR {4 C4.5 1 SMO 432551, ESUS
TR BB AR 26 K 2 BRI T S b i 43 26
AE. BRI, (8 C4.5 73 KATEMS , ESUS 15 4 1> K dis
£ RS TR Macro-averaged Recall ok B il
SMO 73 28535 I, ESUS W AE 4 e 4 b IRAY T el
AY Macro-averaged Recall 25 5% . SE34 1M 5 , 7648 F C4.5
oy KRB, ESUS J7 ¥k 69 F 2 1k BE HE R 44 50 Y
MLSOL 242 15 1 14.4%; i i SMO 73 J$ 503 i, ESUS

T3 7 S P g W2 e HE 2 56 8 LPROS 2 T
6.6%. WAk, fli 1T KNN 73 2R 5k I, BAR ESUS I 54X
7E Bird Fl Enron P 4~ 2048 48 T HUAR T & 4 19 Macro-
averaged Recall 25 5L, 5K 5 , ESUS J5 v 78 - 34 1 g
(0.376 5) W& YR T8l (1 LPROS J5'7 (0.385 8) A4k 4
55 B MLSOL J7 2 (0.380 2) , {HAP {5 T H At iy 46 L5
. R ILFE (8 F Macro-averaged Recall V5 R PERETEAN 5
PR, ESUS J7 1 £ Ak B 22 b5 26 A 1 5 K dle SR 2 A
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&4 Micro-averaged AUC Z5 R

Classification Method Bibtex Birds CALS500 Enron Scene Yeast
EUS 0.8202 0.7515 0.6521 0.8116 0.786 4 0.658 8
MLUL 0.827 1 0.7230 0.695 4 0.807 2 0.7549 0.692 1
MLSOL 0.8276 0.7306 0.665 2 0.807 4 0.766 6 0.673 8
MLTL 0.649 1 0.7057 0.6482 0.8132 0.7492 0.682 8
LPROS 0.794 4 0.6877 0.694 6 0.7623 0.7440 0.667 3
4 LPRUS 0.8222 0.7405 0.694 6 0.7956 0.7592 0.678 8
MLROS-10 0.8347 0.7185 0.6343 0.8176 0.7449 0.6714
MLROS-25 0.8314 0.7273 0.608 2 0.8159 0.7503 0.6853
MLRUS-10 0.8264 0.7326 0.690 0 0.807 8 0.7590 0.6812
MLRUS-25 0.8259 0.714 1 0.6899 0.8077 0.7619 0.6755
ESUS 0.729 1 0.7527 0.602 8 0.7522 0.8176 0.7342
MLUL 0.689 2 0.697 8 0.600 5 0.7333 0.7890 0.7349
MLSOL 0.6936 0.7129 0.6030 0.7358 0.802 6 0.73717
MLTL 0.596 6 0.6978 0.6167 0.7290 0.7949 0.7359
LPRS 0.694 3 0.7180 0.6010 0.7348 0.7997 0.741 4
Mo LPUS 0.6867 0.7055 0.6010 0.733 4 0.793 1 0.7380
ROS-10 0.693 4 0.709 2 0.602 1 0.7345 0.7925 0.7353
MLROS-25 0.6935 0.7107 0.603 2 0.7338 0.7932 0.7326
MLRUS-10 0.683 4 0.6932 0.601 4 0.7339 0.7958 0.7340
MLRUS-25 0.6732 0.668 4 0.6009 0.7328 0.794 1 0.7345
ESUS 0.697 3 0.829 1 0.6230 0.748 6 0.884 6 0.7778
MLUL 0.6873 0.8402 0.7014 0.7911 0.888 6 0.799 2
MLSOL 0.6880 0.8416 0.6990 0.791 6 0.8924 0.7897
MLTL 0.584 5 0.7623 0.706 1 0.7440 0.891 1 0.8018
LPROS 0.674 6 0.7900 0.700 3 0.7875 0.8869 0.768 7
KN LPRUS 0.6829 0.8347 0.700 3 0.7917 0.8877 0.7937
MLROS-10 0.6852 0.8227 0.6956 0.7912 0.893 6 0.789 6
MLROS-25 0.680 1 0.799 8 0.682 1 0.7882 0.8910 0.7752
MLRUS-10 0.6851 0.8332 0.701 4 0.7899 0.8876 0.798 5
MLRUS-25 0.6780 0.7992 0.6997 0.7919 0.888 1 0.7954

FAL T ESUS J7 B HIN He 5 e = AN e
" B9 Micro-averaged AUC £5 5 . )R 4 ] LIt fif
I SMO 432 B30, ESUS i 78 4 i 4 L AREUS:
TR EE R RS P RE L HE 4 28 A9 LPROS J7
PR T 2.3%. fdFH C4.5 4y R ESUS kAR
Birds F11 Scene Wi > # 45 % I A5 T &% I i Micro-
averaged AUC 4521, HoP- 21 6B (0.746 8) BEAIL T~ MM fe
I ) MLSOL J5 ¥ (0.749 9) , DL K 3 A X 452 4 1)
MLRUS-10J5:(0.749 5) F LPRUS J51%:(0.748 5). ffi [
KNN 43 2R 7E 1], ESUS J7 75 {UFF Bibtex 5045 5 B
T g e BE B AU T MLTL 73
AL AT UL, 2468 F Micro-averaged AUC 1E AP GEIEAT 45
FRISE, ESUS 75 B 7EH ] SMO H1 C4.5 70 Bl kb B &2
TR B AN Y5 i KM B 2 A A5

ESUS J5 1 K6 e 7 A4 3473 253815 1Y Macro-
averaged AUCTEFRERTER S ThilbAT TR . N3R5
ALV Y ESUS Ik TE = AN A ERIERAEH 1)
by BRI, M8 C4.5 43 28507k ESUS 78 4 MK
PEAE S T - Macro-averaged AUC ZE L HASE Y
P BE L HE 4 5 9 MLROS-25 #2 7+ T 1.8%; 4 fifi i
SMO 43 S IL BT, ESUS 76 5 B 4 U T SR i 114
Macro-averaged AUC 45 5 , H o M fE L HE 2 55 — 1)
LPROSH&TFF T 3.1% ; 4 F§ KNN 43 2855 1 1), ESUS 78
ANBEE FBUS T S Macro-averaged AUC EA
HAP P AR 45 A MLSOLAR T T 1.3%. k]
W, , 41 F§ Macro-averaged AUC 1}y P GE VA 46 AR BT,
ESUS J7 15 Ab B 20 b 28 AN P PS8 8 02 LU A R0

g5 b, Y AR SC DU o BE DA 5 b R = F A3



3402 BT R 2024 4F
®5 Macro-averaged AUC Z5 R
Classification Method Bibtex Birds CAL500 Enron Scene Yeast
ESUS 0.7425 0.6842 0.508 9 0.5859 0.7953 0.5811
MLUL 0.7348 0.656 3 0.5114 0.5675 0.7640 0.576 6
MLSOL 0.747 6 0.643 4 0.5052 0.5748 0.778 1 0.5719
MLTL 0.5919 0.647 3 0.5124 0.5722 0.7629 0.576 1
LPROS 0.7272 0.6059 0.505 3 0.5717 0.756 2 0.569 3
4 LPRUS 0.729 6 0.6799 0.5053 0.567 4 0.7653 0.5730
MLROS-10 0.7595 0.647 8 0.5019 0.576 1 0.7575 0.564 4
MLROS-25 0.7592 0.645 4 0.5118 0.578 6 0.763 0 0.5702
MLRUS-10 0.733 4 0.683 1 0.503 8 0.565 6 0.7700 0.569 0
MLRUS-25 0.724 8 0.660 4 0.507 6 0.5659 0.7728 0.569 6
ESUS 0.6872 0.7253 0.5052 0.6194 0.8228 0.5739
MLUL 0.6447 0.6612 0.504 1 0.594 4 0.7950 0.5620
MLSOL 0.6519 0.6797 0.505 3 0.599 3 0.808 3 0.563 5
MLTL 0.5555 0.6747 0.507 1 0.573 1 0.8007 0.562 8
LPROS 0.651 4 0.689 1 0.5042 0.596 6 0.8042 0.568'5
SMO LPRUS 0.641 6 0.678 1 0.5042 0.595 8 0.797 8 0.5640
MLROS-10 0.6507 0.6859 0.504 6 0.5992 0.798 9 0.562 1
MLROS-25 0.650 6 0.6853 0.5055 0.599 1 0.799'5 0.561 6
MLRUS-10 0.6397 0.667 7 0.5047 0.596 4 0.803 5 0.561 4
MLRUS-25 0.631 1 0.643 1 0.504 6 0.5839 0.800 1 0.561 4
ESUS 0.6650 0.8398 0.5257 0.6240 0.890 0 0.6649
MLUL 0.643 1 0.826 1 0.5170 0.616 0 0.888 6 0.6582
MLSOL 0.6437 0.8207 0.5162 0.621 6 0.8917 0.659 0
MLTL 0.5647 0.747 4 0.5219 0.584 1 0.891 1 0.658 5
LPROS 0.628 4 0.7724 0.5160 0.6287 0.8870 0.6407
KN LPRUS 0.637 8 0.8173 0.5160 0.6165 0.886 3 0.6517
MLROS-10 0.640 6 0.807 1 0.5186 0.617 4 0.8927 0.6532
MLROS-25 0.6355 0.7815 0.5128 0.6150 0.890 1 0.648 9
MLRUS-10 0.641 1 0.809 4 0.5183 0.6106 0.8892 0.6557
MLRUS-25 0.6349 0.779 1 0.5197 0.602 8 0.8892 0.652 4

KB ESUS J7 i Fl— e BLZe 5 vk A L FEAL P 22
BB AN SRR AR IS LU A AL . o 1 Sk ESUS T
TEIRRE MR, B 2~5 45 1T ESUS KO L J5 14 34y
FKEET B4V VEREVEHr HE b5 .

WK 2 s, 248 Micro-averaged Recall BRI,
ESUS J5 {75 C4.5 FI1 SMO 4r 26551 b #4456 1, 1%
KNN 72850 B4 55 3. W&l 3 s, 4 ] Macro-
averaged Recall ¥§#rA], ESUS J5 ik 7€ C4.5 F1 SMO 732
Sk BARHEAA S 1, 7E KNN 4285005 FHEZ A 3. Wkl 4
7, 24l Micro-averaged AUC TR, ESUS J7iE7E
SMO Jr 2R HE A 55 1, 18 C4.5 73 081 EHEA 4 3,
M7E KNN 73 25005 EHEA — . il s frs , 244
Macro-averaged AUC $8 B i , ESUS 5 7E = Fh 4325
B AERHEAR S 1, WY T A AR L AR TR T

s LR % 7, 40 LPROS J5 15 , HiAE Recall #8475 |
BIHEA I8 LU RAE AT, SR T AE AUC 84T FHEZ st— 8 T 5
I LPRUS 753 , Hofe AUC $8 b5 I B HE 4 I8 HL B 5E AT,
SRIMTTE AUC T8 b5 L HES i Heds— e 1. fR ok ml 0L, Al
TEFHAY SRR T s M L, ESUS 7k A E

ZE TR, A8 Ab B 22 AR5 R A AR A, AR SO
H B ESUS 5 i ASUA 5%, AR AL ikl L,
HEfasE .

(2) 4 RERFETT 5 A P ] 2

AT Xt ESUS 5 8 71 %8 4 RO FE 7 1% B A 3k ik bt
1T T IHRESCS , 32 6~8 /B4 T 7 = Fh p AR
ESUS J5 i FH 22 4= R KA (sampling) FIAS il FH 22 42 K
KA (no sampling ) Y T il S5 55 45 51

Fo 4 T C4.5 43 8L W kAT %8 4 OR A
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Evaluation Method Bibtex Birds CAL500 Enron Scene Yeast
Sampling 04253 0.4578 03401 0.5287 0.7099 0.5176
Micro-averaged Recall
No Sampling 0.3332 0.378 4 0.27717 0.484 1 0.6224 0.5166
Sampling 0.3402 0.4059 0.2426 0.3351 0.720 1 0.3942
Macro-averaged Recall
No Sampling 0.246 6 0.3683 0.2101 0.304 6 0.6338 0.3414
Sampling 0.8202 0.7515 0.6521 0.8116 0.786 4 0.6588
Micro-averaged AUC
No Sampling 0.8318 0.743 5 0.694 6 0.8148 0.7509 0.688 9
Sampling 0.7425 0.684 2 0.5089 0.5859 0.7953 0.5811
Macro-averaged AUC
No Sampling 0.7456 0.676 9 0.5053 0.5754 0.7632 0.5775
R7 FERASMONEEEMRET EZNHMIRER
Evaluation Method Bibtex Birds CAL500 Enron Scene Yeast
Sampling 0.469 9 0.548 4 0.234 1 0.548 6 0.7222 0.5054
Micro-averaged Recall
No Sampling 0.3929 04161 0.226 5 0.5007 0.6375 0.504 4
Sampling 0.386 0 0.4795 0.1807 0.369 1 0.7334 0.2859
Macro-averaged Recall
No Sampling 0.3067 0.4032 0.178 1 0.3225 0.649 8 0.2679
Sampling 0.729 1 0.7527 0.602 8 0.7522 0.8176 0.7342
Micro-averaged AUC
No Sampling 0.693 1 0.7020 0.6010 0.7351 0.7939 0.7359
Sampling 0.6872 0.7253 0.5052 0.6194 0.8228 0.5739
Macro-averaged AUC
No Sampling 0.6500 0.664 8 0.5042 0.5973 0.799 8 0.5629
E R KNN SR B AR RS R RRR AR
Evaluation Method Bibtex Birds CAL500 Enron Scene Yeast
Sampling 0.1726 0.560 1 0.3279 0.3504 0.6745 0.5574
Micro-averaged Recall
No Sampling 0.1573 0.498 5 0.3049 0.3285 0.6826 0.5400
Sampling 0.108 8 0.5428 0.236 1 0.2810 0.6862 0.4039
Macro-averaged Recall
No Sampling 0.0855 0.5020 0.2318 0.2650 0.691 6 0.3672
Sampling 0.697 3 0.8291 0.6230 0.748 6 0.884 6 0.7778
Micro-averaged AUC
No Sampling 0.6897 0.843 6 0.7003 0.7954 0.8915 0.8013
Sampling 0.665 0 0.8398 0.5257 0.624 0 0.8900 0.664 9
Macro-averaged AUC
No Sampling 0.6457 0.8234 0.5160 0.6204 0.8914 0.660 5

e A2 A RORFE TR A S AR AR AR IS SR A 1)
S5 AULAE Scene 3k M ECHE A L W RO T304 (il 1 %
ERCREERERE . ) anfd A Macro-averaged AUC e
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25 b TR 7R AL B 22 R 28 AN X i R i AL ), ESUS
D7 P 2 A R SR R
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WREN O St may ki
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PR SET BAR EAMEAR K S AA I EDIE T A Sk
B8 ot B B X FRe Ay A R A /N . 5 Ie[RIRF, AUC
4 SR A PR A T N I A o 2 X B A A e
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Evaluation Method Bibtex CAL500 Enron Scene Yeast
Data Pruning 04253 0.4578 0.340 1 0.5287 0.7099 0.5176
Micro-averaged Recall
No Pruning 0.4250 0.4546 0.3343 0.5287 0.6999 0.5250
Data Pruning 0.3402 0.4059 0.2426 03351 0.720 1 0.3942
Macro-averaged Recall
No Pruning 0.3398 04137 0.2521 0.3369 0.709 6 0.3562
Data Pruning 0.8202 0.7515 0.6521 0.8116 0.786 4 0.6588
Micro-averaged AUC
No Pruning 0.8202 0.7515 0.6521 0.8116 0.786 4 0.6588
Data Pruning 0.7425 0.684 2 0.5089 0.5859 0.7953 0.5811
Macro-averaged AUC
No Pruning 0.7425 0.6842 0.5089 0.5859 0.7953 0.5811
F10 EASMO D EEERNEBBEIKAERMIEER
Evaluation Method Bibtex CAL500 Enron Scene Yeast
Data Pruning 0.4699 0.548 4 0.2341 0.548 6 0.7222 0.5054
Micro-averaged Recall
No Pruning 0.469 9 0.545 1 0.2341 0.548 6 0.7203 0.5709
Data Pruning 0.3860 04795 0.1807 0.369 1 0.733 4 0.2859
Macro-averaged Recall
No Pruning 0.3860 0.4830 0.1813 0.369 1 0.7314 0.3396
Data Pruning 0.729 1 0.7527 0.602 8 0.7522 0.8176 0.7342
Micro-averaged AUC
No Pruning 0.729 1 0.7527 0.602 8 0.7522 0.8176 0.7342
Data Pruning 0.6872 0.7253 0.5052 0.6194 0.8228 0.5739
Macro-averaged AUC
No Pruning 0.6872 0.7253 0.5052 0.6194 0.8228 0.5739

Recall 645 I, BR T Yeast BudE 45 , 76 HAb G 4E [ ad ik
BB AL AN R MAE AUC 845 I, PEREW A AL 221k,

PEAE A FH SMO 432530, ESUS J i fff 0 89 A 2
AR

F1 EAKNNDEREEMNBIRERAHMSIBER

Evaluation Method Bibtex CAL500 Enron Scene Yeast
Data Pruning 0.1726 0.560 1 0.3279 0.3504 0.6745 0.5574
Micro-averaged Recall
No Pruning 0.1726 0.5586 0.3277 0.3504 0.6745 0.617 1
Data Pruning 0.108 8 0.5428 0.236 1 0.2810 0.6862 0.4039
Macro-averaged Recall
No Pruning 0.108 8 0.5411 0.2352 0.2810 0.6862 0.4390
Data Pruning 0.6973 0.8291 0.6230 0.748 6 0.884 6 0.7778
Micro-averaged AUC
No Pruning 0.6973 0.829 1 0.6230 0.748 6 0.884 6 0.7778
Data Pruning 0.6650 0.8398 0.5257 0.6240 0.8900 0.664 9
Macro-averaged AUC
No Pruning 0.6650 0.8398 0.5257 0.6240 0.8900 0.6649

FE UL T KINN 432 5400k s B0 408 B A 9 91
RS gt B AEZR 11, £ X P Recall #5845 , Yeast
BHE SR A PERE 22 5 AR A R AR L AR 2
BEXTPIAS AUC 845 , BY RIS M RE AN S, A I 7E KNN
YRR ESUS Jr v M BB BY R A 200

MR N2 0] U AT EE BT AL, 558 47 i [
HRRW A4S . BART 5 C4.5 o AL R X T
CAL500 1 Enron 33 Fif A 1 i 72 B AR 2 A9 8508l 4 L is A7
IFENE A T 600 s 22 5 (HA R R JE: , X T Bibtex 3X FpAS
A1 R R X R ) R PR AR B 4 | ek ) T B M IR
%, FFETH 7500 2247, 3O FROR M3 B 23R 7 1
0, BT LA R C4.5 73 2858k i 08 B A I R 2 TR

EY . SMO 43 250k i, & R aT DL H B ]
WARIE T FEAY, 4T Bibtex 50854 , 154 T 25 000 s, 3%
SEARE W T, T LU T SMO 23 253 ), B8 Y
R T A AN 12 £ 5 4 4 1 B ) 45 T2 B R 5 il
JH KNN 232 B 50, Enron A1 Bibtex 33X Fp AN 34 7 74 B 45
15 ) RAEAS B R SR B 8] F PR AR IHARZ , Enron TR T
1000 s 22, M Bibtex W25 T 9 2 1 H ] B 50 000 s
FAERFIE) L T LSO BT B A RICR T3 3

25 LTIk, ESUS Jr v& (il FH U B9 A RS E 47 85 s
BYREAH EL, PR RE R R KM AR L (H R[] 2
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Classification Method Bibtex Birds CAL500 Enron Scene Yeast
c4s Data Pruning 90 065 75 426 2156 317 274

No Pruning 97 547 87 1023 2837 344 355

Data Pruning 85243 67 174 1776 299 186

SMO No Pruning 333063 74 368 2155 304 198

KNN Data Pruning 93192 70 116 1699 304 183

No Pruning 140817 85 658 2738 362 349

5 R4 [6] TSOUMAKAS G, VLAHAVAS I. Random k-labelsets: an

TEA P Z AR 2858 73 26, B R AT IE A
I ) RF At R 285 DAY A 49 ] 50 AR A 28 () AN 249 4 ] AL
ARSI T — 22 4 JORAE T 15 0 DRARZE PN A X 87 )
A, M 22 AR AR N ZR A , 4 ey 1 B2 ) 70 ek
AE . A FH R0l B A4 i~ il DR A6 (1) AN 3% A ) T,
WEPRFF 0 JEVERE SRR I 2= SR JEE . SR A R R, A
ST B RO T AR E AR
SR, ARSI EATAE— LA 2 AL . FER)E BT A
Hh AN TR 22 B 2 AN P A R 4 1) 0 R B R REAN [ [
Sl P AR A0 Bl A 1) 2 A A7 D0 S B A 3 Ak i 1Y
{H. MEAM A SO ETE KNN 2R B N — g, X ]
B9 PRI k(AT G, ROKH IEMT TS KNN 73 285 ik
TS EAU, #E— PR T 2R FEERE .
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