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Abstract

In multi-label learning, each object is represented
by a single instance while associated watlset of
class labels. Due to the huge (exponential) num-
ber of possible label sets for prediction, existing ap-
proaches mainly focus on how to exploit label cor-
relations to facilitate the learning process. Never-
theless, an intrinsic characteristic of learning from
multi-label data, i.e. the widely-existinglass-
imbalanceamong labels, has not been well inves-
tigated. Generally, the number of positive train-
ing instances w.r.t. each class label is far less than
its negative counterparts, which may lead to per-
formance degradation for most multi-label learn-
ing techniques. In this paper, a hew multi-label
learning approach namedross-Coupling Aggre-
gation(Cocoa) is proposed, which aims at lever-
aging the exploitation of label correlations as well
as the exploration of class-imbalance. Briefly, to
induce the predictive model on each class label,
one binary-class imbalance learner corresponding
to the current label and several multi-class imbal-
ance learners coupling with other labels are aggre-
gated for prediction. Extensive experiments clearly
validate the effectiveness of the proposed approach,
especially in terms of imbalance-specific evalua-

tion metrics such as F-measure and area under the

ROC curve.

I ntroduction

The key challenge to learn from multi-label data lies in the
huge number of possible label sets for prediction, which is
exponentiato the size of label space (i.%). To take on
this challenge, existing approaches mainly focus on ekploi
ing correlationsamong class labels to facilitate the learning
procesd Tsoumakaset al, 2010; Zhang and Zhou, 2014
Based on therder of correlationsbeing considered, exist-
ing approaches can be roughly grouped into three categories
i.e. first-order approaches which assume independence a-
mong class labels, second-order approaches which consider
correlations between a pair of class labels, and high-order
approaches which consider correlations among all the class
labels or subsets of class labels.

On the other hand, an inherent property of learning from
multi-label data, i.e. thelass-imbalanceamong labels, has
not been fully taken into consideration by most existing ap-
proaches. For each class labele ), IetDj+ = {(x;,+1) |
yj € Yi,1 <4 < NpandD; = {(=i,—-1) | y; ¢
Y;,1 < ¢ < N} denote thepositiveand negativetraining
examples w.r.ty;. Generally, the correspondimgbalance
ratio ImR; = maX(|'D;r|7 |’D;|)/min(|Dj+|7 D |) would
be high! For instance, among the thirteen benchmark multi-
label data sets used in this paper (Table 2), dver age
imbalance ratio across the label space (%92321 ImR;)
ranges fron.1 to 17.9 (with nine of them greater than 5.0),
and themaxi numimbalance ratio across the label space (i.e.
maxi<;<q ImR;) ranges from3.0 to 50.0 (with eleven of
them greater than 10.0).

Class-imbalance has long been regarded as one fundamen-
tal threat to compromise the performance of standard ma-
chine learning algorithms, which would also lead to perfor-

Under the multi-label learning setting, each example is repmance degradation for most multi-label learning approsche
resented by a single instance (feature vector) while aasoci [He and Garcia, 2009; Zhang and Zhou, 2pIherefore, a

ed with multiple class labels simultaneou$fsoumakast favorable practice towards designing multi-label leagraf:

al., 2010; Zhang and Zhou, 20L4 Formally speaking, let gorithm should cautiously leverage the exploitation ofelab

X = R? denote the input space atdimensional feature Ccorrelations as well as the exploration of class-imbalahte
vectors andy = {y1,92,...,%,} denote the output space this paper, a novel class-imbalance aware algorithm named
of ¢ class labels. Given the multi-label training et =  COCOA, i.e. CrOss-COupling Aggregatigris proposed to
{(z;,Y;) |1 <i< N}, wherexz; € X is ad-dimensional learning from multi-label data. For each class labebc@A

feature vector andl; C ) is the set of labels associated with builds one binary-class imbalance learner corresponding t
x;, the task is to learn a multi-label classifier: X — 2¥ the current label and also several multi-class imbalararaie

from D which maps from the space of feature vectors to the
space ofabel sets ‘In most case§D; | < |D; | holds.



ers coupling with other labels. After that, the final preiiot

on each class label is obtained by aggregating the output-

Table 1: The pseudo-code obHEoa.

s yielded by the binary learner and the multi-class learners Inputs:

Comparative studies across thirteen publicly-availahlétim
label data sets show thato€oA achieves highly competi-
tive performance, especially in terms of appropriate eaalu
tion metrics under class-imbalance scenario.

The rest of this paper is organized as follows. Section 2 K:

presents technical details of the proposemc©A approach.
Section 3 discusses existing works related toc©A. Section

4 reports the experimental results of comparative studhies.
nally, Section 5 concludes.

2 The Cocoa Approach

As shown in Section 1, the task of multi-label learning is to
induce a multi-label classifigr : X — 2% from the training
setD = {(x;,Y;) | 1 <i < N}. This is equivalent to learn
q real-valued functiong; : X — R (1 < j < gq), each
accompanied by a thresholding functign X — R. For any
examplex € X, f;(x) returns theconfidencef associating

x with class label;, and the predicted label set is determined

according to:

h(z) ={y; | fi(x) > tj(z), 1 <j<gq} 1)

Let D; denote the binary training set derived frdnfor the
j-th class labely;:

Dj = {(xs,¢(Ys,y;)) |1 <i < N}
+1,
-1,

2)
if Yj € Y;

otherwise

where ¢(Y;,y;) = {

Therefore, the derived binary training set consists of a subyy.

set of positive training example@f) and a subset of nega-
tive training examplesR;’), i.e. D; = D;.“ UD; . To deal
with the issue of having skewed distribution betwéb;h and

D;, one straightforward solution is to apply sorh"mary-
class imbalancéearner3 onD; to induce a binary classifier
gj, i.e. gj < B(Dj). Letg;(+1|x) denote the predictive

D:  the multi-label training sef(z;,Y;) | 1 <i < N}
(@ € XY CY, X =R, Y = {y1,2,...,5q})

B: the binary-class imbalance learner

M:  the multi-class imbalance learner

the number of coupling class labels

: the test exampled € X)
Outputs:
Y: the predicted label set far
Process:
1: for j=1togdo
Form the binary training sé€®; according to Eq.(2);
g; < B(D;);
Draw a random subs@x C Y \ {y;} containingK class
labels;
for yr € T do

Form the tri-class training s@;fzi according to Eq.(4);

gk + M(D5R);
end for
Set the real-valued functiofy (-) according to Eq.(5);
Set the constant thresholding functig( ), with the constant
a; being determined according to Eq.(6);
. end for
: ReturnY” = h(x) according to Eq.(1);
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Here, the class labe}(Y;, y;, yx) for the derived four-class
learning problem is determined by the joint assignment;of
andy; w.r.t. Y;.

Note that although label correlations can be exploited by
making use oD, in the learning process, the issue of class-
imbalance may be amplified by jointly consideripg and
Without loss of generality, suppose that positive ex-
amplesD;” (D;;) correspond to theminority class in the
binary training setD; (D). Accordingly, the first class
(w(y;a Yk, yk) = 0) and the fourth ClasaK(i/ia Yk yk) = +3)
in D, would contain the largest and the smallest number of
examples. Compared to the original imbalance rafiag?;
andImRy, in binary training set®; andDy,, the imbalance
ratio between the largest class and the smallest class would

confidence that: should be regarded as a positive exampleroughly turn intolmR; - Im Ry, in four-class training seb ;.
for y;, the real-valued functioff;(-) can then be instantiated To deal with this potential problem, @ oA transforms the
as fj(x) = g;(+1|x). In addition, the thresholding func- fouyr-class data séb,;, into a tri-class data s@vt** by merg-
tiont;(-) can be simply set to some constant function such agg the third class and the fourth class (both with positive
tj(z) = 0. _ , _assignment fog;):
In the above class-imbalance handling strategy, the predic . .

tive modelf; (-) for each class label; is built in an indepen- DY = {(zi, v (Yo yjon)) [ 1 <1 < N} (4)
dent manner. To incorporate label correlations into thenlea 0, ify; ¢ Yiand y ¢ Y;
ing process, we choose to randomly couple another class labe

+1, ify; ¢ Yiandyx € Y;
+2,

yr, (k # j) with y; as follows. Given the label paiy;, ),  Where ¥ (Y, y;,ux) =
Here, for the newly-merged class®i(Y;, y;, yx) = +2), its

a multi-class training selD;;, can be derived frort:
0, fy; ¢ Yiandy, ¢Y; imbalance ratios w.r.t. the first clasg*{!(Y;,y;, yx) = 0)
1, ify; ¢ Yiandy, €Y anollh'ir}l%e.ﬁ%ond claiig(}@,yj_, yk) = +1) would roughly
be TrImE, * and T imEr which is much smaller than the

+2, ify; €Yiandy, ¢ V; worst-case imbalance ratibnR; - ImR, in the four-class
+3, training set.

ify; €Y;
(3)

where ¥(Y;,y;,yk) =

ify;eY,andy, €Y}



Table 2: Characteristics of the benchmark multi-label data.

Data set S| dim(S) L(S) F(S) LCard(S) LDen(S) DL(S) PDL(S) — n'mbagfe Rag?/ 5
CAL500 502 68 124 numeric  25.058 0.202 502 1.000 1.040 24.3%0846
Emotions 593 72 6 numeric 1.869 0.311 27 0.046 1.247 3.003 462.1
Medical 978 144 14  numeric  1.075 0.077 42 0.043  2.674 43.478.236
Enron 1702 50 24 nominal 3.113 0.130 547 0.321 1.000 43.4783485.
Scene 2407 294 6 numeric  1.074 0.179 15 0.006 3521 5.618 64.56
Yeast 2417 103 13 numeric  4.233 0.325 189 0.078  1.328 12.50(00782
Slashdot 3782 53 14  nominal 1.134 0.081 118 0.031 5.464 85.710.989
Corelsk 5000 499 44 nominal 2.214 0.050 1037 0.207  3.460 080.017.857
Rovl (subset1) 6000 472 42 numeric  2.458 0.059 574 0.096 43.30.000 15.152
Rcvl (subset2) 6000 472 39  numeric  2.170 0.056 489 0.082 53.27.619 15.873
Eurlex-sm 19348 250 27  numeric  1.492 0.055 497 0.026  3.509.6187 16.393
Tmc2007 28596 500 15  nominal 2.100 0.140 637 0.022  1.447 834.45.848
Mediamill 43907 120 29  numeric  4.010 0.138 3540 0.079  1.748.455 7.092

By applying somemulti-class imbalancdearner M on  overall label correlations exploited bya€oA are actually
Dﬁ‘, one multi-class classifigt;;, can be induced, i.ey;;, + high-order as controlled by the paramefér Here, -
M(DH). Correspondingly, leg;x(+2 | z) denote the pre- COA fulfills high-order label correlations by imposing pair-
dictive confidence thaz: should have positive assignmen- Wis€ coupling fork' times instead of combining ak™ cou-

t w.rt. y;, regardless ofe having positive or negative as- Pling labels simultaneously, as the latter strategy mag tea
signment w.r.t.yy. For each class labg};, Cocoadrawsa  Severe class-imbalance due to the combinatorial effects.
random subset ok class label€x C Y\ {y;} for pairwise

coupling. The real-valued functiofy(-) is then instantiated 3 Related Work

by aggregating the predictive confidences of one binargscla In this section, we briefly discuss existing works related to
imbalance learner andl multi-class imbalance learners: CocoA. More comprehensive reviews onHmuIti-IabeI learn-
ing can be found in survey literatures such &soumakagt
fi(®) = gj(+1|z) + ZykezK gir(+2]x)  (5) al.? 2010; Zhang and ZhOL)J/, 2014; Gibaja and Ventura, 2015
As mentioned in Section 2, one intuitive solution towards
. ; class-imbalance multi-label learning is to firstly decorsgo
as a constant functian(z) = a;. By accompanyingthe con- e myi-label learning problem intg independent binary
stanta; with f;, any example is predicted to be positive for |earming problems, one per class label (a.ktinary rele-
y; If fi(z) > a;, and negative otherwise. Specifically, the a4 "And then, for each decomposed binary learning prob-
“goodness” ofa; is evaluated based on certain metric which e " the skewness between the positive and negative train-
measures how welf; can classify examples i®; by using jnq examples can be dealt with via popular binary imbal-
a; as the bipartition threshold. In this paper, we employ theElnce learning techniques such as random or synthetic un-

F-measure metric (i.e. harmonic mean of precision and¥ecajjersamplina/oversampli romitros-Xioufiet al. 2011
) which is popular for evaluating the performance of binary . Pind pliiGpy y y

ahir et al, 2014. However, useful information regardin
classifier, especially for the case of skewed class digtabu 2 g g

' label correlations will be ignored in this decompositioopr
Let F(f;,a,D;) denote the F-measure value achieved by apgagg.

plying {f;, a} over the binary training séb;, the threshold- " pittarent from binary decomposition, one can also trans-
ing constant; is determined by maximizing the correspond- torm the multi-label learning problem into a multi-classpr

ing F-measure: lem by treating any distinct label combinations appearing i
a; = argmaxaer F(f;, a,D;) (6) the training set as a new class (a.Kabel powersét After
that, the skewness among the transformed classes can be deal
Table 1 summarizes the complete procedure of the prowith via off-the-shelf multi-class imbalance learning hiec
posed @coA approach. For each class lakgl € Y, one  niques[Wang and Yao, 2012; Liet al, 2013. Although
binary-class imbalance learner (Steps 2-3) @doupling label correlations can be exploited in this transformagion
multi-class imbalance learners (Steps 4-8) are induceday m cess, the number of transformed classes (upper-bounded by
nipulating the multi-label training sé®. After that, the pre- min(N,29)) may be too large for any multi-class learner to
dictive model fory; is produced by aggregating the predictive work well.
confidences of the induced binary and multi-class classifier Besides applying class-imbalance learning techniques to
(Steps 9-10). Finally, the predicted label set for the teate  the transformed binary or multi-class problems, one can
ple is obtained by querying the predictive models of all glas also make the multi-label learning algorithm be aware of
labels (Step 12). the class-imbalance issue via parameter tuning. For C
It is worth noting that although pairwise coupling (Step 6) coa, the thresholding constant is calibrated by maximiz-
only considers second-order correlations among labeés, thing imbalance-specific metric such as F-measure based on

For the thresholding functioty(-), Cocoa chooses to set it



Table 3: Performance of each comparing algorithm (resd. deviation) in terms ahacro-averaging F-measu(® acro-F).

In addition,e/o indicates whether € oais statistically superior/inferior to the comparing alijom on each data set (pairwise

t-test at 1% significance level).

. Data Set
Algorithm CAL500 Emotions Medical Enron Scene Yeast Slashdot
COoCOoA 0.20740.009 0.6620.013 0.698-0.015 0.324-0.009 0.732:0.013 0.45%0.015 0.3270.009
Usam 0.21A40.0066 0.591£0.0166 0.670:0.012 0.266+:0.011e 0.624+:0.008 0.432:-0.010 0.259+0.010e
UsAaM-EN  0.246+0.004 0.590£0.018 0.665:0.025 0.274:0.010 0.620+:0.011e  0.437-0.012 0.296-0.007%
SMOTE 0.23A40.0060 0.584£0.02 0.672+:0.022 0.266-0.0066 0.619+-0.007% 0.430G+0.0066 0.326+0.005
SMOTE-EN  0.239:0.004 0.582:0.017% 0.672-0.022 0.275:0.004 0.624-0.007% 0.4314-0.00% 0.315+0.007
RML 0.209+0.008 0.645:-0.016 0.666-0.018 0.3020.016 0.684+0.013 0.471-0.014 0.3110.00%
ML-KNN 0.074:0.00» 0.592:-0.0266 0.474:0.03} 0.174:-0.011¢ 0.715+0.011 0.386:0.00% 0.198+0.014%
CLR 0.0810.007% 0.595:0.01% 0.650+0.012 0.229-0.0066 0.63H-0.013 0.413+:0.01 0.233+0.007
Ecc 0.102:£0.004 0.642:-0.0140 0.6470.02} 0.241-0.0066 0.716+0.009 0.394-0.00% 0.250+0.007
RAKEL 0.193t£0.003 0.613:£0.018& 0.576:0.014 0.256+:0.0066 0.686+0.008% 0.42G+0.00% 0.248+0.006e

N | DataSet ~~~~~~~ "~~~ 77777 winftie/loss ~ -~
Algorithm Corel5k ( s&gg"é 1) ( s%%‘gtt 2) Eurlex-sm Tmc2007 Mediamill (é)g(r:\:js;or
COCOA 0.195:0.004 0.363-0.008 0.33%0.009 0.703:0.007 0.662-0.002 0.452-0.004 /
Usam 0.141+0.004 0.318:0.00% 0.306:£0.00% 0.562:0.00% 0.60740.002 0.3340.003 12/0/1
UsAaM-EN  0.150+0.00% 0.3170.00% 0.303:0.00% 0.563:0.004 0.608:0.00» 0.337A-0.003 11/1/1
SMOTE 0.125+0.003 0.314+0.0066 0.305:£0.004¢ 0.552+0.003 0.566+:0.003 0.338+:0.001e 10/2/1
SMOTE-EN  0.126+0.002 0.313:0.004 0.304:-0.004 0.553:0.003% 0.564-0.003 0.341-0.001 10/2/1
RML 0.215+£0.009 0.38A40.02> 0.363:£0.02 0.059:0.003 0.568+:0.03% 0.268+:0.01% 6/4/3
ML-KNN 0.028+0.004 0.122:-0.008% 0.103:0.008% 0.525-0.012 0.479:0.008 0.245+-0.004% 12/1/0
CLR 0.049+0.004¢ 0.22A40.007% 0.226:£0.0066 0.599:0.0060 0.623+:0.003 0.268+0.00% 13/0/0
Ecc 0.064+0.004 0.216+:0.007% 0.199:0.004 0.619:-0.00% 0.642£0.003» 0.277A-0.003 12/1/0
RAKEL 0.084+0.00% 0.272:0.00% 0.263:£0.00% 0.632:0.008 0.643+:0.004 0.378+:0.002 13/0/0

the training set, which could also be calibrated based omexamples, number of class labels, number of features and fea
some held-out validation séFan and Lin, 200[7or be opti-  ture type respectively. In addition, several multi-laitetis-
mized with an extra learning procedlifeuevedeet al, 2012;  tics are further used to characterize propertiesS ofvhose
Pillai et al, 2013. Furthermore, instead of only tuning definitions can be found ifReadet al., 2011 while not de-
the thresholding parameter, another sophisticated clisice tailed here due to page limit.
to design multi-label learning algorithms directly optiinig Let ImR; denote the imbalance ratio on tji¢h class label
the macro-averaging F-measuembczynskiet al, 2013; (1 < j < gq), the level of class-imbalance @hcan be char-
Petterson and Caetano, 2010 acterized by thaver age imbalance ratio§ > 5o ImRy),

In view of the randomness in pairwise couplingd€A  ni ni numimbalance ratiorfiin; < j<, ImR;) andmaxi num
makes use of ensemble learning to aggregate the predictioimbalance ratioiax; < j<, ImR;) across the label space. As
s of K randomly-generated imbalance learners. There have common practice in class-imbalance studlés and Gar-
been multi-label learning methods which also utilize ensemcia, 2009, extreme imbalances not considered in this pa-
ble learning to deal with their inherent random factorshsuc per. Specifically, any class label with rare appearancs (les
as ensembling chaining classifier with random orifeead  than 20 positive examples) or with overly-high imbalance ra
et al, 2011 or ensembling multi-class learner derived from tio (ImR; > 50) is excluded from the label space.
random k-labelsetsTsoumakaet al., 20114. Furthermore, Table 2 summarizes characteristics of the experimental da-
ensemble learning can be employed as a meta-strategy to i sets, which are roughly ordered accordingio As shown
prove generalization with homogeneoi@hi et al, 2011  in Table 2, the thirteen data sets exhibit diversified proper
or heterogeneoudahir et al, 201 component multi-label ties from different aspects. These data sets cover a broad
learners. range of scenarios, including musi€AL500, Enot i ons),
image Scene, Cor el 5k), video (Medi ami | | ), biology
(Yeast),andtext{ he ot hers). Here, dimensionality re-
duction is performed on text data sets by retaining features
with high document frequency.

4 Experiments
4.1 Experimental Setup

Data Sets Comparing Algorithms

To serve as a solid basis for performance evaluation, adgbtal In this paper, ©COA is compared against two series of algo-
thirteen benchmark multi-label data sets have been cellect rithms. As discussed in Section 3, the first series include se
for experimental studies. For each multi-label dataete  eral approaches which are capable of dealing with the class-
use|S|, L(S), dim(S) and F'(S) to represent its number of imbalance issue in multi-label data:



Table 4: Performance of each comparing algorithm (medd. deviation) in terms afhacro-averaging AUGMAacro-Auc).

In addition,e/o indicates whether & oais statistically superior/inferior to the comparing aliom on each data set (pairwise

t-test at 1% significance level).

. Data Set
Algorithm CAL500 Emotions Medical Enron Scene Yeast Slashdot
COoCOoA 0.55A-0.005 0.843-0.010 0.958-0.006 0.7310.006 0.943-0.003 0.718:0.006 0.736:0.005
Usam 0.514+0.005 0.708:£0.01% 0.855:0.012 0.606+:0.016 0.790+0.00% 0.578+:0.0066 0.61A-0.00%
UsAaM-EN  0.513:0.004 0.708:0.01% 0.860+0.024 0.600:0.004 0.788:0.00% 0.583:0.0066 0.618+-0.004%
SMOTE 0.513t£0.005 0.703:£0.01% 0.874:0.01% 0.6140.00% 0.776:0.008% 0.579-0.0066 0.688+0.008
SMOTE-EN  0.513+0.004 0.704:0.013% 0.874-0.01% 0.617-0.00% 0.774-0.011 0.5814-0.00% 0.686+0.008
RML — — — — — — —
ML-KNN 0.516+0.007% 0.806+:0.01% 0.909+0.008 0.663:0.0066 0.926+0.00% 0.679-0.004 0.676+0.006e
CLR 0.5610.004 0.796£0.01G 0.948:0.008 0.709:0.007% 0.894+0.00% 0.65G+0.004 0.698+0.00%
Ecc 0.549+0.007% 0.841-0.009 0.925-0.00% 0.723:0.0066 0.938:-0.003 0.689:0.0066 0.706+0.00%
RAKEL 0.528+0.005 0.79740.01%» 0.828:0.0066 0.640+:0.003 0.892:0.004 0.64G+0.004 0.612+0.002
N | DataSet ~~~~~~~ "~~~ 77777 winftie/loss ~ -~
Algorithm Corel5k ( s&gg"é 1) ( s%%‘gtt 2) Eurlex-sm Tmc2007 Mediamill (é)g(r:\:js;or
COCOA 0.719:0.004 0.882-0.003 0.882:0.002 0.95%0.002 0.938:0.001 0.843-0.001 /
Usam 0.572+£0.003» 0.674:0.01 0.672£0.00% 0.788:0.00% 0.8010.003 0.655+:0.00% 13/0/0/
UsaM-EN  0.574-0.00» 0.676:0.0100 0.671H-0.01G 0.789:0.0066 0.800+0.003 0.654+0.006e 13/0/0/
SMOTE 0.59A40.004 0.625:£0.00% 0.620£0.008 0.795:0.00% 0.793:0.003» 0.669+-0.002 13/0/0/
SMOTE-EN  0.596+0.004 0.626:0.0060 0.620+0.00% 0.795-0.004 0.793+0.003 0.670+0.002 13/0/0/
RML — — — — — — —
ML-KNN 0.590+0.00% 0.718+:0.00% 0.710:0.00% 0.887-0.004 0.849:0.003» 0.767-0.00%e 13/0/0/
CLR 0.740£0.002 0.891£0.003 0.882:0.002 0.944-0.001 0.906-0.001¢ 0.805+0.001e 8/3/2
Ecc 0.69740.0066 0.864:-0.00» 0.855:0.003 0.945+-0.00 0.9214+0.003 0.826+0.00%e 12/1/0
RAKEL 0.552+0.002 0.728t£0.003 0.721£0.003 0.872:0.00% 0.859:0.002 0.73740.001e 13/0/0/

" Macro-Auc not applicable to RiL, which does not yield real-valued outputs on each clas$ [&esterson and Caetano, 2010

e Undersampling (3Am): The multi-label learning prob- In this paper, all the comparing algorithms are instantiate
lem is decomposed intgbinary learning problems, and as follows: 1) For l$AM, SMOTE and their ensemble version-
the majority class in each binary problem is randomlys, decision tree is used as the base learner due to its pibpular
undersampledo form the new binary training set. in class-imbalance studi¢sle and Garcia, 2049Specifical-

ly, these algorithms adopt implementations provided by the

widely-used Weka platform with J48 decision tree (C4.5 im-

plementation in Weka) as their base learitall et al, 2009;

2) For RvL, the original implementation provided in the lit-
bsmngyEtrr‘;;ti?]%ds[;haWIaet al, 2007 to form the new erature is used; 3) For the second series c_)f aIgori'ghms(M
s ' N __ KNN, CLR, Ecc and RaKEL), we adopt their canonical im-
Considering that 6CoA utilizes ensemble learning in  plementations provided by the MULAN multi-label learning
its learning process, an ensemble version 6AM and  |iprary (upon Weka platform) with suggested parameter con-
SMOTE are also employed for comparison (named asfigurations[Tsoumakat al, 2011H; 4) For Cocoa, both
UsAM-EN and S1OTE-EN). the binary-class and multi-class imbalance learngrsufd

e RML: Besides integra‘[ing binary decomposition with M) are Imp_|emented in Weka using J48 decision tree with
undersampling/oversampling, another way to hand|é1ndersamplln¢Hall et aI_., 2009. Fur@hermore, the num_ber
class-imbalance is to design learning system which ca®f coupling class labels is set &= min(q — 1, 10). For fair
directly optimize imbalance-specific metric. Here, the comparison, the ensemble size fosAM-EN and S40TE-
RML approach[Petterson and Caetano, 201§ em- ENis also set to be 10.
ployed as another comparing algorithm, which maxi-
mizes macro-averaging F-measure on multi-label dat#.2 Experimental Results
via convex relaxation.

e SMOTE: The multi-label learning problem is decom-
posed intog binary learning problems, and the minor-
ity class in each binary problem @ersamplediia the

Under class-imbalance scenaribaneasureandArea Under
In addition to the above algorithms, the second series inthe ROC Curve (AUGJre the mostly-used evaluation metrics
clude several well-established multi-label learning atpons ~ which can provide more insights on the classification perfor
[Zhang and Zhou, 2034dincluding first-order approach M mance than conventional metrics such as acculdeyand
KNN [Zhang and Zhou, 20Q7second-order approachL€  Garcia, 2008 In this paper, the multi-label classification per-
[Furnkranzet al, 2004, and high-order approachesc&  formance is accordingly evaluated yacro-averaginghe
[Readet al, 2011 and RakEL [Tsoumakaet al,, 20114. metric values across all class labEfiang and Zhou, 2014
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Figure 1: Performance gain betweeadda and the comparing algorithnP(G;) changes as the level of imbalance ratig)(
increases. On either data set, the performance of eactithlgds evaluated based on F-measure.

For either macro-averaging metric, the higher the metrie va ratio ImR; into five intervalsl (1 < k < 5) in ascending

ue the better the performance. orders, i.e.; = [1,5], I = [5,10], I3 = [10,15], Iy =
Tables 3 and 4 give the detailed experimental results if15,25] andI; = [25,50]. Given one multi-label data set,

terms of each evaluation metric respectively. Each datis set let A; denote the average performance @A over class

randomly split for training and testing, where 50% exampledabels whose imbalance ratios fall infp, and B;, denote the

are chosen to form the training set and the remaining onegverage performance of another comparing algorithm over

form the test set. The random train/test splits are repdated class labels in the same interval. Accordingly, the peagat

ten times and the mean metric value as well as the standa@f performance gain, i.6°G = [(Ax — By)/Bx| x 100%, is

deviation are recorded. computed to reflect the relative performance betweeo@a
Furthermore, to show whethera@oA performs signifi- and_the comparing algorithm within the given |ntervql.

cantly better/worse than the comparing algorithm, paiewis Figure 1 illustrates howPG). changes as the imbal-

t-test at 1% significance level is conducted. Accordingly,ance levell, moves fromI, to ;. Due to page lim-

a win/loss is counted and a marke is shown in the ta- it the performance is evaluated by choosing the F-measure

ble whenever ©coA achieves significantly superior/inferior metric (|11_k| Zlijelk Fj) and two data setk&nr on and

performance on one data set. Otherwise, a tie is counted ang, | ex- smare considered. For brevity, the relative per-
no marker is given. The overall win/tie/loss counts acrdiss a ¢y, mance against four com.paring algori'thmss(AM-EN
data sets are summarized at the last column of each table. SMOTE-EN, Ecc and RAKEL) has been depicted. Sim'ilar

In terms of MACRO-F (Table 3), @coAsignificantly out-  trends can be observed for other evaluation metrics and com-
performs the comparing algorithms in 46.2%MRB), 76.9%  paring algorithms.
(SMOTE, SMOTE-EN), 84.6% (LBAM-EN), 92.3% (L5AM, * As shown in Figure 1, 6COA maintains good relative
ML-KNN, Ecc) and 100% (CR, RAKEL) cases, and hasn't nerformance against the comparing algorithms across dif-
been outperformed by algorithms in the second series. Theggrent imbalance levels, where the curves hardly drop be-
results indicate that.ﬁI(_:OA is capable of ach@vmg good bal- gy the baseline PG;, = 0). Furthermore, it is interesting
ance betwee_n pred|c_t|ve exactness (preC|S|or_1) and c;oaqpletthat the performance advantage ob@A becomes more
ness (recall) in handling class-imbalance multi-labeie®.  yronounced when the level of imbalance ratio is high (for

In terms of MACRO-AucC (Table 4), ®coaA signif- 1, = [15,25] andI; = [25,50]). These results indicate that
icantly outperforms the comparing algorithms in 61.5% Cocoa can provide robust and preferable solutions in diverse
(CLR), 92.3% (EcC) and 100% ($AM, USAM-EN, SMOTE, class-imbalance scenarios.
SMOTE-EN, ML-KNN, RAKEL) cases, while has only been
outperformed by CR twice. These results indicate that the .
real-valued functiong;(-) (1 < j < ¢) learned by ©coA 5 Conclusion

is capable of yielding reasonable predictive confidencd, an|n this paper, the class-imbalance issue in learning from
better classification performance can be further expedted imulti-label data is studied. Accordingly, a novel class-
it is combined with more sophisticated thresholding sggte imbalance multi-label learning algorithm name@@A is
other than the constant function (Table 1, Step 10). proposed, which works by leveraging the exploitation oélab
To further investigate how €coaA works under different  correlations and the exploration of class-imbalance. fipec
levels of imbalance ratios, we roughly group the imbalancecally, one binary-class imbalance learner and severallcaup



multi-class imbalance learners are combined to yield tee pr [Shiet al, 2011 C. Shi, X. Kong, P. S. Yu, and B. Wang.

dictive model. Extensive experiments across thirteen lbenc
mark data sets show thato€ oA performs favorably against

the comparing algorithms, especially in terms of imbalance

specific metrics such as ACRO-F and MacRO-AuUC.
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