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Abstract—Multi-label learning deals with training examples each represented by a single instance while associated with multiple class
labels. Due to the exponential number of possible label sets to be considered by the predictive model, it is commonly assumed that
label correlations should be well exploited to design effective multi-label learning approach. On the other hand, class-imbalance stands
as an intrinsic property of multi-label data which significantly affects the generalization performance of multi-label predictive model. For
each class label, the number of training examples with positive labeling assignment is generally much less than those with negative
labeling assignment. To deal with the class-imbalance issue for multi-label learning, a simple yet effective class-imbalance aware
learning strategy named Cross-Coupling Aggregation (CocoA) is proposed in this paper. Specifically, CocoA works by leveraging the
exploitation of label correlations as well as the exploration of class-imbalance simultaneously. For each class label, a number of
multi-class imbalance learners are induced by randomly coupling with other labels, whose predictions on unseen instance are
aggregated to determine the corresponding labeling relevancy. Extensive experiments on eighteen benchmark data sets clearly
validate the effectiveness of COCOA against state-of-the-art multi-label learning approaches especially in terms of imbalance-specific

evaluation metrics.

Index Terms —Machine learning, multi-label learning, class-imbalance, cross-coupling aggregation

1 INTRODUCTION

In multi-label learning, each real-world object is rep-
resented by a single instance while associated with mul-
tiple class labels [21], [64]. Formally, let X = R denote
the instance space of d-dimensional feature vectors and
Y = {y1,92,...,yq} denote the label space consisting of
g class labels. The task of multi-label learning is to induce a
predictive model i : X — 2Y from the multi-label training
set D = {(x;,Y;) |1 <i< N}, where z; € X is a d-
dimensional instance and Y; C ) is the set of relevant
labels associated with ;. Given an unseen instance x, h(x)
returns the set of relevant labels for the unseen instance.

In the past decade, multi-label learning techniques have
been widely applied to model real-world objects with rich
semantics, such as text [27], [33], [39], [48], image [6], [15],
[59], [66], [69], audio [5], [37], video [26], [56], gene [7], [41],
[55], etc. To learn from multi-label data, the key challenge
lies in the huge output space which contains exponential
number (27) of possible label sets for prediction. Therefore, a
common practice for designing effective multi-label learning
approaches is trying to exploit correlations among class
labels to facilitate the learning procedure [21], [64]. Roughly
speaking, existing approaches can be grouped into three
categories based on the order of correlations being consid-
ered, i.e. first-order approaches considering independence
among class labels, second-order approaches considering
correlations between a pair of class labels, and high-order
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approaches considering correlations among all class labels
or subsets of class labels.

Nonetheless, the intrinsic property of class-imbalance
needs to be taken into full consideration as well for learning
from multi-label data [18]. Specifically, for each class label
y; € Y, let D;T = {(zi,+1) | y; € V5,1 < i < N} and
D; = {(zi,—1) | y; ¢ Vi,1 < i < N} denote the set of
examples with positive labeling and negative labeling w.r.t. yﬁ
respectively. Correspondingly, class skewness between D
and D} can be measured by the imbalance ratio:

L max(D ] ID )
* ™ (D} 1,125 )

As an intrinsic property of multi-label data, ImR; would
be high in most cases.! For instance, among the eighteen
benchmark multi-label data sets used in this paper (Table
2), the average imbalance ratio across the label space (i.e.
1 gzl ImR;) ranges from 2.1 to 32.2 (with thirteen of them
greater than 5.0), and the maximum imbalance ratio across
the label space (i.e. max;<;j<4 ImR;) ranges from 3.0 to 50.0
(with fifteen of them greater than 10.0).

It is well-known that class-imbalance acts as a major
threat to compromise the training procedure of machine
learning techniques, which would lead to performance
degradation for existing multi-label learning approaches
[24], [64]. Therefore, the desirable multi-label training proce-
dure should be aware of the exploitation of label correlations
as well as the exploration of class-imbalance. In light of this
consideration, a simple yet effective class-imbalance aware
learning strategy named COCOA, i.e. CrOss-COupling Ag-
gregation, is proposed to learning from multi-label data. For

1. Generally, |D]+\ < |D; | holds.



each class label, COCOA generates a number of multi-class
imbalance learners each induced by coupling one randomly
chosen class label with the current label. After that, the rel-
evancy of each class label w.r.t. the unseen instance is deter-
mined by aggregating predictions yielded by the multi-class
imbalance learners. Comprehensive experiments on eigh-
teen benchmark data sets show that COCOA achieves highly
competitive performance against state-of-the-art comparing
algorithms, especially in terms of evaluation metrics specific
to class-imbalance scenario.

The rest of this paper is organized as follows. Section 2
reviews existing works related to COCOA. Section 3 presents
technical details of the proposed approach. Section 4 reports
experimental results of comparative studies. Finally, Section
5 concludes and indicates several issues for future work.

2 RELATED WORK

The goal of multi-label learning is to learn a mapping
from the instance space to the power set of label space.
Due to the exponential number of possible label subsets
to be predicted, it is essential to exploit label correlations
for predictive model induction. Roughly speaking, existing
approaches to learning from multi-label data can be catego-
rized based on the order of correlations being considered.

First-order approaches work in a label-by-label style by
ignoring the co-existence of other labels. Specifically, one
binary classification model is induced to make prediction
w.r.t. each class label independently [3], [62], [63]. Second-
order approaches work by considering pairwise relations
between labels. For instance, it is natural to consider the
ranking relation that relevant labels should have larger
modeling output than irrelevant labels [16], [19], [25], or the
interaction relation that label pairs with high co-occurrence
rate would have strong label correlation [20]. High-order
approaches work by considering relations among a number
of labels. For instance, the multi-label predictive model can
be trained by exploiting the assumption that high-order
relations exist among all labels [28], [47] or a subset set
of labels [53] in the label space. More detailed discussions
on existing multi-label learning algorithms can be found in
recent review literatures [21], [64], [68].

To address the class-imbalance issue in multi-label learn-
ing, one can take the transformation strategy by applying
existing class-imbalance learning techniques to the binary or
multi-class learning problems transformed from the multi-
label learning problem. Binary relevance [62] serves as the
most straightforward solution where the original multi-label
learning problem is decomposed into a number of indepen-
dent binary learning problems, one per class label. Given
the decomposed binary learning problems, the skewness
between the majority class and minority class can be directly
handled by employing popular binary imbalance learning
techniques. For under-sampling techniques, the training
examples from majority class can be under-sampled to form
new binary training set by random sampling [52] or ex-
ploiting Tomek link [42]. For over-sampling techniques, the
training examples from minority class can be over-sampled
to form new binary training set by random sampling [8],
nearest neighbor informed over-sampling [49], or synthetic
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instance generation [9], [31], [32], [36]. Furthermore, over-
sampling techniques can be combined with instance editing
mechanism to decouple highly imbalanced labels for class-
imbalance multi-label learning [10].

To fulfill the transformation strategy, label powerset [64]
serves as another straightforward solution which transforms
the original multi-label learning problem into a multi-class
problem by treating any distinct label combination appear-
ing in the training set as a new class. After that, the skewness
among the transformed classes can be directly handled by
employing off-the-shelf multi-class imbalance learning tech-
niques [1], [30], [35], [40], [57], [61]. Although label correla-
tions have been explicitly addressed through the transfor-
mation process, the number of transformed classes (upper-
bounded by min(N,27)) would be prohibitively large for
any multi-class learner to work well.

Other than the transformation strategy, one can also em-
ploy the adaptation strategy of endowing multi-label learn-
ing algorithms with the ability of handling class-imbalance
via tailored adaptations. For instance, the classification
threshold can be determined based on held-out validation
set [17] or optimized with extra learning procedures [44],
[46]. Rather than only tuning the thresholding parameter, a
more sophisticated solution is to train the multi-label pred-
itive model by directly optimizing imbalance-aware metric
such as F-measure [13], [43], [45]. Furthermore, it is also
feasible to customize algorithmic choices of specific classifi-
cation model for class-imbalance multi-label learning, such
as designing oblique splitting function for decision trees
[12], calibrating regularization hyperparameter for support
vector machines [22], or adjusting hyperedge weights for
hypernetwork models [51].

Most works on class-imbalance multi-label learning as-
sume complete labeling information for the training exam-
ples, i.e. all the relevant labels for each training example
are available for model induction. However, the process of
acquiring labels for training examples is generally costly,
especially under multi-label learning scenario where mul-
tiple labels need to be annotated for the training example.
Therefore, it is of practical importance to consider the issue
of missing labels for class-imbalance multi-label learning,
which can be tackled by imposing label consistency via
submodular minimization [29], [60] or label regularization
via accelerated proximal gradient [4]. On the other hand,
the task of learning multi-label predictive model may take
place under streaming scenario where training examples
arrive incrementally. The issue of concept drift and class-
imbalance for multi-label stream learning can be tackled
by maintaining two windows for the positive and negative
examples of each label respectively [50].

It is worth noting that COCOA makes use of ensemble
learning to aggregate the predictions of a number of (i.e.
K) randomly-generated imbalance learners, each induced
by pairwise cross-coupling between the current label and
one randomly chosen class label. There have been multi-
label learning methods which also utilize ensemble learning
[65], [67] to deal with their inherent random factors, such
as ensembling chaining classifier with random order [34],
[47] or ensembling multi-class learner derived from ran-
dom k-labelsets [38], [53]. It is worth noting that although
pairwise cross-coupling only considers second-order corre-



lations among labels, the overall label correlations exploited
by COCOA are actually high-order as controlled by the
parameter K. Specifically, COCOA fulfills high-order label
correlations by imposing random pairwise cross-coupling
for K times instead of combining all K coupling labels
simultaneously, as the latter strategy may lead to severe
class-imbalance due to the combinatorial effects.

3 THE COCOA APPROACH

Following the notations in Section 1, the task of multi-
label learning is to induce a multi-label predictive model
f : X +— 2V from the multi-label training examples
D = {(x,Y;) | 1 < i < N)}. Generally, this task is
accomplished by learning a set of ¢ real-valued functions
fi : X =R (1 <j<gq), where f;(x) returns the confidence
of associating class label y; with an instance © € X. Along
with the thresholding function ¢; : X — R, the set of
relevant labels for x is predicted as:

W) ={y; | fi(=) > tj(x), 1 <j <q} @

An intuitive way to induce f;(-) is to learn from the
binary training set D; derived from D for the j-th class label

y; [62]:

+1, ify; €Y;
where ¢(Yi,y;) = { -1, othérwise

Correspondingly, the derived binary training set consists of
positive training examples (D;T) and negative training ex-
amples (D; ), i.e. D; = Dj U D; . To account for the skew-
ness between Dj' and Dj_, one straightforward solution is to
apply some binary-class imbalance learner B on D; to induce
a binary classifier g;, i.e. g; < B(D;). Then, the real-valued
function f;(-) can be instantiated as fj(x) = g;(+1|x),
where g;(+1|x) denotes the predictive confidence that x
should be regarded as a positive example w.r.t. y;.

Although it is feasible to explore the class-imbalance
issue following the above intuitive way, the predictive
model f;(-) for each class label y; is actually built in an
independent manner. To exploit label correlations for model
induction, COCOA proposes to considering correlations be-
tween one random class label y;, (k # j) with y; via cross-
coupling. Specifically, given the label pair (y;,yx), a multi-
class training set D;;, can be derived from D:

0, ify; ¢ Y andyy ¢ V;

+1, ify; ¢ Yiand gy € Y,
where w(ylvyjayk) = .

+2, ify; € Vandy ¢V,

+3, ify; €Yyandy, €Y;

Here, the class label (Y}, y;, yx) for the derived four-class
learning problem is determined by the joint assignment of
y; and y, wrt. Y;.

Note that although the exploitation of label correlations
can be enabled by making use of D;;, in the learning process
the issue of class-imbalance becomes more pronounced by
jointly considering y; and y. Without loss of generality,
suppose that positive examples D;‘ (or D}) correspond to

TABLE 1
The pseudo-code of COCOA.

Inputs:
D:  the multi-label training set {(x;,Y;) | 1 <i < N}
(m’i € X7K g an = Rday = {y17y27~~~7yq})

M:  the multi-class imbalance learner
K:  the number of coupling class labels
x:  the test example (x € X)
Outputs:
Y:  the predicted label set for «
Process:
1: forj =1togdo
2:  Form the binary training set D; according to Eq.(2);
3:  Draw a random subset Zx C Y\ {y;} containing K class
labels;
for Yk € Tk do

Form the tri-class training set DY according to Eq.(4);

gk — M(DjR);
end for
Set the real-valued function f;(-) according to Eq.(5);
Set the constant thresholding function ¢;(-) with constant
a; being determined according to Egs.(6) and (7);
10: end for
11: Return Y = h(x) according to Eq.(1);

the minority class in the binary training set D; (or Dy).
Accordingly, for the four-class training set Dy, the first class
(W(Yi, Y, yi) = 0) and the fourth class (t(Y;, i, yi,) = +3)
would contain the largest and the smallest number of exam-
ples. In constrast to the imbalance ratios ImR; and Im Ry, in
binary training sets D; and Dy, the imbalance ratio between
the largest class and the smallest class in D,;, would roughly
increase to ImR; - ImRy,.

To deal with this potential problem, COCOA employs a
simple strategy of transforming the four-class data set D,
into a tri-class data set D;Zi by merging the third class and
the fourth class (both with positive assignment for y;):

DI = (2 0™ (Viyiome)) [1 SIS N} @)
0, ify; ¢ ¥iandy, ¢ Y;

+1, ify; ¢ Yiand g € Y;

+2, ify; €Y;

where ¢ (Y, y;, ur) =

Here, for the newly-merged class (/**(Y;, y;, y) = +2), its
imbalance ratios w.r.t. the first class (¥**1(Y;,y;,yr) = 0)
and the second class (¥*"(Y;, y;,yx) = +1) would roughly
b I?f}ézkp“’” d 1i7}l£;ék , which is much smaller than the
worst-case imbalance ratio ImR; - ImR;, in the four-class
training set.

Based on some multi-class imbalance learner M, one
multi-class classifier g;;, can be induced by applying M on
DY, ie. gjr — M(DY). Correspondingly, let gjx(+2 | )
denote the predictive confidence that « should have positive
assignment w.r.t. y; (regardless of x having positive or neg-
ative assignment w.r.t. y;). For each class label y;, COCOA
draws a random subset of K class labels Zxe C Y\ {y;} for
pairwise cross-coupling. The real-valued function f;(-) is
then instantiated by aggregating the predictive confidences




TABLE 2
Characteristics of the benchmark multi-label data sets.

Imbalance Ratio

Data set |S] dim(S) L(S) F(S) LCard(S) LDen(S) DL(S) PDL(S) _
min max avg
CAL500 502 68 124  numeric 25.058 0.202 502 1.000 1.040 24390 3.846
Emotions 593 72 6 numeric 1.869 0.311 27 0.046 1.247  3.003 2.146
Birds 645 260 12 numeric 0.891 0.074 93 0.144 5262 31250 15.493
Medical 978 144 14 numeric 1.075 0.077 42 0.043 2,674 43478 11.236
LLOG 1460 100 18 nominal 0.851 0.047 109 0.075 7.538 46.097 24.981
Enron 1702 50 24 nominal 3.113 0.130 547 0.321 1.000 43478  5.348
Image 2000 294 5 numeric 1.236 0.247 20 0.010 2448  3.890 3.116
Scene 2407 294 6 numeric 1.074 0.179 15 0.006 3.521 5618  4.566
Yeast 2417 103 13 numeric 4233 0.325 189 0.078 1.328 12500 2.778
Slashdot 3782 53 14 nominal 1.134 0.081 118 0.031 5464 35714 10.989
Corel5k 5000 499 44 nominal 2214 0.050 1037 0.207 3460 50.000 17.857
Revl-sl 6000 472 42 numeric 2.458 0.059 574 0.096 3.342 49.000 24.966
Rev1-s2 6000 472 39 numeric 2.170 0.056 489 0.082 3216 47780 26.370
Rcv1-s3 6000 472 39 numeric 2.150 0.055 488 0.081 3.205 49.000 26.647
Bibtex 7395 183 26 nominal 0.934 0.036 377 0.051 6.097 47974 32245
Eurlex-sm 19348 250 27 numeric 1.492 0.055 497 0.026 3.509 47619 16.393
Tmc2007 28596 500 15 nominal 2.100 0.140 637 0.022 1447 34483  5.848
Mediamill 43907 120 29 numeric 4.010 0.138 3540 0.079 1.748 45455  7.092
of K multi-class imbalance learners: by calibrating the aggregated predictive confidences of the
induced multi-class classifiers w.r.t. the thresholding value
filx) = ZykeIK gir(+2]x) ©®) (Steps 8-9). Finally, the predicted label set for the test exam-
Furthermore, COCOA chooses to set the thresholding func- ple s obtained bzy querying the predictive models of all class
tion t;(-) as a constant function t;(x) = a;, where any labels (Step 11).
J J J

example « is predicted to be positive for y; if f;(x) > a;
and negative otherwise. Here, the “goodness” of a; can be
evaluated based on certain metric which measures how well
f; classifies examples in D; by using a; as the bipartition
threshold. Specifically, COCOA employs the F-measure met-
ric (i.e. harmonic mean of precision and recall) which is
popular for evaluating the performance of binary classifier,
especially for the case of skewed class distribution.

Let F'(f;, a, D;) denote the F-measure value achieved by
applying { f;,a} over the binary training set D;, i.e.:

2- P(fj7a,Dj) . R(fj, a, Dj)

P(fj,a,D;) + R(f;,a,D;)
S Lf(@) > ag] - [y, € Vi)
S [f(xi) > a5]

F(fjvavpj): (6)

where P(fj,a,D;) =

Sy Ifi(@:) > a;] - [y; € Y]
Y[y € Vil
Here, [7] returns 1 if predicate = holds and 0 otherwise. The

thresholding constant a; is determined by maximizing the
corresponding F-measure:

R(fj, a, D]) =

a; = argmax,cr F(f;,a,D;) )

The complete procedure of COCOA is summarized in
Table 1. For each class label y; € ), a total of K multi-
class imbalance classifiers (Steps 3-7) are induced by ma-
nipulating the multi-label training set D via random cross-
coupling. After that, the predictive model for y; is produced

4 EXPERIMENTS

In this section, the effectiveness of COCOA is thoroughly
investigated via extensive experimental studies. Firstly, ex-
perimental setup including data sets, comparing algorithms
and evaluation metrics are introduced. Secondly, detailed
experimental results as well as statistical comparisons are
reported. Thirdly, several properties of the proposed COCOA
approach are further analyzed.

4.1 Experimental Setup

4.1.1 Data Sets

To comprehensively evaluate the performance of COCOA,
a total of eighteen benchmark multi-label data sets have
been collected for experimental studies. For each multi-label
data set S, we use |S|, L(S), dim(S) and F(S) to represent
its number of examples, number of class labels, number of
features and feature type respectively. In addition, several
multi-label statistics [47] are further used to characterize
properties of S:

o LCard(S) = Fll Y@ vyes Y| o label cardinality
which measures the average number of relevant la-
bels per example;

e LDen(S) = % : label density which normal-
izes label cardinality by the total number of class
labels;

2. The code package for COCOA is publicly available at

http://palm.seu.edu.cn/zhangml/files/COCOA .rar.



TABLE 3
Performance of each comparing algorithm (mean=+std. deviation) in terms of macro-averaging F-measure (Fmacro; the larger the value of Fiacro,
the better the performance). Furthermore, on each data set, the performance of top-ranked algorithm and runner-up algorithm are marked with e
and = respectively. For each comparing algorithm, its average rank across all data sets is also summarized at the bottom line.

D Algorithm
ata set

Ccocoa THRSEL IRUS SMOTE-EN RML BRr CLR Ecc RAKEL
CAL500 .210+.007  .2524.006% .277+.004e .2354+.003 .209+.008 .169+.007 .081+.007 .092+.004 .193+.003
Emotions .666+.019¢ .560+.021 .622+.014 .5754.023  .645+.016% .550+.020 .595+.017 .638+.020 .613+£.018
Birds 443+.031e .311£.022 .269+.012 .389+.032% .325+.022  .332+.025 .299+4+.028 .253+.028 .338+.035
Medical .759+.013e .733£.014% .537+.069 .700+.017 .707+.015 .718+.014 .7244+.017 .733+.017x .672+.014
LLOG .082+.010 .096£.004% .124+.003e .095+.013  .095+.019 .031+£.005 .0244.005 .022+.003 .023+£.005
Enron .342+.010e  .291+.006 .293+.005 .266+.009  .307+.028% .246+.011 .244+.007 .268+.009 .267+.012
Image .639+.019¢ .524+.011 .573+.004 .5454+.006 .512+.013 .523+.011 .545+.011 .615+.017x .613+.013
Scene .728+.011e .626£.012 .632+.006 .623+.006 .684+.013 .626+£.012 .631+.013 .716£.005% .686=£.008
Yeast 461+.011x  4274+.008  .426+.008  .436+.005 .471+.014e .4094+.006 .413+.010 .389+.006 .420+.005
Slashdot 374+.007e .335+.015 .257+.011 .366£.007+ .343+.029 .291+£.018 .2904+.018 .304+.015 .296+.015
Corel5k 196£.004%« .146£.009 .105£.003 .1254.004 .215+.009e .089+.004 .0494.004 .054+.004 .084+.005
Revil-sl .364+.007+ .292+.006 .252+.004 .313+.004 .387+.020e .2854.007 .227+.007 .192+.003 .2724.007
Revl-s2 .3424+.008« .2754+.006 .234+.005 .3054+.004 .363+.029e .2724+.005 .226+.006 .173+.004 .263+.005
Rev1-s3 .339+.008« .2754+.010 .225+.002 .302+.006 .371+.006e .271+.011 .211+.008 .163+.005 .257+.006
Bibtex 318+.011x .303+£.011  .253+.003  .2834+.005 .326+.010e .263+.008 .265+.009 .212+.009 .252+.012
Eurlex-sm .703+.004e .581+.006 .360+.003 .5524+.003 .605+.006 .580+.006 .599+.006 .608+.007 .632+.008x
Tmc2007 .668+.004e .615+.003 .455+.002 .5664+.002 .568+.039 .607+.002 .623+.003 .643+.003% .643+.004x
Mediamill 455+.005e .346+.003 .278+.001 .3384+.001 .268+.019 .318+.003 .268+.004 .260+.001 .3784.002x
" Average Rank 172 4 439 589 478 356 636 68 628 519

e DL(S) = {Y|(z,Y) € S}| : distinct label sets which
measures the number of distinct relevant label set;

e PDL(S) ST proportion of distinct label sets
which normalizes distinct label sets by the number
of examples.

As discussed in Section 1, let ImR; represent the im-
balance ratio on the j-th class label (1 < j < g¢). The
level of class-imbalance on S can be characterized by the
average imbalance ratio % i_1 ImR;, the minimum im-
balance ratio minj<j<4 I m%%j, and the maximum imbalance
ratio maxi <<4 IR, across the label space.?

Table 2 summarizes characteristics of the experimental
data sets, which are roughly ordered according to |S|. As
shown in Table 2, the eighteen data sets exhibit diversified
properties in terms of different multi-label statistics. In
addition, these data sets cover a broad range of scenarios, in-
cluding text (Medical, Enron, Rcvl, Bibtex, Eurlex-sm,
Tmc2007)*, audio (CAL500, Emotions, Birds), image
(Scene, Corel5k), video ( Mediamill), biology (  Yeast),
etc.

4.1.2 Comparing Algorithms

Two series of comparing algorithms are employed in this
paper for experimental studies. Firstly, the performance of

3. As a common practice in class-imbalance studies [24], the case of
extreme imbalance is not considered in this paper. Specifically, any class
label with rare appearance (less that 20 positive examples) or with
overly-high imbalance ratio (ImR; > 50) is excluded from the label
space.

4. Dimensionality reduction is performed on text data sets by retain-
ing features with high document frequency.

CocoA is compared against several approaches which are
capable of dealing with the class-imbalance issue in multi-
label data:

e THRSEL [17]: The multi-label learning problem is
decomposed into ¢ binary learning problems, and
the classification threshold is tuned by maximizing
F-measure over held-out validation set.

o IRUS [52]: The multi-label learning problem is de-
composed into ¢ binary learning problems, and the
majority class in each binary problem is randomly
undersampled to form the new binary training set.
The random undersampling procedure is repeated
multiple times to derive an ensemble of binary clas-
sifiers to yield composite decision boudary between
the majority class and the minority class.

e SMOTE-EN: The multi-label learning problem is de-
composed into ¢ binary learning problems, and the
minority class in each binary problem is oversampled
via the SMOTE method [11] to form the new binary
training set. Considering that COCOA utilizes ensem-
ble learning in its learning process, its ensemble ver-
sion SMOTE-EN is employed for comparative study.

e RML [43]: Other than integrating binary decom-
position with threshold selection or under-/over-
sampling, another way to handle class-imbalance
is to design learning system which can directly
optimize imbalance-specific metric. Here, the RML
approach is employed as another comparing algo-
rithm, which maximizes macro-averaging F-measure
on multi-label data via convex relaxation.

Secondly, the performance of COCOA is compared



TABLE 4
Performance of each comparing algorithm (mean=+std. deviation) in terms of macro-averaging AUC (AU Cmacro; the larger the value of
AU Chacro, the better the performance). Furthermore, on each data set, the performance of top-ranked algorithm and runner-up algorithm are
marked with e and x respectively. For each comparing algorithm, its average rank across all data sets is also summarized at the bottom line.

D Algorithm
ata set
cocoa THRSEL IRUS SMOTE-EN BRr CLR Ecc RAKEL

CAL500 .558+.005%  .5094+.004  .545+.004 .5124+.003 .509+.004  .561+.004e  .557+4.008 .528+4.005
Emotions .8444+.010%x  .6874+.013  .802+£.008 .698+.013 .687+.013  .796+.010 .850+.009¢  .797+.015
Birds .855+.015e  .6734+.029  .843+.009 .692+.020 .673+.029  .737+.018 .850+.018«  .737+.024
Medical 964+.007¢  .869+.014  .9554+.009«  .873+.029 .869+.014  .955+.007«  .952+.010 .856+.010
LLOG .663+.005 518+.005  .676+.010e  .561+.013 5184+.005  .612+.009 .673+£.012«  .5144+.004
Enron .7524+.006e  .5974+.006  .738+.005 .619+.011 5974+.006  .720+.004 .750+.004«  .6504+.006
Image .864+.008«  .681+.011  .823+£.007 .698+.011 .681+.011  .799+.008 .867+£.008¢  .813£.009
Scene 9434+.003%  .761+.015  .920+.004 777+.012 .761£.015  .894+.005 944+.003e  .8924.004
Yeast 711+.006e  .5764+.007  .658+.006 .582+.006 576+.007  .650+.004 .705+.006%  .641+.004
Slashdot .774+.005¢  .632+.009  .753+.010 .7144.009 .632+.009  .742+.009 .765+£.008«  .6384+.003
Corel5k .718+.004 559+.006 .687+.008 .596+.005 5594+.006  .740+.002e¢  .723+£.005%  .552+4.002
Revil-sl .889+.003%  .6434+.012  .882+.003 .626+.007 .643+.012  .891+.003e  .8814.003 .728+.003
Rev1-s2 .882+.002¢  .640+.008  .880+.003 .6224.007 .640+.008  .882+.002e¢  .874+4.002 .7214.003
Rcv1-s3 .880+.002¢  .6334.012  .872+.003 .628+.006 .633+.012  .877+.002%  .872+.003 .718+.004
Bibtex .877+.003 .673+.009  .894+.003e  .706+.008 .673+.009  .881+.004x  .8734.003 .696+.007
Eurlex-sm 9574+.002¢  .7784+.006  .952+.001x  .7964.006 .778+.006  .944+.001 .951+.002 .8724.005
Tmc2007 931+.001e  .784+£.005 .916+.001 .793+.003 .7844+.005  .906+.001 928+.001«  .859+.002
Mediamill .8444+.001e  .6504+.003  .818+.001 .670+.003 .650+.003  .805+.001 .840+.001+«  .7374.001

" Average rank | 164 717 283« 605 717 319 247 547

against several well-established multi-label learning algo-
rithms [64], including first-order approach binary relevance
(BR) [62], second-order approach calibrated label ranking
(CLR) [19], and high-order approaches ensemble of classifier
chains (EcC) [47] and random k-labelsets (RAKEL) [53].

All the comparing algorithms are instantiated with the
following configurations: 1) For IRUS and SMOTE-EN, deci-
sion tree is used as the base learner due to its popularity
in class-imbalance studies [24]. Specifically, J48 decision tree
(C4.5 implementation in the widely-used Weka platform) is
adopted as their base learner [23]; 2) For RML, the original
implementation provided in the literature is used; 3) For
the second series of algorithms (BR, CLR, ECC and RAKEL),
their implementations provided by the MULAN multi-label
learning library (upon Weka platform) with suggested pa-
rameter configurations [54] are adopted; 4) For COCOA, the
multi-class imbalance learners M is implemented in Weka
using J48 decision tree with undersampling [23], and the
number of coupling class labels is set as K = min(q—1, 10).
Furthermore, for comparing algorithms incorporating en-
semble strategy (IRUS, SMOTE-EN and ECC), their ensemble
size is set to be 100 to yield competitive performance.

4.1.3 Evaluation Metrics

Given the multi-label data set S, let f;(-) and ¢;(-) denote
the real-valued function and thresholding function for each
class label y; (1 < j < ¢). Under class-imbalance scenarios,
F-measure and Area Under the ROC Curve (AUC) are the
mostly-used evaluation metrics which can provide more
insights on the classification performance than conventional
metrics such as accuracy [24]. In this paper, the multi-

label classification performance is accordingly evaluated by
macro-averaging the metric values across all class labels [64]:

e Macro-averaging F-measure (Finacro)

_ 1
Fmacro - a

_ 2BR;
7 PitR;

p. - X @ yvyes Ifi(@)>t; (@)]-[y;€Y]
7 (e vyeslfi(@)>t;(@)]

R, — Y@ vyes Lfi(®)>t;(2)] [y, €Y]
7 Y vreslyi€Y]

e Macro-averaging AUC (AU Cpacro)
AUCmacro = % ;1-:1 AUCj, where

a .
j=1 Fj, where

@)@ > ), (@ w2 x 25
AUC; = EHEE —

7|
Zf ={z|(x,Y)eS, y;eY}
Zr={z|(z,Y)eS, y; ¢Y}

Furthermore, two widely-used canonical multi-label
evaluation metrics ranking loss and average precision [21], [64]
are also employed for performance evaluation:”

e Ranking Loss (RL)
RL = 15 Yavyes il Wi via) | fir (@) <

fia (@), (yj1,52) €Y x Y}
where Y = Y\ Y is the complementary set of Yin )

5. For brevity, experimental results in terms of other multi-label eval-
uation metrics are not reported in this paper while similar observations
can be obtained as well.



TABLE 5
Performance of each comparing algorithm (mean=std. deviation) in terms of ranking loss (RL; the smaller the value of RL, the better the
performance). Furthermore, on each data set, the performance of top-ranked algorithm and runner-up algorithm are marked with e and «
respectively. For each comparing algorithm, its average rank across all data sets is also summarized at the bottom line.

D Algorithm
ata set
cocoa THRSEL IRUS SMOTE-EN BRr CLR Ecc RAKEL

CAL500 .265+.003 .383+.008  .482+.008 4734.009 .383+.008  .241+.002%  .237+.004e  .340+.003
Emotions 1594+.014%  .3064+.019  .202+.011 .299+.013 306£.019 .193+.011 .1514+.011e  .200+£.018
Birds .098+.008«  .1674+.017  .123+.011 .163+.012 167+.017  .110+.006 .095+.008¢  .1404.011
Medical .021+.003e¢  .0574.014  .030+£.005 .072+.017 .057+.014  .023+.003 .022+.004+«  .0874.011
LLOG 2264+.008«  .2684+.012  .258+.008 .306+.013 268+.012  .228+.006 223+.005¢  .357+.013
Enron 1164.002«  .2314+.007  .252+.021 .249+.010 2314+.007  .121+£.002 .114+.001e  .2004.007
Image 1494+.009%  .3124+.016  .182+.008 .289+.015 312+.016  .199+.011 147+£.010e  .1984+.008
Scene .0734+.004e  .2484+.026  .089+£.003 .222+.019 248+.026  .111+.004 .073£.003e¢  .112+4.005
Yeast 186+.006%  .3484+.012  .439+.005 .399+.008 .348+.012  .204+.003 182+.004e  .2304.004
Slashdot 1894.004%  .2194.008  .245+.020 .221+.005 2194.008  .183+.005e¢  .189+£.005%  .332+.004
Corel5k .2014.002 257+£.005  .362+.015 .3434+.005 2574+.005  .186+.003e¢  .189+.003x«  .569+.006
Revil-sl .0784+.002 287+.010  .104+.003 .301+.008 2874+.010 .077+.001%  .074+.002¢  .1874+.003
Rev1-s2 .081+.002 269+.010  .108+.004 .277+.009 2694+.010  .079+.001e  .079+£.002¢  .194+.004
Rcv1-s3 .0824.002 269+.012 .112+.002 .281+.006 269+.012  .080+.001x  .078+.002e¢  .195+.004
Bibtex .059+.002 .1284+.006  .049+.002e¢  .1384.006 .128+.006  .049+.002e¢  .053=+.002 .150+.005
Eurlex-sm .029+.001e  .1504.005 .036+.001 .1414.003 .150+.005  .031+.001 .0304.001%  .087+.003
Tmc2007 .046+£.001+«  .142+.002  .139+.001 .152+.003 1424.002  .050+.001 .0454+.001e  .100+£.002
Mediamill .074+.001e  .2214+.003  .277+.002 .291+.002 2214+.003  .081+.001 .074+.001e  .1414.001

" Average rank | 225 617 503 o 689 617 261 144 539

o Average Precision (AP)
AP = F1| Z(m,Y)GS \71|

Z H{yj, lrank(e,y;, ) <rank(x,y;,), vj, €Y|
Yj €Y rank(x,y;, )

where rank(zx,y;) returns the rank of y; when all
labels in Y are sorted in descending order based on

{f;() 1<) <q}

4.2 Experimental Results

Table 3 to Table 6 report the detailed experimental results
of the comparing algorithms in terms of each evaluation
metric.® For each data set, 50% examples are randomly
sampled without replacement to form the training set, and
the remaining 50% examples are used to form the test set.
The random train/test splits are repeated for ten times and
the mean metric value as well as the standard deviation
are recorded. In each table, the performance of top-ranked
algorithm and runner-up algorithm are marked with e and
* respectively, and the average rank across all data sets are
also summarized for each comparing algorithm.

To systematically analyze the relative performance
among the comparing algorithms, the widely-used Friedman
test [14] is employed which serves as a favorable statistical
test for comparisons among multiple algorithms over a number
of data sets. Given k comparing algorithms and 7' data
sets, let rg denote the rank of the j-th algorithm on the i-
th data set where mean ranks are shared in case of ties.

6. As the RML approach [43] does not yield real-valued outputs on
each class lable, its performance is only evaluated in terms of macro-
averaging F-measure with categorical classification results.

Furthermore, let R; = + Zl L7} denote the average rank
for the j-th algorithm. Then, under the null hypothesis of
all algorithms having “equal” performance, the following
Friedman statistic F'r will be distributed according to the
F-distribution with £ — 1 numerator degrees of freedom

and (k — 1)(T — 1) denominator degrees of freedom:
T—-1
IFr = (=D )X , where
( 1) -
" k(k + 1)2
2
= iy [ -
k +1) i

The Friedman statistics F'r and the corresponding crit-
ical value on each evaluation metric are summarzied in
Table 7. It is clear from Table 7 that, at 0.05 significance
level, the null hypothesis of “equal” performance among the
comparing algorithms should be rejected for all evaluation
metrics.

Thereafter, by treating COCOA as the control algorithm,
we employ Holm's procedure [14] as the post-hoc test to
show whether COCOA achieves significantly different per-
formance against each of the other algorithms. Without loss
of generality, we take the first comparing algorithm A,
as COCOA. Among the other k — 1 comparing algorithms
A; 2< j < k), we take A; as the one which has the (j-1)-th
largest average rank over all data sets. Then, the test statistic
for comparing A; (i.e. COCOA) and A; corresponds to:

Rj)/ % 2<j<k) 8



TABLE 6
Performance of each comparing algorithm (mean=std. deviation) in terms of average precision (AP; the larger the value of AP, the better the
performance). Furthermore, on each data set, the performance of top-ranked algorithm and runner-up algorithm are marked with e and
respectively. For each comparing algorithm, its average rank across all data sets is also summarized at the bottom line.

D Algorithm
ata set
cocoa THRSEL IRUS SMOTE-EN BRr CLR Ecc RAKEL

CAL500 477+.005 .330+.006  .276+.007 .253+.005 .330+.006  .506+.004%«  .511+£.005e¢  .399+.006
Emotions .800+.011%  .6824+.015  .755+.012 .679+.013 .682+.015  .768+.011 .809+.010e  .765+.018
Birds .673+.016%  .5214+.024  .595+.029 .538+.026 521+.024  .619+.020 .680+.028¢  .587+.019
Medical 920+.007e  .8744.020 .883+£.014 .845+.020 .874+.020  .912+.008 920+£.010e  .828+.019
LLOG .3464+.009%  .306+.012  .307+.009 .278+.010 306+.012  .342+.009 353+.010e  .218+.013
Enron 711£.007«  .5964.008  .532+.021 .532+.006 .596+.008  .702+.006 .718+.007e¢  .6524+.010
Image 818+.009%  .6714+.013  .781+£.007 .680+.015 .671+.013  .763+.010 .820+£.010e  .7744.006
Scene .868+.007«  .7074+.016  .844+.005 .710+.013 .707+.016  .809+.007 .870+£.003e  .8224.006
Yeast .7624+.007«  .5954+.008  .543+.004 .535+.010 .5954+.008  .739+.004 .766+£.005¢  .7154.004
Slashdot .603+.0060  .565+.012  .504+.046 .571+.010 565+.012  .591+.009 598+£.007«  .4844.007
Corel5k .396+.004«  .3434+.006  .189+.045 .244+.003 .343+.006  .386+.006 405+.003e  .213#£.006
Revil-sl .601+.005%  .4284.007  .555+.007 .403+.005 428+.007  .597+.004 .626+.004e  .5024.005
Rev1-s2 .611+.004«  .458+.007  .568+.008 437+.005 4584+.007  .611+.003%  .630+.004e  .515+.006
Rcv1-s3 .608+.005%  .4634.008  .571+£.004 .438+.008 463+.008  .607+.003 .635+.003e  .506=£.006
Bibtex .7254.005 .610+.012  .731+.005%  .6024.008 .610+.012  .727+.007 .735+.006e  .5944.008
Eurlex-sm .864+.003e  .682+.006  .829+4.002 .669+.004 .682+.006  .838+.002 .864+.004e  .788+.005
Tmc2007 .859+.001%«  .757+£.002  .694+.002 .728+.002 .757+.002  .846+.001 .864+.001e  .8194.002
Mediamill .803+.001e  .5974.004  .494+.003 413+.001 5974+.004  .778+.001 .801£.001«  .7364.001

" Average rank | 203 594 525 719 594 314 117 528

TABLE 7 TABLE 8

Summary of the Friedman statistics Fi in terms of Facro
(macro-averaging F-measure), AUCmacro (Macro-averaging AUC), RL
(ranking loss), AP (average precision). The critical value w.r.t. k (#
comparing algorithms) and T" (# data sets) at 0.05 significance level is

also given.
Metric Fr k T critical value
Fracro 9.1053 9 18 1.9384
AU Cracro 76.5477 8 18 2.0868
RL 41.5142 8 18 2.0868
AP 48.9641 8 18 2.0868

Accordingly, let p; denote the p-value of z; under normal
distribution. Given the significance level «, the Holm’s
procedure works in a stepwise manner by checking whether
the statistic p; is below o/ (k—j+1) in ascending order of j.
Specifically, the Holm's procedure terminates at j* where j*
corresponds to the first j such that p; < a/(k — j + 1) does
not hold.” Then, CocoA is deemed to have significantly
different performance against A; with j € {2,...,j* — 1}.

Tables 8 and 9 report the statistics of post-hoc test
based on Holm'’s procedure at 0.05 significance level, where
COCOA is treated as the control algorithm. Specifically, the
following observations can be made based on the reported
experimental results:

1) In terms of macro-averaging F-measure (Fmacro, Ta-
ble 3), among the 9 comparing algorithms, Cocoa

7.1f pj < a/(k — j + 1) holds for all j, j* takes the value of k + 1.

Comparison of CocoA (control algorithm) against other comparing
algorithms (with Holm’s procedure as the post-hoc test at significance
level & = 0.05) in terms of imbalance-specific evaluation metrics.

macro-averaging F-measure (# comparing algorithms k = 9)

j algorithm 2j Dj af(k—j+1)
2 CLR -5.598 2.171e-8 0.006
3 BRr -5.083 3.718e-7 0.007
4 Ecc -4.995 5.877e-7 0.008
5 IrRUS -4.568 4.924e-6 0.010
6 RAKEL -3.801 1.440e-4 0.013
7  SMOTE-EN -3.352 8.021e-4 0.017
8 THRSEL -2.925 3.446e-3 0.025
9 RML -2.016 4.384e-2 0.050
macro-averaging AUC (# comparing algorithms k = 8)
j algorithm 25 Dj af(k—j+1)
2 BRr -6.773 1.263e-11 0.007
3 THRSEL -6.773 1.263e-11 0.008
4  SMOTE-EN  -5.401 6.622¢-8 0.010
5 RAKEL -4.691 2.722e-6 0.013
6 CLR -1.898 5.765e-2 0.017
7 IrRUS -1.457 1.450e-1 0.025
8 Ecc -1.017 3.094e-1 0.050

achieves best and runner-up performance in 55.6%
and 33.3% cases respectively. As shown in Table 8, it
is impressive that COCOA significantly outperforms
all comparing algorithms. Note that although Co-
COA is not tailored to optimize the macro-averaging



TABLE 9

Comparison of Cocoa (control algorithm) against other comparing
algorithms (with Holm’s procedure as the post-hoc test at significance
level a = 0.05) in terms of canonical multi-label evaluation metrics.

ranking loss (# comparing algorithms k = 8)

algorithm 25 D; af/(k—j+1)

R N O\ U1 = W N|S.

SMOTE-EN -5.683 1.325e-8 0.007
Br -4.801 1.579%e-6 0.008
THRSEL -4.801 1.579e-6 0.010
RAKEL -3.846 1.202e-4 0.013
IRUS -3.405 6.622¢-4 0.017
CLR -0.441 6.593e-1 0.025
Ecc 0.992 1.000e0 0.050

average precision (# comparing algorithms k£ = 8)

algorithm 2 Dj af/(k—j+1)

0 N O\ U1 = W N|S.

SMOTE-EN -5.160 2.621e-10 0.007
BRrR -3.910 1.678e-6 0.008
THRSEL -3.910 1.678e-6 0.010
RAKEL -3.250 6.879¢-5 0.013
IRUS -3.220 8.024e-5 0.017
CLR -1.110 1.740e-1 0.025
Ecc 0.860 1.000e0 0.050

2)

3)

F-measure as RML does, its performance is rather
competitive to RML on this imbalance-specific met-
ric.

In terms of macro-averaging AUC (AUCnacro, Ta-
ble 4), among the 8 comparing algorithms, COCOA
achieves best and runner-up performance in 55.6%
and 27.8% cases respectively. As shown in Table 8§,
it is also noteworthy that COCOA significantly out-
performs BR, THRSEL, SMOTE-EN and RAKEL. The
statistically comparable performance of CLR and
Ecc against COCOA on AU Cpacro show their good
ability in ranking positive (minority class) exam-
ples higher than negative (majority class) examples,
while the inferior performance on Fiacro are due
to their less effective bi-partitioning procedure w.r.t.
each class label.

In terms of canonical multi-label evaluation met-
rics, among the 8 comparing algorithms, CocoA
achieves runner-up or better performance in 72.2%
cases on ranking loss (Table 5) and 88.9% cases on
average precision (Table 6). As shown in Table 9, CO-
COA achieves comparable performance to CLR, ECC
and significantly outperforms the other comparing
algorithms on both ranking loss and average preci-
sion. These observations show that COCOA not only
achieves promising results in terms of imbalance-
specific metrics emphasizing generalization perfor-
mance on minority class, but also achieves com-
petitive results in terms of canonical multi-label
evaluation metrics assuming equal importance of
minority and majority classes.

CocoaA significantly outperforms THRSEL, SMOTE-
EN, BR and RAKEL in terms of all evaluation met-
rics. It is also interesting to notice that the simple
strategy of combining binary decomposition with
threshold calibration (i.e. THRSEL) can lead to rel-
atively good performance (third best) in terms of

5)

9

macro-averaging F-measure, while its performance de-
generates to that of BR in terms of macro-averaging
AUC where threshold calibration does not count.

In terms of imbalance-specific evaluation metrics
(Tables 3 and 4), the performance advantage of
CocoaA is more pronounced on data sets with large
number of examples such as Eurlex-sm, tmc2007
and Mediamill. Furthermore, C OCOA tends to
achieve good performance on data sets with smaller
number of class labels such as Emotions, Birds,
Medical, Image, Scene, Yeast and Slashdot.

In terms of canonical multi-label evaluation metrics
(Tables 5 and 6), the performance of COCOA is
inferior on data sets with large number of class
labels such as CALS500. It is worth noting that on
the pairwise evaluation metric ranking loss, COCOA
barely achieves best or runner-up performance on
data sets with large average imbalance ratio such
as Rcvl-sl, Rcvl-s2, Rcvl-s3 and Bibtext.
These results indicate that the cross-coupling strat-
egy employed by COCOA may bring benefits to
class-imbalance classification by compromising its
ranking performance between relevant and irrele-
vant labels.

4.3 Further Analysis

In this subsection, the following comparing algorithms are
further considered to further analyze specific properties of
CocoA:

As shown in Eq.(5), COCOA assumes equal weight
for each coupling label y;, € Zx in aggregating the
predictive confidence of each multi-class imbalance
learner g¢;x(-). As an alternative, we can re-write
Eq.(5) in the following way by taking account of the
class recognition in predictive confidence aggrega-
tion:

fi(@) = ZukeIK wy - gjk(+2 | ) where

N N Wy
Wy, = Zizlﬂy’“ €Yi], wy=

Zyk €Tlx Wy,

By replacing Eq.(5) with the above definition and
keeping the other algorithmic components of CoO-
COA unchanged, the resulting variant is termed as
CocoA-V1.

As shown in Step 3 of Table 1, for each class label
y;, the corresponding subset of coupling labels Zx
are generated in a random manner. For each class
fabel g, € Y\ {y;}, let Cji = 2.1, [0(¥i, )
(Yi,yx)] be the count of identical joint assignment
which indicates the degree of correlation between
y; and yi. As an alternative, we can form Zx by
choosing K labels from Y \ {y;} which have the
highest degree of correlation with y;. By keeping the
other algorithmic components of COCOA unchanged,
the resulting variant is termed as COCOA-V2.

In Subsection 4.2, the performance of COCOA is
compared against several well-established class-
imbalance multi-label learning algorithms based on
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Fig. 1. Performance of CocoA and the comparing algorithms Cocoa-V1, CocoA-V2, REMEDIAL in terms of imbalance-specific evaluation metrics.

under-/over-sampling or F-measure maximization.
It is worth noting that COCOA relies on the key
strategy of cross-coupling which considers the joint
assignment of a pair of class labels. In light of
this, we further employ one recently proposed class-
imbalance multi-label learning approach named RE-
MEDIAL [10] for comparative studies, which works
in a similar manner by exploiting label concurrence
between minority and majority labels.

Figure 1 and 2 illustrate the performance of COCOA and
the comparing algorithms COC0A-V1, COCOA-V2, REME-
DIAL in terms of imbalance-specific and canonical multi-
label evaluation metrics respectively. Furthermore, Table

10 summarizes the win/tie/loss counts of COCOA against
CoC0A-V1, COCOA-V2, REMEDIAL over all the benchmark
data sets based on pairwise ¢-test at 0.05 significance level.
Based on the reported results, we can observe that: a) In
most cases, COCOA achieves significantly better or at least
comparable performance to its variant COCOA-V1. These re-
sults indicate that assuming equal weight for each coupling
label in Eq.(5) serves as a good practice for COCOA. b) In
most cases, COCOA achieves significantly better or at least
comparable performance to its variant COCOA-V2. These
results indicate that the random coupling strategy employed
by COCOA is effective in generating predictive model with
good generalization performance. c) In most cases, COCOA
achieves significantly better performance than REMEDIAL.
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Fig. 2. Performance of CocoA and the comparing algorithms Cocoa-V1, CocoA-V2, REMEDIAL in terms of canonical multi-label evaluation metrics.

TABLE 10
Pairwise t-test between Cocoa and the comparing algorithms
CocoA-V1, CocoA-V2, REMEDIAL at 0.05 significance level. The
win/tie/loss counts over eighteen benchmark data sets are recorded in
terms of each evaluation metric.

COCOA against

Metric Cocoa-V1 COCOA-V2 REMEDIAL
Fiacro 5/10/3 3/13/2 16/0/2
AU Chnacro 5/12/1 8/10/0 14/2/2
RL 4/14/0 4/12/0 15/1/2
AP 7/10/1 1/16/1 16/2/0
In Total 21/46/5 16/51/5 61/5/6

5 CONCLUSION

In this paper, the intrinsic property of class-imbalance for
learning from multi-label data is investigated. Specifically,

a simple yet effective class-imbalance multi-label learning
approach named COCOA is proposed which considers the
exploitation of label correlations via cross-coupling and the
exploration of class-imbalance via undersampling. Exten-
sive experiments over a total of eighteen benchmark data
sets as well as up to eight comparing algorithms clearly val-
idate the effectiveness of the proposed approach in solving
class-imbalance multi-label learning problems.

In the future, it is interesting to investigate other strate-
gies for simultaneous label correlations exploitation and
class-imbalance exploration. Furthermore, in addition to
the label-wise class-imbalance issue of skewness between
positive examples and negative examples for each label,
it is also important to investigate the instance-wise class-
imbalance issue of skewness between relevant labels and



irrelevant labels for each instance, especially for large-scale
multi-label learning with huge output space [2], [27], [58].
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