Empirical Studies on Multi-label Classification
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Abstract rest. Atthe test time, if the output of the binary classifiers

greater than some threshold, then the given class label is in
In classic pattern recognition problems, classes are mu- cluded among those assigned to the instance [3]. Although
tually exclusive by definition. However, in many applica- it has been widely used, the binary approach has been crit-
tions, it is quite natural that some instances belong to mul- icized for dealing with rather asymmetric problems and
tiple classes at the same time. In other words, these applica not considering the correlations between labels [7]. Mc-
tions are multi-labeled, classes are overlapped by definiti  Callum [4] proposed a Bayesian classification approach in
and each instance may be associated to multiple classeswhich the documents are generated by a mixture model and
In this paper, we present a comparative study on various EM algorithm is used to find maximum a posteriori param-
multi-label approaches using both gene and scene data setseter estimates. The computation of the parameters is a big
We expect our research efforts provide useful insights onconcern when the number of classes becomes large. The
the relationships among various classifiers as well as vari- direct multiclass approach is a straightforward method by
ous evaluation measures and shed lights on future researchconsidering those items with multiple labels as new separat
Although there is no clear winner across various perfor- classes and build models for them. In addition, most previ-
mance measures, SVM Binary and Multi-label ADTree per- ous study on multi-label problem was focused on text cat-
form better than the others on most counts. We then proposesgorization. In this paper, we present a comparative study
a meta-learning approach by combining SVM binary and of various multi-label classification approaches usind rea
ADTree. Our experiments demonstrate that the combinedworld gene and scene datasets, which have not been ex-
method can take the advantages of the single approaches. plored before. Our comparative study includes a compre-
hensive set of classifiers as well as various evaluation mea-
sures. We expect our research efforts provide useful itsigh
1 Introduction on the relationships among various classifiers as well as var
ious evaluation measures and shed lights on future research
The multi-labeled classification problem is more diffi- N the meantime, we also propose a meta-learning approach
cult than the traditional multi-class classification pexhl Py combining binary SVMs with multi-label ADTree.
(which usually refers to simply having more than two pos-
sible disjoint classes for the classifier to learn) in thessen 2 Multi-label Classification
that each instance is not assumed to be classified into a num-
ber of predefined exclusive categories. Few algorithms have Generally, the classification problem is: given a set of
been devised for multi-labeled task in the machine learn-training samples in the form dfx;, f(x;)), the goal is to
ing community. Common approaches for multi-label prob- learn an approximate functiof{x). For multi-label classi-
lems include binary approach, Bayesian approach, and dification, the approximate functiofi(x) may take several
rect multiclass approach. Typical examples of the binary values from the set of “class labels”. The base classes
approach include the multi-label version of AdaBoost @hlle are non-mutually-exclusive and mayerlap by definition.
AdaBoost.MH [6] and a multi-label generalization of kernel More specifically, we formalize the problem as follows: Let
methods by Elisseeff and Weston [2] where the general pro-X’ be the set of training samples,= {1, - - -, k} be the set
cedure of decomposing the multi-label task into multiple of class labels, Given a set of training samples in the form
binary problems is adopted. In binary approach, each bi-of (z;,Y;),z; € X,Y; € 2!V, the goal is to learn an ap-
nary classifier is first trained to separate one class from theproximate “functionf (z)” which takes unique values from



21¥! with low error. Itis difficult to define the error in multi- The binary approach, in general, does not explicitly con-
label case because different definitions are possible. Bt mo sider the correlation between different labels. On therthe
cases, the multi-label approach actually induces an order-hand, decision tree based approach does not work well for
ing of the possible labels for a given instance and hencehigh dimensions since the procedure of trading off the com-
usually the learning algorithm can be deemed as a func-plexity of the tree with the impurity of the leaf rectanglas i
tion: f : X x Y — R. so we can rank labels according terms of mixing points belonging to different classes does
to f(z,.). Then, formally, we could defineank(z,1) as not generalize well to high dimensional data. This is also
the rank of a label for instancer underf. rank is a one- why dimensionality reduction via SVM may pay off.

one mapping onto {1,...,k}, and if f(z,11) < f(z,l2)

thenranky(x,l1) < ranks(x,ls). Clearly, the mathemat- 2.2 Evaluation Measures

ical formulation and its physical meaning are distinctyvel

different from those used in classic multi-class classifica e used two sets of measures for the performance study.

tion. And in this paper, by abusing the notatighmay be  The first set of measures are rank-based where each label in
referred as one of the above two implications depending onpediction has a rank. The second set of measures are based

the context. on measures used in classical document retrieval.
As we mentioned earlier, most of the approaches we
2.1 Methods Description evaluated assign a confidence to every pait af X and

y € Y and the multi-label algorithm can be deemed as a

function: f : X x Y — R. So we can rank labels according

to f(z,.). LetT = ((x1,Y1), ..., (xm, Ys)) to be the test

set wheréy;’s are the ground truth label sets foy's.
One-error: We can define a classifidf : X — ) that

| assigns a single label to an instancéy settingH (z) =

We use six different multi-label classification approaches
in our comparative study. Five of them are traditional
approaches:SVM-Binary C4.8-Binary SVM-Multiclass
C4.8-binary and Multi-label ADTree SVM-Binary and
C4.8-Binaryare binary approaches in which the multi-labe
tasks are decomposed into multiple binary probleg\g-  @"9™maziey f(z,1). Then, one-error evaluates how many
Multiclass and C4.8-Multiclassare direct multiclass ap- times the top-ranked label was not in the set of true labels.

proaches where the multiple label assignments are treated,. I—_|ammmg LOSS_ Hamming LOSTQ' takes_lnto account_prg-
as new classed/ulti-label ADTreeis an extension of alter- diction errors (_an mcorre_ct label is pred|cte_d) and mgsin
nating decision trees that could directly handle multielab ferror_s @ la_b;l IS n;)ltﬁrer:jlcﬁd). L?‘t ui consider the legrni
problems. In addition, we also proposed a meta-learning ap- unction f A » the Hamming Loss of on test set
- - - T, HL(f) is defined by 37" S°F (1 € f(z:) Al ¢

proach by combinin@VM-BinaryandMulti-label ADTree ' Y Em 2ui=1 2u1=1 T

In our experiments, we found th&VM Binaryand Yi)g o ¢ f(:csi) N < Yi). h f
Multi-label ADTree perform better than other traditional overage Sometimes, we want to assess the perior-
methods. However, there is no clear winner between them™Mance of a system with all the possible Ia_bels O.f a sample,
as evaluated by various measures. For example, SVM pi-not only the top-ranked label. Coverqge IS deﬂned_as the
nary has the better Average precision and coverage on bott?V€rage distance to cover all the possible labels assigned t
datasets while ADTree has smaller one Error and Hammingal samplev. . .
Loss. It is natural to question the observed difference be- ~Verage Precision Average precision is the average
tween the performance of them. The observations leading toPT€cision taken for all the possible labels and it can eval-
the meta-learning approach which trying to take the advan-uate algorithms as a whole. It measures the average fraction
tages of both approaches, We view the combined approacl‘?f labels ranked above a particular labet Y; which are

as a meta-learning approach since it make use of the outpquflCtuaIIy InY;. . .
of a learning algorithm to train another learning algorithm VW& @lso use (micro-averaged) precision, recall, break-
i.e, learning from learned knowledge. even point and F1-measure widely used in information re-

The meta-learning approach consists of two steps. Thetrleval [8]. In addition, we also definAccuracymeasure,

first step is similar to SVM binary.n binary SVMs are which is directly extended from traditional pattern classi

trained to separate one base class from the rest. For eacﬂfat'on .taSkj‘ ‘ITeEE] 'S th(ej.gtro(;JTdbtrluth tlatk;]el set for n-
instance, the outputs of SVMs constitutezaji_mepsiqnal zg?ncggzbizccﬁrfc e:pi |zc:2 ;Ey? :si f‘)e V?,ﬁcel;;ajgy ®
vector where the-th element is the score which indicated Y = 717 2ei=1 O\ == Ji)s

the distance of the instance to thh separating hyper- 1S the set of test instances aj is the size of the test set.
planes. The second step is use thdimensional vectors  9(Yi == fi) = 11if ¥; and f; are exactly the same, and

to train the ADTree. 0(Y; == f;) = 0 otherwise. The accuracy measure for
multi-label problem is kind of aggressive in the sense that
Ties can be broken arbitrarily. there is no partially correct answers.



3 Experiment Results

Performance Comparison on Gene Data Set

We use two datasets in our experiments. The first dataset 5
is a gene data set and the second dataset is a scene data set. | *5
Both datasets are from real world applications and they have i, —
natural training data and test data splits. g 3 mswMsinay
The gene dataset contains 2465 yeast genes and each |&° Doeseinay
gene is represented as a 103-dimensional vector [5]. 15 B8 muliclass
The classification labels are determined using gene func- o
tional categories from the Munich Information Cen- o ol arh WWWW
ter for Protein Sequences Comprehensive Yeast Genome f ¢ & ”éﬁ% £ & ¢
Database(CYGD) The gene dataset is multi-labeled since Evaluation Measure

a gene can have several functions at the same time. In our
experiments, we choose 10 base classes and altogether there
are 112 different label assignments. The second data setis . )
a scene data set which consists of six base classes which Figure 1. Performance Comparisons on Gene
correspond to six different scenes such as beach and sunset Data Set. AP: Avefage Precision; On_eErr:
etc [1]. These scenes are generally overlapped in the sense One Error, HL_: _Hammlng _LOSS; MP: Micro-
that an image can be a member of several classes at the same 2veraged Precision; MR:Mirco-averaged Re-
time. For each image, spatial color moments are used as Call; BP: Micro-averaged Breakeven point;
features and we divide the image into 49 blocks usinga 7x7  © M: Micro-averaged F1-measure.

grid and compute the mean and variance of each band. Each erormance Gompatson on Scene bata S
image are then transformed a 49 x 2 x 3 = 294 dimension
feature vector. O_:
On gene data set, we use the polynomial kernel function os
of order three, which takes into account pairwise and ter- i o A,
tiary correlations among the measurements and is reported Zos Do aoree
to be very efficient [5]. For scene data set, we also use the s o B SyM muliclass
same kernel function since it produce good results result in 02
our experiments. 01 i
Figure 1 and Figure 2 present the graphical comparisons Ce . s € & & o
on gene and scene data set respectively. Finally, Table 1 ‘f o o
and Table 2 present, respectively, the base class perfor- Evalieton Hesaure

mance comparisons of SVM Binary and the meta-learning

approach for the two data sets. The base class performance

is evaluated using base class precision and recall. FromFig Figure 2. Performance Comparisons on
ure 1 and Figure 2, it is evident that no approach is consis- Scene Data Set

tent better than the others across various performance mea-

sures. However, we could infer from our study the rela- 54yantages of both SVM Binary and ADTree approaches.
tionships among various classifiers and measures. For expp gene data set, the meta-learning approach of combining
ample, SVM binary has the best average precision, cover-gy pinary and ADTree has smaller one Error and Ham-

age, micro-averaged break-even point and recall on bothying | oss than SVM Binary and has better Micro-averaged

datasets while ADTree has the best micro-averaged precigreak-even point and F-measure than ADTree. On Scene
sion on both datasets and best one Error and Hamming LoSgj4t5 set, the meta-learning approach has the best Hamming
on gene data set. The study provides empirical evidence§oss |t has better Average precision, One error, Mirco-
for choosing classifiers. _ averaged Break-even point and Recall than ADTree and
Overall, the performances of SVM Binary, ADTree and a4 petter hamming loss and micro-averaged precision than

the meta-learning approach are better than the rest. The reégy/\ Binary. The experimental results of the meta-learning
sults of direct multiclass are the worst. This is largely be- approach confirmed our anticipation.

cause in direct multiclass methods, the training data would Our study also provides useful insights on the choice
be fragmented and hence too sparse to build usable modelsof evaluation measures

. . For rank-based measures, One-
As we expected, the meta-learning method indeed took thee

rror only evaluates the top-ranked label while coverage
2http: // mips. gsf.de/ proj/yeast/ CYGD db/index. htmi. and average precision assess performance on all possible




labels. High coverage usually implies low average preci- Base SVM Binary SVM+ADTree

sion. Hamming loss takes into account both prediction er- Class Precision Recall Precision Recall
rors and missing errors. Low one-error usually implies low 1 0.678 0.800 0.701 0.760
hamming loss and vice versa. The micro-averaged precision 2 0.952 0.804 0.894 0.678
and recall gives equal weight to the samples and thus em- 3 0.743 0.825 0.755 0.755
phasize larger categories. They are related measures which 4 0.818 0.784 0.879 0.674
capture different aspects of the system performance. Micro 5 0.473 0.669 0.530 0.528
averaged F1-measure and micro-averaged break-even point 6 0.529 0.690 0.608 0.570

combine both precision and recall. They are good measures Table 2. Base Class Performance Comparison
to use in many situations. The choice of performance mea- on Scene Data Set

sures is crucial in practical applications and the right mea

sure may depend on the problem we faced with. In addition,

The Accuracy measure is very aggressive. Note thatongene] Conclusion

data set, the accuracy of random guegs(889. On scene

data set, the accuracy of random guess(s7. In this paper, we provide a comparative study on vari-

The comparative study also sheds light on the possible®Us multi-label approaches using both gene and scene data
research directions. As we mentioned, a potential draw-Sets. Our study provides useful insights on the relatigrsshi
back of the binary approach is the assumption that the@MONg various classifiers as well as various evaluation mea-
categories are conditionally independent from each other,SUrés and shed lights on future research. In addition, we
thus ignoring the relation between categories. To considerP"OPOS€ & meta-learning approach by combining SVM bi-

the dependency among categories, direct multiclass take§@"y approach and ADTree. Our experiments demonstrate
the other extreme by transforming multi-label classifimati ~ thatthe combine approach could take the advantages of both

problem into multi-class single label classification ongs b @PProaches and is a viable candidate for multi-label prob-
treating each possible combination of labels as a class. IN€MS:

other words, a ten-label multi-labeled classification prob

lem would be transformed to a 1024-class classification Acknowledgments

problem. It causes a problem of data sparseness because

there are very few examples in certain combination of cate- Tao Li is partially supported by a IBM Faculty Re-
gory labels. The meta-learning approach can be viewed asearch Award, and the National Science Foundation CA-
a comprise as it implicitly consider the correlations among REER Award under grant no. NSF 11S-0546280.
categories using ADTree while taking advantage of the sim-

plicity of binary approach. One of our future work is to  References

build a explicit model for considering the correlation stru

ture between the categories. [1] M. Boutell, J. Luo, X. Shen, and J. Luo. Learning multb&
scene classificationPattern Recognition37(9):1757-1771,
2004.
Base SVM Binary SVM+ADTree [2] A EIi§§ee_ff and J. Weston. A kernel method for multi-4élbd
. . . . classification. INNIPS 14 2001.
Class Precision Recall Precision Recall [3] T. Joachims. Text categorization with support vector- ma
1 0.557  0.503 0.500 0.562 chines: learning with many relevant features. In ECML-98,
2 0.743 0.829 0.739 0.773 pages 137-142, 1998.
3 0.363 0.656 0.512 0.468 [4] A. McCallum. Multi-label text classification with a miwte
4 0.480 0.361 0.480 0.440 model trained by em. IAAAI'99 Workshop on Text Learning
5 0.482 0.376 0.477 0.447 1999. ,
ional classification from heterogeneous data. In
Do ome o oo i |
: : : : [6] R. E. Schapire and Y. Singer. Boostexter: A boosting-
9 0477 0.193 0.378 0.257 based system for text categorizationMachine Learning
10 0.353 0.132 0.279 0.209 39(2/3):135-168, 2000.
Table 1. Base Class Performance Comparison [7] B. Scholkopf and A. J.SmolaLearning with Kernels The
on Gene Data Set MIT Press, 2002.

[8] F. Sebastiani. Machine learning in automated text caieg-
tion. ACM Comput. Sury34(1):1-47, 2002.



