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ABSTRACT
Most of the practical applications involve multi-class classification, especially in remote sensing land cover classification, protein
function classification, music categorization and semantic scene classification. In this paper we introduces multi-label classification, organization of sparse vectors and related literature and performs comparative experimental results of various multi-class
classification methods. This paper also discusses the quantification concepts of the multi-class nature of data set.
Keywords : Classification, Conversion, Machine Learning, Neural, Networks

1 INTRODUCTION

I

n single label classification each data point are associated with a single label l. When the data set has two label then the problem is called a binary classification problem, while if the dataset has more than two classes , then it is called multi-class classification problem.
In multi-class classification, given a set of labeled examples with labels selected from a finite set, an inductive procedure builds a
function that (hopefully) is able to map unseen instances to their appropriate classes. In the past, multi- label classification was
mainly motivated by the tasks of text categorization and medical diagnosis. Text documents usually belong to more than one
conceptual class. For example, a newspaper article concerning the reactions of the Christian church to the release of the Da Vinci
Code film can be classified into both of the categories Society\Religion and Arts\Movies. Similarly in medical diagnosis, a patient may be suffering for example from diabetes and prostate cancer at the same time.
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This paper aims to serve as a starting point and reference for researchers interested in multi-label classification. The main contributions are
1. A structured presentation of the sparse literature on multi-label classification methods with comments on their relative
strengths and weaknesses and when possible the abstraction of specific methods to more general and thus more useful schemata,
2. The introduction of an undocumented multi-label method, c) the definition of a concept for the quantification of the multilabel nature of a data set, d) preliminary comparative experimental results about the performance of certain multi-label methods.
The next section discusses tasks that are related to multi- label classification and then introduces the concept of label density and
presents the metrics that have been proposed in the past for the evaluation of multi-label classifiers.

2 RELATED WORK
Several well-known methods for binary classification, including neural networks (Rumelhart et al., 1986), decision trees (Quinlan, 1993), k-NN (see for example (Mitchell, 1997)), can be naturally extended to the multi-class domain.
One of the method that can be used for multi-label classification is called ranking. In ranking the task is to order a set of labels,
so that the topmost labels are more related with the new instance. But the ranking method requires post processing of data to
give a set of labels.
Jin and Ghahramani (2002) call multiple-label problems, the semi-supervised classification problems where each example is associated with more than one classes, but only one of those classes is the true class of the example. This task is not that common
in real-world applications as the one we are studying.
In certain classification problems the labels belong to a hierarchical structure. When the labels in a data set belong to a hierarchical structure then we call the task hierarchical classification. If each example is labeled with more than one node of the hierarchical structure, then the task is called hierarchical multi-label classification. In this paper we focus on flat (non-hierarchical)
multi-label classification methods.
Multiple-instance learning is a variation of supervised learning, where the task is to learn a concept given positive and negative bags of instances (Maron & Lozano-Perez, 1997). Each bag may contain many instances, but a bag is labeled positive even if
only one of the instances in it falls within the concept. A bag is labeled negative only if all the instances in it are negative.
Copyright © 2014 SciResPub.
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3 MULTI -CLASS CLASSIFICATION METHODS
Basically we can divide multi-class classifications into two main categories,
(I) Conversion methods, and
(II) Algorithmic adaption methods.
In conversion method, we convert multi-class classification problem either into one or more single-class classification problem.

3.1CONVERSION METHOD
One of the conversion method is called one vs all (OvA) (or one-vs.-rest OvR) strategy, where a single classifier is trained per
class to distinguish that class from all other classes. Prediction is then performed by predicting using each binary classifier, and
choosing the prediction with the highest confidence score.
In pseudo-code, the training algorithm for an OvA learner constructed from a binary classification learner L is as follows:
Inputs:
1 L, a learner (training algorithm for binary classifiers)
2 samples X
3 labels y where y ∈ {1, …K} is the label for the sample X
Output:
a list of classifiers fk for k ∈ {1, …K}
Procedure:
step 1 For each k in {1 … K}:
step 2 Construct a new label vector y' = 1 where y = k, 0 (or -1) elsewhere
step 3 Apply L to X, y' to obtain f k
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Making decisions proceeds by applying all classifiers to an unseen sample x and predicting the label k for which the corresponding classifier reports the highest confidence score.

3.2Algorithm Adaptation Methods

Clare and King (2001) adapted the C4.5 algorithm for multi-label data. They modified the formula of entropy calculation as follows:
entropy(S ) = −∑( p (c i ) log p(c i ) + q(c i ) log q(c i ))
i=1(1)N
where p(c i ) = relative frequency of class c i and q(c i ) = 1−p(c i ). They also allowed multiple labels in the leaves of the tree.
Adaboost.MH and Adaboost.MR (Schapire & Singer, 2000) are two extensions of AdaBoost (Freund & Schapire, 1997) for multilabel classification. They both apply AdaBoost on weak classifiers of the form H:X ×L → R. In AdaBoost.MH if the sign of the
output of the weak classifiers is positive for a new example x and a label l then we consider that this example can be labeled
with l, while if it's negative then this example is not labeled with l. In AdaBoost. MR the output of the weak classifiers is considered for ranking each of the labels in L.
Although these two algorithms are adaptations of a specific learning approach, we notice that at their core, they actually use a
Conversion method.
ML-kNN (Zhang & Zhou, 2005) is an adaptation of the kNN lazy learning algorithm for multi-label data. In essence, ML-kNN
uses the kNN algorithm independently for each label l: It finds the k nearest examples to the test instance and considers those
that are labeled at least with l as positive and the rest as negative. What mainly differentiates this method from the application
of the original kNN algorithm to the transformed problem. ML-kNN has also the capability of producing a ranking of the labels
as an output.
Copyright © 2014 SciResPub.
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Luo and Zincir-Heywood (2005) present two systems for multi-label document classification, which are also based on the kNN
classifier. The main contribution of their work is on the preprocessing stage for the effective representation of documents. For
the classification of a new instance, the systems initially find the k nearest examples. Then for every appearance of each label in
each of these examples, they increase a corresponding counter for that label. Finally they output the N labels with the largest
counts. N is chosen based on the number of labels of the instance. This is an inappropriate strategy for real-world use, where the
number of labels of a new instance is unknown.
McCallum (1999) defines a probabilistic generative model according to which, each label generates different words. Based on
this model a multi-label document is produced by a mixture of the word distributions of its labels. The parameters of the model
are learned by maximum a posteriori estimation from labeled training documents, using Expectation Maximization to calculate
which labels were both the mixture weights and the word distributions for each label. Given a new document the label set that is
most likely is selected with Bayes rule.
Elisseeff and Weston (2002) present a ranking algorithm for multi-label classification. Their algorithm follows the philosophy of
SVMs: it is a linear model that tries to minimize a cost function while maintaining a large margin. The cost function they use is
ranking loss, which is defined as the average fraction of pairs of labels that are ordered incorrectly. However, as stated earlier,
the disadvantage of a ranking algorithm is that it does not output a set of labels.
Godbole and Sarawagi (2004) present two improvements for the Support Vector Machine (SVM) classifier in conjunction with
the conversion method for multi-label classification. The first improvement could easily be abstracted in order to be used with
any classification algorithm and could thus be considered an extension to conversation. The main idea is to extend the original
data set with |L| extra features containing the predictions of each binary classifier. Then a second round of training |L| new
binary classifiers takes place, this time using the extended data sets. For the classification of a new example, the binary classifiers
of the first round are initially used and their output is appended to the features of the example to form a meta-example. This
meta-example is then classified by the binary classifiers of the second round.
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The second improvement of (Godbole & Sarawagi, 2004) is SVM specific and concerns the margin of SVMs in multi-label classification problems. They improve the margin by a) removing very similar negative training instances which are within a threshold distance from the learnt hyperplane, and b) removing negative training instances of a complete class if it is very similar to
the positive class, based on a confusion matrix that is estimated using any fast and moderately accurate classifier on a held out
validation set. Note here that the second approach for margin improvement is actually SVM independent.

4 EXPERIMENTAL RESULTS
We experimented on the following multi-label data sets: genbase (Diplaris et al., 2005) and yeast (Elisseeff & Weston, 2002) are
biological data sets that are concerned with protein function classification and gene function classification respectively. The scene data set (Boutell et al., 2004) contains data related to a scene classification problem. These data sets were retrieved from the
site of the Support Vector Classification library LIBSVM (Chang & Lin, 2001), and transformed to a specific format that is suitable for our software, based on the ARFF file format of the WEKA library. The transformed data sets are also available at the
aforementioned URL.
The details of the data sets, such as the number of examples, the number of numeric and discrete attributes the number of classes and their label density are given in table We notice that genbase (LD=0.05) and scene (LD=0.18) are quite sparse multi-label
data sets with less than 1.5 labels per example on average. The yeast dataset on the other hand is denser (LD=0.30) with more
than 4 labels per example on average.
Table : Examples, numeric and discrete attributes, labels and LD of datasets
Data Set Examples

Attributes

Train Test NuDismeric crete
Copyright © 2014 SciResPub.
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Label Label
Density

Cardinality
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gen-base 463

199

0

1185

27

0.05

1.35

yeast

1500

917

103

0

14

0.30

4.25

scene

1211

1196 294

0

6

0.18

1.08

9

5 CONCLUSION
This paper discussed multi-label classificstion methods and also introduced the problems. In this paper we gave some well
known methods that exist in the literature and given comparative study results for some of these methods. It will be useful to
the researchers those want to start work on multi-label classification. We also intend to perform a comparative experimental
study of support vector machine and man other methods with different data sets.
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