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ABSTRACT

Usage of feature similarity is expected when the nearest neighbors are to be explored. Examples in multi-
label datasets are associated with multiple labels. Hence, the use of label dissimilarity accompanied by 
feature similarity may reveal better neighbors. Information extracted from such neighbors is explored 
by devised MLFLD and MLFLD-MAXP algorithms. Among three distance metrics used for computation 
of label dissimilarity, Hamming distance has shown the most improved performance and hence used 
for further evaluation. The performance of implemented algorithms is compared with the state-of-the-
art MLkNN algorithm. They showed an improvement for some datasets only. This chapter introduces 
parameters MLE and skew. MLE, skew, along with outlier parameter help to analyze multi-label and 
imbalanced nature of datasets. Investigation of datasets for various parameters and experimentation 
explored the need for data preprocessing for removing outliers. It revealed an improvement in the per-
formance of implemented algorithms for all measures, and effectiveness is empirically validated.

INTRODUCTION

Many scenarios in the real-life today depict applications of multi-label data. A document may be related 
to health as well as education, according to its text. A piece of news may focus on new technology that 
is helpful for safety as well. An image may contain several objects like roads, shops, buildings, etc. 
Contents of a paper may be relevant to multiple domains. A video may focus on topics of networking 
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along with virtualization. Thus many objects reveal multiple semantic meanings. Many researchers are 
working for the last few decades on multi-label classification. It is a task that assigns with a thing a set 
of predefined labels as per its properties.

BACKGROUND

The related work about multi-label classification and label imbalance is presented here. For multi-label 
classification, there exist methods that use the transformation approach. It changes multi-label data such 
that methods for single-label classification can be used. Sometimes multi-label data is not modified. Thus 
adaptation methods modify the process of dealing with such data. There also exists an approach that 
ensembles multiple existing methods. CC (Read, 2009), MLkNN (Zhang & Zhou, 2007) and RAkEL 
(Tsoumakas et al., 2011) are examples of these three approaches respectively.

For few decades, many researchers have worked in the field of multi-label classification (Tsoumakas 
& Katakis, 2007) (Tsoumakas et al., 2009) (Trohidis et al., 2008) (Tsoumakas et al., 2010) (Madjarov 
et al., 2012) (Zhang & Zhou, 2014) (Tidake & Sane, 2018). K nearest neighbor has also been the choice 
of many researchers for multi-label classification. From the study, it is noticed that neighbors are ob-
tained using only features always. In contrast, the scenario is different for data that is multi-label. Each 
instance belongs to a predefined set of labels. Hence it is possible to consider labels along with features 
for obtaining neighbors.

Zhang and Zhou discuss an approach in (Zhang & Zhou, 2007). It follows an algorithm adaptation 
approach. It is an improved version of the well-known nearest neighbor algorithm. Several researchers 
use it to perform multi-label classification. It utilizes feature similarity to determine nearest neighbors 
(Zhang & Zhou, 2005) (Zhang & Zhou, 2007) (Spyromitros-Xioufis et al., 2008). In the case of multi-
label classification, since the instances are associated with multiple labels, label dissimilarity may also 
help determine a set of nearest neighbors.

Class imbalance also poses problems to multi-label classifiers and may lower their performance. 
According to Spyromitros-Xioufis (2011), label skew is considered a class imbalance when considering 
each class individually. Francisco et al. (2013) have proposed how to measure the level of imbalance in 
a multi-label scenario. They have also presented two dataset preprocessing methods specially designed 
for multi-label datasets. They used sampling and LP for preprocessing. Those label sets that occur in a 
majority (minority) were reduced (increased). A method was suggested by Huang et al. (2015) for the 
improvement of multi-label classifier involving several binary classifiers. It can be used for feature selec-
tion also. SOSHF was extended from structured forests (Zachary et al., 2017). At each node, it has used 
transformation followed by split action to tackle class imbalance. An imbalance ratio was defined using 
positive and negative samples (Zhang et al., 2018). This ratio and label correlation was considered to 
improve BR models. Liu and Tsoumakas (2018) have handled the imbalance faced by ECC. They used 
an ensemble of CC with random under-sampling that helps to balance the distribution of each class. 
COCOA method explored joint label correlation and imbalance ratio from skewness between positive 
and negative samples (Zhang et al., 2020). It induced an imbalanced multi-class classifier per label.
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