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I.  Introduction to Multi-label

Learning

Consider a photograph of sky,
second photograph of forest, and third
photograph having both sky and forest.
If you want to label these photographs
by their contents, then first and second
photographs can be labeled straight
away as sky and forest. But the third
photograph has to be labeled by both
sky and forest. This scenario represents
the multi-label learning where a
photograph may have multiple labels.

Classification is a commonly used
data mining task. It uses supervised
learning inwhich a modelis trained from
a set of known instances, called train
set. Each instance in a train set has a
set of values one each for the fix number
of descriptive features/attributes and a
pre-defined class label. Thus each of
the training instances belongs precisely
to only one class. Once the model is
trained and tested, it is used to classify
unseen instances. This is known as
Single label (SL) classification and has
been used in several distinct domains.
However, in certain domains such as
text categorization (TCJ], annotation of
image, audio and video, bioinformatics,
emotion recognition systems, etc,
where instances may belong to one
or more classes, the SL classification
techniques cannot be used. The set of
techniques that can handle instances
having multiple labels has been
developed and are called multi-label
(ML) classification. In older days multi-
label classification/learning was only
used for categorization of text. But it
has been used in the recent past for
discovery of drug, tag recommendation,
prediction of gene function [1] etc.
Therefore it has become an upcoming
research field in the area of machine
learning. This article focuses on MEKA
which is a tool designed for Multi-label

learning.
Il. Basics of MEKA

A. Introduction

MEKA is an open source framework
which supports multi-label learning [4].
MEKA uses WEKA software as its base
that supports SL classifiers only [3].
MEKA provides framework for machine
learning. It helps to develop, run and
evaluate various multi-label classifiers.

B. Installing and Using the tool

The latest version of MEKA 1.9.0 is
released on 04" Nov 2015. It is available
for download as the MEKA-release-
1.9.0.zip file from the MEKA website
directly [4]. This file should be extracted
to create the MEKA-1.9.0directory which
contains necessary APls, few samples
of multi-label datasets, packages and
files to run the software. The tool can be
used in two ways, either from command
line orusing GUI. To open the MEKA GUI,
use run.bat for Microsoft Windows [./
run.sh for Linux). Fig. 1 shows the MEKA
GUIChooser screen as the first screen
after opening MEKA. The GUI shows two
options “Explorer” and “Experimenter”.
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Fig. 1 : MEKA GUIChooser

This article deals only with
“Explorer”. When someone clicks on
“Explorer” button it shows different
menus and tabs on the screen as shown
in Fig. 2.
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Fig. 2 : MEKA Explorer

C. Loading the Input Data

To perform any operation, it is
necessary to load the required data.
MEKA needs data in ARFF format which
is same as that followed by WEKA files.
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Fig. 3 : MEKA Explorer showing loaded
dataset

In MEKA Explorer, the input dataset
can be loaded using File menu with
Open option. The loaded dataset can be
viewed in the Preprocess tab as shown
in Fig. 3. MEKA Explorer shows various
information of the loaded dataset in
the preprocess tab. On the left side of
window, it has a “filter selection” option,
dataset and attribute information, and
at the bottom is the “remove” button
to be used for removal of unwanted
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attributes, if any. On the right side,
there is option to choose and set class
labels among the attributes, followed
by selected attribute section showing
name, data type and related information
of an attribute selected in the left
section.

D. Multi-label Classification

Several different methods have
been developed and reported in the
literature to perform  multi-label
learning task. Two broad categories
used to perform multi-label learning
are the problem transformation and the
algorithm adaptation [6].

The problem transformation
approach involves transformation of
an input instance into a representation
suitable for traditional single-label
classifier. In this approach, the multi-
labeldata representationis transformed
into a single-label data representation
which is acceptable by traditional SL
classification methods. In simple words,
problem transformation operates on
the principle “fit data to algorithm” [7].
Different algorithms which come under
this approach are BR, LP, CC, RPC,
CLR, etc.

Fig. 4 : MEKA Explorer showing settings of
BR classifier

The algorithm adaptation approach
on the other hand, involves modification
of an existing SL classifier algorithm
making it suitable to handle multi-
label instances [7], [8]. In simple words,
algorithm adaptation operates on the
principle “fit algorithm to data” [7]. Many
algorithms such as MLkNN, ML-BPNN,
ML-DT, etc. follow this approach.

Ensemble method is also
considered an important approach used
for multi-label learning that combines
outcomes from several classifiers based
on either problem transformation or

algorithm adaptation and has provided
better results [2]. Algorithms such as
‘RAKEL, Ensembles of classifier chains
(ECC], etc. follow this approach.

As MEKA is designed to support
multi-label classification, let us see
how to perform it using MEKA. This
option is provided in Classify tab as
shown in Fig. 4.

)

Fig. 5 : MEKA Explorer showing Result
of BR classifier

= Using the Binary Relevance (BR)

Classifier

The BR classifier
used method that
transformation approach. In this
method, a multi-label problem s
converted into |L| number of binary SL
classification problems where L is a set
of labels. Each of the binary classifiers
votes separately to get the final result
(6], [91.

As shown in Fig. 4, the Classifier
option in Classify tab provides variety
of ML classifiers. If BR is selected, one
needs to specify the base SL classifier by
clicking on "BR" that pop ups an option
window called  GenericObjectEditor
to choose desired SL classifier.
‘NaiveBayes’ SL classifier has been
selected in Fig. 4. If not selected, default
classifier J48 is used.

Is a widely
takes problem

After selecting a ML classifier,
an Evaluation option is to be set like
Train/test split, Cross-validation, etc.
as shown in Fig. 5. If not selected, the
first option Train/test split is used for
Evaluation. Clicking the Start button
executes the selected ML classifier on
the selected ML dataset and provides
Results as shown on the right side in the
MEKA Explorerin Fig. 5. Results include
evaluation information and predictive
performance. If multiple classifiers
are run one by one, then their list is
displayed in History section of MEKA

Explorer.
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Fig. 6 : MEKA Explorer showing various
performance metrics as a result

The evaluation information portion
in Results section shows ML classifier
used, base SL classifier used, dataset
used, its type and related information.
The predictive performance portion
in Results section shows values of
various performance metrics like
accuracy, hamming loss, one error, etc.
Accuracy is related to the labels which
are predicted correct. Hamming loss
is related to the misclassification of an
instance and label pairs. One error is
useful to measure when the generated
top ranked label does not belong to
relevant labels of instances.

= Label Powerset (LP)

BR does not consider relationship
between labels. This drawback of BR
is overcome by LP, also called as LC
(Label Cardinality). In LP classifier,
each distinct combination of labels is
considered as a separate class and the
entire problem is treated as a multi-
class single-label (MSL] problem [2].
LP classifier also requires use of base
classifier like J48 as shown in Fig. 7.
However, it performs poorly when there
is what is called ‘class imbalance’.
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Fig. 7 : MEKA Explorer showing LP
classifier
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* Classifier Chain (CC)

The Classifier Chain (CC) approach
[2], [12], like LP, also try to overcome
the drawback of BR. Similar to BR, a ML
problem is transformed into [L| number
of SL problems where L denotes a set of
labels and for each label LJ, a separate
binary classifier CJ is designed. But the
input for each classifier CJ is different.
Like LP classifier, CC also needs
selection of base classifier. If not set,
by default J48 SL classifier is used as
shown in Fig. 8.
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Fig. 8 MEKA Explorer showing CC classifier

=  Multi-label Back Propagation

Neural Network (ML-BPNN)

In Back Propagation NN, once the
output is generated and if it is different
than the desired output, then an error
is calculated and it is used to make
changes the weights in the previous
layers. This operation is performed for
each instance in the training set and for
each label in that instance, calculated
errors are added up. Addition of all
such errors for all the instances is
computed and is minimized to improve
the performance using the correlation
between labels of all the instances that
belong to particular instance and labels
but do not belong to that instance [13]
-
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Fig- 9 MEKA Explorer showing ML-
BPNN classifier

As shown in Fig. 8, ML classifier
BPNN can be selected from Classifier
option in the Classify tab. One needs to
set base SL classifier. Otherwise default
J48 classifier is used as shown in Fig. 9.

*  Random k-Labelsets (RAKEL)

The problem of class imbalance in
LP is removed in Random k-Labelsets.
RAKEL is actually an ensemble of
multiple LP classifiers. It combines
various LP classifiers having different
k combinations of all labels referred as
labelsets [2], [11].
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Fig. 10 MEKA Explorer showing RAKEL
classifier

Table 1 describes three multilabel
datasets namely music, yeast and enron.
Table 2, 3 and 4 show comparison of few
ML classifiers for three parameters
accuracy, hamming Loss and one error
respectively using MEKA 1.9.0. Always
larger value is expected for accuracy
and smaller value is expected for
hamming loss and one error. Tables
show that BPNN has given better results
among all classifiers for the given three
datasets on three parameters used.

Table 1 : Datasets used

Dataset No. of No. of No. of

Records Attributes Labels
music 592 77 6
yeast 2417 117 14
enron 1702 1054 53

Table 2 : Comparison of various
classifiers for Accuracy

Dataset | BR | LP | cC |BPNN |RAKEL

music 0.39| 0.445| 0.408| 0.546 0.523
yeast 0.435| 0.403] 0.413] 0.521| 0.416
enron 0.388| 0.355|0.414| 0.347, 0.027
Avg 0.404| 0.401] 0.411] 0.471 0.322

Table 3 : Comparison of various
classifiers for Hamming Loss

Dataset | BR | LP | CC |BPNN |RAKEL

music 0.318| 0.281] 0.295| 0.21 0.249
yeast 0.256| 0.278] 0.278| 0.213| 0.325
enron 0.06| 0.068|0.054| 0.066| 0.065
Avg 0.211) 0.209| 0.209| 0.163| 0.213

Table 4 : Comparison of various
classifiers for One error

Dataset | BR | LP | cC |BPNN |RAKEL

music 0.49| 0.8 0.5/ 0.262| 0.297
yeast 0.481| 0.541] 0.522| 0.245 0.42
enron 0.387| 0.463| 037 0.359| 0.907
Avg 0.463| 0.494] 0.464| 0.288| 0.541

E. Prepreocessing

Fig. 11(a) MEKA Explorer showing filter
selection

MEKA provides all the filters which
are available in WEKA. These filters in
WEKA are categorized as unsupervised
and supervised. Each of these categories
is further grouped into attribute related
and instance related methods. MEKA, in
addition to these filters, also provides
few more filters that are not available in
WEKA. As shown in Fig. 3, Filter section
in Preprocess tab is used to select a
desired filter. By clicking Choose button
in the Filter section, various available
filters are presented. Effect of selected
filter on the dataset could be observed
by clicking Apply button in the Filter
section as shown in Fig. 3.

MEKA provides two more filters
other than WEKA. One is multi-label
SuperNodeFilter as shown in Fig.
11(a) and the other is unsupervised
MekaClassAttributes filter which works
at attribute level as shown in Fig. 11(b].

The SuperNodeFilter works with
multi-label datasets. It helps the user
to create super labels from the existing
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labels if the user has knowledge about
existing labels. User needs to specify
which labels should be grouped to form
new super label that represents all the
labels in that group. For example, if {L,,
L, L, L, L, L} is the set of labels in
the existing dataset such that L, L,, L,
form a group L. Also L,, L form L,
and L, forms a separate group. Then
new dataset with set of constructed
labels will be {L,,,, L., L,}. But this may
sometimes cause changes in the values
of the attributes.
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Fig. 11(b) : MEKA Explorer showing filter
selection

Sometimes a need may arise to
alter the sequence in which attributes
are arranged or to change the class
attributes in  the dataset. MEKA
assumes all the class attributes being
placed at the beginning of the instance
in the dataset. This can be achieved
using an unsupervised filter operating
at the attribute level provided in MEKA
called MekaClassAttributes which is
not available in WEKA, and is as shown
in Fig. 11(b). User needs to select the
attributes for reordering by specifying
their numbers like 10 or a range like
7-10 as shown in Fig. 11(c).
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Fig. 11(c) : MEKA Explorer showing filter
selection

After applying these settings,

specified attributes will be placed at
the beginning of the dataset as shown
in Fig. 11(d). One can set Use Class
attributes option provided in MEKA
Explorer to change the number of
class attributes. This number will be
used by the classifier. However, if these
attributes are numeric, then algorithm
like BR cannot classify. So Discretize
filter provided in WEKA filter list can be
used first to convert numeric attributes
to nominal type and then classification
can be done.
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Fig. 11(d) MEKA Explorer showing filter
selection

F. Datasets

MEKA accepts input data as an
ARFF (Attribute Relation File Format).
For example, scene.arff is a sample
dataset which contains information
about multimedia and is used in the
literature for classification of scenes
[2]. The dataset associates scenes to
six different contexts such as beach,
urban, mountain, field, sunset, foliage.
MEKA versions come with few sample
datasets. Other multi-label datasets
are available for download from the
website directly [4].
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Fig. 12 : Sample multi-label dataset in
ARFF format

ARFF represents Attribute Relation
File Format. A sample ARFF file having
two labels and five features is described

in Fig. 12. Every ARFF file has two
sections namely the header and the
data. The header section contains
the relation and the attribute section.
The relation section is the first one
which describes name of dataset and
the number of labels in the dataset is
specified after -C option. The attribute
section is the second section where
each line describes name of label/
feature and type of data that can be
stored in it or a set of values which
can appear for that attribute in case of
nominal attribute. The data section is
the third section which shows the data
instances appeared in the dataset. Note
that MEKA requires class labels to be
preceded by features.

Tosummarize, MEKA s an excellent
tool to perform ML classification on
ML datasets. One can load a dataset,
choose appropriate Classifier, apply
attribute and Instance filters, if desired
and choose desire evaluation option. It's
an excellent tool for the researchers
to carry out experiments to evaluate
different classifiers. Explorer is suitable
for beginners, ‘Experimenter’ tab
provides advanced facilities. Use of
some ML Algorithms such as BR, LP,
RAKEL, CC, and ML-BPNN has been
discussed briefly in this article.
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