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Abstract: Recently, the learning from unbalanced data has
emerged to be a pre-dominant problem in several applications
and in that multi label classification is an evolving data mining
task, learning from unbalanced multilabel data is being
examined. However, the available algorithms-based SMOTE
makes use of the same sampling rate for every instance of the
minority class. This leads to sub-optimal performance. To deal
with this problem, a new Particle Swarm Optimization based
SMOTE (PSOSMOTE) algorithm is proposed. The PSOSMOTE
algorithm employs diverse sampling rates for multiple minority
class instances and gets the fusion of optimal sampling rates and
to deal with classification of unbalanced datasets. Then,
Bayesian technique is combined with Random forest for multilabel classification (BARF-MLC) is to address the inherent label
dependencies among samples such as ML-FOREST classifier,
Predictive Clustering Trees (PCT), Hierarchy of Multi Label
Classifier (HOMER) by taking the different metrics including
precision, recall, F-measure, Accuracy and Error Rate.
Keywords: multi-label classification, multi-class imbalance,
PSO, SMOTE, Bayesian approach. (DrNGPASC 2019-20 CS016)

I.

INTRODUCTION

Several real-world applications, like text
classification and sub cellular localization of protein
sequences, deal with multi-label classification with
unbalanced data. The classification of unbalanced data is a
significant issue in machine learning and data mining [1]. In
an unbalanced dataset, there are considerably lesser training
instances of one class in comparison with another class.
Accordingly, the former is called as the minority class, and
the latter is known as the majority class. In [2], the
imbalance problem for MLC is addressed and a novel
scheme known as DEML is proposed. In [3] an algorithm
BSHD (Block Sampling with choosing the Highest Degree
nodes), an active learning based imbalanced networked
multi-label classification algorithm is proposed.
In [4] a multi -label classification algorithm that depends on
multi-rank neighbors is introduced. In [5] the random walk
model is combined with multi -label learning to introduce a
multi -label classification algorithm MLRW (Multi-Label
Random Walk algorithm).

In [6] the asymmetric stage-wise loss function is presented
to move the positive class samples at some distance away
from the classification boundary compared to the negative
class samples by adjustment of the ramp in addition to the
margin parameters. In [7] LEML algorithm is used, which is
the low-rank property of the label matrix to develop a linear
prediction model and then it helps in restoring the missing
labels by reducing the kernel norm.In [8] the low-rank
hypothesis is combined with manifold hypothesis, and then
the proximal gradient descent algorithm is used for
recovering the missing labels. In [9] the existing correlation
among labels is completely exploited, and a considerably
good data subset is selected with the help of cross-validation
technique, and its prediction results is used in the next
subsequent iteration, and eventually all the missing labels
are recovered. But, this technique presumes that the training
set gets balanced between positive and negative categories.
In [10] different mechanisms are introduced and they are
compared for the generation of synthetic samples for
balancing the data sets during the training of multi-label
algorithms. In [11] the SCUT hybrid sampling technique is
brought into use and it is utilized for balancing the number
of training examples in such a kind of multi-class
environment. In [12] the challenge occurring due to the
multiclass imbalance problems is studied and the
generalization capability of few ensemble solutions,
including the recently introduced algorithm Adaboost is also
investigated. In [13] the process of synthetic instance
production for multilabel datasets (MLDs) and MLSMOTE
(Multilabel Synthetic Minority Over-sampling Technique),
which is a novel algorithm targeted at the generation of
synthetic instances for unbalanced MLDs, is presented. In
this research work, a new PSO based on SMOTE algorithm,
called as PSOSMOTE is introduced for multi-lable
classification for unbalanced data to boost the performance
of unbalanced data classification. The PSOSMOTE
algorithm makes use of multiple sampling rates for various
minority class instances and gets the combination of optimal
sampling rates. Then, the newly introduced MLC is used on
the dataset. The remaining portion of this work is organized
as below. Section 2 explains about the proposed technique.
Section 3 discusses about the data sets, the experimental
setup and experimental results. In the last section, the
conclusions are discussed in Section 4.
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II.

PROPOSED METHODOLOGY

In this research work, PSOSMOTE is used for
imbalanced dataset sampling. PSOSMOTE has combined
both PSO and SMOTE process.
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Then, Bayesian scheme is merged with Random forest
(BARF-MLC) that will be used for revealing the inherent
label dependencies. The overview of the proposed scheme is
illustrated in figure 1.

than gBest. With every iteration of the algorithm, gBest
slowly moves more near to the target till one of the particles
attains the target.
Step 5. Termination: Check If the termination
condition is satisfied, target or maximum epochs is attained,
and if this condition is satisfied, then the algorithm provides
the result in the form of the optimal sequence of
oversampling rate N for SMOTE; else, return to Step 2.
Once the search of the optimal sampling rates is stopped, the
dataset is produced using the SMOTE over-sampling
employing the optimal sampling rates given in [11].
2.4. Bayesian approach with Random forest for multilabel classification (BARF-MLC)

Figure 1. Architecture of proposed imbalanced
classification
2.1. PSOSMOTE
The proposed PSOSMOTE algorithm makes use of
a PSO algorithm to get the optimized sampling rates and
then creates a new dataset by over-sampling making use of
the optimized sampling rates. The algorithm comprises of
five steps, which are explained as follows.
Step 1. Encoding and Initialization: In this step, a
particle with size P gets generated to be used for the PSO
algorithm. Let represent the sampling rate of the minority
class instance . Then in the pretext of a PSO algorithm, an
individual in a particle is used for the representation of a
combination of the sampling rates for every instance as
given,
,where M
refers to the length of particles, which is the number of
minority class instances, and P stands for the particle size.
For initializing an individual, the position and velocity of
every node of the chromosome is set.
Step 2. Fitness computation: In this step, the fitness
function value for every individual in the particles is
calculated, and then that value is compared with the
PBest.In case the condition of fitness value is better
compared to pBest then the current fitness is assigned to be
new pBest, otherwise the earlier pBest value is maintained
as best. The sample for Train based on is considered to
obtain SmotedTraini and then classification is carried out by
Smoted Train that is a training set and then trained in the
form of a testing set. After this, the classification index Gmean value is taken as the i-th individual of fitness function
value pBest (i=1,2,…P). Then the final pBEst value is
assigned in order to obtain gBest.
Step 3. Velocity computation: The velocity value is
computed as per the distance of the individual’s data from
the target. The more the distance, the higher is the velocity
value. In case the data is a pattern or sequence, then the
velocity would explain how dissimilar the pattern is from
the target, and therefore, how much it requires to be
modified in order to be matched with the target. The pBest
value of each particle just specifies the nearest the data has
ever reached to the target since the start of the algorithm.
Step 4. Update: The gBest value is only changed if
any particle's pBest value comes near to the target rather
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BARF-MLCscheme is used for multi-label
classification. The proposed work at first employs the
classifier tree construction algorithm and label transfer
technique for dealing with label dependencies. Then,
classifier trees are integrated with the forest using the new
ensemble framework to improve the prediction performance,
and the computational complexity of the proposed
algorithm. A new hierarchical tree algorithm, known as MLTREE specified in Algorithm 1, presumes the intrinsic label
dependency in a hierarchical way.
Algorithm 1. ML-TREE
Input: A data set D, and a relevant label vector b = none
Output: A hierarchical multi-label tree
1: (b, h, P) = SPLITTEST(D, b)
2: if h

none ^ Acceptable(P) then

3: for Di P do
4: treei=ML-TREE(Di, b)
5: end for
6: return node(h, b, Ui{treei})
7: else
8: return leaf(h, b)
9: end if

With no loss of generality, linear Bayesian
technique is used in the form of base classifier, and the
thresholding value = 0.9 is set as the default value.
2.4.1. Bayesian approach
Bayesian networks are used for specifying the
labels joint distribution space that is conditioned on feature
space, and is a strong random order modeling of label
relationships. Multi-dimensional Bayesian network classifier
is a Bayesian network (BN)
of
restrained
topology
aimed at resolving the
multi-dimensional
(along
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2.4.2. Random forest
This research work addresses the text classification
problems where the comments of dataset have to be
categorized into predetermined classes. Feature set of those
domains includes the word occurrences, which lead to
dimensionality problem. Therefore, decision tree learning
approach called as random forest is found to be a suitable
approach since it produces diversity by training on multiple
data subsets and feature sets. In machine learning, diversity
is a factor to be considered for constructing good Random
Forests (RF), where bagging is combined with random
feature selection for decision trees. Dataset in random forest
is then trained with Bayesian technique for efficient multilabel classification.
III.

RESULTS AND DISCUSSION

In this research work, the performance of proposed
BARF-MLC is then compared with earlier PCT, HOMER
and ML-FOREST algorithm. Using the table 1 provided
below, all the Imbalanced data sets with imbalance ratio
ranging between1.5 and 9 is found. For each data set, its
name and its number of instances, attributes
(Real/Integer/Nominal valued) and imbalance ratio value are
determined. Eachdata file depicts a subsequent structure as
shown in table 1.
Table 1: Details of imbalanced dataset
NAME

Evaluation on different classifiers is performed in terms
of precision based on percentage is shown in figure 2. The
proposed BARF-MLC approaches render the precision
value to be 86.9565%, in Pima Indians that is greater
compared to the earlier approaches, whereas for the other
approaches for the same prima Indians: PCT gives
65.2173%, for HOMER renders 69.5652% and MLFOREST yields 78.2608%.

ATTRIBUTES

EXAMPLE

IMBALANCE
RATIO

(R/I/N)

Pima
Indians

8 (8/0/0)

768

1.87

Yeast 1

8 (8/0/0)

1484

2.46

New –
thyroid 1

5 (4/1/0)

215

5.14

This research work makes use of three different types of
datasets, which include: (1) Pima Indians, (2) Yeast and (3)
Thyroid are imbalanced data type. The ultimate goal is to
find the onset of diabetes in Pima Indians within five years
using machine learning. A model whose performance is
good could help in focusing on the preventive measures to
the impacted. The link can be referred for description of the
entire
dataset.
https://sci2s.ugr.es/keel/imbalanced.php?order=featR#sub10

Figure 3 Comparison of various classifiers in recall
Figure 3 shows the evaluation on different classifiers in
terms of recall based on percentage. The proposed BARFMLC techniques provides are call value of 92.5925% for
yeast 1 that is much greater compared to the earlier
approaches, whereas for other methods for the same yeast 1:
PCT gives 84.6153%, for HOMER yields 84.6153% and
ML-FOREST renders 88.8888%.

Figure 4 Comparison of various classifiers in f-measure
Figure 4 shows the evaluation on different classifiers in
terms of f-measure based on percentage. The proposed
BARF-MLC approaches yield an f-measure value to be
90.3225% new-thyroid that is higher compared to the earlier
approaches, whereas other methods: PCT yields 70.9677%,
for HOMER its value is 77.4193% and ML-FOREST
renders 81.25%.

Figure 2 Comparison of various classifiers is based on
precision
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