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Abstract

In recent years, consumers are performing a pilot investigation using online resources before making any decision of purchase. One of
the most popular social blogging online medium is twitter. The opinions collected from twitter at any point of frame in real world scenar-
io are tending towards class imbalance in nature. The existing algorithms for opinion mining can work better on class balance nature,
where opinions (positive and negative) are almost balance. In this paper, we propose a novel approach known as Improved Opinion Min-
ing using Under Sampling (IOMUS) to efficiently summarize the reviews of class imbalance opinion mining corpus. The experimental
set up is performed on the collection of opinion mining class imbalance dataset consisting of “1155” instances. The experimental results
suggest that improved performance is obtained by the proposed IOMUS algorithm than the traditional approach.
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1. Introduction

In many real time applications large amount of data is generated
with skewed distribution. A data set said to be highly skewed if
sample from one class is in higher number than other [1-2]. In
imbalance data set the class having more number of instances is
called as majority class while the one having relatively less num-
ber of instances is called as minority class [2]. Applications such
as medical diagnosis prediction of rare but important disease is
very important than regular treatment. Similar situations are ob-
served in other areas, such as detecting fraud in banking opera-
tions, detecting network intrusions [3], managing risk and predict-
ing failures of technical equipment. Studies on class imbalance
classification have grown more emphasis only in recent years [4].
Reported works in classifications for class imbalance distribution
come in many ranges of domain applications like fault diagnosis
[5-6], anomaly detection [7], medical diagnosis [8-9], detection of
oil spillage in satellite images [10], face recognition [11], text
classification [12], protein sequence detection [13] and many oth-
ers. The significant challenges of the class imbalance problem and
its repeated incidence in practical applications of pattern recogni-
tion and data mining have engrossed many researchers that two
workshops dedicated to research efforts in addressing the class
imbalance problems were held at AAAI 2000 [14] and ICML
2003 [15] respectively.

Opinion mining has become a very active research area in natural
language processing (NLP) and has attracted increasing interest in
data mining, Web mining, and text mining. The aim of Opinion
mining is to analyze people’s opinions, evaluations, attitudes,
appraisals, and emotions towards particular entities. These entities
might be services, organizations, products, events, topics, individ-
uals, issues, or their attributes. Opinion mining includes several
tasks such as opinion extraction, subjectivity classification, polari-
ty determination, affect analysis, review mining, etc. The research

interest in Opinion mining can be attributed to several reasons.
First of all, it has a wide range of applications, and is applicable in
several domains, such as branding and product analysis, expres-
sive text-to-speech synthesis, question answering, analysis of po-
litical debates, tracking sentiment timeliness in online forums and
news, and conversation summarization. Second, there are still
several gaps and challenging research problems that require fur-
ther studies to build more reliable and effective systems. Third,
Opinion mining is a helpful and useful tool to analyze the rapid
growth of user-generated contents which are expressed in several
online media such as blogs, wikis, web forums and social net-
works. Through these platforms or environments, users can ex-
press their opinions, post information, share knowledge, and get
feedback from each others. In this research, we propose to present
a framework for efficient opinion mining analysis for class imbal-
ance data using under sampling strategy.

The arrangement of paper is follows as. We exhibit in Sec. 2 the
recent approaches in opinion mining summarization. In Section 3,
we present the proposed approach. Section 4 presents the dataset
and the assessment criteria's designed for class imbalance learning
of twitter dataset. Test results are accounted for in Section 5. In
section 6 of conclusion, we finish up where we talk about real
open issues and upcoming work.

2. Related work

There is vast literature published for opinion mining in recent
years. We have selectively taken a very few contributions which
are under the domain of class imbalance learning.

Lincy Meera Mathews et al., [16] have proposed an improved
Nearest Neighbor Classifier for a two class imbalanced data using
three oversampling techniques for generation of artificial instances
for the minority class for balancing the distribution among the
classes. Sadam Al-Azani et al., [17] compared the performance of
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different classifiers for polarity determination in highly imbal-
anced short text datasets using features learned by word embed-
ding rather than hand-crafted features.
Farrukh Ahmed et al., [18] have proposed on generating a mining
table by aggregating information from multiple local tables and
external data sources and automatically generating potentially
discriminant features. They also prevented leakage of the class
information by avoiding features built after the knowledge of the
class label. Jerzy Stefanowski[19] have discuss different challeng-
ing tasks in machine learning and data mining such as the data
difficulty factors which deteriorate classification performance:
decomposition of the minority class into rare sub-concepts, over-
lapping of classes and distinguishing different types of examples.
TengNiu et al., [20] have introduced a multi-view sentiment anal-
ysis dataset (MVSA) including a set of image-text pairs with
manual annotations collected from Twitter. The dataset can be
utilized as a valuable benchmark for both single-view and multi-
view sentiment analysis. With this dataset, many state-of-the-art
approaches are evaluated. More importantly, the effectiveness of
the correlation between different views is also studied using the
widely used fusion strategies and an advanced multi-view feature
extraction method. Vasileios Athanasiou et al., [21] have proposed
a novel ensemble algorithm with gradient boosting technique that
can learn with different loss functions providing the ability to
work efficiently with high dimensional data. Moreover, the algo-
rithm is build to work o class imbalance issues since the distribu-
tion of sentiments in real-world applications often displays issues
of inequality.
Michael Crawford et al., [22] have conducted a survey using
prominent machine learning techniques that have been proposed to
solve the problem of review spam detection and the performance
of different approaches for classification an detection of review
spam. The majority of current research has focused on supervised
learning methods, which require labelled data, a scarcity when it
comes to online review spam. Research on methods for Big Data
are of interest, since there are millions of online reviews, with
many more being generated daily. V. Gopalakrishnan et al., [23]
have proposed a modification in ensemble based bagging algo-
rithm and also in sampling method used for data distribution, so as
to solve class imbalance problem to improve the classification
performance.
BartoszKrawczyk[24] have discussed open issues and challenges
such as classification, regression, clustering, data streams, big data
analytics and applications, e.g., in social media and computer
vision that need to be addressed to further develop the field of
imbalanced learning. Julien Ah-Pine et al., [25] have proposed a
novel method for twitter opinion mining using machine learning
method such as synthetic oversampling techniques for imbalanced
learning using tweet-polarity classification. Troy Raeder et al., [26]
have discussed on fundamental issue that, it is not sufficiently to
consider the sensitivity of classifiers both to class imbalance as
well as to having only a small number of samples of the minority
class.
After analysing the above recent contributions, we concluded that
there is great scope for investigation and research in the opinion
mining. We propose to present a framework for opinion mining
which can efficiently perform knowledge discovery for the class
imbalance corpus of twitter social database.

1) Framework of Improved Opinion Mining using Under Sam-

pling (IOMUS) Algorithm

Process of Sentiment Analysis
Sentiment Analysis is a complicated procedure which has five
phases for analysis of sentiment data. The phases are:
Data collection: This is the first stage of Sentiment Analysis
which comprises the collection of data from user-generated con-
tent present in blogs, forums or social networks. The data is not
organized, conveyed in various manners through usage of various
vocabularies, slang or contexts.
Text preparation: This comprises of cleaning of the extracted data
prior to analysis. Non-textual as well as non-relevant content are
detected and discarded.

Sentiment detection: Extracted sentences are analysed and those
with subjective opinion are retained while the remaining are elim-
inated. Sentiment detection is done at different levels either single
term, phrases, complete sentences or complete document with
commonly used techniques.

Sentiment classification: Here, subjective sentences may be car-
ried out through usage of several points. Presentation of output:
The primary aim of opinion mining is the conversion of non struc-
tured data into useful information. When the analysis is over, text
results are illustrated on graphs such as pie or bar charts and even
line graphs. The different components of our new proposed
framework are elaborated in the next subsections.

Step 1: Preparation of Majority and Minority Subset

The datasets is partitioned into majority and minority subsets. As
we are concentrating on under sampling, we will take majority
data subset for further analysis to generate synthetic instances.
Step 2: Selection of novel subset of Instances

Majority subset can be further analyzed to find the missing or
noisy instances so that we can eliminate those instances to im-
prove the quality of the subset. For finding noisy, boarder line and
missing value instances for generating improved majority subset
one of the ways is to go through a preprocessing process and to
apply distance measure.

Step 3: Performing under sampling from majority subset

The majority instances, which are excess in percentage than the
minority subset are reduced by following the intelligent inexact
technique for removal. In this technique the influential features are
selected and retrieved for further utilization. The weak or less
influential features are selected for removal of instances which are
in the border line and range of misclassification. The process of
finding such instances can be done by applying techniques of po-
larity finding in a semi group of instances using KNN (K Nearest
Neighbor) searching algorithm. The main principle of investiga-
tion in the KNN approach is to find the percentage of opposite
polarity instances in the group for identification of mostly mis-
classified or outlier instances.

Step 4: Forming the Strong Dataset

The under sampled majority subset and the minority subset are
combined to form a strong and almost balance dataset, which is
used for learning of a base algorithm. In this case again we have
used Random Forest [27] as the base algorithm. Our method will
be superior to other under sampling methods since our approach
performed under sampling using the instance specific technique
for instance removal.

3. Dataset and evaluation criteria’s

4.1. Opinion mining with twitter datasets

The twitter datasets considered for analysis consists of 1155 opin-
ions, in which 944 are positive opinions and 208 are negative
opinions is show in the table 1. The imbalance ratio (IR) of the
considered dataset is 5.52.

Table 1: The Twitter Datasets and Their Properties

S. No Dataset Instances Missing Features IR

1 Twitter 1155 No 993 5.52

The twitter opinion mining dataset sample instances with features
and class can be seen below,

Twitter Datasets:

@relation Twitter

@attribute Twitter numeric

@attribute body string

@attribute class {pos,neg}

@data

1229709107,'anyone feel motivated the fri afternoon prior to a holiday?
wanted to get lots done... but i want jammies and judge judy... \"SIRI\"
&It; 3 her ',pos

1231217680,'l had the same issue with dominions site. Fixed it by using
internet explorer ', neg
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In most of the cases, the analysis of the twitter dataset was done
assuming it as a balance dataset. We propose to analyze the twitter
dataset as an imbalance dataset, the reason is, almost all the real
world datasets are in imbalance nature. The existing algorithms
are not efficient in discovering the hidden knowledge from the
imbalance twitter dataset. We proposed a novel IOMUS algorithm
for efficient knowledge discovery from the imbalance twitter da-
taset.

4.2. Preparation of the dataset

Take the twitter imbalance dataset and convert the string to vector
by following morphological approach. After the morphological
conversion of dataset, the numbers of features generated are very
high. The most important features required for the further analysis
should be identified. In this work the approach used to identify the
important feature subset is by considering the feature to feature
correlation and feature to class correlation. The dataset with im-
portant subset of features is considered for further analysis using
our proposed IOMUS approach.

Pre Processed Twitter Datasets:

@relation Twitter

@attribute = numeric

@attribute About numeric

@attribute Agis numeric

@attribute Alt numeric

@attribute Although numeric

@attribute Amazing numeric

@attribute And numeric

@attribute Are numeric

@attribute As numeric

@attribute August numeric

@attribute BTW numeric

@attribute Beach numeric

@attribute Beatz numeric

@attribute Beautiful numeric

@attribute Been numeric

@attribute Behaviour numeric

@attribute Bella numeric

@attribute Best numeric

@attribute class {pos,neg}

@data

{0 1229709107,6 1,19 1,186 1,233 1,241 1,251 1,253 1,293 1,357 1,390
1,407 1,419 1,455 1,464 1,470 1,485 1,491 1,492 1,528 1,574 1,649 1,747
1,764 1,803 1,804 1}

{0 1231217680,114 1,294 1,443 1,483 1,675 1,698 1,747 1,792 1,834
1,8751,917 1,921 1,941 1,942 1,992 neg}

{0 1229063765,233 1,269 1,402 1,483 1,521 1,605 1,656 1,745 1,747
1,764 1,877 1,889 1,896 1,897 1,905 1,944 1,950 1,985 1,987 1,992 neg}

The experimental methodology used for experimental simulation
is 10 fold cross validation. In 10 fold cross validation the data
source is divided into 10 equal partitions. In each run, one of the
folds is used for testing and remaining folds are used for training
the model. The mean of 10 runs are used for computing of evalua-
tion metrics such as accuracy, AUC, TP rate, TN rate etc...

We performed the implementation of our new algorithms within
the Weka [28] environment on windows 7 with i5-2410M CPU
running on 2.30 GHz unit with 4.0 GB of RAM. The validation of
the results is done using 10 fold cross validation, in which the
dataset is split into 10 subsets and in each run nine subset are used
for training and the remaining subset is used for testing. In 10
runs, the testing subset is altered and average measures for the 10
runs are generated.

4. Experimental results

We used the positive/negative polarity of the opinions from Twit-
ter dataset. The dataset is highly imbalanced; the majority class is
“positive” with 944 opinions, while the minority class is “negative”
with 208 opinions. In our experiments, 10 fold cross validation

technique is used for experimental validation. We evaluate our
proposed approach with decision tree evaluator C4.5 and REP.
Table 2 summarizes the results obtained using C4.5, REP and the
proposed IMOUS. We evaluated seven measures: accuracy, AUC,
precision, recall, f-score, FP rate and FN rate. F-score is a more
informative score since it considers both precision and recall
measures. The evaluation metrics used in the paper are detailed
below,

Accuracy is the percentage of correctly classified instances. AUC
can be computed simple as the micro average of TP rate and TN
rate when only single run is available from the classification algo-
rithm.

The Area under Curve (AUC) measure is computed by,

AUC :TPRATE _;TN RATE (1)

The Precision measure is computed by,

Precision :7(TP;;P(FP) 2

The Recall measure is computed by,

TP
Recall NN CT 3)

The F-score value is computed by,

2 x Precision x Recall
F —score = 4
Precision + Recall

Table 2 provides both the numerical average performance (Mean)
and the standard deviation (SD) results. If the proposed IMOUS
technique is better than the compared technique then ‘e’ symbol
appears in the column. If the proposed technique is not better than
the compared technique then ‘o’ symbol appears in the column.
The mean performances were significantly different according to
the T-test at the 95% confidence level.

Table 2 presents the performance of C4.5 [29], REP [30] and pro-
posed approach on class imbalance twitter dataset. The values in
the table give a general view of the performance of C4.5, REP and
proposed method IMOUS using each of the seven performance
metrics. From table 2, it can be noticed that IOMUS learning
method have performed robustly and the overall average results
for all metrics are improved. The accuracy of IOMUS is
97.91+1.26, while it is 95.99+1.89 for C4.5 and 93.80+2.63 for
REP algorithm. This also holds for AUC whose value is
0.990+0.015 for IOMUS, the value of 0.935+0.046 for C4.5 and
0.881+0.065 for REP. For precision the measures IOMUS is
0.980+0.013, which is an improvement from 0.964+0.019 for C4.5
and 0.956+0.021 for REP.

Table 2: Summary of Tenfold Cross Validation Performance for Accuracy
on the Twitter Datasets

Measure C4.5 REP IO0MUS
Accuracy 95.99+1.89e 93.80+2.630 97.91+1.26 Accuracy
AUC 0.935+0.0460 0.881+0.065@ 0.990+0.015
Precision 0.964+0.019e 0.956+0.021e 0.980+0.013
Recall 0.990+0.011e 0.973+£0.019e 0.998+0.006
F-Score 0.977+0.011e 0.964+0.015@ 0.989+0.007
FP Rate 0.209+0.111e 0.252+0.1240 0.239+0.164
FNRate 0.010+0.011e 0.027+0.019e 0.002+0.006

eBold dot indicates the win of IOMUS on C4.5 and REP algorithm;

(A
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Fig. 1: (A) — (D): Presets Graphical Representation of All the Eight Vali-
dation Measures.

The value of recall of IMOUS i.e 0.998+0.006 is higher than for
C4.5 i.e0.990+0.011 and 0.973+0.019 for REP. It is, also, clear
that IOMOUS value has relatively better performed than C4.5 and
REP in terms of f-score from 0.989+0.007 and 0.964+0.015 to
0.97740.011. The FP rate ad FN rate measures are also improved
for IOMUS than C4.5 and REP.

Table 2 Summary of tenfold cross validation performance for
Accuracy on the Twitter datasets

Fig. 1 a—d Test results on AUC, precision, recall, F-score, accura-
cy, FP Rate and FN Rate between C4.5, REP verses IOMUS on
imbalance twitter datasets.

The strength of our model is to remove the most weak examples
recursively thereby strengthens the majority class. One more point
to consider is our method tries to remove the most misclassified
instances from majority subset. Firstly, the removal of some weak
instances from majority set will not harm the dataset; in fact it will
reduce the root cause of our problem of class imbalance as a
whole by reducing majority samples in a small proportion.

Finally, we can say that proposed method is one of the best alter-
natives to handle class imbalance opinion datasets effectively.
This experimental study supports the conclusion that the a promi-
nent recursive under sampling approach can improve the class
imbalance behaviour when dealing with imbalanced datasets, as it
has helped the proposed approach to be the best performing algo-
rithm when compared with C4.5 and REP algorithm.

5. Conclusion

Opinion mining is the process of analyzing the opinions to provide
a recommendation to the user. The class imbalance opinion min-
ion datasets are of critical in nature to analyze. In this paper, we
propose a novel approach known as Improved Opinion Mining
using Under Sampling (IOMUS) to efficiently summarize the
reviews of class imbalance opinion mining corpus. The experi-
mental set up is performed on the collection of opinion mining
class imbalance dataset consisting of “1155” instances. The exper-
imental results suggest that improved performance is obtained by
the proposed IOMUS algorithm than the traditional approach.
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