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Abstract—Online reviews available on the internet are
majorly used in sentiment analysis and opinion mining
to determine the sentiment expressed in the text.
Sentiment classiﬁcation is a basic task in sentiment
analysis, with its aim to classify the sentiment of a given
text as either positive or negative. Nowadays Bag-ofwords (BOW) is mostly used for sentiment analysis in
statistical machine learning approaches. Although the
BOW model is very simple and quite efﬁcient in topicbased text classiﬁcation, it is actually not very suitable
for sentiment classiﬁcation. It cannot address the
polarity shift problem. The proposed model called Dual
Sentiment Analysis (DSA), is address this problem for
sentiment classiﬁcation. Initially, data expansion
technique is to be used to create a sentiment-reversed
review for each training and test review. On this basis,
the Dual Sentiment Analysis (DSA) algorithm is to be
applied in two stages. First, dual training algorithm to
make use of original and reversed training reviews in
pairs for learning a sentiment classiﬁer. Second, a dual
prediction algorithm to classify the test reviews by
considering two sides of one review. To remove DSA’s
dependency on an external antonym dictionary for
review reversion, a pseudo antonym dictionary is
developed based on corpus-based method. At last, the
statistical machine learning algorithms (naıve Bayes,
maximum entropy classifier, and support vector
machines) will be used to train a sentiment classifier.
Keywords—Natural language processing, Sentiment analysis,
Opinion mining, Machine learning.

I. INTRODUCTION
Online reviews available on the internet are
majorly used in sentiment analysis and opinion mining to
determine the sentiment expressed in the text [2], [16].
Sentiment analysis is becoming a hotspot in the field of
data mining and natural language processing.

Sentiment classification is a basic task in
sentiment analysis, with its aim to classify the sentiment
(e.g., positive or negative) of a given text [4], [7], [8], [25].
The general practice in sentiment classification follows the
techniques in traditional topic-based text classification,
where the bag of-words (BOW) model is typically used for
text representation. In the BOW model, a review text is
represented by a vector of independent words.
Although the BOW model is very simple and
quite efficient in topic-based text classification, it is
actually not very suitable for sentiment classification.
Because, it breaks the syntactic structures, disrupts the
word order, and discards some semantic information. One
of the most well-known difficulties in BOW is the polarity
shift problem [25], [39], [42]. Polarity shift is a kind of
linguistic phenomenon which can reverse the sentiment
polarity of the text. Negation is the important factor to be
considered in polarity shift. By adding a negation word in
front of the positive word, the sentiment of the text will be
reversed from positive to negative. For example, by adding
a negation word “don’t” to a positive text “I like this
movie” in front of the word “like”, it is reversed from
positive to negative “I don’t like this movie”.Several
approaches have been proposed in the literature to address
the polarity shift problem [16], [17], [21].
II. RELATED WORK

A. Sentiment analysis
According to the levels of granularity, tasks in
sentiment analysis can be classified into four
categorizations: document level, sentence level, phrase
level, and aspect level sentiment analysis [4], [33]. There
are many challenges have been figured out in sentiment
analysis [4], [7], [23], [31], [35], [43].
Sentiment analysis is not a new topic for the
recent years. In the past decade, there has seen a rapid
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growth in the field of sentiment analysis from text data.
Hatzivassiloglou and McKeown [39] have developed an
algorithm for predicting semantic orientation. Their
algorithm performs well, but it is implemented for isolated
adjectives, rather than phrases containing adjectives or
adverbs. Then Point-wise Mutual Information-Information
Retrieval algorithm(PMI-IR) is employed to estimate the
semantic orientation of a phrase [40]. Peter D. Turney
presented a simple unsupervised learning algorithm for
classifying reviews as recommended (thumbs up) or not
recommended (thumbs down). The classification of a
review is calculated by the average semantic orientation of
the phrases in the review that contain adjectives or adverbs
[21].
In the machine learning methods, the text is
represented by Bag-Of-Words (BOW). The Bag Of Words
method is typically used for text representation. In BOW
text is represented by vector of words. The DS method is
proposed by [26], where “NOT” is attached to the words in
the scope of negation, e.g., “The Samsung battery life is
not good” is converted to “The Samsung battery life is
good-NOT”. Light-weight Semantic Similarity method is
proposed [41] where each text is split up into two parts:
polarity-shifted and polarity-unshifted, based on which two
component classiﬁers are trained and combined for
sentiment classiﬁcation. To overcome the polarity shifting
problem, Dual Sentiment Analysis method is introduced
with selective data expansion [25]. In this algorithm, for
each positive/negative review the polarity shifted review is
created with the support of Word-Net.
There were still some approaches that addressed
polarity shift without complex linguistic analysis and extra
annotations. For example, Li and Huang [19] proposed a
method first to classify each sentence in a text into a
polarity-unshifted part and a polarity-shifted part according
to certain rules, then to represent them as two bags-ofwords for sentiment classification. Li et al. [21] further
proposed a method to separate the shifted and unshifted
text based on training a binary detector. Classification
models are then trained based on each of the two parts. An
ensemble of two component classifiers is used to provide
the final polarity of the whole text.
There exists many techniques that explore
sentiment analysis which deals with different levels of
granularity. In the document-level and sentence-level
classification, there are two types of methods used in
literature; term counting methods and machine learning
methods. In term counting methods, the overall orientation
of a text is calculated by summing up the orientation scores
of content words in the text, based on manually-collected
or external lexical resources [20], [21], [25]. In the machine
learning methods, Naïve Bayes Classifier, Support Vector
Machine(SVM) and Entropy Classifier are used to train the
classifier [9], [22], [25], [34], [42].

III. THE PROPOSED SCHEME
The method called Dual Sentiment Analysis by
using Mutual Information(MI) is proposed in this paper.
A. Architectcure Design

Fig.1 Architecture Diagram

Initially, the collected datasets are in Partial XML format.
Then it is converted into XML format. Any user defined
tag is added with proper xml tags to convert it into XML
format. After the XML parsing, only the REVIEW-TEXT
is extracted and saved in separate text document. Each text
document contains the unique reviews.By using the method
called tokenization, all the words in all the documents are
tokenized and saved in a single text document. Then, to
find the frequency count of words in each document,
HashMap is used.
The following ﬁve systems that are proposed in the
literature have to be evaluated with the aim at addressing
polarity shift.
1) BOW:The general practice in sentiment
classification follows the techniques in traditional
topic-based text classification, where the bag-ofwords (BOW) model is typically used for text
representation. In the BOW model, a review text
is represented by a vector of independent words.
2) DS:In this, “NOT” is attached to the words in the
scope of negation, e.g., “The book is not
interesting” is converted to “The book is
interesting-NOT”.
3) LSS:In LSS, each text is split up into two parts:
polarity-shifted and polarity- unshifted, based on
which two component classifiers are trained and
combined for sentiment classification. To our
knowledge, this is the state-of-the-art approach of
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TABLE 1
DATASET COLLECTION

considering polarity shift without using external
resources.
4) DSA-WN:The DSA model with selective data
expansion and the WordNet antonym dictionary.
5) DSA-MI:The DSA model with selective data
expansion and the MI-based pseudo-antonym
dictionary.
B. Data Expansion Technique
Given an original sample and an antonym dictionary
(e.g., WordNet), a polarity-opposite sample is generated
artificially according to the following rules:
1) Sentiment word reversion: All sentiment words
out of the scope of negation are reversed to their
antonyms;
2) Handling negation: If there is a negation
expression, first detect the scope of negation, and
then remove the negation words (e.g., “no”, “not”,
and “don’t”). The sentiment words in the scope of
negation are not reversed;
3) Label reversion: The class label of the labeled
sample is also reversed to its opposite (i.e.,
Positive to Negative, or vice versa) as the class
label of newly generated samples (called polarityopposite samples).
A simple example is shown to explain the generation
process.

Dataset

#positive

#negative

Book

1,000

1,000

DVD

1,000

1,000

Electronics

1,000

1,000

Kitchen

1,000

1,000

B. Data Pre-Processing Phase
The data pre-processing phase incorporates steps
to modify the data into a form that can be easily and
effectively used by the data mining phase [11], [15], [18],
[27], [32]. The steps involved are described here.
1) XML parsing
Initially, the datasets are in partial XML format.
Then, it is converted into fully XML format by adding
XML tags. From this XML datasets, we need the review
content alone. So, XML parser is applied to get the
reviews.

The original sample
Text: I don’t like this movie. Worst story.
Label: Negative
According to Rule 1, “worst” is reversed to its antonym
“best”; According to Rule 2, the negation word “don’t” is
removed, and “like” is not reversed; According to Rule 3,
the class label Negative is reversed to Positive. Finally, an
artificial polarity-opposite sample is generated:
The generated opposite sample
Text: I like this movie. Best story.
Label: Positive
All samples in the training and test set are reversed to their
polarity-opposite versions.
IV.

IMPLEMENTATION AND METHODOLOGY

A. Dataset Collections
For polarity classiﬁcation, the Multi-Domain Sentiment
Datasets are used. They contain product reviews taken
from Amazon.com including four different domains: Book,
DVD, Electronics and Kitchen. Each of the reviews is rated
by the customers from Star-1 to Star-5. The reviews with
Star-1 and Star-2 are labeled as Negative, and those with
Star-4 and Star-5 are labeled as Positive. Each of the four
datasets contains 1,000 positive and 1,000 negative
reviews.

Fig.2. XML parsing

2) Stop Word Removal
Stop words are the most commonly occurring
words in any sentence [12]. These words are filtered prior
to automatic text analysis as they do not add any
significance during further processing [13]. For removal of
stop word, a stop word list is built consisting of 22249
words which include articles, pronouns, proper nouns such
as name of the countries, name of the personalities etc. If
the sentence contains words that are present in the stop
word list, then they are eliminated. Example of sentences
revealing positive and negative emotions are shown in fig.2
Emotion
Positive

ID
1

Example
Good Acting. Nice story. Climax was
unpredictable. Everyone has done their work nicely.
Overall film was awesome
Negative
2
I don’t like this book. It is boring. Last chapter is
completely boring.
Fig. 2. Example of sentences expressing positive and negative emotions

Illustration of the process of stop word removal is provided
in Fig. 3.
ID
1
2

Sentence after stop word removal
Good Acting Nice unpredictable done nicely awesome
don’t like boring boring
Fig. 3. Illustration of stop word removal
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The output of this process is given as input to stemming.
4) Stemming
English words can be inflected which means that
they can change their form to express differences in
number, tense, gender, person, case, aspect, mood etc. In
text analysis and natural language processing, these words
are reduced to their root or base form to improve further
processing. This process is termed as stemming [14].
Stemming is performed on the output obtained from the
stopword removal process and the result is portrayed in fig.
4.
ID
1
2

Result after Stemming
Good Act Nice Unpredictable Do Nice Awesome
Don’t Like Bore Bore
Fig. 4. Result of Stemming

These identified root word forms the output of the
data pre-processing phase. They are provided as input to
the data mining phase, steps of which are explained in the
following sub-section.
C. Dual Sentiment Analysis
DSA algorithm contains two main stages called
Dual Training and Dual Prediction.

instead, ~x is used to assist the prediction of x.
This process is called dual prediction.
In DP, predictions are made by considering two sides
of one review:
 When we want to measure how positive a test
review x is, we not only consider how positive the
original test review is, but also consider how
negative the reversed test review is;
 Conversely, when we measure how negative a test
review x is, we consider the probability of x being
negative as well as the probability of ~x being
positive.
To reduce DSA’s dependency on an external
antonym dictionary, a corpus-based method is to be
developed for constructing a pseudo-antonym dictionary.
The pseudo antonym dictionary is language-independent
and domain adaptive. It makes the DSA model possible to
be applied into a wide range of applications.
V. EXPERIMENTS AND RESULTS
The performance of the classifiers was evaluated
through various evaluation metrics. Ten fold cross
validation was performed for assessment. Metrics such as
accuracy, precision, recall and f-measure were computed
[3]. Accuracy signifies the number of correctly predicted
instances to the total number of instances [1].
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑟𝑒𝑠𝑢𝑙𝑡𝑠
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

Precision refers to the fraction of number of correct results
to the number of all returned results.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑟𝑒𝑠𝑢𝑙𝑡𝑠
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑟𝑒𝑠𝑢𝑙𝑡𝑠

Recall is the number of correct results divided by the
number of results that should have been returned.
Fig. 2. The process of dual sentiment analysis. The rectangle ﬁlled with
slash denotes the original data, and the rectangle ﬁlled with backslash
denotes the reversed data.

1) Dual Training:In the training stage, all of the
original training samples are reversed to their
opposites. It is referred as “original training set”
and “reversed training set” respectively. In data
expansion technique, there is a one-to-one
correspondence between the original and reversed
reviews. The classifier is trained by maximizing a
combination of the likelihoods of the original and
reversed training samples. This process is called
dual training.
2) Dual Prediction:In the prediction stage, for each
test sample x, a reversed test sample ~x is created.
The aim is not to predict the class of ~x. But

𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑟𝑒𝑠𝑢𝑙𝑡𝑠
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑡𝑢𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑟𝑒𝑠𝑢𝑙𝑡𝑠

F-measure denotes the harmonic mean of precision and
recall. Mathematically, it is represented as follows.
𝐹𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =

2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

The classification rules evolved by the best
performing classifier are used for prediction of emotions
from reviews [2]. The experiments and the associated
results are discussed in the following section.
Sentiment classification from reviews available on
the internet have been attempted in this work. Various
experiments were conducted in view to attain maximum
possible accuracy. The impact of feature selection and
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ensemble techniques were analyzed. Initially various
classifiers namely Random Tree (RT), Reduced Error
Pruning Tree (REPT), C4.5, Grafted C4.5, FT and
Classification and Regression Trees (CART) were
employed to classify the emotions in the news articles.
Then, feature selection was adopted and classification was
attempted on the reduced set of features. Table 2 presents
the accuracy results obtained with and without feature
selection.

[7]

TABLE 2
RESULTS OF ACCURACY PREDICTIONS WITH AND WITHOUT FEATURE
SELECTION
Classifier
Accuracy
Without Feature
With Feature
Selection
Selection
RT
76.37
81.67
C4.5
86.08
86.83
Grafted C4.5
86.46
86.04
REPT
85.02
86.87
FT
85.88
86.25
CART
85.81
86.73

[11]

[8]

[9]

[10]

[12]
[13]

[14]

[15]

[16]

V. CONCLUSION

In this paper, DSA algorithm is proposed to
address the polarity shift problem in sentiment
classiﬁcation.In data expansion technique, reversed reviews
are created. There are two stages in DSA algorithm: Dual
Training and Dual Prediction. In the training stage, all of
the original training samples are reversed to their opposites.
In the prediction stage, for each test sample, a reversed test
sample is created. Finally, the statistical machine learning
algorithms (such as naıve Bayes, maximum entropy
classifier, and support vector machines) used to train a
sentiment classifier. Based on the DSA-WN model, a
corpus-based method for constructing a pseudo-antonym
dictionary is created. In future, the antonym dictionary can
be developed manually with more accurate words and
phrases.

[17]
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