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Sentiment classification or sentiment analysis has been acknowledged as an open research domain. In recent years, an enormous
research work is being performed in these fields by applying various numbers of methodologies. Feature generation and selection
are consequent for text mining as the high-dimensional feature set can affect the performance of sentiment analysis. This paper
investigates the inability or incompetency of the widely used feature selection methods (IG, Chi-square, and Gini Index) with
unigram and bigram feature set on four machine learning classification algorithms (MNB, SVM, KNN, and ME). The proposed
methods are evaluated on the basis of three standard datasets, namely, IMDb movie review and electronics and kitchen product
review dataset. Initially, unigram and bigram features are extracted by applying n-gram method. In addition, we generate a composite
features vector CompUniBi (unigram + bigram), which is sent to the feature selection methods Information Gain (IG), Gini Index (GI),
and Chi-square (CHI) to get an optimal feature subset by assigning a score to each of the features. These methods offer a ranking to
the features depending on their score; thus a prominent feature vector (CompIG, CompGI, and CompCHI) can be generated easily
for classification. Finally, the machine learning classifiers SVM, MNB, KNN, and ME used prominent feature vector for classifying
the review document into either positive or negative. The performance of the algorithm is measured by evaluation methods such
as precision, recall, and F-measure. Experimental results show that the composite feature vector achieved a better performance
than unigram feature, which is encouraging as well as comparable to the related research. The best results were obtained from the
combination of Information Gain with SVM in terms of highest accuracy.

1. Introduction
Expeditious growth of the user-generated content on the
web requires the generation of an efficient algorithm for
mining important information. This situation enhances the
importance of text classification whose aim is to categorize
the texts into relevant classes according to their contents. In
current years sentiment mining has been receiving a lot of
attention from researchers as a most active research area in
natural language processing. Sentiment mining or analysis
is the process of determining the emotional tones behind a
series of words.
We were motivated to this work because researches on
sentiment analysis are growing to a great extent and attracting

wide ranges of attention from academics and industries
as well. Understanding emotions, analyzing situations and
sentiments linked with it, is human’s natural ability. However,
how to empower the machines to do the same thing remains
a very crucial and important question to be explored and
answered. Sentiment analysis offers a huge scope in effective
analysis of the attitude, behavior, likes, and dislikes of an
individual. Signal processing and AI both have conducted the
evolution of advanced intelligent systems that aim to detect
and process dynamic information contained in multimodal
sources.
There are several areas such as marketing, politics, and
news analytics which benefit from the result of sentiment
analysis. These solutions can be roughly categorized into

2

Applied Computational Intelligence and Soft Computing

machine learning approach and lexicon-based approach to
solve the problem of sentiment classification. The former
approach is applied to classify the sentiments based on
trained as well as test datasets. The second category does
not require any prior training dataset as it performs the
task by identifying a list of words and phrases that consists
of a semantic value. It mainly concentrates on the patterns
of unseen data. There are few researchers who applied
hybrid approaches by combining both methods, machine
learning and lexical, to improve the sentiment classification
performance.
This field becomes more challenging due to the fact that
many demanding and interesting research problems still exist
in this field to solve. Sentiment-based analysis of a document
is quite tough to perform in comparison with topic based text
classification. The opinion words and sentiments always vary
with situations. Therefore, an opinion word can be considered
as positive in one circumstance but may become negative in
some other circumstance.
Sentiment classification [1] process has been divided
into three levels: document level, sentence level, and feature
level. The entire document is classified in document level,
based on the positive or negative opinion expressed by
the authors. Sentiment classification at the sentence level
considers the individual sentence to identify whether the
sentence is positive or negative. In feature level, classify the
sentiment with respect to the specific aspects of entities.
Aspect level sentiment classification requires deeper analysis
on features, mainly which are expressed implicitly and are
usually hidden in a large text dataset. During this study, the
focus has been on feature level sentiment classification.
The main contributions of this paper can be stated as
follows:

(iv) The effectiveness of classification algorithm is evaluated in terms of F1-score, precision, and recall.

(i) In this present work, we investigate the performance
of the different combination of feature selection
methods (FSM) such as n-gram, Info Gain, Gini
Index, and Chi-square. After completion of preprocessing on a large high-dimensional movie review
dataset, primarily unigram and bigram feature sets
are extracted. Further we create a combined feature
vector with unigram and bigram features.
(ii) Next, we applied feature selection methods (FSM) to
get an optimal feature subset by assigning a weight
to each feature. Finally, we trained the supervised
classifiers SVM, MNB, KNN, and ME with these
optimal feature vectors for classifying the review
document.
(iii) We carried out experiments considering the 10-fold
cross validation, as product review dataset consists
of separate files for positive and negative reviews
but training and testing data are not isolated. For
movie review dataset, we noticed that the distribution
is suboptimal since the training samples are not
sufficient according to 25000 testing reviews. Finally,
to improve the performance of classifier we decided
to use cross validation for movie as well as product
review datasets.

The rest of the paper is constructed as follows: Section 2
consists of the existing literature that can be related to
our approach. Then Section 3 describes the approaches
used in this paper for polarity detection. Section 4 explains
methodology that includes features and proposed feature
selection technique. The detail regarding implementation of
proposed classification algorithm is discussed in Section 5.
The particulars about experiments and results are expounded
in Section 6. Finally, Section 7 concludes with a discussion of
the proposed method and with ideas on future steps.

2. Related Work
In current years, sentiment analysis of social media content
has become most sought area among researchers because
the numbers of product review sites, social networking sites,
blogs, and forums are growing enormously. This field mainly
utilizes supervised, unsupervised, and semisupervised technique for sentiment prediction and classification task. In
this section we provide a brief overview of the previous
studies regarding supervised multiple machine learning (ML)
algorithm. All the previous research works related to machine
learning classifiers for sentiment analysis have been discussed
in Table 1.
Pang et al. employed three different ML algorithms
such as SVM, NB, and ME. They considered bag of word
framework with n-gram features such as unigram, bigram,
and their combination. The performance of SVM algorithm
was convincing according to their analysis. Research work of
Dave et al. [2] used some tools for analyzing the reviews from
Amazon and CNET for classification. They select bigram
and trigram features using n-gram model and some scoring
methods are applied finally to determine whether the review
holds positive or negative opinion. SVM and NB classifier
were implemented for sentence level classification with the
accuracy of 87.0.
The movie reviews dataset IMDb was used in a study by
Annett & Kondrak, 2008 [3]. They adopted lexical resource
WordNet for sentiment extraction. Different classifiers such
as SVM, NB, and alternating decision tree used for review
classification and more than 75% accuracy was achieved.
In some cases [4], SVM classifier separately is unable to
provide a satisfactory performance for small datasets, but the
combination of SVM with NB classifier performs surprisingly
well by integrating the advantages of both classifiers.
Zhang et al. [5] proposed a classification approach of Chinese reviews on clothing products. They applied word2vec
and SVMpref technique while word2vec helped to capture the
semantic features based on semantic relationship. SVMpref
is nothing but an alternative structural formulation of SVM
optimization problem for binary classification. They achieved
good outcomes of this combination for sentiment classification. Mouthami et al. [6] proposed new approach as
sentiment fuzzy classification algorithm on the movie review
dataset to improve the classification accuracy. Preprocessing
method tokenization, stop word removal, TF-IDF, and POS
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Table 1: Research work related to machine learning classifiers for sentiment analysis.
Accuracy in %

Author/Year

Technical Approach

Pang et al. (2002)

Applied N-gram model with NB, SVM, ME

Dave et al. (2003)

Used N-gram model for feature extraction with SVM,
NB classifier

87.0

Annett & Kondrak
(2008)

Considered WordNet as Lexical resource with SVM,
NB, Decision Tree classifier

75.0

Ye et al. (2009)
Mouthami et.al
(2013)

NB, SVM classifier used for classification
TF-IDF and POS tagging with fuzzy classification
algorithm
SVM, NB, ME classifier adopted with evaluation
matrices F1-Measure
n-gram and POS related
features & emoticons are selected using MI, CHI, OR,
RS method. Classifier ME and SVM used for
classification.
Use word2vec for features with SVM classifier for
classification
first transform the text into low dimensional emotional
space (ESM), next implement SVM, NB, DT classifier.

85.14

Travel Blogs

87.4

Movie review dataset

Zha et al. (2014)
Habernal et al.
(2014)
Zhang et.al. (2015)
Luo et.al. (2016)

tagging are used for initial pruning. Fuzzy rules [7–9] are
implemented with different algorithms in various fields of
data mining domain. In [10] they researched on travel blogs
and applied various machine learning algorithms, NB and
SVM, by considering the n-gram model to obtain the feature
set. In this study, SVM worked best with 85.14% accuracy.
The feature selection stage mainly helps in refining
features, which are considered as input for classification task.
Feature selection is definitely a beneficial task considered
by Narayanan et al. [11] based on the experimental result.
They have applied only Mutual Information feature selection
method with Naive Bayes (NB) classifier in the domain of
movie review.
Dey et al. focused on quick detection of sentiment content
of online movie reviews and hotel reviews. The statistical
method Chi-square test has been used to find positive information and negative score for each feature and create a word
dictionary by summarizing information score. The classifiers
KNN and NB were applied with detailed explanation, where
NB produces better accuracy than KNN classifier for movie
review dataset.
Amolik et al. [12] proposed a model for sentiment prediction of more than 21,000 tweets by applying the machine
learning classifiers SVM and NB. Feature vectors were also
made competent to handle the problem of repeating characters in Twitter. They achieved higher accuracy with SVM
(75%) in comparison with NB (65%) by using evaluation
matrices precision and recall. A huge number of research
papers with different ML classifiers, namely, Naive Bayes
(NB) [6, 13], Support Vector Machine (SVM) [4, 5, 14],
Maximum Entropy [15–17], and decision trees [3, 13, 18] have
been used mostly to build classification model in different
domain.

77.4 – 82.9

Dataset domain
Internet Movie Database
(IMDb)
Product review from
Amazon & CNET
Movie reviews (IMDb)1000 (+) and 1000 (-)
reviews

83.0- 88.43

Customer reviews
(feedback)

78.50

Dataset from social
media

89.95- 90.30

Chinese review dataset

63.28 – 79.21

Stock message text data

3. Proposed Approach
The proposed classification method is summarized in several
steps as described below:
(1) Data Collection: In this work, movie review database
(IMDb) and product review (electronics, kitchen)
database are considered to solve the problem regarding sentiment classification.
(2) Preprocessing: This technique is required to remove
noisy, inconsistent, and incomplete data by considering tokenization, stop words removal, and stemming
method.
(3) Feature Extraction and Selection: Initially, to create
a feature vector with numeric value, the frequency
count of each unigram and bigram was performed.
The machine learning classifier needs numerical
matrices to perform sentiment classification. The frequency score of each feature from combined feature
set (unigram + bigram) is computed and only those
features which are considered are those having a value
greater than 5. Further, this reduced feature set is sent
to the feature selection methods IG, CHI, and Gini
Index. Feature selection methods IG, Chi-square, and
Gini Index are used to assign a particular weight to
each individual feature and create a list of top-ranked
features.
(4) Classification: Finally, train the supervised machine
learning classifiers SVM, MNB, KNN, and ME with
the different feature vector for classification the
dataset.
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1. SVM
2. MNB
3. ME
4. KNN

1. Tokenization
2. Normalization
3. Remove stop words
4. Stemming

Pre-processing

Online Product review
Corpus Files

Feature Selection

Feature Weighting

Classification

1. N-gram (Unigram, Bigram)
2. IG
3. CHI
4. Gini Index

Figure 1: The architecture of a proposed framework for sentiment classification task.

4. Methodology
Text classification as a research field was introduced a long
time ago [19]; however, sentiment-based categorization was
initiated more recently [2, 16, 20].The ultimate purpose
of this research work is to investigate the performance
of various machine learning classifiers (MLC) with three
combined feature sets. The whole process can be completed in
four steps: data acquisition, preprocessing, feature selection,
and classification. A general overview of proposed framework is introduced in Figure 1, and the following subsections present a detailed description about each preliminary
function.
4.1. The Data: Dataset Preparation. We conducted experiments on movie review dataset, which were prepared by
Pang & Lee, 2004 [20]. This study uses movie review and
product review dataset (electronics and kitchen) to perform
sentiment classification task. The movie review dataset
https://www.kaggle.com/nltkdata/movie-review#movie
reviews.zip is one of the popular benchmark datasets,
which has been exploited by several researchers in order
to analyze the experimental outcomes. The standard
movie review dataset consists of overall 2000 reviews
where 1000 reviews are tagged as positive and 1000 are
negative. The amazon products review dataset http://www
.cs.jhu.edu/∼mdredze/datasets/sentiment/processed acl.tar.gz
provided by Blitzer et al. (2007) is considered for an
investigation and we adopted the dataset of electronics and
kitchen domain from the corpus produced by Blitzer et al.
Each domain of this corpus has 1000 pos+ and 1000 neglabeled reviews.
The preprocessing is approved to prepare these three
datasets for experiment.

4.2. Preprocessing
(i) Tokenization or segmentation: It can be accomplished by splitting documents (crawled reviews) into
a list of tokens such as word, numbers, and special
characters, making the document ready to be used for
further processing.
(ii) Normalization: This process converts all the word
tokens of a document into either lower case or upper
case because most of the reviews consist of both cases,
i.e., lowercase and uppercase characters. As a result,
tokens (shifted into a single format) can easily be used
for prediction.
(iii) Removal of stop words: Stop words are very common
and high-frequency words. This process was carried
out by removing frequently used stop words (prepositions, irrelevant words, special character, and ASCII
code), new lines, extra white spaces, etc. to enhance
the performance of feature selection technique.
(iv) Stemming: It is the process of transforming all the
tokens into their stem or root form. Stemming is
a swift and easy approach that makes the feature
extraction process more effortless.
4.3. N-Grams. N-gram model consists of a contiguous
sequence of n words from a given review dataset. Models
are generally used with 1-gram sequence, 2-gram sequence,
and 3-gram sequence, and sometimes the sequence can be
extended.
Example
Text data: “something is better than nothing.”
(1 gram or n=1) Unigrams: “something”, “is”, “better”,
“than”, “nothing”.
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Table 2: Notation use for feature selection.
Symbol
P(ci )
P(f)
P(𝑓)
P(ci /f)
P(ci /𝑓)

Description
Probability that a document d is in class ci
Probability that document d contains feature f
Probability that a document d does not contain
feature f
Probability that document d contains feature f in
class ci
Probability that document d does not contain
feature f in class ci

(2 gram or n=2) Bigrams: “something is”, “is better”,
“better than”, “than nothing”.
(3 gram or n=3)Trigrams: “something is better”, “is better
than”, “better than nothing”.
4.4. Feature Selection. Feature selection method (FSM) is an
essential task to enhance the accuracy of sentiment classification process. Generally, FSMs are statistically represented
by the relationship between feature and class category. The
performance of the classifier is mostly dependent on the
feature set; if the feature selection method performs well, then
the simplest classifier may also give a good accuracy through
training. These FSMs are often defined by some probabilities
to realize the theoretical analysis of these probabilistic methods. We use a list of notations, which is depicted in Table 3.
Analytical information from the training data is required
to determine these probabilities and notations about the
training data listed in Table 2, given as follows:
we denote by 𝐶𝑚
𝑖=1 = {c1 , c2 , . . . cm } the set of classes.
4.4.1. Information Gain (IG). This statistical property is used
as an effective solution for feature selection. IG method is
used to select important features based on the class attribute
rules of features classification. The IG value of each term can
measure the number of bits of information acquired for class
prediction by knowing the presence or absence of that term
in the document [21]. The IG value of a certain term or feature
is calculated by the following equation
𝑚

IG (f) = {−∑𝑃 (𝑐𝑖 ) log 𝑃 (𝑐𝑖 )}
𝑖=1

𝑚

+ {𝑃 (𝑓) [∑𝑃 (𝑐𝑖 | 𝑓) log 𝑃 (𝑐𝑖 | 𝑓)]}

(1)

𝑖=1
𝑚

+ {𝑃 (𝑓) [∑𝑃 (𝑐𝑖 | 𝑓) log 𝑃 (𝑐𝑖 | 𝑓)]}
𝑖=1

4.4.2. Chi-square (𝜒2 ). Chi-square (𝜒2 ) is a very commonly
applied statistical test, which can quantify the association
between the feature or term 𝑓 and its related class Ci . It
tests a null-hypothesis that the two variables feature and class
are completely independent of each other. The CHI value of
feature 𝑓 for class Ci is higher, and the closer relationship
exists between the variables feature 𝑓 and class 𝐶𝑖 . The
features with the highest 𝜒2 values for a category should
perform best for classifying the documents. The formulation
of this method is as follows.
𝜒2 (f, ci ) =

2

𝑁𝑎𝑙𝑙.. (𝑊𝑖 𝑍𝑖 − 𝑌𝑖 𝑋𝑖 )
(3)
(𝑊𝑖 + 𝑌𝑖 ) . (𝑋𝑖 + 𝑍𝑖 ) . (𝑊𝑖 + 𝑋𝑖 ) . (𝑌𝑖 + 𝑍𝑖 )

It can also be defined by considering Yi as (Ni -Wi ) and Zi as
(Nall -Ni -Xi ) and the above formula is rewritten as follows.
𝜒2 (f, ci )
2

=

𝑁𝑎𝑙𝑙 . [𝑊𝑖 (𝑁𝑎𝑙𝑙 − 𝑁𝑖 − 𝑋𝑖 ) − (𝑁𝑖 − 𝑊𝑖 ) 𝑋𝑖 ]
𝑁𝑖 . (𝑁𝑎𝑙𝑙 − 𝑁𝑖 ) . (𝑊𝑖 + 𝑋𝑖 ) . [𝑁𝑎𝑙𝑙 − (𝑊𝑖 + 𝑋𝑖 )]

n

𝐺𝑖𝑛𝑖 𝐼𝑛𝑑𝑒𝑥 (𝑆) = 1 − ∑P2i

𝑁𝑖
𝑁
log 𝑖 }
𝑁
𝑁
𝑎𝑙𝑙
𝑖=1 𝑎𝑙𝑙

(5)

i=1

where probability Pi of any sample belongs to class Ci and
can be computed by 𝑆𝑖 /𝑆 [22]. Gini Index for a feature
can be estimated independently for binary classification. We
adopted Gini Index Text (GIT) method for calculating the
feature score, which was introduced by Park et al. [23]. This
algorithm was enhanced to overcome the limitations of Gini
Index method.
According to previous notation defined in Table 3, we
can compute the Gini Index for a feature f of document d
belonging to class Ci .
2

 𝑃 (𝐶𝑖 | 𝑓) 2 



𝐺𝐼𝑇𝑋𝑖 (𝑓, 𝐶𝑖 ) = 
 log2 𝑃 (𝑓) 

𝑚

IG (f) = {−∑

(4)

4.4.3. Gini Index (𝐺𝐼). Gini Index measures the feature’s
ability to discriminate between classes. This method was
mainly proposed to be used for decision tree algorithm based
on an impurity split method. The main principle of Gini Index
is to consider S as a dataset of the sample having m number
of different classes 𝐶𝑚
𝑖=1 = {c1, c2 , . . . cm }. According to the
class level, the sample set can be splitted into n subset(𝑆𝑖, i=1,
2. . .n).The Gini Index of the set S is

𝐺𝐼𝑇𝑤𝑖 (𝑓, 𝐶𝑖 ) = 𝑃 (𝐶𝑖 | 𝑓)

and it is defined as follows.

𝑚
𝑊𝑖
𝑊𝑖
𝑊𝑖
) [∑
log
]
𝑁
𝑊
+
𝑋
𝑊
𝑖
𝑖 + 𝑋𝑖
𝑖=1 𝑎𝑙𝑙
𝑖=1 𝑖

IG offers a ranking of the features depending on their IG
score; thus a certain number of features can be selected easily.

(6)
(7)

𝑚

+ (∑
𝑚

𝑚
𝑌𝑖
𝑌𝑖
𝑌𝑖
) [∑
log
]
𝑁
𝑌
+
𝑍
𝑌
𝑖
𝑖 + 𝑍𝑖
𝑖=1 𝑎𝑙𝑙
𝑖=1 𝑖

+ (∑

(2)

5. Classification
5.1. Naive Bayes (NB). Naive Bayes classification method is
used for both classification and training. The fundamental theory of NB classifier is based on the independence
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Table 3: Notation use for feature selection.

Symbol
Nall
Ni
Wi
Xi
Yi = Ni -Wi
Zi = Nall -Ni -Xi

Description
The total no. of documents in training dataset
No. of documents in class ci
No. of documents in class ci containing feature f
No. of documents not in class ci but containing feature f
No. of documents in class ci not containing feature f
No. of documents neither in class ci nor containing the feature f.

assumption, where the joint probabilities of features and
categories are used to roughly calculate the probability score
of categories of a given document. It is a simple probabilistic
classifier that helps in classifying a document dr , out of classes
ci ∈ C (𝐶𝑚
𝑖=1 = c1, c2 , . . . cm ). The best class returns in NB
classification and is the most probably or maximum posterior
(MAP) class Cmap .
Cmap = argmax 𝑃 (𝑐𝑖 ) 𝑃 (𝑑𝑟 | 𝑐𝑖 )

ci ∈ C

(8)

where the class P(ci ) can be estimated by dividing the number
of documents of class ci by the total number of documents.
𝑃(𝑑𝑟 | 𝑐𝑖 ) indicated the number of occurrences of the feature
in document dr belonging to class ci . The probability value
P(ci | 𝑑𝑟 ) will be computed for each possible class, but
P(𝑑𝑟 ) does not change for each class. Thus we can drop the
denominator.
We thus select the highest probable classes’ cmap of given
document d by calculating the posterior probability of each
class.
There are several Naive Bayes variations. In this paper, we
consider the Multinomial Naive Bayes classifier.
Multinomial Naı̈ve Bayes (MNB). The multinomial Naive
Bayes model [24] is typically used for discrete counts. We
consider MNB classifier for text classification task, where a
document d is represented by a feature vector (f1, f2..., fn) with
the integer value of word frequency in the given document.
For multinomial NB model, the conditional distribution P(d |
ci ) of document d given the class c is as follows.
Multinomial

𝑃 (𝑑𝑟 | 𝑐𝑖 ) = P ((f1 , f2 , . . . , fn ) | ci )
1≤𝑗≤𝑛

1≤𝑗≤𝑛

|V|

𝑗

𝑗=1

𝑃 (𝑑𝑟 | 𝑐𝑖 ) = (∑𝑁𝑗𝑟 )!∏

𝑁𝑗𝑟
𝑃̂ (𝑤𝑗 | 𝑐𝑖 )

𝑁𝑗𝑟 !

(11)

where V is the union of all the word types in all classes.
The probability of wj in ci is estimated from training
dataset and it is defined as follows.
𝑃̂ (𝑤𝑗 | 𝑐𝑖 ) =

count (wj ci )
∑𝑤∈V 𝑐𝑜𝑢𝑛𝑡 (𝑤, ci )

(12)

5.2. Support Vector Machine (SVM). Support Vector
Machines (SVMs) are supervised learning model introduced
[25] for binary classification in both linear and nonlinear
versions. Generally, datasets are nonlinearly inseparable,
so the main aim of the SVM classifier is to catch the best
accessible surface to make separation between positive and
negative training samples based on empirical risk (training
set and test set error) minimization principal. SVM method
can try to define a decision boundary with the hyperplanes
in a high-dimensional feature space. This hyperplane
separates the vectorized document into two classes as well
as determining a result to make a decision based on this
support vector [26]. The optimization problem of SVM can
be minimized as follows.
Given N linearly separable training set with feature vector
x of d dimension, for dual optimization where 𝛼 𝜖 RN and
y 𝜖 {1, −1}, the solution of SVMs (dual) can be minimized as
follows.
𝑛 𝑛
{ 𝑛
}


𝛼 = argmin {−∑𝛼𝑖 + ∑ ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 ⟨→
𝑥𝑖 , →
𝑥𝑗 ⟩}
𝑖=1 𝑗=1
{ 𝑖=1
}

(13)

𝑛

The final equation with Bayes’ rules the highest probable
classes by a Naive Bayes classifier as follows.
Cmap = argmax 𝑃̂ (𝑐𝑖 ) ∏ 𝑃̂ (𝑓𝑗 | 𝑐𝑖 )

|V|

→ ∗

(9)

= ∏ 𝑃 (𝑓𝑗 | 𝑐𝑖 )

estimated probability of a document given its class is given as
follows:

ci ∈ C

(10)

̂ 𝑗 | 𝑐𝑖 ) we consider the
Now, to estimate the probability 𝑃(𝑓
feature as a word appears in the document’s bag of words.
̂
Thus we will compute 𝑃(𝑤𝑗
| 𝑐𝑖 ) by considering Njr as the
number of occurrences of word wj in documents 𝑑𝑟 from
class ci among all words in all documents of class ci . Then the

Where, ∑𝛼𝑖 𝑦𝑖 = 0; 0 ≤ 𝛼𝑖 ≤ 𝐶
𝑖=1

The classical SVM seems to be able to separate the linear
dataset with a single hyperplane, which can separate two
classes. For nonlinear dataset where more than two classes
are to be handled, kernel functions are used in that situation
to lay out the data to a higher dimensional space in which it
is linearly separable.
5.3. K-Nearest Neighbor. To identify the class of unknown
samples, the KNN algorithm works by inspecting the KClosest instances in the training dataset and making a
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prediction based on to which the majority of its “closest
neighbors” belong. KNN algorithm is one of the simplest and
effective algorithms, being commonly used for classification
and regression. KNN first trained the system with existing
review dataset to predict the test samples category.
The classification process of sample S using KNN algorithm is defined as follows [27]:
(i) Suppose there are total N training samples of i
categories (C1, C2. . .Ci) and m dimensional feature
vector obtained by applying different feature selection
method. We prepare the sample S in the form of the
vector (s1, s2. . .sm) as all training samples.
(ii) Calculate the similarities between all training samples and S. Considering the jth training sample dj
(dj1, dj2,. . . djm ) estimate the similarity SIM(S, dj ) as
follows.
𝑆𝐼𝑀 (𝑆, 𝑑𝑗 ) =

∑𝑚
𝑖=1 𝑆𝑖 .𝑑𝑗𝑖
2
2
√ ∑𝑚
√ 𝑚
𝑖=1 𝑆𝑖 . ∑𝑖=1 𝑑𝑗𝑖

(14)

(iii) Select k samples which are larger than N similarities
of SIM (S, dj ), where j= 1,2, N, and consider them
as k-nearest neighbors of sample S. Calculate the
probability of S of each category with the following
formula.
P(S,Ci ) = ∑𝑑 𝑆𝐼𝑀(𝑆, 𝑑𝑗 ).𝑦(𝑑𝑗 .𝐶𝑖 ) where 𝑦(𝑑𝑗 .𝐶𝑖 ) is
attribute function of different category with the following condition.
𝑦 (𝑑𝑗 , 𝐶𝑖 ) = {

1

𝑑𝑗 ∈ 𝐶𝑖

}
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(15)

Finally, predict the category of sample S with largest
P (S,Ci )
5.4. Maximum Entropy (ME). This is a probabilistic classifier
usually used in various NLP applications. This classification
technique provides the anticipation that a document belongs
to a specific class given a framework to maximize the entropy
of the classification document [28]. ME does not make any
hypothesis that features conditionally independent of each
other, such that the result is more reliable than NB. This
classifier needs more time to train than NB classifier as it
solves the optimization problem to estimate the parameters of
the model. In order to handle the classifier Max Entropy, we
should select a feature to set the constraints. For the purpose
of text classification, we consider word count as a feature. The
ME value can be expressed by exponential form as follows:
PME (c | d) =

1
exp (∑𝜆 𝑖,𝑐 𝑓𝑖,𝑐 (𝑑, c))
𝑧 (𝑑)
𝑖

(16)

where PME (c | d) refers to the probability of document ‘d’ of
class ‘c’ and z(d) is a normalized function. 𝜆 𝑖,𝑐 indicates the
feature-weight parameters to be estimated, if fi,c (d, c) is the

function for feature fi , and class c feature/class function fi,c (d,
c) can be defined as follows:
1 Ni (d) > 0, 𝑐 = 𝑐
}
fi,c (d, c) = {
0
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(17)

where fi,c (d, c) is the function for feature fi , and class c Ni (d)
indicates the occurrence of feature ‘i’ in document ‘d’. The
feature-class pair which occurs very frequently in document
‘d’, having high frequency, is the strong indicator for class c.
The function which holds a strong orientation will be set to 1;
otherwise it will be 0.

6. Experiments and Results
6.1. Evaluation Parameters. The performance of supervised
ML algorithm can be evaluated based on the term or elements
of confusion matrix on a set of test data. The confusion
matrix consists of four terms, namely, True Positive (TP),
False Positive (FP), True Negative (TN), and False Negative
(FN). According to the value of these elements, the evaluation
matrices precision, recall, and accuracy are determined to
estimate the performance score of any classifier.
Precision (𝜋) :

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(18)

Recall (𝜌) :

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(19)

2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(20)

F-Score:

6.2. Results and Discussion. The following experimental
results help in the study of the effects of an individual as well
as a combination of the different feature selection methods
on the performance of the classifier. This result clearly shows
how each classifier behaves with different feature selection
methods. In this section, an in-depth investigation was
carried out to measure the effectiveness of the proposed
approach, i.e., to compare the performance of the four
supervised classifiers SVM, MNB, KNN, and ME based on
the combination of the different feature selection methods.
Tables 4–6 display the performance of machine learning
methods SVM, MNB, KNN, and ME with respect to different
feature selection methods. The method IG performed well in
comparison with other FSMs.
The result for movie review dataset in Table 4 indicates
that the ComopIG and CompGI are some good choices
among various feature selection methods. The composite
feature set CompUniBi (unigram + bigram) provides very
convincing results with IG and GI method, while the result of
unigram and bigram features is not able to give a satisfactory
output individually.
While comparing the performance of classification algorithms in present work, SVM produces the best result with
a movie as well as a kitchen dataset. The highest F-score
obtained by SVM 90.39 with CompGI method is represented
in Table 4. The resulting values demonstrate that feature
selection method CompIG also performed well with SVM
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Table 4: Results of the proposed model for movie review data set.
Classifier

Method
Unigram
Bigram
Unigram+
Bigram
CompIG
CompCHI
CompGI
Average

Prec
86.6
87.4
86.2

SVM
Recall
82.4
84.8
83.2

F-Score
84.44
86.08
84.67

92.5
90.0
91.2
89.4

88.1
87.3
89.6
86.4

90.24
88.62
90.39
87.86

Prec
85.7
82.1
86.2

MNB
Recall
82.4
80.7
83.4

F -Score
84.01
81.39
84.77

88.9
86.6
88.0
86.25

87.2
84.7
84.5
83.81

88.04
85.63
86.21
84.69

Prec
84.1
83.0
78.6

KNN
Recall
80.2
80.8
76.1

F –Score
82.10
81.88
77.32

87.4
86.2
87.3
84.43

83.6
82.4
84.9
81.33

83.45
80.25
79.08
82.84

Prec
84.7
82.4
86.6

ME
Recall
83.1
80.0
82.8

F-Score
83.89
81.18
84.65

84.2
87.6
85.9
85.23

87.1
84.5
88.4
84.31

85.62
86.02
87.13
84.74

Table 5: Results of the proposed model for electronics review data set.
Classifier
Method
Unigram
Bigram
Unigram+
Bigram
CompIG
CompCHI
CompGI
Average

Prec
86.9
81.5
87.2
88.3
86.7
88.1
86.6

SVM
Recall
83.2
80.1
84.4
87.1
82.5
84.8
83.5

F- Score
85.0
80.79
85.77

Prec
85.7
82.5
85.2

MNB
Recall
86.6
80.2
87.4

F-Score
86.14
81.33
86.28

Prec
82.3
84.5
86.2

KNN
Recall
80.1
81.2
82.7

F-Score
81.18
82.81
80.41

Prec
82.1
78.2
83.1

ME
Recall
79.8
76.2
80.4

F-Score
80.93
77.18
81.72

87.69
84.54
86.41
85.01

89.2
87.9
88.2
86.3

86.0
85.4
85.7
85.4

87.96
86.63
86.93
86.33

87.7
83.9
88.6
85.53

84.5
81.2
83.4
82.18

85.07
82.52
84.92
83.81

85.7
86.2
87.3
83.76

81.9
83.6
85.5
82.10

83.75
84.88
86.39
84.75

Table 6: Results of the proposed model for kitchenware review data set.
Classifier
Method
Unigram
Bigram
Unigram+
Bigram
ComopIG
CompCHI
CompGI
Average

Prec
85.4
85.6
88.7

SVM
Recall
80.2
84.1
86.2

F-Score
82.71
84.84
87.43

87.9
86.8
83.2
85.75

85.6
85.9
82.10
83.11

86.73
85.34
83.13
85.40

Prec
82.1
81.4
86.3

MNB
Recall
80.7
78.8
84.9

F-Score
81.39
80.07
85.59

Prec
83.9
82.5
84.6

K NN
Recall
81.4
78.9
83.2

F-Score
82.63
80.65
83.89

Prec
84.0
81.2
83.3

ME
Recall
81.2
83.4
84.5

F-Score
82.57
82.28
83.89

86.8
84.0
86.2
84.46

83.1
82.5
83.8
82.3

84.86
83.24
84.98
83.35

84.7
81.1
85.4
83.84

82.6
83.2
87.7
81.18

83.63
82.13
86.53
82.48

85.1
84.4
85.2
83.86

83.7
85.5
87.2
84.25

84.39
84.94
86.18
84.04

classifier for all three review datasets, but the results of using
CHI with SVM are not impressive.
According to Table 5, the classifiers SVM, MNB, and ME
provide quite impressive results with 10-fold cross validation
technique and the maximum accuracy 87.96 got by MNB
classifier for electronics review dataset. The MNB performs
surprisingly well for sentiment analysis in many previous
studies. NB method is a simple and popular classification
technique, although the conditional independence assumption is harsh. However, in our investigation, MNB is next
best to SVM in performance for movie review dataset with Fscore 88.04. In all three datasets, MNB classifier maintained
consistently high performance throughout the whole work.

As reported in Tables 4–6, the F-score value obtained
using combination (unigram +bigram) is comparatively better than that obtained using unigram or bigram individually.
If we consider the results of kitchen review dataset based on
Table 6, the F-score for combined feature list of unigram and
bigram increased from 82.71 to 87.43.
The feature selection method IG and Gini Index with
composite feature set produce the best classification results
with more or less every classifier because they eliminate the
irrelevant and noisy features at primary stage and consider
only top-ranked features. They chose the features based
on their importance to the class level attribute. The best
performance of the KNN classifier is achieved with review
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Figure 2: Comparison of classifier performance for movie review
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Figure 4: Comparison of classifier performance for kitchen review
dataset.
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Figure 3: Comparison of classifier performance for electronics
product review dataset.

dataset of kitchenware (86.3%) when the Gini Index method
is being used.
ME classifier got the maximum F-score of 87.13 for Chisquare method. When we consider the domain electronics
and kitchen, the F-score for ME classifier reduced to 86.39
and 86.18, respectively.
In order to investigate Figures 2–4, if we compare the
classifiers performance, SVM outperforms the other classification methods, MNB, KNN, and ME. According to the
average value of precision, recall, and F-score value, we
estimate the results of three algorithms on testing dataset. The
highest average value 87.86 is portrayed in Figure 2 for movie
review dataset. Figure 3 indicates that MNB classifier secured
the minimum average value 86.33 for electronics database.
According to Figure 4, the resulting value 85.40 as an utmost
average score is obtained by classifier SVM for kitchen review
dataset.
6.3. Performance Evaluation. This section compares
the accuracy of proposed approach with other existing

approaches considered such as IMDb dataset. This
comparison was carried out according to the accuracy
value that these methods achieved. The adopted approach,
i.e., the combination of different feature selection methods,
produces a better result in comparison with the result
obtained by applying individual feature selection method in
previous research approaches shown in Table 7.
In an experimental study performed by Pang et. al. [20]
on sentiment analysis, they have used SVM, NB, and ME
classifier with n-gram technique of unigram and bigram as
well as their combination on movie review database (IMDb).
They got the accuracy of 82.7, 81.2, and 81.0 for the classifiers
SVM, NB, and ME, respectively.
Agarwal et al. [29] have proposed a hybrid method
combining rough set theory and Information Gain for sentiment classification. These methods are evaluated on four
standard datasets such as movie review (IMDb) and product
(book, DVD, and electronics) review dataset. SVM and NB
classifiers are used with 10-fold cross validation for classifying
sentiment polarity of review documents. F1-measure value is
considered as a performance measure with maximum 87.7
and 80.9 for SVM and NB classifier.
Kalaivani et al. [30] examined how classifiers SVM, NB,
and KNN work with different feature sizes of movie review
dataset. Feature selection method Information Gain (IG)
was applied to select top p% ranked features to train the
classifier. In this work, SVM approach outperformed the
Naive Bayes and KNN approaches with highest accuracy
of 81.71. The experimental result reported the precision
and recalled the value for positive and negative corpus
separately.
In [31], the investigation by Tripathy et al. employed
machine ML classifiers, namely, NB, SVM, ME, and SGD, to
perform sentiment classification of online movie reviews [23]
with n-gram techniques. The performance evaluation can be
done by parameters such as precision, recall, F-measure, and
accuracy.
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Table 7: Comparison of performance of proposed approach with different literature using movie review dataset.
Dataset

Feature Selection Method

Internet movie
database (IMDb)

N-gram features

Agarwal et al.

Movie (IMDb)
Product (book, DVD,
Electronics)

N-gram, IG,RSAR,
Hybrid (IG+RSAR)

Al-Moslmi et al.

Movie Reviews in the
Malay Language

IG, CHI, Gini Index

Kalaivani et al.

Movie (IMDb)

---------------------

Tripathy et al.

Movie (IMDb)

N-Gram features

Our Approach

Movie (IMDb)

N-gram, Combination of Unigram
& bigram with IG, CHI, Gini
Index

Pang et al.

The results in comparing with our approach show that
FSMs have a great impact on the classification performance.
The feature ranking techniques (Information Gain, Chisquare, and Gini Index method) improve classification performance over no feature selection.
Al-Moslmi et al. [32] studied feature selection methods
effects on machine learning approaches in Malay sentiment
analysis. It was demonstrated that improved feature selections
resulted in better performance in Malay sentiment-based
classification. The author approached three feature selection
methods (IG, Gini Index, and CHI) to enhance the performance of three machine learning classifiers (SVM, NB, and
KNN). A dataset of 2000 movie reviews is crawled from
several web contents in Malay language. The results showed
that the combination of SVM classifier and IG-base method
established the best classification algorithm, with an accuracy
of 85.33% and feature size of 300. Authors have also reported
that use of the FSMs yields improved results compared to
those from the original classifier.

7. Conclusion
Sentiment analysis is one of the most challenging fields
involved with natural language processing. It has a wide range
of applications like marketing, politics, and news analytics,
and all these areas benefit from the result of sentiment
analysis.
The aim of this paper is to explore the ability of statistical
feature selection methods such as IG, Chi-square, and Gini
Index to improve the classification performance of four
machine learning algorithms SVM, MNB, ME, and KNN for
sentiment classification. First, we applied n-gram (unigram,
bigram) method on noise free preprocessed dataset and

Classifier
SVM
NB
ME

Performance
82.9 (Accuracy)
81.5
81.0

SVM
NB

87.7 (F-measure)
80.9

SVM
NB
KNN
SVM
NB
KNN
SVM
ME
NB
SGD
SVM
MNB
KNN
ME

85.33(F-measure)
80.88
74.68
81.71
72.55
98.70
88.94
88.48
86.23
85.11
90.39 (F-measure)
88.04
86.03
87.13

obtained a combined feature set as CompUniBi, fed to the
feature selection methods IG, CHI, and GI to get an optimal
feature subset. These methods offer a ranking to the features
depending on their score; thus a prominent feature vector
(CompIG, CompGI, CompCHI) can be generated easily
for classification. Finally, the classifiers SVM, MNB, KNN,
and ME machine learning used prominent feature vector
for classifying the review document into either positive or
negative.
The performance of sentiment analysis is evaluated on
three different domain datasets: movie, electronics, and
kitchen review, and the effectiveness of classification algorithm is estimated in terms of F-measure, precision, and
recall. As discussed in Section 6.2. The composite feature
set of unigram and bigram produce very convincing results.
Specifically, it is clear that SVM performed better in terms
of higher accuracy (90.24) than MNB, ME, and NN on
composite IG (CompIG) feature vector, while MNB classifier
delivers performance 88.04 when used with fewer features.
These empirical experiments show that the proposed method
is highly effective and encouraging.
In the future, our aim is to improve the performance
of sentiment classification by expanding the amount of
experimental data. We are also planning for future to merge
the traditional machine learning method with deep learning
techniques to tackle the challenge of sentiment prediction of
massive amount of unsupervised product review dataset.

Data Availability
The movie review dataset https://www.kaggle.com/nltkdata/
movie-review#movie reviews.zip is one of the popular
benchmark datasets used in our research work. We
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adopted the dataset http://www.cs.jhu.edu/∼mdredze/datasets/
sentiment/processed acl.tar.gz of electronics and kitchen
domain from the corpus produced by Blitzer et al.
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