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Introduction
“What other people think” has always been an important piece of information for most
of us during the decision making process [1]. The Internet and social media provide a
major source of information about people’s opinions. Due to the rapidly-growing num-
ber of online documents, it becomes both time-consuming and hard to obtain and ana-
lyze the desired opinionated information. Turkey is among the top 20 countries with the
highest numbers of Internet users according to the Internet World Stats.! The exploding
growth in the Internet users is one of the main reasons that sentiment analysis for differ-
ent languages and domains becomes an actively-studied area for many researchers
[2—-6].

Sentiment analysis (SA) is a natural language processing task that classifies the senti-
ments expressed in review documents as “positive” or “negative”. In general, SA is con-

sidered as a two-class classification problem. However, some researchers use “neutral” as
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. © The Author(s) 2018. This article is distributed under the terms of the Creative Commons Attribution 4.0 International License

Sprlnger Open (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,

— provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.


http://orcid.org/0000-0002-8004-6150
http://www.internetworldstats.com/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13673-018-0135-8&domain=pdf

Parlar et al. Hum. Cent. Comput. Inf. Sci. (2018) 8:10 Page 2 of 19

the third class label. There are a number of studies about sentiment analysis that use dif-
ferent approaches for data preprocessing, feature selection, and sentiment classification
[1, 3, 4, 6-10]. The statistical methods such as Chi square (CHI2) and information gain
(IG) are used to eliminate unnecessary or irrelevant features so that the classification
performance can be improved [11]. Supervised learning methods including naive Bayes
(NB), support vector machines (SVM), decision trees (DT), and maximum entropy mod-
elling (MEM) are used to classify the sentiments of the reviews.

Although SA can be considered as a text classification task, it has some differences
from the traditional topic-based text classification. For example, instead of saying: “This
camera is great. It takes great pictures. The LCD screen is great. I love this camera” in a
review document, people are more likely to write: “This camera is great. It takes breath-
taking pictures. The LCD screen is bright and clear. I love this camera” [8]. As can be
seen, sentiment-expressing words like “great” are not so frequent within a particular
review, but can be more frequent across different reviews, and a good feature selection
method for SA should take this observation into account.

In this paper, we propose a new feature selection method, called query expansion rank-
ing (QER) which is especially developed for reducing dimensionality of feature space of
SA problems. The aim of this study is to show that our proposed method is effective for
SA from review texts written in different languages (e.g., Turkish, English) and domains
(e.g., movie reviews, book reviews, kitchen appliances reviews, etc.). QER is based on
query expansion term weighting methods used to improve the search performance of
information retrieval systems [12, 13] and to evaluate its effectiveness as a feature selec-
tor in SA, we compare it with other common feature selection methods, including CHI2,
IG, document frequency difference (DFD), and optimal orthogonal centroid (OCES),
along with four text classifiers: naive Bayes multinomial (NBM), SVM, DT, and MEM,
over ten different review documents datasets. Our goal is to examine whether these fea-
ture selection methods can reduce the feature sizes and improve the classification accu-
racy of sentiment analysis with respect to different document domains, languages, and
classifiers.

The rest of the paper is organized as follows. “Related work” reviews the related work
on sentiment analysis. “Methods” presents the methods that we used for our study,
including the new feature selection method we proposed. “Experiments and results”
describes the experimental settings, datasets, performance measures, and testing results.
Finally, “Conclusion” concludes the paper.

Related work

SA is an important topic in Natural Language Processing and Artificial Intelligence.
Also known as opinion mining, SA mines people’s opinions, sentiments, evalua-
tions, and emotions about entities such as products, services, organizations, individu-
als, issues, and events, as well as their related attributes. This kind of analysis has many
useful applications. For example, it determines a product’s popularity according to
the user’s reviews. If the overall sentiments are negative, further analysis may be per-
formed to identify which features contribute to the negative ratings so companies can
reshape their businesses. Numerous studies have been done for sentiment analysis in
different domains, languages, and approaches [3-5, 8-10, 14—17]. Among these studies,
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the machine learning approaches are more popular since the models can be automati-
cally trained and improved with the training datasets. Pang et al. [4] apply supervised
machine learning methods such as NB and SVM to sentiment classification. NB, SVM,
MEM, and DT are some of the commonly used machine learning approaches [4, 7-9,
14]. Feature selection methods are used to rank features so that non-informative features
can be removed to improve the classification performance [18]. Some researchers have
investigated the effects of feature selection for sentiment analysis [3, 8—10, 19-25]. For
example, Yang and Yu [3] examine IG for feature selection and evaluate its performance
using NB, SVM, and C4.5 (popular implementation for DT) classifiers. Nicholls et al. [8]
compare their proposed DFD feature selection method against other feature selection
methods, including CHI2, OCES [26], and count difference using the MEM classifier.
Agarwal et al. [9] investigate minimum redundancy maximum relevancy (mRMR) and
IG methods for sentiment classification using NBM and SVM classifiers. The results
show that mRMR performs better than IG for feature selection, and NBM performs bet-
ter than SVM in accuracy and execution time. Abbasi et al. [22] examine a new feature
selection method called entropy weighted genetic algorithm (EWGA) and compare the
performance of this method using information gain feature selection method. EWGA
achieves a relatively high accuracy of 91.7% using SVM classifier. Xia et al. [24] design
two types of feature sets: POS based and word relation based. Their word relation based
method improves an accuracy of 87.7 and 85.15% on movie and product datasets. Bai
[25] proposes a Tabu heuristic search-enhanced Markov blanket model that provides a
vocabulary to extract sentiment features. Their method achieves an accuracy of 92.7%
for the movie review dataset. Mladenovic et al. [16] propose a feature selection method
that is based on mapping of a large number of related features to a few features. Their
proposed method improves the classification performance using unigram features
with 95% average accuracy. Zheng et al. [27] perform comparative experiments to test
their proposed improved document frequency feature selection method. Their method
achieves significant improvement in sentiment analysis of Chinese online reviews with
an accuracy of 97.3%.

Most of the SA studies listed above focus on the English language. Only few studies
have been done on SA for the Turkish language [6, 10, 19, 28-31]. The Turkish language
belongs to the Altaic branch of the Ural-Altaic family of languages and is mainly used in
the Republic of Turkey. Turkish is an agglutinative language similar to Finnish and Hun-
garian, where a single word can be translated into a relatively longer sentence in English
[32]. For instance, word “karsilastirmalisin” in Turkish can be expressed as “you must
make (something) compare” in English. As Turkish and English have different charac-
teristics, methods developed for SA in English need to be tested for Turkish. Among
the few researchers who investigate the effects of feature selection on the SA of Turkish
reviews, Boynukalin [29] applies Weighted Log Likelihood Ratio (WLLR) to reduce fea-
ture space with NB, Complementary NB, and SVM classifiers for the emotional analysis
using the combinations of n-grams where sequences of n words are considered together.
It is shown that WLLR helps to improve the accuracy with reduced feature sizes. Akba
et al. [19] implement and compare the performance of reduced feature sizes using two
feature selection methods: CHI2 and IG with NB and SVM classifiers. They show that
feature selection methods improve the classification accuracy.
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Our aim is to propose a new feature selection method for the SA of Turkish and Eng-
lish reviews. We presented an initial version of this method in [10] where we employ
only product review dataset in Turkish and compare our method with CHI2 and DFD
by using only one classifier. We now extend it to more datasets for Turkish, and also
investigate the performance of our method in English datasets to show that our method
is language independent. We further include more feature selection methods especially
developed for SA and compare the performance of our proposed method using NBM,
SVM, MEM, and DT classifiers along with statistical analysis to prove that our method is
classifier independent.

Methods

Machine learning algorithms

For sentiment classification, we use the Weka [33] data mining tool, which contains the
four classifiers we use in our experiments, i.e., NBM, SMO for SVM, J48 for C4.5, and LR
for MEM. We choose NBM, SVM, LR, and J48 classification methods due to the follow-
ing reasons: (i) many researchers use NBM for text classification because it is computa-
tionally efficient [9, 10, 14] and performs well for large vocabulary sizes [34]; (ii) SVM
tends to perform well for traditional text classification tasks [3, 4, 7, 14, 35]; (iii) LR is
known to be equivalent to MEM which is another method used in SA studies [8]; (iv) J48
is a well-known decision tree classifier for many classification problems and is used for
SA [3, 30].

Feature selection

Feature Selection methods have been shown to be useful for text classification in general
and sentiment analysis in specific [11, 18]. Such methods rank features according to cer-
tain measures so that non-informative features can be removed, and at the same time,
the most valuable features can be kept in order to improve the classification accuracy
and efficiency. In this study, we consider several feature selection methods, including
information gain, Chi square, document frequency difference, optimal orthogonal cen-
troid, and our new query expansion ranking (QER) so that we can compare their effec-
tiveness for the sentiment analysis.

Feature sizes are selected in the range from 500 to 3000 with 500 increments, com-
pared with the total feature sizes ranging from 8000 to 18,000 for the Turkish review
datasets and from 8000 to 38,000 for English review datasets. In our previous study [10],
we observed that feature sizes up to 3000 tend to give good classification performance

improvement; therefore we choose these feature sizes in our experiments.

Information gain
Information gain is one of the most common feature selection methods for sentiment
analysis [3, 9, 19, 35], which measures the content of information obtained after knowing
the value of a feature in a document. The higher the information gain, the more power
we have to discriminate between different classes.

The content of information can be calculated by the entropy that captures the uncer-
tainty of a probability distribution for the given classes. Given m number of classes:
C={cy¢y...,c,,} the entropy can be given as follows:
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H(C) == P(ci)log, P(c:) (1)
i=1

where P(c;) is the probability of how many documents in class c;. If an attribute A has n
distinct values: A ={dy,d,...,a,}, then the entropy after the attribute A is observed can be
defined as follows:

H(ClA) =) (—P(a;) > P(cilay) log2P<ci|a,>> )

j=1 i=1
where P(a)) is the probability of how many documents contain the attribute value a;, and
P(c;|a;) is the probability of how many documents in class c; that contain the attribute
value a;. Based on the definitions above, the information gain for an attribute is simply
the difference between the entropy values before and after the attribute is observed:

IG(A) =H(C)—H(C|A) (3)

For sentiment analysis, we normally classify the reviews into positive and negative cat-
egories, and for each keyword, it either occurs or does not occur in a given document; so
the above formulas can be further simplified. Nevertheless, we can cut down the number
of features in the same way by choosing the keywords that have high information gain

scores.

Chi square (CHI2)

Chi square measures the dependence between a feature and a class. A higher score
implies that the related class is more dependent on the given feature. Thus, a feature with
a low score is less informative and should be removed [3, 8, 10, 19]. Using the 2-by-2
contingency table for feature fand class ¢, where A is the number of documents in class ¢
that contains feature f; B is the number of documents in the other class that contains f, C
is the number of documents in ¢ that does not contain f, D is the number of documents
in the other class that does not contain f, and N is the total number of documents, then
the Chi square score can be defined in the following:

) N(AD — CB)?
X (fre) =
(A+C)B+D)A+B)CH+D)

(4)

The Chi square statistics can also be computed between a feature and a class in the
dataset, which are then combined across all classes to get the scores for each feature as
follows:

X2() = Pl x*(frco) )

i=1

One problem with the CHI2 method is that it may produce high scores for rare features
as long as they are mostly used for one specific class. This is a bit counter-intuitive, since
rare features are not frequently used in text and thus do not have a big impact for text
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classification. For SA, however, this is not a big issue since many sentiment-expressing
features are not frequently used within an individual review.

Document frequency difference

Inspired by the observation that sentiment-expressing words tends to be less frequent
within a review, but more frequent across different reviews, Nicholls and Song [8] pro-
pose the DFD method that tries to differentiate the features for positive and negative
classes, respectively, across a document collection. More specifically, DFD is calculated
as follows:

\DF, — DF |

(6)
N

Scorey =
where DFjjr is the number of documents in the positive class that contain feature f; DF
is the number of documents in the negative class that contain f, and N is the total num-
ber of documents in the dataset. Note that all scores are normalized between 0 and 1;
so they should be proportional for us to rank the features in a document collection. For
example, a non-sentiment word may have similar document frequencies in both posi-
tive and negative classes, and will get a low score, but a sentiment word for the positive
class may have a bigger difference, resulting in a higher score. One limitation of the DFD
method is that it requires an equal or nearly equal number of documents in both classes,
which is more or less true for the datasets used in our experiments.

Optimal orthogonal centroid (OCFS)

OCEFS method is an optimized form of the orthogonal centroid algorithm [26]. Docu-
ments are represented as high dimensional vectors where the weights of each dimension
correspond to the importance of the related features, and a centroid is simply the aver-
age vector for a set of document vectors. OCFS aims at finding a subset of features that
can make the sum of distances between all the class means maximized in the selected
subspace. The score of a feature fby OCES is defined in the following [8]:

Scores = Z %(Wlﬁ - mf)z (7)

where N, is the number of documents in class ¢, N is the number of documents in the
dataset, m, is the centroid for class ¢, m is the centroid for the dataset D, and »7, n, are
the values of feature fin centroid m, m, respectively. The centroids of m and m, are cal-
culated as follows:

inec Xi

me = 7Nc (8)

D xeD %i
= =xED 9)
N
Query expansion ranking
Query expansion ranking method is our proposed feature selection method inspired

by the query expansion methods from the field of information retrieval (IR). Query
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expansion helps to find more relevant documents for a given query. It does so by adding
new terms to the query. The new terms are selected from documents that are relevant
to the original query so that the expanded query can retrieve more relevant documents.
More specifically, terms from the relevant documents are extracted along with some
scores, and those with the highest scores are included in the expanded query.

We propose a new feature selection method inspired by the query expansion technique
developed for probabilistic weighting model proposed by Harman [12]. Harman [12, 36]
studies how to assign scores to terms extracted from relevant documents for a given
query Q so that high scored terms are used to expand the original query and improve
precision of information retrieval strategy. In this method, first, query Q is sent to the
information retrieval system, and then the system returns documents that are found as
relevant to the user. Then, user examines the returned documents and marks the ones
that are relevant with the query. After that, all the terms in the relevant documents are
extracted and they are assigned scores by using a score formula as proposed by Har-
man [12], and top scored k terms are chosen as the most valuable terms to expand the
query. Then, the expanded query Q) which includes the terms in the original query plus
the k new terms that have the top-k scores, is sent to the information retrieval system to
return more relevant documents to the original query Q. Equation 10 presents the score
formula developed by Harman [12] to calculate ranking score of a term f extracted from

the set of relevant documents for a given query Q.

pr(1—qp)

= ey

(10)

where pyis the probability of term fin the set of relevant documents for query Q, and g
is the probability of term fin the set of non-relevant documents for query Q. These prob-
ability scores are computed according to Robertson and Sparck Jones [13].

We revise the above score computation method to develop an efficient feature selector
for SA. In our feature selection method, we propose a score formula given in Eq. 11 to
compute scores for features:

Scorey = L (11)

oy = 4l
where py is the ratio of positive documents containing feature f and g, is the ratio of
negative documents containing feature f, which are computed according to Egs. 12, 13,

respectively:
_ DF, +05 12
=N+ 110
_DpFl 105 13)
U="N-%o5
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where DP; and DF_ are the raw counts of documents that contain fin the positive and
negative classes, respectively and N* and N~ are the numbers of documents in the
positive and negative classes, respectively. In the probability calculations, we add small
constants to the numerators and denominators in Eqgs. 12, 13 following Robertson and
Sparck Jones [13] who add similar constants to avoid having zero probabilities. Such a
method is known as data smoothing in statistical language processing.

In QER feature selection method, scores of features are computed before the features
having the lowest scores are selected and used in the classification process. When a fea-
ture has low score, the difference between the probabilities for the positive and negative
classes is high; therefore the feature is more class specific and more valuable for clas-
sification process. Among the feature selection methods we considered, we notice that
IG and OCES are good at distinguishing multiple classes, while CHI2, DFD, and QER
are restricted to two classes, although all of them are suitable for sentiment analysis. IG
is considered as a greedy approach since it favors those that can maximize the informa-
tion gain for separating the related classes. Although CHI2 tries to identify the features
that are dependent to a class, it can also give high values to rare features that only affect
few documents in a given collection. OCFS has been shown to be effective for tradi-
tional topic-based text classification, but it depends on the distance/similarity measures
between the vectors of the related documents. Since sentiment-expressing features do
not happen frequently within a review, as illustrated by the example in the introduction,
they may not be favored by the OCFS method. QER is similar to DFD in that they both
rely on the differences of the document frequencies of a given feature between the two
classes. However, QER is different from DFD in that it normalizes the document fre-
quencies of a feature in both classes into probabilities and uses the ratio of the sum over
the difference for these two probabilities.

Experiments and results

Datasets

We use Turkish and English review datasets in our experiments. The Turkish movie
reviews are collected from a publicly available website (http://www.beyazperde.com)
[30]. The dataset has 1057 positive and 978 negative reviews. The Turkish product review
dataset is collected from an e-commerce website (http://www.hepsiburada.com) from
different domains [28]. It consists of four subsets of reviews about books, DVDs, elec-
tronics, and kitchen appliances, each of which has 700 positive and 700 negative reviews.
To compare our results with existing work for sentiment analysis, we use similar datasets
for English reviews. The English movie review dataset is introduced by Pang and Lee [7],
and consists of 1000 positive and 1000 negative reviews. English product review dataset
is introduced by Blitzer et al. [37] and also has four subsets: books, DVDs, electronics,
and kitchen appliances, with 1000 positive and 1000 negative reviews for each subset. In
order to keep the same dataset sizes with Turkish product reviews, we randomly select
700 positive and 700 negative reviews from each subset of the English product reviews.

Performance evaluation
The performance of a classification system is typically evaluated by F measure, which
is a composite score of precision and recall. Precision (P) is the number of correctly
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Table 1 Baseline results in F measure for the Turkish and English review datasets

Turkish review datasets English review datasets

Features NBM SVM J48 LR  Features NBM SVM J48 LR

Movie 18,578 08248 08161 06954 - 38,869 08129 08480 06769 -
DVDs 11,343 0.7957 07320 06886 - 17,674 07836 0.7649 06789 -
Electronics 10911 08155 07707 073717 - 9010 0.7629 07856 06750 -
Book 10,511 08317 07955 07019 - 18,306 07619  0.7485 06407 -
Kitchen 9447 0.7762 07407 06647 - 8076 0.8099 08136 07093 -

classified items over the total number of classified items with respect to a class. Recall
(R) is the number of correctly classified items over the total number of items that belong
to a given class. Together, the F measure gives the harmonic mean of precision and
recall, and is calculated as follows [33]:

P xR
P+R

F=2x (14)
Since we are doing multi-fold cross validations in our experiments, we use the micro-
average of F measure for the final classification results. This is done by adding the clas-

sification results for all documents across all five folds before computing the final P, R,
and the F.

Experimental settings

We conduct the experiments on a MacBook Pro with 2.5 GHz Intel Core i7 processor
and 16 GB 1600 MHz DDR3. We use Python with NLTK [38] library in our experiments.
After tokenizing text into words along with case normalization, we keep some punctua-
tion marks and stop words, as they may express sentiments (e.g., punctuation marks like
exclamation and question marks, and stop words like “too” in “too expensive”). In addi-
tion, we do not apply stemming as Turkish is an agglutinative language and the polarity
of a word is often included in the suffixes. Therefore, we can have a large feature space
and it becomes important to apply feature selection methods to reduce this space. For
sentiment classification, we use the Weka [33] data mining tool, which contains the four
classifiers we use in our experiments, i.e., NBM, SMO for SVM, J48 for C4.5, and LR for
MEM. Since our datasets are relatively small with at most a couple of thousands of docu-
ments, we apply the fivefold cross validation, which divides a dataset into five portions:
four of them are used for training and the remaining one for testing, and then these por-
tions are rotated to get a total of five F measures. Table 1 the average F measures for all
the classifiers where the whole feature spaces are used for each dataset, except the LR
classifier since it requires too much memory to handle the whole feature spaces for these
datasets. As can be seen in Table 1, the total number of features without any reduc-
tion ranges from 9000 to 18,000 for the Turkish review datasets, and 8,000—-38,000 for
the English review datasets. These results form the baselines of our study and any new
results obtained with feature selection methods by applying five folds cross validation
can be compared for possible improvements.
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Performance of feature selection methods for Turkish reviews

We tested five feature selection methods: QER, CHI2, IG, DFD, and OCFS on both
Turkish and English review datasets. For each feature selection method, we tried six fea-
ture sizes at 500, 1000, 1500, 2000, 2500, and 3000, since this is the range typically con-
sidered for text classification, and in terms of total features, we have 9000—18,000 for the
Turkish review datasets, and 8000—38,000 for English review datasets from our baseline
systems. In our previous study [10], we also observed that feature sizes up to 3000 tend
to give good classification performance. For all feature selection methods, we pick the
top-ranked features of a desirable size # based on the scores of the related formulas for
these methods. All of these settings are run against four classifiers: NBM, SVM, LR, and
J48, resulting in a total of 120 experiments for each review dataset. Table 2 summarizes
the best results for all pairs of feature selection methods and Turkish review datasets.
For each pair, we show the best micro-average F measure along with the correspond-
ing classifier and feature size. Also, the best results for each review dataset are given in
bold-face.

As observed in Table 2, our new method QER is the best performer for each review
dataset. CHI2 and IG have almost the same performance for the Turkish reviews and
have better results than DFD and OCEFS for the movie, book, DVDs, and kitchen review
datasets. DFD with NBM classifier has better results than CHI2, IG, and OCES for the
electronics review dataset. Also, CHI2, IG, and QER tend to work well with smaller fea-
ture sizes, while DFD and OCEFS tend to favour bigger feature sizes. Note that DFD does
reasonably well across all review datasets, which confirms our intuition that sentiment-
expressing words usually have low frequencies within a document, but relatively high
frequencies across different documents. Although OCES is quite robust for traditional
topical text classification as reported in Cai and Song [39], it is not doing well for senti-
ment analysis, perhaps for the same intuition as we just explained for DFD. Once again,
NBM remains to be the best for most of our experiments except that SVM does the best
for the kitchen reviews when analysed with the CHI2 and IG methods. When analysed
by univariate ANOVA and post hoc tests for the book, DVDs, electronics, and kitchen
review datasets, we found that there are significant differences between three groups
(Baseline and OCEFS), (DFD, CHI2, and IG) and (QER) at 95% confidence level. Within
each group, however, there are no significant differences. For the movie review dataset,
there are significant differences between two groups (Baseline and OCEFS), and (DFD,
CHI2, IG, and QER) at the 95% confidence level. Overall, feature selection methods are
shown to be effective for sentiment analysis, improving significantly over the baseline
results.

To examine the effects of text classifiers, we show the best classification results for
pairs of feature selection methods and text classifiers on the electronic review dataset in
Table 3. Note that NBM does the best for all review datasets; J48 the worst; and SVM and
LR in between, although LR is consistently better than SVM except for the QER method.
One reason that the decision-tree-based solution J48 does not do well for text classifi-
cation in general [40] and sentiment analysis in specific is that it is a greedy approach,
always trying to find the features that separate the given classes the most. As a result, the
classifier may use a much smaller set of features, even though there are many more rel-
evant features are available. SVM typically does well for the traditional topic-based text
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Table 3 Detailed results for the Turkish electronics review dataset

NBM SVM LR J48
Size F measure Size F measure Size F measure Size F measure
QER 1500 0.8996 2000 0.8715 1000 0.7927 2000 0.6734
CHI2 1000 0.8564 1000 0.8505 500 0.7969 1000 0.7435
IG 1500 0.8551 1000 0.8505 500 0.8156 1500 0.7428
DFD 1500 0.8567 1500 0.8128 2500 0.7829 500 0.7399
OCFS 2000 0.8337 1000 0.7729 3000 0.7643 1500 0.7371
0,9200
0,9000 -
0,8800
g < +—QER
3 v
S 0,8600 —— ————— =—CHI2
= / 16
0,8400 «— DFD
OCFs
0,8200
0,8000 : ‘ : : : ‘
0 1000 1500 2000 2500 3000 3500 4000
Feature Size
Fig. 1 Detailed results of feature sizes for the Turkish electronic review dataset

classification by finding a hyperplane that clearly separates the two classes [40]. In order
to do this, we need to represent documents as weighted vectors so that we can measure
the distances or similarities between the documents. For sentiment analysis, however,
we are favouring features that have low frequencies within a document, but relatively
high frequencies across different documents (as illustrated by the example of “great” in
the introduction), making the distance/similarity measures less effective. Both NBM and
LR are based on the probabilities of the features in the given dataset. In particular, LR
is equivalent to the maximum entropy modelling and is capable of handling dependent
features, whereas NBM makes the naive assumption that all features are independent
of each other. In our experiments, NBM does better than LR, which could be due to the
same reason as we just explained for SVM above.

To see the impacts of feature sizes for different feature selection methods, we plot our
results for the Turkish electronic review dataset in Fig. 1. Clearly, OCFS lags behind
other feature selection methods across all feature sizes. DFD tends to do better with big-
ger feature sizes, while CHI2 and IG tend to favour smaller feature sizes. In addition,
the results for CHI2 and IG are sufficiently close, although they are slightly different for
certain feature sizes. Our new method QER does reasonably well across all other meth-
ods. For Turkish electronics review dataset, QER is the best performer and the selected
features include 7.7% of the punctuation patterns and 25% of the stop words; the features
selected by DFD method include 61.5% of the punctuation patterns and 59% of the stop
words; the features selected by CHI2 method include 15% of the punctuation patterns
and 90% of the stop words; and the features selected by OCFS method include 69.2% of
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the punctuation patterns and 49.6% of the stop words. Therefore, CHI2 method tends
to favor stop words but not punctuation patterns, while DFD and OCFS tend to choose
more punctuation patterns and fewer stop words. In addition, when we compare the fea-
tures selected by QER and CHI2 methods, we observe that 5.7% of selected features are
the same, and for QER and DFD methods, there are 6.9% of the features that are com-
mon, and for QER and OCFS methods, there are 7% of the features that are common.
However, for DFD and CHI2 methods, we observe that 49.8% of the selected features are
the same, and for DFD and OCFS methods, there are 76.7% of the features that are com-
mon, and for CHI2 and OCFS methods, there are 34% of the features that are common.
Note that although we only show the results on specific datasets in Table 3 and Fig. 1,
similar trends are observed for other datasets as well, and to save space these results are
not included.

Performance of feature selection methods for English reviews

Using similar settings as described in “Performance of feature selection methods for
Turkish reviews”, we also carried out experiments on the English review datasets. As
shown in Table 4, QER achieved the best performance with LR classifier for the movie
review dataset and NBM classifier for other datasets. CHI2 and IG achieved better per-
formance with NBM for all five datasets. Once again, the results are basically the same
for CHI2 and IG, indicating that the two methods are also strongly correlated for the
English review datasets. Compared with the Turkish movie reviews, the feature size for
the best performer of the English movie reviews is 3000, which is achieved with QER for
the LR classifier. This is likely due to the bigger vocabulary of the English movie reviews
over that of the Turkish movie reviews as can be observed in Table 1. Also compared
with the Turkish review datasets, DFD is not as good as CHI2 and IG for the English
review datasets, even though the performance is close for the kitchen reviews and gener-
ally better than OCFS. Furthermore, the best results for DFD are achieved with differ-
ent classifiers for different datasets: SVM for the movie reviews and LR for the kitchen
reviews. Statistical analysis with univariate ANOVA and post hoc tests show similar
results as those for the Turkish reviews: there are significant differences between three
groups (Baseline and OCES), (DFD), and (CHI2, IG, and QER) at 95% confidence level
for the movie, DVDs, electronic, and kitchen review datasets, but for the book review
dataset, there are significant differences between two groups (Baseline and OCFS) and
(DFD, CHI2, IG, and QER) at the 95% confidence level.

For text classifiers, Table 4 shows that similar trends are observed for the English
reviews as those for the Turkish reviews, although LR and SVM can over-perform NBM
for some feature selection methods. For different feature sizes, similar trends are also
observed, as illustrated in Fig. 2. Once again, in Table 5 and Fig. 2, we only show the
results for specific datasets, but the trends are similar to other datasets as well.

In summary, we see some similarities between Turkish and English reviews in that for
data pre-processing, we should keep punctual patterns and stop words, and not per-
form stemming, leading us to use the same setting as the baselines for further study.
In addition, NBM seems to be the most suitable classifier for sentiment analysis since
sentiment-expressing words tend to have low frequencies within a document, but rela-
tively high frequencies across different documents. For feature selection methods, our
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Fig. 2 Detailed results of feature sizes for the English DVDs review dataset

Table 5 Detailed results for the English DVD review dataset

NBM SVM LR J48

Size F measure Size F measure Size F measure Size F measure
QER 2500 09169 3000 0.8724 2000 0.8977 2000 0.5481
CHI2 1000 0.8964 500 0.8650 3000 0.6976 3000 0.6799
IG 1000 0.8964 1000 0.8614 2000 0.6970 500 0.6769
DFD 3000 0.8502 1000 0.8293 3000 0.7600 500 06771
OCFS 1000 0.7996 1000 0.7714 500 0.6800 2000 0.6829

proposed QER achieves best performances with feature sizes between 2000 and 3000.
CHI2 and IG are strongly correlated and tend to work well with smaller feature sizes,
while DFD also works reasonably well, but with bigger feature sizes. For differences,
the English review datasets usually have bigger vocabulary, resulting in relatively big-
ger feature sizes for feature selection. Moreover, SVM and LR can also perform well for
some English review datasets, while NBM looks like a dominant classifier for the Turk-
ish reviews. Finally, the performance results for the English reviews are generally higher
than those for the Turkish reviews, possibly related to the differences between the two
languages in terms of vocabularies, writing styles, and the agglutinative property of the
Turkish language. The limitation of QER is that it is only suitable for classifying two
classes since it is especially developed for sentiment analysis with the observation that
sentiment-expressing words are usually more frequent across different reviews. The con-
tribution of QER is that, as it is shown in the experimental results, the method is both
language and classifier independent and can select better features than other methods

for sentiment analysis.

Comparison of our proposal with the previous studies

It is generally difficult to directly compare the results of different studies since there are
often differences in partitioning and preprocessing the datasets for training and testing,
as shown in the studies by Pang et al. [4]. That is why we tried different combinations of
feature selection methods and text classifiers on multiple datasets in our research so that
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Table 6 Summary of related work on the sentiment analysis for the same datasets

Paper Dataset Baseline accuracy (%) Best accuracies observed (%) Classifier

[4] Movie 787 NB, SYM

[7] Movie 87.1 minimum cut SVM

[8] Movie 799 85.7 CHI2; 86.9 DFD; 80.9 OCFS MEM
Product 743 73.7 CHI2; 75 DFD; 73.8 OCFS

[9] Movie 84.2 91.8 BNBM, SVM

Product  80.9 Book; 789 DVD; 80.8 El  92.5 Book; 91.5 DVD; 91.8 El
mMRMR with composite features

[23] Product 70.1 84.2% Kitc. semantic orientation SVM
[24] Movie 84.8 87.7 NB, SVM, MEM
Product 74.7 Book; 77.2 DVD; 80.8 El,; 81.8 Book; 83.8 DVD; 85.9 El,; 88.7 Kitc
83.3 Kitc word relation based method
[25] Movie 84.1 92.7% Tabu search-enhanced Markov  NB, SVM, MEM
blanket model
Ourstudy Movie  84.8 91.5 CHI2-IG; 87.1 DFD; 82.9 OCFS; NBM, SVM, MEM, DT
Product 76.2 Book; 78.4 DVD; 78.6 95.5 91.6 Book; 91.7 DVD; 88.8 Elect;
Elect; 81.4 Kitc 91.1 Kitc proposed QER

we can compare their performance collectively and accurately. However, we do agree
that it is helpful to describe the results from the related studies so that we can put our
results into a suitable context. Table 6 includes a summary for comparison of our results
with that of the previous studies which have used the same datasets with our study. For
the English movie review dataset, Nicholls and Song [8] obtained a baseline accuracy
of 79.9% with the MEM classifier, and better classification accuracies of 86.9, 85.7, and
80.9% when combined with DFD, CHI2, and OCES feature selection methods, respec-
tively. Dang et al. [23] examined their proposed semantic oriented method on the prod-
uct dataset [37]. They achieved an accuracy of 84.2% for the kitchen dataset. Also, Xia
et al. [24] improved the classification performances from 84.8 to 87.7% using their pro-
posed word relation based feature selection method. Bai [25] improved the accuracies
from baseline 84.1-92.7% using their proposed Tabu search-enhanced Markov blanket
model for the movie review dataset. Pang et al. [4] obtained accuracy around 78.7% with
NB using the document frequency of 4 to eliminate the rare features. Agarwal et al. [9]
improved the accuracies from baseline 82.7-89.2% using IG feature selection method
with Boolean NBM. Our proposed QER method showed an improvement from the
baseline of 81.3-91.1% with NBM in terms of F measures.

For the Turkish movie review dataset, the best classification result of 82.58% is
obtained with the SVM classifier [30]. As shown in the previous studies, classification
accuracy is improved by applying feature selection, and NB based classifier performs the
best in the majority of the cases. The proposed feature selection method is also com-
putationally efficient and easy to implement as it only computes scores for features by
counting document frequencies.

Conclusions

In this paper, we proposed a new feature selection method query expansion ranking
(QER) for the sentiment analysis and compared it with the common feature selection
methods for sentiment classification, including DFD and OCFS, CHI2 and IG. All of
these methods are tested against five datasets of Turkish reviews, using four common
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text classifiers, including NBM, SVM, logistic regression (LR), and decision trees (J48).
Similar experiments are also conducted for English reviews so that we can compare
their differences with the Turkish reviews. Our results show that for all Turkish review
datasets, the best results are all obtained with the NBM classifier, and for some Eng-
lish review datasets, LR and SVM have the best performance. For feature selection, our
proposed QER method helps to achieve the best performance compared with all other
feature selection methods for both Turkish and English reviews. For feature selection,
our experiments show that our proposed QER method helps to achieve the best per-
formance among all other feature selection methods. We found that CHI2 and IG have
almost the same performance for the Turkish reviews and they tend to work well with
smaller feature sizes compared with other feature selection methods. DFD does reason-
ably well across all review datasets, but it tends to favour bigger feature sizes. This con-
firms our intuition that sentiment-expressing words usually have low frequencies within
a document, but relatively high frequencies across different documents. Although OCEFS
is quite robust for traditional topical text classification, it does not do well for sentiment
analysis since it relies on word frequencies to measure the distances between docu-
ments. Once again, NBM remains the best performer for most of our experiments when
analysed with QER method. Overall, feature selection methods are shown to be effective
for sentiment analysis, improving significantly over the baseline results.

Following a similar process, we also carried out experiments on English review data-
sets and NBM seems to be the most suitable classifier for sentiment analysis. For fea-
ture selection methods, CHI2 and IG are strongly correlated and tend to work well with
smaller feature sizes, while DFD also works reasonably well, but with bigger feature
sizes. Our proposed query expansion ranking method achieves the best performances
for the English datasets as well. As for differences, the English review datasets usually
have a bigger vocabulary, resulting in relatively bigger feature sizes for feature selection.
Moreover, LR and SVM also perform well for some English review datasets, while NBM
looks like a dominant classifier for the Turkish reviews. The performance results for the
English reviews are generally higher than those for the Turkish reviews, possibly related
to the differences between the two languages in terms of vocabularies, writing styles,
and the agglutinative property of the Turkish language. Finally, the experimental results
show that our proposal QER method is language, domain and classifier independent
and improve the classification performance better than other FS methods for sentiment
analysis.
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