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[One ef—t-he-ﬁﬁerest-iﬁg—khal-leﬂgesnotable challenge in text categorization is sentiment
analysis, a stady-process that analyzes the subjective information of specific ebjeet-objects
[1]. Sentiment analysis can be applied en-at various levels, that is,: the document level,
sentence level, and feature levelf

Sentiment-based categorization in the—meviereviewmovie reviews involves is—a
document-level sentiment analysis. H#—This method treats the—a review as a set of
independent words by ignoring the sequence of words en-ain the text. Every|si }unique
word and phrase can be used as a document featurel As a result, #
this type of sentiment analysis constructs a massive aumbers-number of features. Ia
addition—-This abundance of features alse-slows down the process and sakes—can
introduce bias in the classification task Peﬂas

2}/

AetaallyHowever, not all features are necessary;: Mestmost ef-the—features are
irrelevant to the class label. Thus, a good feature for classification is the
one that has high relevance with-to the output class.

As feature selection_is a crucial component of-# sentiment analysis-is-a-eraeialpart,
in this paper, we propose an Wmformatlon gain-basedgain (IG)-based \feature
selection method. In addltlon, we alse-prepesed-propose classification schemes based on
the dictionary that is constructed by the selected features.

1. Previous Work “
There are two common approaches to sentiment analysis: machine learning methods
and knowledge-based methods. Cambria [3] suggested the—a combination of both
methods,: using machine learning to h)rowde the limitations bf the-sentiment knowledge.
On-theotherhandHowever, itthis technique cannot be applied in-to movie reviewreviews.
ThesentimentSentiment knowledge, such as_that provided by ﬁenthetL is highly
dependent on domain and context. For example, the word “funny” seasns-has a positive
connotation for a comedy movie, but a negative connotation for a horror movie ‘[4] ‘
Machme learning-based sentiment analysis em—of movie review—reviews was
first performed by Pang et al. [5]. Their work perfermed-achieved 70%—80%
accuracy, while the human baselines-baseline sentiment analysis_method only reaches
reached 70% accuracy jat mostL In 2014, Dos Santos and Gatti [6] used a deep learning
method for sentence-level sentiment analysis, reaching thatreached-70%—85% accuracy.
Words and characters are-were used as sentiment features. Unfortunately, the massive
number of constructed features resulted in a atene-timecomputationlong computation

time.

Throerder—+o provide robust machine learning classification, a feature selection
technique is required [7]. Some researchers foeus-have focused on reducing the number
of features [8]. Manurung [9] proposed a feature selection scheme named Eeature count‘
(FC). FC selects_the ln-top subfeatures )w1th the highest frequency count-, an operation
which-¥# enly—eestshas a time complexity of O(n)-te—select—the—subfeatures. O—then
eentraryHowever, #-this method may select a feature whieh-that has no relevance to the
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output class, since a_high frequency of occurrence does not necessarily indicate high
relevance to the output class.

The works of Nicholls and Song [8] zesearekand bKeefe Land Koprinska [10] zeseareh
proposed a similar idea to select features based on the difference between document
frequency (DF) ﬁn class positive and DF in class negative‘. H-This method was named
Document Frequency Difference (DFD). DFD selects the feature that has the highest
proportion between the positive DEvs. negative DF difference and the total number of
documents. This approach may -select feature-features whieh-that has
have high differences in DF but are less relevant to the output class.‘

Information theory-based feature selection, using factors such as information gain or
mutual information, sas-has also been proposed #n-for sentiment analysis [11, 12].

Abbasi et al. proposed a heuristic search procedure

named the entropy

weighted genetic _algorithm| (EWGA), to search optimum—subfeaturefor optimal

subfeatures based on its-their information gain dG)-values namedEntropyWeighted
Genetie Algorithm(EWGA}[13]. EWGA seareh-searches for optimal subfeatures using a
Genetie Adgorithmgenetic algorithm (GA) whieh-withits an initial population is-selected
by-using infermationgainlG }(—IG—)#hresholding schemes. Compared to the-other options

in this field, EWGA is the most powerful feature selection method se-farto date. HThis

approach selected features that-achievedwith 88% aceuraey-of-elassificationclassification
accuracy. However, it toekhich-eost-eomputationhas a high computational cost.

Ay

ts—a benchmark-datasetfor+
o &

This-studvuses-volaritvv-20-from-Cornell
[ Ty ¥ JoEr

L}I-n#emaﬁen—@ai—n—eﬂ—MeMev—iewMaterials and Methods\

2.1. Information Gain in Movie Reviews

Information gain_is a quantity that measures how #ﬂ-i*ed—u-pwcl]—organizcd }the
features are [15]. In the sentiment analysis domain, infermation-gainlG is used to measure

the relevance of attribute A in-to class C. The higher the value of lmutual information‘
between class t and attribute 4, the higher the relevance between elasses-themé&
and-attribute 4.

1(C,A)=H(C)-H(C| A), 1)

[where Wherel (C, A) is the information ;zain\, -H(C) = - 3cecp(C) log p(C) is; the entropy of
the class,; and H(C | A) is the conditional entropy of the class given an attribute, H(C | A) =
=Yeecp(C | A)log p(C | A). Since the Cornell movie review dataset has balanced elassclasses,
the probability of class C for both positive and negative results is equal to 0.5. V\s a result,
the entropy of elasseseach class, H(C), is equal to 1. Then, the information gain can be
formulated as

1(C,A)=1-H(C|A)- (@)

The minimum value of I(C, A) occurs if and only if H(C | A) = 1, that is, which-means
attribute A and elasses-class C are not related at all. On-the-contrary—weWe )teﬁd—attcm pt‘
to choose an attribute A that mostly appears in one class C as either positive or negative.
On-For the other words, the best features are the set of attributes that only appear in one
class. #-This means_that the maximum I(C | A) is reached when P(4) is equal to P(4 | C1),
resulting in P(C1 | A) and H(C1| A) being equal to 0.5. When P(A) = P(A | C1), then the value
of P(A | C2) resultsin P(C2 | A)=0and H(C1| A) = 0. The value of I(C, A) is~variedvaries from
0to0.5.
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2.2. Sentiment Analysis Framework 123
This study uses the polarity dataset v=2.0 from Cornell’s review datasets. This is; a 124
benchmark dataset for document-level sentiment analysis; fhat-eensistsconsisting of 1000 125
positive and 1000 negative processed-reviews [14]. This dataset was split inte-for tenfold 126
cross-validation. 127
[Figure 1 shows the precess-ef-proposed sentiment analysis process. The process was 128
categorized into a dictionary construction phase and a classification phase. Pietionary-The 129 . .
dictionary construction phase constructs a dictionary that can be used to classify the 130 Sl Al 2 s sl i
Reviewreview as: positive or negative. Here—are—theThe steps of the dictionary 131 | another noun (“removal”), the singular
construction phase in this study are as follows: ‘(1) reading the dataset, (2) nonalphabetic 132 “stopword” is appropriate, even though multiple
removal, (3) tokenization, (4) [stopwords )removal, (5) stemming (optional), (6) initial /133 .
. o - : ; stopwords are presumably involved.
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and constructs another dictionary. The result of this phase-is-sentiment Jabeled This phase 142 | Further, please revise “IG-DF-FS (proposed )” to
yields sentiment labeling of movie reviewreviews. 143 | “IGDFFS (proposed).”
144
. Commented [A46]: This is slightly redundant
4-1.2.3. IGDF Feature Selection 145 N ) L ! ghty
. . . . . . ith “similar to”.
—Previous work on information gain [16] selecteds feature-features thathas-having 146 With “stmriar to
high relevance with-to the output class. These-These features commonly appear in positive 147 | Commented [A47]: T have revised this for
elass—classes only or in negative elass-classes only. Unfortunately, #-such features may 148 . ]
. . . : . .7 consistency; please ensure that this matches your
appear only a few times, sinee-as the-a sentiment can be expressed in a-varieuswayvarious 149 | -
ways. As a result, overfitting occurs sinee-because those features ldo not appear frequently,| /150 | infent.
On-the-otherhandln contras i atures g q
In contr ISF DF fhreéhf)ldmg [8, 12] selects fegme—the features that 151 Commented [A48]: Minor language detail:
appears-appear most frequently in the training set. #=However, this method may select 152 Y . B .
featarefeatures that always appears—appear in both classes. These-Such features are 153 | differentiate ... classes” suggests contrasting the
unnecessary, as the method-sinee-it cannot }eh'gelcenﬁatedetermine he elass—classes to /154 | classes themselves, rather than sorting features
which itthese features belengsbelong. 155

into one class or another.




Appl. Sci. 2021, 11, x FOR PEER REVIEW

50f9

In this study, we propose a combination of information gain and DF thresholding
feature selection; named lIGDFFE. IGDFFS selects afeaturefeatures that hashave IG seere
scores equal to 0.5, H—meansindicating these-features highly related to one class only.

This scheme

succeeds in redueinrgremoving abewtapproximately

90% of unnecessary features (Algorithm 1).

()
(5)
(6)
(@)
®)
©)

(10)
an

(12)
(13)
(14)
as)

(l)harocedure hGDF—Feature—Selection(input: {array of attributes
A and its class C}, output: {positive and negative feature set})
(2)for each features in featureset do (3) calculate I(C | A)

end for

for each IGscore in I(C | A) do

if I(C | A) == 0.5 then

Focabutary Vocabulary «-WFocabutary Vocabulary + A

if P(A) == P(A | CpositiVe) then

FeaturesetpositiVe featuresetpositive « featuresetposttiVe
featuresetpositive + A

else

FeaturesetnegatiVe featuresetnegative « featuresetnegatiVe
featuresetnegative + A

end if

end if

end for

end procedure

lAlgorithm 1: Information gain-document frequency (IGDF) feature selection.|

42.2.4. Classification
—As-it-isknown-that-entrepyEntropy and information gain are commonly used in

decision #reetrees. The selected

features with the highest information gain

determines-determine }the class of the review. Based on this intuition, we categorize our

i hen
vocabulary into thep

Hivepositive feature-and negative featurefeatures. A review wilk

beis classified inte-as a positive review if most ef-the-features are positive and vice versa
(Algorithm 2).

(e

2) for each document in featurevector do

3) for each lvocabinVncubulury‘ do

4) if ¥eeabvocab is positive — features then

@ 5y posititepositive «— g positive + 1
6) else

7 regatile-negative — negative+1
8) end if

9) end for

(10) if positile positive > negative then
(11) lclasszabel « classiabel + °positive

procedure IG-based—Classifier(input: {Sentiment Feature
Vector: Vocabulary x Number of Document}, output:
{Sentiment Label: positive or negative})
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(%)

(%)

classiabel « classiabel + *negativer]

(12) else

(13)

(14) end if

(15) end for

(16) end procedure

Algorithm 2: Information gain (1G)¥G-based classification.

3. Results—aﬂd—Aﬁal—ysisﬂ

Figure 2 shows the k)erformance of an existing previous-feature selectio

n_method

that is, the forward feature selection algorithm (FFSA) ‘[16]L and_that of the proposed
feature selection method, {IGDFFS}). The results show that IGDFFS selects better features.
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Propesed-The proposed method selects feature-thathasfeatures that have both high
relevance to the output class and alse-has-the hichesteceurrenechigh occurrence rates. As
a result, the generated feature matrix has lless Zero valueL On-the-eentraryln contrast, the
previous method may succeed in selecting high-highly relevant features, but the selected
features are likely to be rare-butprobably-takesrarefeatures. FPhe—A rare feature does not
appear in another moviereview-document in the training set Pnd may not appear in the
testing set. As a result, the generated feature matrix eensists-ef-atetefincludes many zero
valuevalues. Many documents which—havenotanywithout features‘ are hard
difficult to be-elassifiedclassify.

One of-the-feature selection ebjeetives-objective is to avoid overfitting, which often
results from- Aetuatlyy—inthis-ease—common machine learning techmques—may—res&l-t—m
overfitting. ThereasonisThis is because the feature matrix in the testing set
le:t—eﬂwas many more zero values smere-than the feature matrix in the training set does.
Sinee-Because the-these features affect machine learning medelmodels, then-it is hard
difficult for machine learning to fit the model to the feature matrix in the testing set.

Figure 3 summarizes the performance of the SVM, ANN, and IG elassifierclassifiers.
Unfortunately, SVM and ANN suffer from overfitting-problems—Theirtestingaceuracy
fails and thus fail in-achievingto achieve 70% accuracy.i)x#efeﬂt—teUnhke ANN and SVM,
the information gain classifier (IGC) is quite stable in any—eenditionall conditions. IGC
stieeeed-succeeds in avoiding overfitting-preblems:; H-it can be concluded that using the
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Figure 3: Sentiment classifier performance comparison.

Information gain indicates the extent to which a
feature is well-organized in a dass—t-he—elass—tsL IG walue-reaches the highest value (0.5 in
this case) when the feature belongs to one class only. - This means that when the feature
appears, wemakesure-thatthe label must be positive or negative. In this case, the IG value
of selected feature-features achieves the maximum value (0.5) on average; thus, (0-5)se-it
can be used for automatic classification. [The speeialy—uniqueness of the proposed
classification scheme is—thelies in its independence from mathematical meéelmodels‘.
Since the proposed classification method succeeds in avoiding overfitting, we ean
sayconclude that our method is better—more effective than the—those of previous
weorkworks.

4. Conclusion-and Future WorkDiscussion|

In-erdertoTo provide a better sentiment analysis system, an-a improvementmethod
of information gain-—based feature selection and classification was proposed. The
proposed feature-selectionmethod selects feature-that-hasfeatures with high information
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gain and high occurrence. As a result, it succeeded in providing feature—that-mest
prebablyfeatures that were most likely to appear appears-in testing alseas well. Proposed
The proposed classifier used the positive and negative features obtained from the IG
calculation before, performing its task more quicklyv—Then—ittakeslesstime than the
previous elassifier-classifiers can (SVM, ANN, etc.).

Fhe-A combination of information gain and document frequency in-thisstudy-was
proposed for feature selection in this study.; IGDFFS selects subfeatures that satisfy these

the following criteria: (1) high relevance to the output class and (2) high occurrence in_the
dataset. As—a—+esultThus, it constructs subfeatures that reach-betterperformanceinthe
elassifieationyield better classification performance.

Compared to the—e&ffeﬂt—e}asaheﬁcurrent c1a551ﬁers e e
HGOIGC has surpassed the high
accuracy of EWGA (only 88.05%). #-The IGC succeeded in avoiding overfitting problems

in any-eonditiondiverse conditions-, vielding-Fhe stable performance efGCis-quitestable
in both training and testing.

We For future work, we are considering te-greups-grouping the-words based on their
relevance to positive and negative reviews. Note that there are 171,476 words that are
currently used and 47,156 obsolete words in the English domain (based-according toesn
the Oxford English Dictionary). AtleastaA finite i
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