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Abstract: Nowadays, many people prefer the use of social media
for communicating and exchanging opinionswith each other over
face to face communication. This has lead to a generation of a
tremendous amount of textual opinioned data. Understanding this
opinioned data is useful from all perspectives. But the major
challenge exists here is how to extract the exact sentiment hidden
behind thishuge data. To solve this problem, keyword spotting or
dictionary-based approaches are followed. In this paper, we
present a Gradual Weight Updating for sentiment mining. It not
only considers the polarity of each word similar to the unigram
methodology but, it also focuses on the entire cluster of wordsthat
contains the unigram. The different steps it follows for sentiment
extraction of the word are polarity fetching, cluster marking,
weight tagging, valence shifter, adversative conjunction handling,
and final score generation. The paper contributionsin the area of
domain independent opinioned word extraction and accurate
polarity mining with the help of context marking approach. We
used the various opinionated datasets to compare and illustrate
the performance of our proposed system.

Keyword: Natural Language Processing, Opinion Mining,
Sentiment Analysis, Text Mining

I. INTRODUCTION

The development of Web 2.0 has completely changed the
way people use to express their opinion on any topic. Instead
of face to face communication, people prefer to exchange
their opinion using different social media platforms. Day by
day increasing number of users of social media such as
Facebook, Twitter, WhatsApp, blogs, etc. represents the
same. Understanding this opinion shared on social media is
very important. It helps the service provider to understand
consumers opinions and sentiments about their product or
service. Thus the information can be used to improve the
product quality and sales. At the same time, this information
ishelpful for the new consumer to understand the opinion and
sentiment of existing consumers and to select the right
product or service as per their requirements. In al the existing
consumers opinion shared on the social media platform is
playing a key role in sales market management [1], [2]. The
era of sentiment mining includes natural language
processing, text data mining, computational linguistics, etc.
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Sentiment mining plays a vita role in analyzing customer
reviews and survey responses for a variety of entities on
online and social media platforms. The real challenge that
arises at the time of this opinion sentiment analysis is its
tremendous volume. In this process, we have to find out the
exact emotion tone behind words [3]. For a human analyzer,
it is not possible to analyze millions of tweets and comments
arriving in aday. On the other side, it is very difficult for a
machine to grab the exact sentiment behind the opinion text
proposed by the consumer [4].

In this paper, we initially propose the study of existing
machine learning techniques for consumers sentiment
mining. Keywords-spotting is one of the simplest techniques
used for it. In normal texts, it performs well but it drastically
fails for mixed sentiment sentences such as "The food was
tasty but they took so much time to prepare and serve it."
Similarly, it aso faces trouble for the deceptive type of
opinions [5]. Initially, we studied keyword spotting and
attaching polarity scores from dictionaries such as AFFIN
and BING. Their working is simply based on the concept of
n-gram terms. Instead of the simple n-gram terms sentiment
score summation we present here another methodology to
calculate sentiment polarity. It is not only based on the
polarity of the word itself but aso considers the words
surrounding it. Thus we can improve the sentiment score
generation task by considering this additional information.

The paper is structured in sections as follows: introduction,
the study of the related work, proposed system architecture,
experimental set-up and results, conclusion and future scope.

[I. RELATED WORK

Sentiment mining is applied at different levels such as
document level, sentence level and aspect level. The
document level sentiment mining approach detects sentiment
polarity for the whole document as positive / negative /
neutral. Sentence level sentiment mining detects sentiment
polarity for each sentence. Some researchers have tried for
more fine level - aspect level sentiment mining. Our Work is
closely related to Hu and Bing work in [1] on mining and
summarizing customer reviews at sentence level. Their work
isdivided into three stages. During the first stage, the feature
word from the opinioned sentence is extracted. The process
follows the syntactic rule based approach. In the second
stage, the adjective present in the sentence is searched and the
polarity score in the range of -3 to +3 is attached to it. In the
last stage document summary is generated. The approach
performswell for feature based summary of product reviews.
Here the coherent feature and opinion word pair is present in
the sentence. The approach lags for handling the
interdependence of pronouns, verbs, adverbs, etc. present in
opinioned sentences.
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This thread of research is continued by Yu and Weixiang
in [4] on extracting implicit features for opinion mining.
They called implicit feature for those sentences where the
feature/target word and opinion word pair is unclear. Their
work focused on the co-occurrence matrix and modification
matrix. These matrices are formed based on the corpus. By
following the bootstrapping approach the author tries to
collect the hidden target word for the opinion word. The
concept of co-occurrence of feature opinion pair is extended
by K. Lui et a. as Partially Supervised Word Alignment
Model (PSWAM) in [3] and by Hybrid Approachin [2], [11].
This approach isthe mere keyword spotting with the help of a
predefined dictionary. Our approach differs from it by
considering the entire context to determine the sentiment
polarity.

Considering the context for polarity determination is the
other thread of research in sentiment mining. In line with it,
Y. Wu and F. Ren implemented a model for learning the
influence of others’ opinions on the sentiments of a user. The
work focused on finding the influence probability model for
twitter sentiment analysis. The study contributed for finding
propagation of sentimentsin social media. The samethreadis
continued by S. Tan et d. in [7] as ageneralized LDA based
model for interpreting public sentiment variation on twitter.
The impact of foreground topic and background topic on a
user’s opinionisanalyzed here. R. Xiaet al. proposed the use
of sentiment revered corpus aong with the origina corpus as
aDual Sentiment Analysismodel. Such dual training helpsto
improve the performance of sentiment classifier for a
deceptive type of opinion but degrades for others. To attend
this, L. Yu. et a. [9] adopted a novel strategy to learn
sentiment embeddings. Instead of creating a new word
embedding from labeled corpora, they have proposed aword
vector refinement model. In simple words, the word vector is
converted into real values sentiment intensity score. The
proposed refinement model improves each word vector such
that it can be closure in the lexicon to both semantically and
sentimentally similar words. It refers to the words with
similar intensity scores. It further considers the words with
dissimilar intensity scores aso. Further G. Xu et a. proposed
an improved word representation method in [10]. They
integrated the contribution of sentiment information into the
traditional TF-IDF algorithm and generated weighted word
vectors. Bidirectional Long Short Term Memory (BiLSTM)
inputs weighted word vectors to capture the context
information effectively. The study also focused on building
comment vectors. The sentiment tendency of the comment is
obtained by afeed-forward neural network classifier.

Theimmediate surrounding words such as polarity valence
shifter, adversative conjunctions, etc. are yet not considered
properly for polarity determination. Our research paper
focuses on this research gap. Thefollowing section illustrates
the proposed system architecture.

I11. PRPOPOSED SYSTEM ARCHITECTURE

As per the discussion in the above section, we identified
that the surrounding context should also be considered for
determining the final polarity score of the sentence. For
illustration purpose, we used the dictionary based approach
along with the proposed method of Gradual Weight Updating
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(GWU) for sentiment polarity calculation.

A. Dictionary based approach

Standard dictionaries such as AFFIN, BING, NRC are
used here. The steps followed are,

1. Break the entire corpus in sentences. Further, break
these sentences in tokens.

2. Pre-process the corpus by removing punctuation
marks, stop words, stemming, etc.

3. Fetch the polarity value for each token of the
sentence from the standard dictionary.

4. Cdculate summation for the entire sentence.
Depending upon the numeric score determine the
polarity as positive, negative or neutral.

B. Gradual Weight Updating (GWU) approach
GWU approximates the sentiment polarity
(positive/negative/neutral) of the sentence in the text. In this
process, the sentiment polarity weights are updated gradually
based on the words present in the cluster. The surrounding
words may be intensifier or detoner words which may either
increase or decrease the intensity of the target opinion word.
e.g. in the sentence “The governing system of the machine is
very accurate” and “The governing system of the machine is
less accurate”. The word ‘very’ is the polarity intensifier and
the word ‘less’ is detoner for the opinion word ‘accurate’.
The proposed GWU architecture follows the steps mentioned
in fig. 1and illustrated below. The basic steps involved are
polarity fetching, cluster marking, weight tagging, valence
shifter, adversative conjunction handling, and final score
calculation. Our attempt is to find the exact sentiment with
the help of al these stages. It can aso be called as context
analysisfor sentiment mining.
= Polarity Fetching: In this step, document (D) is
divided into paragraphs (pi). Each paragraph (pi)
is subdivided into sentences (s;j) and each (s;) is
further split into words as wijx. On the basis of
polarized words dictionary, polarity (positive,
negative or neutral) is attached with each word as
(pwij). Here the initial polarity value of each
word is estimated by using standard dictionaries.
The initial polarity value (pwij) is revised by
further steps.
= Cluster Marking: In this step, the peripheral of
the word is marked. Thisisthe most crucia step,
asit determines the words we will be considering
for final score calculation of the token. It is aso
known as polarized context cluster marking for
the word (pwii). The cluster of (pwix) is
represented by C= { (pWijk-b), ... , (DWiiKk), «-eee ..
(pwijk+a)} . It consists of a few words before the
opinioned word and a few words after it. We can
choose our values for ‘a’ and ‘b’. Thus the cluster
sizeisflexible but, it is restricted by punctuation
marks like comma, colon, semicolon, etc. The
cluster words may be the intensifier or down
toner or neutral. In the further step, we will
caculate the impact of these words on the
polarity of the opinioned word.
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= Weight Tagging: The weight for a polarized
word (pwik) is decided cumulatively by the
polarized word dictionary and the words within
its cluster. Depending upon the surrounding
words its polarity weight may be intensified or
may be degraded or kept asit is. It highly depends
upon the part of speech tag of the word and its
relationship with the words in the cluster.

= Valence Shifter: Despite intensifier and
down-toner words, the polarity cluster may also
consist of flip or valence shifter words such as
‘not’, ‘mis’, ‘dis’ etc. For example in the
sentence, “This is not a good product”, ‘not’ isa
valence shifter of theword ‘good’. Such negation
flipsthe sign of polarized words (pwijk). A simple
principle of 2' is used to determine the final
polarity shift present in the sentence.

=  Adversative Conjunction Handling:
Adversative conjunction words such as ‘but’,
‘however’, ‘although’ etc. also affect the polarity
weight of the word. If it appears before the word
in the cluster then it increases the weight value of
theword. If it appears after theword in the cluster
then it decreases the weight value of the word.
For example in the sentence, “This is a good
product but it has many bugs”, the word ‘but’ is
going to reduce the weight of the word ‘good’.

= Final Score Calculation: Based on the above
steps B, C, D and E final score is calculated for
each sentence. Depending upon this score
polarity of the sentenceisdecided. Theresultsare
discussed and compared in the next section.

« Polarity Fetching
*Cluster Marking
*Weight Tagging
*Valence Shifter
* Adversative Conjunction

*Fina Score Calculation

Fig. 1. Stepsfor GWU

IV. EXPERIMENTAL SETUPANDRESULTS

We evaluate the dictionary based approach and the GWU on
various datasets. Dataset 1 isfrom https.//archive.ics.uci. edu
[ml/datasets and dataset 2 is from https://www.cs.uic.edu
/~liub/FBS/sentiment-analysis.html. It contains sentences
labeled with positive or negative sentiment, extracted from
reviews of products, movies, and restaurants. The labeling
task is done manually. This pre-labeling we will be using to
calculate how accurate our resultsare. It followstheformat as
sentence \t score \n

The score is either 1 (for positive) or O (for negative).
Table 1 represents statistical information about the data sets.
The dataset 1 come from three different websites imdb.co,

Retrieval Number: B4099129219/2019©BEIESP
DOI: 10.35940/ijeat.B4099.129219
Journal Website: www.ijeat.org

3897

International Journal of Engineering and Advanced Technology (IJEAT)
I SSN: 2249-8958 (Online), Volume-9 | ssue-2, December, 2019

amazon.com, yelp.com. For each website, there exist 500
positive and 500 negative sentences. Those were selected
randomly from larger datasets of reviews. The attempt wasto
select sentences that have a positive or negative annotation.
The goal was for no neutral sentences to be selected. Dataset
2 representsreviewsfor four different products. Dataset 1 has
an equal number of positive and negative sentences whereas
dataset 2 has an unequal number of positive and negative
sentences.

On the basis of the outputs obtained for different datasets,
we prepared the confusion matrix. It contains TP (True
Positive), TN (True Negative), FP (False Positive), and FN
(False Negative). We used the confusion matrix to measure
the system performance on the basis of the equations (1) —
(4).

The accuracy factor is insufficient to anayze the
performance of sentiment mining work. We need to consider
other parameters like precision, recall and f-score for
comparing performances of the systems.

Table 2 and Table 3 represent the statistical analysis of the
obtained results on different datasets. The obtained results
from figure 2 and figure 3 clearly show that a mere keyword
spotting for a bag of n-grams and polarity calculations is
insufficient to get the exact context of consumers’ opinions.
Considering the entire cluster’s polarity, valence shifter and
adversative conjunctions handling improve sentiment
polarity results.

Tablel: Statistical Analysisof Dataset

No. of No. of
Dataset Name Negative Positive
Sentences Sentences
imdb_labelled 505 495
Yelp 500 500
Dataset 1

amazon sale 500 500

deceptive 800 800

Digital Cameral 50 185

Digita Camera2 30 127

Dataset 2

Mobile Phone 77 188

DVD Player 194 149
2 (TP + TN) D

ccuracy =
Y= TP + FP + FN + TN)
TP 2
Recall = ———
(TP + FN)
TP (3
Precision = ———
(TP + FP)

2 * (Precision * Recall 4
F_Score = ( ) “)

(Precision + Recall)

Tablell: Statistical Analysisof Result Obtained for Dataset 1
Method Recall F_Score

Dataset Name Precision
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AFFIN 0.78 0.91 0.84 BING 0.88 0.94 0.91
imdb BING 0.81 0.89 0.85 GWU 0.89 0.96 0.92
GWU 0.75 0.90 0.82 Hu 054 0.68 0.6
AFFIN 0.76 0.95 0.84 DP 0.66 073 0.69
yelp BING 0.80 0.97 0.87 Digitd Cameral  pgwaM 0.92 0.94 0.93
GWU 0.69 0.95 0.80 BING 0.94 0.94 0.94
AFFIN 0.79 0.95 0.86 GWU 0.92 0.93 0.93
amazon sale BING 0.81 0.97 0.88 Hu 0.69 0.72 0.71
GwWU 081 0.97 0.88 PSWAM 0.66 0.73 0.69
AFFIN 0.63 0.99 0.77 DVD Player AFFIN 050 087 079
deceptive BING 0.66 0.99 0.79
opinion BING 0.70 0.92 0.79
GWU 0.69 1.00 0.82
GWU 0.79 0.93 0.72
BAFFIN BEING W D ¥l D2 BDVD
078%hys 0785] 6o 0TIEOEL o g0
imdb velp amazon  deceptive
Hii PEWAN AFFTN  BING  (FWTT
a) Precision —
@ (a) Precision
[ | [ ]
AFFIN BBING ®GWLU o0 =DCl  ®MP ®DC2  WDVD

no8%hos 0957057

o 10 o

imdb velp amazon  deceptive
Hin PEWAM AFFTM  BING  (FWIT
AFFIN, ®BING o g WU = EDC1 EMP  ®DC2Z  EDVD
Wi, 08
JI i i
imdb velp amazon  deceptive
Hin PRWAN AFFTM  RIWNGT  CHATT
(c) F Score
Fig. 2. Statistical Analysis of Result (c) F Score
Obtained for Dataset 1 Fig. 3: Statistical Analysis of Result

Obtained for Dataset 2

Tablelll: Statistical Analysisof Result Obtained for Dataset 2

V. CONCLUSION AND FUTURE SCOPE

Dataset Name  Method  Precison  Recall  F1_Score The paper presents a gradual weight updating approach for

sentiment mining. The proposed model focuses on the

Hu
72 74 7 L o )
0 0 0.13 opinioned word aong with its context. The context is marked
PSWAM 0.84 0.77 0.8 in the forward and backward direction for the accurate
Digital Cameral ~ AFFIN 0.95 0.93 0.91 sentiment mining of the sentence. We considered the
BING 096 096 0.95 cumulative impact of the valence shifter and adversative
conjunction on the sentiment polarity. The obtained results
GWU 0.97 0.93 0.96 r i
epresents that, the system works fine for the regular type of
Hu 0.69 0.71 0.7 opinion.
MobilePhone  pgwam 0.83 0.77 0.8
AFFIN 0.85 0.95 0.90
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At the same time, the performanceisalittle bit decayed for
the deceptive type of opinion. In future, we will try to
improve system performance by differently handling these
deceptive types of opinions.
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