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Abstract— Web mining is a tremendous growth in social networks for intent knowledge of various information’s, comments,
reviews, tags about choosing concern life objects, there is an increasing demand for data prediction because of a different point
of user interest i.e.,” think to best”. The users will be trusted to using these online reviews and to get information about the
opinions of products from others. Due to the reviews product was successive based on threating of user point opinion regarding
the given object. The social comment should the hidden sentiments of the user opinions. A most problematic challenge in web
mining is to identify the sentiments and aspects opinion of the people to perform the data classification based on these features
Opinion summarization. To propose a multilevel semantic pattern incremental algorithm (MSPI) with intent to divisive rank
clusters which they analyze the hidden user opinion sentiments and classifies the user hidden points. Initially to preprocess the
product reviews and to apply the multilevel semantic analyzer form extraction data points. The data points are ranked based on
algometric rank clusters to optimized result case. The data sources to be taken for the social web from a customer review of
the product list. In this paper, experiments were conducted to compare the performance of existing clustering and classification
algorithm produce higher prediction rate based on hidden sentiment case reviews.

Keywords— web mining, opinion mining, sentiment analysis, clustering, rank prediction

l. INTRODUCTION summarization. The aspect influences are proportional to
analyzing score performance of reviewers. The fusion latent

Sentiment analysis deals with establishment and scores and aspect influences are capable of sustaining
classification of Subjective information present in web  Personalized aspect-level scoring of entities using just those
mining. This could no longer necessarily be reality-identify ~ reviews originated from reviewers with comparable aspect
based as humans have one-of-a-kind emotions towards the ~ influences to those considered by a particular user.

similar product, service, subject matter, occasion or person.
Opinion extraction is a vital part to identify the user hidden

case opinion with a view to target the precise about the

product to find where is the real opinion is expressed.
Opinion from a person is a specialized subject might not

matter except about the direct opinion. Despite the fact that,
opinion from numerous entities necessitates required both
opinion extraction and summarization.

Opinion clustering le=| Dpinian retrieval
and elassification

Sentiment ¢luster

Summary II

Cluster

Latent Aspect Rating Analysis (LARA) approach attempts to
analyses opinion by different reviewers by doing a text
mining at the point of topical aspect. This enables the M‘
determinacy of every reviewer’s latent score on each aspect Figure 1: Basic structure of opinion mining from web
and the relevant influence on them when arriving at a resource

positive conclusion. The revelation of the latent scores on

different aspects can instantly sustain aspect-base opinion

ranking

Paositive thoughts
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So it is easy to make a score and finalize the outcome
whereas unstructured review that may usually include
feedback in the form of text and images from various social
monitoring tools and online shopping sites. In a market, each
product may be introduced on the basis of some latest
features they hold and they can either uplift or downsize the
demand for that product. In this proposal, we focus on
identifying features from unstructured reviews and clustered
it manually. Then the polarity of each clustered comments is
determined to undergo further classification using supervised
method Naive Bayes for prior distribution of each featured
class attribute towards positivity and negativity.

This paper presents cluster approaches used in process of
opinion mining and opinion summarization. This paper also
explains outcomes and comparison of these approaches. Such
comparison will be helpful to find methods that best suits for
required scenarios in opinion mining.

Il.  LITERATURE REVIEW
The rapid growth of web technology, there is a huge volume
of data present on the web for internet users. It also becomes
the place for online learning and exchange ideas [1]. The
information gathering has become more important to find out
what other people think about any product, service or
organization.

The explosion in the volume of and reliance on user reviews
and opinions, manufacturers and retailers face the challenge
of automating the analysis of such big amounts of data (user
reviews, opinions, sentiments) [2]. Armed with these results,
sellers can enhance their product and tailor experience for the
customer. Similarly, policymakers can analyze these posts to
get instant and comprehensive feedback.

Current research mainly focuses on sentiment classification,
which neither efficiently combines tree-like retreating
structure nor analyse opinion evolutions with a holistic view
[3]. In mild of this, we build an opinion descriptive model
and recommend an opinion mining technique based on this
version. With a micro blog-orientated sentiment lexicon
being constructed,

To excerpt product structures from evaluations, incomplete
work has been done on clustering or grouping of synonym
features [4]. This paper specializes in this task. Conventional
techniques for solving this hassle are primarily based on
unsupervised mastering the use of some forms of
distributional  similarity, using distributed computing
techniques to capture, filter and classify the data in real-time

[5].

The sentences containing opinion words are extracted and
further, they are classified into subjective and objective
sentences [6]. Because the subjective sentences hold opinions
whereas the goal sentences will hold handiest authentic
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information. Opinion mining and summarization process
involve three main steps [7], first is Opinion Retrieval,
Opinion Classification and Opinion Summarization finalize
the positive and negative text analysis.

A number of researchers have tried to improve the accuracy
of such a classification. In this research, an approach of
‘Cluster-then-Predict’ is used to first cluster the tweets using
a k-means algorithm and then performs classification using
Classification Trees. This clustering operation makes the data
domain-specific [8, 9], which results in the creation of better
predictive models which has led to the more accurate
classification of sentiments of a recently launched product.

we've mixed the Sentiment analysis concept with a cutting-
edge-day spin, the mining of Twitter feeds [10]. The quickest
Threshold Clustering set of guidelines inside the area of
Twitter Sentiment evaluation, which turned into in no way
attempted by using any researchers earlier in this precise
place and also a unique approach is designed and applied to
analyse the effect of an extremely-modern-day product the
usage of the actual statistics samples amassed from the micro
weblog.

Sentiment case reasoning model for clustering time series
data through community detection in complex networks. The
researchers used a naive method for community detection
[12]. The prior clustering approach for selecting the pertinent
number of interest and to speed up the essential network
building methods. Like SVM classifier reciprocal methods
be used with a cluster collective to show that the competence
in classification would be better using the hybrid method
than by means of the Supervised Learning method; SVM
alone[13]. The existing Clustering method to group the
Tweets based on tremendous and terrible clusters with most
complex nature of time and performance [14]. The
researchers used current evaluation dataset, however, the
statistics performance now not special simply.

I11.  IMPLEMENTATION OF PROPOSED SOLUTION

Sentiment analysis focuses on determining the user opinion
and understanding the emotions from the text patterns. Our
proposed system first pre-process to the feedback entities and
identifies the opinion or attitude that a person has towards a
topic or an object and it seeks to identify the viewpoint
underlying a text span. Sentiment analysis is useful in social
media monitoring to automatically characterize the overall
feeling or mood of consumers as reflected in social media
toward a specific brand or company and determine whether
they are viewed positively or negatively on the web. This
new form of analysis has been widely adopted in customer
relation management especially in the context of complaint
management from user opinion reviews.
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Figure 2 Architecture diagram of proposed implementation

The above figure2. Shows the multilevel semantic prediction
based on the user opinion by following way to analyse the
semantic relation from hidden sentiments.

Document-Level sentiment analysis aims to classify an
opinion about the text as expressing a positive or negative
opinion or sentiment. It considers the complete article a basic
information unit (talking about one topic).

Sentence Sentiment level is the task of the process, at this
stage is going to find the relevance and figures out if each
sentence expressed a positive, negative, or impartial
sentiment. Impartial generally characterizes no opinion. This
evaluation is closely associated with subjectivity type, which
perceives sentences as objective sentences, that specific
actual or actual statistics approximately the arena and
subjective sentences that express some person perspectives,
ideals and feelings. This assignment of classifying whether
or not a sentence is subjective or goal is phrased as
subjectivity class.

Entity and factor Sentiment from user opinion is defined at
each the opinion degree level and the sentence level be
analyzed to examine what precisely people preferred and did
now not like. An aspect of opinion serves to derive polarity
(tremendous or bad) and a goal of sentiment. A sentiment
without its goal being recognized is of confined use.
Locating out the goal of opinion allows recognizing the
sentiment analysis difficulty or better. As an instance,
"despite the fact that the camera satisfactory isn't always too
much first rate, |1 nevertheless good this cellular" This
statement is tremendous about the cell (entity), however
terrible about its camera satisfactory (component). In this
way, the intention of this degree of assessment is to discover
sentiments on entities and/or their components.
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3.1 Pre-processing

Pre-processing initialize the input datasets for preparing
implementation process to the functional requirements
removal of irrelevant stop phrases, The stop words are
generally used functional phrases in English that does not
carry any precise which means. Example: ‘or', ‘of', ‘and' and
many others. The elimination of inappropriate forestall words
degree entails the system of substitute of phrases that don't
include any sentiments or emotions. Detection of
Punctuation:-The Detection of Punctuation degree identifies
and discards all the punctuations that are determined
inappropriate within the tweet samples with an opportunity
keyword specifically. The Stemming level reduces derived
phrases to their corresponding stem. It permits almost similar
phrases right into a single stem. Snowball; an open source
library in facts mining device R has been used here. The
phrase Compression stage involves the act of compressing
lengthy phrases that specific strong emotions in tweets. If the
prevalence of such phrase is repeated then it might be limited
to 2 occurrences.

3.2 Sequence pattern generation in hidden sentiment case
analysis

The method maintains the list of semantic hidden which is
the collection of properties and classes. For each class, the
hidden information contains a list of review terms and their
properties. From the terms identified in the preprocessing
stage, the method verifies the presence of each class. For
each term, the method has been verified for its presence. This
is performed for each class of terms.

Algorithm

Input Term set Ts, output relative words Gs.
Start

Initialize Term Set Tss

Initialize word Set Gs.
For each text data Di from Ds

Text T = Extract Text from Di.
Sentence set Ss = (X525°) Text€ Di ) x Splitby (.)
1)
For each sentence Si from SS
Generate word set Gi.
Term Set T;-> Terms,Si
For each term Tn from Ti
If Tn€StopwordSet then
Ti=TiCTn
Else
Perform Stemming
Apply Part of term tagging.
End
End
Read Domain ontology Do.
For each domain Di from Do

153



International Journal of Computer Sciences and Engineering

For each term Tk from Ti

If Di€ then

Identify relation it has with other concepts.

Relation Set Rs = Y (Concepts €Di)+Ci.
)

Add relations to the word set Ni.
End
End
End
End

Stop.
A common measure of classification performance is
accuracy or its complement error rate. Accuracy is the
proportion of correctly classified examples to the total
number of examples, while error rate uses incorrectly
classified instead of correctly. However, one should be
careful to use the only accuracy when one is using skewed
data. This is because when one class occurs significantly
more than the other, the classifier might get higher accuracy
by just labelling all examples as the dominant class then
what it gets when it tries to classify some with the other
class.

3.3 Sentiment score evaluation

The machine learning approach applicable to sentiment
analysis mostly belongs to the classification of relevant
review score in general and text classification technique In a
machine learning based classification, two sets of opinions
reviews are required: training and a test set. A training set is
used by an automatic classifier to learn the differentiating
characteristics of text reviews, and a test set is used to
validate the performance of the automatic classifier.

Input: opinion dataset D = {d1, d2..., dk}, Set of facilities C
={cl,c2,c3...... , ck}, wide variety of clusters

Steps:

(1) Assign the quantity of clusters weight.

(2) Randomly select the C cluster centroids.

(3) Assign opinions factors to their closest cluster centroid
based totally on the Euclidean distance measure.

(4) Calculate the centroid of all opinions factors in each
cluster weight.

(5) Newly acquired centroids are up to date.

(6) Repeat the above referred to steps 2, three, 4 and 5 until
convergence.

Output acquired: (i) Cluster centroids; C (ii) Cluster labels of
opinion dataset.

The opinion clustering method was used for detecting hidden
patterns in our unlabelled data samples of 1500 real datasets
about the sentiments from online datasets. Right here we've
initialized 3level because the range of clusters for appearing
the analysis. The statistics factors have been randomly
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chosen because the centroids C. primarily based on the
distance degree known as Euclidean distance, opinions
points have been assigned to the closest cluster centroid. The
implied value of the cluster changed into expected and the
newly received centroids were updated therefore the steps
were repeated until the similar information factors were
consecutively allotted to every cluster. The clusters generated
changed into categorized into wonderful, terrible, neutral
sentiments of the famous brand to predict the effect of the
corresponding product emblem.

3.4 Feature-based sentiment analysis

The process of mining the area of entity customers has
reviewed. This is because not all aspects/features of an entity
are often reviewed by customers. It is then necessary to
summarize the aspects reviewed to determine the polarity of
the overall review whether they are positive or negative.
Sentiments expressed upon some entities are easier to
analyses than others, one of the reasons being that some
reviews are ambiguous.

Primary thing aspect Thing-primarily based opinion
problem lies greater in blogs and forum discussions than in
product or service critiques. The component/entity (which
may be a laptop device) reviewed is both ‘thumb up' or
‘thumb down', thumb up being superb assessment even as
thump down means terrible assessment. Conversely, in blogs
and discussion board discussions each aspect and entity are
not diagnosed and there are excessive levels of insignificant
statistics which constitute noise. Its miles consequently
necessary to identify opinion sentences in each evaluation to
determine if indeed each opinion sentence is positive or
negative

To finding semantic relational text,

SRT = log (3 total Relational Process (RT))
Total number of Terms in document 3

Relational information mining user reviews opinion,
RI= (RT (t) xSRT) / (Total time by document) (4)

Opinion sentences can be used to summarize aspect-based
opinion which enhances the overall mining of product or
service review. An opinion holder expresses either positive
or negative opinion on an entity or a portion of it when
giving a regular opinion and nothing else. However, put
necessity on differentiating the two assignments of finding
out neutral from non-neutral sentiment, and also positive and
negative sentiment. This is believed to greatly increase the
correctness of computerized structures.

3.5 Multilevel semantic prediction
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The clustering of the text opinions is performed by
computing the semantic bound and semantic closeness
measure. Then the method selects the top class according to
the semantic closeness measure. From the selected class, the
method identifies the list of terms and with the term set
identified from the reviews text, the method identifies the
non-common elements.

Input  : Term set Ts, Semantic hidden sentiment O
Output Semantic Bound Measure SBM, Semantic
Closeness measure, Non class elements.
Start
Read Term set ts.
Read semantic ontology O.
For each term Ti from Ts
Compute semantic bound measure sbm = Nc/Tn. (5)
Nc = Number of classes contains Ti
Tn- Total Number of terms present in hidden
sentiment.
End
For each class C
Compute semantic closeness measure scm =
J'sbm / Number of terms in other class  (6)
End
Choose the top closure class C = O(Max(Scm)) @)
Identify non class elements Ne =Y Terms (Ts) 20 (c ) (8)
Stop

Using the hidden sentiments related elements identified, the
method computes the frequency of the terms towards each
class. Based on the frequency computed and the semantic
closeness measure, the method computes the truth weight for
each class. Based on truth weight computed the opinion is
assigned to the selected class as positive or negative.

3.6 Dataset and Reviews of User opinion

The dataset suggests that users leave longer reviews when
giving the product a bad review. On average the longest
reviews are given when a product is given good, not bad and
worst case. The shortest reviews are seen when a product is
given a good rating. It seems that when customers are very
unsatisfied with the product, they are more motivated to
leave a lengthy review. On the opposite side of the spectrum,
when a customer is very happy with a product, they leave a
short review.

IV. RESULTS AND DISCUSSION

The results are carried with user rating dataset based on
dissimilar reviews. The proposed multi-attribute opinion rate
support measure based clustering and opinion intelligence
generation algorithm have been implemented and tested for
its efficiency. The proposed method has produced efficient
results on clustering and improves the performance also.
Parameters are tabulated given below.
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Table 4.1: Details of Dataset

Parameter Value
Number of opinions 2000
Number of case Positive, negative,
thoughts neutralized
Datasets used online product reviews

The Table 4.1 shows the details of data set being used to
evaluate the performance of the proposed multi-attribute
opinion rate support measure based approach.

The following are the evaluated screenshots that are
performed using Microsoft visual studio framework with
SQL server database.
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Figure 4.3 user rating evaluation on product review '

Above figure 4.3 shows the input process of user reviews
ratings. These data are to collect and examine opinions about
the product made in blog posts, comments, reviews based on
user opinion.
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Figure 4.4 evaluated weightage on opinion

The above figure 4.4 reviews the actual sentiment that hidden
sentiments. The cluster ensembles to calculate weighted
review with good rating as sentiment relevant case. This
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classifying the reviews of weightage and doing a sentiment
analysis on it.

B | file:///Cf
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i 2 h rated Item 2 3.98:14.
rated Item 4.9815.
rated Item 1.6%912.
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Table 4.2 Comparisons of clustering accuracy

Methods/number | Context- | Naive | SVM- | proposed
of opinions aware base corpus
20000pinions 82.2 87.3 91.1 94.1
5000 opinions 85.4 89.5 93.2 95.5
100000pinions 87.4 91.3 94.1 96.1

Figure 4.5. Predicted result rating

Above figure 4.5 shows the results are combined to obtain a
summary has rated user rating. Our proposed algorithms can
be used in opinion mining to classify the Machine Learning
approach and to formulate the matrix ratings as positive or
negative case, have been used to get the sentiment of
opinions of product domains such as mobile varieties.

The performance of MSP-UPSO is evaluated through
clustering accuracy (cs), false classification ratio (Fcr), time
complexity (Ts) and frequent occurrence (Fs) The resultant
figure given below shows the performance,

Clustering accuracy (cs) =

total number of cluster group dataset(Cds)

k=n
Yk=0X — — 9
Total originate dataopinions(Tr)
Clustering Accuracy
context
aware  Naive base SVM-corpus proposed
100
R
£ 9
g a0
®
E 70
S
T 60
o

50

10000 Records 20000 Records2 30000 Records

Figure 4.6: Comparison on Clustering Accuracy

The Figure 4.6, shows the comparison of clustering accuracy
and shows that the proposed method has produced higher
clustering accuracy than other methods.

False classification Ratio (Fcr)

_wk=n clustering Accuracy(cs)

~4ik=0

(10)

Total no of failed cluster rate(Fr)
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The Table 4.2, shows the comparison of clustering accuracy
produced 2000opinions as 96.1%, 50000pinions as 97.5%
and 10000opinions as 98.1 % shows that the proposed
approach has produced higher clustering accuracy.

false classification Ratio

False classificatinon in %

context aware naive bayes SVM-corpus proposed

10000records 20000records 30000records

Figure 4.7: Comparisons of false classification

The Figure 4.7, shows the comparison of false classification
ratio produced by different methods and the proposed
method has produced less false classification ratio than other
methods.

Table 4.3: comparisons of false classification

Methods/ Context- Naive | SVM- | proposed
number aware base corpus

of opinions

20000pinions 11 9 6 2.3
50000pinions | 12.4 89.5 8.8 4.6
100000pinions | 13.2 12.2 11.3 6.5

The Table 4.3, shows the comparison of false classification
ratio produced 20000pinions as 2.3%, 50000pinions as 4.6%
and 10000opinions as 6.5 % shows that the proposed
approach produces less false classification ratio.

Time complexity (Tc) =

clustering Accuracy(cs)+false classification(Fcr)

Zk:n><
k=0 Time taken(Ts)

(1)
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The Figure 4.9, shows the comparison of frequent occurrence
produced by different methods and shows that the proposed
approach has produced less frequent than other methods.

Table 4.5; comparisons of time complexity

Methods/number | Context- Naive | SVM- | proposed
of opinions aware base | corpus
20000pinions 10.6 9.7 8.3 7.3
50000pinions 12.4 11.2 9.8 7.8
100000pinions 15.4 132 | 113 7.5

Figure 4.8: Comparisons on time complexity

The Figure 4.8, shows the comparison of time complexity
produced by different methods and shows that the proposed
approach has produced less time complexity than other
methods.

Table 4.4: comparisons of time complexity

Methods/number | Context- | Naive | SVM- | proposed
of opinions aware base corpus
20000pinions 11.6 9.1 6.3 5.3
50000pinions 14.4 13.4 8.8 6.6
100000pinions 17.2 15.2 10.3 8.5

The Table 4.4, shows the comparison of time complexity
MACS produced 2000opinions as 5.3(ms), 50000pinions as
6.6(ms) and 10000opinions as 8.5(ms) shows that the
proposed approach has produced less time complexity.

Frequent occurrence (Fc) =
Zk=nx repeated clusters(Rs)+irrelavant clusters(Irc)
k=0

(12)

Total number of clusters

Frequent Occurance

context
aware

frequent occurance in%

naive bayes SVM-corpus proposed

—— 10000records 20000records «+++#:-++ 30000records

Figure 4.9: Comparisons on Frequent occurrence
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The Table 4.5, shows the comparison of frequent occurrence
MSP-UPSO produced 2000opinions as 7.3%, 50000pinions
as 7.8% and 10000opinions as 7.5 % shows that the proposed
approach has produced less frequent occurrence.

V. CONCLUSION

The process of large data originates the knowledge level
prediction from web mining, resultant proves an multilevel
opinion mining has greatest impact of user mining. The
technique, preprocess the enter opinion statistics set to
discover the size, opinions and remove the incomplete noisy
information factors as efficient level. Then the MSP-UPSO
approach initializes the cluster with a set of factors and for
every input information factor, the approach computes the
multi-attribute opinion rate guide measure. Based on totally
on the multi-characteristic opinion rate help measure a single
elegance has been selected and listed. The same is used to
carry out intelligence generation and produces efficient
results on clustering and intelligence generation. Our
proposed method produces much more sentiment evaluation
from opinion mining the resultant produce 96.1 % accuracy.
Also, the method reduces the time complexity as nicely
compared to the existing system.

REFERENCES

[1] M. L. Felciah, R.Anbuselvi.,” A Study on Sentiment Analysis of
Social Media Reviews” IEEE Sponsored 2nd International
Conference on Innovations in Information Embedded and
Communication Systems,india,2015.

[2] ZaipingTao, “An approach towards comprehensive sentimental
data analysis and opinion mining,"IEEE Transactions on Learning
Technologies,vol 5, Issue 30,pp,215-228,2013.

[3] Z.zhai et al,"Clustering Product Feature for Opinion Mining",
IEEE Transactions on Knowledge and Data Engineering,vol
7,Issue 28,pp.112-139 ,20lI1.

[4] R.Lijun, "Research on the opinion mining system for 5 Massive
Social Media Data" Internationl  natural  language
processing,vol10,issue 40,pp.424-431,2013, Springer.

[5] Blessy Selvam,”"A Survey on Opinion Mining FrameWork",
International Journal of Advanced Research in computer and
communication Engineering, vol 2, Issue 9, 2013.

[6] B Vijay. Raut, .D. Londhe,” Survey on Opinion Mining and
Summarization of User Reviews on Web” International Journal of

157




International Journal of Computer Sciences and Engineering

Computer Science and Information Technologie, vol 17,issue
5,pp.564-579,2014.

[71 R Sonil, K. J. Mathai” Effective Sentiment Analysis of a
Launched Product using Clustering and Decision Trees”
International Journal of Innovative Research in Computer and
Communication Engineering, Vol. 4, Issue 1,2016

[8] B. Burscher, R. Vliegenthart, H. Claes, “Frames Beyond Words:
Applying Cluster and Sentiment Analysis to News Coverage of the
Nuclear Power,” International Social Science Computer
Research,vol 2,Issue 32 pp. 1-16, 2015

[91 H Suresh, G Raj . “A Novel Cluster-Based Unsupervised
Technique for Twitter Sentiment Analysis”, International Journal
of Innovative Research in Computer and Communication
Engineering, Vol. 6, Issue 7,pp.345,362, 2017

[10] L.Zhu, A. Galstyan, “Tripartite Graph clustering for Dynamic
Sentiment Analysis on Social Media”, International Social and
Information Networks,” vol 14, pp.1531-1542, June. 2014.

[11] L. N. Ferreira, L. Zhao, “ A Time series Clustering Technique
based on Community Detection in Networks”, Proceeding
Computer Science, Elsevier, pp. 183-190, 2015. International
Journal of Advanced Research in CS and Software Engineering,
Vol. 5, Issue 8, 2015.

[12] L .F .S. Coletta, N. F. F da Silva, E. R. Hruschka, E. R. Hruschka,
“ Combining Classification and Clustering for Tweet Sentiment
Analysis”,Brazilian journal on Intelligent Systems,vol 2 Issue
12,pp784,797 2016.

[13] M. Unnisa, A. Ameen, S. Raziuddin, “ Opinion Mining on Twitter
Data using Unsupervised Learning Technique “, International
Journal of Computer Applications, Vol. 148, No.12, pp.12-19,
2016.

[14] N. Pooranam, G. Shyamala, “A Statistical Method of Knowledge
Extraction on Online Stock Forum Using Subspace Clustering
with Outlier Detection”, International Journal of Innovative
Research in Science, Engineering and Technology, Vol.5, Issue 5,
May.2016.

[15] A.Shukla, R. Misra, “Sentiment Classification and Analysis using
Modified K-Means and Naive Bayes Algorithm”, International
Journal of Computer Applications, Vol. 86, No0.22, pp.43-58,
2015.

[16] Xiaolong Wang, Furu Wei, Xiaohua Liu, Ming Zhou, Ming
Zhang,” Topic-Sentiment Analysis in Twitter: A Graph-based
Hashtag Sentiment Classification Approach”, ACM, CIKM’11,
October 24-28, 2011.

[17] Glasgow, Scotland, UK, 2011.Andrius Mudinas, Dell Zhang,
Mark Levene,” Combining Lexicon and Learning based
Approaches for Concept-Level Sentiment Analysis”, IEEE
Transactions on Affective Computing, vol 4,issue 99,pp.15-32
,2012.

[18] L.williams ,” Idiom based features in sentiment analysis: Cutting
the Gordian knot”, IEEE Trans. On knowledge and data
engineering, vol. 24, no. 4, 2012.

[19] D park, Skim“ConceptVector: Text Visual Analytics via
Interactive Lexicon Building Using Word Embedding” IEEE
Transactions on Visualization and Computer Graphics , Vol 24,
Issue 1, 361 — 370, 2018.

[20] R.Xia , JJiang, and H.He, “Distantly Supervised Lifelong
Learning for Large-Scale Social Media Sentiment Analysis” IEEE
transactions on affective computing, vol. 8, no. 4 ,pp. 751 —
770,2017

© 2017, IJCSE All Rights Reserved

Vol. 5(12), Dec 2017, E-ISSN: 2347-2693

Authors Profile

A. Muruganantham pursued Bachelor of
Science from St. John’s College,
Manonmaniam  Sundaranar  University,
Tirunelveli, Tamil Nadu in 1995, Master of ¥
Science from Nehru Memorial College, . :
Bharathidasan University in year 1997 and

Master of philosophy from Manonmaniam

Sundaranar University, Tirunelveli. He is

currently pursuing Ph.D.in  Computer =

Science from Manonmaniam Sundaranar University and currently
working as Associate Professor in Department of Computer Science
[PG], Kristu Jayanti College (Autonomous), Bangalore University,
Bengaluru since 2003. He is a member of IEEE, a life member of
The Indian Science Congress Association since 2013. He has
published one research paper in reputed international journals and
conference and it’s also available online. His main research work
focuses on Web Mining and related areas. He has 20 years of
teaching experience.

Victor. S.P., pursued Bachelor of Science
from St. Joseph’s College, Bharathidasan
University, Trichy, Tamil Nadu in the year
1986, Master of Computer Applications
from St. Joseph’s College, Bharathidasan
University, Trichy, Tamil Nadu in the
year1988, Masters of Engineering in
Computer Science and Engineering from
Anna University, Tirunelveli, Tamil Nadu
in the year 2012 and Ph.D in Computer
Science from Manonmaniam Sundaranar
University, Tirunelveli, Tamil Nadu in the year 2005. He is
currently work as Dean of Science and Associate Professor of
Computer Science, St. Xavier’s College, Palayamkottai,
Tirunelveli, Tamil Nadu with over 29 years of teaching experience.
He is Expert Committee Member of DOEACC, Department of
Electronics, Government of India, New Delhi. He has published 02
National and 86 International articles in reputed journals. Guiding
students in the areas like Cloud Computing, Data Mining, Web
Mining, Graph Mining and Image Processing.

158



