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Various websites today provide medical information and this information can
either be affective or informative. For example the blogs in Mayo clinic or Net doctor
contains both information which are facts and information which are opinions from a
fellow patient, doctor or nurse who try to analyze the given query and give an opinion.
Similarly a site visitor can give his opinion without any knowledge on the subject. This
paper proposes a semantic based feature extraction for automatically classifying affective
and informative posts. The proposed semantic based feature selection uses SentiWordNet
which is a lexical resource of WordNet database extracted terms and is available for
research purposes. Results achievedshow that SentiWordNet is a good resource for

sentiment opinion classification.
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Sentiment analysis/opinion mining
analyzes people’s opinions, evaluations,
sentiments, attitudes, appraisals and emotions to
entities like products, organizations, services,
issues, individuals, topics, events and their
attributes. It is a large problem space and have
been successfully applied in various domains
including medical social mediadata’. Social media
data not only consists of information which are
facts but also consists of opinionsfrom the person
who visits the website to the website moderator.
Generally doctors and nurses are also invited to
givetheir opinion. Generally opinionsare expressed
on anything, e.g., a product, service, topic,
individual, organization, or an event. A general term
object denotesthe entity commented on. An object
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has a components (or parts) set and an attributes
set. Each component can have sub-components
and attributes set etc. Hence, an object is
hierarchically decomposed depending on part-of
relationship?.Beliefs, opinion, emotions and
sentiments are private states parts which cannot
be observed. These are expressed in documents
through subjective words which identify private
states using specific dictionaries like WordNet or
SentiWordNet®. Opinion mining analyses
customer’s opinions using product reviews
providing information including opinions polarity.
Feature extraction isimportant in opinion
mining as customers do not usually express
product opinions totally, but separately based on
individual features. Two tasks should be
accomplished in feature-based opinion mining.
First, product features on which reviewers
expressed opinions must be identified and
extracted. Second, opinion orientation or polarities
must be determined*. Finally, opinion mining
summari zes extracted features and opinions.
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Feature selection is used in tasks like
image classification, datamining, cluster analysis,
imageretrieval, and pattern recognition. It isadata
analysis preprocessing technique where a subset
from original data features is selected to delete
noisy features. This task allows reducing
computational cost and improving accuracy of the
dataanalysis process. A feature-sel ection approach
example tailored to sentiment analysis using
syntactic relations between text attributes are
Feature Subsumption Hierarchies (FSH)®.

Feature sel ection reduces original feature
set through removal of irrelevant features for text
sentiment classification for improved classification
accuracy and decreased learning algorithms’
running time. There are three feature selection
group techniquesi.e. filter, wrapper and embedded.
Inafilter category, afeaturesgroupis chosen based
on aspecific mathematical equation whichisused
with any classifier. Contrary to that, features
selected in wrapper and embedded techniques are
bound to specific classifiers®. Other than being
rigid regarding classifiers, wrapper and embedded
techniques need high resource allocation and
longer execution time.Filter methods choose
features based on discriminating criteria like
Fisher’sdiscriminant criterion, Mutual information
to name a few. Filter-based methods earlier
evaluated featuresinisolation without considering
inter feature correlation.Wrapper methods use
classifiersasablack box to score features subsets
based on predictive power®.

Some of the feature extraction methods
arelisted in the table 1*°.

A relationship’s semantic features are
termed as relationship polarity and relationship
strength, respectively. Relationship polarity is
specifically classified into 4 types. positive,
negative, neutral and no-relationship. Strength
feature hasthree values: weak, medium and strong.
The “no-relationship” polarity is evident in
biomedical articles™. No-relationship differsfrom
the neutral polarity: “no-relationship” indicates
lack of an association between biological entities
in consideration, whilein neutral polarity, entities
are associated without orientation.

Related work

An enhanced feature extraction/
refinement method titled FEROM which extracted
correct features from review data by using
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grammatical propertiesand feature words semantic
characteristicsrefining features by recognizing and
merging similar ones was proposed by Jeong et
al*?. Experiments on actual online review data
proved FEROM to be effective at extracting/
refining features to analyze customer review data
leading to accurate opinion mining.

A feature selectors range regarding their
efficiency inimproving classifiers performancefor
sentiment analysiswas evaluated by Isabellaet al
13, This study uses movie reviews for sentiment
analysis. Computational performance improved
through use of basic feature selection in most
research. Sentiment analysisidentified if opinion
on a document topic was positive/negative. But
many sentiment analysis applications were not
possible due to voluminous feature amount in the
Corpus.

The main subtask of opinion
summari zation was proposed by Somprasertsri et
al**, Opinion summarization addresses
determination of sentiment, attitude or opinion
expressed by an author in natural language
regarding a specific feature. Product feature and
opinion extraction tasks are important to opinion
summarization asits effectiveness affects opinion
orientation identification performance. It is
important to identify semantic relationships
between product features & opinions.

How syntactic dependency relations
based features can be used to improve opinion
mining performance was explored by Joshi et al*s.
Using adependency relation triplestransformation
they are converted to “composite back-off
features” which generalize better than regular
lexicalized dependency relation features.
Experiments comparing this approach with other
methods generalizing dependency features or n-
gramsreveal ed composite back-off features utility.

Combining two approaches that
intersection (AND) and union (OR) was undertaken
by Thubaity et al*®. The experimentsrevea ed dight
classification accuracy improvement in combining
two/three feature selection methods. No
classification accuracy improvement was possible
when four/five feature selection methods
combined. Yanjun et al*” proposed combining
many feature selection methods using
Combinatorial FusionAnalysis(CFA). It revealed
that rank-score function and rank-score graph can
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be used for selection of feature sel ection methods
combination. Feature selection was evaluated by
converging speed of boosting classifier based on
singlefeatureand high-dimensional and small-sized
gene-expression databy Yun et al*® & Feng et al*°.
Classification accuracy improved through the
proposed methods. A new Genetic Algorithm (GA)
based semi-feature sel ection method was proposed
byHualong et al?°. Experiments on public datasets
showed that the suggested method outperformed
traditional supervised and state-of-the-art filter
based semi-feature selection algorithms.A
Semantics Base Feature Vector using Part of
Speech (POS) used to extract terms concept using
WordNet and co-occurring and associated terms
was proposed by Khan et al®. The suggested
method was applied on small documents dataset
proving that the suggested method outperformed
TF-IDF.A new metric integrating correlation and
reliability information between feature and class
from Multiple Correspondence Analysis (MCA)
to score features for feature selection was
proposed by Zhu et al|??. Results showed that the
new method outperformed statistical techniques
in classification accuracy and feature subspace
size.

A two-stage feature selection algorithm
dependent on afeature sel ection method and latent
semantic indexing was proposed by Meng et al .
Latent semantic indexing offsets problems due to
using statistically derived concept indices and not
individual words. It built a concept vector space
where each term/document was represented as a
vector in space. Due to too much calculation time
to construct anew semantic spaceinthisalgorithm,
afeature selection method was used to reduce term
dimensions. Second, new reduced semantic space
was built between latent semantic indexing method
based terms., The proposed two-stage feature
selection method performed better through
applications involving spam database
categorization.A new perspective for feature
selectioninfaceretrieval toincreasefacesimilarity
feedback coherence wasintroduced by Dai et al?*
which narrowed semantic gap between human and
machine.

A new method for semantic features
selection and representation to be described by
user through appropriate verbal descriptionsusing
natural language concepts was proposed by
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Alattab et al?®. One hundred respondents
participated in selecting/ weighting human face
semantic features based on each feature’slevel of
importance. Features classes integration and
classification wasthrough Euclidian distance. The
suggested human facial image retrieval was
evaluated through many experiments using
precision/recall methods. Results indicated high
accuracies, compared to low-level features based
facial imageretrieval techniques.

A new feature selection process based
on part-of-speech and HowNet was proposed by
Liu et al?®. According to text property composition,
words chosen with larger information by various
part-of-speech, expanded these words semantic
features based on HowNet. Thus, short text had
more useful features. The Test data set collected
from sinamicro-blog wasused and it adopted micro
average and macro average of F1-Measure to
evaluate short text classification effects. Results
showed that short text feature selected through
the new method ensured a good amount of
information and good classification results.

A comprehensive study on BoW
representation choices including vocabulary size,
stop word removal, weighting scheme, spatial
information, feature selection and visual bi-gram
was conducted by Jiang et al?’. A soft-weighting
method elaborated to assess significance of a
visual word to an image was used for weighting
scheme. Experiments showed that soft-weighting
outperformed other weighting schemes like TF-
IDF with a large margin. TRECVID data sets
extensive experimentsindicated that BoW feature
with correct representation choices produced
competitive concept detection performance.

Use of semantic frame-based analyzer
FrameNet was proposed by Houen et al®. This
was achieved by applying semantic information
asafeaturefor amachinelearning-based classifier
and using semantic analysis in a bootstrapping
process for the creation of asentiment lexicon for
classifier use. Many approaches to use FrameNet
meta-data features were attempted, but pure
FrameNet data achieved an F1-Score of 0.651,
compared to asimpl e bag-of -tokens approach that
resulted in an F1- Score of 0.819. From these
findingsit seemsthat using FrameNet asan opinion
mining tool was not arewarding research avenue.

A PageRank application, arandom-walk
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model formerly devised to rank Web search results
to ranking WordNet synsets on how strongly they
possess semantic property was presented by Esuli
et al?®. Semantic properties used to exemplify the
approach included positivity and negativity, two
properties of great importance in sentiment
analysis. The idea was from observations that
WordNet could be a graph where synsets were
connected through binary relation “a term

belonging to synset S, occurs in gloss of synset

si”, based on the hypothesisthat thisrelation could
be a transmitter of semantic properties. The data
for this is available with eXtended WordNet, a
sense disambiguated WordNet version.
Experiments supported proposed intuitions.

METHODOLOGY

In this work the polarity of the blog is
selected as affective or informative. Wefollow the
technique used by! for data collection. The
obtained datais cleaned using stemming and stop
words. Features are expanded and selected using
the semantic expansion. Semantic expansion is
achieved using SentiWordNet. Product of Term
Frequency — Inverse Document Frequency is
computed and the obtained feature vector is
classified using Naive Bayes and Ada Boost
classifier. The detailed description is given in
subsequent sections.

Data Collection from MAY O clinic& Netdoctor

Data were collected from Mayo Clinica
non profit medical organization. 1600 data
consisting of equal number of affective and equal
number of informative queries are collected from
the website from various links including from
sections of Question and Answer, reviews of drug,
review on disease. Anexampleof informative class
used in thiswork and collected from Mayo clinic
website is given

“Endometrial cancer is atype of cancer
that beginsin the uterus. The uterusisthe hollow,
pear-shaped pelvic organ in women where fetal
development occurs. Endometrial cancer begins
in the layer of cells that form the lining
(endometrium) of the uterus. Endometrial canceris
sometimes called uterine cancer. Other types of
cancer can form in the uterus, including uterine
sarcoma, but they are much less common than
endometrial cancer. Endometrial cancer is often
detected at an early stage because it frequently
produces abnormal vaginal bleeding, which
promptswomen to seetheir doctors. If endometrial
cancer is discovered early, removing the uterus
surgically often cures endometrial cancer”
A affectivecdassdocument obtained from Netdoctor
isgiven

“hello it has been going on 2 yrs, i cant
sleep and i get chronic headache when i do sleep.
i get up every two hours or sometimes even shorter

Table 1. Some of the Feature Selection Methods

Method Usage

Document Freq. (DF)

The number of documentsin which a particular term occurs. For example

the word “doctor” may occur in 25 documents

Inverse Document Freq. (IDF)
Inverse Collection Freq. (ICF)
Information Gain (1G)

Logarithmic techniqueto find rare term in documents
Computed from terms which high collection frequency
The importance of aword or vector computed statistically

Word Frequency (WF) A weighted number of occurrences of words with respect class.
Table 2. Summary of Results
Techniques Classification RMSE F Measure
Accuracy
TF-IDF feature extraction : Naive Bayes Classifier 88.5 0.3124 0.886
TF-IDF feature extraction : Ada Boost 73.25 0.4528 0.7326
TF-IDF + Semantic Feature extraction : Naive Bayes Classifier 925 0.2652 0.9257
TF-IDF + Semantic Feature extraction : Ada Boost 83.25 0.3614 0.8327
JPAM, Volume 09, Special Issue on Recent Research Challenges in Bio-medical Applications Aug. 2015
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time. i get amigrane headacheif i sleep wrong and
i haveto stay up for at least an hour . when i stay
up the headache sometimes go away.i am just so
tired, that i want to take a pill that would let me
sleep for aweek. i havetried alot of sleeping pills
and the most hours i have gotten was 4 hours of
straight sleep with a total migrane headche .the
headache has been comming annoying it comes
moreat night and i always have aslight during the
day,aslong asmy head isnot laying down or tilted.,
i do suffer from nightmares.thereistimeswhenin
my dream i see my room asit really is and things
are happenning to me and my eyesr open.it feels
so real, untill my husband wakes me up because i
start yelling for him to help mein my dream or i
haveto pray calling jesusto help me, by using his
nameto break the chain,of the evil in my dream .i
am so tired all i want ismy mind and body to feel
rested.| have tried countless medicine, perscribe
and over the counter without any sucess/i need

10

41

guidance, running thoughtsin my head just keeps
running”
Word Stemming

Word stemming is a crude pseudo-
linguistic processto del ete sufficesto reduce words
to word stem. For example, words ‘classifier’,
‘classified’ and ‘classifying’ would be reduced to
word stem ‘ classify’. Subsequently, feature space
dimensionality is reduced by mapping
morphologically similar words onto word stems®.
A common stemming algorithm is the Porter
devel oped suffix stripper. Arabic language hastwo
different morphological analysis techniques;
stemming and light-stemming.
Stop Words

Stop wordsrefer aset of terms/wordswith
no inherent useful information. Stop words are
problematic in key concepts and words
identification from textual sources when they are
not removed by their presence regarding
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frequency and occurrence in textual sources®.
There is no definite stop words list used by all
tools. Some tools avoid their removal to support
phrase search.

A words group can be chosen as stop
words for a purpose. These are some of the most
common, short function words - for some search
machines — like is, at, which, and on. Here stop
words cause problems when locating phrases
whichincludethem, specifically innameslike‘The
Who', ‘The', or ‘ Take That’. Other enginesremove
some common words—including lexical wordslike
“want”—fromaquery toimprove performance.

The output obtained after stemming and
stop words for the two examples are

“Endometr cancer type cancerbegins
uterus hollow pearshaped pelvic organ women
etal development occurscellsform lining sometimes
called uterine cancer including uterine sarcoma
common endomet cancer often detected stage
because frequent produces abnormal vagin
bleeding promptswomen doctors endomet cancer
discovered early removing uterus surgic often
cures endomet cancer”

“hello going 2 yrs cant sleep chronic
headac when sleep every two hours sometim even
shorter time migrane headac sleep wrong stay |east
hour when stay headac sometim away just tiredpill
that would let sleep weektried sleeping pills most
hours gotten 4 hours straight sleep total migrane
headc headac been comming annoying comes
more night always slight during long head lay
down tilted suffer nightmare times when room
really things happenn eyes open feels so real,
untill my husband wakes because start yelling help

dream pray calling jesus help using evil dream
tired amind body feel rested have tried countless
medicine,perscribe over counter without
anysucessneed guidance running thoughts head
just keeps running”

I nver sedocument frequency (IDF)

IDFisanumerical statistic reflecting the
importance of aword to adocument in agiven set
of documents. IDF valueincreases proportionally
to the many times aword appears in a document,
but is offset by word frequency in the corpus
helping to control the fact that some words are
more common than others.

It is usual to replace simple word
frequency with weighted frequency prior to
computing cosine and other statistics. Weighted
frequency statistic is TF-IDF (term frequency —
inverse document frequency) statistic which
computes a weight for every term reflecting its
importance. TF-IDFisacommon text categorization
tasks® metric, but its use in sentiment analysisis
limited and has not been used as aunigram feature
weight. TF-1DF comprises of term frequency and
inverse document frequency. The former isfound
by counting thetimesaterm occursin adocument,
and IDF is got through dividing total documents
by documentsagiven word appearsin. When these
values are multiplied it results in a score that is
highest for words appearing frequently in few
documents, and low for terms appearing regularly
in al documents, permitting location of terms
important inadocument. TF- IDFiscomputed by
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Where,w ;isweight for termi in document
j» N the number of documentsinacollection,tf; . is

LN
term frequency of term i in document j anddf, is

document frequency of termi in acollection.
Naive BayesClassification

Naive Bayesclassifier isbased on Bayes
theorem and assigns classc” = arg max P(c|d)to
document d. Its underlying probability model is
described as “independent feature model”.

“Naive” attribute is due to the fact that
model assumesall features are independent, when
in real problems they never are. Despite serious
basic assumptions violations and the classifier
simplistic design it turns out they suit problems
involving normal distributions, common in real-
world problems®. The bayes classification is a
supervised learning technique and classification’'s
statistical technique. This assumes an underlying
probabilistic model allowing the capture of the
model’s uncertainty in a principled way through
determining outcomes probabilities

The Naive Bayes (NB) classifier uses
Bayes' rule® asin equation (2):

Plc)P(d|c)
P(d) -2
Where, P(d) playsnorolein c* selection.

Ple|d)=

To estimate term P(d|C), Naive Bayes

decomposes it by assuming fi are conditionally
independent given d’s class as in equation (3):

Fzlcld)= Ao q_f-lp(z(')f l€)*)

e

Where f, the feature vector.
AdaBoost Classifier

Boosting isamethod to improve accuracy
of any learning a gorithm through combining weak
or base learners®. A known boosting algorithmis
AdaBoost which takes a training instances set
(E. ¥ hE. )X, 1)as  input, where
each x; belongs to instance space X, and label y;is

in somelabel space¥.

AdaBoost algorithm for binary
classification [39] is aknown boosting algorithm
whose base procedureisaclassifier with valuesin
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{0, 1}, for example, aclassification tree. AdaBoost
ensures an efficient mechanism for feature selection
[40]. If aweak classifiersset isjust abinary features
(called boosting stumps) set each boosting round
adds a single feature to current features set.
AdaBoost isan iterative process where each round
choosesaweak classifier, h, () that minimizesasin
equation (4):

Z, =% D,(Dexp(-y.h(x) (4

TheAdaBoost classifier algorithm steps are,

*Select subset of training sets from
dataset D, (i) =1/m
For

1. Train selected weak learnerswith

2. Select weighting criteria for each training
algorithme, e R

3. Update thedistribution by (5):

D, P LLIEY]
A .(5)

Wherez isanormalization.
tgtgr._f,i[nal outcome, vote H(x) is a weighted
sumgiven by equation (6):

D,y() =

H(xn=srgmf(xn=srgn@cm(xn .®

RESULTSAND DISCUSSION

The experiments conducted using TF-IDF
feature extraction: Naive Bayes Classifier, Ada
Boost and TF-IDF + Semantic Feature extraction:
Naive Bayes Classifier, AdaBoost. Thetable2is
the summary of results.

The proposed semanti ¢ feature extraction
with TF-IDF and Naive Bayes improves the
classification accuracy by 4.52% when compared
with the feature extraction using TF-IDF and by
13.65% for AdaBoost classifier

The proposed semanti ¢ feature extraction
with TF-IDF and Naive Bayes decreasesthe RM SE
by a percentage of 15.11 compared to feature
extraction with TF-IDF and by 20.19% for Ada
Boost classifier.

The proposed semanti ¢ feature extraction
with TF-IDF and Naive Bayes improves the F
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Measure in the percentage of 4.48 for the feature
extraction with TF-IDF and by 13.66% for Ada
Boost classifier.

CONCLUSON

Thispaper proposed extracting words and
select words based on importance using TF-IDF
with semantic based feature selection. Feature set
is reduced through use of proposed semantic
based procedure to consider individual predictive
ability wordsand sel ect features. Experimentswere
undertaken with Naive Bayes and Ada Boost
classifiersand resultswere compared to judge the
feature selection methods. The results from
experiments prove that the proposed semantic
feature based selection improves the efficiency of
the classifiers.

REFERENCES

1. Denecke, K., & Nejdl, W. How valuable is
medical social mediadata? Content analysis of
the medical web. Information Sciences, 2009;
179(12), 1870-1880.

2. Liu, B. Sentiment analysis and opinion mining.
Synthesis Lectures on Human Language
Technologies, 2012; 5(1), 1-167.

3. Samsudin, N., Puteh, M., Hamdan, A. R., &
Nazri, M. Z. A. Mining Opinion in Online
Messages. International Journal, 2013.

4, Jeong, H., Shin, D., & Choi, J. Ferom: Feature
extraction and refinement for opinion mining.
ETRI Journal, 2011; 33(5).

5. Schiezaro, M., & Pedrini, H. Data feature
selection based on Artificial Bee Colony
algorithm. EURAS P Journal onImageand Video
Processing, 2013; 1: 1-8.

6. Abbasi, A. Intelligent Feature Selection for
Opinion Classification. |EEE Intelligent Systems,
2010.

7. Sharma, A., & Dey, S. Performance Investigation
of Feature Selection Methods and Sentiment
Lexiconsfor Sentiment Analysis. |lJCA Special
Issue on Advanced Computing and
Communication Technologies for HPC
Applications, 2012; 3.

8. Samsudin, N., Puteh, M., Hamdan, A. R., &
Nazri, M. Z.A. Immune Based Feature Selection
for Opinion Mining. In Proceedings of the World
Congress on Engineering, 2013; 3.

9. Ladha, L., & Deepa, T. Feature selection methods
and algorithms. International Journal on

JPAM, Volume 09, Special Issue on Recent Research Challenges in Bio-medical Applications

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Computer Science and Engineering, 2011; 3(5),
1787-1797.

Neumayer, R., Mayer, R., & Narvag, K.
Combination of feature selection methods for
text categorisation. In Advancesin Information
Retrieval (pp. 763-766). Springer Berlin
Heidelberg 2011.

Swaminathan, R., Sharma, A., & Yang, H. (2010,
July). Opinion mining for biomedical text data:
Feature space design and feature selection. In
Proceedings of the Sth International Workshop
on Data Mining in Bioinformatics.

Jeong, H., Shin, D., & Choi, J. Ferom: Feature
extraction and refinement for opinion mining.
ETRI Journal, 2011; 33(5).

Isabella, J., & Suresh, R. Analysisand evaluation
of Feature selectors in opinion mining. Indian
Journal of Computer Science and Engineering,
3.

Somprasertsri, G., & Lalitrojwong, P. Mining
Feature-Opinion in Online Customer Reviews
for Opinion Summarization. J. UCS, 2010;
16(6), 938-955.

Joshi, M., & Penstein-Rosg, C. (2009, August).
Generalizing dependency features for opinion
mining. In Proceedings of theACL-1JCNLP2009
Conference Short Papers (pp. 313-316).
Association for Computational Linguistics.
Al-Thubaity, A., Abanumay, N., Al-Jerayyed,
S, Alrukban, A., & Mannaa, Z. (2013, July).
The Effect of Combining Different Feature
Selection Methods on Arabic Text Classification.
In Software Engineering, Artificial Intelligence,
Networking and Parallel/Distributed Computing
(SNPD), 2013 14th ACIS International
Conference on (pp. 211-216). |IEEE.

Li, Y., Hsu, D. F, & Chung, S. M. (2009,
November). Combining multiplefeature selection
methods for text categorization by using rank-
score characteristics. In Tools with Artificial
Intelligence, 2009. ICTAI’ 09. 21st International
Conference on (pp. 508-517). |IEEE.

Sha, Y., Yu, X., & Zhang, G. A feature selection
a gorithm based on boosting for road detection.
In Fuzzy Systems and Knowledge Discovery,
2008. FSK D’ 08. Fifth International Conference
on 2008; 2: pp. 257-261

Yang, F., & Mao, K. Z. Robust feature selection
for microarray data based on multicriterion
fusion. |1EEE/ACM Transactions on
Computational Biology and Bioinformatics
(TCBB), 2011, 8(4): 1080-1092.

Bu, H., Zheng, S., & Xia, J. (2009, August).
Genetic algorithm based Semi-feature selection
method. In Bioinformatics, Systems Biology and

Aug. 2015



21

22.

23.

24.

25.

26.

27.

28.

29.

JPAM, Volume 09, Special Issue on Recent Research Challenges in Bio-medical Applications

KUMAR & VIJAYAN: COMPUTER AIDED CONTENT ANALYSIS 45

Intelligent Computing, 2009. 1JCBS’09.
International Joint Conference on (pp. 521-524).
|EEE.

Khan, A., Baharudin, B., & Khan, K. (2010,
June). Semantic based features selection and
weighting method for text classification. In
Information Technology (ITSim), 2010
International Symposium in (Vol. 2, pp. 850-
855). IEEE.

Zhu, Q., Lin, L., Shyu, M. L., & Chen, S. C.
(2010, September). Feature selection using
correlation and reliability based scoring metric
for video semantic detection. In Semantic
Computing (ICSC), 2010 IEEE Fourth
International Conference on (pp. 462-469).
|EEE.

Meng, J., Lin, H., & Yu, Y. A two-stage feature
selection method for text categorization.
Computers & Mathematics with Applications,
2011, 62(7): 2793-2800.

Dai, W., Fang, Y., & Hu, B. Feature selectionin
interactive face retrieval. In Image and Signal
Processing (CISP), 2011 4th International
Congress on, 2011; 3: 1358-1362
Alattab,A. A., & Kareem, S.A. (2013, January).
Semantic Features Selection and Representation
for Facial Image Retrieval System. In Intelligent
SystemsModelling & Simulation (ISMS), 2013
4th International Conference on (pp. 299-304).
|EEE.

Liu, Z., Yu, W., Chen, W., Wang, S., & Wu, F.
(2010, December). Short text feature selection
for micro-blog mining. In Computational
Intelligence and Software Engineering (CiSE),
2010 International Conference on (pp. 1-4).
|EEE.

Jiang, Y. G., Yang, J.,, Ngo, C. W., & Hauptmann,
A. G. Representations of keypoint-based
semantic concept detection: A comprehensive
study. Multimedia, |EEE Transactionson, 2010;
12(1): 42-53.

S Houen. Opinion Mining with Semantic
Analysis 2011.

Esuli, A., Sebastiani, F.: Page Ranking WordNet

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

synsets: An application to Opinion Mining. In:
Proceedings of the 45th Annual Meeting of the
Association of Computational Linguistics, vol.
45, pp. 424-431. Association for Computational
Linguistics (2007)

Denecke and Nejdl “How valuable is medical
social media data? Content analysis of medical
web”, 2009.

Mountassir, A., Benbrahim, H., & Berrada, 1.
(2013). A Novel Model For Text Document
Representation: Application On Opinion Mining
Datasets. International Journal of Computer
Science.

Choy, M. (2012). Effective Listings of Function
Stop words for Twitter. arXiv preprint
arXiv:1205.6396.

O'Keefe, T., & Koprinska, 1. (2009). Feature
selection and weighting methods in sentiment
analysis. ADCS 2009, 67.

Zhang, W., Yoshida, T., & Tang, X. A
comparative study of TF* IDF, LS| and multi-
wordsfor text classification. Expert Systemswith
Applications, 2011; 38(3): 2758-2765.

Sindhu C., Dr. S. ChandraKala., A Survey On
Opinion Mining And Sentiment Polarity
Classification. International Journal of Emerging
Technology and Advanced Engineering, 2013;
3(1).

Mahendran, A., Duraiswamy, A., Reddy, A., &
Gonsalves, C. Opinion Mining For Text
Classification.

Sindhu C., Dr. S. ChandraK ala., Opinion mining
and sentiment classification: asurvey. ICTACT
Journal On Soft Computing, 2012; 3(1).

Xiao, M., & Guo, Y. Multi-View AdaBoost for
Multilingual Subjectivity Analysis. In COLING,
2012: pp. 2851-2866.

Buhlmann, P.,, & Hothorn, T. Boosting
algorithms: Regularization, prediction and model
fitting. Satistical Science, 2007; 477-505.
Viola, P.,, & Jones, M. Fast and robust
classification using asymmetric adaboost and a
detector cascade. Advances in Neural
Information Processing System, 2001; 14.

Aug. 2015



