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Abstract

Due to wide streaming blogs over the social media, blog volume automation has
become indispensable for the analysis of blog popularity. As a rule base driven
method, Adaptive Neuro Fuzzy Inference System has gained popularity in various
prediction tasks for its efficiency and ease of implementation. In this paper, two
modified Adaptive Neuro Fuzzy Inference models have been proposed by tuning
its premise and consequent parameters with Particle Swarm optimization and Ge-
netic Algorithms. Particle Swarm optimization helps in reducing the training and
cross validation error of the predictive model whereas Genetic Algorithm optimize
minimum clustering radius which aids in the formation of rule base. With the help
of these optimization methods, Adaptive Neuro Fuzzy Inference System obtains
optimal premise and consequent parameters which improves its predictive perfor-
mance. Comparative analysis of proposed method has been performed against
Neural Networks, Support Vector Machines and basic Adaptive Neuro Fuzzy In-
ference System using UCI Blog Feedback dataset. It has been found that both of

the proposed variants have outperformed these state-of-art techniques.
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Chapter 1

Introduction

The work presented in this thesis covers the prediction of volume of response in
blogs. So, for the prediction of the response volume, a new technique using Adap-
tive Neuro Fuzzy Inference System combining stochastic optimization methods is
proposed. This chapter introduces with various terms associated with blogs and

application areas of prediction subjects in blogs.

With the ever growing advancement in use of technology in the era of digital world,
social media has shown incredible importance in lives of people since last decade.
It has now become a fact that assuming a life without web seems impossible.
While in early period of development of social media, blogs, tweets, YouTube
was just an source of entertainment for few passionate users. But now it has
become a goldmine for building the relationship between the users and following
their interest. As, it has lead to change in the way we communicate, share our
experience and opinions, and proves to be a rich source for education [1], marketing
[2] and government organizations [3]. With getting knowledge about world, online
socializing on web, people have discovered ideas to effectively use web in their daily
lives. Also, it has become easy for the companies for promoting their new products,
services through advertisements and posts over social networks. While positive
responses over blog posts build their popularity and hold over social media, on
other hand, negative comments and reviews often affects the ratings of companies.
As negative responses catch attention of people much rapidly than positive ones

and companies might need to take quick actions for avoiding the fall.

Basically, blogs refers to website which is created by user in which text is added for
readers which is reflected in a reverse chronological order on the basis of created
date. Blogs are usually created by single person or group of persons who are having
the same interest and provides two way communication. Blog entries usually reflect
the blogger’s interest or views about a topic streaming around and it can be in the

form of discussion over some topic with other bloggers. Blog websites supports
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Figure 1.1: Users comments

and reference to own older posts which is known as track backs. For example, on
bloggers websites such as WordPress [4], Blogger [5], readers can input comments
which are descriptive opinions on the blog posts. General example of comments
by the users is depicted in Figure (1.1). Comments in the blog posts generate

quality traffic.

The shift in the popularity of blogs usually depends on the news streaming in
society or discussion over a hot topic. These type of posts attract new readers
to acquire knowledge. Sometimes, these posts turns into debate or aggressive
views which fades with the arrival of new topic. This maintains the life cycle or
longevity of a blog. Eventually, this turns into most popular blog looses their
popularity often with time which becomes a subject of research for predicting the

popularity.

1.1 Terminology of Blogs

Besides blog forms are ever changing for making it reliable for the readers and
analyzing their interest. The description of blogs and various terms into blogging
sites are explained as follows:

Blog post: It refers to the record of the documents published known as posts.
Every blog generally has a heading which represents the concise description about
the subject of the post. It also includes the date of publishing of the post, subject

and author’s name. In general, newly added posts always gets space at the top of



the website which represented in a reverse chronological order according to date
[6].

Blog space: It is also referred as blogo-sphere, is confined with all the blog posts
and their interconnections, which supports concept of blog as a social world [7].
Blogs are often become popular when it contains various hyperlinks making a con-
nection between so many blog posts. It helps in improving the life cycle of the
blog as associated links often improves popularity.

Blogger: it refers to user who is creating blogs for the people. Blog posts are
often derived by the interest of the blogger and their inspirations. Blogger’s net-
work improves the profile. Blog publishing on websites makes difference in the
popularity of the blog posts.

Trackbacks: It refers to the idea of linking pages to the related posts, in this
context it refers to link connection between related blog posts [8]. While clicking
the links, readers can access the content of the referenced blog posts. It also helps
in improving the lives of multiple posts.

Comments: It refers to view points or reactions of the readers over the content
of blog which is represented after publishing it. Most of the blogging websites
such as Blogspot or Blog Tyrant accepts comments over the blog posts. Number
of comments enhances the popularity of the blog post [9]. It appears in the order
that last comment is usually to be appeared at last.

Permanent Links: It refers to as address of URL connecting to a specific blog
post [10]. The blogs websites referred by these URLs are constant so that it can
be accessed every time user clicks on it.

Blog rolls: Blog rolls is known as the entries added by the blogger on its own
profile. These are the most effective blog posts which describes the interest and
finding of the blogger. These are also the posts which are mostly liked by the
people.

1.2 Prediction of feedback in Blogs

In blog document most relevant contents which need to be considered are main
text, feedback and links to other documents. The popularity of a blog post based

on these three aspects is illustrated in Figure (1.2). For bloggers maintaining a



wide network of individuals is a challenging task. Over an average of 50 billion
posts are being published on daily basis which is ever increasing [11]. The evolution
of multi-author blog which are published by group and edited by experts has
increased the traffic of blogs posts over web. So, due to wide streaming posts
and blogs over social media daily, analysis of attitude and thoughts of users is
considered to be a important and challenging task. Feedback of Blogs means
getting responses from the people after publishing it over social media, it contains
the view-points and thoughts of people for the subject of the blog. It brings the
people of same interest together and they interconnect with each other. Feedback
of blogs is collected in the form of likes, dislike, comment and share. Feedback
of people is dependent on the subject, content, time, type, interest, number of
followers associated with that, profile of the blogger. Even feedback from blogs is
connected with profile of the bloggers, their posts and network [12]. Prediction
of blogs is important because with the analysis of behaviour of people, it is easy
to check over the interest and subjects attracting the followers. This idea can
help in enhancing the popularity of the blogs. Even, new bloggers can analyze
the patterns of users and can effectively choose every key idea to become famous
in very short period of time. With this we can check the attitude of users over
particular issue. This also helps bloggers in sentiment analysis [13] of users. The
most widely used prediction subjects in which blogs are mostly published along
with the examples is described in Table (1.1).

Due to immense volume of posts sounding over social media, it has become difficult
for the analysis of these post by the human experts. But there are so many social
networking sites which has numerous users and wide changing patterns of the
users and their behavior, asks for the automate analysis of posts over social media
on daily basis. Moreover, information over social media is uncontrolled, ever-
changing which arises difficulty for the manual analysis of posts and information.
For example, when a post appear on social media, users may rapidly respond to

that post.

In the analysis of responses of posts over web, opinion mining has gained a lot of
attention. Thus, opinion mining has been taken into consideration while compar-

ing the proposed prediction process with the opinion mining which is explained in
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the next section.

1.3 Opinion mining in blogs

Opinion mining is performing a great role in this modern era. Basically, opinion
mining is field of research where automated analysis of human opinion extracted
from the textual documents scripted in natural language. Analysis of opinion
is important because it leads to better understanding of interest of users, their
attitude while reading the published documents. For example, view points of users
are extracted from movie reviews in terms of quality. It has application in text
mining, natural language processing, statistics and machine learning. Although
there are so many tools for automatic analysis of opinion from text such as web
fountain [14], Red opal [15] and opinion observer [16]. Basic elements of opinion
mining are as follows:-

1. Opinion: It is considered as view point, attitude or suggestion for the object
created by user [17]. It can vary from person to person and reflects the interest of
people in specific object.

2. Opinion holder: It is the reviewer who provides specific response for a post
[18].

3. Object: Considers the entity for which view points are shown.

4. Feature: Refers to components of object based on that opinions are expressed
5. Opinion polarity: It refers to evaluating the sentence whether it expresses
positive, negative or neutral opinion towards the sentence.

For predictive analysis of view point(s) machine learning is used.



Opinion mining is applicable at various levels in extracting the text which are

described as follows:-

1.3.1 Document level

It refers to subject oriented level in which opinions are expressed such as positive,
negative or between positive or negative i.e. neutral [19]. It classifies documents
on the basis of overall opinions gained by the readers or opinion holders [20]. The

details of the interest of the opinion holder is not present in this level.

1.3.2 Sentence level

This level refers to each sentence of the document and evaluates the polarity of
each sentence [21]. It is related to opinion mining at document level. It analyze
the the sentence by two objectives which are by first evaluating the subject related
or object related opinions from that and then analyzing the opinions into positive,
negative and neutral and produces a summary report [22]. It also accounts for

collaborating feature synonyms.

1.3.3 Entity & Aspect level

It refers to the main and important level of the opinion mining. It considers
the features of specific object, in which features are component and attributes
representing the object [23]. It evaluates the features of the object on which
comments have been added and then reports the opinion as positive, negative
and neutral. It has disadvantage that it is not relevant for opinion mining in

blogs.

But opinion mining or sentiment analysis techniques often analyze feedback into
feature vectors on the basis on word, document and sentence level and then clas-
sify into positive, negative and neutral opinions, which has some limitations such
as huge amount of data is required, more Time(s) for analysis, language barrier.
It works for finding the opinions of the people. Thus, it cannot be done only on
the basis of single data point, it needs aggregate of data. Often mining from large

and making data relevant is time consuming process. Even the sentiment of the
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people usually changes over time and mood, which shows a great difference of per-
formance of the sentiment analysis. Spam and inauthentic conversations are hard
to examine out of the wide data streaming and increasing on daily basis. While
there are websites which only count the number of responses rather than opinions
classification. Thus, in contrast general concept of the proposed approach and
opinion mining is depicted in Figure (1.3).

So, in this work, automatic analysis of responses in the form of comment of blogs
has been done using machine learning approaches to count the number of responses
a post will receive in next 72 hrs after publishing and analyzing the trends of first
24 hrs after publishing. This approach has been performed because some users
just focus on the number of hits and clicks they gain, as a metric to gauge their
popularity. They just monitor the clicks over regular periods of intervals to sta-
tistically observe the increase or decrease in the user attractions. Thus, opinion
mining could be unnecessary and overwhelming venture for them since it may be
immaterial what sort of popularity the underlying website is gaining [24]. So, an

alternate workaround has been proposed in this study, to forecast the number of



comments to quantify the website popularity. Our research is directed towards

predict the volume of comments a post will receive after publishing in next H

hours using modern machine learning regression algorithm.

Table 1.1: Application areas of blog response prediction

Prediction Application Areas Related Ex- | Related Ar-
Subjects ample ticles
Business & | forecasting reviews of prod- | Apple iPod | [25], [26], [27],
Management | ucts, brand awareness, | music player & | [28], [2], [29]
strategies, behaviour of | Starbucks
people towards new prod-
ucts, communication with
customers, topic specific
comments
Elections political orientation, peo- | Electing Pres- | [30], [31], [32],
ple response towards elect- | ident  Donald | [33]
ing new president during | Trumph &
votes, awareness of agendas, | Narendra Modi
strategies
Public Health | online health information, | blog article on | [34], [35], [36]
individual doctors blogs, | breast cancer,
awareness about diseases, | depression, al-
medications reviews lergies
Government | web-based interactions of | e-government [37], [38], [39],
& Public government with citizens, | models, US | [40], [41]
collaborative decision mak- | Federal = Gov-
ing, predicting responses | ernment,
about agendas, laws en- | elected officials
forcement, public opinion blogs
Social Orga- | users behaviour towards so- | UNICEF, [42], [43]
nizations cial issues, fund raising ap- | Khalsa Aid
peals, visual stories, at- | official  blogs,
tracting volunteers, predic- | blogs of non-
tion for fund raisers, users | profit social
engagement in events workers
Trending number of comments on a | News blog arti- | [44], [45], [46],
News news article, people vary- | cles on Twitter | [47]
ing reactions to news, blog
news, awareness about hot
trending topics
Icons number of followers and | Facebook [48], [7], [49]
haters, gossips and popular- | Pages, offi-
ity of famous personalities, | cial blogs on
presenting their daily rou- | WordPress

tines




Recipes responses on new recipes, | Official ~ blogs | [50], [51]
popularity of indigenous | of bakers, chefs
recipes in other regions, | and home
classification of recipes, | makers

advertise cooking classes,
restaurant reviews

Tourism interest analysis, opinions | Official ~ blog | [52], [53], [54]
about recently visited, ideas | websites such
for new places, traveling | as Bucket List

blogs with reviews Journey, View
From the Wing
Education online learning from blogs, | E-learning [55], [56], [57]

quality of content, analysis | blogs such as
of interest, research based | Digital Chakie
blogs, popularity of topics,
new methods of learning,
educational issues

1.4 Thesis Organization

This thesis is organized as follows:

e Chapter 1: This chapter introduces the blogs, feedback in blogs, terminolo-
gies in blogs, opinion mining in blogs, levels of opinion mining, difficulties
in analysis of blogs, application areas of blog prediction. This chapter also
considered the conspicuous research gaps in the area of analysis of blogs.
Further, research objectives are specified within the research methodology

included in this study.

e Chapter 2: This chapter includes the latest research done in the predic-
tion of volume of responses in blogs using various techniques. The recently
used techniques for prediction of responses includes Support Vector Machine,

Neural Networks, Decision Trees, Naives Bayes and Logistic Regression.

e Chapter 3: This chapter covers research gaps, problem statement and con-
tribution. It defines the gap in the area, its framework and solution proposed

in this study. The contribution of this study is described in points.



e Chapter 4: This chapter defines the proposed technique of combining AN-
FIS with stochastic optimization methods such as PSO and GA. Block di-
agram of tuning parameters of ANFIS with PSO is shown and discussed.
Another block diagram showing ANFIS parameters tuning with GA is also
defined. Geneal idea of ANFIS and its five layers, PSO and GA are also

included in this section.

e Chapter 5: This chapter focuses on describing dataset and the important
feature set derived from the data are defined and shown. Data sample is
also depicted. It also defines PCA and its graph showing the information
gain. Evaluation metrics are also discussed in this section which includes
accuracy, correlation, mean squared error and time. Results drawn are de-
scribed in tables. Figures containing graphs are also drawn showing the
results obtained using ist principal component and while using two principal

components under the light of all evaluation measures.

e Chapter 6: This chapter concludes the research done in this thesis and
limitations found are also described. Future extension to this area is also

described in this.

10



Chapter 2

Literature Survey

This chapter analyses the work done by various authors in the area of prediction

of response volume in blog using various approaches.

In [58], Krisztian Buza predicted the number of feedback a blog article receives
after publication. The aim is to model samples recently added blog articles and
predict the number of response a blog article will receive in next H hours. The
articles have been extracted to find the four features, basic, textual, weekday
and parent features and used seven predicted models which are neural networks,
RBF networks, regression trees, nearest neighbors, multivariate linear regression,
bagging out of ensemble and SVM on Hungarian blog sites data. Comparison of
results are carried out on two evaluation measures used Hits@10 and AUCQ10
which represents the 10 blog pages which were predicted to be largest number of

feedback and which have largest number of feedback in reality, respectively.

In [48] authors have designed method and apparatus for forecasting community
responses to a post over social media. The number of responses are measured by
using prediction model which analyze number of reactions, number of users, life

of a post and generates sentiment value.

Bin Be at al. proposed two Bayesian non parametric models, URM (User-Retweet
Model) and UCM (User Centric Model) which analyze user behaviour on Twitter,
based on tweet text and re-tweet structure [59]. These models aids to infer the
subject of choice to an respective user and predict unseen new data. Twitter
real data was used to compared both models to other method, HDP(Hierarchical
Drichlet Process). The described models outperforms HDP in terms of concluding
topics according to interest and predictive powers. Among both models, UCM has
great ability to appropriate modeling of re-tweet structure and outperforms URM

in terms of overall perplexity.

Forecasting negative links over social network data is proposed in [60]. Forecasting

is done by keeping positive links and subject centered interactions using NeLP

11



framework because these sources are easily available on social media. Prediction
is analyzed on two real world social media datasets, Epinions and Slashdot by
using precision and F1-measure as evaluation metrics. Experimental results shows
that proposed technique can correctly predict negative link and can aid other

applications also.

In [61], authors proposed the detection and classification of user behaviour based
on the comments over Facebook by integrating real-time sentiment text analy-
sis and batch data analysis for opinion mining. For evaluation ”United States
Presidential Elections” 2016 subject was used. 200 posts were collected from two
famous channels, BBC and CNN Facebook channel. Results depicts that how
people’s behaviour changes over time towards a topic and represents three types
of people’s opinion over a real time stream. Results are evaluated on the base of

Mean Absolute Error(MAE) for prediction.

In [46], prediction of longevity of online news articles based on the reaching pat-
terns and responses of the users is proposed. It shows that detecting first 10 to 20
minutes of responses can support accurately predicting the future responses news
article will gain. Linear regression models have been used to predict the number

of responses a news article gain after created.

[47] proposed forecasting of popularity of news article by analyzing the number of
comments by the user. The prediction is done by linear prediction model using
real-world dataset gained from 20 minutes website and comments collected over
the period of 4 years. The evaluation metrics used are accuracy for observing the
popularity of article during short observation time and correlation coefficient for
matching the actual and calculated results. [41] explained the dealing between
the content of political blog and prediction of number of response or comments
it will receive. Authors have motive to find out the blog posts which derives
a massive response to analyze the interest of the readers. They have used two
blog datasets, Yglesias and Redstate blogs on which they applied five and three
predictive models respectively. Topic-Poisson model outperforms Naives Bayes in
terms of recall while predicting on large volume posts and designed patterns of

interest of users.

12



[7] explained the importance of comments in the blogs and popularity associated
with the number of comments for a blog post. They have examined approximately
685976 web bogs on the basis of disputive and non-disputive comments from the
web blogs. Experimental results showed that comments extraction from web blogs
is evaluated on the basis of two classification using precision, recall and F-score

which showed overall accuracy of 0.88.

[49] proposed classification of temperature of blog articles into four categories
explosive, hot, warm and cold which are indicators of the popularity of the blog
They have examined two data with political

discussion blogs from Korea, which are SEOPRISE and AGORA. Predictions are

articles in the decreasing order.

calculated on observing the trends of response in half an hour after published
using hit count and saturation point as evaluation measures for predicting the

temperature.

[62] proposed the wide analysis of user comments on YouTube by examining mas-
sive amount of comment data gained by using YouTube data API. Data Mining
methods have been applied to analyze the comments after dividing discussion
posts, inferior comments and substantial comments. They have proposed that

analyzing the trends of comments by user can help in deriving better search re-

sults.
Table 2.1: Summary of recent techniques
Paper | Methods | Idea Data Outcomes Limitations
used
Florian | NN prediction of | posts of | MSE (0.135) | domain spe-
et  al emotions of | super- cific applica-
2017 Facebook re- | markets tion
[63] actions
Udeen. | NN and | classification | UCI blog | Adaboost features are
(2015) Adaboost | of comment | feedback | outper- not extracted
[64] data formed with
accuracy
(91.4%)
Singh ANN and | Facebook Hadoop | DT- time con-
et al | DT pages  re- | cluster AUC@10(6.7) | suming
(2015) sponse & RBF | regression
[65] volume network- algorithms
prediction Hits@10(0.945
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Paper | Methods | Idea Data Outcomes Limitations
used
Hieu clustering | user interest | BBC & | MAE (0.008) | training time
et al. | tech- and attitude | CNN of model
(2016) niques analysis Face-
[61] book
posts
Chavan | TF-IDF, | response Kaggle AUC- only aggres-
et al. | N gram, | classifica- Public (86.9%) sive and non
(2015) SVM, tion into | dataset aggressive
[66] Logistic bullying or comments
regression | non-bullying are used,
comments
like sarcastic
or double
meaning are
missing
Allessa- | multinomal comments Fb Accuracy video specific
ndro logistic classification | Graph 0.80 domain
et  al. | model on posts of | APl &
(2016) Facebook & | Youtube
[67] Youtube Data
API
Jinghua | CNN prediction of | Pinterest | Pinterest less feature
et al popularity of | & -Accuracy sets are
(2015) dress images | Polyvore | (0.84)& examined
[68] websites | Polyvore-
(0.83)
Roja LR, SVR, | comments 44,000 R-squared more overlap
et al. | DT, forescating news value, LR | between fea-
(2012) SVM, NB | of news | articles (0.34), SVM | tures because
[45] article, clas- (0.32), SVM | of interde-
sification (81.54), NB | pendencies
of article 77.79, bag-
publication ging  83.96,
on Twit- DT 83.75
ter based
on fetaure
selection
Elaheh | LR, Feature Flickr Accuracy feature  set
et al. | SVM, extraction com- 89% based on
(2013) DT, NB | for filter- | ments polarization
[69] ing  useful | data is missing
comments,
classification
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Paper | Methods | Idea Data Outcomes Limitations
used
Elaheh | LR, NV characteristics Flickr, Flickr  Pre- | user related
et al. of com- | YouTube | cision 0.87, | features are
(2013) ments, Recall 0.90, | not  consid-
[70] feature ex- Youtube ered
traction and 0.65, 0.83
classification
into  useful
or non useful
comment
Yoav MART, response Twitter | MART out- | unable to
et al. | maximum | prediction of | Firehose | grows maxi- | extract
(2012) entropy micro blog mum entropy | language
[71] classifier specific  fea-
tures, social
network  of
users
Dongwen| SV MPf | cluster comments| accuracy SV MperS
et. al extrac- over 90% on lexi- | inability to
(2015) tion  using | clothing | cal features | handle multi
[72] word2vec, product dimensional
classification data,  only
of comments two  feature
selection
methods
used
Krisztian| NN, comment Hungarian basic fea- | SVM inabil-
et al. | SVM, volume sites doc- | tures are the | ity to cope
(2014) RBF net, | prediction ument most pre- | with  large
[58] LR dictive and | data
siginificant
Yan correlation| prediction of | SentiBank| yielded more | domain
Ying comments data accuracy specific
et al over visual then only us- | technique
(2014) data ing publisher
[73] affective
content
Chiao- SVR ranking  of | Digg sto- | spam and | more  char-
Fang comment ries un-useful acteristics of
et al on basis comments comments
(2009) of  impor- detection are required
[74] tance  and
preference

In [75] authors have forecasted box office using microblogs. Firstly, feature extrac-
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tion has been done on the the micorblog data, which is from Tencent Microblog
and Box office dataset is extracted from Entgroup box office website. Comments
have been divided into three categories which are beneficial, harmful and neutral.
Machine learning models SVM and neural networks have been applied on the data

and evaluated using correlation and average MAPE.

In [65] authors have proposed forecasting volume of responses of a leading social
networking service, Facebook. They have used data for prediction from Hadoop
clusters and forecasted using regression models, Neural Networks (NN) and Deci-
sion Trees (DT) in contrast of other models such as Multi Layer Perceptron, RBF
networks, M5HP and REP trees. They have performed four data pre-processing
modules and divided it into four feature sets such as Page, essential, weekday and
basic features. Evaluation parameters used in this work are Hits@10, AUCQ10,
Mean Absolute Error(MAE) and time. They have concluded that decision tree

outperforms other regression models in all evaluation measures.

Prediction of news articles gained form CNN news data is performed for analyzing
the article on the basis of user opinion in the means of comments is proposed in
[76]. Features are extracted on the basis of POS and frequency. In this study,
Random Forests (RF) outperformed Decision Trees (DT) and K-Nearest Neighbor
(K-NN).

In [64] discusses binary classification of comments on a blog post. Classification is
done on online available benchmark feedback blog dataset using Neural networks
and Adaboost algorithms. Extracting the four feature sets from dataset, based
on that prediction rate of both the algorithms has been considered. Moreover,
computational cost of both algorithms had been evaluated on all feature sets.
Experiment results shows that Adaboost classifier outperforms neural networks in

light of all the evaluation measures with predictive rate of 91.4%.

In [74], authors have proposed ranking of comments on the basis of its significance
using machine learning algorithm SVR. Ranking of comments helps in detection
of spam and un-useful comments, filters the comments with high order and pref-
erence. Feature of comments has been selected on the basis of User network,

readability and content using comments on Digg Stories.
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Prediction and determination of thoughtful comments is examined in [77] using
logistic regression algorithm. At first, features have been selected into 7 feature
sets on the basis of syntax, lexical features and discourse. For this evaluation, data
from two political speech has been generated which are Singapore PM’s speech in
2010, other is US President speech in 2011. After extracting the feature sets on
the same basis in two data, correlation coefficient is measured on in the US and
Singapore data which resulted positive. F-measure, recall and precision evaluation
measures have beenn used which shows that with bagging of feature sets F-measure

score gained 78.69.

Viewer affective comments form social visual data in the form of images is fore-
casted in the paper [73], known as visual sentiment analysis. For analyzing the
publisher content comments 400 images have been used from social media. Pre-
diction is examined on the basis of finding relationship between the the publisher
content comments and then comments on the images. Thus, statistical correlation
is calculated between the viewer affect concepts and publisher affect content so
that relationship can be analyzed. For calculating correlation, public SentiBank
data has been used which is extracted into emotion keywords and dividing into
positive and negative comments. It yielded 20% more accuracy in visual sen-
timent analysis as compared to when only predicting comments using publisher

affect contents.

Prediction of offensive attitude from tweets against the topic of USA Presidential
election 2016 is performed using semantic analysis and then classification of the
data using supervised machine learning techniques including NB, SVM and logis-
tic regression. In this, SVM outperformed other methods with 87.43% accuracy
[78].

Forecasting of comments generated by people on social media websites is performed
in [70]. Authors have also examined characteristics of the comments, factor de-
pendencies of comments and variations in the comments. Feature are extracted on
the basis of author and social level, semantic and topic level and text and linguis-
tics features and thus classified into useful and non-useful comments. Social data

has been used for prediction from social websites such as Flickr (comments on
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photos) and YouTube (comments on videos). Machine learning algorithms have
been used such as logistic regression and naives bayes which are evaluated under
the light of precision, recall, F1 measure and ROC. In case of Flickr social data,
useful comments have shown more significance which are considered dependant
on surface level, entity type and time and yielded precision value 0.87 and recall

0.90. Whereas, YouTube data has yielded precision .65 and 0.83 as recall.

In [69], authors have proposed filtration and classification of useful comments us-
ing feature engineering and machine learning techniques on Flickr comments data
on 6 collections. Features are extracted from the comments on the basis of au-
thor and social features which includes links, trackbacks and network. Semantic
and topic features include content based, tone of the subject and polarity based
features. Text and Linguistic based features includes readability features, marks

and symbols in the comments and information level of the comment. Character-
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istics of useful features has been analyzed on 32,132 comments on 11,130 photos.
After extracting the significant features training data with total 2000 comments,
equal in proportion with useful and un-useful comments. Thus classification is
performed using logistics regression, SVM, DT classifier and naives bayes under
the light of precision, recall, F-1 measure and area under the Receiver Operator

Curve (ROC). This work has yielded predictive accuracy of 89%.

The study on importance of comments is proposed in [44], which shows that
comments on news articles reflect its level of interest, significance and order of
rank in comparison to other articles. Prediction of comments is performed on
seven news agents data of time period of Nov 2008 to April 2009 for calculating the
number of comments a news article receive after publication. Correlation measure
is used to calculate the relationship between reference of the news article and
its publication time. For this, authors have evaluated prediction using statistical
methods such as log norm distribution and negative binomial distribution. The
experimental results showed that proposed technique gained relative squared error

of less than 0.2 for all data sets.

The prediction of the news article and publication classification on Twitter is pro-
posed in [45] using regression and classification algorithms. Feature extraction has
been performed on total of 44,000 news article on the basis of score values using
correlation in category, subjectivity and source, out of which 2000 article were
discarded due to their irrelevancy. Regression algorithms such as logistic regres-
sion, SVR have been used for prediction of popularity in terms of comments under
the light of evaluation measure r-squared measure. While in case of classification,
analysis of news articles has been done that which article will get publication on
Twitter with classifier DT, SVM, NB under the light of evaluation measure, ac-
curacy. Results shows that in regression case, logistic regression and SVM have
achieved r-squared value of 0.34 & 0.32 respectively. While in classification SVM
has accuracy of 81.54%, NB 77.79%, bagging 83.96%, DT 83.75.

Summary of the recent techniques used by many researchers using various tech-
niques is described in Table (2.1). Figure (2.1) depicts the recent techniques used

in the comment volume prediction. Table (2.2) provides comparative analysis of
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four algorithms which includes Least square regression, Neural networks, Fuzzy
system and ANFIS under the evaluation of various important factors, which forms
the performance of the algorithm. Here, v'shows yes for that factor, x no whereas

— represents partial answer.

Table 2.2: Comparative analysis of algorithms using various important factors

Least squares | Neural Fuzzy ANFIS
regression Networks | System
Model X v v v
free
Can X X — —
resist
outliers
Explains | — X v v
output
Suits X X v —
small
dataset
Can be | x — — —
adjusted
for new
data

Reasoning| v/ X v —
process is
visible

Suits X v v v
complex
models
Include — — v v
known
facts
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Chapter 3

Problem Statement

In this chapter, research gaps analyzed in the literature are discussed, problem is

defined and contributions of the proposed thesis are also included.

3.1 Research Gaps

Although opinion mining and other techniques retrieving information have shown
remarkable work in the area of web, but these common methodologies are not
sufficient for blogs. As analyzing the volume of response from blogs counts as a
first metric for examining popularity but these days more emphasis has been given
on the topics, communities, their opinions and sentiments. Due to timeliness and
extremely dynamic network of blogs, predicting volume of response in a quick
period of time is an important task. In most of state of art methods, comments
are examined on the basis of their extracting features and classifying which is a
time consuming task where calculating number of comments is used as a metric
for popularity. As there are websites which are only intended to calculate the
volume of response, so there is a need of technique which can predict the volume
of response a blog will receive. It can be a useful metric for the new bloggers for
analyzing their blogs. As per the reviewed literature, various methods are recently
used for analysis of blogs such as feature extractions techniques, SVM, Naives
Bayes, decision trees and bag of words. These techniques collects features from
the comments which can be a time consuming task. So, prediction with ANFIS
parameters tuning with stochastic optimization methods can be used which shows
very less information redundancy and useful in predicting the volume of response

of blogs. These techniques are not used in this area before.

3.2 Statement

To overcome the above limitations, a new technique is proposed for predicting the

blog response volume. The new proposed technique is ANFIS with its parameters
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tuning with the help of stochastic optimization methods which includes PSO and
GA. So this combination is an improved version of ANFIS. In this study blog
feedback is selected for predicting the volume of responses a blog will receive after
some hours of publishing using ANFIS with PSO and GA. First feedback are split
into important features and then PCA is applied to reduce the dimensionality of
the data and to keep the only significant information. Then, feature matrix with
reduced dimensions are put into the ANFIS algorithm for prediction of volume of

response.

3.3 Contribution

e Description of the importance of analysis of blog response volume which can
be primary metric for popularity for the users who are intended to count

only volume.

e To automate the prediction of responses volume of blog without need of
expert using machine learning techniques and proves to be an effective and

faster framework.

e Proposed the new users who can start forecasting their blog popularity with
this efficient technique. ANFIS combination with stochastic optimization
approaches such as PSO and GA results in better performance and reduces

training and validation errors.
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Chapter 4

Proposed Methodology

Discussing the problem and research gaps of the problem, this section focuses on
the methodology proposed in our work. Figure (4.1) depicts the block diagram for
prediction process of response volume using ANFIS in combination with Particle
Swarm optimization and genetic Algorithm. Firstly, data is loaded and its features
are identified. Important features from the data have been combined into feature
sets such as basic, basic integration with parent, weekday and textual features.
After pre-processing of feature sets, PCA is applied to every feature set for reduc-
ing the dimensions and training data is obtained. This data is fed into ANFIS
regression model whose parameters are tuned using PSO and GA which are the
proposed methods so that it can predict the response volume in blogs. The main
goal of using PSO and GA to tune parameters of ANFIS is to reduce the objective
function, Mean Squared Error (MSE).

4.1 Adaptive Neuro Fuzzy Inference System

ANFIS was first presented by [79] which is a combination of fuzzy inference system
and ANN framework. It has gained popularity in predicting problems of several
fields such as stock price [80], pollution [81] and weather [82]. Nodes in ANFIS
structure are interconnected where each nodes has its own task according to the
incoming signals and parameters present in node. First and fourth nodes are
adaptive while others are constant. ANFIS is composed of fuzzy theory and if-
then rules. These rules play role while modeling problems. ANFIS with five layers

and two rules is depicted in Figure (4.2).

First-order Sugeno fuzzy model [83] represents set of if-then rules described below:

1. if x is A; and y is Bj, Then as given in equation (4.1).

fi=pr+qy+n (4.1)
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Figure 4.1: Proposed method for prediction

2. if x is Ay and y is By, Then as given in equation (4.2).

fo = Do+ qy + 12

3. as given in equation (4.3).

wy f1 + wa fo
wy + ws

f=

4.2 Five Layers of ANFIS

(4.2)

ANFIS structure consists of five layers and output of each layer can be stated as

follows:

Layer 1: Nodes in this layer are adaptive. Let O, is the output of nth node at
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layer 1.

01,1 = KA (2); 01,2 = ,qu(x)OL:s = 1B (z)s 01,4 = KBy (x)

Here, O11, 01,2, O 3, Oy 4 refers to the membership values of fuzzy set Ay, Ay, A3, Ay

and f14(z) = (1 + [£%?)~! where a;, b;, ¢; are called as premise parameters.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5
/ Al 11
=Py
/ wi wi —
A2 " Prod > N | > W\"l —
A ‘ ‘ oo f
>< 3 X - ':l :
B1 Prod | :: N — > _/v
e w2 ) we wf2
S i
\ B2
Xy

Figure 4.2: Five layers of ANFIS

Layer 2: The value of nodes is constant in this layer. This layer generates the
product of all output from previous layer and output of this layer is denoted as

follows:

O2,1 = pay () * 1By (y) = w1022 = [Lay(2) * UBy(y) = W2

Layer 3: The value of node is fixed in this layer and nodes are stated as Norm.
Then,
w1 Wy

031 = ——— =1w,030 = ———— =Wy
w1 + Wo

Layer 4: Nodes in this layer produces each rule output. Let (p;, ¢, 1) be a

parameter set stated as consequent parameters. So,

Our = Wy * fr = wy * (pe(x) + () + 1), wheret = 1, 2.

Layer 5: The single node in this layer is a fixed node and generates the final

output of all signals:
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Os; = Zwtft,wheret =1,2.
t

The premise parameters at layer 1 and consequent parameters present at layer 4 are
depicted in Figure (4.3). These parameters are known as the tunable parameters

which can be tuned by using optimization methods such as PSO and GA.

ANFIS architecture

Cecnsequent Parameters

Premise Parameters

Figure 4.3: ITllustration of tunable parameters of ANFIS

4.3 Particle Swarm Optimization

The origin of PSO is inspired by the life of flocking birds and fish schooling [84],
[85]. It derives group or swarms of individuals known as particles. In swarm,
particles move by learning under social behaviour. PSO search the global best
solution by observing the personal best and global best of entire population upon
every iteration. Thus, it is known as global optimization algorithm which search
for for the solution in n dimensional space [86]. PSO proves better than Ant
colony algorithm [87] and EAs [88] as it requires less computational codes, thus
inexpensive in terms of memory and speed. It has gained popularity due to simple
and effective solution. Particles move in the space towards the location of Gy, due
to social learning in the same group. Every particle has a position and it keeps

on varying along with time with every movement. X;(¢) refers to ;th particle
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position at time interval t. Moreover, every particle possess velocity to move in
the search space. Vj(t) is the velocity of ;th particle at time interval t. Thus,
by updating velocity to particle’s position, new position of the particle can be
derived. The whole process of updating velocity and position vector is depicted
in Figure (4.4). The updating velocity of particle which is used to update the
position is described in equation (4.4) & (4.5) respectively where w, C; and Cy

are the constant variables .

Vit +1) = w Vi(t) + CL(Bi(1) = Xi(1)) + Ca(g(t) — Xi(?)) (4.4)

X(t+1) = Xi(t) + Vi(t +1) (4.5)

Figure 4.4: Tllustration of a particle movement in PSO

Cost function checks for the suitability of the particle position. Particle possess
ability to remember their best position for whole of their life. The individual best
experience of a particle or best position achieved is known as Ppes. While best
position achieved by whole swarm is known as global best, Gp.s;. The particle’s
experience and social learning is reflected by particle velocity vector. In the search

space, every particle possess two components which are described as follows:

e Social component:

yi(t) — zi(t)

denotes the best experience gained by a individual particle
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e Cognitive component equation:

Ui(t) — xi(2)

denotes the experience gained by whole group

In PSO algorithm, calculations of velocity vector are noted based on the cognitive

and social components. The whole process of PSO algorithm, initializing the

random particles then calculating fitness value and evaluating the best solution is

described in block diagram in Figure (4.5).

Start
Iniializing PSO
parameters,
al adnel,ed Yes | Setitas best
+ ’—> experience,
Randoiy iz pls!
particles position
and velocity
l Is the current Setbest of best | | Update particles Is optimum\,  Yes
Computing particle_’ﬁtnessvaluebetter experienceas = veloctyand ~p( criferia ——p  End
fitness value than the best ghest positions satisfied?
experience?
Set previous as
o best experience
No

Figure 4.5: Process of PSO technique

4.4 Genetic Algorithm

Genetic Algorithms (GA) are stochastic optimization methods which have the

ability to search in wide and complex space. These methods search in the space

28



by learning from genetics and evolutionary principles [89]. Genetic Algorithms
falls into the category of heuristics search. Genetic Algorithm has better abilities
than other conventional methods due to the reasons such as it includes various
points in search space while eliminating the chance of converging to local optima
and considers probabilistic rules instead of deterministic for searching. The gener-
ations are formed from randomly initialized individuals, where in every generation
fitness of the every individual is calculated. Multiple individuals are selected upon
the basis of their fitness value and reproduced to form a new generation. The new
generated population is evaluated in the further iteration. Generally, algorithm
terminates while satisfying the maximum number of generations or evaluating sat-
isfactory fitness value for the population. GA(s) works in the four main stages
such as initialization of random population, selection and reproduction which are
illustrated in the Fig (4.6). In the initialization level, initial population is formed
by randomly generated individuals where population size is defined by the domain
usually covering all the possible solutions. Then, fitness is evaluated of the ran-
domly generated population, then based on the evaluation of fitness value new
generation is formed. The first step in generating new population is selection,
from each generation some of the portion of population is selected to form new
generation. Then, new generation is formed by crossover which is also known as
re-combination. Then after selection and cross-over, new generation containing
individuals can have copied or re-combined population. To reduce the number of
copied individuals, mutation is done by the altering the values. So, with new gen-

erated population again repeats the process by evaluating the fitness value [90].

The objective function used for this study, which needs to reduce by combining

optimization methods with ANFIS is stated in equation (4.6).

MSE = % (X - X,)? (4.6)
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Figure 4.6: Flowchart for genetic algorithm

4.5 Tuning ANFIS using PSO

As PSO algorithm, updates velocity and position of every individual. By updat-
ing the position and moving in search space, particle best position experienced by
swarm are obtained. Then, for all particles in the space particle best experience
and group best experience are generated. This process repeats for all particles un-
til reaching a threshold value which can be on completing the number of iterations
or completing the time to determined value of error. The initializing parameters
of this proposed are shown in table (4.1). In ANFIS model, there are two types of
parameters which can be tuned by PSO, (i) antecedent and (ii) consequent param-
eters which are explained in section (4.2). Finally, after completing training, best
particles from swarm are used to tune ANFIS network parameters. The process of

tuning parameters of ANFIS using PSO is depicted in pseudo-code of Algorithm
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Figure 4.7: Flowchart of proposed technique (i) ANFIS+PSO

(4.1). It will improve the basic ANFIS system training model. The block diagram
for this work is illustrated in Fig (4.7).

4.6 Tuning ANFIS using GA

This section explains the method of tuning parameters of ANFIS using GA for
prediction of response of blog. Genetic algorithm is an evolutionary method which
in combination with ANFIS, optimizes the parameters of the clusters. It is a well

known algorithm for its effective and robust suitability over discontinuous and
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Algorithm 4.1 Proposed ANFIS-PSO

Create the ANFIS network and initialize parameters of ANFIS
Call PSO algorithm

Evaluate the objective function using equation

Repeat step 2 & 3 until best solution is obtained

Store the best value of objective function in Gy

End PSO algorithm

Consider the Gy value for tuning ANFIS parameters

multi-modal functions [89]. The proposed work of combining ANFIS with GA is

illustrated in Fig (4.8) and parameters used in proposed technique are shown in

table (4.2). This methods works on two levels which are explained as follows:

e Stochastic optimization involves ANFIS in every generation which evaluates
the fitness value of the clustering parameters used. The aim of this algorithm
is to reduce the training and cross-validation error of the ANFIS. This level
iterates till the stopping condition is fulfilled. If this condition returns yes,
then optimal parameters are obtained, otherwise parameters are updated in

next generation of GA and whole process is repeated till the search is over.

e After finding the optimal parameters, ANFIS model sets antecedent and
consequent parameters. Thus, special training of ANFIS is performed by
tuning parameters, then prediction performance is evaluated by feeding the
testing data. The pseudo-code in Algorithm (4.2) explains the tuning pro-
cess of ANFIS using GA.

Algorithm 4.2 Proposed ANFIS-GA

1:

10:

Create the ANFIS network and initialize the parameters of GA i.e. Pop size,
selection and mutation
Evaluate fitness function
if minimum population reached then
Stop
else
Evaluate the selection, and reproduction phase
end if
Generate the new population & evaluate the fitness function using equation
(4.6)
Repeat the steps 3 to 4 until the best fitness value is obtained
Set the best fitness value for tuning ANFIS parameters
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Figure 4.8: Proposed technique (ii) ANFIS+GA

Table 4.1: Parameters of ANFIS+PSO algorithm

Maximum Iterations of PSO 1000
Number of fuzzy sets for each in- | 3

put

Size of population 25

Inertia weight 1
Individual learning coefficient, C; | 1

Group learning coefficient, Cy 2
Maximum particle velocity Vinaz = 1.2
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Table 4.2: Parameters of ANFIS+GA algorithm

pe (crossover%) 0.4

pm (mutation%) 0.7

gamma 0.7

mutation rate 0.15
beta 8
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Chapter 5

Experimental Results

5.1 Dataset Description

Documents from Hungarian blog sites are used as dataset. This is public data
available online on UCI online repository. The origin of the dataset is fully de-
scribed in [58]. There are about total 280 attributes in data except one target
variable and 52397 entries in the data. Through changing the document data
into vectors for applying regression models, data has been formed into following
features by extracting them each document. Dataset is split on basic, textual,
weekday and parent features on the basis of importance of domain concepts for

analysis. The division of data into feature sets is illustrated in Figure (5.1).

Feature Set

< - .

1 Textual

Weekday

]

1 Parent

0 62 262 276 280

Figure 5.1: Division of feature sets using Feature extraction

1. Basic Features: it reflects the importance of links and feedback of documents.
In relation to baseTime, it denotes the count of links and responses a document
receives. Count of links and responses in a time period from 48 hrs to 24 hrs ad-
vance to baseTime. It represents the variations in the count of links and responses
in relation to baseTime. Amount of links and responses after 24 hrs of posting.

The sum total of all above fields.
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2. Textual Features: it reflects the importance of discriminative words. The
amount of most critical words.

3. Weekday Features: it shows the importance of decision of days for publication
and prediction. It lies between [0,1], thus binary indicator which represents the
day of week document published and which day forecasting is to be done.

4. Parent Features: it reflects the importance of trackback links between text
documents, count of parents. Moreover, minimum, maximum and average of re-
sponses that parents obtained.

Here baseTime refers to selected date and time, as in our study documents pub-
lished in 72 hrs prior to basetime are considered as new and prediction is per-

formed. As older documents from this generally stops receiving new comments.

5.2 Principal Component Analysis

For improving the performance of the predictive algorithms, analysis of significant
features from the data is imported. As there are many dimensionality reducing
algorithms such as PCA [91], Independent Component Analysis (ICA) [92], Linear
Discriminant Analysis (LDA) [93] and Generalized Discriminant (GDA) [94]. In
this study, to avoid the curse of dimensionality and faster execution, PCA which
is an unsupervised learning algorithm is used because it lose the least information
while reducing the data and converting into new variables. Moreover, it can fit
with the normal data and derives features in a orthogonal projection. Figure (5.2)
provides the ratio of information of the first five principal components. The illus-
tration of information gain is depicted in Figure (5.3). After extracting important
information and to reduce the dimensionality of data using PCA from the features
sets, data is split into subsets, training (70%, 36,677) and testing set (30%, 15720).
The analysis of information gain from each of the feature set is shown in table

(5.1).

5.3 Evaluation metrics

To evaluate the ANFIS combination with PSO and GA based regression model,

mean-squared error which is objective function, accuracy and correlation (r) is
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Figure 5.3: Illustration of data variability of Principal Components

used for examining the results and reliability of blog response volume prediction,

which are described as follows:

1
MSE = = S7(X; — X,)?
Ly - x,)
T(Xi—X,)?
= _ni-1
= Sx—xp

n—1
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Table 5.1: Information gain per PCA components using different sets

PC1 | 94.89 94.88 94.87 94.89 94.87

PC2 | 4.74 4.74 4.74 4.74 4.732

PC3 | 0.14 0.14 0.14 0.14 0.14

PC4 | 0.08 0.08 0.08 0.08 0.08

PC5 | 0.04 0.04 0.05 0.04 0.05
Accuracy = 2 (X = Xy < )

n
where X; is denotes the actual values and X, denotes the predicted values using
the regression algorithm, X is the average value of n samples. While I denotes

various independent attributes and e, is the acceptance of error rate.

After getting the training data reduced dimensionality, results are obtained eval-
uating the performance of regression models which includes SVM, ANN, ANFIS,
ANFIS+PSO, ANFIS+GA on different feature sets under the light of evaluation
metrics correlation, mean-squared error and accuracy. Computational time of
training and testing of each model is also considered which is presented in sec-
onds. Table (5.2) represents the results using information gained by first principal
component. First principal component analysis marked huge information gain, as
to compare and evaluate the performance results are also obtained using first and

second principal components which are shown in Table (5.3).

Time taken by the regression models includes time for training and evaluate the
testing data. This evaluation measure is depicted in graph in Figure (5.4) which
shows the time taken by using data gained by Ist principal component on differ-
ent feature sets which are Basic(B), Basic+Weekday(B+W), Basic+Parent(B+P),
Basic+Textual(B+T) and all features. The graphs shows that ANFIS+GA has
the maximum computational time as compared to other algorithms over all feature
sets. Whereas, neural networks took the least time for whole process of prediction.
Using first and second principal component time taken on different feature sets is
represented in the graph in Figure (5.5) which shows that using two principal com-
ponents increased the time taken by algorithms as compared to using information

by only one principal component.
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Table 5.2: Results with First PC component

Basic |B+W |B+P |B4T | Al
" 065 067 067 |0.67 068
gung | MSE [ 155040 | 1420.10 | 1453.20 | 150100 | 1402.30
Acc.(%) | 8435 8470 | 8440 | 84.30 | 8520
Time | 72 76 73 76 75
: 074 075 075 |06 |07
MSE | 1470 | 1422 | 1428 | 1398 | 1369
ANN e ) 8611 [ 87 %6 87 87
Time | 30 32 34 39 34
T 079 |08 079 |08 0.81
MSE | 142438 | 1435 | 1401 | 1376 | 1311
ANFIS =@ 189 89 89 3 90
Time | 102 100 103 99 104
. 081 082 |08 082 | 083
MSE | 1103 [ 1090 | 1077 | 1053 | 1008
TGA @) =9 90 90 90 o1
Time | 188 85 182 186 190
- 082 083 082 083 |04
MSE | 1093.24 | 988 980 1001 | 926
RSO @y o002 (o 90.00 | o1 92
Time | 163 164 166 162 166

Table 5.3: Performance metrics with first two principal components

Basic |B+W |B+P |B4+T |All
r 0.82 0.84 0.82 0.82 0.85
gy | MSE 4785 | 14TL34 | 14746 | 1476 14704
Acc.(%) | 86 89 86 89 91
Time | 84 85 89 87 89
r 0.87 0.89 0.88 0.89 0.9
MSE | 1383 1381 1378 1376 1370
ANN @y 87 88 88 90 91
Time | 59 61 65 63 65
r 0.92 0.93 0.94 0.93 0.94
MSE | 12441 | 12434 | 12422 | 12418 | 1239.7
ANFIS =@y ot 92 93 93 94
Time | 134 135 137 138 140
r 0.94 0.95 0.95 0.95 0.96
LGa | MSE 100812 10064 | 1007.2 | 10042 | 10036
Acc(%) | 94 04.2 942 94.6 94.60
Time | 237 238 239 238 240
r 0.96 0.96 0.97 0.96 0.97
L pso | MSE 10058 [10046 | 10042 | 10034 | 10032
Acc.(%) | 9485 [ 9491 | 9492 | 9491 |95
Time | 220 223 221 224 225
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Figure 5.4: Time taken by 1st PC on different feature set
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Figure 5.5: Time taken by two principal components on feature set

5.3.1 Accuracy

In the prediction problems, accuracy acts as a major evaluation metric for check-

ing the predictive performance of the algorithm. Accuracy using first principal
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component is depicted in graph in Figure (5.6) which shows that ANFIS+PSO
gains the maximum accuracy on every feature used, ANFIS+GA also shows com-

parative accuracy. In this scenario, SVM has gained the least accuracy.

Accuracy(%)
Il svMm [TINN Il ANFIS [ J+GA Ill+PSO

95

B B+W B+P B+T All

Figure 5.6: Accuracy using first PC

Using two principal components, accuracy is depicted in graph in Figure (5.7)
which shows comparison of results of all algorithms. It shows that ANFIS+PSO
has gained maximum accuracy on each of the feature set while in this scenario

ANFIS+GA has the most comparative results to it.

5.3.2 Correlation

Comparison of correlation is analyzed using first principal component and first
two principal components. Using first principal components, ANFIS+PSO gained
maximum correlation value of 0.84 whereas ANFIS + GA has gained the same
correlation value as 0.83 which is depicted in graph in Figure (5.8). In the graph in
Figure (5.9) using first two components, ANFIS4+PSO has gained 0.97 correlation
value, ANFIS+GA has scored 0.96, ANFIS has 0.94, ANN has 0.9 and SVM
0.85.
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Figure 5.7: Accuracy using two principal Components

Correlation using first Principal component
‘ ‘ ‘ ‘
(I svm [ NN I ANFIS [ +GA [l +PSO|

Coorelation
o
o

B+V; B+I; B+'F
Different Features Set

Figure 5.8: Correlation using first principal component

5.3.3 Mean Squared Error

Mean squared error gained by all algorithms on all data. In this, SVM has gained
the maximum value of error, 1470.04. Whereas ANFIS+PSO has the minimum
value of 987.64.



I svm IENN Il ANFIS [ +GA Il +PSO|

0.97 | | | | | 7
0.4
B B+W B+T All

B+P
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Chapter 6

Conclusion and Future Work

In this thesis, a hybrid ANFIS is proposed which combines with stochastic op-
timization methods for parameters tuning. From the data, important features
which are basic features and its combination with other features such as parent,
textual and weekend features have been derived. PCA is applied on each of the
feature set to reduce the dimensionality while maintaining only significant infor-
mation. Then data is fed into proposed Adaptive Neuro Fuzzy Inference System
which in combination of PSO and GA for prediction of blog response volume.
After experimentation results are obtained under the light of evaluation metrics
such as accuracy, mean squared error and correlation which shows that stochastic
optimization methods used with ANFIS outperformed the conventional methods
which includes support vector machines, ANFIS and neural networks because these
methods search by implementing statistical analysis and probabilistic rules. How-
ever, analyzing the stochastic optimization methods it is found that PSO shows
better results than GA overall and takes less computational time as compared to

GA because of its expensive computational time and complex structure.

Limitations of this research that it is a difficult task to analyze all features from
the document for prediction, only the most important features should be used
which can make prediction even faster. As, in this research basic features has the

most importance. So, analysis of importance of features is important

Future addition to this thesis could be to use the posts data from real world appli-
cations, Twitter and Facebook. Other feature extraction techniques, parameters
tuning and sentiment analysis techniques can be incorporated. Moreover, this
work can be extended to analyze the attitude of the people from the response

submitted.
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