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for the past few years to improve these algorithms in order they can be applied 
to cluster big data. The algorithms are relatively few in comparison to those for 
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Social network analysis (SNA) is the analysis of social communication through 
network and graph theory. In our chapter the application of SNA has been explored 
in telecommunication domain. Telecom data consist of Customer data and Call 
Detail Data (CDR). The proposed work, considers the attributes of call detail data 
and customer data as different relationship types to model our Multi-relational 
Telecommunication social network. Typical work on social network analysis includes 
the discovery of group of customers who shares similar properties. A new challenge 
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After the analysis of the available data we constructed a Weights Multi-relational 
Social Network, in which each relation carry a different weight, representing how 
close two customers are with one another. The centrality measures depict the intensity 
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other customer to churn.

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



﻿

Chapter 7
A Review on Spatial Big Data Analytics and Visualization...............................179

Bangaru Kamatchi Seethapathy, VIT University, India
Parvathi R, VIT University, India

Spatial dataset, which is becoming nontraditional due to the increase in usage of 
social media sensor networks, gaming and many other new emerging technologies 
and applications. The wide variety of sensors are used in solving real time problems 
like natural calamities, traffic analysis, analyzing climatic conditions and the usage 
of GPS, GPRS in mobile phones all together creates huge amount of spatial data 
which really exceeds the traditional spatial data analytics platform and become 
spatial big data .Spatial big data provide new demanding situations for their size, 
analysis, and exploration. This chapter discusses about the analysis of spatial data 
and how it gets descriptive manipulation, so that one can understand how multi 
variant variables get interact with each other along with the different visualization 
tools which make the understanding of spatial data easier.

Chapter 8
A Survey on Overlapping Communities in Large-Scale Social Networks.........198

S Rao Chintalapudi, JNTUK, India
H. M. Krishna Prasad M, JNTUK, India

Social network analysis is one of the emerging research areas in the modern world. 
Social networks can be adapted to all the sectors by using graph theory concepts 
such as transportation networks, collaboration networks, and biological networks and 
so on. The most important property of social networks is community, collection of 
nodes with dense connections inside and sparse connections at outside. Community 
detection is similar to clustering analysis and has many applications in the real-time 
world such as recommendation systems, target marketing and so on. Community 
detection algorithms are broadly classified into two categories. One is disjoint 
community detection algorithms and the other is overlapping community detection 
algorithms. This chapter reviews overlapping community detection algorithms with 
their strengths and limitations. To evaluate these algorithms, a popular synthetic 
network generator, i.e., LFR benchmark generator and the new extended quality 
measures are discussed in detail.

Chapter 9
A Brief Study of Approaches to Text Feature Selection.....................................216

Ravindra Babu Tallamaraju, Flipkart Internet Private Limited, India
Manas Kirti, Flipkart Internet Private Limited, India

With reducing cost of storage devices, increasing amounts of data is being stored 
and processed for extracting intelligence. Classification and clustering have been 

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



﻿

two major approaches in generating data abstraction. Over the last few years, text 
data is dominating the types of data shared and stored. Some of the sources of such 
datasets are mobile data, e-commerce, and wide-range of continuously expanding 
social-networking services. Within each of these sources, the nature of data differs 
drastically from formal language text to Twitter or SMS slangs thereby leading to the 
need for different ways of processing the data for making meaningful summarization. 
Such summaries could effectively be used for business advantage. Processing of 
such data requires identifying appropriate set of features both for efficiency and 
effectiveness. In the current Chapter, we propose to discuss approaches to text feature 
selection and make a comparative study.

Chapter 10
Biological Big Data Analysis and Visualization: A Survey...............................244

Vignesh U, VIT University, India
Parvathi R, VIT University, India

The chapter deals with the big data in biology. The largest collection of biological 
data maintenance paves the way for big data analytics and big data mining due to its 
inefficiency in finding noisy and voluminous data from normal database management 
systems. This provides the domains such as bioinformatics, image informatics, 
clinical informatics, public health informatics, etc. for big data analytics to achieve 
better results with higher efficiency and accuracy in clustering, classification and 
association mining. The complexity measures of the health care data leads to EHR 
(Evidence-based HealthcaRe) technology for maintenance. EHR includes major 
challenges such as patient details in structured and unstructured format, medical 
image data mining, genome analysis and patient communications analysis through 
sensors – biomarkers, etc. The big biological data have many complications in their 
data management and maintenance especially after completing the latest genome 
sequencing technology, next generation sequencing which provides large data in 
zettabyte size.

Related References............................................................................................ 260

Compilation of References............................................................................... 297

About the Contributors.................................................................................... 353

Index................................................................................................................... 358

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



Preface

The rapid growth in digitalization, the technology advancement in data collection 
tools led to the explosive growth of large volumes of data—both structured and 
unstructured—which moves fast. The traditional database systems are incapable 
to store, manage and process such voluminous data. The efficient and effective 
analysis of such data is the need of the day as all he organizations are drowning 
in data and require proper mechanisms that provide insights of such large data for 
better decision making. Classification and clustering are such methods that extract 
some useful information from large structured and unstructured data sets.

Today the problem is not only about handling large volumes of data but also 
about processing different types of data. The data generated by various flights, social 
media such as Facebook, Twitter, blogs, Google+, which include numeric, text 
data and multimedia data, time series data such as stock exchange data, electricity 
consumption data, genomic data, health care data, sensor data, hyper spectral image 
data, online transaction data (e.g., Amazon, Flipkart), online research publications 
and so on. With increase in the Internet of Things applications the amount of the 
data being generated will further increase.

There is an imminent need to process such wide variety of data. New algorithms, 
technologies and infrastructure are essential which have the capabilities in analysing 
such data in contrast to traditional methods. Novel pre-processing methods are 
required that reduce the time and complexity in preparing such variety of data for 
analysis. The important components of big data ecosystem, as per 2011 McKinsey 
Global Institute report, include machine learning, natural language processing, A/B 
testing as techniques for data analysis; technologies like business intelligence, cloud 
computing and visualization such as graphs, charts, etc.; classification, clustering, 
pattern recognition, deep learning, predictive analytics, distributed systems (Map 
Reduce), No SQL technologies, Apache SPARK, are other technologies that deal 
with big data.

The contributed volume consists of 10 chapters written by experts from industry 
and academia. The motivation for editing this book is to enable the readers to 

xii
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Preface

understand the multidisciplinary nature of the Big Data and its applications as well 
as the challenges in various fields.

Clustering the real-world data is essential for better visualization and interpretation 
of data. Most of the real-world data is uncertain and dealing with uncertainty is a 
challenging task. As a result, the uncertainty based models available, like the fuzzy 
set, rough set, intuitionistic fuzzy set, neural networks and their hybrid combinations 
were used by several researchers in developing data clustering algorithms. Perhaps 
the sequence started with the development of fuzzy c-means algorithm by Ruspini 
in 1967, as an extension of the hard c-means algorithm. A major breakthrough in 
the development of clustering algorithms came when in 1981; J. Bezdek introduced 
the concept of objective function for fuzzy c-means and through minimisation of 
this objective function subject to the regular constraints for fuzzy c-means. This 
technique was followed later in most of the clustering algorithms to follow thereafter. 
The Euclidean distance function used to measure the similarity between data points 
leads to the problem of linear separability. So, kernels functions have been used in its 
place and kernelized clustering algorithms have been proposed. Also, beside c-means 
several other algorithms like the k-mode, k-median and k-Medoid algorithms are 
also in vogue. At the arrival of large datasets, all these algorithms have been found 
to be inadequate to handle such datasets. So, researchers have tried to extend these 
algorithms to make them suitable to the situation. Many of these algorithms are 
incremental in nature. In some cases parallel implementations were done and in some 
cases the MapReduce technique developed by Google was used. In the first chapter 
of this volume, an exhaustive study of these algorithms is done and their strength 
and weaknesses have been analysed. In some sense the development of clustering 
algorithms for large datasets is in its preliminary stage as large datasets have several 
other characteristics beyond its size, which are needed to be handled in addition to 
the size of these datasets. Some prospective research directions citing many such 
problems for further study have been mentioned at the end of this chapter besides 
an exhaustive list of source materials being provided as references.

Sentiment analysis, also known as opinion mining is one of the most important 
research fields in Information Processing, Text mining, and Linguistics. Information 
shared in online social networks. It contains useful information about products, 
sales, service, individuals, organizations, Governments, policies, politics, etc. 
Information in sentiment analysis is expressed in the form of an objective statement 
or a subjective statement. The objective statement refers to some factual information 
and subjective statement refers to personal feelings such as love, joy, surprise, anger, 
sadness, and fear. These data come under big data because of their volume, variety, 
and velocity. From another angle, we see that it can be treated as software as a 
service, platform as a service and infrastructure as a service. Which are services 

xiii
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Preface

under big and hence are responsible to create opportunities and pose challenge to 
extract valuable information.

Sentiment analysis is one of the most important applications in the field of text 
mining. It is a process of categorizing the opinion of the writer as positive, negative 
or neutral. Sentiment analysis in social media is very important as it helps us to 
improve services provided to customers, success of a product or campaign success etc. 
It computes people’s opinions, comments, posts, reviews, evaluations, and emotions 
which are expressed on products, sales, services, individuals, organizations, etc. 
Nowadays, large amounts of structured and unstructured data are being produced 
on the web. The categorization and grouping of these data has become a real-world 
problem.

In the second chapter of this volume, the authors address the current research in 
this field, issues and the problem of sentiment analysis on Big Data for classification 
and clustering. In this chapter, new methods, applications, algorithmic extensions 
of classification and clustering along with the associate software tools involved 
under sentiment analysis are discussed. Topics like Symmetric Matrix-based 
predictive classifier, Comparative experiments using supervised learning, Classifier 
ensembles, Ranked Word Graph for Sentiment polarity Classification, Sentiment 
Classification via Social context regularization, Context-Based Sentiment analysis, 
Semi-supervised subjective feature weighting and intelligent modelling, Cross-
lingual sentiment classification: Similarity discovery, Supervised study weighting 
scheme, SVM with the linear kernel as the classification model, unsupervised 
dependency parsing-based text classification method, SACI (Sentiment Analysis 
by Collective Inspection), and a lexicon-based unsupervised method form the 
contents of this chapter. Big data classification and clustering techniques for mining 
from big data are presented with critical analysis. It starts with three machine 
learning approaches of supervised, semi-supervised and unsupervised methods for 
big data are presented The. Topics under supervised sentiment learning methods 
discussed includes Naive Bayes method, maximum entropy method, support vector 
machine, stochastic gradient descent method, n-gram based character language 
model, cross-domain sentiment classification, ranked WordNet graph, structured 
microblog sentiment classification, a multi-label classification based approach, BBS 
based sentiment classification, a fuzzy conceptualization model, supervised term 
weighting method, feature relation network based sentiment classification, a verb-
oriented approach, meta-level sentiment models for big data, emotion topic model, 
syntax tree pruning and tree kernel based sentiment classification, morphemes 
based sentiment classification, joint sentiment – topic model, a dependency tree 
based approach, improved word-of-mouth sentiment classification, and a deep 
belief network based sentiment classification. Similarly, semi-supervised sentiment 
learning methods analysed include Semi-supervised dimensionality reduction, topic-
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Preface

adaptive sentiment classification (TASC), multi-dimensional classification, active 
deep learning method, and fuzzy deep belief networks. The unsupervised sentiment 
learning methods discussed include clustering sentiment based on graph similarity, 
unsupervised artificial neural networks, unsupervised multi-class sentiment learning, 
an entropic measure based clustering, and unsupervised cross-lingual topic model.

The ensemble-based approaches, which perform multiple learning algorithms 
for better performance, comprising of sentiment analysis using classifier ensembles 
and lexicons, a multi-objective weighted voting ensemble classifier based on 
differential evolution algorithm; random subspace method, feature ensemble plus 
sample selection (SS-FE) approach, and an unbalanced sentiment classification 
using ensemble learning are discussed. Some proposals for future work involving the 
topics; hybrid approaches, extensions of clustering and classification, applications of 
sentiment analysis on big data, and software tools from the big data perspective, their 
empirical verification using different data sets, development of different software 
tools for performance measure are presented, which provide some directions to 
budding researchers in the field.

Data compaction is the reduction of the number of data elements, bandwidth, 
cost, and time for the generation, transmission, and storage of data without loss of 
information by eliminating unnecessary redundancy, removing irrelevancy, or using 
special coding. In Chapter 3 of this volume various data compaction techniques are 
presented. The topics presented include variations of the Nearest Neighbour methods 
along with their advantages and disadvantages, data compaction techniques which 
use Prototype selection like the CNN, MCNN or OCNN and the methods PCA or 
LDA which deal with dimensionality. When both cardinality and dimensionality of 
the data set are considered together, any of the methods CNN, MCNN or OCNN 
can be combined with the methods PCA or LDA. This is termed as data compaction 
using Prototype selection and Feature selection. In this chapter the effectiveness and 
usefulness of prototype selection and feature selection methods were elucidated. 
Experiments have been carried out and results are expatiated. These methods are 
helpful to the researchers where there is necessity of reducing the data size. Some 
future directions of research under data compaction techniques are also proposed 
here. It is suggested that the CNN or MCNN methods which require single scan 
of the data set can be improved. Also, it is added that the OCNN algorithm can be 
modified to reduce its time complexity. Some further reading directions are provided 
for readers who are interested to get details on the topics covered here along with 
their chronological developments and critical analysis.

With the rise of modern technology, paper-based text files are being replaced by 
electronic version and is easily available online. Though the readers embrace comfort 
and portability provided by electronic version of the text files, paper based text 
files are still popular. Unlike decades back, text files in any field of study is readily 
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available now. With the demand for text files rising, the qualities of the text files are 
compromised. With the decline rate reading habits, readers hardly spent some time 
to evaluate the content of the file due to lack of patience. It necessitates developing 
techniques which analyze the effectiveness of text files in detail. The readers will 
be helped through this technique in finding the suitable text files according to their 
needs depending upon their comprehension capability.

Such a tool which algorithmically traces the effectiveness the text files would 
be helpful in determining whether the text file have all the characteristic of a good 
source. Every file is build up on key concepts, and these key concepts form the 
foundation of a good source. The text sources that contain concepts that share 
some common properties and semantically related are more lucid and intelligible 
than those text sources which contain many unrelated concepts. These paramount 
phrases follow a certain grammatical linguistic pattern widely used. An enormous 
amount of information can be derived from these key concepts for the further analysis 
such as their dispersion across the file, relationship among the concepts, etc. Such 
analysis will help in better assessment of the text file. The relationship among the 
key concepts can be used to draw a concept graphs. Since we live in an increasingly 
visual society, pictorial representation of the key concepts as a graph would help 
the readers in easily judging the text source and their content.

In Chapter 4 of this volume, methodologies depending on the key concepts 
for retrieval of text files are presented. The authors analyse the techniques for 
examining the key concepts in the text files and present some of the different 
tools used in natural language processing along with a detailed discussion on their 
uses and implementation methods. The focus is on key concepts basing upon the 
terminological noun phrases, which upon extraction, can be further analysed to check 
the credibility of the text file in conveying the required set of information to the 
readers. It is based on the intuition that a source which contains right set of related 
key concepts is more beneficial and comprehensible. The set of key concept which 
form the cornerstone of a text file can be further used to draw concept graphs. The 
noun phrases from the candidate set of extracted phrases form the nodes of the graph 
and the relationship that exists between the nodes can be denoted by a link between 
the concept pairs. The ‘in’ degree and ‘out’ degree of each vertex of the graph i.e., 
the noun phrases can be used to determine the most important key concepts. Such 
representation of the source in a visual form helps readers in easily judging and 
grasping the key concepts. This ultimately serves as a preface to the text files and 
reduces the cognitive burden of the readers.

It is argued that although the selection of key concepts from the text files is the 
main point in information retrieval, selecting a good text file is of utmost importance 
as the ability to figure out the key concepts has been a big hurdle and troubling 
task. Recognizing the importance of key concepts, devising such methodologies, 
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technologies, and the linguistic patterns to extract the key concepts from a text file 
and evaluate the text file based on key concepts is of immense importance. This 
chapter highlights the importance, techniques and approaches in selecting a good text 
file and retrieving useful information from these files. An exhaustive bibliography 
of resources on these concepts is also a hall mark of this chapter.

One of the outcomes of the popularity of online social networks is the development 
of a new field, social network analysis (SNA). This field studies not just the structure 
of social network but also the behaviour of the people who belong to it. One social 
network that has become popular for analysis is Twitter. Tweets based on a specific 
topic of interest, once extracted can be analysed and the results obtained can be 
used in many applications. Twitter Data Analysis has gained much popularity 
nowadays as obtaining information from Twitter makes it possible for vendors to 
provide personalized solutions to their customers and unlike other social networks, 
most accounts of Twitter are public, making it possible to obtain the necessary 
data. Also, the limitation imposed upon the number of characters ensures that one 
can quickly cover many twits in a short period of time, process them to get useful 
information quickly and react to these twits. The three forms of twitter analysis are 
content based analysis, network based analysis and hybrid analysis. Content based 
analysis techniques rely solely on the tweets/text produced, network based analysis 
depends upon the structures of the networks used. As is well known by now, hybrid 
techniques are more effective than their individual components if formed suitably. So, 
a combination of the above two analysis techniques which is often more suitable is 
termed as hybrid analysis. In Chapter 5 of this volume techniques/methodologies in 
Twitter Data Analysis and its significance are discussed. The basic intention of this 
chapter is to show how analytical techniques namely Trending Topic Analysis and 
Influence Maximization can be utilized to study and mine significant information 
from a social network such as Twitter. Some illustrative applications in real life 
business value use cases is detailed. The authors believe that these illustrations 
would trigger ideas for researchers in various fields.

To be precise, a study on Trending Topic Analysis technique which is a content 
based static data analysis is emphasized accounting to the urging need of a complete 
analysed summary of the topic under interest, presented in a topic evolved manner. 
Another study is on the Influence maximization technique which is a hybrid data 
analysis is discussed. It is important as it provides a way to find a small set of users, 
thus reducing the cost of promoting a product or campaign while simultaneously 
maximizing the spread of word about them. Distinguishing and critical aspect of 
the proposed Influence Maximization methodology is that it follows a Big Data 
approach enhancing its significance many folds.

Social Network Analysis (SNA) can be described as the process of defining social 
communication by the help of network and graph theory. The network structure is 
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characterized in terms of actors, people or things associated by ties or links. Social 
network analysis is described by different social media networks, collaboration 
graphs, kinship. The representation of network is done through a diagram called 
sociogram, where nodes are represented as points and links as lines. A social network 
can be established between person, groups or organizations. It indicates the ways in 
which they are connected through various social familiarities ranging from casual 
acquaintance to close familiar bonds. Different scenarios such as email traffic, 
disease transmission, and criminal activity can be modelled using social networks. 
The co-ordination and flow between people, groups, organizations, or other resources 
information sharing is analysed by Social network analysis. People in the network 
represented as nodes and groups, while the links show relationships or flows between 
the nodes. A mathematical or graphical analysis of human relationship can be 
established by Social network analysis. This method is also used as Organizational 
Network Analysis by Management consultants for business clients. Social structure 
of the organization is described by groupings. As a whole the behaviour of the 
network is explained by number, size, and connections between sub-groupings in a 
network. Some of the features of sub-group structure can define the behaviour of the 
network by solving following questions. Several queries like, how fast will things 
move across the actors in the network and is it most likely that conflicts will involve 
multiple groups, or two factions, what is the extent of overlapping of the sub-groups 
and social structures can be raised under the circumstances. The analysis is preceded 
by the basic approaches for collecting data, which are in the form of questionnaires, 
interviews, observations, and some other secondary sources.

In Chapter 6 of this edited volume the focus is on our Multi-relational 
Telecommunication social network, where attributes of call detail data and customer 
data as different relationship types are modelled. After the analysis of the available 
data we constructed a Weights Multi-relational Social Network, in which each relation 
carry a different weight, representing how close two customers are with one another. 
The centrality measures depicts the intensity of the customer closeness, hence it can 
be found that the customer who influence the other customer to churn. Our second 
study comprises analysis of various structural properties of the SMS graph, including 
the in-degree distribution, out degree distribution, connected components and cliques. 
From the study on connected components, it has been found that almost 70% of 
the components are of size two, i.e., maximum user communication takes place in 
isolated pairs. One of the possible uses of the degree distribution is to develop a 
traffic plan which benefits the users as well as the service providers. Information 
Dissemination is another possible application of connected and strongly connected 
components. In a commercial network, the service providers would like to exploit 
the social networking aspects, and try to achieve maximum spread of information 
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from minimum resources using underlying social dynamics. So, this chapter will 
be helpful to all of them.

As a result of generation of enormous amount of data created due to the increase 
of various other gadgets and advancement in technologies, each and every field 
need a data analytics in order to do make better decisions or to make more profit 
or to get the best opinion out of it. One of the major sources of generation of big 
data is the social media, which never fails to create tons and tons of data every 
day, out of this the spatial data which is created at the rate of terabytes. Due to 
the creation of such huge data, the data mining activity is getting hyperactive by 
various data mining approaches and algorithms. One of the special cases in remote 
sensing data analysis is spatial data analysis. The data collected from the space via 
satellites and meteorological data detected by the sensors to determine land and sea 
perceptions are making handling spatial data a huge one. The investigations of such 
substantial data display their own difficulties, despite the fact that with exceedingly 
capable processors and rapid data access conceivable shortly. Geospatial Data has 
always been Big Data. Now Big Data Analytics for geospatial data is available to 
allow users to analyze massive volumes of geospatial data. Petabyte archives for 
remotely sensed Geo data were being planned in the 1980s, and growth has met 
expectations. Add to this the ever-increasing volume and reliability of real time 
sensor observations, the need for high performance, big data analytics for modelling 
and simulation of geospatially enabled content is greater than ever. Workstations 
capable of fast geometric processing of vector Geo data brought a revolution in GIS. 
Now big processing through cloud computing and analytics can make greater sense 
of data and deliver the promised value of imagery and all other types of geospatial 
information. Cloud initiatives have accelerated lightweight client access to powerful 
processing services hosted in remote locations. The recent ESA/ESRIN “Big Data 
from Space” event addressed challenges posed by policies for dissemination, data 
search, sharing, transfer, mining, analysis, fusion and visualization. Chapter 7 of this 
volume deals with big data approach of handling spatial data is discussed along with 
the visualization technique. The Hadoop framework which provides various ways 
to handle the spatial data and also the map reduce framework which is explained 
here paves way to the emergence of different algorithms for handling the spatial 
data which acts as the base. The spatial Hadoop and apache mahout environment 
are becoming more and more curious and lot of researches getting emerged in it. 
When coming to visualization, whatever is done should get a shape and a view 
which is only possible through the visualization tools. The tools discussed in this 
chapter also did not reach its heights and further researches are carried out and 
most user friendly visualization tools has to be created in order to view the results 
of big data and also one of the open challenge of Hadoop framework is security in 
handling the spatial data.
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As social networks are getting more popular, analyzing such networks has become 
one of the most important issues in various areas. In the era of big data, the amount 
of available data is growing unprecedentedly. Thus, data analysis techniques need 
very scalable approaches that can cope with huge network datasets. The significance 
of big data has attracted the concern of governments, companies and scientific 
institutions. The voluminous data available in social network sites and web like 
Facebook, Twitter, Instagram, LinkedIn, Weibo, World Wide Web and Wikipedia 
can be treated as bi data. This data can be represented as a graph/ Network, where 
nodes denote persons or pages, while edges represent the relationship between 
persons or pages. This relationship represents following in Twitter, friendship in 
Facebook, professional connections in LinkedIn, hyperlinks in WWW. This data 
may constitute several communities based interactions between people or entities. 
The members of community have some common interests such as movies, travel, 
photography, music, novels etc. and hence, they tend to interact more frequently 
within the community than the outside. Finding Communities in social networks 
is similar to Graph clustering problem, hence, it can also be called as big graph 
clustering with respect to larger networks. In Chapter 8 of this work, the features 
like community detection, detection of overlapping of various communities and 
their evaluation are presented and analysed.

Some research directions outlined in this chapter are as follows. Most of the 
research in community detection is done for unweighted and undirected networks 
only. Hence, there is a scope for future work in this area by developing algorithms 
for weighted and directed, attributed, bipartite networks. Scalability of the algorithm 
is also another research direction in this area because the number of nodes and edges 
in a real world social network are increasing rapidly. Moreover, social networks are 
dynamic in nature that means they evolve over time. Hence, community detection 
in dynamic networks is a challenging task for future work.

In Chapter 9, the focus is on feature selection for large datasets. General feature 
selection approaches, issues that are specific to text feature selection and experimental 
comparison of some text feature selection approaches on a common dataset are 
discussed. The work forms a brief study of feature selection algorithms. Relevant 
celebrated works that focused on different aspects of feature selection ranging from 
specific methods, feature selection metrics, theoretical frameworks, empirical studies, 
feature selection studies in relation to text mining, text categorization, similarity 
preserving, etc., are provided.

Bioinformatics is an interdisciplinary area that deals with the biology, computer 
and statistics. It involves the major aspects of genomics and proteomics with the 
genome sequencing, which are very sensitive in nature as representing the individual 
letter for a single nucleotide in case of DNA sequencing. Since 1970, the biological 
databases are digitized and their sensitivity factors with efficiency are maintained 
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in a perfect manner but due to the vast amount of increasing data the maintenance 
aspect and extraction of information from gene expression becomes so complex, 
thus the big data gives the better results for these problems in an accurate manner. 
So, one needs to deal with information efficiently, accurately and in a faster manner 
by saving enormous time with biological data sets.

In the final chapter of this volume, analysis, interpretation, and visualization of 
big biological data produced by high throughput technologies such as next generation 
sequencing, microarray etc. are covered efficiently. It provides a framework for 
integrating new computational tools. NGS data are aligned by proposed alignment 
tool pairwise-multiple alignment tool. NGS data undergo assembly process with new 
proposed algorithm package gene assembler. A new machine learning approaches for 
re-sequenced genomes are included to detect polymorphism and structural variant. 
The resultant analyzed data are visualized using tabular and graphical method with 
inclusion of new packages of big data visualization using python language. The 
users will able to connect to the large high amounts of data dumped in the public 
databases like PDB, NCBI, and from several other available online databases.

This book should be useful for computing science students, application developers, 
data scientists, business analysts, business professionals, data analysts, statisticians, 
scientists and researchers working in the fields of data mining, big data analytics, 
machine learning, information retrieval, knowledge based systems and visualization. 
Since big data analytics is growing as a multidisciplinary field various technologies 
that could enlighten academicians and professionals becomes essential.

The editors will feel that their efforts have been duly rewarded if it serves the 
needs of students, the practitioners and researchers in the field of big data.

Hari Seetha
Vellore Institute of Technology-Andhra Pradesh, India

M. N. Murty
Indian Institute of Science, India

B. K. Tripathy
VIT University, India
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ABSTRACT

Data clustering plays a very important role in Data mining, machine learning and 
Image processing areas. As modern day databases have inherent uncertainties, 
many uncertainty-based data clustering algorithms have been developed in this 
direction. These algorithms are fuzzy c-means, rough c-means, intuitionistic fuzzy 
c-means and the means like rough fuzzy c-means, rough intuitionistic fuzzy c-means 
which base on hybrid models. Also, we find many variants of these algorithms which 
improve them in different directions like their Kernelised versions, possibilistic 
versions, and possibilistic Kernelised versions. However, all the above algorithms 
are not effective on big data for various reasons. So, researchers have been trying 
for the past few years to improve these algorithms in order they can be applied 
to cluster big data. The algorithms are relatively few in comparison to those for 
datasets of reasonable size. It is our aim in this chapter to present the uncertainty 
based clustering algorithms developed so far and proposes a few new algorithms 
which can be developed further.

Uncertainty-Based Clustering 
Algorithms for Large Data Sets
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An intelligent being cannot treat every object it sees as a unique entity unlike 
anything else in the universe. It has to put objects in categories so that it may apply 
its hard-won knowledge about similar objects encountered in the past, to the object 
at hand. – Steven Pinker, How the Mind Works, 1997

1. INTRODUCTION

We are living in a world full of data. Every day, people deal with different types of 
data coming from all types of measurements and observations. Data describe the 
characteristics of a living species, depict the properties of a natural phenomenon, 
summarize the results of a scientific experiment, and record the dynamics of a 
running machinery system. More importantly, data provide a basis for further analysis, 
reasoning, decisions, and ultimately, for the understanding of all kinds of objects 
and phenomena. One of the most important of the myriad of data analysis activities 
is to classify or group data into a set of categories or clusters. Data objects that are 
classified in the same group should display similar properties based on some criteria. 
Actually, as one of the most primitive activities of human beings (Anderberg, 1973; 
Everitt et al., 2001), classification plays an important and indispensable role in the 
long history of human development. In order to learn a new object or understand 
a new phenomenon, people always try to identify descriptive feature and further 
compare these features with those of known objects or phenomena, based on their 
similarity or dissimilarity, generalized as proximity, according to some certain 
standards or rules. As an example, all natural objects are basically classified into 
three groups: animal, plant, and mineral. According to the biological taxonomy, 
all animals are further classified into categories of kingdom, phylum, class, order, 
family, genus, and species, from general to specific. Thus, we have animals named 
tigers, lions, wolves, dogs, horses, sheep, cats, mice, and so on. Actually, naming 
and classifying are essentially synonymous, according to Everitt et al. (2001), with 
such classification information at hand, we can infer the properties of a specific 
object based on the category to which it belongs. For instance, when we see a seal 
lying easily on the ground, we know immediately that it is a good swimmer without 
really seeing it swim.

Basically, classification systems are either supervised or unsupervised, depending 
on whether they assign new data objects to one of a finite number of discrete supervised 
classes or unsupervised categories, respectively (Bishop, 1995; Cherkassky and 
Mulier, 1998; Duda et al., 2001).

A cluster is a collection of data elements that are similar to each other but 
dissimilar to elements in other clusters. A vast amount of data is generated and 
made available across multiple sources. It is practically impossible to manually 
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analyze the myriad of data and select the data that is required to perform a particular 
task. Hence, a mechanism that can classify the data according to some criteria in 
which only the classes of interest are selected and rests are rejected is essential. 
Clustering techniques are applied in the analysis of statistical data used in fields 
such as machine learning, pattern recognition, image analysis, information retrieval, 
and bioinformatics and is a major task in exploratory data mining (Bezdek and Pal 
1998, Tou and Gonzalez 1974). A wide number of clustering algorithms have been 
proposed to suit the requirements in each field of its application.

The first and perhaps the most common clustering algorithm is Hard C-Means 
(HCM). However, uncertainty has become an integral part of modern day databases. 
There are many uncertainty based models in literature like the fuzzy sets introduced 
by Zadeh (1965), the rough sets introduced by Pawlak (1982), the intuitionistic fuzzy 
sets introduced by Atanassov (1986) and their hybrid models like the rough fuzzy 
sets and fuzzy rough sets introduced by Dubois and Prade (1990) and the rough 
intuitionistic fuzzy sets introduced by Saleha et al. (2002) and intuitionistic fuzzy rough 
sets introduced by Tripathy et al (2002). Several modifications to HCM framework 
led to the development of various uncertainty based C-Means algorithms such as 
Fuzzy C-means (FCM) (Ruspini, 1970, Bezdek, 1981), Rough C-Means (RCM) 
(Lingras et al, 2004, Peters, 2006), Rough-Fuzzy C-Means (RFCM) (Mitra et al, 
2006, Maji and Pal 2007), Intuitionistic Fuzzy C-Means (IFCM) (Chaira 2011) and 
Rough Intuitionistic Fuzzy C-Means (Tripathy et al. 2013). It has been established 
that RIFCM works better than all the other c-means algorithms for numeric data 
sets. The combination of fuzzy or intuitionistic fuzzy techniques with the rough set 
techniques take care of graded membership and graded non-membership of objects 
in clusters and the uncertainty through the boundary regions. It was observed later 
that the behaviour of RIFCM fluctuates over image datasets (Srujan et al 2017a). 
However, this is because of the selection of initial solutions. Now a day, genetic 
algorithms are used to find an optimal initial solution. It has been observed that 
taking the firefly algorithm to select the initial solutions shows that RIFCM is the 
best among all the algorithms discussed above for both numerical and image data 
sets (Namdev et al 2016; Srujan et al 2017a, 2017b).

The process of grouping a set of physical or abstract objects into classes of 
similar objects is called clustering. It is an exploratory procedure that searches for 
“natural” structure within a data set. This process involves sorting the data cases 
or objects into groups or clusters so that objects in the same cluster are more like 
one another than they are like objects in another cluster. The sorting occurs on the 
basis of similarities calculated from the data; no assumptions about the structure of 
the data are made. A cluster of data objects can be treated collectively as one group 
and so may be considered as a form of data compression (Priyadarishini et al 2011). 
Although classification is an effective means for distinguishing groups or classes of 
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objects, it requires the often costly collection and labelling of a large set of training 
tuples or patterns, which the classifier uses to model each group (Priyadarishini et 
al 2011). A number of algorithms for clustering categorical data have been proposed 
such as K-Means, Expectation-Maximization (EM) Algorithm, Association Rule, 
K-Modes, K-Prototypes, CACTUS (Clustering Categorical Data Using Summaries), 
ROCK (Robust Clustering using Links), STIRR (Sieving Through Iterated Relational 
Reinforcement), LCBCDC (Link Clustering Based Categorical Data Clustering), 
fuzzy K-modes algorithm, fuzzy centroids algorithm etc.. These algorithms require 
multiple runs to establish the stability needed to obtain a satisfactory value for 
one parameter. While these methods make important contributions to the issue 
of clustering categorical data, they are not designed to handle uncertainty in the 
clustering process. In order to handle this situation many clustering based algorithms 
have been established using uncertainty based models. One such model is rough 
set theory. Rough sets theory is a new mathematical tool to handle uncertainty and 
incomplete information. Polish mathematician Pawlak Z initially proposed it (Pawlak 
and Skowron, 2007a). The theory consists of finite sets, equivalence relations and 
cardinality concepts. A principal goal of rough set theoretic analysis is to synthesize 
or construct approximations (upper and lower) offsets concepts from the acquired 
data. Rough set theory clarifies set-theoretic characteristics of the classes over 
combinatorial patterns of the attributes. This theory can be used to acquire some 
sets of attributes for classification and can also evaluate the degree of the attributes 
of database that are able to classify data. Basically, when using rough sets, the data 
itself is used to come up with the approximation in order to deal with the imprecision 
within. It can therefore be considered a self-sufficient discipline (Pawlak and Skowron 
2007b, 2007c). Unlike fuzzy set based approaches, rough sets have no requirement 
on domain expertise to assign the fuzzy membership. This is an important issue in 
many real world applications where there is often no sharp boundary between clusters 
(Parmar et.al 2007). Still, it may provide satisfactory results for rough clustering. 
They call this algorithm as MMR (Min-Min Roughness) Clustering is useful for 
data reduction, image segmentation, medical analysis, weather forecasting and text 
mining etc. In practical application, the data sets contain numerical and categorical 
(nominal) data in general. Accordingly, clustering algorithm is required to able to 
deal with both numerical data and categorical data. The algorithm established is not 
suitable to handle hybrid datasets. In order to tackle such situations MMR algorithm 
was extended by Kumar et al (Kumar and Tripathy, 2009) when they introduced 
the MMeR (Min-Mean Roughness) algorithm. Besides being applicable to hybrid 
data sets, this algorithm refines the selection of attribute concept used in MMR. 
MMeR was further extended to develop the SDR (Standard deviation Roughness) in 
(Tripathy et al, 2011a) and SSDR (Standard deviation- Standard deviation Roughness) 
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in (Tripathy et al, 2011b). However, it has been observed that SSDR does not have 
much improvement over SDR.

1.1. Applications of Clustering

Clustering has been applied in a wide variety of fields, as illustrated below with a 
number of typical applications (Anderberg, 1973; Everitt et al., 2001; Hartigan, 1975).

1. 	 Engineering (computational intelligence, machine learning, pattern recognition, 
mechanical engineering, electrical engineering). Typical applications of 
clustering in engineering range from biometric recognition and speech 
recognition, to radar signal analysis, information compression, and noise 
removal.

2. 	 Computer sciences. We have seen more and more applications of clustering in 
web mining, spatial database analysis, information retrieval, textual document 
collection, and image segmentation.

3. 	 Life and medical sciences (genetics, biology, microbiology, palaeontology, 
psychiatry, clinic, phylogeny, pathology). These areas consist of the major 
applications of clustering in its early stage and will continue to be one of the 
main playing fields for clustering algorithms. Important applications include 
taxonomy definition, gene and protein function identification, disease diagnosis 
and treatment, and so on.

4. 	 Astronomy and earth sciences (geography, geology, remote sensing). Clustering 
can be used to classify stars and planets, investigate land formations, partition 
regions and cities, and study river and mountain systems.

5. 	 Social sciences (sociology, psychology, archaeology, anthropology, education). 
Interesting applications can be found in behaviour pattern analysis, relation 
identification among different cultures, construction of evolutionary history 
of languages, analysis of social networks, archaeological finding and artifact 
classification, and the study of criminal psychology.

6. 	 Economics (marketing, business). Applications in customer characteristics and 
purchasing pattern recognition, grouping of firms, and stock trend analysis all 
benefit from the use of cluster analysis.

Cluster analysis is a basic human mental activity and consists of research 
developed across a wide variety of communities. Accordingly, cluster analysis has 
many alternative names differing from one discipline to another. In biology and 
ecology, cluster analysis is more often known as numerical taxonomy. Researchers 
in computational intelligence and machine learning are more likely to use the terms 
unsupervised learning or learning without a teacher. In social science, typological 
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analysis is preferred, while in graph theory, partition is usually employed. This 
diversity reflects the important position of clustering in scientific research. On the 
other hand, it causes confusion because of the differing terminologies and goals. 
Frequently, similar theories or algorithms are redeveloped several times in different 
disciplines due to the lack of good communication, which causes unnecessary 
burdens and wastes time.

2. TYPES OF CLUSTERING ALGORITHMS FOR LARGE DATA

We divide and discuss the algorithms in large - scale data clustering in the following 
categories:

•	 Random sampling
•	 Data condensation
•	 Density-based approaches
•	 Grid-based approaches
•	 Divide and conquer
•	 Incremental learning
•	 Model Based

Many proposed algorithms combine more than one method to be scalable to 
large - scale data cluster analysis and thus belong to at least two categories above. 
For example, the algorithm DENCLUE relies on both density – based and grid-based 
notions of clustering. The algorithm FC processes data points in an incremental way, 
and it also represents cluster information with a series of grids.

2.1. Random Sampling Methods

Clustering algorithms that use a random sampling approach in large - scale data 
clustering are applied to a random sample of the original data set instead of the entire 
data set. The key point of the random sampling approach is that an appropriate - 
sized sample can maintain the important geometrical properties of potential clusters, 
while greatly reducing the requirement for both computational time and storage 
space. The lower bound of the minimum sample size can be estimated in terms of 
Chertoff bounds, given the low probability that clusters are missing in the sample 
set (Guha et al., 1998).
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2.2. Condensation-Based Methods

Condensation-based approaches perform clustering by using the calculated summary 
statistics of the original data rather than the entire data set. In this way, the requirement 
for the storage of and the frequent operations on the large volume of data is greatly 
reduced and large - scale data sets can be clustered with reasonable time and space 
efficiency. The algorithm BIRCH (Balanced Iterative Reducing and Clustering 
using Hierarchies) (Zhang et al., 1996) is such an example, which has an important 
impact on many other condensation-based methods.

BIRCH is local (as opposed to global) in that each clustering decision is made 
without scanning all data points or all currently existing clusters. It uses measurements 
that reflect the natural closeness of points, and at the same time, can be incrementally 
maintained during the clustering process. l BIRCH exploits the observation that 
the data space is usually not uniformly occupied, and hence not every data point 
is equally important for clustering purposes. A dense region of points is treated 
collectively as a single cluster. Points in sparse regions are treated as outliers and 
removed optionally. BIRCH makes full use of available memory to derive the finest 
possible sub-clusters (to ensure accuracy) while minimizing I/O costs (to ensure 
efficiency). The clustering and reducing process is organized and characterized by 
the use of an in-memory, height balanced and highly-occupied tree structure. Due 
to these features, its running time is linearly scalable. If the final two phases are 
omitted, BIRCH is an incremental method that does not require the whole dataset 
in advance, and only scans the dataset once.

2.3. Density-Based Methods

Density-based approaches rely on the density of data points for clustering and have 
the advantage of generating clusters with arbitrary shapes and good scalability. The 
density of points within a cluster is considerably higher than the density of points 
outside of the cluster. Specifically, the algorithm DBSCAN (Density Based Spatial 
Clustering of Applications with Noise) (Ester et al., 1996) implements the concept 
of density—reachability and density—connectivity to define clusters.

Such points are known as core points. If two core points are within each other’s 
neighborhood, they belong to the same cluster. It also can be seen that density 
-reachability is symmetric for core points. In comparison, there exist two other types 
of data points, border points and noise points. Border points, those on the border of 
a cluster, do not contain enough points in their neighborhood to be the core points, 
but they belong to the neighborhood of some core points. The points that are neither 
core points nor border points are regarded as noise.
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Here, data objects are separated based on their regions of density, connectivity 
and boundary. They are closely related to point-nearest neighbours. A cluster, defined 
as a connected dense component, grows in any direction that density leads to. As 
a result density-based algorithms are capable of discovering clusters of arbitrary 
shapes. These algorithms have the inherent property that they provide protection 
against outliers. Thus the overall density of a point is analysed to determine the 
functions of datasets that influence a particular data point. DBSCAN, OPTICS, 
DBCLASD and DENCLUE are algorithms that use such a method to filter out 
outliers and discover clusters of arbitrary shape.

2.4. Grid-Based Methods

Grid-based approaches divide a data space into a set of cells or cubes by a grid. This 
space partitioning is then used as a basis for determining the final data partitioning. 
The algorithm STING (STatistical INformation Grid) (Wang et al., 1997) uses a 
hierarchical structure within the division of the data space. Cells are constructed 
at different levels in the hierarchy corresponding to different resolutions. The 
hierarchy starts with one cell at the root level and each cell at a higher level has l 
children (four by default). Information in each cell is stored in terms of a feature 
independent parameter, i.e., the number of points in the cell, and feature dependent 
parameters, i.e., mean, standard deviation, minimum, maximum, and distribution 
type. Parameters at higher - level cells can be obtained from parameters at lower - 
level cells. Cells that are relevant to certain conditions are determined based on their 
data summaries, and only those cells that are children of the relevant cells are further 
examined. After the bottom level is reached, a breadth - first search can be used to 
find the clusters that have densities greater than a pre-specified threshold. Thus, 
STING combines both data condensation and density-based clustering strategies. 
The clusters formed by STING can approximate the result from DBSCAN when the 
granularity of the bottom level approaches zero (Wang et al., 1997). STING achieves 
faster performance in simulation studies than other algorithms, such as BIRCH. 
STING is also extended as STING+ (Wang et al., 1999) to deal with dynamically 
evolving spatial data while maintaining the similar hierarchical structure. STING+ 
supports user - defined triggers, which are decomposed into sub - triggers associated 
with cells in the hierarchy. STING+ considers four categories of triggers based 
on the absolute or relative condition on certain regions or features. Wave Cluster 
(Sheikholeslami et al., 1998) considers clustering data in the feature space from 
a signal processing perspective. Cluster boundaries, which display rapid changes 
in the distribution of data points, correspond to the high - frequency parts of the 
signal, while the interiors of clusters, which have high densities, correspond to the 
low frequency parts of the signal with high amplitude. Signal processing techniques, 
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such as wavelet transform, can be used to identify the different frequency sub-bands 
of the signal and therefore generate the clusters. Wavelet transform demonstrates 
many desirable properties in cluster identification, particularly with the benefits of 
effective filters, outlier detection, and multi - resolution analysis. For example, the 
hat – shaped filters make the clusters more distinguishable by emphasizing dense 
regions while suppressing less dense areas in the boundaries. Low - pass filters have 
the advantage of automatically eliminating noise and outliers. Multi – resolution 
representation of a signal with wavelet transform allows the identification of clusters 
at different scales, i.e., coarse, medium, and fine. The size of the grid will vary 
corresponding to different scales of transform.

The performance of a grid-based method depends on the size of the grid, which 
is usually much less than the size of the database. However, for highly irregular 
data distributions, using a single uniform grid may not be sufficient to obtain the 
required clustering quality or fulfil the time requirement. Wave-Cluster is another 
example of this category.

2.5. Divide and Conquer

When the size of a data set is too large to be stored in the main memory, it is possible 
to divide the data into different subsets that can fi t the main memory and to use 
the selected cluster algorithm separately to these subsets. Clusters are identified in 
the transformed feature space. The assignment of data points to the corresponding 
clusters is achieved via a lookup table, which associate cells in the original feature 
space with cells in the transformed feature space. Clustering result is obtained by 
merging the previously formed clusters. This approach is known as “divide and 
conquer” (Guha et al., 2003; Jain et al., 1999). Specifically, given a data set with 
N points stored in a secondary memory, the divide - and - conquer algorithm first 
divides the entire data set into r subsets with approximately similar sizes. Each of 
the subsets is then loaded into the main memory and is divided into a certain number 
of clusters with a clustering algorithm. Representative points of these clusters, 
such as the centers of the clusters, are then picked for further clustering. These 
representatives may be weighted based on some rule, e.g., the centers of the clusters 
could be weighted by the number of points belonging to them (Guha et al., 2003). 
The algorithm repeatedly clusters the representatives obtained from the clusters in 
the previous level until the highest level is reached. The data points are then put into 
corresponding clusters formed at the highest level based on the representatives at 
different levels. Stahl (1986) illustrated a two - level divide - and - conquer clustering 
algorithm applied to a data set with 2,000 data points. The leader algorithm (Duda 
et al., 2001) is first used to form a large number of clusters from the original data. 
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The obtained representatives of these clusters are then clustered with a hierarchical 
clustering algorithm.

2.6. Incremental Clustering

In contrast to batch clustering, which requires loading the entire data set into the 
main memory, an incremental or online clustering approach does not require the 
storage of all these data points, instead handling the data set one point at a time. If 
the current data point displays enough closeness to an existent cluster according 
to some predefined criteria, it is assigned to the cluster. Otherwise, a new cluster 
is created to represent the point. Because only the representation of each cluster 
must be stored in the memory, an incremental clustering strategy saves a great deal 
of space. A typical example that is based on incremental learning is the adaptive 
resonance theory (ART) family (Carpenter and Grossberg, 1987, 1990). Several 
other clustering algorithms, such as DBCLASD and FC, also process the input 
data points incrementally. As previously mentioned, one of the major problems for 
incremental clustering algorithms is that they are order dependent, which means 
that different presentation orders of the input points cause different partitions of the 
data set (Carpenter and Grossberg, 1987; Moore, 1989). Obviously, this is not an 
appealing property because of the problem caused in cluster validation. DBCLASD 
(Xu et al., 1998) uses two methods to decrease the reliance on data ordering. The 
first heuristic retains the unsuccessful candidates rather than discarding them and 
then tries them again to the clusters. The second heuristic allows data points to 
change their cluster membership.

2.7. Model-Based Algorithms

These methods optimize the fit between the given data and some mathematical model. 
It is based on the assumption that the data is generated by a mixture of underlying 
probability distributions. Also, during the process the number of clusters is supposed 
to be generated using standard statistics where the outliers are being considered. 
This guarantees the robustness of the algorithm. The two standard approaches use 
are; statistical and neural networks based. MCLUST, COBWEB and EM are the 
three best known algorithms under this category. In addition there are SOMs under 
the neural network approaches. Probability measures are used to determine the 
clusters in the statistical approach. Thus, the derived concepts are represented by 
probabilistic descriptions. On the other hand, a set of connected input/output pairs 
are used in the neural network approach. Among the several properties of neural 
network approach which have made this approach popular are; they have distributed 
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processing architecture and are inherently parallel, the learning of neural networks 
through weight adjustments help is fitting the data better and they process numerical 
data and the object patterns are represented by quantitative measures only. These 
features are helpful as normally one comes across numerical data and other data 
can be transformed to numeric.

3. CHARACTERISTICS OF BIG DATA

Although big data in the early stage were described through their vast size, there are 
several characteristics which describe the concept more accurately. The presence 
of one or more of these characteristics puts a data set under big data. These are 
termed as the five Vs to characterise big data and are Volume, Velocity, Variety, 
Veracity and Value.

3.1. Volume

This refers to the largeness of the dataset in terms of size. There are several sources 
of data generation now a day like e-mails, Facebook, twitter messages, photos, 
videos, sensor data and satellite data. This increasingly makes data sets too large 
to store and analyse using traditional database technology. The traditional data 
clustering algorithms are not suitable to be applied to these datasets. In order to 
make an algorithm suitable for such datasets, the algorithm must have techniques 
to handle size of dataset, handling their high dimensionalities and handling outliers/ 
noisy data. There will always data sets that are too large for any given computer. So, 
instead of increasing the storage capacity of computers, it is desirable to develop 
method which are extensible to very large data sets (Cutting et al, 1992; Baeza-Yates, 
1999; Ribeiro- Neto, 1999).

3.2. Variety

It refers to the different types of data in the dataset. The various types may be 
numerical, categorical or hierarchical. In order to handle this characteristic of data 
sets an algorithm must consider the type of the data set and cluster shape. In the 
past we focused on structured data that neatly fits into tables or relational databases. 
Things have changed over the past few years and a large number of data sets are now 
unstructured, and therefore can’t easily be put into tables. The data sets obtained 
from social media, video sequences and photos obtained from some sources like 
the satellite fall into this category.
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3.3. Velocity

It refers to the speed at which new data is generated and the speed at which data moves 
around. The social media messages go viral in seconds, the credit card transactions 
are checked for fraudulent activities very quickly, or the milliseconds it takes trading 
systems to analyse social media networks to pick up signals that trigger decisions 
to buy or sell shares. Big data technology allows us now to analyse the data while 
it is being generated, without ever putting it into databases. A clustering algorithm 
must be of reasonably low complexity and its run time should be fast.

3.4. Veracity

It refers to the messiness or trustworthiness of the data. With many forms of big data, 
quality and accuracy are less controllable. We find the Twitter posts with hash tags, 
abbreviations, typos and colloquial speech as well as the reliability and accuracy 
of content, there are problems with the trust and accuracy. So, big data clustering 
algorithms should be capable of dealing with these types of data.

3.5. Value

It is all well and good having access to big data but unless we can turn it into value it 
is useless. So you can safely argue that ‘value’ is the most important V of Big Data. 
Data is only as valuable as the business outcomes it makes possible. It is important 
that businesses make a business case for any attempt to collect and leverage big data. 
It is so easy to fall into the buzz trap and embark on big data initiatives without a 
clear understanding of costs and benefits. It is how we make use of data that allows 
us to fully recognise its true value and potential to improve our decision-making 
capabilities and, from a business stand point, measure it against the result of positive 
business outcomes.

4. CHARACTERISTICS OF A GOOD LARGE DATA 
CLUSTERING ALGORITHM (FAHAD ET AL., 2014)

Basing upon the characteristics of big data, Fahad et al have presented the following 
as characteristics of a good big data algorithm:
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4.1. Type of Dataset

The data clustering algorithms mostly take care of numerical or categorical data sets 
as their domain of application. However, the datasets cannot be of one type only. It 
may be a hybrid data set. Even if in some cases it is manipulated to transform one 
type of dataset to the other or converting the typical attributes from one category 
to another, these are not natural. It has been observed that algorithms which work 
perfectly on one type of data perform poorly on hybrid datasets. So, algorithms 
should be developed to handle hybrid data sets from the beginning.

4.2. Size of Dataset

It has been observed that some of the clustering algorithms which are very much 
effective on small datasets fare poorly or not applicable as the size of the dataset 
increases. The vice versa also occurs sometimes. So, the data size must be kept in 
mind while developing a clustering algorithm

4.3. Input Parameter

A large number of parameters may affect the functionality of a clustering algorithm. 
So, a minimum number of parameters are always preferable.

4.4. Handling Outliers/Noisy Data

The dataset in most of the real life situations may not be pure. The outliers in the 
noisy dataset create a lot of problems for a clustering algorithm. It becomes difficult 
to put an object into a cluster.

4.5. Time Complexity

In many cases the algorithms are to be run several times to improve the clustering 
quality. So, a low time complexity is desirable. High complexity may make it 
inefficient to apply for large datasets.

4.6. Stability

It is desirable that the output remains same for a clustering algorithm irrespective 
of the order in which the patterns are input. This provides stability to the clustering 
algorithm.
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4.7. Handling High Dimensionality

Many of the real life data sets have high dimensionality or have high number of 
features. Dimensionality reduction is the process of removing un-important or 
less important features so that the analysis performed on the rest of the features 
is enough to shed light on the study. Also, as the number of dimensions increase 
the data become increasingly sparse. It leads to the unpleasant situation that the 
measurement of distances between pairs of points becomes meaningless. So, the 
big data clustering algorithms should take care of high dimensionality, may be with 
a possible filtering of dimensions in the beginning.

5. DIFFERENT BIG DATA CLUSTERING ALGORITHMS

In this section we present the big data clustering algorithms based on uncertainty 
based models developed so far. These algorithms can be categorised as incremental 
or specific.

5.1. Fuzzy C-Means Algorithms for Large Data

Over the years, since the development of the fuzzy C-means (Ruspini 1970, Bezdek 
1981), several algorithms have been proposed with different applications in view 
using different uncertainty based models like intuitionistic fuzzy sets (Atanassov, 
1986), rough sets (Pawlak, 1982), rough fuzzy sets (Dubois and Prade, 1990), rough 
Intuitionistic Fuzzy sets (Saleh et al, 2011).

Following the incremental approach, FCM has been extended so that it can 
be applicable to large data sets. Kothari et al (2014) have used random sampling 
techniques so that the extended Fuzzy C-means algorithm is applicable for large 
dataset. However, one of the finest approaches to extend Fuzzy C-Means algorithm 
for very large data is due to (Havens et al, 2012).

In this paper the authors have proposed three different approaches aimed at 
extending the FCM clustering to large data. These three approaches are:

•	 Sampling followed by non-iterative extension.
•	 Incremental techniques that make one sequential pass through subsets of the 

data.
•	 Kernelised versions of FCM that provide approximations based on sampling, 

including three proposed algorithms.
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An easy approach to attend to very large datasets is to take sample the dataset 
and then use FCM to compute the cluster centres of the sampled data. It has been 
observed that if the data were sufficiently sampled, the error between the cluster 
centre locations produced by clustering the entire dataset and the locations produced 
by clustering the sampled data should be small. This approach is called the random 
sampled and extended approach and the corresponding algorithm is called as rseFCM. 
The literal FCM, called LFCM, the ‘c’ number of centres are selected at random. In 
this algorithm each object is considered equally important in the clustering solution. 
The weighted FCM (wFCM) model introduces weights that define the relative 
importance of each object in the clustering solution.

One of the most well-known methods for fuzzy clustering of very large data is 
the generalised extensible fast FCM (geFFCM) (Hathaway and Bezdek, 2006). This 
algorithm uses statistics-based progressive sampling to produce a reduced dataset 
that is large enough to capture the overall nature of the data. It then clusters this 
reduced dataset and non-iteratively extends the partition to the full dataset. However, 
the sampling method used in geFFCM can be inefficient and in some cases the data 
reduction is not sufficient for VL data.

Other leading algorithms include single-pass FCM (spFCM) (Hore et al, 2007) 
and online FCM (oFCM) (Hore et al, 2009), which are incremental algorithms to 
compute an approximate FCM solution. The spFCM algorithm computes the new 
cluster centres by feeding forward the cluster centres from the previous iteration 
into the data being clustered. Unlike spFCM, the oFCM clusters all s subsets of 
objects separately and then aggregates the s sets of cluster centres at the end. The 
bit-reduced FCM (brFCM) (Eschrich et al, 2003) algorithm uses a binning strategy 
for data reduction. The brFCM algorithm was designed to address the problem of 
clustering in large images. The brFCM begins by binning the input data X into a 
reduced set X’, where X’ is the set of bin centres. This reduced set X’ is then clustered 
using wFCM, where the weights are the number of objects in each bin. A kernel-
based strategy which is called approximate kernel FCM (akFCM) was developed in 
(Chitta et al, 2011, Havens et al, 2011), which relies on a numerical approximation 
that uses sampled rows of the kernel matrix to estimate the solution to a c-means 
problem. The spkFCM and okFCM algorithms were introduced in (Havens et al, 
2012). A comparative analysis of the group of algorithms wFCM, LFCM, rseFCM, 
spFCM, oFCM, brFCM and an extended algorithm is provided in Table 1 in terms 
of their time and space complexity.

Table 2 presenta the time and space complexities of the group of algorithms 
wkFCM, kFCM, rsekFCM, akFCM, spkFCM, okFCM and an extended algorithm.

In the above tables, we have:
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c = The number of clusters
n = The size of the data set
s = The number of equal sized subsets of the integers {1, 2… n}
d = The number of features of the data set

In the above study, time is not the predominant problem and accuracy and feasibility 
are the main focus points. Basing upon the load ability of data into memory and 
some other factors the algorithms can be selected.

Table 1. Space and time complexities of vector data algorithms

Algorithms Time Complexity Space Complexity

wFCM, LFCM O tc dn( )2
O((d + c)n)

rseFCM O tc dn s( / )2
O((d + c)(n/s))

spFCM O tc dn( )2
O((d + c)(n/s))

oFCM O tc dn( )2
O((d + c)(n/s)+cs)

brFCM O tc ds( )2 +bin O((d + c)s)

Extension O c dn( )2
O(cn)

Table 2. Space and time complexities of kernel algorithms

Algorithms Time Complexity Space Complexity

wkFCM, kFCM O tcn( )2 O n( )2

rsekFCM O tcn s( / )2 2 O n s( / )2 2

spkFCM O tcn s( / )2 O n s( / )2 2

okFCM O tcn s tc s( / )2 3 2+ O n s s( / )2 2 2+

akFCM O n s tcn s( / / )3 2 2+ O n s( / )2

Extension O(cn) O(cn)
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This process is summarised in the form of a figure in (Havens et al 2012, Figure 7).

5.2. Intuitionistic Fuzzy C-Means Algorithm for Large Data

It is well known that the intuitionistic fuzzy set model (Atanassov, 1986) is superior to 
the fuzzy set model (Zadeh, 1965). Hence the fuzzy c-means clustering algorithms have 
been extended to develop the corresponding intuitionistic fuzzy c-means algorithms 
for data clustering. In (Tripathy et al, 2016) a novel algorithm is proposed where 
the data chunks are initially identified by Mapper class in Hadoop framework. The 
clusters along with arbitrary centroids serve as input to mapper class. The centroids 
are updated at the end of each of the iterations of IFCM. This is done just after the 
reducer class merges the chunks. Applying IFCM alone on large data is less efficient 
and process become cumbersome. This drawback can be overcome by using Hadoop. 
It helps tremendously for computing better clusters effectively and reaches local 
optima efficiently. The performance of HIFCM is compared with those of parallel 
k-means (PKM) and modified parallel k-means (MPKM) algorithms introduced by 
Mathew and Vijayakumar (Mathew et al, 2014) and it was observed experimentally 
that HIFCM performs better than both these algorithms.

5.3. A MapReduce-Based Fuzzy C-Means 
Clustering Algorithm (Ludwig, 2015)

An efficient approach in big data clustering is to build efficient and effective parallel 
clustering algorithms. MapReduce methodology introduced by Google (Dean and 
Ghemawat, 2004) is used in most of these algorithms. First, we provide a review 
of the Crisp clustering algorithms, which are developed by using MapReduce 
framework, in order to make them applicable for large data sets.

The original DBSCAN algorithm had drawbacks like, data balancing and 
scalability. An efficient algorithm called Mr-dbscan, which handles these issues 
was introduced in (He et al, 2014).In this the sequential processing is replaced with 
parallelised implementation, which takes care of scalability. It has been found to be 
suitable to handle imbalanced data.

A parallel clustering algorithm, which locates the centroids by calculating the 
weighted average of each individual cluster points via the Map function and then uses 
the reduce function to assign new centroids to each data point based upon distance 
calculations is introduced in (Zhao et al, 2009). A MapReduce iterative refinement 
technique is applied to locate the final centroids. This approach helps in processing 
data of reasonably large size. Similarly, the problem of document clustering using the 
MapReduce-based K-means is proposed in (Zhou et al, 2011). The authors compare 
a non-parallelised version of K-means with a parallelised version of K-means to 
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show the significant improvement in the speed of execution. Also, it is shown that 
the algorithm performs well in terms of accuracy for the text clustering task.

A method called the ensemble learning bagging method, which uses MapReduce 
in K-means (Li et al, 2011) handles the instability and sensitivity to outliers problem 
efficiently. It may be noted that bagging is one of the most popular type of ensemble 
techniques. A Self-Organising Map (SOM) is an unsupervised neural network that 
projects high-dimensional data onto a low-dimensional grid. MapReduce was used 
in a modified SOM to work with large datasets in (Nair et al, 2011). In (Ene et al, 
2011), the authors used an ant colony approach to decompose the big data into 
several data partitions to be used in parallel clustering. The MapReduce framework 
is used here.

Since the introduction of the objective function approach by Bezdek (Bezdek, 
1981), most of the fuzzy clustering algorithms are based on the optimization of the 
objective function
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to this objective function is considered some times.
With the advent of large data sets, these algorithms became more or less unsuitable 

for clustering these data sets and needed to be improved or modified. We have 
discussed some of these extensions above. One of the approaches to extend FCM is 
to use parallelisation. One such extensions was done in (Modenesi et al, 2007) where 
the concept of Message Passing Routines (MPI) was used. The parallelisation was 
achieved three master/slave processes. The first one was computing the centroids. The 
second one takes care of computing distances, updates the centroids and prepares the 
partition matrix. The last one computes the validity index. However, the MapReduce 
environment decomposes the large computations into several independent Map 
functions. This approach is fault tolerant. This is the approach used in (Ludwig, 
2015). The basic functionality is that the input is taken as a set of (key, value) pairs. 
The algorithm to be parallelised needs to be expressed by Map and Reduce functions. 
The Map function takes an input pair and returns a set of intermediate (key, value) 
pairs. The framework then groups all intermediate values associated with the same 
intermediate key and passes them to the Reduce function. The reduce function uses 
the intermediate key and set of values for that key. These values are merged together 
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to form a smaller set of values. The intermediate values are forwarded to the Reduce 
function via an iterator. There are five algorithms. Algorithm 1 is the main procedure 
of the algorithm (called MR-FCM). The second one describes the procedure for the 
Map function of the first MapReduce job. The third one describes the procedure 
how merging of intermediate centroid matrices is done by the Reduce function of 
the first MapReduce function. The fourth one describes how the Map function of 
the second MapReduce job and the final algorithm deals with the reduce function 
of the second MapReduce function. The accuracy of the MR-FCM algorithm has 
been found to be satisfactory through experimental analysis. However, this paper 
does not cover the purity and scalability of the algorithm. Also, it was not tested 
with big data sets having multiple GBs of data.

5.4. Extension of Probabilistic Clustering to Large 
Data Sets (Hathaway & Bezdek, 2006)

The extensible methods of clustering are supposed to handle large or very large data 
sets. Instead of dealing with these data sets, many approaches deal with their sub-
samples. So, Very Large Large Sub-sample⊃ ⊃ .Two algorithms for large data 
sets, called the generalised extended fast fuzzy c-means (geFFCM) and a probabilistic 
algorithm called generalised extended fast expectation maximization (geFEM) have 
been proposed in (Hathaway and Bezdek, 2006). Both these methods work on the 
principle of selecting a sample form the data set, cluster it and then extend the result 
to the original data set. There is a fundamental difference between the two methods. 
In case of a large data set the clustering obtained by application of literal FCM 
(LFCM), i.e. the FCM being applied to the whole sample data set and its extension 
to the whole data set can be compared with the result obtained when LFCM is 
applied to the whole data set, the quality of the extended approach can be ascertained. 
This is not possible for a very large data set. So, the confidence on the accuracy of 
geFFCM is based on its verified results for various experiments carried out on the 
large data sets.

It has been stated in (Ganti, 1999a) that an algorithm is said to be scalable if its 
runtime complexity increases linearly with the number of records of input data. It has 
been argued in (Hathaway and Bezdek, 2006) that scalability alone is not enough as 
although FCM is scalable in the above sense it is slow in processing a lot of samples. 
Making the clustering algorithms faster is not a solution to the problem of handling 
very large data as these data sets cannot be processed at a time.

Also, it has been observed by several authors that progressive sampling 
approach leads to more efficient algorithms than the literal approaches under many 
circumstances (Provost et al, 1999). Another approach is due to (Meek et al, 2002) 
in which samples are used for expectation-maximization clustering. However, unlike 

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



20

Uncertainty-Based Clustering Algorithms for Large Data Sets

these two approaches due to (provost et al, 1999) and (Meek et al, 2002), in the 
geFFCM algorithm (Hathaway et al, 2006) clustering never starts until an adequate 
sample is selected. Once an adequate sample is selected, single run of the algorithm 
is carried out over the selected sample and solutions to the remaining samples are 
approximated relying upon extensibility.

Single pass algorithms start by selecting a random subset of the whole data set 
which can be stored in memory and cluster it, summarize and then one of the many 
possible strategies is applied. This process is continued until the data set is exhausted. 
The hard c-means algorithm is used to determine the partition matrices for each of 
the subsets and then these matrices are concatenated. However, there is no guarantee 
in this approach the final matrix obtained be a valid partition of the whole data set.

The extensible fast fuzzy c-means introduced in (Shankar and Pal, 1994) is an 
evolution of the progressive sampling method. In FFCM the LFCM is applied to a 
sequence of extended partitions generated from the whole data set. The terminating 
condition for this approach is that the successive extended partitions differ by a 
predefined threshold value. Another algorithm similar to eFFCM is the multistage 
random sampling fuzzy c-means (mrFCM) (Cheng et al, 1995). As mrFCM runs on 
the whole data set, eFFCM is faster than mrFCM. Another extension of FCM, the 
bit reduction FCM (brFCM) introduced by Eschrich et al (2003) attains excellent 
average speed up factors over LFCM. It is distantly related to approximate FCM 
(AFCM) algorithm. The algorithm extensible fast fuzzy c-means clustering(eFFCM) 
introduced in (Pal and Bezdek, 2002) uses the progressive sampling which terminates 
with a subsample of pixels that is representative of all pixels in the image. After 
that LFCM is applied to the set of feature vectors corresponding to the subsample. 
Finally, the extensibility property of FCM is used to extend the clusters to the rest 
of the image. It was experimentally established in (Pal and Bezdek, 2002) that 
extended partition of image data can be a very accurate approximation to the literal 
partition. The generalised eFFCM (geFFCM) differs from eFFCM in four ways.

•	 The subsample selection and enhancement is using sampling without 
replacement.

•	 The selection is based on various subsets of all features.
•	 It uses bins of unequal width derived from the initial subsample.
•	 It uses only the divergence test under statistical test.

The experimental analysis confirms the following characteristics of geFFCM.

•	 It is applicable to non-image data.
•	 It is well suited for continuous or discrete data having a large number of 

distinct feature values.
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•	 With a suitable restriction on the bins, it can also be applied to coarse data 
exhibiting only a small number of distinct feature values.

•	 Termination of progressive sampling is controlled by the choice made by the 
user.

It is noted that the methods of subsampling and extension are equally effective 
for acceleration, approximation and extension to very large data of any extensible 
clustering algorithm but not just to FCM.

5.5. Hadoop-Based Uncertain Possibilistic 
Kernelized C-Means Algorithms for Image 
Segmentation and a Comparative Analysis

To measure the distance between two data points a metric called Euclidean distance 
is used in clustering. But a major limitation to this metric is that it can only segregate 
the points which are linearly separable. This problem is overcome by using kernel 
function which ensures that data points are separable by creation of non-linear 
separators (Zhang et al 2002, Zhou et al 2008). Using the kernel metric, recently, 
a kernel based rough intuitionistic fuzzy c-means algorithm (KRIFCM) has been 
proposed by (Tripathy et al, 2014a) and they confirmed its superiority over RFCM, 
KRFCM and RIFCM using standard clustering accuracy metrics like Davies Bouldin 
(DB) and Dunn (D) Indices (Davis et al 1979, Dunn 1973).

When considering FCM algorithm it is known that cumulative membership 
of object over the classes is 1. This condition prevents meaningless outcomes by 
restricting a solution in which all the memberships could be 0 hence it also enables 
to express memberships as probabilities. Since the stated constraint ensures that 
membership values are associated to one another, this makes it inappropriate for 
situations when the membership value symbolizes “typicality”. Possibilistic approach 
for clustering was proposed by Krishnapuram and Keller (Krishnapuram et al 1993, 
1996) using the concept of typicality. In this approach the constraint imposed on 
the sum of membership values is reduced signifying that each membership can lie 
between 0 and a constant denoted as c. The membership rating of an object to a 
cluster is called typicality of that object. In 1997, Pal et al. (Pal et al, 2005) introduced 
a fuzzy-possibilistic c-means (FPCM) technique which could produce typicality 
as well as membership value during clustering. In FPCM, constraint applied on 
typicality ensures that for a cluster the sum of typicalities over all the instances is 
1, this makes FPCM less susceptible to problem of coincidental cluster in PCM and 
FCM’s probabilistic restriction problem. Later, Anuradha et al. introduced PRCM 
which was based on rough sets and Tripathy at al. introduced PRFCM (Tripathy 
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et al, 2014b) and PRIFCM (Tripathy et al, 2015). They established its superiority 
over PRCM, RCM and RFCM algorithms.

In Tripathy et al (2016) three hybrid clustering algorithms were introduced by 
combining rough, fuzzy, and intuitionistic fuzzy with possibilistic approach and 
kernelized distance functions. These are PKRCM, PKRFCM and PKRIFCM. The 
performances of these algorithms were compared with the algorithms of other 
families of algorithms; the typical hybrid algorithms RCM, RFCM, RIFCM; their 
kernelized versions KRCM, KRFCM, KRIFCM and their possibilistic versions PRCM, 
PRFCM, PRIFCM. Out of several kernel functions available, three algorithms were 
selected for this study; namely the Radial Basis, the Gaussian and the hyper tangent. 
So, the number of possibilities for comparison becomes multiplied. Also, an effort 
was made to find out the most suitable of the three kernels for the segmentation of 
these images.

Definition 1: Kernel Distance

Let ‘a’ denote a data point. Then transformation of ‘a’ to the feature plane which 
possess higher dimensionality be denoted by ϕ( )a . Description of inner product 
space is given byK a b a b( , ) ( ), ( )= ϕ ϕ . Let a a a a

n
= ( , ,... )

1 2
and b

n
= (b , b ,...b )

1 2

are two points in the n-dimensional space. Kernel functions used in this paper are 
stated as follows:

•	 	Radial Basis Kernel
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In this paper all the implementations of all the algorithms corresponding to Radial 
Basis Kernel have been done using p=2 and q=2 in equation (2).

•	 Gaussian Kernel (RBF with p=1 and q=2)
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•	 Hyper-Tangent Kernel
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For all the kernels functions, N denotes the total number of existing data points 
and || ||x y− denotes the Euclidean distance between points x and y which pertain 
to Euclidean metric space. By [7, 30] D(a, b) denotes the complete form of kernel 
distance function where D(a, b) = K(a, a) + K(b, b) – 2K(a, b) and when similarity 
property (i.e. K(a, a) =1) is applied, we get:

D a b K a b( , ) ( ( , ))= −2 1 	 (6)

Instead of merely displaying images to the user, treating a huge number of images 
as data is a new idea. In recent times storage and processing of an image has been 
considerably expensive. One of the major problems today is to process millions 
of images in the shortest amount of time and that too very cheaply. Industries are 
in the need of cheap frameworks which can ensure this cumbersome task; in this 
regard ApacheTM Hadoop comes to rescue. ApacheTM Hadoop in an open source 
framework for distributed computing of very large datasets and that too on commodity 
hardware. It is known for its capability to handle hardware failures efficiently. Each 
system in the distributed environment is known as node. Combination of all the 
nodes in the system is called as a cluster. The framework has been developed in Java 
and follows a map-reduce paradigm for processing the data. In this paradigm, the 
first step is fragmentation of data. This fragmentation ensures distribution of data 
on multiple nodes in the cluster. Each node then performs its task separately and the 
processed data is integrated as a whole in the reduce step. The problems like failure 
of nodes are automatically handled in the course of processing by the framework 
itself. All this makes Hadoop a tremendously ambidextrous and flexible platform.
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One of the most challenging aspects of data mining is analysis of unstructured 
data. Currently, image data is growing at a brisk rate and we are in the need of 
algorithms which can find meaningful insights in the growing volume of primarily 
unstructured image data. A medium resolution satellite image with 2000 X 2000 
pixels contains 40 lakh data points, even if 1 lakh such images have to be analysed 
collectively then it would account for tremendous processing power. If the analysis 
is primarily a clustering task then high accuracy also becomes an equally important 
requirement. Hence if efficient machine learning techniques can be applied in 
distributed framework then we will be able to sense resourceful information from 
huge volumes of images in considerably less time. Not all algorithms can be devised 
to work with the map-reduce paradigm of Hadoop. However, if one can organize 
an algorithm that can harmonize with this paradigm decently then it would add a 
high value to the processing efficiency.

Moving a step further in the process of hybridization of techniques and 
models that concepts kernel as similarity measure, the possibilistic approach and 
the uncertainty based models; fuzzy set, intuitionistic fuzzy set and rough set is 
possible. If this resulting hybrid combination can be incorporated to synchronize 
with the distributed architecture of Hadoop, an immensely efficient clustering 
technique can be comprehended. In order to realize this, in this paper we introduced 
three such algorithms called the Hadoop based possibilistic kernelized rough 
c-means (HPKRCM), Hadoop based possibilistic kernelized rough fuzzy c-means 
(HPKRFCM) and Hadoop based possibilistic kernelized rough intuitionistic fuzzy 
c-means (HPKRIFCM). Also, we try for three variations of each of these algorithms 
by taking three different types of kernels; the Radial basis, the Gaussian and the hyper 
tangent kernels. The basic aim is to compare the efficiency of the algorithms and 
find out which of the kernels is most appropriate under which real life applications. 
Also, the aim is to compare these algorithms with the basic hybrid algorithms as 
discussed earlier. In order to make our study extensive on images we have selected 
images from four different categories of real life set ups; namely a metal coin, a 
MRI image, Cancerous blood cells and a satellite image.

Four different types of input images were considered as input to all these 
algorithms. These are images of a metal coin, a MRI image, cancerous blood cells 
and a satellite image. In fact, in earlier studies also similar images were taken into 
consideration in papers related to the families of hybrid models stated above. Since 
images are being considered as inputs, more than the output images it was decided 
to take the help of several indices proposed to determine the efficiencies of data 
clustering algorithms; namely the Davis and Bouldin (DB) (1979), Dunn (D) (1973), 
Alpha (α), rho (ρ), alpha star (α*) and gamma (γ) (Davis et al 1979, Dunn et al 
1973, Maji et al 2007). The number of clusters selected was four and five. Also, as 
visual aid, they have provided the bar diagrams for all the six indexes and all the 
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algorithms for each of the four input images. In addition to all these, pixel clustering 
images for brain MRI image was considered, to show the cluster formation in each 
of the cases taken for comparison. Our experimental analysis shows that the hyper 
tangent kernel is the best one when applied along with PKRIFCM algorithm. Our 
observation confirms with that of Chaira (Chaira 2015), who established that for 
IFCM the hyper tangent kernel provides the best results for MRI images. Among 
several observations obtained, we find that the HPKRIFCM algorithm with the 
hyper tangent kernel performs the best for MRI images.

6. SCOPE FOR FUTURE STUDY

As we have seen above the data clustering algorithms developed so far are not 
adequate and there are still a lot many algorithms developed for normal data sets to 
be either improved or improved by applying some techniques like the ones presented 
in section 5 to make them suitable for clustering large data sets. It is suggested to 
extend all the algorithms presented in section 5 except the one considered in section 
5.5 as follows.

•	 The rough set based algorithms.
•	 The hybrid rough fuzzy algorithms.
•	 The hybrid rough intuitionistic fuzzy algorithms.
•	 The Kernelised versions of the algorithms.
•	 The possibilistic versions of all the algorithms.

7. CONCLUSION

In this chapter our main goal was to present the clustering processes available for 
large data sets, which cannot be clustered by using the available algorithms which 
are applicable to datasets of reasonable sizes and complexities. We introduced the 
different approaches available to date in modifying some of the algorithms in order to 
make them suitable to handle the large datasets. One of the mostly tackled algorithms 
is the fuzzy C-means. There is a plethora of algorithms, which are extension of FCM 
like FFCM,eFFCM, mrFFCM, brFFCM, geFFCM, AFCM, MR-FCM, spFCM., 
oFCM, wFCM, akFCM, spkFCM, okFCM and rseFCM. We touched each of these 
algorithms with references to original papers from where further details of these 
algorithms can be found out. In section 5.6, we presented several algorithms based 
upon hybrid models such as RFCM, RIFCM, their kernelized versions (with three 
kernels being taken) KRFCM, KRIFCM; their possibilistic versions PRFCM, 
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PRIFCM; their possibilistic kernelized versions PKRFCM, PKRIFCM and all with 
respect to the Hadoop platform. Also, a comparative analysis of these algorithms is 
presented. Finally, some research directions is also proposed. However, we cannot 
say that the process is over by any means. There are a lot of algorithms involving 
other uncertainty based models which can be extended or modified to have better 
algorithms in future.
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KEY TERMS AND DEFINITIONS

Fuzzy Sets: It is a generalisation of the crisp sets where the membership of 
elements in the collection is assigned any value in [0, 1] instead of only ‘0’ or ‘1’ 
in crisp sets. The change of membership is gradual rather than being sudden.

Intuitionistic Fuzzy Sets: It is a generalisation of fuzzy sets by defining a general 
non-membership value to elements instead of assuming that the non-membership 
is one’s complement of the membership value.

Large Data: Data set being high in volume beyond the capacity of certain storage 
space or having complex characteristics.

Uncertain: The fact of being not sure about a state or conclusion.
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ABSTRACT

Sentiment analysis is one of the most important applications in the field of text mining. 
It computes people’s opinions, comments, posts, reviews, evaluations, and emotions 
which are expressed on products, sales, services, individuals, organizations, etc. 
Nowadays, large amounts of structured and unstructured data are being produced 
on the web. The categorizing and grouping of these data become a real-world 
problem. In this chapter, the authors address the current research in this field, issues 
and the problem of sentiment analysis on Big Data for classification and clustering. 
It suggests new methods, applications, algorithm extensions of classification and 
clustering and software tools in the field of sentiment analysis.
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INTRODUCTION

Sentiment analysis (also called opinion mining) is one of the most important research 
fields in Information Processing, Text mining, and Linguistics. Information shared 
in online social networks (forums, blogs, etc.) contain useful information about 
products, sales, service, individuals, organizations, Governments, policies, politics, 
etc. This information is expressed in two ways namely, an objective statement and 
a subjective statement. The objective statement refers to some factual information 
and subjective statement refers to personal feelings such as love, joy, surprise, anger, 
sadness, and fear. The amount of information collected in terms of volume, variety, 
and velocity is called Big Data. It can be treated as software as a service, platform 
as a service and infrastructure as a service. Based on these services, big data creates 
opportunities and challenges to extract valuable information.

This chapter addresses the sentiment classification and clustering techniques, 
such as Machine learning based approach, lexicon-based approach, and the hybrid 
approach. These in turn include techniques like Symmetric Matrix-based predictive 
classifier, Comparative experiments using supervised learning, Classifier ensembles, 
Ranked Word Graph for Sentiment polarity Classification, Sentiment Classification 
via Social context regularization, Context-Based Sentiment analysis, Semi-supervised 
subjective feature weighting and intelligent modelling, Cross-lingual sentiment 
classification: Similarity discovery, Supervised study weighting scheme, SVM with 
the linear kernel as the classification model, unsupervised dependency parsing-based 
text classification method, SACI (Sentiment Analysis by Collective Inspection), and 
a lexicon-based unsupervised method.

PROBLEM OF SENTIMENT ANALYSIS ON BIG DATA

Big data creates new challenges on data processing, data storage, data representation, 
pattern mining, visualization, etc (Gema Bello-Orgaz et al., 2016) in the field of 
data mining, machine learning, natural language processing, text mining, social 
networks, and sentiment analysis. The rapid growth of unstructured data in social 
networking, blogs, reviews, posts, comments, and tweets are the most important 
source for sentiment analysis (Changli Zhang et al., 2008). Further, sentiment 
analysis problems focus on different levels namely Document level, Sentence level, 
and aspect level (R Feldman, 2013). The document-level sentiment analyzes a 
piece of information. It represents multiple opinions, but not a single opinion view. 
Document level sentiment analysis hides insights and useful information by reducing 

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



36

Sentiment Mining Approaches for Big Data Classification and Clustering

a whole document into a single opinion. Sentence level expresses overall opinions 
of each sentence. Aspect level exactly expresses what people likes or dislikes. For 
instance, a single review of BMW 1 Series car is analyzed as shown in Figure 1. 
The sentences are numbered in parenthesis.

The classification and clustering techniques are required to provide meaningful 
information for those polarity data. The data can be classified and clustered into 
positive, negative, and neutral polarities. Sentiment analysis refers to a classification 
problem due to the prediction of polarity words such as positive, negative and neutral. 
The accuracy, data size, data sparsity, and sarcasm are the main issues in sentiment 
mining classification and clustering. Therefore, sentiment classification aims to mine 
the written documents (comments, posts, reviews, tweets, etc.) about a products or 
services and classifying the documents into positive or negative opinions (Qiang 
Ye et al., 2014, Yanghui Rao et al., 2014). Sentiment clustering aims to group the 
written documents. The general framework for sentiment analysis on Bigdata is 
shown in Figure 2.

MACHINE-LEARNING-BASED APPROACH

Machine learning approach is applicable to opinion mining problem. Determining 
positive or negative polarity is viewed as a former binary classification problem. 
Machine learning methods perform better predictions than the former methods 
by using the labeled, semi-labeled and unlabeled data [3]. In this approach, the 
supervised, semi-supervised and unsupervised learning methods are explained in 
the context of sentiment mining approach for big data.

Figure 1. A single review sentiment detection at different levels
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Supervised Sentiment Learning

Supervised sentiment learning is the machine learning based approach. This system 
learns from labeled training data. Various supervised sentiment learning methods 
are discussed as follows.

Naive Bayes Method

Naive Bayes is a probabilistic model based on Bayes’ rule. This model is used 
to predict the most likely class for a new document, and it performs well for text 
classification as well as training purposes in many domains. The documents are 
generated as multinomial event model by considering word frequency information. 
A document is represented as a sequence of words from BOW (Bag of Words). The 
probability of an event is obtained in a document based on the following equation 
(Qiang Ye et al., 2014, Abinash Tripathy et al., 2016, Changli Zhang et al., 2008, 
Rui Xia et al., 2011).

Figure 2. A general framework for sentiment analysis on Bigdata
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where P(di|cj) is the probability of document d belong to the class c. P(|di|) is the 
probability of document d. P(wi|cj) refers the probability of occurrence of a word 
in class c. Nit refers the total of occurrence of the word in the document di. The 
classification process can be carried from the training documents by selecting the 
highest probable class.

Maximum Entropy Method

The maximum entropy method is used to set constraint in the training data on 
conditional distribution. It estimates the values of class b in the given document a in 
terms of exponential function (Abinash Tripathy et al., 2016, Rui Xia et al., 2011).
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where PME(a|b) is the probability of class b in the given document a. Z(a) is the 
normalizing factor. fi(a, b) is the feature in class b and document a. One represents 
the occurrence of class b in the given document a. λi represents the weight coefficient. 
The weight is calculated based on the frequent occurrence of a feature in a class a. 
The highest word frequencies are considered for classification.

Support Vector Machine Method

Support Vector Machine (SVM) is effectively used for classifying the features in a 
hyperplane by using weights. It separates the documents into positive and negative 
training class with maximum margin. SVM outperforms Naive Bayes method. The 
maximum margin determines the distance from decision boundary to the closest 
data point. These data points are called as support vectors (Qiang Ye et al., 2014, 
Abinash Tripathy et al., 2016, Rui Xia et al., 2011, Ahmed Alsaffar et al., 2014).
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Let D = {(xi, yi)}, i = 1, 2, 3, ... be the training set with labeled pair. Where xi 
∈ Rn and yi ∈ {+1, -1}. The positive and negative classes are named as +1 and -1. 
Let g(x) = wTϕ (x) + b be the discriminant function. Where the parameter w and 
b represent the weight vector and bias. These parameters are learned automatically 
on the training set following the optimization problem by
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where ξ  represents the slack variables and C represent the penalty coefficient or 
regularization factor. SVM becomes minimization problem. The solution is associated 
with the Lagrange multiplier αi and kernel function as expressed in the following 
equation. In the text classification problems, the linear kernel is always used to due 
to the high dimensional feature space.
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Stochastic Gradient Descent (SGD) Method

Stochastic gradient descent method is a gradient descent optimization method 
(Abinash Tripathy et al., 2016, Leon Bottou, 2012). It is used to find maximums or 
minimums by iteration when the training data set is large. Let (x, y) be a pair of an 
arbitrary input (x) and a scalar output (y), and l(y^, y) be a loss function. Let f ∈ F 
be a family of F functions fw(x) by a weight vector w. The average over the unknown 
distribution dP(z) on sample z1, …, zn.
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where E(f) is the expected risk for generalization performance. En(f) is the empirical 
risk for training set performance. In statistical learning, the empirical risk is minimized 
instead of the expected risk by choosing the family F. The minimization of the 
empirical risk En(f) using gradient descent (GD):

w w
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1
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where γ refers the chosen learning rate and w0 refer the initial estimate. This algorithm 
achieves linear convergence when γ is sufficiently small. i.e., - log ρ ~ t, where ρ is 
the residual error. The scalar learning rate is replacing by a positive definite matrix 
Γt to obtain the better optimization algorithms. The inverse of the Hessian cost at 
the optimum.
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where w0 is the initial estimate sufficiently close to the optimum. This second order 
gradient descent achieves quadratic convergence. It reaches the optimum after a single 
iteration. Otherwise, - log ρ ~ t. Stochastic gradient descent method estimates each 
iteration on the basis of single randomly picked example zt instead of computing 
the gradient of empirical risk En(f).

w w Q z w
t t t w t t+ = − ∇ ( )1

γ , 	

where {wt, t = 1, 2, …} is the stochastic process depends on randomly picked 
example for each iteration. Q(zt, wt) is the risk minimization. γt is the learning rate. 
If γt decreases slowly, wt decreases equally slowly. If γt decreases too quickly, wt 
reaches the optimum at the significant amount of time.

N-Gram-Based Character Language Model

The N-gram based character language model is a new model derived from the N-gram 
language models (Qiang Ye et al., 2014, Abinash Tripathy et al., 2016). This model 
takes characters as letters, space, or symbols instead of words in the algorithm. In 
this model, a probability distribution p(s) is defined for strings s ∈ Σ*. Where Σ* is 
a fixed alphabet character. The chain rule for a character c and string s is defined as:
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The N-gram Markovian assumption for n-1 characters and the maximum likelihood 
estimator for N-grams are:
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where p^ML(c|s) is the probability of maximum likelihood for a character c in the 
string s. C(sc) is the number of observed sequence sc in the training data. Σc C(sc) 
is the number of single-character extensions of sc.

Cross-Domain Sentiment Classification

Words can be used to express different opinions in different domains. For instance, 
consider two specific domains, the namely source domain Dsrc and target domain Dtar 
(Sinno Jialin Pan et al., 2010). Let Dsrc = {(xi, yi)}, i = 1, 2, …, n be the set of labeled 
sentiment data, and Dtar = { xi }, i = 1, 2, …, n be the some unlabeled sentiment data. 
The cross-domain sentiment classification learns a classifier to predict the sentiment 
polarity of unseen data from Dtar. Assume that the sentiment classifier f is a linear 
function as expressed by the following equation:

y f x sign xwT= =( ) ( ) 	

where x ∈ ℝ1×m . If xwT ≥ 0, then sign(xwT) is assigned as positive score +1. If xwT 
≤ 0, then sign(xwT) is assigned as negative score -1. w is the weight vector learned 
through the training data.

Sinno Jialin Pan et al. (2010) proposed a framework to achieve the targets 
based on identifying domain-independent features and a spectral feature alignment 
algorithm. They presented three strategies to select domain-independent features. 
(1). Domain-independent features are selected based on their frequency in both 
source domain and target domain. (2). Domain-independent features are selected 
based on the mutual independence between features and labels on the source domain 
data. (3). Domain-independent features are selected based on the modified mutual 
information criteria between features and domains. These strategies were used to 
construct a bipartite graph for identifying domain-independent and domain specific 
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features. A spectral clustering algorithm was used to align domain-specific features. 
The selected features are augmented for cross-domain sentiment classification. Their 
experiment showed that spectral domain-specific feature alignment outperformed 
using the labeled data and unlabeled data in the target domain.

Marc Franco-Salvador et al. (2015) proposed a knowledge-enhanced meta-
classifier for single and cross-domain sentiment classification. This new method 
combines different types of approaches namely, bag-of-words, n-grams or lexical 
resource-based classifiers. They performed word sense disambiguation using the 
BabelNet multilingual semantic network to generate independent features. Using 
these independent features, a semantic network was allowed to obtain vocabulary 
expansion-based classifier. Their result proved that the knowledge-enhanced meta-
classifier performs better than the state-of-the-art.

Ranked WordNet Graph

Ranked WordNet graph system computes the positive or negative values in sentiment 
classification (Arturo Montejo-Ráez et al., 2014). The polarity is measured in a real 
value interval [-1, +1]. The values greater than zero represents positive emotion, 
less than zero represents negative emotion, and zero represents neutral. Therefore, 
the Ranked WordNet graph system is represented as a function p: t → Ɍ such that 
p(t) ∈ [-1, +1]. Where p(t) is the function on a text. A few elements of information 
is used for deciding the texts as positive or negative. This method expands the few 
concepts to calculate polarity of tweets, posts, etc.

Personalized Page Vectors is generated as a sequence of WordNet synsets with 
weights for each tweet or post, etc, in the random walk algorithm. In the graph of 
WordNet, nodes are represented as synsets and axes are represented as semantic 
relations, and terms are represented as tweets, posts, etc. Synsets are selected to the 
closest sense for each term iteration. Valued nodes are retrieved based on a number 
of iterations or a convergence of weights. Mathematically, let G be the WordNet 
graph and N be the vertices { v1, v2,...vN } representing all synsets, and M be a N × N 
probability matrix for all possible relations between synsets. If Mij = 0, there is no 
relationship exists between the vertices vi and vj. If Mij = 1/di, there is a relationship 
between the vertices vi and vj. di is the number of relations going from node i, which 
is also called the outdegree of vi. The synsets score values are computed for vector 
P in the recursive equation:

P MP (1 )v= + −α α 	

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



43

Sentiment Mining Approaches for Big Data Classification and Clustering

In the above equation, αMP represents the values across the graph with propagation, 
(1- α)v represents a way to reach new nodes randomly without propagation. The 
vector v represents N elements with a value of 1/N. In the graph, any node is 
reachable according to the α factor. This factor value is set manually between 0.85 
and 0.95, i.e. close to 1.0. Therefore, a tiny weight is given to any node. The solution 
considers a maximum number of iterations or convergence criteria in the given 
equation. If four valid terms are correctly identified such as nouns, adjectives or 
verbs, the initial weight ¼ is assigned to the term nodes uniformly. The term nodes 
are connected to the synsets and part of the whole graph. The WordNet 3.0 version 
has been used in this method.

The SentiWordNet scores and weights associated to synsets are compared to 
obtain the final polarity score as expressed by the following equation:

p
r.s

t
= 	

where p refers the final polarity score, r refers the weights associated to synsets 
by the random walk algorithm for each tweet text over WordNet, s represents the 
polarity score obtained from SentiWordNet, and t represents the set of concepts 
in the tweet. Moreover, the average of the product between the associated weights 
obtained by the random walk algorithm and the difference of positive and negative 
SentiWordNet scores is calculated by:

p
rwss t .(swns swns )

t
= ∀ ∈∑ +− −

	

where s represents the synset in the tweet t, rws represents the weights associated 
with synsets after the random walk algorithm for each tweet over WordNet, swns+ 
represents positive synset score and swns- represents negative synset scores retrieved 
from SentiWordNet.

Structured Microblog Sentiment Classification

Structured microblog sentiment classification (SMSC) explains how to incorporate 
social contexts such as topic context, user context, friend context into sentiment 
classification (Fangzhao Wu et al., 2016). (i). Topic context is used to indicate 
whether two microblog messages have similar opinions related to the same topic. 
Let M ∈ ℝN×N

T be the message – topic matrix. Where N and NT represent the number 
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of messages and topics. If Mij = 1, then the message i is related to topic j. If Mij = 
0, then the message i is not related to the topic j. Then the connection matrix of 
topic context is defined as T = M × M ℝN×N. The diagonal elements set zeros in 
T, If Tij is greater than zero, then the two messages i and j are related to the same 
topic. Tij indicates the number of topics that both messages i and j share. Otherwise, 
Tij is zero. (ii). User context is used to indicate an individual’s opinion related to 
the same topic or target. Let P ∈ ℝN×N

U be the message-user matrix. Where NU 
refers the number of users in the dataset. If Pij = 1, then the message i is posted by 
the user j. If Pij = 0, then the message i is not posted by the user j. Then the user 
context -connection matrix is expressed as U = (P × PT) ○ T ∈ ℝN×N. Where ○ is 
the Hadamard product. It is represented as entrywise product matrices and (A○B)
ij = Aij × Bij. P × PT is represented as a matrix to indicate whether two messages are 
posted by the same user. U represents that two messages are posted by the same user 
at the same time to similar topic or target. If Uij is greater than zero, then the two 
message i and j are posted by the same user to the same topic. Otherwise, Uij is zero. 
(iii). Friend context is used to indicate friends’ similar opinions to the same topic. 
Let S ∈ ℝN

U
×N

U be the social relation matrix between users. If Sij = 1, then there is 
a relation with the user i and j. If Sij = 0, then there is no relation between the user 
i and j. Then the friend context-connection matrix is expressed as F = (P × S × PT) 
○ T ∈ ℝN×N. Where P × S × PT is represented as a matrix to indicate whether two 
messages are posted by the two users with social relations. If Fij is greater than zero, 
then the message i and j are posted by the two users at the same time to the same 
topic. Otherwise, Fij is zero.

Let N be the microblog messages, and mi ∈ ℝD×1, i = 1, 2, ..., N be the extracted 
feature vectors from microblogs, Where D refers the number of features in microblogs. 
Microblog messages need to be classified as positive or negative. If its sentiment 
score is great than zero, then it is classified as positive. If its sentiment score is less 
than zero, then it is classified as negative. Let xi ∈ ℝ, i = 1, 2, ..., N be the final 
sentiment score generated by SMSC framework. SMSC model is formulated to 
assign similar sentiment scores to microblog messages connected by social contexts 
and to respect the content-based sentiment predictions:

arg min L
x

= − + − + −
≠ ≠=
∑ ∑1
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2
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where x ∈ ℝN×1 refers the vector representation of xi, i = 1, 2, ..., N. α and β represents 
the nonnegative regularization coefficients. U ∈ ℝN×N and F ∈ ℝN×N represent the 
user context and friend context.
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A Multi-Label Classification-Based Approach

Multi-label classification is used to classify an instance into a set of labels rather 
than one label. It has two main methods namely, problem transformation methods 
and algorithm adaption methods. First, the problem transformation method is used 
to transform the multiple-label training data into single-label data. Then the method 
learns a single-label classifier from the transformed data. Shuhua Monica Liu et al. 
(2015) proposed the multilabel classification based approach for microblogs. This 
approach was implemented based on three components namely, text segmentation, 
feature extraction, and multi-label classification. They empirically compared the 
performance of the proposed approach with 11 multi-label sentiment classification 
methods.

BBS-Based Sentiment Classification

Weitong Huang et al. (2008) studied BBS (an electronic information center) based 
user behavior and opinions by using ARC-BC text classification algorithm. Theis 
algorithm was implemented based on associated rules. It divides the user opinions 
into three categories namely, support, opposes and neutral. The authors showed very 
practical significance results for making the decision to government, the network 
purification, and prosperity, and building a harmonious society.

Other Supervised Sentiment Learning

Zhi-Hong Deng et al. (2014) proposed a supervised term weighting scheme to improve 
the performance of sentiment analysis. This method was implemented based on two 
factors namely, the importance of a term in a document and importance of a term 
for expressing sentiment. The authors employed functions based on term frequency 
to compute importance of a term in a document, and seven statistical functions to 
compute importance of a term for expressing sentiment from training document 
with labeled categories. They proved that the proposed method achieves the best 
accuracy on two datasets out of three datasets. In (Sheng-Tun Li & Fu-Ching Tsai, 
2013), a novel classification framework was proposed using fuzzy formal concept 
analysis. The proposed framework conceptualizes documents into concepts. The 
authors evaluated the performance of the framework on two opinion polarity datasets. 
The results revealed that the proposed framework decreases the sensitivity to noise. 
In (Ting-Chun Peng & Chia-Chun Shih, 2010), an unsupervised snippet-based 
sentiment classification method was proposed to unknown sentiment phrases. This 
method uses the Reference Word Pairs (RWPs) instead of semantic orientation 
methods to predict sentiment phrases. The authors extracted sentiment phrases in 
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each review by means of Parts-of-Speech (POS) rules. The authors utilized top-N 
relevant snippets returned by the search engine to predict sentiment phrases. They 
achieved 80% accuracy with F-measures.

Zhang Xia et al. (2009) proposed a new approach for sentiment classification 
based on granule network. The research was mainly focused on segmentation and 
feature selection for sentiment. The authors performed classification based on rule 
mining by granule network. Ahmed Abbasi et al. (2011) proposed a feature relation 
network (FRN) method for sentiment classification. The task is to improve the 
selection of text features for enhanced sentiment classification. FRN was implemented 
with the use syntactic relations and semantic information between n-grams. It was 
showed that FRN outperforms univariate, multivariate, and hybrid feature selection 
methods. ZHANG Wei et al. (2010) proposed a sentence-level sentiment classification 
method based on syntax tree pruning and tree kernel. It first uses convolution 
kernel of SVM to obtain structured information. Second, the adjectives-based and 
sentiment words based strategies were applied into the syntax tree pruning. In (Xin 
Wang, & Guohong Fu, 2010), the authors used morphemes as the basic tokens for 
sentence-level sentiment classification. The method was implemented by applying 
the morphological analysis, acquired morphemes-level sentiment information, and 
the combination of sentiment phrases and their polarity scores.

Peifeng Li et al. (2011) proposed a dependency tree based approach for sentiment 
classification. This method was implemented by preprocessing, converting all 
dependency relations to the dependency tree, pruning strategy to the dependency 
tree, and adding the category information to use the SVM classifier. In (Mostafa 
Karamibekr, & Ali A. Ghorbani, 2012), a verb-oriented sentiment classification 
method was proposed for social domains. The authors employed an English 
dictionary and WordNet to extract sentiment terms from a sentence. They formulated 
a sentiment model to find the relations between document, sentence, and opinion by 
applying general algorithms. Their results showed that the verb-oriented approach 
outperforms the classification 10% higher than the Bag of Words. Chihli Hung et 
al., (2013) improved the performance of Word of Mouth sentiment classification 
by reevaluating the objective words in SentiWordNet. The sentiment reevaluation 
module was implemented in four steps namely, finding sentiment orientation and 
values for words and sentences, negation processing, measuring the relevance of 
object words and associated sentiment sentences, and adjusting sentiments. Xiao 
Sun et al. (2014) proposed a deep belief network model (DBN) with extended multi-
modality features for sentiment classification in microblogs. In this model, DBN is 
composed of several layers of Restricted Boltzmann Machine (RBM). The RBM 
initializes the neural network. A classification RBM (ClassRBM) layer was stacked 
on top of RBM. This layer achieves the final sentiment classification. The results 
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proved that the deep learning method on sentiment classification outperforms the 
surface learning methods such as NB, SVM. etc.

Yanghui Rao et al. (2014) proposed a multi-label supervised topic model (MSTM) 
and sentiment latent topic model (SLTM) to associate latent topics with emotion 
readers. MSTM is the extension of the supervised topic model to generate a set of 
topics from words. SLTM generates topics from social emotions. These models 
were applied to sentiment classification. The authors have shown that MSTM and 
SLTM are more stable than the baseline ETM, SWAT, and ET. In (Bingwei Liu 
et al., 2013), the authors analyzed the scalability of Naïve Bayes Classifier (NBC) 
for sentiment classification in large datasets. They improved the accuracy of NBC 
by increasing the data sizes. Felipe Bravo-Marquez et al. (2014) proposed a novel 
approach for sentiment classification based on meta-level features. This approach 
was implemented in the combination of existing lexical resources and sentiment 
analysis methods to address the different dimensions of opinions such as subjectivity 
and polarity. The authors suggested that the classification result varies from one 
dataset to another. The performance of the system significantly improved on the 
combination of different sentiment dimensions.

Semi-Supervised Sentiment Learning

Semi-supervised learning is the part of supervised learning methods. This system 
learns from a small amount of labeled data and a large amount of labeled data. 
Various semi-supervised sentiment learning methods are discussed as follows: In 
(Mohammad Sadegh Hajmohammadi, Roliana Ibrahim, & Ali Selamat, 2014), a 
bi-view semi-supervised active learning model was proposed to reduce the human 
labeling effort for cross-lingual sentiment classification. In this model, unlabelled 
training data is enriched through the manual and automatic labeling from the target 
language. The authors represented labeled and unlabelled data in the source and 
target languages to create different views. They incorporated the unlabelled data 
from the target language into the active learning process by using co-training and 
co-testing algorithms. A density measure applied to avoid selecting outlier examples 
from unlabelled data as well as to increase the manual labeling in the co-testing 
algorithm. This method was employed to coss-lingual sentiment classification in 
three book reviews. The authors proved that the proposed model outperforms in all 
datasets. Shenghua Liu et al., (2015) proposed a semi-supervised topic-adaptive 
sentiment classification (TASC) model to minimize the loss to adapt unlabelled 
data and features. TASC learning algorithm mainly updates the topic-adaptive 
features, adaptive unlabelled data, and collaborative training for the dynamic tweets 
on a topic. The authors proved TASC algorithm outperforms than supervised and 
ensemble classifiers.
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In Kyoungok Kim and Jaewook Lee (2014), the authors proposed a novel semi-
supervised laplacian eigenmaps (SS-LE) to remove the redundant features. This 
method enabled the visualization of documents in low dimensional space for text 
analytics. They performed experiments on multi-domain review data set with respect 
to sentiment classification and visualization. SS-LE produced a better similarity in the 
visualization. Nádia Félix Felipe da Silva et al., (2016) proposed a semi-supervised 
learning framework by combining unsupervised information and unlabeled data from 
the constructed similarity matrix, with a classifier. A Self-training algorithm C3E-
SL was used for a better tweet sentiment classification. The results proved that the 
proposed approach outperformed than the Self-training, Co-training, a Lexicon-based 
method, and a stand-alone SVM method. In (Jonathan Ortigosa-Hernandez et al., 
2012), a semi-supervised multi-dimensional classification paradigm for sentiment 
analysis was proposed to build more accurate classifiers. This method divides the 
training dataset into labeled and unlabelled data. The authors built multi-dimensional 
Bayesian network classifier to join the different variables. They suggested that the 
proposed method can be improved in several ways.

In Shusen Zhou, Qingcai Chen, and Xiaolong Wang (2013), the authors proposed 
novel semi-supervised active learning methods (called Active Deep Network (AND) 
and Information ADN) to address the problem of sentiment classification based 
on insufficient labeled data. In this method, ADN was constructed by Restricted 
Boltzmann machines (RBM) with labeled and unlabeled reviews. The constructed 
ADN was fine-tuned by the gradient-descent method. Then the authors applied 
active learning method to identify labeled and unlabeled reviews in order to train 
ADN and combined the information density with ADN. They proved that ADN and 
IADN outperform than the existing semi-supervised learning and deep learning 
methods. Shusen Zhou et. al. (2014) proposed the fuzzy deep belief networks 
(FDBN) and an active FDBN for semi-supervised sentiment classification. First, the 
authors trained FDBN on labeled and unlabeled reviews in the training dataset and 
designed a fuzzy membership for each class of reviews on learning FDBN. Second, 
FDBN was constructed based on the fuzzy membership function and DBN. Then 
the authors applied the supervised learning method to improve the performance of 
the FDBN and handling sentiment data. They proved that the active FDBN gets the 
best result than the FDBN.

Unsupervised Sentiment Learning

Unsupervised sentiment learning is the machined learned based approach. This method 
learns hidden structure from unlabeled training data. Various unsupervised learning 
methods are discussed as follows: In Shi Feng et al. (2011), the authors proposed 
an integrated graph-based model for clustering sentiments in Chinese blogs. They 
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implemented this model by the graph-based representation and clustering algorithm 
based on graph similarity. For example, consider a document D with title “abcd” and 
text “aefg”. Here, a, b, c, d, e, f, and g are represented as seven different words in 
the document D. These seven nodes are represented as nodes and their relationships 
are edges. In this model, the blog search result – items are segmented and extracted 
sentiment words using sentiment lexicons, and represented as multi-graphs. It is 
modeled as SoB-graph. Each sentence in the blog search result items is modeled as 
a subgraph of SoB graph. Then the BSR sentiment clustering method was proposed 
to form a new SoB graph, measured sentiment similarity between SoB-graphs. 
Milagros Fernández-Gavilanes et al. (2016) proposed an unsupervised dependency 
parsing-based text classification method to predict sentiment in online resources 
such as posts, reviews, tweets, etc. The authors derived sentiment lexicons by using 
a semiautomatic polarity expansion algorithm. This method improved the accuracy 
of the proposed system in specific application domains. William B. Claster et al., 
(2010) proposed a multi-knowledge based approach for modeling movie sentiment 
based on Self-Organizing maps (SOM) and movie knowledge in multi-dimensional 
space. The authors weighted features in frequency matrix for clustering words 
instead of comments in movie datasets. They presented 20-dimensional space to 
locate movies based on SOM. Then they developed a visual model for expressing 
sentiment vocabulary in test data. Their results improved the prior filtering of 
comments by using the sensitive filter, extending and refining sentiment lexicon, 
and stemming algorithm.

Tonghui Li et al. (2012) proposed a new unsupervised and domain independent 
approach for sentiment classification. In this method, 5,000 reviews from different 
domains chosen as a training set, the reviews are not labeled. The proposed 
approach was implemented in three phases. First, the opinion words and their 
semantic orientation value are extracted using Latent Semantic Analysis (LSA) to 
create sentiment vocabulary list. Second, the document sentiment orientation score 
(DSOS) for each document is calculated based on syntax analysis method. Finally, 
the sentiment classification was performed to produce the vocabulary list with the 
appropriate value. In Suge Wang et al. (2012), the authors proposed a sentiment 
clustering method based on feature reduction algorithm. They extracted sentences 
from reviews for constituting sentences set for each product object and applied the 
feature reduction algorithm based on discernibility matrix to reduce high dimension 
and missing data. Finally, each product rate is aggregated by employing the k-means 
clustering algorithm. Their results showed that 41.38% reduced runtime and 15.69% 
reduced sparsity. Gang Li et al., (2010) introduced a new clustering-based approach 
for sentiment analysis. They built this approach based on k-means clustering algorithm 
by employing three strategies namely, TF-IDF weighting, voting mechanism, and 
term score. TF-IDF weighting scheme improves the accuracy. A voting mechanism 
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extracts the clustering result. Term score enhances the clustering result. The authors 
suggested that the performance of the proposed approach is the most balanced, and 
it is more suitable for real applications.

Dionisios N. Sotiropoulos et al. (2014) proposed an entropic measure-based 
clustering approach by combining topic modeling and sentiment analysis algorithms. 
This approach extends low-level features such as words, phrases or sentences. The 
proposed approach was designed with sequences of seven steps namely, data collection 
& data preparation, corpus separation, VMS-based corpus vectorization, sentiment 
classification, topic modeling, sentiment per topic, semantic factors identification. An 
entropic-measure based clustering algorithm forms semantically coherent clusters on 
topically cluster centroids. In the semantic factors identification phase, the network 
infrastructure, product portfolio, distribution channel, support/customer service, 
sponsored event, and advertisement are identified to associate with different topics 
and their corresponding cluster. In Zheng Lin et al. (2016), the authors mentioned 
that existing cross-lingual topics models are not suitable for sentiment analysis. To 
overcome this problem, they proposed an unsupervised cross-lingual topic model 
framework for sentiment classification. In this framework, Cross-Lingual LDA 
(CLLDA) model was used to detect topics without sentiments. The existing Joint 
Sentiment/Topic Model (JST) and Aspect and Sentiment Unification Model (ASUM) 
were incorporated into CLLDA to capture aspects with sentiments. Moreover, the 
authors presented two unsupervised cross-lingual joint aspect/sentiment models 
(CLJST and CLASUM) for sentiment classification at aspect level in a target language.

LEXICON-BASED APPROACH

The lexicon-based sentiment approach is able to learn sentiment lexical phrases, 
chunks, etc. This approach is mainly focused on vocabulary. Various lexicon-based 
approaches are discussed as follows: In (Isa Maks, & Piek Vossen, 2012), a lexicon 
model was introduced for the description of verbs, nouns, and adjectives in opinion 
mining. This model consists of a categorization of semantic classes (nouns, verbs) 
and complementation patterns (actor’s attitude, speaker/writer’s attitude, everybody’s 
attitude). The model described the detailed subjectivity relations that exist between 
different actors in a sentence expressing separate attitudes for each actor. Farhan 
Hassan Khan et al. (2016) proposed a semi-supervised subjective feature weighting 
and an intelligent model selection called SWIMS for sentiment analysis. A SWIM 
determines the feature weight based on SentiWordNet. They employed SVM to 
learn feature weights, and an intelligent model selection approach to enhance the 
performance of the system. Sungrae Park et al. (2015) proposed an extraction of a 
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sentiment lexicon with active learning on a specific domain. The authors presented 
a simple probabilistic algorithm using Bayesian estimation to extract a sentiment 
lexicon from document-level annotations, and an active learning technique applied 
to minimize annotation effort. They suggested that the proposed method achieves 
the best F1 scores than the baseline methods, and it is more suitable to n-gram cases.

Sheng Huang et al. (2014) proposed a novel automatic construction of domain-
specific sentiment lexicon based on constrained label propagation. The authors 
implemented this strategy into six steps. First, the sentiment terms are extracted by 
using the chunk dependency information and generic sentiment lexicon. Second, 
the sentiment seeds are extracted from domain reviews. Third, an association 
similarity graph is constructed to propagate sentiment polarity from sentiment seeds. 
Fourth, the constraint relations are defined and extracted between sentiment terms. 
Fifth, the constraint propagation is applied to the entire collection of contextual 
and morphological constraints between sentiment terms. Finally, a collection of 
pairwise constraints and their associated score values are obtained. The authors 
pointed out that the proposed strategy does not require any human effort to apply 
in other domains. In (Songbo Tan, & Qiong Wu, 2011), a random walk algorithm 
for automatic construction of domain-oriented sentiment lexicon was proposed 
by utilizing sentiment words and document from source domain and destination 
domain. This approach employed four relations namely, word to word relationship, 
word to document relationship, a document to document relationship, and document 
to word relationship in a unified framework. The framework consists of two phases 
such as graph-building and iterative reinforcement. In the graph-building phase, 
the proposed approach builds four graphs by including labeled data from source 
domain and unlabeled data from target domain or destination domain. In the iterative 
reinforcement phase, the proposed approach computes word and document sentiment 
scores based on the graphs. The authors conducted experiments on various domain-
specific sentiment lexicons and proved that the proposed approach improves the 
accuracy for identifying sentiment polarity words.

In A. Moreo et al. (2012), a lexicon-based Comments-oriented New Sentiment 
Analyzer (LCN-SA) was proposed to deal with the user’s tendency, detection of 
the target user opinions, and design of a linguistic knowledge lexicon with low 
cost-adaptability. The authors designed the proposed system in three stages. First, 
the knowledge preparation module is employed by filtering stage to remove noisy 
comments, PoS to improve the performance of stemmer, sentence splitter to separate 
sentences. Second, opinion focus detection module is applied to detect lexicon by 
interpretation context. Moreover, the disambiguation analysis and frequency analysis 
are applied to tackle with the focus co-reference and to discard low-referenced 
focuses in the comments. Third, a sentiment analysis algorithm is composed by 
expression labeling, tuples extraction, and tuples clustering and filtering. In Yan 
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Dang, Yulei Zhang, and Hsinchun Chen (2010), a lexicon-enhanced method for 
sentiment classification was proposed by combining machine learning and semantic 
orientation approach. The authors designed this method in three steps namely, data 
acquisition, feature generation, and classification and evaluation. First, the online 
product reviews are obtained by using the spidering programs. Second, the features, 
content-free, and content-specific are generated from machine learning approach 
and sentiment features from the semantic orientation approach. Third, a support 
vector machine is used as a classifier to measure the performance of the system. 
The authors achieved comparable classification accuracy with Blitzer’s multidomain 
sentiment data set.

Pierluca Sangiorgi et al. (2013) presented an unsupervised data-driven cross-
lingual method for creating a sentiment lexicon. The proposed method is implemented 
by an automatic review extraction, combined entropy TF-IDF scoring, and cross-
lingual intersection. The authors tested this method over seven selected games and 
applications in four different languages and validated using SentiWordNet. In (Pedro 
Miguel Dias Cardoso, & Anindya Roy, 2016), the authors presented a novel approach 
for automatic sentiment lexicon creation using continuous latent space and neural 
networks. They trained two multilayer perceptron (MLP) systems using manually 
annotated corpus (SynthesioLex and EmoLex) to predict sentiment polarity and 
sentiment prediction for each word. The words are mapped into a continuous latent 
space to serve as input to MLP. The authors also studied a regression system to 
create features in a continuous sentiment space. Dehong Gao et al., (2014) introduced 
bilingual word graph label propagation to automatically create sentiment lexicons on 
the target languages. A bilingual word graph is used to represent the intra-language 
relations and inter-language relations. The authors used both synonym and antonym 
to build the intra-language relations, and the word alignment information derived 
from building the inter-language relation from bilingual parallel sentences. Their 
results showed that the proposed approach outperformed than the existing approaches.

ENSEMBLE LEARNING METHODS

An ensemble learning methods are trained on multiple learners instead of a single 
learner on the training data. This learning method used for three main reasons 
namely, statistical, computational, and representational. The variance and bias can 
be reduced by combining multiple classifiers [59]. The general ensemble learning 
method is shown in Figure 3. For example, consider a tweet for ensemble learning 
“I’m in a happy mood today, I go to beach” If the classifier 1 calculates a positive 
score = 0.98 and negative score = 0.02, classifier 2 calculates a positive score = 
0.42 and negative score = 0.58, and classifier 3 calculates a positive score = 0.96 
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and negative score = 0.04, Then the average positive and negative score is 0.73 
and 0.21(Nádia F.F. da Silva et al., 2014). In Nádia F.F. da Silva et al. (2014), an 
approach for sentiment analysis is proposed to automatically classify the sentiment 
using classifier ensembles and lexicons. The classifier ensembles are formed by 
Random Forest, Support Vector Machines, Multinomial Naïve Bayes, and Logistic 
Regression to classify unseen data. The authors employed a bag-of-words and feature 
hashing techniques to represent features, preprocessing to remove retweets, stop 
words, links, URLs, mentions and punctuation, and stemming to minimize sparsity.

Aytug Onan et al. (2016), the authors proposed a multiobjective weighted voting 
ensemble classifier based on differential evolution algorithm to enhance the predictive 
performance of sentiment classification. First, the authors trained the combined 
algorithms namely, Naive Bayes, Support Vector Machine, Logistic Regression, 
Bayesian Logistic Regression, and LDA to predict the output classes. Second, the 
weights are adjusted based on precision and recall values of predicted output class. 
Third, the weights are adjusted for each classifier and for each output class. Fourth, 
the classification algorithms trained on this new data. Finally, the voting mechanism 
is applied to predict each output class.

In Gang Wang et al. (2015, https://en.wikipedia.org/), the authors discussed 
that the random subspace method is an ensemble learning method. It reduces the 
correlation between observed data in the training process on randomly selected sub-
datasets instead of the entire datasets. The random subspace method has been used in 
decision trees, random forests, support vector machines, etc. Gang Wang et al. (2015) 
proposed POS based random subspace method for sentiment classification. They 
used the content lexicon subspace rate and function lexicon subspace rate parameters 
to construct random sub-datasets. These control the accuracy and the diversity of 

Figure 3. An ensemble learning method
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base learners. They also trained the base learners on different sub-datasets to learn 
a pattern in the model. The authors selected SVM as a base learner and compared 
the results with many machine learning algorithms. The more accurate result was 
achieved by POS-RS method. The base learners {Ci(x), 1 ≤ i ≤ k} are aggregated 
by the majority voting rule as expressed by the following equation.

C x C x
k

i
i

*( ) sgn ( )= −
−










∑ 1
2

	

Rui Xia et al., (2013) proposed the feature ensemble plus sample selection (SS-
FE) approach to address domain adaptation problem in sentiment classification. The 
authors improved SS-FE results by considering both labeling adaptation and instance 
adaptation. The changes in labeling function are modeled by labeling adaptation 
i.e. one feature might be expressing positive in the source domain and negative in 
the target domain. An instance adaptation models the change of vocabulary or word 
frequency from the source domain to target domain. The authors also employed a 
principal component analysis (PCA-SS) method to select a subset of source domains 
that close to the target domain, and a singular value decomposition (SVD) algorithm 
to extract latent concepts in the target domain. Dongmei Zhang et al., (2015) 
proposed a method for unbalanced sentiment classification by combining unbalanced 
classification method and ensemble learning technique. In this ensemble learning 
framework, the training set is generated in three steps namely, under-sampling, 
re-sampling, and random feature selection. Then the proposed ensemble learning 
method is applied to the training set. The authors enhanced the performance of the 
proposed method than the existing methods such as Bagging, Adaboost, Random 
Subspace, Random Forest, etc. In (Yun Wan, & Dr. Qigang Gao, 2015), the authors 
proposed an ensemble sentiment learning strategy to analyze customer sentiment 
in airline services. They compared the performance of different sentiment learning 
approaches and developed an ensemble approach to improving the sentiment 
classification performance. The proposed ensemble approach includes Naive Bayes, 
SVM, Bayesian Network, C4.5 Decision tree and Random Forest algorithms.

HYBRID APPROACH

A hybrid approach is composed of a larger part of the system. This approach allows 
more flexibility in modeling the system. Various hybrid approaches are discussed 
as follows: Farhan Hassan Khan et al. (2014) presented a twitter opinion mining 
framework using hybrid classification scheme to improve the classification accuracy, 
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data sparsity, and sarcasm. The proposed method developed into three stages namely, 
data acquisition, pre-processing, classification, and evaluation. First, the publically 
available data is obtained from Twitter using Twitter streaming API and Twitter4J 
library. Second, the obtained raw tweets are preprocessed to refine data in terms of 
abbreviations, lemmatization, correction, and stop words removal. Third, the polarity 
classification algorithm is applied to classify twitter feeds on the basis of enhanced 
emotion classifier, improved polarity classifier, and SentiWordNet classifier. In 
this hybrid classification algorithm, the refined tweets serve as input to enhanced 
emotion classifier. If the tweet is classified as neutral, then the refined tweets are 
classified using improved polarity classifier. If the tweet is classified as neutral in 
this algorithm, then tweets are classified using SentiWordNet Classifier. The authors 
showed that the performance of proposed system achieves 85.3%.

Orestes Appel et al., (2016) presented a hybrid approach to the sentiment 
analysis problem at the sentence level. This new method employed by using five 
key components sentiment\opinion lexicon, semantic rules, fuzzy sets approach to 
sentiment analysis, the hybrid approach and its process, and sentiment enrichment. 
The hybrid method calculates sentiment polarity and its intensity in sentences based 
on hybrid standard classification and hybrid advanced classification processes. 
The authors performed an experiment on three different datasets and compared 
the result with Naive Bayes and Maximum Entropy methods. Their result revealed 
that presented the hybrid approach outperform than above-mentioned algorithms.

EXTENSIONS OF CLASSIFICATION AND CLUSTERING

Anna Jurek et al. (2015) proposed a new feature construction method using TF-IDF 
and an extended space forest ensemble method for sentiment classification. This 
method selects words from different data sets directly in the whole set. The authors 
have taken the advantage of TF-IDF to choose distinguishable unigram from positive 
and negative documents. They applied statistical methods to analyze the effectiveness 
of proposed system. Luis Trindade et al. (2014) proposed an extension of the gap-
weighted soft matching factored sequence kernel for sentiment classification to make 
a strong distinction between a single feature and all features. Each word, PoS, and 
sentiment are represented as tridimensional for each sentence. The authors performed 
the proposed task on subjectivity and polarity classification.
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APPLICATIONS

The most common applications of Bigdata sentiment analysis in the areas of consumer 
voice for searching products, companies and their brands, online advertising, 
financial markets and services, news, on-line commerce, opinion poll, voting advice 
applications, politicians positions, real-world events monitoring in articles and 
tweets, legal matters, policy or government regulation proposals, business decision 
making, intelligent transportation system, airline services, educational developments, 
urban planning (Justin B. Hollander et al., 2016), and operational improvements 
of organizations.

SOFTWARE TOOLS

There are many software tools that provide methods for Bigdata sentiment 
classification and clustering. The software tools are Hadoop, MongoDB, Talend 
Open Studio, FICO Bigdata, Skytree server, Pentaho, Cambridge semantics, Alteryx, 
CISCO Bigdata, Cloudera Enterprise Bigdata, Intel Bigdata, Vmware Bigdata, IBM 
Bigdata analytics, Teradata Bigdata, Tableau Desktop and server, Dell Bigdata, 
Oracle Bigdata, Talend, Viscovery SOMiner, HPCC Systems Bigdata, Pivotal 
Bigdata, Amazon Web Service, Microsoft Bigdata, HP Bigdata, Splunk, COGSA, 
Semantria, Daniel Soper Sentiment Analyzer, MarkLogic, SAP inMemory, Meltwater, 
Google Alerts, Werfamous sentiment analyzer, Sentiment140, Twitrratr, SAS 
sentiment analysis tool, Trackur, Hootsuite, Opentext sentiment analysis, UberVu, 
Statsoft sentiment analysis, Twendz, Social mention, HappyGrumpy, Sentiment viz, 
TweetFeel, Streamcrab, Clarabridge dictionary sentiment analysis, Opinion crawl, 
Emotions, Twazzup, They say, LIWC, SentiStrengh, SentiWordNet, SenticNet, 
Happiness Index, NetOwl Extractor, NICTA, TweetDeck, Get Cloud Cherry, SSIX, 
SumAll, The research bazaar, Dirt Deigital and TweetReach.

CONCLUSION

In this chapter, the authors discussed various methods and approaches of sentiment 
mining for Bigdata classification and clustering. First, the machine learning-based 
approaches are discussed as supervised, semi-supervised and unsupervised methods. 
Supervised sentiment learning methods perform common classification problem 
by using labeled training data. It includes Naive Bayes method, maximum entropy 
method, support vector machine, stochastic gradient descent method, n-gram based 
character language model, cross-domain sentiment classification, ranked WordNet 
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graph, structured microblog sentiment classification, a multi-label classification 
based approach, BBS based sentiment classification, a fuzzy conceptualization 
model, supervised term weighting method, feature relation network based sentiment 
classification, a verb-oriented approach, meta-level sentiment models for big 
data, emotion topic model, syntax tree pruning and tree kernel based sentiment 
classification, morphemes based sentiment classification, joint sentiment – topic 
model, a dependency tree based approach, improved word-of-mouth sentiment 
classification, and a deep belief network based sentiment classification. Semi-
supervised sentiment learning methods are a class of supervised learning and it 
makes use of labeled and unlabeled training data. It includes Semi-supervised 
dimensionality reduction, topic-adaptive sentiment classification (TASC), multi-
dimensional classification, active deep learning method, and fuzzy deep belief 
networks. Unsupervised sentiment learning methods perform clustering problems. 
It includes clustering sentiment based on graph similarity, unsupervised artificial 
neural networks, unsupervised multi-class sentiment learning, an entropic measure 
based clustering, and unsupervised cross-lingual topic model.

Second, the following lexicon based approaches are discussed: Domain specific 
sentiment lexicon with active learning, domain-specific sentiment lexicon based 
on label propagation, a random walk algorithm for domain-specific sentiment 
lexicon, lexicon-based comments-oriented news sentiment analyzer system, a 
lexicon-enhanced method, context – aware sentiment lexicon, a lexicon model for 
deep sentiment analysis, Unsupervised data-driven cross-lingual method, Sentiment 
Lexicon Creation using Continuous Latent Space and Neural Networks, and a 
bilingual word graph label propagation. These approaches infer the sentiment on 
the ground of polarity word. Third, the following ensemble-based approaches are 
discussed: an approach for sentiment analysis using classifier ensembles and lexicons, 
a multiobjective weighted voting ensemble classifier based on differential evolution 
algorithm, random subspace method, feature ensemble plus sample selection (SS-
FE) approach, and an unbalanced sentiment classification using ensemble learning. 
These approaches perform multiple learning algorithms for better performance. 
Fourth, hybrid approaches, extensions of clustering and classification, applications of 
sentiment analysis on Bigdata, and software tools are discussed. In future work, the 
authors intended to implement all the methods empirically using different data sets 
and different software tools for performance measure, visualization, and comparison 
in terms of Big Data classification and clustering.
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ABSTRACT

A large dataset is not preferable as it increases computational burden on the methods 
operating over it. Given the Large dataset, it is always interesting that whether one 
can generate smaller dataset which is a subset or a set (cardinality should be less 
when compare to original dataset) of extracted patterns from that large dataset. 
The patterns in the subset are representatives of the patterns in the original dataset. 
The subset (set) of representing patterns forms the Prototype set. Forming Prototype 
set is broadly categorized into two types. 1) Prototype set which is a proper subset 
of original dataset. 2) Prototype set which contains patterns extracted by using the 
patterns in the original dataset. This process of reducing the training set can also 
be done with the features of the training set. The authors discuss the reduction of the 
datasets in the both directions. These methods are well known as Data Compaction 
Techniques.

INTRODUCTION

The large datasets are always increases computational burden on the methods 
(algorithms) operating over them. In pattern recognition and its allied fields it is 
always interesting to generate smaller dataset which is a representative of the original 
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set. A dataset can be represented using a set of attributes or features and patterns 
or objects. The reduction of the original set can be achieved in both directions i.e. 
reducing the number of patterns and reducing the number of features. Reducing the 
number of patterns is called Prototype selection or Prototype generation. Reducing 
the number of features is called Feature Selection or Feature Extraction.

Forming Prototype set is basically categorized into two types.

•	 Prototype set which is a proper subset of original dataset.
•	 Prototype set which contains patterns extracted by using the patterns in the 

original training set.

Given the large dataset in which patterns are represented by large number of 
features, it is efficient to select a set of features which can best describe the dataset. 
Like prototype set discussed above, selection of feature set also basically divided 
into two categories.

•	 Feature set which is a proper subset of set of features in the original dataset.
•	 Feature set which contains features extracted from the features of the original 

dataset.

Both the methods attract the researchers of Big Data, Pattern Recognition and 
its allied fields.

This chapter is organized as follows. In the section Data Compression using 
Prototype selection methods the novel methods that are used for Prototype selection 
were presented. Nearest Neighbour rule is used for computing the Prototype set. 
The section Data Compaction using Feature selection, some of the important 
methods which are useful for reducing the data using based on feature selection were 
discussed. The next section presents how we can combine the methods present in 
the previous two sections so as to reduce the data both vertically and horizontally. 
Each section is strengthened by giving suitable examples and experimental results 
over datasets which are widely used in Machine Learning and its allied fields. The 
section conclusion and future enhancement gives the future scope for the researchers 
related to this area.

The last section presents brief summary of the chapter.
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Data Compaction Using Prototype Selection

Usage of the representative dataset in place of the original dataset reduces the input 
data size. Some of the Prototype Selection methods are discussed in this section. A 
Prototype is a representation of the original pattern. For example, a mean pattern 
can act as a Prototype of a set of patterns. For example, consider the following data 
set of two dimensional patterns.

D={(2,4),(2,6),(6,4),(8,8),(6,6)}	

The mean of the above patterns is 2 2 6 8 6
2

4 6 4 8 6
2

+ + + + + + + +









, = 

(12, 14).
Like mean, there are techniques to find the representative patterns which otherwise 

called Prototype Selection or Prototype Generation methods.
If the Prototype set contains the actual patterns of the training set (However the 

size of Prototype set is less compare to the original set) then it is called Prototype 
selection. Instead if the Prototype set contains the patterns which are generated using 
the patterns of the data set, then it is called Prototype Generation. Both Prototype 
selection and Prototype generation are two familiar methods in reducing the given 
data set. The authors focussed on the Prototype selection methods.

Condensed Nearest Neighbour (CNN) Method

Condensed Nearest Neighbour begins with the pattern selected from the training 
set which forms the initial condensed set. Then each pattern in the training set is 
classified using the condensed set. If a pattern in the training set is misclassified, 
it is included in the condensed set. After one pass through the training set iteration 
is carried out. This iterative process is carried out till there are no misclassified 
patterns. The final condensed set has two properties.

•	 It is a subset of original training set.
•	 It ensures 100% accuracy over the training set which is the source for deriving 

the condensed set.

Let S be the given training set and S (CNN) is the new condensed set formed 
by applying Condensed nearest neighbor rule. The algorithm is outlined as shown 
in Algorithm 1.
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Numeric Example

Consider an Example data set as shown in Table 1. It has two features A and B 
along with the Class label information present in the last column. It is an example 
of binary class data where each sample is classified into one of the two classes 
present ‘YES’ or ‘NO’. Let Xi refers the ith sample in the data set i.e. X2 means the 
second pattern (1, 2).

The distance measure used to find the distance between the patterns is Euclidean 
distance and the rule followed is Nearest Neighbor rule. Let us understand the rule 
first before computing Prototype set S for the data set shown in Table 1 using CNN.

Advantages: The advantages of CNN method are:

Algorithm 1. Condensed nearest neighbor algorithm

Step 1 Initially S (CNN) = { }.
Step 2 S (CNN) = 1stsample in S.

Step 3 Classify S using S (CNN) using Nearest Neighbor rule. 
Step 4 for each sample in S do
Step 5 a) if it is correctly classified then ignores it.
Step 6 b) if it is incorrectly classified, then add it to S 
(CNN) 

Step 7 Repeat step 3-6 till there are no new samples added to S 
(CNN) i.e. 

Step 8 S (CNN) i
= S (CNN) 

i−1
 where i is the iteration number.

Step 9 Output S (CNN) as condensed set over S.

Table 1. Example data set

No A B Class

X1 1 1 NO

X2 1 2 NO

X3 2 1 NO

X4 2 2 NO

X5 5 1 YES

X6 5 2 YES

X7 6 1 YES

X8 6 2 YES
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1. 	 The set formed by CNN is a condensed set i.e. it shows 100% accuracy over 
which it has built.

2. 	 It is a subset of the original training set.

Disadvantages: The disadvantages of CNN method are:

1. 	 It is order dependent. The set of patterns chosen are based on the first pattern 
selected initially in the set.

2. 	 It scans the training set multiple times.

Nearest Neighbour Method

Nearest Neighbour classification (NNC) is a popularly known classification method 
in pattern recognition. NNC is simple to use and easy to understand. For a test pattern 
’q’, NNC or 1-NNC finds the nearest neighbour in the reference set and assigns the 
class label of this nearest neighbour to the test pattern. When the patterns are large 
(cardinality of the data set approaches to infinity) it can be shown that the error 
rate of 1-NNC is twice the Bayes’ error rate. The nearest neighbour classifiers uses 
some or all of the patterns in the training set to classify the given query pattern.

Let there are ‘n’ training patterns, (X1, Y1), (X2, Y2)... (Xn, Yn) where Xi is 
of dimension d and Yi is the class label of the ith pattern. Let us try to understand 
the 1-NN procedure using a concrete example. But, before that it is meaningful to 
understand the notion of nearest in NN. The nearest is based on the notion of distance 
and the most distance metric used in machine learning is Euclidean Distance. The 
Euclidean Distance D between two patterns a and b is given by the following:

D a b
i ii

d
= −( )=∑ 1

2

	

For example, the distance between (2, 3) and (1, 4) is given by ( ) ( )2 1 3 42 2− + −  
= 2 1 411= . . Here d=2.

The 1-NN neighbour method is illustrated by using the Figure 1. In the Figure 
there are two classes present. The patterns belong to class 1 is represented by filled 
circles and the patterns that are belong to class 2 is represented with the symbol 
filled diamond. The query pattern is represented by using ‘*’. Now the problem is 
to determine the class label of this query pattern. Using Nearest neighbour one has 
to compute all the distances present between the query pattern and all the patterns 
belongs to class 1 and class 2. From the Figure it is obvious that ‘* ‘belongs to class 
1(filled circle) as the nearest neighbour pattern of ‘*’ belongs to class 1.
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Advantages: The advantages of the NNC method are:

1. 	 Simple and easy to understand.
2. 	 The error rate of NNC is twice the Bayes’ error rate.

Disadvantages: The disadvantages of NNC method are:

1. 	 This method requires large memory space as it has to store the entire training 
set i.e. it faces space complexity problem.

2. 	 It compares each and every pattern in the training set to classify a pattern. 
Hence it needs large computation time i.e. it faces time complexity problem.

3. 	 The outliers affect the performance of NNC.
4. 	 The curse of dimensionality problem exists in NNC.

Example

Let the training set consist of the following three dimensional points. The first two 
dimensions represent the features and the third dimension is class label.

Let there are two classes present. The patterns belong to either class 1 or class 2.

X1= (1.0, 1.0,X2= (1.0, 2.0, 1) X3= (2.0, 1.0, 1) X4= (2.0, 2.0, 1)	 1) 

Figure 1. Example showing the working of 1-NN
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X5= (5.0, 5.0,X6= (5.0, 6.0, 2) X7= (6.0, 5.0, 2) X8= (6.0, 6.0, 2)	 2) 

Let the query pattern q= (3.0, 3.0) for which we need to compute the class label. 
Following the 1-NN procedure, we find the distances between q and all the patterns 
i.e. X1, X2...X8.

D (q, X1) = ( ) ( )3 1 3 1 2 2 82 2 2 2− + − = + = 	

similarly,

d2 = 5 , d3 = 5 , d4 = 2 , d5 = 8 d6= 13 , d7= 13 , d8 = 19 	

So, the nearest neighbour for q is X4 as it is very close to q. This infers the class 
label 1 for q saying that q belongs to class 1.

Now let us compute the prototype set S based on CNN method over the data set 
present in Table 1.

The Euclidean distances between the patterns of Table 1 are present in Table 2.
The first pattern X1 forms the initial condensed set S. So S={X1}. Using S, the 

dataset in Table1 is classified. During the first iteration, the patterns X1, X2, X3, and 
X4 are ignored as they classify using S. The pattern X5 is added to S because it is 
misclassified by S. The patterns X6, X7 and X8are ignored as they classify using S. 
After the end of the first iteration, S={X1, X5}. Then the second iteration is carried 
out. During the second iteration new patterns are not added to S because all the 
patterns in the dataset are classified. At this stage, the algorithm is terminated with 
set S={X1, X5}, the final condensed prototype set. Now the Prototype Set S can be 
used instead of original set for classifying the patterns. The reduction rate achieved 

Table 2. Euclidean distance between patterns of Table 1

NO. X1 X2 X3 X4 X5 X6 X7 X8

X1 0 1 1 1.414 4 4.12 5 5.09

X2 1 0 1.414 1 4.12 4 5.09 5

X3 1 1.414 0 1 3 3.16 4 4.12

X4 1.414 1 1 0 3.16 3 4.12 4

X5 4 4.12 3 3.16 0 1 1 1.414

X6 4.12 4 3.16 3 1 0 1.414 1

X7 5 5.09 4 4.12 1 1.414 0 1

X8 5 5.09 4 4.12 1 1.414 0 1
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in this case is 6
8

 = 0.75 or 75%. That’s Researchers are interested always finding 

alternate and suitable set instead of original set. These types of techniques like CNN 
and other methods which are going to be discussed in the subsequent sections are 
helpful in the fields where data compaction techniques are needed especially like 
Big Data and Big Data Classification.

Other Class Nearest Neighbour (OCNN) Method

This method is based on the intuitive notion of retaining patterns that are near to 
decision boundary. It is obvious that the patterns which are near decision boundary 
plays very important role in the classification of a process. The boundary patterns 
are computed by using Other Class Nearest Neighbour (OCNN) method.

Let S be the given training set. S (OCNN) is the set formed after applying the 
OCNN method. OCNN (Xi) is the set of nearest neighbours for pattern Xi from 
other classes which can be computed by using k-nn rule. The method is outlined 
in algorithm 2. Consider the example training set shown in Figure 2. Two classes 
are present in the Figure 2. The positive class tuples are represented by ’+’ and 
negative class tuples are represented by ’×’. For example, if a query pattern ’*’ lies 
on the left side of the boundary decision, then it is classified as ’+’ class otherwise 
’-’ class. That means the patterns that are near to decision boundary are enough for 
classification. The other samples can be removed from the training set. This is the 
central idea of OCNN method. In the example present in the Figure 2, two patterns 
from ’×’ class and two patterns from ’+’ class near to decision boundary are typical 
patterns when compared to other training patterns.

This can be found by using the Other Class Nearest Neighbours algorithm 
(OCNN) discussed in Algorithm 2.

Advantages: The advantages of OCNN method are:

1. 	 It is order independent i.e. the reduced set formed by OCNN method is 
independent of the patterns initially selected.

2. 	 It does not require multiple scans of training data.

Disadvantages: The disadvantages of OCNN method are:

1. 	 It has the time complexity O(n2)
2. 	 The reduced set does not have consistency property.
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An Example

The algorithms are illustrated with the example dataset shown in Table 1. The 
Euclidean distances between the patterns are present in the Table 2.

The SXi=OCNN (Xi) where i = 1, 2 . . . 8 obtained as follows. Consider k=2.

SX1=OCNN(X1) ={X5, X6} SX2=OCNN(X2) ={X5, X6}	

Figure 2. Working of OCNN

Algorithm 2. Other class nearest neighbour algorithm

1 Initially Set S=∅.

2 for each Xi
 present in S

3 do

4 Find Si
= OCNN (X

i
) using k-nn rule.

5 S = S ∪S i
.

6 end for

7 S (OCNN) =S; 

8 output S (OCNN).

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



73

Data Compaction Techniques

SX3=OCNN(X3) ={X5, X6} SX4=OCNN(X4) ={X5, X6}	

SX5=OCNN(X5) ={X4, X3} SX6=OCNN(X6) ={X4, X3} SX7=OCNN(X7) ={X4, X3} 
SX8=OCNN(X8) ={X4,X3}	

The final prototype set S is computed by the union of all SXi. For this example, 
S=SX1∪SX2∪SX3∪SX4∪SX5∪SX6∪SX7∪SX8. Hence, we get S={X5, X6, X4, X3} shown in 
Table 3.

Let us build the prototype set S based on the method CNN shown in Algorithm 1.
The first pattern X1 forms the initial condensed set S. So S={X1}. Using S, the 

dataset in Table1 is classified. During the first iteration, the patternsX1, X2, X3, and 
X4 are ignored as they classify using S. The pattern X5 is added to S because it is 
misclassified by S. The patterns X6, X7, X8are ignored as they classify using S. After 
the end of the first iteration, S={X1, X5}. Then the second iteration is carried out. 
During the second iteration new patterns are not added to S because all the patterns 
in the dataset are classified. At this stage, the algorithm is terminated with set S={X1, 
X5}, the final condensed prototype set.

Modified Condensed Nearest Neighbour Method (MCNN)

In this algorithm, prototype set is built in an incremental manner. A typical pattern 
is selected from each class and it is kept in the set. This is considered as initial 
prototype set to begin with. The training set patterns are classified by using this 
prototype set. From the misclassified samples in the training set, a representative 
pattern is computed from each class and is added to the prototype set. Now again the 
training set is classified with the prototype set. This process is an iterative process 
and repeated till there are no misclassified samples present in the training set. Now 
the final typical pattern set is the desired prototype set. It is a subset of original 
training set and ensures consistency over the training set. In a class of patterns, the 
pattern which is near to centroid may be selected as typical pattern.

Table 3. Prototype set chosen by OCNN on Table 1

No. A B Class

X3 2 1 NO

X4 2 2 NO

X5 5 1 YES

X6 5 2 YES
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Let S be the given training set and S (MCNN) is the new condensed set formed 
by applying Modified Condensed nearest neighbor rule. The algorithm is outlined 
as shown in Algorithm 3.

Example: Let us understand how MCNN works. Consider the data set in Table 1 
except X8 is changed to (9, 2, YES) and the pattern X9= (2.5, 2.5, YES) is appended. 
This change is done in order to understand the working of MCNN. Now the distances 
from X8 to the remaining patterns are given below.

d18 = 8.06; d28 = 8; d38 = 7.07; d48 = 7; d58 = 4.12; d68 = 4; d78 = 3.16; d88 = 0; d19= 
2.12; d89 = 9.19;	

Let X1 and X8 are the randomly selected patterns.
So S (MCNN) = {X1, X8}. In the first iteration, patterns X1, X2, X3, X4, X6, X7 

and X8 are correctly classified. Patterns X5and X9 are wrongly classified.
Then Sm = {X5, X9}. Now a representative pattern should be selected. Let the 

representative pattern should be the pattern that is closest to the mean of the 
misclassified patterns.

The mean of the patterns X5, X9 is (3.75, 1.75). Both the patterns are at equal 
distance from this mean pattern. So either X5or X9 can be included. Let X5is selected. 

Algorithm 3. Modified condensed nearest neighbor algorithm

Step 1: Initially S (MCNN) = { }.
Step 2: S (MCNN) = {a pattern selected from each class in the 
training set} 

Step 3: Classify S using S (MCNN) by 1-NN rule.
              Divide S into two sets as Sc

 and S
m

           a. S
c
 = {Set of correctly classified samples}

           b. Sm
 = {Set of incorrectly classified samples}

Step 4: From Set Sm
 select the pattern P

i
 where P

i
 represents a 

Prototype for class i. P = P
i

i

c

=











1
∪   where c is the no. of 

classes present in S. 

Step 5: S (MCNN) = S (MCNN)∪P .

Step 6: Use S (MCNN) to classify S.
Step 7: Repeat Step 3-6 till there are no misclassified samples 
from S or S (MCNN) i

 = S (MCNN) 
i+1
 i.e. there are no new 

samples added to S (MCNN). Here i is the iteration number. 

Step 8: Stop the process and Output S (MCNN). 
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Figure 3. Working of MCNN

Figure 4. Working of CNN
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Then S (MCNN) = {X1, X8, X5}. Now the second iteration is carried out. In the 
second iteration all the patterns are classified correctly. Hence the process stops and 
the output is the condensed modified condensed set {X1, X8, and X5}.The MCNN 
also obeys the same properties as CNN.

The diagrammatic representation of MCNN is show in Figure 3. There two 
class patterns present in the Figure. The patterns circled are the selected patterns 
by execution of MCNN over them.

The diagrammatic representations of CNN for the same patterns are shown in 
Figure 4. The patterns circled are the patterns selected by execution of CNN over 
them.

Advantages: The advantages of MCNN are:

1. 	 It is order independent.
2. 	 It has the consistency property.

Disadvantages: The disadvantage of MCNN is it requires multiple scans of data set.

Experimentation

In this section, the data sets used for the experiments are discussed. The methods 
CNN and OCNN are applied on the 5 data sets. All the data sets are taken from 
UCI Machine Learning Repository except Optical Character Recognition (OCR). 
The information about the data sets is shown in Table 4. It shows about the name 
of the data sets, number of training and testing patterns, no of features and also no 
of classes.

Table 4. Description of data sets

Data Set Number of Training 
Patterns

Number of Testing 
Patterns

Number of 
Features

Number of 
Classes

Wine 120 57 13 3

Thyroid 144 71 5 3

Iris 99 51 4 3

Balance 416 209 4 3

Optical.digit.rec 3823 1797 64 10

OCR 6670 3333 192 10

Liver 230 155 6 2

Pima 512 256 8 2
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The methods are applied on the popular data sets. The accuracies obtained on 
the data sets are shown in Table 5.

•	 Accuracy: Accuracy is a key component in evaluating performance of 
classifier. It is estimated based on the test set. The test set has the patterns 
which do not belong to training set or learning set. But both the training 
examples and test examples must be i.i.d (independently identically drawn) 
from the same distribution. Once the training set builds the classifier then it 
is tested for accuracy on the test set. The accuracy is computed as follows;

Nc =Number of test patterns that were correctly classified.
Nm=Number of test patterns that were incorrectly classified.

Now the classification Accuracy: CA = 
N

N N
c

c m
+

For example, let there are 100 patterns in a test set. Let the classifier classifies 
85 patterns correctly and remaining were incorrectly classified.

So Nc = 85; Nm = 15.	

CA= 85
85 15

85
100

0 85
+

= = . 	

The CA often expressed in terms of % i.e., 85%.

Table 5. Accuracy obtained over data sets

OCNN MCNN CNN All Prototypes

Data Set # of 
Prototypes

Accuracy 
%

# of 
Prototypes

Accuracy 
%

# of 
Prototypes

Accuracy 
%

# of 
Prototypes

Accuracy 
%

OCR 1650 90.15 1527 88.0 1580 87.04 6670 92.0

Wine 45 94.74 14 94.74 27 94.74 120 94.74

Iris 22 98.33 10 92.16 16 96.08 99 94.12

Thyroid 38 92.10 18 95.77 16 91.55 144 94.37

Liver 154 73.03 136 72.17 150 64.35 230 63.48

Pima 329 76.78 250 67.97 266 65.23 512 69.14

Balance 214 74.64 157 74.64 143 71.77 416 77.03

OptdigitRec 622 96.55 325 94.32 305 96.38 3823 98.00
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The misclassification rate or Error of the classifier can also be found using CA.
Misclassification rate or Error of the classifier = 1−CA

Hence, Error = 1- 0.85 = 0.15 or 15%	

In Table 5, the accuracies and the no of prototypes obtained by OCNN, MCNN 
and CNN are given. These results are evident enough to say that OCNN method is 
competing with CNN and MCNN methods and it is showing good accuracy. The 
methods are implemented on ’DELL OPTIPLEX740 n’ model having Intel core 2 
DUO 2.2 Giga Hz processor with 1GB DDR 2 RAM capacity.

On Iris, Liver and Pima data sets OCNN performed well than other methods. 
On OCR, Iris, Liver, Pima and

Optical Digit Recognition datasets OCNN is performing better than MCNN 
method as well as CNN method. The method which got the best accuracy is shown 
in bold case.

All the methods reduced the number of prototypes considerably and achieved 
good reduction rate. The number of patterns reduced and the reduction rate is shown 
in the Table 6.

•	 Reduction Rate: The reduction rate is also another important criterion to 
evaluate the classifier performance. The reduction rate indicates how many 
no of patterns a classifier can able to reduce from the original training data set 
without sacrificing its performance over the test set. It can be computed as:

Table 6. Reduction achieved by OCNN, MCNN, and CNN

OCNN MCNN CNN

Data Set Training 
Set Size

# of 
Prototypes 
Reduced

Reduction 
Rate

# of 
Prototypes 
Reduced

Reduction 
Rate

# of 
Prototypes 
Reduced

Reduction 
Rate

OCR 6670 5020 0.75 5143 0.77 5090 0.76

Wine 120 99 0.68 130 0.90 117 0.81

Iris 99 77 0.77 89 0.89 83 0.83

Thyroid 144 106 0.73 126 0.87 128 0.88

Liver 230 76 0.33 94 0.40 80 0.34

Pima 512 183 0.35 262 0.51 246 0.48

Balance 416 202 0.48 259 0.62 273 0.65

OptdigitRec 3823 3201 0.83 3498 0.91 3518 0.92
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Let N= Number of patterns in training set.

Nr= Number of patterns removed by the method.

Then the reduction rate of the method is RR = 
N

N
r

For example out of 100 patterns if 80 patterns are removed by the method then 

its reduction rate is 
80

100
=0.80. Oftenly the reduction rate is also expressed in terms 

of % i.e. 80%.

Contribution to Big Data

The size of the data is often the most important component in retrieving information 
from the BIG data. The big data has peta bytes of data from which the analysts has 
to draw the conclusions. The central theme of data compression techniques are to 
save the time of the analyst even when minimal resources are present. To get an 
idea of this consider the following example situation.

•	 Example: For example, assume that patient’s data set is present where it 
contains information about the patients like patient id, name, age, gender, 
food habits, Blood pressure, sugar level, skin color, plasma level etc. To 
analyze whether the patient has a chance of getting heart attack after 10 or 
15 years; this data has to be analyzed. A domain expert can understand that 
the feature B.P and Sugar level are important features for analyzing the heart 
attack disease rather than other features. This means the other features can be 
irrelevant so that they can be excluded from the data set. But actually every 
time an expert is not available at all the time. So there should be a way of 
removing the redundant and irrelevant features. Feature extraction or Feature 
selection does this on the data sets.

The word big data is relative and subjective with respect to the context used and 
one of the good definitions given as follows

Big Data

Data that needs a huge amount of time to analyze, to store and to process and take 
a decision.
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An important benefit of data compression techniques is to save time and computing 
resources by enabling the user to deal with larger datasets within minimal resources 
available at hand. The key point of this process is to reduce the data without making 
it statistically indistinguishable from the original data, or at least to preserve the 
characteristics of the original dataset in the reduced representation at a desired level 
of accuracy. Because of the huge amounts of data involved, data reduction processes 
become the critical element of the Big data analysis. Reducing big data also remains 
a challenging task that the straightforward approach working well for small data, 
but might end up with impractical computation times for big data. Hence, the phase 
of software and architecture design together is crucial in the process of developing 
data reduction algorithm for processing big data.

One interesting question that will arise is “How are the methods discussed in this 
section are helpful to BIG DATA?” The answer is simple and straight: For example, 
observe the reduction rates achieved by the methods in Table 6. The data sets are 
reduced considerably. This has very profound influence especially in the case of large 
data sets like OCR and Opt. digit. Rec data sets where the data is reduced by 75% 
and 85% approximately by all the methods. That means these methods also takes 
proportionally less time to classify a new data item when compare to the original 
training set. This is very helpful in case of Big Data and the classification problem 
in Big Data. One can use any of the above methods according to their interest and 
appropriate method can be chosen.

Data Compaction Using Feature Selection

Feature selection methods reduce the dimensionality of the given dataset. Deciding 
the feature set that describes the dataset well is always catches the interest of the 
researchers. The data sets may contain large number of features (dimensions or 
attributes), some of which are irrelevant to the classification process. Some features 
might be redundant features. For example, if the classification task is to classify the 
person with Obesity or Not, based on his personal data which has the information 
about his Name, Age, Contact No, Blood Pressure, Waist Size, Cholesterol level. 
The features containing the person’s Blood Pressure and Contact No are irrelevant. 
A domain expert may pick the useful features. But this process is inopportune in 
case of inadequacy of expert and when the data behaviour is unknown. This is time 
consuming in case of large numbered featured data sets. Moreover we need manual 
intervention. Feature Selection or Feature Subset Selection is the process of selecting 
a subset of existing features without using any transformation.

Hence in Machine Learning, Patter Recognition and allied fields dimensionality 
reduction is the topic of research over years. Dimensionality Reduction can be done 
in two ways:
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1. 	 Feature Selection.
2. 	 Feature Extraction.

Feature Selection or Feature Subset Selection is the process of selecting a subset 
of existing features without using any transformation. Feature Extraction projects the 
existing features onto a lower dimensional space with the help of transformations. 
Linear Discriminant Analysis (LDA) and Principal Component Analysis (PCA) 
are the good examples for Feature extraction methods. In this section, Both Feature 
Extraction and Feature Selection methods are discussed.

The steps in Feature Selection is shown in Figure 5.

Feature Extraction Methods

This section discusses Principal Component Analysis (PCA), Linear Discriminant 
Analysis (LDA) popular Feature extraction methods.

Figure 5. Steps feature selection or extraction
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Principal Component Analysis

Linear Discriminant Analysis (LDA) and Principal Component Analysis (PCA) 
are linear transformation methods. They are related to each other. In PCA, we are 
interested to find the directions of the component that maximize the variance in the 
given dataset, where as in LDA, we are additionally interested to find the directions 
that maximize the discrimination power between the different classes present in 
the dataset.

In other words, Using PCA, we are projecting the entire set of data (Class labels 
are not taken into account) onto a different subspace. But in LDA we are trying to 
find the suitable subspace that separates the classes present in the dataset. Frankly 
speaking, in PCA we find the axes where the most of the data is spread over where 
as in LDA we additionally consider the class labels too. In a single work PCA treats 
the whole dataset belongs to one class but LDA considers the different labels of 
the dataset.

The PCA approach is listed in the following steps:

•	 Consider the d-dimensional data set samples ignoring class labels.
•	 Compute the mean vector. (i.e. mean of every dimension has to be computed).
•	 Compute the scatter matrix.
•	 Compute the eigenvectors and the corresponding Eigen values: 

e e e
n n1 2 21

, ... ...
, ,

∧λ λ λ .
•	 Sort the eigenvectors by the decreasing order of their corresponding Eigen 

values and select c eigenvectors with largest Eigen values and form matrix 
W
d c× .

•	 Use the matrix W to transform the patterns on to the new subspace. This can 
be done by applying the following mathematical equation:

Y W XT= × 	

where X is a d×1 dimensional vector representing a sample from the data set and 
Y is the transformed c×1 subspace sample.

The PCA approach is shown in the Figure 6.

Linear Discriminant Analysis

LDA is a Dimensionality reduction technique used in machine learning. It is also 
one of the pre-processing techniques. LDA extracts the good features and project 
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the dataset onto a lower dimensional space with good-class separability. It is similar 
to Principal Component Analysis but in addition to finding the ×Component axes 
that maximize the variance of data, we are additionally interested in the axes that 
maximize the separation between the classes. The LDA process is carried out as 
follows:

•	 Compute the mean vectors for the different classes from the dataset.
•	 Compute the in-between-class scatter matrix Sb and within-class-scatter 

matrix Sw:

S s
w ii

c
=

=∑ 1
	

where i=1, 2... c i.e., c is number of classes and Si is scatter matrix of class i:

S x m x m
i i i

t

x Di

= − −
∈
∑ ( )( ) 	

where mi is the mean of class i:

Figure 6. Principal component analysis
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m
n

x
i

i x Di

=
∈
∑1 	

where Di is the data set of class i. The in-between-class scatter matrices can be 
computed as:

S m m m m
b i i

t

i

c
= − −

=∑ ( )( )
1

	

The objective function is:

J V
V SV

V S V

t
b

t
w

( )= 	

where V is the projection matrix to the subspace of dimensionality k=c-1 at most 
(c is the no of classes). This can be converted to General Eigen value problem:

SV S V
b w
= λ 	

Figure 7. Linear discriminant analysis
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λV S SV
w b

= −1 	

Let V1, V2...Vc−1 be the corresponding Eigen vectors. The projection matrix V is of 
order d × k used to project the data onto subspace of dimension k (k ≤ d) is given by 
the Eigen vectors corresponding to the largest k Eigen values. V projects the dataset 
to subspace at most c-1 where c is no of classes using the following computation:

Y V Xt= 	

where Y is the pattern projected of order k × 1 and X is of order d × 1.
The LDA approach can be represented in the Figure 7.

Feature Selection Methods

The formal definition of Feature Subset Selection is given below.

•	 Feature Subset Selection: Let F be the feature set i.e. F F i N
i

= ∨ ={ , ,... }1 2 , 
Find a subset Z= F F F

i i ij1 2
…{ }  with M < N which optimizes an objective 

function J(Y).Choosing objective function is categorized into two groups.
•	 Filter Approach: The objective function evaluates feature subsets by their 

information content, typically interclass distance, statistical dependence or 
information theoretic measures.

•	 Wrapper Approach: The objective function is a pattern classifier, which 
evaluates feature subsets by their predictive accuracy (recognition rate on test 
data) by statistical resampling or cross validation.

Sequential Forward Selection (SFS)

Sequential Forward selection (SFS) is a feature selection algorithm which selects 
the subset of features based on objective function J (.). It aims to find the best subset 
of features from the given original set of features. The process of SFS is carried as 
follows.

1. 	 Start with the empty Set.
2. 	 Add a feature X to J(Y+X) (that better optimizes J (.)) where Y is a subset of 

features that have been already selected.
3. 	 SFS process may be terminated when the objective function reaches to threshold 

value or We can choose required number of features in the subset of features M, 
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i.e. M<N where N is the total number of features in the dataset by maximizing 
J(.).J (.) should be a non-monotonic function.

SFS is outlined in Algorithm 4.
The SFS process is shown in the Figure 8.

•	 Advantages: The main advantage of SFS method is it is the simple greedy 
search algorithm. It works well when there is smaller number of features.

Algorithm 4. Sequential forward selection algorithm

Step 1: Initially set  Y
O
= ∅  

Step 2:  Select the next best feature x argmax J Y x
i

+ = +



( )  

Step 3:  Update Y
i+1

= � ;Y x i i
i
+ = ++ 1 

Step 4: Go to step 2. 

Figure 8. Sequential forward selection
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•	 Limitation: The main disadvantage of SFS is it is unable to remove the 
features which may become useless after the addition of other features.

Sequential Backward Selection (SBS)

SBS starts from the full set of features and sequentially removes a feature say x that 
results minimum decrease in the value of objective function J(Y-x). J(.) is a non-
monotonic function. The steps followed by SBS algorithm is given in Algorithm 5.

Algorithm 5.

Step 1: Initially set  Y X
O
= . Where X is the set of features.

Step 2:  Select the bad feature that has to be removed 

x argmax J Y x
i

− = −



( )   

Step 3:  Update Y Y x i i
i i+

−= − = +
1

1� ;

Step 4: Go to step 2. 

Figure 9. Sequential backward selection
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The SBS is shown in the Figure 9.

•	 Advantages: The main advantage of SBS is it works well when there is large 
number of features in the set.

•	 Limitation: The main limitation of SBS is once a feature is removed then 
it’s not possible to reevaluate the useful ness of it and we cannot add it again.

Combination of SFS and SBS

This is parallel implementation of SFS and SBS method:

•	 SFS starts with empty set.
•	 BFS starts with full feature set as discussed in the previous sections.

But proper care has to be taken to ensure the convergence of solution. One has 
to ensure that:

•	 Features already selected by SFS should not be removed by SBS.
•	 Features already deleted by SBS should not be selected by SFS.

That means, before deleting any feature SBS has to check whether that feature is 
selected by SFS or not. SFS works in the same manner. This type of search is also 
called Bidirectional search.

Data Compaction Using Prototype 
Selection and Feature Selection

The dataset size can be reduced both in cardinality and dimensionality using Prototype 
Selection and Feature Selection methods respectively. It is always enlightening 
for researchers to examine Feature Selection followed by Prototype Selection or 
Prototype selection followed by Feature Selection would have any impact on the 
classification accuracy. There are two choices now:

•	 Applying feature selection method followed by prototype selection method.
•	 Applying prototype selection method followed by feature selection method.

In this section, LDA, SFS followed by OCNN and CNN (Feature selection followed 
by Prototype selection) and OCNN and CNN followed by LDA, SFS (Prototype 
selection followed by Feature selection) are discussed. These methods are the 
examples for reducing the data set both cardinality and dimensionality. First any one 
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Table 7. Accuracy over thyroid dataset

k LDA+CNN LDA+OCNN

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 14 89.61 19 90.00

5 14 80.51 19 85.71

7 14 75.32 19 87.32

9 14 85.60 19 88.66

11 14 77.91 19 86.51

85.14±3.71 87.61±3.13

Table 8. Accuracy over thyroid dataset

k CNN+LDA OCNN+LDA

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 24 19.73 43 69.73

5 24 19.73 43 65.78

7 24 67.10 43 67.10

9 24 67.10 43 67.10

11 24 67.10 43 67.10

48.15±21.20 67.36±1.28

Table 9. Accuracy over iris dataset

k LDA+CNN LDA+OCNN

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 29 78.33 35 53.33

5 29 58.33 35 60.00

7 29 58.33 35 58.33

9 29 68.33 35 59.16

64.99±9.42 57.22±2.23
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Table 10. Accuracy over iris dataset

k CNN+LDA OCNN+LDA

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 22 75.00 38 81.66

5 22 68.33 38 73.33

7 22 68.33 38 78.33

9 22 68.33 38 78.33

11 22 68.33 38 78.33

70.55±3.14 77.77±3.42

Table 11. Accuracy over wine dataset

k LDA+CNN LDA+OCNN

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 59 60.93 68 65.62

5 59 64.03 68 59.37

7 59 56.25 68 60.93

9 59 62.76 68 62.49

11 59 58.59 68 63.27

60.51±3.14 62.33±2.36

Table 12. Accuracy over wine dataset

k CNN+LDA OCNN+LDA

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 22 25.86 60 29.31

5 22 27.56 60 25.86

7 22 25.86 60 43.10

9 22 24.13 60 44.82

11 22 25.86 60 43.33

25.85±1.09 37.28±8.01
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of the feature selection methods (either LDA or SFS) is applied on the dataset. Then 
the dataset is reduced dimensionally. After this, any one of the prototype selection 
method (either CNN or OCNN) is applied over the reduced set. Now, the dataset 
is reduced in cardinality. LDA+CNN or SFS+OCNN refer to first applying LDA 
or SFS following CNN or OCNN. Similarly, this process can be done in vice versa 
i.e. First reducing the dataset in cardinality follows reducing it in dimensionality.

The results obtained over thyroid data set are given in Table 7 and Table 8.
The results obtained over Iris Dataset are presented in Table 9 and Table 10.
The results obtained over Wine Dataset are presented in Table 11 and Table 12.
The results obtained over Balance Dataset are presented in Table 13 and Table 14.
The results obtained over Opt.digit.rec Dataset are presented in Table 15 and 

Table 16.
The experiments are repeated over Thyroid, Iris and Pima with the feature 

selection method SFS. The results obtained over Thyroid dataset are shown in Table 
17 and Table 18.

The results obtained over Iris dataset are presented in Table 19 and Table 20.

Table 13. Accuracy over balance dataset

k LDA+CNN LDA+OCNN

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 103 79.80 102 78.84

5 103 82.69 102 84.43

7 103 82.21 102 83.65

9 103 81.24 102 81.24

11 103 81.00 102 81.48

81.38±1.15 81.92±2.20

Table 14. Accuracy over balance dataset

k CNN+LDA OCNN+LDA

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 143 60.00 163 62.85

5 143 61.90 163 63.81

7 143 60.95 163 57.14

9 143 58.57 163 58.09

11 143 56.19 163 56.19

59.52±2.23 59.61±3.47
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The results obtained over Pima dataset are presented in Table 21 and Table 22.

Table 15. Accuracy over opt.digit.rec dataset

k LDA+CNN LDA+OCNN

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 1537 62.49 2463 65.71

5 1537 71.16 2463 71.16

7 1537 72.46 2463 72.46

9 1537 73.14 2463 73.14

11 1537 66.82 2463 66.82

69.24±4.49 69.85±3.37

Table 16. Accuracy over opt.digit.rec dataset

k CNN+LDA OCNN+LDA

No of Prototypes Accuracy % No of Prototypes Accuracy %

3 1514 63.14 2313 62.36

5 1514 61.83 2313 61.93

7 1514 58.09 2313 56.29

9 1514 54.52 2313 57.24

11 1514 56.88 2313 56.59

58.89±3.55 58.88±3.00

Table 17. Accuracy over thyroid

SFS+CNN SFS+OCNN

k # of 
Prototypes

# of Features 
Reduced

Accuracy % # of 
Prototypes

# of Features 
Reduced

Accuracy %

3 24 1 82.10 43 1 87.27

5 24 1 84.44 45 1 86.45

7 24 1 86.22 48 1 87.22

9 24 1 85.54 46 1 86.88

84.57±1.58 86.95±0.37
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Conclusion and Future Enhancement

This chapter explores different Data Compaction techniques. There are different 
variations of the Nearest Neighbour methods are presented. Each method has its own 
advantages and disadvantages. Any method can be used to reduce the size of the 

Table 18. Accuracy over thyroid

CNN+SFS OCNN+SFS

k # of 
Prototypes

# of Features 
Reduced

Accuracy % # of 
Prototypes

# of Features 
Reduced

Accuracy %

3 28 2 81.57 46 1 89.47

5 28 2 83.34 48 1 88.47

7 28 2 84.42 45 1 89.32

9 28 2 85.79 47 1 88.52

83.78±1.78 89.01±0.45

Table 19. Accuracy over iris

SFS+CNN SFS+OCNN

k # of 
Prototypes

# of Features 
Reduced

Accuracy % # of 
Prototypes

# of Features 
Reduced

Accuracy %

3 23 1 76.33 31 2 78.83

5 23 1 75.45 35 2 76.43

7 23 1 76.67 33 2 77.88

9 23 1 75.65 38 2 79.55

76.04±0.60 78.14±1.33

Table 20. Accuracy over iris

CNN+SFS OCNN+SFS

k # of 
Prototypes

# of Features 
Reduced

Accuracy % # of 
Prototypes

# of Features 
Reduced

Accuracy %

3 21 1 76.84 33 1 80.48

5 21 1 77.53 35 1 81.22

7 21 1 74.55 36 1 79.67

9 21 1 78.87 39 1 81.77

76.94±1.80 80.78±0.91
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training set size. If the issue is with cardinality then the methods like CNN, MCNN 
or OCNN which are data compaction techniques using Prototype selection can be 
used. If the issue is with dimensionality of the data set then the methods PCA or 
LDA can be preferable. If it is a classification problem prefer LDA otherwise PCA.

If the issue is with both the cardinality and dimensionality of the data set, then 
the methods any of the methods CNN, MCNN or OCNN can be combined with the 
methods PCA or LDA. Again if it’s a classification problem prefer LDA instead 
of PCA. This is known as Data Compaction using Prototype selection and Feature 
selection. The effectiveness and usefulness of prototype selection and feature 
selection methods were elucidated. Experiments have been carried out and results 
are expatiated. These methods are helpful to the researchers where there is necessity 
of reducing the data size.

The future directions in this area are the researches can find the mathematical 
proof of the prototype selection methods presented. The directions can be further 
extended as CNN or MCNN can be modified as they require single scan of the data 

Table 21. Accuracy over pima

SFS+CNN SFS+OCNN

k # of 
Prototypes

# of Features 
Reduced

Accuracy % # of 
Prototypes

# of Features 
Reduced

Accuracy %

3 301 2 57.52 350 2 58.92

5 301 2 58.32 358 2 59.45

7 301 2 57.22 360 2 60.42

9 301 2 59.32 368 2 61.88

58.09±0.60 60.16±1.29

Table 22. Accuracy over pima

CNN+SFS OCNN+SFS

k # of 
Prototypes

# of Features 
Reduced

Accuracy % # of 
Prototypes

# of Features 
Reduced

Accuracy %

3 266 2 61.11 365 3 63.09

5 266 2 60.21 371 3 62.67

7 266 2 62.23 368 3 63.32

9 266 2 62.88 378 3 65.52

61.60±1.18 63.65±1.27
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set and OCNN algorithm can be modified as it exhibits consistency property and 
one can reduce its time complexity.

FURTHER READINGS

The nearest neighbor algorithm is explained well by Cover and Hart (1967). Patrick 
and Fischer (1970) proposed the kNN algorithm. The mkNN algorithm is proposed 
byDudani (1976) while the fuzzy kNN algorithm is described by Jozwick(1983). 
More number of papers were published on finding the efficient nearest neighbor 
algorithm.

The condensed nearest neighbor algorithm was one of the earliest methods of 
prototype selection and proposed by Hart (1968). In 2005, Viswanath, Murthy 
and Bhatnagar proposed an efficient NN classifier, called overlap pattern nearest 
neighbor (OLP-NNC) which is based on overlap pattern graph (OLPgraph). In this 
paper, they built OLP-graph incrementally by scanning the training set only once and 
OLP-NNC works with OLP-graph. In 2007, Suresh babu and Viswanath proposed 
the generalized weighted k-nearest Leader Classifier method which finds the relative 
importance of prototypes called weighting of prototypes and this weight is used in 
classification process.In 2011, Viswanath and Sarma proposed an improvement 
to the k-Nearest Neighbor Mean Classifier (k-NNMC), finds k nearest neighbor 
class-wise. Classification process is carried out with these mean patterns. In 2014, 
Raj kumar, Viswanath and Bindu proposed anew prototype selection method for 
nearest neighbor classification called Other Class NearestNeighbor (OCNN) which 
is based on the retaining samples that are near to decision boundary and which are 
crucial in the classification task. Considerable numbers of papers were published on 
reducing the cardinality of training set but Less number of papers were published on 
reducing the training set size in both i.e., cardinality and dimensionality. In 1999, 
Kuncheva and Jain proposed genetic algorithm based method for simultaneous 
editing and feature selection. In 2001, Kuncheva extended the paper for reducing the 
computational demands of nearest neighbor classifier. In this paper Incremental Hill 
Climbing (IHC), and Stochastic Hill Climbing SHC)methods were used to reduce the 
training set in both directions. In 2013, TR Babu, MNMurthy and SV subrahmanya 
published book on Data Compression Schemes for Mining Large Datasets.
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KEY TERMS AND DEFINITIONS

Cardinality: The number of patterns present in data set. It must be always 
positive integer.

Data Compaction: The reduced form of data after applying an algorithm.
Features: Features are the attributes that are used to describe the patterns.
Patterns: The objects present in the data set which gives information about an 

entity.
Prototypes: The representative patterns present in the reduced data set. A 

prototype can be one of the patterns present in original set or it is derived from two 
or three patterns.

Reduction Rate: The ratio between the no of patterns in the reduced data set to 
the no of patterns in the original set.

Test Set: The set over which the performance of classifier is estimated.
Training Set: The set which is used for building a classifier.
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ABSTRACT

A tool which algorithmically traces the effectiveness of the text files would be 
helpful in determining whether the text file have all the characteristic of important 
concepts. Every text source is build up on key phrases, and these paramount phrases 
follow a certain grammatical linguistic pattern widely used. An enormous amount 
of information can be derived from these key concepts for the further analysis such 
as their dispersion, relationship among the concepts etc. The relationship among 
the key concepts can be used to draw a concept graphs. So, this chapter presents 
a detailed methodologies and technologies which evaluate the effectiveness of the 
extracted information from text files.

INTRODUCTION

Before the advent of internet, text files formed the only source to get the content 
knowledge. Text files are read as a part of academics for a university student or for 
leisure, who fancy reading. With the rise of modern technology, paper based text 
files is being replaced by electronic version and is easily available online. Though 
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the readers embrace comfort and portability provided by electronic version of the 
text files, paper based text files are still popular. Unlike decades back, text files in 
any field of study is readily available now. With the demand for text files rising, the 
qualities of the text files are compromised. With the rate reading habits on decline, 
impatient readers hardly spent some time to evaluate the content of the file. A 
technique to analyze the effectiveness by evaluating the text files in detail will be 
of great importance. This ultimately would help the readers in finding the text file 
most suitable to his / her needs and comprehension capability.

A tool which algorithmically traces the effectiveness the text files would be 
helpful in determining whether the text file have all the characteristic of a good 
source. Every file is build up on key concepts, and these key concepts form the 
foundation of a good source. The text sources that contain concepts that share 
some common properties and semantically related are more lucid and intelligible 
than those text sources which contain many unrelated concepts. These paramount 
phrases follow a certain grammatical linguistic pattern widely used. An enormous 
amount of information can be derived from these key concepts for the further analysis 
such as their dispersion across the file, relationship among the concepts, etc. Such 
analysis will help in better assessment of the text file. The relationship among the 
key concepts can be used to draw a concept graphs. Since we live in an increasingly 
visual society, pictorial representation of the key concepts as a graph would help 
the readers in easily judging the text source and their content.

The goal of this chapter is to confer the methodologies on the key concepts 
retrieval from the text files. The authors investigate the techniques for examining the 
key concepts in the text files. This chapter also presents some of the different tools 
used in natural language processing. Their uses and implementation methods are 
explicitly discussed. The key concepts in our context correspond to the terminological 
noun phrases. These extracted set of phrases can be further analyzed to check 
the credibility of the text file in conveying the required set of information to the 
readers. It is based on the intuition that a source which contains right set of related 
key concepts is more beneficial and comprehensible. The set of key concept which 
form the cornerstone of a text file can be further used to draw concept graphs. The 
noun phrases from the candidate set of extracted phrases form the nodes of the graph 
and the relationship that exists between the nodes can be denoted by a link between 
the concept pairs. The ‘in’ degree and ‘out’ degree of each vertex of the graph i.e., 
the noun phrases can be used to determine the most important key concepts. Such 
representation of the source in a visual form helps readers in easily judging and 
grasping the key concepts. This ultimately serves as a preface to the text files and 
reduces the cognitive burden of the readers.
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BACKGROUND

An extensive study on how information technology can be used to improve education 
system is carried out by IBM (IBM, 2005). The report identified lack of language 
clarity, incoherent concepts and inadequacy of information provided as a major 
problem in the text files used as a part of academics.

There are many websites aimed to enrich learning experience; for example: 
notemonk.com. notemonk.com allows users to download text files, ask questions on 
the topic of the file, and annotate them for quick reference. The members are also 
invited to contribute videos that can be viewed by many other readers (Agarwal, 
Gollapudi, Kenthapadi, Srivastaya & Velu, 2010). The problems with this video 
sharing are that though many of the videos have relevance to the text files, their 
quality are varied. This variance creates a comprehension burden to the user in 
relating the insight of the document with the video content. It is important that these 
supplementary files is authoritative, must be contextually related and is linked as 
close to where the abstract concepts needs deep elaboration.

Related works includes efforts by the book authors to make videos covering the 
key concepts of the text source. These videos are available to readers via online 
or for free distribution. Education-Portal.com provides links to free video lectures 
from several universities. However, it is individual student’s initiative to find the 
most relevant and comprehensible text files to support their knowledge. Though 
providing free videos and lectures are embraced by people, the difference in socio-
economic and cultural differences has posed a real difficulty in understanding the 
context. The difference in language, pronunciation, and the accent of the speakers 
and the difficulty to relate the examples and illustration are some of the problems 
faced today.

Today, text files on any field of study are readily available. The rise of technology 
has made the availability of text sources in different versions; electronic or paper 
based. An ideal file on the desired field is hard to get. The quality of a text file is 
determined by several factors. The important concepts form the backbone of a good 
text source. The widely accepted view of a good file is that the text file should present 
concepts in a coherent manner and provide sufficient coverage on important concepts. 
Though the readily availability of text files is boon to the enthusiastic readers, many 
files today suffer from two major problems i.e. the poor clarity of the languages used 
and incoherent presentation of concepts and inadequacy of information provided.
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TECHNOLOGIES USED IN THE EXTRACTION 
OF TEXT INFORMATION

The field of data mining has produced technologies that can perform computational 
task without human intervention. These technologies has helped people who spend 
their entire life studying in the areas of data mining such as text mining, image 
mining, etc., in discovering new information from a rough set of inputs. Today, data 
mining technologies teach computers skills that human possess and even perform 
task beyond human endeavors. The task performed by these technologies in text 
mining process includes information extraction, topic tracking, clustering, concept 
linkage, information visualization, etc. The following sections discuss technologies 
used in the extraction of text information.

Part-of-Speech (POS) Tagger

A Stanford part-of-speech (POS) Tagger is a piece of software that reads the contents 
of the user specified input file (line by line or every sentence) in some language. The 
tagger assigns a unique part of speech to each word in a line or sentence (such as 
noun, verb, adjective, etc.), by processing the entire line or sentence. This software 
is a Java based wrapper over Stanford’s Natural Language Processing (NLP) POS 
Tagger (Toutanova, Klein, Manning & Singer, 2003). Stanford POS tagger can 
be used in any application that deals with natural language text to analyze words 
/ tokens and classify them into different part of speech categories as in Table 1 
(Taylor, Marcus, & Santorini, 2003).

The libraries (such as Stanford-postagger.jar) lets the user “tag” the words, that 
is, the “tagger” gets a noun, a verb, etc., for each word and then assigns the result 
to the word. To do this, the tagger loads a “trained” file that contains the necessary 
information for the tagger to tag the line or sentence. The “trained” file is called a 
model and has an extension “.tagger”. There are several trained models provided 
by Stanford natural language processing (NLP) group for different languages (such 
as left3words-wsj-0-18.tagger for English language).

JavaCC

JavaCC is a widely used tool for lexical and parser component generation which 
follows regular expression and BackusNaur Form (BNF) notation syntax for Lex 
and parser specifications. Creating a parser needs an iterative step. Unlike YACC 
(Yet Another Compiler Compiler), JavaCC generates top down parser for LL type 
grammars. LR parsing (left recursion) is not possible in JavaCC. JavaCC creates 
LL parsers for context free grammars (a context free grammar contains production 
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rules in the format NT→T, where NT is a non-terminals and T is a combination of 
terminals and or non-terminals). An LL parser parses the input from left to right, 
and creates the leftmost derivation of a sentence when compared to the LR parser 
where the right most derivation of a sentence is created. These kinds of parser use 
next tokens to take the parsing decisions without any back tracing (LookAhead), 

Table 1. Penn TreeBank POS tag set

Tag Meaning Tag Meaning

1. CC Coordinating conjunction e.g. and, but, 
or,...

25. TO To

2. CD Cardinal Number 26. UH Interjection e.g. uh, well, yes, 
my,...

3. DT Determiner 27. VB Verb, Base form

4. EX Existential there 28. VBD Verb, Past tense

5. FW Foreign Word 29. VBG Verb, Ground or present participle

6. IN Preposition or subordinating participle 
conjunction

30. VBN Verb, past participle

7. JJ Adjective 31. VBP Verb, non-3rd person singular 
present

8. JJR Adjective, Comparative 32. VBZ Verb, 3rd person singular present

9. JJS Adjective, Superlative 33. WDT Wh-determiner e.g. which

10. LS List Item Marker 34. WP Wh-pronoun e.g. what, who, 
whom,...

11. MD Modal e.g. can, could, might, may,... 35. WP$ Possessive wh-pronoun

12. NN Noun, Singular or Mass 36. WRB Wh-adverb e.g. how, where, why

13. NNP Proper Noun, Singular 37. # Pound sign

14. NNPS Proper Noun, Plural 38. $ Dollar sign

15. NNS Noun, Plural 39. . Sentence-final punctuation

16. PDT Predeterminer e.g. all, both,... 40., Comma

17. POS Possessive Ending e.g. Nouns ending 
in ‘s

41.: Colon, Semi-colon

18. PRP Personal Pronoun e.g. I, me, you, he,... 42. ( Left bracket character

19. PRP$ Possessive Pronoun e.g. my, your, mine 43.) Right bracket character

20. RB Adverb 44. “ Straight double quote

21. RBR Adverb, Comparative 45. ‘ Leftopen single quote

22. RBS Adverb, Superlative 46. “ Leftopen double quote

23. RP Particle 47. ’ Rightclose single quote

24. SYM Symbol 48. ” Rightclose double quote
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so LL parsers are not much complicated, and hence popularly used even if they are 
fairly restrictive.

WordNet Lexical Database

WordNet lexical database is designed to establish the connections between four 
types of Parts of Speech (POS) - noun, verb, adjective, and adverb. Information in 
WordNet is organized around a logical grouping called synsets. This smallest unit 
in WordNet represents a specific meaning in a word. A word form can be a single 
word or compound words connected by underscores (referred to as collocations). 
Synsets includes the word, its explanation, and its synonyms. The specific meaning 
of one word under one type of POS is called a sense. Each sense of a word is in a 
different synset.

Synsets are equivalent to senses = structures containing sets of terms with 
synonymous meanings. Each synset is associated with a gloss that defines the concept 
it represents. For example, the words night, nighttime and dark constitute a single 
synset that has the following gloss: the time after sunset and before sunrise while it 
is dark outside. Synsets are connected to one another through the explicit semantic 
relations. Some of these relations (hypernym, hyponym for nouns and hypernym and 
troponym for verbs) constitute is-a-kind-of (holonymy) and is-a-part-of (meronymy 
for nouns) hierarchies.

For example, tree is a kind of plant, tree is a hyponym of plant and plant is a 
hypernym of tree. Analogously, trunk is a part of a tree and we have that trunk as 
a meronym of tree and tree is a holonym of trunk. For one word and one type of 
POS, if there is more than one sense, WordNet organizes them in the order of the 
most frequently used to the least frequently used (Semcor).

1. 	 JWNL-Java WordNet Library: Java WordNet Library (JWNL) is a Java 
application programming interface (API) for accessing the WordNet dictionary. 
JWNL makes it, for example possible to look up words in WordNet, get their 
different senses, and find related words through one of a number of relations. It 
also provides functionality beyond data access, such as relationship discovery 
and morphological processing.
a. 	 Java WordNet Library Configuration: A Java WordNet Library 

properties file is an XML file that can be validated using the included 
Document Type Definition (DTD) or XML Schema Definition (XSD). 
Basically, the properties file allows the library user to specify three 
properties:
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i. 	 Dictionary Class: This defines the class used to interface with 
the dictionary. JWNL comes with three dictionary classes - 
MapBackedDictionary, FileBackedDictionary, and DatabaseBacked- 
Dictionary. Exactly 1 dictionary tag is required in a properties file. 
If there is more than one, the first one will be used.

<dictionary class=”[dictionary class name]”>...parameters </

dictionary>

ii. 	 Version: Gives information on the version of WordNet being 
interfaced with. Exactly 1 version tag is required in a properties file.

<version publisher=”[publisher]” number=”[version number]” 

language=”[language]” country=”[country]”/>

iii. 	 Resources: A resource file contains mapping between keys and text 
used in the program. Typically, this text is error or status messages. 
Resource files are used so that a program can be used with different 
(spoken) languages without having to modify the code.

<resource class=”[resource file path]”/> Example: <resource 

class=”Princeton- Resource”/>

In the top-level tag, the language and country can be specified to resolve the 
resources.

For example: <jwnl-properties language=”en” country=”us”> ...properties 
</jwnl-properties> tells the program to print all messages in American English (a 
resource file containing these messages has to be present, of course). The dictionary 
and dictionary element factory allows the library user to provide parameters. 
Parameters are of the form:

<param name=”[param name]” value=”[param value]”> ..nested 

parameters </param>

Parameters are provided to the install method of the class. Parameters can be 
nested. For example:

<param name=”file-manager” value=”net.didion.jwnl.dictionary.

file-manager. FileManagerImpl”> 

<param name=”file-type” value=”net.didion.jwnl.princeton.file.

PrincetonRandom-AccessDictionaryFile”>
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Microsoft Web N-Gram Services

Microsoft Web N-gram Services is a corpus which allows materials from the body, 
title and anchor text to be available separately. Microsoft Web N-gram services is 
a cross platform XML web services (Brants, Torsten & Franz, 2006) that is freely 
and readily accessible by users through the Internet. Microsoft Web N-gram corpus 
is based on the web documents indexed by a commercial web search engine, Bing 
service in the EN US market. The URLs in the En US market visited by Bing are at 
the order of hundreds of billions, though the spam and other low quality web pages 
are actively excluded using Bing’s proprietary algorithms. The various streams of 
the web documents are then downloaded, parsed and tokenized by Bing, in which 
processed text is lower-cased with the punctuation marks removed. However, no 
stemming, spelling corrections or inflections are performed.

Microsoft Web N-gram provides open-vocabulary, smoothed back-off N-gram 
models for the three text streams using the CALM algorithm (Wang, Thrasher, Viegas, 
Li & Hsu, 2010) that dynamically adapts the N-gram models as web documents 
are crawled. The design of CALM ensures that new N-grams are incorporated into 
the models as soon as they are encountered in the crawling and become statistically 
significant. The models are therefore kept up-to-date with the web contents. CALM 
is also designed to make sure that duplicated contents will not have outsize impacts 
in biasing the N-gram statistics. This property is useful as Bing’s crawler visits URLs 
in parallel and on the web many URLs are pointing to the same contents. Currently, 
the maximum order of the N-gram available is 5.

Microsoft Web N-Gram Service provides access to petabytes of data via public 
beta web N-gram Services. These services are hosted on a cloud based platform, 
highly useful in areas related to language processing, speech and web-search. It also 
provides access to specific content types like the document body, title and anchor 
texts and supports smoothed models. A user token issued by Microsoft Research is 
needed to access the Microsoft N-gram services. The web N-gram services can be 
invoked via SOAP or REST requests.

1. 	 N-gram: An N-gram is a contiguous sequence of N-terms from a given 
sequence of text or speech. An N-gram of length 1 is called a unigram, of size 
2 a bigram and of size 3 a trigram. N-grams of lengths 4 or more are called as 
four-grams, five-grams and so on. They can be used to predict the next item 
in a sequence based on statistics collected from the text corpus.

2. 	 SOAP – Simple Object Access Protocol: SOAP (Simple Object Access 
Protocol) is a simple XML - based protocol to let applications exchange 
information over HTTP. SOAP is a way for a program running in one kind of 
operating system (such as Windows) to communicate with a program in the 
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same or another kind of an operating system (such as Linux) or same by using 
Hypertext Transfer Protocol (HTTP) and Extensible Markup Language (XML) 
as the mechanisms for information exchange. Since Web protocols are installed 
and available for use by all major operating system platforms, HTTP and XML 
provide an already at-hand solution to the problem of how programs running 
under different operating systems in a network can communicate with each 
other. SOAP specifies exactly how to encode an HTTP header and an XML 
file so that a program in one computer can call a program in another computer 
and pass it information. It also specifies how the called program can return a 
response (Sivaram, 2005).

SOAP was developed by Microsoft, DevelopMentor, and Userland Software and 
has been proposed as a standard interface to the Internet Engineering Task Force 
(IETF). SOAP shares similarity with Internet Inter-ORB Protocol (IIOP), a protocol 
that is part of the Common

Object Request Broker Architecture (CORBA).

3. 	 REST – Representational State Transfer: REST (representational state 
transfer) is an approach for getting information content from a Web site by 
reading a designated Web page that contains an Extensible Markup Language 
(XML) file which describes and includes the desired content. For example, 
REST could be used by an online publisher to make syndicated content available. 
Periodically, the publisher would prepare and activate a Web page that includes 
content and XML statements that described the content. Subscribers would 
need only to know the URL (Uniform Resource Locator) for the page where 
the XML file was located, read it with a Web browser, interpret the content data 
using the XML information, and reformat and use it appropriately (perhaps in 
some form of online publication).

As described in a dissertation by Roy Fielding (Fielding, 2000), REST is an 
“architectural style” that basically exploits the existing technology and protocols of 
the Web, including HTTP (Hypertext Transfer Protocol) and XML. REST is simpler 
to use than the well-known SOAP (Simple Object Access Protocol) approach, which 
requires writing or using a provided server program (to serve data) and a client 
program (to request data). SOAP, however, offers potentially more capability.

JWPL: Java Wikipedia Library

Java Wikipedia Library is a free, Java-based application programming interface that 
allows access to all information in Wikipedia. The high-performance Wikipedia 
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API provides structured access to information nuggets like redirects, categories, 
articles and link structure. To further analyze the contents of a Wikipedia page, 
JWPL contains a Mediawiki Markup parser. The parser can also be used stand-alone 
with other texts using MediaWiki markup. The core feature of JWPL includes: fast 
and efficient access to Wikipedia, Parser for the MediaWiki syntax and Language 
independent.

JWPL contains tools like JWPLDataMachine and Wikipedia Revision Toolkit. 
JWPLDataMachine can be used to create JWPL dumps and Wikipedia Revision Toolkit 
consists of two tools - the TimeMachine and the RevisionMachine. The TimeMachine 
tools is for reconstructing past states of Wikipedia and the RevisionMachine tools 
offers efficient access to all article while storing the revisions in a dedicated storage 
format.

Wikipedia Dump

Wikipedia is a multilingual, web-based, freely available encyclopedia. Given that 
Wikipedia is an ultimate online encyclopedia, it is a widely used resource for 
reference today. Apart from being available online, the Wikipedia data is provided 
for download. Wikipedia offers free copies of all available content to interested 
users. These databases can be used for mirroring, personal use, informal backups, 
and offline use or database queries (such as for Wikipedia: Maintenance). Articles 
in Wikipedia form a heavily interlinked knowledge base, enriched with a category 
system emerging from collaborative tagging, which constitutes a thesaurus (Voss, 
2006). Wikipedia thus contains a rich body of lexical semantic information. This 
includes knowledge about named entities, domain specific terms or domain specific 
word senses. Additionally, the redirect system of Wikipedia articles can be used as 
a dictionary for synonyms, spelling variations and abbreviations.

1. 	 Ways to Process and Use English Wikipedia Dump: The largest free 
data-set available on the internet is the full dump of the English Wikipedia. 
Crawling of the web can be avoided by running an own server using publicly 
available Wikipedia database dumps. The server we discussing in this chapter 
is the freely available WAMP server. The data-set in its uncompressed form 
is enormous. The sheer size of this data-set poses some serious challenge to 
analyze the data and load into the database. Wiki-media.org provides public 
dumps of Wikipedia’s content for archival/backup purposes, offline use, 
academic research, etc. Before downloading the Wikipedia dump, reading 
carefully about the time and space scale information is essential. There are 
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a number of versions that are “friendlier” in size and content, which can be 
customized for scalability by using or not using images, talk pages, etc.

The Wikipedia dump files which consist of SQL files for handling the dump data 
are imported into a database. Then, sophisticated indexing offered by the database 
that guarantees nearly constant retrieval time for each article is used. This approach 
is superior to web server based retrieval, as it only involves querying the database 
and directly delivering the results to the application. Another important benefit is 
that the database schema explicitly represents information about an article’s links or 
categories, which is only implicitly encoded in the HTML structure (Mller, Zesch 
& Gurevych, 2008).

All databases are dumped via 3 groups of processes which run simultaneously. 
The largest database, en_wiki is dumped periodically once a month. A second set 
of ‘large’ wiki’s runs in a continuous loop with the aim of getting dumps for those 
twice a month; the rest are dumped thrice a month, also on a rolling basis. Failures 
in the dumping process are generally dealt with by rerunning the portion of the dump 
that failed. Larger databases such as jawiki, dewiki, and frwiki takes a long time to 
run, especially when compressing the full edit history or creating split stub dumps.

The Java Wikipedia Library performs the following:

1. 	 It takes a dump of all the contents of Wikipedia in a specific language.
2. 	 It parses the dump into a set of articles.
3. 	 It parses each article and recognizes links from page to page and additional 

meta-data attached to each page (in particular, its categories).
4. 	 It stores the resulting information into a relational database (MySQL) with 

appropriate indexes.
5. 	 It exposes the resulting graph data model through a convenient Java API.

English Wikipedia dump is parsed into a graph representation that can be 
efficiently queried through the Java Wikipedia Library API. The task is carried out 
using the following Java Archive files:

1. 	 de.tudarmstadt.ukp.wikipedia.api-0.9.1-jar-with-dependencies.jar and
2. 	 de.tudarmstadt.ukp.wikipedia.datamachine-0.9.1-jar-with-dependencies.jar

The Wikipedia dump which consist of three files - Pages Articles xml, Page 
Link Sql and Category links sql file are required for successful implementation. 
The following set of code parses the Wikipedia dump and creates a set of text files 
that captures the graph structure of Wikipedia:
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public class enwiki{ 

public static void main(String[] args){ 

org.apache.log4j.BasicConfigurator.configure(); 

String args1[] = {[LANGUAGE][MAIN_CATEGORY_NAME] 

[DISAMBIGUATION_CATEGORY_NAME][SOURCE_DIRECTORY] 

};

1. 	 LANGUAGE: A language string matching one the JWPL Languages.
2. 	 MAIN_CATEGORY_NAME: The name of the main (top) category of the 

Wikipedia category hierarchy.
3. 	 DISAMBIGUATION_CATEGORY_NAME: The name of the category that 

contains the disambiguation categories.
4. 	 SOURCE_DIRECTORY: The path to the directory containing the source 

files.

The design of the object-oriented programming interface is centered on the 
objects: WIKIPEDIA, PAGE, and CATEGORY (Mller, Zesch & Gurevych, 2008). 
The WIKIPEDIA object is used to establish the connection with the database, and 
to retrieve PAGE and CATEGORY objects. JWPL supports retrieval by keywords or 
via a query interface that allows for wild-card matches as well as retrieving subsets 
of articles or categories depending on parameters like the number of tokens in an 
article or the number of in-going links. The WIKIPEDIA object also allows iterating 
over articles, categories, redirects, and disambiguation pages.

A PAGE object represents either a normal Wikipedia article, a redirect to an 
article, or a disambiguation page. Each PAGE object provides access to the article 
text (with markup information or as plain text), the assigned categories, the in-going 
and outgoing article links, as well as all redirects that link to the article.

CATEGORY objects represent Wikipedia categories and allow access to the articles 
within this category. As categories in Wikipedia form a thesaurus, a CATEGORY 
object also provides means to retrieve parent and child categories, as well as siblings 
and all recursively collected descendants.

The execution of the two Java Archive file i.e., de.tudarmstadt.ukp.wikipedia.
api-0.9.1-jar-with-dependencies.jar and de.tudarmstadt.ukp.wikipedia.datamachine-
0.9.1-jar-with-dependencies.jar creates 11 text files which serves as input to the tables 
in the database. These 11 text files are Category, category_inlinks, category_outlinks, 
category_pages, MetaData, Page, page_categories, page_inlinks, page_outlinks, 
page_redirects, and PageMapLine. The content of the text files are imported into the 
local database created for Wikipedia dump. After successfully importing the data 
into the database, it is ready to be used with the JWPL core API. When connecting 
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for the first time to a newly imported database, indexes are created. This takes some 
time depending on the server used and the size of the Wikipedia dump.

The schema of the Wikipedia dump database is as follows:

1. 	 Category (id, pageId, name)
2. 	 Category_inlinks (id, inLinks)
3. 	 Category_outlinks (id, outLinks)
4. 	 Category_pages (id, pages)
5. 	 Metadata (id, language, disambiguationCategory, mainCategory, nrofPages, 

nrofRedirects, nrofDisambiguationPages, nrofCategories)
6. 	 Page (id, pageId, name, text, isDisambiguation)
7. 	 Pagemapline (id, name, pageID, stem, lemma)
8. 	 Page_category (id, pages)
9. 	 Page_inlinks (id, inLinks)
10. 	 Page_outlinks (id, outLinks)
11. 	 Page_redirects (id, redirects)

The Table 2 gives a visual overview of the 11 tables in the English Wikiepdia 
dump database dated February 04, 2013.

iText Library for PDF Document

iText is a programmatic tool for creating, splitting and manipulating portable document 
format (PDF) files dynamically in Java. Java does not have default application 
programming interface (API) to handle PDF files. It is a free open source library, 
distributed under the Affero General Public License. iText is an ideal library for 
developers looking to add bookmarks, page numbers, watermarks, barcodes, etc. 
(Lowagie, 2010).

RCaller: Calling R From Java

RCaller is a Java open source library for calling R commands and scripts from 
Java without Java Native Interface (JNI). RCaller is used by several users who are 
interested in both R and Java. It includes functionality for plot handling, histogram 
drawing and something useful. It sends text scripts to the R interpreter and converts 
the results to XML using the R package Ruinversal or rJava. After this, the XML 
document is parsed to convert those results to Java matrices and arrays. Finally, user 
can handle the results from Java.
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Table 2. Tables in the Wikipedia dump database

Table Rows Type Size Comments

Category 962,288 MyISAM 99.4 MiB

Creation: Feb 18, 2013 at 01.55 AM

Last Update: Mar 05, 2013 at 05.19 PM

Last check: Mar 05, 2013 at 05.20 PM

Category_inlinks 2,414,381 MyISAM 128.8 MiB

Creation: Feb 18, 2013 at 01.56 AM

Last Update: Mar 05, 2013 at 05.22 PM

Last check: Mar 05, 2013 at 05.22 PM

Category_outlinks 2,414,381 MyISAM 128.8 MiB

Creation: Feb 18, 2013 at 01.56 AM

Last Update: Mar 05, 2013 at 05.23 PM

Last check: Mar 05, 2013 at 05.23 PM

Category_pages 25,617,031 MyISAM 1.3 GiB

Creation: Feb 18, 2013 at 01.56 AM

Last Update: Mar 05, 2013 at 05.24 PM

Last check: Mar 05, 2013 at 05.28 PM

Metadata 1 MyISAM 2.1 KiB
Creation: Feb 18, 2013 at 01.55 AM

Last Update: Mar 05, 2013 at 05.32 PM

Page 330,845 MyISAM 4 GiB

Creation: Feb 18, 2013 at 01.55 AM

Last Update: Mar 05, 2013 at 05.39 PM

Last check: Mar 05, 2013 at 05.42 PM

Pagemapline 10,005,486 MyISAM 1.3 GiB
Creation: Mar 06, 2013 at 12.29 PM

Last Update: Mar 06, 2013 at 01.37 PM

Page_category 25,617,031 MyISAM 1.3 GiB

Creation: Feb 18, 2013 at 01.56 AM

Last Update: Mar 05, 2013 at 07.04 PM

Last check: Mar 05, 2013 at 07.07 PM

Page_inlinks 252,047,753 MyISAM 13.1 GiB

Creation: Mar 06, 2013 at 01.37 PM

Last Update: Mar 06, 2013 at 02.55 PM

Last check: Mar 06, 2013 at 02.55 PM

Page_outlinks 252,047,753 MyISAM 13.1 GiB

Creation: Feb 18, 2013 at 01.57 AM

Last Update: Mar 05, 2013 at 11.51 PM

Last check: Mar 06, 2013 at 12.45 AM

Page_redirects 5,785,308 MyISAM 430.7 MiB

Creation: Feb 18, 2013 at 01.58 AM

Last Update: Mar 06, 2013 at 12.54 AM

Last check: Mar 06, 2013 at 12.55 AM

11 Tables 577,242,258 -- 35 GiB --
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METHODOLOGIES: TO ANALYZE THE 
EXTRACTION INFORMATION

The following sections discuss methodologies used to analyze the extracted text 
information.

Key Concepts

The basic approach adopted in this chapter is the identification/extraction of key 
concepts/information in the text file and inferring the relationship between the 
concepts. Back-of-the-file index (Mulvancy, 2005) is an important source to obtain 
the concept phrases in a text file. Not all text files have back-of-the-file index. The 
algorithms on extracting the key phrases/information from a text source can guide 
the task. Many approaches are adopted to carry out the task of identifying the 
concept phrases. The candidate set of key concepts are formed using the grammatical 
linguistic pattern is based on the part of speech associated with each word in a 
sentence (Agarwal, Gollapudi, Kannan & Kenthapadi, 2012). In the implementation 
of methods of the algorithms, the authors recommended the linguistic pattern:

P1 = A*N+	 (1)

proposed in the paper (Agarwal, Gollapudi, Kenthapadi, Srivastaya & Velu, 2010). 
A and N represents Adjective and Noun in the sentence respectively. * represents 
zero or more terms and + represents one or more terms. Presently, there are two 
popular linguistic patterns widely used in natural language processing community.

P2 = C*N 	 (2)

where 

C = (A|N) and | represents OR.	

P3 = (C*NP)?(C*N) 	 (3)

where P represents prepositions in the sentence and ? matches 0 or 1 occurrence 
of preceding expression. The three existing grammatical patterns are compared by 
studying the overlap of the key concepts with the Wikipedia page titles. The articles 
title in Wikipedia constitutes a bunch of concepts. An overlap concept is used to 
determine the effectiveness of the grammatical linguistic patterns. Overlap is defined 
as the fraction of generated phrases that match exactly with the Wikipedia page title. 
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Only multi-word phrases are used in determining the overlap value as Wikipedia 
pages with canonical single titles typically corresponds to a broad concept (Agarwal, 
Gollapudi, Kenthapadi, Srivastaya & Velu, 2010). From an experiment, comparison of 
linguistic patterns across different subjects carried out in paper (Agarwal, Gollapudi, 
Kenthapadi, Srivastaya & Velu, 2010), the authors concluded that with respect to 
overlap irrespective of subject area, pattern P2 outperform pattern P3. They also 
observed that pattern P1 performs better than pattern P2 although slightly. With 
P1 as pattern of interest, the authors are typically interested in phrases containing 
noun, adjectives and sometimes prepositions. In literature, concepts rarely contain 
other parts of speech such as verbs, adverbs and conjunctions (Agarwal, Gollapudi, 
Kannan & Kenthapadi, 2012).

Following task are carried out to correctly determine the key concept phrases:

Step 1: Perform the part of speech tagging.
Step 2: Select a grammatical linguistic pattern and detect the terminological noun 

phrases.
Step 3: Correct the errors made by POS tagger using WordNet lexical database.
Step 4: Prune the undesirable phrases form the candidate set using Microsoft Web 

N-gram Services.

Following subsections are discussed details about the above steps:

1. 	 Tagging the Words With Part of Speech: Every sentence in a text file 
considered is tagged using the Stanford POS Tagger. To implement the 
functionality of the tagger, the Java archive library Stanford-postagger.jar is 
used. This library contains all the required java classes to perform the task 
of tagging, i.e., for each word, the tagger gets unique part of speech and then 
assigns the result to the word. The tag set used by Stanford POS tagger is Penn 
TreeBank tag set as shown in the Table 1. Following example demonstrates 
the process of tagging the words in a sentence. Consider a following piece of 
sentence:

This page is about South Asian University

The Stanford POS Tagger returns the tagged output:

This/DT page/NN is/VBZ about/IN South/NNP Asian/NNP University/

NNP
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In the above example, it is clear that the POS Tagger breaks the sentence into 
words and assigns a unique part of speech. The input to Stanford POS Tagger may 
contain poorly formed words. For such sentences, the assigned part-of-speech tags 
may be incorrect.

2. 	 Formation of the Terminological Noun Phrases: With the tagging of the 
words in a text file completed in step 1, next a candidate set of key concepts 
is formed using a grammatical linguistic pattern. The pattern P1 in Eq. 1 is 
used to extract the noun phrases from the output of step 1. The concepts of 
interest in our context are concepts containing nouns and adjectives. The 
regular expression of the pattern is implemented in java using JavaCC parser 
generator and lexical analyzer. The set of extracted noun phrases consist of 
maximum pattern matches. For example, in a sentence, “The experiment 
with Swadeshi gave Mahatma Gandhi important ideas about using cloth as 
a symbolic weapon against British rule”, mentioned as an example in paper 
(Agarwal, Gollapudi, Kannan & Kenthapadi, 2012) for evaluating the patterns, 
due to the arbitrary order of adjectives and nouns, the linguistic pattern P2 
in Eq. 2 returns the result “Mahatma Gandhi important ideas”. On the other 
hand, pattern P1 returns the result “Mahatma Gandhi” and “important ideas”. 
The latter pattern satisfies the notion of maximum pattern matches. Clearly, 
pattern P1 gives a more promising result. Here some of examples of extracted 
noun phrases using linguistic pattern P1 = A*N+:

scientific/JJ psychology/NN 

emotional/JJ responses/NNS 

Captain/NNP Kirk/NNP 

humans/NNS

3. 	 Correction of Tagging Error using WordNet: Stanford POS tagger makes 
mistakes on sentences containing ill-formed and unknown words. The reason 
is POS tagger is aggressive and it returns part-of-speech tags for unknown 
words and always returns a unique assignment for each sentences. Lexical 
database software, WordNet is used to correct the errors. WordNet is used to 
determine the part of speech (noun, adjective, verb, and adverb) for the noun 
phrases. However, WordNet fails to recognize the words which are not in its 
lexical database. WordNet therefore is used as a validation and error-correction 
tool. Tags assigned by Stanford POS tagger are checked with the WordNet 
assignment for consistency. A phrase is said to have disagreement if for some 
word w in the phrase, WordNet recognizes w and returns one or more part of 
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speech tags and the part-of-speech tags assigned by the Stanford POS tagger 
is not among the part-of-speech tag assigned by the WordNet.

In the process of correcting the tagging disagreement between POS Tagger and 
WordNet, first the extracted noun phrase is checked for its existence in the WordNet 
lexical database. If the noun phrase is a valid word, the noun phrase is stored for 
further analysis. If the noun phrase doesn’t exist in the WordNet lexical database, 
the noun phrase is split into combination of words. These set of words is checked 
for its existence in the lexical database. If it exists, the tagging procedure and the 
consistency with POS tagger are checked. If there is an inconsistency in tagging 
and the Stanford POS tagging is among the tagging returned by WordNet, the tags 
are uniquely corrected. The correction is carried out only if the linguistic pattern is 
satisfied with the correction procedure. However, sometimes WordNet may return 
more than one part of speech for the tokens. If the part of speech assigned by POS 
Tagger is not among the part of speech assigned by WordNet, a disagreement is 
said to exist. In such case, the noun phrase cannot be uniquely corrected and it is 
dropped from the candidate set. Such exclusion helps in reducing the workload in 
carrying out further analysis.

For example, consider the following noun phrase: “causeless emotional 
conditions”. The POS tagging for the noun phrase is: “causeless/JJ emotional/JJ 
conditions/NNS”. This noun phrases is first checked for its existence in the WordNet 
lexical database. If it does exist as collocation, the WordNet tagging corresponding 
to the phrase is returned. If it does not exist, the noun phrase is further split into 
phrases as in the following example:

First the noun phrase is split in a pattern of 2:1. Splitting is done with a condition 
that all the noun phrases which are split into further sub phrases must exist in the 
WordNet lexical database.

causeless emotional

conditions

These two noun phrases are checked for its existence in the WordNet lexical 
database. Since it does not exist, a new pattern 1:2 is formed as follows:

causeless

emotional conditions

With all the splitting procedures returning a noun phrase which does not exist 
in WordNet database, the multi-word noun phrases is finally split into individual 
noun phrases as follows:
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causeless    emotional   conditions

The part of speech returned by WordNet for the tokenized noun phrases is:

causeless/[POS: adjective] 

emotional/[POS: adjective] 

conditions/[POS: Noun][POS: Verb]

The set of sub-phrases obtained is checked for disagreement with POS tagging. If 
the noun phrases exist in the WordNet lexical database and there is no disagreement 
in tagging, the noun phrase is checked with its match with the linguistic pattern.

4. 	 Pruning Using Microsoft Web N-Gram Services: The WordNet corrected 
phrases in step 3 is likely to contain common knowledge phrases as well as 
malformed phrases. To check whether the noun phrases falls into these categories, 
we could obtained the log probability of occurrence of these noun phrases 
on the web using the Microsoft web N-gram services. Common knowledge 
phrases have significant presence while malformed noun phrase has fewer 
occurrences on the web. Some log probability scores of the noun phrases are 
listed in Table 3.

After obtaining the probability score for each phrase, scores distribution across 
noun phrases over the entire text file is computed. The pruning is performed based 
on the distribution to remove undesirable phrases. The undesirable phrases include 
the common knowledge and malformed phrases. Microsoft Web N-gram Services 
provides the probability of occurrence of a given phrases over three corpora; bodies 

Table 3. Log probability scores of the noun phrases

manhood -6.153736

emotional arousal -7.760618

temperature -4.240634

feedback -3.74289346

responsibility -4.21962261

evolution -4.457664

soundtrack -4.986339

Questionnaire -5.00994968

heart rate -5.507678

minimal cognitive analysis -12.5402021
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of web pages, title of pages, and anchor texts for web pages. Compared to title or 
body, in paper (Agarwal, Gollapudi, Kenthapadi, Srivastaya & Velu, 2010) the 
authors concluded that anchor provides a stronger signal. This is because anchor text 
represents how the web authors describe the target page concisely. Microsoft Web 
N-Gram services currently provide two services for the community, Lookup and 
Generate (Microsoft, 2011). Lookup allows the user to look up the probability of 
words, and Generate allows users to get a list of words for which user has probability 
data. Lookup service includes the method: getModel, GetProbability, getProbabilities, 
getConditionalProbability and getConditionalProbabilities. Basically the methods 
GetModel and GetProability are used in most implementations. Following Tables 
4 and 5(Microsoft, 2011) shows overview of these two methods:

Given the distribution D of N-gram log probability scores of the candidate noun 
phrases across the entire text file of a chapter from a textbook, a parameterized 
statistical boundaries is computed.

Let Q1 denote the first quartile, that is Q1 satisfies Pr ( ) .
x D
x Q∈ ≤ =

1
0 25 . 

Similarly, let Q3 denote the third quartile, that is, Q3 satisfies Pr ( ) .
x D
x Q∈ ≤ =

3
0 75 . 

The inter-quartile range, IQR = Q3-Q1 is a measure of mid-spread of the distribution. 
A non-negative pruning parameters t1 and t2 is used to define fences on both ends 
of the distribution as in the following equation:

LF t Q t IQR( ) .
1 1 1
= − 	 (4)

Table 4. GetModels() method of Microsoft web n-grams services

          Method           String [] GetModels()

          Description           Get a list of currently supported N-Gram models

          Arguments           None

          Returns

The return value is an array of URNs, one for each model supported by this 
service. Uniform Resource Names (URNs) are resource identiers with the specic 
requirements for enabling location independent identication of a resource, as well 
as longevity of reference. URNs are part of the larger Uniform Resource Identier 

(URI) family [RFC3305] with the specic goal of providing persistent naming 
of resources. Unlike a URL, URN has persistent signicance i.e., the owner of 

the URN can expect someone else (or a program) will always be able to nd the 
resource. 

          The URN follows the following form: 
          urn:ngram:model-name:version:order 

For example, 
          urn:ngram:bing-body:jun09:3 

          corresponds to a trigram (order=3) model named bing-body, version jun09 
(i.e. June 2009).
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UF t Q t IQR( ) .
2 3 2
= − 	 (5)

The noun phrases whose log probability scores are not within the fences are 
pruned. Noun phrases with low scores below the fence LF (t1) are likely to be 
malformed and those with scores above the upper fence UF (t2) are likely to be 
of common knowledge (Agarwal, Gollapudi, Kannan & Kenthapadi, 2012). The 
pruning parameters are selected based on the distribution of the log probability 
scores around the mean.

Graphical Representation of the Key Concepts

For graphical representation of key concepts we are recommending to use Gephi 
tool, which is an open-source network analysis and visualization software package. 
Successfully extracting the set of key concepts using the Microsoft Web N-gram 
services after performing the final pruning process, further analysis is carried out to 
determine the relationships between the key concepts and their influence over a text 
file. A straight forward approach to derive the relationship between key concepts is 
to manually label the concept pairs. Otherwise, an authoritative structured external 
source of concepts that also contains relationships between them (e.g. Wikipedia). 
Determine the set V of nodes corresponding to key concept phrases, say in C that 
match an article title from the external source. To infer the relationship between the 

Table 5. GetProbability() method of Microsoft web n-grams services

          Method float GetProbability (string authorizationToken, string modelUrn, string phrase)

          Description           Find the joint probability of the words in a phrase in the specified model.

          Arguments
          authorizationToken 
          modelUrn 
          phrase

- It is a token of hexadecimal digit provided by 
Microsoft after agreeing with the Terms of Use 
of Microsoft Web N-gram Services. 
          - The token serves as the Globally 
Unique Identier(GUID). 
          - One of the URNs returned by 
GetModels(). 
- A string containing a sequence of words for 
which to compute the probability. The words 
should be separated by spaces.

          Returns

The base-10 log of the joint probability of the word sequence. For instance, if you 
have an order m model and the following word sequence:

w1, w2,…,wn
The return value is the log of the following: 

P(w1)P(w2|w1)…P(wn|wn-m+1…wn-1)
Notes: 

- The token h < s > represents the beginning of a phrase. 
- Punctuation is generally ignored.

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



120

Methodologies and Technologies to Retrieve Information From Text Sources

concepts, a concept Ci (i = 1, 2, 3,...) is considered to be related to other concepts Cj 
(j = 1, 2, 3,...) if Wikipedia articles corresponding to Ci has links to the Wikipedia 
articles corresponding to Cj. Let W denote the set of all links in the external source, 
define as

E v v v v V v v W= ( ) ∈ ∧ ( ) ∈{ |
1 2 1 2 1 2
, , , } 	 (6)

Then the directed graph G = (V, E) induced by the links in W, thereby obtaining a 
concept graph that encapsulates the relationship between the key concepts. Compute 
the directed graph G = (V, E) thus induced by the links in W. The graph in Figure 
1 illustrates an overview of key concept graph (Namgay & Singha, 2016).

Figure 1. Key concept graph of the noun phrases
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Evaluating a Textbook Chapter Based 
on Dispersion of Key Concepts

The decision model for identifying poorly written file is based on the notion of 
dispersion of key concepts across the text file. A text file that discussed concepts 
related to each other is more lucid and comprehensible than one that discussed many 
unrelated concepts. Let V represent the set of key concepts, rel be a binary relation 
that determines whether a concept in V is related to another concept in V, that is 
rel(x,y) is true if concept x is related to concept y and false otherwise. Dispersion of 
a chapter is defined as the fraction of ordered key concept pairs that are not related:

Dispersion
x y x y V x y rel x y

V V
=
( ) ∈ ∧ ≠ ∈ ( )

−( )
| { , | , , } |

1
	 (7)

In the process of calculating the dispersion of the key concepts, the isolated nodes 
are omitted i.e., noun phrases which have 0 in-link and out-link. Dispersion takes 
value between 0 and 1, with 0 corresponding to a section where all key concepts are 
mutually related and 1 corresponding to a section with mutually unrelated concepts.

CONCLUSION

In this chapter, we have presented detailed methodologies and technologies which 
evaluate the effectiveness of the extracted information from text files. The linguistic 
patterns adopted i.e., P1, P2, P3 are used throughout the natural language processing 
(NLP) community due to the superior advantages over the other patterns (Agarwal, 
Gollapudi, Kannan & Kenthapadi, 2012). Such detailed description enhances the 
understanding about the technology which is of great help. We can successfully 
extract the key concepts from the Stanford part-of-speech (POS) tagged text files. 
The key concepts set consist of noun phrases which exactly matches the grammatical 
linguistic patterns. These set of noun phrases is likely to have inconsistent tagging. 
These disagreements in tagging are corrected using the WordNet lexical database. 
Such correction in tagging resulted in eliminating some noun phrases from the 
candidate set which were discovered by virtue of their match with the linguistic 
patterns. The eliminated noun phrases do not contribute any value to the analysis 
of text files. The pruning process employed further extracted a set of meaningful 
noun phrases. These noun phrases are used in the detailed analysis to conclude 
useful information. The pruning process also helped in the improvement of overlap 
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value of the key concepts from a respective text file. We hypothetically assume that 
these set of key concepts obtained with pruning is free of malformed and common 
knowledge phrases. In the process of obtaining the pruning phrases, the authoritative 
structured external source used is the Wikipedia dump dated February 04, 2013.

The key concepts obtained are mapped with other concepts which share common 
relationship and use it to infer the relationship between the concepts in a text file. 
These relationships among the concepts are used to draw a concept graph of all the 
key concepts. Since we live in an increasingly visual society, pictorial representation 
of the key concepts as a graph helps in easily judging the text files and its content. 
The calculation of the dispersion value from the concept graph conveys that text 
file which contains related concepts results in lower dispersion of concepts. Such 
text files are ideal for study and it lowers the comprehension burden.

Though key concepts form the cornerstone of a good text file, ability to figure out 
the key concepts has been a big hurdle and troubling task. Recognizing the importance 
of key concepts, we conclude that devising such methodologies, technologies, and 
the linguistic patterns to extract the key concepts from a text file and evaluate the 
text file based on key concepts is of immense importance.
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ABSTRACT

Analyzing Social network data using Big Data Tools and techniques promises to 
provide information that could be of use in recommendation systems, personalized 
service and many other applications. A few of the analytics that do this include 
sentiment analysis, trending topic analysis, topic modeling, information diffusion 
modeling, provenance determination and social influence study. Twitter Data 
Analysis involves analyzing data specifically obtained from Twitter, both tweets and 
the topology. There are three major classifications on the type of analysis being 
performed such as Content based, Network based and Hybrid analysis. Trending 
Topic Analysis in the context of Content based static data analysis and Influence 
Maximization in the context of Hybrid analysis on data streams using the power 
of Big Data Analytics are discussed. A novel solution to Trending Topic analysis 
to generate topic evolved, conflict-free sequential sub summaries and influence 
maximization to handle streaming data are explained with experimental results.

INTRODUCTION TO TWITTER DATA ANALYSIS

One of the outcomes of the popularity of online social networks is the development 
of a new field, social network analysis (SNA). This field studies not just the structure 
of social network but also the behavior of the people who belong to it. One social 
network that has become popular for analysis is Twitter. Tweets based on a specific 
topic of interest, once extracted can be analyzed and the results obtained can be 
used in many applications. Twitter Data Analysis has gained popularity due to few 
notable reasons. First, obtaining information from Twitter makes it possible for 
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vendors to provide personalized solutions to their customers. Second, unlike other 
social networks, most accounts of Twitter are public, making it possible to obtain 
the necessary data. Also, the limitation on the number of characters ensures that the 
amount of time required to process a single tweet is typically rather small.

Analysis performed on Twitter data can be broadly classified into three categories: 
Content Based, Network Based and Hybrid Analysis. Techniques which rely solely 
on the tweets/text produced are named as Content based analysis, whereas techniques 
that rely on the network structure are called Network based analysis. A combination 
of both text and structure based analysis is termed as Hybrid analysis. The following 
sections expose the readers to techniques/methodologies in Twitter Data Analysis 
and its significance.

Overview

In this chapter, it is intended to show how analytical techniques namely Trending 
Topic Analysis and Influence Maximization can be utilized to study and mine 
significant information from a social network such as Twitter. Also, to illustrate their 
applications in real life business value use cases. It is believed that these illustrations 
would trigger ideas for researchers in various fields.

Firstly, a study on Trending Topic Analysis technique which is a content based 
static data analysis is emphasized accounting to the urging need of a complete 
analyzed summary of the topic under interest, presented in a topic evolved manner.

Secondly a study on Influence maximization technique which is a hybrid data 
analysis is discussed. It is important as it provides a way to find a small set of users, 
thus reducing the cost of promoting a product or campaign while simultaneously 
maximizing the spread of word about them. Distinguishing and critical aspect of 
the proposed Influence Maximization methodology is that it follows a Big Data 
approach enhancing its significance many folds.

Motivation

It is evident over the recent years that Twitter has grown from a vague invention to 
become a mainstream medium for dissemination of messages and the public discussion 
of news and events. The rapid proliferation of Twitter posts presents a big obstacle 
for efficient information acquisition. It is impossible for a user to get an overview 
of important topics on Twitter by reading all tweets every day. In addition, because 
of information redundancy and the informal writing style, it is time consuming to 
find useful information about a topic from a huge number of tweets. The tremendous 
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volume of tweets suggests summarization as the key to facilitating the requirements 
of topic exploration, navigation, and search from hundreds of thousands of tweets. 
Specifically, a summary that provides representative information of topics with no 
redundancy and well-written sentences would be preferred.

Furthermore, Analysis of topics is truly strengthened by performing a sentiment 
classification but summarization applications lack this component and as a result 
produce conflicting summaries. Sentiment classifiers always dedicate themselves 
to a specific domain or topic. Namely, a classifier trained on sentiment data from 
one topic often performs poorly on test data from another. Most of the recent 
applications for sentiment analysis deal with a single topic under interest. But this 
is not the case when handling Twitter data since topics discussed in Twitter are very 
diverse and unpredictable. Another concern regarding sentiment classification is if 
carried out as a supervised approach it will incur heavy manual effort in annotation. 
The proposed Trending Topic Analyzer addresses these issues and combines both 
the flavored twitter summarization and as well topic based sentiment classification 
paving way to an appropriate solution. This Trending Topic Analysis system is of 
great value to communication experts where they use Twitter data to measure the 
pulse of public opinion and generate business intelligence.

The study of social influence is very important today. An influential person’s 
endorsement could be the difference between success and failure for a product or 
campaign. For a promoter, identifying such influential users is crucial. This would 
provide them with a cost efficient way of promoting their products. No doubt, social 
media has no dearth of such information.

Technology and Tools Available

An overview of tools available focusing the issues in Content based and Hybrid 
Twitter data analysis is discussed below.

In the context of tools for Content based analysis, there are quite a few applications 
which alleviates the problem of generating crisp and topic evolved summaries. For 
example, many applications have evolved from Twitter (serving as their clients), 
namely “echofon” (www.echofon.com), “whatthetrend” (whatthetrend.com), which 
provide services to explain why the term becomes a trending topic or to give a short 
description of the topic. These systems generally track the topics in Twitter and use 
existing tweets or encourage users to edit a new tweet to explain the topics.

“whatthetrend” encourages users to edit explanatory tweets about topics. It 
ranks the submitted explanatory tweets by readers’ agreements. These explanatory 
tweets can be regarded as tiny summaries about the topic, providing a good way 
to help users understand the topic. However, a short summary can only sketch the 
topic in a simple way. Some researchers attempt to aggregate several explanations 
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into one long summary using traditional summarization approaches, but it still loses 
much useful information, such as the change of twitters’ focus and the temporal 
information. A well generated traditional summary can reflect the overall picture of 
topic, but performs poorly in summarizing these temporal changes of the crowd’s 
focus in Twitter. Note that the focus of tweets changes much more frequently than 
that of the traditional mainstream media.

Another such readily available application namely “Summary Card” caters a 
full-width prominent image alongside a tweet. It is designed with the motive to give 
the reader a rich photo experience.

SONDY (2016)(Social Network Dynamics) is an open source tool that is built 
specifically for performing event detection and influence analysis. It requires the use 
of two files, a network file to provide the structure of the network and a messages 
file which will contain the actual tweets. The tool can additionally perform certain 
pre-processing steps such as stemming and tokenization on the messages file.

In addition to such tools, certain big data frameworks also lend themselves for 
use in analyzing Twitter data. While Apache Hadoop and Apache Spark can be 
used for speeding up the computations that need to be done, Apache Storm is more 
suited to streaming applications.

Applications

The applications of twitter data analysis are many. It can be helpful in any use case 
where a personalized experience is to be presented to the end user. The most common 
of this is the recommendation system. Books, movies, products and many more can 
be recommended to users of twitter based on the sentiment expressed in their tweets.

Trending topic analysis can also be used in conjunction with sentiment analysis to 
determine the rise and fall in popularity of products and ideas. Its significance also 
spans across multiple uses cases such as a source of content preparation for Content 
Marketing,archival of past significant trends which could be used in domains such 
as Journalism andPolitics, sensing public views to analyze their political allegiance 
and civic engagement etc.

Mining the network structure can provide valuable information about the flow of 
information. This can help determine the best ways to promote a product or service. 
A study of provenance can even determine the source of any piece of information. 
This means, the source of rumors or erroneous information can be determined and 
dealt with the source. Community detection is also a very common analysis that is 
performed to group similar people together based not only on physical locality, but 
also a number of other features.

Other applications include question answering, expert finding, security, spam 
and advertisement detection, opinion mining, behavior analysis, churn analysis and 
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disaster management. The applications are really only limited by the developer’s 
imagination.

Challenges

While analyzing data on Twitter has some very interesting and useful applications, 
there are still some key challenges that are to be addressed. These challenges are 
described briefly here.

The information obtained from Twitter may often be biased and as a result may 
not be able to provide an accurate view of the real world. This could be due to the 
fact that a large section of people are not active on Twitter or because information 
retrieval was not performed properly.

According to Twitter’s terms of service, a dataset consisting of Tweets cannot 
be shared. However, it is admissible to share the list of IDs so that the dataset is 
reconstructed. Over time, some tweets may go missing due to it being deleted or 
the account being deactivated or an account that was previously public being made 
private. If the dataset consists of tweets that cannot be obtained due to any of the 
above reasons, it will not be possible to reproduce the dataset completely. This means 
that a benchmark dataset does not exist for such applications making comparisons 
of similar work much more difficult.

Another problem with data collection is the large number of spam messages and 
irrelevant tweets within the network. No matter how carefully the parameters are set, 
it may yet be difficult to obtain a dataset that does not contain these unnecessary 
tweets.

A research challenge that goes hand in hand with twitter data analysis is the 
closed world assumption. When performing any type of analysis, an assumption 
is made that the user is influenced by people and their actions within the network. 
External sources are ignored, leading to errors in the final predicted results. Another 
challenge arises from the dynamic nature of the online social networks. Most existing 
solutions assume that the structure of the network is static. Provisions have to be 
made to add and remove links within the network.

RESEARCH BACKGROUND

Text summarization is typically split into two groups: extractive summarization 
and abstractive Summarization. In that there are two main approaches are used 
namely structure based approach (Approaches using prior knowledge), semantic 
based approach (Approaches using NLP generation). Structured primarily based 
approach encodes most vital data from the document(s) through psychological 
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feature schemas like templates, extraction rules and alternative structures like tree, 
ontology, lead and body, rule, graph based structure. In semantic based technique, 
linguistics illustration of document(s) is employed to feed into natural language 
generation (NLG) system. This technique specialize in identifying noun phrases and 
verb phrases by using the following methods namely multi-model semantic method, 
Information item based method, semantic graph based method and semantic text 
representation model for processing of linguistic data.

The popularity of micro-blogging services, such as Twitter has caught increasing 
attention from worldwide researchers. There exist some pioneering researches made 
in Twitter summarization and as well on Sentiment Classification which forms the 
two building blocks for the proposed Content based Twitter Data Analysis approach.

Focusing on Twitter Summarization first, it is evident from few of the following 
researches that each of them lacks certain attributes that forms a major component 
of Trending Topic Analyser. Highlights and set-back of each approach are discussed.

G.Maneet all (2014) proposed an approach of Phrase Reinforcement algorithm 
combined with Word Sense Disambiguation and Textual Entailment techniques for 
generating one line summary. Phrase Reinforcement algorithm aimed at constructing 
a graph which helps in identifying the most commonly occurring phrases for a central 
topic by simply searching for the most weighted set of paths through the graph. This 
methodology lacked temporal nature of summaries and created coherence issues in 
the summary generated.

Similarly work made by Wen et al(2014) and O’Conor et al(2010) also lack temporal 
nature in summaries generated. Wen et al (2014) accomplished Summarization 
using a non-parametric Bayesian model applied to Hidden Markov Models. A novel 
observation model was designed to allow ranking based on selected predictive 
characteristics of individual tweets. Major focus was to investigate the possibility of 
using a temporal probabilistic data model known as Hierarchical Dirichlet Process 
Hidden Markov Model (HDP-HMM) to process a stream of tweets pertaining to a 
single subject and cluster the tweets into groups or rankings based on the value of 
the individual tweets.But Summaries generated did not project the temporal nature. 
O’Conor et al (2010) explained Twitter topics by presenting a simple list of messages. 
An exploratory search application for Twitter called TweetMotif grouped messages 
by frequent significant terms and result set’s subtopics facilitated navigation and 
drilldown through a faceted search interface. The topic extraction system was based 
on syntactic filtering, language modeling, near-duplicate detection, and set cover 
heuristics. But the system lacked temporal aspect in summaries generated and topic 
development was not observed.

Twitter data is known to be diverse in nature. Therefore the quality of summaries 
would be better when there are techniques incorporating such tweet specific features. 
One such work is cited below. Lui et al (2011)proposed a Concept Based optimization 
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framework for topic Summarization using Integer Linear Programming. Target data 
comprised of original and normalized tweets along with web content relevant to 
the topic. The focus was not on developing new summarization systems but rather 
utilizing and integrating diverse text sources to generate more informative summaries. 
But, another driving factor called “topic evolvement” is very critical when it comes 
in handling trending topics. To understand a trending topic completely, the entire 
topic development need to be known which also includes another research area 
called sub topic detection. Lui et al work lacked series of sub events identification 
to show topic evolving process.

A work by Gao et al (2014) generated sequential summaries on a topic using Stream 
and Semantic based approaches. Though this technique was able to incorporate the 
temporal aspect and topic evolving aspect, it fell short of readability of summaries 
generated. System failed to capture the opinion expressed in the data thus leading 
to conflicting summaries. Kar et al(2016) proposed a Twitter-Network (TN) topic 
model that jointly build network in Bayesian nonparametric method. Hierarchical 
Poisson-Dirichlet processes (PDP) is utilized by the TN topic model and for building 
social network a Gaussian process random function model is used.TN topic model 
also interprets hash tag analysis, authors’ interests, automatic topic labeling author 
recommendation and hashtag suggestion. Luyi et al(2016) semantically find and 
visualize the trendy topics examined on Twitter for a particular duration of time. 
A pooling schema correlated to meaningful contexts is proposed for a tweet that 
makes LDA based methods work properly.

Next, study on few of the researches made in Sentiment classification relevant 
to data analysis is discussed. One of the major issues of Sentiment classification 
using machine learning approaches is the need for labeled training data. But 
unfortunately, Twitter dataset lack labeled data which often poses a huge effort 
in manual annotation. On that note, Rui et al (2013) used supervised algorithms 
namely Naïve Bayes Classifier and Support Vector Machine Classifier for sentiment 
classification to investigate whether and how Twitter WOM affects movie sales. 
Contributions included measuring the impacts of WOM from people with different 
degrees of connectivity in a social network. But as mentioned earlier, this kind of 
system incurred heavy labor work in labeling the huge training data set.

Twitter data diversity also causes trouble in training a universal classifier. Some 
works have been done for cross domain sentiment analysis for review datasets like 
in(2010), Pan et al used Spectral Feature Alignment algorithm (SFA) for classifying 
sentiment polarity, for bridging the gap between the domains and to align domain-
specific words from different domains into unified clusters. System significantly 
outperformed previous approaches to cross-domain sentiment classification but 
unfortunately it could not be applied for twitter dataset. Solution to this issue 
would be to reach out in search of techniques that function based on the content 
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of the relevant data which is also called Topic based sentiment classification. One 
such work addressing this issue was done by Lui et al(2015) where they performed 
semi supervised multi class model for topic adaptive sentiment classification. The 
classifier was initially built using common features which did not adapt well for cross 
domains. Semi supervised learning was used to adaptively learn the build a topic 
adaptive classifier. But the system needed topic labeled data in order to apply the 
respective classifier model. Obtaining labeled data poses a major constraint which 
in turn reduces the adaptability of this system to any kind of data to be analysed.

As Twitter Summarization and Sentiment Classification were discussed in 
the previous sections, rest of the research background details figure out about the 
techniques in Information Diffusion and Influence Maximization.

The earliest information diffusion models were built not for social networks, but 
for real world networks. When this was extended into the world of online social 
networks, two prominent models emerged: the independent cascade model and the 
linear threshold model. A survey of some of the most recent advances in information 
diffusion modeling is presented below.

Time and the network structure were identified as the key components of an 
information diffusion modeling system. Guille et al (2012) proposed an asynchronous 
information diffusion model called T-BaSIC (Time Based Asynchronous Independent 
Cascades) where the various parameters considered are functions of time.

Jiang et al (2014)on the other hand, focused on the network structure and proposed 
a graphical evolutionary game theoretic framework to model and understand the 
information diffusion process in online social networks. Based on whether the users 
have in depth knowledge of other users in the network, the diffusion process had 
been divided into type dependent or type independent.

It didn’t escape the attention of the research community that both of these 
parameters must be studied in conjunction. Taxidou (2013) studied the process of 
information diffusion in real time from both a structural and temporal view point. 
The role of different users in the dissemination of information in the underlying 
social network was also studied. Wang, et al (2012) proposed a partial differential 
equation to model both the temporal and topological dynamics of diffusion of 
information that is injected into the network. But topology is considered only in 
terms of distance from the source.

The main drawback to these systems is that they failed to acknowledge the role 
played by the topic in the information dissemination process. The time delay in 
propagation has also not been modeled accurately in most existing works.

Soon, simply modeling the diffusion process became insufficient. The next step 
was to maximize the information flow. This is also a problem that is not exclusive 
to online social networks. A few interesting contributions to this problem are noted 
below.
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Liu et al (2014) attempted to solve the influence maximization problem by running 
the solution on a GPU in order to speed up the calculation. A novel approach called 
the Bottom Up Traversal Algorithm (BUTA) was introduced which builds a tree 
using a subset of the network and the traverses it from the bottom up, all the while 
combining nodes whose influence can be calculated independent of each other.

Song et al (2015) acknowledge that even the best approximations of the greedy 
algorithm are time consuming. The solution provided is to divide the network into 
communities and run the algorithm on each of these communities in parallel.

While the two mentioned earlier, aimed at a faster solution, Liu et al(2014), in 
their paper defined an all new version of the problem called the time constrained 
influence maximization problem and also prove that it is NP hard, sub modular 
and monotonic. The authors acknowledged the fact that in the real world, people 
were more likely to require a solution to the time constrained problem and not the 
conventional problem. The idea of influence spreading paths is introduced in order 
to solve the problem.

While each system attempts to reduce the running time and had varying degrees 
of success, they are still not capable of providing a near real time solution. Almost 
all research in the arena is geared towards reducing the run time.

TWITTER DATA EXTRACTION

The need to work on a well known data set is a known issue when it comes to 
working on Twitter data. Twitter’s terms of service prevent users from making 
uniquely identifiable information public. Depending on what’s best suited, data 
from Twitter can be extracted using the REST API or the Streaming API. To make 
accessing these APIs much simpler, packages are available online for both Java and 
Python. These packages are often well documented and easy to use. In this section, 
an overview of the two APIs is presented.

Extraction via REST API

The Twitter REST API (2016) provides programmaticaccess with which one 
can read or write twitter data, i.e. using REST API users can search for historic 
tweets, read user profile information and post tweets. The word REST stands for 
Representational State Transfer. REST API identifies twitter users andapplications 
using an authentication protocol termed OAuth. Responses from the API are 
inJSON format. API rate limits are either per user based or per application based 
where thesearch limit is 180 queries per 15 minute window. Some of REST APIs 
are Search API, GET API and POST API. Search API functions similar to but not 
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exactly like the Search feature in Twitter. It focuses more on relevance than on 
completeness. GET and POST API- functions along with several attribute statuses, 
followers, friends, direct messages etc.

Extraction via Streaming API

There are two major limitations in collecting data using the REST API. One is the 
rate limit that is imposed and the second is the timeliness of the data fetched. In 
order to help fetch data in real time, the Streaming API (2016) was introduced. This 
API also returns the data in JSON format. There are three different types of streams 
available, namely, the user stream, site stream and public stream.

The user stream fetches all the data from a single user. A single application can 
only connect to a limited number of user streams regardless of the IP from which the 
stream is being accessed. Site stream makes it possible to process events generated 
by multiple users who have provided OAuth access to the application. At the time 
of writing, this feature is in a close beta stage. The public stream is the most suitable 
for data mining applications. It enables the application to fetch events based on a 
particular keyword or from a set of users.

Care must be taken while processing streaming data. The stream must be consumed 
as quickly as possible. A delay could cause the connection to be severed. The system 
must also be capable of handling duplicates. On receiving a 420 status code, if a 
client doesn’t implement a back off strategy but attempts to connect repeatedly, it 
may be rate limited.

A final option available to programmers is Fire hose, Using Firehose guarantees 
that all the tweets in the public domain are fetched and as a result can come in handy 
for security applications. Access to Firehose comes at a cost.

TRENDING TOPIC ANALYSIS

Content based static twitter-data analysis is achieved via the proposed Trending 
Topic Analysis approach. It is evident in recent years that Twitter collects millions 
of tweets every day serving as a rich information delivering platform. However, users 
especially the new usersmight find it difficult to understand the trending topics in 
Twitter when confronted with overwhelming and unorganized tweets.

There have been attempts in past to provide a short snippet to summarize a topic 
but, this does not scale up to user’s expectation as it does not provide any analyzed 
summary. The proposed Trending Topic Analysis model analyses trending topics 
by performing Topic adaptive sentiment classification thereby summarizing public 
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views on selected trending topics and generates extractive sub summaries of topics 
over the time period. Figure 1 depicts the overall flow of the model.

Different from the traditional summarization task, conflicting summary 
generation could be avoided with sentiment classification sorting the data into 
separate sentiment corpus. Stream-based followed by semantic-based approach of 
detecting sub topic in the corpus help generate short sub-summary for each subtopic 
under the trending topic. For Semantic based approach a new model called Volume 
fed Foreground DTM (VF-DTM) is proposed which distils the noisy content and 
extracts the foreground tweets from the corpus and then builds the intended model 
on it. Finally summary generation is accomplished using a graph based algorithm 
named TFGM by incorporating the proposed salient features of a tweet nature for 
better relevancy of tweets selected. Rest of this section details about various phases 
involved in Trending Topic Analysis Model.

Figure 1. Trending topic analyser
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Relevant Data Collection

Twitter API enables extraction of region wise trends. Relevant data collection is 
performed by extracting trending topics using a specific region’s “WOEID” which 
uniquely identifies any region in the world. Extracted trends will be analyzed to 
confirm to the requirement that the topic involves several sub topics hidden in it. 
Extracted trending topics will be stored in the database for topic based tweet collection.

Pre-Processing

Once the relevant tweet/data set is ready, few pre-processing steps are to be carried 
out before using the data for the required content analysis. Necessary pre-processing 
such as URL removal, Slang Word Replacement, Non English Tweet Filter, Stemmer 
and Stop Word Removal are performed to prepare the target useable data. Along 
with the pre-processing phase, the proposed system also handles other language 
tweet translation which is essential to prevent discarding of public opinion about 
the trending topic.

Topic Based Adaptive Classification

Topic based sentiment classification is inspired by the method proposed by Liu et 
al. in [8] for labeling the corpus with their corresponding sentiments. Topic based 
sentiment feature extraction involved in this system creates a significant impact 
in the performance of sentiment classification task. Tweets have a special nature 
unlike normal English sentences like @ symbol used to refer to a user, emoticons 
expressed in the tweets, etc. Incorporating such features while performing feature 
extraction will enhance the overall process. Features extracted could be classified 
into two broad categories namely Common Features and Tweet Specific Features. 
With the extracted features, classifier model is built based on each topic without 
exhaustively labeling the training set. Support Vector Machine is used as the classifier 
to perform the semi supervised classification task. The classifier model is built 
using a collaborative training approach where the unlabeled data and the features 
extracted will be iteratively augmented with the initial labeled set.

Multi Tweet Sequential Summarization

Multi Tweet Sequential Summarization aims to generate a serial of chronologically 
related sub-summaries for a given topic while retaining the order of information 
presentation and each sub-summary attempts to concentrate on one theme or 
subtopic. The sequential summary, made up by the chronologically ordered sub-
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summaries, shall provide the entire development of the topic or the full view of the 
topic. The proposed framework uses a two-step process for generating a sequential 
summarization namely: Sub Topic Detection and Sub Summary Generation. Sub 
topic detects the hidden details about a given topic which are detected using a 
Volume based approach followed by a modified Semantic based approach termed 
Foreground DTM. In addition to these two phases of work, Redundancy checking 
is also performed to ensure that the produced sub summaries are novel.

Tweet stream that is collected may contain many irrelevant data which may 
tamper the quality of the extractive summary generated. This raises a need to clean 
and extract only the relevant corpus. Noisy and irrelevant tweets given a trending 
topic is handled by a bi-level process of executing Volume based approach (V) and 
the output from the previous step i.e. the tweet set collected will be fed into the 
novel topic modeling approach thus termed as Volume fed Foreground Dynamic 
Topic Modeling (VF-DTM). This overall process forms the first step of sequential 
summarization. Figure 2 shows the process of VF-DTM where the input is from 
Volume based approach.

Unlike LDA, DTM regards the topics evolve over time and supposes that the data 
is divided by a special time interval. The tweets in each time interval are modeled 
by K-component topic model, and the subtopic associated with the time t interval 
evolves from the subtopic associated with the time interval t-1. Initially, the entire 
corpus is spilt presenting background/noisy and foreground data separately. This step 
greatly accounts to analysis only on relevant data by striking away noisy content. 
Further process of the model is adapted as in (2014), where word distribution and 
tweet distribution are computed. Before generating the sequential summary for the 
semantic-based approach, first need to sort the subtopics detected from VF-DTM 

Figure 2. Foreground-dynamic topic modeling
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according to their temporal information. Particularly, Reason candidate model 
(2014) is used to output the relationships between tweets and subtopics to assign 
each tweet to the subtopic that it most likely belongs to. Most probable tweets will 
be associated to each sub topic by the extracting the word distribution only from 
the foreground set and not the background set. This process is applicable for mining 
topics for specific set of data collection. The tweets being assigned signify that they 
best represent the topic under consideration.

As mentioned earlier, second step in generating sequential summarization is Sub 
summary generation termed as Tweet Feature Graph Model (TFGM). Each tweet is 
limited to 140 characters which poses a challenge to extract most significant tweets 
from the corpus mixed with noisy data. Various graph based tweet selection proved 
to be more efficient than other form of approaches as in (2015). In this work, a 
graph based approach is employed to select the highly scored tweets as candidates 
for extractive summary to be generated. Initially the tweets will be represented 
as a tweet vector. Cosine similarity between tweets in the corpus is calculated as 
in equation (1). Then, weights of each edge which incorporates special nature of 
tweets namely: Retweet number and Followers count are computed as in equation 
(2). Finally, transition probability values are calculated and hence the salience score 
for each tweet will be generated. Figure 3 shows the process flow of Tweet Feature 
Graph Model.

The weights of the edges in the graph w i j,( )  are calculated as in equation (1) 
where sim calculates the similarity between tweets in the corpus and salient feature 
of tweet a j  is computed using equation (2) where retw j( )  is the retweet count and 

foll j( )  is the followers count.

w i j
sim t t

sim t t

a

a

i j

j i j

j

j

,
,

, '

( ) =
( )
( )∑

�� ��

�� �� 	 (1)

Figure 3. Tweet feature graph model
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a j retw j foll j( ) = ( ) ( ). 	 (2)

The transition probability p(i,j) in equation (3) is sufficiently different from p(j,i) 
because of the different normalization factor in the denominator.
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Finally, the salience score for each tweet will be calculated according to equation 
(4) where siis the salience score of the ith vertex, λ  is the damping factor and V  is 
the number of tweets for summarization.

s s p i j V
i j j
= + −≠λ λ. . ( , ) ( ). /Σ

1
1 1  	 (4)

Whether a tweet is selected as a representative depends on two factors: its salience 
score and its similarity to the already selected tweets. Specifically, a tweet is chosen 
if it is the candidate with the greatest salience score and its similarity to any selected 
tweet is below a threshold. No matter whether the most salient candidate is chosen 
or not, it will be removed from the candidate. This selection process repeats until 
M tweets are chosen or the candidate set is empty.

System generated sequential summaries are evaluated majorly from the following 
two aspects:

1. 	 Coverage

Coverage measures the overlap between the system generated summaries and 
human generated summaries as per equation (5) given below.
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In equation (5), i and j denotes the index of sub summaries in both system 
generated DS  and human generated summariesDH . wij is the penalty coefficient 
to discount mismatches in sub-summaries.

2. 	 Novelty

Novelty measures the average information increment in any two successive 
summaries that is being generated as per equation (6). In addition, Cosine Similarity 
also is used to evaluate sub topic segmentation performance of the proposed approach 
as per equation (7).
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D  in equation (6) is the number of sub summaries under study.
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In equation (7) XandY   denotes any two tweets respectively. Table 1 shows the 
comparative results of the system in terms of Coverage and Novelty.

Table 1 show that the first trending topic performs better that the second topic 
accounting to the fact that the former had more number of hidden sub topics in it. 
As mentioned earlier sub topic segmentation performance is evaluated using Cosine 
similarity and the results are shown in Table 2.
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Heuristic value is adapted as in Gao et al (2014) for comparison with the various 
sub topic detection models. Average of cosine similarity between adjacent subtopics 
was computed as an indicator of segmentation performance and “the lower similarity 
means the better performance”. As seen in Table 2, performance of Volume based 
approach i.e. Offline Peak Area Detection in sub topic segmentation proves that 
detecting topic merely based on volume will affect the segmentation performance 
leading to unidentified topics in the corpus. DTM uses semantic approach and not 
merely volume but the performance of proposed (VF- DTM) system is still better 
than standalone DTM due to the reason that the model building process is not 
interrupted with noisy content .Therefore distilling noise and further proceeding 
with building the required model has proved to be an efficient choice.

INFORMATION DIFFUSION: A BIG DATA APPROACH

The study of information diffusion has two major components, both of which fall 
squarely under the category of hybrid analysis techniques as per the classification 
explained earlier. They are information diffusion modeling and influence 
maximization. Information diffusion modeling deals with determining the path that 
a piece of information will take while spreading through the network. It passively 

Table 1. Comparison with baseline systems

Trending Topic Metric Heuristic-Baseline Human Generated Proposed Trending 
Topic Analysis Model

#YakubMemon
Coverage 2.15 4.20 3.55

Novelty 2.26 4.95 4.10

#Black Day 
For Indian 
Democracy

Coverage 2.10 4.05 3.42

Novelty 2.13 4.90 4.00

Table 2. Cosine similarity for sub topic segmentation

Sub-Topic Detection Models Cosine Similarity

Heuristic Baseline 0.841

LDA 0.688

OPAD 0.693

DTM 0.677

Proposed VF-DTM 0.6585
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studies the network and determines who will and will not spread the information. 
Influence maximization, on the other hand, is a more active process. Here, the network 
is observed and influence of various users is studied in order to determine the set of 
users most likely to maximize information spread. Influence maximization dictates 
the source of the information by picking the most suitable candidates.

A solution is discussed for each of these problems. What makes these solutions 
interesting is the fact that they take into account the dynamic nature of the network 
and updates are made to the structure as time progresses. Before getting to these 
specific solutions, some basic pre-processing steps are explained. Following this, the 
results obtained by these techniques are discussed. Network 1, 2 and 3 have 10000, 
20000 and 30000 users respectively. For each of these networks, the corresponding 
numbers of tweets collected are around 3 millions, 7 millions and 1.2 billions 
correspondingly. The tweets obtained with an average data size of 10GB are stored 
for duration of 60 days.

Pre-Processing

Since hybrid techniques deal with both the content as well as the topology, both the 
tweets as well as the network topology must be pre-processed. Text pre-processing 
for Twitter data typically involves short hand removal, punctuation removal, stop 
word removal, stemming and language check. Most of these are self-explanatory 
but language check is worth a brief discussion. Language check is performed to 
ensure that the tweet is in the desired language. For English, this can be done by 
comparing the words against a dictionary (which can be constructed using a trie). 
Tweets that do not belong to the target language may be discarded. But if a large 
percentage of the relevant tweets extracted are of language other than that being 
processed, translations techniques may be considered.

Two other major analyses that can be considered as a text pre-processing technique 
for information diffusion are sentiment analysis and topic modeling. The sentiment 
analyser used can be anything from a simple classifier to a much more complex 
system that is dynamic and robust. In this implementation, the sentiment analyser 
is a perceptron with a linear basis function. This classifier is seen to work well for 
sentiment analysis with an accuracy of about 86%. There are other implementations 
which are capable of providing better results. These systems were not chosen due 
to their high complexity and the emphasis is on the diffusion modeling process and 
not the sentiment analyser.

Topic Identification pertaining to Machine Learning and Natural Language 
Processing is a type statistical model that is used for discovering the abstract “topics” 
occurring through a collection of documents. They are broadly classified in two 
categories namely: 1) Static Topic Identification and 2) Dynamic Topic Identification. 
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Static topic Identification also referred to as probabilistic topic models, discovers 
the hidden text of latent semantic structures from a large collections of unstructured 
documents. They have been extensively used to detect instructive structures in data 
such as genetic information, images, and networks. Dynamic topic Identification 
analyze the evolution of (unobserved) topics in a collection of documents over time.
Eg: Latent Dirichlet Allocation (LDA) sees to that, the order of words in a document 
and order of documents in a corpus are unconsciously interchangeable.LDA follows 
multinomial distribution for a set of terms and derives documents of each group from 
a set of topics that evolved from a set of the previous time slice. Thus, for each word 
of each document, a topic is drawn from Dynamic Topic Identification and a term is 
subsequently drawn from the multinomial distribution corresponding to that topic.

The most commonly used technique used for topic modeling is the Latent Dirichlet 
Allocation (LDA). LDA works even well for a static data set but not entirely practical 
for performing on data set that is being built from a data stream. In order to solve 
this problem, a streaming version of this algorithm has been proposed and tested 
by Hoffman et al. (2010) The system makes use of variational Bayes to ensure that 
the calculation of topic happens in a timely manner.

The second half of this section deals with pre-processing the network topology. 
The network topology must first be built from the list of followers that is obtained 
from Twitter. Links in Twitter are unidirectional. This means that parallel edges are 
possible but must be of opposite directions. The most suitable way to store this kind 
of data is in a graph database such as neo4j or allegrograph. Other options include 
saving the edges as ordered pairs with the first element indicating the origin of the 
edge and the second indicating the destination.

In order to speed up the computation in the later stages of this system, the edges 
can be stored along with weights that indicate the likeliness of information passing 
between the two users. In cases where the assumption is made that the network 
is static, this would be the best option. But in the case where the information is 
streamed in real time, it is not as simple. There would of course be a decrease in 
running time but it won’t be as evident as in the case of a static dataset. This is 
because each time a user leaves or enters the network or a new edge is introduced, 
the values will have to be recalculated. If the changes in the topology are not as rare 
as they are assumed to be, too much time will be spent on this recalculation. If such 
a scenario is anticipated, the weights can be recalculated only as and when required.

Information Diffusion Modeling

Once pre-processing is completed, the process of modeling begins. There are a 
number of techniques that are available to accomplish this, each with their own 
strengths and drawbacks. The choice of the modeling technique is based purely on the 
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end requirements. Instead in this section, the main emphasis will be on augmenting 
any one of these models with topic sensitivity. Figure 4 provides an outline of the 
stages in the information diffusion modeling process. The specific technique that 
has been used in drawing the conclusions derived in this chapter is the evolutionary 
game theoretic approach.

Introducing topic sensitivity is a concept that’s easy enough to understand. A 
model is said to be topic sensitive when the result generated by it varies depending 
on the topic of interest. In the case of information diffusion modeling, the users 
who forward the information and hence the path that the information flows via will 
be different when the query term belongs to a different topic.

There may be any number of topics present in the tweets that are collected. But 
this number has to be decided upon by the designer. Following this, the utility of 
forwarding the information for each node for the given topic must be determined. 
There are two ways in which this can be accomplished. The simplest is by performing 
topic modeling on the tweets and then using the percentage of tweets generated, 
liked and retweet by each user in that specific topic in order to determine the utility 
of forwarding. In this approach, the topic to be selected would be the one that the 
query term is most likely to belong to.

The second and more computationally intensive technique would be to determine 
the topic at runtime. The reason why this works out better is because we can never be 
sure of how many topics are present and also a single tweet may contain information 
pertaining to more than one topic. In fact, LDA assumes that a sentence is made 
up of a mixture of topics. In this technique, the term coupling between the query 
term and every other word in the set of tweets collected. The words that are highly 
coupled with the query term are first selected and then tweets that contain the query 

Figure 4. Information diffusion modelling
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term and any of these highly coupled words are selected. These tweets are assumed 
to belong to the topic of interest. The percentage of these tweets belonging to each 
user is determined to be their relevance score. This relevance score can then be used 
to determine the utility in forwarding.

At its simplest form, the value obtained at the end of either of these approaches 
can be directly used as the utility of forwarding. While this might not be entirely 
accurate, the results produced are quite close to the actual diffusion process. The 
actual extent of diffusion is determined by studying diffusion processes for the topic 
of interest in the network. This value is then compared with the results provided by 
the mode. The accuracy thus obtained is shown in Table 3.

Influence Maximization on Streams

The influence maximization problem aims to select a subset of ‘k’ users such that 
the information diffused by these ‘k’ users is to the maximum extent possible.

Existing solutions to the influence maximization problem are time consuming. 
While the aim is to find a near optimal solution, the primary focus is on lowering 
the running time of the algorithm. There are many ways to accomplish this. One is 
by optimizing the algorithm to run in parallel on infrastructure such as Hadoop or 
GPUs. With proper algorithm design, the running time can be cut down drastically. 
A second option would be to find a way to reduce the possible candidates. However, 
this candidate set must be chosen with care so as to ensure that the users who are 
supposed to be included in the final solution are present in this candidate set as well. 
It is a combination of the two that will be used in the solution detailed here. Figure 
5 outlines the various steps involved in this technique.

In order to reduce the size of the candidate set, sampling is done on the entire 
data set, biased towards nodes which are capable of maximizing the information 
spread. The odds of such nodes are increased; all the nodes in the network are first 
ranked based on their influence. Then, a random sampling is done on this list to 
determine which ‘n’ nodes make the cut. The size of ‘n’ should be sufficiently large. 
If the value selected is too small, the final result may not have as many nodes are 
required by the user. Finally, the greedy algorithm is run in parallel to select the 
final subset of users who can maximize the information diffusion.

Table 3. Accuracy

Network Network 1 Network 2 Network 3

Accuracy 0.76 0.78 0.75

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



145

Twitter Data Analysis

The first point that has to be discussed is the ranking of users based on influence. 
As mentioned earlier, the system is topic sensitive which means that topic information 
must be saved from the tweets. This information will be used as a feature while 
ranking the users. There have been a large number of techniques proposed, each 
with their own set of features. When the source of information is a social network 
like Twitter, two types of features must be considered, viz, topological features and 
user features. Topological features can include the k core, in and out degree. On the 
other hand, number of retweets, replies and mentions, location, verification status 
and interest in the topic can be considered as user features. It is important to take 
both types of features into consideration. If the features considered are not sufficient, 
the results obtained will be skewed.

The second and probably the most important component of the system is the 
utility function used. In this particular problem, the utility function determines the 
contribution of a given node to the information spread. This value is often determined 
iteratively by calculating the utility of all nodes influenced by the given node and 
so on using Monte Carlo simulations. This is a time consuming process. One extra 
consideration that exists while handling Twitter data is the possibility of information 
flow between two nodes which do not have an explicit link between them. This is a 
very likely scenario because of the retweet feature. In addition, tweets from public 
profiles are easily searchable. This could especially be the case when the tweet 
pertains to a trending topic. The utility function used here is given in the equation (8).

Figure 5. Influence maximization
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Utility nPaths x f r
y

xy
= + −( )( )∑� � � � �α α1 	 (8)

‘rxy‘ is the similarity between the users, calculated using Pearson’s correlation 
coefficient between the interests of each pair of users, x and y. ‘nPaths’ is the number 
of paths between the two users and ‘f’ is the frequency of communication. The first 
half of the equation handles the cases where there is a direct or indirect path between 
the two nodes. This typically implies that the user is influenced by a tweet that’s 
visible on his/ her timeline, either because the user is following the tweeting user 
or is following someone who has retweeted that particular tweet. The second half 
pertains to finding a tweet by performing a search on a keyword or trending topic. 
The advantage to such a function is that it doesn’t have to be calculated iteratively, 
thus reducing the running time of the entire system.

Finally, the ranked list is sampled and the greedy approach is applied on these 
sample sets. The nodes are selected in such a way that the overlap is minimized and 
information spread is maximized.

As mentioned earlier, the running time of the system as well as its ability to provide 
a solution that is very close to the optimal solution are important. The system has 
been tested on a cluster of 4 quad core multithreaded machines running the Ubuntu 
operating system. Hadoop is used as the cluster manager. The running time of the 
system with and without the above discussed features is shown in Table 4.

The closeness of the obtained solution to the optimal solution is measured by 
the size of overlap of the solution provided by the system and the optimal solution. 
This metric is suitable since the order of the elements in the list does not matter. 
All that matters is that the same set of elements is selected. The larger the size of 

Table 4. Running time

Approach Greedy Greedy With 
Sampling

Greedy With MR Greedy With MR and 
Sampling

Running Time 271 s 255 s 153 s 129 s

Table 5. Size of overlap

K Size of Overlap

5 4

10 8

15 13
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overlap, the more accurate the system is. The sizes of overlap obtained for different 
values of k are shown in Table 5.

DISCUSSIONS

While these approaches show promising results, there are still a number of elements 
that are to be considered, each of which could lead to a potential rise in accuracy. 
Some of these aspects are discussed with respect to both systems.

Research Directions in Trending Topic Analysis

The system can be further drilled down to enhance by normalizing the selected 
significant tweets for better understanding. Other forms of texts or for example 
from relevant newspapers could be used to improve the readability of summary 
generated. For further increasing the accuracy of the classifier, NLP techniques 
such as negation handling and Word Sense Disambiguation could be considered 
while handling tweets.

Another research path is that the system can be modeled to generate abstractive 
summaries of the topic which also contributes to the readability of the summary. 
Once plunged into generation of abstractive summaries, the system can be further 
extended to deal with Voice to Text Generation of MOM (Minutes of Meeting) 
based on the agenda of the meeting. Building of such an application assures a strong 
industrial impact.

Research Directions in Information Diffusion

In this system, the diffusion process of a keyword can be determined only if the word 
exists in the set that is identified in the initial stages of the system. It is necessary 
to devise other techniques that can take advantage of dictionary knowledge and 
make it possible to determine the diffusion process even for keywords that do not 
belong to this set.

An interesting way to better the results of the information diffusion system is 
by studying other features so that the likelihood of information passage is modeled 
more accurately. A possible extension is to make it possible to decide the location 
or demographic region within which the users are to be selected. This could be 
utilized in cases where a promotion or topic is important to certain locations only.

In addition, the size of the sample, when selecting nodes to test whether they 
belong to the solution set, is fixed. A technique to determine the most suitable sample 
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size could be introduced. This would ensure that the required numbers of users are 
selected and the sample size is no larger than absolutely necessary.
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KEY TERMS AND DEFINITIONS

Biased Sampling: Biased sampling is a technique in which the probability 
with which an item is selected to be a part of the sample set is not equal That is, 
the sampling strategy is biased towards items with certain desirable characteristics.

Influence Maximization Problem: Given an integer k and a network, a set of 
k users must be found such that the information flow in the network is maximized. 
This implies that the k users chosen are not only influential but also have minimal 
overlap in the set of users they influence.

Sequential Summarization: Sequential Summarization aims to generate a 
serial of chronologically related sub-summaries for a given topic while retaining the 
order of information presentation and each sub-summary attempts to concentrate on 
one theme or subtopic. The sequential summary, made up by the chronologically 
ordered sub-summaries, shall provide the entire development of the topic, or the 
full view of the topic.

Sub-Topic Detection: Each topic may contain several hidden latent topics which 
would be revealed only by a process termed Sub Topic Detection. This process 
contributes to the sequential nature of summarization approach produced in form 
of topic evolved sub summaries. This chapter also details about the advancements 
made to the existing sub topic detection models.

Tie Strength: Tie strength is defined as a (probably linear) combination of the 
amount of time, emotional intensity, the intimacy and the reciprocal services which 
characterize the tie. In the context of information diffusion, the stronger the tie 
between two users, the more likely information is to pass between them.

Topic Adaptive Sentiment Classification: Topic-adaptive sentiment 
classification model starts with a classifier built on common features and mixed 
labelled data from various topics. It later refines towards topic based text and non-
text features. A combined and adaptive classifier finally performs the sentiment 
classification.

Trending Topic Analysis: Trending Topic Analysis system provides a deep 
analysis via topic adaptive sentiment classification and multi tweet sequential 
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summarization, which aims to provide a serial of chronologically, ordered short 
sub-summaries for a trending topic in order to provide a complete story about the 
development of the topic while retaining the order of information presentation.

Twitter Trending Topics: Twitter trending topics are the sensational topics 
discussed or tweeted by more number of users at the moment. These hashtag driven 
topics help in capturing interesting news/updates about popular topics at a particular 
time. It is populated for each user based on his/her social network and location.
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ABSTRACT

Social network analysis (SNA) is the analysis of social communication through 
network and graph theory. In our chapter the application of SNA has been explored 
in telecommunication domain. Telecom data consist of Customer data and Call 
Detail Data (CDR). The proposed work, considers the attributes of call detail data 
and customer data as different relationship types to model our Multi-relational 
Telecommunication social network. Typical work on social network analysis includes 
the discovery of group of customers who shares similar properties. A new challenge 
is the mining of hidden communities on such heterogeneous social networks, to group 
the customers as churners and non-churners in Telecommunication social network. 
After the analysis of the available data we constructed a Weights Multi-relational 
Social Network, in which each relation carry a different weight, representing how 
close two customers are with one another. The centrality measures depict the intensity 
of the customer closeness, hence we can determine the customer who influence the 
other customer to churn.
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INTRODUCTION

The process of defining social communication by the help of network and graph 
theory is known as Social Network Analysis (SNA).(Otte et al, 2002). The network 
structure is characterized in terms of actors, people or things associated by ties or links. 
Social network analysis is described by different social media networks, collaboration 
graphs, kinship. (Pinheiro, 2011; D’Andrea et al 2009). The representation of 
network is done through a diagram called sociograms where nodes are represented 
as points and links as lines. A social network can be established between person, 
groups or organizations. It indicates the ways in which they are connected through 
various social familiarities ranging from casual acquaintance to close familiar bonds 
(Hanneman and Riddle, 2005). Different scenarios can be modeled in social networks 
such as email traffic, disease transmission, criminal activity etc. The co-ordination 
and flow between people, groups, organizations, or other resources information 
sharing is analyzed by Social network analysis. People in the network represented 
as nodes and groups, while the links show relationships or flows between the nodes. 
A mathematical or graphical analysis of human relationship can be established by 
Social network analysis. This method is also used as Organizational Network Analysis 
by Management consultants for business clients. Social structure of the organization 
is described by groupings. As a whole the behavior of the network is explained by 
number, size, and connections between sub-groupings in a network. (Hanneman and 
Riddle, 2005). Some of thefeatures of sub-group structure can define the behavior 
of the networkby solving following questions. How fast will things move across 
the actors in the network? Will conflicts most likely involve multiple groups, or 
two factions? To what extent do the sub-groups and social structures overlap one 
another? The basic approaches for collecting data are questionnaires, interviews, 
observations, and some other secondary sources. (Breiger 2004).

A sample example of SNA is represented in Figure 1. Social network research 
understands individuals within their social context, acknowledging the influence 
of relationships with others on one’s behavior. Hence, social networks can promote 
innovation processes and expand opportunities for learning. Despite the consensus 
regarding the value of social network approaches, there is a lack of empirical 
investigations in innovation and futures studies that use Social Network Analysis 
(SNA). In most cases, the scientific literature uses the concept of social networks 
metaphorically, ignoring the chances presented by SNA methods. At the same time, 
conventional empirical research in innovation and futures studies often disregards 
relational information. Hence, analyses of statistical data on structural and individual 
levels are treated as separately. Activities that are expected to have impacts on 
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future developments are usually modeled as isolated individual or group behavior, 
on the one hand, or as the characteristics of structural issues, on the other hand. 
SNA provides us with empirical tools that capture the social context and help to 
better understand how innovations are implemented and diffused and why social 
change takes place. Network approaches explicitly challenge the difference between 
deduction and induction and highlight the relevance of relationships. Individuals 
both shape and are shaped by the social context in which they interact. By applying 
techniques of SNA, actor-centered and structuralist reductions are avoided. Instead, 
SNA emphasizes the mutual influence of structure and social connections. In order 
to better understand and model developments in innovation and futures research, 
relational data inherent to the social network perspective is needed.

Figure 1. Illustration of a social network diagram
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Evolution of Social Network Analysis

A summary of the development of social network analysis has been mentioned in 
the book by Linton Freeman. (Freeman and Linton 2006). In the late 1800s, Tonnies 
argued that social groups can exist as personal and direct social ties that either link 
individuals who share values and belief or impersonal, formal, and instrumental social 
links. Durkheim gave a non-individualistic explanation of social facts arguing that 
social phenomena arise when interacting individuals constitute a reality that can no 
longer be accounted for in terms of the properties of individual actors. In the 1930s, 
J.L. Moreno pioneered the systematic recording and analysis of social interaction in 
small groups, especially classrooms and work groups (sociometry), while a Harvard 
group led by W. Lloyd Warner and Elton Mayo explored interpersonal relations at 
work. In 1940, A.R. Radcliffe-Brown’s presidential address to British anthropologists 
urged the systematic study of networks. However, it took about 15 years before this 
call was followed-up systematically.Social network analysis developed with the 
kinship studies of Elizabeth Bott in England in the 1950s and the urbanization studies 
of the University of Manchester group of anthropologists investigating community 
networks in southern Africa, India and the United Kingdom.In the 1960s-1970s, a 
growing number of scholars worked to combine the different tracks and traditions. 
One group was centered around Harrison White and his students at the Harvard 
University Department of Social Relations. Also independently active in the Harvard 
Social Relations department at the time were Charles Tilly, who focused on networks 
in political and community sociology and social movements, and Stanley Milgram, 
who developed the “six degrees of separation” thesis.(Wellman, n.d.) Significant 
independent work was also done by scholars of University of California interested 
in mathematical applications, centered around Linton Freeman. In terms of theory, it 
critiqued methodological individualism and group-based analyses, arguing that seeing 
the world as social networks offered more analytic leverage. (Granovetter, 2007).

Social Network Analysis Process

The SNA process involves:

•	 Gathering information regarding relationships in a specified group or network 
of people.

•	 Defining the target group of network.
•	 Data collection about specific needs and problems can be done by interview 

of managers.
•	 Detecting and explaining scope and aim of analysis.
•	 Identifying the required level of reporting.
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•	 Formation of questions and solutions.
•	 Development of questionnaire and survey method.
•	 Detection of network by interviewing personnel.
•	 Implementing and constructing actions to bring about.
•	 Mapping the network manually or by using software tools designed tools for 

the specific purposes.
•	 Creating a base for the analysis of data from the survey resources.
•	 Using this base for increasing social connections and information flows 

within the group or network.
•	 For the required changes actions are to be designed and implemented.
•	 Mapping the network within specific time period.

SNA Performance Measures

Connections

•	 Homophily: The ties between similar and dissimilar actors. Similar actors 
mean equality in gender, age, occupation, educational achievement, status, 
values or any other common characteristic (Pherson, 2001).

•	 Multiplexity: The number of content-forms contained in a tie (Podolny 
and Barron, 1997) For example, two people who are friends and also work 
together would have a multiplexity of 2 (Kilduff and Tsai, 2003). Multiplexity 
has been associated with relationship strength.

•	 Mutuality/Reciprocity: The level of actor’s friendship or other 
communication. (Kadushin 2012).

•	 Network Closure: Forthe completeness of relational structure an individual’s 
assumption of network closure (i.e. that their friends are also friends) is called 
transitivity. (Flnynn, 2010).

•	 Propinquity: To have more ties with others the tendency of actors is that 
they are geographically close to others. (Kadushin, 2012).

Distributions

•	 Bridge: An actor whose connection is weak fills a structural hole, providing 
the only link between two individuals or groups. It also includes the shortest 
route when a longer one is unfeasible due to a high risk of message distortion 
or delivery failure. (Granovetter, 1973).

•	 Centrality: Centrality refers to a group of metrics that aim to quantify the 
“importance” or “influence” (in a variety of senses) of a particular node (or 
group) within a network. (Hansen, et al, 2010; Liu et al, 2011; Hanneman 

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



157

Use of Social Network Analysis in Telecommunication Domain

et al 2011, Tsyetovat 2011). Examples of common methods of measuring 
“centrality” include betweenness centrality, (Tsyetovat et al 2011). closeness 
centrality, eigenvector centrality, alpha centrality, and degree centrality. 
(Opsahl 2010).

•	 Density: The ratio of direct link in a network related to the total number 
possible. (Department of Army n.d.; Xu et al, 2010).

•	 Distance: For connecting two particular actors the minimum link is known 
as distance.

•	 Structural Holes: The absence of links among two parts of a network. 
Defining and exploring a structural hole can initiate entrepreneur a competitive 
advantage. This concept was developed by sociologist Ronald Burt, and is 
sometimes referred to as an alternate conception of social capital.

•	 Tie Strength: Explained by the association of time, emotional factor, depth 
of closeness and mutuality. (Department of Army, n.d.). Strong ties are 
associated with homophily, propinquity and transitivity, while weak ties are 
associated with bridges.

Segmentation

•	 Cliques: Groups are defined as ‘cliques’ if each individual is directly 
associated to every other individual, ‘social circles’ if there is less stringency 
of direct contact, which is imprecise, or as structurally cohesive blocks if 
precision is wanted.(Moody-White, 2003).

•	 Clustering Coefficient: A measure of the likelihood that two associates 
of a node are associates. A higher clustering coefficient indicates a higher 
‘cliquishness’. (Hanneman et al, 2011).

•	 Cohesion: The degree to which people are linked directly to each other 
by cohesive bonds. Structural cohesion refers to the minimum number of 
members who, if removed from a group, would disconnect the group. (Pattillo, 
2011; Liben-Nowell et al, 2003).

Features of Social Network Analysis

Some important features of social networks are size, density, degree, reachability, 
distance, diameter, geodesic distance. Some other complex properties that may be used 
in social network analysis are described as follows (Hanneman and Riddle, 2005).
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Maximum Flow

The concepts of connectivity of two actors, asks the number of actors in the 
surroundings of a resource indicates the ways to a target. If I want to send a message 
to you, and another person to whom I can send the same for retransmission, there 
are several ways how the message will reach the destination. Similarly, more people 
to whom I can send my message, each of them has one or more ways of resending 
my message to you, and then my association will be strong. This “flow” concept 
suggests that my tie is not stronger than the weakest link in the chain of ties, where 
weakness means a lack of alternatives.

Hubbell and Katz Cohesion

The maximum flow concept is targeted on the duplication of links between pairs of 
actors - kind of a “strength of the weakest link” parameter. Another approach, we 
need to consider the strength of all ties as predicting the link. If we are willing to 
know how much two actors may interact with one another, or share some common 
features, the complete range of their links should probably be considered. Although 
we need to involve every link between two actors, it may not create a great deal 
of sense to consider a path of length 10 as important as a path of length 1. The 
Hubbell and Katz methodology count the total links among actors, both sending and 
receiving links for directed data. Each link, however, is associated with a weight, 
according to its length.

Taylor’s Influence

The Hubbell and Katz approach may create more sense while implemented on 
symmetric data; due to less focus on the directions of links. If we have special interest 
on the influence of one actor on another on a directed graph, the Taylor approach 
provides an interesting measure. This measure, uses all links, and implements a 
weaker approach. Rather than standardizing on the whole resulting matrix, however, 
a different approach is adopted. The column marginals for each actor are subtracted 
from the row marginal, and the result is then normalized. Converted into English, 
we look at the balance among each individual’s sending links and their receiving 
links. Positive values then reflect a preponderance of sending over receiving to the 
other actor of the pair -or a balance of influence between the two.
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Centrality and Power

All sociologists state that power is a basic feature of social structures. There are 
very few agreements regarding the concept of power, and the method which explain 
and analyze its causes and consequences. Table I describe some of the important 
features that social network analysis has developed to know what is power, and the 
closely related concept of centrality.

Benefits of Social Networking Analysis

After social relationships and knowledge flows become visible, they can be evaluated, 
compared and measured. Results of the SNA can then be applied by individuals, 
departments or organizations to:

•	 Identify who the persons who are playing central roles (thought leaders, 
knowledge brokers, information managers, etc.);

•	 Identify bottlenecks and those who are isolated;
•	 Spot opportunities for improving knowledge flows;
•	 Target those areas where better knowledge sharing will have the most impact;
•	 Raise awareness of the significance of informal networks.

ANALYSIS OF SOCIAL NETWORK IN TELECOM SECTOR

Social Network Analysis (SNA) defines a set of research techniques to identify a 
group of people sharing common system configuration based on the basis of their 
relationship with actors. This approach has now become a powerful tool to study 
on networks in various areas like Banking, Telecommunication, Web applications, 
Physics and Social Science. Social network analysis (SNA) is the methodical 
analysis of social networks. Social network analysis views social relationships in 
terms of network theory, consisting of nodes (representing individual actors within 
the network) and ties (which represent relationships between the individuals). These 
networks are often depicted in a social network diagram, where nodes are represented 
as points and ties are represented as lines.

Relationships in a network can either be directional or nondirectional. In a 
directional relationship, one person is the initiator (or source of the relationship) while 
the other is the receiver (or destination of the relationship). For example, in the diagram 
above, node 1269 is the source while node 3777 is the destination. Relationships 
can also be described as dichotomous or valued. A dichotomous relationship is one 
where the only information that exists is whether or not a relationship exists between 
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two people, where as in a valued relationship, a weight indicating the strength of the 
relationship is also available. Analyzing huge amount of data manually in telecom 
industries becomes very difficult. Hence the SNA procedures were applied for Churn 
Prediction in Telecom data. The fundamentals of social network analysis include 
building of a multi-relational telecom social network and defining the core metrics 
for identification of churners in telecom social network. In multi relational social 
network different relations are extracted that exist in the network. Every relationship 
can be graphed using customers’ data and the call details of telecommunication [24]. 
These companies handle huge amount of data including customer data, network data 
and call detail data. Call detail data gives information about the calls that traverse 
through the telecommunication networks, network data, which describes the state 
of the hardware and software components in the network, and customer data, which 
describes the telecommunication customers. Manual handling of such huge amount of 
data is too difficult but not impossible. The proposed work describes about the main 
applications of data mining in telecommunication environment: churn management 
by using Multi-relational Social Network.

In telecommunication social networks, two customers having social relationships 
are linked to each other. The connection is made on the basis of call frequency, 
voice call duration etc. exchanged during a certain time interval. Establishment of 
relationships involves different types of association and communication which makes 
these networks more complex. To design a Multi-Relational Telecommunication 
Social Network, attributes of call detail data and customer data are required as 
different relationship types. A Weights Multi-Relational Social Network was made 
after proper analysis of data where each relation carried a different weight, indicating 
the closeness between two customers.

Previously, the churn was considered as an issue in most of the industrial sectors. 
It refers to the rate of loss of customers from a company’s customer’s base in general. 
Much attention is given to churn as churning customers’ yields in revenue loss. Churn 
is considered as a major problem in business areas like telecom and broadcast services 
and also it is regarded as a critical issue other businesses like online games, online 
social networks and discussion sites. It is better for the companies to identify the 
churn in its primary stages because it is easier and cheaper to retain a customer than 
to win him. If the risk could be estimated early, then different marketing departments 
can provide the customers with proper incentives preventing them from leaving. 
Indirectly the churn refers to the full or partial lacuna in a customer. When a subscriber 
moves from one carrier to another, it is said to have churned. (Hwang et al, n.d.) 
Churn rate is ratio of the total gross number of subscribers leaving the service in a 
period and the average total customers in the period. In the telecom company, the 
churn rate is the degree of threat and unpredictability in the marketplace and will 
be cited in the company’s yearly report. The major problem in management is to 
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know who are the subscribers and their reasons for leaving the company. Therefore, 
it becomes more difficult to forecast which customers would leave the company, 
and frame cost effective incentives to satisfy the likely churners to stay back. 
Mostly, the telecommunication social network mining methods acknowledge only 
homogeneous social Networks. In real sense, almost all the social networks posses’ 
different kinds of relationships among customers. Deriving the different relations 
present in the network is a problem in Multi-relational Social Network. Each of the 
relation can be represented using graph. Instead of studying about other relations, 
it is better to focus on a relation whose information is required. Hence, for better 
results positive social relations must be taken into account for churn prediction in 
telecommunication networks.

Although these networks give many benefits to users by facilitating communication 
between them and the exchange of any kind of information in real time, this social 
networks represents a serious threat to the privacy rights and their data protection 
or to third parts related to them (family, friends, etc.) because the data they dump on 
the social networks (contact information, photographs, videos, etc.) are accessible in 
a public and global way. Likewise, there are many marketing firms that use the data 
published on social networks to make surveys and statistics about various products. 
In some cases, even these companies have nothing to do with social networks are 
allowed to send questionnaires to users for commercial use. The vast amount of 
information related to a user in the social network represents a risk to his safety and 
privacy if we consider the possible use of the data by unauthorized third parts to 
misappropriate our identity. Therefore, it is necessary to create globally applicable 
rules able to respond to global problems which due to its nature usually pose this 
kind of networks.

Social Media Influence on the Telecom Industry

1. Real-Time Monitoring of Social Web

Assume, if you are using a T-Mobile and AT&T decided to project a new data plan 
just few minutes before, then the fastest way to track about that is through the social 
media. Social media monitoring is therefore a necessary tool to gather information 
about your brands, competitors’ strategies, and product advertisements. In this way, 
you will be able to track your competitors’ actions in real-time and react accordingly 
giving a tough competition.

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



162

Use of Social Network Analysis in Telecommunication Domain

2. Identifying and Focusing on Tailored Audiences

Social media never allows any customer to get diverted towards its competitor. It 
always keeps updated information about every customer. Telecom companies know 
how to involve their customers with them in a timely manner and to keep them 
away from their competitors. With the help of company’s social media, the telecom 
brands can target their influential customers and attract them by providing special 
incentives. After pervasive filtering, social media allows telecom companies to 
develop a wide range of campaigns designed to target a large scope of people while 
covering an entire community.

3. Building a Strategy for Communication That Reflects

Customers are required to be updated periodically about new proposals, tenders and 
special events. Keeping interaction with the customers on social media, the companies 
can very well understand their needs and to what they are looking for. They can be 
attended faster than any other type of traditional communication like phone, mail 
or website. If the competitors will acknowledge the social media for promoting 
themselves openly, then they might catch this opportunity to interact with them on 
a personal basis. The social media always allows the telecom brands to interact in 
a bidirectional way. Instead of just forecasting the messages, telecom brands can 
contact with their audience personally to identify their problems which actually 
play a vital role in retaining the customers. In contrary to address the audience just 
to seek attention, telecom brands can listen to their problems minutely and build a 
healthy relationship with them.

4. Reforming Interactions and Assuring Correct Information

Telecom companies are frequently engaged with numerous interactions with the 
customers over a time period. One of the tools of social media management has a 
built-in CRM system which helps to track the previous conversations providing a 
detailed overview. This combination reforms future interactions and helps to track the 
good profile customers to interact with them on a personal basis. Further, the social 
media teams should immediately comply suitable information to the customers by 
giving access with different links or websites. Hence, this would help in providing 
an up-to-date method to yield important information.
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5. Customer Care: A Tweet Away

Nowadays the people are not waiting or standing in a queue at their local telecom 
outlets for any support and service. If any customer has a simple query, then he or she 
can simply tweet to their service provider and can quickly seek help within a short 
time. It completely depends upon the telecom companies to catch this opportunity 
and immediately acknowledge with adequate information. The telecom outlets can 
gain similar experience by making personal interactions with the customers and 
satisfying them by providing correct information upon inquiry.

6. Telecom Industries Benefitting From Social Analytics

Social analytics support companies in analyzing their brand values among the 
customers. This type of analysis would help in businesses by determining the areas of 
customer satisfaction or customer obligation for any product if they have. It also gives 
feedback about the advertisements done for marketing thus helping the companies 
to know their users requirement. In this paper, the social media is considered as a 
source for data analytics in the telecom sector. One of the finest ways to develop 
a healthy relationship with the Telecom industry is the social media which gets 
continually involved in price conflicts. If we are provided with a medium that would 
help to communicate with the consumers directly, then it would help in supporting 
them ceaselessly through online channels. But sorrowfully this is not the case. The 
telecom industries in some aspects could not even meet the basic requirements of 
customers; they only concentrate on the strategies for their brand popularity. A study 
has been done about the leading players like Bharti Airtel, Reliance Communication, 
Idea Cellular, Vodafone India, Tata Docomo, Uninor, Aircel, MTS and Loop, their 
presence on Social Media and individual support services is compared.

7. The Kind of Queries Brands Get

The customers have a lot of questions and grievances about the services and products 
of different telecom brands. Generally their questions include tariff plans and add-
on services. The grievances of the customers are basically on network and billing 
issues. The Airtel receives the highest number of queries from the customers on its 
Twitter and Facebook accounts that is around 40 a day. The other brands does not 
get so many complaints in a day and if they do, the customers are directed to a toll 
free number, email address or a website. Even if the simple queries are diverted, this 
can easily be handled by the representatives. When a user wants to inquire about 
the latest offers, the Docomo provides a web link instead of looking into the link 
themselves and providing a solution.
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8. How Often They Respond and Their Response Time

Most brands do not respond on Facebook and only some respond on Twitter. Aircel 
and MTS have even closed their page for user posting. The comments section of 
every brand on my list is brimming with conversation that is damaging the brand 
reputation and the brands simply do not care. A huge list of complaints against Idea 
Celullar has gone unanswered on Facebook. The response time of the brands on 
Facebook is an average of 2 days. While Airtel is the fastest at 4 hours, Uninor takes 
up to 3 days. This is a lot of time for a medium like Social Media where response 
time is one of the most important metrics to measure success. A very casual attitude 
comes across among all telecom brands while analyzing their customer support 
strategy. On Twitter, again Airtel responds the fastest within an average time of 8 
hours while Uninor takes over 2 days.

SOCIAL NETWORK ANALYSIS IN CHURN 
PREDICTION OF TELECOM DATA

The proposed work, considers the attributes of call detail data and customer data 
as different relationship types to model our Multi-relational Telecommunication 
social network. After the analysis of the available data Weights Multi-relational 
Social Network was constructed, in which each relation carries a different weight, 
representing how close two customers are with one another. Typical work on social 
network analysis includes the discovery of group of customers who shares similar 
properties. This is known as community mining. Most algorithms for community 
mining assume that there is only one social network, representing a relatively 
homogenous relationship. In reality there exist multiple, heterogeneous social 
networks, representing various relationships. A new challenge is the mining of 
hidden communities on such heterogeneous social networks, to group the customers 
as churners and non-churners in Telecommunication social network.

Methodology

Telecommunication social networks are social networks where two customers are 
considered as connected if they have social relationships. The social relationship 
is based on the duration of voice calls; call frequency and age that are exchanged 
during a certain period. These networks are more complex as their relationships 
involve different types of collaboration or interaction. Thus Telecommunication 
Social Networks can be a kind of Multi-Relational social Networks. The attributes 
of call detail data and customer data are considered as different relationship types to 
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model Multi-relational Telecommunication social network. After the analysis of the 
available data Weighted Multi-relational Social Network, has been constructed, in 
which each relation caries a different weight, representing how close two customers 
are with one another.

Data Analysis

Telecom data consist of Customer data and Call Detail Data (CDR). Customer 
data consist of attributes like customer name, Address, age, Customer ID, sex, and 
Call Details Records (CDR), is a data record produced by a telephone exchange, it 
contains the fields such as Calling number, Called number, Call type (Outgoing / 
Incoming),Service used (Voice/SMS/Etc.),Call start time, Call end time, Duration, 
Cell ID, Call sequence Number, Switch number or ID. The 32,000 records are 
considered while analysis and contains detailed information about voice calls, 
SMS, value added calls of users. During pre-processing we excluded the service 
numbers so that number of nodes in Telecom Social Networks can be reduced. The 
attributes that are considered while construction of multi-relational telecom Social 
Networks are customer name, age from customer data and calling number, called 
number, duration from CDR.

Representing Social Network Data

Conventional data consist of rectangular array of measurements. The rows of arrays 
are the cases, subjects, or observations. The columns consist of scores (quantitative or 
quality) on attributes, variables, or measures. Social network data consist of a square 
array of measurements. The rows of array are the cases, subjects, or observations. 
The column of the array is the same set of cases, subjects, or observations. Each cell 
of the array describes the relationship between actors. The most common method 
of representing the social network data is by using matrices. The common form of 
matrix in social network analysis is a square matrix. The most common matrix is 
binary in which cells of a matrix is filled with either 0 or 1. The relationship used 
here is friendship, that is if the two customer is connected then the cell is filled with 
1, otherwise it is filled with 0.This method of representing the social data is called 
adjacency matrix. The adjacency matrix is extremely useful to conduct various 
formal analysis of network, in particular it tells us how many paths of length 1 there 
are from each actor to each other actor. In general, it can be shown that the powers 
of the adjacency matrix give the number of walks of length n from each actor to 
each other actor.
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Construction of Weighted Multi-Relational 
Telecom Social Network Model

The term network has different meaning in different disciplines. In the data mining 
disciplines social network is defined as a set of actors (or agents, or nodes, or points, 
or vertices) and one or more relationships (or links, or edges, or ties) between pairs 
of actors. Network that represent a single type of relation among the actors are 
called simplex, while those that represent more than one kind of relation are called 
multiplex. Multiplex relations are analyzed using different networks, one for each 
relation type. Each tie or relation may be directed, or undirected that represents co-
occurrence, co-presence, or a bonded-tie between the pair of actors. Directed ties are 
represented with arrows, and bonded tie relations are represented with line segments. 
Directed ties may be reciprocated (A links to B and B links to A) such ties can be 
represented with a double-headed arrow. The ties may have different values, that is 
binary values representing presence or absence of a tie, signed values representing 
a negative tie, a positive tie, or no tie, ordinal values representing whether the tie 
is strongest, next strongest, and numerically valued measured on an interval or 
ratio scale. The Multi-Relational Social Network constructed for Telecom data by 

Figure 2. Multi-relational telecom social network
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considering the multiple relations as friendship, age and frequency of call, volume 
of call as ties between the customers is given below Figure 2.

Centrality Measures

The centrality of a node in a network is a measure of its structural importance that 
is, how important a person is within a social network. There are three approaches to 
calculate the centrality of a node: based on degree, on closeness, and on betweenness. 
Degree approaches are based on the idea that having more ties means being more 
important. Finally, when using betweenness approaches, it is being in between 
many other actors what makes an actor central. These three approaches describe 
the locations of nodes in terms of how close they are to the “centre” of the action in 
a network. A central actor, presumably, has a stronger influence on other network 
members (i.e. central positions tend to be powerful positions). Thus, measures of 
centrality are often interpreted as measures of power. Actors who have many ties 
with other actors may be in an advantageous position. Having many ties may mean 
having alternative ways of satisfying needs, it may mean having access to more 
resources, and it may also mean acting frequently as a third-party or deal maker in 
exchanges among others. With directed data, however, it is important to distinguish 
between in-degree centrality and out-degree centrality. That is, many other actors 
seek to direct ties towards them, and this may be an indicator of importance. Actors 
with unusually high out-degree may be able to influence many others, or make 
many others aware of their views. Thus, actors with high out-degree centrality are 
often called influential actors. Closeness centrality using geodesic distance is the 
reciprocal of the sum of geodesic distances to all other vertices in the graph. These 
scores can be normalized dividing by the maximum value. Another way of thinking 
about how close an actor A is to all others is to calculate the proportion of other 
actors that A can reach in one step, two steps, three steps, etc. (or, alternatively, the 
proportion of nodes that reach A in n steps).

We calculated a single index for each node by summing up the proportion of 
other nodes reached (for the first time) at a given distance, appropriately weighted 
(e.g. 1 for nodes at distance 1, ½ for nodes at distance 2…). These scores can be 
then normalized dividing by the maximum value, if this is considered appropriate. 
The idea behind between’s centrality is that the customer who is between the two 
customers is considered as powerful customer as he is able to control the flow of 
information, resources, between them. Nodes with high betweenness are often called 
key- players. Betweenness centrality using only shortest paths is the nodes that occur 
on many shortest paths between other nodes have higher betweenness than those 
that do not. The betweenness of a node A is the fraction of all the possible shortest 
paths between any two nodes in the network (excluding A) that pass through A. 
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Centrality measures for the nodes are given in Table 1. The structural property of 
the Telecom Social Network of size 32000 nodes has been realized in the research 
work. For illustration purpose 26 nodes has taken. Figure 3 shows distribution of 
degree centrality, betweenness centrality, closeness centrality, harmonic centrality 
and total centrality of the nodes. It has the values range between 9-31, 0.000-9.553., 

Table 1. Centrality metrics for telecom social network

Id Degree Betweenness Closeness Harmonic Total    Endogenous    Exogenous

Centrality Centrality Centrality Closeness Centrality

1 31 9.553 31.000 31.000 62.000 31.000 31.000

2 27 4.745 35.000 29.000 49.000 24.000 25.000

3 28 4.644 34.000 29.500 49.000 23.000 26.000

6 25 2.328 37.000 28.000 47.000 23.000 24.000

8 26 2.515 36.000 28.500 45.000 22.000 23.000

10 9 0.000 53.000 20.000 11.000 9.000 2.000

11 12 0.259 50.000 21.000 15.000 8.000 7.o000

14 19 1.554 43.000 25.000 50.000 22.000 28.000

19 28 5.045 34.000 29.500 30.000 11.000 19.000

20 19 0.520 43.000 25.000 47.000 24.000 23.000

21 25 3.090 37.000 28.000 48.000 23.000 25.000

22 30 7.378 32.000 30.500 29.000 14.000 15.000

23 28 4.764 34.000 29.500 38.000 25.000 13.000

24 29 5.895 33.000 30.000 58.000 28.000 30.000

26 14 0.270 48.000 22.500 47.000 23.000 24.000

27 29 6.438 33.000 30.000 46.000 18.000 28.000

32 26 2.578 36.000 28.500 36.000 19.000 17.000

33 29 5.895 33.000 30.000 21.000 14.000 7.000

36 21 0.567 41.000 26.000 50.000 21.000 29.000

37 26 2.903 36.000 28.500 48.000 22.000 26.000

38 20 0.354 42.000 25.500 54.000 25.000 29.000

39 25 3.143 37.000 28.000 44.000 18.000 26.000

41 26 3.824 36.000 28.500 33.000 16.000 17.000

43 20 1.940 42.000 25.500 46.0000 23.000 23.000

44 27 6.891 35.000 29.000 37.000 19.000 18.000

45 16 0.442 46.000 23.500 34.000 25.000 9.000

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



169

Use of Social Network Analysis in Telecommunication Domain

31.000 – 53.000, 20.000-31.000 and 11.000-62.000 respectively. Endogenous refers 
to out-degree and exogenous refers to in-degree of the nodes. Hence showing they are 
closely connected to each other. These measures show the intensity of the influence 
of the customer to churn other customers in the network. By this measures we can 
found out the more influenced customers in the network and by providing the more 
services for those customers, we can retain them.

SOCIAL NETWORK ANALYSIS IN SMS 
PATTERN BEHAVIOR OF CUSTOMERS

In the recent years, Short Message Service (SMS) has emerged as one of the very 
popular means of communications. The trends indicate that the volume of SMS 
traffic is further expected to grow exponentially in the next few years. However, 
in spite of SMS volume increasing manifold, the operators’ margins have not 
increased significantly, probably due to a mismatch between carrier competition 
and consumer expectation. The highly competitive mobile telecom market drives 
the service providers to continually rethink, and work out schemes that not only 
offer better incentives to their customers, but also maximize the revenue generated. 
This invokes a need of thorough analysis of the SMS behavior of the users, and 
realizes recommendations to increase both utilization of network resource as well 
as revenue of the operators.In this section, we investigate how the social interaction 
of the customers can be utilized to achieve this goal. An SMS network could be 

Figure 3. Centrality distribution
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visualized as an overlay of social network on the underlying telecommunication 
infrastructure. The degree of connectivity of users, base stations, mobile switching 
center (MSC) with other users, base stations and mobile switching center (MSC) 
is a reflection of social behavior. Hence, to better understand the traffic or rather 
network usage patterns, it is important to analyze this abstract social network. In 
this paper, we represent these social interactions in form of an SMS graph (graphs 
induced by people exchanging messages). Towards this, we analyze Call Detail 
Records (CDR), generated at the Short Message Service Center (SMSC), of SMS 
transactions from one of the largest telecom operators in India. To protect users’ 
privacy the telecom operator had anonymized the data. Some information available in 
the CDR is originating User ID (an anonymous identification for a user), originating 
MSC, destination User ID, time of sending and delivering the message, and status 
of delivery. Some of the data statistics are listed in Table 2.

System Architecture

In this section, we briefly describe the representative cellular system architecture 
followed by the SMS call flow. A simplified architecture of a cellular system has 
been depicted in Figure 4. The concerned telecom operator’s network consists of 
100 Mobile Switching Centers (MSC) throughout the country.Each of these MSCs 
is connected to the two Signal Transfer Points (STPs). The STPs are connected to 
Internet Transfer Points (ITP) in a mesh topology by SS-7 links. The total traffic 
is equally divided between the two ITPs. The function of ITPs is to equally divide 
the incoming traffic onto outgoing links which gets connected to the SMSC. There 

Table 2. Some statistics of the CDR data, and TTSL telecom network

MSCs 100

A2P SMSCs 2

P2P SMSCs 3

STPs 4

ITPs 4

Number of Cells 8000

Average SMS Volume 88 million/day

Voice/SMS Traffic 2

Buffer Length at SMSC 0.6 million

          Channels at SMSC 30 (E1 TDD Link)

          Message Delivery Attempts (MDAs) 4000/sec
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are total five SMSCs in this network, however, only three are used for Person to 
Person (P2P) traffic, and the rest two are used for Application to Person (A2P) 
traffic. The two ITPs routes the incoming P2P traffic to the three P2P SMSCs in a 
Round Robin fashion. SMSC is the most important element in the SMS network; it 
operates on a store and forward mechanism, and is solely responsible for delivering 
SMS messages. When a user sends an SMS, it first goes to the base-station in the 
user’s cell, and from there is forwarded to the MSC. The MSC forward messages as 
andwhen they arrive, and may queue them for systematic forwarding, however no 
processing is done at MSC. From MSC, the SMS reaches the SMSC, via STP-ITP 
mesh network. As an SMS arrives at the SMSC, it goes to the end of the arrival 
queue, and a Call Detail Record (CDR) is generated. While serving a particular 
SMS, the SMSC queries the HLR to locate the destination MSC and then delivers 
the messagedirectly to the destination MSC. After this, it is the MSC’s responsibility 
to deliver the message to the mobile station. After success delivery, another CDR 
is generated at the SMSC.If the HLR/VLR is not able to locate the mobile station 
then the SMS is queued in waiting. When the mobile comes online, this information 
is updated in HLR/VLR which then sends this information to SMSC, which in 
turn tries to deliver the SMS. Such pending SMSs will be queued for a maximum 
duration of one day, and then deleted.

Figure 4. Simplified architecture of the discussed SMS cellular network
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SMS Social Graph

Using the CDR data, we have generated an SMS Social Graph for visualization of 
various clusters and groups. This sample SMS Graph, depicted in Figure 5, highlights 
many small components. This graph has been generated using data of around 16 
hours of Monday. In order to capture the cluster formation, we created a base-user-
pool with 10,000 users, randomly picked from the entire user-set, and then plotted 
the graph by taking only those transactions into account, in which atleast one of the 
users fell in the base-user-pool. In the graph, red edges represent lost messages. Such 
data can be used for network planning. For example, if many red edges correspond to 
SMS between a certain pair of MSCs, this pair can be investigated for performance 
bottlenecks. Furthermore, this graph may also be used to identify a large group of 
users, which can be used for tariff planning.

EMPIRICAL ANALYSIS OF SMS GRAPHS

In this section, we analyze various structural properties of the SMS graphs.

Degree Distribution

The degree of a node in a graph is the number of connections or edges the node has 
to other nodes.The degree distribution P(d) of a graph is defined to be the fraction of 

Figure 5. Visualization of social interaction in SMS transactions
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Figure 6. The message in-degree distribution

Figure 7. The edges in-degree distribution
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nodes in the network with degree d. Thus if there are total n nodes in graph, and nd 
of them have degree d, then P(d) = nd=n. degree associated with the total number 
of incoming or outgoing messages, which we call the message degree. In Figure 
6 and Figure 7, we report the behavior of the indegree distributions for message 
in-degree, and edge in-degree respectively. All graphs are plotted in log-log scale 
with the degree on the X-axis, and the number of nodes/users on the Y-axis. The 
distribution in the figures demonstrates power law behavior with exponents 3.02 and 
4.22 for message, and edge in-degree respectively. Similarly, out-degree distributions 
are depicted in Figure 8 and Figure 9, for message and edge out-degree respectively. 
The power law exponents for the two graphs are 1.55 and 1.03. Note that there are a 
significant number of nodes having a very high out-degree. The users having very 
high values of out-degrees in terms of edges can be considered as spammers/outliers.

Figure 8. The message out-degree distribution
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Clusters and Connected Components

Telecom service providers may use the information on clusters or connected 
components, including strongly connected components and cliques, to identify 
various user groups within an SMS graph/network. The general observation is that 
the number of components of smaller size is larger. From the figure, and data in 
Table 2, following important observations can be made:

•	 70% of the components are that of size two, which means that maximum user 
communication takes place in isolated pairs.

•	 The second important observation is that the number of users who 
communicate in isolated pairs is nearly equal to the number of users in the 
largest connected component, which may be worthy of further investigation.

Figure 9. The edges out-degree distribution

Table 3. Distribution of connected components

Total number of components 213042

Number of components of size 2 150267

Size of the largest component 472838

Value of power-law exponent 1.51
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Cliques

A clique, in an undirected graph, is defined as a sub-graph in which there exists an 
edge between every pair of nodes. From our analysis, relevant data is provided in the 
Table 3. In our analysis, no clique of size greater than 6 was observed. Furthermore, 
the observation made after the removal of outliers was almost the same. There was 
slight decrease in the number of cliques of size 3 (difference of less than 30). The 
number of cliques of size 4, 5, 6, and 7 were found to be exactly same, thus it indicates 
that the spammers do not have a significant impact on the distribution of cliques.

CONCLUSION

In reality the social networks are heterogeneous in nature, the accuracy of the 
churning model can be increased by considering the multiple relationship between 
the customer while construction of the telecom social network. In this work, we 
use attributes of call detail data and customer data as different relationship types to 
model our Multi-relational Telecommunication social network. After the analysis 
of the available data we constructed a Weights Multi-relational Social Network, in 
which each relation carry a different weight, representing how close two customers 
are with one another. The centrality measures depicts the intensity of the customer 
closeness, hence we can found the customer who influence the other customer to 
churn.Our second study comprises analysis of various structural properties of the 
SMS graph, including the in-degree distribution, out degree distribution, connected 
components and cliques. From the study on connected components, we show that 
almost 70% of the components are of size two, i.e., maximum user communication 
takes place in isolated pairs. One of the possible uses of the degree distribution is 
to develop a traffic plan which benefits the users as well as the service providers. 
Information Dissemination is another possible application of connected and strongly 
connected components. In a commercial network, the service providers would like 

Table 4. Cliques data

Clique size Number of cliques

3 23602

4 1116

5 65

6 3
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to exploit the social networking aspects, and try to achieve maximum spread of 
information from minimum resources using underlying social dynamics.
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ABSTRACT

Spatial dataset, which is becoming nontraditional due to the increase in usage of 
social media sensor networks, gaming and many other new emerging technologies 
and applications. The wide variety of sensors are used in solving real time problems 
like natural calamities, traffic analysis, analyzing climatic conditions and the usage 
of GPS, GPRS in mobile phones all together creates huge amount of spatial data 
which really exceeds the traditional spatial data analytics platform and become 
spatial big data .Spatial big data provide new demanding situations for their size, 
analysis, and exploration. This chapter discusses about the analysis of spatial data 
and how it gets descriptive manipulation, so that one can understand how multi 
variant variables get interact with each other along with the different visualization 
tools which make the understanding of spatial data easier.

INTRODUCTION

The data generation becomes easier in these modern days, for example taxi booking 
which stores the traveler location and the frequent routes travelled by the user and 
much more information. Handling of those huge data and making it more productive 
become the most difficult task. Thus “big data” comes into the picture, the data 
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which is bigger in both size and complexity can be analyzed and processed using 
different big data methodologies. The sources of big data are originating from different 
fields like social networks, sensor information, messaging system and much more. 
One of the most interesting things about big, data is that it can handle unstructured 
data which means that data which is not in pre-defined manner example photos, 
videos, voice recordings, etc. Interpreting such unstructured data shows big data as 
a new door of innovation and one among such unstructured data is the spatial data. 
Spatial data is the information or data that distinguishes the geographic area of 
elements and limits on Earth, such as natural or built components, seas, and many 
more. Spatial information is normally put away as directions and topology, and is 
information that can be mapped. Spatial information is regularly gotten to, control 
or broke down through Geographic Information Systems (GIS) (Aji, Wang, Vo et 
al., 2013) . Large percentage of data produced all over the world have the spatial 
component According to the recent survey, 80% of data is geographic which indicates 
the importance of handling geospatial big data especially societal applications like 
disaster management, disease surveillance, transportation monitoring and critical 
infrastructure but there are a huge number of constraints.Big data is characterized 
by the following(Chen & Zhang, 2014)

•	 Volume: Petabyte archives for remotely sensed imagery data, ever increasing 
volume of real-time sensor observations and location-based social media 
data, vast amount of VGI data, etc.., as well as the continuous increase of 
these data, raise not only data storage issues but also a massive analysis issue.

•	 Variety: Map data, imagery, data, geotagged text data, structured and 
unstructured data, raster and vector data, all these different types of data – 
many with complex structures – calls for more efficient models, structures, 
indexes and data management strategies and technologies.

•	 Velocity: Imagery data with frequent revisits at high resolution, continuous 
streaming of sensor observations, Internet of Things (IoT), real-time GNSS 
trajectory and social media data all require matching the speed of data 
generation and the speed of data processing to meet demand.

•	 Veracity: Much of geospatial big data are from unverified sources with low 
or unknown accuracy, level of accuracy varies depending on data sources, 
raising issues on quality assessment of source data and how to ‘‘statistically” 
improve the quality of analysis results.

•	 Visualization: Provides valuable procedures, to impose human thinking 
into the big data analysis. Visualizations help analysts identifying patterns 
(such as outliers and clusters), leading to new hypotheses as well as efficient 
ways to partition the data for further computational analysis. Visualizations 
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also help end users to better grasp and communicate dominant patterns and 
relationships that emerge from the big data analysis.

•	 Visibility: The emergence of cloud computing and cloud storage has made 
it possible to now efficiently access and process geospatial big data in ways 
that was not previously possible. Cloud technology is still evolving and once 
issues such as data provenance – historical metadata – are resolved, big data 
and the cloud would be mutually dependent and reinforcing technologies.

DATA COLLECTION

The Geo spatial data has several different forms which fall under three different 
categories: vector data, raster data and graph data. The following Figure 1 shows 
the representation of three different data. Vector data use X and Y directions to 
characterize the areas of focus, lines, and zones (polygons) that compare to guide 
components, for example, fire hydrants, trails, and bundles. Accordingly, vector 
information have a tendency to characterize focuses and edges of elements. Vector 
data are superb for catching and putting away spatial subtle elements, while raster 
data are appropriate for catching, putting away, and breaking down information, 
for example, height, temperature, soil pH, and so on that fluctuate consistently 
from area to area. Raster data, then again, utilize a framework of square ranges 
to characterize where components are found. These squares, additionally called 
pixels, cells, and networks, commonly are of uniform size, and their size decides 
the point of interest that can be kept up in the dataset. Since raster data speak to 
square ranges, they portray insides as opposed to limits similar to the case with 
vector data. The raster data are being provided by digital map services, e.g., Google 
Earth. Raster information arrangers additionally are utilized to store aeronautical and 
satellite imagery. Data for the most part shows up as street systems. Here, an edge 
speaks to a road fragment, and a hub speaks to a crossing point or a milestone. The 
directions of the vehicles out and about system are spoken to by arrangements of 
road fragments (edges). With the headways of sensor and correspondence advances, 
new wellsprings of geospatial enormous data are developing. To begin with, sensors 
(or sensor systems) turn out to be more predominant in nowadays. The illustrations 
are circle identifiers for recognizing movement in roads, electrical matrices, natural 
sensors for measuring air quality, etc. These sensors are normally associated through 
wired or remote correspondences and structure sensor systems. Second, cell phones 
turn out to be practically universal in nowadays. Advanced cells can be utilized in 
following the directions of people effortlessly. Particularly, since the limit of batteries 
and the effectiveness of utilization processors have enhanced altogether, it gets to 
be conceivable to record the area of a man as often as possible.
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GEO-SPATIAL DATA AS BIG DATA

The data creation which becomes enormous due to the increase of various other 
gadgets and advancement in technologies. Each and every field need a data analytics 
in order to do make better decisions or to make more profit or to get the best opinion 
out of it. The social media, which never fails to create tons and tons of data everyday, 
out of this the spatial data which is created at the rate of terabytes. Due to the creation 
of such huge data the data mining activity which is getting hyperactive by various 
data mining approaches and algorithms. The remote sensing data which seems to be 
one of the special case in spatial data analysis. The data collected from the space via 
satellites and meteorological data detected by the sensors to determine land and sea 
perceptions are making handling spatial data a huge one. The investigations of such 
substantial data display their own difficulties, despite the fact that with exceedingly 
capable processors and rapid data access conceivable shortly. Geospatial Data has 
always been Big Data. Now Big Data Analytics for geospatial data is available to 
allow users to analyze massive volumes of geospatial data. Petabyte archives for 
remotely sensed Geo data were being planned in the 1980s, and growth has met 
expectations. Add to this the ever increasing volume and reliability of real time 

Figure 1. vector, raster and graph data 
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sensor observations, the need for high performance, big data analytics for modeling 
and simulation of geospatially enabled content is greater than ever. Workstations 
capable of fast geometric processing of vector Geo data brought a revolution in GIS. 
Now big processing through cloud computing and analytics can make greater sense 
of data and deliver the promised value of imagery and all other types of geospatial 
information. Cloud initiatives have accelerated lightweight client access to powerful 
processing services hosted in remote locations. The recent ESA/ESRIN “Big Data 
from Space” event addressed challenges posed by policies for dissemination, data 
search, sharing, transfer, mining, analysis, fusion and visualization.

HADOOP FRAMEWORK FOR SPATIAL DATA ANALYSIS

The Hadoop framework which is created by the google and later it was received by 
the Apache Foundation. The framework which is categorized into two, first one is 
Hadoop Distributed File System (HDFS) and the next one is MapReduce. Former 
will help in putting away the data and the latter will do handling of those data It 
is a dispersed data handling system. It is fit for overseeing extensive volume data 
proficiently, utilizing an expansive number of production equipment as Nodes shaping 
a Hadoop cluster The divide and conquer rule which is the major concept hidden 
behind the concept of this framework where the data get split into small clusters 
and then processed. The function of the mapper is to create the key-value pair, the 
key value pair gets generated once the mapper reads the data and change it into the 
key value pair. Next the reducer phase begins, here the process of shuffling occurs 
where the key-value pairs have transformed into key-multiple value pairs(Bhosale 
& Adekar, 2014). The Figure 2 shows the Hadoop framework where the input file 
will be split into name node and data node.Namenode which contains the metadata 
which means contain information about the data. and further processing will be 
carried out in the data node.

This Hadoop structure is further reached out by Smart and RESQUE. A run of 
the mill database needs a list keeping in mind the end goal to accomplish quick 
question preparing. The R-Tree based lists aggregate close-by substances and 
speak to them utilizing their base bouncing rectangle. It can be inherent three-
stages, in the first stage each of close information is separated by their magnitude 
properties. Secondly Hadoop framework produces a lower level R-Trees from the 
data which is already partitioned. Finally, in the last stage, the converted lower level 
R-Trees are joined together to frame an ample R-Tree record of the data. This can 
be demonstrated which shows how the MapReduce model tackled taking after too 
common place and delegate spatial data handling issues quickly and effectively first 
one is Processing advanced flying symbolism and calculation and putting away picture 
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quality attributes as metadata and the next one is the substantial scale development 
of R-Trees, a famous indexing component for spatial hunt inquery preparing also 
tools like Radoop is used to run distributed process in Hadoop (Prekopcsák, Makrai, 
Henk & Gaspar-Papanek, 2011)

Spatial Hadoop

As the name indicates it is specially designed framework to handle the spatial data. 
For this spatial Hadoop three different prototypes are introduced (Eldway, 2014b) 
(i) Parallel-Second (ii) MD-HBase (iii) Hadoop-GIS. Here in the primary one 
Hadoop is made to act as a distributed task scheduler and is mainly for handling 
spatial database parallelly, the next one extends HBase to support multi-dimensional 
indexes and is mainly to handle non-relation databases. The final one extends the 
Hive, which is a data warehouse infrastructure and is mainly to handle self-join 
and range queries(Bação, 2006). Whoever the Integration of Hadoop becomes the 
major downside. The query processing which is the main concentration, hence it 
has built-in Hadoop, which is made possible by adding spatial constructs in the 

Figure 2. Hadoop framework
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core. The two main features of spatial data which paves way for more research and 
development is that Map reduce components and spatial indexes which provides 
more options like R, R+ tree and grid file.. Basic Operations of the SpatialHadoop 
are: range query,knn and spatial join.

Figure 3 shows the spatial Hadoop architecture.The SpatialHadoop’s core consists 
of the following four layers:

•	 Language Layers: High level language for understanding spatial data 
analysis for layman. 

•	 Storage Layers: It has two layers .The global index allotments information 
crosswise over hubs in the group while local index sorts out information 
productively inside every hub.

•	 MapReduce Layers: To have the capacity to handle spatially recorded 
documents, SpatialHadoop presents two new segments in the MapReduce 
layer, to be specific, SpatialFileSplitter and SpatialRecordReader, that 
endeavors the worldwide and nearby records, individually, for effective 
information access.

•	 Operations Layers: These contain various spatial operations (range query, 
kNN and spatial join) executed utilizing the aforementioned records and new 
segments in the MapReduce layer.

Spatial Hadoop has three different types of data type polygon, rectangle and 
points which store the spatial information in the form of shapes represented in two 
dimensional x, y coordinates.Based on this shape different geographic features 
like agricultural lands, water bodies, roads and many more can be analyzed. For 
example, to extract the details of agriculture lands spatial Hadoop will be more 
useful. consider the scenario to differentiate agriculture land on and off side of the 
river for this initially map reduce will run for the particular data which is selected by 

Figure 3. Spatial Hadoop architecture
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producing a key value pair it generates an image to get visualized then range query 
operation can be performed by mentioning the corner points (x and y coordinates) 
mostly the agriculture lands will be in polygon or rectangle in representation by 
providing such query the lands will be extracted. To find the nearest neighbour 
information can query will be used. The most interesting part of spatial operation 
is the spatial join operation in which to join agriculture land with the river to find 
out which agricultural lands are on the side of the river.

APACHE MAHOUT

The word mahout implies elephant driver in Hindi. Apache Mahout is a venture 
of the Apache Software Foundation to create free usage of conveying or generally 
adaptable machine learning calculations concentrated principally in the zones of 
collaborative filtering, clustering and classification. it doesn’t confine commitments 
to Hadoop-based usage. Commitments that keep running on a solitary hub or on 
a non-Hadoop group are additionally invited A large portion of the usage utilize 
the Apache Hadoop platform. Mahout likewise gives Java libraries to basic math 
operations (concentrated on direct variable based math and insights) and primitive 
Java accumulations. Mahout is a work in advancement; the quantity of actualized 
calculations has developed quickly, yet different calculations are as yet absent. While 
Mahout’s center calculations for collaborative filtering, clustering and classification 
are executed with respect to top of Apache Hadoop utilizing the guide/decrease 
worldwide, For instance, the “Taste” cooperative sifting recommender part of Mahout 
was initially a different venture and can run remain solitary without Hadoop Apache 
Mahout has taken after three describing qualities: It has an Open source machine 
learning library, has a Java library, Scalable when the accumulation of information 
to be handled develops expansiveIn any case, it doesn’t give a UI or a prepackaged 
server or an installer. A portion of the systems and calculations Mahout incorporates 
are still a work in progress or in a trial stage. Three center capacities are accessible, 
viz. recommender motors (community oriented sifting), grouping, and arrangement.
Hadoop actualizes Mahout with MapReduce worldview. It does the accompanying: 
bring about partitioning, the identification and recuperation from individual machine 
disappointments, data exchanges between hub machines, accomplishes capacity of 
the info information.
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VISUALIZATION

Data visualization is the presentation of data in a pictorial or graphical 
organization(Wang, Wang & Alexander, 2015). It empowers chiefs to see investigation 
exhibited outwardly, so they can get a handle on troublesome ideas or recognize 
new examples (Sucharitha, Subash, & Prakash, 2014). With intuitive visualization, 
one can make the idea a stride further by utilizing innovation to bore down into 
diagrams and charts for more detail, intelligently changing what data you see and 
how it’s prepared. In light of the way the human mind forms data, utilizing diagrams 
or charts to imagine a lot of complex data is simpler than poring over spreadsheets 
or reports. Data representation is a brisk, simple approach to pass on ideas in an all 
inclusive way – and you can explore different avenues regarding diverse situations 
by making slight modification.Emerging different visualization technique apart from 
traditional one like star-cordinate based visualization (Chen, 2014) model producing 
optimal results.Data representation can likewise: 

•	 Recognize regions that need consideration or change. 
•	 Clear up which variables impact client conduct. 
•	 Help you comprehend which items to place where. 
•	 Anticipate sales volumes.
•	 Helps in human pattern recognition. (Donalek, Djorgovski, Cioc et al., 2014)

Visualization of big data, with differing qualities and heterogeneity (organized, 
semi-organized, and unstructured) is a major issue since the emergence of social 
network to visualize the association between users (Kim, Ji & Park, 2014). Pace is the 
sought element of the enormous data examination. Outlining another visualization 
instrument with proficient indexing is difficult in big data. Distributed computing, 
web based technologies (Fox & Hendler, 2011) progressed graphical UI can be 
converged with the huge data for the better administration of huge data adaptability 
There are also following problems for big data visualization:

•	 Visual Noise: Most of the objects in dataset are too relative to each other. 
Users cannot divide them as separate objects on the screen. 

•	 Information Loss: Reduction of visible data sets can be used, but leads to 
information loss. 

•	 Large Image Perception: Data visualization methods are not only limited by 
aspect ratio and resolution of device, but also by physical perception limits. 

•	 High Rate of Image Change: Users observe data and cannot react to the 
number of data change or its intensity on display. 
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•	 High Performance Requirements: It can be hardly noticed in static 
visualization because of lower visualization speed requirements--high 
performance requirement.

BIGDATA VISUALIZATION METHODS 

This passage contains huge information representation technique depiction. Every 
portrayal contains contentions for technique arrangement to one of the enormous 
information classes. We expect the accompanying information criteria: 

1. 	 Large information volume; 
2. 	 Data assortment; 
3. 	 Data flow.

Treemaps

Treemaps are perfect for showing a lot of hierarchically organized (tree-organized) 
information (Gorodov & Gubarev, 2013). Figure 4 shows the representation of 
trauma. The space in the representation is part up into rectangles that are measured 
and requested by a quantitative variable. The levels in the chain of command of 
the trauma are visualized as rectangles containing different rectangles. Every 
arrangement of rectangles on the same level in the order speaks to a segment or an 
expression in an information table. Every individual rectangle on a level in the chain 
of command speaks to a class in a segment. For instance, a rectangle speaking to a 
landmass may contain a few rectangles speaking to nations in that mainland. Every 
rectangle speaking to a nation may thusly contain rectangles speaking to urban areas 
in these nations. You can make a treemap pecking order straightforwardly in the 
representation, or utilize an effectively characterized chain of command. 

Since the technique depends on shapes, volume estimation, figured from one or 
more information components, each adjustment in information is trailed by aggregate 
repaint of the entire picture for the at the present unmistakable level of the chain of 
command. Changes on more elevated amounts don’t require, the picture repainting 
on the grounds that the data it contains is not unmistakable for an expert.

The visualization procured by this technique can just show two information 
variables. The first is the component utilized for a shape volume count. What’s more, 
the second is a color, utilized for gathering the shapes. Likewise, figures utilized 
for volume estimation must be exhibited by processable information sorts, so the 
paradigm information assortment is not met. What’s more, the last rule likewise 
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can’t be fulfilled, on the grounds that Treemap just shows data representation at 
one minute in time.

Points of interest:

1. 	 Hierarchical gathering unmistakably demonstrates data relations
2. 	 Extreme anomalies are promptly noticeable utilizing unique shading

Drawbacks:

1. 	 Data must be hierarchical and, considerably more, TreeMaps are better to analyze 
data sets where there is no less than one imperative quantitative measurement 
with wide varieties

2. 	 Not appropriate for inspecting recorded patterns and time designs
3. 	 the variable utilized for size count can’t have negative qualities

Circle Packing

Circle packing is an adjustment to anticipate ample amounts of hierarchically 
structured data. Inspired by tramps and Grokker, Wang et al. developed this blueprint 
algorithm for timberline structures: Tangent circles represent brother nodes at the 
aforementioned level; to anticipate the hierarchy, all children of a bulge are arranged 
into that bulge (and appropriately actuate its size). The sharing of a leaf-node can 
represent an approximate property, such as book size. An advantage of this algorithm 
is the acceptable overview of ample abstract sets and the bright representation

As a space-filling technique, circle Packing visualizes advice as spatial extension. 
The algorithm on which it is based is accompanying to the algebraic botheration with 
the aforementioned name .It places any bulk of brother nodes, represented by circles, 

Figure 4. Tree map
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in an adjustment that has a top body and retains an arched appearance approximating 
a circle as the bulk of nodes grows. Due to this property, a set of brother nodes can 
consistently be arranged into its (also circle-shaped) ancestor node.

Compared to that of treemaps, a decision generated by this address is - while 
possibly a bit beneath space-efficient - easier to appreciate visually while it retains 
the adeptness to (theoretically) affectation all hierarchies at once. This, of course, 
requires an apt user interface to calmly zoom into the anatomy if that is appropriate 
to see the blade nodes in detail.example of circle packing is represented in the 
following Figure 5 which has the various districts with the information of annual 
rainfall and annual temperature.

Sunburst

A Sunburst decision is an adorable space-filling decision address for announcement 
timberline like structures. Sunburst which can also be called as multilevel pie chart 
visualization. There are added space-filling decision methods that use added be held 
encodings for anecdotic hierarchies. For example, the Treemap is a space-filling 
decision that uses “containment” to appearance “parent-child” relationships. There 
are a brace of attenuate changes that can advance the way the advice is announced 
by this visualization. The “classic” Sunburst decision uses accumbent labels for big 
names. One band-aid for this is to circle labels in a way that they’re not occluded. A 
simple yet important affair to do if alternating labels are to circle the labels in a way 
that they’re consistently adverse up Data object are placed around a circle and linked 
by curves based on the rate of their relativeness. The different line width or color 
saturation usually is used as a measurement of object relativeness. Also a method 
usually provides interactions, making unnecessary links invisible and highlighting 
selected one. So, this method underlines direct relation between multiple objects 
and shows how relative it is. As for typical use-cases for that method, there are the 
following examples: product transfer diagram between cities, relations between 
buying product in different shops, and so forth.The following Figure 6 will show 
the illustration of sun burst.

Circular Network Diagram

This method allows us to represent aggregated data as a set of arcs between analyzed 
data objects, so that the analyst can get quantitative information about relations 
between objects. The following Figure 7 will provide the overall visualization 
of circular network diagrams. This method can be applied to large data volumes, 
placing data objects by circle radius and varying ark area of objects. Also, there 
can be additional information, shown near an arc, which can be provided from 
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other factors of data objects. And it is necessary to add that there is no limitation 
in using only one factor per diagram, we can always put different factors of objects 
and make relations between them. It can be difficult to percept and understand, but 
in some cases, this approach will produce the analyst with enough information to 

Figure 5. Circle Packing

Figure 6. Sun burst

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



192

A Review on Spatial Big Data Analytics and Visualization

change the direction of his research or to make a final decision. That property of 
circular diagram satisfies data variety criterion. The circular form encourages eye 
movement to proceed along curved lines, rather than in a zigzag fashion in a square 
or rectangular figure. And, as a result of the whole data representation, every single 
change in the data must be followed by the repainting of the diagram.

Parallel Coordinates

This strategy permits visual investigation to be reaching out with various data elements 
for various articles (Khan & Khan, 2011). All data elements to be examined are put 
on one of the pivot, and the comparing estimations of a data article in relative scale 
are put on the other. Every data item is spoken to by a progression of connected cross 
lines, demonstrating its place in setting of different articles. This strategy permits 
us to utilize just a thick line on the screen to speak to individual data item and this 
methodology permits it to meet the principal basis—extensive data volumes. One 
augmentation of standard 2D parallel directions is the multi relational 3D parallel 
directions. Here, the cut are put, similarly isolated, on a circle with a center hub in 

Figure 7 Circular network diagram
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the inside. A data thing is again shown as a progression of line sections crossing 
all cuts.This pivot design has the favorable position that all pairwise connections 
between the center variable in the inside and every external variable can be explored 
at the same time.

Streamgraph

Streamgraph is a sort of a stacked territory chart, which is dislodged around a focal 
pivot, bringing about streaming and natural shape. This strategy demonstrates the 
patterns for various arrangements of occasions, the amount of its events, its relative 
rates, thus one. Along these lines, there can be an arrangement of comparative 
occasions, appeared through the course of events in the picture. The technique 
has the twin objectives: to indicate numerous individual time arrangement, while 
additionally passing on their entirety. Since the statures of the individual layers signify 
the tallness of the general court, it is conceivable to fulfill both objectives without 
a moment’s delay. In the meantime, this includes certain exchange offs. There can 
be no spaces between the layers, since this would bend their total. As an outcome 
of having no spaces between layers, changes in a center layer will essentially bring 
about squirms in the various encompassing layers, squirms which have nothing to 
do with the fundamental data of those influenced time arrangement .The following 
figure shows the annual rainfall of state tamilnadu in india from 1961 to 2003.

CONCLUSION

In this chapter, the big data approach of handling spatial data is discussed along with 
the visualization technique. The Hadoop framework which provides various ways 
to handle the spatial data and also the map reduce framework which is explained 
here paves way to the emergence of different algorithms for handling the spatial 
data which acts as the base.The spatial Hadoop and apache mahout environment 
are becoming more and more curious and lot of researches getting emerged in it. 
When coming to visualization, whatever is done should get a shape and a view 
which is only possible through the visualization tools. The tools discussed here 
also did not reach its heights and further researches are carried out and most user 
friendly visualization tools has to be created in order to view the results of big data 
and also one of the open challenge of Hadoop framework is security in handling 
the spatial data.
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KEY TERMS AND DEFINITIONS

BASE: The elasticity of storage and server resources is at the crux of BASE 
paradigm. BASE databases use strategies to have Consistency, Atomicity and Partition 
tolerance “eventually”. BASE does not flout CAP theorem but works around it. 
In case of BASE Availability and scalability gets highest priorities Consistency is 
and Weak. Base is simple and fast. In an asynchronous model, when no clocks are 
available, it is impossible to provide consistent data, even allowing stale data to be 
returned when messages are lost. However, in partially synchronous models it is 
possible to achieve a practical compromise between consistency and availability.

Map: produce a list of (key, value) pairs from the input structured as a key(k) 
value(v) pair of a different type i.e. (k1, v1) → list (k2, v2) The “reducer” is applicable 
to some or all values related to identifying the intermediate key to come up with 
output key-value pairs.
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MapReduce: It is quite easy to use programming model that supports parallel 
design since it is very scalable and works in a distributed way. It is also helpful for 
huge data processing, large scale searching and data analysis within the cloud. It 
provides related abstraction by a process of “mapper” and “reducer”. The “mapper” 
is applicable to each input key-value pair trying to come up with an associated 
absolute range of intermediate key-value pairs(Eldawy& Mokbel, 2013, 2014a; 
Cary, Sun, Hristidis, & Rishe, 2009).

Reduce: produce a list of values from an input that consists of a key and a list of 
values associated with that key i.e. (k2, list (v2)) → list (v2) MapReduce is having 
adequate capability to support many real and global algorithms and tasks. It can divide 
the input data, schedule the execution of programs over a set of machines and handle 
machine failures. MapReduce can also handle the inter-machine communication.
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APPENDIX

Map/Reduce:

•	 Programming model from Lisp and other functional languages
•	 Many problems can be phrased this way
•	 Easy to distribute across nodes
•	 Nice retry/failure semantics

MapReduce provides:

•	 Automatic parallelization and distribution
•	 Fault tolerance
•	 I/O scheduling
•	 Monitoring & status updates

The limitations of MapReduce are:

•	 Extremely rigid data flow
•	 Constantly hacked in Join, Union, Split
•	 Common operations must be coded by user
•	 Semantics hidden inside map-reduce functions, Difficult to maintain, extend, 

and optimize
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ABSTRACT

Social network analysis is one of the emerging research areas in the modern world. 
Social networks can be adapted to all the sectors by using graph theory concepts such 
as transportation networks, collaboration networks, and biological networks and 
so on. The most important property of social networks is community, collection of 
nodes with dense connections inside and sparse connections at outside. Community 
detection is similar to clustering analysis and has many applications in the real-time 
world such as recommendation systems, target marketing and so on. Community 
detection algorithms are broadly classified into two categories. One is disjoint 
community detection algorithms and the other is overlapping community detection 
algorithms. This chapter reviews overlapping community detection algorithms with 
their strengths and limitations. To evaluate these algorithms, a popular synthetic 
network generator, i.e., LFR benchmark generator and the new extended quality 
measures are discussed in detail.
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1. INTRODUCTION

With the advent of internet, websites and social networks generate large amount of 
data. Social Network Analysis (Aggarwal 2014) (Reza et al., 2014) is a traditional 
research area that faces the challenge of big data in the recent years. As social 
networks are getting more popular, analyzing such networks has become one of 
the most important issues in various areas. In the era of big data, the amount of 
available data is growing unprecedentedly. Thus, data analysis techniques need very 
scalable approaches that can cope with huge network datasets. The significance 
of big data has attracted the concern of governments, companies and scientific 
institutions. The voluminous data available in social network sites and web like 
Facebook, Twitter, Instagram, Linkedin, Weibo, World Wide Web and Wikipedia 
can be treated as bi data. This data can be represented as a graph/ Network, where 
nodes denote persons or pages, while edges represent the relationship between 
persons or pages. This relationship represents following in Twitter, friendship in 
Facebook, professional connections in LinkedIn, hyperlinks in WWW. This data 
may constitute several communities based interactions between people or entities. 
The members of community have some common interests such as movies, travel, 
photography, music, novels … etc and hence, they tend to interact more frequently 
within the community than the outside. Finding Communities in social networks 
is similar to Graph clustering problem, hence, it can also be called as Big graph 
clustering with respect to larger networks.

The basic objective of the chapter is to answer the following three questions in 
detail.

1. 	 What is community detection?
2. 	 How can we detect overlapping communities?
3. 	 How can we evaluate detected overlapping communities?

This chapter is organized as follows. Section 2 discusses about the preliminaries 
of community detection. The several popular overlapping community detection 
algorithms with their strengths, limitations are discussed in section 3. In section 4, 
the synthetic networks and real world networks with their quality measures such 
as Overlapping Normalized Mutual Information (ONMI), Omega index, F-Score, 
Overlap Modularity that can be used for evaluating overlapping community detection 
algorithms were discussed. Finally, conclusions and the future research directions 
were discussed in section 5.
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2. PRELIMINARIES

Given an undirected and unweighted graph G(V,E) representing a social network, 
where V ={v1,v2,…,vn} is the non-empty set of vertices representing actors and 
E={(i,j)|vi,vj∈  V is the set of edges representing relationships among them. The 
cardinality of vertex set (|V|) and edge set (|E|) are n, m respectively. Let vi and vj 
be two vertices from V, if e(vi,vj) belongs to E then vi and vj are neighbors. The 
objective of the community detection problem is to partition the vertex set into C 
disjoint subsets in a way that place densely connected nodes in the same community. 
Here C can be given as input parameter or determined by the algorithm itself.

Community detection is similar to clustering in the context of social networks. 
It is one of the most fundamental problems in social network analysis.

It is a method that identifies the groups of nodes in such a way that nodes in each 
group are densely connected inside and sparsely connected to the outside. A densely 
connected component in the network means that a subgraph that has more number 
of links between nodes, whereas sparsely connected component has less number 
of links between nodes. Communities are also called as modules, groups, clusters 
and cohesive subgraphs. The detection of Communities has found wide range of 
applications like tracking group dynamics in social networks, tracking functional 
units in neural networks, categorizing web pages for search engines, simplifying 
visualization of complex networks, finding customers with similar interests, predicting 
protein function in biological networks, analyzing gene networks, analyzing scientific 
collaboration networks, link prediction in recommender systems, Target marketing 
and so on. The real-world network before social network analysis and after social 
network analysis is shown in Figure 1 and Figure 2.

Communities are broadly categorized into two types based on their nature namely, 
disjoint communities and overlapping communities. In disjoint communities, each 
node in the network is a member of single community. They are also called as 
non-overlapping communities. A sample network with two disjoint communities 
is shown in Figure 3 and each color represents one community.

Each node in the network can be a member of multiple communities such 
communities are called as overlapping communities. Overlap is the one of the 
general characteristics of the social networks in the real world, in which a person 
may belong to more than one social group such as family, friends… etc. Identifying 
overlapping community structures is hard in real social networks. It is an NP-hard 
problem because there are several possibilities to form communities. Overlapping 
communities are also called as soft communities. Figure 4 represent a sample network 
with two overlapped communities, where node 5 is shared between two communities 
{1,2,3,4,5} and {5,6,7,8}. A list of popular disjoint community detection algorithms 
and overlapping community detection algorithms are shown in Figure 5.
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Figure 2. Real world network after social network analysis

Figure 1. Real world network before social network analysis

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



202

A Survey on Overlapping Communities in Large-Scale Social Networks

Figure 3. Sample network with two disjoint communities (green, red)

Figure 4. Sample network with two overlapped communities (green, red) where node 
5 is an overlapped node between two communities

Figure 5. Community detection algorithms
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3. OVERLAPPING COMMUNITY DETECTION ALGORITHMS

In this section, authors reviewed several overlapping community detection algorithms 
in large scale social networks (Xie et al., 2013) (Harenberg et al., 2014) (Chakraborty 
2015). The algorithms studied in this chapter and their characteristics are listed in 
Table 1. The time complexities listed in the Table 1 are for the worst case scenario.

3.1. Clique Percolation Method (CPM)

One of the most popular method for finding overlapping communities is Clique 
percolation Method (CPM) proposed by (Palla et al., 2005). It is based on the 
assumption that a community consists of fully connected subgraphs i.e., Cliques. 
This method detects overlapping communities by searching for each such subgraph 
for adjacent cliques that share with it at least certain number of nodes. Given 
parameter k, the algorithm starts by identifying all cliques of size k. Then a new 
graph is constructed where all cliques are denoted as nodes and cliques that share k-1 
members are connected using edges. Communities are then identified by reporting 
the connected components of this new graph. A node can be a part of multiple 
k-cliques at the same time; hence, overlapping communities can be formed. This 
algorithm is suitable for only networks with densely connected components but it is 
a computationally intensive approach. CFinder is an implementation of CPM, whose 
time complexity is polynomial for some applications. However, it fails to terminate 
in many large social networks and also the communities discovered by CFinder 
are usually of low quality. This is like a pattern matching algorithm rather than 
community detection because it is aimed to find particular structure in the network.

Table 1. Overlapping Community Detection Algorithms and characteristics

Algorithm Network 
Type

Disjoint 
Communities

Overlapping 
Communities

Time 
Complexity Implementation Year

CPM Undirected No Yes exponential C++ 2005

CONGA Undirected No Yes O(m3) Java 2007

CONGO Undirected No Yes O(nlogn) Java 2008

LFM Undirected No Yes O(n2) C++ 2009

COPRA Undirected No Yes O(vmlog(vm/n)) Java 2010

OSLOM Directed & 
Undirected No Yes O(n2) C++ 2011

SLPA Directed & 
Undirected Yes Yes O(tm) Java 2012

BIGCLAM Undirected Yes Yes O(kn2) C++ 2013
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3.2. Cluster Overlap Newman Girvan Algorithm (CONGA)

Cluster Overlap Newman Girvan Algorithm (CONGA) (Gregory 2007) is an extension 
of Girvan and Newman’s divisive clustering algorithm that finds overlapping 
communities and it allows a node to split into multiple communities based on 
split betweenness. Initially, edge betweenness of edges and split betweenness of 
nodes are calculated. Then an edge with maximum edge betweenness is removed 
or a node with maximum split betweenness is split. After completion of this step, 
recalculate edge betweenness and split betweenness. Repeat the above process until 
all edges are considered. The calculation of edge betweenness and split betweenness 
are computationally expensive for large networks. CONGA Optimized (CONGO) 
(Gregory 2008) is a refined version of CONGA, in which local betweenness is used 
to optimize the runtime of the algorithm.

3.3. Lancichenetti and Fortunato Method (LFM)

LFM (Lancichinetti et al., 2009) starts with a random seed node and expands 
community until the fitness function is maximal. The fitness function used in this 
algorithm is as in Eq. (1).

f c
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out
c  are the total number inner and outer links of the community c, 

and α is the resolution parameter that controls the community size. Once a community 
is found, the algorithm selects another node that is not yet assigned to any other 
community. This method is significantly depends on resolution parameter (α ) of 
the fitness function. The time complexity of this algorithm for a fixed α -value is 
O n s

c
( )2  approximately, where n

c
is number of communities and s is average size 

of the communities. The worst-case time complexity of this algorithm is O n( )2 .

3.4. Community Overlap Propagation Algorithm (COPRA)

Community Overlap Propagation Algorithm (COPRA) (Gregory 2010) is an extension 
of label propagation that allows a node can be a member of v communities, where 
v is supplied by the user. Each node is associated with belonging coefficient as in 
Eq. (2) for indicating strength of community membership. The parameter v controls 
the maximum number of communities that a node can associate. The time complexity 

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



205

A Survey on Overlapping Communities in Large-Scale Social Networks

of this algorithm is O vm vm n( log( / ))  per iteration. This method produces small 
size communities for majority of the networks

b c x
b c y

N xt

ty N x,
,

( )
( )( ) =

( )−∈∑ 1 	 (2)

where x is a node, c is a community identifier and t represents an iteration number. 
Each propagation step updates node labels to the union of its neighbors and normalizes 
the sum of belonging coefficients of all neighbors. It is a non deterministic algorithm, 
so there is a scope to improve determinacy.

3.5. Order Statistics Local Optimization Method (OSLOM)

Order Statistics Local Optimization Method (OSLOM) (Lancichinetti et al., 2011) 
checks the statistical significance of a community with respect to a global null 
model during community expansion. It uses local optimization of fitness function. 
This algorithm consists of three phases. In the first phase, it identifies significant 
communities until convergence. In the next phase, the algorithm analyzes the resulting 
set of communities, trying to detect their internal structure and possible unions. In 
the final phase, the algorithm detects hierarchical structure of communities. Usually, 
this algorithm generates more number of singleton communities and outliers. In 
general, the worst-case time complexity of this algorithm is O(n2), while the actual 
time complexity is dependent on community structure in the given network.

3.6. Speaker-Listener Label Propagation Algorithm (SLPA)

Speaker-Listener Label Propagation Algorithm (Xie et al., 2011; Xie et al., 2012) 
is an extended version of Label Propagation Algorithm (LPA) that detects both 
disjoint and overlapping communities. This algorithm is developed based on speaker-
listener interaction dynamic process. Initially, the memory of each node in the 
network is assigned with a unique label. That means each node can be considered 
as a different community. Next, a node is selected as a listener. Each neighbor of 
the listener randomly selects a label and sends the label to the listener. Neighbors 
of the Listener now play a role of speakers. Then the listener adds most popular 
label received to its memory. The above procedure can be repeated until upto 
maximum number of iterations (T), which is supplied as a parameter to the algorithm. 
Finally, the post processing based on the labels in the node memories and the 
threshold r is applied to produce the communities. In the post processing step, the 
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algorithm converts memory of each node into a probability distribution of labels. 
If the probability of a particular label during the post processing step is less than a 
given threshold r, then the label is deleted. If a node contains multiple labels, then 
the node belongs to more than one community, called overlapping node. The smaller 
value of r produces more number of overlapping communities. If the threshold (r) 
is ≥  0.5, then the algorithm produces only disjoint communities. The algorithm 
produces stable results when the iterations are greater than 20.

3.7. Cluster Affiliation Model for Big Networks (BIGCLAM)

Cluster Affiliation Model for Big Networks (BIGCLAM) (Yang et al., 2013) is an 
overlapping community detection algorithm that can process large networks with 
millions of nodes and edges. It is a model-based community detection algorithm that 
can detect densely overlapping, hierarchically nested as well as disjoint communities 
in the massive networks. It is based on the observation that overlaps of communities 
are more densely connected rather than the non-overlapping parts of communities. 
Non-negative matrix factorization is used to develop the model. The main concern 
of this algorithm is to choosing the number of communities.

4. EVALUATION CRITERIA FOR OVERLAPPING 
COMMUNITY DETECTION ALGORITHMS

The accuracy of the overlapping community detection algorithm can be evaluated 
in two ways. One is to test the algorithm on synthetic networks with ground truth 
information. The results can be quantified using Overlapping Normalized Mutual 
Information (ONMI), Omega index and F-Score. The second way of evaluating 
the algorithm is to test with real-world social networks. But the problem with these 
networks is that the required ground truth information is not available. So, one has to 
evaluate the algorithm without ground truth information. It can be possible with the 
quality metric called overlap modularity. Synthetic networks, the measures used to 
evaluate overlapping community detection algorithm with ground truth information 
such as ONMI, Omega Index, F-Score, some of the real-world networks and measure 
to evaluate algorithms without ground truth information i.e. overlapping modularity 
are discussed in the rest of the section.

4.1. Synthetic Networks

Random graphs are not sufficient for evaluating community detection algorithms 
in social networks because they do not have community structure. To study the 
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behavior of the community detection algorithms, one need to have networks with 
similar properties of social networks such as community structure, power law 
distribution and so on. Such networks can be generated using LFR benchmark 
network generator (Lancichinetti et al., 2009). It can generate both networks with 
disjoint communities and networks with overlapped communities. The parameters 
used in generating LFR benchmark networks are number of nodes (N), average 
degree k( ) , mixing parameter µ( ) , maximum degree (kmax), exponents of the power 
law distribution (t1,t2), minimum community size (Cmin), Maximum community size 
(Cmax), number of overlapping nodes (On) and number of memberships of the 
overlapping nodes (Om). The lower mixing parameter µ( )  value generates highly 
modular communities in the network. To generate overlapping communities the 
values of the parameters Om and On should be greater than one. The degree distribution 
of the network is controlled by power laws with exponents t1 and t2 respectively. 
These networks resemble real-world social networks in terms of degree distribution 
and clustering coefficient. Ground truth information for these networks is available, 
so one can apply the metrics such as ONMI, Omega Index and F-Score.

4.2. Overlapping Normalized Mutual Information (ONMI)

Normalized Mutual Information (NMI) is a concept of information theory and it 
can be used to measure the quality of community detection algorithm. This can be 
applicable for disjoint community detection algorithms only. Hence, the extended 
version of NMI proposed by (McDaid et al., 2013) is called Overlapping Normalized 
Mutual Information (ONMI), can used to evaluate overlapping community 
detection algorithms. It is defined based on two normalization inequalities, such 
as max(H(X),H(Y)) is denoted by ONMIMAX and 0.5*(H(X)+H(Y)) is denoted by 
ONMISUM . ONMIMAX and ONMISUM can be calculated using Eq. (3) and Eq. (4) 
respectively. The range of ONMIMAX and ONMISUM is also in between 0 and 1. If 
ONMI=1, t means the detected community structure is completely the same with 
the ground truth community structure. If ONMI=0, then the detected community 
structure is entirely different from the ground truth community structure. That is, the 
value of ONMI increases when the accuracy of the detected community structure 
is improved.

ONMI
I X Y
H X H YMAX

=
( : )

max( ( ), ( ))
	 (3)
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ONMI
I X Y
H X H YSUM

=
+

( : )
. * ( ( ) ( ))0 5

	 (4)

The mutual information I(X:Y) can be calculated as follows.

I X Y H X H X Y H Y H Y X: | |( ) = ( )− ( )+ ( )− ( )





1
2

	 (5)

where X, Y are two covers, H(X) and H(Y) are the entropy of covers X and Y 
respectively, H(X|Y) and H(Y|X) are conditional entropies.

4.3. Omega Index

Another popular metric to evaluate overlapping community detection algorithm is 
Omega Index. It is an Overlapping version of Adjusted Rand Index. It is based on 
pairs of nodes in agreement in two covers. Let C1, C2 are two covers, the omega 
index can be defined as in Eq. (6)

Ω
Ω Ω

Ω
C C

C C C C

C C
u e

e

1 2

1 2 1 2

1 2
1

,
, ,

,
( ) = ( )− ( )

− ( )
	 (6)

where Ω
u
C C( , )

1 2
 represents unadjusted omega index, is the fraction of pairs that 

belong to same community in both C1 and C2.

Ω
u j j

j

C C
M

t C t C
1 2 1 2

1
,( ) = ( )∩ ( )∑ 	 (7)

where M represents the number of node pairs i.e. n(n-1)/2 and t C
j ( )  is the set of 

pairs of items that appear together in exactly j communities in a cover C.
Ω
e
C C

1 2
,( )  is the expected omega index value in the null model and it can be 

computed as follows.

Ω
e j

j
j

C C
M

t C t C
1 2 2 1 2

1
, .( ) = ( ) ( )∑ 	 (8)
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The above definition of omega index is reduced to Adjusted Rand Index, if the 
network doesn’t have overlapping communities. The range of omega index is 0 to 
1, where 1 represents perfect matching. The higher values of omega index represent 
good similarity between detected and actual covers.

4.4. F-Score

F-score (Xie et al., 2013) is used to evaluate accuracy of overlapping nodes detection 
and it can be defined as the harmonic mean of precision and recall. The range for 
F-score is from 0 to 1, where 1 represents best case and 0 represents worst case and 
the value of F-score is higher when the accuracy of detecting overlapping nodes is 
higher. It can be computed using Eq. (9).

F
precision recall
precision recall

=
× ×

+
2 	 (9)

where

recall=
#Correctly_detected_overlapping_nodes

#actual_overlappping_nodes
	 (10)

precision=
#Correctly_detected_overlapping_nodes

#total_deteccted_overlapping_nodes
	 (11)

4.5. Real World Social Networks

The actual performance of the overlapping community detection algorithms can 
be observed when the algorithms are tested on real-world social networks such as 
Karate, Dolphins, Polbooks, football, Jazz, Netscience and Polblogs. These network 
datasets are acquired from Newman’s personal web page (Newman 2015). The 
detailed summary of some of real world social networks are listed in (Table 2). The 
large collection of network datasets is also available in Stanford Large Network 
Dataset Collection (Leskovec et al., 2015). And the most of these networks does not 
have ground truth information so it is not possible to find accuracy of the algorithm 
using ONMI, Omega Index and F-score. Therefore, Overlap modularity proposed by 
(Nicosia et al., 2009) can be helpful in such situations. The ground truth of Dolphin 
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social network and American football network is shown in Figure 6 and 7 and each 
color represent one community.

4.6. Overlap Modularity

It is a quality measure that evaluates overlapping community detection algorithms 
without ground truth information and it is based on belonging coefficients of links. 
It can be used as both evaluating and detecting overlapping communities in social 
networks. If l=(i,j) is an edge that belongs to community c, then the belonging 
coefficient of l can be represented as a function of belonging coefficient of node i 
and node j to the community c.

β α α
l c ic jc

F
,

,= ( ) 	 (12)

where F
ic jc
α α,( )  is an arbitrary function and can be taken as product or average 

or maximum of α
ic

 and α
jc

.The expected belonging coefficient of any possible 
link l(i,j) starting from a node into community c is an average of all possible belonging 
coefficients of l to community c.

Table 2. Summary of real-world social networks

Dataset Nodes Edges Description

Karate 34 78 Zachary’s karate club

Sawmill 36 62 Sawmill Communication network

Dolphins 62 159 Dolphin social network

Lesmis 77 254 Co-appearances of characters in Les Miserables

Polbooks 105 441 Books about US Politics

Words 112 425 Adjectives and nouns

Football 115 613 American college football

Jazz 198 2742 Jazz musicians network

Netscience 379 914 Co-authorship Network

Metabolic 453 2025 Metabolic network of C. elegans

Email 1133 5451 Network of e-mail interchanges

Polblogs 1490 16718 Political blogs
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β
α α

l i j c
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ic jc
j V

F

V( , ),

,

=
( )

∈
∑

	 (13)

Accordingly, the expected belonging coefficient of any link l(i,j) pointing to 
node j in community c is defined as:

β
α α

l i j c
in

ic jc
j V

F

V( , ),

,

=
( )

∈
∑

	 (14)

Figure 6. Two communities found in dolphin social network
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These belonging coefficients are used as weights for the probability of having a 
link starting at node i and pointing to node j. Therefore, modularity in the case of 
overlapped communities can be computed as in Eq. (15).

Q
m

A
k k

mov l i j c i j

l i j c
out

i
out

l i j c
in

j
in

= −








1
β

β β
( , ), ,

( , ), ( , ).






∈∈

∑∑
i j Vc C ,

	 (15)

where k k
i
out

j
in,  are the number of outgoing and incoming links of i and j respectively 

and m is the total number of edges. The overlap modularity is significantly dependent 
on the arbitrary function F

ic jc
α α,( )  The higher values of overlap modularity 

indicates good community detection algorithm. Usually, the modularity above 0.3 
indicates good modular structures in the network.

5. CONCLUSION AND FUTURE RESEARCH DIRECTIONS

In this chapter, authors discussed overlapping community detection in social networks 
by answering three general questions (1) what is community detection, (2) How 
can we detect overlapping communities, and (3) How can we evaluate detected 
overlapping communities? Authors started with a description of communities and 
how they are formed. And also, types of communities in the social networks such as 

Figure 7. Eleven communities found in American college football network
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disjoint and overlapping communities were discussed. Later, authors reviewed several 
overlapping community detection algorithms with their strengths and limitations were 
discussed. Finally, authors presented evaluation criteria for overlapping community 
detection algorithms. The quality measures for overlapping communities such as 
ONMI, Omega Index, F-Score and Overlap Modularity were discussed in detail. 
Many of the real world networks does not contain ground truth information, in such 
cases how to generate benchmark networks and how to apply quality measures on 
those networks were also discussed.

Most of the research in community detection is done for unweighted and undirected 
networks only. Hence, there is a scope for future work in this area by developing 
algorithms for weighted and directed, attributed, bipartite networks. Scalability of 
the algorithm is also another research direction in this area because the number of 
nodes and edges in a real world social network are increasing rapidly. Moreover, 
social networks are dynamic in nature that means they evolve over time. Hence, 
community detection in dynamic networks is a challenging task for future work.
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KEY TERMS AND DEFINITIONS

Community: It is a group of densely connected nodes within the group and 
sparsely connected to the rest of the network. It can also be called as modules, 
clusters, groups or cohesive subgraphs.

Community Detection: The method of finding group of nodes in such a way 
that the nodes in the group are densely connected and sparsely connected to the 
outside the group. It is also called as Graph clustering.

Cover: It is a set of communities detected for a network.
Disjoint Communities: Each node of the network is participated in only one 

community then such communities are called as Disjoint Communities. That means 
no two communities share a node in the network.

F-Score: It is the harmonic mean of precision and recall.
Normalized Mutual Information: It is an information theory concept to measure 

the quality of detected disjoint communities using ground truth information.
Overlapping Communities: Each node of the network is participated in more 

than one community then such communities are called as Overlapping Communities.
Overlapping Normalized Mutual Information: It is an extension of Normalized 

Mutual Information for evaluating overlapping community detection algorithms.
Precision: It is a fraction of the number of correctly detected overlapping nodes 

and the total number of detected overlapping nodes.
Recall: It is a fraction of the number of correctly detected overlapping nodes 

and the real number of overlapping nodes.
Social Network: It is a collection of nodes or actors with relationships among 

them.
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ABSTRACT

With reducing cost of storage devices, increasing amounts of data is being stored 
and processed for extracting intelligence. Classification and clustering have been 
two major approaches in generating data abstraction. Over the last few years, text 
data is dominating the types of data shared and stored. Some of the sources of such 
datasets are mobile data, e-commerce, and wide-range of continuously expanding 
social-networking services. Within each of these sources, the nature of data differs 
drastically from formal language text to Twitter or SMS slangs thereby leading to the 
need for different ways of processing the data for making meaningful summarization. 
Such summaries could effectively be used for business advantage. Processing of 
such data requires identifying appropriate set of features both for efficiency and 
effectiveness. In the current Chapter, we propose to discuss approaches to text feature 
selection and make a comparative study.

1. INTRODUCTION

With the increasing ability to collect, store, and share data, there is a need to find 
efficient algorithms that provide insights on the data that have potential utility 
to business advantage in commercial organizations. Some contributors to these 
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datasets are related to mobile, social networking, content-sharing, search-engines, 
and e-commerce enterprises. 

Data Mining algorithms help to generate abstractions from these datasets. Many 
definitions are in use for Data Mining. The generally accepted definition (Shapiro 
& Frawley, 1991; Chen, et al., 1996; Leskovec et al., 2014) is that the data mining 
is a process of extraction of potentially useful and hitherto unknown information 
which is non-trivial, and hidden in the data. Largeness of the dataset can broadly 
be characterized by the limitation of in-memory processing. With increasing 
volumes of datasets, large datasets are termed massive datasets or big data. Big 
data (Douglas, 2011) is defined by three V’s: volume, velocity and variety of the 
data. In the current chapter, we refer to big data and large data equivalently. Some 
experts suggest additional V representing value. 

Approaches to generating abstraction from large data as discussed in the works 
of Leskovec et al. (2014) and Babu et al(2013) are the following.

•	 Real time as well as batch processing through single, distributed or parallel 
computation depending on requirement and nature of resources

•	 Divide and conquer approaches in terms of patterns or features or both
•	 Operate in the compressed data domain

An important aspect while processing big data is the possibility of seeing 
random occurrences as meeting an experimental hypothesis. Benferroni principle as 
discussed in the work of Leskovec et al. (2014) suggests that if the expected number 
of occurrences when the data is assumed random is higher than actual number of 
real occurrences, the results are unlikely to be correct. Following are some of the 
salient characteristics of algorithms for big data abstraction.

•	 Scalability: Scalability (Bondi, 2000) refers to ability of a system to process 
growing volumes of data gracefully. The work formally defines attributes for 
a scalable system. 

•	 Limited Number of Database Scans: Ability to generate an abstraction with 
a single or least number of database scans is necessary since multiple views 
of databases, like that of iterative algorithms, would become expensive in 
terms of computation time.

•	 Data Reduction: Working on the representative patterns of dataset, instead 
of working on the entire dataset. Prototypes can be generated using efficient 
unsupervised learning algorithms.
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•	 Dimensionality Reduction: Reduce the dimensionality of the patterns by 
means of feature selection or extraction.

•	 Divide and Conquer Approaches: Divide and conquer techniques (Leskovec 
et al., 2014) such as Map-Reduce, hashing, shingling, etc.

•	 Compressing Schemes for Data Mining: Lossless and lossy compression 
to represent the data and working in the compressed domain without having 
to decompress for generating abstraction (Babu et al., 2013) would lead to 
efficient algorithms for big data systems.

•	 Multiagent Systems: Multiagent systems in agent-mining paradigm (Cao, 
2009; Babu et al., 2013) is an important direction of dealing with big data. 
Such systems consist of intelligent agents that collaborate, interact proactively 
and reactively, and are capable of carrying out autonomous machine learning 
tasks. An integrating agent would provide aggregated summarization.

•	 Deep Learning Approaches: The above approaches focus on efficient use 
of resources. The deep learning or deep machine learning approaches are 
disruptive and important direction to process big data in generating effective 
abstractions. (Najafabadi et al., 2015; Li et al., 2015) 

In the present work, we focus on feature selection for large datasets. We discuss 
general feature selection approaches, issues that are specific to text feature selection 
and experimental comparison of some text feature selection approaches on a common 
dataset. 

The chapter is organized in the following manner. Section 2 contains formal 
classification of approaches to feature reduction. Section 3 contains a discussion 
on specific issues in text feature selection and a discussion on various terminology 
related to this topic. Experimental comparison of few indicative feature selection 
approaches is provided in Section 4. The work is summarized in Section 5 and further 
research directions are provided in Section 6. References are provided in the end.

2. APPROACHES TO FEATURE SELECTION 

In this section, we initially define basic terms and discuss various approaches to 
feature selection. 

For any machine learning tasks, pattern representation is primary. A pattern may 
be defined as a multi-dimensional data point, consisting of a number of attributes 
or measurements. The individual measurements are referred to as features. Pattern 
representation (Jain et al., 1999) involves identification of patterns, number of classes, 
number and nature of features that characterize the patterns. Feature selection (Jain 
et al., 1999; Chandrashekar & Sahin, 2014; Ferri et al., 1994) refers to the process 
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of identifying most relevant and effective subset of the original features that help in 
obtaining best performance of a machine learning task that is compatible with the 
entire set of original features. Feature extraction (Jain et al., 1999) is the process of 
generating new features through a transformation of original set of features. 

Selecting features from an original set of ‘k’ features by evaluating all the subsets 
of 2k for a given dataset is NP-hard as number of features is large. This leads to the 
need for finding a near-optimal algorithm to select relevant features. 

With reference to text domain, text feature selection or term selection is also 
referred to as term space reduction (Sebastiani, 2002). It is defined as an activity 
to select k’ features out of original k features, where k’ << k, that are used to represent 
the document meaningfully and improve the effectiveness of algorithms that are 
based on such data. The techniques used for scoring the features are referred to 
Feature Evaluation Function (FEF) (Yang & Pedersen, 1997). Associated to feature 
reduction is a measure known as reduction factor (Yang & Pedersen, 1997) which 

is given by ρ =
−k k
k

'
.

2.1 Feature Relevance

Selection of relevant features by eliminating irrelevant and redundant ones is one 
of the primary tasks of feature selection (Kohavi & John, 1997; Blum & Langley, 
1997; Li et al., 2015). Presence of irrelevant features leads to inaccurate abstraction 
of the dataset. Kohavi & John (1997) formally define and discuss the concepts of 
relevant and irrelevant features, strong and weak relevance, and, relevance and 
optimality. Some interesting examples in the work indicate that relevance does not 
imply optimality and vice versa. Blum & Langley (1997) elaborate the concept of 
relevance to a machine learning task. The work further goes on to define notions of 
relevance to a target, strong weak relevance to a sample or distribution, relevance to 
complexity measure and incremental usefulness. Together, both the works (Kohavi 
& John, 1997; Blum & Langley, 1997) provide insights on relevance vs. usefulness 
of features and various notions of relevance.

In the context of discovery of relevant features for text mining, it is important to 
note (Li et al., 2015) that useful features are available in both relevant and irrelevant 
text documents. For finding relevant features in relevant and irrelevant documents, 
the challenges include the following. For a topic, large patterns (group of features) 
are likely to be more relevant but they usually have low support. On the contrary, 
reducing the frequency leads to noisy pattern discovery. The work (Li et al., 2015) 
argues that conventional measures used in frequent pattern mining such as support 
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and confidence are not suitable in relevant text feature discovery. Thus, the problem 
reduces to the ability to make use of discovered patterns to accurately evaluate weights 
of useful features in the training data. The work proposes a method which is based 
on measures such as absolute and relative term supports, and document ranking to 
decide on relevance. The experimental results obtained indicate better performance 
than Rocchio, Support Vector Machine (SVM) and BM25 (Manning et al., 2009)

Clustering based feature subset selection for high dimensional data is well 
studied (Parsons et al., 2004; Song et al., 2013). The approaches consist of clustering 
features according some criteria and the representative features that are related to 
target classes are considered to form feature subsets. Song et al. (2013) propose a 
fast clustering feature subset algorithm based on graph-theoretic (Jain et al., 1999) 
clustering methods, known as FAST. The work compares the proposed algorithm 
with five feature clustering algorithms on variety of datasets relating to image, text 
and microarray data. The authors demonstrate that they performed consistently well 
in terms of subset size, run time and classification accuracy.

Feature selection algorithms can broadly be classified into Filter, Wrapper and 
Embedded methods. The methods are used independently as well as in conjunction 
with each other. We discuss each of the approaches in the following sections.

2.2 Filter Methods

Filter methods order the features by means of a criterion. Features ranked in such 
a manner are chosen as relevant features. Based on ranking criteria, features above 
a chosen threshold are selected. These ranking methods are referred to as filtering 
methods, which are applied before carrying out a machine learning task to ensure 
that relevant features are retained. A number of feature relevance measures are 
defined in the works of Yang & Pedersen (1997), Li et al. (2015), Blum & Langley 
(1997), Forman (2003), Guyon & Elisseeff (2003), and Sebastiani (2002). We 

Table 1. Symbols and Description

Sl. No. Symbol Description

1 n No. of classes. Also used for degrees of freedom for χ2

2 k No. of features

3 H(.) Entropy

4 p(.) Probability

5 w Feature, word or term

6 Ci ith Class
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discuss few such measures below. Table-1 contains list and description of symbols 
used in the chapter.

2.2.1 Information Gain (IG)

Before defining Information Gain, we define few related terms (Cover & Thomas, 
2006; Yang & Pedersen, 1997). Entropy is a measure of uncertainty of random variable 
or equivalently expected value of information content in a random variable. Given 
probability mass function of a discrete random variable, X, entropy is defined as, 

H X p x h x p x p x( ) ( ) ( ) ( ) log ( )= − = −∑∑ 2
	 (1)

Equivalently in terms of expectation, E,

H X E
p X

( ) log
( )

=












1 	 (2)

By virtue of base of 2 for the logarithm, units of h(x) are bits. It should also be 
noted here that H(X) depends on probabilities of X and not the actual values taken 
by X.

The joint entropy, H(X,Y) of a pair of discrete random variables X and Y, with 
p(x,y) representing the corresponding joint distribution is defined by,

H X Y p x y p x y E X Y, , log , log ,( ) = − ( ) ( )( ) = − ( )( )ΣΣ 	 (3)

The conditional entropy is defined as,

H Y X P X H Y X x E p Y x/ / ( /( ) = ( ) =( ) = − ( )( )∑ 	 (4)

Consider a set of patterns that belongs to n classes, C1, C2, . . . Cn . Information 
Gain measures the number of bits of information gained for classification by knowing 
that whether a feature w is present or absent in a document. It can be represented 
(Yang & Pedersen, 1997) as,
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where, wc indicates absence of the feature.

2.2.2 Mutual Information (MI)

Relative entropy or Kullback-Leibler distance (Cover & Thomas, 2006) between 
two probability mass functions, p(x) and q(y) of discrete random variables X and 
Y is defined as,

D p q p x
p x
q x

E
p x
q xx X

( , ) ( ) log
( )
( )

log
( )
( )

= =










∈
∑ 	 (6)

Relative entropy represents distance between two distributions, albeit it does not 
satisfy the triangular inequality. 

Consider two random variables X and Y with joint and marginal probability mass 
functions as p(x,y), p(x) and p(y). The Mutual Information, I(X;Y) is defined as, 

In terms of entropy, mutual information can be written as,

I X Y H X H X Y H X H Y H X Y( , ) ( ) ( / ) ( ) ( ) ( , )= − = + − 	 (7)

Information Gain is also referred to as Expected Mutual Information.

2.2.3 Gini Index

Gini index(GI) as discussed in the work by Uysal (2016) is considered global feature 
selection method. It is given as below.

GI x P w C P C w
i

i

n

i
( ) / /= ( ) ( )

=
∑

2

1

2
	 (8)

where P(w/Ci) is the probability of term w given the presence of class Ci and P(Ci/w) 
is the probability of class Ci given presence of term w.
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2.2.4 χ2 Statistic 

The χ2 statistic measures lack of independence between a feature, w and class C. 
It is compared with χ2 value with ‘n’ (with n=1) degrees of freedom to decide on 
independence. Consider 2×2 contingency table of feature w and class C. Define 
the following parameters.

A = Number of times w and C occur together
B = Number of times w and C  occur
C = Number of times w  and C occur
D = Number of times w  and C  occur

χ2
2

( , )
( )

( )( )( ) ( )
w c

N AD CB
A C B D A B C D

=
−

+ + + + +
	 (9)

After computing individual χ2 statistics between feature and class C, combined 
scores and category specific scores are as given below. 

χ χ2

1

2
avg i

i

n

i
w P C w C( ) ,= ( ) ( )

=
∑ 	 (10)

/( X^2_{max} (w) = max_{i=1}^{n}\{\chi^2(w,C_{i})\} 	 (11)

Since χ 2  is a normalized one, it can be compared across the features for the 
same class. But the score is not known to be reliable for low scores.

2.2.5 Odds Ratio

Given features w1,w2, . . ., wp and classes C1, C2, . . ., Cn, Odds Ratio (OR) (Sebastiani, 
2002) for term wq, and class Ci is defined as below.

OR w C
P w C P w C

P w C P w C
q i

q i q i

q i q i

,
/ /

/ /
( ) =

( ) − ( )( )
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1

1
	 (12)
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2.2.6 Term Strength (TS)

Term strength (Yang & Pedersen, 1997; Wilbur & Sirotkin, 1992) helps in identifying 
term importance based on related documents. The documents with many common 
words are considered similar and related. It is computed through following steps.

•	 Consider a set of training documents
•	 Identify pair of similar documents as those whose cosine similarity is above 

a chosen threshold
•	 Term strength in a pair of related documents is given by the estimated 

conditional probability that the probability that it occurs in document y given 
that it occurred in document x.

2.2.7 Correlation 

Pearson correlation criteria between qth feature, xq and a continuous outcome, Y 
detects linear relationship between feature and variable is given by

r
x Y

x Y
q

q

q

=
( )
( ) ( )

cov ,

var var
	 (13)

where cov() is the covariance between xq and Y and var is the variance.

2.3 Wrapper Methods

Wrapper methods (Chandrashekar & Sahin (2014); Kohavi & John, 1997) identify 
a feature subset with the help of an induction algorithm that is treated as a black 
box. Sequential selection of search algorithms find a subset of features heuristically 
that maximizes an objective function such as classification performance. Some of 
the search algorithms that helps to achieve this objective are (a) branch and bound 
method (Narendra & Fukunaga, 1977), where the search systematically identifies 
higher number of features, (b) Genetic Algorithms (Goldberg, 1989) (c) particle 
swarm optimization and (d) sequential selection algorithms. We provide an overview 
of feature selection using genetic algorithms and sequential selection algorithms.
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2.3.1 Feature Selection Using Genetic Algorithms

Genetic algorithms(GA) fall in the class of heuristic search algorithms. Genetic 
algorithms are randomized search methods that attempt to find a global minimum 
motivated by natural evolution. It makes use of genetic operators known as selection, 
cross-over and mutation. It simultaneously evaluates a population of potential 
solutions. For feature selection, a chromosome length equal to the initial set of 
features is considered. Each feature is associated with a binary value indicating 
presence (1) or absence (0) of the corresponding feature. The objective function 
is classification accuracy obtained by some chosen supervised learning algorithm. 
From generation to generation, highly fit individuals are retained to arrive at a near-
global optimal feature subset. The parameters that needs to be chosen empirically 
are the probabilities of selection, cross-over and mutation. There are many variants 
of genetic algorithms, generic operators, termination criterion, problem encoding, 
quantization of parameters, etc. (Yang & Honavar, 1998; Oh et al., 2004; Chen et 
al., 2013)

2.3.2 Sequential Feature Selection Approaches

Sequential feature selection (Feri et al., 1994, Pudil et al., 1994, Chandrashekar & 
Sahin, 2014) refers to iterative approaches to feature selection. Different variants 
of sequential feature selection are given as below.

•	 Sequential Feature Selection (SFS): In SFS, one starts with an empty set 
and includes features one by one sequentially till the classification accuracy 
stops improving or required number of features is reached. The feature subset 
increases as we include additional features. The disadvantage of this method 
is that correlation between the features is not accounted for. Secondly, there 
is no backtracking step as the features are permanently included.

•	 Sequential Backward Selection (SBS): In this case, one starts with complete 
feature set and removes features one by one till decrease in performance is 
minimal.

•	 Sequential Floating Forward Selection (SFFS): The approach is similar 
to that of SFS. It includes a backtracking step. In addition to SFS step, it 
excludes one feature at every stage, and evaluates the performance. If the 
performance shows improvement, that excluded feature is removed otherwise 
it continues with SFS step. The process is terminated when required number 
of features is reached.

•	 Adaptive Sequential Floating Forward Selection (ASFFS): SFS and SFFS 
produce nested subsets as during SFS step two correlated features could 

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



226

A Brief Study of Approaches to Text Feature Selection

be included. Correlated features do not provide additional information. It 
attempts to reduce the redundant selected features by choosing two adaptive 
parameters that represent number of features that could be included or 
excluded based on the classification performance.

2.4 Embedded Methods

In wrapper methods, each time a feature subset is chosen, the feature set is 
evaluated based on performance of a learning machine. This is computationally 
expensive. Further they do not incorporate knowledge about specific structure of 
the classification function. Embedded methods integrate feature selection and the 
structure of classification function. Following is the broad structure of an embedded 
feature selection method (Lal et al., 2006; Stoppiglia, 2003; Guyon et al., 2003; 
Weston et al., 2000)

•	 Consider an objective function that measures the performance of a model 
returned by an algorithm

•	 Carry out sensitive analysis or compute gradient of the objective function 
when one feature is removed

•	 Rerun the algorithm
•	 Select features for removal/addition that would induce desired change in the 

objective function

Theoretical Framework: Lal et al. (Lal et al., 2006) provide a unifying theoretical 
framework for embedded feature selection methods. We provide a brief overview 
of the discussion. Consider a parameterized family of classification or regression 
functions. The objective is to find a vector of indicator variables that take values 0 
or 1 indicating absence or presence of the feature respectively and a parameter set 
of the learning functions such that expected risk is minimized. 

Wrapper methods minimize the risk by means of training on the given data with 
a feature subset defined by the indicator functions. The features are selected by 
measuring the performance of a trained classifier without depending on the structure 
of the learning function. If the optimizing function makes use of the learner and class 
of functions on which it operates, we refer to such methods as embedded methods. 
Some embedded methods directly evaluate subset of features without making use 
of model selection criterion. Depending on how the embedded methods solve the 
above two problems, they are broadly classified into the following.

•	 Approaches that include or exclude features iteratively in a greedy manner 
to approximate expected risk minimization. The features added in either 
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through forward selection where one or more features are selected according 
to criteria, backward elimination where by starting with all features, one or 
more features are iteratively removed or nested methods where during an 
iteration features are added or removed. Many approaches (Guyon et al., 2003) 
are in use in ranking features in accordance with the influence on classifier.

•	 Approaches that generate scaling factors for features instead of indicator 
variables.

•	 If the learner and count function of non-zero features are convex, the problem 
reduces to minimization of a regularized function of the learner.

We discuss few specific approaches. They are usually referred to by their short 
forms in the literature. Hence they are listed by their abbreviated forms and the 
expansion is provided during the discussion.

2.4.1 LASSO

LASSO (Least Absolute Shrinkage and Selection Operator) is in the class of shrinkage 
methods (Friedman et al., 2001). It constructs linear model for features with L1 
penalty for regression coefficients resulting in shrinkage of many coefficients to 
zero. Through appropriate choice of thresholding, this is useful for feature selection

2.4.2 RFE

RFE (Recurrent Feature Elimination) (Lal et al., 2006) is in the broad class of 
backward feature elimination embedded algorithms. It aims at selecting features 
recursively by considering smaller set of features. An estimator (support vector 
machine) is trained to assign weights to initial set of features. Recursively, features 
with smaller weights are eliminated from the current set of features. The recursion 
can be stopped once a desired set of features is reached.

2.4.3 OBD

OBD (Optimal Brain Damage) (Lal et al., 2006) is a backward feature selection 
approach. It is a method to prune weights in Neural Networks. It identifies weights 
that could be eliminated in a trained neural network by computing a saliency measure 
which is a function of second derivative of weight and square of the weight. Thus, 
the weights which do not affect the training error are eliminated.
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2.4.4 Grafting

Grafting (Lal et al., 2006) is a greedy forward feature selection algorithm that 
minimizes the objective function over enlarged feature set. The methods depend on the 
structure of the target linear function. The other forward selection embedded algorithms 
include LARS (Least Angle Regression) and Gram-Schmidt Orthogonalization 

2.5 Other Approaches

A number of other interesting approaches include hybrid methods that integrate 
conventional feature selection methods to approaches such as genetic algorithms, 
fuzzy methods, and chaos theory (Gunal, 2011; Ebrahimpour & Eftekhari, 2017; 
Ghareb, et al., 2016; Chen, et al., 2013), structure regularization (Luo et al, 2017) 
artificial neural networks (Verikas & Bacauskienne, 2002), annealing (Barbu et 
al., 2017), game theory approach to feature selection (Nunzio & Orio, 2016) and 
global feature selection with the help of local and global feature selection scores 
(Uysal, 2016).

Gunal (2011) demonstrates that a hybrid feature selection approach, which is a 
combination of filter and wrapper feature selection methods is more effective than 
either one of the approaches for text classification. The filters are selected using 
document frequency, mutual information, chi-square and information gain. Genetic 
algorithms based feature selection is used as wrapper method. Ebhrahimpour & 
Eftekhari (2017) propose a feature selection approach by an ensemble of ranking 
algorithms and an ensemble of similarity measures. The ensemble of ranking 
algorithms measure feature class relevancy. The ensemble of similarity measures 
help minimize feature-feature redundancy. The ensembles are integrated to hesitant 
fuzzy sets. This novel approach termed as Maximum Relevancy and Minimum 
Redundancy (MRMR) approach by using Hesitant Fuzzy Sets (HFS). MRMR-HFS 
is shown to be effective for high dimensional feature selection. Ghareb et al. (2016) 
propose hybrid feature selection algorithm. The work modifies the crossover and 
mutation operations from the conventional genetic algorithms operators which 
is discussed earlier in Section 2.3. The modifications take into account term and 
document frequencies of the terms (genes) for crossover and the mutation is based on 
the classifier performance of the parent chromosomes and feature importance. The 
method, termed as Extended Genetic Algorithm (EGA) is applied on six well-known 
filter feature selection methods thereby creating six different hybrid approaches. 
The work demonstrates that such hybrid approaches are more effective than filters-
alone methods for dimensionality reduction. Chen et al. (2013) integrate chaos 
optimization to genetic algorithm, terming the method as Chaos Genetic Feature 
Selection optimization (CGFSO). It explores all subsets of given feature set. After 
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completing the mutation step in generating next generation in conventional genetic 
algorithm, the logistic chaos mutation for population is carried out to generate new 
population of chromosomes. The update step to next generation passes through 
a decision based on comparison of fitness values between pre- and post- chaotic 
mutation step. The experiments carried out on the chosen dataset indicate better 
performance of CGFSO than SVM and GA. 

Luo et al. (2017) propose adaptive unsupervised feature selection with structure 
regularization, acronymed ANFS. A desired feature subset is arrived at by locally 
linear embedded (LLE) adaptive reconstruction graph and selective matrix 
simultaneously. The approach is examined on various bench mark datasets and 
demonstrated that ANFS outperformed many of state of the art algorithms. Verikas 
and Bacauskienne (2002) use the feed forward neural network for feature selection 
(NNFS). The work compares the proposed method with five other methods such 
as NNFS based on elimination of input layer weights, the weights based feature 
saliency measure, NN output sensitivity based feature saliency measure, the fuzzy 
entropy and the discriminant analysis and demonstrates better performance on UCI 
bench mark datasets (Lichman, 2013). Although the approach is promising, the 
feature sets considered for demonstration are not large. Barbu et al. (2017) propose 
feature selection with annealing (FSA) algorithm. The work provides theoretical 
guarantees, selection of annealing parameters with respect to computation time, 
learning rate, and typical number of iterations needed. Experimental results are 
presented with simulated data, UCI bench mark data, face image key point detection, 
and ranking experiments. The work demonstrates applicability of FSA for different 
types of problems such as regression, classification and ranking. Nunzio and Orio 
(2016) apply game theory framework to select positive and negative features for a 
text classification task. The work discusses theoretical framework and shift of Nash 
equilibrium with respect to different strategies. It provides directions for practical 
implementation of their proposed work. Uysal (2016) achieves global feature selection 
by computing local feature selection scores and global feature selection metrics and 
iterating over the features till a representative subset is obtained. The work evaluates 
such selection using classification algorithms such as SVM, and Naive Bayes. With 
the help of micro-F1 and macro-F1 scores (Uysal, 2016), the work demonstrates on 
several benchmark datasets that such a global feature selection approaches achieves 
better scores than those obtained filter based feature metrics.

Few other algorithms include optimization based algorithms with sparsity induced 
penalties used for feature selection. They have theoretical guarantees as well. But 
for large number of features such algorithms are not scalable (Barbu et al., 2017). 
Boosting for feature selection is also effective. But with large feature set scenarios 
such as those in big data, boosting is not fast enough. (Barbu et al., 2017)
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In summary, filter methods examine all features in identifying relevant feature set. 
It usually orders features by individual ranking or by nested subsets of features. The 
relevance is evaluated through statistical tests. They are robust against overfitting 
but may fail to select all useful features. Wrapper methods evaluate multiple feature 
subsets for their usefulness in arriving at an optimal representative feature set with 
the help of a learning machine. In this process it searches feature subsets. It uses cross 
validation for evaluation. The methods are prone to overfitting and need significant 
amount of computation time. Embedded methods are similar to wrapper methods. It 
evaluates usefulness of feature subsets. Search for such subsets is guided by learning 
and makes use of structure of a learning algorithm. It uses cross validation for 
evaluation. They are computationally less expensive and less prone to overfitting.

3. SPECIFIC ISSUES WITH PRACTICAL TEXT 
DATA PROCESS AND FEATURE REDUCTION 

Most text data related to clustering and classification problems need to process huge 
amount of unique words or tokens. The relevant data depends on the nature of the 
problem. In the broad category of document classification and clustering, there 
are many problems that are encountered. We list a few practical problems that are 
predominantly related to e-commerce domain.

•	 Author classification of literary works (Stamatatos, 2009)
•	 E-mail classification as fraud or genuine (Sahami et al., 1998)
•	 Postal address normalization
•	 Address text classification (Babu et al., 2015)
•	 Short text classification (Sriram et al., 2010)
•	 Incomplete address classification 
•	 Product review categorization as multi-label classification of positive, 

negative, actionable, non-actionable, assignment to which of the `k’ 
subsystems of an Organization (Hu & Liu, 2004; Catal & Mehmet, 2017)

•	 Large scale catalogue data classification, where categories could contain 
thousands of product verticals and millions of products given a blob of text 
or description (Shen et al.,2012)

•	 Categorization of short text documents (Sriram, et al., 2010; Bhushan et al., 
2017)

•	 Chat classification (Ptaszynski, et al., 2017)

It should be noted here that the list is not exhaustive. They are chosen to represent 
practical problem scenarios.
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One needs to characterize the data well before embarking on to generating a 
relevant abstraction of the data. The text data related to each of the above problems 
provide different kind of challenges. For example, in case of author classification 
of documents, one would expect formal English documents that are grammatically 
sound. In public supplied documents such as reviews, and entered addresses, the 
data would contain a number of challenges as listed below.

•	 Unintended special characters while entering the data
•	 Deliberate special characters or repeat words, such as NOT GOOD ** NOT 

GOOD ** NOT GOOD 
•	 Merged words or missing spaces, such as, the product wasnot deliveredon 

time
•	 Complete set of capital words to convey emphasis about liking or displeasure, 

such as AAWWSSSOMMMEEE, WOWWWWW 
•	 Non-standard abbreviations leading to thousands of variants, such as apts, 

aparts, aptts to represent ‘apartments’
•	 Spell variations due to lack of literacy or carelessness. {B’lore, Bangaloor, 

Bangaluru, Bengaluru} to represent ‘Bangalore or Benguluru’
•	 Incomplete sentences

Each of these datasets is challenging and require a domain specific modeling. 
Also, features that are necessary for appropriate machine learning problem are also 
different. One needs to choose a list of stop words, which are problem dependent. For 
example, parts of speech could be useful in classifying works generated by authors 
but not useful in user generated content or short text documents such as chats or 
twitter messages. In view of this, the list of words that needs to eliminated from 
raw data, referred to as, stop words becomes problem dependent. The words that 
do not possibly help the classification in the context of problem objective should be 
eliminated. Some related issues are whether to retain frequent terms (term-frequency, 
tf) and inverse document frequency (idf), product of tf and idf, exploiting or removing 
the letter case (lower or upper case or both), etc (Manning et al., 2009).

3.1 Need for Preprocessing

In the context of feature selection of numerical data, the problem relates to a tradeoff 
of effective representativeness vis-a-vis redundancy of features. In case of text 
related problems, before attempting to select features through formal approaches, 
it would be ideal to remove features that are unlikely to help the machine learning 
objective. Some associated preprocessing models that could be developed prior to 
resorting to feature selection methods are the following.
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•	 Reducing data by removing features that occur below a term-frequency 
threshold

•	 Automated approaches to spell variant detection, and equivalent spell 
mapping (Babu et al., 2015)

•	 n-grams generation and assessment of its use against 1-gram
•	 Probabilistic separation of words
•	 Attribute relevance of a product
•	 Equivalent or similar words to represent a concept which helps in reducing 

the vocabulary through domain expertise or automated methods

For example, in address classification problem consisting of of about 5.6 million 
addresses in (Babu et al., 2015), such methods reduced the data set to 45% of its 
original size.

Thus it is important to subject text data to preprocessing before subjecting them 
to formal feature selection methods.

4. EXPERIMENTS ON FEATURE SELECTION

We demonstrate working of text feature selection using some representative filter, 
wrapper and embedded methods for a common dataset of address classification. In 
this section we describe data under consideration, and present experimental results.

4.1 Description of Dataset

The dataset consists of Bangalore addresses. The addresses belong to a delivery 
hub area of an e-Commerce Organization. They are registered addresses of users 
who purchase items online with the company. As mentioned earlier, the addresses 
contain the previously discussed challenges. They are resolved through multiple 

Table 2. Sample Address Data

Sl. No. Address

1 Honeywell Techologies ADARSH Prime projects, Devarabisanahalli, Cessna Business Park 

2 1BMAIN, 1st Block, Koramangala, Jakkasandra Extn, KMG, 1ST block

3 A-Block, SLS Sunflower, bhoganahalli, Marathalli, Sarjapur ORR, Devarabisinahalli

4 Wipro Corporate Office, Doddakannelli, Sarjapurroad

5 Accenture, Pritechpark, SEZ, 7Block, Outer Ring Road, Bellandur village, Varthur Hobli, 
ECOSPACE
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preprocessing models (Babu et al., 2015). A geographical area spanning over about 
300 sq. km area is considered. It is subdivided into 24 subareas that represent 24 
classes. The entire work of identifying subareas, and labeling the addresses belonging 
to these subareas is achieved through integration of domain knowledge of the field 
executives of the Organization. We consider a dataset consisting of 16,562 addresses 
belonging to 24 subareas. It consisted of about 49,683 words. The number of unique 
features after subjecting the data to preprocessing reduces to 7373. 

Table 2 contains some sample addresses. In order to maintain privacy of the users, 
the names of the individuals and dwelling numbers are not presented. Following 
are some of the challenges found in this limited set of addresses.

•	 The contain spelling mistakes like that in Honewell “Techologies”
•	 Mix of upper and lower case letters
•	 Spelling variations for Devarabisanahalli and Devarabisinahalli
•	 Equivalent representations which effectively reduce the feature set such as 

{ORR, Outer Ring Road}, and {KMG, Koramangala}

A domain expert can identify the redundant information. Such data is unlikely to 
help classification. With massive datasets, manual identification of such patterns is 
impossible and also avoidable. For achieving automated processing, some of these 
issues could be sorted out by data understanding, integration of domain knowledge 
and development of innovative models for preprocessing.

Table 3. Results with Original Data

Experimental Data No. of 
Classes

No. of 
Features

Classification 
Accuracy

Original dataset prior to feature selection and preprocessing 24 7373 90.08%

Table 4. Results with indicate experiments on feature selection

Sl. No. Approach No. of selected features Classification Accuracy Reduction factor

1 χ2 3000 90.48% 0.59

2 Lasso 2370 90.42% 0.68

3 RFE 2200 90.73% 0.70
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4.2 Experiments and Results

We consider the above data. It is 24-category text classification problem. We carried 
out feature selection experiments with different multi-class classifiers with few 
sample approaches. We present all the results with SVM with squared hinge loss. 
The multi-class classification is carried out using with one vs. rest approach. Table 
3 contains the results with original data.

The experiments are of indicative nature for feature selection using different 
methods. Table 4 contains the results. The original number of features is 7373. 
Feature selection using χ2, Lasso and RFE are presented. RFE provided best values 
for classification accuracy and reduction factor. It may be recalled that reduction 
factor is defined as f f f−( )′ / , where f  is the number of original features and 
f '  is number of selected features. 

Figure 1 contains classification accuracy for different number of features selected 
using χ2 approach. Figure 2 provides classification accuracy for different number of 
features selected using RFE approach. It is interesting to note that all the methods 

Figure 1. Feature Selection using Chi-square method

 EBSCOhost - printed on 2/9/2023 7:10 AM via . All use subject to https://www.ebsco.com/terms-of-use



235

A Brief Study of Approaches to Text Feature Selection

considered for experiments outperformed the classification with original dataset. 
Secondly, it achieved marginally higher accuracy with significantly less number of 
features with a reduction factor of 0.59 and above. 

5. CONCLUSION

The work forms a brief study of feature selection algorithms. Relevant celebrated 
works that focused on different aspects of feature selection ranging from specific 
methods, feature selection metrics, theoretical frameworks, empirical studies, 
feature selection studies in relation to text mining, text categorization, similarity 
preserving, etc., are provided. We did not cover deep learning based approaches (Li 
et al., 2015; Najafabadi, et al., 2015) and feature selection with reference to topic 
models and their variants. 

In the work, we defined the topics of big data and data mining, challenges with 
large data size and high dimensions and efficient approaches to generate abstraction 

Figure 2. Feature Selection using RFE method
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from large datasets. We discuss various approaches to feature selection such as 
filter methods, wrapper methods and embedded methods along with relevant work 
carried out so far. 

Filter methods are simple, fast and scalable. Based on a reference metric, variables 
are ranked to identify most representative features. They need not be combined with 
prediction. However, we use supervised learning to demonstrate their effectiveness. 
Further, filter methods can be seen as a preprocessing step before finding optimal 
feature set or weighting the feature set. Some of drawbacks of filter methods (Guyon 
& Elisseeff, 2003) include whether redundant variables help each other. Secondly, 
perfectly correlated variables do not provide any additional information to pattern 
characterization or classification. Further, by means of filter approaches when a 
feature is ranked low and eliminated, it may not always imply that the subsequent 
task like classification is not adversely affected by those eliminated variables. 

Wrapper methods select the variables or features with the help of a learning 
machine by treating it as a black box. A number of approaches such as sequential 
feature selection variants, randomized search algorithms and branch and bound 
algorithms are used. It is generally found that wrapper methods require large amount 
of computation time which is compounded by high dimensionality of patterns. 
Sequential selection algorithms such as forward selection and backward elimination 
are known to be robust against over fitting and computationally fast.

Embedded methods integrate feature selection as part of training process and 
makes use of structure of learning algorithm as against wrapper methods which use 
learning algorithm as a black box. Embedded systems are likely to over fit. Each of 
these three approaches has its relative advantages and disadvantages. 

We discussed practical issues in text feature selection problem in the context of 
e-commerce, informal text and short text categorization. In the chosen sample data 
related to e-commerce logistics problem of address classification, we note that in spite 
of reducing the feature set almost by half through preprocessing methods, chosen 
feature selection approaches significantly reduced the feature set while marginally 
improving the classification accuracy. The experiments are indicative of feature 
selection methods and do not cover entire spectrum of methods.

6. FURTHER RESEARCH DIRECTIONS 

In order to process voluminous massive datasets, it is usual practice to scale up 
the machines to process such dataset. Such datasets are also characterized by 
feature sparseness and non-linear relationships among the features. We believe that 
notwithstanding the ability to process the data, it is necessary to carry out appropriate 
preprocessing and dimensionality reduction to generate meaningful and actionable 
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abstractions. From this context, feature selection assumes significance in massive 
datasets. One interesting ongoing work is feature selection nuances in the presence of 
severe class imbalance. A motivating discussion that cites related works can be found 
in the work by Uysal (Uysal, 2016). This research direction acquires significance 
in view of the increasing datasets in real world applications are imbalanced such as 
those in fraud/spam detection and trust and safety. Subspace methods, multi-agent 
systems where each agent focusing on different aspect of feature subsets, hybrid 
feature selection approaches, deep learning based approaches focusing on necessary 
theoretical frameworks and empirical nuances are some of the other ongoing and 
future research directions. 
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APPENDIX

Related Concepts

The section contains a brief discussion on some related concepts to the activity for 
the sake of completeness.

Pattern and Feature

A pattern is an entity that can be named. Some examples of patterns are a handwritten 
digit, an image, a text document, an ECG, etc. A pattern is characterized by its 
attributes, measurements, or aspects, which are called features. Depending on 
nature of pattern, the feature vector can be of very high dimension. For example, in 
case of an image, every pixel can be considered as a feature. For a given a pattern 
recognition task, pattern representation is pivotal. 

Curse of Dimensionality, Feature 
Selection and Feature Extraction

The goal of pattern recognition can be stated as recognition of patterns with the 
help of features. Depending on nature of learning process, they can be divided into 
supervised and unsupervised learning. Consider a case where the number of features 
representing a pattern is very large. Further, the number of values that a feature can 
assume a number of possible values. With high dimensional feature space leading a 
large volume of space, the available data (patterns) would become sparse. This leads 
to the concept called curse of dimensionality. Such scenarios are very common for 
text processing applications, where number of features (words or tokens) is very 
large making a classification or clustering task difficult. This leads to the need for 
a task for arriving at a subset of features, which is called feature selection or feature 
subset selection. Alternately, identify a process through which a new set of features 
is obtained by transforming the high dimensional input features to a low dimensional 
feature set, which is known as feature extraction. In both these tasks, appropriate 
feature set is arrived at such that the pattern representation continues to be valid. 
Such representation validity is ensured through classification task and its accuracy.

Address Data in E-Commerce Domain

In B2C (business to customer) e-commerce companies, customers order their 
interested products by registering their addresses. Such entered addresses offer a 
number of challenges to the e-commerce companies. Some of them are aggravated 
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by non-availability of geo-location for every customer especially in some developing 
countries. This makes an automated operations of shipment delivery difficult. Some 
of the challenges are the following. 

•	 Incomplete Addresses: The addresses are incomplete more often by 
oversight. It is inadequate for a shipment to be delivered.

•	 Special Characters/Un-Intended Spaces: While entering addresses, a 
number of special characters become part of addresses either created by 
interface and in-appropriate key strokes. Un-intended spaces or missing 
spaces make normal locality names appear different. For example, HSR 
Layout, could be written as HSRLayout making two different terms of same 
locality. If number of such terms is large, the combinations of such words, 
lead to more number of features.

•	 Redundant Data: Usually address entry while customer registration have 
suggested locations for entering data related to street, locality, city, state, zip-
code, etc. Usually, it is found that the data that should have been entered 
at other locations get listed at first opportunity, leading to data redundancy, 
making a machine based inference difficult.

•	 Additional Information: Depending on nature of delivery location and 
nature of the customer, one provides additional data such as directions to 
delivery executive which makes the address very long and avoidable. 

•	 Spelling Variations: Either inadvertently or due to lack of knowledge of 
customers, same locality or a term is spelled multiple ways. For example, one 
finds about 1000 variants for “apartments” in about 50,000 addresses. This 
makes vocabulary size or number of features very large.

Need for Preprocessing Prior to Optimal Feature Selection

Preprocessing of terms based on domain knowledge is an important prerequisite to 
application of feature selection algorithms. This significantly reduces the input set 
prior to applying relevancy and redundancy metrics. 
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ABSTRACT

The chapter deals with the big data in biology. The largest collection of biological 
data maintenance paves the way for big data analytics and big data mining due to its 
inefficiency in finding noisy and voluminous data from normal database management 
systems. This provides the domains such as bioinformatics, image informatics, 
clinical informatics, public health informatics, etc. for big data analytics to achieve 
better results with higher efficiency and accuracy in clustering, classification and 
association mining. The complexity measures of the health care data leads to EHR 
(Evidence-based HealthcaRe) technology for maintenance. EHR includes major 
challenges such as patient details in structured and unstructured format, medical 
image data mining, genome analysis and patient communications analysis through 
sensors – biomarkers, etc. The big biological data have many complications in their 
data management and maintenance especially after completing the latest genome 
sequencing technology, next generation sequencing which provides large data in 
zettabyte size.
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INTRODUCTION

The chapter was initiated by requirement of higher and efficient methodologies to 
analyze big data in a faster manner. The deficiency has motivated us to investigate 
the problems in an existing technology and frame a feasible model for this big data 
analysis. On the other hand, there is a considerable interest in the development of new 
techniques using dynamic programming algorithms to work faster for bioinformatics 
methods. High throughput sequencing workflow systems provide easy and cost 
reduced perspective to genome sequencing with timely detection of functions, 
accurate and fast solutions for big data in bioinformatics. The table 1 shows the 
detailed view of the different workflow systems that can support high throughput 
sequencing technologies which includes a big data incorporated in it for analysis.

Bioinformatics is an interdisciplinary area that deals with the biology, computer 
and statistics. It involves the major aspects of genomics and proteomics with the 
genome sequencing, which are very sensitive in nature as representing the individual 
letter for a single nucleotide in case of DNA sequencing. Since 1970, the biological 
databases are digitized and their sensitivity factors with efficiency are maintained 
in a perfect manner but due to the vast amount of increasing data the maintenance 
aspect and extraction of information from gene expression becomes so complex, 

Table 1. High Throughput Sequencing Workflow Systems

Name Illumina Solid Requirements GUI CLI Online Cloud

Ergatis yes yes Linux, MAC OS X, Windows yes no yes Yes

Galaxy yes yes Linux, MAC OS X yes no yes yes

Genboree 
Workbench yes yes Linux, MAC OS X, Windows yes no yes Yes

GenePattern yes yes Linux, MAC OS X, Windows yes no yes No

GeneProf yes yes Linux (it is not tested on Others yet) yes no yes No

Kepler 
(bioKepler) yes yes Linux, MAC OS X, Windows; > 1 

GB RAM, 2 GHz CPU yes no no No

KNIME yes - Linux, MAC OS X, Windows yes yes no Yes

LONI 
Pipeline yes yes Linux, MAC OS X, Windows yes yes no No

Moa yes yes Linux yes yes no No

Tavaxy yes yes Linux yes no yes Yes

Taverna yes yes Linux, MAC OS X, Windows yes yes no yes

Yabi - - Linux yes yes yes yes
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thus the big data gives the better results for these problems in an accurate manner. 
The big data includes the analysis of following major characteristics, viz.

Scale of data – representing the high amount in size
Streaming data – maintaining the velocity for extraction process
Various data forms – variety in form of data included in database can also be easily 

analyzed
Uncertainty of data – Poor and inaccurate data can be identified

These characteristics are applied on the biological data to provide the information 
efficiently, accurately and in a faster manner by saving enormous time with big 
data concepts.

Big data is defined by the dimensions volume, variety, veracity, value and velocity. 
Most of big data management deals with the map reducing paradigm. In past two 
decades, data has tremendous growth day by day. Large amount of data is generated 
from various sources in structured form or unstructured form, which is difficult to 
analyze. The availability of tremendous data in volume paves the way for higher 
efficient analysis in an active interdisciplinary area like bioinformatics. In a survey, 
IBM indicates 2.5 Exabyte’s (2003) and 2.72 zettabytes (2012-2015) created every 
day in social media, which is very hard to analyze. Other than these, the massive 
amount of data in genome analysis also difficult to handle. Most of these big data 
prefers Hadoop technology to process, which reads the raw sequence and produce 
the map to undergo sequence alignment, then identify the variants. The likelihood 
function plays major role in variant detection. The preliminary analysis is done using 
functional annotations. Protocols are used to deal with the raw variants. Although 
they are giving large volume of data, the interpretation of data doesn’t take place 
here in the database. The bioinformatics area provides greater importance to the 
computational intelligence and analysis methodologies for the purpose of biological 
data study. The traditional model uses centric data processing with big data (4-5 Gbp) 
and it takes run time in days to complete the analysis. In these existing models, the 
aspects of analyzing image and base calling tools are to be already defined and they 
just incorporate them into it. The alignment algorithm has the presence of repeated 
known segment duplication and incomplete reference genome.

This chapter includes analysis, interpretation and visualization of big biological 
data produced by high throughput technologies such as next generation sequencing, 
microarray etc. The project is a framework for integrating new computational tools. 
NGS data are aligned by proposed alignment tool pairwise-multiple alignment 
tool. NGS data undergo assembly process with new proposed algorithm package 
gene assembler. A new machine learning approaches for resequenced genomes are 
included to detect polymorphism and structural variant. The resultant analyzed data 
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are visualized using tabular and graphical method with inclusion of new packages 
of big data visualization using python language. The user will able to connect to 
the large high amounts of data dumped in the public databases like PDB, NCBI and 
from several other available online databases. In uploading a custom data, the two 
ways are practiced: First, uploading the data from local directory by specifying a 
file name. Secondly, for large files (>3GB) such as NGS data, uploading process 
can be performed through HTTP/FTP. Though there are various NGS platform 
offer parallel sequencing analysis, the enormous data is a fundamental problem for 
analyzing and managing. The proposed software is well suitable for managing the 
data in a local database providing the storage management of raw and processed 
sequenced data with newer schema and it integrates proposed algorithms with high 
performance computing, which occupies minimum amount of memory space for 
this huge data with good complexity measures. This model clearly states the process 
of interpretation analysis occurs on data. Data pre-processing involves alignment 
process to avoid the noisy and missing data. Web Interface provides access to the 
web to get a data for specific processes of comparison to maximize the project 
outcome. The model supports file formats such as FASTA, FASTAQ and ARFF to 
give efficient analysis on big biological data and it includes set of tools to handle all 
known variants and convert it to a feasible format. This model predicts the cancer 
diseases to which the given data belongs to. It can be of different types of cancer – 
skin cancer, breast cancer, anal cancer, brain tumor, bone cancer, bile duct cancer, 
cervical cancer, gall bladder cancer, kidney cancer and lung cancer. Thus, the main 
aspect of this software is to predict the cancer disease in a given big data. The model 
also supports all types of big biological data for analysis and it is not limited to 
the particular problem cancer. The general aspects of bioinformatics such as gene 
prediction, protein prediction, sequence analysis, clustering, biological filter and 
statistical methods to view the data in different manner. The project implementation 
will lead to a continuous improvement and optimization in performance to achieve 
better results. Visualization domain includes the statistical tool to deliver the report 
in user’s format. These models are useful in a big data biomedical research to identify 
the type and specification of cancer patterns with all necessary technical needs.

The status of research in big volume of data for biological aspects such as 
Protein, DNA etc. has been increased from every nine months to one year. Since, 
the database contains trillion-fold updating annually and daily in the sequencing 
aspect, the illumine technology can faster the performance in their own way as their 
perceptions are considered to be 3GB/min for sequencing a genome. As a performance 
increases, this DNA or protein sequencing methodology can also be used for several 
other applications which relates the process of sequence methodology.

The identification of properties in a biological gene network analysis is a 
challenging factor. The method of regulating gene is to identify nuclear factors 
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approving short DNA sequence motifs which occur in upstream of the promoter 
and encoded regions. This analysis gives a way by which the genes occurring in the 
same tissue with certain conditions are confirmed to share some of the common 
regulatory binding sites. This method of identifying motifs gives the necessary details 
about the tissue specified for their expression related control and signal control. In 
this way, the features of promoters are identified by the genome DNA and runtime 
characteristics of gene expression that are found in the process of identifying gene 
through start codon and stop codon. This codon identification can be performed 
by studying the methods of promoters and their analysis in a sequence, which acts 
as a major problem for sequence analysis in most of the cases. Hence, newly series 
methods are found for identifying and studying the regions of promoters. The 
functions of promoters can be retrieved from several databases such as PDB, which 
gives structured sequence, in which the regions are found through the 3D structure. 
Characterized promoters have been frequently mined from several online databases 
(annotated promoters in PubMed) or the “Eukaryotic Promoter Database” of the 
ISREC (EPD, http://www.epd.isb-sib.ch).

This chapter helps to create customized big data solutions keeping in mind the 
direct needs of biomedical research and to provide the manual aspects to desktop 
systems in an easy, faster and efficient manner. As of in the path of previous 
technologies does, big data also has its influence in the IT industry without any 
hiding techniques in it to the world. This big data not only has their influence in 
the industry but also makes the industry to move to the next level through which 
their businesses can be grown in an effective and efficient way. Although it has its 
advantage in business growth, Microsoft provides that managing big data is a major 
problem. The COE of Microsoft said that the big data helps in making decisions 
for the business and identifying the hot spots in the architecture very quickly. “Big 
data absolutely has the potential to change the way governments, organizations, and 
academic institutions conduct business and make discoveries, and it’s likely to change 
how everyone lives their day-to-day lives,” said Hauser. According to this quote the 
analysis, interpretation and visualization of big data needs lot to be improved than 
the existing models available, our work will fulfill all these aspects and gives the 
efficient result useful for the research and development in the area of biotechnology.

BIOINFORMATICS – BIG DATA

Bioinformatics and big data are much related together since the biological data 
have to be maintained for the interdisciplinary areas like bioinformatics analysis, 
interpretation, prediction and pattern recognition etc. the maintenance of this 
biological data are very tough for the database since the databases are available 
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on public, their updating are done daily and also in an annually manner. This 
maintenance of large volume of data paves the need for big data in bioinformatics. 
Thus, the big data enters biological data with necessity of its function unavoidable. 
The functions involved in database includes pattern recognition, pattern matching, 
pattern analysis with different categories of biological data such as gene, genome, 
DNA, protein, RNA, SNP, SRA, probe, taxonomy etc. there are separate public 
databases are maintained for different biological data’s such as structured proteins 
in databases like PDB, unstructured protein in NCBI like public databases, drug 
sequences are maintained in an drug bank database etc. the data warehouse are the 
major gateway for bioinformatics in an research aspects to get their input biological 
data and perform processes, add functionalities and upload to a public database 
again for the world reference. 

NGS DATA ANALYSIS, INTERPRETATION AND VISUALIZATION

The process takes place in NGS is to unravel the ordered sequence of nucleic acids 
that group together to make DNA of the given sample. The big data from NGS 
becomes so big and the challenge of maintaining and analyzing data also increased 
in recent years. The first human genome sequencing took nearly 10 years with 
amount in number of billion USD, whereas now it takes only one week with 2000 
USD in a single machine due to the different software tools available for big data 
analytics in an efficient manner that speeds up the processes.

Statistics performed in biological data finds difficult to most of the biological 
experts including the scientists, teachers etc. since, the problem they faces deals with 
the probability distribution occurs in the wavelet transform, degrees of freedom, 
density calculation, path length, formulae selection, etc. In this cases are so far the 
statistical tools has its major part, which can be making the process in an easier 
and efficient manner for the performance such as excel, spreadsheets and the 
programming languages are also to be useful for those strategies such as python 
etc. these calculations are classified into four major types for their statistical and 
graphical representations such as network overview, node overview, edge overview 
and dynamic. Though these types available, the connected components are analyzed 
and the corresponding nodes and edges are found. Their modularity and page rank 
with respect to network overview are also calculated. Thus, by this way we can 
carry out the obtained results and their interpretation can also be performed here 
in an efficient way.

In a transcriptional regulation, the factors considered for the proteins are the 
tough section for the given sequences to have the control over it. The major fact it 
is to find where these DNA bind the protein in to it, in the middle RNA acts in the 
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way by transforming the base from T to U, through which the codon identification 
done for the amino acid present in the proteins. These aspects can be done efficiently 
and their scores can also be mentioned graphically. This can also be done for all the 
available methods for the protein translation. These methods are also to be applied 
for various biological techniques such as DNA – protein interaction, healthcare 
etc. Figure 1 shows the methodology for NGS data maintenance by which analysis, 
interpretation and visualization can be done for the increased biological data. Figure 
1 is proposed based on the methods that can be well efficient for maintaining data 
in the NGS.

Clustering On Structured Proteins With Merge Filter

The protein structure is predicted by using target sequences from BLAST. The predicted 
protein structure of macropus rufus and structured proteolyzed lysozyme protein are 

Figure 1. System Architecture
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interacted together using merge sets filter for clustering. The selection of a clustering 
technique for protein clustering is a problem. In order to estimate, performance 
on three clustering algorithms that are SimpleKMeans, ExpectationMaximization 
and MakeDensityBasedClusterer are analysed. Comparative analysis with various 
clustering algorithms illustrates the efficiency of the better clustering algorithm. 
This method can be applied for the large class of applications such as drug discovery, 
protein-protein analysis, docking etc. A survey on different types of bioinformatics 
tools available for next generation sequencing process are done and accumulated 
extensive experience in sample handling, variant detection and bioinformatics analysis 
on tools. The research in this area has various advantages to the real time applications, 
which led to accurate techniques for the process of extracting information related 
to patterns from a given database.

A survey of NGS data analysis software and methods done on the memory 
management to provide space for advances in bioinformatics to address big data 
problems. We have compared various software tools for the de novo NGS data 
analysis. Big genome paves a way to give more complex repeated structures, which 
can be overcome by using best alignment and assembler software tools. This survey 
provides a technical review of NGS data analysis software tools, algorithms and 
workflow systems to date, which hopefully will be a useful resource for future next 
generation sequencing research aspects.

CONCLUSION

This chapter explores the big data analysis technique in NGS biological research and 
EHR technology for health care. This study also deals with the data management 
aspects in bioinformatics to address the problems in handling big data with the help 
of efficient Hadoop map reduce framework. NGS analysis methods for processing 
the big gene expressions are performed in samples. This survey provides a technical 
review of big data in bioinformatics, which hopefully will be a useful resource for 
future research applications such as NGS, Health care, Online databases etc. In 
future, this survey can be extended in deep to the levels involved in NGS such as 
analysis, interpretation and visualization based on their recent technologies updation.
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KEY TERMS AND DEFINITIONS

Bio data mining: It is the process of extracting useful information from the 
biological database for the reference of biological applications.

Clustering: It groups the similar sets of data’s under a single window known as 
cluster and whole process of cluster said to be clustering.

Codon: Combination of three nucleotides in a sequence used for identifying 
genes in the genome by start and stop codon.

Docking: A secure, protect and efficient interaction of molecules in a protein used 
for identifying the biopolymer reactions in the chain, etc for biological applications.

Hadoop: This technology supports for the large datasets involved in the process 
with the distributed systems in an efficient manner.

Interface: Common line for both the side to meet their needs in their understandable 
manner especially for communication aspect, data formats in the biological sequence.

Mapreduce: A Big data are subdivided in to the chunks and create the virtual 
distribution to take place the process in a parallel way without making delay under 
waiting aspect.
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NGS: High throughput sequencing effectively concentrates in the visualization 
prospects to describe the recent technologies for analysis etc.

Pattern: A regular form which can be used for identifying same genes in the 
genome or to match the data in the database.

Pipelining: Linear Sequence formed by breaking a very large datasets and results 
in a data format for easy access in the retrieval process.
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APPENDIX 1

PROTEIN STRUCTURE REPRESENTATIONS

In the present work, a unstructured protein sequence (Crab - alpha B crystallin, partial 
[Macropus rufus]) named as query sequence and the target sequences (2KLR - Solid-
state NMR structure of the alpha-crystallin domain in alphaB-crystallin oligomers, 
3LIG - Human AlphaB crystallin, 2WJ7 - Human AlphaB crystallin, 2Y1Z - Human 
Alphab crystallin ACD R120G) are given as input to predict the protein structure as 
shown in Figure 2. was converted to ARFF file format known as input sequence1. 
Another structured protein (Egg - Crystal Structure of proteolyzed lysozyme) as 
shown in Figure 3. was converted into ARFF file known as input sequence2. This 
PPI method done through mergesets filter in Bioweka software and finds the best 
clustering algorithm for the real world applications.

APPENDIX 2

Python Scripts and Data Mining Technique

The python language helps in coding the scripts for predicting the protein structure 
in an efficient way with the help of BLAST algorithm. BLAST paves the way to 
identify the similarities in the pattern structure with the calculation of affinities in 
the representation of percentage. This results gives the similar proteins with highest 
matching patterns that paves the way to identify the protein structure. This protein 
structure was made to combine with another protein structure and applied a data 
mining technique clustering with their existing algorithms and found the results. The 
results of the python scripts are the predicted protein structure shown in Figure 2. 
The execution of these python scripts are shown in the Figure 4. The scripts includes 

Figure 2. Predicted protein structure
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Figure 3. Crystal structure of proteolyzed lysozyme

Figure 4. Python scripts execution
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the input structures obtained from the blast results and produce the predicted output 
of the protein structure.

BIG DATA-BIOINFORMATICS RESEARCH LABS

1. 	 Merck Research Lab, Boston, MA, USA
2. 	 Roche Holding AG, Basel, Switzerland
3. 	 Biodatamics and BioDT, Bethesda, MD, USA
4. 	 Advanced Chemistry Development Lab, Toronto, Canada

Figure 5. Proteins interaction data clustering
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