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Abstract

In the recent days, the term which was very challenging in the discipline of infor-
mational science is data mining, which includes extraction of tremendous amount
of data. Data mining is very useful and interesting in accessing the different pat-
terns of data from the pre-existing data in the database to get knowledge based
information using different software techniques. Data mining looks most suitable
for bioinformatics, as bioinformatics is enrichment of data, though the evolution-
ary phases of human existence at molecular level are lacking.

Nevertheless, gathering information from different databases is very helpful
and informative in informational science which is affected by the several different
aspects of the data stored in the libraries. These libraries involves the persistent
data with the relevant domain of science. Also, it consists of various factors such
as diversity, count, dimension, etc. Later on, it is not that much easier to man-
age and access the data which is most useful in data discovery as it requires the
cogent scientific skills and deep insight for the body of knowledge around that
data. The biological databases compilation is also difficult. The most effective way
for accessing the databases in informational science and developing new technol-
ogies for studying the biotic system at molecular level includes extracting the raw
data from the other relevant databases and also its further evaluation has become
more important and crucial concept in informational science.
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4.1 Introduction

The Data Science is extraction of useful information from the huge
amount of data which leads to identify the fresh and understandable
data models and patterns out of it [1]. Bioinformatics is the computer-
assisted science aiming at managing a huge volume of genomic data,
which combines the power of computerized science of storing, analyz-
ing, and utilizing information from biological data such as molecules,
sequences, gene expressions, and pathways to solve multiple genetic
puzzles [2]. The approaches of improvement to provide some important
details about the rapidly expanding sources of biological data in data
mining (DM) will play a vital role [3]. DM is the fundamental science
of discovery of new interesting configurations and correlation in huge
amount of data. It is defined as “the process of finding meaningful new
relationships, patterns, and trends by digging into large amounts of data
stored in storerooms” [4]. Knowledge Discovery in Databases (KDD)
is the word sometime used for DM. These processes are blood for the
future research as well as driving force for the technological paradigm. It
is the need of the hour which is consistently evolving for identifying the
probability of hidden knowledge that exist in the data which is already
generated by the science and technology [5].

DM methodologies have paved the futuristic advancement for bioinfor-
matics and an appropriate tool for the same which provides deep insight
for the data at the molecular level for recognizing patterns and making
algorithms around it. The wide-ranging databases of biological informa-
tion create both challenges and opportunities for development of novel
KDD methods [6, 7]. Biological data handling will be beneficial for identi-
tying the appropriate targets and generating therapeutics around the iden-
tified target in a sort span. The entire human genome, the complete set
of genetic information within each human cell, has now been determined
[8]. Understanding these genetic instructions promises to permit scientists
to better understand the nature of diseases and their cures, to identify the
mechanisms underlying biological processes such as growth and ageing
and to clearly track our evolution and its relationship with other species
[9]. The main hindrance lying between investigators and the knowledge
they seek is the sheer volume of data available. This is evident from the
rapid increase in the number of base pairs and DNA sequences in the
repository of GenBank [10].
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4.2 Data Mining Methods/Techniques

Selection of DM technique is very crucial in the context of studies being
undertaken and in the complexity of the identified problem and business
type. Various DM techniques are summarized in Figure 4.1, and a com-
mon platform approach is adopted generally for the accuracy and cost-
effectiveness of the entire process.

4.2.1 Classification
4.2.1.1 Statistical Techniques

Statistical techniques of DM is a branch of mathematics mainly deals with
collection and description of data [11]. Despite of the above fact, many
data scientists are against it for being considered as DM technique. But
still, it assists to determine the patterns of data evaluated and can build a
predictive models around it [12]. For this reason, data analyst should pos-
sess some knowledge about the different statistical techniques. In today’s
world, people have to deal with a large amount of data and have to derive
important patterns from it. The application of statistical analysis is given
in Figure 4.2, while the different data collection methods are summarized
in Figure 4.3.
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Figure 4.1 Data mining techniques.
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For data analysis, statistics is the essential component to understand and
evaluate the data. Statistics will help the scientist to identify the data pat-
tern while DM process through data visualization. This will further help in
detecting the noise and then in optimizing and identifying the significant
finding out of the data jargon.

4.2.1.2  Clustering Technique

Clustering technique (segmentation) is one of the oldest DM techniques
where the data which are similar in nature being are treated as a cluster.
This will assist to comprehend the differences and similarities between the
data and it is very accurate method of DM [13]. It seems to be pretty use-
ful when pattern recognition is needed between the same kinds of data to
draw a meaningful conclusion. For instance, an insurance firm can group
its consumers based on their income, age, nature of policy, and type of
claims. There are different types of clustering methods used for the DM
process (Figure 4.4).
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Figure 4.4 Types of clustering methods.
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4.2.1.3 Visualization

Data visualization is the primary and most common method of the DM
which is applied at the beginning of the DM process [14]. Many types of
research are going on these days to produce an interesting projection of
databases, which is called Projection Pursuit. Data visualization is very
useful tool which will give the holistic overview of the analyzed data and
helps the scientist to remove the data which are not suitable for the further
process. It is equally useful for the recognition of the hidden patterns [12].

4.2.1.4 Induction Decision Tree Technique

As the name suggest, the decision tree technique has the tree-like structure
which can generate predictive model [15]. In this technique, the data to
be evaluated shall be classified as the branch of the tree and the leaves of
the trees are considered as partitions of the data set related to that particu-
lar classification. This technique can be used for exploration analysis, data
pre-processing, and prediction work [16]. The data are classified as the
segment or the branch which possesses some similarities in their infor-
mation being predicted. On a closer look, one can see that it has pretty
good potential for correlate the problem statement with that of the desired
outcome; hence, it is popularly used by the statistician for predictive data
analysis as well as for the data pre-processing.

The first and foremost step in this technique is growing the tree. The
basic of growing the tree depends on finding the best possible question to
be asked at each branch of the tree. The decision tree stops growing under
any one of the below circumstances.

a) If the segment contains only one record
b) All the records contain identical features
c) The growth is not enough to make any further spilt

CART which stands for Classification and Regression Trees is a data
exploration and prediction algorithm which picks the questions in a more
complex way. It tries them all and then selects one best question which is
used to split the data into two or more segments. After deciding on the
segments, it again asks questions on each of the new segment individu-
ally. Another popular decision tree technology is CHAID (Chi-Square
Automatic Interaction Detector). It is similar to CART but it differs in one
way. CART helps in choosing the best questions, whereas CHAID helps in
choosing the splits [17].
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4.2.1.5 Neural Network

Another significant approach used by individuals these days is the neu-
ral network. In the early stages of DM technology, this method is most
commonly used. Neural networks are very user friendly as it is sequential
process where it does not demand the scientist to be technically sound in
the domain of data generated [18, 19].

A set of interconnected neurons is a neural network. A single layer or
multiple layers can form. The architecture of the network is called the
creation of neurons and their interconnections. There are a wide range of
models of neural networks and each model has its own benefits and draw-
backs. There are distinct architectures in of neural network model, and
these architectures use distinct learning processes. Neural networks are a
very solid method of predictive modelling. But even for specialists, it is not
quite easy to comprehend. It produces very complicated models that are
difficult to completely comprehend. Companies are therefore seeking new
solutions to grasp the Neural Network Methodology (NNM).

Two possibilities have already been proposed [20]. The first approach is
to bundle the neural network into a complete solution that will allow it to
be used for a single application. The second approach is that it is related to
specialist advisory services. In numerous types of applications, the neural
network has been used [15].

4.2.1.6  Association Rule Technique

It is the different techniques of all techniques in DM which identify the
hidden pattern in the data set through which one can find out the variable
of interest. Even one can also find out the appearance frequency of any
particular variable [21]. Different types of association rules are depicted in
Figure 4.5. It will give the frequency as well as correctness of the same rule
for particular problem.

This rule technique extends up to a two-step process. First, Step-Find
all the data sets which are occurring regularly or repeatedly. Second, Step-
Over the time it creates strong association rules from the data sets which
appear constantly.

4.2.1.7 Classification

Among all DM techniques, it is the most common and widely used spe-
cially to generate model from a large data set (Figure 4.6). Also, the other
advantage of this technique is to obtain important information about data
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Figure 4.6 Classification technique.

and metadata (data about data). If you evaluate it closely, then it is very
much similar to cluster analysis technique, but here, it utilizes decision tree
or neural network system. This technique includes two main processes, i.e.,
Learning and Classification [16, 22].
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4.3 DNA Data Analysis

DNA, RNA, and protein are three important elements of life science; they
set the groundwork of all living organisms [23]. Tons of researchers are
working together to explain the nature of life, and lots of study has been
performed to define interactions between structures and their properties
[24]. For microbiologists, information encoded in nucleic acid molecular
sequences is important because not only it transmits genetic information
from generation to generation and furthermore affects transcription and
translation activity [25]. Without gathering and processing such DNA
sequences, research on the origins of life sciences cannot be performed,
which involves identifying the exact order and proportion of the four
nitrogen bases in a DNA strand: adenine, thymine, guanine, and cytosine
[26].

The most interesting advances in the area of life science research is the
isolation of DNA fragments which are exist in large numbers and identi-
fication of biologically active using recombinant DNA technology which
is the most advantageous aspect in the area of molecular biology. Large
DNA molecules could be split into multiple small fragments in an orga-
nized manner using restriction endonucleases [16]. Recombinant DNA
techniques also help in the purification and classification of independent
mixture of restriction fragments and most significantly, at least three steps
are required to do DNA sequencing: cloning, sequencing, and analyz-
ing. In DNA sequencing, there are two main techniques: Maxam-Gilbert
sequencing (also known as chemical sequencing) and the process of chain
termination (also known as Sanger sequencing). The previous approach
applies radioactive labels to the 50th end of DNA and produces subsequent
breaks at specific bases by using chemical process [27, 28]. In the form of
dark bands, which reflect radiolabeled DNA fragments, autoradiography
helps to generate a sequence or chain of fragments. Sanger’s mechanism,
on the other hand, requires modified di-deoxynucleoside triphosphates
(ddNTPs).

Although using computers for data analysis has obvious advantages,
there still exist weaknesses (Figure 4.7). Despite of so called technological
advancement in the field, it has certain disadvantages also which are sum-
marized in Figure 4.8.
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Figure 4.7 Importance of DNA sequence data analysis.
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Figure 4.8 Disadvantages of next-generation sequencing data analysis.
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4.4 RNA Data Analysis

When we are stating RNA sequencing (RNA-Seq), it is mainly related to
transcriptome of a cell. This is mainly done with virtual screening and
high-throughput screening method [29]. In comparison with previous
Sanger sequencing- and microarray-based techniques, it provides good
resolution and greater data coverage for RNA data. These data are very use-
ful for identifying novel transcripts, identifying alternative spliced genes,
and detecting allele-specific expression [30, 31]. All the recent advance-
ment in this field like RNA workflow, libraries for sample preparation, and
data analysis suits have enabled the scientist to get the functional tran-
script and transcription process [32]. RNA-Seq may be performed to esti-
mate different RNA populations, including complete RNA, pre-mRNA,
and non-coding RNA, including certain microRNA and long ncRNA,
in addition to polyadenylated messenger RNA (mRNA) transcripts. A
high-throughput approach is mostly used for now a days, which has some
additional benefits, such as having more understanding of the complex and
dynamic existence of the transcriptome [33, 34]. Elucidation of the differ-
ent physiological and pathological conditions is now possible with such
advanced techniques. With the aid of new mapping techniques, longer
reads becomes a reality. Since prolonged readings can extend several exon-
exon junctions, with the additional information encoded in longer reads,
the recognition and quantification of alternative isoforms can dramatically
improve. Soon, one will see the same applications as an extension in the
clinical diagnosis like screening of cancer, pregnancy even for personalized
medicine [35, 36].

4.5 Protein Data Analysis

Entire units of cellular components, such as the genome, transcriptome,
and, more recently, the proteome, can be analyzed now due to advance-
ment in technology, instrumentation, molecular biology, and bioinform-
atics [37]. With advancement, it is now possible to monitor changes in the
human tissue proteomes that are associated with differentiation, apoptosis,
disease, and other important biological modifications [38]. The proteomics
arm of the OMICS technology is mainly used to elucidate protein struc-
ture, its functionality, interactions, and post-translational modifications.
When we compare these data with genomics, it is 100-fold complex and
dynamic which contribute to the enormity of the challenge of proteomics
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and the very modest progress to date [39]. Development of proteomic
technologies having different sides can be depicted from relatively broad
proteomics experience of the authors and the proteomics reports of others.
To increase the overall number of identified and quantified proteins,
multiple complimentary approaches need to be taken with any protein-
profiling technology. More than one approach can be used to increase the
validity of the quantitation of expressed proteins in different samples [40].
To increase the understanding of the quantitation differences arising from
biological effects, a multiple-approach strategy would be preferred rather
than having experimental approaches [41].

Although the reported number of identified proteins per study may
range from a few hundred to a few thousand, the amount of time and
material it takes to profile that many proteins is not of less importance
[42]. One can see the evolution in both side means analyzing by differ-
ent mode of mass spectrometry as well as proteomics approaches to be
ahead of time still there is a need of better platform based approach for the
same [43]. At initial stage, a platform where any raw data file format from
any instrument can be deposited and converted into a common file format
for preliminary spectral analysis would be extremely valuable. Adding to
the same, a good reporting arm for the statistical evaluation of the data is
needed [44]. Combination of both these element will surely give us the
desired outcome.

4.6 Biomedical Data Analysis

Unprecedented amount of data has been generated with advancement
in structural bioinformatics, molecular biology, and pharmacogenomics
research in the biomedical field. In short, biomedical data can be avail-
able in varieties of sub domains. The major arm of the same is data related
to gene expression, DNA sequence, and protein primary structure [27].
Apart from that, addition of the high throughput sequencing methods and
c¢DNA microarray technology has provided efficiency in both data gener-
ation as well as its analysis. Virtual screening is also an added star to the
same bucket of research tool. There are many algorithms available which
can deal with bifurcation of sequences, checking similarities, and get read
of weak candidates among them, separating protein coding regions from
non-coding regions in DNA sequences, prediction of protein structure as
well as function, and reconstructing the underlying evolutionary history
[45]. There are four components of a DNA sequence, namely, adenine (A),
cytosine (C), guanine (G), and thymine (T), which specifies the code of life.
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Similarly, when we talk about proteins primary structure, it mainly grafted
from the 20 amino acids. These amino acids will be incorporated for the
gene coding of the DNA sequence. On the other side, gene expression data
will be useful to understand the expression profile in terms of its regulation
under specific conditions in a cell [46]. The research in this field can be
accelerated if a good database is created along with a capable software.

4.7 Conclusion and Future Prospects

Bioinformatics and DM are the two side of the same coin. If we consider
one side, i.e., Bioinformatics which is having huge amount of data but
devoid of molecular level organizational theory to organize such data,
these gaps are filled by the other side of the coin, i.e., DM. However, DM
in bioinformatics is mainly affected by the heterogeneous nature of data,
which make it difficult at reaching quality output some times. Not only this
but data integration and level of expertise require to do the same is also the
concern. It is useful for the identification of the gene, transcription process,
protein function elucidation, function motif detection etc. Apart form
that, it is useful for the diagnosis, prognosis and treatment optimization of
a particular ailment. It also has potential to detect the interaction, sorting
of the database generated and protein sub-cellular location prediction. If
we talk about future of the same, the it is surely bright. There is need of an
efficient scoring algorithm which can be able to execute all the data dump
efficiently and in comprehensive manner is highly desirable.
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