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Abstract—Massively parallel sequencing technique, introduced by NGS technology, has resulted in an exponential growth of
sequencing data, with greatly reduced cost and increased throughput. This huge explosion of data has introduced new challenges in
regard to its storage, integration, processing and analyses. In this paper, we have proposed a novel distributed model under
Map-Reduce paradigm to address the NGS big data problem. The architecture of the model involves Map-Reduce based modularized
approach involving 3 different phases that support various analytical pipelines. The first phase will generate detailed base level
information of various individual genomes, by granulating the alignment data. The other 2 phases independently process this base level
information in parallel. One of these 2 phases will provide an integrated DNA profile of multiple individuals, whereas the other phase
will generate contigs with similar features in an individual. Each of these 2 phases will generate a repository of genomic information
that will facilitate other analytical pipelines. A simulated and real experimental prototypes has been provided as results to show the
effectiveness of the model and its superiority over a few existing popular models and tools. A detailed description of the scope of

applications of this model is also included in this article.

Index Terms—CNV, Hadoop, Personalised Medicine, Cancer, NGS, fault tolerant model, Bioinformatics analytical workflow.

1 INTRODUCTION

T HE next generation sequencing (NGS) [1], [2] methodol-
ogy has introduced the notion of short reads, massively
parallel sequencing technique, which has revolutionized
the sequencing capabilities with greatly reduced cost and
increased throughput. The amount of output data generated
by NGS technology has been increasing more than double
in each year. In 2007, a single sequencing run could produce
around one gigabase (Gb) of sequence data [3]. By 2011, it
approached a terabase (ITb) of data produced in a single
sequencing run [1]. The human genome is composed of
approximately 3.2 billion base pairs [3]. At 30X coverage,
the capacity to sequence these 3.2 billion bases of the human
genome has increased exponentially [3]. Moreover, it is to
be noted that the first human genome took 15 years to
sequence, with cost nearly 3 billion dollars. HiSeqX Ten,
released in 2014, is able to sequence over 45 human genomes
in a single day for approximately US$1000 each [4]. Today’s
NGS machines can generate from a few hundred gigabytes
(Gb) to a few terabytes (Tb) of read data per run [5].
Thus, the huge explosion of data is now introducing a new
challenge in bioinformatics research.

Storage of this Big Data, its integration, processing and
analyses have become more expensive than its generation.
Thus, the issues are how to do efficient parallel accessing,
and storing of NGS short read alignment information/files
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(Big Data). The second point is how to integrate the vast data
present in different heterogeneous storage systems, and how
to intelligently extract knowledge from the data tornado.

In order to overcome the bottleneck of performance in
big data analysis, Google first proposed a data storage
mechanism using big table in a special file system known
as Google file System (GFS) [6]. This would act as a frame-
work to process big data or distributable problems [7].
Later, Apache implemented this idea of GFS in developing
an open source big data framework called Hadoop [8],
which allowed parallel programming using Map-Reduce
paradigm [9]. Hadoop uses a fault tolerant file system
called HDFS (Hadoop Distributed File System) [1]. Hadoop
has become very popular due to increasing attention of
academia and industries [10] for its capability to imple-
ment fault tolerant system using HDFS [11] at low cost.
Map-Reduce is a simple programming model that allows
automatic parallelism and distribution of jobs ensuring high
performance and fault tolerance over a cluster of commodity
hardware. In this paradigm, a large distributed program is
expressed as a sequence of parallel operations on datasets of
< key,value > pairs [12], where the data is kept in HDFS
architecture as shown in Supplementary Figure S1. An
illustration of Map-Reduce programing is also depicted
in Supplementary Figure S3.

In recent years,Map-Reduce programming in Hadoop
has been receiving a great deal of attention of both
the research community and industry [7]. Development
of NGS data analytical tools in Hadoop framework is
also gaining immense popularity, because these tools can
provide more accurate analysis of genomic alterations,
like SNPs, CNVs and other structural variations, along
with their corresponding role in various neurological
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diseases and cancer [13]. In this regard, NGS tools like
CloudBurst [14] has been implemented for mapping or
aligning NGS short reads in parallel, using a seed-and-
extend based alignment algorithm in Hadoop framework.
However, it does not incorporate the quality information
efficiently during the alignment process. SEAL [15] is an-
other alignment effort in Map-Reduce framework, which
incorporates Burrow Wheeler Alignment (BWA). DistMap
[16] has been designed in Hadoop framework to provide
an integrated workflow for aligning NGS reads. Here,
the user applications can exploit the flexibility of exe-
cuting some or all modules of the alignment work-flow.
Crossbow [17] implements a Map-Reduce based parallel
version of an established alignment and SNP detection
algorithms, called Bowtie [18] alignment and SOAP-SNP
[19] techniques respectively. A Map-Reduce based read
assembling framework, called Contrail [20], has been
developed to provide supporting data structure and li-
brary to external applications. SeqWare Query Engine [21]
is a Cloud-database management system, using a NoSQL
HBase backend and a Map-Reduce Hadoop infrastructure.
It provides a web-based front-end through which users
can load several whole genome datasets, as well as query
variants. Myrna [22] has provided a Map-Reduce based
pipeline that analyses differential expression pattern of
genes using RNA-Seq data. Genome Analysis Toolkit
(GATK) [23] is a programming platform for NGS data
analysis tools under Map-Reduce framework. This tool
[23] can separate the complexity of accessing NGS data
from the analytical logics. HADOOP-BAM [24] is another
java based library tool, which acts as an integration
layer between binary alignment (i.e., BAM) files [25] and
analysis applications.

However, all these efforts do not convincingly address
the aspect of designing a generalized Map-Reduce based ar-
chitecture that will allow applications with greater flexibility
and control in execution. Besides, these models/ tools do
not sufficiently address the evolution of the knowledge and
their respective analytical processes with the acquirement of
exponentially growing NGS data.

The model has been designed as a distributed analytical
platform based on Map-Reduce framework for catering
NGS big data issues. Three phases execute under batch
processing mode, where the execution of Map-Reduce task
of phase BaseProfiler will be followed by the execution of
phase SeqClust and phase ContigClust independently. The
latter two phases can execute in parallel to each other. Phase
BaseProfiler processes NGS related alignment files , in the
form of input splits, to generate information correspond-
ing to each base position of the genome, which will be
used by the other two phases. Phase SeqClust generates a
multiple genome based reference sequence, whereas Phase
ContigClust processes the output of the phase BaseProfiler
to generate repository of contigs or segments having similar
biological features or patterns.

The framework adopts a novel approach for processing
< key,value > pairs in both Map and Reduce tasks using
a balanced search tree based index of intervals, where an
interval corresponds to a genomic segment with start and
end coordinates. Traditional Map-Reduce framework, like
Hadoop, does not provide this freedom to use a customized
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tree based index structure or customized hashing for retriev-
ing data in the form of < key, value > pairs, as per the need
of the application. The model thus provides a repository
generated by analysing and summarizing the NGS short
read data of human individuals, providing diverse range of
knowledge base. The overall description of all the phases,
along with input and output of each Map-Reduce proce-
dures, are depicted in the Supplementary Table S1.

The implementation or prototype of the model facili-
tates generating several types of genomic information of a
particular queried region in a summarized manner, which
further enables diverse range of downstream genome analy-
ses, including mappability measure or score, base coverage,
and, GC Content data. These data, pertaining to a queried
region, have important biological effects on each other. The
prototype identifies such type of significant co-relations
between several summarized information of a particular
queried region, providing superior insight of the informa-
tion base. In addition a comparative study has been done
among the implemented prototype of the model, HADOOP-
BAM and GATK tools, for evaluating the performance of the
model. The superior performance of the model, in terms of
speedup, has been presented in this regard.

2 METHOD

The proposed methodology primarily designs a scientific
workflow model that provides analytical pipelines exe-
cutable in parallel, for processing NGS based big data.
The workflow mainly will provide an integrated DNA
profile of similar/diverse human genomes which will get
modified with increasing scalability. In addition, the model
will generate a distributed repository of DNA segments
based on similar features, like structural variations, GC
content profiles and gene expression level, which can be
utilized by other analytical tools. These tools could access
the repository efficiently through an indexed based retrieval,
unlike HADOOP-BAM and GATK. These pipelines would
be deployed on a distributed framework based on Map-
Reduce style, during processing of NGS alignment data of
a population. The alignment data of each individual sample
is divided into smaller data fragments (input splits), which
are managed using a distributed framework on commodity
hardwares (nodes). An input split is a collection of records
where each record corresponds to a read associated with
alignment information. Since the data fragments of each
sample file are distributed independently across several
computing nodes, the same set of analytical tools will
process these data fragments simultaneously in parallel,
establishing data parallelism. The analytical pipelines, il-
lustrated in Fig. 1, allow each read of a sample to get
processed independently through the pipelines, introduc-
ing task parallelism, which incorporates further parallelism
in each computing node of the model. In addition, since
each computing node handles input fragments originating
from different samples, the same tool can simultaneously
process these different input splits in parallel. The work-
flow model designed in this work will realize these pipelines
through serial execution of three phases based on Map-
Reduce paradigm. Phase BaseProfiler primarily focuses on
generating a DNA profile of an individual human genome,
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and processes the NGS related alignment files, in the form of
input splits, to generate an overall information correspond-
ing to each base position of the genome. Phase SeqClust
will generate integrated profiles based on the profiles of
multiple individuals in the population, i.e., to generate a
repository of genomic segments, associated with a cluster
of samples sharing the segment, while phase BaseProfiler
processes the output of the first Map-Reduce phase, to
generate repository of contigs or segments having similar
sequence, and biological features or patterns.

2.1 Phase BaseProfiler: Generating per base DNA pro-
file of an individual in Map-Reduce paradigm

In this phase of the work-flow model, NGS based alignment
files are processed in a Map-Reduce style to summarize
information associated with each genomic base position of
each individual in the population. This phase is primarily
divided into map and reduce tasks. On each of the input
splits, the same map task will be performed in parallel. The
output of each map task will then be accumulated to reducer
nodes, where the reduce task will be performed in parallel.
The overall flow of execution steps of Map-Reduce phase
BaseProfiler is shown in Fig. 2.

2.1.1 Map task

Map task is performed in parallel on each input split on
each of the slave nodes. It introduces data parallelism across
the slave nodes. This data parallelism may also be invoked
in a single slave node processing several input splits. The
Map Task is divided into 3 subtasks: Mapper, Combiner and
Partitioner. Now, we describe 3 procedures corresponding to
these 3 subtasks, which are executed on every split on each
of the slave nodes.

Mapper procedure

Mapper procedure receives < key,value > in the form
of < kia,vim > pairs as input, generated through prepro-
cessing the alignment information files. For each read, the
combination of reference-id, sample-id, start-coordinate and
end-coordinate form an input key (k1s), while value (vyr)
comprises sequence quality, cigar, read sequence and map-
ping quality. Since the values of these fields are differently
represented in various file formats, a conversion of these
values to a consistent form is necessary. The main purpose
of mapper procedure 1 is to isolate base level information of
all the reads and represent them in terms of key K s values.
Each K, value comprises reference-id, sample-id, base-
position, nucleotide, base quality and cigar. The alignment
information of each base of a read, pertaining to a particular
individual, is extracted from the alignment information of
the read. Thus, a key K,/ in the output < key, value > pair
will represent the association of a nucleotide (i.e., A, T, C, G)
with its aligned position at the reference genome, along with
an integrated quality score and cigar of the nucleotide all of
which are obtained by isolating the alignment information
of the nucleotide from its parent read. The integrated quality
score, formulated in this article, is defined based on two
different types of quality information, i.e.,mapping quality
and the sequencing quality. The corresponding value Vi
indicates the initial frequency or count of occurrence of this
nucleotide at the base position. For each base of a record
(read) in an input, the value V7 is set to 1.
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It is to be mentioned here that the integrated base
quality in Kp; assumes any of four discrete values 0, 1,
2 and 3. This value is obtained by combining both mapping
quality of a read and the sequence quality of a base in the
read. Mapping quality provides the chance that the read is
misaligned in the genome, while sequence quality provides
base wise quality achieved during the chemical process. The
quantities 10~*¢4Qua! will be used as estimated probability
of nucleotide being chemically sequenced incorrectly, where
seqQual denotes phred score representing the sequencing
quality of the base, as obtained from the alignment in-
formation of the read. On the other hand, 10~marQual f
the whole read, containing the nucleotide base, will be
used as an estimated probability of incorrect alignment of
the read, where mapQual stands for the mapping quality
of the read. Thus a smaller value for both the estimated
probability will reflect a better sequencing and alignment
of the read. As both the events of sequencing a read and
aligning a read are independent of the other, thus the joint
probability (JP) will be estimated as a product of these
two estimated probabilities, using the following equation:
JP = 107 sea@Qual » 19~mapQual Thig estimated joint prob-
ability (JP) of a base pair denotes the probability of the
corresponding nucleotide being incorrectly sequenced and
mapped. A transformation of this value J P into phred scale
will be done, which will be referred to as base quality of
the nucleotide in the Algorithm 1. This phred value will
be discretised into four different categories, as to facilitate
summarization in the reducer phase. Finally < Kips, Vip >
values constitute the output of a mapper procedure. It
may be mentioned here that one may retain seqQual and
mapQual values in Kjps or Vi, if required. In that case,
discretization needs to be done appropriately so that com-
biner procedure can be executed conveniently.

Combiner procedure

In combiner procedure, all the < Kjp, Vi > values
emitted from the above mapper procedure will be combined
on the basis of identical ks values. In this procedure let
us represent these < Ky, Vi > pairs as < kic, vic >, an
input to combiner procedure. In other words, < kic,vic >
values act as input to the combiner procedure.

Now, a grouping of < kjc,vic > pairs with the same
k1c value will take place. A single < key, value > pair will
be generated against each group, in the form < K¢, Vig >,
where the value of K¢ is the same as ki values of the
group, and Vic is the total number of such pairs, i.e., sum
of corresponding v values. In other words, V¢ represents
the total number of reads that have got aligned to the same
reference (i.e., kic.reference-id) at the position kic.base-
position, with a particular nucleotide (i.e., ki¢.nucleotide)
of similar integrated base-quality and cigar information.
These < Kic, Vic > values form the output of combiner
procedure.

Partitioner procedure Let the entire range of genomic
coordinates be partitioned into n non-overlapping parti-
tions/intervals [p,q], 1 < p,g < M, p < g, where the
positions of the nucleotides in the whole genome lies in
[1, M]. For each partition, there will be a reducer node,
as described in the next section, for performing reduce
task. In partitioner procedure (2), let us represent each
< Kic,Vic > pair (obtained by combiner procedure), as

1545-5963 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCBB.2018.2816022, IEEE/ACM
Transactions on Computational Biology and Bioinformatics

‘Read1 ‘ ‘ReadZ ‘

[REENREENN

v

N

Processing the alignment information

of each read of an individual sample |

v

Evaluate/Update the percentage of A, C, G
or T nucleotide or gap, for each base
position, based on all reads covering that

position
v

Generate sequencing quality (if not present)
information for each base position of each
read

v

Evaluate/Update base
coverage of each base
position of the
individual, on basis of
sequence positions
covered

by the read

Gene Expression

Database/Structural
variation database

Generate cigar (if not present)

information using nucleotide or gap

coverage information of each base position
based on all reads covering that base position

P
Evaluate/ Update percentage
of match, mismatch,

insertion, deletion (i.e., cigar
information) for each base posmon

Collective information of
all reads

Integrate and
associate

v

Generate disjoint

Generate disjoint
segments with similar
cigar information

content

Generate segments
with similar GC profile

<
Cluster of genomic
regions with
structural

segments with
identical
base coverage

S

v v

information
A~

variations

‘ Repository of genome sequence information

Fig. 1. The execution workflow of the analytical pipelines.

<Kk; v Vi

‘ Mapper Proceedure

‘ Mapper Procedure ‘

‘ MapperProceedure‘

<Kim V4 M>i
<kKic: Vic™

<Kim Vi
<Kic: Vic™>

<Kim Vinm™

N <K

Map Tasks of

Vic>

‘ Combiner Procedure ‘

‘ Combiner Procedure ‘

‘ Phase

‘ Combiner Procedure .
BaseProfiler

=Kjc» Vic>

VY <kip

=K e Vo™~ <Kic Vic>
<K,p: Vip> <Kip: Vip>

in Mapper Node

Vip>

‘ Partitioner Procedure ‘

‘ Partitioner Procedure ‘

‘ Partitioner Procedure ‘

<K,p>

v\

s — s 4
‘ Grouping and Sorting ‘

=K;a'Vie™

<k

1rRV1IR™

‘ ReducerProceedure ‘

\
V <K,

Vig>

Kip:Vip>

<KiaVie™

‘ Grouping and Sorting ‘

<Kia-V4 G>L
<KigVir>

‘ ReducerProceedure ‘

Reduce Tasks of
Phase BaseProfiler
in Reducer Node

Fig. 2. The execution flow of Map-Reduce phase BaseProfiler. Each Map Task, i.e., the same mapper, combiner and partitioner procedure executes
in parallel in all the local nodes where the input splits are stored. The output of Map Task gets distributed over the nodes, where the Reducer Task

is performed.

< kip,vip >, which will act as input to this procedure.
Each < kip,vip > pair is assigned to a reducer node
depending upon ki p.base-position value. If this k;p.base-
position value lies in [p,q], < kip,vip > pair will be
assigned to the corresponding reducer node. In this way
the reduce task will get distributed over the commodity
hardware. The value pairs < K;p,Vip > form output of
partitioner procedure. Here K p value is the same as that of
k1p, while Vi p = v; p corresponding to a reducer node.

2.1.2 Reduce task

The reduce task is divided into following 2 subtasks: Group-
ing and Sorting (Grouper procedure), and Reducing (Re-

ducer procedure). The outputs of partitioner procedures ex-
ecuting in all the slave nodes, in the form of < K;p,Vip >
pairs, are emitted in parallel by several instances of the
map task through the respective partitioner, will be accumu-
lated in the reducer nodes, on the basis of k; p.baseposition
values. Hence, < Kip,Vip > represent all those pairs
accumulated in a reducer node corresponding to an interval
[p. ql.

Grouper procedure

In each reducer node, the collection of different data
accumulated from the different partitioner procedures is
grouped by grouper procedure. In this procedure let us
represent < Kyp, Vip > in the form of < ki, vig >, which
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Algorithm 1 Mapper procedure: Mapping and isolation of
base level information.
1: Seti=1.
2: for each record r in a split, where 7 represents the
alignment information of the read corresponding to the

record do
3: Input < kipr,vip > forr
4: for each base-position b = r.start-coordinate to r.end-
coordinate of alignment do
5: Extract nucleotide from sequence of record r,
which has been aligned at the base position.
6: Extract base-quality of the nucleotide of record r,
which has been aligned at the base position.
7: if base-quality lies in [0, 10] (in Phred Scale) then
8: set base-quality = 0.
9: end if
10: if base-quality lies in [11,20] (in Phred Scale)
then
11: set base-quality = 1.
12: end if
13: if base-quality lies in [21,30] (in Phred Scale)
then
14: set base-quality = 2.
15: end if
16: if base-quality lies in [31,40] (in Phred Scale)
then
17: set base-quality = 3.
18: end if
19: Extract cigar-information from record r, which
corresponds to the base position b.
20: Emit a key value pair < Kip, Vi >, where

key Kiar comprises < reference-id, base-position b,
nucleotide, cigar-information of b, sample-id, integrated
base-quality >, and Vs = 1 (initial count of occurrence
of the key K r).

21: Increase ¢ by 1.

22: end for

23: end for

act as input to the grouper procedure. Each group G will
contain several < ki@, vi¢ > pairs with identical k;g.base-
position values b. Thus, several groups will be formed for
different b values, which lie in [p, g] corresponding to the
reducer node. The output of grouper procedure is of the
form < Ky¢,Vig >, where K1 = k1 and Vi = v16.

Reducer procedure

The grouper procedure forms groups of < Kig,Vig >
pairs with identical Kg.base-position values, which be-
come input < kjp,vir > to the reducer procedure, where
kir = Kig and vip = Vig. The reducer procedure (3)
will process each group G. It will calculate the statistics
involving base coverage and nucleotide coverage of the cor-
responding base position, on the basis of the < kir,vir >
values of each group. In addition, a summarized statistics
of cigar and discretized base quality information, associated
with a base position, will also be evaluated for each group
representing a base position. Finally, a reducer node will
produce a < key, value > pair corresponding to each group
Gy, of the form < Kig,Vir > as output, where the key
KR is the combination of reference-id, base-position b and
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sample-id. The value of Vir corresponding to group G
comprises the values of all the parameters computed in
lines 4-16 of Algorithm 3. Thus the key K of the output
< key,value > pair represents a particular base position
of an individual sample, whose alignment information with
respect to the reference sample has been summarised in the
associated value V;g. The summarised values in V;p com-
prises the frequency count or occurrence of each possible
nucleotide at the base position for the sample, as obtained
from alignment information of all the reads. In addition,
the summarisation of integrated base quality and cigar will
also be evaluated for each of their possible category, as
components of Vi p.

Algorithm 2 Partitioner procedure: Partitioning each <
kip,vip > pair depending upon its k;p.base-position
value.

1: for each < kip,v1p >, generated in combiner proce-

dure, do
2:  if kyp.base-position lies in [p, g] then
3: Assign/Emit < Kip,Vip > pair to nodet? (j*"

reducer node representing genomic interval [p, ¢]), 1 <
j <n),where Kip = kip and Vip = v1p.

4: end if

5: end for

2.2 Phase SeqClust: Clustering samples having the
same nucleotide sequence/patterns in various genomic
segments

Most of the alignment techniques consider a traditional
reference sequence without considering the diversity of
genomes, and therefore, alignment results incur error [26].
Thus developing a multiple genome based reference se-
quence on the basis of similar class is essential to get better
performance of any NGS based analytical process which de-
pends on the result of short read alignment. Phase SeqClust
will devise another reduce operation, where the genomic
profiles of several individuals accumulated as output of
phase BaseProfiler, will be integrated to generate a set of
genomic contigs or patterns that are commonly found in
several sets of individuals. A set is formed on the basis
of some common features, such as ethnicity, presence of
similar diseases, or presence of some similar phenotypes.
The output of this phase, in the form of contigs containing
integrated DNA profile across multiple samples, would
act as a rich knowledge base to different alignment tools,
most of which suffer from biases induced from usage of a
traditional reference sequence.

All the base pair level information of each individual
obtained from phase BaseProfiler becomes the input to this
phase. In other words, the DNA profiles of all the samples
collectively constitute the input to the phase. The primary
objective of this phase is to generate a repository comprising
genomic segments of varying size, where a segment (with a
particular nucleotide pattern) is present in a set of samples.
It may happen that a subsegment of the segment is also
present in a set of some other samples. On the other hand,
each individual will also be associated with many segments,
establishing a many-to-many association between segments
and samples (Fig. 3).
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Algorithm 3 Reducer procedure: Reducing each group Gj.

1: for each group Gy, corresponding to each base position
b lying in the genomic interval [p, g of a reducer node
do

2: Input < k1, v1R >
3: forall < k1g,v1g > in Gy do
4: Generate base-cov = ) v1 R.
5: Generate base-nucleotideA-cov= > v, such
that k1 gp.nucleotide="A’
6: Generate base-nucleotideT-cov= Y | v; g, such that
k1 g.nucleotide="T"
7: Generate base-nucleotideC-cov= Y wv1gr, such
that k1 g.nucleotide="C’
8: Generate base-nucleotideG-cov=" Y v1r, such
that k1 g.nucleotide="G’
9: Generate base-cigar-match= > vig, such that
k1 r.cigar="match’
10: Generate base-cigar-mismatch= > vy g, such that
k1 r.cigar="mismatch’
11: Generate base-cigar-deletion= ) v, such that
k1 r.cigar="deletion’
12: Generate base-cigar-insertion= Y vy, such that
k1 r.cigar="insertion’
13: Generate base-quality-0= > v1p, such that
k1r.base-quality= 0
14: Generate base-quality-1= > v1r, kig.base-
quality= 1
15: Generate base-quality-2= > v1r, kig.base-
quality= 2
16: Generate base-quality-3= > wvig, such that

k1 r.base-quality= 3
17: end for
18: Emit < K, V1g > pair as output
19: end for

Thus it requires a nested data structure to store infor-
mation on samples associated with the segment as well as
that on additional samples, if any, being associated with a
subsegment in a non-redundant manner. The novel data
structure, introduced here for this purpose, will serve di-
verse information requirement, involving single or group of
individuals. On one hand, the storage structure will provide
the whole genome based information of any individual in
the form of collection or set of genomic segments or contigs.
On the other hand, the same data structure will also provide
information regarding several clusters of individuals and
their inter relationship in the context of sharing similar
genomic segments or contigs, and vice versa.

Algorithm 4 will determine the association between
genomic segments and the individuals sharing common
pattern in those segments. The method will be based on a
bottom up approach of forming larger genomic segments
from smaller ones, where each genomic segment will be
associated with an interval of genomic coordinate and all the
nucleotide sequences (patterns) associated in that interval.
The method will treat each genomic segments as a group
and all possible nucleotide sequences corresponding to the
group or segment as subgroups, where each subgroup is
shared by a set of individuals. In other words, multiple
individuals having the same nucleotide pattern will be the

The Genomic Coordinates
1234567891011121314151617181920212223242526 27 ...vvvvvvvecerrrnrrrrrrervvvrrmmnrnns 373839

Possible Nucleotide Patterns in
the interval 8 -17

Cluster of

ATCTTGAAT > ,
Samples Sharing
the same
nucleotide pattern
in the genomic
premerie f——s e 87
TTCTAGGGGG
I
|
I
|
No Samples have

CTCTTACCTG |

Fig. 3. Clustering of samples based on the nucleotide patterns being
shared in a genomic segment. Here the segment considered has ge-
nomic coordinates in the interval[8, 17]. The first pattern ATCTT G
A AT G’ is shared by samples S2, S6 and S1, i.e., all these samples
have the said pattern in the interval [8, 17]. Thus, a cluster of samples
will be associated each pattern. In this way a repository is generated
with all possible segments across the genome, along with all possible
nucleotide patterns, where each is shared by a set of samples.

this pattern

members of the subgroup, under the group associated with
a particular genomic interval. For instance, G}, denotes an
mth subgroup, associated with a unique nucleotide pattern
or subsequence that is present in genomic interval [z, y] in
some individuals.

The method will start initially with subgroups associated
with genomic intervals or segments of size 1 as shown in
Fig. 4.

Eventually, each subgroup, associated with a nucleotide
subsequence of particular size will be paired with another,
if the genomic intervals associated with these subgroups of
the pair are adjacent to each other with no-overlap (Fig. 5).

Set intersection operation to find out the common indi-
vidual present in both the pairing subgroups will be done
to obtain a new subgroup that will represent a genomic
interval or segment of double size (even length, i.e., 2 x size)
with respect to that of a subsequence pattern, associated
with a parent subgroup. This new subgroup, associated with
a larger genomic segment, will be created, provided that the
number of individuals or members of this subgroup is more
than one. All the individuals or samples of the newly created
subgroups will be removed from their parent subgroup,
as these individuals will become the member of a larger
genomic segment, which contains both the subsequence
pattern associated with the paired parent subgroups. A
parent subgroup will be removed, in case the subgroup
(set) becomes empty, i.e., no individual is a member of the
subgroup any more, as each of them is now member of a
larger (even sized) genomic segment. If there exists only one
member in the parent subgroup, the corresponding subse-
quence pattern will be embedded into newly created larger
genomic segment, using a storage structure as illustrated in
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S5 S5 s4
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S3 S2 S1 T
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Position=1 Position=2 Position=3

Fig. 4. Initial subgroups associated with genomic intervals or segments
of size 1. Here S1-S9 represent sample id’s. ‘Pos’ represents the posi-
tion or genomic coordinate. The first column represents that at first base
position, the samples having nucleotide A are S1, S2, S5 and S6. The
samples having nucleotide T at that position are S3 and S4, whereas S7,
S8 and S9 have nucleotide C at position 1. It is observed that there are
no samples that contain nucleotide G in base coordinate 1. Similarly the
second and third column represents the clusters of samples containing
a particular nucleotide at base position 2 and 3 respectively.

the Data Structure section described below.

Similarly, for remaining individuals (samples) of these
subgroups associated with genomic segments of a partic-
ular size, pairing will be done once again, on the basis
of adjacency of their corresponding genomic intervals, but
this time, with an overlap of 1 base-pair. Set intersection
operation on these pairing subgroups will now produce sub-
groups, representing an odd sized segment, whose length
(i.e, 2 x size — 1) is smaller than the previously formed
even sized segment by one base-pair. As shown in Fig.
5, in a bottom up manner, this process will continue with
subgroups of each subsequent higher level, where the level
indicates the specific size of the genomic intervals or seg-
ments associated with the pairing subgroups of the level.
This process will continue till a level (or size) k, for which
there will be no genomic pattern (i.e, associated subgroup)
that appears in more than one individual (i.e., membership
count of subgroup less than 2).

Data Structure: The notion of subgroup, used in Algo-
rithm 4, represents the association between a unique subse-
quence pattern corresponding to a particular genomic seg-
ment, and the corresponding set of individual members ex-
hibiting the whole or part of the sequence pattern at the ge-
nomic segment. A novel technique based on data structures,
like interval tree and bitmap index structure, will be devised
to implement the notion of group or subgroup. Each sub-
group will be a < key, value > combination, where key con-
stitutes genomic—interval and nucleotide—sequence, and
value will be a compressed bitmap index of the individual
samples. Each bit of the bitmap will represent a sample, and
the corresponding value of 0 or 1 in the bit will indicate the
membership or non-membership of the individual sample
in the cluster corresponding to the key. In other words,

7

No overlap (or 0 base pair-overlap) between the
combining adjacent nodes (genomic segments)
of immediate lower level, which has been used

[114] [sz] [316] to form the genomic interval of this level.
Single base pair (or 1 bp overlap) overlap
Size or between the combining adjacent nodes (or
Level of genomic segments) of the lower level, which
eve has been used to form the genomic interval
the of this level,
Genomic
Segment (1.3] [24 [35] (46]
[12] [23]\/[3‘\ /[jﬂ\/ﬁﬂ\
(L] (22 33 (44 55] 6,61

Possible Genomic intervals at different level or size of the segment

Fig. 5. Bottom up approach of forming larger genomic segments from
smaller ones, where each genomic segment will be represented by an
interval of genomic co-ordinates. In the first level or bottom most level
each segment size is 1. Each subgroup, associated with a nucleotide
subsequence of particular size, will be paired with another one, if the
genomic intervals associated with these subgroups of the pair are
adjacent to each other with no-overlap or having overlap of 1 base pair.
In the next level, a new segment of size 2 is formed. For instance, in
this level a pairing between the patterns in segments [2,3] and [3, 4]
results in a new pattern in the segment [2, 4]. Each internal node [a, b] in
this tree like structure, represents a set of all possible genomic patterns
occurring between the genomic positions a and b. Each such pattern
in the interval [a,b] is exhibited in some sets of genomes, which are
members of the pattern occurring at the interval. As indicated in the
figure, each such interval or internal node in the tree structure is a
combination of two adjacent nodes in the immediate lower level. These
two lower level adjacent nodes either have 1 base pair ovelap or no
overlap (0 overlap) in terms of genomic position, as shown in the label
of the figure. Precisely, members of a pattern of an interval [a, b] are
common members of patterns represented by adjacent pair of interval
la, floor((a + b)/2)] and [(ceiling((a + b)/2), b)] in the lower level.

bits of bitmap will contain 1 for those individuals, who
will be sharing a nucleotide pattern at a genomic segment.
The bitmap, being some permutation of 0’s and 1’s, will be
kept in compressed form. It will be more likely exhibiting
some sparseness in one of these two states. Thus in most
of the cases, the bitmap will be compressed on the basis
of sparseness in 0 or 1, and depending upon which, a tag
(0-based or 1 based compression) will be associated with
the compressed bitmap. The advantage of incorporating a
bitmap to represent each cluster of individuals, sharing a
nucleotide sequence pattern in a particular genomic seg-
ment, will be realised during phase ContigClust, where
analysis based on inter-relationship between various clus-
ters will be obtained. The use of bitwise operators among
the bitmaps corresponding to various clusters, will allow
one to compute the inter relationship between these clusters
efficiently.

The < key, value > pair will have an additional feature
or capability of embedding multiple sub-genomic intervals
into it, where each of these sub-genomic intervals will
be completely contained in the key, associated with the
genomic interval of the subgroup. In other words, each of
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these < key, value > pairs will act as a nested structure that
will contain other < key, value > pairs of other subgroups.
The use of interval tree data structure will allow to store all
the sub genomic intervals with respect to the key.genomic-
interval, in the value part of the < key,value > pair. An
interval tree is a height balanced Red-Black Tree, where
each node represents an interval, and therefore, an array
representation of this tree can be realised efficiently. In
addition to all the information maintained in each node of
a standard interval tree, a compressed bitmap will also be
maintained to track the samples associated with the interval.
Thus the value part of < key,value > pair will comprise
a compressed bitmap index bitmapintervar as discussed
above, and an interval tree in form of a list or array of nodes,
where each node represents a sub genomic interval and
corresponding bitmap. This new form of < key,value >
pair has been illustrated in Supplementary Figure S2.

2.3 Phase ContigClust: Generating contigs with similar
features in an individual

Phase ContigClust will process the output of phase Base-
Profiler to generate a repository of contigs or genomic seg-
ments. Phase BaseProfiler provides per base detailed infor-
mation of each sample, based on the alignment information
with respect to a reference sequence. In phase ContigClust,
clustering will be performed to generate genomic segments
or contigs with similar features, where a feature may denote
similarity in the form of structural variations, any biological
phenotypes like diseases, read mappability bias, GC-content
profile or combination of any of these features, among
others. In addition, any customized Map-Reduce job can use
the base pair statistics, evaluated in phase BaseProfiler, to
generate contigs as per requirement. The output of phase
ContigClust will provide contigs or segments of genome
exhibiting similarity on the basis of various combinations of
base level statistics. These segments or contigs will capture
important biological features of different variety, and pro-
vide the user a rich set of information for further analyses.
This information can be a genomic segment having presence
of any type of structural variations, like CNV [27] or SNP
[28]. It may reveal a segment with similar cigar pattern.
Moreover, the qualitative information of each such segment,
in terms of phred scale quality of sequencing, can also be
revealed. The output of the phase, i.e., genomic segments
or contigs will be stored and indexed, using the notion
of multilevel disk block indexing, to provide faster and
efficient access to these data. Other automated tools will
easily and efficiently access these segments and their associ-
ated information, for further analysis through this index.
Moreover, the storage mechanism of these segments will
provide better interactivity in terms of query evaluation.

2.3.1 Map task

The map task in phase ContigClust will be performed in
parallel, on the output of all the reducer nodes of phase
BaseProfiler. The output of the reducer procedure of phase
BaseProfiler, in the form of < key,value > pairs, will be
the input to the mapper procedure (corresponding to map
task) of phase ContigClust. In other words, all the base level
information become the input. Let us represent the input
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Algorithm 4 SeqClust: Combination Procedure (Clustering
of samples having similar genomic patterns)

1: for size = 1 to k do [k is the maximum possible size of a
segment that is shared by a set of samples (individuals).
n is the genome length. size denotes the length of
the genomic segment that is used for creating larger
segments of length 2 x size or 2 X size -1]

2: for overlap = 0 to 1 do [Controlling the overlapping
(1 base-pair) or non overlapping of the pairing segments
while formation of larger segment]

3: for position pos=1 to n — size + 1 increment by 1
at each step do

4: l1=pos, [here [; represents the start coordinate
of the left segment involved in the pairing]

5: ri=pos+size-1, [here 1, represents the end
coordinate of the left segment involved in the pairing]

6: lo=pos+size-overlap, [here Iy represents the
start coordinate of the right segment involved in the
pairing]

7 ro=pos+2 X size-1-overlap, [here 73 represents
the end coordinate of the right segment involved in the
pairing]

8: Let N; and Ny be the number of possible
combination of sequences, i.e, all possible nucleotide
patterns in the genomic interval [l;, ri] and [l2, 2]
respectively.

9: fori=1to N; do

10: for j=1 to N, do _

11: if |G} | > 2and 1GY, .| > 2, (G, .
and G{%T represent ;th and jth subsequence at genomic
intervals [/1,r1] and [l2,2] respectively] then

if |G}, ., NGY,,,| > 2 [which im-

plies count of common individuals between the pair.]

Create G} ,, = Gj

then '
. J

13: l1,m1 ﬂ Gl2,7"2'
[Here t is a counter, tracking the number of possible
combination of sequences, i.e, all possible nucleotide
patterns in the genomic interval [ly, 72], of length
(2 x size-overlap), where the newly created subgroup

have more than one individuals as members]
i _ (i t
14: . . CT‘;177’1 - ;177”1 - Gll,TQ
tows = Giyry = Gi - [After creating the group re-
move the common members from both of the parent
groups]

15:

12:

and

|=0or |G

2,72

if |Gl

l1,m1

both [ie, Gj , or G  isempty] then

i J
Remove G, , or Gy, .,

| =0or

16:

both, accordingly.
17:
18:

or

end if
if |G}

l1,m1

| =1or |G

lg’m\ =1or

both [i.e., only one individual in Gfl .y OF GL g7 OF both]
then
19:
Gim’m’
20:
21:
22:
23:
24:
25:
26:
27:

Embed group Gf”l or

or both into G}, using the data structure.
‘end if
end if
end if
end for
end for
end for
end for
end for o o .
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of map procedure of phase ContigClust as < kzps, v3ar >
which is the same as < K1, Vir >. The mapper procedure
of this phase is depicted in Algorithm 5.

Algorithm 5 Phase ContigClust: Mapper procedure

1: for all k3pr.base-position (b) do

2: Calculate percentage of insertion in the position b,
using the data vsps.base-coverage and v3jr.base-cigar-
insertion.

3: Calculate percentage of deletion in the position b,
using the data v3s.base-coverage and vs)s.base-cigar-
deletion.

4: Calculate percentage of mismatch in the position b,
using the data v3;r.base-coverage and vs,s.base-cigar-
mismatch.

5: Calculate percentage of match in the position b, using
the data vsys.base-coverage and vs,s.base-cigar-match.

6: Assign X= Class Label ‘L, if any, determined by a
trained Classifier using base coverage data of position
b and percentage data of a particular cigar information
'L’(“insertion’, “‘deletion’, “‘mismatch’ or ‘match’) cover-
ing position b.

7 Emit < key, value > in the form of < Kz, Vapyr >,
where K3p comprises (sample-id, reference-id, base-
position), and V3, comprises (base-coverage, Label (X),
base-quality).

8: end for

The map task will generate < key, value > pairs in the
form of < Kapr, Vapr >, where Ksps comprises (sample-
id, reference-id, base-position), and Vs comprises base-
coverage, Label (X), base-quality. For example, if a contig
corresponding to K3y includes an insertion event, Cate-
gory/Label will be appropriately depicted by Vzps. This
value will be determined on the basis of predefined range
of percentage values of the above parameters. Thus the map
task will provide the base level statistics of an individual.

2.3.2 Reduce task

The reduce task of phase ContigClust will generate contigs
or genomic segments, using the output < Ksps, Vo >
of corresponding map task as its input, which have been
represented as < k3r, vsr >. The segmentation will be done
on these < key,value > pairs on the basis of similar per-
centage count of cigar information or individual nucleotide
coverage. An instance of reduce task generating contig or
genomic segment using CIGAR information of alignment
have been explained in Reducer Algorithm 6.

In addition, the quality information will also be pro-
cessed for each < key,value > pair or base position to
associate a probability of correctness of the information
associated with that base position. The reducer will generate
output in form of < Kaspr,V3r > pair, after considering
similarity using all these information. Here, K3r comprises
(reference-id, sample-id, start-coordinate, end-coordinate) of
each segment, and V3r represents segment having similar
summarized feature. In Algorithm 6 the reducer outputs
(contig-nucleotide-sequence,Label) as value that represents
a contig with similar CIGAR data exhibited by the sample.
Moreover, these genomic segments or contigs will be stored
and organized using a multilevel indexing structure. Fig.

Algorithm 6 Phase ContigClust: Reducer procedure

1: Perform grouping (g) of all < k3gr,v3r > on basis of
kg R.Label

2: for each sub-group g do

3: Sort < k3r,vsr > on basis of k3r.base-position (b)

4: Generate a contig or genomic segment from group g
by combining series of < kzr,vsr > using any single
pass segmentation algorithm [29],0n basis of v3r values
of consecutive k3p.base-positions.

5: for each of these generated contigs do

6: Emit < K3g,Vsr >, where K3zr comprises
(start-coordinate, end-coordinate), and Vs3r comprises
(sample-id, reference-id, contig-nucleotide-sequence,
feature-annotations).

7: end for

8: end for

6 represents the detailed workflow of phase ContigClust.
These genomic segments or contigs will be stored and
organized using a multilevel indexing structure.

Phase BaseProfiler

Per-Base output in the form <Ky, Vig>

v Input <k3M, Va>

Mapper Proceedure of Phase ContigClust

Output <Kgy, Vo>

y Input <ksg, Var>

Reduce Proceedure of Phase ContigClust

Clusters of genomic segments with
specific features in the form <Kgg, V3r>

Fig. 6. The execution workflow of Map-Reduce phase ContigClust.

Storage and indexing of genomic segments or contigs:

A multilevel index structure similar to B+ tree has
been maintained on < Kj3g,V3r > pairs. These pairs
represent several contigs from different individuals. This
index structure will be maintained in the local disk of
the data node, where all < K3y, Var > pairs will occupy
several local disk blocks in sorted order of their K3p.start-
coordinate. These disk blocks of the index structure is
categorized into two types, viz., a) Leaf index block
b) Internal index block. Each index entry in the leaf
index block would contain following three information:
minimum start-coordinate of the key component among
all < K3pr,Vsr > pairs, stored in the referred data block
of the index entry; maximum end-coordinate of the key
component among all < K3pr,V3r > pairs, stored in the
referred data block of the index entry; local disk data
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block pointer containing disk address of the referred data
block. Similarly, the parent node of several leaf index
nodes of the tree will have similar index entries, except,
the pointer will refer to disk address of leaf index blocks.
The other internal nodes of various level of the tree will
also contain similar entries of their immediate lower level
index blocks. Since, entries of each leaf index block points
to several data blocks of < K3pr,V3r > pairs, thus the
total number of entries across all index blocks are same
as the total number of local disk data blocks. Unlike
B+Tree index, the information of each data block will
be organized as an interval tree. Since in a data block,
< K3sp,Vsr > pairs belongs to different individuals or
samples, hence there is high probability of overlap among
the corresponding genomic segments or contigs. Thus an
interval tree similar to the data structure used in the phase
SeqClust has been used to organize the < K3pr,Vsrp >
pairs in a local data block. This novel way of organizing
the data block improves data retrieval process

3 RESULTS AND COMPARATIVE PERFORMANCE

The effectiveness of the model has been demonstrated on
a prototype using a cluster of commodity computers (PCs).
The HDFS File System of Hadoop has been used to reposit
data, as described in the model. Thus, Hadoop 2.51 Eco-
System has been installed on top of Ubuntu 14.04 LTS
operating System in each of these computers. One of these
computers has been configured as a master node and the
remaining machines as slave nodes. Each machine, either
a master or slave node, has a 4 core commodity processor
with a clock speed of 3.11 GHz. The master node has a main
memory of 16GB, while the slave nodes have 4GB each.
The configuration of all the nodes in the cluster are taken
to be inexpensive and simple, considering the economic
constraints in implementing the model.

3.1 Experimental Data Set

The data considered here comprise a combination of real
data set and a simulated data set. Read alignment informa-
tion of chromosome 1 and 20, obtained in the form of BAM
file of sixteen human individuals, has been used as real data
set in this experiment. Simulated data set have also been
considered for experimentation with this model. Reads of
184 individuals have been simulated by manipulating the
reads obtained in the real data set. A read of a simulated
individual has been generated from the reads of two real
individuals, using the following strategy. To generate a
simulated read in the region starting from location = bp
to location (z + y) bp of any chromosome (1 or 20), we
have combined a substring of a read covering the region
x to (z + |y/2]) bp, with the substring of a read covering
the region (z + |y/2] + 1) bp to (z + y)bp of the same
chromosome. The substrings used to form the simulated
read has been taken from 2 different individuals. Thus,
all possible mxn combinations or crossover of substrings
have been obtained, where m and n are the number of
reads covering the region = to (z + |y/2]) bp and the
region (¢ + [y/2] + 1) bp to (z + y) bp of a particu-
lar chromosome of two real individuals respectively. After
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this, 30 reads have been chosen randomly from this set of
mxn combined strings, considering a 30x read coverage
of the simulated individual. In addition, every base-pair
and mapping information of these chosen reads have been
accumulated from corresponding alignment data of the two
real samples. Using the above procedure, we have simulated
read information of chromosome 1 and 20 of 184 individuals
and created BAM file for each of them.

3.2 Results

The prototype of the model provides fast projection of
summarized data of any queried genomic region. As an
instance, Fig. 7 presents a few summarized information of
a particular queried region starting from 2.1 Mb to 3.1 Mb
of chromosome 1 of a sample from the real dataset. One of
the genomic information called mappability measure [30] or
score of each base location is an important parameter, hav-
ing significant effect on the depth of coverage information
of each base or base coverage data. This mappabilty score
lies between 0 to 1 , where a higher value indicates a good
chance of a unique mapping or alignment of reads to the
base. A summarization of mappability score information of
the query region from 2.1 Mb to 3.1 Mb of chromosome 1 has
been depicted in Fig. 7a. Fig. 7b depicts the base coverage,
i.e.,, number reads mapped or aligned to a particular base
position, lying in the query region starting from location 2.1
Mb to 3.1 Mb, where the sample has a high base coverage at
a region starting from 2.143mb to 2.246mb due to presence
of the CNV. The correlation between mappability score and
the z-score of read depth, for each base position of the
queried region, across all the samples in the repository has
been depicted in Fig. 8. This information can be effectively
used by an alignment algorithm to improve its mapping
quality, as mappability bias provides an insight on the level
of uniqueness of the pattern in the region.

The prototype of the model also projects the summarized
data on GC content of reads, aligned to a certain region
of the genome. Fig. 7c depicts the average GC content of
reads covering each base position of a queried region from
location 2.1 Mb to 3.1 Mb of chromosome 1, for all the
samples. The GC content level incorporates a bias in the
process of NGS read generation. More precisely, it affects
the PCR amplification process. This bias during DNA read
generation, has significant effect in read depth data of a
genome, especially affecting the process of structural variant
analysis.The relationship between GC content data and the
base coverage data provides a further insight in probing
structural variations like the CNV, novel insertion, deletion,
etc.

3.3 Performance Comparison

The performance of the model prototype has been evaluated
against popular NGS read summarization tools, like GATK
and HADOOP-BAM, as these two tools have also addressed
the big data aspect of NGS data, and like our model, they
are also designed for a generalized purpose to provide
information to other NGS based analytical tools for various
downstream analyses. Since, both GATK and HADOOP-
BAM provide base wise summarized information across the
genome, viz., genome traversal (in GATK) or on the fly
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Fig. 7. (a)The figure depicts the average Mappability Score of a query region starting from 2.1 Mb to 3.1 Mb of chromosome 1. (b) The figure
represents the base coverage data of each base in the same genomic region. (c) The figure depicts GC Content of reads in percentage, covering
each base position of a particular region of chromosome 1, for all the samples.

base coverage calculation (in HADOOP-BAM), this base- analytical tools can consume this data quickly for further

wise information retrieval is chosen as a common task, to be
used for performance evaluation of these three competing

analysis.

We have used execution time speed up as the per-

tools, including the present one. This base wise information
retrieval or genome walk will provide summarized data,
such as depth of coverage, mappability bias, GC-content
Profile, and RPKM [31] (Reads per kilo base per million
mapped reads) of each base or region, falling under the
walk. Here the performance issue is dictated by the time
required to fetch or generate information of a base or region,
falling under the genome walk, so that the downstream

formance parameter for all these competing tools. Here,
execution time speedup is defined as SpeedUp =
(ET(n,1))/(ET(n,r)), where ET(n,1) and ET(n,r) are
the average execution time required for retrieving informa-
tion of n base pairs by any one of these competing tool
in a uni-processor system and r-processor Hadoop cluster
respectively.

In Fig. 9, this speed up represented in the vertical axis
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Fig. 8. The Figure represents the correlation of mappability bias with
the z-score of read depth, for each base of the region, across all the
samples in the repository.

depicts the performance of each of these competing models
in retrieving or generating some important genomic infor-
mation, like depth of coverage, mappability bias and RPKM.
The performance of the present model has been found to be
superior, in terms of speedup, over both HADOOP-BAM
and GATK tools. In comparison to GATK or HADOOP-
BAM, the present model will eventually produce more ac-
curate summarized information, with continuous evolution
of genomic repository. Unlike GATK and HADOOP-BAM,
integrated information, obtained by the phases SeqClust
and ContigClust, from multiple genomes with various
ethnic origins will enable other analytical tools to use
the data more accurately due to their superior overview of
the data. The evolving data repository will facilitate the
work-flow modules of the present model to enhance its
performance with respect to the competing tools, due to
eventual growth of knowledge base. In addition, the use
of specialized data structure based on interval tree in the
model will enhance the storage and retrieval mechanism
in comparison to the above tools. Moreover, deployment
of index-based retrieval mechanism in the present model,
in collaboration with HDFS file system has attributed to
its superiority in terms of speedup. Thus, the dynamic
knowledge base design, along with a supporting fast
index based access at local disk, provides an upper edge
to the present model against the competing ones. In
addition, the Hadoop setup used in this experimentation
is quite inexpensive and commodity type. However, the
present model would also be capable of outperforming the
competing tools in high end cluster setup.

4 APPLICATIONS

The present theoretical model can be used as a huge
repository of alignment information in two different
forms generated by: i) phase SeqClust and ii) phase
ContigClust. They will provide information for several
types of analytical processes based on the Map-Reduce
paradigm to do the following types of analyses.

Analyzing association between base coverage and dis-
tribution of nucleotides at each base position: Mapper
procedure of phase ContigClust evaluates the percentage
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Fig. 9. The performance comparison of the present model with
HADOOP-BAM and GATK.

of different nucleotides covering each base position as de-
picted in Algorithm 5. This information can be used to
perform analyses, like determining the distribution of G,C
or A, T nucleotides, and its possible relationship with the
corresponding base coverage information, at each base posi-
tion. Thus this information will help all NGS based analyses
that require consideration of mappability bias information,
caused by abundance or deficiency of A, T or G, C com-
binations in a genomic segment. In addition, the clusters
created in phase SeqClust, on the basis of similar nucleotide
sequence of a genomic segment, can be combined with these
feature based analytical information of phase ContigClust,
to obtain new association or relationship between nucleotide
pattern and mappability bias among multiple individuals.

Determining presence of SNPs: The output of phase
SeqClust combining with that of phase ContigClust, which
contains the base wise statistics related to cigar information
of different genomic segments, can provide a better insight
into the patterns of structural variations and its association
with other clusters of individuals. Information containing
the relative presence of each cigar information (such as
insertion, deletion, mismatch or match), in terms of percent-
age, associated with a base position as obtained from phase
ContigClust, can be used to find similar structural variations
in other individuals, using the clusters obtained from phase
SeqClust. Analyzing this cigar information along with the
nucleotide coverage information, associated with a base of
different samples of the cluster, will help in determining
presence of SNPs. In addition, the analysis of the associ-
ated base quality information will provide a better insight
regarding the true positive presence of an SNP. For in-
stance, if the percentage count of base-cigar-mismatch at
base-position b is greater than a certain threshold value
and associated percentage count of base-nucleotideX-cov
is greater than a certain threshold value with higher base
quality, then the base may be categorized or labelled as
SNP. The cause-effect relationship between SNP and disease
can also be extracted by analysing the clusters depicting the
structural variations in the form of SNP.

Qualitative analysis of the sequencing process: Quali-
tative analysis of the sequencing process can be performed,
using the base-quality information, to explore any pattern of
relationship between DNA sequence and the quality of data.
Moreover, analysis of quality information associated with
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that base will provide support to other type of analytical
results obtained for that base position.

Analysing mappability bias: Mappability bias is an-
other interesting feature that can be analyzed using the
base level information. Presence of G or C nucleotide in a
genomic region may influence the read generation from that
region, which gets reflected in the coverage information,
derived from read alignment. Analyzing the relationship
between coverage information of a base position with the
percentage count of G or C nucleotide in the reads, aligned
to that position, will provide an insight into this aspect. This
mappability bias is an important parameter used by analyt-
ical tools for finding large structural variations, including
copy number variation, insertion or deletion of sequence.
This information can be associated with cluster of the sam-
ples depicting similar genomic pattern, as obtained from
phase SeqClust and the corresponding coverage of these
samples, the map task processing of phase ContigClust
evaluates the percentage of different nucleotides covering
each base position as depicted in Algorithm 5. This infor-
mation can be used to perform analyses, like determining
the distribution of G,C or A, T nucleotides, and its possible
relationship with the corresponding base coverage infor-
mation, at each base position. Now, the reducer procedure
( of phase ContigClust ) generates repository of contigs
or genomic segments using < key,value > pairs of the
above map task. The repository provides genomic segments
with similar read coverage and their association with GC
content profile. This information will provide an insight into
the genomic regions suffering from mappability bias [32].
Hence these regions can be taken care off and further be
normalized.

Determining the presence of Structural Variations -
Copy number variations: Copy number variation (CNV)
is a type of genomic structural variation, which is caused
by either duplication or deletion of a large DNA segment.
The presence of CNVs affects the human health, and is
associated with some neurological diseases as well as cancer.
Through the repository of genomic segments, generated in
reducer process of phase ContigClust, the presence of copy
number variation, insertion of novel sequence or deletion,
can be identified. The regions with similar cigar-info (in-
sertion or deletion), and base-coverage with high deviation
will support the presence of such structural variations. For
instance, if there exists a large segment with the percentage
count of base-cigar-insertion greater than a certain threshold
value for each base-position of that segment, and associated
percentage count of base-coverage of each base of that
segment is greater than a certain threshold value, then the
segment may be categorized or labelled as CNV. Presence of
common CNVs or rare CNVs can be determined by combin-
ing the information associated with cluster of individuals,
as obtained from phase SeqClust. In addition, presence of a
particular CNV in an ethnic race and effect of evolution can
also be studied by analysing the clusters of the phase, and
their association with the segments of phase ContigClust.

Association between disease and genomic information:
Recent study shows that genomic structural variation is one
of the major cause of many diseases. Analysis of genomic in-
formation as available in the repository, will help in explor-
ing genomic features commonly associated with disease-
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affected individuals. The extraction of disease associated
genomic features, such as any structural variation, presence
or absence of some nucleotide sequence pattern, will pro-
vide biologists and pharmacists a better insight regarding
the study of a disease, or related drugs and medicines.

Predictive analysis regarding several unknown fea-
tures of an individual’s genome: The model will also
allow to predict unknown features of an individual, through
predictive analysis of information available in the reposi-
tory. As an instance, an individual with unknown ethnic
origin, can be predicted by the model, by investigating
presence of some genomic features, commonly associated
with individuals of different ethnic group. On the other
hand, this analysis can also be used to predict or diagnose
the occurrence of some diseases in an individual.

Prediction of Ethnicity of an individual of unknown
origin: The model along with the support of the repository
will facilitate the use of machine learning tools to predict
the ethnic-similarity of an individual of unknown origin,
through analysing of the known features of a sample. It will
be done by developing a decision support system that can
evaluate the similarity in genomic features exhibited by a
particular ethnic group with that of a sample (individual) of
unknown ethnic origin. Based on such analysis, the ethnic
similarity of the sample (unknown origin) can be deter-
mined and further prediction regarding unknown features
of the sample can be done, which were exhibited by the
similar ethnic groups.

Integrating External databases:

(a) Integration of external databases, where genomic
coordinates of the segments with structural variations are
reported, will further enrich the DNA feature analyses
of these segments overlapping with those available in
these databases. New features or patterns will be explored
through this integration.

(b) The gene expression data, associated with different
genomic segments in the respective databases, can also be
integrated with the phase SeqClust and phase ContigClust
of the model. This will help in exploring interesting re-
lationships between variations in the segment and gene
expression level.

(c) This integration can facilitate predictive analysis re-
garding unknown features of samples, by using machine
learning based techniques on the output of phase SeqClust
and phase ContigClust.

5 CONCLUSION AND DISCUSSION

The primary objective of this work is to develop a model
that will provide big data solutions to huge volume of
NGS alignment data and create an appropriate repository,
in order to facilitate analyses on these data in a big data
platform. The framework is modularised into three phases
based on Map-Reduce paradigm. Each of these phases has
pre-defined objectives, and provides output which can be
used by subsequent phases to perform further analyses.
Moreover, in this work, different scope of analyses that can
be performed in this framework, have also been discussed
in the analysis part.

A comparative study of the model has been done by
evaluating its performance against two competing tools,
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viz.,, HADOOP-BAM and GATK. The experimental data
used for performance comparison, was a mixture of both
simulated data and publicly available real data. Base wise
summarized information has been retrieved for each of
these competing models. The execution time speed up with
respect to a single processor, clearly reveals the better per-
formance of the model in comparison to other two compet-
ing tools, however, the clusters used for this purpose was
formed with commodity machines(PCs). Thus there remains
a scope of improving the model further in a larger scale
using high-end machines.
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