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Abstract— DNA data produced by highly parallel next generation sequencing
technologies entering into the field of bioinformatics as a flood, but traditional single
processor based tandem repeat computing methods are not able to keep that pace.
Microsatellite, also named as simple sequence repeats(SSR) with size 1-6 bp, are
tandem repeats in DNA data is a sequence of two or more contiguous copies of same
nucleotide sequence. These are playing very important roles in the fields of genetic
diversity, forensic applications, genetic markers, mapping studies of human genome,
and in disease diagnosis. There are many tools exist to detect these repeats, most of
them were implemented around many assumed constraints, implemented on
available hardware to minimise execution time; Existing tools possess different kind
of advantages and disadvantages with each other. Hence a tool with exhaustive
search for all tandem repeats is required. We proposed an efficient and constraint
free Hadoop MapReduce based approach for detecting tandem repeats. It works in
parallel and takes functional advantages of key —value based implantations. It
displays one kind of repeat and all its occurrence in entire file a once, consolidates
all kinds of repeats. Our experimental results are more readable, easily
interpretable. It shows that the proposed approach more efficient with respect to
increased data size when other tools have limitations.

Keywords— Next generation sequencing, Tandem repeats, Exhaustive search,
Hadoop MapReduce framework, Map task, Reduce task

1. INTRODUCTION

1.1. TANDEM REPEATS

A large amount of our genome is comprised of tandemly repeated DNA.
Microsatellites also known as short tandem repeats (STR) or simple sequence repeats
(SSR) are tandemly repeated tracts of DNA composed of 1-6 base pair (bp) long units
which are widely spread in both prokaryotic and eukaryotic genomes [1]. These are
classified perfect (ACACACACACAC here motif is AC repeated 6 times), imperfect
(ACACAAACACAC here motif is AC repeated 6 times, at third time instead of AC it is
AA), interrupted (ACACGTGACACAC small sequence with in repeated sequence) and
composite tandem repeats (ACACACAGTGTGTGT two adjacent distinctive sequences)
Traditional molecular markers provides insufficient statistical power and accuracy for
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estimating genetic differences but the discovery of highly variable loci microsatellites
provided more statistical power for deriving the differentiation between groups at risk of
endangered species along with the ecological, political and economic aspects of
biodiversity protection[2]. These are broadly used as genetic markers, they have
particular characteristic in that they exhibits high rates of mutation than the rest of
genome. These are widely distributed in genomes have been used extensively for genetic
studies such as diversity evolution [3, 4, 5], species identification[6, 7] and gene
mapping[8, 9] they have been associated with complex diseases. These are the witness to
demonstrate the functional impact on genes; hence these are candidates for disease
susceptibility alleles. The most important among these are the triplet repeat, more than
five triplet repeat expansion causes a range of diseases including Fragile X,
Friedreich'sataxix, Mytonic Dystrophy, Huntington's disease and Friedreich’s ataxia,
several Spinocerebellar ataxias [10]. In diseased individual the repeat copy numbers are
more than the normal ranging from tens to hundreds or thousands. Different alleles of this
variable number of tandem repeats (VNTR) are identified in type | diabetes [11]. In [12]
type Il diabetes developed with obese individuals. For example, a tandem repeated
GGGCGG polymorphism within the promoter of the 5-Lipoxygenase gene (ALOX5), the
first enzyme in the leukotriene biosynthetic pathway, has been shown to play an
important role in response to leukotriene modifier therapy. Most individuals carry five
repeats of the GGGCGG motif; however, 5 to 35% of white-skinned or European origin
individuals carry at least one allele with three or two repeats at this locus [13]; these
tandem repeats are used in target drug identification and validation [14]. Initially the
tandem repeats were designed for research in humans, now these will become a powerful
tool for animal and plant research, these provides relevant information for identifying
conservation units for investigating genetic process. Nature frequently deletes or inserts
entries substrings as a unit. An important feature of tandemly repeated DNA is the
capacity to vary in terms of length, based on the number of repeat units, this is a
characteristic feature of genetic diversity [15]. The study of this class of genetic variation
has proved extremely important to our understanding of the human genome.

1.2. NEXT GENERATION SEQUENCING

The approach of cutting edge DNA sequencing innovation has made a downpour of
succession information that should be put away, sorted out, and conveyed [16]. Recently
sequencing cost reduced for every 5 to 7 months DNA data will be doubled. At the same
time there is need in new tools to process this much of huge data at a higher rate. The
European Bioinformatics Institute (EBI), which has a focal archive of succession
information called EMBL-bank, has expanded capacity limit from 2.5 petabytes in 2008
to 5 petabytes in 2009 [17]. All existing tools in this field were single processor based
and run on traditional setup. We can attack the problem caused by exponential data
growth by applying horizontally scalable techniques [18] from current analytics systems
to accelerate scientific processing pipelines, these systems can be built with a set of
techniques for implementing scientific analyses efficiently using commodity “big data”
systems. Most of the existing tools being currently in use have no support of multi node
execution, though some of them support multi-threading, parallel execution, the speed
might be limited due to heavy inter process communications when the number of cores is
high, the system sometimes busy with resource management than the actual problem
solving. As whole genome analysis is gaining attention there is need for new tools to be
developed and run on most recent technologies like Hadoop MapReduce framework [18].

1.3. MAPREDUCE FRAMEWORK

MapReduce is a software framework that allows certain kinds of parallelizable or
distributable problems involving large data sets to be solved using a large number of
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commodity low-end servers in a scale out [19] manner. MapReduce is attractive because
it abstracts parallel and distributed concepts in such a way that it allows novice
programmers to take advantage of cluster computing without needing to be familiar with
associated complexities such as data dependency, replication, reliability and mutual
exclusion. The challenge in this framework is problems must be expressed in such a way
that they can be solved using MapReduce, however MapReduce addresses the challenges
of distributed programming by providing an abstraction that isolates the developer from
system level details [19].

Recently there are very few tools in the field of bioinformatics developed on open-
source implementation of MapReduce framework called Hadoop to run and manage
parallel execution. Blast Reduce [20] designed on MapReduce framework which is 250x
faster than BLAST [21] which is widely used application for sequence alignment.
Halvade [22]is framework developed for sequence analysis for read alignment in Map
phase and variant calling in Reduce phase based on best practices of GATK [23] is able
to process a 50-fold coverage whole genome data set in under 3h, which is a 90%
efficient compared to other methods. Mining repetitive sequences in a MapReduce setting
[24] proposes a method for finding various kinds of repeats by scanning the document
once and for each substring of length k stored in Hbase table along with its starting
address, from this table again they tried to find repeats of size 2k, 4k and so on, but it
does not find repeats of every possible lengths. Repeats identified from initially stored
different k-length subsequence in a Hbase table by scanning every row. This approach
requires two scans on the data given, our approach scans given file only once and no need
to connect other component like Hbase. This approach requires three jobs, first job
process raw sequence and stores the intermediate data in Hbase, second job finds various
lengths of repetitive sequences and merges adjacent building blocks in each sequence and
final job eliminates non repeats. Kareem S et al in their parallel NGS data analysis
pipeline in Hadoop [25] presented performance comparison of NGS pipeline scalability
from one to two and one to ten samples being executed in parallel and observed run time
increased as 1.05x, 2.24x only, they concluded as Hadoop based pipeline is 30x faster.
Genome Analysis Toolkit (GATK) is framework designed on the philosophy of
MapReduce, provides a small set of data access patterns required for majority of analysis
tools, MapReduce enabled stability in process, CPU and memory efficiency and
automatically parallelizes methods those run on both shared memory machines and
distributed clusters [26], but this is not included SSR tools in it. Motif finding problem in
large DNA data sets [27] designed in Hadoop framework based on word counting
principle. There are other Hadoop based biological applications listed in [28], like
seqWare Query Engine[29] based on NoSQLHbase supports database operations on
huge number of genomes, this paper recommended redesigning existing tools to run on
MapReduce framework. Hadoop also used in Cloudburst[30] to accelerate the read
mapping process of short read sequencing data to a reference genome for SNP discovery
and genotyping. Tools for SSR were not there so far developed by Hadoop to get the
advantage of parallel programming and to meet the current demands in field of
bioinformatics.

The importance and using of Hadoop MapReduce and Hbase and its associated open
source projects community in the field of bioinformatics for both users and developers
increasing day by day. Most of the bioinformatics work not only the horizontal scalable
by Hadoop and HBase important, but also the integration and analysis of consequence of
large, disparate data sources into one data warehouse under Hadoop with few HBase
tables [31]. But there are big challenges of big data with the advent of high throughput
genome technologies, life scientists are to face massive data sets, encountering challenges
in processing, handling of information [32]. Our approach is also trying to speed up
analysis to serve who want to use big data. For example, if 50 or 100 genomes are to be
analysed and results compared, number of computational steps are involved. Steps can
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run either in sequential or in parallel; Hadoop framework allows analysis as data
continuously increasing. Recently there is a demand raised by experts to adapt
bioinformatics curricular to big data [33]. Due to the complexity of biomedical big data,
there is a need new professional in this field those are capable of analysing, and
interpreting big data by addressing the challenges posed by it. Very recently a study on
big data analytics in machine learning perspective addresses several issues and challenges
by big data problems in the field of bioinformatics [34]. The existing big data
architectures do not provide a comprehensive solution for big data analytics. To get
solutions in faster way, with fault tolerant, facilitating incremental, distributed and
optimized for iterative and complex computations MapReduce framework recommended
for current and future scope in this field. It is being used by many researchers in this field
for solving problems with Data Ming principles, one of such problem is for mining
maximal contiguous frequent patterns in large DNA sequence datasets in more efficient
way [35]. There are some surveys regarding MapReduce operations in bioinformatics
concluded importance and vast scope of this technology in this field [36]. Our literature
survey found that there are no tools for SSR so far developed by Hadoop to get the
advantage of parallel programming and to meet the current demands in field of
bioinformatics. Our initiation may help in this direction.

In this paper we developed a group of jobs in Hadoop MapReduce to identify tandem
repeats. It follows divide and conquer strategy, input file is divided into parts nearly equal
size and assigns to different mappers available in cluster. The entire process explained as
follows: Section 2 proposed system architecture; Section 3 describes all algorithms;
Section 4 experimental setup, results and their discussion; Section 5 conclusion followed
by references.

2. SYSTEM ARCHITECTURE

Our method to identify tandem repeats is primarily divided into two parts, one part is
for mono repeats identification, in second part other repeats like di, tri, tetra, penta, hexa
and k-mer(k up to some desired and suitable). Reason behind this separation is designing
the task as batch processing which is most suitable for Hadoop framework. We employ
the rapid application development (RAD) [37] process model in developing the tool in
less duration; there are two reasons using this process model we can see working model
in less time, if any small issues not addressed properly we can correct it immediately. Fig
1 shows detailed architecture and which is most suitable for this framework, it consists 3
MapReduce jobs run in sequential fashion. Inside a job all map tasks and reduce tasks
works in parallel. The Hadoop implementation working details are discussed in [17-
19],[38-39]. All the components in Figs 1 are implemented as MapReduce classes. Entire
process completed by three jobs, first job generates motifs in its map phase and qualifies
some them as tandem repeats in its reduce phase; second job extracts all distinguished
motifs of all sizes (1 to 6) bp; the input for this job is output of jobl; third job
consolidates all tandem repeats based on the output produced by job 2. The details are
presented in the following algorithms numbered from 1 to 7.
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Fig. 1 Work Flow Model for Tandem Repeats by Map Reduce
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3. PROCESS / |IMPLEMENTATION OF FRAMEWORK
CUSTOMISED INPUT SPLIT

As shown in Fig 1 the input data is divided according user defined splits size by using
record reader object. One input split is a chunk of the input that is processed by a single
map task [38]. Each map processes a single split as a key-value pair. For some
applications like word count uses default split in which every line of input file taken a key
—value pair, but such a split does not fit to our problem so customized split with number
of bytes as size of split will specify number of mappers required to process whole input;
every input split has partition number as key. This input splits can be processed in parallel
by different machines.

3.1. MAP PHASE MOTIF GENERATION

In a map task first pre-process the value with respect to new line character. It extract a
k-mer(k=2 to 6 in this paper) as motif and emits it with start index, end index, as key, 1 as
value. Algorithm 1 shows details of motif generation, map task generates customised key
as shown Fig 2.

Algorithm 1: Motif Generation Map Task

Input:Keyin= <FileName, PartitionNo>, Valueir= Sequence
Output: Keyo.u= <Motif, startindex,endIndex, count>, Value,= one
1. Class RpGenMapper

2. method map(<FileName, PartitionNumber> key, Sequence V)

3. pre-process(v);

4. for each motif m € v // motif size from 2 to 6

5. emit((writableKey( m, one))

6. for each monorepeat m € v

7. emit((writableKey( m ,count))

8. method map close

Fig. 2 Composite Key for Partitioning and Sorting

Ilustration of map task show in Fig 3. Sends all substrings of length k; i, j as start, end
indices of substring; count 1. If k=3, assume G starts at 20 in given file it sends (GAC,
20, 22, 1), (ACT, 21, 23, 1), (CTA, 22, 24, 1) and so on to HDFS [17-19], [38].

.« GACTACTCGTCCCGATATCG...

Fig. 3 Extracting a k-mer

The output of every map task given to partitioner [17] which is responsible for dividing
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up the intermediate key space and assigning it to reducers. In other words the partitioner
specifies to which reducer intermediate key-value pair must be copied, number of
reducers required. The details of partitioner in this job presented in Algorithm 2.

Algorithm 2: Partitioner Task

Input: Keyin= <Motif, startindex, endIndex, count>, Valuei»= one

1. Class MotifPartioner

2. methodgetPartition(<Motif, startindex,endindex> key, Value v, intnum_Partitions)
3. return (key.Motif.hashCode()) %Integer. MAX_VALUE;

4. method getPartion close

3.2. REDUCE PHASE TANDEM REPEAT DETECTION

After successful completion of partition the reduce phase starts each reduce task
receives a motif of same kind generated by all mappers in sorted order based on start
index of motif. Algorithm 3 presents reduce task in detail.

Algorithm 3: Tandem Repeat Detection Reduce Task

Input: Keyin= <Motif, startindex, endIindex, count>, Valuei»= one
Output: Keyq.= <Motif, startindex, endindex>, Valueo,= count

. Class TandemRepeatDetection

. method reduce(<Moatif, startindex, endindex ,count> key, Value [vi,va,...])
. for each motif m € key do

Make a list S from all start indices with motif

Make a list E from all end indices with motif

. for all u;eS, viek do

if(vi +1=ui:1) then TR found from ui to vi.1 update Vi to Vis1

9. TR detected from u; to v; with count (vi-u;)+sizeof(motif)

10. emit(TR, start index, end index, count)

11. finally emit(TR, final count)

12. method reduce close

~NOoO U WN R

The reduce task compares first motif end index start index of next motif if they are
differ by one then that motif is qualified as tandem repeat and emits onto HDFS, all other
motifs are simply discarded; Fig 4 illustrates reduce task process.

At the end of first iteration of MapReduce it produces one output file containing all
qualified tandem repeats present in the given DNA sequence file. The frame work
guarantees intermediate sequences processed in alphabetical order with in a partition.
This generates a sorted tandem repeats file in a most convenient form to the biologist to
figure out various interested/uninterested motifs also, this also facilitates the biologist
search more easily since all tandem repeats were listed in sorted order by considering
motif and its start index as key, first sort motif string alphabetically on duplicate motifs
sorting takes place on their start indices; at end of particular motif the total count of that
motif across whole file is also written on output file. The output file itself convinces the
biologist the distribution of motifs, a simple walk on the output file will give a clue on
distribution of motifs; by considering a motif, all occurrences of its type are listed one by
one with structure shown in Fig 5. Now we can simply compare any two adjacent motifs
starting indices, a normalized value from all differences within a motif will give simple
distribution of that motif in the given DNA file as shown in Fig 5.
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Discarded by reduce method

GGA 30, 32,1
ggﬁ%& ]» Reduce changes it to TR

’ GGA, 51, 55, 2 and writes to file

GGA, 93, 95,1

Fig. 4 Verifying tandemness of motif

At the end of first iteration of MapReduce it produces one output file containing all
qualified tandem repeats present in the given DNA sequence file. The frame work
guarantees intermediate sequences processed in alphabetical order with in a partition.
This generates a sorted tandem repeats file in a most convenient form to the biologist to
figure out various interested/uninterested motifs also, this also facilitates the biologist
search more easily since all tandem repeats were listed in sorted order by considering
motif and its start index as key, first sort motif string alphabetically on duplicate motifs
sorting takes place on their start indices; at end of particular motif the total count of that
motif across whole file is also written on output file. The output file itself convinces the
biologist the distribution of motifs, a simple walk on the output file will give a clue on
distribution of motifs; by considering a motif, all occurrences of its type are listed one by
one with structure shown in Fig 5. Now we can simply compare any two adjacent motifs
starting indices, a normalized value from all differences within a motif will give simple
distribution of that motif in the given DNA file as shown in Fig 5.

jpart-r-00000 - WordPad

qQ

Locus

Motif total at the
end of each motif

AAcdia, 4320-4333 / Count

A
A
X
A

Fig. 5 Output ofJobl
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3.3. EXTRACTION DISTINCT TANDEM REPEATS

Job 2 extracts all distinguished motifs of all sizes (1 to 6) bp; the input for this job is
output of jobl. The process is very simple and easy for MapReduce because it is like
simply word count program. Every input line segment for job 2 is independent and hence
no pre-processing and user defined input splits not required; time required for this, is very
less compared to Jobl. Process of Job 2 defined in Algorithms 4, 5.

Algorithm 4: Fetch each distinct motif and its final count Map Task

Input: Keyin= <Texld>, Valuej,= <Text>

Output: Keyou= <Motif>, Valuey,= final count

1. Class Fetching Distinct Motif Final Count

2. method map(Textld k, Value Text)

3. forall motifs m € Text t do

3. Consider all the lines with two fields motif and count
4. Emit(key, value)

5. method

Algorithm5: Reduce Task — simply writes distinct tandem repeats on to output file

Input: Keyin= <Motifkey>, Valuei= <value>
Output: Keyou= <Motifkey>, Valueq,.= <value>
1. Class SimpleTandemRepeatWrites

2. method reduce(key, value)

3. Emit(key k, value )

4. method reduce close

In map task it fetches all lines with two fields motif total and count shown in Fig 5 and
sends to reduce process remaining lines were discarded by map task; the reduce task
simply throws these distinguished tandem repeats on to output disk. At the end of Job 2
we have all kinds of tandem repeats of sizes 1 to 6 bp and their count. This output file
also in alphabetical order for biologist it is very easy for probe operation, see Fig 6 output
segments of job2 “ total” word is appended by jobl to distinguish motif and its total
lines, this also helps in map task only considers all words with “ total”.

Fig. 6 Output of Job 2

3.4. CONSOLIDATION TANDEM REPEATS

Finally, to consolidate all tandem repeats produced by Job 2 another Job 3 started
which is very simple like Job 2; we designed Job 3 with map and reduce tasks given in
Algorithms 6, 7. The map task accepts line with motif total, count as Text and sets
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motif_total as a common key, count as value and sends to reducer. Final one reduce task
consolidates all values since we changed every key in map task to a common key and
hence all are arrived at one reducer, reduce task sums all values see Algorithm 7 and
writes single value onto file common key and value. The value is total number of tandem
repeats present in given file.

Algorithm 6: Consolidation of all kinds of tandem repeatsTask
Input: Keyin= <Texld>, Valuej,= <Text>

Output: Keyou= <Motif>, Valuey,= final count

1. Class Consolidation

2. method map(Textld k, Value Text)

3. for all motifsm € Textt do

4, Set motif as common key, count as value

5. Emit(common key, count)

T

Algorithm 7: Reduce Task

Input: Keyir= <commonkey>, Valuei,= Iterable<value>
Output: Keyou= <Common Key>, Value.= <total count>
1. Class ConsolidationTandemRepeat

2. method reduce(common key, counts [C1,Cz,...])

3 sum=0;

4 for all count fc € counts [c1,C2,..] do

5. sum=sum-+fc

5. Emit(key k, value sum)

T

4. EXPERIMENTAL RESULTS

We performed our experiments on (1+8 nodes) cluster machine having front node with
2 X Intel® xeon® E5-2640 (2.5 GHz / 6-core/15MB/95w) processor, 64 GB RAM, 3 X
600GB HDD and remaining 8 nodes with 1 X Intel® xeon® E5-2640 (2.5 GHz / 6-
core/15MB/95w) processor, 16GB RAM, 2 X 300GB HDD. The sequences were
downloaded from the GenBank sequences are NT_023678(Homo sapiens chromosomes 8
genomic contig), NT_026446 (Homo sapiens chromosome 15 genomic contig)and
submitted to tool where it detected large number of tandem repeats compared to tool [40]
there is a huge number of difference in repeats approximately 8 to 10 times more. But we
are not comparing them directly because of current tool running on a cluster and capable
of doing exhaustive computing. Fig 7 shows number of repeats produced by current tool
with other tools IMEx [41], TRF [42] our tools produced more number without any
assumed computational constraints.
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Fig. 7 Number of Tandem Repeats produced by different tools

5. CONCLUSION

In this work, authors proposed an efficient and constraint-free Hadoop MapReduce
based approach for detecting tandem repeats. Proposed model works in parallel and
leverages the functional advantages of key —value based implantations. Experimental
results show that the proposed approach more efficient with respect to increased data size
when other tools have limitations. Tools for SSR were not there so far developed by
Hadoop to get the advantage of parallel programming and to meet the current demands in
field of bioinformatics. This framework works in more natural way and exhaustive
approach adapted; all existing tools works under some assumed constraints, hence there is
a loss in valuable information.
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