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Abstract: In computational biology, motifsare short, recurring
patterns of biological sequences that possess the principal
character for the analysis and interpretation of various biological
issues like human disease, gene function, drug design, etc. The
major objectives of themotif search problem are the management,
analysis, and interpretation of huge biological sequences using
computational  techniques from computer science and
mathematics. However, detection of the motif leads to
computational problems whose solutions require a substantial
amount of timein oneuniprocessor machine and thus, remainsas
one challenging problem. In this chapter, two parallel algorithms
are proposed, along with itsimplementation detail which crucially
enhances the performance of the PMSP motif search algorithm.
Thefirst approach enhancestheexisting algorithm by eliminating
the redundant process of the computation and also, minimizesthe
execution time by the use of both process-level and thread-level
parallelism in the implementation. The second approach is the
improvement over the first one, where not only the time of
computation is reduced further but also the best space utilization
isachieved..

Keywords : Planted Motif Search, Process-level parallelism,
Thread-level parallelism, Bit Vector Map.

. INTRODUCTION

In computational molecular biology and bioinformatics,

the discovery of motif, the approximate patterns in DNA
sequences has given rise to important solutions in the domain
of many biological problems. Motifs are the sequence of
common patterns present in transcription factor binding sites
that exhibits eventful character in gene regulation and
expression, understanding of human diseases, drug design,
gene function, etc. As a result, in biological studies, the
discovery of motifs considered as important as well as one
fundamental problem.

In literature, extensive study has made on severa
categories of the motif search problem.

For instance, they include Simple Motif Search (SMYS),
Edit distance based Motif Search (EMS), and Planted (I, d)
Motif Search(PMS). In this work, our focusis on Planted (I,
d) Motif Search (PMS) problem.
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The definition of PMS problem is as follows: Inputs to the
PMS are n sequences of length m each, two positive integers|
and d. The objectiveisto extract strings of length I, such that
any such string M ispresent in all n sequences with maximum
d mismatches.

PMS algorithms are categorized into two approaches. exact
and approximation algorithms, based on heuristic search and
exhaustive enumeration search respectively. Generally, PMS
approximation algorithms are more widespread and faster
compared to exact algorithms, however, there no assurance of
getting always the correct motif.

The probabilistic approach [1], [2], [3], [4] is utilized by the
approximate  agorithm, which depends on the
Position-Specific Scoring Matrix (PSSM) representation [5],
or a combinatorial approach [6], [7], [8], [9], [10].
Extensively used analytical agorithms are the stochastic
GibbsDNA algorithm [1], AlignACE [2], PhyloGibbs [3],
BioProspector [4], TEIRESIAS [6], WINNOWER [7],
Random Projection [8], MULTIPROFILER [9], Pattern
Branching [10], CONSENSUS11], MEME [12],
MCEMDA[13] and Vine [14]. The WINNOWER algorithm,
by Pevzner and Sz€[7] builds a graph considering the I-mers
as nodes and connection of the pair of |-mers as the edge,
where the pair differs at maximum 2d distance. Then he
systematizes PMS into the problem of figuring out a large
cligue, an NP-Hard problem. Random projections [8], by
Buhler and Tompa, grouped I-mers based on the similarity of
the projections by considering k locations from the entire
[-mers. The probability of obtaining the desired motif is more
in the groups having a maximum number of |-mers. Pattern
Branching [10] algorithm uses the scoring method to assign a
score to each neighbor of al I-mers available in the sequence
and then the best-scored neighbors are determined by the
local search. The greedy CONSENSUS [11] employs
statistical measures for the alignment of |-mers and finds
probable motifs from the alignment while GibbsDNA [1] uses
Gibbs sampling.

MEME (M ultiple Expectation-Maximization Elicitation) [12]
is among the widely used approximation agorithms, where
the technique of expectation minimization is used. A Monte
Carlo agorithm, MCEMDA[13], initiates from a starting
model and then it repeatedly executes the Monte Carlo
simulation with parameter update till the convergence. Vine
[14], a polynomia time heuristic method based on
WINNOWER][7]. Exact agorithms take exponentia time to
compute, but there is a guarantee of getting motifs.
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For the NP-hard nature of the exact algorithm, it isimpractical
to run on avery larger instance and consequently required to
develop the exact algorithm with shorter time and space
overhead. Based on search space the exact algorithms built on
two approaches, namely: sample-driven and pattern-driven.

The sample-driven approach generates the common
neighbor by experimenting (m-I+1)n  achievable
combinations of |-mers of distinct strings. Pattern-driven
approach verifies all possible 4' patterns to target a particular
pattern that availablein every sequence with the least possible
deviation. Some of the exact algorithms for solving PMS are
SMILE[15], CENSUS[16], MITRA [17], PMS1[18], PMS2
[18], Voting [19], and RISOTTO [20], three agorithms
namely PMSi, PMSP, and PMSprune by Davila et al. [21],
Pompa[22], PM$4[23]. Many of these approaches use a tree
data structure like a suffix tree or a mismatch tree or tries to
steadily generate motifs one character at a time. CENSUS
[16] constructs a trie out of I-mers of every sequence. In the
process of the trie generation, the nodes go on storing its
distance value from the motif, which helps it to potentially
prune several branches of thetrie. The algorithms SMILE[15]
and RISOTTO[20] uses the suffix trees. Among this
RISOTTO [20] performs efficiently and uses the suffix tree.
MITRA [17] considers the mismatch tree data structure. He
divides the space of patterns into several sub-spaces those
startswith a stated prefix and then employs pruning to each of
those sub-spaces. PMS1, PMSi, PMS2 [18] are built on the
radix sort. They intersect efficiently the sorted
d-neighborhood I-mers of al in the input sequences using a
unigue technique. Voting [19] uses the hash table to store all
possible |-mers and thus the space requirement is huge for
larger instances. Davila et al. [21] proposed a series of PMS
algorithms that are fast as well as comparatively economical
on space. PMSP [21] explores the d-neighborhood |-mers of
theinitial input sequence and then applies an extensive search
among the rest of the input sequences to compute the
particular I-mers in the found d-neighborhood called as
motifs. Practically it performs better than the PM S1 instead of
its worse theoretical worst-case time complexity. PM Sprune
[21] uses the branch and bound approach to explore all
d-neighborhood and uses dynamic programming to compute
the distance among them. Pampa [22] added the concept of
wildcard characters over PM Sprune to compute approximate
motif patterns and then find the actual motifs by doing a
thorough mapping within the computed approximate pattern.
PM$4 [23], ageneric speedup approach that can improve the
execution time of any exact algorithms. The algorithm PM S5
[24], PMS6E[25] and gPMS7[26] compute al the common
neighbors of thethree |-mersiteratively using an integer linear
programming formulation. PairMotif[27] selects a candidate
[-mer from the input string and then alter the alphabets one by
one. Some agorithm utilizes an efficient combination of
sample-driven and pattern-driven approach such as the
algorithm of [28], PM S8 [29] and gPM S9[30].

From the intensive survey of discovering planted (I, d)
motif, the observation is that Rajsekharan's PM SP agorithm
is the pedestal of his series of agorithms from PMS5 to
PMS9. However, despite the efficiency of PMSP, its
inexhaustible memory consumption leads to a failure in the
implementation. In this paper, we work more efficaciously by
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developing two parallel algorithms that minimize the motif
algorithm's search space as well as search time. The first
approach enhances the existing algorithm by eliminating the
redundant process of the computation and al so, minimizes the
execution time by the use of both processlevel and
thread-level parallelism in the implementation. The second
approach is the improvement over the first one, where not
only the time of computation is reduced further but also the
best space utilization is achieved.

This paper is structured into eight sections. Section 2
describes the existing sequential exact PMSP algorithm with
its limitation in section 3. The motivation for the proposed
work is addressed in section 4. The proposed paralel
algorithm along with its implementation detail is described in
section 5. Section 6 delineates the improvement over the
proposed parale agorithm with its implementation.
Performance evaluation and discussion on the experimental
results are carried out in section 7. Finally, the chapter
concludesin section 8.

[I. EXISTINGPMSPALGORITHM

To describe the proposed paralledl PMSP agorithm
systematically, this section presents some definition of the
related concepts and the existing planted motif search
agorithm relied on these concepts. The simple idea followed
by the PMSP isas follows: for individual length | substring x
of sequence S,, it generates the set of d-neighborhoods and
outputs the |-mer of this neighborhood that are present in
every sequence S for i=2,..,t within d Hamming distance.

Definition 2.1. Given a set of t DNA sequences S={S,, ...,
S} of length neach, over an aphabet of interest = {A, G, C,
T} and two nonnegativeintegers| and d such that 0 <d <| <n,
the planted (I, d) motif search is defined to search a string z

with |z =1suchthat each DNA sequence S containsat least a
substring z; with |zi| = | and z differs from z by at most d

positions.

Definition 2.2. Given are two strings s and x of length n
and | respectively, with | < n. String x is said to be an I-mer of
s, if x isalength | substring of sand isdenoted as x<| s.

Definition 2.3. Given are two strings x and y with
|| =|y| = I, the Hamming distance between themis denoted by

du(X, y), which is the number of mismatches between them.
Definition 2.4: Given astring X[1,..,1], the d-neighborhood
of it can be denoted as B4(x), where B4(x)={y: |y| =l and d(x,

y)=dj.
It X

| .
Ba ] =NG,d) =50 [ dj (]-1)

is the aphabet of interest then note that

Definition 2.5: Given are two strings s and x of length n
and | respectively, with | < n. Let C(x,s) be the collection of
the l-mersy of string s such that dy( x, y) <2d or C(x, s) ={y:
x<, sand dy(x, y) < 2d}
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Itisinferred that, for any motif M, if there exist two instances
x and vy, then they will differ by maximum 2d Hamming
distance. Here, to search the motif M derived from I-mer X,
the set C(x,s) will only contain the I-mer of sequence swhich
differs at the maximum 2d distance.

Definition 2.6: Given a set of sequences S={S,,S,,...,S¢}
of length n each, then the set of potential (I, d) motifsof Sis
denoted by M, «(S).

For the given |, d, and S the aim of PMS is to determine
M, «(S).

Algorithm PMSP

Input: Integerst, n, |, d and t number of DNA sequences as
S.
Output: Potential motif set M, 4(S)

PMSP(t,n,1,d,S)
1. M, «(S) = @/l @ symbolizes the empty set

2. For every X, wherex<| § do

For every S, where2<i<tdo
Cx,5)=0
F((y<15)&& (du(x, y) <2d)) then

Clx,S)=Cx,S) Yy
For every z € By(X) do

© No o ~w

If (for every i, where 2 < i <t, there existy € C(X,
S) such that dy(z, y) <d) then

M (S = M «(S) Yz
Return M|’d(S).

©

In the pseudocode, lines 3to 6 collect the I-mers for set
C(x, §) by calculating the Hamming distance of |-mer x of
sequence S; from each |-mer of sequence S for 2 <i<t. Line
7 and 8 check the validity of each neighbor z, for being an (I,
d) motif. Line 9 includes all motifsinto the potential motif set
M. 4(S) and line 10, finally, output all potential planted motif
satisfying the definition of planted (I, d) motif. .

I11. LIMITATION

1. T Thisalgorithm reasonably worksfor 20 number of DNA
sequences with challenging (I, d) instances as (11,3),
(13,4), (15,5), (17,6). However, discovering motifsfor the
PM S problem with larger Hamming distance d with longer
| value becomesimpractical.

2. With the increase in d vaue, the volume of
d-neighborhoods yields from every I-mer of sequence S;
will  increase tremendoudly, which will become
unserviceable with the use of any list data structure.

3. Toredlize the line 8, the sequential search of PMSP will
become tedious with the larger in | and d values.

4. Itisassumed that the likelihood of the appearance of two
| -mers at a different position of the string S; is different
from each other. This may not be happening in a larger
string. Again when two | -mersarein close proximity, then
duplicate neighbors can be generated. In PMSP, thereisa
lack of provision of expelling these duplicate or redundant
[-mers generated in the process of motif search and thus
thereisawasted effort taken place for such type of |-mers.

Retrieval Number: D1521029420/2020©BEIESP
DOI: 10.35940/ijitee.D1521.029420
Journal Website: www.ijitee.org

I nter national Journal of Innovative Technology and Exploring Engineering (1JITEE)
ISSN: 2278-3075 (Online), Volume-9 | ssue-4, February 2020

IV. MOTIVATION

The exhaustive survey of the computational methods of
discovering planted (I, d) motifs are performed and a so their
biologica significances are studied thoroughly. The
efficiency isfound to be minimal in the serial implementation
of the exact solution by a single-core computer. The existing
algorithm contains lots of repeating as well as
data-independent operations. This motivates us to propose a
parallel way of implementing the existing exact planted (1, d)
motif search agorithm with some modification to avoid
repeated operations. Additionally, a larger memory is also
available with the multiprogramming environment to store the
huge number of generated | -mers.

In parallelization, with a multicore processor, the issue of
sharing cache for different core simultaneously endangers
with enough memory traffic. This can be resolved by
designing one algorithm where the different core will operate
on the separate memory areas. Again, employing abstraction
of assigning separate memory area for the shared data to be
used by different core will cause the dispute of "false sharing"
which can be resolved through a multithreading programming
approach.

To address the problem of the existence of the duplicate or
redundant |-mer, the bit vector approach is used where for
every |-mer there will be a corresponding bit present in
response to its availability. Again, the use of the bit vector
reduces the time of searching and time of merging in the
process of solving the problem.

V. PROPOSED PARALLEL ALGORITHM

In the proposed paralel procedure, some additional
features are used which improves the functioning of the
exigting agorithm. Firstly, the paralelism present in the
PMSP algorithm is exploited and secondly, the bit vector
mapping technique is employed to avoid the ambiguous and
repeated operations. The proposed algorithm is as follows.

Algorithm 1. Proposed Parallel Algorithm

1454

Input: integerst, n, |, d and t number of DNA seguences as
S
Output: Potential motif set M, 4(S)
Proposed pardlel PMSP (t,n,1,d, S)
1. Mi«(S) =9, M= 3/l @ symbolizes the empty set

2. For every x< S do paralel using process
Par Begin

3. For every S, 2 <i<t, do parallel using thread

4. Cx,S)=9

5. If((y<|S)&& (du(x, y) <2d)) then

6. Cx,8)=C(x,S) v y

7. Find B4(x)
Par End
Par Begin

8. For every z « By(X) and z ¢ M. do parallel using
thread

9. Mc=McY z
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10. For every i, where 2 <i<t, if (there existy e C(X,
S) such that dy(z, y) <d) then
11. M (©=MT (9 Y z
/I Motif set for each thread
Par End
12 MP (9= yMP (9 /IMotif set for each

process
13. Mg (9 =Y M [ (5) //Synchronize the resuits of

the process
14. Return M I,d(s)-

A. Implementation of Proposed Parallel Algorithm

The server uniformly distributesthe task among the clients
and does the thoroughgoing coordination and synchronization
among the clients. Figure 1 depicts the flow of the proposed
algorithm. The client accepts the task from the master process
and implementsit in aparallel way. The SSh key techniqueis
used to avoid the requirement of a password during the
interaction between the master system and client (dave)
systems for the execution of the program. This helps easy and
fast communication between systems.

All the given sequences S for 2 < 1 <t are evenly
distributed among the processors along with the portion of the
sequence S;. Each processwill determine the possible planted
(I, d) motifs from the alotted subset independently. Every
I-mer is equalized to a unique integer and is represented as a
binary number. If I, I,,...,I, isan I-mer, then it is expressed as
(ry, r2,..., 1)), asequel of residues. For |3 = 4, two bits are

sufficient to represent the residues of the |-mer. Assuming
A=0, G=1, C=2, T=3, residues A, G, C, T are represented as
00, 01, 10, 11 respectively. Thusany |-mer can be considered
as an array of residues and can be derivable to a unique
integer in anatural way. For illustration, if | = 15 and theword
size of aninteger in accordance with the machine of interestis
of 32bits, then every I-mer can act as a unique integer. In the
proposed algorithm, the bit vector instead of the list is used.
For every possible I-mer of length |, there is a corresponding
bit in the bit vector. The bit represents whether the I-mer is
present (1) or not (0). For afixed-length |, increasing d gives
rise to increase the list tremendoudly in the existing PMSP
algorithm, whereas in the proposed agorithm the bit vector
size will remain the same irrespective of the size of d.

In the proposed algorithm, line 2 splits the |-mers x of
sequence S; into several subsets, and allocate each subset to
each process. For every |-mer x of the sequence Sy, Line 3to
7, constructsthe lists C(x, §) containing the I-mers of S for 2
<i<t, those are present by Hamming distance 2d from x and
also, constructs the d-neighborhoods of I-mers x in parallel
using thread. Line 8, 9 and 10 jointly find the neighborhoods
z of I-mer x, whichispresent in each of thelist C(x, S) for 2 <
i <t within a d Hamming distance, in parallel using threads

and in affirmative, include that z into the bit vector MI”(‘j in

line 11. Using bitwise OR operation, line 12 merges the bit
vectors MI”(‘j of every thread to get the processor's bit vector
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M, and line 13 merges the bit vectors mP; of every

processor to get the final bit vector. Finaly, line 14 outputs
the desired motif.

VI. PROPOSED PARALLEL ALGORITHM

This section improves the proposed parallel algorithm in

crucialy asfollows.

1. The use of (t-1) number of lists, C(x, S), is replaced with
theintroduction of asinglebit vector M, of sizein several
bytes. The content of C(x, S) in the bit vector, now will
correspond to the segment of the bit vector M, as

M[(i-1)xr, ... ,ixr-1] where r = n—l+1

+1 assuming an

integer size to be of 32bits. For every |-mer of S, thereis
a corresponding bit in the segment My[(i-1)xr,...,ixr-1]
which can be set (1) or reset (0) depending on their
Hamming distance value from I-mer x. Thisimplies that,
if any I-mer y of S iswithin Hamming distance 2d from
[-mer X, then the corresponding bit of M, will be set to
one otherwise it will remain zero.

2. Processors communication overhead is eliminated using
thread-level paralelism only. To achieve this, two levels
of parallelism are used, one outer level and another inner
level. The outer level parallelism exploits the parallel
motif search on different I-mers of the first sequence and
the inner level parallelism exploits the paralel motif
search of the different d-neighborhood of the sequence
one |-mer.

The proposed agorithm is described as follows. (Note: For

the convenience, the set of sequences S is considered as

{s}=g)

1455

Algorithm 2 Improved Parallel PMSP

Input: integerst, n, |, d and aset of S of t input sequences S =
t-1

{Stizo

Output: Potential motif set M, 4(S)

Improved_paralel_PMSP (t, n, I, d, S)

n-|+1
1. Myg=08,M,=08,M.=0, r=
l,d p ¢ 32

+1

2. Foreach x<| §, do parallel using outer thread T[out]

3 Foreachi, 1 <i<t-1do

4, If((y<|S)&& dy(x, y) <2d) then

5 M[(i-1)xr, ..., ixr-1] = M[(i-1)xr, ..., ixr-1] Yy

6. Find By(x)

7. Foreach ((z € By(X)) && (z ¢ M) ) do paralel using
inner thread T[out][in]

8. Mc=Mc Y z
9. Foreachi, 1 <i<t-l1do
10. flag=0
11. Foreachy € M[(i-1)xr, ..., ixr-1]
12. If(du(z, y) < d) then
13. flag=1
14. break;
end for
15. If(flag = 0) then
16. break;
17. dseif(i =t-1)
then
Published By:
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18. M|'d(S) = M|'d(S) Y z
19. end for
20. Output M, 4(S)

A. Implementation of the Improved Parallel Algorithm

The implementation of the improved parallel algorithm is
realized using the pthread library running on the Linux
environment over the Intel 4-core machine where the
individual core runs at 2.4GHz. Figure 2 depicts the flow of
the proposed agorithm. The paralelism present in the
improved algorithmis exploited through two level s (outer and
inner). Only the additional work made concerning the
proposed parallel PM SP approach is described here. Initialy,
line 2, using the thread block T[out], achieves the outer level
parallelism on motif search due to different |-mers of
sequence S. Then, line 5, using multiple threads T[out][in],
achievestheinner level parallelism on motif search dueto the
different neighbors of I-mer x. The total number of threads
depends on the availability of both memory and number of
coresin the system. Each outer thread T[out] hasitsowninner
threads T[out][in]. The outer threads cooperate to find the
motifs for different |-mers x of sequence Sy and inner threads
cooperate to find the motifs for neighbors of a particular
[-mers of S,. In the improved paralel algorithm, a single bit
vector is used instead of severa lists C(X, S). For every
possible I-mer, there is a corresponding bit in the bit vector
that can be set to specify the availability of the I-mer. Three
numbers of bit vectors My, M, and M, 4 are used in the
agorithm. Bit vector M, storesthe l-mersof S; for [ <i<t-1
in the segment My[(i-1)xr, ... , ixr-1], those are within 2d
Hamming distance from the |-mer x of sequence S, the bit
vector M. keeps the record of the I-mers those are
encountered in the process of motif search and the bit vector
M, 4(S) stores the resultant motifs. The purpose of the bit
vector M, is to minimize the storage space of different lists
C(x, S) into a size, in severa bytes only and to avoid any
redundant operation in the process of motif search. The break
statement in the line 14 and line 16, restrict the unnecessary
loop iteration to occur, which subsequently minimizes the
computation process.

VII. EXPERIMENTAL RESULTSAND DISCUSSION

The effectiveness of the proposed parald model and
improved paralel model is examined through the
computational experiments. Twenty random sequences each
of consisting 600 are considered. A planted motif of length | is
then mutated randomly in d selected positions. Despite the
fact of the analogous behavior of the proposed algorithm with
the existing agorithm in the worst case, the proposed
algorithm outperforms the existing onein all other cases.

A. Performance Analysis of Parallel Algorithm

The proposed parallel agorithm has been implemented in the
C environment using the MPI library and the Pthread library.
The experiment has performed in an environment of two
nodes in clusters with each of 2.4GHz Intel Pentium-1V
processor having 4GB RAM running under Red Hat Linux.
One Gigabits/s Ethernet switch is used to connect the nodes.
Theparallel agorithm has been examined on all nodesand the
starting and ending execution time has been evaluated with
the wall clock time. The running time of the program is the
sum of its execution time, communication delay and time of
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fetching input data from the file. The algorithm allocates the
sequence pairs based on the number of symmetric
multiprocessor (SMP) nodes available. Due to the LAN
connection, the distance of transferring data or intermediate
results between the server and the clients can be ignored.
The running time of PMSP and the proposed parallel
algorithm on different clustersis depicted in Tablel.

The running time of planted (I, d) motif algorithm derived
from data set having variable motif length and a variable
number of Hamming distance is discussed below. The
proposed parallel algorithm is carried out by creating two
numbers of processes on a two-node cluster. This distributes
one processto each node. | nthis experiment, motif lengthsare
(11,3), (13, 4), and(15,5) for 20 sequences of each 600
alphabets drawn from an alphabet set Y’ = {A, G, C, T}.

Thefirst set of experimentsisaimed at observing how the
length of the planted motif affects the performance of the
proposed parallel algorithm compared to the existing PMSP
sequential algorithm asshownin Figure 3. Itisobservedinall
casesthat correct planted motifs are found using the proposed
parallel agorithm successfully.

The next experiment investigates how the processing time
is influenced by varying Hamming distance for the length of
the motif 11, 13, 15 as shown in Figures 4, 5, and 6
respectively. Running time of a parallel agorithm on a
two-node cluster is discussed with two nodes and one node,
with the increasing Hamming distance. Curves indicate that
the processing time has linear growth as the number of
processors increase.

B. Performance Analysis of Improved Parallel
Algorithm

The improved parallel algorithm is implemented with a
different degree of outer level and inner level parallelism for
different motif instances. When the value of | issmall, let for |
=11 or 13 the performance is constrained by the memory
bandwidth of the computer. The increase in the degree of
parallelism has less effect on the execution time due to the
stalls of threads for memory access. However, for the larger |
value, the availability of the system memory decides the
number of thread blocks. Table 2 indicates the degree of outer
level and inner level paralelism for different challenging
instances with their run time. The agorithm is designed in
such a way that between the threads the work to be done is
distributed uniformly. In this experiment, the motif of length
(11,4), (13,4), (15,5), (16,6) and (17, 6) has been considered
for 20 numbers of sequences of length 600 each.

Figure 7 shows how the lengths of the planted motif affect
the performance of the improved parallel PMSP agorithm
compared to the proposed parallel algorithm and the existing
sequential PM SP algorithm. It isobserved that in all the cases
the correct planted motifs are found using the proposed
parallel algorithms successfully.

VIIl. CONCLUSION

In computational biology, accuracy and high-performance
computing are challenging as well as an important issue. In
this work, the design, implementation, and analysis of two
parallel algorithms are discussed.

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication



Parallel Algorithmsfor Discovering Planted (I, d) Motif

One is a parald model to PMSP with some additional
features to accelerate the process of search and another is
further improvement over the proposed model.

In the smple parallel approach, the use of both coarse grain
and fine grain parallelism justifies the claim of the proposed
parallelization method on the SMP cluster system improves
over the existing sequential algorithm. The proposed
algorithm is implemented on two nodes SMP cluster system
with each of 2.4GHz Intel Pentium-1V having 4 GB RAM
running under Red Hat Linux. The bit vector implementation
minimizes the storage of a huge number of I-mers generated
during intermediate steps and also encourages the result of
motifs for the higher length of larger Hamming distance. In
improved parallel PMSP, multithreading parallelism is used
by adding some modificationsto the proposed parallel PM SP.
The use of the bit vector in this approach reduces the memory
requirement further by eliminating the use of multiple lists by
a single hit vector of size in severa bytes only and also,
reduces the computation time by omitting the redundant
processin motif search. The use of bit vector for storage and
parallelization (both coarse grain and fine grain) turnsit into
space and cost-optimal.
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Figure 1: Flow chart depicting the message passing among the master and slaves.
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Figure2: Flow chart showing the synchronization among worker threads and master thread
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Table 1: Therunning time of both PM SP sequential (SA) and the proposed parallel algorithm(PA) on atwo node
cluster for n=600, and t=20

M otif length Hamming | Runningtime Running time for
() distance for SA parallel algorithm
(d) (Sec) OneCPU Two CPU
(Sex) (Sex)
11 3 6.9 4.2 31
11 4 - 4.9 3.6
11 5 - 6.2 4.1
13 4 152 86 63
13 5 - 104 78
13 6 - 156 123
15 5 2100 1092 666
15 6 - 1278 762
15 7 - 1320 852
L, 2500
= 2000
g 1500 / / Existing PMSP
2 1000 = LExisting
[}
= 500 //. =—l—Proposed Parallel PMSP (1P}
v 0 r—r P
ﬁ (11,3) (13,4) (15,5) Proposed Parallel PMSP (2P)
Motifinstances for different values of / and d

Figure3: Runningtime of proposed parallel PM SP algorithms and existing sequential algorithm (SA) for t= 20,
and n= 600 as a function of (I,d) motifsfor different valuesof | and d.
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Figure4: Running time of proposed parallel PM SP algorithm (1P, 2P) for t= 20, n= 600 and I= 11 as a function of
Hamming distance of motifs.
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Figure5: Runningtime of proposed parallel PM SP algorithm (1P, 2P) for t= 20, n=600 and | = 13 asafunction of (I,
d) motifsfor different valuesof | and d.
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Figure 6: Running time of proposed parallel PM SP algorithm (1P, 2P) for t=20, n=600 and | =15 as a function of (I,
d) motifsfor different valuesof | and d.

Table 2: Therunning time of Improved parallel PM SP, proposed parallel PM SP and the existing PM SP on a two
node cluster for n=600, and t=20 with different valuesof (I, d

Motif Thread | Thread Tota Run time of Run time of Run time of
instance blocks per thread existing proposed paralléel improved
block PMSPinsec PMSPin sec paralel PMSPin
sec
(11, 4) 2 4 8 6.9 3.6 2.3
(13,4) 2 6 12 152 63 47
(15, 5) 4 4 16 2100 666 378
(16, 6) 2 4 8 - 689 452
(17, 6) 2 6 12 6120 756 468
5000
< 4000 2
S .
S 3000 == Existing PMSP
v
=
G-‘ 2000 —fl—Prposed Parallel PMSP
£ 1000
’ L
0 +—M—r—0 | | | Proposed improved parallel
(11,4) (13,4) (15,5) (16,6) (17,6) PMSP
Motitinstances for different (/, d) instances

Figure7: Comparison of running time of improved parallel PM SP algorithm with proposed parallel PM SP and
existing PM SP for t= 20, and n= 600 as a function of (I,d) motifsfor different valuesof | and d.
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