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Abstract

Searching for clue to the result with biosequences is an important
area of research for computational scientists in bioinformatics. The
sequences are longer and demand more and more computational
power in order that the result yields benefits to the society. More
often the computational results are used in obtaining quick clue to
the expected results of lengthy laboratory process. The identity and
similarity between sequences provide the basic clue and guidance
as to how to progress with work. This paper analyses SRLCS algo-
rithm with the tools like CLUSTAL-W, and MUSCLE in identifying
Longest Common Subsequence (LCS) with reference to identity be-
tween the bio sequences.

1 Introduction

The availability of computational power on account of technolog-
ical advances has benefited many fields including Computational
Biology. Computational biologists analyse biosequences of pro-
tein, DNA, Gene etc to know their relevance in another organism
of interest like evolutionary, functional or structural relationship.
Sequence similarity is the basis for many interesting findings for
computational biologists like providing information about con-
served region, identifying the presence of foreign genome in an
organism, identifying the structural and functional relationship
between two sequences or knowing about evolutionary and ho-
mologous relationships.

Two sequences are said to be similar if the order of sequence
characters is recognizably the same in the sequences and is usu-
ally found by showing that they can be aligned. The first step to
finding the sequence similarity is identifying Longest Common
Subsequence (LCS). LCS problem determines the longest ordered
sequence(s) found between the given sequences. LCS is compu-
tationally complex problem when the sequences are longer. Some
Biosequences of Gene can run into Mega basepair order. Identi-
fication of LCS between more than 2 sequences is said to be an
MLCS or Multiple Sequence Alignment (MSA) problem. MLCS
problem is NP-hard.

The computational complexity of LCS problem is directly
proportional to (i) dissimilarity between the sequences, (ii) size
of Y where Y is the alphabets the sequence is made up of and (iii)

the size of the sequences themselves. The complexity is further
more when the problem is dealt as Multiple Longest Sequence
problem (MLCS).

Sometimes finding an optimal MLCS is often computation-
ally not feasible. Many algorithms have been derived towards re-
ducing the resource requirement. A close to optimal solution or
clue towards worthiness or necessity to investigate further may be
of great lead to biologists. Therefore a heuristic approach to iden-
tifying LCS by SRLCS[22] is studied with other known familiar
MSA tools like CLUSTAL-W[1] and MUSCLE[9].

2 Related Works

Dynamic programming is the mother of all in solving alignment
problems. Smith—Waterman[20] for Local alignment and Needle-
man-Wunsch[16] for global alignment. Dynamic programming
solution complexity is O( nm ) for both time and space for m
sequences of length n. Decision tree model by Aho and et al.[2]
gave lower bound of O(mn). Hirschberg[12] solution reduces the
space complexity to O(m+n).

Lot of work has been done and many algorithms have been de-
veloped towards reducing the complexity. Parallel algorithms can
divide the problem and hence can handle computational complex-
ity to a large extent. The parallel algorithms like FastLCS [25],
EFPLCS [21] and parMLCS [17] gave near linear speed up for
large number of sequences. FastLCS complexity is O( |[LCS(X,Y))|
) for time complexity and max{4*(n+1)+4*(m+1), L} for space
complexity. EFP LCS is 70% more efficient than FASTLCS in
resource utilization of both memory and CPU.

However as said earlier there is a need for trade off between
accurate and suboptimal acceptable solution , while dealing with
large sequences. Heuristics algorithms take this place by identify-
ing LCS within reasonable resource requirement. The heuristic
parameter determines the solution quality. Solution quality can
be set to the acceptable limit by the user with reference to the
problem in hand. Heuristic algorithms reduce the search space.
Time Horizon Specialised Branching Heuristic (THSB)[23], Ant
Colony Optimization (ASO)[19], Beam Search[4] are all heuristic
algorithms while MLCS APP[18], SRLCS[22] are heuristic paral-
lel algorithms.

SRLCS algorithm accepts bounding reference (h) set by the
user according to the solution quality expectation. This when ap-
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plied to the unexpended length of the shorter sequence determines
the candidates for pruning and hence reducing the search space.
This is represented by the equation (1) given below:

f(p) = g(p) + h(p) (M

where g(p) = f( Probable candidate for LCS contribution) and h(p)
= purpose function from the user.

3. Tools for LCS identification

3.1 Clustal -W

CLUSTAL-W[1]is a popular general purpose Multiple Sequence
Alignment (MSA) program for DNA or Protein sequences.
CLUSTAL -W calculates the best match for the selected sequenc-
es and lines them up for display so that identities, similarities and
differences can be seen. CLUSTAL-W uses progressive align-
ment method. CLUSTAL-W 2.0.12 multiple sequence alignment
program windows version was downloaded from the European
Bioinformatics Institute (EBI)[10]

3.2 Muscle

MUSCLE stands for MUItiple Sequence Comparison by Log- Ex-
pectation. MUSCLE[9] is claimed to achieve both better average
accuracy and better speed than ClustalW2 or T-Coffee[26], de-
pending on the chosen options. MUSCLE attempts to do align-
ment using progressive and iterative method from the k-tuple sub-
sequences of the sequences. MUSCLE v3.8.31 by Robert C Edgar
from public domain was downloaded and used.

3.3 SRLCS

SRLCS identifies LCS by creating Successor Table for each of
the sequences which will have successor entries for each element
in )’ where } is the set of elements in the sequence. Then starting
from Initial Identical Pair, Successor pairs are generated. Based
on dominant successor, the surely less dominant ones are pruned
at each stage. When no more successors, Pair table is back tracked
to collect LCS. [LCS| = Maximum level in Pair Table. Heuristic
pruning is applied based on h function to discard those successors
which are unimportant for target solution quality.

4 Experiment and Results

Pair wise LCS identification was done on CLUSTAL-W, MUS-
CLE and SRLCS on Protein Sequences of about length 200. Since
a Desktop Intel Pentium system with 2GB memory was used,
pairwise comparison was done. On a powerful configuration,
MLCS can be identified.

Eight sequences each from 3 different families of Pfamseq
database [14] were taken for testing. In each family one sequence
was used as Query string and compared with other 7 strings. In
all, 24 sets of data having similarity from 28% to 88% were used.
The results were observed for optimal LCS and performance of
these algorithms with reference to identity between sequences.

4.1 Result1

Sequences from PF03678 family of pfamseq database were taken.
Both MUSCLE and SRLCS are able to produce LCS between se-

quences of varying length. The sequences size is limited to about
230 as the system on which the experiment was done had only
2GB RAM. The results are tabled in Table.1. It is observed that
although SRLCS requires more memory than MUSCLE when the
pair wise identity is less than 80%, it brings out the optimal LCS.
However when the pair wise identity between the sequences is
above 80%, SRLCS requires less memory than MUSCLE. Hence
SRLCS could be used with more efficiency when the target user’s
purpose is to identify the possibility of presence of subsequence
or near subsequence, a case fit to be a homology. It is important
to note that SRLCS can bring out the all the LCS possible as seen
in column(5) of table.1. This could be a useful feature when one
is working on evoluting the sequences to identify distant homol-

ogy.

Se- Se- Identity | LCSby | Noof | Mem- | Muscle | Mem-

quence | quence | %be- | SRLCS | LCSby | ory LCS ory

X Y tween SRLCS | used by | Length | Used

Length | Length | two se- SRLCS by
quenc- in MB Muscle
es in MB

204 215 24 85 432 913 57 3

175 172 44 94 288 726 83 3

204 207 52 123 6 439 109 3

175 175 65 125 4 70 117 3

227 228 75 176 4 410 173 4

227 228 78 182 1 45 179 4

175 177 84 150 1 2 150 3

227 227 88 200 1 2 199 4

227 227 88 200 9 3 200 4

4.2 Result2

Sequences from families PF10786, PF03678, PF10108.2 were
used. LCS identification within the family was done. One each
from each family was a query sequence while 8 others were used
as reference sequences. These had pair wise identity percentage
ranging from 24 to 88 and length from 169 to 228. The graph
in Figure.1.shows the behavior of the three methods i.e. SRLCS,
CLUSTAL-W and MUSCLE in obtaining the optimal LCS when
the identity between the sequences differs. While all the three per-
form correct on higher identity between the sequences, SRLCS
still performs better on lower identity by providing optimal LCS.
The numeric comparison is enumerated in table.2 for PF03678
family experiment.

Similar experiment was done on other two families as men-
tioned earlier.

The average length of sequences taken for test is 207 in
PF10786 sequences with average identity of 52%. The LCS yield
by CLUSTAL-W, SRLCS and MUSCLE respectively were 108,
122 and 109.

With PF10108.2; Exon_PolB family of sequences the aver-
age identity was 68% with average length 175 and the LCS yield
CLUSTAL, SRLCS and MUSCLE respectively werel22, 126
and 122. From the observations it is inferred that the SRLCS is
consistent to give optimum LCS irrespective of the length of the
sequences or the length of LCS.
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Figure 1. Pairwise Identity vs. LCS identification of SRLCS,
CLUSTAL-W and MUSCLE

Table 2. Clustal - SRLCS- MUSCLE comparison on LCS identi-
fication with PF03678.7Adeno_hexon C

Sequence Average | Average LCS by LCS by LCS

name Length Identity Clustal w | SRLCS by
of seq in % MUS-

CLE
Q76140 _9ADEN/10-236 Ref string length 227

HEX ADEM | 228 66 153 157 153

1/592-819

039793 _ADE | 228 72 166 170 166

E1/596-823

040957_ADE | 227 72 166 167 167

E2/586-812

QOIF30_ADE- | 228 74 170 173 170

BA/597-824

B3VQNI1_AD | 228 75 173 176 173

EC2/588-815

Q8B661_ADE | 228 78 179 182 179

T1/594-821

HEX_ADEOS | 227 88 199 200 199

/636-862

B2ZX08 ADE | 227 88 200 200 200

40/607-833

Average 228 77 176 178 176

4.3 Result 3

With regard to providing optimal LCS, the precision was mea-
sured.

The length of the common subsequence computed by the algorithm

Precision = -
The length of the longest common subsequence in correct match

Itis also observed that SRLCS precision is maintained at 100%
while CLUSTAL and MUSCLE achieve precision only when the
identity between sequences is above 80%. Figure.2.shows the
graph of the results obtained in this regard on the same set of
pfam sequences.

5 Conlcusion

Heuristic algorithms cannot be directly compared with one an-
other as the performance depends on the heuristic function. From
the above results, Performance of SRLCS with regard to detection
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Figure 2. Precision to identify LCS by SRLCS , CLUSTAL-W
and MUSCLE

of Homology and subsequence is satisfactory. Further SRLCS can
be implemented using threads or as parallel implementation [22].
It is also scalable for MSA [22]. Most importantly SRLCS can
enumerate all the possible LCS and not just one.
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