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3. PARALLEL ALGORITHMS DNA sequence and m_anipulating the characters _of_the,
sequence with a certain probability to create a OsimilarO
sequence. In other words, Prst character in the original
sequence remains the same in the new sequence with a
probability p but changes to a different character with
a pobability of (1p). This dataset could be used as a

Jepresentation of genetic modibcation in one species
Over aperiod of time. It could also be used to represent
similarities between species that have evolved from a
common ancestor.

In this section we show how to parallelize the algorithms
given in Section 2. In particular we focus on the algo-
rithms of Sections 2.2.1 and 2.2.2. For simplicity consider
the Parallel Random Access Machine (PRAM) model. In
this model each processor is a random access machin
Communication takes place by writing into and reading
from memory cells accessible by all. Depending on how
read and write conRicts are resolved, the following variants Creating a set of completelv random DNA sedquences
of a PRAM can be conceived of: Exclusive Read Exclu= This datgaset is createdpb sglectin characterg randomll
sive Write (EREW) PRAM, Concurrent Read Exclusive ; DNA yTh' d 9 . i th y
Write (CREW) PRAM, and Concurrent Read Concur- to form sequences. This dataset is to verify the

rent Write (CRCW) PRAM. For more details see e.g., bias O.f the algorlthms_te_steq.
[20]. 4. Creating groups of OsimilarO sequences from a set of ran-

Consider brst the case of strings of equal length (i.e., thed0m DNA sequences. This dataset is created by com-

algorithm of Section 2.2.1). The computation of scores bining features of (2) and (3). First, some number of

between pairs of substrings can be done in parallel givenrandom sequences are created and these random se-
M2 CREW PRAM processors. Thus it follows that the guences are used as the base sequences to create groups

distance matri® can be computed i(N? ) time using of OsimilarO sequences as explained in (2). There is no

M2 CREW PRAM processors. From a practical perspec- similarity between the groups be(_:ause they are created
tive even this level of granularity should prove adequate. from random base sequences. This dataset could be used

But it is also known that the score between two substrings to represent a comparison of evolution paths between
can be computed irO(log N) time preserving the work totally unrelated species.
done. ThusD can be computed irO(logN) time, the
work done beingO(M2N? ). A similar result can be ob-
tained for the algorithm of Section 2.2.2 as well.

Thus our algorithms are very nicely parallelizable.

4.3. Results

There are two algorithms that have been tested for all the
input sets. The initial algorithm explained in Section 2.2.1
is not tested as it is, but the algorithm of Section 2.2.2 acts

4. EVALUATION OF PERFORMANCE as a superset of the algorithm of Section 2.2.1, and thus the
algorithm of Section 2.2.1 is tested in its entirety through
4.1. Datasets the algorithm of Section 2.2.2. Appendix A contains the

results for the algorithm of Section 2.2.2 and Appendix
Our implementations use a design from Neobio [15]. Thes contains the results for the algorithm of Section 2.2.4.
basic set of class framework has been referenced from tagaset numbers in each algorithm refer to the same input
Neobio package [15]. The implementation of our algo-ple and thus can be used for comparison purposes. Results
rithms was carried out in java. We have tested the implghow the value of, the winning sequence number (more
mentation of this algorithm on many different datasets. Thdan one if they are close), running time (in mseconds) and
purpose of this section is to introduce the readers to the some cases, distance matrix scores. First giapaset
types of datasets used for Pnding empirical results for @yiappendix A is created by taking a protein sequence of
algorithms. There are four types of data used. conserved hypothetical protein from Methanocaldococcus
Jnnaschii DSM 2661 [16], and using BLAST [17] to bnd
similar sequences. Top 9 similar sequences from the BLAST
4.2. Protein sequences gathered from BLAST result are used to create the input ble. When this input Ple is
used to test the algorithm of Section 2.2.2 (Table 1) and the
1. Protein sequences gathered from BLAST: This Datasstorithm of Section 2.2.4 (Table 2), the following results
was g¢eated by taking one Protein sequence and usirgppeared.
BLAST to bnd similar sequences. These sequences ar@s we can see from the results in Table 1, far 1.0,
taken as input to the algorithms mentioned in Section 4t takes 1051 mSeconds to determine the sequence with
2. Creating some number of OsimilarO sequences from ¢ime lowest distance matrix score. The resulting sequence is
DNA sequence. This dataset was created by taking o8& and can be used as a base case. Now far0, we
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Table 1. Input 1 Table 3. Input 2
Epsilon String MSeconds Epsilon String MSeconds Scores
1 3 1051 1 S3, S5 1001 911, 951
0.9 S8 360 0.9 S3, S5 580 457, 484
0.8 S4, S8 370 0.8 S3, S5 501 230, 245
0.7 S4, S8 340 0.7 S5, S3 510 110, 117
0.6 S4 350 0.6 S3, S2, S5 420 70, 70, 74
0.5 S4, S2 290 0.5 S3, S6 440 26, 34
0.4 S4, S8 320 0.4 S5, S1, S3 400 22, 22, 24

Table 2. Input 1 Table 4. Input 2

Epsilon String MSeconds Epsilon  String MSeconds Scores

1 S8, 54 731 1 S3, S5 1061 884, 928

0.9 S8, S4 450 0.9 S3, S5 611 452, 452

0.8 S2, 54, S8 411 0.8 S3, S5 401 225, 230

0.7 S8, S4 410 0.7 S5,81,S2 421 124, 131, 132

0.6 S4, S2, S7 401 0.6 S5,54,S3 380 62, 62, 72

0.5 S1, S2, 4, S8 420 0.5 S3, S6 270 37, 41

0.4 S2, 81, S4 360 0.4 S4, S5 350 24, 26

can see a dramatic reduction in the time it takes to run the Table 5. Input 3 P(0.94)

algorithm. Another thing to keep in mind is that for most
values of , sequence S8 seems to be the best or one of the

Epsilon String MSeconds Scores

top 2 choices. Since we already know that S8 has the best 1 s 7671 5864
score when entire sequences are used for Pnding distance 0.9 S1 3225 3260
matrix, it is encouraging to bnd the same sequence asthe .8 S1 2794 1852
OwinnerO for values o& 1.0. Table 2 shows results for 0.7 s1 2923 1054
the same input dataset when the algorithm of Section 2.2.4 0.6 sS1 2153 556
wasused. Although for most values gthe time taken for 05 s1 2093 336

the algorithm of Section 2.2.4 is a little higher than that for
the algorithm of Section 2.2.2, it is still signipcantly lower
than that of 3 1.0. Also, in Table 2, S8 and S4 appear
to be the winning or second winning sequences. Scor@ég time for both the algorithms is greatly reduced as the
between the top choice and the 2nd best choice are vexglue of Epsilon goes low. We would need to bnd a way
close to each other, and thus can be seen as OequallyO tsgecibcally determine which one will be the ultimate
centers for a star-alignment. winner when there is more than one probable winner.

Dataset Input 2 is created by taking the prst 300 nu- Taking a DNA sequence and creating the remaining se-
cleotides from a DNA sequence from Homo Sapiens PAGQuences from that sequence results in Dataset Input 3. As
clone RP5-943F2 from 7 [18] and using BLAST [17] toexplained earlier, each character will be inherited by the
Pnd closest matching DNA sequences. Top 6 sequencesv sequence as it is with a Probability of 0.94 and will
from this BLAST search were taken to create Input 2change into some other character with a probability of 0.06.
When this input Ple is used to test the algorithm of Sectiomhis will create a set of sequences which are almost similar
2.2.2 (Table 3) and the algorithm of Section 2.2.4 (Tabl® the each other but still remain a little different because
4), the following results appeared. of the 6% probability of change. There are 21 sequences in

The results show that S3 is a clear winner in Table 3. Rehis ble. When this input Ple is used to test the algorithm of
sults are less conclusive for Table 4, but do point strongBection 2.2.2 (Table 5) and the algorithm of Section 2.2.4
towards S3 being a clear winner. As we can see the rufFable 6), the following results appeared.
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Table 6. Input 3 P(0.94) Table 8. Input 4 P(0.99)

Epsilon String MSeconds Scores Epsilon String MSeconds Scores

1 S 6059 5868 1 S10, S9 8232 3081, 3045
0.9 S1 2384 3282 0.9 S12, S10 3215 1790, 1773
0.8 S1 1732 1850 0.8 S10, S12 3205 1001, 977
0.7 S1 1582 1002 0.7 S9, S13 2924 559, 550
0.6 S1 1512 596 0.6 S11, S12 2323 353, 325
0.5 S18, S1 1522 332, 306 0.5 S13, S12 2414 209, 200
0.4 S1, S17 1523 194, 194 0.4 S12,S11 2194 117, 115

Table 7. Input 4 P(0.99)

_ ' quence is created from the sequence above it, the sequences
Epsilon  String MSeconds  Scores in the middle (S10DS12) will have the characteristics of
all of the preceding sequences as well as have inBuence

1 S12, 510 6409 3214, 3180 ove all the following sequences. Because of this reason,

0.9 S10, S12 2253 1762, 1751 each sequence in the middle will be in the best position to

0.8 S12, 513,810 1773 1054, 1004, 998, 5 OwinnerO. This conbguration of sequences represents

0.7 S10, S12 1632 578, 550 transformation in a particular speciesO over many genera-

0.6 S11,89,813 1542 321, 311, 311 tjons. Every generation takes the sequence from its parent

0.5 S13, 5812 1462 215, 198 and adds certain modibcations to create a new set of gene
sequences.

Taking 7 random sequences created Dataset Input 5.

These results show clearly that the best sequence Chogeﬁh'sefqugnce is completely random and do?s. ke
by both the algorithms is sequence S1. In this dataset, S1¥H similarity to any oth_er Sequences. When this input Ple
winner for obvious reasons. All sequences are created frgﬁlﬁjsed to test the algorithm of Section 2.2.2 (Table 9) and
abase sequence, which in this case is S1. Since they ard'g12!gorithm of Section 2.2.4 (Table 10), the following
created from S1, S1 would be the best matching sequerd&8Ults appeared.

to all other sequences. Both Tables 5 and 6 conbrm tfli) As we can see from the results O.f Table 9, S7 appears to
logic. e the best or the 2nd best matching sequence for all the

Dataset Input 4 is a slight variation of Input 3. The signifv@/ues of Epsilon except for 0.6. We can also see a signif-
icance of Input 3 was that each sequence was created fitg@"t reduction in time as the value of Epsilon decreases.
one base sequence, and thus represented genetic chahggealgorithm of Section 2.2.3 doesnOtglve out conclusive
from one species into various descending species. Modi sults but d_oes have S5 as a top choice for most values
ing the sequence previous to it in the same way as explaifdEPSilon. Since these are completely random sequences,
in Input 3 creates sequences in Input 4. Each sequencd}gY 40 not necessarily have any similarity with each other
modibed with a probability of 0.99 of staying the same arﬂpd thus are I_ess Ilkely to give a clear winner for_dlfferent
0.01 of changing to a different character. In Input 4, wealues of epsilon. In biological sequences this will not be
have created 21 sequences each from the sequence above
it. When this input Ple is used to test the algorithm of
Section 2.2.2 (Table 7) and the algorithm of Section 2.2.44be - Input 3, 7 Sequences
(Table 8), the following results appeared.

The results show a less clear OwinnerO for Input 4. Aftg sion String MSeconds  Scores
carefully looking at the results, we can see that in Table 7, S7, S6 1682 473, 488
S12 is either the top or the 2nd best choice for all they g S2,S7 621 290, 291
values of Epsilon. Also, another interesting thing to noq g S7,S2 201 150, 154
tice is that the sequences that are selected are from the S7, S5 230 96, 110
OmiddleO part of the sequence collection. In other wordg, g S5, S3 210 52, 64
out of the 21 sequences, S10DS12 are more often wig-g S6, S5, S7 190 51, 53, 54

ners than any others. This result makes sense becausg gf

. . S6, S5, S7 210 22, 32, 34
the way sequences are created for Input 4. Since each se-
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Table 10. Input 5, 7 Sequences epsilon. S31 represents the 7th group, and S31 is the Obase
_ . sequenceO from which the other 4 sequences are created.

Epsilon String MSeconds Scores Our result in Table 11 conPrms what we saw in Table 9

1 sS4, S5 1773 436, 439 that S7 was th_e most probable winner. Table 12 d_oesnOt

have a clear winner but does ref3ect the fact that winners

0.9 S7, 56 641 212, 281 are either the sequences that were winners in Table 10 or

08 S5, 54 330 154, 160 belong to the group that were winners from the Table 10.

0.7 S2,S1 330 91, 99

0.6 S5, S1 250 56, 72

0.5 S7, S4 380 35, 37

0.4 S3, 57 261 21, 25 5. DISCUSSION

In this paper, we have summarized various methods that

ve been proposed in the literature for solving the Multi-
Sequence Alignment problem. We have also introduced

. aewapproach that randomly samples sequences and aligns

f h d outting th It th'?ﬂe samples to achieve nearly the same result in terms of
groups from each sequence and putiing them all 109€tNfi-ce matrix calculation and achieves a signibcant run-

to create a large input Ple created Dataset Input 6. In oth e improvement. Furthermore, we have extended the

words, Input 6 is a cluster of groups. Each group is createeh yomization approach to include non-uniform length

by taking a random sequence and applying the techniq .
explained in Input 3. Each group contains 5 sequences t%g%équences and also proposed a segmented approach to im

. . o h
the case since there will be some similarities between 5)1
sequences.

ve accuracy. We have backed up our claim of speedu
are created based on the random sequence used as a Y P b P

. . . ccuracy with empirical data and examples. As can be
sequence. When this input Ple is used to test the algorlthggen y P P

. ; . from the results, our algorithms have worked well on
of Section 2.2.2 (Table 11) and the algorithm of S‘ecuo()arious types of data sets. The datasets we have chosen do

2.2.4 (Table 12), the following results appeared. ref3ect various genetic problems. Results from the datasets

We have 35 sequences in this example. In Table 11, e .
) X X n not cr ny surprises.
can see that S31 is the most probable winner for all valuevéo? as expected and do not create any surprises

Table 11. Input 6 5.1. Future work
Epsilon  String MSeconds  Scores There has been no signibcant work done in the area of
1 S31, S26 53417 262, 293 randomized algorithms for MSA. This leaves a lot of op-
0.9 S21 S31 15772 203. 307 portunities for us for future work. We plan to make certain
08 S31 533 S21 6009 174 235 264 VEry critical improvements to our algorithm. First of all,
0'7 531’ S6 ' 5078 184’ 195’ we would like to analyze the sampling process under other
0.6 sS4 '831 s21 4797 144’ 159 171 models than the ones assumed in this paper. We would
' ; ; ' ' also like to show that randomization gives the same result
8'2 :gg 25 gié jég; ;10 7211’75119 with very high probability. As it has appeared in some re-

sults, we have to bnd a way to accurately determine the
most probable winning sequence when there is more than
one sequence which is close to being the winner. In or-

der to determine a single winning sequence out of more

Table 12. Input 6

Epsilon  String MSeconds Scores than one probable sequence, we can use full-alignment of
these sequences and determine the best match. Although
1 S16, S21 46116 90, 106 full alignment is time consuming, doing it for only a small
0.9 S21, S31 17585 177, 211 number of sequences will give a lot better results. There is
0.8 S3, S23 8082 231, 257 apossibility of taking this work further and implementing
0.7 S6, S19,S21 7410 202, 203, 203 randomized portions for CLUSTAL W, MAFFT and other
0.6 S6, S8, S31 5899 145, 151, 157  Popular MSA packages in order to increase their speed. In
05 S3,525,516 5388 111, 116, 119  ouropinion, further speedup can be achieved by randomiz-
0.4 S2, 87 5438 57, 60 ing not just pairwise alignment but also sequence selection,

but this hypothesis still needs further work.




