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Abstract

Alignment of biological sequences is a generaliza-
tion of the classical computer science problem of
the longest common subsequence of two strings,
which allows for the possibility of character mis-
matches, string gaps in alignment, and typically
deals with extremely large strings on the order of
genome sizes. In spite of a rigorous alignment
solution based on dynamic programming - which
also posses a high sensitivity in practical biologi-
cal applications - faster but less sensitive heuristics
is used up to date (FASTA, BLAST, etc.). This
works elaborates on the memory-efficient version
of the dynamic programming algorithm by design-
ing and testing a parallel variant of this algorithm.
The local alignment problem is first suitably par-
titioned in parallel and then distributed among all
processors independently. With such an approach,
it is demonstrated that a lookup of an ALU repeat
in entire human genome can take as low as 5 min-
utes on customarily available cluster machines, for
instance.

Keywords: pairwise local sequence alignment,
linear memory, optimal scaling, distributed com-
puting.

1 Introduction

Since the famous discovery of DNA double helix
structure in 1953 by Watson and Crick, molecu-
lar biology produced large amounts of data and
gave rise to new fields in computer science, such
as bioinformatics [1, 2] or advanced database tech-
nologies. The need to analyze DNA sequence
data on computers resulted in the development of
new sequence alignment algorithms. Owing to the
length of DNA sequences, optimization of these
algorithms for time and memory space complex-
ity is critical. A simple version of the problem,
the longest common subsequence of two strings,
can be solved with the dynamic programming al-
gorithm (Bellman 1950 [3]); both the computation

the former being a bottleneck for human genome
processing on modest cluster computers.

The space-efficient algorithms for pairwise string
alignment including gap scoring schemes were pub-
lished in 1990s [4, 5] with memory space required
being proportional to the sum of sequence lengths.
Still, they did not become customary in bioinfor-
matics because of the quadratic time complexity of
the underlying dynamic programming (DP [3, 6])
approach. Faster heuristics at various level of so-
phistication (FASTA [7], BLAST [8] etc.) has
been used in practice instead. Recently, Rajko
and Aluru [9] proposed the first parallel algorithm
for global alignment (two strings of length m and
n), which is optimally scalable both in space as
O((m + n)/p) and time as O(mn/p) and p is the
number of processors. It is therefore expected that
the distributed DP algorithms will be used in prac-
tice in near future. Here we deal with the local
comparison case left which was not analyzed by Ra-
jko and Aluru [9]. Our approach is based on a simi-
larity with quicksort [10] and mergesort [11] strate-
gies and results in a non-recursive partitioning,
simpler than the algorithm in [9]. The efficiency
of the proposed distributed algorithm is demon-
strated by finding all ALU repeats (gene position-
ing marks) in the entire human genome for several
matching thresholds. The parallel program takes
about 5 min on 128 P4 CPUs (P4HT, 2.8GHz),
proving that a rigorous local sequence matching in
human DNA is practically tractable.

In Section 2 we review the memory-efficient al-
gorithm for local sequence alignment. Section 3 de-
signs the distributed algorithm and provides bench-
marks and results. Concluding remarks in Section
4 close the paper.

2 Local Alignment in O(M)

A general pairwise sequence alignment is one of
the fundamental operations in computational biol-
ogy which has evolved from the common sequence
comparison problems in computer science. Instead
of letter-wise identity, alignment scoring systems

time and memory space required are proportional26@hich consist of an alphabet ¥ (and a gap ) are

to the product of the length of the two sequences,

used. A special case of sequence alignment is string



editing, a letter-wise transform of one sequence
to another which consists of character insertion,
deletion, and substitution operations. The local
alignment score of two sequences s(1,---,i) and
t(1,--+,5) (i <mand j <n) obeys

ali.j) = drax { 40T 1)
0

where a[i, j] is similarity score of {s;}7*, and
{t:}},, p(4,7) is the matching score for the letters
s(7) and ¢(j) in alphabet X, and g is the penalty
score for the gap . A matrix of reversed links
from alt, j] to ali — 1,5 — 1] (alignment of s(¢) and
t(4)), or ali,j — 1] (alignment of ¢(j) with ~ in s)
or ali — 1,7] (alignment of s(i) with ~ in t) deter-
mines the traceback starting from the highest score
value in the matrix a, say ali,,j,]. Let us note
that the recursion is initialized without a penalty
for gap alignment, a[0,7] = a[i,0] = 0 x i. The
total time complexity of this algorithm behaves as
O(mn). The similarity score for two sequences s
and t, based on the dynamic programming algo-
rithm in Eq. (1) also requires O(mn) memory for
storing optimal alignment score in a[m,n]. The
design of the first phase of a memory efficient DP
algorithm [4, 5] is straightforward - it builds on the
recursive column-by-column fill of the matrix a: in
order to obtain a[—, j], only the previous column,
al—,j — 1], suffices. Therefore these scores can be
stored in linear memory (1D array a[i] = a[i, —])
which iteratively combines in a-scores columns j
and j — 1 for j = 1,2,---,n. Hence the memory
efficient version requires only O(m+n) memory for
storing the scores [1],

Algorithm 1 Score(s,t,a[])
Input : s, t (sequence)
Output : a (vector)

m — |s|

n o |t

for(j=0;j <m;j++){ alj] —jx0}
for(i=1;i <m;i+ +){

old « a[0]

al0] —ixg

for(j =17 <m;j++)1

temp — alj]

old + p(i,7)

alj =1 +g

aljl +g

0

alj] — MAX

old « temp}}

The principal idea of sequence alignment in lin-
ear memory, the recursive traceback, is due to

[11]. While the mergesort algorithm uses a con-
stant data partition, quicksort is based on a data-
dependent one. Also the optimal alignment of the
two sequences is found by recursive subdivision of
the problem into smaller substances. The partition
points define position of aligned (or sorted) data.
The first sequence (s) is divided exactly in the mid-
dle (mergesort), while the partitioning position in
the second sequence (¢) must be computed based
on the data in both sequences. The procedure then
recurs in the left and right parts of the partitioned
sequence pair. In fact, the parallel implementa-
tion of quicksort [13] provides a useful insight how
to parallelize the alignment problem. The binary
partitioning of sequence s results in an alignment
of character s(¢) either with some character ¢(j) or
gap y. The optimal alignment score O thus recurs
as:

S1,m
tl,n

S1,i—1
tl,;cj

Si+1,m

0]
tj-&-l,n

-0

+ri,j +O

2)
where either z; = j — 1 and r;; = p(4, j) in case of
(mis)match, or z; = j and r;; = g for gap inser-
tion. Thus either character-character or character-
gap matching point j is computed by Algorithm 2
(Align). The Algorithm 1 (Score) is referred to as
Pre_Score. If the indicates are inverted, i — m —1
and j — n —j, it is referred to as Suf_Score. Fol-
lowing [1], we assume m > n.

Algorithm 2 Align(x,y,z,w,i,f)
Input : s,t (sequence)

x,y,z,w,i (index)

Output : o_s, 0t (vector)

i, f (index)

if(s|z..y] = empty or t[z..w] = empty){
f—i+max(y —z,w—2z)}

else{

i—(r+y)/2

Pre_Score(s[z..i — 1], t[z..w], p_sim)
Suf_Score(sli + 1..y], t[z..w], s_sim)
pos — z — 1

type — SPACE

v — psim[z — 1] + g + s_sim[z — 1]
for(j = zj <w;j++)1

if (psim[j — 1]+ p(i, j) + s-sim[j] > v){
bos <7

type — SY M BOL

v —psim[j — 1] +p(i, j) + s-simlj]
}

if(p-sim[j] + g + s_sim[j] > v){
pos <7

type — SPACE

v — psim[j] + g + s_sim[j]

}

}

Hirschberg [12]. It resembles the partitioning pro127 (type = SPACE){

cedures common in quicksort [10] and mergesort

Align(x,i — 1, z, pos, i, mid)



o-s[mid] — s]i]

o_tjmid] — SPACE

Align(i+ 1,y,pos + 1,w,mid + 1, )}
else{

Align(z,i — 1, z,pos — 1,1, mid)
o-s[mid] — s]i]

o_t[mid] — t[pos]

Align(i + 1,y,pos + 1,w,mid + 1, f)}}

3 Distributed Algorithm

The parallel algorithm for global alignment of two
strings (length m and n) proposed at ICCP’2003
[9] optimally scales in memory as O((m + n)/p)
and time as O(mn/p), where p is the number of
processors. This algorithm is built on a generaliza-
tion of the alignment problem at the endpoints by
computing parameterized associative balanced par-
titions, after which each processors solves its task
in only O(mn/p?) time. It is the parallel com-
putation of balanced partition in O(mn/p), which
accounts for the total complexity of the algorithm.

As for the local alignment case, the computation
of O(mn/p) must be again distributed at the same
time because of the quadratic time complexity. We
propose the following procedure:

1. Partition ansatz: divide s to p equidistant
parts and compute the alignment score of each
substring against ¢ using Algorithm 1 (inde-
pendent processes). Update a recursion level
counter x; whenever a[] stays below a thresh-
old value during the column update process.

O(mn/p).

2. Partition update: communicate the maximal
local partition points z; among processors i
(x; x m/p+ O(n)) for i = 1,---,p). Time
complexity O(1).

3. Subproblem alignment: compute the balanced
local alignment on each processor restricted to
s(x, -, xi41) using Algorithm 2. Time com-
plexity O(mn/p).

4. Solution of the local alignment acquired as a
union of subproblem alignments in O(1).

The threshold score above is determined for each
shorter string ¢ of length n as the mean value of the
score matrix of ¢ vs. a random string of length n,
i.e. the noise level corresponding to zero-similarity
alignment. Sample threshold values (maxima in
columns of DP scoring matrix) are shown in Fig.
1 for an example discussed below.

3.1 Implementation and results

In case of a human genome [14], the number of
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Figure 1: Random sequence alignment with ALU
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Figure 2: Maximum col. score (C; & ALU)

It is therefore the distributed linear memory al-
gorithm for local alignment that is indispensable.
This is demonstrated by the following computa-
tional experiment which uses all chromosomes of
human genome except for X and Y (chromosome
1,...,22, sizes given in Table 3.1). The total size of
the data is approximately 2.7Gbp (m =~ 2.7G).
We select a simple human repeat sequence, ALU,
to be searched for in the genome. ALU size equals
434bp (n = 434) [15]. The column-wise maximum
matching scores in chromosome 1 are shown in Fig.
2. Table 3.1 shows the number of ALU matches
(possibly overlapping) in the 22 chromosomes, us-
ing three preset sensitivity thresholds. Because of
the large negative contribution of the gaps to the
similarity score, a very good level of functional sim-
ilarity is achieved with thresholds as low as 45% of
complete match. Figure 3 illustrates one example
of such alignment.

Our computational benchmark with Pentium 4
processor at 2.8GHz yields 5 min 54 s of CPU time
for 128 processors (p = 128). The overhead of
2Kbp for each of the about 21Mbp partitions re-
mains within 0.01%.

4 Conclusion

We have discussed the algorithm for memory-
efficient pairwise sequence alignment and features
of its parallel implementation. An efficient and

base pairs is about m =~ 3.2Gbp while the averi27dasy distributed algorithm was designed for the

age length of practical interest gene is n =~ Kbp.

case of gene or pattern matching with local align-



C n% 10% 30% 415%
1 | 218,712,726 | 165,002,573 | 279,583 | 65
2 | 237,043,673 | 141,741,511 | 253,062 | 893
3 | 193,607,218 | 112,742,026 | 167,861 | 0
4 | 186,580,523 | 92,593,428 | 125,533 | 209
5 | 177,524,972 | 98,807,045 | 166,885 | 1,145
6 | 166,880,540 | 97,687,000 | 143,628 | 0
7 | 154,546,299 | 118,874,023 | 216,878 | 991
8 | 141,694,337 | 82,114,019 | 151,312 | 0
9 | 115,187,714 | 80,004,325 | 128,293 | 44
10 | 130,710,865 | 94,598,620 | 146,423 | 660
11 | 130,709,420 | 79,705,559 | 147,154 | 152
12 | 129,328,332 | 98,202,348 | 164,335 | 332
13 | 95,511,656 | 48,505,115 | 58,206 | 200
14 | 87,191,216 | 60,838,946 | 105,282 | 115
15 | 81,117,055 | 64,453,761 | 105,229 | 166
16 | 79,890,791 | 84,740,793 | 156,107 | 56
17 | 77,480,855 | 94,305,536 | 178,775 | 304
18 | 74,534,531 | 41,470,103 | 64,738 | 228
19 | 55,780,860 | 97,641,911 | 245,868 | 1,129
20 | 59,424,990 | 50,077,073 | 100,084 | 737
21 | 33,924,742 | 21,347,519 | 36,795 0
22 | 34,352,051 | 39,690,638 | 55,835 0

Table 1: The Number of matched ALU repeats

ment. Unlike from the global cases, a distributed
non-recursive partition is possible. The theoret-
ical overhead is clearly minimal as confirmed in
computational experiments with the ALU repeat
in human genome. Resulting ALU matching tables
can also be relevant in research of DNA mutations.
Since a whole genome can be aligned locally against
a 103 base length pattern in several minutes using
the present distributed algorithm on p (p = 27)
processors, it should be possible to test and cali-
brate results of available heuristics [16] against DP,
the rigorous and more sensitive method.

We acknowledge partial support by a JSPS Grant-
in-Aid and HIT Corporation, Tokyo.

CTTTCCACTGTTTTCTTCCTTCCTCCCTCCCTCCTTCTCTCTCTCCCTCCTTCTCTCC-C-TCCCTT
-GAT-C-CT-CTTGCCT-AGGCCTCCCAAAGTGCTGGGATTACAGGCAAGAGC-CACCACGTCCC-G

TCTCTCCCTTTCTCCTTCCTTCCTTCTTTCCTTCCTTCCTTCTATCCTTCCTTCCTTCCTTCCCTCC
CCTCT-AATTTCT-C-TCC-T-CTTCTCTCC-T-C-TCC-T-T-TCC-T--TTCC-T-CTCCTCTCC

CTCCCTTTCTCTCTCTTTCTCCTTCCTTCCTTCCTTCTTTCCTTCCTTCCCTCCCTGCCTCTCCCTC
TTTCC-TT-TC-CTC-TTCT-CTT-CTTGTTTTTTTCTTTTC-TCCCTCCCTCCCT-CC-CTCCCTC

CCTCCCCCCCTCCCTCCCTCCCTCCCTTCCTTCCTTCCTCTCTTTCTCTCTTTCTTTCTTTCTCAGA
CCTCCCTCCCT-CCTTCCTTCCTTCCTTCCTTCCTTCCTTCCTTCCTTCCTTCCTTCCTTTTTGAGA

CA-ACTCTCACTCTGTCACCCAGGCTGGAGTGCAGTGG-CGCAATGTTGGCTCCCTGCAACCTCTAC
CAGAGTTTTATTCTGTCACCCAGACCTGAGTGCAATGGGCACAATTTTGGCTCACTGCAACCTCCAT

GTCCCAGGTTCAAGCAATTCTTGTGCTTCAGCTTCCCGAGTAGCTGGGACTACAGATGTGTGTCACC
CTCCCCGGTTCAAGTGATTCTTCTGCCTTAGCCTCCCGAATAGCTGGAACTACAGGCACCTGCCACC

ATGCCC-AGCTAATTTTT-GTATTTTTAGTAGAGATGGGTTTTCACCATGTTGGCCAGGTTGGTCTC
ATGCCCCAGCTAATTTTTTGTATTCTCAGTAGAGATGGGGTTT-ACCATGTTGGCCAGGCTGCTC--

Figure 3: Local Alignment (s: C; (10,136,751 —
10,137,213) |s| + gap = 463 + 6 = 469, t: ALU
|t| + gap = 434 4+ 35 = 469, score: 196)
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