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Abstract— Tandem repeats are ubiquitous sequence features
in both prokaryotic and eukaryotic genomes. They are known
to cause several inherited neurological diseases in humans. Iden-
tifying these patterns is a highly computation-intensive process.
Previous parallel implementations use straightforward domain
decomposition based on existing sequential algorithms andrely
on parallel machines with low-latency interconnection network
and fast hardware support for processor synchronization. Our
research exploits the superior cost effectiveness and flexibility
achieved through low-cost clusters to speed up biological compu-
tations by designing communication-efficient parallel algorithms
for pattern identification.

This paper presents a low communication-overhead parallel
algorithm for pattern identification in biological sequences. Given
a biological sequence of lengthn and a pattern of length m,
we conclude an algorithm with five computation/communication
phases, each requiringO(n) computation time and only O(p)
message units. The low communication overhead of the algorithm
is essential in achieving reasonable speedups on clusters,where
the interprocessor communication latency is usually higher.

Index Terms— Tandem repeats, parallel algorithm, cluster
computing

I. INTRODUCTION

A TANDEM REPEATis an occurrence of two or more
adjacent, oftenapproximatecopies (periods) of a se-

quence of nucleotides. Given two sequencesx and p, p is a
t-approximate periodof x (equivalently,x has a tandem repeat
of p under thresholdk) if there exists a partition ofx into
disjoint blocksp1; p2; � � � ; pk such that thedistancebetweenp and eachpi(1 � i � k) is less than or equal tot. The
distance could be defined by variations or combinations of the
following measures: (1) theHamming Distance, the number
of mismatches between two strings of equal length, (2) the
Edit Distance, the minimum number of insertions, deletions,
and substitutions necessary to transform one string into the
other, and (3) theScoring Matrix, a weighted edit distance
with different operations assigned different points.

Tandem repeats are ubiquitous sequence features in both
prokaryotic and eukaryotic genomes. They are known to cause
several inherited neurological diseases in humans, includ-
ing fragile-X mental retardation, Huntington’s disease, and
myotonic dystrophy, and are associated with a number of

Manuscript received November 18, 2002; revised January 25,2003.
Chun-Hsi Huang is with the Department of Computer Science and Engi-

neering at the University of Connecticut, Storrs, CT 06269,USA. (phone:
860-486-5472;fax: 860-486-4817;email: huang@cse.uconn.edu)

Sanguthevar Rajasekaran is with the Department of ComputerScience and
Engineering at the University of Connecticut, Storrs, CT 06269, USA. (email:
rajasek@cse.uconn.edu)

Computational resources are provided by the Center for Computational
Research (CCR) at the State University of New York at Buffalo

other major illnesses such as diabetes, epilepsy, and ovarian
and other cancers. In addition, they are the basis of DNA
fingerprinting and have recently been used to align multiple
sequences, and to discriminate between bacterial strains,in-
cluding anthrax strains [1].

A. Previous Work

Serial algorithms for finding all approximate single repeats
using different similarity measures are presented in [9] and
the references cited within. Serial algorithms for finding ap-
proximate multiple repeats are presented in [12], [10], etc.
These algorithms are considered impractical, due to their
high running times, while searching large gene databases. A
heuristic method was developed to speedup the database search
for tandem repeats in [1].

A few parallel algorithms for solving exact string matching
problems have been proposed. Vishkin [15] presented a linear-
time CRCW PRAM algorithm that runs inO(n=p) time usingp = O(n= logm) processors. Breslauer et al. [3] presented
an optimal algorithm, also on the CRCW PRAM, that runs
in O(log logm) time usingn= log logm processors. String-
search VLSI circuits have been investigated by Hirata et al.
[7] and Foster et al. [5]. A neural network approach running
in constant time usingm�n processing units was investigated
by Takefuji et al. [13]. These algorithms are considered
impractical because of the extreme fine granularities,O(n)
or O(mn), and the disregarding of practical concerns such as
remote memory access latencies, synchronization, and inter-
task communication costs.

The team led by Douglas Smith at UCSD developed a
sequential algorithm for inexact pattern matching in biological
sequences. They have also ported the sequential algorithm on
the SDSC’s Intel Paragon and Cray C-90, using the straight-
forward domain decomposition for parallelization. Their basic
method is to divide the database of known protein sequences
and assign each portion to a different Paragon processor.
Each processor is also given the entire set of undetermined
sequences. The processors then compare the set of undeter-
mined sequences against the portions of the database they
have been assigned. However, there are two-fold drawbacks
in their approach: (1) Both Intel Paragon and Cray C-90
are equipped with low-latency (costly, too) interconnection
network and high speed hardware synchronization support
that are not available in the cluster environments, which are
more popularly used and affordable by researchers, and (2)
Each processor is assumed to be given the entire pattern
sequence, which eliminates the scalability of the algorithm and
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oversimplifies the communication overhead when very long
patterns, whose lengths exceed the local memory size of each
single processing node, are processed.

In this paper, we present a scalable parallel algorithm for
exact pattern matching in biological sequences. We demon-
strate the communication efficiency by showing that only
five computation/communication phases are needed and the
message cost in each phase depends only on the number of
processors, instead of either the pattern sizem or the sequence
sizen. The algorithm can easily be adjusted to take care of
longer patterns which exceed the local memory size.

B. Background

Most of the algorithmic techniques for exact string matching
seem to revolve around theperiodic propertiesof strings [3],
[15]. We introduce some definitions first. Theprefixof a stringu is a substring ofu starting at the beginning ofu. The
concatenation of two stringsu and v are denoted asuv. A
string u is called aperiod of a stringw if w is a prefix ofuk
for some positive integerk or equivalently ifw is a prefix ifuw. The shortest period ofw is called theperiod of w. We
sayw is periodic if w is at least twice its period length. Some
properties of string periodicity are summarized as follows[8]:

(1) If w has two periods of lengthsp andq andjwj � p+q,
thenw has a period of length gcd(p; q).

(2) If w occurs in positionsp and q of some string and0 < q � p < jwj, thenw has a period of lengthq � p.
Therefore we cannot have two occurrences of the pattern
at positionsp andq if 0 < q�p < juj andu is the period
of the pattern.

A method proposed in [15] efficiently eliminates many
possible occurrences by computing arrayWITNESS(1 � � �m)
defined below and using this information for text analysis.

Let u be the period of the patternw and v be a prefix
of w. It follows immediately from the periodicity property
that if juj does not dividejvj and jvj < max(juj ; jwj � juj),
thenv is not a period, and hencew is not a prefix ofvw. In
that case, we can find an indexk such thatPATTERN[k] 6=
PATTERN[k � jvj]. We call thisk a witness to the mismatch
of w and vw, and defineWITNESS(jvj + 1) = k. We are
interested only inWITNESS(i) for 1 < i � juj, which by
the periodicity properties mentioned above can be based only
on the first2 juj � 1 characters of the pattern. See Figure 1
for determining the locations of theWITNESSarray. (If some
WITNESS(i) is greater than2 juj, it can be modified to be in
the desired range: Letr = WITNESS(i) mod juj; then if r < i
setWITNESS(i) to r+juj; otherwise we setWITNESS(i) to r.)

Having computed theWITNESSarray, the following method
was further suggested in [15] to eliminate close possible
occurrences. Suppose we suspect that the pattern may start
at positionsi and j of the text where0 < j � i < juj, thus,
sincer =WITNESS(j�i+1) has been computed, we can find
a character in the text in constant time that will eliminate at
least one of the possible occurrences. More specifically, since
PATTERN[r] 6= PATTERN[r � j + i], at most one of them
can be equal toTEXT [r + i� 1]. (Refer to Figure 2.)
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Fig. 1. Determining witness locations
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Fig. 2. Eliminating close possible occurrences

II. THE METHODS AND ALGORITHM

A. Observations

For the case when the patternw is not periodic, the pattern
can not occur at both positionsi andj of the text if jj � ij <m=2. This implies that the pattern can occur in the text at most2n=m times. Namely, if the text is evenly divided into blocks
of sizem=2, only one occurrence of the pattern might start in
each block. TheWITNESSarray now of sizem=2 comes in
handy eliminating possible occurrences.

The cases with periodic patterns extend from the above
approach. Now the patternw is of the formukv wherek > 1
andv is the proper prefix ofu. Consider the prefixPATTERN
[1 � � � 2 juj � 1] as a new pattern, which is not periodic,
whose occurrences inTEXTare to be found using the above-
mentioned procedure. The occurrences ofu2 hence are easily
determined. We call an occurrence ofu2 at positioni a final
occurrenceif there is no occurrence ofu2 at positioni+ juj.
For an occurrence ofu2, define itsright matchto be the nearest
final occurrence to its right. Ifu2 occurs at positioni, its right
match must be at positioni + l juj for some integerl � 0.
This implies that the number of consecutive occurrences ofu
starting at positioni is l+2. For each final occurrence we need
to verify whetherv occurs after it. Note thatv occurs after each
non-final occurrence sincev is a prefix ofu. This information
also helps decide for each occurrence ofu2 whether it is the
beginning of an occurrence of the pattern.

Note that identifying the right match for eachu2 is reducible
to the problem of finding the closest smaller element for
each element in a given sequence. More formally, letA =(a1; a2; � � � ; an) be an array of elements from a totally ordered
domain. For eachaj ; 1 � j � n, find the nearest element to
the right ofaj that is smaller thanaj .
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B. The Algorithm

Without loss of generality, we define ap-processor coarse-
grained parallel computerto be a parallel system withp processors interconnected by any communication media
(shared memory or any static/dynamic interconnection net-
work), where each processor hasO(np ) local memory (n being
the problem size). The algorithm performance is described in
terms of several network parameters, includingp: the number
of processors,g: the ratio of communication throughput to
processor throughput, andL: the time required to barrier syn-
chronize all or part of the processors. The program proceeds
as a series ofsupersteps. In each superstep, a processor may
operate only on values stored in local memory. Values sent
through the communication network are not guaranteed to
arrive until the end of the current superstep. Parametersp,g, and L can be used to estimate the running time of the
program whose communication behavior is known. Similarly,
a program that has access to these parameters for the machine
it is running on can use them to choose between different
algorithms. Our purpose is to design a scalable algorithm,
minimizing the number of communication supersteps as well
as the local computation time. These performance charac-
terizations are similar to the general parallel programming
models proposed by Valiant [14], McColl [11] and Dehne
[4]. However, our algorithm and analysis do not rely on any
particular programming model.

Computing theWITNESSarray and eliminating close possi-
ble occurrences can easily be finished within two supersteps,
whether the givenPATTERNis periodic or non-periodic. Here
we focus on solving the problem of finding the closest smaller
element for each element in a given sequence.

Given a sequenceA = (a1; a2; � � � ; an) and ap-processor
coarse-grained parallel machine, eachPi (1 � i � p) stores(anp (i�1)+1; anp (i�1)+2; � � � ; anp i). For simplicity, we assume
that the elements in the sequence are distinct. We define the
nearest smaller value to the right of an element to be itsright
match[6]. This problem can be solved sequentially with linear
time using a straightforward stack approach. To find the right
matches of the elements, we scan the input, keep the elements
for which no right match has been found on a stack, and report
the current element as a right match for those elements on the
top of the stack that are larger than the current element. The
left matches can be found similarly. For brevity and without
loss of generality, we will focus on finding the right matches.

Some definitions are given below. Throughout the rest of
this paper, we usei (1 � i � p) for processor related indexing
and j (1 � j � n) for array element related indexing.� For anyj:

– rm(j) (lm(j), resp.)
def= the index of the right (left,

resp.) match ofaj .
– rmp(j) (lmp(j), resp.)

def= the index of the processor
containingarm(j) (alm(j), resp.).� For anyi:

– min(i) def= the index (inA) of the smallest element
in Pi.

– rm min(i) (lm min(i), resp.)
def= the index of the

right (left, resp.) match ofamin(i) with respect to the
arrayAmin = (amin(1); � � � ; amin(p)).

– }i def= fPxj rm min(x) = ig; 'i def=fPxj lm min(x) = ig.

Based on the above definitions, we observe thatPrmp(min(i)) = Prm min(i) (Plmp(min(i)) = Plm min(i), resp.)
Next we prove a technical lemma used in our algorithm.

Lemma 2.1:On ap-processor coarse-grained parallel com-
puter, for any i, if arm(min(i)) exists andrmp(min(i)) 6=i + 1, then there exists a unique processorPk(i), i <k(i) < rmp(min(i)), such that lmp(min(k(i))) = i
and rmp(min(k(i))) = rmp(min(i)). (Symmetrically, for
any i, if alm(min(i)) exists and lmp(min(i)) 6= i � 1,
then there exists a unique processorPk0(i), lmp(min(i)) <k0(i) < i, such thatlmp(min(k0(i))) = lmp(min(i)) andrmp(min(k0(i))) = i).

Proof: We show that Ps, where amin(s) =minfamin(i+1); amin(i+2); � � � ; amin(rmp(min(i))�1)g, is the
unique processor described in the lemma. For anys0 withi + 1 � s0 < s, rmp(min(s0)) must be� s. Similarly, for
any s0 with s + 1 � s0 < rmp(min(i)), lmp(min(s0)) must
be � s. This rendersPs the only candidate processor. We
can easily infer thatamin(s) > amin(i) > amin(rmp(min(i))).
Since amin(s) is the smallest element among those inPi+1; � � � ; Prmp(min(i))�1, we conclude thatPs is the unique
processorPk(i) specified in Lemma 2.1. (The symmetric part
can be proved similarly.)

We next outline the algorithm. To begin with, all processors
sequentially find the right matches for their local elements,
using the stack approach. Those matched elements require no
interprocessor communication. We therefore focus on those
elements which are not yet matched. The general idea is to
find the right matches for those not-yet-matched elements
by reducing the original problem to2p smaller “special”
instances, and solve them in parallel.

Next we compute the right and left matches for allamin(i)’s. To do this, we first solve this match-finding problem
with respect to the arrayAmin = (amin(1); � � � ; amin(p)).
Then, for each processorPi, we define four sequences,Seq1i; Seq2i; Seq3i andSeq4i as follows:� If arm(min(i)) does not exist, thenSeq1i and Seq2i are

undefined.� If arm(min(i)) exists andrmp(min(i)) = i+ 1, then:Seq1i = (amin(i); � � � ; anp i), Seq2i =(anp i+1; � � � ; arm(min(i))):� If arm(min(i)) exists andrmp(min(i)) > i + 1, letPk(i) be the unique processor specified in Lemma 2.1.
Then: Seq1i = (amin(i); � � � ; alm(min(k(i)))), Seq2i =(arm(min(k(i))); � � � ; arm(min(i))):� If alm(min(i)) does not exist, thenSeq3i and Seq4i are
undefined.� If alm(min(i)) exists andlmp(min(i)) = i� 1, then:Seq3i = (anp (i�1)+1; � � � ; amin(i)), Seq4i =(alm(min(i)); � � � ; anp (i�1)).� If alm(min(i)) exists and lmp(min(i)) < i � 1, letPk0(i) be the unique processor specified in Lemma 2.1.
Then: Seq3i = (arm(min(k0(i))); � � � ; amin(i)), Seq4i =
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Note that Seq1i and Seq3i, if they exist, always reside

on Pi, Seq2i, if it exists, always resides onPrmp(min(i)),
and Seq4i, if it exists, always resides onPlmp(min(i)). The
following two lemmas 2.2 and 2.3 specify how to find the
right matches for all unmatched elements. Detailed proofs can
be found in [2].

Lemma 2.2:The right matches of all not-yet-matched el-
ements inSeq1i lie in Seq2i. The right matches of all not-
yet-matched elements inSeq4i, except its first element, lie inSeq3i.

Each processorPi therefore is responsible for identifying
right matches for not-yet-matched elements inSeq1i andSeq4i. Again, we apply the sequential algorithm at each
processorPi with respect to the two concatenated sequences,Seq1ikSeq2i andSeq4ikSeq3i.

Lemma 2.3:All elements will be right-matched after the
above-mentioned 2p special problem instances are solved in
parallel.

The following technical lemma, Lemma 2.4, provides the
foundation for the communication lower bound in the worst-
case analysis.

Lemma 2.4: 1) Suppose that}i = fPx1 ; Px2 ; � � � ; Pxtg
wherex1 < x2 < � � � < xt. Then:Seq2x1 = (arm(min(x2)); � � � ; arm(min(x1))), Seq2x2 =(arm(min(x3)); � � � ; arm(min(x2))),� � �, Seq2xt = (anp (i�1)+1; � � � ; arm(min(xt))).

2) Suppose that'i = fPy1 ; Py2 ; � � � ; Pysg where y1 <y2 < � � � < ys. Then:Seq4y1 = (alm(min(y1)); � � � ; alm(min(y2))), Seq4y2 =(alm(min(y2)); � � � ; alm(min(y3))),� � �, Seq4ys = (alm(min(ys)); � � � ; anp i).
Proof: We only prove Statement 1. The proof of State-

ment 2 is similar. First observe that, for anyPx; Py 2 }i,x < y implies amin(x) < amin(y) and k(x) � y. Based on
these observations, we havek(xl) = xl+1 for 1 � l < t andxt = i � 1. The lemma follows from the definition ofSeq2.

Below we outline this algorithm.

Input: A partitioned intop subsets of continuous elements.
Each processor stores one subset.

Output: The right match of eachai is computed and stored
in the processor containingai.

1) EachPi sequentially finds right matches for each ele-
ment in its local subset.

2) a) EachPi computes its local minimumamin(i).
b) All amin(i)’s are globally communicated. (Hence

eachPi has the arrayAmin.)

3) Each Pi finds the right match and left match, with
respect toAmin; and identify the sets}i and'i.

4) EachPi computesarm(min(x)) for every Px 2 }i andalm(min(y)) for everyPy 2 'i.
5) EachPi determinesSeq1i, Seq3i and receivesSeq2i,Seq4i as follows:

TABLE I

COST BREAKDOWN

Cost
Step comp. comm. synch.

1 Ts(np )
2(a) T�(np )
2(b) pg L
3 2Ts(p)
4 maxifT�(np + j'ij) +T�(np + j}ij)g
5(a) maxifT�(rm min(i)�lm min(i))g
5(b) O(np )
5(c) maxif(�Px2}i jSeq2xj

+ �Py2'i jSeq4y j)gg L
6(a) maxifTs(jSeq1ij +jSeq2ij)+Ts(jSeq4ij+jSeq3ij) g
6(b) maxif�Px2'i jSeq4xjgg L

a) EachPi computes the uniquek(i) andk0(i) (as in
Lemma 2.1), if they exist, and determinesSeq1i
andSeq3i.

b) EachPi determinesSeq2x for everyPx in }i, andSeq4y for everyPy in 'i (as in Lemma 2.4).
c) EachPi sendsSeq2x, for everyPx in }i, to Px

andSeq4y, for everyPy in 'i, to Py.

6) a) EachPi finds the right matches for the unmatched
elements inSeq1i andSeq4i

b) Each Pi collects the matchedSeq4y ’s from allPy ’s in 'i.
C. Cost Analysis

We use the termh-relation to denote a routing problem
where each processor has at mosth words of data to send to
other processors and each processor is also due to receive at
mosth words of data from other processors. In each superstep,
if at most w arithmetic operations are performed by each
processor and the data communicated forms anh-relation, then
the cost of this superstep isw + h � g + L (the parametersg
andL are as defined in Section I). The cost of an algorithm
using S supersteps is simply the sum of the costs of allS
supersteps:Program 
ost = 
omp: 
ost+
omm: 
ost+ syn
h: 
ost =W +H � g + L � S,

where H is the sum of the maxima of theh-relations in
each superstep andW is the sum of the maxima of the local
computations in each superstep.

Here we assume the sequential computation time for finding
the closest smaller element of each element in a sequence
of size n is Ts(n), and the sequential time for finding the
minimum of n elements isT�(n). Then the cost breakdown
of the algorithm mentioned in Section II-B can be derived as
in Table I.

Since np = 
(p) and Ts(n) = T�(n) = O(n), the
computation time in each step is obviously linear in the local
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data size, namelyO(np ). Steps 2(b), 5(c) and 6(b) involve
communication. Thus the algorithm takes three supersteps.
Based on Lemma 2.4 and the fact thatj'ij + j}ij � p, the
communication steps 5(c) and 6(b) can each be implemented
by an (np + p)-relation.

Note that while using the above-mentioned algorithm to
identify the right match for eachu2 in a given biological
sequence (as described in Section II-A), allSeq1(2; 3; 4)i’s
are of lengthO(1), since the algorithm is now to be performed
on a (0,1)-sequence, where0 stands for au2 pattern, and1
for nonu2-patterns. Therefore, the communication cost in each
step depends only on the number of processorsp. Besides, the
two additional supersteps to compute theWITNESSarray and
eliminate close possible occurrences both useO(p)-relations
in their communication phases. This concludes the following
theorem:

Theorem 2.1:Identifying exact patterns of lengthm in
biological sequences of lengthn can be done on ap-processor
coarse-grained parallel computer in five supersteps usingO(n)
local computation time and anO(p)-relation in each commu-
nication phase, providedp � n=p.

III. EXPERIMENTAL RESULTS

The experiments have been carried out on two cluster
systems provided by the Center for Computational Research
at the State University of New York at Buffalo, including (1)
an SGI Intel Linux Cluster with 75 dual processor nodes, with
each node equipped with 2 Pentium III processors running at
1 GHz, 1 GB of RAM per node, 30GB disk space, Myrinet
2000 - 2 Gb switch and the RedHat 6.2 (Kernel 2.4) as the
operating system, and (2) a Sun cluster of 16 Sun Blade
1000 workstations and 48 Sun Ultra 5 workstations configured
as a supercomputer, with Myrinet 1000 - 1.28 Gb switch
and Solaris 8 as the operating system. Both systems use the
Portable Batch System (PBS) for batch job submissions.

A portable implementation of MPI (Message Passing Inter-
face), MPICH, is installed on both the Sun Cluster and the
SGI Intel Cluster. We use MPIBcast for broadcasting. Some
collective communication routines, such as MPIAllreduce,
MPI Allgather, are also used for global communication.
MPI Scatter and MPIGather are used to distribute input data
and collect results. MPISend and MPIRecv are used for two-
sided message passing.

We looked up and retrieved different fragments of human
nucleic acid sequences in the EMBL Nucleotide Sequence
Database. Processing time is measured on2 to 64 processors
on the SGI Linux Cluster and on2 to 32 processors on the
SUN Cluster for primate DNA sequence data0:5M to 4M
long and patterns around7K long, as shown in Figs 3 and 4.

IV. CONCLUSIONS ANDFUTURE WORK

Interprocessor communication has been shown to become a
major bottleneck for parallel algorithm performance. Parallel
algorithms should seek to minimize both computation and
communication time to be considered practical. Especiallyfor
clusters, the superior cost effectiveness and flexibility achieved
through which have attracted and enabled (financially) more

Fig. 3. SGI Intel Linux Cluster Running Times

Fig. 4. Sun Cluster Running Times

and more researchers to carry out parallel and distributed
computing, the communication efficiency of the parallel al-
gorithm plays a more critical role in algorithm performance.
Traditional algorithms designed for high-cost supercomputers
do not always perform well on clusters. New and more
communication-efficient algorithms are often required while
clusters are used. In this paper, we present a communication-
efficient parallel algorithm for pattern identification in bio-
logical sequences and show reasonable speedups on clusters.
This also shows that researchers need not rely on high-speed,
high-cost supercomputers to perform computational research
in biological fields.

Though exact pattern matching serves as the foundation of
parallel pattern identification in biological sequences, identi-
fying genes by comparing their protein sequences to those
already identified in databases is more difficult since, in most
cases, an exact match is not desired. Biologically, genes can
contain insertions, deletions, and local changes while still
carrying out the same (or a closely related) biological function.
Therefore, providing a scalable parallel approximate pattern
matching with predictable communication efficiency is of
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higher practical relevance. The authors have been developing
such algorithms and will experiment on the low-cost cluster
environments.
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