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Abstract

We propose a method for finding seeds for the local align-
ment of two nucleotide sequences. Our method uses ran-
domized algorithms to find approximate seeds. We present
a dynamic index to store the fingerprints ofk-grams and a
highly scalable and accurate (HSA) algorithm to incorpo-
rate randomization into process of seed generation. Experi-
mental results show that our method produces better quality
seeds with improved running time and memory usage com-
pared to traditional non-spaced and spaced seeds. The pre-
sented algorithm scales very well with higher seed lengths
while maintaining the quality and performance.

1 Motivation
Locatingsimilar subsequences between a query sequence
and the sequences in a database is one of the most fun-
damental problems in bioinformatics. This is also known
as thelocal alignmentproblem. Local alignment matches
pairs of letters between two subsequences. A score is then
assigned for each match. Every mismatch and gap are
penalized with appropriate mismatch, gap-open, and gap-
extend penalties. The score of the local alignment is then
computed as the sum of all such scores and penalties.

One of the earliest algorithms to solve the local align-
ment problem is the Smith-Waterman algorithm [13] (SW).
SW uses dynamic programming to find all local align-
ments. Both time and space complexity of the SW method
is O(mn), wherem andn are the lengths of the two se-
quences aligned. Quadratic complexity makes the SW al-
gorithm unpractical as the sequences get longer and as the
sequence databases grow. A number of efficient heuris-
tic methods were developed to solve the local alignment
problem using less space and time. One of the popular
seed-based approaches for local alignment is BLAST [20].
BLAST works in two phases: (i) search phase - it first finds
the k-grams(k letter subsequence) in the target sequence
that have a perfect match in the query sequence with the
help of a hash table. The region is popularly referred as
seed. (ii) alignment phase - it stitches and extends the seeds

found in the first phase into significant alignments. For ex-
ample, BLASTN (BLAST for nucleotide sequences) first
finds exact matches of seed length 11. It then extends these
matches into local alignments, and accepts only those align-
ments which satisfy a user-defined score cutoff.

There is a tradeoff between execution speed and sensi-
tivity for selected seed length,k. If k is large, the search
phase may miss high scoring alignments that do not have
k consecutive matches. On the other hand, increasingk
will produce fewer seeds for the alignment phase. Thus,
the overall computation time decreases. In other words,
k provides a tradeoff between performance and quality.
Several approaches including PatternHunter (PH) [7] and
megaBLAST [18] address this problem by using spaced
seeds or different length seeds. Although, these methods
aim at improving the performance and seed quality, the un-
derlying problem with BLAST’s seed selection remains un-
touched. Ifk is very large, the amount of memory to store
the hash table may exceed available resources. The space
taken-up by hash data structure is exponential ink. Specif-
ically, for a sequence of a nucleotides letters, the hash size
calculates to4k. Fork = 24, the hash table size is one peta-
byte even if only four bytes are used per hash table entry.
This is many orders of magnitude larger than the capacity
of today’s computers. Such large values ofk are commonly
used by tools that analyze very large datasets. For exam-
ple k = 24 and 28 for Arachne [6] and megaBLAST [18]
respectively.

A simple solution to the seed length scalability problem
is not to use the hash table data structure, but rather keep
only thosek-grams from query sequence which are unique.
This method keeps thek-grams that appear in the query se-
quence in a sorted list, in alphabetical order. Thus, every
k-gram in the query is stored only once, and every letter in
the query is stored at mostk times. On the other hand, using
sorted list increases the cost of locating ak-gram since its
position in the sorted list is not known. Binary search incurs
logarithmic search time for locatingk-grams (compared to
constant time search cost of hash tables).

Our contribution: Although the techniques of randomized



algorithms have been extensively used for efficient string
matching [15], to our knowledge, no one has applied them
for alignment of biological sequences. In this paper, we
describe a new,highly scalable and accurate(HSA) algo-
rithm and a dynamic index structure for finding seeds. Our
method employs randomization technique for choosing ini-
tial seeds. HSA is more efficient and accurate than the exist-
ing tools, such as BLAST, that use a fixed seed size. Unlike
existing methods, HSA provides worst-case guarantees on
either its efficiency or its accuracy or both. In particular
HSA has the following advantages over existing tools:

• HSA is highly scalable in the sense that even if we
choose large seed lengths for exact matching, we can guar-
antee to work with limited amount of memory and still pro-
duce high quality seeds.

• HSA provides guarantees on accuracy of our results.
Specifically, it finds all exactly matching seeds. It also com-
putes an upper bound, such as10−3, on the probability of
finding an approximate seed accidentally. This probability
can be considered as the error probability.

• Given a desired upper bound on the error probability,
HSA can also compute the amount of memory required to
guarantee that quality. It dynamically adapts its data struc-
ture to fit into that memory.

• HSA also provides upper bounds on the running times
of our algorithms to find seeds for given allowable error
probability. The time needed to find the seeds for HSA is
less than that of the competing methods.

A rigorous benchmark of the HSA structure demon-
strates its superiority over other alternatives. According to
our experiments, HSA produces better quality seeds with
improved running time and memory usage compared to
BLAST and spaced seeds. The presented algorithm scales
very well with higher seed lengths while maintaining the
quality and performance.
Paper organization: The rest of the paper is organized as
follows. Section 2 presents background on randomized al-
gorithms. Section 3 discusses our index structure and algo-
rithms. Section 4, presents quality and performance results.
Section 5 discusses the related work. We end with a brief
discussion in Section 6.

2 Randomized algorithms and fingerprinting
Assume that sequences are defined over a fix set of alpha-
bet Σ = {α1, α2, · · · , ασ}, whereσ is the alphabet size.
For nucleotide sequencesΣ = {A, C, G, T}. Each letter
in this alphabet can be represented usinglog σ bits. For
example, for nucleotides A= 00, C = 01, G = 10, and T
= 11. Given ak-grama = a1a2 · · · an, the hash value fora,
h(a), can be computed by concatenating the bit representa-
tions of its letters. Therefore,k log σ bits are needed to store
the hash value of ak-gram. For example, fora = ACGT,
h(a) = 00011011. Thus,h(a) = 27. The hash value of a
k-gram varies between zero andσk. Two k-grams have the

same hash value if and only if they are equal.
Fingerprint of ak-grama is defined as

Fp(a) = h(a) mod p,

wherep is a given prime number. Ifp ≥ σk, then the fin-
gerprint of a will be equal to its hash value. Otherwise,
Fp(a) may be smaller thanh(a). Fingerprinting suggests
the use of fingerprints instead of hash values in order to find
similar k-grams. Thus, we call twok-gramsa andb simi-
lar if Fp(a) = Fp(b). The advantage of using fingerprints
instead of hash values is that onlyO(min{log p, σk}) bits
are needed to store a fingerprint. For smallp, fingerprints
require much less space than hash values.

One can show that ifa = b thenFp(a) = Fp(b). There-
fore, fingerprints find all the true positive matches. On the
other hand differentk-grams may have the same fingerprint.
That is,Fp(a) = Fp(b) does not imply the equality ofa
and b. Therefore, fingerprints may produce false positive
matches. This is also known as theadversary problem:
Given a fixed prime numberp and a database sequence, an
adversary can come up with a query sequence that will pro-
duce many false positives by choosing queryk-grams such
that they will have different hash values than the database
k-grams but same fingerprints.

The adversary problem can be solved by choosingp at
random for every query instead of having a fixedp. Next,
we discuss how bad this strategy can go. Assume thatc =
|h(a)− h(b)|, a is incorrectly classified as similar tob only
whenc > 0 andp dividesc (i.e., a andb are different but
they have the same fingerprint.) Then the question boils
down to the number of prime numbers that can dividec.
If c has a large number of prime divisors, then it is more
likely that a randomly chosenp will divide c. Prime Number
Theoremstates that for any numberτ , the number of primes
less thanτ is asymptotically τ

ln τ . It is also known from
number theory that, the number ofdistinct prime divisorsof
any number less than2n is at mostn. Thus, given an upper
boundτ , if the prime numberp is chosen randomly among
the primes less thanτ , then the probability of returning a
false positive (i.e., error probability) can be computed as

Pr[Fp(a) = Fp(b)|a 6= b] ≤ 2k

τ/lnτ
(1)

This can be explained as follows. The difference of two
hash valuesc = |h(a) − h(b)| is at most22k for k-grams
composed of nucleotides since0 ≤ h(a) < 4k, ∀a. Thus
c can have at most2k prime divisors. In order to have a
false positive, one of these prime numbers need to be chosen
among all the τ

ln τ primes. If we chooseτ = t2k log t2k, for
some valuet, then we have following error probability:

Pr[Fp(a) = Fp(b)|a 6= b] ≤ O(
1
t
) (2)



If we chooset = 2k the error probability becomesO(1/2k).
We now extend our discussion on fingerprinting to

the problem of subsequence matching. LetX =
x1x2 · · ·xm+k−1 be nucleotide sequence in the database
and b be ak-gram from query sequence.X containsm
k-grams. If we assume that the signatures of thesek-grams
are randomly distributed, then the probability that a false
match occurs for any of them isO((m2k log τ)/τ). If we
chooseτ = m22k log m22k, that gives us:

Pr[at least one false positive returns] ≤ O(1/m) (3)

3 The HSA algorithm
In this section, we consider the problem of incorporating de-
scribed randomized algorithm and fingerprinting technique
to find seeds. The solution is discussed by way of presenting
a new highly scalable and accurate algorithm and a dynamic
index structure.
Notations and data structure: The query sequence of size
m is denoted byQ = q1q2 · · · qm, and a database sequence
of sizen is denoted byS = s1s2 · · · sn. Thek-gramstart-
ing at thejth character of the query sequence is denoted by
Q(j) and likewise for the database sequence byS(j). The
integer representation of thek-gram starting at thejth po-
sition in the query is denoted byh(Q(j)) and likewise for
the database sequence byh(S(j)). p is the prime number
andτ is the threshold for selection ofp. Fp is the mod
fingerprint function used andk is the length of the seed.

HSA index is essentially an array, size of which is dy-
namically decided in its initialization. Each entry in the ar-
ray is referred as a bucket and stores the fingerprint of a
queryk-gram. Associated with each bucket is the list of in-
tegers indicating positions of thek-grams in query sequence
with that fingerprint value.
HSA method and seed generation:We build an index
structure to store differentk-grams of an input query se-
quence. The size of the index structure is dynamically de-
cided based on the prime numberp selected for fingerprint-
ing. If p is small, we use direct hashing and store the fin-
gerprints of all possiblek-grams in a hash table. Thus, the
hash table hasp entries. Ifp is too large to fit the hash ta-
ble into allowed memory, we choose sorted list option for
uniquek-grams of a query sequence. In this case, the num-
ber of entries of the sorted list is equal to the number of
unique fingerprint values for thek-grams in the query se-
quence. Both of these index structures store pointers to all
thek-grams in the query sequence according to their finger-
print values. Our dynamic index structure supports various
methods for efficient storage and searching of fingerprints.
The methods are sketched in Figure 1.

In the Initialize method we mainly select the random
prime number for fingerprinting and then dynamically set
the size and type of our structure. We start by calculating
the thresholdτ = m22k log m22k for a given seed length

/* TYPE= how HSA is structured */
/* SIZE = number of buckets */
/* TABLE= an array of buckets */
/* LIST = an array of integers for each bucket*/
/* k = k-gram size */
/* m = length of query sequence */
/* maxMem = maximum allowable memory */
Method Initialize (k, m, maxMem)

τ := m22k log m22k;
Randomly select a primep < τ ;
SIZE := min (p, 4k, maxMem);
if SIZE ≥maxMem then TYPE:= SORTED;
elseTYPE:= HASH;
return p;

/* fp = fingerprint value of thek-gram */
/* pos = position of thek-gram */
Method Insert (fp, pos)

if TYPE= HASH then
Add pos to TABLE[fp mod SIZE ].LIST ;

else
ptr := Search (fp);
Add pos to TABLE[ptr].LIST ;
if TABLE[ptr].LIST = 1 then

Sort (TABLE);

Method Search(fp)
if TYPE= HASH then

if TABLE[fp mod SIZE ].LIST 6= ∅ then
return (fp mod SIZE );

elseptr := Binary Search (fp) ;
return ptr;

Figure 1. HSA Methods.Initialize method sets the type of the

index structure based on memory limitations.Insertmethod inserts

a k-gram into an existing index structure.Searchmethod locates

the positions of thek-grams that have a certain fingerprint.

k as described in Section 2. A primep is then selected at
random less thanτ . Next, we choose the number of buckets
in the HSA structure as the smallest of three choices: First,
primep itself. Since the fingerprint is themod function with
respect top, we are guaranteed that the fingerprint function
will not exceed valuep. The second choice is number of
all possiblek-grams, that is4k. The last choice is simply
the size of maximum allowable memory. If we choose from
the first two options, we can structure our buckets for di-
rect hashing. If we pick the third option we build sorted
list on the unique query fingerprints. Note that, we assume
that all the unique k-grams from the query sequence fits in
allowable memory. If the query sequence is too large to fit
in memory, we need to lower the value ofτ to stay within
memory limitations.

The other methods,Insert and Search, directly follow
from the type of selected structure. In case of direct hash-
ing, simply insert the position of thek-gram into the bucket
suggested by a hash function, whereas for the sorted type



we perform binary search to decide the target bucket.
Figure 2 presents how the seeds are generated. The al-

gorithm starts by reading the query sequence. A random
prime p is selected based on input parameters. The query
is then scanned and the index structure is created on the
fingerprints of itsk-grams. Next, the database sequences
are scanned and a fingerprint is obtained for eachk-gram
from the database sequences. The same fingerprint func-
tion is used for the database sequences as the query se-
quence. Each database fingerprint is then searched in the
index structure for a match. For every match, two positions,
one in the database sequence and one in the query sequence
are returned as a seed.

/* k = seed length */
/* maxMem = max allowable memory */
/* Q = a query sequence */
/* S = a database sequence */
/* m = |Q|, n = |S| */
/* HSA= HSA Data structure */

Procedure Seed Generation(k, Q, S, maxMem)
m := LOAD(qry);
p := HSA.Initialize (k, m, maxMem);

/* Scan the query */
for i = 1 to m − k + 1; do

Fp(Q(i)) := h(Q(i)) mod p;
HSA.Insert (Fp(Q(i)), i);

/* Scan the database */
n := LOAD(db);
for j = 1 to n − k + 1; do

Fp(S(i)) := h(S(i)) mod p;
idx := HSA.Search (Fp(S(i)));
if idx > 0 then

HSA.Output (idx, j);

Figure 2. HSA Algorithm - Seed Generation. The algorithm

takes a query sequence, a database sequence, seed size, and allowed

memory size as input. It returns the positions of the matchingk-

grams.

Of primality and performance hiccups: It is important
for the correctness of proposed randomized algorithm that
we randomly select a prime number less than the thresh-
old τ . However, we should remark that the task of picking a
random prime is non-trivial, primarily because verifying the
primality of a number is difficult. One can again make use
of randomized algorithms to time efficiently choose a ran-
dom prime [15]. Also recently, the primality problem has
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Figure 3. Error Probability vs Memory Used

been shown to be in P class [23], and the proposed fast algo-
rithm can be used to speed-up primality testing. In our con-
text, since we generate a random prime once for each query,
the prime selection penalty is not overwhelming. One can
avoid computing a prime number by keeping the set of all
the primes up to a large number. For a given query, a prime
number is then selected randomly from this set.

Another important parameter for our algorithm isτ . The
value ofτ upper bounds the selected prime. As stated in
the algorithm description, we have three choices for the in-
dex structure size: primep, 4k, andmaxMem, i.e., mem-
ory limit. Clearly, every time we get a prime smaller than
the last two values, we not only build a smaller structure,
but also speed-up fingerprint search. Thus choosing a small
value forτ improves both performance and memory usage.
On the other hand, as mentioned in the Section 2, error
probability directly depends on the value ofτ . The smaller
the value ofτ , the more we are prone to an error, and vice
versa. In our algorithm, we usedτ = m22k log m22k, to
bound our error probability toO(1/m). Clearly, theτ and
thus the error probability depends of value of seed length,k
and query lengthm. Since we are assuming that our query
always fits into memory, we can see memory size as an up-
per bound form. Thus, we can conclude that for given fixed
k, the error probability decreases with more available mem-
ory. Also, for a given fixed memory size, the error proba-
bility of HSA increases with increasingk. The theoretical
plots supporting this argument are shown in Figures 3 and 4.

Figure 3 shows that most of the improvement on the er-
ror probability is obtained by increasing the memory usage
by less than 200 MB. Although the error probability drops
by further increasing the size of the index structure, the im-
provement is smaller. Figure 4 shows that for a fixed mem-
ory size, the error probability of HSA increases gradually
as seed length increases. This is a very important observa-
tion since static hash table methods used by tools such as
BLAST are too large for practical purposes for seed size
greater than 15. Another important observation that follows
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these figures is that the error probability in all these graphs
are too low. Thus, for a givenk-gram, it is not very likely
that HSA will produce many erroneous results.

4 Experimental evaluation
In this section, we present a set of experiments aimed at
benchmarking the performance of our algorithm to find ini-
tial exact match seeds. Using the C++ programming lan-
guage we have implemented and tested a suit of query
sequences for non-spaced seeds used by BLAST, spaced
seeds [8], and the HSA algorithm. For first two cases we
executed each query sequence as follows: We build a hash
table of size4k to store the k-grams from query if it fits in
available memory. Otherwise, we build a sorted list similar
to one described by the HSA algorithm.

We tested all three scenarios on two categories: com-
parison of similar sequences and dissimilar sequences. For
both categories we performed 100 pairwise sequence com-
parisons as follows. We created three sets of sequences.

• Set18a: This dataset consists of 100 sequences of
human chromosome 18, chopped into size of 4000 letters
each. The sequences are then mutated (i.e., insert, delete, or
modify) with 5 % probability.

• Set18b: This dataset consists of the same 100 se-
quences asSet18a. However, these sequences are mutated
with 10 % probability.

• Set22: This dataset consists of 100 sequences of hu-
man chromosome 22, chopped into size of 4000 letters
each. The sequences are mutated 5 % probability.

The ith sequences fromSet18aandSet18bdiffer by at
most 15 % of their letters. For comparison of similar se-
quences, we used these two datasets. Since the sequences
from Set18aandSet22are selected from different chromo-
somes, there is no upper bound on the difference between
theith query sequence andith database sequence. We used
these two datasets for comparison of dissimilar sequences.
In each scenario, a run consisted ofith database sequence
againstith similar query sequence andith dissimilar query

Figure 5. Scores found for dissimilar sequences before extend-

ing seeds whenk = 11.

sequence. Thus, total 200 runs were performed for measur-
ing quality of seeds generated and time-space performance,
for each: BLAST, Spaced Seed, and HSA approach. The
experiments were performed on a Linux workstation hav-
ing an Intel Xeon dual processor with 2.4 Ghz clock speed
and a 2GB of RAM. All the datasets and source code we
implemented are available from the authors upon request.
4.1 Quality comparison results
Our first experiment set inspects the quality of the seeds
found in each of three scenarios. In order to have fair
comparison, we first constructed a SW score matrix using
Smith-Waterman algorithm [13] for a given database and a
query sequence. We used a score of +1 for every matching
letter and a penalty of -1 for every mismatch, insertion, or
deletion. A seed found by any of the three algorithms maps
to a set ofk entries in the SW matrix. These entries essen-
tially form a diagonal for BLAST and HSA, and a gapped
diagonal for spaced seeds. On SW score matrix, each en-
try corresponds to a pair of letters, one from the query se-
quence and one from the database sequence. The value of
this entry shows the best score obtained by aligning the in-
put sequences up to and including these letters. For each
of the three strategies, we find all the seeds generated by
that strategy. We then plot the score of the SW matrix en-
tries generated by these seeds in decreasing order. We per-
formed this set of experiment on similar as well as dissimi-
lar dataset, first with seed lengthk = 11 and then with seed
lengthk = 18. The plots are shown in Figures 5 to 7.

Figure 5 shows the scores found for comparison of dis-
similar sequences whenk = 11. The scores found by HSA
seeds are always higher than both BLAST and spaced seeds.
BLAST results are very close to HSA results. This is mainly
because the error probability is very low fork = 11. On the
other hand, HSA finds a number of high scoring seeds that
BLAST fails to find. We observed similar results for the
similar datasets. However the gap between HSA, BLAST,



and spaced seed was negligible. We ommit this graph due
to space limitations.

Figures 6 and 7 show the scores found for comparison of
dissimilar and similar sequences respectively whenk = 18.
For dissimilar sequences, BLAST and spaced seed did not
find any seeds. On the other hand HSA finds many seeds.
Many of the entries that HSA finds have significant score.
For similar sequences, although BLAST and spaced seeds
produce some seeds, HSA finds many matches that they
miss. This is because ask increases, the probability of hav-
ing two exactly samek-grams decreases exponentially.

Figure 6. Scores found for dissimilar sequences before extend-

ing seeds whenk = 18.

One important observation that follows from these ex-
periments is that spaced seeds miss many high scoring en-
tries. This is contrary to the results of spaced seed pa-
pers. We therefore performed another experiment to verify
these results as follows. Instead of intersecting the seeds
with SW matrix, we extended the seeds produced by each
of the methods to right and left until the alignment score

Figure 7. Scores found for similar sequences before extending

seeds whenk = 18.

Figure 8. Scores found for dissimilar sequences after extending

seeds whenk = 18.

Figure 9. Scores found for dissimilar sequences after extending

seeds whenk = 18.

drops below by 20. We used +1 score for each match and
-3 penalty for each mismatch. These are the default val-
ues BLAST uses for seed extension. We then reported the
resulting score in decreasing order. Figures 8 to 10 show
the scores obtained after extending the seeds for the experi-
ments in Figures 5 to 7. These results concur with the ear-
lier ones. Therefore, we conclude that 1) HSA can find at
least as good alignments as BLAST and spaced seeds (usu-
ally much better than BLAST and spaced seeds), and 2)
spaced seeds do not necessarily produce better results than
non-spaced seeds. Note that comparison of spaced and non-
spaced seeds is not within the scope of this paper. The fin-
gerprinting and randomization ideas of HSA can be applied
to spaced seeds as well.

4.2 Performance comparison results
We compared the runtime performance as well as the mem-
ory usage of HSA, BLAST, and spaced seeds for various
seed lengths ranging from 8 to 28. In case of the spaced seed
scenario the execution is done only for available spaced



Figure 10. Scores found for similar sequences after extending

seeds whenk = 18.

0.001

0.01

0.1

1

10

5 10 15 20 25 30

ru
nn

in
g 

tim
e 

[s
ec

]

seed length (k)

HSA
Spaced Seeds

BLAST

Figure 11. Running time of HSA, spaced seed, and BLAST to

create seeds for different values ofk.

seeds of length 9 to 18. We used similar datasets in this
experiment.

Figure 11 shows the time to create the seeds for the three
methods for various values ofk. It can be seen that seed cre-
ation time increases slowly untilk = 13. It then suddenly
increases. This is because, at this point, the hash table be-
comes too large to fit in available memory. Therefore, a
sorted list is maintained to create seeds. For all values of
k, HSA has the lowest seed creation time. This is because
if it picks a small enough prime number it uses hash table
instead of sorted list even for largek.

Figure 11 shows the memory required by the index struc-
tures of the three methods for various values ofk. The
memory usage of all three methods increase exponentially
until k = 13. This is because the size of the hash table in-
creases exponentially withk. At k = 13, the memory usage
suddenly drops for BLAST and spaced seed and increases
gradually after that. This is because, they use sorted list in-
stead of hash table after this point, since the hash table gets
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different values ofk.

too large to keep in main memory. On the other hand, the
memory usage of HSA remains almost same. This is be-
cause HSA efficiently uses the allowable memory to keep a
hash table if it selects an appropriate prime number.

5 Related work
The dynamic programming solution to the problem of find-
ing the best alignment between two strings of lengthsm and
n runs inO(mn) time and space [3, 13]. For large data and
query strings, this technique is infeasible in terms of both
time and space. Myers improved the time and space com-
plexity to O(rn), wherer is the amount of allowed error,
by maintaining only the required part of the distance ma-
trix. [25] However, for large error rates,r is O(m), so the
complexity is stillO(mn).

Many heuristic-based search tools have been developed
to align strings faster. They fall into two categories: hash-
table–based tools and suffix-tree–based tools.

Some of the important hash table based tools
are FASTA [7], BLAST [20], BL2SEQ [19], SEN-
SEI [14], FLASH [10], BLASTZ [21], PatternHunter [11],
BLAT [22]. The main difference between the tools is that
they use different seed lengths and types, and they have dif-
ferent seed extensions strategies.

A number of homology search tools are based on suf-
fix trees and derivatives. These include MUMmer [16],
QUASAR [1], REPuter [4], and AVID [9]. There are two
significant problems with the suffix-tree approach: (1) Suf-
fix trees manage mismatches inefficiently. They are good
for highly similar strings, but fail to recognize more dis-
tant homologies. (2) Suffix trees have a high space over-
head. The suffix tree in MUMmer, for example, uses37n
bytes of memory, wheren is the input length [16], although
with careful implementation, this can be reduced to8n.
AVID [9] handles mismatches and gaps by using a variant of
the Smith-Waterman algorithm once the anchors have been
selected with the help of suffix trees.



CHAOS [2] indexesk-grams using athreaded trie,
which is a cross between a suffix tree and a hash table in
spirit. LAGAN [5] and DIALIGN [24, 12] employ CHAOS
to find anchors for global alignment. Brudno et al. [17] also
use CHAOS to find aglocal alignment, which is a combi-
nation of global and local alignments.

6 Conclusion and future work
The problem of local alignment of two biological sequences
is one of the most fundamental problems in bioinformatics.
Finding initial, fixed size seeds first and then stitching and
extending them to obtain significant alignments remains the
most popular heuristic. A seed can be obtained either by ex-
act match or a pattern match ofk-grams. In this paper, we
considered the problem of detecting seeds for local align-
ment. We proposed to employ randomized algorithms that
are suitable for pattern matching to find initial approximate
seeds. The main contribution of this paper is the develop-
ment of a highly scalable and accurate (HSA) algorithm and
a dynamic index structure. Our method outperforms com-
peting algorithms in terms of quality of the seeds, running
time, and memory usage. Unlike existing methods, HSA
scales very well with higher seed lengths, maintaining its
quality as well as performance. Finally, HSA also provides
guarantees in form of error probabilities (compared to exact
match) and upper bound the running time and space usage
during the execution.

One obvious direction for the future work is extending
and incorporating randomization in the entire process of
local alignment and thereby providing some probabilistic
guarantees on quality of a local alignment score. It might
be possible in the future to self-tune theτ by learning from
the type of target sequences. For example, in case of similar
sequences a smallerτ can be selected to potentially speed-
up the execution without much affecting the quality of the
seeds. Finally, the technique of randomization can also be
used to find the anchors for multiple sequence alignment.
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