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Abstract k consecutive matches. On the other hand, increaking
will produce fewer seeds for the alignment phase. Thus,

We propose a method for finding seeds for the local align- the overall computation time decreases. In other wokds,
ment of two nucleotide sequences. Our method uses ranprovides a tradeoff between performance and quality. Sev-
domized algorithms to find approximate seeds. We preseneral approaches address this problem by using spaced seeds
a dynamic index to store the fingerprintsiorams and a  or different length seeds [12, 14]. Although, these meth-
highly scalable and accurate (HSA) algorithm to incorpo- 0ds aim at improving the performance and seed quality, the
rate randomization into process of seed generation. Experi- underlying problem with BLAST's seed selection remains
mental results show that our method produces better qualityuntouched. Ik is very large, the amount of memory to
seeds with improved running time and memory usage com-store the hash table may exceed available resources as the
pared to traditional non-spaced and spaced seeds. The prespace taken-up by it is exponentialin  Such large val-
sented algorithm scales very well with higher seed lengthsues ofk are commonly used by tools that analyze very large

while maintaining the quality and performance. datasets. For example= 24 and 28 for Arachne [2] and
megaBLAST [14] respectively.
1 Motivation A simple solution to the seed length scalability problem

Locating similar subsequences between a query sequencé'S to keep uniqué-grams from query sequence in a alpha-
and the sequences in a database is one of the most funbetically sorted list. Though, sorted list increases the cost
damental problems in bioinformatics known as theal of locating ak-_gram since it_s position in the sorted list is
alignmentproblem. It matches pairs of letters between two NOt known. Binary search incurs logarithmic search time
subsequences and an appropriate score is then assigned f§Pmpared to constant time search cost of hash tables.
each match and mismatch. The score of the local alignment  In this paper, we describe a nelighly scalable and ac-
is then computed as the sum of all such scores. curate (HSA) algorithm and a dynamic index structure for
One of the earliest algorithms to solve the local align- finding seeds. Our method employs randomization tech-
ment problem is the Smith-Waterman algorithm [13] (SW). nigue for choosing initial seeds. HSA is more efficient and
SW uses dynamic programming to find all local alignments accurate than the existing tools, such as BLAST, that use
and has, both, time and space complexity oli&nn), a fixed seed size. Unlike existing methods, HSA provides
wherem andn are the lengths of the two sequences aligned. WOrst-case guarantees on either its efficiency or its accuracy
A number of efficient heuristics that use less space and time©r both.
have been developed. One such tool, BLAST [1], works in  The rest of the paper is organized as follows. Section 2
two phases: (i) search phase - it first finds thgrams(k presents background on randomized algorithms. Section 3
letter subsequence) in the target sequence that have a pediscusses our index structure and algorithms. Section 4,
fect match in the query sequence with the help of a hashpresents experimental results. Section 5 discusses the re-
table. The region is popularly referred ssed (ii) align- lated work. We end with a brief discussion in Section 6.
ment phase - it stitches and extends the seeds found in th(ﬁ2 . . . I
first phase into significant alignments. Randomized algorithms and fingerprinting
There is a tradeoff between execution speed and sensiAssume that sequences are defined over a fix set of alphabet

tivity for selected seed lengtlt,. If & is large, the search ¥ = {a1, a2, - ,aq}, whereo is the alphabet size. For

phase may miss high scoring alignments that do not havenucleotide sequencés= {A, C, G, T}. Each letter in this
alphabet can be represented udingo bits. For example,

*Work supported partially by NSF under grant 0347408. for nucleotides A= 00, C= 01, G = 10, and T= 11.




Given ak-grama = ajas - - - a,, the hash value fat, h(a), k-grams. If we assume that the signatures of thhegeams
can be computed by concatenating the bit representationsre randomly distributed, then the probability that a false
of its letters. Therefore; log o bits are needed to store the match occurs for any of them 8((m2klog7)/7). If we
hash value of &-gram. The hash value oflagram varies  chooser = m?22k log m?2k, that gives us:

between zero and*. Two k-grams have the same hash -

Fingerprint of ak-grama is defined as :
Fo(a) = h(a) mod p, 3 The HSA algorithm

wherep is a given prime number [9]. Ip > o, then the
fingerprint ofa will be equal to its hash value. Otherwise,
F,(a) may be smaller than(a). Fingerprinting suggests
the use of fingerprints instead of hash values in order to find
similar k-grams. Thus, we call twé-gramsa andb simi-
lar if F,(a) = Fp(b). The advantage of using fingerprints
instead of hash values is that or@®min{log p, o*}) bits
are needed to store a fingerprint. For smalfingerprints
require much less space than hash values.

One can show that if = bthenF),(a) = F,(b). There-
fore, fingerprints find all the true positive matches. On the
other hand different-grams may have the same fingerprint.
That is, Fj,(a) = F,(b) does not imply the equality of
andb. Therefore, fingerprints may produce false positive
matches. This is also known as thdversary problem
Given a fixed prime number and a database sequence, an

adversary can come up with a query sequence that will pro- . . . ! .
y P query seq P gueryk-gram. Associated with each bucket is the list of in-

duce many false positives by choosing quergrams such L2 " .

that they will have different hash values than the databasete.gers |nd_|cat|ng _posmons of thiegrams in query sequence
) fi ints. with that fingerprint \./alue.. .

K g{ﬁ?ig\?éf;?;pg%?ég'gfﬂ be solved by choosirg HSA method: We build an index structure to store different

random for every query instead of having a fixedNext k-grams of an input query sequence. The size of the index
we discuss how bad this strategy can go Assumecthét structure is dynamically decided based on the prime number

|h(a) — h(b)|, a is incorrectly classified as similar toonly p selgcted for fingerprilnting. .lib is small, we use dirgct
whenc > 0 andp dividesc (i.e., a andb are different but hashing and store the fingerprints of all pqssibl@re}ms n
they have the same fingerprint.) Then the question boils 2 hash t"’?b'e- Thus, the h‘."‘Sh table hasitries. Ifp is 100
down to the number of prime numbers that can divide large to_flt the_ hash tab!e into allowed memory, we choose
If ¢ has a large number of prime divisors, then it is more sorted list option for uniqué-grams of a query sequence.

likely that a randomly choseswill divide ¢. Prime Number In this case, the number of entries of the sorted list is equal

Theorerstates thatfor any numberthe rumber ofprimes.[© 1@ WTOCT o e frepint vaues fo werars
less thanr is asymptotically.—. It is also known from query seq :

number theory that, the numberdigtinct prime divisor®f pointers to all the:-grams in the query sequence according

any number less thai’ is at mostr. Thus, given an upper tq their fingerprint values. The methods are sketched in
. . . Figure 1.
boundr, if the prime numbep is chosen randomly among

the primes less than, then the probability of returning a prirlr?etrr]\(lejrl:g::;“fzoer m1(§2?;i;\(iengm::g){[hseerlleg;rfgre;liz:zrlll(:/osn;t
false positive (i.e., error probability) can be computed a : .
se positive (i P lity) pu S the size and type of our structure to a sorted list or a hash

2k table. InsertandSearchmethods directly follow from the

(1) type of selected structure. In case of direct hashing, simply
insert the position of thé-gram into the bucket suggested

If we chooser = 4k? log 4k, for some value, the error by a hash function, whereas for the sorted type we perform

In this section, we consider the problem of incorporating de-
scribed randomized algorithm and fingerprinting technique
to find seeds 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 by) = ¢1¢2 - - - ¢;n, @and a database sequence
of sizen is denoted byS = sys5 - - - s,,. Thek-gramstart-
ing at thejth character of the query sequence is denoted by
Q(j) and likewise for the database sequenceshy). The
integer representation of thegram starting at thgth po-
sition in the query is denoted by Q (7)) and likewise for
the database sequence {5 (j)). p is the prime number
andr is the threshold for selection of F), is the mod
fingerprint function used anklis 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

PriFy(a) = Fp(b)la # b] <

7/lnt

probability become€&X(1/2k). binary search to decide the target bucket.
We now extend our discussion on fingerprinting to Seed generation algorithm that first reads query sequence
the problem of subsequence matching. L&t = and the index structure is created on the fingerprints of its

r1%9 - - T,mykp—1 D€ Nucleotide sequence in the database k-grams. Next, the database sequences are scanned to ob-
andb be ak-gram from query sequenceX containsm tain fingerprints of itgc-grams. Each database fingerprint is



/* TYPE= how HSA is structured$SIZE = number of buckets */ 2500
/* TABLE = array of buckets, IST = array of integers for each bucket*/
I* k = k-gram sizem = length of query sequence */
I* maxz Mem = maximum allowable memory */ 2000 Fm——
Method Initialize (k, m, maxzMem)
7 1= m?2k log m?2k;
Randomly select a prime < 7;
SIZE := min (p, 4%, mazMem);
if SIZE > maxMem thenTYPE:= SORTED;
elseTYPE:= HASH;
return p;

HSA

1500 1 BLAST

Spaced Seeds

score in SW matrix

1000

500 |-
I* fp = fingerprint valuepos = position of thek-gram */
Method Insert (fp, pos)

10000

if TYPE= HASH then ‘ i0 i o0
Add pos to TABLE[fp mod SIZE].LIST ; finbest SW entry found
else
ptr := Search (fp); Figure 2. Scores for dissimilar segk (= 11) before extending.

Add pos to TABLE [ptr].LIST ;
if TABLE[ptr].LIST = 1 then
Sort (TABLE); . .
(TABLE) 4 Experimental evaluation

Method Search(fp)

if TYPE= HASH then In this section, we present a set of experiments aimed at
if T?BLE([JJ:P moj SSI'ZZE;'L'ST # 0 then benchmarking the performance of our algorithm. Using
return (fp mo ; . .
elseptr := Binary Search  (fp): the C++ programming language we have implemented and
return ptr; tested a suit of query sequences for seeds used by BLAST,

spaced seeds [5], and the HSA algorithm. For first two cases
we executed each query sequence as follows: We build a
hash table of sizd* 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.

Figure 1. HSA Methods. Initialize sets the type of the index
structure.Insertinserts ak-gram into an existing structur&earch
locates the positions of tHegrams given certain fingerprint.

We tested all three scenarios on two categories: com-
parison of similar sequences and dissimilar sequences. For
searched in the index structure for a match. Every matchedpoth categories we performed 100 pairwise sequence com-
positions in the database and query sequence are returnegarisons as follows. We created three sets of sequences.
as seeds. For the complete algorithm s8e [
One important parameter for our algorithmrs The
value of 7 upper bounds the selected prime. As stated be-

e Setl8a: This dataset consists of 100 sequences of
human chromosome 18, chopped into size of 4000 letters

fore, we have three choices for the index structure size:eaCh' The sequences are then mutated (i.e., insert, delete, or

prime p, 4%, andmaxzMem, i.e., memory limit. Clearly, modify) with 5% probability.

every time we get a prime smaller than the last two val- e Setl8b: Same asSet18a but is mutated with 10%
ues, we not only build a smaller structure, but also speed-upprobability.

fingerprint search. Thus choosing a small valuesfam-
proves both performance and memory usage. On the other
hand, as mentioned in the Section 2, error probability di- Theith sequences frorBet18aand Setl18hdiffer by at

rectly depends on the value of The smaller the value of most 15 % of their letters. For comparison of similar se-

7, the more we are prone to an error, and vice versa. Inquences, we used these two datasets. Since the sequences
our algorithm, we used = m?2k log m?2k, to bound our  from Set18aandSet22are selected from different chromo-
error probability toQ(1/m). Clearly, ther and thus the er-  somes, there is no upper bound on the difference between
ror probability depends of value of seed lendttand query  theith query sequence arith database sequence. We used
lengthm. Since we are assuming that our query always fits these two datasets for comparison of dissimilar sequences.
into memory, we can see memory size as an upper bound fotn each scenario, a run consisted:thif database sequence

m. Thus, we can conclude that for given fixedthe error againstith similar query sequence arnith dissimilar query
probability decreases with more available memory. Also, sequence giving total 200 runs. The experiments were per-
for a given fixed memory size, the error probability of HSA formed on a Linux workstation with 2.4 Ghz clock speed
increases with increasirig and a 2GB of RAM.

e Set22:Same asetl18abut for chromosome 22.
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Figure 3. Scores for similar seqk(= 18) before extending. Figure 4. Scores for similar seqk(= 18) after extending.
4.1 Quality comparison results fore performed another experiment to verify these results as

follows. Instead of intersecting the seeds with SW matrix,
Our first experiment set inspects the quality of the seedsyye extended the seeds produced by each of the methods to
found in each of three scenarios. In order to have fair right and left until the alignment score drops below by 20.
comparison, we first constructed a SW score matrix using\y,e ysed +1 score for each match and -3 penalty for each
Smith-Waterman algorithm [13] for a given database and amismatch. Figure 4 shows the scores obtained after extend-
query sequence. We used a score of +1 for every matchingnq the seeds for the experiments in Figure 3. These results
letter and a penalty of -1 for every mismatch, insertion, or concur with the earlier ones. Therefore, we conclude that
deletion. A seed found by any of the three algorithms maps 1) HsA can find at least as good alignments as BLAST and
to a set ofk entries in the SW matrix. These entries essen- spaced seeds (usually much better than BLAST and spaced
tially form a diagonal for BLAST and HSA, and a gapped seeds), and 2) spaced seeds do not necessarily produce bet-
diagonal for spaced seeds. On SW score matrix, each enger results than non-spaced seeds. Note that comparison of
try corresponds to a pair of letters, one from the query se-gpaced and non-spaced seeds is not within the scope of this

quence and one from the database sequence. The value Qfaper. The fingerprinting and randomization ideas of HSA
this entry shows the best score obtained by aligning the in-.5n pe applied to spaced seeds as well.

put sequences up to and including these letters. For each of )
the three strategies, we find all the seeds generated by tha#-2 Performance comparison results

strategy. We then plot the_ score of the SW matrix entries \ye compared the runtime performance as well as the mem-
generated by these seeds in decreasing order. ory usage of HSA, BLAST, and spaced seeds for seed
In Figure 2 that shows the scores for comparison of dis- |engths ranging from 12 to 28. In case of the spaced seed
similar sequences whel = 11, HSA seeds are always scenario the execution is done only for available spaced
higher than both BLAST and spaced seeds. BLAST resultsseeds of length 9 to 18. It can be seen from Table 1 that
are very close to HSA results. This is mainly because theseed creation time increases slowly uiti= 13 and sud-
error probability is very low folk = 11. On the other hand,  denly there after. This is becausekat 13, the hash table
HSA finds a number of high scoring seeds that BLAST fails hecomes too large to fit in available memory. Therefore, a
to find. Similar results are observed for the similar datasetsgorted list is maintained to create seeds. For all valugés of
with the gap between HSA, BLAST, and spaced seed negli-HSA has the lowest seed creation time because if it picks
gible (plots not shown). a small enough prime number it uses hash table instead of
For similar sequences with = 18 (Figures 3) BLAST sorted list even for largek.
and spaced seeds produce some seeds, HSA finds many Table 1 also shows that the memory usage of all three
matches that they miss. This is becausé axcreases, the  methods increase exponentially uriti= 13 as the size of
probability of having two exactly samle-grams decreases the hash table increases exponentially withAt & = 13,
exponentially. For dissimilar sequences (plots not shown), the memory usage suddenly drops for BLAST and spaced
BLAST and spaced seed did not find any seeds while HSAseed and increases gradually after that. This is because, they
finds many seeds out of which many have significant score.use sorted list instead of hash table which can not be fit in
One important observation that follows from these ex- main memory. On the other hand, the memory usage of
periments is that spaced seeds miss many high scoring enHSA remains almost same. This is because HSA efficiently
tries contrary to the results of spaced seed papers. We theredses the allowable memory to keep a hash table if it selects



an appropriate prime number. More experimental resultsrunning time and space usage during the execution.

are further described in?].

Table 1. Performace comparison results

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 thdy learning from
the type of target sequences. For example, in case of similar

k 12 18 22 28
Time || HSA 0.005| 0.38| 0.45| 0.52
(Sec) || Blast 0.006| 8.06| 8.07| 8.05

S.Seed| 0.005| 8.08 - -
Mem. || HSA | 44097 | 14779 | 12215| 14017
Usage|| Blast | 67124 32 32 32
(KB) S.Seed| 67124 32 - -

5 Related work

The dynamic programming solution to the problem of find-
ing the best alignment between two strings of lengths
andn runs inO(mn) time and space [11, 13]. For large
data and query strings, this technique is infeasible in terms [2!
of both time and space. Myers improved the time and space
complexity toO(rn), wherer is the amount of allowed er-

ror, by maintaining only the required part of the distance |3
matrix. [10] However, for large error rates,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 [12], 5
BLAST [1], PatternHunter [8]. The main difference be- 6]
tween the tools is that they use different seed lengths and
types, and they have different seed extensions strategies.

A number of homology search tools are based on suf- [7]
fix trees and derivatives. These include MUMmer [6],
QUASAR [4], REPuter [7], and AVID [3]. 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 distant
homologies. (2) Suffix trees have a high space overhead.

(1]

(4]

(8]
El

[10]
6 Conclusion and future work
The problem of local alignment of two biological sequences [11]
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 thelt
most popular heuristic. A seed can be obtained either by
exact match or a pattern match lefgrams. We proposed
to employ randomized algorithms that are suitable for pat- [13]
tern matching to find initial approximate seeds. Our main
contribution is the development of a highly scalable and ac-[14]
curate (HSA) algorithm and a dynamic index structure. Our
method outperforms competing algorithms in terms of qual-
ity 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. Fi-
nally, HSA also provides guarantees in form of error prob-
abilities (compared to exact match) and upper bound the

sequences a smallercan be selected to potentially speed-
up the execution without much affecting the quality of the
seeds. Finally, the technigue of randomization can also be
used to find the anchors for multiple sequence alignment.
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