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Abstract. Genomic sequence databases has been widely used by molec-
ular biologists for homology searching. However, as amino acid and nu-
cleotide databases are growing in size at an alarming rate, traditional
brute force approach of comparing a query sequence against each of the
database sequences is becoming prohibitively expensive. In this paper,
we re-examine the problem of searching for homology in large protein
databases. We proposed a novel �lter-and-re�ne approach to speed up
the search process. The scheme operates in two phases. In the �ltering
phase, a small set of candidate database sequences (as compared to all
sequences in the database) is quickly identi�ed. This is realized using
a signature-based scheme. In the re�nement phase, the query sequence
is matched against the sequences in the candidate set using any local
alignment strategies. Our preliminary experimental results show that the
proposed method results in signi�cant savings in computation without
sacri�cing on the accuracy of the answers as compared to FASTA.

1 Introduction

Molecular biologists frequently query genomic databases in their search for se-
quence homology. Traditionally, this process involves matching a query sequence
against each of the database sequences where the similarity computations be-
tween two sequences typically have a complexity that is either linear or quadratic
to the length of the sequences involved. However, several recent development
have led to such brute force approach to be no longer practical. First, genomic
databases are increasing in size in terms of both number of sequences and length
of the sequence (doubling in size every 15 or 16 months [1]). Second, the number
of queries directed at these databases are very large (over 40,000 queries per
day [1]) and the user numbers and query rates are growing. Third, there is an
increasing need to mine a sequence database for useful information. This typi-
cally requires all pairwise similarity between all the sequences to be computed.



Thus, the need to move away from exhaustive search techniques will keep getting
stronger, and novel and eÆcient methods for searching genomic databases are
necessary and called for.

One promising direction in the literature is to maintain an abstraction or
index of the database sequences that can be used to identify a (small) subset of
the database sequences that are broadly similar to the query. In this way, those
database sequences that are not likely to be in the answer set can be pruned
away without being accessed, thus saving both disk and computation cost. The
candidate answer set is subsequently re�ned using a more e�ective alignment
algorithm to pick out the �nal answer set.

Most of the existing works represent a sequence by its subsequences (also
called motifs). Thus, sequences with the same set of motifs are likely to be
homologues. However, these schemes typically restrict to �xed-length motifs.
Moreover, they are storage ineÆcient, and their e�ectiveness (sensitivities) are
limited because of the lack of inexact match when comparing motifs.

In this paper, we present a new indexing scheme to speedup homology search.
The scheme is novel in the following ways. First, our approach can handle motifs
of di�erent length. Second, we account for inexact match when comparing motifs.
Finally, a sequence's motifs are represented by a m-bit vector, called a signature.
We note that m can be �ne-tuned in order to trade o� performance and storage.
At one extreme, if m corresponds to the number of motifs, then, each motif can
be mapped to a unique position in the vector. At the other extreme, if m = 1,
then the vector is e�ectively useless as all motifs will be mapped to the same
bit. The set of all signatures corresponding to the database sequences form the
signature �le.

The search process is a �lter-and-re�ne strategy. In the �ltering phase, motifs
are extracted from the query sequence to generate a query signature. The query
signature is matched against the signature �le to return a candidate set of se-
quences. This step can be performed quickly as bitwise operations are very fast.
In the re�nement phase, the query sequence is matched against the candidate
sequences using any exhaustive approach to pick out the answer set.

We implemented the proposed scheme, and conducted a preliminary exper-
imental study on a real dataset. Our results show that a reasonable size m is
suÆcient for good performance. Moreover, the proposed scheme is signi�cantly
faster than FASTA [2] without sacri�cing on the quality of the answers returned.

The rest of this paper is organized as follows. In the next section, we review
some related work. Section 3 presents the proposed signature-based scheme. In
Section 4, we report on the results of our experiments, and �nally, we conclude
in Section 5 with directions for further study.

2 Related Work

SSearch [3], FASTA [2] and BLAST [4] are all examples of exhaustive search
tools. Each entry in the database is consulted before formulating an answer set



to a query. Index-based systems have been studied. Here, we review three such
schemes that we extract from [5].

RAMdb (Rapid Access Motif database) [6] is a system for �nding short pat-
terns (called motifs) in genomic databases. Each genomic sequence is indexed by
its constituent overlapping intervals in a hash table structure. For each interval,
an associated list of sequence numbers and o�sets is stored. This allows a quick
lookup of any sequences matching a query sequence. A long query sequence is
split into shorter non-overlaping motifs that are used to query the database.
RAMdb is best suited for the lookup of query motifs whose length is equal or
slightly longer than the indexed interval length. RAMdb requires a large index
twice the size of the original 
at-�le database (including the textual descriptions)
and su�ers from lack of special-purpose ranking schemes designed for identifying
initial match regions. In addition, the non-overlapping interval of query motifs
means false dismissals unless the frame happens to coincidentally align with the
start of the interval frame.

The FLASH search tool redundantly indexes genomic data based on a prob-
abilistic scheme [7]. For each interval of length n, the FLASH search struc-
ture stores, in a hash-table, all possible similarly-ordered contiguous and non-
contiguous subsequences of lengthm that begin with the �rst base in the interval,
where m < n. As an example, for a nucleotide sequence ACCTGATT the index
terms for the �rst n = 5 bases, where m = 3, would be ACC, ACT, ACG, ACT,
ACG and ATG; each of the permuted strings begins with the base A, the �rst
base in the interval of length n = 5. The hash-table then stores each permuted
m-length subsequence, the sequences that contain the permuted subsequences,
and the o�sets within each sequence of the permuted subsequence. The key idea
of the 
ash scheme is that the permuted scheme gives an accurate model that
approximates a reasonable number of insertions, deletions, and substitutions in
genomic sequences. The authors found that FLASH was of the order of ten
times faster for a small test collection than BLAST and was superior in ac-
curately and sensitively determining homologies in database searching. FLASH
utilizes a redundant index, which is stored in a hash-table and is uncompressed,
and impractically large. For a nucleotide collection of around 100 Mb, the index
requires 18 Gb on disk, around 180 times the collection size.

CAFE [1] is based on a partitioned search approach, where a coarse search us-
ing an inverted index is used to rank sequences by similarity to a query sequence
and a subsequent �ne search used to locally align only a subset of database se-
quences with the query. The CAFE index consists of three components: a search
structure, which contains the index terms or distinct intervals, that is, �xed-
length overlapping subsequences from the collection being indexed; inverted lists,
which are a carefully compressed list of ordinal sequence numbers, where each
list is an index of sequences containing a particular interval; and, a mapping ta-
ble, which maps ordinal sequence numbers to the physical location of sequence
data on disk. Queries are evaluated by representing the query as a set of inter-
vals, retrieving the list for each interval, and using a ranking structure to store
a similarity score of each database sequence to the query. Like FLASH, CAFE



uses an overlapping interval. It uses a compression scheme to try to make the
index size more manageable. The author notes that although it is more compu-
tationally eÆcient than the exhaustive methods, \exhaustive systems generally
have better retrieval e�ectiveness".

3 Signature-based Retrieval

In this section, we present the proposed signature-based retrieval scheme. The
mechanism involves several components, and we shall discuss each of them. First,
we need to extract a set of features that can be used to represent the sequences.
Second, the extracted information is encoded as a signature, and a signature �le
is used to facilitate speedy retrievals. Third, we need to know how to compute
the similarity between two sequences.

3.1 Representing the semantics of a sequence

In this paper, we represent each sequence by a set of independent subsequences
extracted from the sequence. We refer to these subsequences as motifs. This
concept resembles that of representing a document by its keywords in information
retrieval research.

For the approach to be practical and useful, several issues have to be ad-
dressed. First, we need to determine a suitable set of motifs. Traditionally, one
approach of �nding motifs is to extract all subsequences whose length is between
lmin and lmax that satisfy a given minimum support constraint [8]. Our algo-
rithm, shown in Figure 1, is more robust and allows motifs of di�erent length to
be obtained. Essentially, given a subsequence, we count the number of database
sequences that contain the subsequence. For those that are too small, i.e., below
a minimum support constraint �, we do not treat them as motifs. For those that
appear in too many sequences, i.e., above a maximum support constraint �, we
also do not treat them as motifs. This is because such subsequences are not
discriminating enough. Instead, we extend the subsequence length and use the
extended subsequence as the motifs. We note that steps 1 to 10 of the algorithm
allows the algorithm to pick a suitable starting length for motifs, if most of the
subsequences of a certain length appear in many sequences, then it makes sense
to start with a longer subsequence.

Second, given that we have identi�ed a set of motifs, associate each database
sequence with a subset of the motifs. To make the search e�ective, we want
motifs of a sequence to be as unrelated or independent as possible. Two motifs
are said to be dependent if and only if (a) either one is the pre�x of the other
or one is subsequence of the other, and (b) their intersection of their respective
supporting sets is non-trivial [8]. Thus, for each sequence, we �rst �nd the set
of motifs it supports and from this set we select a maximal set of independent
ones.

To illustrate, Table 1 shows an example. On the left, we have 8 protein
sequences. Suppose, we assume that we use a minimum support of 50%, i.e.,



Algorithm GenerateAllMotifs

Input: maximum support �, minimum support �, threshold 


1. lmin  3
2. repeat
3. tooShort False
4. generate all subsequences of length lmin

5. let ki denote the number of sequences in the database that corresponds to motif mi

6. let M be the number of motifs whose ki value is greater than �

7. if M > 


8. tooShort True
9. lmin  lmin + 1
10. until not(tooShort)
11. for each subsequence s generated with length lmin

12. let cs denote the number of sequences that contain s

13. if � > cs > �

14. s is added into the list of motifs
15. else if cs > �

16. extend s and include its extensions as motifs
17. step 16 may be repeated for the extended motifs if their

count exceeds �
18. return the complete list of motifs

Fig. 1. Generation of motifs.

subsequences that appear in fewer than 4 sequences will be pruned away. Further,
assume that we use a maximum support of 75%, i.e., subsequences that appear
in 6 sequences or more will be extended. The middle table shows the motifs
(those without `*') that will be generated. Consider a subsequence that has
been marked with `*' in the table, say AQV. We note that AQV appears in 6
database sequences. As such, it is extended to AQVH (since it is the only one
that appear in the database). Interestingly AQVH also appears in 6 database
sequences, which resulted in it being further extended to AQVHK, AQVHM and
AQVHP. Thus, the latter 3 subsequences are captured as motifs instead of AQV
and AQVH. The table on the right shows the selected motifs for each database
sequence. Here, we see that for sequence S1, we have AQVH and AQVHK which
are dependent, and AQVHK is selected as it is \maximal". Similarly, for sequence
S6, we have DAL and ALG which overlapped. In this case, we arbitrarily picked
one of them.

The third issue concerns an eÆcient and compact strategy to represent the
motifs of the database sequences. Our approach is to map each database sequence
to a V -bit vector (called a signature) as follows. Consider a sequence with k
motifs, m1; : : : ;mk. Initially, all the V bits of the signature is set to 0. We de�ne
a hash function h(m) that maps a motif m to a value in the range 1 to V . Then,
for motif mi (1 � i � k), bit h(mi) is set to 1. Note that depending on the
hash function used, collision can occur, i.e., it is possible for mi 6= mj such that



Table 1. Motif generation example

Seq ID Sequence Pattern Support Seq ID Selected Motifs
S1 AQVHKHKKSVDAM ALG 4 S1 AQVHK, HKKS
S2 AQVHKKSGSDGLP *AQV 6 S2 KKS, AQVHK
S3 AQVHKHVAQIKDP DAL 4 S3 AQVHK, IKD
S4 AQVHKALGPHKKS HKK 4 S4 AQVHK, ALG, HKKS
S5 DALGPAQVHMHKKS IKD 4 S5 ALG, AQVHM, HKKS
S6 AQIKDDALGPAQP KKS 5 S6 DAL, IKD
S7 KKSPQIKDQVG QIK 4 S7 KKS, IKD
S8 QIKDALGMAQVHP *QVH 6 S8 ALG, AQVHP, IKD

QVHK 4
QVHM 1
QVHP 1
*AQVH 6
AQVHK 4
AQVHM 1
AQVHP 1

h(mi) = h(mj). In such a case, we expect false drops to occur, i.e., two dissimilar
sequences may have the a signi�cant number of bits set at the same locations
and are treated as similar. The collection of all signatures produced by all the
database sequences is the signature �le.

3.2 The Similarity Measure

Two sequences are similar if they share some common motifs. Under the signature-
based representation of sequences, the signatures representing both sequences are
similar if they may only di�er in some of the bits. This only requires a simple
operation (logical AND) to compute the intersection between two signatures.

Let Q and D denote the signatures of a query sequence and a database
sequence respectively. Then, the two sequences have the same motif if and only
if the corresponding bits in both signatures are set (note that it is possible to
be a false drop). Thus, the similarity measure, SIM , between Q and D can be
determined as:

SIM(Q;D) =
BitSet(Q ^D)

BitSet(D)
(1)

where BitSet(BS) denotes the number of bits in the vector BS that are set, and
`^' represents the bitwise logical-AND operation. Now, if both sequences share
many common motifs, the similarity computed will be closed to 1.

3.3 The Retrieval Process

The retrieval process comprises two phases. In the �rst phase, we identify a small
set of candidate sequences (from the database sequences) that are homologous to



the query sequence quickly. This is done using the signature �les as follows. Given
a query sequence, we �rst determine its signature. This requires �nding out the
set of motifs that can be extracted from the sequence. This is done eÆciently as
follows. We use a window of length lmin and generate the subsequences of lmin as
the window slides through the sequence. The subsequences are then sorted and
compared against the motifs of the database sequences (this can be eÆciently
done using integer comparison, rather than string comparison). This process may
be repeated for extended subsequences. Once the set of motifs is identi�ed, the
resultant signature is compared against those stored in the signature �le. The
database sequences that are similar can then be ranked and retrieved accordingly,
and the top ranked sequences form the candidate set.

In the second phase, we compare the query sequence against each of the
database sequences in the candidate set using a more comprehensive matching
algorithm such as FASTA or BLAST. The best set of sequences can then be
obtained.

3.4 Optimized Scheme for Improved Retrieval E�ectiveness

In the above discussion, we have presented a very basic signature-based approach
whose e�ectiveness may be limited. Here, we present extensions that can improve
its e�ectiveness:

{ In the similarity metric, when comparing two bit vectors, we have assumed
that every motif is equally important. To account for frequently occurring
low complexity motifs, we scale each of the motifs following the inverse-

document-frequency methodology. This is also commonly used in information
retrieval research. In this approach, if a particular motif appears in m out of
n sequences, its weight is multiplied by log(n=m). The e�ect of this scaling is
that infrequently occurring motifs are given higher weight than motifs that
occur in almost every sequence.

{ In our earlier discussion, we have pruned away those motifs whose counts
fall below the minimum support. To avoid missing such motifs completely,
we mapped such motifs to those that are similar to them. Referring to our
example in Table 1, DAM in sequence S1 may be treated as DAL.

{ Another limitation in the above discussion is that the ordering of the motifs
is not considered. To resolve this, we create an intermediate layer between
the signature �le and the database sequences. Each signature of a sequence
also serves as an inverted list by pointing to the list of motifs associated
with the sequence (note that the list of motifs is encoded, and not stored
as strings). Instead of retrieving the database sequences, once the candidate
sequences are identi�ed, an alignment algorithm is applied on the list of
motifs associated with them to further rank them. The re�ned ranking is
then used to further prune the list of candidate set to a smaller set before
the �nal matching of query and database sequences are performed.



4 Preliminary Results

To study the e�ectiveness (accuracy) and eÆciency of the proposed signature
retrieval method, we conducted some performance study. We implemented the
basic signature scheme as described using the global approach [8] and present
our results in this section. The dataset used for the experiment is essentially
the entire protein sequence database, PIR1-PIR4, maintained by the National
Biomedical Research Foundation (NBRF-PIR) at the Georgetown University
Medical Center. This set has about 190,874 protein sequences.

4.1 On Retrieval E�ectiveness

To study the retrieval e�ectiveness of the proposed method, we use FASTA as
the basis for comparison. In other words, we consider our method accurate as
long as it can return the same set of answers as that returned by FASTA.

Table 2 shows the results of the experiments. For the experiments, we set lmin

to 3 and 4, and minimum support to 4.0% and 0.9% of the dataset respectively.
For lmin=3, there are a total of 3322 motifs generated, while 3326 motifs were
generated for lmin=4. In the �gure, the �rst column represents the percentage of
the database sequences that are retrieved as the candidate set after the �ltering
phase; the second and third column denotes the percentage of answers that are
in FASTA but not contained among the database sequences retrieved in the
signature scheme with lmin set to 3 and 4 respectively; the fourth column shows
the percentage of answers that are in FASTA but not contained in the database
sequences retrieved using an inverted �le index (similar to that described in
CAFE [1]), where length of q-gram was set to 4 3.

From the results, we note that if we retrieve the top 10% of the sequences
from phase 1 of the proposed scheme, the scheme missed about 12.5% of the
answers produced by FASTA, with lmin=3. The results are slightly worse for
lmin=4. This is expected as the probability of two sequences having longer exact
motifs is lower. Also, by comparing the signature scheme to the inverted �le
implementation, we note that the accuracy of the inverted �le is better than
the scheme. This is expected, as the inverted �le indexes all the q-grams that
are present in the database, while for the signature scheme, the motifs that are
below the minimum support are not present in the signature index. However,
the space requirements of the inverted �le is much more than that required by
the signature scheme, and by a suitable length used for the motifs, we are able
to obtain nearly the same accuracy as the inverted �le implementation.

Also, it is encouraging to note that by scanning 20% of the database se-
quences, we can get reasonably good accuracy as the results obtained by FASTA.
Our investigation also shows that the answers that are missed ranked fairly low
under FASTA's answers. In other words, all the high ranking sequences are also
ranked highly under the proposed scheme.

3 At the time of the experiments, we were only able to obtain the implementation for
q-gram of 4



Table 2. On retrieval e�ectiveness

% of sequences % of answers % of answers % of answers
retrieved missed (signature) missed (signature) missed (inverted �le)

lmin=3 lmin=4
1% 40.0% 47.5% 13.3%
2% 35.0% 40.83% 9.17%
5% 16.0% 33.3% 5.83%
10% 12.5% 22.5% 5.83%
15% 11.67% 14.17% 5.0%
20% 7.5% 10.8% 4.16%

Table 3. On retrieval eÆciency

length of query signature-based method FASTA Inverted File
Phase 1 Phase 2 Total Phase 1

100 bp 58.8 0.18 58.98 78.41 13

200 bp 58.2 2.05 60.25 132.59 45

300 bp 58.4 15.11 73.51 177.55 71

400 bp 58.8 17.16 75.96 209.51 104

500 bp 58.9 20.76 79.66 240.74 127

600 bp 59.0 20.35 79.35 249.38 126

4.2 On Retrieval EÆciency

Table 3 shows the running time results of the experiments with lmin and length
of q-gram for inverted �le both set to 4. The results obtained are over multiple
runs with multiple di�erent queries. The timings for the proposed signature
scheme are presented for all the stages; including phase 2 which is using FASTA
on the top 10% of the database sequences retrieved in phase 1. The timings
shown for the inverted �le shows only the time to retrieve all records of all the
q-grams present in the query sequence. First we observe that the query string
length seems to have an e�ect on the cost of the algorithm: as the query length
increases, the processing cost also increases. Second we note that all queries
inccur approximately the same cost in phase 1. This is expected since each query
sequence's bit vector has to be compared against all vectors in the signature �le.
Third, we �nd that the proposed scheme is generally more eÆcient for long query
sequences. Its gain can be more than 50% that of FASTA. For short sequences,
the gain is less signi�cant.

5 Conclusion

In this paper, we have proposed a novel �lter-and-re�ne approach to speed up ho-
mology search in large databases. In the �ltering phase, a signature �le is used
to determine a small subset of candidate database sequences that are poten-
tially homologous to the query sequence. In the re�nement phase, the candidate



set and the query sequences are aligned using any known alignment algorithm.
Our preliminary results on real data set showed that the proposed approach is
promising. In particular, we can signi�cantly reduce the processing cost without
sacri�cing much of the accuracy. We believe that the proposed scheme's eÆ-
ciency can be further improved by partitioning the signature �le according to
the protein (super-)families. We would also like to exploit the sequence length
to facilitate more eÆcient search. We are currently working in these directions.
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