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Abstract

In this paper, we propose a new filtration method, called Transformation-based Database Filtration method (TDF), to screen out
those data sequences of a DNA sequence database which cannot satisfy a given query sequence. Our proposed method consists of
two phases. First, we divide each data sequence into several windows (blocks), each of which is transformed into a data feature vector
using the Haar wavelet transform. The transformed data feature vectors are then stored in an index file. Second, we divide a query
sequence into sliding windows, each of which is, again, transformed into a query feature vector using the Haar wavelet transform.
We then search the index file to find the candidate sequences for each query feature vector and check if they match the query sequence
using the sequence alignment algorithm. We transform the bound of edit distance between sequences to the bound of Manhattan distance
between feature vectors. Since the Manhattan distance is much easier to compute, our proposed method can efficiently screen out impos-
sible data sequences and guarantee no false negatives. The experimental results show that our proposed method outperforms the QUA-
SAR method in terms of filtration ratio, precision, execution time and index size. The proposed method also outperforms the YM
method for long query, low complexity and repetitive data.
� 2006 Elsevier B.V. All rights reserved.
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1. Introduction

Sequence comparison is one of the most important
primitive operations in bioinformatics. By analyzing the
sequences of genes and proteins, biologists can infer the
structural, functional, or evolutionary relationships among
them. Sequence alignment (Smith and Waterman, 1981) is
one of the most popular sequence comparison methods, as
it can accurately identify local alignments and provide an
explicit mapping between sequences. Given two sequences
S and S 0, we can align them by inserting gaps in them
and map each residue in S to the corresponding residue
in S 0. The score of such an alignment is then calculated
0167-8655/$ - see front matter � 2006 Elsevier B.V. All rights reserved.
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by consulting a scoring matrix that records the scores for
each pair of residues. If the score of the alignment between
S and S 0 is greater than a predefined threshold, we say that
S and S 0 are similar. This algorithm yields a quadratic time
complexity. However, the length of a complete human
chromosome scales to millions of residues. It is impractical
to search a large database with such an algorithm. Meek
et al. (2003) proposed the OASIS algorithm, which is an
order of magnitude faster than the Smith–Waterman’s
algorithm (Smith and Waterman, 1981), but such an
improvement is good only for a short query sequence.

Trad et al. (2001) designed a method based on the wave-
let transform to compare the similarity between protein
sequences. Krishnan et al. (2004) also presented a method
based on the wavelet transform to detect the motifs in a
protein database. Recently, Yamada and Morishita
(2005) proposed a method (hereinafter referred to as the
YM method) to search for short interfering RNA (siRNA),
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where the seed-hashing technique and pigeonhole principle
are used to filter out impossible candidates. Due to its spe-
cific purpose, the YM method is designed to process short
queries only. As all the mentioned methods are designed to
calculate the Hamming or Euclidean distance between un-
gapped protein or DNA sequences, they are incapable of
computing the edit distance between gapped sequences that
is more frequently used in homology research.

Many methods based on the edit distance have been
proposed in the last decade to speed up the process. Exam-
ples are Blast family (Altschul et al., 1990, 1997; Zhang
et al., 2000), FASTA (Lipman and Pearson, 1985), FastA
(Pearson, 1994), PatternHunter (Ma et al., 2002), SST
(Giladi et al., 2002), and string search via transformation
(Aghili et al., 2003). These filtration methods employ heu-
ristics to improve the speed of searches, but they can have
false negatives (Giladi et al., 2002). The algorithms with
false negatives only find most but not all the sequences that
satisfy the query. In contrast, the method without false neg-
atives, such as QUASAR (Burkhardt et al., 1999), can find
all the sequences satisfying the query. However, QUASAR
is only suitable for dealing with highly similar sequences,
and has a large memory requirement.

Therefore, in this paper, we propose a new filtration
algorithm, called Transformation-based Database Filtra-
tion method (TDF), that can efficiently screen out those
data sequences of a DNA sequence database which cannot
satisfy a given query sequence. Our proposed algorithm,
based on the approach of General Match (Moon et al.,
2002), consists of two phases. First, we divide a data
sequence into several windows, each of which is trans-
formed into a data feature vector using the Haar wavelet
transform. The transformed feature vectors will be the indi-
ces of the windows and stored in an index file. Second, we
divide a query sequence into sliding windows, each of
which is, again, transformed into a query feature vector
using the Haar wavelet transform. For each query vector,
we search the index file to find those data feature vectors
whose Manhattan distances to the query feature vector
are not greater than a predefined threshold. The blocks cor-
responding to the feature vectors thus found form the set of
candidate blocks. For each candidate block, we will check
whether the corresponding subsequence of the original
data sequence matches the query sequence using the
sequence alignment algorithm.

Our proposed method relies on the fact that if the edit
distance between a query sequence and a data sequence is
not greater than a user-specified threshold e, then after
transforming both sequences into feature vectors using
the Haar wavelet transform, the Manhattan distance
between transformed feature vectors will be less than the
threshold derived from e. Since the Manhattan distance is
much easier to compute, our proposed method can effi-
ciently screen out impossible data sequences and guarantee
no false negatives.

The rest of this paper is organized as follows. The prob-
lem definition is described in Section 2. Section 3 presents
our proposed algorithm in detail. The experimental results
and performance analysis are discussed in Section 4.
Lastly, the conclusions are made in Section 5.
2. Problem definition

Let S[1..n] be a sequence of length n. A subsequence
S[i..j] of S is a segment of consecutive entries, where
1 6 i 6 j 6 n. The sequence matching problem is to find
the data sequences similar to a given query sequence.
Two sequences S and S 0 are similar if the distance between
them is not greater than a user-specified tolerance threshold

e. There are a wide variety of distance metrics. The edit dis-

tance is a frequently used metric to measure the degree of
similarity between sequences in the area of bioinformatics.
Given the three edit operations of insert, delete, and replace,
the edit distance between two sequences S and S 0, denoted
by ED(S,S 0), is defined as the minimum number of edit
operations required to convert S into S 0. For our purpose,
we define S to be in e-match with S 0 if ED(S,S 0) is not
greater than e. Given N data sequences, a query sequence
Q, and the tolerance e, we aim to find all subsequences of
data sequences that are in e-match with Q.
2.1. Transforming a sequence into feature vectors

We use a sliding window to divide a sequence into short
subsequences of length q (called q-grams), where q is the
window size. For each q-gram, we can transform it into a
feature vector.

Definition 1. Let S be a sequence over alphabet
R(A,C,G, T). A q-gram of S is a subsequence of S whose
length is equal to q. We define feature vector of S with q-

gram F qðSÞ ¼ ða0; a1; . . . ; ajRjq�1
Þ, where ai is the number of

occurrences of the q-gram that has an index value of i. The
index value of q-gram a1a2 � � �aq is denoted as I(a1a2 � � �aq)
and is calculated as follows:

i ¼ Iða1a2 � � � aqÞ ¼
Xq

k¼1

4q�k �MðakÞ

MðakÞ ¼

0 if ak ¼ A

1 if ak ¼ C

2 if ak ¼ G

3 if ak ¼ T

8>>><
>>>:

For example, let S = AGGT. If q = 1, then I(A) = 0,
I(G) = 2, and I(T) = 3. Thus, F1(S) = (1,0,2,1). If q = 2,
then I(AG) = 2, I(GG) = 10, and I(GT) = 11. Thus,
F2(S) = (0, 0,1,0,0,0,0,0,0,0,1,1,0,0,0,0), where a2 is the
number of occurrences of q-gram AG.

Next, we use the Haar wavelet transform (HWT) to
reduce the dimensions of a feature vector.
Definition 2. Let v ¼ ðv0;0; v0;1; . . . ; v0;2d�1Þ be a 2d-dimen-
sional vector. We define the kth level Haar wavelet transform
of v, WT kðvÞ ¼ ðvk;0; vk;1; . . . ; vk;2d�1Þ, 1 6 k 6 d, as follows:
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vk;i ¼

ðvk�1;2i þ vk�1;2iþ1Þ=2

if 0 6 i 6 2d�k � 1

vk;i ¼ ðvk�1;2ði�2d�kÞ � vk�1;2ði�2k�lÞ þ 1Þ=2

if 2d�k
6 i 6 2d�kþ1 � 1

vk�1;i

if 2d�kþ1
6 i 6 2d � 1

8>>>>>>>>>><
>>>>>>>>>>:

Let FWT k;2
pðvÞ be the vector formed by the first 2p coef-

ficients of WTk(v). After the transformation, for each fea-
ture vector v, we can store FWT k;2

pðvÞ in an index file.
2.2. Manhattan and edit distances

In this section, we will first define the Manhattan dis-
tance. Next, given two sequences whose edit distance is
not greater than a user-specified threshold e, we can then
transform each sequence into a feature vector according
to Definitions 1 and 2, and find the upper bound of the
Manhattan distance between both feature vectors.

Definition 3. Let u = (u0,u1 , . . . ,ud�1) and v = (v0,v1 , . . . ,
vd�1) be two d-dimensional vectors. We define Manhattan
distance between these two vectors as MD(u,v) = R jui � vij,
positive distance as PDðu; vÞ ¼ Rui>vi jui � vij, and nega-
tive distance as NDðu; vÞ ¼ Rui<vi jui � vij, where 0 6 i 6
d � 1.

For example, let u = {1,2,�1,3,4} and v =
{2,0,�1,0,4}. Then, we have PD(u,v) = j2 � 0j +
j3 � 0j = 5, ND(u,v) = j1 � 2j = 1, and MD(u,v) =
j1 � 2j + j 2 � 0j + j � 1 � (�1)j + j3 � 0j + j4 � 4j = 6.

Lemma 1. MD(u, v) = PD(u,v) + ND(u, v), where u and v

are two d-dimensional vectors.
Proof. MD(u,v) = Rjui � vij = Rui>vijui � vij + Rui=vijui �
vij + Rui<vijui � vij = PD(u,v) + 0 + ND(u,v). h

Lemma 2. Let S and S 0 be two sequences. If ED(S,S 0) = 1,

then MD(Fq(S), Fq(S 0)) 6 2q, where q is the length of q-

gram.

Proof. Since ED(S,S 0) = 1, there are three ways to convert S

to S. First, S is converted to S 0 by one insertion. Let
S = a1a2 � � �ai�1aiai+1 � � �an and S 0 = a1a2 � � �ai�1aiaxai+1 � � �
an. Since the character ax is inserted between ai and ai+1 in
S 0, the numbers of occurrences of the following q � 1 q-
grams ai�q+2ai�q+3 � � �aiai+1, ai�q+3ai�q+4 � � �aiai+1 ai+2, . . . ,
aiai+1 � � �ai+q�1 in Fq(S 0) are smaller than the corresponding
numbers in Fq(S) by one. On the other hand, the numbers of
occurrences of the following q q-grams ai�q+2ai�q+3 � � �aiax,
ai�q+3ai�q+4 � � �aiaxai+1, . . . ,axai+1 � � � ai+q�1 in Fq(S 0) are
larger than the corresponding numbers in Fq(S) by one.
Therefore, PD(Fq(S),Fq(S 0)) 6 q � 1 and ND(Fq(S),
Fq(S 0)) 6 q. Second, if S is converted to S 0 by one deletion,
then PD(Fq(S),Fq(S 0)) 6 q and ND(Fq(S), Fq(S 0)) 6 q � 1.
Third, if S is converted to S 0 by one replacement, then
PD(Fq(S),Fq(S 0)) 6 q and ND(Fq(S), Fq(S 0)) 6 q. However,
these q-grams may not be distinct. If some of them are the
same, the Manhattan distance between Fq(S) and Fq(S 0) will
be smaller. Since MD(Fq(S), Fq(S 0)) = PD(Fq(S), Fq(S 0)) +
ND(Fq(S), Fq(S 0)), we can conclude that if ED(S,S 0) = 1,
MD(Fq(S), Fq(S 0)) 6 2q. h

Corollary 1. Let S and S 0 be two sequences over alphabet R.

If ED(S,S 0) 6 e, then MD(Fq(S),Fq(S 0)) 6 2q Æ e, where e is

the user-specified threshold.

Lemma 3. Given two feature vectors u and v,

MDðFWT d�p;2
pðuÞ; FWT d�p;2

pðvÞÞ 6 ð2p=jRjqÞ MD(u,v),

where p is a non-negative integer, q is a positive integer,
d = ceiling(log2jRjq), and ceiling(x) returns the minimum

integer not less than x.

Proof. Let u and v be two 2d-dimensional vectors. Accord-
ing to Definition 2, for k P 1,

MDðFWT k;2
d�kðuÞ; FWT k;2

d�kðvÞÞ

¼
X2d�k�1

i¼0

jðuk�1;2i þ uk�1;2iþ1Þ=2� ðvk�1;2i þ vk�1;2iþ1Þ=2j

¼ ð1=2Þ �
X2d�k�1

i¼0

jðuk�1;2i � vk�1;2iÞ þ ðuk�1;2iþ1 � vk�1;2iþ1Þj

6 ð1=2Þ �
X2d�kþ1�1

i¼0

juk�1;i � vk�1;ij

¼ ð1=2Þ �MDðFWT k�1;2
d�kþ1ðuÞ; FWT k�1;2

d�kþ1ðvÞÞ ð1Þ

By Eq. (1), we have

MDðFWT d�p;2
pðuÞ; FWT d�p;2

pðvÞÞ
6 MDðFWT d�p�1;2

pþ1ðuÞ; FWT d�p�1;2
pþ1ðvÞÞ=2

6 MDðFWT d�p�2;2
pþ2ðuÞ; FWT d�p�2;2

pþ2ðvÞÞ=22

..

.

6 MDðFWT 0;2
dðuÞ; FWT 0;2

dðvÞÞ=2d�p

6 MDðu; vÞ=2d�p

6 MDðu; vÞ � ð2p=2dÞ

Since d = ceiling(log2jRjq), we have jRjq 6 2d. Therefore,
MDðFWT d�p;2

pðuÞ, FWT d�p;2
pðvÞÞ 6 MDðu; vÞ � ð2p=2dÞ 6

MDðu; vÞ � ð2p=jRjqÞ. h

Theorem 1. Let S and S 0 be two sequences over

alphabet R. If ED(S, S 0) = e, then MDðFWT d�p;2
pðF qðSÞÞ;

FWT d�p;2
pðF qðS0ÞÞÞ 6 ð2p=jRjqÞ � 2q � e, where p is a non-neg-

ative integer, q is a positive integer, and d = ceiling(log2jRjq).

Proof. By Lemma 3, we have

MDðFWT d�p;2
pðF qðSÞÞ; FWT d�p;2

pðF qðS0ÞÞÞ
6 ð2p=jRjqÞMDðF qðSÞ; F qðS0ÞÞ
6 ð2p=jRjqÞ � 2q � e ðCorollary 1Þ �
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Fig. 1. Dividing Q and S into three disjointed windows.

450 A.J.T. Lee et al. / Pattern Recognition Letters 28 (2007) 447–458
Lemma 4. If ED(Q,S) 6 e, then ED(Q,S 0) 6 2 Æ e, where S 0

is extended (or shrunk) from S, len(S 0) = len(Q), and len(S 0)

is the length of S. That is, we can add e 0 alphabets to the both

ends of S or delete e 0 alphabets from the both ends of S,

where e 0 = jlen(S) � len(Q)j 6 e.

Proof. Since ED(Q,S) 6 e, we need at most e edit opera-
tions to align S with Q. Let S 0 be a sequence extended
(or shrunk) from S such that len(S 0) = len(Q). Thus, we
need at most e 0 more operations to align S 0 and Q. There-
fore, ED(Q,S 0) 6 e + e 0 6 2 Æ e.

To match a query sequence Q and a data sequence S, we
can divide Q into q disjointed windows of equal size, where
q > 1. Let p1,p2 , . . . ,pq�1 be the separating points. After
aligning Q with S, we can divide S into q disjointed win-
dows according to Q’s separating points.

Lemma 5. If ED(Q,S) 6 e, there exists at least one pair of

windows, Ui and Vi, such that ED(Ui,Vi) 6 e/q, where 1 < q,

1 6 i 6 q, Ui represents the ith window of Q,

Q[(i � 1) Æ w + 1..i Æ w], which is one of the q disjointed

windows divided according to Q’s separating points after

aligning Q with S. Likewise, Vi is the ith window of S.

Proof. We can prove it by induction on q.
Basis step: For q = 2, we can divide Q into q equal

windows, U1 and U2. After aligning Q with S, S is divided
into 2 disjointed windows accordingly. Assume that U1 is
in e1-match with V1, and U2 is in e2-match with V2, where
e1 + e2 = e. Since e1 + e2 = e, either e1 or e2 must be less
than or equal to e/2. Otherwise, e1 + e2 will be greater
than e. Therefore, we have that ED(U1,V1) 6 e/q or
ED(U2,V2) 6 e/q.

Induction hypothesis: Assume the lemma is true when Q

and S are divided into q disjointed windows. That is, if
ED(Q,S) 6 e and both of them are divided into q
disjointed windows, then there exists at least one pair of
windows, Ui and Vi, such that ED(Ui,Vi) 6 e/q, where
1 6 i 6 q.

Induction step: Consider the case where both Q and S

are divided into q + 1 disjointed windows. First, we can
divide Q into 2 disjointed windows: Q[1..w Æ q] and
Q[w Æ q + 1..w Æ (q + 1)]. After aligning Q and S, we can
also divide S into two disjointed windows, S 0 and S00,
according to Q’s separating points. If ED(Q[w Æ q +
1..w Æ (q + 1)], S00) 6 e/(q + 1), the Lemma is proved.
Otherwise, we can divided Q[1..w Æ q] into q disjointed
windows. According to the induction hypothesis, there
exists at least one pair of windows Ui and Vi, such that
ED(Ui,Vi) 6 ED(Q[1..w Æ q],S 0)/q, 1 6 i 6 q. Since ED(Q
[w Æ q + 1..w Æ (q + 1)], S00) > e/(q + 1) in this case,
ED(Q[1..w Æ q], S 0) < e � e/(q + 1) = q Æ e/(q + 1). Thus,
ED(Ui,Vi) 6 ED(Q[1..w Æ q], S 0)/q < (q Æ e/(q + 1)) Æ (1/q) =
e/(q + 1).

Therefore, we can prove that if ED(Q,S) 6 e, there
exists at least one pair of windows, Ui and Vi, such that
ED(Ui,Vi) 6 e/q, where 1 < q, 1 6 i 6 q. h
For example, let us consider the example as shown in
Fig. 1, where query sequence Q = ACCGTTACCAAG, data
sequence S = ATGTTAGCCAAG, and ED(Q,S) = 3. We
can divide Q into three disjointed windows of length 4:
U1,U2,U3, and align Q with S. Then, S is divided into three
disjointed windows: V1,V2,V3, according to Q’s separating
points. We can find that ED(U2,V2) = 1 6 3/3 = 1 and
ED(U3,V3) = 0 6 3/3 = 1. That is, there exist two pairs
of windows (U2,V2) and (U3,V3), such that
ED(Ui,Vi) 6 e/3, where e = 3, i = 2,3.
3. Our proposed approach

Our proposed method, based on General Match (Moon
et al., 2002), which generalized and improved on window
constructing method of FRM (Faloutsos et al., 1994) and
Dual Match (Moon et al., 2001), consists of two phases:
processing data sequences and processing a query. Fig. 2
illustrates the flowchart of our proposed method, and the
steps will be described in detail in the following sections.
Note that the J-sliding and J-disjoint windows used in
General Match to divide data and query sequences into
several windows are different from the sliding and dis-
jointed windows introduced in Section 2.
3.1. Processing data sequences

Here, we adopt the J-sliding window scheme (the sliding
step is J) proposed in the approach of General Match
(Moon et al., 2002). First, we partition a data sequences
into fix-sized windows so the distance between the starting
offsets of two adjacent J-sliding windows is J. Let
S1,S2,S3 , . . . ,SN be the data sequences in the database.
For each data sequence Si, 1 6 i 6 N, divide Si into J-slid-
ing windows bi,j, where j is the starting offset in Si,
j = 1 + (k � 1) Æ J, 1 6 k 6 floor((jSij � w)/J) + 1 where
jSij denotes the length of Si, w is the window size and
floor(x) returns the maximum integer not greater than x.
That is, we divide a data sequence Si into w-sized blocks
bi,j starting from Si[(k � 1) Æ J + 1], 1 6 k 6 floor((jSij �
w)/J) + 1. For example, let the sliding factor J = 4 and
the window size w = 8. As shown in Fig. 3, the J-sliding
windows starts at S[1], S[5], S[9], etc.

For example, let w = 8 and J = 4, S1 = AAAGCTCCTT-

AGAGAGT be a data sequence in the database. We can
divide S1 into J-sliding windows b1,1, b1,5, and b1,9 as shown
in Fig. 4.

Next, we convert bi,j into Fq(bi,j) and apply the Haar
wavelet transform to Fq(bi,j) and calculate WTd�p(Fq(bi,j)).
Then, we can extract the first 2p coefficients of



Divide query sequence Q into J-disjoint windows 

Transform each J-disjoint window into a feature vector

Transform each feature vector using the Haar wavelet 

transform

For each transformed query feature vector f, compute the  

Manhattan distance (MD) between fand each feature  

vector in the index file. If MD is not greater than the

threshold, the corresponding sequence is a possible 

candidate.

Each candidate sequence is aligned with Q by  

Simth-Waterman’s algorithm. If the distance between 

them is not greater than ε , output the sequence.

Query sequence Q 

Divide each data sequence S into J-sliding windows 

Transform each J-sliding window into a feature vector

Transform each feature vector using the Haar wavelet

transform

Store the transformed vectors in an index file

Data sequences

Fig. 2. The flowchart of our proposed method.

J J JJ

Si[1..8]

Si[5..12]
Si[9..16]

Sequence S

Si[13..20]

Si[17..24]
. . . 

Fig. 3. An example of J-sliding windows, where J = 4 and w = 8.

S1 = AAAACTCCTTAGAGAGT

b1, 1 = AAAACTCC

b1, 5 = ----CTCCTTAG

b1, 9 = --------TTAGAGAG

Fig. 4. An example of a data sequence and its corresponding J-sliding
windows.
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WTd�p(Fq(bi,j)) and form a vector FWT d�p;2
pðF qðbi;jÞÞ to

represent the original window bi,j.
Let us consider the example as shown in Fig. 4. Let

q = 2 and p = 3. We have d = ceiling(log2jRjq) = ceiling
(log242) = 4, d � p = 4 � 3 = 1, F2(b1,1) = (3, 1,0,0,0,1,0,
1,0,0,0,0,0,1,0,0), F2(b1,5) = (0, 0,1,0,0,1,0,2,0,0,0,0,1,
1,0,1), and F2(b1,9) = (0, 0,3,0,0,0,0,0,2,0,0,0,1,0,0,1).
After performing the Haar wavelet transform on these
blocks, we have WTd�p(F2(b1,1)) = WT1(F2(b1,1)) = (2,0,1/2,
1/2,0,0,1/2,0,1,0,�1/2,�1/2,0,0,�1/2,0), WT1(F2(b1,5)) =
(0,1/2,1/2,1,0,0,1,1/2,0, 1/2,�1/2,�1,0,0,0,�1/2), and
WT1(F2(b1,9)) = (0,3/2,0,0,1,0,1/2,1/2,0,3/2,0,0,1,0,1/2,
�1/2). Then, for each vector, we can extract the first 2p =
23 numbers to be the feature vector: FWT d�p;2

pðF 2ðb1;1ÞÞ ¼
FWT 1;2

3ðF 2ðb1;1ÞÞ ¼ ð2; 0; 1=2; 1=2; 0; 0; 1=2; 0Þ, FWT 1;2
3-

ðF 2ðb1;5ÞÞ ¼ ð0; 1=2; 1=2; 1; 0; 0; 1; 1=2Þ, FWT 1;2
3ðF 2ðb1;9ÞÞ ¼

ð0; 3=2; 0; 0; 1; 0; 1=2; 1=2Þ. Having transformed all win-
dows into vectors, we store these vectors into an index
file.

3.2. Processing a query

Given the query sequence Q, we first divide it into J-dis-
joint windows Q1,Q2 , . . . ,QM. The J-disjoint windows
of sequence Q is defined as the subsequences of length w

starting from Q[i + (j � 1) Æ w], where 1 6 i 6 J, and
1 6 j 6 floor((jQj � i + 1)/w). An example of J-disjoint
windows of sequence Q is shown in Fig. 5, where J = 4
and w = 8. Similarly, we convert each Qm to Fq(Qm). After
the conversion, we can apply the Haar wavelet transform
to each Fq(Qm) and calculate the corresponding
WTd�p(Fq(Qm)). We can use the first 2p coefficients to form



Q = CTCCTAAGAGA

Q1 = CTCCTAAG

Q2 = -TCCTAAGA

Q3 = --CCTAAGAG

Q4 = ---CTAAGAGA

J

Q[1..8]

Sequence Q

Q[9..16]

Q[2..9] Q[10..17]

Q[3..10] Q[11..18] 

Q[4..11] Q[12..19] 

. . .
. . .

. . .
. . .

Fig. 5. An example of J-disjoint windows where J = 4 and w = 8.
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a query feature vector FWT d�p;2
pðF qðQmÞÞ. Then, for each

FWT d�p;2
pðF qðQmÞÞ, we search the index file and extract

the candidate blocks bi,j so that MDðFWT d�p;2
pðF qðQmÞÞ,

FWT d�p;2
pðF qðbi;jÞÞÞ 6 ð2e=qÞ � ð2p=jRjqÞ � 2q. Finally, for

each candidate block, we will check if the corresponding
subsequence of the original data sequence is in e-match

with Q.

Q ¼ CTCCTAAGAGA

Q1 ¼ CTCCTAAG

Q2 ¼ TCCTAAGA

Q3 ¼ CCTAAGAG

Q4 ¼ CTAAGAGA

Let us consider an example as shown in Fig. 5, where
Q = CTCCTAAGAGA, w = 8 and e = 1. We first divide Q

into J-disjoint windows (J = 4). Similarly, let q = 2 and
p = 3. We can apply the Haar wavelet transform to these
windows, and extract the corresponding query feature vec-
tors as follows: FWT d�p;2

pðF 2ðQ1ÞÞ ¼ FWT 1;2
3ðF 2ðQ1ÞÞ ¼

ð1=2; 1=2; 1=2; 1; 0; 0; 1; 0Þ, FWT 1;2
3ðF 2ðQ2ÞÞ ¼ ð1=2; 1=2;

1=2; 1=2; 1=2; 0; 1; 0Þ, FWT 1;2
3ðF 2ðQ3ÞÞ ¼ ð1=2; 1; 1=2; 1=2;

1=2; 0; 1=2; 0Þ, FWT 1;2
3ðF 2ðQ4ÞÞ¼ ð1=2;1;0;1=2;1;0;1=2;0Þ.

For each query feature vector FWT d�p;2
pðF qðQmÞÞ, we

can calculate the Manhattan distance MDðFWT d�p;2
p

ðF qðQmÞÞ, FWT d�p;2
pðF qðbi;jÞÞÞ and screen out all blocks bi,j

so that MDðFWT d�p;2
pðF qðQmÞÞ, FWT d�p;2

pðF qðbi;jÞÞÞ >
ð2e=qÞ � ð2p=jRjqÞ � 2q. Since e = 1, q = 2, p = 3 and
q = floor(jQj/w) = floor(11/8) = 1, we have (2e/q) Æ (2p/
jRjq) Æ 2q = (2/1) Æ (23/42) Æ 2 Æ 2 = 4. For FWT 1;2

3ðF 2ðQ1ÞÞ,
we can calculate the following distances and find that b1,1

and b1,5 are candidate blocks.

MDðFWT 1;2
3ðF 2ðQ1ÞÞ; FWT 1;2

3ðF 2ðb1;1ÞÞÞ ¼ 3 < 4

MDðFWT 1;2
3ðF 2ðQ1ÞÞ; FWT 1;2

3ðF 2ðb1;5ÞÞÞ ¼ 1 < 4

MDðFWT 1;2
3ðF 2ðQ1ÞÞ; FWT 1;2

3ðF 2ðb1;9ÞÞÞ ¼ 5 > 4
Next, we can perform the above procedure for each
query feature vector: FWT 1;2

3ðF 2ðQ2ÞÞ, FWT 1;2
3ðF 2ðQ3ÞÞ,

and FWT 1;2
3ðF 2ðQ4ÞÞ. Finally, for each candidate block,
we will check if the corresponding subsequence of the ori-
ginal data sequence is in e-match with Q using the sequence
alignment algorithm (Smith and Waterman, 1981).

According to the algorithm of General Match, every J-
sliding window of a data sequence is compared with every
J-disjoint window of a query sequence. If the subsequence
S[i..j] of a data sequence S is in e-match with a query
sequence Q, we know by Lemma 5 that there exists at least
a J-sliding window of S[i..j] that is in e/q-match with a sub-
sequence of Q. By Lemma 4, we can extend (or shrink) the
subsequence to a J-disjoint window so that the J-disjoint
window is in 2e/q-match with the J-sliding window.

Lemma 6. Let a data sequence S be divided into J-sliding

windows of size w, and the query sequence Q into J-disjoint

windows of the same size. If the subsequence S[i..j] is in e-
match with Q, then at least one J-sliding window W 0 of

S[i..j] is in 2e/q-match with a J-disjoint window W00 of Q,

where q = floor(jQj/w).

Proof. Let S[i..j] be divided into a set of J-sliding windows
and Q into a set of J-disjoint windows. If the subsequence
S[i..j] is in e-match with Q, by Lemma 5, we can find at
least a J-sliding window W 0 of S[i..j] that is in e/q-match
with a subsequence Q[y..z], where 1 6 y 6 z 6 jQj, and
q = floor(jQj/w). By Lemma 4, if we extend (or shrink)
Q[y..z] to a J-disjoint window W00, W00 will be in 2e/q-match
with the J-sliding window W 0. h

Theorem 2. Given a data sequence S, a query sequence Q,

if ED(Q,S[i..j]) 6 e, then there exists at least one pair of

windows W 0 and W00, so that MDðFWT d�p;2
pðF qðW 0ÞÞ,

FWT d�p;2
pðF qðW 00ÞÞÞ 6 ð2e=qÞ � ð2p=jRjqÞ � 2q, where W 0 is a

J-sliding window of S[i..j], W00 is a J-disjoint window of Q,

q = floor(jQj/w), w is the size of the J-sliding window, p is
a non-negative integer, q is a positive integer, and

d = ceiling(log2jRjq).

Proof. By Lemma 6, we have ED(W 0,W00) 6 2e/q.
By Theorem 1, we have

MDðFWT d�p;2
pðF qðW 0ÞÞ; FWT d�p;2

pðF qðW 00ÞÞÞ
6 ð2p=jRjqÞ � 2q � EDðW 0;W 00Þ
6 ð2p=jRjqÞ � 2q � ð2e=qÞ � ð2Þ

Theorem 3. Our proposed method guarantees no false

negatives.

Proof. We can prove it by contradiction. Assume that
there is a false negative in our proposed method, that is,
there exists a data sequence S whose subsequence S[i..j] is
in e-match with a query sequence Q, but for every J-sliding
window X 0 of S[i..j] and every J-disjoint window X00 of
Q, MDðFWT d�p;2

pðF qðX 0ÞÞ, FWT d�p;2
pðF qðX 00ÞÞÞ > ð2e=qÞ�

ð2p=jRjqÞ � 2q. However, by Theorem 2, we know that if
ED(Q,S[i..j]) 6 e, then there exists at least one pair of win-
dows W 0 and W00, so that MDðFWT d�p;2

pðF qðW 0ÞÞ,



A.J.T. Lee et al. / Pattern Recognition Letters 28 (2007) 447–458 453
FWT d�p;2
pðF qðW 00ÞÞÞ 6 ð2e=qÞ � ð2p=jRjqÞ � 2q, where W 0 is a

J-sliding window of S[i..j], W00 is a J-disjoint window of
Q, q = floor(jQj/w), w is the size of the J-sliding window,
p is a non-negative integer, q is a positive integer, and
d = ceiling(log2jRjq). This contradicts the assumption.
Therefore, our proposed method guarantees no false
negatives. h
4. Performance analysis

In order to examine real DNA sequences that usually
have multiple possible shapes and combinations, we con-
ducted our experiments using six different real data sets
all extracted from the NCBI database, version 6.2. The first
data set, DS-DATA, consists of 20M base pairs (bps) of
homo sapiens chromosome 19 genomic contig where the
sequence is divided into subsequences of equal size. The
second data set, GLO-DATA, consists of 120 beta globin
gene sequences, known as homologous sequences, where
the length of each sequence is different and the sequences
are similar to each other. The third data set, RECOM-
DATA, consists of 2.64M bps of chromosome 1 of Deino-
coccus radiodurans. RECOM-DATA contains similar
sequences with reshuffled fragments. Deinococcus radiodu-
rans is an extremely radiation-resistant soil bacterium
that uses its multiple chromosomal copies to carry out
homologous recombination system. The fourth data set,
LOW-DATA, consists of 365 sequences annotated as low
complexity regions from Y_chromosome. LOW-DATA is
used for testing low complexity sequences (not informa-
tive). The fifth data set, REP-DATA, consists of 9878
human’s alu sequences that are known to contain repetitive
DNA sequences, and are used for testing repeats (similar
fragments interspersed across sequences). Finally, the sixth
data set, PRO-DATA, consists of 13,022 sequences includ-
ing cysteine-rich, praline-rich, highly hydrophobic, and
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Fig. 6. Filtration ratio
highly charged sequences that have biased composition
and appearance though they may not be similar.

We use all six data sets and compare them with the
QUASAR (Burkhardt et al., 1999) and YM methods (Yam-
ada and Morishita, 2005). Here, we modify the YM to use
the edit distance as a measure to retrieve similar sequences.
All methods were implemented in Java 2 SDK and run on
an IBM Compatible PC with a Pentium IV 3.2 GHz, 1GB
RAM and Windows XP. After conducting experiments
with different combinations of p and q, we found that
q = 4 and p = 6 are good for most of the cases listed above.

To evaluate the performance of our proposed method,
we compare it with the QUASAR and YM using filtration
ratio, precision, and execution time. We define filtration
ratio of datasets as the number of candidate subsequences
retrieved divided by that of all subsequences in the data-
base. Precision is defined as the fraction of subsequences
retrieved that are in e-match with the given query sequence.

Since the YM does not use windows, we will only test
the window size effect between TDF and QUASAR. Figs.
6 and 7 illustrate the filtration ratio and precision versus
window size between TDF and QUASAR where the query
length and tolerance threshold are set to 1024 and 10,
respectively. The number of windows decreases when the
window size increases. However, the filtration ratio of the
TDF is affected not much by the window size as shown
in Fig. 6. On the other hand, the number of candidates
retrieved grows when the window size increases in the
QUASAR, especially for LOW-DATA and REP-DATA.
Since both methods guarantee that all data sequences sat-
isfying the query will be retrieved, this means when calcu-
lating the precision with the increasing window size, the
numerator (the number of data sequences satisfying the
query) remains the same while the denominator (the num-
ber of retrieved candidates) gets larger. Thus, the precision
drops for both methods when the window size increases as
shown in Fig. 7. The TDF can filter out more data
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454 A.J.T. Lee et al. / Pattern Recognition Letters 28 (2007) 447–458
sequences and has higher precision than the QUASAR for
most cases.

After comparing the window size effect between TDF
and QUASAR, we illustrate the filtration ratio, precision,
and execution time versus tolerance and query length for
the TDF, QUASAR, and YM, where the window size for
the TDF and QUASAR is set to 256. Figs. 8–10 illustrate
the filtration ratio, precision and execution time versus tol-
erance for the TDF, QUASAR and YM, where the query
length is set to 1024. As the tolerance is getting larger,
the number of candidates retrieved grows at a faster rate
than that of similar subsequences for the TDF and QUA-
SAR. Consequently, the filtration ratio increases and the
precision decreases for the both methods as shown in Figs.
8 and 9.

For the YM, all the distances between query subse-
quences and seed patterns (Yamada and Morishita, 2005)
are either 0 or 1. The same set of candidates is retrieved
for all the cases of tolerance thresholds. Since the number
of data sequences satisfying the query increases when the
0

0.005

0.01

0.015

0.02

2 6 10 14 18
Tolerance

Fi
ltr

at
io

n 
ra

te
 (

%
)

0

0.1

0.2

0.3

0.4

2 6 1

Tol

Fi
ltr

at
io

n 
ra

te
 (

%
)

0

0.05

0.1

0.15

0.2

2 6 10 14 18
Tolerance

Fi
ltr

at
io

n 
ra

te
 (

%
)

0

10

20

30

2 6 1

Tol

Fi
ltr

at
io

n 
ra

te
 (

%
)

TDF QUA
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tolerance threshold increases, the precision of the YM
increases when the tolerance increases as shown in Fig. 9.
However, in the cases of LOW-DATA and REP-DATA,
the YM may retrieve a lot of candidates which can not sat-
isfy the query. For these two data sets the precision of the
TDF is better than that of the other approaches as shown
in Fig. 9.

The execution time increases as tolerance increases for
all three approaches and the TDF has the best performance
for most cases as shown in Fig. 10. For the LOW-DATA
and REP-DATA data sets, the TDF runs 15–200 times fas-
ter than the QUASAR and YM. Since the QUASAR and
YM use exactly-matched patterns to filter out data
sequences, the number of data sequences left is much
greater than that of the other data sets.

Figs. 11–13 illustrate the filtration ratio, precision and
execution time versus query length for the TDF, QUA-
SAR and YM, where the tolerance threshold is set to
10. For the TDF, since the window size is set to 256, there
will be only one disjoint window when the query length is
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256. The threshold of the Manhattan distance is large
when there is only one window and gets much smaller
when there are more windows (as shown in Eq. (2)). As
shown in Fig. 11, the filtration ratio is high when there
is only one window (i.e. the window size is equal to
256) but much lower when the number of window is
greater than one. When the query length is set to the size
of the J-sliding window (=256), the filtration ratio of the
TDF increases sharply in the cases of DS-DATA,
RECOM-DATA, LOW-DATA, and PRO-DATA. This
means that for the TDF, the query length should be at
least twice the size of a J-sliding window to have a better
filtration ratio.

The QUASAR uses a q-mer to slide over the window
and count the number of exact matches, and hence it is less
affected by the number of windows. The TDF has a better
filtration ratio than the QUASAR when the query length is
not less than 512 since it can screen out much more data
sequences in all data sets. Generally speaking, the QUA-
SAR retrieves about 10–80 times more candidates than
the TDF. With a better filtration ratio and no false nega-
tive candidates, the TDF has better precision and perfor-
mance than the QUASAR in most cases as shown in
Figs. 12 and 13.

The YM is specially designed to process short queries,
its filtration ratio increases as the length of a query
increases. When the query length is not less than 512, the
YM has a better filtration ratio than the TDF. However,
when the query length is greater than 512, the TDF is
better than the YM as shown in Fig. 11. In the case of
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Fig. 11. Filtration ratio versus query length.
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REP-DATA, since a lot of repetitive subsequences are
hashed to the same bucket, the filtration ratio of the YM
decreases quickly.

Table 1 lists the index sizes used in the three approaches.
The index size of the QUASAR is about 1–3 times more
than that of the TDF while the index size of the YM is
about 50–100% more.

In summary, the TDF outperforms the QUASAR in
terms of execution time, filtration ratio, precision, and
index size. It also outperforms the YM in case of long
query, low complexity, and repetitive data.
5. Concluding remarks and future work

In this paper, we propose a filtration method called
Transformation-based Database Filtration method (TDF)
that can efficiently screen out those data sequences of a
DNA sequence database which cannot satisfy a given
query sequence. Our proposed method consists of two
phases. First, we divide a data sequence into several win-
dows (blocks), each of which is transformed into a data
feature vector using the Haar wavelet transform. The trans-
formed data feature vectors are then stored in an index file.



0

2000

4000

6000

8000

10000

12000

14000

256 512 768 1024 1280 1536

Query length

E
xe

cu
tio

n 
tim

e 
(s

)

E
xe

cu
tio

n 
tim

e 
(s

)

E
xe

cu
tio

n 
tim

e 
(s

)

E
xe

cu
tio

n 
tim

e 
(s

)

E
xe

cu
tio

n 
tim

e 
(s

)

E
xe

cu
tio

n 
tim

e 
(s

)

0

1000

2000

3000

4000

5000

25
6

51
2

76
8

10
24

12
80

15
36

Query length

0

2000

4000

6000

8000

10000

12000

14000

16000

256 512 768 1024 1280 1536

Query length

0

5000

10000

15000

20000

25000

30000

256 512 768 1024 1280 1536

Query length

0

2000

4000

6000

8000

10000

12000

256 512 768 1024 1280 1536

Query length

0

2000

4000

6000

8000

10000

12000

14000

16000

256 512 768 1024 1280 1536

Query length

TDF         QUASAR YM

Fig. 13. Execution time versus query length.

Table 1
Index size

Size (KB) DS-DATA GLO-DATA RECOM-DATA LOW-DATA REP-DATA PRO-DATA

QUASAR 169,998 2801 19,607 47,864 44 173,510
YM 78,400 1620 10,000 23,900 30 80,000
TDF 37,091 912 5678 13,432 20 44,970
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Second, we divide a query sequence into several sliding
windows, each of which, again, transformed into a query
feature vector using the Haar wavelet transform. We then
search the index file to find the data feature vectors whose
Manhattan distances to the query feature vector are less
than a predefined threshold. The blocks corresponding to
the feature vectors thus found form the set of candidate
blocks. For each candidate block, we check if the corre-
sponding subsequence of the original data sequence is
matched with the query sequence using the sequence align-
ment algorithm. Our proposed method guarantees no false
negatives. The experimental results show that our proposed
method is superior to the QUASAR in terms of filtration
ratio, precision, execution time and index size. Our pro-
posed method also outperforms the YM for long query,
low complexity and repetitive data.

Issues for further study include how to design or apply
an index structure to speed up the query processing and
how to group the query feature vectors into minimum
bounding rectangles in order to facilitate range queries
against the index structure.
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