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Abstract

Similarity search in textual databases and bioinformatics
has received substantial attention in the past decade. Nu-
merous filtration and indexing techniques have been pro-
posed to reduce the curse of dimensionality. This paper
proposes a novel approach to map the problem of whole-
genome sequence similarity search into an approximate
vector comparison in the well-established multidimensional
vector space. We propose the application of the Singular
Value Decomposition (SVD) dimensionality reduction tech-
nique as a pre-processing filtration step to effectively reduce
the search space and the running time of the search opera-
tion. Our empirical results on a Prokaryote and a Eukary-
ote DNA contig dataset, demonstrate effective filtration to
prune non-relevant portions of the database with up to 2.3
times faster running time compared with g-gram approach.
SVD filtration may easily be integrated as a pre-processing
step for any of the well-known sequence search heuristics
as BLAST, QUASAR and FastA. We analyze the precision of
applying SVD filtration as a transformation-based dimen-
sionality reduction technique, and finally discuss the im-
posed trade-offs.

Keywords: Approximate String Search, Sequence Homol-
ogy, Singular Value Decomposition, Bioinformatics, Com-
parative genomics.

1 Introduction

The problem of similarity search and the correspond-
ing applications have been extensively studied within the
past decade, especially in the context of textual and bio-
logical databases. Errors and modifications are observed
in a variety of applications originating from typographi-
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cal mistakes (Data cleansing), inconsistent attribute design
conventions (Data integration), or even as part of a natu-
ral mutational mechanism (Genomics). The approximate
k-Nearest Neighbor (kNN) seeks the k-closest strings of
the database to a given query string using an appropriate
distance function. Approximate sequence analysis has en-
abled the detection of certain strains of the Escherichia
coli (E.coli) bacteria responsible for infant diarrhea and
gastroenteritis. Meanwhile, searching for pairwise whole-
genome homology requires most of the database to be
searched, although most of the inspected strings may not
actually result in the answer set. As a result, the expen-
sive inspection of non-relevant strings impacts the perfor-
mance dramatically. In this paper, we consider the integra-
tion of a textual data mining technique as an efficient fil-
tration on genomic data to leverage the cost and scalability
of the approximate search process. We map the problem of
pairwise whole-genome sequence comparison into an ap-
proximate vector comparison in the well-established rela-
tional database context. We propose the integration of Sin-
gular Value Decomposition (SVD) as a pre-processing fil-
tration step for whole-genome k-Nearest Neighbor (kNN)
search. Our simulations study the corresponding filtration
efficiency gained by the proposed technique on a Prokaryote
and a Eukaryote DNA contig dataset. SVD has been suc-
cessfully applied for the comparative analysis of genome-
scale gene expression and microarray data [3, 4], and key-
word search in textual databases [9], however to the best of
our knowledge this is the first attempt to incorporate SVD
on genome-scale sequence databases for genome-wide ho-
mology search.

The rest of the paper is organized as follows: Section 2
discusses the background and related work. Section 3 in-
troduces the terminology and formulation of the problem,
followed by the proposed technique in Section 4. Section 5
demonstrates a concise empirical performance analysis and
the simulation results. Section 6 concludes the work.



2 Background and Related Work

In a typical application of kNN, given a string dataset S
and a query string ¢, all the string tuples of S are compared
against ¢, in search for the k-closest substring tuples S; to
query ¢q. However, because of the quadratic time involved,
the dynamic programming [19, 21] algorithms are not fea-
sible. Several heuristics [5, 7, 8, 15, 20] have been proposed
to speed up the similarity search phase of the procedure
in the case of range query and k-nearest neighbor search.
SVD has been successfully applied in different fields such
as comparative analysis of genome-wide microarray data
[3, 4], and keyword-based document similarity search in in-
formation retrieval [9]. However, to the best of our knowl-
edge, this study is the first effort to facilitate efficient filtra-
tion for genome-wide approximate sequence search using
SVD.

Jin, Li, and Mehrotra [13] map the strings of the database
into the Euclidean space and use d dimensions to repre-
sent each string in the feature space. Furthermore, a range
threshold o for the feature space is empirically found and all
pairs of strings whose feature vector distances are greater
than § are pruned. However, i) the number of dimensions
d, is found empirically, which is very much data dependent,
1) the range threshold ¢, is found empirically by sampling
random subsets of the database which may potentially re-
sult in a large number of false negatives. Gravano et al.[12]
target the problem of approximate join in textual relational
databases. They extract positional ¢g-grams [12, 14, 18]
from each of the strings and apply count, positional, and
length filtering to prune out-of-range string pairs. Further-
more, the SQL equivalents of the proposed operations are
represented, and the work is also extended for edit dis-
tances with block shifts. The Multi-Resolution index Struc-
ture(MRS) [15] uses a sliding window of size |w| and ex-
tracts the first and second Haar wavelet coefficients of the
corresponding windows. Given a range query (Q,r), MRS
seeks the result set in different resolution levels of maxi-
mum postfix segments. However, the authors [15] only fo-
cus on the cost of MRS, and do not evaluate the filtration
efficiency of their proposed technique.

Chavez and Navarro [8] translate the problem of approx-
imate string search into a range query or proximity search
in a metric space. The technique is based on picking &
pivots randomly, and mapping each sequence with a k-
dimensional vector, and further using triangle inequality to
prune non-relevant sequences using Suffix Tree [6] as an
index structure. No empirical analysis is conducted to eval-
uate this approach on real biological data. SST [11] uses
overlapping sliding windows of size w over the database
sequences and maps them into 4*-dimensional frequency
vectors. Furthermore, SST uses the k-means clustering al-

gorithm to hierarchically cluster database sequences. It first
divides the database sequences into non-overlapping win-
dows. Given a query P, it prunes the database windows
which are furthest from the given query range. The au-
thors [11] study the effect of window size on search time,
error rate, and true positive/negative rates of the proposed
technique and show the efficiency of vector-based approach
for near-exact sequence search. Most similarly, Aghili et
al.[1, 2] provide a concise study of Discrete Fourier Trans-
formation (DFT), Discrete Wavelet Transformation (DWT)
and Bit-Filtration Technique (BFT) as pre-processing filtra-
tion techniques for approximate join and range queries. In
this work, we propose a new pre-processing filtration tech-
nique to the problem of k-Nearest Neighbor (kNN) search
in the context of biological databases, and study the im-
posed trade-offs.

3 Terminology, Formulation

The traditional database search operation is based on
the exact matching of string tuples, while the approximate
search is based on the approximate matching of the string
tuples. Initially, we build a relational database view on top
of the raw DNA contig datasets [16] by chopping its contig
sequences into equal-sized subsequences/blocks. This pro-
cedure is called block-based mapping, which facilitates the
initial step of mapping the problem of whole-genome se-
quence homology search into an approximate string search
in the context of relational databases (cf. Figure 1).

The following definitions introduce the steps in trans-
forming the original domain(set of strings) to frequency do-
main(set of feature vectors):

Definition 1 (k-Nearest Neighbor, kNN) Let S =
S1,...,Sn be a string database over the alphabet . Let
S, ; denote a subsequence of S; starting at index j, for
1 <i< Nand0 < j < [S;], where |S; ;| < |S;| — J.
Given a query pattern P € ¥*, an integer &, g-gram size g,
and distance function d, the kN NZ(S, P) is the problem of
finding the k closest subsequences \S; ; to the query pattern
P.

Definition 2 (frequency vector) Let s be a string over the
alphabet 3, = {a1,...,a,}, then the g-tuple frequency
vector of s is a row vector f,(s) defined as: f,(s) =
[f1,--., fue], where each f; is a positive integer indicat-
ing the occurrence frequency of the i g-sized substring of
Y, ins.

For instance, for ¥={A,C,G,T}, ¢=2, and string s =
AGGTTGCAATTA: f5(s)=[1011100 001111 012]
where the first entry is used to represent the frequency of
AA, the second entry for AC, the third entry for AG, ..., and
the last entry to represent the frequency of TT in s.
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Figure 1. The block-based mapping procedure for block size = 6.

Definition 3 (frequency quantization) Let S =
{S1,...,Sn,} be a string relation from the alphabet
.. The g-tuple frequency quantization of relation S,
SE = [&,...,&ua], is an (n x u?) matrix, where each
vector &; corresponds to the (n x 1)-dimensional column
vector for the j** g-tuple of all S; strings, for 1 < j < uq.

In other words, Definition 3 is equivalent to extracting
the frequency vectors for each of the tuples of the given
string relation S and placing them as rows in a new matrix

S¥. Hence, for

A G G T T G C A
S=|C C G T A A T T
T G T G C C C A

applying frequency quantization results in:

A T T
A G G
G G A

Qe

1011100001111012
Sg: 1111011010112001
011012001111002@0

Definition 4 (Singular Value Decomposition, SVD) SVD
decomposes a matrix A € R™*"™ into the product of two
orthonormal matrices, U € R™* ™, V € R"*", and a
pseudo-diagonal matrix ¥ = diag(oy,...,0,) € R™*"
where r < min(m,n) (all the components except the first r
diagonal components are zero), such that A = UXVT. By
convention, the diagonal elements o; of 33, named singular
values, are all non-negative and are sorted in decreasing
order.

One way to solve the kNN problem is as follows: Given
relation S, compare all tuples of S against the query pat-
tern P using Edit Distance (ED)* as the distance measure,
either through direct application of dynamic programming
[19, 21] or other popular heuristics [5, 7, 20]. Although this
approach is correct, it is not practical/scalable for two rea-
sons: First, sequence databases may involve a large number
of very large sequences (e.g. Chrao as the smallest hu-
man chromosome [16] consists of approximately 35 mil-
lion base pairs) resulting in severe performance penalty.

IMinimum number of Insertion, Deletion, and Replacement operations
needed to convert a string into another string.

Secondly, the prohibitive computational cost of alignment
or even heuristic-based sequence comparison makes it im-
practical and inefficient. A solution could involve map-
ping the approximate string similarity search of the se-
quence domain into a vector comparison in a vector do-
main using a well-defined Frequency Distance (FD), to ben-
efit from more time/space-efficient numerical methods in
the literature. One way is to use a mathematical trans-
formation to map each string .S, into its corresponding n-
dimensional frequency vector f,(S;), for a given tuple size
q, and use an appropriate frequency distance function to ap-
proximate the edit distance of the original string domain
[1,2, 8,11, 12,13, 15, 17].

The calculation of distance in the frequency domain is
linear in time/space, which is much more efficient com-
pared to the calculation of the distance in the original string
domain which is quadratic in time/space, for the price of
generating some false positives. Hence, approximate string
search is potentially much more efficiently evaluated incor-
porating the frequency domain properties. These claims are
further validated in the simulation study section.

4 Proposed SVD-Filtration Technique

Given a string dataset S having a total of B blocks, we
first extract its blocks and construct its relational equivalent
as S= {S1,...,Sp} (cf. Figure 1). The tuple extraction
procedure is very fast and needs only a single offline scan
of the given database. In the second step, the corresponding
frequency vectors, f,(S;), are extracted into the resulting
relation SI" = {f,(S1),..., f4(Sn)} (cf. Figure 2). The
schema of Sf has two attributes: i) The index of the tuple
in the original database as the primary key, and ii) |X|?-
dimensional frequency feature vector.

The transformation-based SVD filtration is an automated
procedure except for the choice of the required precision or
in other words the desired amount of reduction. The gen-
eral process is depicted in Figures 2-3. Given the genome
dataset S and query pattern P, the kNN procedure is per-
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Figure 2. The SVD filtration procedure for block size = 9, and ¢ = 1.

formed in two different stages: offline and online. In the
offline stage, all the blocks/tuples S; are extracted, and each
tuple is mapped onto its corresponding frequency feature
vector. As a result, S is mapped into the Sf frequency
vector matrix, which is a row matrix of frequency feature
vectors f,(S;). Each f,(S;) maintains the quantity of each
g-Sized substring (¢-gram) of the original string S;. Further-
more, SVD is applied on 85, decomposing it into U, 33, and
V matrices. Finally, the reduced version of the frequency
vector matrix S/ is calculated as S' = S}* x V. The actual
kNN operation is performed online. Initially, the reduced
version of P is calculated: P— f,(P) — P’ = f,(P) x V.
All the reduced vector tuples of the relation S’ are compared
against P’ and the k-closest tuples of S to P are reported. All
the remaining tuples are pruned from further investigation.

The g-gram technique [12, 14] uses the original Sf ma-
trix. However, each of the frequency vectors, f,(S;), is of
size |X]7 which grows exponentially with the value of ¢. For
instance, for |X| = 4 and ¢ = 3: each of the frequency vec-
tors is 64-dimensional. Note that, SVD reduces the dimen-
sion of the vector representation of S from B x44(of Sf) to
Bxr(of S’), where r is the rank of Sf matrix. This is the
main intuition behind applying SVD, to remove the “curse
of dimensionality”, while i) r < 49, and #¢) SVD captures
the shape of the vector reasonably well.

After applying either SVD or ¢-gram filtration tech-
niques to extract the candidate set, we perform dynamic
programming [21] on the candidate set as the final stage
to get the actual answer set, removing any false positives.
After applying SVD, we could further reduce the size of the
frequency-quantized relations by storing a trail of quantized
vector tuples with a Minimum Bounding Sphere (MBS), thus

the number of tuples in each transformed relation would re-
duce to the number of MBSs. Additionally, a multidimen-
sional indexing structure [10] could be incorporated on the
extracted frequency vectors for more efficient tuple pruning.
However, we intend to study the impact of various summa-
rization and indexing schemes in our future work.

The main idea of applying SVD filtration is as follows:
Instead of calculating the approximate kNN (S, P), we
may inspect the frequency vector domain for KNN. How-
ever, this may result in false negatives. Hence, we would
need to look for a potentially, slightly larger value &'(> k)
in the vector space, k’NNX?(S’, P'), to capture all the ac-
tual KNN. All the strings S; ¢ k’'NNJP(S’, P') may be
pruned from the answer set without the need to perform
the costly dynamic programming operation. This property
dramatically reduces the computational cost and the search
space of calculating approximate kNN/” (S, P). The total

search space would be reduced by a factor of p = % (where
0<pkl).

We empirically observed that k’NNJ'2 (S”, P’) contains
most of the elements of kNNZ” (S, P), especially when
there are reasonably enough number of close-match se-
quences in the database to the query. This is because the
closest sequence of the database to a query sequence might
indeed be a sequence not very similar to the query sequence
which is the case when the query and the database are very
different. In such cases, the k-nearest neighbor operation
would not be desirable or meaningful, furthermore it would
be less likely for X’NN/" to demonstrate a good estimation
for kNNZP.  Requiring the query having close-match in
the database, has applications such as phylogenetic analysis,
and exploring evolutionary relationships among sequences.



Offline pre-processing phase, Given the string database S € ¥*, and
integer q:

1. (Half-overlapped block-based partitioning) Slide the blocking
window of size b on the original DNA dataset S and extract
the corresponding b-sized tuples, partitioning S on positions
0,%2,20  into atotal of B = [%1 blocks. Let S;

)90 9
2

denote the block/tuple extracted from S, at position j, where

0<j<|S—b,

2. Represent the dataset S with its corresponding relational repre-
sentation, its tuples being the extracted blocks, and index j as the
primary key of the relation,

3. Perform the frequency quantization on S, constructing S}; asa
B x |2|9 matrix,

4. Apply SVD transformation on the matrix SZ, and calculate the
corresponding U, 33, and V' matrices,

5. Calculate the product S’ = S}; x V (8 is the SVD-reduced
version of SI'),

6. Build an offline index structure on S’[index#, reduced tuple vec-
tor].

[ J o
Online filtration phase, Given query pattern P, distance function
d(cosineor Ly), and integers k, g:

1. Calculate the frequency vector of P as fq(P),

2. Calculate P’ = f,(P) x V (P’ is the SVD-reduced version of
fa(P)),
3. Allocate a k’-sized table T, for (k' > k),

4. Insert first ¥ vectors of S’ into 7 in increasing order of their
distance to P/,
fori=k'+ 1to B: do
if d(S;,P’) < d(S;, T[k']) then
e Remove 7[k'],
e Insert S; onto its proper location in the sorted table 7.

= Refi nement step: Apply dynamic programming on the remained
k' tuples in T,
and output the k-closest tuples to the query pattern.

Figure 3. Approximate k-Nearest Neighbor
(kNN) search process.

5 Performance Analysis

We compared the performance of SVD? as a pre-
processing filtration technique against g-gram [12, 14] fil-
tration and used dynamic programming [21] as the bench-
mark. Our implementation closely follows the depicted pro-
cedures of Figures 1-3. Within the context of vector com-
parison in multidimensional indexing, the cosine similarity
distance measure is one of the most popular choices for fre-
quency distance (FD) or vector similarity function. We used
the frequency distance function as an estimate of the edit
distance (ED) in the original domain. For any two SVD-
transformed vectors U and V', we use the cosine similarity
among vectors which is defined as cos(U., V) = 117

2The frequency vectors were reduced to 5 dimensions using SVD.

We incorporated various blocking schemes on string
datasets for the relational database conversion procedure:
1) Consecutive partitioning: Each of the consecutive blocks
of length b, overlap by b — 1 residues, i¢) Half-overlapped
partitioning: Each of the consecutive blocks of length b,
overlap by b/2 residues (cf. Figure 1), and i) non-
Overlapped partitioning, where the whole data is chopped
into I = 6(logx|S|) [18] partitions of various length. Ex-
tracting more blocks during the block partitioning phase,
e.g. case () versus (i7), results in more precise string search
but higher computational cost. However, due to space limi-
tation, we did not include those results in this study.

5.1 Considerations

The following considerations and imposed trade-offs
were observed regarding the application of SVD:

e The chosen frequency distance (FD), either cosine sim-
ilarity or L,-norm®(p > 0), should be a good approx-
imation of the original edit distance (ED). The more
representative dimensions are chosen in the applica-
tion of SVD, the higher precision on the edit distance
approximation and more filtration efficiency, is ob-
served. However, the choice of the reduction degree
is directly a trade-off between more efficient filtration
versus computation cost.

e The calculation of the distance in the frequency vec-
tor domain should be, computationally, as feasible as
possible.

e The Filtration Ratio (FR) is to be minimized, with
very little probability of incurring false negatives, if
any, however the efficiency of pruning depends on the
structure of strings (data dependency), and the value
k (application requirements). The less the value of £,
the better expected filtration efficiency.

5.2 Implementation and Simulation Results

We implemented all the desired algorithms using Java
1.4.2, and ran our simulations on an Intel Xeon 2.4GHz
processor with 2GB of main memory. The experimental
analysis was performed on the human genome Alu and Bal-
aenoptera physalus mitochondrion genome datasets [16].
The statistics of the incorporated data are depicted in Figure
4, and Table 1. In the blocking process, we applied half-
overlapped partitioning with block size = 32 and ¢ = 3.
Additionally, we could use variable block lengths on our
DNA datasets however, we only included the result for the
uniform blocking for the sake of simplicity.

D i (i = vi)P.

3Ly (U, V) =
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Figure 4. Length distribution of Alu and Mitochondria contig string datasets.

Table 1. The datasets used in our simulations for block size = 32.

[ Dataset [ A ] C | G | T | Size [| #of Blocks |
Alu 24301 18271 22192 15742 80506 4555
Mitochondria 1024379 | 647278 | 502392 | 989164 | 3163213 197580

Identification of highly conserved sequences, which are
likely to correspond to essential sites for the function or the
structure of the sequence, is one of the main goals of ap-
proximate sequence search in bioinformatics. High similar-
ity among two sequences (very few edit operations) may im-
ply similar functional relationships or interactions, mutual
inclusion in the same biological pathway, or may be used
to infer evolutionary relationships. Consider the case where
the query pattern does not have close-match counterparts in
the desired database. In this case, the kNN query will return
a set of sequences, which are closest to the query pattern
compared to other sequences of the database. However, if
the distance among the query pattern and the returned near-
est neighbors is high, then the returned results of the near-
est neighbor search would be of no practical use. Moreover,
the cosine distance among two SVD-reduced vectors may
only reflect the actual similarity of the given sequences, if
the sequences are close-match counterparts. This problem
arises when there are no real close-match sequences in the
database to the given pattern. Such queries are not very de-
sirable since they will not provide any meaningful implica-
tion. A more desirable case is to look for similar patterns to
a given query in the database which actually contains some
close variations of the query pattern, and study how well
the proposed techniques would perform in capturing those
occurrences. For this reason, we performed an exhaustive
search on both datasets and for each of them we picked a
random query pattern of length 32, for which the dataset ac-
tually contained some close-match blocks. More precisely,
the query for each of the Alu and Mitochondria datasets had
its actual 20 nearest neighbors within 2 and 4 edit distance,
respectively.

Figures 5-6 demonstrate the filtration efficiency of apply-
ing SVD filtration compared with g-gram [12, 14], and dy-

namic programming [21] techniques on the above datasets
for up to 200K total number of block comparisons on each
dataset. The results are summarized in the following three
sections:

e True Positive Rate(TPR): Figure 5 depicts the true
positive rate or the actual kNN returned by SVD and ¢-
gram filtration against dynamic programming method
on Alu and Mitochondria datasets as a function of k.
The vertical axis shows the number of returned correct
results with k& on the horizontal axis. The values re-
turned by dynamic programming are the actual correct
results and used as a benchmark. A large portion of the
correct results were returned by simply trying NN on
the reduced vectors produced by SVD, which might be
sufficient enough for approximate search, though with
much faster response time. The results of SVD on Mi-
tochondria dataset was very promising and close to the
g-gram method. For instance, when searching for 40-
Nearest Neighbors, SVD returned 38 out of 40 of the
actual results, i.e. results returned by dynamic pro-
gramming. In the basic case when k’'=k, on the aver-
age among the inspected 5 values of k, the percentage
of the correct KNN results captured by using only SVD
filtration was 74% and 57.6% on the Mitochondria and
Alu datasets, respectively.

e Filtration Ratio: In Figure 6, the vertical axis indi-
cates the size of the minimum subset produced by SVD
and ¢-gram, that includes the actual k-closest tuples
to the given query pattern. The vertical axis corre-
sponds to the optimal value for &’ for the given value
of k£ on the horizontal axis. For instance, searching
for 8 nearest neighbors (k = 8) on the Mitochon-
dria dataset, we need to inspect at least 20 nearest
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Figure 5. True Positives for kNN on Alu and Mitochondria datasets.

Table 2. Average running time (in milliseconds) of approximate kNN, for £=20.

Computation

Computation + 1/0

Alu | Mitochondria

Alu | Mitochondria

Dynamic Programming (DP) || 300 11693 || 1248 30315
g-gram (with DP refinement) 7 117 || 1434 36210
SVD (with DP refinement) 24 363 984 15239

neighbors (¥’ = 20) in the SVD domain to capture
all the actual 8 nearest neighbors. Hence, the applica-
tion of SVD efficiently reduces the search space from
B=197580 blocks to &' = 20 blocks for an effective
(1 — 15205)% = 99.99% filtration. Thereafter, dy-
namic programming may be applied to eliminate the
false positives. In general, a higher filtration efficiency
is achieved when & and %’ are closer to each other.
Similarly, for low values of k(< 10) on Alu, the ac-
tual nearest neighbors are captured by just trying the
SVD method for £’=k. This means no false positives
and no false negatives for £ < 10 on Alu. Meanwhile,
the results get worse with increasing values of &, how-
ever the filtration ratio is still considerably high. For
instance, for k = 20, the filtration ratio is equal to
FR = % = ;200 — (.001, meaning that more
than 99% of the database may effectively be pruned.
These graphs may be stored (offline) as a profile for
each of the given datasets to assist in estimating (on-
line) a good value for k’. We also note that in compar-
ison with ¢-gram, the filtration of SVD is quite good.
In the Alu dataset the size of the minimum subset is
identical up to £ = 8, and in the Mitochondria dataset

although the size of the minimum subset is bigger in
SVD, it is still comparable to g-gram for up to k& = 14.

e Running Time: Table 2 shows the average running

time of approximate kNN for & 20. SVD is
slower than g-gram on the computation side, due to
the floating-point matrix multiplications performed by
SVD for query reduction and angle computations.
However, when taking 1/O response time into account
as well, SVD performs up to 2.3 times faster than ¢-
gram. This property is very desirable in the case of
online or interactive approximate query search where
the reduced vectors can be read much faster from the
disk and leads to much less network traffic, result-
ing in faster overall query response time. g-gram is
slower than dynamic programming when taking the
I/0 into account, because reading the original |X|?-
dimensional frequency vectors used by g-gram takes
more time compared to reading string blocks of length
32(< |3]9), which dominates the computation time.
The 1/O portion may be further reduced by incorporat-
ing a caching technique or loading all the vectors into
the main memory.
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6 Conclusion

In this paper, we proposed a novel, yet simple, filtration
technique for the genome-wide homology search using Sin-
gular Value Decomposition(SVD) to eliminate undesired tu-
ple comparisons. We studied its integration in biological
databases for the problem of approximate k-Nearest Neigh-
bor search. SVD may be applied as a pre-processing fil-
tration step for any of the known heuristic techniques like
BLAST [5], QUASAR [7], FastA [20], and even the dy-
namic programming sequence alignment [19, 21]. Our re-
sults show that applying the proposed technique, efficient
and fast filtration is achieved when the database contains
close-match patterns to the given query. The filtration ra-
tio is very data dependent and no generalization on the
min/max filtration ratio or true positive rates can be sug-
gested. However, the empirical results show promising per-
formance behavior of SVD filtration. In particular, SVD’s
filtration is comparable to ¢g-gram [12, 14] in most interest-
ing cases of comparison, while being much faster in terms
of 1/0. We have shown that on different datasets, up to 2.3
times faster running time can be achieved.
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