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Abstract

The DNA microarray technology is about to bring an
ezplosion of gene expression data that may dwarf even
the human sequencing projects. Researchers are mo-
tivated to identify genes whose expression levels rise
and fall coherently under a set of experimental per-
turbances, that is, they exhibit fluctuation of a simi-
lar shape when conditions change. In this paper, we
show that queries based on pattern correlations against
large-scale microarray databases can be supported by
the weighted-sequence model, an index structure de-
signed for sequence matching. A weighted-sequence is
a two-dimensional structure where each element in the
sequence is associated with a weight. We transform the
DNA microarray data, as well as pattern-based queries,
into weighted-sequences, and use subsequence matching
algorithms to retrieve from the database all genes that
match the query pattern. We demonstrate, using both
synthetic and real-world data sets, that our method is
effective and efficient.

1 Introduction

With the advent of DNA microarray technology,
gene expression in an organism can be monitored on
a genome-wide scale, allowing the transcription levels
of many genes to be measured simultaneously. It is
widely believed that the availability of large gene ex-
pression databases will bring a huge impact on modern
biology in the near future. As a result, we will be facing
an explosion of gene expression data that may dwarf
even the human sequencing projects [1, 4].

Analysis of large-scale microarray data is becoming
one of the major bottlenecks in the utilization of the
technology. Investigations show that more often than

not, several genes contribute to a disease, which mo-
tivates researchers to identify genes whose expression
levels rise and fall coherently under a subset of con-
ditions, that is, they exhibit fluctuation of a similar
shape when conditions change.

Much research has been done in mining and ana-
lyzing subspace patterns embedded in DNA microar-
rays. Most of the work, however, has centered on
subspace pattern clustering, which endeavors to dis-
cover all possible pattern correlations in a DNA mi-
croarray. One notable limitation of subspace cluster-
ing algorithms is their scalability, which makes them
inappropriate for large scale data analysis. Recently,
several approaches that employ greedy algorithms to
mine subspace patterns have been proposed, including
the bicluster model [5] and the §-cluster model [21].
Still, their complexity is beyond O(n%m) in the best
case, where n is the number of rows and m is the num-
ber of columns of the DNA array.

With the increasing availability of large DNA mi-
croarray databases, efficient processing of queries based
on gene expression patterns is becoming one of the
important issues in utilizing the DNA microarray
technique. In this paper, we identify two types
of frequently asked queries against DNA microarray
databases. Both types are based on specific patterns of
gene expression levels.

We use a sample dataset to demonstrate the queries
of interest. Table 1 shows a small portion of the Yeast
expression data [17], where each entry d;; — the expres-
sion level of gene ¢ in sample j — is derived by trans-
formation d;; = 100 log (10° g:g:: ,t:l't'::s’fty) that scales
the value into a range of 0-600.

Instead of mining all the patterns in the dataset, a
typical search in the DNA microarray database tries to
find all genes that conform to a specific pattern. For
instance:
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Figure 1. Expression data of Yeast
genes, derived by transformation d4;; =
100 log (105 RedIntensity;; )

Greenlntensity

Example 1. Searching Patterns
Find all genes whose expression level in sample CH1I
is around 31545, in sample CH1B is around 280+ 10,
in sample CH1D is around 307, and in sample CH2B
s around 210 £ 5.

The query can be expressed in SQL:

SELECT *

FROM dna-array

WHERE 310 <CH1I< 320
AND 270 <CH1B< 290
AND 23 <CH1D< 37
AND 205 <CH2B< 215

The query shown in Example 1 searches the mi-
croarray database for a fixed pattern. We are more
interested, however, in identifying a set of genes that
respond to certain experimental perturbances in the
same manner, although their responses may not be at
the same level. For instance, as shown in Figure 2,
the expression levels of three genes, VPS8, CYS3, and
EFBI1, rise and fall coherently under three different
conditions, but their values of the three columns are
not necessarily close. In other words, a more challeng-
ing type of query is the following:

Given a pattern defined in a subset of columns, what
are the genes in the microarray databases whose values
on these columns exhibit a strong correlation with the
given pattern?

As an example, a query of interest might be in the
following form:

Example 2. Searching Pattern Correlations
Find all genes whose ezpression level in sample CHII is
about 100+ 5 units higher than that in CH2B, 280+ 10
units higher than that in CH1D, and 75+7 units higher
than that in CH2I.

The query can also be expressed in SQL:

Figure 2. Expression levels of genes VPS8,
CYS3, EFB1 rise and fall coherently in samples
CH1I, CH1D, CH2B

SELECT *

FROM dna-array

WHERE 95 < |CH1I - CH2B| < 105
AND 270 < |CH1I - CH1D| < 290
AND 68 < |CH1I - CH2I} < 82

To answer both types of the queries, a brute force
solution is to make a linear scan of the entire database.
Needless to say, this approach is inefficient, considering
the ever-increasing volume of the microarray data. The
SQL query in Example 1 can be answered in sublinear
time by creating an R+Tree index on the dataset. How-
ever, the real challenge lies in answering the SQL query
in Example 2 efficiently. State-of-the-art database in-
dexing techniques do not have a solution for this type
of query. For instance, the R+Tree technique can not
apply because R+Tree indexes on exact values, not on
correlation of values. The difficulty is compounded by
the fact that a DNA microarray can have hundreds of
columns, and the WHERE clause in such queries can
contain any subset of them. Indexing on each and ev-
ery single column or a limitted number of combinations
of them can usually do no better than scanning the en-
tire data set.

OUR CONTRIBUTIONS.

e We present a method to reduce the pattern cor-
relation problem to the problem of weighted-
subsequence matching [19]. This is achieved
by transforming a relational table of numerical
columns to a set of weighted sequences, and trans-
forming a pattern correlation query (Example 2)
to a weighted subsequence.

e We prove and demonstrate that the pattern cor-
relation query can be answered in sublinear time
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using the index structure designed for weighted-
subsequence matching.

PAPER ORGANIZATION.

The rest of the paper is organized as follows. We intro-
duce the weighted-sequence model in Section 2. Sec-
tion 3 reviews a compact index structure and an al-
gorithm framework designed for subsequence match-
ing. In Section 4, we show that queries over DNA mi-
croarray databases can be expressed through weighted-
subsequence matching. Section 5 shows that queries
such as Example 2 can be answered in sublinear time.
Experiments and results are reported in Section 6. We
review related work in Section 7 and conclude in Sec-
tion 8.

2 Weighted-Sequences

In this section, we introduce the weighted-sequence
model. As we shall see in Section 4, the pattern corre-
lation problem of gene expression levels can be solved
under this model.

Definition 1. Weighted-Sequence
A weighted-sequence is a sequence of (symbol, weight)
pairs.

T= ((al,wl)a (0,2,’!1)2), T (a‘nvwn))

Here, each a; is a symbol, and w; € R.

In this paper, we focus on sequences where weights
are in ascending order, ie., w; < w; for i < j. We
shall see later that DNA microarrays can be reduced
to sequences in the ordered form. For the rest of the
paper, we use weighted-sequence to denote a sequence
whose items are associated with ascending weights.

We introduce some notations based on the above
definition.

T a weighted-sequence
T: the i-th item in sequence 7
s(T:) symbol of the i-th item
w(7;) weight of the i-th item
7| length (number of items) of 7°
ITI|  weight range of T, [IT| = w(Tir) — w(T:)
T'CT T'isa (non-contiguous) subsequence of 7
¢ window size

Note that ||T| is the weight difference between the
first and last elements of 7. A subsequence of 7", pos-
sibly non-contiguous, is derived from 7~ by discarding

some of its items. We use 7’ C T to indicate that 7"
is a {(non-contiguous) subsequence of 7.

A query sequence Q = ((b1,0),--- , (bm,wy)) is a
special weighted-sequence in that the weight of the first
item in the sequence, w(Q;), is 0.

Definition 2. Weighted-Sequence Matching

A query sequence Q matches sequence T if there ez-
ists a (non-contiguous) subsequence 7' C T such that
19l =|T"|, 5(Q:) = s(T{), and w(Q;) = w(T})-w(Ty),
Viel,---,|Q|.

An example of weighted-sequences matching is
shown in Figure 3, where a query sequence
{(a,0), (b, 6), (c,9)) matches a weighted-subsequence of
T.

Apparently, sequence matching in Definition 2 re-
quires that the weight difference between any two items
in the matched subsequence is exactly the same as that
of the corresponding items in the query sequence. This
restriction can be relaxed to allow approximate match-
ing.

Definition 3. Approrimate Matching of Weighted-
Sequences

Given a sequence T, a query sequence Q, and er-
rore; > 0,4 € 1,---,|Q|, we say Q approzimately
matches T if there exists a (non-contiguous) subse-
quence T' C T such that |Q] = |T"|, s(Q:) = s(T7),
and |w(Q;) — (W(T7) - w(T)| < e, Vi€ 1, |Q].

3 Weighted-Sequence Matching

In this section, we review the weighted-sequence
matching algorithm introduced by Wang et al. [19].

3.1 Overview

The index structure for finding (non-contiguous)
subsequences that match the query sequence is called
the Iso-Depth Index. The index construction algo-
rithm is parameterized by a window size, £. The iso-
depth structure embodies a compact index to all sub-
sequences with a weight range less than £ in a data
sequence. Consequently, queries longer than ¢ are bro-
ken down into multiple sub-queries and their results
are joined to produce a final answer.

During index construction, a suffix tree is employed
as an intermediary structure to facilitate the building
of the iso-depth index. The suffix tree supports effi-
cient matching of contiguous subsequences. However,
if a query sequence is non-contiguous, for instance,
abckx*xkdef, where * stands for ‘don’t care’, we need
to search the subtree under c for up to 5 levels to find
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Figure 3. Query Q@ =
((a,73),(5,79), (c, 82))

all occurrences of d there. The iso-depth structure,
however, enables us to jump to such d’s right away
without searching the subtree.

3.2 The Index Structure

Given a data sequence D, we place a moving window
of size £ on D. For each moving window, we apply
function f defined in (1) on the sequence inside the
moving window to encode it into a one dimensional
sequence. Let 7 = (71, -+, Tn) be the sequence inside
a moving window (||7]| < £). We have f(T) = S,
where S is a one dimensional sequence.

f{T, Te)) = (S, , 8n) (1)
where
S = { s(Ti)o i=1
ol s(Mwmy—wry 2 i>1

and $(7;) is the symbol of the i*" item of 7.

Let 7 be the sequence in the k** moving window on
D. We insert f(7) = S into a suffix tree. Assuming
the insertion ends up at node v, we append value k
to list L,, the offset list of node v. After all encoded
sequences are inserted, we make a depth-first traversal
of the tree. We assign sequential IDs (starting with 0,
which is assigned to the root) to the tree nodes in the
depth-first traversal order. In addition, we also record
for each node the largest ID of its descendents. More
specifically, each node v is assigned a pair of numbers,
(vs,Vm), where v, is the ID of node v, and v, is the
ID of the right-most descendent of v. Based on the
numbering, the ID of any descendent of v is between
vg and vy,.

For a given node v, let vp be the path descending
from the root node to node v. We use ||vp||, or simply
|lv]l, to denote the distance between the root and v. |v|]
can be derived by simply summing up the subscripts
of symbols in sequence vp.

Figure 4 shows a suffix tree and several horizontal
links, or the iso-depth links. An iso-depth link is cre-
ated for each (z,d) pair, where r is a symbol, and

P ’Q‘ —o—0

((a,0),(b,6),(c,9)) matches a non-contiguous subsequence of 7,

d=1,...,¢ As we visit the nodes in depth-first order,
we append each node to an iso-depth link. Assuming
the arc that points to node v in the suffix tree is la-
beled with zx, we append v to the iso-depth list for
pair (z, [|v]]). Thus, an iso-depth link is composed of
nodes that 'have the same distance from the root. The
iso-depth links have the following property.

Property 1. The Iso-depth Property

1. Nodes in an iso-depth link are sorted by their IDs
i ascending order;

2. A node’s descendents that appear in an iso-depth
link are contiguous in that link. More formally, let
v---w---u be three nodes in an iso-depth link, in
that order. If r is an ancestor of both v and u,
then r is also an ancestor of w.

Proof.

1. Nodes are appended during the depth-first traver-
sal when node IDs of increasing values are gener-
ated.

2. Since r is an ancestor of both v and u, we have
Ts <Vs < Ty oand ry < uy < 7. From v, < w, <
ug, we get r, < ws; < r,,, which means r is an
ancestor of w.

O

In Figure 4, each node v, represented by pair
(vs,Um), appears in only one iso-depth link. Each iso-
depth link is organized as an array of (v,,v,,) pairs.
We store those arrays, as well as the offset list for each
node, in the index file. Note that we do not store the
tree structure (parent-child links) in the index; we show
below that iso-depth links alone contain complete in-
formation for efficient subsequence matching.

Algorithm 1 summarizes the index construction pro-
cedure discussed above.
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head of iso-
depth links

Figure 4. Suffix trie with iso-depth links for each symbol. Each node v is represented by pair (vs,Vm)s

where v, is the ID of v, v,,, is the largest ID under v.

3.3 Subsequence Matching

Algorithm 2 presents the outline of searching a given
weighted subsequence in an index file.
For instance, we have a query sequence Q

Q= ((61 0)7 (d7 5)a (fa 12))

Suppose we have located all the nodes representing
a prefix of Q, ((¢,0), (d,5)). Let v be one of such nodes.
In order to reach from v the next symbol d, we con-
sult the iso-depth link for (f,12), which contains all
the nodes of f that are 12 units away from the root.
However, we are only interested in those that are de-
scendents of v. The nodes in the iso-depth link are
sorted by their IDs in ascending order. According to
the 2nd iso-depth property, those descendents are con-
tiguous in the link. Thus, we only need to find the first
node whose ID is larger than v,, the ID of v.

After we successfully match all the symbols in Q,
we reach a set of nodes that correspond to the last
symbol in Q. Let v be one of such nodes. The off-
set lists of node v and all nodes under v contain po-
sitions where Q occurs in D. Thus, we return offsets
Ly,,Ly, 41, - ,Ly,, which are stored sequentially in
the index file.

Figure 5 illustrates the process of searching for sub-
sequence Q using the disk-resident iso-depth index. It
first consults iso-depth links, then it returns offsets in
the offset lists. It shows that iso-depth links contain
complete information for subsequence matching.

4 Mapping DNA Microarrays to
Weighted-Sequences

In this section, we show how DNA microarrays can
be converted to weighted sequences and how pattern
correlation queries such as the one in Example 2 can
be answered through subsequence matching.

We transform each record in a numerical relation
into a structured sequence. For instance, the first
record (gene VPS8) in the Yeast DNA microarray (Fig-
ure 1) can be represented by a list of column-value
pairs,! which is shown in Table 1. We omit NULL
values in the transformation.

We sort the column-value pairs in the list by the
values in ascending order to derive a sequence with as-
cending weights, which has column names as symbols,
and expression levels as weights. Concatenating all the
weighted-sequences thus derived from each record, and
delimiting them by a special item, for instance, (NULL,
0), we have transformed the entire table into a long se-
quence.

We call the resulting long sequence (shown in Ta-
ble 1) a generalized weighted-sequence, as weights of
its items are only sorted locally between the (NULL,
0) delimiters.

The problem of querying relational tables with nu-
merical columns is now equivalent to (approximate)
weighted-subsequence matching. For instance, the

IFor presentation sin';plicity, we use only 5 columns of the
Yeast gene array. A widely available Yeast micro-array [17],
which is also used in our experiments, has 17 columns.
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Input: D: weighted-sequence, £: window size
Output: F: index of D

for all sequences T in moving window of size £ do
| insert f(7) into a suffix trie;

make a depth-first traversal of the tree;
for each node v encountered in the traversal do
label node v by (vs,vm);
let aj, be the tree arc that points to v;
append (vy,vym) to iso-depth list (a, ||v]|);
index file F' contains two parts:
> iso-depth links, where node v is represented by a pair (v,,v);
> offset list L[0...m] for node 0...m, where m is the largest node ID.j

Algorithm 1: Index Construction

Input: Q: query sequence; e1,..,€|g|: tolerance; F': index file for D
Output: offsets in D where Q occur
Let Q= ((q1,0),---, (gi, wi),--);

v < root’s child node under arc ¢;;
search(v,1);

Function search(v,1)
if i < |Q| then

1+—1+1;
for each iso-depth link I in (g;, w; + e;) do
/* Perform binary search in I to locate the 1st node r such that ry > v, */
for each node r € I whose ID € [vs,v,,] do
l search(r,1) ;
end
end
else
l output L[vs...vn,], offset lists of node v and all nodes under v;
end
Algorithm 2: Subsequence Matching
DNA micro-array query given in Example 2 can be matching algorithm, we need to take care of several
paraphrased into the following after the array is trans- issues:

formed into a sequence:

Example 3. Querying DNA Micro-array by Sequence

e Discretization. Gene expression levels are usually

Matching represented by real numbers. We discretize them
Let T be the generalized weighted-sequence converted n?to eaqu i-width umts.. Let § N F(T) be a one-
from the Yeast DNA micro-array. Find all subse- dimensional sequence inserted into the suffix tree.
quences of T that match query After discretization, the subscripts of each element
in S shall have a value range of 1, - - | £, where ¢ is

Q = ((CH1D, 0), (CH2B, 180), (2H21, 205), (CH11, 280)) the window size. The queries, as well as the toler-

with tolerance e =0, e3 =5, e3 = 7, and e4 = 10. )
in the same way.
To support pattern correlation queries against

ances associated with the queries, are discretized

DNA microarray datasets using the weighted-sequence e Moving window size. For DNA microarray data
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b ¢ 4
R iso-depth link
(d, 4) .." ' for (d4,5)
depin (d,5) o L
links F ‘
(d,6) !
(£,12) r.y S
(54,57)
. . . )
- 54: 17,332,100
Ofiet s55: 29,78,299,312
56: 12,111 i
57.: 219 offset list for

node 55

Figure 5. Searching for weighted subsequence 9 = {(c,0), (a, 6), (b, 12)) using iso-depth index.

Gene VPSS8: (CH1I, 401), (CH1iB, 281),
N3

Sort by value: ((CH1D, 120), (CH2I, 275),
i

Concatenate all records: (CH1D, 120),- - - , (CH1I,401)

1st record

(CH1D, 120), (CH2I, 275), (CH2B, 298)

(CH1B, 281), (CH2B, 298), (CH1iI, 401))

,(NULL, 0), (CH1D,109),- ,(CH2I,580), (NULL,0),

2nd record

Table 1. Reducing Numerical Tables to Weighted-Sequences

sets, we set the window size no larger than the
value range of the expression levels. Such a win-
dow size will include every column of a single
gene in one window. We can choose, for instance,
£ = 600 for the Yeast DNA microarray in Table 1,
since the data are in the range of 0-600. If we
choose a £ less than the value range, then there is
a possibility that we need to break down a query
into multiple sub-queries.

e The (NULL, 0) boundary. One thing special
about the sequences converted from microarrays
is that genes are separated by the (NULL, 0) de-
limiters in the sequence. When we index subse-
quences, there is no need for the moving window
to cross the (NULL, 0) boundary.

In the rest of this section, we use an example to
demonstrate how pattern correlation queries are im-
plemented on top of the weighted-sequence matching
algorithm.

Example 4. Let a sequence database D be composed
of the following symbol/weight pairs (discretized). Let

Proceedings of the IEEE Computer Society Bioinformatics Conference (CSB’02)
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& = 15 be the window size.

D = (a,6),(b9),(d,11),(c, 14),(f,18), (e, 21),
(NULL, 0),
(c,25),(d, 32), (b, 33), (a, 34), (e, 37), (f,52).
(NULL, 0),

Since queries are constrained by the windows size,
we only need to index subsequences 7 C D where
17| < €. We create a moving window of size £ over D.
As we move the window along D, we find the follow-
ing subsequences in the window (windows do not cross
NULL boundaries):

(a" 6)’ (b’ 9)’ (d’ 11)7 (C7 14)7 (f, 18)7 (e7 21)

: (b’ 9)’ (d’ 11)’ (c7 14)’ (f’ 18)7 (e’ 21)
(d7 11)1 (c, 14)’ (f1 18)’ (e’ 21)
(C’ 14)’ (f7 18)’ (e7 21)

: (f, 18), (e, 21)

: (¢, 25), (d, 32), (b, 33), (a, 34), (e,37)

: (d, 32), (b, 33), (a, 34), (e,37)

: (b, 33), (a, 34), (,37)

: (a, 34), (e,37)

10: (e,37), (£, 52)

11: ...
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: ag, b37 d21 C3, f41 €3
: bo, d2, c3, fy, e3
do, c3, f4, e3

Co, f4’ €3

fo, e3

Co, d7, by, a3, e3
d07 bla as, €3

: bo, a3, e3

. ag, €3

10: €p, f15

11: ...

O RXID W=

Figure 6. Encoded weighted-sequences with
an expanded symbol set. Transformed from
sequence in each window.

Figure 7. Insertion of f(7) = (ao, b3, ds, c3, {4,
e;) ends up at node u. The offset of 7 in the
original sequence D is appended to the offset
list of u.

The resulting one-dimensional sequences are shown
in Table 6.

As we can see, the subscripts of the symbols in the
one-dimensional sequence S represent intervals (weight
differences) between two adjacent symbols in the orig-
inal weighted sequence. Let f(7) = S. The weight
range of 7 is the sum the subscripts in S, i.e., ||T] =
Zv,- €S . :

The encoded sequences have an expanded symbol
set. Take the 1st and the 2nd sequence in Figure 6 for
example. Symbol bs in the 1st sequence and symbol
be in the 2nd sequence are two different, independent
symbols. We insert each sequence into a suffix tree by
following the arcs in the sequence. The insertion of the
1st sequence f(T) = ( ao, bs, da, c3, 3, e3 ) is shown
in Figure 7. Each node in the tree has an offset list.
Assuming the insertion of f(7) leads to node u, which
is pointed to by arc ez, we append to the offset list of

u the position of 7" in the original sequence D, which
in this case, is 1, since T appears in the 1st window of
D.

5 Complexity Analysis

Let D be a data sequence, @ a query sequence. We
use S; to denote the number of nodes on the j-th level
of the suffix tree, j = 0,--- ,£. Apparently, we have
So = 1, which is the root node. Also, we have S; =
|Al, where A is the set of symbols that appear in the
sequence data. Sequence matching starts with nodes
on level one, which are made memory resident, since
there are only | A| of such nodes.

Assuming query sequence Q has k elements, we esti-
mate the number of nodes we need to visit on different
levels of the suffix tree in order to answer query Q.

Q = ((0170)5 (a21 tZ): (a3a t3)7

After we visit node a; on the first level, we consult
iso-depth link (as,t2). Let’s assume symbols have the
same frequency and they are uniformly distributed in
D; the total number of nodes on (as,t2) is approxi-
mately S, /|A|. Since we are only interested in those
nodes under node a; on the first level, we only need to
visit an average of S, /|A|? nodes on level t,.

For each of the S, /|A|? nodes on level t,, we visit
its descendents on link (a3, t3). On average, each node
on level t; has less than S;,/S;, descendents on level
t3, and only 1/| A} of them are associated with symbol
a3. Thus, the total number of nodes we need to visit
on level t3 is:

) (ak, tk))

Sty Sig 1 Sil

AP SL 1A AT

Consequently, the number of nodes we need to visit
in order to answer query 9 is:

Sty
|A?

N=1 s —_
+ af vt TR

+ .4 +a (2)
where a is the number of nodes that contain answers
of the query.
After n insertions (JD| = n) to the suffix tree, the
expected number of nodes on the j-th level, S;, comes

to: 1
S; = E(l - (1 -p;)") (3)

where p; is the probability that any two weighted-
sequences with j elements are the same. To estimate
pj, we consider the simplest case where there are no
“gaps” in the data sequence, i.e., w(D;)—w(D;_;) = 1.
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Clearly, one has p; = 1/|A)’. However, if there are
“empty slots” in D, we have p}; = ((1—6)® + ]71;[(52)],

i = 1Dl _ 2
where density § = B < 1 Aslongasd €1 AT
which is easy to guarantee for any realistic value of | 4],
we have p; > p; = 1/|A].

According to Formula 3, we have S; < 1/p; = |AJ.
However, for a fixed data sequence D, as j increases,
pj —= 0, and n < 1/p;. Thus, in the lower levels of the
suffix tree, we have:

. = 1 .\t -
pljlg0 S; pljlgon(l Pj) n

Assuming |A]% < n < |A[4+, from Formula 2, we

get:
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In summary, assuming we are given a sequence
dataset D with n elements (|D} = n), a query sequence
Q with k elements (|]Q| = k), and window size ¢&. If
n > |A[é, we are able to find all matchings in Q with
at most & Z;:Ql |A|ti =7 + a disk accesses on average,
where B is the page size. If n < |AJ¢, then the number
of disk accesses is linear in terms of n, but is reduced
by factor of about 1/|A|* from a linear scan, where ex-
ponent i depends on the query sequence (i > 2).

6 Experiments

We experimented our index structure on both syn-
thetic and real life data sets. The algorithm is imple-
mented on a Linux machine with a 700 MHz CPU and
256 MB main memory.

6.1 Data Sets

Each element in a synthetic data sequence is rep-
resented by a pair of integers (symbol, weight), thus,
the size of a dataset comes to 8n bytes, where n is the
number of elements it has. In our experiments, we use
disk page size B = 2K bytes.

GENE EXPRESSION DATA Gene expression data are
being generated by DNA chips and other micro-array
techniques. The data set is presented as a matrix. Each
row corresponds to a gene and each column represents
a condition under which the gene is developed. Each
entry represents the relative abundance of the mRNA

+ 2 +a
|A4*

of a gene under a specific condition. The yeast micro-
array [17] can be converted to a weighted-sequence of
49,028 elements (2,884 genes under 17 conditions). The
expression levels of the yeast genes (after transforma-
tion) range from 0-600, and they are discretized into
40 bins. Accordingly, we use a moving window of size
& = 40, so that all 17 expression levels of a gene fit into
one window. The mouse cDNA array [6] is 535,766 in
size (10,934 genes under 49 conditions) and it is pre-
processed in the same way.

SYNTHETIC DATA We generate synthetic data to sim-
ulate queries on large datasets. In addition to sym-
bol size |A|, sequence length |D|, the synthetic data
generator also simulates the distribution of symbols
and weights in the sequence. We generate nondecreas-
ing weights from zero in such a way that the num-
ber of elements in a unit window follows either uni-
form or Poisson distribution. A sample dataset named
D100K~A40-P10, for instance, indicates that the syn-
thetic sequence has 100K elements, 40 different sym-
bols, and the weight difference of two adjacent elements
in the sequence follows a Poisson distribution with pa-
rameter A = 10.

6.2 Performance Analysis

We start with experiments on scalability. The per-
formance curves presented in Figure 8 show that iso-
depth index scales much better than two alternative
algorithms. The comparisons are carried out on syn-
thetic datasets, D?~A200-U10, which range in size from
200 thousand to 10 million elements. All 200 symbols
in the synthetic sequences have the same occurrence
rate, and the average weight difference between two
adjacent symbols is 10.

We ask fixed-format queries (3 evenly separated ele-
ments in a window of size £ = 45) against the datasets.
The Y axis of Figure 8 represents the number of pages
accessed in log scale. The alternative algorithms used
in the comparisons is brute-force linear scan, which is
often used to answer queries such as Example 2. The
iso-depth index is orders of magnitude faster.

Next, in Figure 9, we study the impact of query
length on the performance, using yeast and mouse
DNA micro-array data. We generate random queries
with 2 to 5 evenly separated events within the span of
a moving window (£ = 40). Figure 9 shows the average
number of node accesses and disk accesses. The results
indicate that there our approach is robust as the query
size becomes larger. This is the result of increased
selectivity of longer queries. In Figure 10, we repeat
the experiment on synthetic dataset DSO00K-A100-P10,
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Figure 8. Overall comparisons with alter-
native algorithms over queries on syn-
thetic datasets D7-A200-U10 varying se-
quence length.

whose weights follow a Poisson distribution with pa-
rameter A = 20. We used moving windows of size
& = 50, and the results are similar.

We also study the impact of different query forms
on the performance. We generate queries in the
form ((ao,0), (a1,t), (az,&)) with a varying ¢, where
ap, ai, and az are random symbols in dataset
D1000K-A100-U10, and £ = 60 is the window size. Fig-
ure 11 presents the results. When ¢ becomes larger,
more disk accesses occur as the number of a; nodes
under ag increases dramatically.

E# Nodes Yeast W# Pages Yeast
E3# Nodes Mouse B # Pages Mouse

7 Related Work

There has been much research on indexing sub-
strings. A suffix tree [14] is a very useful data structure
that embodies a compact index to all the distinct, non-
empty substrings of a given string. Suffix arrays [13]
and PAT-arrays [10] also provide fast searches on text
databases. String B-tree [8, 9] uses an index structure
similar to that of B-tree to overcome the unbalanced
tree topology problem of suffix trees.

The above index structures, however, are not ade-
quate to solve the problems mentioned in the previ-
ous section, because they only provide fast accesses for
searching contiguous subsequences in a string database.
More specifically, the relative positions of two elements
in a string is also used to embody the distance between
them, while in a weighted-sequence, the distance be-
tween two elements is expressed explicitly in another
dimension, the weights.

Similarity based subsequence matching [7, 15) has
been a research focus for applications such as time se-
ries databases. The basic idea is to map each data
sequence into a small set of multidimensional rectan-
gles in feature space. Traditional spatial access meth-
ods [11, 3} are then used to index and retrieve these
rectangles. Here, retrieval is based on similarity of
the time-series within a continuous time interval. The
method can not be applied to solve the weighted-
sequence problem since the pattern to retrieve is usu-
ally a non-contiguous subsequence in the original se-
quence.

Recently, the problem of ezact matching for mul-
tidimensional strings is proposed in [12]. Strings are
mapped to real numbers based on their lexical order.
Later, these multidimensional points are indexed us-

25 ing R-trees [11]. This technique works efficiently for

queries such as “find a person whose name begins with
20 - — i Sri and telephone number begins with 973”. Our con-
" cern in this paper, however, is to index objects that

(il ] i
ol O B
4 5

2 3 5

n

Figure 9. Random queries against DNA micro-
arrays of Yeast and Mouse gene expression,
with varying number of elements in the query
from 2 to 5.

10

match a given pattern instead of exact values.

To the best of our knowledge, there has been little
research in fast retrieval of numerical patterns in re-
lational tables. The above mentioned techniques can
not be applied directly to solve this problem, largely
because they only handle one-dimensional series. On
the other hand, much research has been devoted to
find frequent patterns in large databases {16, 2]. These
methods typically scan a data set multiple times in or-
der to find patterns whose occurrence level is beyond
a threshold. Recent advances in biology, such as the
DNA micro-array technique, also fuel this need. As a
result, several clustering-based algorithms [5, 20] have
been introduced to attack this problem.
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Figure 10. Random queries on dataset
D5000K-A100-P10, with query size from 2 to 5.

8 Conclusion and Future Work

With the increasing availability of large DNA mi-
croarray databases, efficient processing of queries based
on gene expression patterns is becoming one of the im-
portant issues in utilizing the DNA microarray tech-
nique. In this paper, we identified two types of pattern-
based queries that are frequently posed against DNA
microarray databases. In particular, the second type
of query, which is of more interest in DNA microar-
ray analysis, is not supported well by current database
indexing techniques.

We showed in our paper that searching pattern cor-
relation among a subset of columns is equivalent to
finding subsequence matches among a set of weighted-
subsequences. This is achieved by transforming DNA
microarray datasets to weighted sequences. Pattern
correlation queries, as well as the error tolerances asso-
ciated with the queries, are transformed to weighted
sequences in the same way. Thus, pattern correla-
tion queries can be implemented on the index struc-
ture called iso-depth index designed for fast retrieval of
weighted-subsequences in large datasets. Experimental
results show that the index structure achieves orders of
magnitude speedup over linear scan.

Queries based on pattern correlations instead of on
exact values lead to a lot of potential research top-
ics. One of our current work focuses on nearest neigh-
bor (NN) search using pattern correlation as the dis-
tance metric. The difference between NN queries and
the pattern correlation queries discussed in this pa-
per is that NN queries do not specify a fixed subset
of columns in the query. A gene satisfies the query cri-
teria as long as its expression levels under an arbitrary
subset of conditions are correlated with the expression
levels of the query object under the same set of condi-
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Figure 11. Query ((ao,0),{(a1,t),(a2,60)) on
dataset D1000K-A100-U10, varying ¢ from 10 to
50.

tions.
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