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ABSTRACT

Motivation: The problem of finding transcription factor
binding sites in the upstream regions of given genes is
algorithmically an interesting and challenging problem in
computational biology. A degenerate pattern over a finite
alphabet ¥ is a sequence of subsets of X. A string over
IUPAC nucleic acid codes is also a degenerate pattern
over ¥ = {A,C,G, T}, and is used as one of the major
patterns modeling transcription factor binding sites in the
upstream regions of genes. However, it is known that the
problem of finding a degenerate pattern consistent with
both positive and negative string sets is in general NP-
complete. Our aim is to devise a heuristic algorithm to
find a degenerate pattern which is optimal for positive and
negative string sets w.r.t. a given score function.

Results: We have proposed an enumerative algorithm
called SUPERPOSITION for finding optimal degenerate
patterns with a pruning technique, which works with
most all reasonable score functions. The performance
score of the algorithm has been compared with those of
other popular motif-finding algorithms YMF, MEME and
AlignACE on various sets of co-regulated genes of yeast.
In the computational experiment, SUPERPOSITION has
outperformed the others on several gene sets.
Availability: The python script SUPERPOSITION is avail-
able at http://www.math.kyushu-u.ac.jp/~om/softwares.
html

Contact: om@math.kyushu-u.ac.jp

INTRODUCTION

The problem of finding transcription factor binding sites
in the upstream regions of given genes is algorithmically
an interesting and challenging problem in computational
biology. Such asiteisan essential factor in the mechanism
of transcriptional regulation. It is known that the binding
sites of a transcription factor are often approximately

*To whom correspondence should be addressed.

conserved across the upstream regions of the co-regulated
genes. Thus, the problem of finding regulatory signals can
be reduced to the search problem for convincing patterns
common to ailmost all of the given DNA sequences.

The magjor types of patterns modeling transcription
factor binding sites can be classified into the following
three groups: (i) aweight matrix, (ii) a string over nucleic
acids, {A, C, G, T}, possibly with some mismatches, and
(iii) a string over IUPAC nucleic acid codes. All of these
patterns are often called motifs.

A weight matrix for amotif of length| isa4 x | matrix,
whose rows and columns correspond to the 4 bases and the
positions in the motif, respectively. The weight in the ith
row and jth column means the frequency with which the
i th baseisfound in the jth position of the motif.

Thusaweight matrix isavery flexible expression of mo-
tifs. A weight matrix is used in a number of probabilistic
approach algorithms for finding motifs, including

the expectation maximization algorithm (Lawrence and
Reilly, 1990), MEME (Bailey and Elkan, 1995), Gibbs
sampler (Lawrence et al., 1993) and CONSENSUS (Hertz
and Stormo, 1999). These heuristic algorithms are based
on local search, which implies that in general, there is no
theoretical guarantee that the optimal solutions are always
found by these tools. However, local search-based motif
finders have seen substantial successin practice.

The simplest case of the pattern models (ii) and (iii)
isjust I-mers without any mismatches nor mutations. van
Helden et al. (1998) applied an enumerative approach for
finding statistically significant |-mers. Pevzner and Sze
(2000) considered ways of finding |-mer with at most k
mismatches common to the given set of DNA sequences.
In their work, they proposed two novel enumerative
algorithms called WINNOWER and SP-STAR, to find
significant patterns over {A, C, G, T} of length | which
are allowed to have at most d mismatches, which we call
(I, d)-motif pattern. Notethat an (I, d)-motif patternisnot
position-specific since at most d mutations are allowed to
occur at every positions of the occurrences of the patterns.

ii206

Bioinformatics 19(Suppl. 2) © Oxford University Press 2003; all rights reserved.



Finding optimal degenerate patterns

For the same problem, Buhler and Tompa (2002) devised a
novel method which combines both random projection and
local search. Various decision problems for finding (I, d)-
motif patterns, known as Closest Substring Problem, Max
Close String Probelm, Distinguishing String Selection
Problem, etc, have been discussed in (Lanctot et al., 1999;
Gramm et al., 2001; Fellows et al., 2002) and references
therein from the viewpoint of computational complexity.
Those problems are shown to be generally NP-compl ete.

On the other hand, the patterns over the IUPAC nucleic
acid codes, which we call degenerate patterns over © =
{A,C,G, T} in this work, are position-specific. The
problem of finding a degenerate pattern consistent with
both all of the positive strings and al of the negative
stringsis a specia case of the problem of Best Consensus
Motif discussed in (Tateishi et al., 1996), which is shown
to be NP-complete. In (Sinha and Tompa, 2000) and
(Sinha, 2002), enumerative agorithms for finding optimal
degenerate patterns over the codes, A,C,G,T,R,Y,SW and
N have been presented. These patterns are evaluated by z-
score and p-value, respectively. Note that R,Y,SW mean
two symbols of the basic 4 bases, and N meansthe 4 bases.
Their patterns are in the form of the strings s over the 9
symbols whose central part isaspacer consisting of N's of
length up to about 11.

Our aimin this paper isto devise aheuristic algorithm to
find a degenerate pattern which is optimal for positive and
negative string sets w.r.t. a given score function. We then
propose abranch-and-bound algorithm, called SUPERPO-
SITION, which works for arbitrary score functions which
are conic, as defined in (Shinohara et al., 2002). It should
be noted here that most all reasonable score functions, for
example, x2 values, entropy information gain and gini in-
dex, are conic.

To construct SUPERPOSITION, we have introduced
an operation which generates a new degenerate pattern
from existing two patterns p = pip2---p and q =
0102 - - q, called the superposition of p and g, that is
defined as a degenerate pattern r = r1rz---r; with
rh=puUgqg fori =1,2,...,1. SUPERPOSITION is
a sample-driven approach, that is, it first extracts al of
the substrings of a specified length | from the positive
strings. After this extraction phase, SUPERPOSITION
goes into the superposition phase, in which a superposed
patternr, generated from existing ones, will be eliminated
from this phase forever if the possible optimal score of
any superpositions between r and others is less than the
intermediate optimal score of al of the patterns searched
so far in the process.

Finally, we will present the successful results of finding
binding sitesin the upstream regions of co-regulated genes
of yeast, and report the performance comparison between
SUPERPOSITION, YMF (Sinha and Tompa, 2000) with
an auxiliary tool FindExplanators (Blanchette and Sinha,

2001), MEME (Bailey and Elkan, 1995) and AlignACE
(Roth et al., 1998). In our computational experiments,
several known transcription factor binding sites in a
promoter database of the yeast Saccharomyces cerevisiae
(SCPD) (zZhu and Zhang, 1999) have been detected by
SUPERPOSITION more accurately than the others.

This paper is organized as follows. In Section 2,
preliminaries are given. Section 3 shows our heuristic
algorithm for the problem. In the last section, we review
our computational experiments on real data of yeast.

PRELIMINARIES

Let X be a finite alphabet, and let * be the set of al
strings over . For a non-negative integer |, by =' we
denote the strings of length | over X.

A complementary map over X isamapping ¢ from X to
% such that c(c(x)) = x for each symbol x € =. The
complement of astrings = $15---§ over X w.rt. c,
denoted by ¢, s = c(§)c(s_1) - - - ¢(s1). Inthe problem of
finding regulatory signalsin DNA sequences, X and ¢ can
besettobeX ={A,C,G, T}andc(A) =T,c(T) = A,
c(C)=G,andc(G) =T.

DEFINITION 1. A degenerate pattern over a finite al-
phabet ¥ isdefined asa sequence p = p1p2... pf where
pi isasubset of X for 1 < i <. Thelength of p isdefined
asl.

For these degenerate patterns p = p1p2... pi, we can
consider the following distinctive pattern matchers which
are defined as binary functions. Let t be astring over X.

Mpasic(P, t) returns true if there is at least one oc-
currence of p in t, i.e, there exists a substring
ti---tip—goftsuchthattj;x—1 € pcforl <k <I,
and false otherwise.

me(p, t) returnstrue if either Mpagc(p, t) or Mpasic(p, t°)
istrue, and false otherwise, for acomplementary

map c.

my(p, t) returns true if the number of occurrences of p
int isat least k, and false otherwise, for apositive
integer k.

mMe.k(p, t) returnstrue if the total number of occurrences
of pintandt®isatleast k, and false otherwise.

For a degenerate pattern p, a pattern matcher m, and
a set S of strings, we denote by L(p, S, m) the subset
of S whose elements are matched by p with m, i.e.
L(p,SSm)={teS|m(p,t) =true}. Whenmisclear
from the context, we omit m and write L (p, S) instead.

We introduce the concept of the ambiguity of de-
generate patterns. The degeneracy of a degenerate
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pattern p = pip2---p, denoted by degen(p), is
defined as the value of ]_['i:1|pi|. For example,
for p = A[C,GH{A G T}HA CJCC, we have
degen(p) = 12. Note that for a degenerate pattern p
of length |, degen(p) = [L.(p, =", Mpasic)|.

HEURISTIC APPROACH

We here present a heuristic approach for finding al of the
top K optimal patterns, based on a pruning technique, for
an arbitrary constant K.

For degenerate patterns p and q and a pattern matcher
m, if L(p, X*, m) C L(g, ¥*, m) then we say that p is
more specific than g and aso that g is more general than
p. Here we define an operation on two degenerate patterns
p and g, which is designed in order to generate a new
degenerate patternr .

DEFINITION 2. For two degenerate patterns p =

pipz---pand g = qu02---q with pi,q € X for
1 < i < I, the superposition of p and q, denoted by
superpose(p, q), is a degenerate patternr = rqrp---r
suchthatri = ppugq forl<i <I.

Note that any of the degenerate patternsr = rqro-- -1
obtained by recursively superposing a degenerate pattern
p = p1p2--- p and arbitrary degenerate patternsis more
general than p w.r.t. appropriate pattern matchers since
riop fori=12,...,1.

Pruning heuristics

Shinohara et al. (2002) gave the definition of a conic
function and showed how to use it for optimal pattern-
finding algorithms enumerating patterns from general to
specific, for the classes of substring patterns, subsequence
patterns and episode patterns.

DEFINITION 3. (Shinohara et al., 2002) A function f :
[0, Xmax] % [0, Ymax] to real numbersissaid to be conic if

for any 0 < y < ymax, there exists an xg such that

- fx,y) = f(x,y)forany0 < x <X < Xo,
— and f(x,y) < f(x,y)foranyxg < x < X <

Xmax s

and for any 0 < X < Xmax, there exists an yp such that

- fx,y) = f(x,yp) forany0 <y <y < yo,
—and f(x,y) < f(x,yp) foranyyo <y <y <

Ymax -

LEMMA 1. Let f bea conic function. Let P and Q be
sets of strings. If Sand T, sets of strings, satisfty SC T,
wehave f(IPNTL|IQNT]) < max{f(|IPN§Y,|QN
S, F(P1QN SN, f(AP NS, [QD, f(PI, 1QD}

[P

Py

tpy

Fig. 1. The four small black points correspond to the four values of
fupper_bound (tPp, fPp, P, Q), respectively. The degenerate patternr
obtained by recursively superposing p and othersis always located
within the square with the four points.

The proof is not hard because it is almost the same asthe
proof of Lemma 2 in (Shinohara et al., 2002). For short,
we denote superpose(- - - superpose(superpose(p, di),
d2), - -, 0n) by superpose(p, i, Gz, - - -, On)-

COROLLARY 1. Let f be a conic function, and let P
and Q be sets of strings. For any degenerate patterns p
and da, g2, . - ., On, l&t 1 = superpose(p, d1, 42, - - -, Gn)-
For a degenerate pattern X, we denote
tpy = [L(X, P, Mpasic)| and fp, = [L(X, Q, Mpasic)|.
Then we have f (tp,, fp,) < fupper_bound(tpp, fpp, P, Q)
where fupper_bound('[pp fpp7 P,Q) = max{f(tp ’fpp),
£(1PL. fpy). (tpy, QD). T(IPI,1QD} (seeFig. 1).

Note that a score function is supposed to be a maximiza-
tion function.

Corollary 1 is a key idea of our heuristic enumerative
algorithm, called SUPERPOSITION, for finding optimal
degenerate patterns for the positive and negative set w.r.t.
aparticular conic score function.

First, SUPERPOSITION extracts al of the substrings
of a specified length | from the positive strings, and then
goes into the superposition phase, in which new patterns
are generated by superposing existing ones. Therefore,
SUPERPOSITION is a sample-driven approach, and
patterns are enumerated from specific to general. In the
superposition phase, when a pattern p is used in superpos-
ing with ancther pattern q, if fuppe,_bound(tpp, fp,, P, Q)
is less than the intermediate optimal score, p is discarded
and the superposition of p and q is canceled, because
from Corollary 1, it holds that al of the patterns obtained
by recursively superposing p and arbitrary patterns mark
at most the value of fupper_bound(tpp, fpp, P, Q) as their
Sscores.
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The details of SUPERPOSITION are given in Figure 2.

Let P and Q be sets of strings, and let | be a positive
integer. It would be easy to see that for a conic score
function f, the algorithm SUPERPOSITION(P, Q, 1)
returns a length-l degenerate pattern which is optimal for
Pand Qw.rt. f.

Notice that for a constant K, it is easy to modify
the algorithm to return the best K patterns instead of
returning one optimal pattern. It can be realized by
using another sorted list for keeping the current best K
patterns. As mentioned before, Shinohara et al. (2002)
have considered the problems of finding optimal patterns
for the classes of substring patterns, subsequence patterns
and episode patterns. Their branch-and-bound algorithm
enumerates patterns from general to specific, which is
a different point with SUPERPOSITION. The reason
why SUPERPOSITION enumerates degenerate patterns
from specific to genera is the practical reason that the
degeneracies of many known consensus motifs are nearer
to the lowest degeneracy 0 than to the highest degeneracy
4. It should be noted here that Bannai et al. (2002)
have recently dealt with the problem called string pattern
regression, in which, given a set of pairs of a string and
a weight, the task is to find the best pattern which is
conserved in a subset of the given sequences for which
the distribution of weights of the subset is most different
from the distribution of weights of the rest. This problem
can be considered to be a natural generalization of the
case where we are given both a positive and negative
string sets, since the weight of a positive (negative, resp.)
string could be set to 1 (—1, resp.). They have presented a
branch-and-bound algorithm for the problem, based on the
algorithm in (Shinoharaet al., 2002), by devising away of
calculating the upper bound of arbitrary patterns derived
from a particular pattern in the situation of string pattern
regression.

Including complements

In this subsection, we describe how to modify SUPERPO-
SITION which takes account of the complements of P in
additionto P.

We then change the pattern matcher mpggc into me.
Recdll that the value of m¢(p,t) is the logical sum of
Mpasic( P, t) and Mpasic(p, t°).

In the case of using m¢, when we generate new
superpositions from existing degenerate patterns patl and
pat2, we should consider the 4 possible patterns, that is,

(i) superpose(patl, pat2),
(i) superpose(patl, pat2°),
(iii) superpose(patl®, pat2),
(iv) superpose(patl®, pat2°).

However, it is clear that (i) is equivalent to (iv)] w.r.t. the
pattern matcher mg, and that (ii) is also equivalent to (iii),
because we have me(p, t) = me(p, t©) for any degenerate
pattern p and string t.

Thus, the following minor modification of SUPERPO-
SITION in Figure 2 makes it possible that SUPERPOSI-
TION can deal with P and the complements of P simul-
taneoudly.

e The 4th line of the algorithm in Figure 2 is replaced
with ‘D = {min{s,s%} | s € ¥'isasubstring of t
or t¢, t € P} Note that the function min returns the
smallest one in lexicographical order from the given
ones.

e The 17th line is replaced with ‘for newPatin
{superpose(patl, pat2), superpose(patl, pat2®)}’ and
the subsequent two lines 18 and 19 are indented.

Restriction on degeneracy

It would be reasonable to restrict the values of the de-
generacy of degenerate patterns to be searched within a
specified upper bound in order to reduce the running time.
Because for usual DNA sequence sets in addition to ran-
dom sequences, almost all of the degenerate patterns with
quite ahigh degeneracy would be not worth searching. For
example, the most general degenerate pattern of length |
over ¥ is &', which is meaningless to be searched. Actu-
ally, this observation is valid for motifs of binding sitesin
yeast, which do not have high degeneracies (for example,
see Zhu and Zhang (1999)).

The next statement is clear from the definition of
superposition.

LEMMA 2. For degenerate patterns p and qy, ..., Qn,
let r = superpose(p, qi, ..., 0n). We have degen(p) <
degen(r).

We therefore modify SUPERPOSITION in the follow-
ing way. Let B be an upper bound on the degeneracies of
degenerate patternsto be searched. If the degeneracy of the
degenerate pattern newPat of the 17th line in Figure 2 is
less than or equal to B, SUPERPOSITION does the same
thing, i.e. carry out the 18th and 19th lines. Otherwise it
skipsthe lines, which contributes toward reducing the run-
ning time directly.

M ore extensions

In this subsection, we describe how to optimize the
length of patterns and the lower bound on the number of
occurrences of patterns, respectively.

Optimizing the length of patterns Note that for any
pattern matcher m among Mpasic, Me, Mk and Mg,
and a degenerate pattern p = pip2---p, if g is a
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1 Input: apattern length |, string sets P and Q.

2 Output: the optimal pattern w.r.t. a specified conic score function f.

3 Procedure: SUPERPOSITION(P, Q, )

4 D ={s|sisasubstringoft,t € P, |s| =1};

5 maxval = —oo;

6 maxPat = ¢; /* ¢ isthe empty string */

7 SortedList S

8 Hash G; /* Keep al of the enumerated patterns */

9 for s € D do (maxVal, maxPat, S) = subroutine(s, P, Q, maxVal, maxPat, S);
10 while (Sis not empty) do

11 (upperBoundl, patl) = S[1]; /* pop the pattern with the maximum upper bound in S*/
12 if upperBound < maxVval then break;

13 SortedList S;

14 forj=2,...,]9 do

15 (upperBound2, pat2) = g[j];

16 if upperBound2 < maxVal then S= S1..j — 1]; break;

17 newPat = superpose(patl, pat2);

18 if newPat ¢ G then

19 (maxVal, maxPat, S') = subroutine(newPat, P, Q, maxVal, maxPat, S);
20 S= S2..|L]]+ S; [/* sorted list concatenation */

21 return maxPat;

1 Procedure: subroutine(Pat, P, Q, maxVal, maxPat, S)

2 tp = |L(Pat, P, Mpasic)|; fp = [L(Pat, Q, Mpasic)|;

3 val = f(tp, fp);

4 if val > maxVal then maxVal = val; maxPat = Pat;

) upperBound = fypper_bound (tP, fp, P, Q);

6 if upperBound > maxVal then push (upperBound, Pat) into S;

7 return (maxval, maxPat, S);

Fig. 2. Algorithm SUPERPOSITION. SortedList, atype of data structure, is alist whose items are kept sorted in decreasing order. Theith
item of aSortedList Scan bereferred as SJi]. The consecutive items of Sfrom theith item to the jthitemisreferred as Sji..j]. The length

of Sisdenoted by |S.

while(3i, |S| > 2) do

Let Sbethe sorted list § such that the upper bound value of S[1] is the maximum among Sj[1]'swith |Sj| > 2

fora<j<h.

Fig. 3. The sorted list which includes the maximum upper bound among &, .. ., S issetto S.

substring of p, thenwehave L(p, ¥*, m) C L(g, &*, m).
Based on this observation, we can give a modification
which makes SUPERPOSITION optimize the length of
degenerate patterns to be searched within a specified
range. For example, in the case of using the pattern
matcher mpagic, the major differences from the original of
SUPERPOSITION in Figure 2 are as follows. Suppose
that the range of lengths of degenerate patterns to be
searched is from a to b. First, we set D = {s |
sisasubstringof t,t € P,|s| = b}, instead of the 4th

linein Figure 2, and prepare SortedList § and Hash G;j,
for each lengthi witha < i < b. The10thlinein Figure 2
isreplaced with thelinesin Figure 3. In addition, just after
the 12th linein Figure 2, thelinesin Figure 4 are inserted.
Note that by similar modifications, SUPERPOSITION can
work for the other pattern matchers.

Optimizing the lower bound on the number of occurrences
of patterns Notice that for an arbitrary degenerate pat-
tern p, we have L(p, Z*, my) € L(p, =*, mk_1) and
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if degen(patl) = 1 then
Letpatl = p1p2--- p
ifl —1>aand pipz---p-1 € Gi—1 then
push p1pz--- p-1into Gy and §_1

Fig. 4. When the degeneracy of a pattern patl of length | is greater
than one, then patl is not passed to G| _1 even if the upper bound
of patl is greater than or equal to the intermediate optimal score
maxVal, in order to avoid enumerating the same degenerate patterns
of length| — 1.

L(p, Z*, mck) € L(p, *, mgk—1). Therefore, by asim-
ilar modification, we can enable SUPERPOSI TION to op-
timize the lower bound k on the number of occurrences of
degenerate patterns.

COMPUTATIONAL EXPERIMENTS

In this section, we will report our preliminary computa-
tional experiments using the algorithm SUPERPOSITION
on regulons of yeast, which are sets of genes co-regulated
by a common transcription factor. We use the regulons re-
ported in the database SCPD (Zhu and Zhang, 1999), in
which for each regulon, the known binding sites are accu-
mulated and compiled.

We here describe the score for measuring the perfor-
mance of a motif-finder, which was proposed by Pevzner
and Sze (2000) and al so used by Sinha and Tompa (2003).
Let S = {S,S,..., S} be aset of positive DNA se-
quences, and let mK and m" be the ‘known’ motif and the
reported motif by an algorithm, respectively. The perfor-
mance score @ is defined as follows:

Yo e M Do |
Yoty M U Ty |

where for a motif m, Iy, is the set of positions in §
occupied by an occurrence of the motif m. Note that in
our experiments, 1« means the positions of sites in §

reported as binding sitesin SCPD.

We compare the performance score of SUPERPOSI-
TION with that of quite a different type of algorithms,
MEME (Bailey and Elkan, 1995) and AlignACE (Roth
et al., 1998), and that of an algorithm similar to SU-
PERPOSITION, YMF (Sinha and Tompa, 2000). MEME
(Bailey and Elkan, 1995) and AlignACE (Roth et al.,
1998) use local search techniques, based on an expec-
tation maximization algorithm and a Gibbs sampling
algorithm, respectively. The motif model that both use
is a weight matrix. YMF (Sinha and Tompa, 2000) is
an enumerative algorithm evaluating degenerate patterns
with high z-scores. As conducted by Sinha and Tompa
(2003), we adso combine YMF with FindExplanators
(Blanchette and Sinha, 2001), which isatool for selecting

oS, m,m =

distinctive motifs from many motifs output by YMF.
For short, we denote this combination by YMF. For the
details of the differences between the three motif-finders,
see Sinha and Tompa's work (Sinha and Tompa, 2003)
of performance comparison of them. A feature common
to the three algorithms and SUPERPOSITION is that
their motif models are all position-specific. We wanted to
include WINNOWER and SP-STAR, which find motif
patterns whose mutations are not position-specific, but it
does not seem to be available for downloading.

The versions of these tools are as follows: MEME is
the version 3.0.4 available at ftp://ftp.sdsc.edu/pub/sdsc/
biology/meme/. AlignACE is the linux version, which
is the current and preferred version, at http://atlas.med.
harvard.edu/download/. YMF can be downloaded from
http://bio.cs.washington.edu/software.html. The current
version of SUPERPOSITION, which is available at
http://www.math.kyushu-u.ac.jp/~om/softwares.html, is
the one without the options for optimizing lengths of
degenerate patterns and the lower bounds on the number
of occurrences of patterns. Note that all source code of
the current version of SUPERPOSITION is written in the
script language ‘python’ (http://www.python.org), which
might be an disadvantage of SUPERPOSITION in the
comparison of the running times of the agorithms. On
a dua Intel Xeon machine with 2G RAM in the default
setting of Turbolinux workstation 8 (kernel version
2.4.18), al of the computational experimentswere carried
out on a single processor.

The 800 bp long upstream regions of genes in the
regulon are extracted and given to each agorithm. The
number of motifs finally reported by an algorithm was set
to be two.

SUPERPOSITION can be parameterized with
(I,d,n,s), where | is the non-spacer length, d is the
upper bound on the degeneracy of the non-spacer, n
is the number of negative strings, and s is the length
of the spacer. The negative strings are generated us
ing the 3rd order Markov model trained on all yeast
upstream regions. To evaluate SUPERPOSITION, it is
executed with various parameter values, for examples,
(,d,n,s) = (8, 8,800, 0), etc. The conic function f we
useinthisexperiment is

tp \* fp \?
f(tp,fp) = — 1- —
1 <|P|> ( |QI> |

where P and Q are the sets of positive and negative
Stl’ings, and tp = |L(pv Ps mC)| and fp = |L(p’ Q9 mC)|
for a degenerate pattern p. Weset o = 0.5and 8 = 2in
this work.

To see how many patterns are pruned, we have intro-

duced the pruning ratio, which is defined as 1 — ¢ where
¢ isthe ratio of the number of the enumerated patterns by
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Table 1. Performance score and time

Regulon SUPERPOSITION YMF MEME AlignACE
size {,d,n,s) ratio optimal dg time oy time dm time [oFY time
ABF1 19 6,2,400,6 0.764 TCANSACG 0.31 2459 0.31 19 0.25 968 0.04 189
BAS1 6 6,4,400,0 0.906 GGTACC 0.00 1355 0.17 18 0.04 113 0.02 12
CAR1 12 6,2,400,0 0.856 CCGCSG 0.23 1444 0.29 6 0.46 476 0.01 54
CPF1 3 7,8,800,0 0.999 CACGTGM 0.91 259 0.62 16 0.62 37 0.00 6
CSRE 4 6,8,400,0 0.987 CGGN®GGA 0.28 719 0.28 19 0.32 68 0.24 9
GAL4 6 6,8,400,11 0.992 cGsNlsce 0.71 473 0.61 24 0.66 105 0.64 32
GATA 4 6,8,400,0 0.956 CGCTTA 0.18 1262 0.40 20 0.13 90 0.39 13
GCN4 9 6,4,400,0 0.883 GAGTCA 0.31 2332 0.33 15 0.02 291 0.28 33
GCR1 6 6,4,400,0 0.998 CGGGAY 0.02 941 0.04 22 0.29 113 0.02 29
GLN3 3 6,8,400,0 0.997 CCGACG 0.00 92 0.00 8 0.00 38 0.00 10
HAP1 5 6,4,800,6 0.901 CCGNécYC 0.31 487 0.15 17 0.03 91 0.03 10
HAP2 4 6,4,400,0 0.961 ATGGCC 0.00 527 0.00 20 0.07 66 0.03 10
HSE 6 6,4,400,2 0.937 ACCNNGCS 0.00 1373 0.26 10 0.18 88 0.27 13
MATA1 3 8,4,400,0 0.998 AATTAGGA 0.17 1453 0.19 21 0.20 34 0.11 9
MATAZ2 7 6,4,400,0 0.907 CCATGT 0.08 1336 0.32 23 0.36 164 0.03 22
MCB 6 6,4,400,0 0,974 ACGCGT 0.67 216 0.67 24 0.09 23 0.48 19
MCM1 23 6,2,400,6 0.778 RCCNOGGA 0.26 4290 0.26 23 0.43 1044 0.42 156
MIG1 9 6,2,800,0 0.892 CCGNBGSG 0.03 951 0.28 28 0.00 300 0.02 114
PDR3 7 8,2,400,0 0.993 TCCGYGGA 0.78 1821 0.78 31 0.41 208 0.49 16
PHO2 3 6,8,800,0 0.989 CCGGAG 0.06 844 0.00 9 0.00 45 0.00 5
PHO4 5 7,4,400,0 0.997 CACGTGS 0.20 73 0.26 22 0.16 70 0.15 14
RAP1 16 6,2,400,0 0.784 Cccsce 0.01 2063 0.17 13 0.23 661 0.19 87
REB1 14 6,4,400,0 0.841 CGGGTA 0.31 3231 0.32 12 0.26 520 0.00 66
ROX1 3 8,2,400,0 0.997 ATCGKCCG 0.00 746 0.07 20 0.03 47 0.16 8
RPA 3 6,8,400,6 0.998 CGGNBGCC 0.20 67 0.12 23 0.00 47 0.00 8
SCB 3 7,8,400,0 0.998 TCGCGAA 0.08 124 0.35 9 0.28 45 0.44 5
SFF 3 6,8,400,0 0.994 GCCCGK 0.04 158 0.06 27 0.04 45 0.09 13
STE12 4 6,4,400,0 0.959 CCGAGA 0.00 332 0.33 9 0.00 82 0.37 12
TBP 17 6,2,400,0 0.773 CCGGRG 0.00 3743 0.00 11 0.00 750 0.00 106
UASCAR 3 8,4,400,0 0.999 CGCCGSTM 0.00 386 0.02 10 0.13 46 0.04 12
UASH 18 6,4,400,0 0.908 GCCGCC 0.00 1605 0.01 15 0.00 860 0.00 111
UASPHR 17 6,2,400,0 0.782 GGCAAC 0.01 2399 0.04 13 0.02 836 0.05 108
uIs 3 6,8,400,0 0.995 CACCGC 0.08 190 0.24 23 0.35 47 0.20 8
URSIH 13 7,4,400,0 0.981 TAGCCGC 0.59 1828 0.55 27 0.67 496 0.40 67
Wins 7 9 10 4
® > 025 11 18 13 10
® > 0.50 5 5 3 1
® >0.75 2 1 0 0

The column *size’ shows the number of genes in each regulon. The columns labeled ®s, @y, Pm and P4 show the performance scores of
SUPERPOSITION, YMF, MEME and AlignACE, respectively. For each regulon, the highest performance score is underlined if it is above 0.10. The
columns ‘time’ give the running time of one execution of the algorithms, in seconds. The columns (1, d, n, s), ‘ratio’ and ‘optimal’ are the parameter values

of SUPERPOSITION, the pruning ratios and the optimal pattern, respectivel

SUPERPOSITION to the number of degenerate patterns
in the search space. Note that the enumerated patterns are
the union of D defined in Figure 2, that is, the substrings
extracted from the positive strings, and the generated pat-
terns by superposing existing ones.

The parameter settings of the other algorithms are the
same as Sinha and Tompa's performance comparison
work (Sinha and Tompa, 2003). YMF is executed with
three parameter sets. (I, 1,4, 1t) (6,11, 2, 1000),

y

(7,0,2,1000) and (8,0, 2,1000), where | is the total
length of the non-spacer parts, A is the upper bound
on the length of the spacer, § is the maximum number
of degenerate symbols, and t is the number of motifs
output. MEME is run with the parameters minw = 6 and
maxw = 17 which specify the range of lengths of motifs
to be search. The parameter mod = tcm, which means
multiple occurrences are allowed. AlignACE is run with
numcols = 6 and oversample = 2.
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Finding optimal degenerate patterns

The experiments were carried out for all 34 regulons
in SCPD that have at least three genes. The results are
presented in Table 1, in which for each regulon and each
algorithm, the best performance score is written.

DISCUSSION

Comparing the performance scores of the four algorithms,
SUPERPOSITION outperforms any of YMF, MEME and
AlignACE on 7 of the 34 regulons, as shown in the row
labeled by ‘Wins' of Tablel. YMF, MEME and AlignACE
win 9, 10 and 4, respectively. From this result, YMF and
MEME look better than the others.

On the other hand, the last three rows of Table 1 show
the number of the performance scores greater than or equal
to thresholds 0.25, 0.5, and 0.75, respectively. From these
data, it seems that SUPERPOSITION and YMF have a
potential for identification of highly accurate motifs.

A drawback of SUPERPOSITION would be the running
time. Compared with the time of the other tools, the time
of SUPERPOSITION is definitely long. However, they all
seem to be dtill practical and there is a guarantee that the
found degenerate patterns are optimal in the search space
w.r.t. the specified score function.

As an additional information on the performance of
SUPERPOSITION, the pruning ratio for each regulon is
also provided in Table 1. We can see that about 90% of
the search space is pruned in most of the executions of
SUPERPOSITION.

A future work is to devise a pruning algorithm for
finding composite patterns, that is a combination of single
motif patterns with additional attributes, for example, a
constraint on the gap between the running occurrences of
the single patterns and an order condition of occurrences
of the patterns, etc. We can expect such an algorithm to
find more accurate motifs since a composite motif is more
discriminative in classifying the given strings (see for
example, Pavlidis et al., 2001; Marsan and Sagot, 2000;
Liu et al., 2001; Maruyamaet al., 2002).
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