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Abstract

The recognition of regulatory motifs of co-regulated
genes is essential for understanding the regulatory mecha-
nisms. However, the automatic extraction of regulatory mo-
tifs from a given data set of the upstream non-coding
DNA sequences of a family of co-regulated genes is dif-
ficult because regulatory motifs are often subtle and
inexact. This problem is further complicated by the cor-
ruption of the data sets. In this paper, a new approach
called Mismatch-allowed Probabilistic Suffix Tree Mo-
tif Extraction (MISAE) is proposed. It combines the
mismatch-allowed probabilistic suffix tree that is a proba-
bilistic model and local prediction for the extraction of reg-
ulatory motifs. The proposed approach is tested on 15
co-regulated gene families and compares favorably with
other state-of-the-art approaches. Moreover, MISAE per-
forms well on “corrupted” data sets. It is able to ex-
tract the motif from a “corrupted” data set with less
than one fourth of the sequences containing the real mo-
tif.

1. Introduction

With the accumulation of gene expression data and ge-
nomic sequence data, it is possible to discover tran-
scriptional regulatory mechanisms using computational
approaches. Regulatory motifs are conserved short sub-
sequences in the upstream non-coding DNA sequences,
shared by a family of co-regulated genes, which are bound
by the transcription factors to activate or repress gene ex-
pressions. Therefore, regulatory motifs are also called tran-
scription factor binding sites. Extracting regulatory motifs
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is an important problem in biology because the recog-
nition of regulatory motifs is essential to understand the
regulatory mechanisms of gene expression. However, au-
tomatically extracting regulatory motifs from a set of sam-
ple upstream sequences with computational approaches is
by no means a simple, straightforward problem. Regula-
tory motifs are often very subtle, signals of which are unre-
markable compared to the signals of some random motifs
presented in the samples [7]. Moreover, a regulatory mo-
tif often appears in different sequences with mismatches,
insertions, and deletions. Another issue making this prob-
lem more complicated is the corruption of the samples. In a
corrupted sample data set, only a part of the sequences con-
tain the regulatory motifs, which makes the regulatory
motifs harder to be discovered.

Many approaches have been proposed for regulatory mo-
tif extraction. Generally, these approaches can be divided
into two categories: the approaches based on word-counting
[6, 13] and the approaches based on probabilistic mod-
els [5, 9, 11, 15, 3, 8, 1]. The approaches based on word-
counting calculate the frequency of oligonucleotides to de-
tect over-represented motifs. The approaches in this cate-
gory use a variety of strategies to speed up counting. For
example, Vanet et al. [14] use suffix trees to count and store
the occurrences of oligonucleotides and then detect motifs.
In the approaches based on probabilistic models, the motifs
are often represented by position probability matrices while
the remainder of sequences are represented by background
models. Maximum likelihood estimation in the forms of Ex-
pectation Maximization (EM) and Gibbs sampling is ap-
plied in these approaches to estimate the position proba-
bility matrices representing motifs. While the approaches
based on word-counting find global solutions for the mo-
tif extraction problem, the approaches based on probabilis-
tic models lead to local solutions. Dyad [4] , Gibbs Motif
Sampler [12] and MEME [1] are among the best available
approaches for regulatory motif extraction so far. The for-
mer is based on word-counting. The latter two are based on
probability models.
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In this paper, we propose a new probabilistic model
based approach called Mismatch-allowed Probabilistic Suf-
fix Tree Motif Extraction (MISAE) for regulatory motif ex-
traction, which combines the mismatch-allowed probabil-
ity suffix tree and local prediction. We test MISAE on the
sample data sets of the upstream DNA sequences of 15
yeast co-regulated gene families and different sets of ’cor-
rupted” samples, and compare the results with those of other
state-of-the-art approaches dyad, Gibbs Motif Sampler and
MEME. MISAE compares favorably with these approaches
in our experiments. It successfully finds motifs in 14 data
sets. Moreover, MISAE performs very well on “corrupted”
sample sets. It can discover the regulatory motif in a set that
consists of only 8 sequences containing the motif and 25 ir-
relevant sequences while all the other approaches fail to pro-
duce any meaningful results on the same set.

The rest of this paper is organized as follows: Section
2 describes the method used in MISAE. Section 3 presents
the experimental results and compares the results of our ap-
proach MISAE with those of other approaches. In Section
4, we discuss the related issues of MISAE. The last section
concludes this paper.

2. Method

The approach MISAE uses a probabilistic model, the
mismatch-allowed probabilistic suffix tree that is enhanced
from the probabilistic suffix tree, and local prediction based
on the probabilistic model to extract patterns with the high-
est likelihood scores from input data sets. Those patterns
are possible regulatory motifs. The input data of MISAE are
sets of upstream non-coding DNA sequences. MISAE finds
the subsequences with the highest similarity scores from the
sequences and output the subsequences along with the asso-
ciated scores and and position probability matrices.

To illustrate MISAE, we first introduce the concepts of
the probabilistic suffix tree (PST), mismatch-allowed prob-
abilistic suffix tree (M-PST), and local prediction; then de-
scribe the approach followed in MISAE. Some definitions
are given at first:

Definition 1. Given a sequence S of length m, i.e. S =
51...8m, Si..j,1 <14 < j < m denotes the subsequence
s; ... 8; starting at position ¢ and ending at position j.

Definition 2. P(s;1|s1---s;) denotes the conditional prob-

ability distribution of observing symbol s;;; given that the
preceding segments are: sp - - - ;.

2.1. Probabilistic suffix trees

The M-PST used in MISAE is an enhanced form of the
PST that is equivalent to the variable order Markov chain
with smaller time and space complexity [2]. Therefore, we
first introduce the PST.

(.05, 4,.05, 4,.1)

(.05, .5,

15,.2,.1)

(1,.1,.35, 35, .1) (.05, .25, 4, .25, .05)

(6,.1,.1,.1,.1)

Figure 1. An example of the PST. The vector of
each node keeps the probability distribution of
next symbols. For instance, the probability distri-
bution of next symbols given the preceding seg-
ment as ca is 0.05, 0.4, 0.05, 0.4 and 0.1 for a,b,c,d
and r, respectively.

The probabilistic suffix tree, also called prediction suf-
fix tree, is a stochastic model using the suffix tree as the
index structure. It is a compact representation of the con-
ditional probability distribution for a set of sequences. The
PST is based on the “short memory” feature of biological
sequences. That is, in a biological sequence, the empirical
probability distribution of the next symbol given the pre-
ceding segment can be accurately approximated by observ-
ing no more than the last L symbols in that segment, e.g. in
a sequence S, P(Si+1|51 e Si) = P(5i+1|5i—L+1 e SZ'),
1> L.

A PST is a rooted tree. A node z of a PST is associated
with a probability vector that stores the probability distri-
butions of possible next symbols Y;qpe;(2)(6) given the la-
bel of the node label(x) as the preceding segment and 6 as
the next symbol. A PST has a specified depth bound L. The
PST can be built from a set of unaligned sequences in linear
time [2]. An example of PST with depth 3 over the alpha-
bet ¥ = {a,b,c,d,r} is shown in Figure 1 (adopted from
[2D).

After building a PST from a set of sequences, the prob-
ability of a symbol in the sequence can be predicted by
searching the PST to find the longest suffix of the preced-
ing subsequence of that symbol. The probability of the en-
tire sequence can be predicted by multiplying the proba-
bilities of each symbol in the sequence. Such prediction is
called global prediction. For example, the probability of a
sequence abracadabra based on the PST in Figure 1 can
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be computed as follows:

P(abracadabra)

= P(a)P(bla)P(r|ab)P(a|abr)P(c|abra) - -
P(a|abracadabr)

= Yroot(@)Va(b)Vroot (r)Vr(a)Vora(c) - - - vr(a)

where the underlined subsequences represent the longest
suffices that appear in the PST in Figure 1.

To predict the similarity of a sequence to the sequences
modelled by a PST, we need to compare the probability of
the sequence generated by the PST with the background
probability that is the probability of the sequence generated
by random distributions. For a sequence S = s - - - S, the
similarity scores are defined as follows:

Ppsr(silsi -+ si—1)

sim(s;) = FE—
sim(S) = PPPzT(f;)

H1§i§m Ppsr(si|s1---si—1)
ngigm Prandom(si)

H sim(s;]s1 - Si—1)

1<i<m

where Ppgr(6) denotes the probability derived from a PST
while Pqndom () represents the background probability..

2.2. Mismatch-allowed probabilistic suffix trees

The regulatory motif occurrences in different sequences
are often inexact, and some regulatory motifs contain gaps.
In a motif containing gaps and mismatches, the proba-
bility of observing a symbol at a position may not de-
pend on the immediately preceding symbols. Instead, it
may depend on symbols that are several positions away
from this position. For example, for a regulatory motif like
AAGCn(2)TCGG, where n(2) denotes 2 positions that
can be any symbol, the probability of observing 7" in this
motif depends on the preceding segments two positions left
of it. Based on the above facts, we propose the M-PST,
which keeps records of such probabilities, as the probabilis-
tic model used in MISAE.

In the M-PST, the probabilities stored in a node x are
Viabel(z)n(k)(0),0 < k < Mismatchpa, that are the prob-
abilities of observing 6 given label(x)n(k) as the preced-
ing segments, where the preceding segments consist of the
label of the node x and a short sequence of length k that
can be any symbol. Mismatch,,q; is the predefined maxi-
mal number of allowed continuous mismatches. Each node
in the M-PST stores Mismatch,q, + 1 vectors of proba-
bilities. When M ismatch,,q, is set to 0, mismatch is not
allowed in the construction of the M-PST. In this case, the

M-PST is equivalent to the original PST. The advantage of
the M-PST is that it is more sensitive to extract the motifs
containing mismatches and gaps.

The algorithm to construct the M-PST represents a mod-
ified version of the algorithm to construct PST. It still has
linear time complexity. During the construction of an M-
PST from a set of sequences, for each node x labelled with
label(x) we need to count the occurrences of symbols in
each position that is ¢,0 < ¢ < Mismatchy,,, positions
away to right of the the string label(x) occurring in each se-
quence, and calculate Mismatch ., + 1 probability vec-
tors accordingly. Moreover, in the construction a new pa-
rameter OC'Cyrn needs to be specified. For a node x in
an M-PST, the string label(6) must occur in all sequences
not less than OC'C;rn times. Otherwise, the node will be
pruned during the construction. By specifying this parame-
ter we can avoid searching the subsequences that occur only
a small number (relative to the total number of sequences
in the set) of times. For motif extraction, only the subse-
quences occurring frequently in the sample set are consid-
ered. Therefore eliminating the nodes that represent the sub-
sequences occurring very few times (e.g. less than OCCli1,
times) would not affect the results of motif extraction.

2.3. Local prediction with M-PST

The motifs in a set of sequences are over-represented pat-
terns, therefore they are likely subsequences with the high-
est similarity scores that are calculated based on the prob-
abilistic model built from the set of sequences. In a func-
tional region, such as a domain or a motif, the probabil-
ity of observing a symbol at a certain position in this re-
gion depends only on the preceding segments within the
region. For example, in a sequence abracadabra, where a
motif starts from the fourth position (marked by underline),
the probability of observing c in the fifth position is more
likely to be P(c|a) rather than P(c|abra) where bra, part
of abra, is outside the functional region. So in MISAE we
use local prediction to predict the similarity scores of sub-
sequences. In local prediction, when we calculate the simi-
larity score of a subsequence, only the symbols within that
subsequence are considered. To find the subsequences of a
sequence S = sj - - - Sy, With highest similarity scores, we
consider all the subsequences 5; ;,1 < i < 57 < m and
use local prediction to calculate the similarity scores.

If we do not consider the mismatches, the scores can be
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calculated as follows:

szm(SlJ)
Ppsr(si- - 8j-15;)

P’r‘undom(si te Sj—lsj)
Ppst(si)Ppst(sit1]si) - - - Ppsr(sjlsi - sj-1)
Prandom(si)Prandom(Si+1) et Prandom(sj)
Ppsr(s;lsi--sj-1)
Prandom(sj)

= SZm(SZJ_l) X

Because we use logarithm of the scores in our implemen-
tation, a parameter d (d > 1) is introduced to prevent
the similarity scores of the subsequences generated by ran-
dom probability distribution from being much larger than
1. Therefore the actual function to compute the similarity
scores is as follows:

Ppsr(sjlsi--sj-1)
Prandom(sj) xd

SZm(SZJ) = sim(Si,,,j,l) X
To allow mismatches, we can perform local prediction

based on the M-PST. The function to compute the similar-
ity scores is changed as follows:

Sim(si...j)

Ppsr(sjlsi---sj—xkn(k))
Prandom(sj) X d

max([sim(S;.. j—k) X penalty™*, stm(S;.. j—1))]]

1<k<Mismatchmaz

where L is the depth of the M-PST, and penalty is the mis-
match penalty. For each mismatch n allowed in the predic-
tion, the score of the subsequence is multiplied by m
(penalty > 1).

In MISAE, we compute the similarity score
sim(S;..;),1 < i < j < m for each subsequence of
one sequence using the above equation. Although the num-
ber of the subsequences of one sequence is exponential to
the length of the sequence, the local prediction to compute
similarity scores for all the subsequences can still be fin-
ished in linear time. At a position ¢, we retrieve all the prob-
ability vectors of the nodes on the path in the M-PST when
searching the longest suffix of s - - - s;_1. Thus one traver-
sal of the M-PST at position ¢ provides the necessary prob-
abilities to compute the similarity scores for all the sub-
sequences including the position ¢. Therefore, to compute
the similarity score of all the subsequences of a se-
quence of length m, we need to scan the sequence only
once. And at each position of the sequence we tra-
verse the M-PST only once to retrieve all the necessary
probabilities. So the time complexity of the local predic-
tion to compute similarity scores for all the subsequences
of a sequence based on the M-PST is O(Lm) where L
is the depth of the M-PST and m is the length of the se-
quence.

2.4. Motif extraction with the M-PST and local
prediction

MISAE finds the subsequence with the highest similar-
ity score in each sequence compared with the remaining se-
quences. For each sequence in the given data set, an M-PST
is constructed from the remaining sequences. Then the lo-
cal prediction is performed to find the most conserved pat-
tern in the sequence which is the subsequence with the high-
est similarity score based on the M-PST constructed from
the remaining sequences. This procedure is repeated for all
the sequences. The patterns with the highest scores among
all the patterns found are selected and outputted. The length
of the patterns can be minimized by adjusting the parame-
ters (penalty, OCCyrrn, and/or d).

2.5. Timecomplexity of MISAE

Let [ be the average length of the sample sequences,
t be the size of the sample set, > be the alphabet, L be
the depth of the M-PST, and M be the maximum num-
ber of continuous mismatches Mismatch,,... The con-
struction of an M-PST takes O(|X|itM) time. To find the
subsequence with the highest score from one sequence of
length m with local prediction based on the M-PST takes
O(LmM) time. Therefore, the time complexity of the over-
all procedure of extracting motifs from a set of sequences is
O(|Z|t3IM + LtIM).

3. Experimental Evaluation

We implement the proposed algorithm in C++ and test
it on 15 sets of upstream DNA sequences of 15 yeast co-
regulated gene families with known regulatory motifs to
evaluate the performance of our approach for regulatory
motif extraction. We also test MISAE on some artificially
“corrupted” data sets to evaluate its robustness. Besides,
we compare the results of MISAE with those of other ap-
proaches including dyad, Gibbs Motif Sampler and MEME.

3.1. Experiments on 15 yeast co-regulated gene
families

The 15 data sets used in the experiments are collected
from literature [4, 10]. Each of the data sets consists of sev-
eral upstream DNA sequences of a family of co-regulated
genes in yeast. The names of the families are listed in Ta-
ble 1.

The upstream sequences in yeast often have high AT con-
tent. Without pre-processing the data sets, the outputs would
include the tandem repeat patterns such as AT AT AT A,
AAAAA, and TTTTT that more likely result from the
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Table 1: List of 15 yeast co-regulated gene families.

name indicates the number of sequences in each
upstream sequences are selected from.

The number in the parentheses following each family
data sets. The third column shows the regions those

Annotation Families Regions of upstream sequences
Regulated by Zn cluster factors GAL4(6),LEU(5), LYS(6), PDR(7), PPR1(3), UGA3(3) -1 to -800
UME®6(25)
Regulated by non-Zn cluster factors | NIT(7), MET(11), PHO(5), GCN4(38), INO(7), YAP(16) -1 to -800
Cytoplasmic ribosomal proteins CRIBOSOME(122) -1 to -1000
Nucleosome complex proteins NUCLEO(8) -1 to -1000

high AT content rather than true indicators of the family-
specific regulations. Therefore in the experiments, before
beginning the tests, we filter out these tandem repeat pat-
terns from the data sets.

The test results of MISAE on 15 data sets are shown in
Table 2. Our approach MISAE successfully extracts mo-
tifs from 14 data sets which cover the known motifs. For
12 among the 15 data sets, the known motifs are identi-
fied within the top 2 significant patterns. For 2 data sets, the
known motifs are covered by the less significant patterns
(ranked 3 to 5). MISAE is not able to discover the motif for
the PPR1 family which contains only 3 genes. This illus-
trates a limit in the sensitivity of our approach: the sample
data set must have sufficient sequences for the shared mo-
tif to be discovered as a significant pattern. In general, our
approach is sensitive to the data sets containing a relatively
large number of sequences (i.e. larger than 5). Note that for
some of the families, such as UMET®6, the reverse comple-
ment of the known motif is also identified by MISAE in ad-
dition to the motif itself. The results also show that our ap-
proach is able to find inexact and mismatch-allowed motifs.
The LYS family has an inexact regulatory motif containing
one mismatch. MISAE identifies the motif for the family as
the top ranked pattern. Likewise, our approach also finds the
inexact motifs for the GAL4 and LEU3 families. Our exper-
iments also show that MISAE is very efficient. For a data set
with 8 sequences of average length 1000, MISAE takes only
7 seconds to extract the motifs on a SunBlade 1000 work-
station.

The results of other approaches, dyad, Gibbs Motif Sam-
pler and MEME, on the same data sets are shown in Table 3.
MISAE performs better than the probabilistic model based
approaches MEME and Gibbs Motif Sampler and as well
as dyad. Gibbs Motif Sampler only finds motifs for 7 fami-
lies among 15. MEME discovers motifs for 9 families. For
both Gibbs Motif Sampler and MEME, the range of lengths
of the motifs need to be specified before the experiment. It
seems that Gibbs Motif Sampler is affected greatly by the
high AT content in the yeast non-coding regions and tends
to find patterns with a large number of As and T's. Dyad

finds the matching patterns for all the data sets when the fre-
quencies measured in the whole non-coding regions of the
yeast genome is used as the expected dyad frequencies in
the experiments. Compared to dyad, MISAE only uses the
background probabilities derived from the input data set. If
the expected frequencies are directly derived from the in-
put sequences, dyad fails to find motifs for several families,
such as HAP1, UGA3 and NUCLEO. Besides, for some of
the families regulated by non-Zn cluster factors, e.g. YAP
and INO, the patterns discovered by dyad are not as good as
MISAE.

3.2. Experimentson “corrupted” data sets

In above experiments, all the DNA sequences in a data
set contain the same motifs. However, in some situations,
the data sets for motif extraction may include some se-
quences not containing the motifs. Such data sets are called
“corrupted” data sets. For example, sometimes the motif ex-
traction are performed on the co-expressed genes extracted
from microarray data. Those co-expressed genes may not be
co-regulated, and the data sets could include the sequences
that do not contain the regulatory motifs. To evaluate the
ability of MISAE to handle the “corrupted” data sets, we
test it on several artificially “corrupted” data sets. The “cor-
rupted” data sets are made by adding irrelevant sequences
into the data set of UME6 family. The ratios of the number
of the irrelevant sequences to the number of the sequences
containing motifs vary from 8 : 25 to 25 : 6. The results are
shown in Table 4. The results of the other approaches, dyad
and MEME, on the same “corrupted” data sets are shown in
Table 5. Gibbs Motif Sampler is not tested in such experi-
ments because it fails to find motifs for UMEG6 family.

Although he other two approaches also show some good
results in the experiments on the “corrupted” data, MISAE
performs better than the other two approaches.

MISAE shows very good robustness in terms of handling
“corrupted” data sets. It successfully discovers the correct
motif as the top ranked pattern in the first 3 tests which con-
tains 25 sequences containing the motif and up to 25 irrel-
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Table 2: Summary of the results of the regulatory motif extraction using MISAE on 15 data sets. The sec-
ond and third columns of the table show the known motifs and the patterns discovered by MISAE that
match the known motifs. If a pattern is followed by (reverse complement), that means the reverse com-
plement of that pattern matches the known motifs. The fourth and fifth columns show the scores of the
matched patterns and the ranks of the matched patterns within all the significant patterns discovered by
MISAE. For all the above experiments, the depth of the M-PST and the penalty of the mismatches are set
as follows: L = 10, penalty = 1.5. The optimized values of the three parameters used in the tests for each
data set are shown in the sixth column. OCC,;;n and Mismatch,,,, are denoted by Om and Mis, respec-

tively.
Name Known motifs Matching patterns found by MISAE Score | Rank | Parameters
d,Om, Mis
LEU3 RCCGGnnCCGGY TGCGCCGGAACCGGCCC 0.748 2 23,4,9
PPR1 WYCGGnnWWYKCCGAW none
YAP1 TTACTAA repeat of TTAGTAA (reverse complement) | 0.4027 1 1.9,10,0
TTACTAA

UGA3 AAARCCGCSGGCGGSAWT CGCGGGCGGGATTCC 0.3579 2 2.33,2,0

GAL4 CGGRnnRCYnYnCnCCG CACCGGCGGTCTTTCGTCCGTGCG 0.3756 1 2.7,4,9

LYS WWWTCCRnYGGAWWW CAAATTCCGnCGGAAT 0.4377 1 2.3,4,10

MET AAAACTGTGG AAACTGTGGCGT 0.9130 1 1.9,4,0

PHO GCACGTTTT ATTAGCACGTTTTCGCATA 1.065 1 22,4,4

PDR TYTCCGCGGARY TTTCCGCGGA 1.434 2 1.95,4,0

TCCGTGGA TCCGTGGAAA 1.445 1
UME6 TAGCCGCCGA TAGCCGCCGAAG 0.5312 1 1.8,10,4
TCGGCGGCTA GGCGGCTAA 0.4601 3
GCN4 RRTGACTCTTT GTGACTCACTT 0.6816 5 1.5,20,4
INO CATGTGAAWT TTCACATGGA (reverse complement) 0.6713 5 1.9,4,0
TCCATGTGAA

NIT GATAAG TAAGATAAGAAAGATAAGATAAGA 1.07 1 2.32,5,4

CRIBSOME TTTACATCCATACATTTT TACATCCGTACAT 0.66 2 1.9,12,4

NUCLEO TTACCACCG CTTTACCACCGTTACCACC 1.35 1 2.6,6.,4

evant sequences. For the data set consisting of 25 irrelevant
sequences and only 18 motif-containing sequences (UMEG6-
18-25), MISAE still finds the motif correctly. For the data
set consisting of only 12 or 8 motif-containing sequences
and 25 irrelevant sequences (UME6-12-25 and UME6-8-
25), MISAE finds the reverse complement of the true mo-
tif as the top ranked pattern. MISAE fails to find meaning-

ful patterns when the number of the motif-containing se-
quences is reduced to 6 against 25 irrelevant sequences in
the data set. MISAE is able to find the motif from the data
set with less than i of the sequences containing that mo-
tif, which illustrates its strong ability to handle “corrupted”

data sets.

Dyad fails to find matching patterns when the number of
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Table 3: Summary of the results of dyad, Gibbs Motif Sampler and MEME on 15 data sets. The second,
third and fourth columns of the table show the results of dyad, Gibbs Motif Sampler and MEME, respec-
tively. The number before a pattern denotes the rank of the pattern in all the outputs of the approach for
that data set. If a pattern is followed by (reverse complement), that means the reverse complement of the
pattern matches the known motifs. dyad is tested with the option "non-coding dyad frequency calibra-
tion”. Because the outputs of Gibbs Motif Sampler are not consensus patterns but probability matrices
and local alignments, we show if the known motifs are covered by the outputs of Gibbes Sampler. Be-
cuase the web server of MEME refuses to accept data sets containing more than 60,000 symbols, it is not

known if MEME can find correct motifs for CRIBSOME family.

Name Known motifs Discovered matching If discovered by Discovered matching
patterns by dyad Gibbs Motif Sampler patterns by MEME
LEU3 RCCGGnnCCGGY 1. ACCGGCGCCGGT No CCGGGACCGGC
PPR1 WYCGGnnWWYKCCGAW 2. CGGnnnnnnCCG Yes TCGGCATTCTCCGA
YAP1 TTACTAA 2. GCTnnnTAA Yes None
UGA3 AAARCCGCSGGCGGSAWT 3. GCCGCCGnCGGC Yes 1. CAAAAACCGCGGGCGGGA
GAL4 CGGRnnRCYnYnCnCCG 1. TCGGAnnnnnnnnnTCCGA Yes 1. CGGAGGACTCTCCCCCG
LYS WWWTCCRnYGGAWWW 1. AAATTCCG Yes 1. TTTTCCAGCGGAATTTCGC
MET AAAACTGTGG 2. AAATCTGGC No 1. GAAAACTGTGG
PHO GCACGTTTT 1. GTCGACGTGCAG No None
PDR TYTCCGCGGARY 1. TTCCGCGGAA No None
TCCGTGGA
UMEG6 TAGCCGCCGA 1. TAGCCCGCCA No 1. CTGGGCGGCTAAAT
TCGGCGGCTA (reverse complement)
2. TAGCCGCCGAAG
GCN4 RRTGACTCTTT 1. TGAGTCAT No None
(reverse complement)
INO CATGTGAAWT 1. CACATGTG Yes 1. TTTCACATGCCCC
(reverse complement)
NIT GATAAG 1. TCTTATC Yes None
(reverse complement)
CRIBSOME TTTACATCCATACATTTT 2. GATGTACGGATGT No N/A
(reverse complement)
NUCLEO TTACCACCG 1. ACCACC No None

sequences containing motifs is reduced to 12 against 25 ir-
relevant sequences. MEME fails to find matching patterns
when the the number of sequences containing motifs is re-
duced to 12 while MISAE can still find the motif at the same
time.

4. Discussion

As a probabilistic model based approach, MISAE finds
the most probable motifs from the data sets without know-
ing the length of the motifs. The range of lengths of the mo-

tifs is not needed to be specified before the experiments.
However, the parameters of MISAE need to be optimized
in the experiments to make MISAE performs best and mini-
mize the length of the output patterns. Mismatch,q, is the
parameter to be specified to construct the M-PST. Based on
the value of Mismatch,,q., MISAE works in two modes:
non-mismatch allowed mode and mismatch allowed mode.
When Mismatch,,., is set to 0, MISAE works in non-
mismatch mode. In this mode, MISAE performs better on
the data sets that have short, exact motifs, e.g. MET, YAPI.
When Mismatchy,,, is set to larger than 0, MISAE works

Proceedings of the 2004 IEEE Computational Systems Bioinformatics Conference (CSB 2004)
0-7695-2194-0/04 $20.00 © 2004 IEEE

YF]',F.

COMPUTER

SOCIETY



Table 4: Summary of the results of MISAE on “corrupted” data sets (Mismatch,q = 4).

Name of Number of sequences Number of Rank of the pattern Parameters
data sets containing the motif | irrelevant sequences | matching the motif d OCCuyiN penalty
UME6-25-8 25 8 1 1.8 12 2.0
UME6-25-16 25 16 1 1.8 12 2.0
UME6-25-25 25 25 1 1.8 12 2.0
UME6-18-25 18 25 1 1.8 12 2.0
UME6-12-25 12 25 1 1.8 8 2.0
(reverse complement)
UMEG6-8-25 8 25 1 1.8 7 2.0
(reverse complement)
UME6-6-25 6 25 not found 1.8 5 2.0

Table 5: Summary of the result of dyad and MEME on “corrupted” data sets (Mismatchq. = 4).

Name of Discovered matching Discovered matching
data sets patterns by dyad patterns by MEME
UME6-25-16 TAGCCGCCGA 1. GTCGGCGGCTA
reverse complement
UME6-25-25 TAGCCGCCGA TAGCCGCCGAAG
UME6-18-25 GCCGCCG 1. TTCGGCGGCTAAAT
2.AGCCGCCGGCG
UME6-12-25 None 3. GTG(/C)GG(/A)CGGCT(/A)A
UME&6-8-25 None None
UMEG6-6-25 None None

in non-mismatch mode. It performs better on the data sets
that have long and/or inexact motifs in this mode. In this
mode, Mismatch,,q, 1s best set to 4 or 10 based on the
experiments. The parameter d is usually chosen from the
range (1,3] and OC'C)y;,, needs to be larger than 0. When
larger values of d and OC'C)y;, are chosen, the lengths of
the found patterns become shorter until no pattern is found.
Therefore, the experiments should begin with small values
of d and OCCy;,, until the patterns with minimal lengths
are found. A possible future improvement of our approach
is the automatic optimization of the parameters for the ex-
periments.

When the preknowledge of the the frequencies measured
in the whole non-coding regions of the genome is incorpo-
rated, dyad generates best results in the experiments on 15
yeast gene families. The other approaches do not use such
preknowledge in the experiments. It is possible the perfor-

mance of MISAE can be also improved if we incorporate
the preknowledge of the data sets. It is another possible fu-
ture direction for our approach.

5. Conclusion

In this paper, we develop a novel approach for regula-
tory motifs extraction from upstream non-coding sequences
of co-regulated genes based on the local prediction and the
M-PST. The M-PST represents an enhanced form of the
PST that includes additional distribution probabilities. The
experimental results on 15 yeast co-regulated gene fam-
ilies demonstrate the ability of MISAE to identify regu-
latory motifs for co-regulated gene families. The experi-
ments on “corrupted” data sets further demonstrate the ro-
bustness of MISAE. The ability of our approach to han-
dle the “corrupted” samples is a useful feature for regu-
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latory motif extraction. Based on the above facts, our ap-
proach provides an important alternative for the regulatory
motif extraction compared to the other approaches, such as
the word-counting based dyad, and the probabilistic model
based MEME, and Gibbs Motif Sampler. In the future, we
will revise the implementation of MISAE to improve the us-
ability and performance.
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