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Abstract

We have developed a set of methods and tools for automatic
discovery of putative regulatory signals in genome sequences.
The analysis pipeline consists of gene expression data cluster-
ing, sequence pattern discovery from upstream sequences of
genes, a control experiment for pattern significance thresh-
old limit detection, selection of interesting patterns, group-
ing of these patterns, representing the pattern groups in a
concise form and evaluating the discovered putative signals
against existing databases of regulatory signals. The pattern
discovery is computationally the most expensive and crucial
step. Our tool performs a rapid exhaustive search fora priori
unknown statistically significant sequence patterns of unre-
stricted length. The statistical significance is determined for
a set of sequences in each cluster with respect to a set of back-
ground sequences allowing the detection of subtle regulatory
signals specific for each cluster. The potentially large number
of significant patterns is reduced to a small number of groups
by clustering them by mutual similarity. Automatically de-
rived consensus patterns of these groups represent the results
in a comprehensive way for a human investigator.
We have performed a systematic analysis for the yeastSac-
charomyces cerevisiae. We created a large number of inde-
pendent clusterings of expression data simultaneously assess-
ing the “goodness” of each cluster. For each of the over 52000
clusters acquired in this way we discovered significant pat-
terns in the upstream sequences of respective genes. We se-
lected nearly 1500 significant patterns by formal criteria and
matched them against the experimentally mapped transcrip-
tion factor binding sites in the SCPD database. We clustered
the 1500 patterns to 62 groups for which we derived automat-
ically alignments and consensus patterns. Of these 62 groups
48 had patterns that have matching sites in SCPD database.
Keywords: Microarrays; gene expression; promoter se-
quences; pattern discovery; clustering
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Introduction
A collection of gene expression level measurements taken
under various experimental conditions by microarray or any
other technology define expression profiles of the respec-
tive genes. It seems reasonable to hypothesize that genes
with similar expression profiles, i.e., genes that arecoex-
pressed, may share something common in their regulatory
mechanisms, i.e. may becoregulated. Therefore by cluster-
ing together genes with similar expression profiles one can
find groups of potentially coregulated genes allowing one to
search for putative regulatory signals.

A major role in gene regulation in eukaryotic organisms
is played by specific proteins, calledtranscription factors.
By binding to sequence specific sites in the DNA, called
transcription factor binding sites, they influence the tran-
scription of a particular gene. The transcription factor bind-
ing sites are located inpromoter regions. In yeast these re-
gions are predominantly (but not exclusively) in the imme-
diate vicinity of the gene (typically less than a thousand bp
upstream of the translation start site).

During the last couple of years microarray based gene
expression data have been widely used to find potentially
coregulated genes and binding sites in their promoters. For
instance De Risiet al. (DeRisi, Iyer, & Brown 1997) have
studied the diauxic shift in yeast. They found several dis-
tinct clusters in the gene expression profiles and were able
to show the presence of several transcription factor bind-
ing sites located upstream to the respective genes. The
dataset by De Risiet al. (DeRisi, Iyer, & Brown 1997),
was also studied by Van Heldenet al. (van Helden, Andŕe,
& Collado-Vides 1998), where they systematically searched
for oligonucleotides overrepresented upstream to potentially
coregulated genes and showed that potential transcription
factor binding sites can be found in this way. A systematic
analysis of overrepresented sequence patterns in clusters of
upstream sequences obtained by clustering the diauxic shift
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expression profiles has been done by Brazmaet al. (Brazma
et al. 1998b). It was shown that overrepresented patterns
present in sequences upstream for genes from expression
profile clusters of at least 25 genes cannot be explained by
statistical “chance”. Many of the discovered patterns have
matches in known yeast transcription binding site descrip-
tions.

Later more expression studies have been carried out under
various conditions (e.g. sporulation and cell cycle (Chuet al.
1998; Spellmanet al. 1998)) and the number of such studies
is increasing rapidly. Tavazoieet al. (Tavazoieet al. 1999)
clustered 3000 expression profiles of the most variable yeast
genes during the cell cycle (15 time points, data from Cho
et al. (Cho et al. 1998)) into 30 clusters by theK-means
algorithm. They found that for half of these clusters, strong
sequence patterns are present in upstream sequences. More-
over, it was noted that upstream sequences from genes from
the tightest expression profile clusters (i.e., the clusters with
smaller average Euclidean distance to their centers) contain
more significant patterns. In a different study Wolfsberget
al. (Wolfsberget al. 1999) studied the discovery of potential
regulatory sequences from groups of genes whose expres-
sion was peaked at distinctive phases of cell cycle as iden-
tified by Choet al. (Cho et al. 1998). Cell cycle data has
also been studied by Zhang (Zhang 1999) and van Heldenet
al. (van Helden, Rios, & Collado-Vides 2000). Most of the
authors concentrate in their studies on the analysis of only a
few carefully chosen gene expression clusters and possibly
to only a restricted pattern representation languages.

It has been noted by most authors that better cluster and
pattern goodness evaluation criteria, better systematic clus-
tering and pattern discovery methods, as well as tools in-
tegrating the clustering and pattern discovery are needed to
facilitate the expression data analysis.

Note that the promoter sequence analysis is an algorith-
mically hard and nontrivial task due to many factors. First,
coexpression does not necessarily mean coregulation: sev-
eral regulation mechanisms may lead to the same expression
patterns for the given experimental conditions. Next, cur-
rently gene expression measurements are not very accurate,
which means that the expression profile clustering is inher-
ently fuzzy. Finally, the identification of promoter regions
is currently unreliable, therefore even for truly coregulated
genes the sets of promoter regions may be inaccurate. As
a result, usually we have to deal with sets of potential pro-
moter regions of potentially coregulated genes. Therefore,
the algorithms used for transcription factor binding site pre-
diction may have to detect only marginally overrepresented
patterns in sets of up to hundreds of sequences of length of
more than a thousand of nucleotides.

We have developed a method for discovering signals in
large sets of genome sequences, which is based on exhaus-
tive search fora priori unknown statistically significant se-
quence patterns of unrestricted length and their subsequent
clustering by similarity. Note that we do not attempt to dis-
cover only the consensus patterns for sequences in the clus-
ters, as these consensus patterns are not necessarily distinc-
tive for the cluster but can be a feature of the background.
The statistical significance of patterns in a cluster is mea-

sured by taking into account the background distribution,
i.e., the number of occurrences of each pattern in back-
ground sequences (in this case a set of all putative promoter
regions). The clustering of the discovered patterns by simi-
larity makes it possible to report thousands of patterns in a
concise way for a human investigator. From clusters of pat-
terns we derive alignments, profiles and consensus patterns.
Although for large-scale analysis it is most convenient to
pipeline the individual programs from scripts, we have im-
plemented a WWW interface for most of these tools while
keeping in mind also the interconnection between them.

Practical applicability of our methods on a genomic scale
is demonstrated by the following computational experiment.
We clustered systematically all yeast genes based on their
expression responses to 80 experimental conditions (data
from (Eisenet al. 1998)) byK-means clustering, evaluating
simultaneously the “goodness” of each cluster by average
silhouette value. By choosing differentK values and vary-
ing the initial partitioning, we obtained over 52 thousand
different clusters (many of these clusters are highly over-
lapping). For each of these clusters we retrieved the 600
bp DNA sequences upstream of the respective gene, and
exhaustively searched for all the sequence patterns of un-
restricted length that are overrepresented in the sequences
of the cluster. Patterns are rated for each cluster according
to a binomial distribution with expected probability based
on patterns occurrence frequency in all upstream sequences.
Pattern discovery was repeated for randomized clusters to
assess the significance threshold for such patterns. Of the
over 6000 significant patterns, we exclude the ones discov-
ered from only the clusters containing highly homologous
upstream sequences. In this way we could list 1498 of the
most interesting patterns for further studies. We clustered
these patterns using our pattern clustering method into 62
groups. For all of these groups an approximate alignment
and consensus pattern is generated. To assess the quality
of the patterns we matched all 1498 patterns against the ex-
perimentally verified yeast binding sites as given in SCPD
database. Of the 62 groups 48 had patterns matching some
sites in SCPD database.

The aim of our studies is to mine automatically for new,
statistically significant patterns in putative regulatory re-
gions of genes. Such data mining experiments are not a
substitute for “conventional single-gene dissections” (Zhang
1999). Their aim is instead to explore simultaneously thou-
sands of genesin silico (which cannot be done by conven-
tional methods) to generate targets for conventional studies
in a laboratory.

Clustering the gene expression profiles
The result of the expression profile clustering is sensitive to
the choice of the distance measure in the expression profile
space, as well as on the clustering algorithm itself. Appar-
ently there is no objectively “right way” of clustering the
expression profiles, since various elements in each profile
may be influenced by some particular regulation aspects and
regulation is usually not based on a simple on/off switch-
ing. It has been generally acknowledged that currently we
do not know what is the most appropriate distance measure.



1e-50

1e-45

1e-40

1e-35

1e-30

1e-25

1e-20

1e-15

1e-10

1e-05

-0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2 0.25 0.3

B
in

om
ia

l p
ro

ba
bi

lit
y 

of
 m

os
t u

np
ro

ba
bl

e
 p

at
te

rn
 f

or
 th

e 
cl

us
te

r

Silhouette value of a cluster

Best patterns from clusters

"Clusters_real_results/OVER_PLOT"

1e-50

1e-45

1e-40

1e-35

1e-30

1e-25

1e-20

1e-15

1e-10

1e-05

-0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2 0.25 0.3

B
in

om
ia

l p
ro

ba
bi

lit
y 

of
 m

os
t u

np
ro

ba
bl

e
 p

at
te

rn
 f

or
 th

e 
cl

us
te

r

Silhouette value of a cluster

Best patterns from randomized clusters

"Clusters_fake_results/OVER_PLOT"

1e-50

1e-45

1e-40

1e-35

1e-30

1e-25

1e-20

1e-15

1e-10

1e-05

-0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2 0.25 0.3

B
in

om
ia

l p
ro

ba
bi

lit
y 

of
 m

os
t u

np
ro

ba
bl

e
 p

at
te

rn
 f

or
 th

e 
cl

us
te

r

Silhouette value of a cluster

Best patterns from clusters with more than 600 patterns

"Clusters_real_results/OVER_PLOT_BIG"

1e-50

1e-45

1e-40

1e-35

1e-30

1e-25

1e-20

1e-15

1e-10

1e-05

-0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2 0.25 0.3

B
in

om
ia

l p
ro

ba
bi

lit
y 

of
 m

os
t u

np
ro

ba
bl

e
 p

at
te

rn
 f

or
 th

e 
cl

us
te

r

Silhouette value of a cluster

Best patterns from clusters with less than 600 patterns

"Clusters_real_results/OVER_PLOT_OK"

Figure 1: Top left: the silhouette values of the 52 000 clusters (horizontal axis) plotted against the probabilities (vertical axis) of
only the best substring pattern discovered for each of the respective clusters. Top right: the same for randomized clusters, i.e.,
for sets of upstream sequences of the same number of randomly chosen genes. Consider the plots in top right and left: if we
consider only the patterns that are less probable than the ones discovered from the randomized sets, the plot in the top diagram
is stretched along the diagonal, suggesting a correlation between the pattern and the cluster scores. This has to be viewed with
caution however, as the clusters are not mutually independent. Bottom left: the subplot with patterns obtained from clusters that
produce more than 600 significant patterns each (these are from clusters of highly homologous sequences). Bottom right: the
interesting patterns above the significance threshold and not due to high sequence homology between upstream regions. These
patterns are the best candidates for regulatory signals and are the subject of further studies.

The usage of various similarity measures for gene expres-
sion profile clustering has been discussed by D’haesleeret
al. (D’haesleeret al. 1998). They have also proposed mea-
sures based on rank correlation and mutual information.

A number of approaches have been used for gene expres-
sion profile clustering by different groups. The classic hi-
erarchical (Eisenet al. 1998) and partitioning based (K-
means) clustering algorithms (Hartigan 1975; Tavazoieet
al. 1999), as well as self-organizing maps (Tamayoet al.
1999) have all been used for clustering expression profiles.
Even a simple clustering algorithm based on binning (i.e.,
discretizing the expression profile space and clustering to-
gether the profiles that map into the same bin) has shown to
be useful for discovering transcription factor binding sites
(Brazmaet al. 1998b). More recently new algorithms have
been developed specifically for gene expression profile clus-
tering (Ben-Dor, Shamir, & Yakhini 1999) based on finding

approximate clusters in graphs.

An alternative to selecting a particular clustering method
is to study a number of different clusterings in parallel. To
avoid manual intervention or setting the arbitrary thresholds
required to get clusters from hierarchical clustering meth-
ods we have used aK-means clustering algorithm, though
a similar approach can be repeated for any other clustering
method. By repeating clustering for many differentK val-
ues as well as varying the initializations for eachK, we were
able to create many clusters together with the formal “good-
ness” measure for each.

The “goodness” of a cluster depends on how close its el-
ements are to each other, and how far they are from the
next closest cluster. One such measure has been proposed
by Rousseeuw (Rousseeuw 1987) based on the notion of a
silhouette plotand an average silhouette value of a cluster
(for a detailed definition see (Rousseeuw 1987)) defined as



Pattern Probability Cluster Occurrences Total K
size in cluster occurrences

AAAATTTT 2.59075e-43 96 72 830 60
ACGCG 6.41023e-39 96 75 1088 50
ACGCGT 5.23109e-38 94 52 387 40
CCTCGACTAA 5.42764e-38 27 18 23 220
GACGCG 7.88674e-31 86 40 284 38
TTTCGAAACTTACAAAAAT 2.08201e-29 26 14 18 450
TTCTTGTCAAAAAGC 2.08201e-29 26 14 18 325
ACATACTATTGTTAAT 3.80588e-28 22 13 18 280
GATGAGATG 5.59927e-28 68 24 83 84
TGTTTATATTGATGGA 1.8998e-27 24 13 18 220
GATGGATTTCTTGTCAAAA 5.04076e-27 18 12 18 500
TATAAATAGAGC 1.51458e-26 27 13 18 300
GATTTCTTGTCAAA 3.40261e-26 20 12 18 700
GATGGATTTCTTG 3.40261e-26 20 12 18 875
GGTGGCAA 4.17788e-26 40 20 96 180
TTCTTGTCAAAAAGCA 5.09734e-26 29 13 18 250
CGAAACTTACAAA 5.09734e-26 29 13 18 290
GAAACTTACAAAAATAAA 7.9186e-26 21 12 18 650
TTTGTTTATATTG 1.73752e-25 22 12 18 600
ATCAACATACTATTGT 3.62348e-25 23 12 18 375
ATCAACATACTATTGTTA 3.62348e-25 23 12 18 625
GAACGCGCG 4.47204e-25 20 11 13 260
GTTAATTTCGAAAC 7.22797e-25 24 12 18 400
GGTGGCAAAA 3.37381e-24 33 14 31 475
ATCTTTTGTTTATATTGA 7.18849e-24 19 11 18 675
TTTGTTTATATTGATGGA 7.18849e-24 19 11 18 475
GTGGCAAA 1.13567e-23 28 18 137 725
CGAACTGCCAT 1.74392e-23 20 10 10 92
CGAACTGCCATCTC 1.74392e-23 20 10 10 190
CCTCGAACTGCCATCT 1.74392e-23 20 10 10 170

Table 1: The 30 highest scoring patterns discovered in the genome regions upstream from genes of the clusters. Note that
the smallest probability of a pattern discovered from the randomized data is 1.74434e-09. Last column shows the number of
clusters in the respective clustering byK-means.

follows.
For each two objectsi and j, we denote byd(i; j) the

distance betweeni andj. For a setA, we denote byjAj the
number of elements inA. For each objecti we denote byA
the cluster to which it belongs and define a value

a(i) =
1

jAj � 1

X
j2A;j 6=i

d(i; j);

the average distance to elements withinA. For any cluster
C different fromA we define

d(i; C) =
1

jCj

X
j2C

d(i; j);

an average distance ofi to objects inC, and

b(i) = min
C 6=A

fd(i; C)g;

the average distance to the members of the closest cluster.
Thesilhouette values(i) of the objecti is defined as

s(i) =
b(i)� a(i)

maxfa(i); b(i)g
:

The silhouette values(i) for each objecti lies between -1
and 1. Ifs(i) = 1, the object is well classified, ifs(i) < 0,
the object is badly classified, in fact it is on average closer to
members of some other cluster. The average silhouette value
for a cluster can be used as a measure of the “goodness”
of that cluster. The silhouette value characterizes not only
the “tightness” of the given cluster, but also how far each
element of the cluster is from the next closest cluster.

Sequence pattern discovery

By sequence pattern discovery we mean finding ofa pri-
ori unknown patterns (of some given class, such as oligonu-
cleotides or regular expressions) that are statistically over-
represented in a given set of sequences (given some back-
ground distribution). Algorithms for sequence pattern dis-
covery have been widely used for characterizing protein
families (e.g., (Jonassen 1997), for survey see (Brazmaet
al. 1998a)). More recently several sequence pattern discov-
ery systems have been applied to regulatory element analy-
sis (Bailey & Elkan 1995; Frech, Quandt, & Werner 1997).



ORF Cytoplasmic Gene Length Disruption Description from MIPS
degradation

YBL041W ? PRE7 241 lethal 20S proteasome subunit(beta6)
YBR170C NPL4 580 lethal nuclear protein localization factor and ER translocation component
YDL126C ? CDC48 835 lethal microsomal protein of CDC48/PAS1/SEC18 family of ATPases
YDL100C 354 similarity to E.coli arsenical pump-driving ATPase
YDL097C ? RPN6 434 lethal subunit of the regulatory particle of the proteasome
YDR313C PIB1 286 phosphatidylinositol(3)-phosphate binding protein
YDR330W 500 similarity to hypothetical S. pombe protein
YDR394W ? RPT3 428 lethal 26S proteasome regulatory subunit
YDR427W ? RPN9 393 viable subunit of the regulatory particle of the proteasome
YDR510W SMT3 101 lethal ubiquitin-like protein
YER012W ? PRE1 198 lethal 20S proteasome subunit C11(beta4)
YFR004W ? RPN11 306 lethal 26S proteasome regulatory subunit
YFR033C QCR6 147 viable ubiquinol–cytochrome-c reductase 17K protein
YFR050C ? PRE4 266 lethal 20S proteasome subunit(beta7)
YFR052W ? RPN12 274 lethal 26S proteasome regulatory subunit
YGL048C ? RPT6 405 lethal 26S proteasome regulatory subunit
YGL036W MTC2 909 viable Mtf1 Two hybrid Clone 2
YGL011C ? SCL1 252 lethal 20S proteasome subunit YC7ALPHA/Y8 (alpha1)
YGR048W ? UFD1 361 lethal ubiquitin fusion degradation protein
YGR135W ? PRE9 258 viable 20S proteasome subunit Y13 (alpha3)
YGR253C ? PUP2 260 lethal 20S proteasome subunit(alpha5)
YIL075C ? RPN2 945 lethal 26S proteasome regulatory subunit
YJL102W MEF2 819 translation elongation factor, mitochondrial
YJL053W PEP8 379 viable vacuolar protein sorting/targeting protein
YJL036W 423 weak similarity to Mvp1p
YJL001W ? PRE3 215 lethal 20S proteasome subunit (beta1)
YJR117W STE24 453 viable zinc metallo-protease
YKL145W ? RPT1 467 lethal 26S proteasome regulatory subunit
YKL117W SBA1 216 viable Hsp90 (Ninety) Associated Co-chaperone
YLR387C 432 similarity to YBR267w
YMR314W ? PRE5 234 lethal 20S proteasome subunit(alpha6)
YOL038W ? PRE6 254 20S proteasome subunit (alpha4)
YOR117W ? RPT5 434 lethal 26S proteasome regulatory subunit
YOR157C ? PUP1 261 lethal 20S proteasome subunit (beta2)
YOR176W HEM15 393 viable ferrochelatase precursor
YOR259C ? RPT4 437 lethal 26S proteasome regulatory subunit
YOR317W FAA1 700 viable long-chain-fatty-acid–CoA ligase
YOR362C ? PRE10 288 lethal 20S proteasome subunit C1 (alpha7)
YPR103W ? PRE2 287 lethal 20S proteasome subunit (beta5)
YPR108W ? RPN7 429 subunit of the regulatory particle of the proteasome

Table 2: The 40 genes from theGGTGGCAA-cluster. The annotations are taken from MIPS database. Note that many
of the genes are related to proteasome. The 25 ORFs marked with? belong to the functional class of “cytoplasmic
degradation” containing 93 ORFs in total according to the Functional Catalogue ofSaccharomyces cerevisiae(MIPS,
http://www.mips.biochem.mpg.de/proj/yeast/catalogues/funcat/ ).

Roth et al. (Roth et al. 1998) have developed a new al-
gorithm based on Gibbs Motif Sampling (Neuwald, Liu,
& Lawrence 1995), specifically for discovering transcrip-
tion factor binding sites. A survey of promoter sequence
identification methods has been written by Vanet, Marsan,
and Sagot (Vanet, Marsan, & Sagot 1999). More recently,
Marsan and Sagot have developed a suffix-tree based al-
gorithm for extracting gapped substring patterns (structured
models) and have applied this algorithm for promoter con-
sensus identification from whole bacterial genomes (Marsan
& Sagot 2000). Similar model of gapped substrings (spaced
dyads) was used by van Heldenet al. (van Helden, Rios, &
Collado-Vides 2000), where they analyzed occurrences of

trinucleotides separated by a fixed number of wildcards.

A suffix-tree (McCreight 1976; Ukkonen 1995) based se-
quence pattern discovery algorithm SPEXS, which allows
one to produce in exhaustive manner the sequence patterns
according to predefined pattern representation language, has
been developed in (Vilo 1998). The algorithm has been used
in (Brazmaet al. 1998b) to discover regular expression type
patterns in gene upstream sequences. SPEXS allows to dis-
cover patterns of unrestricted length with predefined charac-
ter group positions and wildcards of flexible width.

For current study we used the algorithm for finding sub-
string patterns of unrestricted length. Asubstring pattern
is a word over a DNA alphabetfA; T; C; Gg. We say that



Nr Consensus pattern Factors that have matching binding sites

1 tctcaTCTCA[TC][CT][tag]catc ABF1 ABF1,BAF1 UASPHR

3 cctcGAA[CG]TGCCATCtca BAS1 BAS1,PHO2 CCBF,SCB,SWI6 HSE,HSTF

HSE,HTSF SCB UASH UASPHR XBP1

4 a[ta][CG]CCTA[AT]Aat MCM1

6 acc[ac]CCCC[CT][CGT][ag]a MIG1 RAP1 RAP1,EBF1

7 gT[TA][CA]TCCT[CG]g BAS1 BAS1,PHO2 UASPHR

9 a[ct][at]GTGACA[GTC][cta]t ADR1 MATalpha1 MATalpha2 MCM1 UASH

10 tt[tc]ACAGT[GT][AT][tc]g ABF1 ABF1,BAF1 ADR1 BAS1 BAS1,PHO2 GAL4 GCN4

GCN4,GCRE GCRE,GCN4 PHO2 RAP1 RAP1,EBF1

11 [at][ATC]TACACAt MATalpha2

12 tttGTCACA[GAT]gg ABF1 ABF1,BAF1 PAE UASH

13 t[gc]ACATT[GC][CT]tg HSE,HSTF HSE,HTSF PAE RAP1 RAP1,EBF1

14 ata[TC]TGGTTCt ROX1 URSSGA

15 acaTCCGTAC[acg]tt HSE,HSTF HSE,HTSF RAP1 RAP1,EBF1

16 a[gca][atc]TAAG[CG][TAG][tga]a ABF1 ABF1,BAF1 GATA GLN3 MCM1 URS1ERG11

18 t[ct][at][AG]AAGT[AT][TA]c PRP1 URSPHR

19 gtT[AG]TTA[CT][TG][AG]ca GRF2 MATalpha2 MCM1 REB1 UASH

22 t[ACT]CGCTTA[AT] UASGATA

23 gaa[ca][gat][acg][AG]CGCG[cta][gat][ca]gc ABF1 ABF1,BAF1 CCBF,SCB,SWI6 DAL82 GAL4 HAP1 HAP2

HAP2;HAP3;HAP4 HAP3 HAP4 LEU3 MAL63 MCB PDR1 PDR3 PHO4

RAP1 RAP1,EBF1 REB1 SCB SWI4 SWI6 UASGABA repressorof CAR1

24 [ac][at][GT]ACGCcaa ABF1 ABF1,BAF1

25 GGTCG[CT]Ac UASPHR URS1ERG11

27 tgtTAACGAATCGTTtaa GFI,TAF MCM1 TAF

28 ga[at][TC]CGTTTA[ag]g ABF1 ABF1,BAF1 MAL63 MCM1

30 aA[CAG][AT]GAATCttc ADR1

31 t[ac][tc][at]CGACT[CA][ca][cg]aa BAS1 BAS1,PHO2 GAL4 GCN4 GCN4,GCRE

GCRE,GCN4 GFI,TAF PHO2 TAF URSSGA

32 tcCACGAA[gc][ta]g ABF1 ABF1,BAF1 BAS1 BAS1,PHO2 CCBF,SCB,SWI6

GA-BF GFI,TAF HSE,HSTF HSE,HTSF PDR1

PDR3 PHO4 SCB SWI4 SWI6 TAF URS1ERG11

33 c[ga][ctg][ACG]TACG[AT][atc]tat ABF1 ABF1,BAF1 PHO4 URS1HO

34 aC[CA]CATAC[AT]t MCM1 RAP1 RAP1,EBF1

35 atat[CT][AG]GCAC[TC][ac]a GAL4 MCM1 PHO4 RAP1 RAP1,EBF1 URSSGA

36 taGCGCA[GT][ga]cc ABF1 ABF1,BAF1 ARC CUP2 SWI5 UASPHR repressorof CAR1

37 cgGTGGCAA[AC][ag] ABF1 ABF1,BAF1 HAP2 HAP2;HAP3;HAP4 HAP3 HAP4

RAP1 RAP1,EBF1 UASCAR UASPHR repressorof CAR1

38 t[ca][ga][GA]CGGC[TG][GTA][cta]tttt ABF1 ABF1,BAF1 GAL4 HAP1 LEU3 MCM1 PHO4 QBP

RP-A SWI5 UASGABA URS1H URSF URSINO repressorof CAR1

39 a[cat][AGC]AGGG[GT][ctg][ac]a 13nt repeat BUF GAL4 HAP1 IRE MCM1 MIG1 PHO4 RAP1 RAP1,EBF1

RC2;RC1 UAS1ERG11 UAST52,ORE URS1ERG11 URSSGA

40 gcg[ag][at][ga][ac]GATGAG[AC]t[ag][at]g BUF HAP1 HSE,HSTF HSE,HTSF PQBOX REB1 SWI5 UASH UASPHR

41 aTGGATGCc MOT3

44 gc[TAG]TATAT[ATC][gat][ag][tg]gg TATA,TBP

47 gtaTAAATAGAGCtgct QBP TATA,TBP UIS URS1H URS1HSC82

48 [at]a[ag][TG][AT]GCC[CG][ac][ac]ga BUF GAL4 GCFAR QBP UME6 URS1H URS1HSC82 repressorof CAR1

49 aC[CT]CAAT[AT][tg]t MATalpha1 MCM1

51 aaacaAAACAAA[AT][ca][ac]aata GCR1 GCR1,CTBOX MCM1 MSE ROX1 UASPHR

52 tgtGTAAA[TC]ATtt SFF UAS2CHA URS1ERG11

53 ataaaa[gt][CA][GT]AAAA[GA][cg][gac]aaaag BAS1,PHO2 CCBF,SCB,SWI6 MAL63 MCM1 MIG1

PHO2 SCB SWI4 SWI5 SWI6 TATA,TBP UASPHR

54 t[gt][TC]GAAAG[AG]Tt XBP1

55 [at][tac]t[gta][ag]AAAATTTT[tg][tc][at]tt ABF1 ABF1,BAF1 CSRE DAL82 MAL63 MATalpha2

MCM1 NBF UASH UASINO UIS

56 ga[at][acg][CA]GGAA[AG]T[gt]gaa GAL4 MCM1 UAS2CHA UASH

57 t[tc][cat][AT][TC]TTC[GA][ACT][ga]t GAL4 GCR1 GCR1,CTBOX REB1

58 cgg[ct][ctg][gct][ctg]CTTTTT[CTG][TC][atc][tg]cc ACE1 CUP2 DAL82 GAL4 HSE,HSTF HSE,HTSF

LEU3 RAP1 RAP1,EBF1 UASCAR URSSGA

60 t[ta][gta][gtc][TG]TCTA[TG][GTC]a[at][ct] HSE,HSTF HSE,HTSF ROX1

61 taaat[AT]TTTGTG[ta]ca MATalpha1 MATalpha2 MCM1 MIG1 UASH

62 t[acg]CTGTG[CT]a[ac] UASH

Table 3: Results of the automatic matching of the discovered patterns against SCPD.



a pattern� matches a sequence�, if there exist (possibly
empty) strings�0 and�00 over the DNA alphabet, such that
� = �0��00.

Given a setS of N sequences, a subsetC � S of sizen,
and a pattern� that occurs ink sequences fromC, we can
ask how probable is the event of observing the pattern� to
matchk or more sequences ofC. We calculate that prob-
ability according to a binomial distribution. We estimate
the expected probabilityp that pattern� matches an indi-
vidual sequence ofC from the total number of occurrences
K of that particular pattern in the set of allN sequences,
p = K=N . We callp thebackground probability. Givenk
occurrences in the setC, we ask how probable this is given
the background distributionp? According to the binomial
distribution, the probability of a pattern occurring in exactly
k sequences “by chance” is

P (k; n; p) =

�
n

k

�
pk(1� p)n�k:

The probability of a pattern� occurringk or more times in
a set ofC sequences is

P (�;C) =
nX

i=k

P (i; n; p):

We use the inverse of this probability as the pattern score
for a pattern� in respect to a particular set of sequencesC.
The smaller the probability, the higher is the pattern score.
We use this probability to score all patterns in all sets of
upstream sequences of clusters of coexpressed genes.

SPEXS is powerful enough to discover patterns that can
contain character group positions as well as flexible-width
wildcards. The more limited class of the substring pattterns
was chosen for the present study primarily for efficiency rea-
sons as we wanted to find patterns from a very large number
of clusters with simultaneous counting of the number of pat-
tern occurrences in the background sequences. Secondly, it
is not very clear what should be the pattern language that is
best suited for describing binding sites in DNA. Ideally the
weight matrices (Hertz & Stormo 1994) should perhaps be
used. By using substring patterns and a method described
in next section, we are able to cluster together similar sub-
string patterns and acquire initial descriptions of weight ma-
trices that can be refined further. Note that discovering of
the weight matrices directly would be a computationally ex-
pensive problem.

Grouping patterns by similarity
One of the problems with the approach described in previ-
ous section and in (Brazmaet al. 1998b) is that typically
there are too many significant patterns reported for a hu-
man to study each of them in detail. Many of these patterns
fall into groups of overlapping or similar patterns, possibly
related to the same regulatory element. Therefore, cluster-
ing the discovered patterns by mutual similarity makes their
study easier for humans. Each cluster can be presented as
an alignment of similar patterns from which a profile can be
derived (Schneideret al. 1986). Such profiles have higher
representational power than individual patterns.

Let us define asimilarity or a distance measured(�1; �2)
for a pair of patterns�1 and�2. We say that the similarity of
two patterns is the ratio of the length of the maximum over-
lap between�1 and�2 divided by the length of the shorter
pattern. This is a special case of the more general definition
of the similarity based on information content.

In more general case the patterns can be represented in the
form � = a1a2 : : : ap, where eachai is a non-empty set of
nucleotide letters, i.e.,ai � fA;C; T;Gg. For this case the
similarity can be defined using a definition of information
contentI(�) of a pattern� as in (Jonassen, Collins, & Hig-
gins 1995). Let�12 be a pattern from the predefined pattern
class that is a generalization both of�1 and of�2 maximiz-
ing the information contentI(�12). The similarity between
pattern�1 and�2 is then defined as

d(�1; �2) =
I(�12)

min(I(�1); I(�2))
:

In our experiments we used substring patterns as the class
of generalizations of the two substring patterns�1 and
�2, which makes the calculation of the similarity measure
straightforward.

Having defined the similarity measure between patterns,
we used an average linkage hierarchical clustering algorithm
to group them. For generating the alignments of patterns
within each cluster we used the pattern discovery algorithm
SPEXS to find the consensus pattern common to a high per-
centage of the patterns in each group. This pattern was used
as an anchor for guiding the alignment of the group (see Ta-
ble 4).

Experiment
We performed an experiment analyzing yeast expression and
sequence data. We used the public data set combining var-
ious yeast expression experiments from Stanford Univer-
sity (Eisenet al. 1998). The data set consists of gene
expression levels for 6221 yeast genes with a total of 80
experimental conditions. These 80 measurements are re-
lated to time course analysis of yeast cell cultures during
the cell cycle, sporulation, and diauxic shift experiments.
The data has been downloaded from P. Brown’s laboratory
(http://rana.stanford.edu/ ). We implemented
the following computational experiment. Note that the steps
described below have been performed in a highly automated
way and formal selection criteria were applied in each step.

1. Clustering the expression data. We clustered
6221 genes based on their expression profiles by theK-
means clustering algorithm using Euclidean distance in 80-
dimensional space. We varied the value ofK (the number
of clusters) between 2 and 1000 and repeated the clustering
for each selectedK ten times with different random sets of
initial cluster centers. In total we did over 900 separate clus-
terings. For each cluster we computed the average silhouette
(Section 2) value. We selected the clusters of size between
20 to 100 genes and obtained in this way over 52,100 differ-
ent clusters.

2. Sequence pattern discovery.For each cluster we
took the set of gene upstream sequences of length 600 bp



and enumerated all patterns occurring in at least 10 of these.
We scored all patterns according to the probability of their
occurrences in the cluster using a binomial distribution and
background probability estimation as described in Section 3.

3. Finding the significance threshold by control exper-
iment. To determine the statistical significance threshold
for the patterns, we repeated step 2 on randomized data by
replacing the cluster contents by upstream sequences from
random sets of genes. We plotted the average silhouette
value and the score of the best pattern of each real cluster
on a two-dimensional plot in Figure 1 (top left), and for the
randomized data similarly Figure 1 (top right). The thresh-
old 10e-8 was chosen and all patterns less probable (from
step 2) were reported.

4. Pattern selection.There were in total over 6000 sig-
nificant patterns (see Table 1 for the 30 most significant pat-
terns). The distribution of the number of patterns discovered
from each cluster suggested that the clusters can be divided
into two groups: ones producing more than 600 patterns,
and others producing less than 600 patterns. The reason for
cutoff at 600 was set based on the “jump” in the number of
good patterns found from one cluster. Up to 218 patterns this
number was almost continuous, then the next values were
336 and 746 “good” patterns from one cluster. The 508 clus-
ters producing more than 600 patterns each contained only
169 different ORFs (see Figure 1 bottom).

Study by ClustalW (Thompson, Higgins, & Gibson 1994)
showed that the upstream sequences of these 169 ORFs
were highly homologous, thus distorting the pattern statis-
tics. The homology of sequences in the clusters that produce
smaller number of patterns is low, therefore the significant
patterns in these clusters (containing together 3727 ORFs)
are candidates for regulatory signals. There were 1498 such
patterns, which is still too many for human study one by one.

6. Grouping the patterns. We clustered these 1498 pat-
terns using a similarity measure based on common informa-
tion content (Section 4). This produced 62 clusters of sim-
ilar patterns. For each cluster we generated an approximate
alignment and a consensus pattern (see Table 3 and 5).

7. Evaluation of discovered patterns against known
transcription factor binding sites. We matched all 1498
interesting patterns against experimentally verified DNA
binding sites of yeast as given in SCPD (Zhu & Zhang
1999). Unfortunately this WWW-based database does not
provide convenient means of evaluating the goodness of
thousands of putative patterns. Therefore we had to down-
load each site individually to create a local flat-file copy.

We say that a pattern matches a site if the pattern is a
substring of a mapped site. The opposite, matching of sites
against patterns, is also possible, but some of the sites in
SCPD are rather short and can have matches by chance (in
fact there are many sites consisting of a single nucleotide,
and these should be excluded before such matching). We
say that a cluster of patterns matches the site, if at least one
of the patterns in the cluster matches it. We found that 48 of
the 62 pattern clusters had matches in SCPD. The results are
summarized in Table 3.

We studied more closely some of the clusters and the re-
spective discovered patterns. For instance, the expression

-----------------ACCCAGACATCGGGCTTCCAC-
---------------ACACCCAGACATC-----------
---------------ACACCCAGACATC-----------
---------------GAACCCATACACT-----------
---------------ACACCCAGACCGCG----------
---------------GCACCCACACATTT----------
------------GCTAAACCCATGCACAGTGACT-----
-----------------ACCCAGACACGCTCGA------
-------------CTTCACCCTCATAC------------
---------------ACACCCCTTTTCT-----------
---------------GCACCCAGTCTT------------
---------------GCACCCAAACACCTGCATATTTGG
---------------GCACCCAATCACC-----------
---------------ACACCCAGACCTC-----------
---------------AAACCCACACAT------------
--------------TGCACCCATACCTT-----------
--------------AACACCCAAGCACAG----------
-ATCTCTCGCAACG-------------------------
ACCTCCGTACATTC-------------------------
ACACCTGGACACC--------------------------
ACATCCGTACAACGAGAACCCATACATTA----------

---TCCGTAC--- ACCCATAC--
-CATCCGTAC--- ACCCATACA-
--ATCCGTA---- ACCCATACAT
--ATCCGTACA-- -CCCATAC--
----CCGTAC--- -CCCATACA-
----CCGTACA-- --CCATACAT
---TCCGTACAT- -CCCATACAT
--ATCCGTACAT- --CCATACA-
---TCCGTACA-- -AACATAC--
----CCGTACAT- --ACATACT-
---TCCGTA---- ---GATACT-
--ATCCGTAC--- --AGATACT-
----CCGTACC--
---ACCGTACC--
---ACCGTAC---
--CACCGTAC---
----CCGTACATT
----GCGTAG---
----GCGTAGG--
-----CGTAGG--
-CATCCGTA----
ACATCCGT-----
-CATCCGT-----

Table 4: The upper part of the table shows the alignment of ex-
perimentally proven RAP1,EBF1 binding site taken from SCPD
database. We excluded the sitesATGCCCGTGCACandGTCAC-
TAACGACGTGCACCA, which did not give a good alignment. The
alignments below are produced automatically by our pattern group-
ing algorithm. Left is from cluster 15 and right is from cluster
34. PatternsGTACATT, AACATCCG, TACATCC, ACATCC,
ACATCCGandACCCA, ACCCAT, ACCCATAwere left out from
these clusters respectively as the alignment was done by simple
heuristics based on one conserved block.

profile for the cluster that produced the 15th highest scor-
ing patternGGTGGCAAis shown in Table 2 (we refer to this
cluster asGGTGGCAA-cluster). This pattern occurs in 20 out
of 40 upstream sequences of the cluster, and only in 96 out of
all 6221 upstreams. Note that most of the genes are related
to functioning of the proteasome.

Tables 3 and 5 show consensus patterns (used here for
naming of the pattern clusters only) that have been calcu-
lated from pattern alignments. The nucleotide groups (IU-
PAC groups represented here using a regular expression no-
tation) have been introduced when the frequency of the less
frequent nucleotide in respective column is over 25% of the
frequency of the more frequent nucleotide. Inside the groups
nucleotides are ordered based on their frequency. Lowercase
is used when the majority of the patterns does not have any
nucleotide in that position i.e., when the most frequent nu-
cleotide in the respective column is a dash.

We also studied how our discovered patterns compare



Cluster Nr. Consensus pattern

2. aaTCTTCATGt

5. cgTACCTCTa

8. gACAGCTAc

17. tAT[TAC]GTTAAgc

20. ACTTTATTT

21. [ag]TAACTT[AT]Ca

26. TATCGAG (singleton)

29. t[ta]CGAATA[AG]aaaa

42. [ta]TGCATGAAc

43. a[TG][GC]GTATAc

45. g[ag][ga][ag][AG][TAG]AT[GA]TG[agt][ga][ag]

46. tag[AG]TAGA[TA]A[ga]aaaa

50. ATCCAAGAg

59. tTTTTCTG[CT][TA]c

Table 5: Consensi of the pattern clusters that do not have
matches in SCPD database. See text for explanations and
Table 3 for other consensi.

to experimentally proven binding sites in yeast by com-
paring them to SCPD database. For instance, two of the
pattern clusters (cluster nr. 15 and 34 in the numeration
produced by the clustering algorithm) have matches in the
“RAP1,EBF1” binding sites. The first consists of 29 pat-
terns, 20 of which match “RAP1,EBF1” sites. The second
one consists of 15 patterns and has 11 matches. Both align-
ments match different parts of the “RAP1,EBF1” site as il-
lustrated in Table 4. The site names have been automat-
ically downloaded and analyzed from the SCPD database
http://cgsigma.cshl.org/jian/ .

Potentially the most interesting patterns however are the
ones that do not have matches in the known binding sites,
and they can be targets for further research (see Table 5).
Complete results are available from the supporting web site
accessible fromhttp://www.ebi.ac.uk/˜vilo/ .

Discussion
Our observation that the pattern and cluster scores correlate
is consistent with the observation of Tavazoieet al. (Tava-
zoie et al. 1999). We have performed a more systematic
experiment for precisely defined pattern and cluster “good-
ness” measures for considerably more clusters and reported
the numeric evidence. Although the observation is not sur-
prising, it suggests that the fast and simpleK-means clus-
tering algorithm can be used in the large scale analysis of all
genes of an organism. It enables the finding of coexpressed
genes based on the expression profiles allowing the consec-
utive search for coregulated genes.

Promoter analysis using gene expression experiments is a
difficult problem due to limited knowledge about gene regu-
lation in eukaryotic organisms and the many steps involved
in the analysis while no step is straightforward and error-
free.

First, the expression data itself is hard to analyze due to
the amount of data combined with the inherent fuzziness and
low accuracy of the measurements. It is unlikely that a sin-
gle best method for expression data clustering exists, and for
each clustering method the strict cluster boundary detection

remains a challenge. Thus for a systematic analysis of gene
expression data one should be able to combine different ex-
pression profile clustering methods and perform pattern dis-
covery for large numbers of clusters.

Second, the challenge to pattern discovery approaches is
the right choice of pattern representation languages com-
bined with the statistical and computational problems of de-
tecting subtle signals from many clusters of sequences.

Third, the analysis and interpretation of all discovered sig-
nificant patterns can be still a big problem, as there can be
too many of them for human inspection. This is a typical
second order data mining problem, where the vast amount
of simple patterns or rules needs to be summarized further.
Using a restrictive pattern class for which there exist fast pat-
tern discovery methods allows the analysis of large sets of
sequences. For these simple pattern classes however, good
post-processing is needed to obtain patterns of a more gen-
eral class. Large numbers of simple patterns can be clus-
tered based on either their mutual similarity or on the lo-
cations of their occurrences. From these groups it is possi-
ble to build more general sequence profiles and consensi to
produce “executive summaries” of the discovered patterns.
These pattern groups as well as areas of high density of oc-
currences of improbable patterns can be analyzed further by
computationally more demanding methods, for example by
a multiple local alignment program such as MEME (Bailey
& Elkan 1995) or Consensus (Hertz & Stormo 1994).

For large scale experiments a set of tools that can be con-
nected to each other without manual intervention are nec-
essary. It would be useful to be able to use all the vari-
ous clustering and pattern discovery methods from within
scripts as well as from graphical user interfaces. We have
added a WWW inteface to create an interactive visualiza-
tion of the clustering in the form of graphical imagemaps
to our gene expression clustering programs. This tool al-
lows the use of hierarchical (complete linkage, average link-
age, and single linkage) and partitioning-based (K-means)
clustering algorithms for a number of similarity measures.
The WWW interface allows the use of these tools with-
out the need to install them locally. The results from ex-
pression data clustering are further linked to other tools al-
lowing users to download and analyze the sequence data,
study the expression clusters in respect to metabolic path-
way databases, etc. The description of this Web environ-
ment (seehttp://www.ebi.ac.uk/˜vilo/ExpressionProfiler/ )
will be published elsewhere.
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