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High-density DNA arrays allow measurements of gene expression levels~messenger RNA
abundance! for thousands of genes simultaneously. We analyze arrays with spotted cDNA used in
monitoring of expression profiles. A dilution series of a mouse liver probe is deployed to quantify
the reproducibility of expression measurements. Saturation effects limit the accessible signal range
at high intensities. Additive noise and outshining from neighboring spots dominate at low
intensities. For repeated measurements on the same filter and filter-to-filter comparisons correlation
coefficients of 0.98 are found. Next we consider the clustering of gene expression time series from
stimulated human fibroblasts which aims at finding co-regulated genes. We analyze how
preprocessing, the distance measure, and the clustering algorithm affect the resulting clusters.
Finally we discuss algorithms for the identification of transcription factor binding sites from clusters
of co-regulated genes. ©2001 American Institute of Physics.@DOI: 10.1063/1.1336843#
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In the last decade the DNA-chip„or microarray … technol-
ogy has been developed„seeThe chipping forecastNature
Genetics Suppl. 21, 1999 for a review…. The technology is
based on the strong binding affinities of DNA or RNA
molecules to its complementary strand. On a planar sur-
face a library of DNA molecules is fixed as a target.
„There is no general consensus on the usage of the term
probe and target. In this paper we will use target for the
library on the array and probe for the complex mRNA
mixture extracted from the cells and hybridized to the
array.… Then a radioactive or fluorescent labeled probe
from a given tissue or cell line is hybridized with the
target molecules. Complementary strands of target and
probe molecules bind to each other and after a washing
procedure the amount of fixed probe molecules can be
measured using fluorescence or radioactivity. The cur-
rent technologies use different ways of target fixation or
probe labeling. Oligonucleotide glass chips are covered
with thousand of rectangular domains containing gene
specific DNA-sequences of about 25 bases.1,2 The mRNA
probes are labeled with fluorescence markers. Alterna-
tively, amplified genomic cDNA can be spotted on nylon
filters or glass slides. Complex mRNA probes from tissue
or cell lines are reverse transcribed to cDNA and labeled
with red or green fluorescent dyes3 or with radioactive
markers.4 After hybridization with the immobilized
cDNA library the fluorescence or radioactivity of each
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spot quantifies the amount of mRNA present in the origi-
nal probe. The technologies allow the simultaneous mea
surement of thousands of mRNA concentrations. Moni-
toring the time dependence of expression levels ca
reveal potentially the structure and dynamics of complex
gene regulatory networks. Approaching this goal re-
quires the following first steps: „1… Critical assessment of
data reliability „image analysis, normalization, calibra-
tion, reproducibility …, „2… identification of co-regulated
genes by cluster analysis, and„3… detection of regulatory
mechanisms „promoters, enhancers, silencers…. The re-
sulting information can then be incorporated into net-
work models. In this paper we discuss the three topics
mentioned above using data obtained from cDNA arrays
and publicly available gene expression time series.

I. INTRODUCTION

A long-term goal of high-throughput measurements
molecular biology is the reconstruction of complex ge
control networks. Models of transcriptional regulation and
intracellular biochemical networks will lead to a better u
derstanding of signaling pathways, cell-cycle dynamics, c
cinogenesis, the effect of drugs, or the role of single nuc
otide polymorphisms~SNPs!.5–9 Currently detailed models
of specific processes are being developed such as prokar
genetic circuits,10 glycolysis,7,11 cAMP signaling,8 calcium
oscillations,12,13 bacterial chemotaxis,14,15 signaling
cascades,16–18 cell cycle dynamics,19 morphogenesis,20–23 or
the circadian clock.24 Even in these specific subsystems
© 2001 American Institute of Physics
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large number of interacting components are involved and
estimation of kinetic constants remains a serious problem
the past decades information about regulatory networks
been obtained typically by single gene experiments such
knockouts, mutagenesis, or over-expression.

The situation has changed drastically in the last f
years. Complete genomes are available and DNA-chips
low simultaneous measurement of thousands of mRNA c
centrations. Furthermore, yeast-two-hybrid systems re
protein-protein interactions25 and protein abundances can
measured using two-dimensional gel electrophoresis.26 These
high-throughput technologies generate huge amounts of
and there is hope that the measurements can be used
construct large regulatory networks. However, thisreverse
engineeringapproach requires a careful evaluation of t
quality of the data.

In this paper we discuss the first steps of reverse e
neering from large-scale mRNA measurements: Im
analysis, normalization, reproducibility, identification of c
regulated gene clusters, and the detection of transcrip
factor binding sites. We focus on our data from cDNA arra
hybridized with radioactively labeled probes. Most of t
methods, however, can be easily transfered to other t
nologies such as fluorescence labeling3 or oligo-nucleotide
arrays.1

II. RELIABILITY OF MICROARRAYS

A. Data acquisition

We present in this paper results of complex cDNA h
bridizations using high-density arrays spotted on nylon filt
by robots using a 16324 pin matrix. The cDNA microarrays
contain 16324 blocks containing 636 spots each~compare
Fig. 1!. Every block contains 14 double spotted mou
clones and 8 control spots. In this way a mouse unig
library of 5376 clones is studied to determine tissue spec
gene expression profiles.27 Here we analyze in detail dat
from a mice liver probe~1.5 mg mRNA! in order to assess

FIG. 1. Image of a cDNA microarray after hybridization with a radioa
tively labeled complex probe. The spotting pattern is organized in block
636 spots. The upper enlargement shows an area of 333 blocks. A single
block ~below! contains double spots of the probe and control spots. In o
to obtain a better resolution and a wider range the intensities are plotte
a logarithmic scale.
Downloaded 09 Mar 2001 to 130.149.160.103. Redistribution subject to
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the reliability of the measurements. Arrays were scann
with a phosphor imager~Fuji BAS 5000, Raytest Germany!.

The preparation of probes, targets and arrays lead to
ferent statistical and systematic errors:

~i! sample to sample fluctuations of the mRNA prepa
tion;

~ii ! varying reverse transcription to cDNA and varyin
PCR amplification;

~iii ! fluctuations in labeling;
~iv! spotting variations due to pin geometry and tran

ported target;
~v! varying target fixation, filter or hybridization inhomo

geneities;
~vi! dependence on hybridization parameters;
~vii ! unspecific hybridization or cross-hybridization with

gene families;
~viii ! background noise and outshining from neighbori

spots;
~ix! image analysis~saturation, variations in spot shape!.

Since in general the correct spot intensities are unkno
particular strategies have to be developed to quantify sta
tical and systematic errors in complex hybridization expe
ments. We apply the following methods~see Ref. 28 for
details!:

~i! comparison of double spots~quantifying the variabil-
ity for the same array and the same pin!;

~ii ! analysis of control spots withArabidopsis thaliana
clones~variability from pin to pin, variations acros
the filter!;

~iii ! reproducibility on different filters~eight different ar-
rays have been compared28!;

~iv! analysis of empty background spots~unspecific noise,
outshining!;

~v! dilution series of the target~in Ref. 28 Arabidopsis
controls were diluted by factors of 2, 4, 8, 16, and 3!;

~vi! dilution series of probes~see below!.

Even though the correct mRNA abundance of each g
is unknown, a dilution of the probe should result in a we
defined scaling of the intensity by the corresponding dilut
factor. In particular, dilution series allow reproducibilit
studies over a wide range of intensities. In this paper
analyze~the data are available on request! six filters with
probe dilution factors 1, 2, 4, 8, 16, and 50.

B. Image analysis

The high density of spots, a wide range of spot inten
ties, varying spot shapes, inhomogeneities of filters or slid
and various artifacts such as fingerprints or scratches m
an automatic image analysis difficult. The following ste
are required for the calculation of expression levels:

~i! grid finding and localization of spots;
~ii ! quantification of their intensities;
~iii ! correction of background and outshining;
~iv! elimination of artifacts.
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100 Chaos, Vol. 11, No. 1, 2001 Herzel et al.
The assessment of the quality of any image analysis is d
cult since the true spot intensities are typically not know
Therefore, we developed a model to generate surrogate
ages for test purposes~Fig. 2!. The Gaussian shape of th
spots is blurred due to the finite range of the radiation (33P).
This process is modeled by a set of random walkers w
constant energy deposition and exponentially distribu
range. The overall spot intensities~number of walkers! are
chosen from an exponential distribution, fluctuations of
spot locations and background noise are added. The sc
plots of Fig. 3 indicate that a reliable automatic extraction
spot intensities is possible even for relatively noisy imag
using proprietary software~GeneSpotter, MicroDiscovery
Berlin!.

C. Double spots on the same filter

Due to the uncertainties of the whole hybridization pr
cedure as discussed above control experiments are nece
Consequently hybridization is performed on several filters
slides in parallel.27,28 Moreover each clone is spotted twic
on each filter. The two spot intensities, termed A and B
the following, allow the quantification of statistical erro
within the blocks. Note that each block is spotted by t

FIG. 2. Computer-generated surrogate image for the evaluation of im
analysis software~see text for details!. Again we plot intensities on a loga
rithmic scale.

FIG. 3. Results of image analysis applied to Fig. 2. The scatter plot sh
the successful extraction of the true spot intensities for high and med
intensities. For small intensities additive noise and outshining effects l
the reliability of the measured signals.
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same pin. Consequently, pin-to-pin variability cannot be a
lyzed by such duplicates. A compensation of pin-to-p
variations has been achieved withArabidopsis thalianacon-
trol spots as discussed elsewhere.28

Figure 4 shows the reproducibility of duplicates for th
six filters from the dilution series~cf. Sec. II A!. Signal in-
tensities range over three orders of magnitude. The ne
constant width of the scatter plot on the double-logarithm
scales indicates primarily multiplicative noise. In Fig. 5 w
plot the relative fluctuationsuA2Bu/(A1B) versus the mean
intensity (A1B)/2. A running median reveals that the fluc
tuations are below 10% over almost the whole range.
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s
m
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FIG. 4. Comparison of double spots on the six filters of the dilution se
from a mouse liver probe~about 36 000 pairs!. The correlation coefficient in
the logarithmic presentation is 0.98. The lines parallel to the diagonal m
deviations by factors 2 and 4.

FIG. 5. Dependence of the relative errorsuA2Bu/(A1B) of the double
spots in Fig. 4 on the mean intensity (A1B)/2. The running median indi-
cates accuracies between 5% and 10%.
 AIP copyright, see http://ojps.aip.org/chaos/chocpyrts.html
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D. Comparison of different filters

Even though the true spot intensities of our mou
clones are unknown the dilution series allows filter-to-fil
comparisons since we can assume that the correspondin
tensities scale by the chosen dilution factor. The scatter p
in Fig. 6 show the raw data, i.e., no normalization or ba
ground correction has been applied. It turns out that for
termediate dilution levels the signal from the eight tim
diluted probe is approximately twice the intensity of the
times diluted probe. The correlation coefficient of 0.98 in
cates a fairly good filter-to-filter reproducibility. The media
of the relative errors is below 7%. However, at small a
large intensities systematic deviations from a straight line
visible. These effects are even more pronounced in the lo
graph of Fig. 6 where the undiluted probe versus the ma
mally diluted probe~factor 50! is plotted. Here saturation
effects~cutoff at 8.0! and additive background noise of th
highly diluted probe are visible.

These results demonstrate that dilution series are an
propriate tool to evaluate the reliability of array data,
quantify statistical fluctuations, and to point to systema
artifacts. The calibration of the measurements usingArabi-
dopsis thalianaclones and selected genes from the diluti
series will be discussed elsewhere.

FIG. 6. Comparison of spot intensities from different filters of the diluti
series. The upper graph shows that for intermediate intensities the exp
ratio of 2 is found. The parallel lines mark deviations by a factor of 2 fro
the expected scaling. The lower graph shows distortions of the expe
scaling due to saturation at large intensities and noise for small intens
Downloaded 09 Mar 2001 to 130.149.160.103. Redistribution subject to
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E. Background and outshining

High density cDNA arrays with radioactively labele
probes achieve a remarkable sensitivity compared to o
technologies.29 However, scattering induces backgroun
noise and outshining. As shown in Fig. 6 these effects
limit the accuracy at low signal intensities. Fortunately, the
artifacts can be easily quantified and partially corrected us
empty control spots. Since each block contains eight of th
controls~cf. setup in Fig. 1! we can quantify their statistica
properties. In Fig. 7 the background versus the mean of
intensity of the neighboring spots is shown for the six di
tion series. It turns out that there is a clear correlation a
result of outshining. Moreover, the axis intercept arou
1023 indicates additive background noise. The regress
line provides an empirical model of background noise a
outshining. Since this fit is reasonable over the whole ra
of intensities it can be assumed that it applies also to
mouse clones. Thus it can be exploited to reduce backgro
noise and outshining for the clones of interest.

III. CLUSTERING GENE EXPRESSION TIME SERIES

As shown in the previous section array measureme
are inherently noisy and even restricting ourselves
changes by at least a factor of 2, false positives will be
tained. These limitations apply to all curren
technologies.30–34 Nevertheless, cluster analysis is wide
used to extract the relevant features of large-scale expres
measurements.35,36 Clustering can be regarded as a power
noise reduction procedure and leads to a compact repre
tation of the data.

Since cluster algorithms analyze multiple measureme
of many genes some general questions arise: How to pre
cess the expression levels? What distance measure shou
used? Which cluster algorithm should be applied? H
many clusters are biologically meaningful?

A. The data

In the following we discuss publicly available gene e
pression time series~the data are available at http://genom

ted

ed
s.

FIG. 7. Scatter plot of background spot intensities versus the average in
sity of the neighboring spots. The correlation indicates outshining effect
the intercept points to an additive background noise below 1023.
 AIP copyright, see http://ojps.aip.org/chaos/chocpyrts.html
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www.stanford.edu/serum/!—the reaction of human fibroblas
cells to serum stimulation.37 The fibroblasts were prepared
a nondividing state characterized by low metabolic activ
and changed to a proliferating state through serum stim
tion. The relative change in expression of 8613 human ge
has been determined at 11 time points between 15 min
24 h after stimulation using cDNA microarrays. An add
tional twelfth measurement was performed on exponenti
growing fibroblasts. Typical expression ratios range fro
tenfold suppression to tenfold enhancement with respec
the nondividing reference state. As in Ref. 37 we anal
only those 517 genes that showed the largest change
expression in response to serum stimulation.

Even though expression ratios are studied, the data s
two orders of magnitude. If the raw data are processed
few largest ratios dominates the cluster analysis. In orde
weight increase and decrease of expressions equally,
logarithm of the expression ratios were studied.37

B. Clustering methods

There is no comprehensive classification of the mu
tude of clustering algorithms.38,39 The algorithms can be
characterized by the partitioning result or the partitioni
procedure. Even among nonoverlapping and complete p
tionings one can distinguish between hierarchical and no
erarchical partitionings that can be generated in an aggl
erative or divisive way. The authors in Ref. 37 use aver
linkage clustering with the normalized scalar product@cf. Eq.
~2!# as similarity score. They identified 10 clusters conta
ing 484 genes of the total 517 genes. For the purpose
comparison we use the clustering results from the w
supplement of Ref. 37. In this paper we restrict ourself to
non hierarchical divisivek-means clustering.40 In this way
we have control over the number of clusters and can com
different preprocessing procedures and distance meas
easily.

C. Distance measures

Clustering requires distance or similarity measures
tween expression profilesx andy ~in our casex andy refer
to the N512 measurements of two different genes!. Wen
et al.41 proposed the following distanceD:

D~x,y!5(
i 51

N

~xi2yi !
21 (

i 51

N21

~Dxi2Dyi !
2. ~1!

Here i labels the time points andDxi5xi2xi 11 and Dyi

5yi2yi 11 denote the changes of the expression levels.
In Ref. 37 the data were clustered using the similar

score

S~x,y!5
1

N (
i 51

N S xi2 x̃

sx
D S yi2 ỹ

sy
D ,

~2!

sx5A(
i 51

N
~xi2 x̃!2

N
, sy5A(

i 51

N
~yi2 ỹ!2

N
.

The authors of Ref. 37 setx̃ and ỹ to zero and thusS(x,y)
becomes simply a normalized scalar product. Another s
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sible choice forx̃ and ỹ is the mean which leads to Pearso
correlation coefficientr( x̃,ỹ). Both choices focus on the
temporal dynamics of the expression ratios and pay li
attention to the absolute size.

D. Comparison of algorithms and distance measures

First we compare the results of hierarchical clustering
Ref. 37 withk-means clustering. Figure 8 shows the cont
gency table of the partitionings. In both cases the logarit
base 2 and the distanceD(x,y)512S(x,y) were used. It
turns out that there is a reasonable agreement of both c
tering results. Figure 9 shows the temporal developmen
eight clusters identified byk-means. The clusters represe
rapid response to the serum stimulation~cluster 8!, late up-
regulation~clusters 4 and 6!, peaks around six hours~clusters
5 and 7!, or down-regulation at different times~clusters 1, 2,
3!. Similar features are identified by the hierarchical clust
ing in Ref. 37 and, consequently, the agreement in Fig.
not too surprising. In order to quantify the similarity of th
clustering results we apply the Rand index.42 It gives the
relative number of all possibleN(N21)/2 pairs of genes tha
are clustered in the same manner by both partitionings,
both genes of a pair are assigned either to the same o
different clusters. The contingency table of Fig. 8 gives
Rand index of 0.85.

In order to interpret Rand indices we have to discu
their distribution for random contingency tables. Straightfo
ward calculations show that for 517 genes and eight clus
random tables give Rand indices of 0.78160.001.

Clustering of the raw data differs strongly from cluste
ings on the logarithmic scale. Thus the preprocessing by
ing logarithms of the ratios has a strong effect on the cl
tering result. Contrarily, variations of chosen distan
measures lead to similar clustering results. Table I sho
Rand indexes fromk-means clustering using different dis
tance measures.

FIG. 8. Contingency table of the clusters identified by Iyeret al. ~Ref. 37!
by visual inspection of a dendrogram of a hierarchical clustering and
eight cluster identified in Ref. 43 byk-means clustering.
 AIP copyright, see http://ojps.aip.org/chaos/chocpyrts.html
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E. How many clusters are significant?

As shown elsewhere35,43 random data also lead to part
tionings that can be hardly distinguished from biologica
meaningful clusters. Consequently, we have developed a
terion to estimate fork-means clustering the number of re
evant clusters. Our approach~for details see Ref. 43! is based
on the generation of random surrogate data sets. Since
series clustering exploits temporal correlations, the rand
ization of the time points for each single gene destroys

FIG. 9. Temporal development of eight different clusters identified in
fibroblast data set (log2 of the ratio with respect to the reference state ov
time!. Each gene correspond to a gray line while the cluster averag
shown by the thick black line.

TABLE I. Table of Rand indices comparing the different clusterings:~a!
Hierarchical~average weighted linkage! clustering of log22ratio by Ref. 37
using normalized scalar product as similarity measure~10 clusters!, ~b!
k-means clustering of log22ratio using normalized scalar product as sim
larity measure~eight clusters!, ~c! k-means clustering of log22ratio using
Pearson correlation coefficient as similarity measure~eight clusters!, ~d!
k-means clustering of log22ratio using Eq.~1! as distance measure~eight
clusters!, ~e! k-means clustering of log22ratio using Euclidean distance
~eight clusters!.

Clustering ~a! ~b! ~c! ~d! ~e!

~a! 1 0.85 0.86 0.85 0.85
~b! 1 0.86 0.89 0.89
~c! 1 0.86 0.86
~d! 1 0.95
~e! 1
Downloaded 09 Mar 2001 to 130.149.160.103. Redistribution subject to
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relevant correlations. The resulting surrogate data share
the original data the distribution of expression levels b
have to be considered random otherwise.

The k-means algorithm minimizes the internal varian
Vk aroundk centerscj of the partitioning ofN genes

Vk5(
j 51

k

(
i 51

Nj

D~xi ,cj !
2, (

j 51

k

Nj5N. ~3!

The varianceVk can obviously be reduced simply by increa
ing the number of clusters. The variance decreases m
strongly for the original data compared to the random sur
gates. This fast decay of the variance can be attributed to
fact that the original data contain more structure due to te
poral correlations reflecting gene regulation. The change
varianceVk2Vk11 as plotted in Fig. 10 characterizes th
gain due to the refinement of the clustering. For largek the
gain for the original data exceeds no longer the gain of
surrogates. From Fig. 10 we deduce that fork>8 the gain
for the original data is not significantly different from th
gain of the surrogates. Consequently, we can estimate
about eight clusters are meaningful in this case.

IV. FINDING TRANSCRIPTION FACTOR BINDING
SITES IN CO-REGULATED GENES

Transcription of eukaryotic genes is mediated by a co
plex and extended regulatory system.44 The transcriptional
control of gene expression depends upon the specific in
action of proteins and short DNA motifs. Even though hu
dreds of binding sites are known45 the detailed regulation o
most genes is unknown. Under the assumption that
regulated gene sets contain common motifs, clusters
tained from gene expression time series can be analyze
predict transcription factor binding sites. Two different a
proaches are currently used to detect DNA regulatory e
ments: exhaustive analyses of oligo-nucleotide frequen
~see, e.g., Ref. 46! and optimization approaches using weig
matrices~e.g., Gibbs sampling introduced by Ref. 47!. The

e
r
is

FIG. 10. Variance reduction for the fibroblast data set~solid line! and the
surrogate data sets when the number of clusters is increased fromk to k
11. The mean variance of the surrogates and its standard deviation
estimated from 10 different surrogate sets.
 AIP copyright, see http://ojps.aip.org/chaos/chocpyrts.html
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TABLE II. Highly ranked hexanucleotides as computed by the program ITB are similar to the consensus sequences of previously characterizedn
from TRANSFAC.

Family name
~no. of genes!

Previously
characterized

element Bound factors
ITB

predict.
No. of

motifs/seqs. match
Inf. cont.

@bits# Z-score Rank

NIT~7! GATAAGf Gln3 GATAAG 26/6 7.2 13.9 1
MET1~11! TCACGTGc Cbfl-Met4-Met28 CACGTG 13/11 12.8 13.6 1
MET2~11! AAAACTGTGGc Met31, Met32 ACYSKG 39/8 9.2 4.8 4
PHO~5! CACGTKNGa Pho4 ACGTGS 18/5 7.2 12.1 1
PDR~7! TCCGCGGAb Pdr1, Pdr3 CCGYGG 18/4 12.9 15.3 1
INO~10! CATGTGAAWTj Ino2/Opi1 CATGTG 15/9 10.5 7.9 2
TUP~25! KANW4ATSYG4W

e Mig1 GYGGGG 33/18 8.3 11.7 1
YAP~16! TTACTAAa Yap1 MTTASK 99/16 6.5 7.2 1
GAL~6! CGGN5WN5CCGg Ga14 ¯ ¯ ¯ ¯ ¯

GCN~38! RTGACTCATNSa Gcn4 TGACTC 44/26 7.1 12.5 1
MAT ~10! CRTGTNNWa Mata2 CATGYA 21/7 6.3 5.7 3

aReference 45. eReference 3.
bReference 76. fReference 79.
cReference 77. gReference 80.
dReference 78.
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latter approach is based on a multiple alignment proced
In case of small co-regulated gene sets and weak signals
method is of limited use since often poly-A sequences
GC-rich regions are likely to be aligned by such algorithm

A. The ITB algorithm

In this section we discuss the performance of a new
gorithm ITB, anIntegrated Tool for Box-finding. A detailed
description of the algorithm can be found elsewhere.48 The
ITB algorithm exhaustively analyses regular expression-
patterns in upstream regions of genes, allowing gaps and
matching of more than one base at any position. The p
gram looks for over-represented words from the alpha
ACGTWRKSYMN with the following meanings: W5A or
T, R5A or G, K5G or T, S5C or G, Y5C or T, M5A or C,
N5any of ACGT.

In order to score over-represented patternsW a compari-
son with a training set is required. From this set the expec
frequenciesnexp(W) are calculated using Markov models
varying orders. A list of top-scoring motifs is created wi
the Z-score along the lines of46

Z~W!5
nobs~W!2nexp~W!

sexp~W!
. ~4!

In order to calculate the standard deviationssexp(W) we
have to take into account self-overlaps of the motif. W
adopted the expressions introduced in Ref. 49 to dou
strand analysis and to the extended alphabet given abov

In the remainder of this section we consider the 10 hi
estZ-scores using a default word length of 6. In addition
theZ-score we give the information content to each detec
motif according to Ref. 50.

B. Motifs in yeast clusters and RAS regulated genes

Since the whole yeast genome is known and many y
expression data sets are available, the prediction of pr
ously characterized yeast regulatory elements provide
good test case for any algorithm. We analyze 10 co-regula
Downloaded 09 Mar 2001 to 130.149.160.103. Redistribution subject to
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gene sets as introduced by Ref. 51. Moreover, we study
other set of 10 MAT~mating-type! genes having the highes
levels of change in transcription, when yeast mating typ
‘‘ a’’ and ‘‘ a’’ are compared.52

The 800 basepairs~bp! upstream regions of the yea
genes were retrieved from theMIPS database.53 As a training
set for the background model, a Markov chain of order 3,
use the complete set of 800 bp yeast upstream regions.

As discussed elsewhere,48 other programs such a
MEME,54 ALIGN-ACE,52 or RSA-tools-oligo-analysis51 miss
some of the known motifs. Table II shows that the ITB a
gorithm predicts 10 of 11 elements, most of them even as
scoring motif. Only the binding site of the transcription fa
tor Gal4 regulating the GAL family was not detected. T
corresponding motif CGGNNNNNWNNNNNCCG contain
large gaps and cannot be found by the current version of
ITB algorithm which is biased towards compact motifs. On
ALIGN-ACE52 which is based on the Gibbs samplin
algorithm47 was able to detect this motif.

The identification of binding sites in mammalian g
nomes is much more difficult. First of all, the number
experimentally verified promoter regions is limited and t
accuracy of promoter predictionin silico is still not
satisfactory.55–57 Thus, our training had to rely on the 27
human promoter sequences from the eukaryotic prom
database.58 Moreover, due to isochores,59 poly-A sequences
or CpG islands the regulatory regions are quite inhomo
neous and motifs appear also several kilobases away f
the basal promoter. Consequently, the encouraging res
from yeast clusters cannot be transferred easily to hig
eukaryotes.

In the following we present a first attempt for a set
genes down-regulated via the H-RAS protein involving t
RAF/MEK/ERK signaling cascade.

Recently, hundreds of genes have been identified
gene expression profiling60,61 that are up- or down-regulate
by oncogenic RAS mutants. We examine promoter regi
of the following five down-regulated genes: LOX, LOXL1
LOXL2, RIL/LIM, and TSP1. The ITB algorithm found the
 AIP copyright, see http://ojps.aip.org/chaos/chocpyrts.html
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significantly over-represented pattern CGARCG~Z-score
10.1! in the upstream regions of these genes. The pat
appears nine times in four of the promoter sequences
does not match any previously characterized site listed in
TRANSFAC database.45 The motif was confirmed by runs with
other background models~Markov chains of different order!
and a search for 8-words.

In summary, we emphasize that the detection of tr
scription factor binding sites in higher eukaryotes is a rat
complicated task. Lists of over-represented words are ea
generated but the prediction of true sites requires adeq
background models and scores that can suppress repea
self-overlapping words such as poly-A or CGCGCG.

V. SUMMARY AND DISCUSSION

A. Summary

Even though microarray experiments have matured c
siderably in recent years, they are still inherently noi
Since thousands of expression levels are measured in p
lel, the appearance of false positives cannot be avoided. N
ertheless, microarray data provide a valuable tool for scre
ing of many genes.

The dynamics of cluster averages is more reliable t
single gene trajectories. However, clustering typically
quires a preprocessing of the data and appropriate dist
measures. These steps seem to be even more importan
the choice of the clustering algorithm. The number of s
nificant clusters can be estimated by analyzing random
data.

Clusters of co-regulated genes can support the trem
dously difficult analysis of eukaryotic gene regulation. Ov
represented words in upstream regions of co-regulated g
sets are candidates for transcription factor binding si
However, a careful choice of the background statistics
corrections for self-overlapping words are required to der
appropriate scores. Since microarrays are based on cD
sequences, the corresponding upstream regions have
extracted from genomic data. Hence the promoter anal
profits from genome sequencing projects as well as fr
large-scale expression analysis.

B. Outlook

The ultimate goal of microarray analysis is the detai
understanding of the entire gene regulatory network. T
concept ofreverse engineeringwas first discussed in connec
tion with Boolean networks62,63 or continuous
generalizations.64 For such idealized models some promisi
results were obtained.65 For example, networks of 160 gene
have been reconstructed from less than 100~simulated!
measurements.66 Recently, a series of 28 experiments h
also been used to fit a linear model to the dynamics of
genes.67

However, as discussed in this paper there are still num
ous problems with microarray data. The accuracy is qu
limited, different experiments are difficult to compare, a
the number of measurements is rather limited even in la
scale studies.35,68,69Consequently, it is currently more appro
priate to extract the dynamics of clusters instead of sin
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genes. In this way the noise present in single express
levels can be reduced and the resulting empirical mod
provide a compact representation of the data. For exam
Wahde and Hertz70 derived a regulatory network for fou
clusters derived from expression data of 112 genes from n
ronal tissue.41

Even though currently regulatory networks cannot be
rived solely from microarray data, existing models can
refined using expression profiles. For example hundred
cell cycle-regulated genes have been identified us
oligo-chips71 or cDNA arrays.72 DNA chips have been ap
plied to classify subtypes of cancer73,74 and to studyDroso-
phila development.75 Moreover, signaling pathways can b
explored. Recently, targets of the transcription factor MY
have been found using DNA chips.33 In another study the
MAPK pathways of yeast have been analyzed systematic
with microarrays.68 It turned out that expression profile
from 46 diverse experimental conditions provided valua
information about the architecture of the signaling netwo
This example illustrates that expression profiles with m
croarrays are particularly useful if they supplement exist
models of regulatory networks.
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