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ABSTRACT

A novel computational method based on a genetic algorithm
was developed to study composite structure of promoters of
coexpressed genes. Our method enabled an identification of
combinations of multiple transcription factor binding sites reg-
ulating the concerted expression of genes. In this article, we
study genes whose expression is regulated by a ligand-acti-
vated transcription factor, aryl hydrocarbon receptor (AhR), that
mediates responses to a variety of toxins. AhR-mediated
change in expression of AhR target genes was measured by
oligonucleotide microarrays and by reverse transcription-poly-
merase chain reaction in human and rat hepatocytes. Promot-

ers and long-distance regulatory regions (>10 kb) of AhR-
responsive genes were analyzed by the genetic algorithm and a
variety of other computational methods. Rules were estab-
lished on the local oligonucleotide context in the flanks of the
AhR binding sites, on the occurrence of clusters of AhR recog-
nition elements, and on the presence in the promoters of spe-
cific combinations of multiple binding sites for the transcription
factors cooperating in the AhR regulatory network. Our rules
were applied to search for yet unknown Ah-receptor target
genes. Experimental evidence is presented to demonstrate
high fidelity of this novel in silico approach.

Regulation of gene expression is accomplished through
binding of transcription factors (TFs) to distinct regions of
DNA (TF binding sites), and, after anchoring at these sites,
transmission of the regulatory signal to the basal transcrip-
tion complex. Some of these TFs are specific for a particular
tissue, a definite stage of development, or a given extracel-
lular signal, but most transcription factors are involved in
gene regulation under a rather wide spectrum of cellular
conditions. It is clear by now that combinations of transcrip-
tion factors and not single transcription factors drive gene
transcription and define its specificity.
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The aryl hydrocarbon receptor (AhR) is a well understood
ligand-activated transcription factor that mediates responses
to a variety of toxins. Among them are halogenated aromatic
toxins such as 2,3,7,8-tetrachlorodibenzo-p-dioxin, polynu-
clear aromatic hydrocarbons, combustion products, and nu-
merous phytochemicals such as flavonoids and indole-3-
carbinol. The nuclear AhR complex is a heterodimer
composed of the AhR and AhR nuclear translocator (Arnt)
proteins. Binding of this complex to so-called dioxin respon-
sive elements leads to activation of a large number of AhR-
responsive genes, including phase 1 (e.g., CYP1Al) and
phase 2 drug-metabolizing enzymes and also genes coding for
cellular differentiation, metabolism, and apoptosis among
others (Safe and Wormke, 2003).

In-depth studies of the last years revealed many details
about the mechanisms of action of the AhR transcription
factor and promoter activation of target genes, including
CYP1A1 (Whitlock, 1999). Protein-DNA interactions of AhR

ABBREVIATIONS: TF, transcription factor; AhR, aryl hydrocarbon receptor; Arnt, aryl hydrocarbon receptor nuclear translocator; Ah, aryl
hydrocarbon; RT-PCR, reverse transcription-polymerase chain reaction; PCR, polymerase chain reaction; TSS, transcription start site; kb,
kilobase(s); bp, base pair(s); PWM, positional weight matrice; CM, composite regulatory module; CE, composite element; NF-«B, nuclear

factor-«B.
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were analyzed, and expression of target genes was studied.
Despite our advanced understanding of AhR receptor biology,
the precise mechanism of activation of target genes remains
uncertain. There are a number of genes known to be regu-
lated (activated or repressed) by AhR in combination with
other transcription factors, including AP-1 and ER (Safe and
Wormke, 2003), but the general combinatoric rules to enable
robust prediction of gene expression are lacking. Further-
more, there is a need to identify networks of cooperating
transcription factors. Thus, computational approaches for
the prediction of the transcriptional network of AhR target
genes are needed.

In the past few years, a number of computational ap-
proaches were developed addressing the problem of combina-
torial regulation of transcription by networks of transcription
factors. Specific TF binding site combinations were used for
an identification of muscle-specific promoters (Frech et al.,
1998; Wasserman and Fickett, 1998), promoters of liver-
enriched genes (Tronche et al., 1997), of yeast genes (Brazma
et al.,1997), of immune-specific genes (Kel et al., 1993;
Boehlk et al., 2000; Fessele et al., 2001), and promoters of
genes regulated during cell cycle (Kel et al., 2003). In the
database TRANSCompel (Kel-Margoulis et al., 2002a),
known composite regulatory elements and specific combina-
tions of pairs or triplets of TF binding sites that are located in
proximity to each other were collected. This provides infor-
mation on synergistic or antagonistic effects on gene regula-
tion by different TFs. Nonetheless, information on TF net-
works is limited, and descriptions of such networks are often
highly speculative. With the introduction of global gene ex-
pression arrays into the armory of biomedical research, in-
vestigators have been enabled to analyze the expression pat-
terns of hundreds or thousands of genes altered in parallel in
response to physiological as well as pathological stimuli. To
gain insight into the mechanisms governing these changes,
we need to acquire a better understanding of the regulatory
proteins as well as the regulatory regions of the genes in-
volved. To facilitate the expansion of this knowledge base,
one suitable approach is to develop genetic algorithms for the
identification and characterization of promoters and other
regulatory elements. Including such genetic algorithms, we
have developed a computational strategy that we used to
analyze promoters of differentially expressed genes regu-
lated by the AhR. Applying this strategy, we identified com-
posite modules that include AhR binding sites arranged in
clusters and accompanied by a number of colocalized specific
DNA motifs, including hepatic nuclear factors, CCAAT/en-
hancer-binding proteins, and others. The revealed composite
modules were used to identify novel gene targets based on
whole genome searches.

Materials and Methods

Tissue and Cultures. Isolation of human and rat hepatocytes
was done as described previously (Borlak et al., 2002, 2003). Male
Sprague-Dawley rats weighing 200 to 220 g were obtained from
Charles River Laboratories (Sulzfeld, Germany). Anesthesia was
done with ketamine/xylazine. After midline incision, the liver was
perfused via the portal vein with 200 ml of Ca®"-free Krebs-Ringer
buffer and subsequently with 100 ml containing Ca®* and collage-
nase at 37°C. The liver capsule was gently removed, and liver tissue
was washed as described above. Primary human and rat hepatocytes

were cultured enclosed between two layers of collagen as described
previously (Dunn et al., 1991).

RNA Isolation and Production of Copy RNA. Total RNA was
isolated using RNeasy total RNA isolation kit (QIAGEN GmbH,
Hilden, Germany) according to the manufacturer’s recommendation.
Ten micrograms of total RNA was used for the synthesis of double-
stranded ¢cDNA with Superscript II reverse transcriptase. Primer
extension was with high-performance liquid chromatography-puri-
fied T7-(dT),, (GenSet SA, Paris, France) as a primer. After clean up,
the double-stranded ¢cDNA was used for the synthesis of biotin-
labeled cRNA (ENZO BioArray High Yield RNA Transcript Labeling
kit; Affymetrix, Santa Clara, CA). cRNA was purified with RNeasy
spin columns from QIAGEN and cleaved into fragments of 35 to 200
bases by metal-induced hydrolysis.

Microarray Experiments. This was done according to the man-
ufacturer’s recommendations as detailed in Singh-Gasson et al.
(1999) with n = 3 repeats. Furthermore, we used n = 15 cDNA
arrays containing 302 well known genes that code for detoxification,
cell proliferation, tumor development, heat shock response, signal
transduction, apoptosis, and cell cycle regulation (J. Borlak, J.
Drewes, K. Hofmann, and A. Bosio, submitted).

Thermocycler RT-PCR. For PCR amplification of cDNA, a 25-ul
reaction mixture was prepared containing 10X polymerase reaction
buffer, 1.5 mM MgCl,, 0.4 nM dNTPs (Roche Diagnostics, Mann-
heim, Germany), 400 nM concentration of the 3’- and 5’-specific
primers (synthesized by Invitrogen, Karlsruhe, Germany), 1 U of
Taq-polymerase, and 1 ul of cDNA.

PCR reactions were carried out in a thermal cycler (T3; Biometra,
Gottingen, Germany) using primer-specific melting, annealing, and
extension cycling conditions. DNA contamination was checked for by
direct amplification of RNA extracts before conversion of RNA to
c¢DNA and was excluded. PCRs were done within the linear range of
amplification. PCR products were separated using an agarose gel,
stained with ethidium bromide, and photographed on a transillumi-
nator. A semiquantitative measurement was performed using the
program NIH Image version 1.62.

Sequence Retrieval. One hundred eighteen (68 human and 50
rat) differentially expressed genes were used as training sets (Table
1). For 41 human and 37 rat genes, the level of expression was
determined experimentally.

The Ensembl database and UCSC Genome browser was used to
extract the 5’ regions of the AhR-regulated genes and to build the
training sets of sequences. For the majority of the genes and based on
the Ensembl annotation of the first exons, 5’ regions could be re-
trieved. The beginning of the first exon was considered as a tentative
transcription start site (T'SS). However, for some genes, identifica-
tion of TSS was difficult. In these cases, several possible 5’ regions
were considered. For some of genes given in Table 1, the annotation
of promoters in genomes was not reliable (based on mapping of 5’
incomplete expressed sequence tags or based on an in silico gene
prediction). In such cases, we did not include these genes into the
training sets. Finally, 96 5’ regions of these genes were included into
the training set (81 human and 16 rat). Four sets of subsequences
were prepared: (—500/+100), (—1000/+100), (—2000/+2000), and
(—20,000—gene—+20,000). We refer to these sequences as G600,
G1100, G4000, and G20gene20kb sets.

Another training subset contained 5’ upstream regions for 58
genes (42 human and 16 rat) for which gene expression was quanti-
fied (Table 1). We used the logarithms of the relative expression
values for further studies of correlation between promoter structure
and the relative expression values. Furthermore, several sequence
sets were extracted from the human genome database and used as
controls. One set contained 200 promoter sequences from human
genes in chromosome 21 (PR). Another set contained far upstream
sequences of human genes (based on RefSeq annotation) from chro-
mosome 21 (from —50 to —40 kb) (UPG10kb set). Another set was
used for an analysis of exon 3 sequences of human genes (EXON3
set). No functional TF binding sites are within exon 3; thus, these
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TABLE 1
Expression levels of different genes after treatment of human or rat hepatocytes with Aroclor 1254, and the LocusLink ID (identifier) of these
genes
Human Rat
Gene
Relative Expression Level LocusLink-ID Relative Expression Level LocusLink-ID
ERB-B 1.5 2064 3 24337
ERB-A 0.5 7067 3 81812
c-Jun 0.6 3725 5 24516
LXR-a 0.5 10062 1.8 58852
CYP1A1 400 1543 20 24296
CYP1A2 26 1544 20 24297
CYP1B1 10 1545 40 25426
Ugtlal 3 54658 10 24861
CAR-B 0.6 9970
PPAR-y 0.8 5468 1.01 25664
COX-2 0.7 4513 15 26198
ARNT-1 0.7 405 5 25242
CEBP-«a 3 1050 3 24252
RAR-« 0.7 5914 1.5 24705
RXR-« 2 6256 1 25271
Glucocorticoid receptor 2 2908 4 24413
Aldh3al 60 218 40 25375
pRB 1.5 5925 2 24708
E2F(1) 1 1869 0.8 NW_047658 (RefSeq)
Estrogen receptor-a 0.2 2101 0.5 24890
Fos 2 2353 10 314322
SREBP-1c 0.5 836
MAD2 0.5 4085
Bax 2.5 581 2.5 24887
Connexin26 1.5 2706 4
Connexin32 1.5 2705 4 29584
PCNA 0.9 5111 0.5 25737
CDK2 0.8 1017 15 246381
CDK4 0.6 1019 0.9 94201
Raf-1 3 5894 3 24703
p53 0.8 7157 5 24842
p27 0.8 1027 1.5 83571
p21 0.8 1026 1.5 114851
MDR1 2 19 4 313210
n-ras 0.9 4893 2 24605
c-sre 1 1445 20 83805
CyclinD1 0.5 595 4 58919
c-myc 0.8 4609 1 24577
Histone deacetylase 0.8 8841 1.5 84578
ICAM1 0.6 3383 2 25464
NQO1 2 1728 6 24314
CYP3A1 60 286929
CYP3A4 1.7 1576
CYP3A5 2.6 1577
CYP3A7 5.3 1551
Ugtla3 2.6 54659 1.12
Ugtla4d 3.1 54657 0.71
Ugtlab 2.5 54579 0.83
Ugt2b4 1.5 7363
Ugt2b7 2.1 7364
Ugt2b15 2 7366
Ugt2b17 1.5 7367
PXR 0.44 8856
GSTal 3 2938
GSTa2 3 2939
GSTa3 3 2940 2.02 24423
Cyclooxygenase 1 R* 5742
Microsomal epoxide hydrolase 2.3 2052
Alcohol dehydrogenase iso 1 2.6 216
Bcl-2 R 596 0.7 24224
Bel-x1 R 598
BAD R 572 0.76 64639
Glutathione peroxidase 0.37 2876 0.88 24404
NF-«B 0.7 4790 0.67 81736
TGFB 1 0.48 7040 1.39 59086
MET 0.14 4233 0.99
Apolipoprotein 1 0.53 335
Ubiquitin 4.7 7314
Hsp27 2 3315 1.36 24471
Hsp70 1.2 3303 0.74 294254
Hsp90 3 3320 0.89 299331
CYP2B1 12.67 29295

“ R, reported in the literature to be regulated by polychlorinated biphenyls.
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sequences can be used as a TF “site-free” background. A further
sequence set containing randomly selected intergenic sequences of
chromosome 22 (INTERG set) were also used and considered in our
analysis.

Databases. Two databases for prediction of gene expression were used
(BIOBASE GmbH, Wolfenbiittel, Germany). TRANSFAC is a database
that collects information about gene regulation in eukaryotes based on
binding of transcription factors to their target sites. We used TRANSFAC
Professional release 6.4 and TRANSCompel (release 6.4), which contains
known composite regulatory elements in mammalian genes.

Weight Matrix Method for Recognition of AhR Sites. The
most widely used methods for recognition of transcription factor
binding sites is the application of positional weight matrices (PWMs)
(Quandt et al., 1995; Whitlock, 1999). TRANSFAC is the largest
collection of weight matrices for eukaryotic transcription factors
(Wingender et al., 2001) (http://www.biobase.de and http:/www.
gene-regulation.com). In this database, three different weight matri-
ces for AhR sites were stored before this study (Accession nos.
MO00139, M00235, and M00237). In the current work, a novel weight
matrix was constructed on the basis of 25 known, experimentally
verified, genomic AhR-binding sites (TRANSFAC accession no.
MO00778; id VSAHR_Q5). All these matrices were used for searching
potential AhR sites in genomic sequences. For this search, we used
the MATCH algorithm calculating scores for the matches by apply-
ing the so-called information vector (Kel et al., 2003).

Software Tools for Searching TF Binding Sites. We used the
TRANSPLORER software package (BIOBASE GmbH) to identify
potential TF binding sites. This software uses a PWM collection and
the most up-to-date library of matrices derived from the TRANSFAC
Professional database. A TF binding site search can be made using
all or a particular subset of matrices from this library. Such matrix
subsets with defined cutoff values for every matrix are called “pro-
files” in TRANSPLORER.

We used a profile that included matrices for different transcription
factors of vertebrate organisms (TRANSFAC release 6.4) known to
be involved in gene regulation in liver, in immune cells, and in the
cell cycle. The cutoff values for the matrices are set to a very low
value to minimize the rate of false negative predictions.

Method for Revealing Short Sequence Motifs in the Flank-
ing Regions of TF Sites (Local Context). To analyze the flanking
regions of AhR sites, we applied an algorithm that was developed
recently (Kel et al., 1999, 2001). The composition of over- and under-
represented short oligonucleotides (local context) is investigated in
the flanking regions of functional AhR sites (50 bp to the left and
right of the 11-bp-long AhR sites). This local context is taken into
account while searching genomes for potential AhR sites.

The applied algorithm is based on a comparison of two sets of
sequences of equal length L: a training set Y consisting of the
functional AhR sites, including their flanking regions; and a negative
control set N consisting of the sequences from “nonpromoter” regions
of the human genome. To compile the N set, we computed a MATCH
search in the INTERG sets using the AhR matrix (accession no.
MO00778; score value ¢ > q.uor = 0.98, it gives approximately 1
match per 5 kb of genomic sequence, as it was tested on the chro-
mosome 22). One hundred of randomly selected matches together
with their flanks were placed into the control set N. Thus, set N
consists of sequences that contain a motif fitting to the AhR matrix;
however, because of its position in the genome most of these “sites”
should not be functional. This way, by comparison of sets Y and N, we
can reveal features that characterize the sequence environment (con-
text) of functional AhR sites. As contextual features, we consider the
frequency of occurrence of short motifs A = (a,a,..ay) (@ €A,T,G,C,
W,S,R,Y,M K,B,V.H,D N}") of the length £ < 4 in a window w = [£,,,]
O<ty<t,;<L-—Fk+1).

1 We are using the following one-letter code for different combinations of
alternative nucleotides: W, (A/T, read A or T); R, (A/G); M, (A/C); K, (T/G); Y,
(T/C); S, (G/C); B, (T/G/C);V, (A/G/C); H, (A/T/C); D, (A/T/G); and N, (A/T/G/C).

In our previous work (Kel et al., 1993, 2001), we described a
statistical method that permits an identification of motifs A and the
windows w that are characterized by a significant difference of their
frequencies fl\,w,S) in the sequences S from the sets Y and N. The
motifs found are used then for creating a context analyzer that is
able to perform an additional filtering of the potential sites revealed
by the weight matrix method.

The context analyzer is developed by means of linear discriminant
analysis. The motifs selected at the previous step (Aq, A, . . ., A,,) are
used for construction of a linear classification function discriminat-
ing sets Y and N. So, for every sequence X, we calculate the score of
context:

m

d=6+2 a; X fl\;, wi, X) (1)

i=0

where «; and B are the coefficients of the discriminating function.

A Genetic Algorithm to Determine Composite Regulatory
Modules. We define a composite module CM as a set of TF weight
matrices with given matrix cutoffs and other parameters that is
associated with a specific functional type of gene regulatory regions.
We have developed a new computational method to determine CMs
in a set of promoter (or other regulatory) sequences of regulated
genes. This method is based on a genetic algorithm (a prototype of
this method is incorporated in the tool package ClusterScan (Kel-
Margoulis et al., 2002b). The CMs are characterized by the following
parameters: K, the number of PWMs in the module (typically 6-12),
cutoff values ¢, .4, relative importance values ¢ and maximum
number of best matches k**’ that are assigned to every weight matrix
k (k = 1,K) in the CM. These K matrices are selected by the program
from a library of all considered matrices. We use different profiles,
including the profile vertebrate_minFN62.prf, which includes 410
matrices for different transcription factors of vertebrate organisms
(TRANSFAC release 6.4). Some matrices are organized in pairs.
Such pairs are designed to model composite elements that play a
very important role providing synergistic or antagonistic regulation
of transcription through binding of different transcription factors.
(Kel et al., 1995). A parameter R is defined that puts a limit on a
distance between matches of these matrix pairs (at least one pair of
matches should be found fitting this limit). When all these parameter
settings can be defined a “composite module score” (CM score) is
given for any sequence X using the following equation:

K(k)

FouX) = E M x E qi® (2)

k=1,K i=1

where ¢,* (X) are the kK best scoring sites found in the sequence X by the
matrix (k). Then the genetic algorithm is used to determine the specific
parameters of CMs for a particular set of promoters. The general descrip-
tion of the genetic algorithm was reported in Kel et al. (2001).

We define the goal function G as a weighted sum of false negative
and false positive errors and determine the statistical significance (¢
test) over several random iterations of bootstrap procedure by split-
ting the initial sequence sets into a training and a testing subset. In
addition, we test the normal distribution of the F' function over the
set of positive and negative sequences. Such thorough way of calcu-
lating the goal function using bootstrap test and normality check
allows to assess the usability of the obtained solutions for classifica-
tion of individual sequences. Because of the small size of the se-
quence set, we decided to use the complete set for the training and
apply the thorough analysis of distribution rather then to sacrifice a
part of the set for independent testing. Nonetheless, the final biolog-
ical and truly independent test of the method is done by the complete
genome screening and by comparing results with microarray data
(see Results).

The program CMFinder (cmf) takes as an input two sets of se-
quences (the set which is analyzed and a background set) and a set
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of weight matrices for transcription factors. For defined parameters
K and R and over a number of iterations, the program optimizes the
set of matrices selected, their number, their cutoff values, the rela-
tive importance, and the maximum number of best matches. The
user can vary parameters K and R and compare results of the
program. The output of the program is a profile ready to run by
MATCH or TRANSPLORER.

Method to Determine CMs Correlated with Gene Expres-
sion. The method is based on a modification of the genetic algorithm
described in the previous section. The program CMFinder now

A 2 i 4 0 0 0 0 0 9 4 7
c i1 2 6 0 25 0 0 0 9 7 7
G 6 5 5 25 0 25 0 25 2 11 5
T 6 17 10 0 0 0O 25 0 5 3 &6
Consensus [N T N G €C G T G N N N

Fig. 1. AhR weight matrix (TRANSFAC accession no. M00778; id
V$AHR_Q5). In each of the 11 positions, the weights for the four nucle-
otides are given.

TABLE 2
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searches for a combination of TF matrices that minimizes a goal
function G that is a weighted sum of the least squares deviation
between logarithms of gene expression values and the score function
F described in the previous section and a rank correlation coeffi-
cient:

aX > (LR — Foy)® + B X prank(LR, Foy) — min

genes

(3)

here, LR = log,(ex1/ex2), which is the log-ratio of the expression
values of a particular gene in the experiment versus control (i.e., a
signal log-ratio).

Results

Construction of a Novel AhR Weight Matrix. We ini-
tially analyzed experimental findings on AhR bindings sites
in promoters of targeted genes. From the 35 sites reported in
17 genes (human, mouse, and rat), 25 independent sites were
selected after exclusion of close homologs (Table 1). A novel
algorithm was used to identify an optimal length of the
matrix (Kel et al., 2003), which comprised 11 nucleotides.

Over- and underrepresented oligonucleotides found in the flanking regions of AhR sites
The first nine characteristics are 'positive’ and the last four are 'negative’. The sequences considered were of the length 111 bp (11-bp AhR site in the center and 50-bp flanks).

Oligonucleotide® From To® In/Out® Utility? FreqY* FreqN/ FreqY/FreqN¢
RDVB 0 15 0 0.60 3.333333 2.313131 1.441048
CNYK 36 71 0 0.84 3.333333 2.121212 1.571429
DYSY 33 87 0 0.68 8.037037 5.717172 1.405771
YRMG 9 57 0 0.61 2.000000 0.838384 2.385542
SVWY 30 42 0 0.56 0.962963 0.252525 3.813334
SBDY 33 39 0 0.73 1.037037 0.171717 6.039216
WHRH 51 63 0 0.69 1.000000 0.222222 4.500000
THDM 48 66 0 0.69 0.888889 0.232323 3.826087
DYVC 58 68 1 0.77 9.407408 6.282828 1.497321
WANW 12 87 0 0.61 1.370370 4.262626 0.321485
WBNR 48 52 0 0.60 0.000000 0.555556 0.000000
HBWG 48 52 0 0.60 0.000000 0.505050 0.000000
CVD 61 62 0 0.60 0.074074 0.565657 0.130952

“ The oligonucleotide over- or underrepresented in the sequences (written in the ambiguous one-letter code).

® Positions of the window.
¢ Oligonucleotides are counted in the window (0) or outside the window (1).

4 Utility = utility value U (—1 < U < 1) is an indicator of significance of the difference between two distributions of frequencies freqY and freqN. Utility is calculated on
the bases of a number of statistical criteria including tests of mean difference, distribution overlapping, normal-likeness, and bootstrap tests.
¢ FreqY, frequency of the oligonucleotide in the AhR site sequences (average number of oligonucleotides in the window).

fFregN, frequency of the olig in the background sequences.
g FreqY/FreqN, relative frequency in Y vs. N.
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This matrix was stored in TRANSFAC (accession no.
MO00778) and used for further analysis. Figure 1 depicts the
constructed AhR weight matrix and the corresponding con-
sensus sequence. Cut-off g ¢ = 0.966 is the maximal cutoff
value that allows recognition of all 25 sites of the training set.
This cutoff value was used in further analysis.

The core of consensus sequence of the new matrix is
“TNGCGTG”, which fits exactly to the seven-nucleotide
length consensus reported previously (Watson and Hankin-
son, 1992; Bacsi et al., 1995). So, with our analysis that was
based on much broader collection of known AhR sites, we
confirmed the well known consensus. In addition, we con-
structed the weight matrix that provides information on the
nucleotide preferences in a broader, 11-nucleotide, window
around this core consensus sequence.

Modulation of Gene Expression after AhR Activa-
tion. Microarray and RT-PCR experiments enabled an as-
sessment of gene expression, and the results are given in the
Table 1. We selected 114 genes (64 human and 50 rat) that
changed their expression upon AhR activation. Among the
114 “changed” genes, we reconfirmed some of the well known

Frequency of Ahr sites

0,0006
0,0005
0,0004
0,0003

-1l

0,0002
0.0001

[-10kb gene  [-3000 TSS  [-1000 TSS
+10kb] +3000] +1000]

sites per nucleotide

21chrom

Fig. 3. Frequency of AhR sites found by the program in different genomic
sequences. Frequency in the whole 21 chromosome is shown by the yellow
bar. Blue bars represent the frequency of the sites in different parts of the
AhR-regulated genes.

targets of AhR with their known binding sites, such as
CYP1A1, CYP1B1, Ugtlal, and c-fos among others. We also
confirmed some of the recently reported AhR targets, includ-
ing Bcl-2, Bel-xl, BAD, and cyclooxygenase 1, as shown in
Table 1.

Analysis of Short Sequence Motifs in the Flanking
Regions of AhR Sites (Local Context). To analyze the
flanking regions of AhR sites, we computed the Local context
as described under Materials and Methods. The analyzed
sequences contained a proven AhR site in the center (11 bp in
length, aligned according to the best fit to the matrix) and 50
bp flanks left and right from the site (the DNA strand orien-
tation with regard to the T'SS site was not considered). We
identified 13 characteristics in these sequences (Table 2).
Nine of them are over-represented in comparison with the
negative control set of sequences (positive characteristics)
and four underrepresented (negative characteristics). The
negative control set was prepared as described under Mate-
rials and Methods by selecting from the INTERG sequences
those subsequences of 111-nucleotide length in which the 11
central positions match with the AhR weight matrix (score
cutoff ¢ = 0.966).

As shown in Table 2, the selected motifs are three to four
nucleotides in length and contain many ambiguous letters
(from the TUPAC 15 letter code). The corresponding windows
in which the selected motifs were found to be over-represent-
ed/underrepresented are rather different in their length and
location (Table 2, second and third column). Some of the
windows are located on the left flank, some on the right, and
some of them overlap in the central positions.

On the basis of these 13 characteristics (m = 13), we
constructed the linear classification function according to eq.
1 discriminating sets of real AhR sites from the false posi-
tives in INTERG sequences. We refer to this function as AhR
score of local context d.

The advantage of the score of local context d as an addi-
tional filter to identify potential AhR sites is demonstrated in
Fig. 2. As a first step, we identified the potential AhR sites by

Potential Ahr binding sites found in the human genes (-10kb+gene+10kb)

_ALDH3A1 aldehyde dehydrogenase 3 family, memberAl; chrom=17pl1.2; LocusLink=
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Fig. 4. Some examples of the distributions of the found AhR sites in AhR-regulated sequences. For each cluster, the probability to occur by chance was
calculated. Arrows show positions of the start of transcription (according to the RefSeq annotation of the first exon). The scale shows positions relative
to the start of transcription. Short lines above the scale show the locations of predicted AhR binding sites.
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using the weight matrix with a definite cutoff value q o
Then, we applied the d score to an extended region surround-
ing each potential AhR site. The requirement d > 0 (d yiorr =
0.0) is used as an additional criterion for recognition of AhR
sites. In Fig. 2, the distributions of d values for the set of real
AhR sites (red) and for the set of “false” AhR-like motifs in
the intergenic regions (blue) are shown. These two distribu-
tions are clearly distinct from each other and by setting the
cutoff value to d = 0.0, we can filter out almost 80% of the
false sites while losing only 14% of the true positive sites.
Thus, this method allows us to increase the correctness of our
predictions of AhR sites in genomic sequences.

Searching for AhR Sites in Genomic Sequences Us-
ing Score of Context. We applied our high-precision
method for recognition of AhR binding sites to the genomic

TABLE 3

List of factors the matrices of which were selected by the algorithm in
5" regions of different length

(=500 +100) (—=1000 +100) (—2000 +2000)

E2F NFY E2F

HNF1 HNF1 HNF1

USF C/EBP OCT

NF-«B SP1 GR

YY1 YY1 YY1
AHR HNF6

TABLE 4

Composite module CM,,, constructed for the (—2000 +2000) set of
promoters

Factor or Pair of Factors (distance) ¢ (See Eq. 2)
E2F 0.105086
OCT1 0.084289
GR 0.077050
YY1 —0.169821
IRF/SRY(50) 0.213636
HNF3/SRY(50) 0.164787
AP1/NF1(100) 0.149481
SP1/MYB(50) 0.138358
GR/HNF1(40) 0.137571
AHR/MYB(50) 0.124308
HNF1/SP1(100) 0.110810
E2F/ROR(100) —0.115593
AHR/CREB(100) —0.086788
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sequences of genes that were shown to be regulated (up or
down) after activation of AhR. It is known that functional
AhR sites may be situated in the promoter regions of the AhR
target genes, in their introns as well as in far upstream and
downstream noncoding regions around the genes. Therefore,
we analyzed the G20gene20kb set (see Materials and Meth-
ods) that includes 20-kb regions upstream and downstream
of the genes. This set contains 40 sequences of the total
length 1,855,876 bp.

We searched for AhR sites on either strand using the
consecutive application of AhR site weight matrix and the
score of context. One hundred ninety-five sites with a fre-
quency of 0.000105072 sites per bp (or approximately 1 site
per 10,000 bp) were identified with a matrix score cutoff s =
0.98 and the context score cutoff d = 0.0. Sequences of chro-
mosome 21 with a total length of 34,011,570 bp were used for
data curation. The same cutoff values were applied (s = 0.98
and d = 0.0). The total number of identified AhR sites was
1880, which corresponds to 0.00005528 sites per bp (or ap-
proximately 1 site per 18,000 bp). Therefore, the frequency of
AhR sites in the AhR-regulated promoters is almost 2 times
higher compared with overall sequences of the entire chro-
mosome 21.

To check whether the revealed sites have any preferences
in their location relative to the start of transcription (TSS
position), we calculated the frequencies of predicted AhR
sites in different regions around TSS of AhR-regulated genes.
It is striking that, for some windows of limited length around
the T'SS, the frequency of AhR sites is much higher than in
the other regions of regulated genes as well as in the whole
chromosome 21 (Fig. 3). For instance, within the window
[-1000 TSS + 1000] (—=1000 upstream and +1000 down-
stream from the start of transcription), we observed AhR
sites with a frequency of 0.0005125 sites per bp (or approxi-
mately 1 site per 2000 bp), which is almost 10 times higher
than in the whole chromosome 21.

Although the frequency of AhR sites is very high near the
start of transcription, it is not the only place where binding
sites can be found. They can be found in the promoter regions
of AhR-regulates genes (in 5’ proximity to the start of tran-
scription), inside the first noncoding exon, and in introns as

Fig. 5. Discrimination between (—2000 to +2000) pro-
moters (black bars) and background promoters from chro-
mosome 21 (PR: —2000 to +2000) (striped bars) by the
composite module CM,, . The composite module score
F¢y is given on the abscissa, and the numbers of obser-
vations are given on the ordinate.

[ AhR regulated
0 Others
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TABLE 5

Summary of sites, site pairs found in promoters (—2000 +2000) and clusters found in 5’ regions (—20 kb + 20 kb) of AhR-regulated genes and
other genes for transcription factors involved

ABR+ 3 AhR/ SP1/
Gene  APR* - cipmp kaNp}ljaB HNE3 E2F OCTI GR HNF4 HN(FHI)/O)SP ! AI(’IIOH(;')F I Myb  Myb GR?E)I)‘IFI IRI:/SS)RY clﬁilt};s
(50) (50)
Human
CYP1Al + + + + +
LXR + + + +
CYPIBI1 + + + + + +
UGTIAL + + +
CAR-beta + + + + +
COX-2 + + +
CYP3A4 + + + +
CYP3AS5 + + + + +
CYP3A7 + + + +
UGT1A3 + + + + + +
UGT1A4 + + + +
UGT2B4 + + +
C-JUN + +
ESR-alpha + + + + +
FOS + + + + +
SREBP1 + + +
N-RAS + + +
C-SRC + + +
UGT2B7 + + + + + + +
UGT2B15 + + + .
CAR + + + +
ARNT + + + + +
GSTA2 + + +
GSTA3 + + + +
C/EBP-alpha + +
RAR-alpha + + +
RXR-alpha + + + + +
EPHXI1 + + + +
ADHIA + + + + + + +
ALDH3A1 + + + + + + +
PRB + + + + + +
E2F1 + + + +
MAD2 + + + + + + + +
BCL-2 + + + +
GPX1 + +
GJB2 + + + +
GJBI1 + + + +
PCMA + + + + + +
C-RAS + +
NFKB1 + + +
P53 + + + +
P27 + + + +
P21 + + +
UGT1AS + + + + + + +
NR3C1 (GR) + + + +
RAF-1 + + +
UGT2B17 + + + + +
NQO1 + + + + + + +
Hsp90 + + + + +
Hsp70 + + + + +

aspet.’
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TABLE 5
Continued
Gene  AMRT O oppp NP3 E2F ocTi GROHNFs FINFL/ O API/NEL ?Ah;/ ?/f;é Hcr}qRF/l [RF/SRY ~ AhR
context kappaB SP1 (100)  (100) (50) clusters
50y  (50) (40)
Human
Hsp27 + + + + + +
UBC + +
Ubiquitin C + + +
ICAM1 + + + +
ApoAl + + + + +
met_proto- + + + +
c-myc + + +
TGFbl + +
CyclinD1 + + + + + + + +
ERB-A + + + +
ERB-B + + + +
MDRI1 + + +
HDAC3 + + + + + +
PXR_1 + + + +
PTGS1_1 + + + + +
BCL-XL_1 + + + + +
BAX_1 + + + +
BAD + + + + + + +
CDK2_1 +
CDK4_1 + + 1 + + +
PPAR_gamm| + + +
CYP1A2 + + + +
HNF1-beta + + + +
OCT1 + + + + +
Rat
Raf-1 + + + + +
Pcna + + + + + + + +
CyplAl + + + + + + + +
CyplB1 + + + + + + +
Ptgs2 + + + + + +
Amtl + + + + + +
Cebp-a + + + + +
Rar-a + + + + +
Rxr-a + + + + + + +
GR1 + + + + + + + + +
Aldh3Al + + +
ICAM1 + + + + + +
n-ras + +
P27 + + + + + + + + +
P53 + + + + + + +
Other genes for transcription factors .
Human
HNF1i-beta + + + + +
HNF4- + + + + + + + + + +
OCT1 + + + + + + + +
HNF3-alpha + + + + + + +
HNF3-beta + + + + +
Rat
HNF1-beta + + + +
OCT1 + + + + +
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Fig. 6. Analysis of potential TF binding sites in the 5’ region of the human ALDH3A1 gene. Locations of the first exon of the transcripts are shown
in yellow. a, Map of potential TF binding sites found in the region of the gene from —2000 to +2000. Potential composite elements AhR/Myb, AhR/NF-1,
Myb/SP-1, and NF-1/AP-1 are marked. A cluster of AhR sites in +1500 region is also marked. b, phylogenetic footprinting of a region near start of
transcription (TSS) for three species (human, mouse, and rat). Potential CE AhR/Myb is conserved among these three species. The experimentally
known AhR site in the mouse gene is underlined. The predicted sites for HNF-3B, C/EBP, and USF are also conserved for three species. NF-1 and
second MyB (both shown by a single-dashed line) can be identified in human and mouse sequences, but not in rat.
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well as in the far 5’ and 3’ regions of the genes. A very
distinct feature of the location of AhR sites is a preponder-
ance to form clusters. These clusters may contain from 2 = 4
to 5 up to 10 to 15 sites and the extent of the clusters varies
from [/ = 50 bp up to 1000 bp (see examples in the Fig. 4).

We computed the probability of a given (&,/) cluster to occur
just by chance in a sequence of length L given the total
number of sites K in this sequence. The probability is calcu-
lated according to the algorithm described previously (Kel et
al., 2001). We found statistically significant AhR-site clusters
in about 40% of AhR-regulated genes. Among them are the
following genes: ALDH3A1(human), six sites inside 66 bp,
from +1540 to +1606; BAD(human), six sites inside 338 bp,
from —7519 to —7181; and NR3C1 (human), six sites inside
765 bp, from —893 to —128) and many others.

Composite Modules Revealed in Promoters of AhR-
Regulated Genes. To reveal novel composite modules, the
local nucleotide sequence of promoter regions of AhR-regu-
lated genes was analyzed. Several subregions around TSSs
were studied [e.g., (—2000/+2000), (—1000/+100), and
(—500/+100)], and we applied different parameters for
searches with the CompositeModuleFinder. We compared
the structure of AhR-regulated promoters to a set of promot-
ers randomly taken from the human genome. An extended
table with the results of this analysis is available on request.
Among the most discriminative matrices were those recog-
nizing HNF1, AhR, GR, OCT, and C/EBP (Table 3). It is
interesting that the AhR matrices selected by the algorithm
were in the set of promoters (—1000/+100) only. The algo-
rithm did not select shorter and longer promoter sequences.
This indicates that not only the presence of a binding site is
important but also its relative position within the promoter.

Among the most prominent matrix pairs that were selected
by the algorithm are HNF1/Spl and AP-1/NF-1 for the max-
imum distance r = 100 bp; E2F/NF-1, AhR/Myb, HNF3/NFY,
HNF6/NF-«B, and Sp1/Myb for the maximum distance r =
50 bp; and HNF-1/GR for the maximum distance r = 40 bp.
It is noteworthy that not all matrices found individually were
also found in pairs. Thus, a composite module for promoters
could be defined.

In Table 4, a combination of individual matrices and ma-
trix pairs for a set of promoters of AhR regulated genes
(—2000/+2000) are listed. One matrix (YY1) and two pairs
(E2F/ROR and AhR/CREB) were selected by the algorithm,
because their frequencies in the AhR-responsive promoters
were lower than in others. All other matrices and pairs of
matrices were selected to define an AhR-associated compos-
ite regulatory module CM ,,  in the promoters investigated.

As given in Fig. 5, the distribution of the composite module
score Fy; is distinctly different (¢ test value is 12.12, p
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value = 1.7 X 10~ 2®) and demonstrates robust recognition of
AhR-responsive promoters. A summary of sites and site pairs
from CM 4, found in AhR-regulated genes is given in Table
5.

The composite structure of an AhR-regulated promoter,
e.g., the human ALDH3A1 gene, is given in Fig. 6. Identified
sites, site pairs, and the AhR site cluster are all distributed
over the whole region of 4 kb around the TSS. Comparison of
this region between different species reveals that only the
proximal promoter is conserved. There were no detectable
homologies between human and mouse/rat in the other parts
of this 4-kb region. It seems that the sites predicted in those
parts are specific for the human gene only. In previous ex-
perimental studies, several AhR sites as well as NF-1 and GR
sites were detected in different 5’ upstream regions of rat and
mouse ALDHS3A1 gene (Vasiliou et al., 1999). Here, we con-
firmed that the proximal promoter of this gene has a typical
AhR-regulation-associated structure.

Prediction of Gene Expression Based on the Com-
posite Modules. Next, we addressed the differences in the
structure of the regulatory regions between up- and down-
regulated genes. The dynamics of regulation is actually quite
different. Therefore, we aimed to identify transcription fac-
tors that influence the dynamics of up- or down-regulation in
response to AhR protein-DNA interaction.

We thus compared two sets of promoters: for the up-regu-
lated genes ExpressUP and for down-regulated genes Ex-
pressDOWN (taking the regions of promoters from —2000 to
+2000). The relative expression level was considered as ad-
ditional information for this analysis.

With the help of the CompositeModuleFinderExpress, we
determined a set of matrices that correlates with gene ex-
pression in the two sets of regulated genes (Table 6). Patterns
with positive “impact” values ¢ are over-represented in pro-
moters of up-regulated genes (shown in bold). Patterns with
negative impact values are over-represented in promoters of
down-regulated genes (underlined).

A linear function is computed (see Materials and Methods,
eq. 2) that predicts the level of up- or down-regulation of a
gene based on the sequence of its promoter. This function
takes into account impact values for selected patterns given
in Table 6. We obtained a significant correlation when the
logarithm of the experimentally determined gene expression
levels were plotted against predicted ones (Fig. 7).

Identification of Genomic Target for the AhR. The
study of promoters of AhR-regulated genes and the hierarchy
of AhR sites enabled us to develop a definition of a novel
genetic algorithm. The rules of this algorithm are given be-
low and were applied to search for new AhR targets within
the human genome.

Composite module E001 that correlates with gene expression in the G4000ExpressUP and G4000ExpressDOWN sets

Cut-Off

Matrix Accession

(qu_ 2 Core Cut-Off B Qo Matrix D K
0.480000 0.755000 0.692000 M00528 v$ PPARG_03 4
3.340000 1.000000 0.933000 M00139 v$ AHR 01 4
1.260000 1.000000 0.926000 MO00235 V$AHRARNT 01 2
3.080000 1.000000 0.927000 MO00639 v$ HNF6_Q6 2
1.340000 0.861000 0.904000 M00340 v$ ETS2_B 2

—1.040000 0.939000 0.993000 M00492 v$ STAT1_02 1
—0.480000 1.000000 0.967000 MO00778 v$ AHR_Q5% 2
—0.740000 1.000000 0.916000 MO00156 v$ RORA1_01 1

“ This matrix is a new AhR matrix constructed in the current study.
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1. Promoters of 1100 bp in length around the tentative TSS
(based on available RefSeq annotation of genes) were re-
trieved. Only genes with annotated 5'-untranslated re-
gions longer than 150 bp were considered. This enhances
the reliability of the selected TSSs, as shorter 5'-untrans-
lated regions annotations frequently result from nonfull-
length mRNAs. By this approach, 9246 promoters were
retrieved from the human genome.

2. We searched for potential AhR binding sites using the
newly generated matrix (cutoff 0.966). Af first, 9982 sites
were found, of which 3999 sites passed through the local
context filter.

3. For every gene that contains at least one potential AhR site
within a region of 20 kb upstream and downstream of the
TSS clusters with £ = 2 to 7, covering the regions from L =
6 to 800 bp were computed. The probability for clusters to
occur by chance was calculated as well. Finally, we selected
only genes that have at least one cluster of AhR sites with a
probability less than 0.1. With this approach 864 genes were
selected. The full list of genes is available upon request.

4. CMs were identified with the CMFinder program. So far,
194 potential target genes were identified that matched
both composite modules.

5. A list of 71 predicted target genes with the highest pre-
diction scores are present in Table 7. Furthermore, ex-
pression of predicted genes was verified experimentally by
RT-PCR and/or microarray studies. The results are given
in Table 7, and we demonstrate approximately 75% con-
cordance between predicted regulation and experimen-
tally verified change in expression.

Discussion

We developed a computational method to investigate pro-
moters of genes that are regulated by the Ah-receptor. Our
approach allows specific features of regulated promoters to
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Fig. 7. Correlation between real relative expression values (log, of the
relative expression) and predicted ones. Prediction is done on the basis of
the selected combinations of potential TF binding sites in the promoter
regions of the genes. Different symbols represent different promoters
where AhR sites were found. Diamond, by two AhR matrices; and square,
by only one.

be identified and to use this knowledge for the identification
of novel target genes in various genomes. The developed
method is based on a concept of hierarchical composite struc-
ture of eukaryotic gene regulatory regions.

The Concept of the CMs. Functionally related genes
involved in the same molecular-genetic, biochemical, or phys-
iological process are often regulated coordinately by specific
combinations of transcription factors. Dynamic function-spe-
cific complexes of many different transcription factors, so
called enhanceosomes (Merika and Thanos, 2001), are
formed at gene promoters and enhancers driving gene ex-
pression in specific manners. At the level of DNA, the blue-
prints for assembling of such variable TF complexes on pro-
moter regions may be seen as specific combinations of TF
binding sites located in proximity to each other. We call such
structures “composite regulatory modules”. The various
types of composite modules can be classified according to
their ability to regulate gene expression. There may be sev-
eral different types of CMs located in the regulatory region of
one gene, that can be spaced (e.g., liver specific and muscle-
specific enhancers of one gene) or overlapping. We also con-
sider the hierarchy of the CMs based on the number of
different TFs involved and the length of the sequence cov-
ered. Composite elements (CEs) consisting of two/three
closely located sites belong to the lowest hierarchical level of
CMs. CMs of a higher level may include more sites as well as
CMs of a lower level such as CEs.

A number of approaches identifying composite motifs have
been described: BioProspector (Liu et al., 2001), CoBind (Gu-
haThakurta and Stormo, 2001), MITRA (Eskin and Pevzner,
2002), and dyad search (van Helden et al., 2000). These
programs help to discover new regulatory sites for yet un-
known transcription factors, but an “ab initio” motif finding
method is limited by the length of sequences and may not be
suitable for the analysis of long regulatory regions of genes of
human and other higher eukaryotic organisms. A valuable
source to identify transcription factor binding sites is the
TRANSFAC database (http:/www.biobase.de) (Wingender et
al., 2001).

We developed a new method for detecting de novo compos-
ite modules using information from TRANSFAC and the
weight matrices for many different transcription factor fam-
ilies. It is a rather complex computational task to find com-
binations of weight matrices that are characteristic for a
particular group of genes. Many variables are included in the
model, such as the number of matrices in a module, the
maximal number of matches considered, the distances be-
tween matches, and cutoff values for the matrices and their
relative impact on the composite score. To find an optimal
structure of the model we applied a genetic algorithm ap-
proach that was shown to be efficient in finding solutions.
One of the reasons to use a genetic algorithm was the need to
perform simultaneous fitting of the modeled parameters and
to reduce the number of parameters. Because of the large
number of possible matrix combinations it is impractical to
use canonical multidimensional regression (linear or logit)
without prior reduction of the number of parameters. Of
course, when selecting a heuristic algorithm for optimization
one must be aware that it finds only local optima and solu-
tions can vary in different runs of the program. The selection
of a proper goal function is very important for this approach.
We constructed a robust goal function using some ideas of
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Seventy-one potential target genes for AhR regulation selected by the highest values of different prediction scores

Experimentally

CMexpress Score

LokusLink-Accession

Chromosomal

Tested® Confirmed Gene CM Score (S671) (expr-s4-8) No. Localization
ASH2L 0,448983 5,348242 9070 8pll.2
DED 0,459072 5,329628 26574 17
GAS41 0,804663 4,179732 8089 12
ZFR 0,312676 4,034527 51663 5pl5.2
+ Yes SLC3A2 0,699764 3,984838 6520 11q12-q22
CLGN 0,601957 3,939733 1047 4
DKFZp434D177 0,403696 3,906978 84224 1
FOXM1 0,88978 3,887026 2305 12p13
+ No SNRP70 0,70229 3,601697 6625 19q13.3-qter
CNTNAP1 0,310554 3,436642 8506 17921
+ Yes M6PR 0,363536 3,427701 4074 12
+ Yes FLJ20533 0,456768 3,320127 54968 8
DAP 0,684227 3,145814 1611 5pl5.2
X102 0,528255 3,02357 63969 15
POLA2 0,385477 3,019933 23649 11
SLC38A4 0,342434 3,009857 55089 12q13
TES 0,326831 2,953249 26136 7q31.2
EIF2C2 0,383712 2,942913 27161 8q24
FBX0O4 0,629685 2,942402 26272 5pl2
KIAA0144 0,396641 2,895884 9898 1
+ Yes LOC90806 0,397701 2,88055 90806 1
NPR3 0,313687 2,848264 4883 5pl4-p13
IFNAR1 0,490227 2,772589 3454 21q22.1
LOC51134 0,478122 2,5682767 51134 12
LOC57116 0,448834 2,437427 57116 1
+ No DPM1 0,311498 2,374712 8813 20q13.10
FLJ22626 0,491389 2,319131 79576 X
STC2 0,31078 2,226394 8614 5
DKFZP564D116 0,312825 2,224058 26123 10
DKFZP586M0122 0,318268 2,158908 25885 2
TACSTD2 0,715578 2,132282 4070 1p32
RNF13 0,368514 2,117528 11342 3
DKFZp434F1819 0,320963 1,977744 84209 17
LOC91344 0,369804 1,97066 91344 12
MAPRE2 0,440917 1,95473 10982 18
EXTL2 0,362347 1,948633 2135 1pll-pl2
EVC 0,536331 1,943895 2121 4pl6
MST4 0,841598 1,923181 51765 X
PEMT 0,30361 1,913363 10400 17pl1.2
+ Yes SYPL 0,306396 1,89363 6856 7
PTPN4 0,396457 1,827322 5775 2
+ Yes® IGFBP1 0,878297 1,825774 3484 Tpl13-p12
AMPD1 0,318563 1,804475 270 1p13
MGC10753 0,324073 1,797132 51322 10
+ No GAD1 0,303744 1,751589 2571 2q31
+ Yes FLJ10539 0,338895 1,744145 55164 3
MRP63 0,701134 1,648883 78988 13pll.1-q11
+ Yes SLC1A5 0,386735 1,552027 6510 19q13.3
L0OC92345 0,310469 1,541319 92345 4
HSA249128 0,674854 1,448967 54765 11
L.0C90480 0,394572 1,428735 90480 19
LOC112936 0,512638 1,41761 112936 11
KIAA0870 0,320461 1,408811 22898 8
TUBGCP3 0,321219 1,406862 10426 13934
LOC90488 0,341424 1,397628 90488 12
ERG-1 0,465449 1,384104 50624 10
PIP5K1A 0,320143 1,341131 8394 1q22-q24
FLJ11937 0,407384 1,18203 64780 6
PTP4A1 0,400378 1,131907 7803 6ql12
MGC3329 0,784041 1,117763 79066 17
+ Yes NR1H3 0,352805 1,081247 10062 6
REV3L 0,62078 1,074046 5980 6q22
KIF1C 0,330711 1,073282 10749 17p
CKN1 0,301125 1,038971 1161 5ql2.1
o PKIA 0,405713 1,010471 5569 8
q) FLJ10154 0,331306 —1,142423 55082 13
Q- TXNL 0,634063 -1,205094 9352 18q21.1-18q21.32
+ Yes FGFR1 0,711906 —-1,222143 2260 8pl2
m MAPKSIP2 0,338084 -1,302075 23542 22q13
SDBCAGS84 0,454627 —2,334489 51614 20pter-q12
m “ By Microarray-Technology.

b Experimentally tested: IGBP1, unchanged; IGBP2, repressed; and IGBP5, induced.
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“utility calculations” (Kel et al., 1993). The requirement for
normality and bootstrap procedures (see Materials and Meth-
ods) provides the correct environment to find composite mod-
ules that describe the whole set of promoters and not just a
particular subset.

The success of applying such tools greatly depends on how
well the general model of the promoter we are optimizing
actually fits to reality. Because of the limitations of data
here, we consider only relatively simple models. To improve
the model in future, we will consider such additional param-
eters as mutual distances between each site in the CM, their
orientations to each other, and location relative to the start of
transcription. All these and many other parameters could be
easily incorporated in the model and optimized by the help of
the genetic algorithm.

The algorithm that we applied identified several factors,
including, SP1, NF-«B, and C/EBP. It is interesting that the
AhR matrix alone was insufficient for the description of AhR-
regulated promoters. Thus, specific combinations with other
factors provided the best discrimination for detecting AhR-
regulated genes.

We also performed computational tests with the cmf pro-
gram on virtual data. We generated a set of random se-
quences by shuffling randomly nucleotides in every sequence
of the G4000 set. Then, we implanted several binding sites of
certain transcription factors by placing them at random. We
used the emf program to compare the sequence set with the
implanted sites and those selected at random. We varied
the minimal scores of the sites and their frequencies to find
the borders. The result of this simulation (Table 8) shows
that the cmf program was able to determine correctly all TF
matrices used for site implantation, although the more ma-

Implanted
AhR, OCT, C/EBP, AP-1, NF1, HNF1

AhR, OCT, C/EBP, AP-1

100
AhR, AP-1
+/— (AhR, OCT, C/EBP, ROR, NF1, HNF1)

Frequency of Implanting of the CM (% of Sequences)

70
+
+
+/— (AhR, C/EBP, AP-1, GATA, ROR, HNF1, COUP)

50

ROR)

+/— (AhR, C/EBP, OCT, HNF3)
—/+ (AhR, C/EBP, HNF4, HNF3A,

+/— (AhR, GATA)

aspet’

|CYP1A1 ] ICYP1A2| |CYP1B1 | |ALDH3A1| |UGT1A1 |

Results of testing CMFinder on simulated data

TABLE 8
No of
Matrices
2
4
6

Fig. 8. Scheme of proposed network of transcription factors involved in
regulation of gene expression under induction by Ah-receptor.
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trices were used for implantation the more difficult it became
for the program to reveal the sites correctly. It is noteworthy
that matrices were found to behave differently in the test.
For instance, the matrices for C/EBP and OCT were easily
identified whereas recognition of the matrix for AhR factors
was more difficult, and the AP-1 matrix was most difficult to
identify. Similarity between different matrices in the library
is an obvious confounding factor. Unfortunately, the algo-
rithm can not identify different members belonging to the
same TF family. For example, in the case of C/EBP, identi-
fication of a particular member (e.g., C/EBP-q, -3, or -y) was
impossible. Nevertheless, specific combinations of transcrip-
tion factors are indicative of a particular regulatory mecha-
nism.

Another test performed was the “knocking-out” of those
matrices most important for AhR promoter activation (i.e.,
distortion of six matrices: AhR, C/EBP, OCT, AP-1, NF1, and
HNF1) by exchanging values for nucleotides A versus T and
C versus G. After such distortion (without changing the C/G
content), the program was run again with complete library
where these six matrices were “knocked-out”. No significant
differentiation could be identified between AhR-regulated
promoters and other promoters. This proved the specificity of
our algorithm and indicated that the matrices we identified
were indeed important for recognition of the AhR-regulated
genes.

Our composite module contained matrices for AhR, PPAR,
HNF-6, STAT, ROR, and ETS. It is interesting that three
different AhR matrices were included by the algorithm in the
CM. This suggests that sites for AhR in the promoters play
an important role in the up- or down-regulation of these
genes. VBAHR_01 got the maximal impact value. It seems to
be specific for several cytochrome P450 genes and influences
their expression in response to AhR. VSAHRARNT_01 was
constructed on the basis of data from SELEX experiments,
whereas VSAHR_Q5 was constructed in the current study on
the basis of genomic sites. These two matrices have very
different impact values: the first matrix has a positive and
the second matrix a negative impact value. Comparison of
the structure of these two matrices shows that they are very
similar in the core but differ in some nucleotides at the
flanks. For example, in the position 10 in the matrix
V$AHR_Q5 (Fig. 1), the most prominent nucleotide is G,
whereas in the matrix VSAHRARNT 01 (see TRANSFAC)
nucleotide G in the corresponding position is absolutely “for-
bidden”. This could influence binding of some other factors
such as repressors in the vicinity of AhR sites.

The combination of matrices and matrix pairs included in
the CMs revealed a network of transcription factors govern-
ing the AhR-dependent gene regulation. Figure 8 depicts this
network. Some of the genes of the transcription factors in-
cluded in the CM, such as C/EBP-a, HNF1-8, HNFS3,
HNF4-v, OCT-1, are regulated by AhR as shown previously
(Borlak et al., 2002, 2003). Analysis of their promoters using
the CM points to an intriguing network of transcription fac-
tors with several feedback loops and a hierarchy of regula-
tory signals. This network of transcription factors can also
explain the regulation of several genes that are not direct
targets of AhR binding. Their regulation can be mediated
through other TFs whose expression is regulated directly by
AhR (Fig. 8).

On the genome scale, to search for potential new AhR
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target genes, we applied very stringent set of criteria to avoid
high rate of false positives. In addition to the high score of the
CM match, we require AhR sites with the proper oligonucle-
otide context to be found in the promoters as well as presence
of clusters of AhR sites. With such stringent criteria, we
definitely miss the indirect targets—genes whose AhR-de-
pendent regulation is mediated through other TFs. As a
result, a high proportion of true positive prediction is to be
expected as it is confirmed by comparison with the results of
microarray studies.

In conclusion, a computational method was developed for
an ab initio identification of AhR-regulated genes. The ap-
plied algorithm revealed a specific motif within a distinct
promoter region near the AhR sites. This finding enabled us
to identify clusters of regulatory proteins. It is noteworthy
that the genetic algorithm predicts the level of transcript
expression and may be used for the identification of genes
regulated by AhR.
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