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The identification of cis-elements (motifs) in the regulatory regions of higher eukaryotes is an
important and challenging problem in computational biology. Eukaryotic transcriptional regulatory
mechanisms pose several difficulties for promoter analysis: including a high variance in the motif
locations, frequently large divergence from motif consensus patterns, and a large amount of
repetitive elements (confusing to many motif finding procedures). One promising approach to this
difficult problem involves cross-species comparison. In this work we analyzed the full-length
regulatory regions of genes involved in the G-protein coupling MAP kinase pathway and compared
the results with ribosomal genes using human, mouse and rat genomic data. We found 19 high
likely transcription factors (TFs) candidates for MAPK and 12 TFs for the ribosomal dataset. In the
case of the MAPK dataset, regulatory regions of genes functionally grouped as receptors and MAP-
core genes were found mostly highly conserved across the three species.
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1. Introduction

1.1 History of MAPK pathway study

Mitogen-activated protein kinases (MAPKs) are important signal transduction enzymes,
unique to eukaryotes, connecting cell-surface receptors to critical regulatory targets
within the cell. MAPKs are involved in cell survival and adaptation. MAPKs activity is
regulated through three-tiered cascades composed of a MAPK, a MAPK kinase
(MAPKK) and a MAPKK kinase (MAPKKK), in mammals this cascade is implemented
by ERK, MEK and RAF as it is depicted in Fig.1. MEK (MAPKK) is itself activated by
phosphorylation catalyzed by the first kinase RAF (MAPKKK), which is activated by the
small GTP-binding G protein Ras in mammalian pathways1. In this paper we present a
transcriptional analysis of some genes in this pathway in the context of protein-protein
interaction (PPI) data (Natsume et al., in preparation).

The MAPK pathway used in this study is activated by signaling through PTK
(protein tyrosine kinase) receptor protein, which is a type I transmembrane proteins with
a cytoplasmic domain, that has intrinsic catalytic activity that is activated upon ligand
binding2. Ligand-induced dimerization juxtaposes the two catalytic domains of receptors
allowing mutual transphosphorylation of residues in the activation loop of the catalytic
domain, leading to enzymatic activation, and autophosphorylation of several tyrosines,
inducing the GTP-binding conformational state of Ras, which activates the three above
mentioned kinases: RAF (MAPKKK), MEK (MAPKK) and ERK (MAPK), which in turn
generate downstream signals. Currently the understanding of the pathway target genes is
very limited – it is only known that they have AP-1 and Elk-1 binding sites in their
promoter regions, and there is very little known about what transcription factors (TF)
regulate the pathway itself. Transcriptional analysis of pathways can be a complicated
task, because the functional groups of genes may not be clear and often overlap, i.e. a
single gene may play multiple roles.

In this work we made the first attempt to determine candidates for regulatory
elements of genes involved in the MAP kinase G-protein coupled pathway and compare
the results with an ubiquitously expressed dataset of ribosomal genes. Also we tried to
gain insight into the relationships of genes in PPI pairs in terms of co-regulation.



1.2 Comparative genomic analysis

Confidence in identification of cis-elements (motifs) in the regulatory regions of higher-
eukaryotic genomes cannot be achieved based on a single match to a score matrix, but
rather requires some supporting evidence. One source of such evidence is the predicted
occurrence of the same cis-elements in the orthologous promoters of other species.
Stretches of conserved nucleotide sequences in the promoters of orthologous genes give a
strong suggestion of their functional importance, possibly for regulating expression.
Comprehensive studies in this direction have been performed on various data4,5. When
investigating transcription regulation, we have to consider both the comparatively short
promoter regions in the proximity of TSSs, where the formation of the RNA polymerase
II initiation complex occurs, as well as distantly located enhancer regions interacting with
one or more promoter sites6 of neighboring genes7 and whose distance from the TSS can
exceed 100kb.  

Nevertheless many motif finding tools have been constructed so far and few
of them are appropriate for the analysis of several genomes simultaneously8,9, it seems
that the problem is not satisfactory solved in a practical sense by any of them for the
comparative analysis of higher eukaryotes. The difficulties are that orthologous motifs
can only partially matching the consensus pattern for they belong to and their occurrence
and locations exhibit significant irregularities6. In attempt to overcome the above
problems we have developed original comparative genomic analysis tool SHOE (in
preparation), which maintains three genomes simultaneously at the present (human,
mouse and rat) and searches for the reliable orthologous motifs candidates.

2. Data

The MAPK experimental PPI dataset used contains 105 interacting pairs, involving 68
genes. The genes are classified into 4 groups by their functional role in the pathway: 25
Receptors (R), 15 MAP core genes (M), 6 Receptor-MAP core genes (RM), 7 Effectors
(E), 14 genes with unknown function in the pathway (U) and 1 gene in a group of others
(O), which are the scaffold genes, having the fixation role for the interacting proteins in
the pathway. The general view of the pathway is depicted in Fig. 1, and the number of
genes for which the alignment across three species was obtained is pointed to by arrows
(discussed in results).
    The ribosomal dataset includes of 58 genes. Orthologous genes for mouse and rat
were obtained from Mammalian orthology database11 and transcriptional start sites
(TSSs) for human and mouse verified in DBTSS10 for available genes. Regulatory regions
were defined from +200 base pairs downstream of the TSSs up to the beginning of the
adjacent upstream gene. The adjacent gene regions were taken from DBTSS and Refseq12.
Gene regions were defined from either the TSS (when available) or 5’UTR to the 3’UTR.



Fig. 1. A schematic view of the receptor PTK pathway and functional groups with the respective number of
genes. The number of genes in which we obtained three-species orthologous promoter alignment is pointed to
by arrows for each functional group. For example, in the group of “Receptor – MAP core genes” (RM) for 3 out
of 6 genes alignment was obtained across human, mouse and rat.

3 Method

3.1 Co-expression from microarray data

Due to the fact that genes with similar transcriptional profiles might be influenced by the
same transcriptional mechanism we calculated Pearson correlation coefficients for all
gene pairs in the datasets of MAPK pathway genes (MAPK: 2278 pairs) and ribosomal
genes (RIB: 1653 pairs). Calculations were done based on 112 “eigen cell” synthetic
expression profiles available from the Cell Montage web site (http://cellmontage.cbrc.jp/).
The Eigen cell profiles were obtained by principal component analysis of 1714 normal
human cell profiles, selected from profiles in the Gene Expression Omnibus Database13.
The distribution of gene pairs with various correlation coefficients is slightly different
between the two datasets, as it is shown in Fig.2 below. This may be due to the fact that
ribosomal genes, composing small and large ribosomal subunits, are closer functionally
than genes involved in the whole MAPK pathway. For further analysis we used pairs with
correlation coefficient r ≥ 0.6. In general, the issue of determining and appropriate
threshold is complicated14.



Fig. 2. Distribution of co-regulated gene pairs in the MAPK and ribosomal (RIB) datasets for various
correlation coefficients (r). It is evident that the ribosomal dataset includes more highly co-regulated pairs (324
pairs) than the MAPK dataset (121 pairs).

3.2 Transcriptional analysis with SHOE

3.2.1 Aligning orthologous promoters

Each human gene regulatory region from highly co-regulated groups was aligned to its
orthologous partners (mouse and rat) by the SSEARCH local alignment program, and in
the cases where the same human promoter region was successfully aligned to mouse and
rat promoters, all three respective regions were extracted and realigned with ClustalW.
    To evaluate the degree to which an observed region in an alignment of the three
species should contribute to our belief that it is part of a conserved region, we adopted an
estimate of the likelihood ratio of observing the region in an alignment of orthologous
promoters versus that of observing the region in an alignment of unrelated promoters. To
obtain this estimate we repeatedly aligned orthologous promoters triplets and randomly
grouped promoter triplets and observed the frequency of each possible alignment column.
We refer to the obtained alignment column frequencies as the good alignment and
random alignment frequencies respectively.

Using those column frequency tables we define the multiple alignment score
(MAscore) as:
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where c is the probability of pattern in each column is calculated using patterns
frequencies from good alignment and random alignment tables and m is the length of the
alignment region, which for our application is equal to the motif length m because we
apply this score as a supporting score to the motifs score (discussed below).



 3.2.2 Matching with known motifs
Position Specific Scoring Matrices (PSSMs) of transcription factors binding sites
(TFBSs) from Transfac15 (ver. 8.4) for human, mouse and rat were applied to the regions
in human found conserved in other two genomes and PSSM score (PMscore here) is
calculated for each position in the region by
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where pseudocount=1 and m is a motif length. The sum of MAscore and PMscore is used
then for the selection of the binding site candidates.

3.2.3 Defining threshold of the motifs significance

How high must be MAscore and PMscore to distinguish the correct motif candidates from
the wrong ones? To determine the cut-off threshold we selected several experimentally
verified examples of human motifs and calculated the scores for samples found conserved
across three species. Two examples are demonstrated in Fig. 3 and 4.

Fig. 3.  Distribution of scores for p53 motif in a promoter of the epidermal growth factor receptor (EGFR). The
solid line represents the sum of MAscore and PMscore. We observe the increase of both scores around the
position of the motif location: -239 -265nt. from the TSS. Three alignments blocks are shown: -114 to -168nt.,
-224 to -285nt. and -431 to -476nt. from TSSs. The disruptions of lines reveal the borders of aligned blocks.



Fig. 4. Distribution of scores for Sp1 motifs in a promoter of the neuropeptipe Y gene (NPY). The solid line
represents the sum of MAscore and PMscore. We observe the increase of both scores around the positions of the
motif locations: -92 -101nt. and -102 -110nt. from TSSs. Two alignments blocks are shown: -92 to -218nt. and
-1790 to -1831nt. from the TSSs. The motifs are aligned in order: human-mouse-rat. The disruptions of lines
reveal the borders of aligned blocks.

    Looking at two examples in Fig.3 and Fig.4 we can notice that the sum of scores is
comparatively high at the positions where experimentally determined motifs are located.
This is a reason to emphasize the importance of the MAscore as a powerful supporting
evidence for reliable identification of binding sites. Upon inspection of several well
characterized transcription binding sites (some not shown) we adopted a threshold of 10
for the sum of scores. Motif length does influence the score and thus the threshold could
be adjusted for length, however a single threshold seemed to be sufficient over the limited
range of motif lengths (5-15, average 9) used in this study.

4 Results

4.1 Regulatory motifs in the MAPK and ribosomal datasets

4.1.1. Calculation of Motif Conservation Score

The common motif candidates with the sum of scores exceeding the defined threshold in
highly co-regulated pairs of genes were selected in both datasets. From 121 pairs (50
genes) of the MAPK dataset with r ≥0.6 (Fig.2) only 37 pairs (39 genes) were determined
to have common motifs above the threshold in their regulatory regions. In the ribosomal
dataset with 324 highly co-regulated pairs (40 genes), 160 pairs (40 genes) had common
motifs. For this analysis we excluded candidate sites with a distance greater than 100kb
from the TSS.
    As a result of the above selection 33 transcription factors (TFs) were found common



for MAPK and ribosomal datasets, 32 factors were unique for MAPK dataset and 1 TF
was unique for ribosomal dataset. We refer to these motifs as motifs from the “first round
of selection”. To estimate the specificity of motifs belonging to both datasets we
calculated the Motif Conservation Score (MCS)5 of a motif m by comparing its
frequencies in the MAPK and ribosomal datasets (p0) by  

                           MCS=(K-Np0)/[Np0(1-p0)]
1/2

where K - number of pairs with common motif in MAPK, N - total number of pairs in
MAPK, p0 is a frequency of the same motif of in ribosomal dataset. MCSs with the
respective TFs are shown in Table 3 and Table 4.

4.1.2. Re-estimation of the motifs significance

To gain more confidence in the regulatory roles of the transcription factors (TFs), whose
motifs were found in the promoters of genes in pairs, we also calculated the correlation
coefficient of expression between those TFs and the genes they potentially regulate. If the
correlation coefficient of the TF and gene was greater than 0.6, we kept the motif as a
reliable candidate binding site of the respective TF. The motifs which successfully passed
this second round of selection are listed in Table 1 and Table 2 with the highly co-
regulated genes pairs. For the ribosomal dataset 50 representative pairs are shown. Last
column in the Table 1 shows the function of genes included in pairs and, for example, “R-
R” points to the Receptor-Receptor pair and “R-E” points to the “Receptor-Effector” pair.
Table 2 includes the same information about the ribosomal genes with the exception of
functional characteristics. Genes from large ribosomal subunit genes have “L” in their ID
(RPL), and genes from small ribosomal subunit genes have “S” (RPS).
   The final result of our screening yielded 19 candidate regulating TFs for the MAPK
dataset 12 for the ribosomal dataset. The functions of the TFs in both groups are listed in
Table 3 and Table 4.



Table 3. 19 transcription factors (TFs) found co-regulated (r ≥0.6 ) with genes in pairs of MAPK dataset and
whose motifs were found to have significantly high scores in regulatory regions of the respective genes.
Underlined TFs were found in the ribosomal dataset also. Alphabetic symbols “M” and “B” in the columns
“FUNCTION” shows the attachment of the motif in the first round of selection to MAPK unique TFs group (M)
or to group of TFs shared by both datasets (B), and the MCSs for the latter case are also shown. Asterisks “*”
near TFs in Table 1 means that TFs are supposed somehow to be related to the MAPK pathway, according to the
published PubMed resources.

Table 4. 12 transcription factors (TFs) found co-regulated (r ≥0.6) with genes in pairs of the ribosomal dataset
and whose motifs were found to have significantly high scores in regulatory regions of the respective genes.
Underlined TFs were also found in the MAPK dataset. “B” indicates TFs found in both datasets in the first
round of selection and the number next to it shows the MCS with respect to the MAPK dataset.



5 Discussion

The results of our analysis showed that completely different set of TFs, except three TFs:
PPARG, LUN-1, NF-Y, were obtained for MAPK (Table 3) and the ribosomal datasets
(Table 4). Although the number of TFs decreased markedly in the second round of
selection, we note that 10 out of 19 MAPK TFs were unique to the MAPK dataset (mark
“M”) even after the first round of selection. Four TFs: GR, STAT5A, OLF-1, VDR have
comparatively high MCS, indicating that they are more prevalent in the regulatory
regions of MAPK rather than in ribosomal regulatory regions. Two other TFs: PPARG
and LUN-1 with non-significant MCS values in the first round of selection, were found to
be highly co-regulated with genes in both datasets, and only NF-Y TF finally showed a
preference for the ribosomal dataset, which is in contradiction with the results of the first
round of selection. This result generally supports the correctness of our approach, but we
have to sharpen the method determining false positive motifs.
   Looking at the function of TFs in Table 3 we noticed an interesting tendency that 6
out of 19 MAPK TFs are receptors. This might be somehow related to the fact that 26 out
of 37 highly co-regulated pairs include receptor genes (11 R-M pairs, 9 R-R pairs, 3 RM-
R pairs and 3 RM-M pairs). All but 3 highly co-regulated pairs show reasonable
functional relationships, and it sufficiently meets the idea that functionally related genes
influenced by similar regulatory mechanism. In these 3 pairs both partners are known and
they are Receptor-Effector pairs, which relationships are difficult to be explained as they
might have distant locations in the cell. High co-regulation of receptor genes and MAP-
core genes combined with the comparatively strong conservation of their regulatory
regions over three species tells us about the evolutionary importance of these genes for
the functionality of the G-protein coupled MAPK pathway.  Because these genes are on
the top of the pathway (Fig.1) they may have an indispensable role for the adaptation of
the signal from the outside of the cell and passing it to the downstream target genes.
   Although the more precise biological interpretation of the TFs found for the MAPK
and ribosomal datasets still remains to be done, we believe that our results contribute to
the general understanding of the regulatory mechanisms of MAPK G-protein coupling
pathway related genes in the comparison with the housekeeping ribosomal dataset. In this
study we used co-regulated pairs without distinguishing between up-regulated and down-
regulated pairs and this is a subject for further analysis. One another purpose of this work
was to investigate the relationship between co-regulation and protein-protein interactions.
As we found only 3 highly co-regulated protein interacting pairs, we have to conclude
that in the case of the MAPK G-protein coupling pathway, the transcriptional co-
regulation of interacting proteins is not readily apparent.
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