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Abstract: Gene expression regulation analysis in a mammalian genome demands knowledge of transcription
factors binding site location affecting transcription of target genes. A problem being solved is to develop
software for transcription factor binding sites (TFBS) co-localization analysis in a genome using ChIP-seq data.
ChIP-seq technology combining chromatin immunoprecipitation (ChIP) and highly efficient DNA sequencing
allows to determine transcription factor binding sites in genome scale. The tasks of the ChIP-seq data analysis
are to define TFBS coordinates and to describe regulatory role of TF binding, compare TFBS location with
genomic annotation (location relative to gene transcription start sites, promoter regions). In addition to
determining the location of binding sites for a given transcription factor, there are problems of analysis of the
cluster of sites bound by protein different transcription factors. Such clusters of sites located in a short (100-200
nt) distances on chromosomes assume similar regulatory mechanisms of gene transcription regulation in
coordinated manner. We developed computer programs and scripts for the ChIP-seq coordinates reconstruction
from different data sets and analysis of TFBS clusters. We analyzed TFBS co-localization patterns in mouse
genome using sets of available ChIP-seq data for embryonic stem cells.
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INTRODUCTION

High throughput sequencing technologies associated with chromatin immuno-precipitation technique (ChIP-
seq) enabled the identification of transcription factor (TF) binding sites in whole genome scale. Important
application is analysis of binding profiles in embryonic stem cells (ESCs) [1]. Somatic cells can be
reprogrammed back to a pluripotent state by the combined introduction of transcription factors such as Oct4,
Sox2, KIf4 and c-Myc. Thus, studying of binding patterns of corresponding transcription factors is of great
interest.

ChIP-seq data published recently and in the frames of ENCODE project allows construction of detailed genome
binding maps in human and in model organisms. Mutual location of binding sites of transcription factor gives
new bioinformatics problem related to coordinated gene expression regulation. Genome wide TF binding maps
in mouse stem cells include Oct4, Sox2, Nanog, Tbx3, Smad2 as well as group of other factors. Large volume
of available ChIP-seq data provides necessary statistical background to develop new transcription factor binding
sites recognition methods. We studied clusterization of TF binding sites to reveal non-random association
related to protein-protein interactions, long-range interaction and enhancer activity. Here we present software
and statistical estimates for binding sites clusters size on chromosomes. Context analysis of nucleotide
sequences containing these binding sites provided refinement of nucleotide binding motif for precise recognition
of binding site location. Regularities in nucleotide sequences could be studied by statistical and Machine
Learning methods to reveal context codes in gene transcription regulatory regions in genome. We show
difference in composition of binding sites of different transcription factors in promoter and enhancer regions in
ESC related to coordinated gene transcription regulation and pluripotency maintenance.

METHODS
After that a genomic profile is being constructed using the resulting fragments coordinates on chromosomes of
the reference genome.
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Coordinates fragments are extended to the size of the original DNA fragment (150-200nt). By overlapping in
genomic coordinates a "peak" is obtained [6]. Then we have to find the highest point of the local profile - peaks.
Such places can be described by the coordinates of the beginning and end, as well as height. The peak is most
likely contains a binding site for TF than the area near this peak since all DNA fragments assumed to be
associated with the protein in the ChIP experiment. With close proximity of several sections of the peak may
have more than one vertex, allowing ambiguity in the position of choosing a specific site.

To detect the motifs and their features we used a program Match TM and some own programs developed in
Python 2.7 (IDE PyCharm 4.0.4).

The mutual arrangement of sites was analyzed using the methods of the search patterns of "Knowledge
Discovery", implemented in a package UGene [4]. Shown the presence of two types of clusters - cluster
containing binding sites for factors Oct4, Nanog, Sox2, located in the distal regions and clusters containing
binding sites n-Myc, c-Myc, mainly located in the promoter regions of mouse genes [5]. The computational
conveyor is available by request from authors.

Despite the importance of these non-coding sequences in gene regulation, our ability to identify and predict
functions for this category of DNA is extremely limited. From the point of view of sequence analysis we study
relatively short sequences (signal/motif) in gene regulatory regions controlling eukaryotic gene expression.
These sequences vary in length, position, redundancy, orientation in DNA chain, and bases. Eukaryotic
promoters are characterized by the absence of exact localization of context signals and the weakness of such
signals.

Advances in high throughput sequencing technology have enabled the identification of transcription factor (TF)
binding sites in genome scale. Somatic cells can be reprogrammed back to a pluripotent state by the combined
introduction of transcription factors such as Oct4, Sox2, Ki1f4 and c-Myc[7]. These converted cells share many
characteristics with embryonic stem cells (ESCs) and are known as induced pluripotent stem cells (iPSCs). Such
genome wide TF binding maps in mouse stem cells include Oct4, Sox2, Nanog, Tbx3, Smad2 as well as group
of other factors. We analyzed chromosome location of clusters of transcription factor binding sites found by
ChIP-seq. We used 13 TFs (Suz12 and p300 were excluded). Cluster was defined as group of neighboring sites
each not far 100 bp from another (from borders of ChIP sequence overlap peak). Additionally we limited
chromosome span for all the sites in cluster by 500 bp. Cluster size is defined as number of different sites in the
cluster. Lengths of individual sites vary between 1-20 bp according to the peak (maximal overlap) of ChIP
sequences. More strict definition implies 50 bp location between sites and assume physical interaction between
binding proteins.

RESULTS/DISCUSSION

A program building clusters of TFBS in mouse genome was written in C ++.

The program developed has been tested on experimental data obtained from the study of embryonic stem cells
in the mouse genome (Chen et al., 2008) [3].The input contained 13 transcription factors: Essrb, Nanog, Oct4,
Sox2, CTCF, E2fl, Smadl, Tcfep2ll, Zfx, KIf4, c-Myc, n-Myc, STAT3. Chromosome coordinates from mm§
were updated to mm10 genome release (using liftOver tool at UCSC Genome Browser).

162984 sites of these 13 transcription factors could be clustered into 126345 groups. In total we counted 22036
clusters based on 100 bp distance definition. 3583 clusters have size 4 and higher. We expect that such dense
clusters are not random and may have biological function. To estimate cluster size that allow separate random
groups from functional clusters (potential enhancers) we simulated distribution of random sites in the mouse
genome. Using the same number of single sites (162984) and mouse chromosome sizes we randomly distributed
positions of sites. We counted clusters obtained using same definition (100 bp distance). The procedure was
repeated 1000 times. Clusters of size 2 (pairs of neighboring sites) occur for about 27% of random sites, clusters
of higher size were found extremely rare.

Since sites observed more often in regions around genes clusters of sites could be obtained by chance with
higher probability. Thus, not whole chromosome, but only some part of a chromosome tends to contain sites.
We reduced available chromosome size used in simulation we estimated size actually occupied by sites in the
genome counted in window of 10 Kbp. We obtained in total 663 Mbp sum size of regions occupied by sites
instead of 2.6 Mbp (about 25%). Changing the available chromosome size significantly increase number of
cluster expected by chance. We selected this minimal sum of available chromosome sizes for reliable estimation
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of TF clusters in simulations. At 1% level we have clusters of size 4 and higher as non-random comparing with
observed cluster size distribution: fraction of false positives equals to 0.001061<0.01.

Binding sites of some TFs tend to be in promoter regions of genes. Due to limited size of promoter regions
(3Kbp) total available space for binding site locations should be limited that gives much higher probability to
obtain cluster of neighboring sites by chance. All the individual sites and clusters were separated on groups
populating proximal promoter and distal regions relative to target (nearest) gene. We counted 33337 (~20%)
binding sites in promoter regions and 129647 (~80%) sites inside gene borders and in distal regions. Total non-
redundant size of promoter regions [-2500;+500] relative to the TSS of 20,993 mouse RefSeq genes is 56.4Mb.
Separate simulation of random cluster in promoter using available chromosome size confirmed that cluster size
4 is not expected by chance with p<0.01.

Result of the clustering: the total number of peaks 13 TF mouse genome was 162,977.
We counted a histogram for the number of transcription factors in the cluster, that is, how frequent single
clusters are, clusters of size 2, 3 and so on. The the most common single clusters (so-called singletons), while

only one cluster size turned 8.

Table 1. TFBS and presence of known nucleotide motifs in proximity of ChIP-seq peaks

TF name Total number of peaks The percentage of the
presence of motifs %

c-Myc 3422 58.82%
CTCF 39605 75,53%
E2fl 20699 99,90%
Esrrb 21646 60,70%
Klif4 10875 S3,57%
Nanog 10343 27,58%
n-Myc 7182 58,25%
Oct4 3761 44,45%
Smadl 1126 24,42%
Sox2 4526 38,57%
STAT3 2546 59,42%
Tefep2il 26909 46,02%
Zfx 10336 43,04%

The figure shows a histogram for the names of transcription factors in the cluster, that is, how common a
particular factor is. The histogram shows that the most common is TF called Smad1, while Zfx rarer all.

Co-occurrence of transcription factor (TF) groups within MTL (multiple transcription binding loci) is also of

great interest. Colors in the heat map reflect the co-localization frequency of each pair of TFs in the clusters
defined strong colocalization if TF with similar function in pluriponecy maitanance in ESC.
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It was shown that in multiple transcription binding loci (clusters) TF tend to form two groups. The first group
consists of Oct4, Nanog, or Sox2, but not n-Myc and c-Myc. The second group consists of n-Myc or c-Myc, but
not Oct4, Nanog, and Sox2. The same trend was observed for additional ChIP-seq data in the same cell line
such as Nr5a2.

We also took different sets of transcription factors and watched how statistics was changing:

The following table shows a graphical representation of nucleotide motifs (Logo) of the TF. It demonstrates the
difference from the initial PFM obtained during localization and built on the best match the refined matrix:

TF name The logo of the original motif | The logo of the motif after verification
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| Motif refinement (logo reconstruction) |

Fig. 1. Shows the total number of peaks and the percentage of the presence of motifs in the ChIP-seq peaks of
the analyzed timeframe

The percentage is calculated as the ratio of the presence of the peaks with at least one presence motif (greater
than or equal to threshold score, the threshold was set at 0.8) to the total number of the peaks of the TF.

CONCLUSIONS

Transcription factor binding sites co-localization revealed complex patterns of gene expression regulation.

The developed system "Gene Discovery" helps us to find complex signals in promoter regions. In a similar way
any samples of phased nucleotide sequences could be analyzed. It was shown that promoters region rich in
potential TFBS relative to random sequences. Oligonucleotide motifs could also correspond to promoter regions
with specific conformational or physical-chemical properties, such as high flexibility, low melting temperature
etc. Thus, complex signals could affect preferable location TFBS. Such results are extended to gene regulatory
regions presented by clusters of TFBS. We suggest that complex signals (TFBS and short oligonucleotides)
found in gene regulatory regions could have both context and conformational origin reflecting specific
regulatory features and macromolecular assembly of transcription complex.
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