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Abstract: The development of high-throughput genomic sequencing coupled with chromatin immunoprecipitation technologies allows studying the binding sites of the protein transcription factors (TF) in the genome
scale. The growth of data volume on the experimentally determined binding sites raises qualitatively new
problems for the analysis of gene expression regulation, prediction of transcription factors target genes,
and regulatory gene networks reconstruction. Genome regulation remains an insufficiently studied though
plants have complex molecular regulatory mechanisms of gene expression and response to environmental stresses. It is important to develop new software tools for the analysis of the TF binding sites location
and their clustering in the plant genomes, visualization, and the following statistical estimates. This study
presents application of the analysis of multiple TF binding profiles in three evolutionarily distant model
plant organisms. The construction and analysis of non-random ChIP-seq binding clusters of the different
TFs in mammalian embryonic stem cells were discussed earlier using similar bioinformatics approaches.
Such clusters of TF binding sites may indicate the gene regulatory regions, enhancers and gene transcription
regulatory hubs. It can be used for analysis of the gene promoters as well as a background for transcription
networks reconstruction. We discuss the statistical estimates of the TF binding sites clusters in the model plant
genomes. The distributions of the number of different TFs per binding cluster follow same power law distribution for all the genomes studied. The binding clusters in Arabidopsis thaliana genome were discussed here
in detail.
Keywords: ChIP-seq; gene expression; plant genomes; regulatory gene networks; transcription factor binding
sites; transcription regulation.
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1 Introduction
The regulation of gene transcription plays a key role in cell functioning [1]. The study of transcription regulation
based on the transcription factor (TF) binding data is one of the most developed bioinformatics fields.
On-going acquisition of the data on gene expression and binding sites obtained by sequencing techniques
such as ChIP-seq, BS-seq, DNaseI-seq, ATAC-seq, NOMe-seq [2, 3] demands development of data integration.
Qualitatively new problems arise for combinatorial gene expression regulation based on multiple TFs binding.
Does multiple TF binding in a gene region determine organism development program, or it is just random
effects not related to gene function [4]? Statistical estimates of multiple TFs binding may highlight fundamental
gene expression features common for any eukaryotic genome [5]. Linking the gene promoter regions and highthroughput TF binding data we may reconstruct regulatory gene networks in the genome scale [1]. The location
of a TF binding site in genomic sequence may be remote from the gene transcription start, thus preventing
reliable TF target gene prediction. Despite the development of data sophisticated analysis techniques, the
prediction of the regulatory regions of transcription, based only on the nucleotide sequence or single binding
events remains a complex problem.
New problems arise in the analysis of the joint location (co-localization) of the binding sites of different
protein transcription factors in the same loci [6]. There are cooperative regulatory effects with the simultaneous binding of various transcription factors in protein complexes to DNA [7, 8]. It is necessary to develop
the tools and methods of the sequencing data processing, evaluation of binding effects of transcription
factors [7, 9–11].
We used experimental ChIP-seq data to model TF binding as the alternative to sequence-based prediction.
Co-location of binding sites of two or more different factors in the promoter region of the same target gene may
define an element of a regulatory gene network. Several protein transcription factors may bind to the same
gene promoter region that corresponds to network interactions “TFs–gene”. One TF may have several gene
targets that corresponds to “TF–genes” interactions. Protein TF may bind to the promoter of its own gene,
thus forming a regulatory contour in gene network. Thus, a regulatory gene network can be reconstructed
from a set of the binding sites of several different TFs. Such a regulatory network might be conserved between
species. The examples of the mutual regulation of several pluripotency factors in embryonic stem cells in
mouse were shown [12]. The dynamic models of regulatory gene networks have also been developed for the
pluripotency factors binding to the same regulatory regions [13]. Possible overlapping of binding sites on
the same nucleotide sequence of multiple TF binding clusters, and mutual location of the binding sites may
follow certain regularities and rules to be found by statistics of DNA oligonucleotides [14, 15].
A physical explanation of the observed binding patterns on DNA may be due to the protein-protein
interactions between the TFs bound as multimer complex. Protein transcription factors can directly contact
each other, simultaneously bind to DNA in neighboring regions, or compete for binding to the same DNA
sequence in time [7]. ChIP-seq data generally do not provide an experimental answer to the question: “Do
the TFs bind the same genome locus simultaneously or the binding events differ in time?” [7, 12]. Thus, we
can only estimate frequency of the interactions, but not prove cooperative binding of the proteins to the same
DNA site.
The binding regulatory region could be assessed taking into Account Topologically Associated Domains
(TAD) in the chromosomes, which could be revealed using sequencing technologies based on chromosome
conformation capture (3C, with genome-wide variants Hi-C and ChIA-PET) [11, 16–18]. Clusters of the binding
sites on the chromosomes mark topological domains studied mainly in mammalian genomes [17]. Chromosome conformation data (Hi-C) were obtained initially for Arabidopsis, and recently for other crop plants
models. TADs are absent in Arabidopsis but they are found in more complex plant crop genomes including
rice [19].
In general, the problem of joint gene expression regulation by a set of TFs has not been sufficiently studied
[6, 20]. For plant genomes, such studies are presented in separate databases [21–25]. Despite different models
of TF-DNA binding, statistical estimates of the distribution of the number of different TF in binding clusters
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were not discussed. We applied earlier developed computer scripts [9] to analyze ChIP-seq data, calculate
clusters and visualize them in the form of heat maps in plants.
We used ChIP-seq data of three plants, including Arabidopsis thaliana, Physcomitrella patens, and Chlamydomonas reinhardtii to model TF binding clusters in their genomes and estimate the distribution of the TF in
the clusters found.

2 Materials and methods
2.1 Current version of TFBS tool analysis portable
A set of scripts in the Python language has been developed earlier for computer analysis of clusters of binding sites for transcription
factors (see Figure 1) with a graphical shell implemented in the Qt 5 environment [9] . We compiled it to the cross-platform software
tool ‘TFBS Tools Analysis’.
For the full usage of TFBS Analysis Portable, additional software is required: an installed Python interpreter of
version 3.5 or higher (https://www.python.org/downloads/windows/), programming environment R version 3.4.1 or higher
(https://www.r-project.org/), Git Bash for Windows (https://gitforwindows.org/).
TFBS analysis portable allows conveniently convert and analyze the TF binding sites data in genome scale, namely:
1. Load data (TF binding sites coordinates in a simplified BED format)
2.

Load the chromosome coordinates in GFF 3 data format (option including subsequent data conversion using an additional
script).

A

B
TF binding sites
coordinates
Filtering
Coordinates comparison
(distance parameters)

Clusters of sites of different TFs

Histograms of
TFs binding
Visualization

Heat
maps

Figure 1: TFBS analysis portable.
A – toolbox main window; B – block-scheme of the data
processing.
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3.

Build coordinates of the clusters of TFs binding sites iteratively based on coordinates of single sites (adjusting the parameters
of the gap between the coordinates of the sites and the maximum cluster region size, in nucleotides).

4.

Calculate pairwise intersections of the TFs binding loci in the genome.

5.

Construct the statistical histograms of the cluster occurrence for each TF separately and in the groups.

6.

Build heat maps of TF co-binding in the given genome.

The program did not filter the initial data on the quality of DNA reads, on the basis of which the binding sites of transcription
factors in the genome were determined. However, such data pre-processing is necessary [26, 27] and can be included in the
general pipeline of analysis and subsequent refinement of site clusters. The detection of binding sites from DNA reads in ChIP-seq
experiments provides a set of genome loci for a given TF. ChIP-seq experiments give several sets of TF binding sites in genome
(chromosome) coordinates. Comparing the binding coordinates we construct a set of common loci, occupied by two or more
TF – i.e. a binding cluster. The width of such clusters in genome is limited by the distance parameter (normally less than 500
nucleotides). The size 500 nt refers to the standard promoter size. It corresponds to the distance where proteins bound to DNA
can physically interact to each other. This parameter may vary in the program runs. We adjusted it by the calculation of distance
between peaks in ChIP-seq genomes profiles to 200 nt. The number of different TF in the binding cluster is not limited (up to all
available TF data set in the genome under study).

2.2 The data and algorithms
We download available ChIP-seq data from UCSC Genome Browser (http://genome.ucsc.edu/) and the plant genome databases
[28]. The TFBS Analysis Portable tool has flexibility in relation to various genomes differing by genome size and number of
chromosomes. Currently, this code is available upon request to the authors. The data in the form of BED files were downloaded from
the databases: NCBI (https:www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE24568), PlantTFDB (http:planttfdb.cbi.pku.edu.cn,
see also http://ucsc.gao-lab.org/) [29], PlantRegMap (http:plantregmap.cbi.pku.edu.cn) [28].
In total we have downloaded the ChIP-seq peaks for 28 transcription factors for A. thaliana (flowering plants) [30], 18 factors
for P. patens (moss) and eight factors for C. reinhardtii (green algae, plant general type) [28, 29].
These plants present taxons from a simple unicellular alga to a more complex flowering plant. The evolutionary relationship
between these plants can be seen on the phylogenetic tree shown in Figure 2.
Note the detailed databases on genome-wide TF binding developed earlier – TRRD, GTRD, and HOCOMOCO [31, 32]. However,
data on TF binding in plants are rather scattered [21, 22, 30, 33]. For comparison with predicted binding sites in Arabidopsis we
used AthaMap resource [34] and JASPAR [35]. We plan to integrate novel available data on TF binding in plants [36].
Transcription factor binding sites tend to be found together, especially in gene promoter regions. See example for A. thaliana
gene AT1G01040 from plant genome browser (Figure 3) (http://ucsc.gao-lab.org/). Conserved TF binding sites overall each other
in chromosome coordinates.
To construct the clusters, we have iteratively compared the coordinates of the binding sites for each TF. The ChIP-seq peaks
(summit position in the given ChIP-seq profile) were counted as the binding site positions. Thus, we used experimental data
instead of sequence-based prediction. However, the tool can take as input data any set of genome coordinates, both experimental
and predicted. The distances between the sites (peaks) were compared, counting for the new cluster if the distance was less than
200 nt. Figure 4 shows scheme of cluster counting by TF binding coordinates.

Figure 2: A schematic representation of a phylogenetic tree representing the process of plant
evolution over time. The order of
genomes studied is from mosses
and algae (Chlamydomonas
reinhardtii, and Physcomitrella
patens) to more complex
flowering plants (Arabidopsis
thaliana).
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Figure 3: The example of
multiple transcription factors
binding in the A. thaliana
genome in promoter region of
AT1G01040 (DCL1) gene (the
plant genome browser, http://
ucsc.gao-lab.org/).

Figure 4: Example of the processing of ChIP-seq profiles
(peaks) for the TFs binding
to count binding clusters in
genome coordinates.

The parameter for the clusters construction is 200 nt gap between the experimentally determined positions of the binding
sites in genome coordinates. If taking a longer distance (500 nt) many not related TF sites would be counted in clusters. If
considering only neighboring TF binding sites, with a distance less than 20 nt in between, the maximum cluster size is reduced
while maintaining the shape of the distribution of the number of sites (data not shown). We had followed the algorithm of cluster
construction described first in [12] and later extended in [6].

2.3 Functional features of the studied data
We used all available ChIP-seq data for TFs binding in the chosen model plants. These TFs are important for plant development
and were previously studied [21]. The following sets of TFs ChIP-seq data were counted:
A. thaliana: AP2, ARF, B3, BBR, BPC, bZIP, C2H2, CH3, CAMTA, CPP, DOF, E2F/DP, ERF, FAR1, G2-like, GATA, GRAS, HSF,
HD-ZIP, LBD, LFY, MADS, MYB, NAC, SRS, TCP, WRKY, YABBY.
P. patens: ARF, bZIP, C3H, CAMTA, CPP, WOX, Dof, E2F/DP, ERF, G2, GATA, HD- ZIP, LBD, LFY, MYB, NAC, TCP, WRKY.
C. reinhardtii: C2H2, C3H, CPP, Dof, ERF, G2-like, GATA, MYB.
Consider functions of these transcription factors in brief. AP2/ERF regulate plant development and response to various
types of biotic and environmental stress. ARF is a key regulator of virtually all aspects of plant growth and development, from
embryogenesis to aging.
In plants, transcription factors of the leucine zipper motif (bZIP) regulate the processes of protection against pathogens,
transmission of light and stress signals, seed maturation and flower development. C2H2 is a sequence-specific DNA binding
protein regulating transcription. The GATA factors form a class of transcription regulators present in mushrooms, animals and
plants which generally recognize a consensus sequence WGATAR [37].
The plant-specific transcription factor LEAFY (LFY) plays a central, evolutionarily conserved role in the transition from
vegetative growth to flowering. MADS are DNA-binding proteins that play an essential role in a variety of biological processes in
the development and flower plants [38]. TCP are plant-specific transcription factors that play an important regulatory role in plant
growth [39]. WRKY are one of the largest families of transcriptional regulators found exclusively in plants. They perform a variety
of biological functions in relation to plant resistance to diseases, response to abiotic stress and processes controlled by hormones.
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The main function of the YABBY genes is to determine the fate of abaxial cells in the lateral organs of Arabidopsis [40].
In particular, YABBY-regulated WRKYs play an important role in the regulation of plant stress responses, both as activators and
repressors. Overall, the TFs used in the study were compiled by ChIP-seq data availability in the genomes, not restricting to the
function.

3 Results and discussion
Using coordinates of ChIP-seq binding peaks we have iteratively compared the binding sites coordinates and
constructed the coordinates of the clusters for every genome. The statistical histograms have been built for
all the plants studied. Figure 5 shows the number of clusters depending on the cluster size (the number of
sites it contains).
The probability of clustering several binding sites decreases by Power law distribution. One can see it
from the observed histograms in log-scale (with some variability). Clusters of sites with a size of four and
higher in the genome can no longer be explained by random causes, as it was shown previously earlier
theoretically and using computer simulations [12]. The number of different TF in a binding cluster generally
obeys the distribution of the probability of obtaining group of elements of a given size [41, 42]. However, the
observed distribution of the number of different TF per cluster differs from the expected by chance: it follows
power-law distribution with longer right-tail (clusters of very large size not expected by chance).
The figure shows the presence of large clusters (two, three or more different TFs). There are up to several
hundred binding clusters, for each of the considered plants.

Figure 5: Dependence of the number of clusters of binding sites on cluster size.
A – Arabidopsis thaliana, B – Physcomitrella patens, C – Chlamydomonas reinhardtii. Axis X shows the number of sites in the
cluster, axis Y – the number of such clusters. Single binding sites (size 1, singletons) are shown by the hollow column. The
values are displayed on semi-logarithmic scale.
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It is interesting to note the existence of very complex clusters containing binding sites for almost all
transcription factors available (10 or more TFs). For A. thaliana, the maximum cluster size is 24. For P. patens
– the maximal size is 10. For Chlamydomonas Reinhardtii – 18.
Thus, such regions could act as super-enhancers. The term super enhancer was introduced in the literature
for gene regulatory regions mediating expression of many genes in different tissues first for stem cells [43].
Super-enhancers are large clusters of transcriptional enhancers that are co-occupied by multiple lineagespecific transcription factors driving expression of genes that define cell identity. For plants such enhancer
may drive development programs, switch plant cell response to external factors. If we consider structure of
gene regulatory network the gene having such large TF binding cluster in its promoter region will be seen as
a network hub with multiple links.
Statistical histograms were constructed showing the individual occurrence of each factor for a given set
of plants (Figure 6).
It is seen from the figures that the number of clusters decreases exponentially with the size of the cluster.
This dependence approximately follows Power law distribution. It is theoretically expected. At the same time,
there is no genomic region containing simultaneously the sites of all factors for each plant which indicates
their functional differences.
Let’s consider the functions of some factors found in the binding clusters.
It can be seen that the LFY factor, which is responsible for the growth of flowers in plants, tends to
occur in the Arabidopsis genome most often among all the others, while the SRS group factors are least
expressed [30].
In the P. patens genome, LFY is again quantitatively in the first place, while G2, which participates in the
process of the cell cycle and influences cell differentiation, occurs less frequently than others.
The CPP family of factors in C. reinhardtii tends to occur more often, and the factors of the group G2 like
are less common.
For each pair of TFs we count number of binding clusters and put this integer number to a matrix. It is a
symmetrical matrix. At the next stage for each pair of transcription factors we calculated the Pearson linear
correlation coefficient by the rows (vectors of the integer numbers) from this matrix [9]. Each cell of such a
symmetric matrix contains the number of binding sites (overlapping in a given genomic range up to 200 nt) of
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two factors. It is possible to use rank correlation coefficients as well as linear coefficients to follow the work by
Chen et al. [12]. Thus, the matrix of integer numbers was translated into a correlation matrix (float numbers in
[0;1] interval). The correlation coefficient gives normalization of the values for the sets of transcription factors
sites of different sizes. Such a matrix provides a measure of association, between the binding sites for the
pairs of transcription factors. The higher the correlation coefficient is, the closer the location of the binding
sites of the transcription factors in the genome. The matrix can be represented in the form of a heat map,
where the color intensity shows the correlation (the correlation coefficient).
Using this measure in the R programming environment (https://www.r-project.org/) the sites of the
transcription factors were clustered with the following visualization. Figure 7 presents the heatmaps that
highlight the intensity of joint binding of transcription factors in the genomes studied.
Figure 7 shows that the same factors GATA and MYB are in the largest cluster in all the genomes.
In the investigated set of 28 factors of the plant A. thaliana, the heatmaps allow delineating two major
groups of TFs: {GATA, ARF, BBR-BPC, HSF, LBD, FAR1, C2H2, GRAS, MYB, TCP, E2F/DP, HD-ZIP, CH3, NAC,
AP2, bZIP, WRKY} and {B3, G2-like, ZF-HD, MADS, DOF, YABBY}, or, in other words, relating to the GATA and
related G2-like transcription factors.
It is also interesting to note that the LFY factor tends to occur most often among all the others, but it
correlates weakly with other factors (except with SRS). Among the selected 28 factors, GATA, ARF, BBR-BPC
and HSF tend to occur together more often.
In the studied set of 18 factors of the P. patens plant, the situation looks different: the factors are rather
weakly correlated with each other, so it is difficult to distinguish large groups of co-occurring factors. Moreover,
WOX [44] and GATA [45] occur together more often.

Figure 7: Heat map of joint localization of TFs in the plants studied. Red is a more frequent occurrence. The squares highlight
the groups of factors that tend to occur together most frequently.
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It is known that the interaction between GATA and the C/EBP family of transcription factors (which
includes the bZIP factor considered in the work and some others) is critical for the GATA-mediated suppression
of adipocyte differentiation [45]. It is interesting to note that C/EBP interacts with the CCAAT box motif in
several gene promoters. They are characterized by a highly conserved basic leucine zipper (bZIP) domain at
the C-terminus.
In the set of eight factors of the C. reinhardtii plant, two groups are clearly distinguished: {C2H2, C3H,
CPP, Dof, G 2- like, GATA, MYB} and {CPP, ERF}.
In general, it can be noted that the evolutionarily more ancient factors GATA and MYB are presented in
the clusters of sites in all studied plant species. The flowering plant-specific LFY factor is presented in binding
clusters in Arabidopsis. Clustering of sites in the genome for various transcription factors can be affected by
the context features of the nucleotide sequence (nucleotide composition and motifs) of a regulatory region, by
the structure of the protein that determines the type of binding to DNA, and has an evolutionary constraint [14].
At the same time, epigenetic modifications, and the binding of TF to DNA in a specific tissue and plant organ
should be considered. These sequencing data are currently insufficient for such assessments [21].
The general revealed regularity of the existence of clusters of binding sites in eukaryotic genomes, shown
for the mouse and human genomes [12], is confirmed for plants. The general pattern in the distribution
of site cluster sizes corresponds to the number of links in models of complex biological networks [46],
including networks of protein–protein interactions [47]. Clusters of TF binding sites can be found using the
proposed statistical estimates. Visualization of such cluster using heat maps is a convenient bioinformatics
method [10].

4 Conclusions
The developed computer approach for clustering of variable sets of sites can be applied to a wide range
of problems of assessing functional elements in the genome. In addition to TF binding the sites may
include areas of low text complexity, tandem repeats, and CpG islands [48]. Analysis of functional clusters makes it possible to statistically describe enhancers, annotate genomes, in cases where experimental
information is not available. Integration of experimental genomic information, Big Data, in general, represents an important problem in bioinformatics, requiring the integration of existing software tools and
approaches [49–51]. The presented statistical analysis of clusters of binding sites in plant genomes helps
in solving the problem, developing approaches to the study of the evolutionary origin of enhancers and
gene networks [52, 53]. The exact positioning of sites in the clusters is affected by both nucleosome packing [54] and spatial restrictions on the sequence length in topologically associated domain, where protein
transcription factors interact with DNA [17], thus arranging the binding sites by complex rules yet to
be revealed.
For the considered plant genomes, analysis of an expanded set of binding sites for transcription factors
confirmed a broad joint clustering of binding sites for transcription factors of the GATA family, that is, the
factors characterized by their ability to bind to the GATA DNA sequence. Contrary to expectations, the LFY
factor weakly correlates with the other factors studied.
In general, the proposed statistical estimates allow identifying non-random clusters of TF binding sites in
plant genomes. The distribution of site clusters by size shows the general patterns of the clusters site formation
in eukaryotic genomes. Such gene regulatory regions in the plant genome should be further investigated by
experimental methods to identify cooperative interactions, to determine the functional role of the TF binding
clusters, including response of the plant to stress conditions [55].
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