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Today, more and more regulatory data is being generated using next-generation-sequencing (NGS), 

studying genome control in both cancer and normal samples. These datasets include genome-wide 

DNase-Seq (DHS), FAIRE-Seq, transcription factor (TF) binding and histone modifications by ChIP-Seq 

across many different cell types and conditions. A key challenge in the field of regulatory genomics 

remains how to optimally use these publicly available datasets for studying transcriptional regulation. 

We aim to tackle this challenge by an integrative approach, combining (i) genome-wide regulatory data, 

(ii) cis-regulatory sequence analysis, and (iii) gene expression data. For this purpose we developed a 

method called i-cisTarget2.0. Here we present a preliminary version of this tool, which allows to score 

gene modules and to identify upstream regulators for a given set of genes or loci, as well as cis-regulatory 

elements where these regulators bind. 

INTRODUCTION 

Thanks to the massive generation of publicly available 

regulatory data reflecting the activity of the non-coding 
genome (ENCODE1 and other databases), it becomes 

possible to use a large collection of regulatory tracks to get 

regulatory information across many different cell lines and 

conditions. To handle this information in the best possible 

way we are developing a tool called i-cisTarget2.0, which 

integrates TF motifs with regulatory tracks. The method 

takes either co-regulated gene loci or co-expressed gene 

sets as an input, and aims to identify candidate upstream 

regulators alongside with direct transcriptional targets and 

the actual cis-regulatory modules (CRM). 

METHODS 

We have developed a preliminary version of a tool, called 
i-cisTarget2.0. Our analyses rely on candidate regulatory 

regions that we defined using publicly available regulatory 

data: DHS from ENCODE1, General Binding Preference 

models2, CpG islands, proximal promoters, conserved non-

coding sequences, ultraconserved elements, regulatory 

elements from OregAnno3, VistaEnhancers4 and predicted 

cis-regulatory modules5. Our complete procedure of 
creating candidate regulatory regions yielded 1,223,024 

regions (representing ~35% of the genome) with average 

size 818 bp. We scored and ranked these regulatory regions 

with all 1,849 regulatory tracks (DHS, FAIRE, ChIP-Seq) 

as well as with a collection of 6,661 TF motifs. 

Our tool requires as an input a set of co-expressed genes or 
loci and provides a list of the most enriched/correlated 

features (motifs, regulatory tracks) as an output. In this way 

the input set is divided into true positive sets (sets of cis-

regulatory elements where upstream regulators bind to 

control the expression of gene modules) and false positives. 
We implemented a Galaxy plugin to make i-cisTarget2.0 

available. 

RESULTS & DISCUSSION 

We first selected 1,223,024 candidate regulatory regions in 
the human genome (see Methods). We scored and ranked 

these regions offline with 1,849 regulatory tracks and 6,661 

TF motifs, generating a large database with rankings. This 

database is used by a fast rank-based enrichment method to 

identify the most enriched features for a given set of loci.  

We validated i-cisTarget2.0 using MSigDB6 TF 
perturbation gene signatures as an input to verify whether 

the motif and the ChIP-Seq data for the expected TF were 

detected. As result, i-cisTarget2.0 detected the correct 

motif and/or the ChIP-Seq track for 29 from 42 TFs. 

Next, we applied our method on in-house data (ChIP-Seq 
against p53, H3K27Ac ChIP-Seq, RNA-Seq and FAIRE, 

all before and after p53 activation in the MCF7 cell line). 

For example, using as input a set of 801 up-regulated genes 

after p53 activation, we could identify the corresponding 

p53 ChIP-Seq, active histone marks, DHS, FAIRE (all in 

the MCF7) and p53 motifs as top-ranked features among 

all thousands of tested features. This lead to the prediction 

of 1,255 p53 target enhancers. Interestingly, this approach 
also identified co-factors of p53: NFY, FOX and FOS.  

Next, we applied our method to 4,106 cancer-related gene 

signatures from GeneSigDB7 and MSigDB6. For each 

signature we obtained a list of motifs and regulatory tracks 

along with their targets that were detected for these cancer-

related gene sets. From these results we created so-called 
“meta-targetomes”. For example, we selected all signatures 

for which the p53 motif and the p53 ChIP-Seq track are 

found enriched. From all predicted p53 target regions, 

across signatures, we derived a meta-targetome. We 

validated the p53 meta-targetome using an in-house set of 

801 genes up-regulated after p53 activation (in the MCF7), 

and found that it accurately describes p53 target genes. We 

used this approach for 161 different TFs and we are now 

using these meta-targetomes to annotate candidate cis-

regulatory mutations in cancer genomes. 

We are currently further validating our method and we are 
investigating how to use this method to identify driver 

mutations in the non-coding part of a cancer genome. 
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