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ABSTRACT 
 

Computational Methods for ChIP-seq Data Analysis and Applications 

Haitham Ashoor 

	

The development of Chromatin immunoprecipitation followed by 

sequencing (ChIP-seq) technology has enabled the construction of genome-wide 

maps of protein-DNA interaction. Such maps provide information about 

transcriptional regulation at the epigenetic level (histone modifications and 

histone variants) and at the level of transcription factor (TF) activity.  

This dissertation presents novel computational methods for ChIP-seq data 

analysis and applications. The work of this dissertation addresses four main 

challenges. First, I address the problem of detecting histone modifications from 

ChIP-seq cancer samples. The presence of copy number variations (CNVs) in 

cancer samples results in statistical biases that lead to inaccurate predictions 

when standard methods are used. To overcome this issue I developed HMCan, a 

specially designed algorithm to handle ChIP-seq cancer data by accounting for 

the presence of CNVs. When using ChIP-seq data from cancer cells, HMCan 

demonstrates unbiased and accurate predictions compared to the standard state 

of the art methods.  

Second, I address the problem of identifying changes in histone 

modifications between two ChIP-seq samples with different genetic backgrounds 

(for example cancer vs. normal). In addition to CNVs, different antibody efficiency 
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between samples and presence of samples replicates are challenges for this 

problem. To overcome these issues, I developed the HMCan-diff algorithm as an 

extension to HMCan. HMCan-diff implements robust normalization methods to 

address the challenges listed above. HMCan-diff significantly outperforms 

another state of the art methods on data containing cancer samples.   

Third, I investigate and analyze predictions of different methods for 

enhancer prediction based on ChIP-seq data. The analysis shows that 

predictions generated by different methods are poorly overlapping. To overcome 

this issue, I developed DENdb, a database that integrates enhancer predictions 

from different methods. DENdb also integrates several experimental data 

including ChIP-seq data for TF binding sites. 

Finally, I present an extensive computational comparison of different ab-initio 

motif identification methods based on TF ChIP-seq data. The comparison 

included 10 different methods over 159 different TF datasets. Recommendations 

of this comparison indicate that the usage of simple methods outperforms the 

usage of high order models. 
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Chapter 1 Introduction	

1. 1 Biological Background 

1.1.1 DNA and genome 

Cells are the basic building blocks of living organisms. They carry on the many 

functions needed to sustain life. Genetic information in cells is stored and 

encoded into biopolymer molecule called Deoxyribonucleic acid (DNA). DNA is 

composed of four different units called nucleotides: adenine (A), cytosine (C), 

guanine (G) and thymine (T). In eukaryotes, DNA is located inside the nucleus 

and it comes in the form of double-stranded sequence; where A always pairs with 

T, and C always pairs with G; these pairs of nucleotides are called base pairs 

(bp). This pairing of nucleotides is complementing.  So, simply one can construct 

the complementary strand of DNA if the other one is known. From a computer 

science perspective, DNA can be represented as a single string composed of A, 

C, G, and T letters, since the information in the complementary strand is the 

same. The complete set of DNA nucleotides in an organism forms its genome. 

The genome represents the blueprint of the biological instructions related to an 

organism. It is divided into long substrings of varying length called chromosomes. 

Each chromosome contains smaller units of DNA, called genes. Each gene 

consists of a specific sequence of DNA that provides the complete instruction to 

make a functional product.  
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In eukaryotes, DNA is wrapped around a structure called nucleosome (Figure 

1.1).  Nucleosome’s length is about 185 bp [1] and it is built from a family of 

proteins called histones. The combination of DNA and nucleosome is called 

chromatin.  

	

Figure 1.1 DNA wrapped around nucleosome structure. The nucleosome is composed of proteins called 
histones. Together, DNA and nucleosome form chromatin. From 
http://sciencenote.tumblr.com/post/11224605983/mass-of-genetic-material-composed-of-dna-and 

	

The central dogma of molecular biology [2] (Figure 1.2) describes the flow of 

genetic information in living cells. The first stage of the central dogma of biology 

is transcription; in this stage, DNA sequence of a gene is copied into RNA to form 

the primary transcript. This process involves replacing T nucleotides with uracil 
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(U). This process also refers to gene expression.  Then, in cases when transcript 

contains specific regions called introns, these introns are removed by the RNA-

splicing process. The resultant molecule forms the processed RNA, in case this 

RNA contains an open reading frame, then it is called messenger RNA (mRNA). 

In the second stage, translation stage, mRNA is transferred to the ribosomes to 

be translated into proteins. As mentioned earlier, some primary transcripts are 

not processed into mRNA. These transcripts will form the so-called non-coding 

RNAs (ncRNAs). Many of the ncRNAs are involved in different aspects of gene 

regulation thus adding an additional layer to the gene regulation process.   

	

Figure 1.2 Stages included in the central dogma of biology. The figure shows an incomplete list of 
elements included in the gene regulation process, and translation process. (courtesy of Vladimir Bajic) 

1.1.2 Gene regulation 

Although cells of a multicellular organism contain identical DNA, they have 

diverse phenotypes, and functions. We observe this diversity because of the 
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different states of genes in different cells. For example, a gene is active in a 

particular cell while it is not active in another. We quantify the level of the gene 

activity by gene expression. The process that controls the gene expression is 

called gene regulation. Gene regulation involves the interplay of many 

components. These components include DNA regions such as promoters, 

enhancers, silencers, and insulators; proteins such as DNA polymerase, 

transcription factors (TFs), transcription co-factors (TcoFs); different regulatory 

RNAs such as e.g. miRNAs and long ncRNAs; and epigenetic modifications such 

as histone modifications, DNA methylation, and chromatin modifiers. Promoters 

and enhancers are two of DNA regulatory elements that tightly regulate the 

transcription process. Promoters and enhancers are two of DNA regulatory 

elements that tightly regulate the transcription process. The promoter is a region 

that overlaps and falls mainly upstream of the transcription start site (TSS); 

usually, TFs bind to this region to short DNA sequences; these sequences are 

known as TF binding sites (TFBSs).  In general, TFs affect the expression of a 

specific gene; a TF may act as an activator, which increases the expression of a 

specific gene, or as a repressor that decreasing gene expression. A TF could be 

an activator under one set of conditions and a repressor under different set of 

conditions. The enhancer is another region that is involved in regulation of a 

remotely positioned gene. The interaction between the enhancer and its target 

gene occur due to DNA 3D structure [3]. The functionality of enhancer is to 

increase the gene expression by recruiting specific TFs and sometimes 

generating ncRNAs that control increase of target gene transcription. The 
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silencer regions contrary to enhancers tend to repress the expression of a 

remotely positioned gene. Opposite to promoter and enhancer, silencers fall far 

away from their target gene.  

Epigenetic modifications are defined as the changes that affect the status of DNA 

while not changing the actual sequence of DNA. There are several types of 

epigenetic modifications including DNA methylation, histone modifications, and 

post-transcriptional RNA modifications. Such modifications may correlate with 

gene expression. For example, high DNA methylation is correlated with gene 

suppression. Another epigenetic modification is the chemical modifications of 

histone protein tails. Chemical modifications of histone tails may correlate with 

gene expression; some modifications may suggest an increase in gene 

expression such H3K27ac, while others may suggest a decrease in gene 

expression such as H3K27me3. Many studies [4-8] used combinations of these 

modifications to demarcate functional regions in human and drosophila genomes. 

Combining genomic and epigenetic information assisted in the understanding of 

tissue-specific gene expression, and determining of active tissue-specific 

regulatory regions such as enhancer and promoters [9, 10].  

Development of many sequencing technologies helped in the understanding of 

the gene regulation process. For example, RNA-seq and CAGE technologies are 

used to quantify expression of transcripts. ChIP-seq technology is used to 

capture DNA-binding protein locations, and DNase-seq is used to capture open 

chromatin regions in the genome.   
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Work described in this dissertation will focus on methods for processing and 

analysis of ChIP-seq data.  

1.1.3 Copy number variation 

Copy number variations (CNV) is a form of genomic structural variation [11]. In 

CNVs, large regions of the genome are gaining (duplications) or losing 

(deletions) a number of copies. CNVs can be identified using single nucleotide 

polymorphism (SNP) arrays [12] or recently using next generation sequencing 

[13, 14]. 

One of the main features distinguishing cancer genomes from normal genomes 

is the presence of CNVs. In cancer genome, there are many gains, losses, and 

translocations [15] (Figure 1.3). For example, amplification of the region 

containing Mycn gene has a direct relationship to neuroblastoma, while the 

number of copies gained has a direct correlation with prognosis outcome [16]. 

The process of computational detection of copy number variation contains three 

generic steps (implemented methods differ between SNP arrays and high-

throughput sequencing). These steps are profile smoothing, breakpoints 

calculation, and absolute copy number assignment.  
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Figure 1.3 Karyotype showing highly restructured genome for lung cancer. Each chromosome has 
its own color. Karyotype shows gain (chr4), loss (chr6) and trans-location (in most of chromosomes) 
From www.medicaldaily.com 

In the step of profile smoothing, the genomic profile that describes the potential 

copy number variation is smoothed and filtered against many covariates, which 

includes wave signals that appear in SNP arrays and GC-content bias that 

appear in high-throughput sequencing technologies. Next, segmentation 

methods are used to assign copy number breakpoints. These breakpoints are the 

physical location of genomic gains or losses on the genome. Finally, the 

segmented regions are associated with the number of copies each of these 

regions has. This number of copies is called absolute copy number. In order to 

identify the status of gains and losses, a paired normal sample or genome ploidy 

must be provided. In cancer samples, the presence of CNVs introduces statistical 

biases in high-throughput sequencing data, which will affect the accuracy of 

computational methods handling such type of data. In Chapter 2 and Chapter 3, I 
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will show how can we overcome such a problem in methods development for 

ChIP-seq data.  

1.1.4 ChIP-sequencing 

Chromatin immunoprecipitation followed by sequencing (ChIP-seq) is an 

experimental technique used to detect protein-DNA interaction in-vivo for a 

specific cell or condition. It can be used to detect TF binding or histone 

modifications on a genome-wide scale. ChIP-seq was developed in 2007 by 3 

different group in the same time frame [17-19]. 

ChIP-seq protocol starts by shearing the DNA into small regions called 

fragments. Then DNA fragments are mixed with a specific antibody for the target 

TF or histone modification. Later on, DNA regions with attached target antibody 

are sequenced to produce smaller DNA regions called reads. Figure 1.4 

illustrates the full process of ChIP-seq.  After reads being sequenced, they are 

mapped to the referenced genome in order to determine regions of interest.  

Usually, regions with a high number of reads mapped to them are considered to 

correspond to genomic regions of TF binding or histone modifications. The 

process of defining enriched regions (by the number of mapped ChIP-seq 

sequenced reads) is called peak finding.  

Although ChIP-seq is currently the dominant technology to detect protein-DNA 

interaction, it still faces several technical artifact challenges. One of these 

challenges is the antibody quality. Some antibodies are of high quality while other 

antibodies are with low quality that makes it harder to distinguish noise from the 
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real ChIP-seq signal. Another challenge arises from the fact that sequenced 

reads are short, so aligning these reads to a reference genome with repetitive 

elements is a challenging task. Usually, scientists discard repetitive regions in 

their peak finding systems.  

 

	

Figure 1.4 ChIP-seq experiment for identifying P53 binding sites. The spikes represent potential binding 
sites for P53 TF. From www.sciguru.org 
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While the length of regions determined by ChIP-seq experiment decreased in 

comparison to Chromatin immunoprecipitation followed by microarray 

hybridization (ChIP-chip), it is not yet sufficiently small to demarcate the TFBS 

directly from ChIP-seq peaks. One more processing step should take place to 

identify potential binding sites. This step involved identifying motif families from 

the ChIP-seq peak sequences.  

Recently, massive amounts of ChIP-seq data have been produced to assist in a 

deeper understanding of gene regulation process and gene regulatory networks 

[9, 10]. To make the best use of the data, many efforts have been made to build 

efficient methods to process this type of data.  

ChIP-seq processing methods can fall into three categories:  

1- Core methods: this type of methods is related to quality assessment [20, 

21], peak finding [22-28], and identifying cell specific regions using 

differential analysis [29-33].  

2- Downstream analysis: after defining peaks many tasks can be carried out 

such as motif finding to identify specific TFBS [34, 35], gene set analysis 

[36], defining gene target of some TFs [37]. 

3- Integrative analysis: in this type of analysis, ChIP-seq reads or peaks are 

used as raw data for larger scale studies. These studies include 

integration of data from different sources such as RNA-seq, DNase I 

hypersensitive site data, CAGE to understand a specific phenotype. 
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Another form of the integrative analysis is to discover some regulatory 

regions such as promoters or enhancers [4, 6, 8].  

Moreover, data integration of results based on ChIP-seq data has 

appeared recently. For example, factorbook [38] is a resource that 

integrates TFBS and histone modifications from ENCODE data. Another 

examples are: ChIPBase [39], a database for TFBS related to long non-

coding RNAs (lncRNAs); CistromeMap [40], a collection of all public ChIP-

seq and DNase-seq data in mouse and human; hmChIP [41] is another 

database that contains ChIP-chip and ChIP-seq data. 

1.2 Work summary and contribution 

In this dissertation, I address problems from different categories of ChIP-

seq analysis methods. My work includes methods development, data 

integration and data analysis for problems that have not yet been well 

addressed by the research community.  

My work can be summarized in the following points:  

1- In Chapter 2, I developed an algorithm for detecting chromatin 

modifications in ChIP-seq cancer samples. Many methods have been 

developed to perform peak calling for ChIP-seq data, however none of 

these methods is capable to handle cancer ChIP-seq data. In this work 

I will show that current ChIP-seq methods show bias for detecting 

enriched regions from cancer ChIP-seq data. Then I will show that my 

algorithm does not suffer from such biases.  
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2- In Chapter 3, I developed an algorithm to identify changes in histone 

modification regions from ChIP-seq data with different genetic 

backgrounds. This algorithm will use techniques developed in Chapter 

2 and build another layer on top of it to identify differential regions of 

ChIP-seq data from cancer samples. The algorithm showed superior 

performance on simulated as well as experimental data compared to 

state of the art methods on data having CNV innate in them.  

3- In Chapter 4, I developed an integrated database of enhancers 

identified based on ChIP-seq data.  In this work, I show that enhancer 

predictions by different methods are highly dispersed and with small 

overlap. The absence of gold standard makes it hard to decide which 

predictions are correct. Then I will describe my attempt to integrate 

enhancers from five different methods in 15 different human cells lines. 

The integration process also includes other types of genomic data 

such as TFBS and DNAse I hypersensitive sites. The main goal of this 

integration is to help in understanding the functional context of 

enhancers so as to enhance determining correct enhancers.  

4- In chapter 5, I present a comparison study for ab-initio motif discovery 

for ChIP-seq data. The study conducts large-scale profiling for different 

ab-initio motif identification methods using 159 different TFs ChIP-seq 

datasets. In this work, I suggested guidelines on the proper choice for 

algorithms using different evaluation methods for ChIP-seq data.   
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1.3 Papers declaration  

Work presented in this dissertation resulted in three published journal papers and 

one paper under preparation. Published papers are as follows: 

1- Material presented in Chapter 2 is published as:  

HMCan: a method for detecting chromatin modifications in cancer 

samples using ChIP-seq data. H. Ashoor, A. Hérault, A. Kamoun, F. 

Radvanyi, V.B. Bajic, E. Barillot, V. Boeva. Bioinformatics 2013. doi: 

10.1093/bioinformatics/btt524. 

 

2- Material presented in Chapter 3 is published as:  

HMCan-diff: a method to detect changes in histone modifications in cells 

with different genetic characteristics. H. Ashoor, C. Louis-Brennetot, I. 

Janoueix-Lerosey, V.B. Bajic, V. Boeva. Nucl Acids Res 2017. doi: 

10.1093/nar/gkw1319 

 

3- Material presented in Chapter 4 is published as: 

DENdb: database of integrated human enhancers. H. Ashoor, D. 

Kleftogiannis, A. Radovanovic, V.B. Bajic. Database 2015. doi: 

10.1093/database/bav085 
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Chapter 2 Detecting chromatin modifications in cancer samples using 

ChIP-seq data	

2.1 Summary 

Cancer cells are often characterized by epigenetic changes, which include 

aberrant histone modifications. In particular, local or regional epigenetic silencing 

is a common mechanism in cancer for silencing expression of tumor suppressor 

genes. Though several tools have been created to enable detection of histone 

marks in ChIP-seq data from normal samples, it is unclear whether these tools 

can be efficiently applied to ChIP-seq data generated from cancer samples. 

Indeed, cancer genomes are often characterized by frequent copy number 

alterations: gains and losses of large regions of chromosomal material. Copy 

number alterations may create a substantial statistical bias in the evaluation of 

histone mark signal enrichment and result in under detection of the signal in the 

regions of loss and over detection of the signal in the regions of gain. 

We present HMCan (Histone Modifications in Cancer), a tool specially designed 

to analyze histone modification ChIP-seq data produced from cancer genomes. 

HMCan corrects for the GC-content and copy number bias and then applies 

Hidden Markov Models (HMMs) to detect the signal from the corrected data. On 

simulated data, HMCan outperformed several commonly used tools developed to 

analyze histone modification data produced from genomes without copy number 

alterations. HMCan also showed superior results on a ChIP-seq dataset 

generated for the repressive histone mark H3K27me3 in a bladder cancer cell 
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line. HMCan predictions matched well with experimental data (qPCR validated 

regions) and included, for example, the previously detected H3K27me3 mark in 

the promoter of the DLEC1 gene, missed by other tools we tested. 

2.2 Overview  

ChIP-Seq is a combination of chromatin immunoprecipitation and next-

generation sequencing of extracted DNA fragments [42]. The ChIP-Seq 

technique is now widely used for identification of epigenetic marks such as 

histone variants and different covalent modifications of histone tails [43]. 

Common histone modifications include lysine acetylation, methylation, 

ubiquitylation and sumoylation, serine and threonine phosphorylation and 

arginine methylation [44]. Histone marks help partitioning the genome into 

euchromatin, which is accessible for transcription, and heterochromatin. For 

instance, tri-methylation of lysine 9 of histone 3 (H3K9me3) and tri-methylation of 

lysine 27 of histone 3 (H3K27me3) are marks associated with pericentromeric 

heterochromatin and regions of Polycomb-mediated repression [45]. Also, 

histone modifications and histone variants are often associated with distinct 

biological functions. For instance, trimethylation of lysine 36 of histone 3 

(H3K36me3) is a mark of transcription elongation; trimethylation of lysine 4 of 

histone 3 (H3K4me3) marks active or poised promoters; monomethylation of 

lysine 4 of histone 3 (H3K4me1) together with acetylation of lysine 27 of histone 

3 correlates with active enhancers [44]. Some marks are narrow and cover 1-10 

consecutive nucleosomes (e.g., H3K4me1 or H3K4me3), while others (e.g., 
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H3K27me3 and H3K36me3) can cover large genomic regions, from tens to 

hundreds of kilobases in length. 

Although genetic modifications remain the main cause of cancer development, 

epigenetic modifications may also play a role in cancer development and 

progression [46]. DNA methylation and/or histone methylation and deacetylation 

can be observed either as local modifications or along large genomic regions. 

When regional, these modifications may cause chromatin remodeling and silence 

expression of most genes in these regions. This phenomenon is often called 

regional epigenetic silencing (RES) or long range epigenetic silencing (LRES). 

RES/LRES has been shown to affect gene expression in many cancer types 

including bladder cancer [47], colorectal cancer [48, 49], breast cancer [50] and 

prostate cancer [51]. 

Because of the reversible nature of epigenetic modifications, a substantial effort 

is being made to develop anticancer drugs able to interfere with the activity of 

enzymes involved in histone modification [52]. 

Many tools have been developed in order to facilitate the analysis of histone 

modification data obtained with the ChIP-Seq technique. Some tools are 

designed to detect narrow peaks of type of H3K4me3 [23, 27, 53]. Other 

methods are able to identify epigenetic marks covering large genomic regions; 

this is mostly done through clustering [22], gene-by-gene quantification [54], 

HMMs[26, 32], and linear signal–noise models [28]. 

However, there is no tool specifically developed to detect histone modifications in 

cancer genomes that takes into account copy number alterations. As we show 
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later, most of the tools tend to detect more signals in the regions of gain and less 

signal in the regions of loss. 

GC-content is known to influence read depth in both Illumina- and SOLiD-

generated datasets [13, 55]. A possible difference in GC-content dependencies 

between ChIP and control datasets can result in false predictions of enrichment 

in histone modification marks [56]. 

Here we present a tool designed to identify histone modifications in genomes 

with large copy number alterations. HMCan corrects for copy number bias, as 

well as for GC-content bias. It then uses HMMs to detect regions rich in histone 

modifications.  

We chose to compare HMCan with three tools commonly used to detect histone 

modifications with ChIP-seq data (for methods features see Table 2.1): CCAT 

[28], MACS [27] and SICER [22]. We show that HMCan is able to detect signal 

enrichment in simulated cancer genomes better than these three tools. Only 

HMCan and CCAT did not show copy number bias. Separately, on an 

experimental ChIP-seq dataset of H3K27me3 in a bladder cancer cell line, 

HMCan provided better results than CCAT.  

Table 2.1 Comparison between methods used in this chapter based on features affect peak calling 
algorithms accuracy 

Tool Mappability 
consideration 

GC-content 
normalization 

Copy number 
normalization 

Considering 
Input DNA 

Input DNA 
scaling 

HMCan X X X X X 

CCAT    X X 

MACS    X  

SCIER      
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2.3  HMCan algorithm 

The HMCan workflow consists of (1) estimation of the copy number profile using 

a window approach on the control dataset (usually, input DNA), (2) calculation of 

the density profile, (3) normalization of the density profile by copy number, GC-

content and background signal, and (4) application of HMMs to detect regions 

with histone modifications (Figure 2.1). 

	

Figure 2.1 HMCan framework. HMCan initially estimates copy numbers from control data and it builds 
density profiles for both libraries. Then, HMCan performs a set of normalization steps including 
normalization by copy number, GC-content and background noise. Finally, HMCan detects histone 
modification regions with HMMs after estimating initial parameters from the normalized profile. 

Data profile construction: Initially, HMCan discards all duplicate reads mapped to 

the same position, it assumes that the presence of such reads is a result of PCR 

amplification. Reads of ChIP and control datasets are transformed into density 

profiles. In order to construct the profiles, the reads are extended from read starts 

to the length of DNA fragments. Similarly to FindPeaks, we use the triangular 

distribution for read extension [24]. This method allows the user to set minimum, 
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median and maximum fragment length used in the original ChIP-seq experiment. 

After read extension, we keep one density value for each 50 nucleotides. HMCan  

Correction for copy number: In order to estimate the copy number variations in 

ChIP-seq data, we apply the algorithm implemented in Control-FREEC [13, 14]. 

When the copy number of each position is estimated, each value in the density 

profile is corrected based on its copy number value. 

Data size correction: Assuming that the ChIP dataset contains N reads and the 

control dataset contains M reads, the ChIP density profile is multiplied by the 

ratio between these numbers (M/N). 

Initial peak calling: In order to calculate the correct GC-content profile on the 

ChIP data and correctly estimate the initial parameters of HMM, preliminary peak 

(enrichment signal) calling should be applied to serve as a guide for both 

operations. A one-sided exact Poisson test is used to label whether a bin belongs 

to a peak or not. As a post-processing step, singleton bins labeled as peaks are 

removed. Then, the bins labeled as peaks within 1 Kbp are merged into a single 

peak region.  

GC-content normalization: Sequencing technologies may result in association 

between the number of reads mapped to a specific DNA region and its GC-

content [57]. Here, we apply a correction in order to remove GC-content bias 

which otherwise may result in aberrant read counts. 
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We estimate the GC-content bias from the density profiles previously 

constructed. For each value of bin density, we take a window of length twice that 

of the fragment length. With each window, we associate the density value 

corresponding to the central point and we record the value of the GC-content of 

that window. 

GC-values are grouped in non-uniform groups, e.g., GC-content between 0 and 

20% (group 1), GC-content between 20 and 22% (group 2), etc. For each value 

gc in the group, we will define Dgc the sum of densities of the bins that have GC-

content gc and Ngc the total number of windows that have GC-content gc. We 

denote the expected density for each gc value as λgc, defined as: 

                                

𝜆!" = 𝐷!"/𝑁!" 	

We will denote the average expected density along the genome by λ, defined as: 

𝜆 =
𝐷!"!"

𝑁!"!"
	

Then, each density value D can be corrected as follows: 

	

𝐷!"##$!%$& =
𝐷. 𝜆
𝜆!"

	

The correction process is applied to both ChIP and control data independently. 

This leads to a more accurate correction compared to calculating GC-content 

bias (λ and λgc) for the control data only and then correcting the ChIP and control 

densities based on the same λ values. 



36 
 

Applying the described method to the control data is straightforward, since the 

control data are not supposed to contain any signal. In the case of ChIP data, the 

process is trickier since the signal contained in the ChIP data may interfere with 

the GC bias, e.g., some histone modifications can occur more frequently in GC-

rich regions. To overcome this issue, we first apply the module of initial peak 

calling to identify regions that most probably belong to the signal (“peaks”). Then, 

we apply the described method for CG-bias evaluation to the regions labeled as 

“not peaks”. We denote the expected density λ in the control data as λcontrol and λ 

in the ChIP data as λChIP. 

In order to get the noise values in the ChIP and control data on the same scale, 

we multiply the values of density in the control by the noise ratio λnoise, where: 

𝜆!"#$% = 𝜆!!!"/𝜆!"#$%"& 	

To calculate the final density profile for the ChIP sample, we apply the following 

normalization: 

	
	

𝐷!"#$% = 𝐷!!!" !"##$%&$' −  𝐷!"#$%"& !"##$!%$& . 𝜆!"#$% 	

	

HMM definition: An HMM is defined by H = [S, O, T, E], where S is the set of 

possible states, S = [Peak, Not peak], O is the set of observations, T is the set of 

transition probabilities, and E is the set of emission probabilities. Below, we 

describe H = {S, O, T, E} created by HMCan.  

S is the set of possible states. Our model can identify 2 states: 
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• Peak, in which the bin corresponds to a region enriched in histone 

modifications,  

•  Not peak, in which the bin corresponds to the background. 

We define O as a set of values that can be taken by the normalized ChIP 

densities at each bin (Dfinal) O ⊆ R. In general, higher values of densities 

correspond to the “Peak” state, while lower values of densities correspond to the 

“Not peak” state. 

Transition probabilities T and emission probabilities E are derived from the 

empirical distribution of the data. To initialize T and E, we fist classify each bin as 

belonging to one of the two states - “Peak” or “Not peak” - using a one-sided 

exact Poisson test. For T, we count frequencies of four possible combinations of 

transitions between our states. E is derived from the observations as a 

conditional empirical distribution of the observations given their initial annotation 

of state. T and E are recalculated at each round of the iterative procedure based 

on the state annotation at the previous step. 

Iterative HMMs: In order to infer the correct states along the genome, we use the 

Viterbi algorithm [58]. The Viterbi algorithm can decode most of the states from 

the first run based on the estimated parameters. We noticed that for our data, 

predictions obtained by the first run contained a substantial amount of noise and 

predicted regions were not as large as we expected. In order to overcome these 

two shortcomings of the Viterbi algorithm, we introduced the Iterative Viterbi 

algorithm, which results in predictions corresponding to longer regions containing 

less noise 
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We iteratively use the following procedure. Each region associated with a peak 

state has a score S, where S is the Bayesian log-likelihood ratio: 

𝑆 = 𝑙𝑜𝑔
𝑃(𝑝𝑒𝑎𝑘|𝑟𝑒𝑔𝑖𝑜𝑛)
𝑃(¬𝑝𝑒𝑎𝑘|𝑟𝑒𝑔𝑖𝑜𝑛)

= 𝑙𝑜𝑔
𝑃 𝑟𝑒𝑔𝑖𝑜𝑛 𝑝𝑒𝑎𝑘 .𝑃(𝑝𝑒𝑎𝑘)

𝑃 𝑟𝑒𝑔𝑖𝑜𝑛 ¬𝑝𝑒𝑎𝑘 .𝑃(¬𝑝𝑒𝑎𝑘)
	

where the probabilities are calculated based on the peak and density 

distributions observed at the previous step. After calculating S for each putative 

peak, we consider regions with scores less than S0, the minimum score to accept 

the current peak in the next iteration, as “non-peaks”.	Then, the emission and 

transition probabilities are re-calculated based on the new set of regions. The 

process of re-calculating emission and transition probabilities is identical to the 

one used for the evaluation of initial parameters. The algorithm keeps iterating 

until no improvement is noticed or some maximum number of iterations is 

reached. Finally, at the post-processing step, peaks within 1 Kb are merged into 

a single region. 

We also provide an option to calculate posterior probabilities for each bin. 

HMCan calculates posterior probability using forward-backward algorithm given 

the normalized density value at each bin. 

	

2.4 Evaluation on simulated data 

In order to investigate the performance of HMCan on cancer samples, we 

constructed a simulated ChIP-seq dataset for a fictional histone mark. The signal 

covered multiple regions across chromosome 1 (human genome, hg19), with 

each region being of length from 1 to 20 Kb. These regions comprised five 
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percent of chromosome 1. We simulated histone marks covering different 

numbers of alleles in the regions of normal copy number, gain (of copy number) 

and loss (of copy number). In our simulations, we set: read length = 76bp, 

fragment length = 150bp, ~20% of the reads came from the signal regions, while 

~80% of the reads came from the non-signal regions.  We assumed a constant 

length of DNA around one nucleosome to be equal to 185bp. We simulated more 

errors at the end of reads using the standard Illumina error distribution. Since 

sequencing depth depends on GC-content, we used the experimentally observed 

GC-content dependency function from the ENCODE dataset for the MCF-7 cell 

line (input and H3K9me3). The code for read generation together with 

parameters used and necessary files can be found at the HMCan webpage 

(package “GenerateReadsChIP-seq”). Generated reads were aligned to the 

reference genome with BWA [59] using default parameters. 

In order to quantify the quality of predictions of HMCan and other tools, we 

calculated overlap between the predicted regions and the simulated regions at 

the base pair level.  If a base pair within a predicted region overlapped with a 

simulated one, this base was counted as true positive (TP). If it lay outside of the 

simulated region, it was counted as false positive (FP). Finally, if a base pair 

within a simulated region was not covered by any prediction it was counted as 

false negative (FN). Next, recall the definitions of Recall and Precision as:  

Recall	 ;	Precision 	

The Recall measures the sensitivity of a prediction method, while Precision 

measures the proportion of true predictions within all positively predicted regions. 

FNTP
TP
+

= .
TPFP

TP
+

=
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In cases where the number of True Negatives (TN) is large, it is advisable to use 

“Precision vs Recall” (PR) curves instead of standard ROC curves (“Recall” vs 

“False Positive Rate”) [60], for more details check. In our case, the number of TN 

is large because the true signal covers a small fraction of the genome (5%). 

On the simulated data, HMCan demonstrated a better prediction accuracy than 

three tools commonly used to detect histone modifications with ChIP-seq data: 

CCAT, MACS and SICER  (Figure 2.2). CCAT applies an iterative method to 

estimate the noise-to-signal ratio in ChIP-seq and control data based on a linear 

model. MACS shifts the reads towards the fragment centers and uses a dynamic 

Poisson model that is able capture the mean and standard deviation of the data. 

SICER applies a read clustering approach in order to detect regions enriched 

with histone marks. For each tool, we ranked the predicted regions according to 

the in-built score or p-value and grouped them in sets of regions having similar 

scores. By using a threshold on this score or p-value, we obtained “Precision vs 

Recall” curves. The accuracy of predictions was qualified on the basis of the 

closest (Euclidian) distance from the ideal predictor performance as introduced in 

[61], which in our case is the distance from the (1,1)-corner of the “Precision vs 

Recall” graph (Figure 2). To make the comparison fair, we checked several 

combinations of parameters of other tools such as CCAT and SICER. The best 

parameters for CCAT were: minScore = 2, window = 1000; for SICER: Gap = 

600.The result corresponding to the best combination of parameters is shown in 

Figure 2. With the best configuration of parameters, HMCan was able to identify 

88.4% of base pairs within simulated signal regions, and its positive predictions 
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contained only 3% of false positive predictions at the base pair level (Table 2.2). 

CCAT, MACS and SICER achieved lower accuracy than HMCan. Generally, 

SICER demonstrated a high sensitivity of predictions (Recall = 87.4%) together 

with a considerable false discovery rate (Precision = 79.8%). CCAT showed high 

precision (81.1%), being second only to HMCan, but failed to detect a large part 

of the signal (Recall = 81%). 

Table 2.2 HMCan provides better accuracy of predictions than CCAT, MACS and SICER on simulated 
data. The “best combination” corresponds to the shortest distance from the ideal predictor performance. 

 Best Precision Best Recall Best combination 

Precision Recall Precision Recall Precision Recall 

HMCan 0.984 0.493 0.939 0.888 0.971 0.884 
CCAT 0.841 0.578 0.354 0.913 0.811 0.810 
MACS 0.766 0.052 0.682 0.750 0.699 0.735 
SICER 0.828 0.288 0.271 0.958 0.798 0.874 

	

We assessed sensitivity of the HMCan’s iterative HMM method to the change of 

the initial parameters (i.e., threshold on the p-value of the exact Poisson test). 

We reported high values of Jaccard similarity index between predictions 

corresponding to different p-value thresholds was greater than 0.97. The 

corresponding PR curves for different p-value thresholds also confirm that the 

initial threshold setting does not influence the final predictions. 
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Figure 2.2 Relationship between Recall and Precision for HMCan and other histone modification 
detection tools on the simulated data. HMCan shows higher prediction accuracy compared to the other 
tools and a noticeable difference in the precision. 

We explored what combination of copy number status and number of alleles with 

histone modification signal was the most challenging for histone modification 

detection (Figure 2.3). As expected, for all tools it was more difficult to detect the 

correct regions in the situation when only one allele out of four was bearing a 

histone modification mark (Figure 2.3: C=4, A=3). In this extreme situation, 

SICER demonstrated the best sensitivity compared to other tools. However, 

HMCan achieved the best combination of Recall and Precision. Interestingly, 

accuracy of predictions of SICER and MACS highly depended on copy number 

(Figure 2.3, diagonal panels with A=C). For instance, the Precision values of 

SICER’s and MACS’ predictions were close to one when the signal was present 

in one allele out of one or in two alleles out of two (Figure 2.3, A=C=1 and 
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A=C=2). When the signal was present in three alleles out of three or in four 

alleles out of four, both MACS and SICER predicted more signal than it was put 

to the simulated data (Figure 2.3, A=C=3 and A=C=4). HMCan and CCAT did not 

demonstrate such copy number bias. We thus conclude that these two tools are 

the most suitable for histone modification signal detection in cancer data.  

	

 

Figure 2.3 Relationship between Recall and Precision for HMCan and other histone modification 
detection tools on simulated data sub regions associated with different copy number status and 
signal. 

	

2.5 Evaluation on H3K27me3 data 

To assess the performance of HMCan on real data, we generated ChIP-seq 

dataset for tri-methylation of lysine 27 on histone H3 (H3K27me3) for the CL1207 

human bladder transitional cell carcinoma cell line.  We compared HMCan and 
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CCAT on this dataset. As the MACS and SICER tools demonstrated a bias 

towards high copy number regions (Figures 2.3 and 2.4). 

 

Figure 2.4 Predictions of SICER and MACS are biased towards regions of genomic gain while 
predictions of CCAT and HMCan do no show copy number bias. Top track: copy number profile for 
chromosome 8 of the CL1207 human bladder transitional cell carcinoma cell line calculated by GAP [62] 
using SNP array technology; Bottom tracks: regions predicted to have the H3K27me3 mark by HMCan, 
CCAT, MACS and SICER. The black frame shows the chromosome arm 8p, which has lower density of sites 
predicted by MACS and SICER. 

To detect the H3K27me3 mark, we ran HMCan and CCAT with the parameters 

learned from the simulated data study. We considered all regions detected by 

HMCan or CCAT regardless of the score.  Overall, regions predicted by HMCan 

and CCAT, respectively, covered 32.8% and 28% of the genome. There was a 

large overlap in the predictions (Figures 2.5A, 2.5B). Further, we will show that 

genomic regions, predicted to bear the repressive H3K27me3 mark by HMCan 

only, are unlikely to be false positive predictions.  We will demonstrate that such 

regions, when falling within gene promoters, suggest lower gene expression. 

Also, the profile of HMCan predictions around gene TSS has a relatively more 

prominent valley at TSS than the profile of CCAT predictions. Finally, we will 
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show that predictions of HMCan are more accurate for a set of qPCR validated 

H3K27me3 regions in the CL1207 cell line.  

 

Figure 2.5 Comparison of HMCan and CCAT on the H3K27me3 ChIP-seq dataset for the CL1207 
(bladder cancer) cell line. (A) Predicted regions as well as normalized density are visualized with 
Integrated Genome Browser (IGV) [63, 64]; (B) Venn diagram showing base pair overlap in the HMCan and 
CCAT predictions, numbers show the total number of nucleotides in predicted regions, Jaccard similarity 
coefficient 0.66; (C) Genes with an H3K27me3 mark predicted by HMCan in the promoter regions 
(TSS±1kb) tend to have lower expression than genes with this mark predicted by CCAT. The graph shows 
the distribution of gene expression values after RMA normalization for the following gene categories: genes 
with the promoter H3K27me3 mark predicted by (1) both HMCan and CCAT, 3846 genes, (2) HMCan only, 
635 genes, (3) by CCAT only, 391 genes, and (4) by none of the tools, 12826 genes. The orange dot shows 
the mean expression value. The black line shows the median and the boxes are plotted between the 1st and 
the 3rd quartiles; (D) Density of peaks detected by HMCan and CCAT around all gene TSSs for the 
H3k27me3 histone mark in the CL1207 cell line. 

We studied the correlation between gene expression and H3K27me3 predictions 

by HMCan and CCAT in promoter regions. We used gene expression values 

calculated from exome arrays (unpublished data) for the CL1207 cell line. 

Normalization was performed with the Robust Multiarray Averaging (RMA) 

method to get exon expression signals; then the median over exon signals was 

calculated to get a signal value per gene. H3K27me3 is a repressive histone 

mark associated with DNA methylation of CpG islands in gene promoters [65]. 
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Thus, we expected the genes with the real H3K27me3 mark in promoter (TSS ± 

1 Kb) to have lower expression than genes without H3K27me3 in the promoter. 

Indeed, genes for which none of the tools predicted an H3K27me3 site had 

higher expression than genes with H3K27me3 predicted by both CCAT and 

HMCan (Figure 2.5C; one-tailed Mann-Whitney test, p-value <10-16, median 

values 117.94 vs 29.24).  Interestingly, expression values of genes with 

H3K27me3 predicted by HMCan only were significantly lower than expression 

values of genes with H3K27me3 predicted by CCAT only (Figure 5C; one-tailed 

Mann-Whitney test, p-value 5.1x10-10, median values 35.02 vs 47.98). This result 

indirectly shows that HMCan generally predicts stronger H3K27me3 sites that 

CCAT. However, this result does not reject the hypothesis that CCAT-only 

predictions may correspond to weaker but true H3K27me3 sites. Please note, 

only slightly more of the HMCan-only predictions fall within the copy number 

alteration regions as compared to the CCAT-only predictions: 60.3% vs 57.6%, 

respectively. 

We calculated the H3K27me3 signal distribution around TSSs of coding genes 

(RefSeq Release 50; 34,062 gene isoforms). For both HMCan and CCAT, we 

added to the density counts nucleotide positions covered by the predicted 

regions. Generally, the H3K27me3 mark exhibits a decreasing profile from 5’ to 

3’ with a pronounced valley in the vicinity of TSS [17, 66]. We observed the 

expected profile in regions predicted by HMCan and, to a slightly lower extent, in 

the predictions of CCAT (Figure 2.5D).  
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In our previous study [67], we validated by qPCR several gene regions bearing 

the repressive H3K27me3 mark in the CL1207 cell line. HMCan successfully 

detected H3K27me3 marks on the DLEC1 gene, which is commonly deleted in 

various carcinomas [68, 69], as well as on the homeobox D (HOXD) gene cluster 

located at 2q31-2q37 chromosome regions. The HOXD cluster includes genes 

HOXD1, HOXD3, HOXD4 and HOXD8-13. Many of these genes have been 

shown to play a crucial role in oncogenesis[70]. Low expression of several HOXD 

genes was detected in neuroblastoma [71, 72], breast [73] and colorectal [74] 

cancer. Interestingly, while CCAT successfully detected H3K27me3 on the 

HOXD cluster, it failed to identify the H3K27me3 mark in the promoter of DLEC1 

(HMCan peak score 0.25, relative enrichment assessed by ChIP-qPCR 0.22 [67] 

(Figure 2.6).  

	

 

Figure 2.6 HMCan is the only tool among tools tested that was able to detect H3K27me3 signal in the 
proximity of TSS of the DLEC1 gene. This region was previously validated by qPCR in the studied 
cell line. The graph shows H3K27me3 density profile normalized by HMCan and the regions predicted as 
bearing H3K27me3 by HMCan, CCAT, SICER and MACS around the DLEC1 gene. 
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Chapter 3 Detecting changes in histone marks in cells with different 

genetic backgrounds 

3.1 Summary  

Comparing histone modification profiles between cancer and normal states, or 

across different tumor samples, can provide insights into understanding cancer 

initiation, progression and response to therapy. ChIP-seq histone modification 

data of cancer samples are distorted by copy number variation innate to any 

cancer cell. We present HMCan-diff, the first method designed to analyze ChIP-

seq data to detect changes in histone modifications between two cancer samples 

of different genetic backgrounds, or between a cancer sample and a normal 

control. HMCan-diff explicitly corrects for copy number bias, and for other biases 

in the ChIP-seq data, which significantly improves prediction accuracy compared 

to methods that do not consider such corrections. On in silico simulated ChIP-

seq data generated using genomes with differences in copy number profiles, 

HMCan-diff shows a much better performance compared to other methods that 

have no correction for copy number bias. Additionally, we benchmarked HMCan-

diff on four experimental datasets, characterizing two histone marks in two 

different scenarios. We correlated changes in histone modifications between a 

cancer and a normal control sample with changes in gene expression. On all 

experimental datasets, HMCan-diff demonstrated better performance compared 

to the other methods. 
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3.2 Overview 

The development of ChIP-seq technology [18] has enabled the construction of 

genome-wide maps of protein-DNA interactions. Such maps provide information 

about transcriptional regulation at the epigenetic level (histone modifications and 

histone variants) and at the level of transcription factor activity. Recently, 

thousands of ChIP-seq datasets have been produced by different consortia 

including ENCODE [9] and the NIH Roadmap Epigenomics Mapping Consortium 

[10]. The data produced contain histone modification libraries for both normal and 

cancer cell karyotypes.  

In cancer, genetic and epigenetic abnormalities cooperate in the process of 

regulating activities of oncogenes and onco-suppressors [75]. For example, lower 

levels of trimethylation of lysine 36 of histone H3 (H3K36me3) and trimethylation 

of lysine 20 of histone H4 (H4K20me3) in proximity of the gene NSD1, contribute 

to the development of nervous system tumors [76]. Also, higher levels of 

trimethylation of lysine 27 of histone H3 (H3K27me3), in proximity to the HOX 

cluster of genes, plays a role in prostate cancer [77]. Given the role of histone 

modifications and other epigenetic modifications in cancer, several epigenetic 

therapy methods have been proposed [52, 78]. 

To better characterize changes in histone modifications and understand 

epigenetic mechanisms driving cancer initiation, progression and response to 

therapy, methods to detect changes in histone modifications between pairs of 

conditions are needed. The demand to design methods to handle ChIP-seq data 

from cancer samples has been highlighted in several studies [25, 79-81]. This 
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demand rises from the fact that cancer genomes are characterized by copy 

number aberrations. These can introduce statistical biases in downstream 

analyses that affect results by introducing false positive and false negative 

predictions.  

Many methods have been developed to detect regions that exhibit changes in a 

ChIP-seq signal between two conditions (differential peaks). Some of these 

methods have been specifically designed to predict differential peaks from 

narrow marks, such as DiffBind [31], ChIPComp [82] and DBChIP [83], while 

other methods, such as ChIPDiff [32], ChIPnorm [84] and RSEG [85], have been 

designed to detect differential peaks from broad marks. Moreover, some 

methods for differential peak calling require providing sets of peaks in order to 

identify differential regions. Examples of these methods include MAnorm [33], 

DiffBind [31], and DBChIP [83]. Other methods, such as ODIN [29], MEDIPS [86] 

and PePr [87], do not require peak regions as an input and are expected to 

perform equally well for narrow and broad histone marks. Moreover, some 

methods can account for experiments with either biological or technical replicates 

(PePr [87], DiffBind [31] and csaw [88]), while other methods cannot (ODIN [29], 

ChIPDiff [32] and MACS2).  

In this study, we introduce HMCan-diff, a method for identifying changes in 

histone modifications from ChIP-seq cancer data. Our method corrects for copy 

number aberrations, GC-content bias, sequencing depth, mappability, and noise 

level, thus accounting for different technical artifacts of ChIP-seq data, and 

utilizes information from replicates to reduce technical variation effects.   
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We compared HMCan-diff with several recent and most commonly-used 

methods (for methods features see Table 3.1), namely ChIPDiff [32], MAnorm 

[33], MEDIPS [86], ODIN [29], MACS2 

(https://github.com/taoliu/MACS/tree/master/MACS2), DiffBind [31], RSEG [85] 

and csaw [88]. We conducted experiments on both simulated and experimental 

data. On simulated data containing copy number bias, HMCan-diff showed 

significant performance improvement compared to other tools. HMCan also 

showed comparable performance on simulated data without copy number bias. 

On experimental data, HMCan-diff predicted differential histone modification 

regions that correlate better with changes in gene expression compared to the 

predictions obtained by other methods, suggesting it has higher accuracy.  

Table 3.1 Comparision between methods used in this chapter based on features affect differential 
peak calling algorithms accuracy 

Tool Mapability 
consideration 

GC-content 
normalization 

Copy 
number 

normalization 

Considering 
Input DNA 

Input 
DNA 

scaling 

Use 
replicates 

No 
peak 
input 

HMCan-diff X X X X X X X 

Csaw X     X X 

MEDIPS  X X   X X 

RSEG       X 

DiffBind   X X  X  

ODIN X X  X X  X 

ChIPDiff    X   X 

MACS2        

MAnorm  X  X    
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3.3 HMCan-diff Algorithm 

The HMCan-diff workflow consists of several steps (Figure 3.1): (i) construction 

of normalized ChIP-seq density, (ii) inter-conditional normalization, (iii) 

initialization of the hidden Markov model (HMM), and (iv) learning of HMM 

parameters and identification of differential peaks. HMCan-diff implements a 3-

state multivariate HMM to identify changes in histone modifications; the states 

are: ‘enriched in condition 1’ (C1), ‘enriched in condition 2’ (C2), and a ‘no 

difference’ state. HMCan-diff is implemented in C++ and is available at 

http://www.cbrc.kaust.edu.sa/hmcan/.  

 

	

	



53 
 

	

Figure 3.1 A workflow illustrating HMCan-diff steps. Initially, HMCan-diff constructs fragment density 
profile for each provided ChIP-seq or input dataset. Then, it normalizes density profiles of each replicate in 
each condition for several types of bias, specifically for copy number variation, library size, GC-content bias 
and noise level. After that, HMCan-diff conducts additional normalization to eliminate further technical 
variation between conditions. It initializes HMM parameters based on the data. In particular, HMCan-diff 
defines HMM emission probability distribution as the joint empirical distribution of normalized density values. 
Then, HMCan-diff improves these parameters using the Baum-Welch algorithm, and finishes by decoding 
genomic regions into three states: C1 (enriched in condition 1), C2 (enriched in condition C2), and the ‘no 
difference’ state. 
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Normalized density construction: HMCan-diff uses density construction and 

normalization methods implemented in the HMCan algorithm [25] (See 

description of HMCan algorithm Chapter 2 section 3). The normalization steps 

include normalization for copy number variation, library size, mappability, GC-

content bias, and noise level.  

These steps result in the creation of a normalized density profile dmij for each 

position m (every N bp) of sample Sij, where i is the condition and j the replicate. 

 

Inter-sample normalization: The basic idea behind inter-sample normalization in 

HMCan-diff is to adjust the total normalized density in all samples to similar 

levels. In order to achieve this, HMCan-diff calculates the total genome-wide 

density in each replicate per condition, Xij: 

𝑿𝒊𝒋 =  𝑫𝒎𝒊𝒋
𝒎

	

We define the reference sample, ref, as the sample with the minimum noise level 

among all samples to be analyzed. Then, we define normalizing coefficients βij 

such that: 

 

  𝜷𝒊𝒋 =  𝑿𝒓𝒆𝒇/𝑿𝒊𝒋																				 	 																										

Finally we derive the normalized density D’ as: 

            𝑫!𝒎𝒊𝒋 =  𝜷𝒊𝒋 ∙  𝑫𝒎𝒊𝒋																																										 	
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Inter-sample normalization turns out to be very important as it adjusts for different 

antibody efficiency between ChIP-seq samples. Moreover, inter-sample 

normalization does not take into account copy number status, as our method has 

already corrected for that in the previous step. 

  

HMM definition and initialization: A multivariate HMM H is defined by a set H = 

{S, O, T, E} where: 

• S is the set of possible states, S ={C1, C2, ‘no difference’}  

• O the set of observations; we define O in HMCan-diff as the vector of 

normalized densities D’mij for each genomic position from all replicates and 

conditions 

• T the set of transition probabilities 

• E the set of emission probabilities derived from the empirical joint 

distribution of the data.  

Initially, to simplify our model and avoid bias towards the ‘no difference’ state, we 

discard all non-enriched regions from subsequent calculations (see “Identifying 

enriched regions” section). We discard loci that the test indicates as non-

enriched in all replicates, from both conditions. For the remaining loci, we use the 

fold change to initialize HMM emission and transition probabilities, where for 

each position m, we define the fold change fcm as: 

 

 𝒇𝒄𝒎 = 𝒎𝒆𝒅𝒊𝒂𝒏
𝑫!

𝒎𝟏𝒊 + 𝟏
𝑫!

𝒎𝟐𝒋!𝟏
; 𝒊 ∈ 𝟏:𝑲; 𝒋 ∈ 𝟏: 𝑳 , 
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where K and L are the number of replicates in conditions 1 and 2. Next, we 

initialize the HMM density value state as following:  

• If (fcm > T) à C1 state; 

• If (fcm < 1/T) à C2 state; 

• Otherwise à ‘no difference’ state. 

Here, T is a threshold for median fold change, set by the user (default value is 2).  

 

Learning HMM parameters and identifying differential regions: We use the Baum-

Welch algorithm [89] to learn emission and transition probabilities. Thereafter, we 

use threshold-based posterior decoding to decode the final sequence of states. 

After mapping each density value into its corresponding state, neighboring bins 

possessing the same differential state (either C1 or C2) are merged to compose 

differential peaks.  

For each differential peak we calculate peak score (PS) using the log likelihood 

ratio: 

 𝑃𝑆 = 𝑙𝑜𝑔
𝑃 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑙 𝑠𝑡𝑎𝑡𝑒 𝑟𝑒𝑔𝑖𝑜𝑛
𝑃 ¬𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑙 𝑠𝑡𝑎𝑡𝑒 𝑟𝑒𝑔𝑖𝑜𝑛

, 

where differential state could be a C1 or  C2 state. Higher values of peak score 

correspond to higher confidence regions in HMCan-diff predictions.  
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Two post-processing steps follow calling the differential peaks: differential peaks 

with a length of less than the median fragment length are ignored, and differential 

peaks showing the same state (C1 or C2) within a distance below a user-defined 

value are merged into a single region (default distance 1 Kb).  

HMCan-diff provides outputs for differential peaks in the standard BED format. It 

creates two files: one for narrow peaks and another for broad peaks (regions). It 

also provides normalized density WIG files, which can be helpful for the visual 

inspection of data as well as for downstream analyses.  

3.4 Data 

Simulated data: We conducted two simulation experiments. In both, we simulated 

a hypothetical histone mark across conditions 1 and 2, and along human 

chromosome 1 only (from the hg19 assembly). We set the fragment length to 150 

bp and read length to 76 bp. We simulated the ChIP-seq histone modification 

region’s length randomly from 1 kb to 20 kb. The simulated signal covered 10% 

of chromosome 1 in each condition, and differential regions represented 25% of 

the simulated signal. For each condition, we simulated 3 replicates. We 

simulated the technical variation between the replicates by controlling the noise 

level and GC-content bias in each replicate. For the noise level, we simulated its 

values by picking a random value from a normal distribution N ~ (µ, σ), (µ 

denoting the mean, σ the standard deviation), where we set µ1 = 0.75 for 

condition 1 and µ2 = 0.5 for condition 2, with σ = 0.1 for both. We use a ‘noise 

level’ parameter to control fold change between signal and background; a higher 

noise level corresponds to lower antibody efficiency. In all our simulations, we set 
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minimal fold change between signal and background equal to 2. To simulate GC-

content bias, we used six different GC-content bias profiles from different 

ENCODE datasets (in particular data from HelaS3, Mcf7 and Hct116 ENCODE 

cell lines).  

 

In the first simulation (simulation 1), all regions had a normal copy number, while 

in the second (simulation 2) we simulated differences in copy number between 

conditions. Reads were simulated using a ChIP-seq data simulation tool that 

accompanied the HMCan method [25]. To simulate differential regions in 

simulation 1, we controlled the ratio of ChIP-seq read counts across regions to 

reflect the state of the simulated regions (C1, C2 or ‘no difference’); we 

considered a region to be in a differential state when its read ratio was higher 

than 2. For simulation 2, first we divided chr1 into 12 segments of equal length. 

We assigned each segment a different copy number status for each condition 

(Table 3.2). In the case of signal loci, we assigned a different allele count for 

signal regions in each segment. We defined differential regions using the 

proportion of the signal present in DNA alleles to the actual copy number at that 

region (i.e., total number of alleles). More precisely, we denoted the number of 

alleles where the signal is present by A, and the copy number of the region by 

CN, and defined differential regions as those where |A1/CN1 – A2/CN2| >= t, 

where we set t = 0.5. We used Bowtie [90] with the default parameters to align 

simulated reads to the reference genomic sequence. The simulated data can be 

downloaded from http://www.cbrc.kaust.edu.sa/hmcan/Download.php. 
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Table 3.2 Characteristics of genomic regions used for Simulation 2: copy number assignment and 
number of chromosomal copies with epigenetic signal present. 

Region C1, Total 
copy number 

(CN1) 

C1, Copies 
with signal 
(A1) 

C2, Total 
copy number 

(C2) 

C2, copies 
with signal 
(A2) 

|A1/CN1-
A2/CN2| 

Differential 
status  

1 1 1 1 1 0 No difference 
2 2 2 2 2 0 No difference 
3 3 2 3 3 0.33 No difference 
4 4 3 4 4 0.25 No difference 
5 2 2 2 2 0 No difference 
6 4 4 2 2 0 No difference 
7 2 2 2 2 0 No difference 
8 1 1 3 3 0 No difference 
9 1 1 2 1 0.5 C1  
10 4 2 2 2 0.5 C2 
11 4 1 2 2 0.75 C2 
12 4 4 3 1 0.66 C1 

 

Experimental data: We used H3K27me3 and H3K27ac ChIP-seq data and RNA-

seq data to evaluate the performance of HMCan-diff in two experiments: 1) lung 

adenocarcinoma (A549 cell line) compared to normal lung tissue; 2) human 

breast adenocarcinoma (MCF7 cell line) compared to primary human mammary 

epithelial cells (HMEC cell line). The A549 data were generated using the 

Diagenode polyclonal antibody specific to H3K27me3 (C15410069) and Abcam 

antibody specific to H3K27ac (ab4729). Data is deposited in GEO under 

accession number GSE75903. Chromatin preparation and ChIP were performed 

with Ideal ChIP-seq kit for histones according to the supplier's protocol 

(Diagenode). Data for the lung tissue were obtained from the epigenomic 

roadmap database, and data for the MCF7 and HMEC cell lines were obtained 

from ENCODE.  

3.5 Evaluation on simulated data 
First, we compared HMCan-diff with other relevant tools, ChIPDiff [32], DiffBind 

[31], MACS2, MAnorm [33], MEDIPS [86], ODIN [29] and RSEG [85] on 
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simulated data. ChIPDiff uses an HMM with beta-binomial fixed emission 

distribution, and it learns transition probabilities using the Baum-Welch algorithm 

[89]. DiffBind initially preprocess ChIP-seq reads falling into peak regions by 

subtracting input read count; then it uses the edgeR package [91] to detect 

differential regions. MACS2 first calls peaks and constructs read pileup files for 

both conditions; then determines differential regions by assessing the fold 

change between conditions. MAnorm constructs an MA-plot from reads falling in 

the common peak regions between the two conditions; then it uses this plot to 

normalize data between the conditions; after normalization it identifies differential 

peaks. MEDIPS uses statistical methods developed in the edgeR package [91] to 

identify differential regions from various assays including ChIP-seq. MEDIPS  

also provides a threshold-based procedure to account for copy number variation 

in the analyzed data. ODIN uses HMMs to identify differential peaks; it models 

the emission distribution using a mixture of Poisson distributions. RSEG uses 

HMMs to detected differential regions; it models emission probabilities as the 

subtraction of two independent negative binomial distributions.   

We constructed PR graphs [92] based on the predictions of each tool. Each bin 

in a region predicted to be differential was considered a TP if it overlapped with a 

simulated differential region; it was considered a FP if it overlapped with a non-

differential region. Bins from differential regions that were not predicted as such 

were considered a FN. Then,  

                                    𝑅𝑒𝑐𝑎𝑙𝑙 =   𝑇𝑃/(𝑇𝑃 + 𝐹𝑁),                                                

                                   𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃),                                   
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where recall quantifies the sensitivity of the method, while precision quantifies the 

specificity of positive predictions. We reported recall values in regions 

corresponding to precision values 0.9 and 0.95) and reported precision and recall 

values at the best cutoff value (Table 3.3).  We defined the best cutoff as that 

corresponding to the closest point to the ideal predictor (recall = 1, precision = 1) 

[61]. 

When we compared calculated PR-curves based on data simulated without copy 

number bias (Figure 3.2A), we found comparable accuracy of most methods, 

with a slightly lower value for HMCan-diff compared to DiffBind (F-measure 

HMCan=0.95 and DiffBind=0.96). The poor performance of RSEG in simulation 1 

was likely due to not accounting for different antibody efficiencies simulated in 

our in silico experiment. On the other hand, when we compare PR-curves 

calculated on a dataset where copy number bias was present (Figure 2B, 

simulation 2), we notice a significantly lower performance of tools that do not 

directly account for copy number bias, compared with HMCan-diff, which 

maintains good prediction accuracy. 
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Table	3.3	Recall and precision for all methods tested. HMCan-diff shows marginally better performance in 
simulation 1 (no copy number changes between the two conditions) and significantly better performance in 
simulation 2 (includes copy number changes between the conditions). 

Method simulation 1 simulation 2 

  Precision=0.95 Precision=0.90     Best cutoff Precision=0.95 Precision=0.90     Best cutoff 

  Recall Recall Recall Precision Recall Recall Recall Precision 

HMCan-diff 0.94 0.94 0.93 0.98 0.65 0.75 0.784 0.875 

ChIPDiff No predictions No predictions 0.97 0.72 No predictions No predictions 0.36 0.507 

csaw 0.92 0.92 0.91 0.41 No predictions No predictions 0.64 0.27 

DiffBind 0.96 0.96 0.96 0.97 0.38 0.39 0.381 0.96 

MACS2 0.82 0.91 0.91 0.9 0.001 0.0001 0.635 0.231 

MAnorm 0.93 0.94 0.93 0.95 No predictions No predictions 0.662 0.317 

MEDIPS 0.91 0.93 0.92 0.95 No predictions No predictions 0.702 0.034 

ODIN No predictions No predictions 0.97 0.5 No predictions No predictions 0.684 0.26 

RSEG No predictions No predictions 0.93 0.26 0.16 0.16 0.15 0.99 
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Figure 3.2 Precision-recall curves for HMCan-diff and other methods on simulated data. (A) Precision-
recall curves on data simulated without copy number bias: HMCan-diff is slightly better than the majority of 
tools.  (B) Precision-recall curves on the simulated data with copy number bias: HMCan-diff shows 
significantly better performance than the other methods. 

	

Additionally, we evaluated performance of HMCan-diff and other methods on 

regions having different amplitude of changes in copy number status between the 

conditions (Figure 3.3). To do so, we divided regions from simulation 2 into two 

categories: 1) regions with low copy number discrepancy, where the absolute 

difference in copy number between the two conditions is less than two; and 2) 

regions with high copy number discrepancy with copy number difference equal to 

or greater than two. In both scenarios, HMCan-diff performed significantly better 

than the other tools. The performance gain in the case of high copy number 

discrepancy for HMCan-diff was higher than in regions of low copy number 

discrepancy.  
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Figure 3.3 Precision-recall curves for HMCan-diff and other tools regions with high and low 
discrepancy of copy number profiles between the two conditions. HMCan-diff achieves the highest 
accuracy in both setups. The increase of the performance for HMCan-diff compared to other tools is much 
higher in the high discrepancy regions. 

 

We investigated the effect of applying different combinations of normalizations 

implemented by HMCan-diff (Figure 3.4). We showed that there is a significant 

drop in HMCan-diff prediction accuracy when both GC-content and copy number 

bias normalizations are skipped. Simply removing normalization for GC-content 

bias has less effect on the total performance; yet adding it has a considerable 

improvement on the prediction accuracy. 
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Figure 3.4 Precision-recall curves for HMCan-diff with different normalization settings. Normalization 
for copy number is considered the main source for performance boost in HMCan-diff. GC-content 
normalization contributes less for HMCan-diff yet it provides significant increase when not using it.   

 

We also investigated the effect of using replicates with HMCan-diff on the quality 

of predictions. We combined all replicates from the second simulation and ran 

HMCan-diff on the combined data. HMCan-diff efficiently utilized information from 

replicates to produce more accurate predictions when compared with combined 

data predictions (Figure 3.5 A). We speculate that this difference is due to the 

fact that the variable noise level in different replicates may interfere with the real 
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ChIP-seq signal. This may weaken the ChIP-seq signal in the combined 

replicates data (Figure 3.5 B). 

 

Figure 3.5 Effects of replicate use on HMCan-diff predictions. (A) When using replicate information, 
HMCan-diff produces better predictions than when using pooled data. (B) Genome browser view showing 
that combining data from different replicates may lead to losing correct differential regions, while using 
information from replicates does not suffer from the same problem. 

	

In theory, to detect differential regions from ChIP-seq data, one could apply a 

naive two-step approach: first, call peaks for each condition, then by comparing 

the presence of peaks at each bin in each condition, define differential regions as 

regions that have peaks only in one condition. We applied this strategy on the 

data from simulation 2. We used HMCan (copy number aware peak caller), and 

found that HMCan-diff could identify regions with changing density even when 

HMCan assigned a “peak” state in both conditions with an almost similar 

confidence. Such observations emphasize the importance of the development of 

a copy number-aware differential peak detector rather than using a copy number-

aware peak finder only. 
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3.6 Evaluation on experimental data 

With the absence of a gold standard to benchmark regions differentially marked 

by a histone modification, we decided to carry out an indirect validation. This 

validation is based on the previously observed correlations between the 

presence of certain histone modifications and transcript levels [10]. We selected 

two different histone marks varying in shape and correlation with gene 

expression: (i) the H3K27me3 mark linked to Polycomb-based gene silencing 

and (ii) the H3K27ac mark related to gene activation. Differential gene 

expression was assessed using the generalized fold change (GFC) (for cancer 

sample compared to normal sample) from the RNA-seq data using the GFold 

method [93]. We checked for correlation between GFC value and copy number 

status, we did not observe any significant correlation that may affect our further 

analysis.  

We assessed the relationship between the presence of differential histone marks 

called by each method and changes in gene expression of corresponding genes. 

We correlated predicted differential regions with GFC of gene expression 

between the cancer samples and their matching healthy samples. We associated 

differential peaks to genes by looking at the overlap of the peaks with 1 Kb 

regions around gene transcription start sites. We used Refseq (release 68) gene 

annotation [94]. For any N genes, we defined a score S characterizing changes 

in gene expression between the two conditions:  

𝑆 =  𝛾!𝑙𝑜𝑔2(𝐺𝐹𝐶!)/𝑁!
!!!  ,                                       
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Here, γ reflects the sign of correlation between the histone mark and GFC. In 

case of H3K27me3, which correlates negatively with gene expression, we set γ= 

− 1 for differential regions found in the normal lung tissue and the control HMEC 

cell line, and we set γ=1 for differential regions found in the cancer A549 and 

MCF7 cell lines. In case of H3K27ac, it positively correlates with gene 

expression, thus we invert the sign of γ. The S score is similar to the DAGE score 

proposed by [29] and used to correlate differential regions with gene expression. 

The higher the value of S, the better gene expression changes reproduce 

(predicted) changes in histone modification. 

We investigated changes in gene expression corresponding to the top predicted 

differential peaks by all methods in several scenarios: A549 vs. normal lung 

tissue and MCF7 vs. HMEC for histone marks H3K27me3 (Figure 3.6A and 3.6B) 

and H3K27ac (Figure 3.7A and 3.7B). In both comparisons for both marks, 

HMCan-diff predictions had higher S values (and thus higher expression fold 

change) for genes intersecting with differential regions for H3K27me3 and 

H3K27ac compared to other methods. 
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Figure 3.6 Regardless of copy number status, gene expression changes correlate better with 
HMCan-diff predictions than with predictions generated by the other methods using the H3K27me3 
histone mark. Cumulative values of S corresponding to the top differential peaks when comparing A549 vs. 
normal lung tissue (A), and MCF7 vs. HMEC (B). Cumulative values of S grouped by copy number state 
(normal, gain and loss): A549 vs. normal lung tissue (C), and MCF7 vs. HMEC (D). 

	

 

Moreover, we compared the values of S for the top differential peaks in regions 

that corresponded to different copy number states: gain (duplication), loss 

(deletion) and normal. We obtained those regions by applying Control-FREEC on 

Input samples for A549, and MCF7 cell lines. For the H3K27me3 mark, in the 

case of A549 vs. normal lung tissue, HMCan-diff obtained a noticeable difference 
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in regions of gain and normal, while it obtained slightly better values in the case 

of loss (Figure 3.6C and Figure 3.6D). In the MCF7 vs. HMEC case, HMCan-diff 

obtained noticeably better S values in the cases of loss and normal, and better 

values in the case of gain. For H3K27ac mark (Figure 3.7C and Figure 3.7D), in 

case of A549 vs. Lung tissue, HMCan-diff had higher S score values for regions 

of gain and loss while it had a comparable performance in regions of normal copy 

number. In case of MCF7 vs. HMEC, HMCan-diff had slighter better performance 

in regions of gain, and noticeably better performance in regions of loss and 

normal copy number.  Overall, we reported a better performance of HMCan-diff 

for all copy number regions in both experiments than the other methods tested. 
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Figure 3.7	Regardless of copy number status, gene expression changes correlate better with 
HMCan-diff predictions than with predictions generated by the other methods using H3K27ac 
histone mark. Cumulative values of S corresponding to the top differential peaks when comparing A549 vs 
normal lung tissue (A), and MCF7 vs HMEC (B). Cumulative values of S grouped by copy number state 
(normal, gain and loss): A549 vs normal lung tissue (C), and MCF7 vs HMEC (D).	

	

3.7 Discussion 

We have developed HMCan-diff, a robust method for identifying differences in 

chromatin modification from cancer ChIP-seq data. HMCan-diff takes into 

account many covariates that may affect the process of identifying epigenetic 

changes. In the core what differentiate it from other tools is that in addition to 

corrections for sequencing depth, it accounts for copy number variation, GC-
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content bias and variable noise levels, as well as for replicates if replicates data 

is available, and through the combination of all of these HMCan-diff identifies 

differential regions with higher accuracy.  

    We compared HMCan-diff with eight other tools (ChIPDiff, csaw, DiffBind, 

MACS2, MEDIPS, MAnorm, ODIN, and RSEG). The major conceptual advance 

for HMCan-diff over other algorithms is its method to explicitly correct for copy 

number variation.  Even though MEDIPS and DiffBind may account for possible 

copy number alterations (i.e., DiffBind subtracts input to reduce the copy number 

effect while MEDIPS includes copy number at the final filtering step), our 

comparison on both simulated and experimental datasets showed that HMCan-

diff had in most cases a dramatically better performance. The rest of the methods 

do not include any component to handle variable copy number and are not able 

to accurately detect differential regions when copy number variation is present.  

    We noticed some decrease in the performance of HMCan-diff on simulation 2 

compared to simulation 1 (corresponding, respectively, to the presence and 

absence of genomic rearrangements between two conditions). This decrease 

was due to a series of normalizations applied by HMCan-diff.  It put some density 

values in regions with relatively weak simulated ChIP-seq signals close to or 

below the differential threshold. 

Although here we provide results of HMCan-diff on histone modification data 

only, the method is generic and can be applied to other chromatin assays such 

as DNase-seq [95] and ATAC-seq [96]. Conceptually, the use of HMCan-diff is 

not limited to cancer or even mammalian data. Our method can be applied to 
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compare histone marks between any closely related species. In this case, reads 

from the two libraries should be mapped to the same reference genome. After 

the analysis, translation of the coordinates of differential regions can be 

performed using the UCSC liftOver tool. 
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Chapter 4 Integrating ChIP-seq based enhancers 

4.1 Summary 

Enhancers are cis-acting DNA regulatory regions that play a key role in distal 

control of transcriptional activities. Identification of enhancers, coupled with a 

comprehensive functional analysis of their properties, could improve our 

understanding of complex gene transcription mechanisms and gene regulation 

processes in general. We developed DENdb, a centralized on-line repository of 

predicted enhancers derived from multiple human cell lines. DENdb integrates 

enhancers predicted by five different methods generating an enriched catalogue 

of putative enhancers for each of the analysed cell lines. DENdb provides 

information about the overlap of enhancers with DNase I hypersensitive regions, 

ChIP-seq regions of a number of transcription factors and transcription factor 

binding motifs, means to explore enhancer interactions with DNA using several 

chromatin interaction assays and enhancer neighbouring genes. DENdb is 

designed as a relational database that facilitates fast and efficient searching, 

browsing and visualization of information.  

4.2 Overview  
 
Deciphering complex gene regulatory mechanisms requires consideration of 

interactions between DNA regulatory modules [97]. These DNA regulatory 

modules are composed of regulatory elements that reside in the so-called DNA 

regulatory regions. These regions can act proximal or distal relative to the genes 

they affect [98]. The proximal regions are located close to the TSSs of genes. 
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Promoters are a group of better-characterized proximal regions [99]. In contrast 

to the proximal regions, distal regions are not located close to the genes they 

affect, but are positioned further away and can even reside at different 

chromosomes. Enhancers represent one of the better-characterized distal 

regulatory regions. They are defined as cis-acting DNA regions that increase the 

transcriptional output of a subset of genes [100]. Providing a more precise 

definition of enhancers is not easy since enhancers manifest distinct properties 

across different tissues and can act bi-directionally with respect to their target 

genes. Moreover, enhancer regions play a key role in tissue-specific gene 

expression and can have different roles depending on different cellular conditions 

(i.e. can be active or can assume non-enhancer function in some cell types) [3].   

Recently, genome regulation consortia, such as ENCODE [9], NIH Epigenome 

Roadmap [101] and FANTOM [102, 103], produced massive amounts of ChIP-

seq [18] and CAGE [104] data to help improving our understanding of the gene 

regulation process at genome-wide scale. This increase in data volume required 

a systematized way to identify variety of regulatory regions in DNA and thus the 

development of computational methods for identifying such regions, including 

enhancers. Examples of methods for enhancer identification are: ChromHMM [4], 

Segway [6], RFECS [105], DEEP [106], CSI-ANN [107], EnhancerFinder [108], 

kmer-SVM [109, 110] and ChroModule [111]. Characteristics of the methods 

used in DENdb are summarized in Table 4.1.  
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Although these methods increased the set of computationally predicted 

enhancers in a large number of available cell lines, this information could be 

misleading and cannot be easily utilized due to specific technical limitations that 

frequently prevent or restrict the usage and the analysis of the data. The most 

important obstacles are listed below: 

Table 4.1 Summary of the used methods for enhancer identification 

Program name Method Description Input data Number of cell lines 

ChromHMM Hidden Markov Models (HMM) 
and unsupervised clustering of 
profiles to segment genome in 

different states including 
enhancers. 

ChromHMM accepts 
aligned ChIP-seq reads 

for each histone mark. In 
DENdb we collected the 
published annotation for 

ChromHMM 

6 

CSI-ANN Artificial Neural Network (ANN) 
approach for identifying 

enhancers from histone marks 

CSI-ANN requires 
aligned ChIP-seq reads 
for each histone mark  

15 

RFECS Random Forest (RF) based 
approach for predicting 

enhancers from histone marks. 

Requires aligned ChIP-
seq reads of histone 

modifications.  

15 

Segway Dynamic Bayesian network for 
genome segmentation in 
different states including 

enhancers 

Segway requires aligned 
ChIP-seq reads for each 
histone mark. In DENdb 

we collected the 
published annotation for 

Segway 

6 

	

a) The available computationally predicted enhancers generated by different 

prediction methods differ significantly from method to method; this would benefit 

from integration of these predicted enhancers into a centralized repository based 

on large-scale archiving that would enable systematic searching, browsing, 

comparing, combining and visualizing relevant information; 
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b) Since different methods are trained on some cell lines and tested on others, it 

makes sense to combine the available predictions and generate cell-specific 

annotation maps of enhancers based on different levels of confidence and 

overlaps between predictions; however, up to now, to the best of our knowledge, 

the only available integrated annotation of enhancers is based on ChromHMM 

and Segway [7];  

c) Current enhancer databases [40, 102, 112] do not provide utilities to analyse 

archived enhancers in a number of important aspects that would facilitate 

exploration of gene regulation mechanisms, such as: 1) overlaps of enhancers 

with transcription factor (TF) binding motifs; 2) overlaps of enhancers with 

relevant experimental data such as chromatin accessibility as captured by DNase 

I hypersensitivity sites (DHSs); 3) linking enhancers to closest genes (that in the 

first approximation could be considered as candidate target genes of an 

enhancer); and 4) associations of enhancers with chromatin conformation based 

on experimental information (i.e., 3C or ChIA- PET). 

Such utilities will help obtaining information that can describe more completely 

functional context of enhancer activities in different cell lines and thus help to 

increase our understanding of gene regulation processes under different cellular 

conditions.  

With all these issues in mind, we introduce DENdb, Dragon Enhancers database. 

DENdb i a user-friendly online repository of enhancers predicted by different 

methods in various human cell lines. Combining this data, DENdb generates an 
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integrated comprehensive catalogue of enhancers for 15 human cell lines. 

Beyond the integrated set of enhancers, DENdb integrates other sources of 

information to help researchers explore functional context of possible enhancer 

activities. These sources include TF ChIP-seq data from ENCODE and TF 

binding motifs based on HOCOMOCO [113] TF binding sites (TFBS) models, 

DHS information from ENCODE experiments and eRNA (enhancer RNA) 

expression values from FANTOM5 [102]. Finally, DENdb attempts to link 

enhancers to their target genes by integrating chromatin interaction assays and 

defining the closest gene for each enhancer. 

4.3 Materials and Methods 

4.3.1 Enhancer Sources 

DENdb enhancer collection contains computationally predicted regions obtained 

by five different methods, namely: CSI-ANN, Segway, ChromHMM, RFECS, and 

the ENCODE integrative annotation. To obtain these enhancer predictions we 

focused mainly on ENCODE ChIP-seq histone modifications data. 

 CSI-ANN feeds a linear combination of histone modifications information at a 

certain window to a time-delay neural network in order to predict enhancers. CSI-

ANN model used in DENdb is based on P300 binding sites distal to TSS as 

determined by CD14+ T cells, [114]. CSI-ANN model was trained on data from 

three histone modifications (H3K4me1, H3K4me2 and H3K4me3) obtained from 

[115]. RFECS uses a multivariate random forest to capture chromatin signatures 

at enhancer regions. RFECS uses regions with P300 binding sites distal to TSS 
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and overlapping with DHS sites from H1 and IMR90 cell lines as their enhancer 

regions. RFECS model is trained using three histone modification marks 

H4K4me1, H3K4me2, H3K4me3. ChromHMM uses a semi-automated approach 

to segment the genome. Initially, it uses hidden Markov model (HMM) to segment 

the genome into multiple clusters. Later on, domain experts have annotated each 

cluster manually.  It uses histone modifications ChIP-seq data to perform this 

operation. ChromHMM builds a single model by cascading data from nine 

different cell lines [5]. Segway uses a similar semi-automated approach. 

However, it utilizes dynamic Bayesian networks to construct genome segments. 

It uses 1% of the genome to construct its model. Also, it constructs a single 

model for each cell-line. To capture characteristics from both genome 

segmentations, an integrative annotation [7] is used based on ChromHMM and 

Segway annotations as well as a set of other experimental data. The integration 

process was done manually for both segmentations.  

In DENdb we used original CSI-ANN and RFECS models to predict enhancers 

for all the ENCODE cell lines that contain histone modification marks required as 

input for these programs. In addition, we extracted enhancer’s related states from 

the three segmentation models.  

In DENdb, based on the number of methods used for predicting enhancers in 

each cell-line, cell lines are categorized into two tiers. Tier 1 includes cell lines 

that have predictions from all five methods, while Tier 2 includes cell lines that 

have predictions from two (CSI-ANN and RFECS) methods.  
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4.3.2 Integrating enhancer predictions  

Initially, we binned the genome into 50 bp non-overlapping intervals. Then we 

mapped enhancer predictions from all different methods to obtain enhancers 

super track that has predictions from all methods for each cell-line. We grouped 

regions that contain one prediction or more into our integrated enhancers. For 

each region we define the support by maximum number of methods whose 

predictions cover at least M bins. In the current implementation of DENdb we set 

M to be 2 (100 bp).  

4.3.3 DHS data 

In addition to enhancers, DENdb integrates DHS information obtained from 

http://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data_jan2011/byD

ataType/openchrom/jan2011/fdrPeaks/. DHS data can be used to increase the 

confidence of enhancer predictions [116].  

4.3.4 Information for TF Binding 

In DENdb, we integrate two types of TF binding information: 1) TF binding 

regions based on ChIP-seq data, and 2) predicted TF binding motifs using 

HOCOMOCO TFBS models.  

For TF binding region from ChIP-seq data, we integrated all uniform ChIP-seq 

peaks for TFs produced by ENCODE consortium that overlaps with DENdb 

integrated enhancers.  

We mapped 426 (A-D quality) models from HOCOMOCO database to our 

integrated enhancers. We used FIMO [117] to map position weight matrix (PWM) 
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derived from binding sites for each TF to all enhancers. We set the false 

discovery rate  (FDR) for accepting predicted binding motif occurrence to 0.1. 

4.3.5 Defining the closest genes 

We used ClosestBed functionality from Bedtools [118] to associate each 

enhancer with its closest gene from Refseq (release 68) [94]. In DENdb for each 

enhancer we report its closest gene and its distance from the gene. 

4.3.6 Chromatin interaction information  

DENdb integrates chromatin interaction information from different high 

throughput assays namely 3C, 4C, 5C, and ChIA-PET obtained from 4DGenome 

database [119]. We used Bedtools [118] to associate, enhancers with existing 

interacting DNA regions. If available, we also reported known genes that lie 

within the interaction pairs regions.  

4.3.7 DENdb implementation  

DENdb architecture is built around three-tier model shown in Figure 1. This 

architecture provide scalable, easy to maintain high performing software. The 

data tier includes PostgreSQL relational database (http://www.postgresql.org/) 

with PostGIS (http://postgis.refractions.net/) extension to effectively handle 

integer range queries. The logic tier contains most of the application logics and 

handles data transfer between data and presentation tiers. It is implemented in 

PHP scripting language by using object-oriented approach. Presentation tier 

handles user interaction, requests and display results obtained from the bottom 

tiers. It is implemented in HTML5/CSS3 and jQuery (http://jquery.com/). 
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4.4 Results 

We developed DENdb, an integrated database of predicted enhancers in 15 

human ENCODE cell lines. The current DENdb implementation contains 

enhancers predicted by five different methods and integrates regulatory-based 

information based on the data from five other sources. Table 4.2 summarizes 

sources of information used in DENdb compilation and their statistics.  

Since enhancer prediction methods use different definitions of enhancers, as well 

as different data and techniques to predict enhancers, it is expected that 

predictions of those methods are different. Figure 4.2 summarizes individual 

predictions of enhancers in H1hesc cell. One can observe that the five prediction 

methods used produce highly diverse sets of enhancer predictions. In DENdb, 

we combine these predictions, report the integrated form of these predictions and 

provide a support value for each integrated enhancer. Such information can help 

researchers in exploring richer sets of enhancers than available by the use of 

individual methods, but also to explore the sets of enhancers with different levels 

of support (e.g. enhancers supported by, say, three different methods vs. 

enhancers supported by two methods). In addition to support (confidence level) 

of enhancers, users can explore their query results using other utilities included 

in DENdb, such as checking for an enhancer overlap with DHS site, chromatin 

interaction region, TF binding region or motif for a specific TF.  
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Figure 4.1 DENdb’s implementation employs the three-tier architecture approach. This includes: 
Data, logic and presentation tiers. 
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Table 4.2 DENdb data sources statistics 

	

Enhancers of different cell lines are characterized by different sets of active TFs 

that present enrichment of respective TF binding motifs [120]. DENdb contains 

information from 168 of ENCODE TF ChIP-seq data and 426 TFBS models from 

HOCOMOCO database to select from.  

4.5 Utility and function 
 
DENdb allows users to perform multiple explorations of data, which span from 

simple browsing of the database to more customized queries that may include, 

for example, search for enhancers based on the simultaneous use of many 

criteria. DENdb queries can be customized by chromosome, coordinates range, 

cell-line, enhancer support, as well as the method that has generated the 

enhancer predictions. DENdb allows user to query enhancers that overlap with 

some genomic features or has a specific property. For example DENdb allows 

user to explore overlapping of enhancers with DHS region, TF ChIP-seq peaks, 

prediction of TF binding motifs by HOCOMOCO TFBS models or chromatin 

interaction region, and can also provide information about eRNA expression and 

enhancer’s closest gene. For example, the following three criteria may be 

requested: a) location on a specific chromosome, b) overlap with DHS regions, 

Data type Number of entries Number of cell lines 
Integrated Enhancers 3506396 15 

DHS regions 769947 13 
ChIP-seq TFBSs 4005967 15 

HOCOMOCO predicted TFBSs 94074558 15 
Chromatin interactions 778,061 6 

FANTOM5 CAGE expression 80291 8 
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and c) support greater than the user defined threshold. Figure 4.3 shows a 

snapshot of DENdb showing some of its utilities.  

	

Figure 4.2 Statistics for H1hesc cell-line enhancers. a) Bar plot represents genome coverage in million 
base pairs by each method individually. b) Venn diagrams show the pairwise intersection between the 
predictions of five tools used in DENdb. Size of the circle represents relative proportion of predictions for a 
method compared to the union of both methods. 

Users can explore each enhancer obtained from any of DENdb queries by 

inspecting all its basic details, such as cell-line, support, tools predicting this 

enhancer, and coverage by DHS region. In addition, query specific information 

are available for each query such as size of overlap with DHS regions actual loci 

of predicted TF binding motifs, and the source of TF ChIP-seq data.  

DENdb query results can be downloaded in the BED format. Also, DENdb 

provides the means to visualize query results using UCSC genome browser. A 

user manual for DENdb is available at the DENdb website.  
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Figure 4.3 Snapshot from DENdb web interface.  An example of querying enhancers that overlap with 
DHS regions. Queried enhancers are from GM12878 cell-line and from chromosome 4. Query specify 
enhancers with support of 4 or 5 only and predicted by CSI-ANN and ENCODE ChromHMM. After step 1, 
results appear in a tabular format. Step 2 shows exploring details of a specific enhancer. Step 3 shows 
visualizing enhancers in current page in genome browser. 

4.6 Discussion  

Identifying enhancers are critical starting-points for understanding their functional 

mechanism and decrypting complex molecular principles that drive cell-specific 

gene activities. Studying enhancer’s activity across different cell lines may also 

provide new insights about different gene expression programs that characterize 

physiological, as well as pathogenic conditions in cells.  

On the other hand, the current enhancer databases [40, 102, 112, 121, 122] 

have some limitations. For example, VISTA enhancer browser [112] is focused 
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on developmental enhancers only, while Atlas of Transcribed Enhancers [102] 

provides a limited capacity to explore functional context of enhancer activity, 

while Cistrome DB [40] contains very limited information about enhancers. There 

are some other enhancer databases, such as PReMod [122] which contains 

computationally predicted enhancers based on the conserved regulatory 

modules and predicted TF binding motifs, and PEDB [121] that contains 

predicted enhancers based on TSSs and conserved non-coding elements (CNE). 

However, these databases provide no connection to the new experimental data. 

There are two unpublished enhancer databases, ZenBase 

(http://zenbase.genereg.net/) and dbSuper 

(http://bioinfo.au.tsinghua.edu.cn/dbsuper/). The first one presents enhancers 

obtained by human/zebrafish comparison of highly CNEs [123], while the other 

one contains information about super enhancers for human and mouse [124].  

To enhance the capacity of users to analyse the enhancer information, we 

developed DENdb, a database of computationally predicted human enhancers. 

DENdb is an on-line archive of enhancer regions obtained by five prediction 

methods and currently covers 15 different ENCODE cell lines. The prediction 

methods we used all rely on ChIP-seq histone modification marks data obtained 

by ENCODE experiments. DENdb provides users the utility to explore some 

aspects of gene regulation mechanisms by overlapping enhancer predictions 

with DHS data and TFBSs. Different subsets of enhancers could be selected 

based on the level of support from different prediction methods. In addition, 

DENdb provides possibility for more complex queries about functional context of 
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enhancer activity across cell lines. These requirements are achieved by focusing 

on regions that are supported by predictions of multiple methods. Integrating 

these datasets into a single data repository enables development of a new 

enhancer annotation based on various methods that have been developed under 

different assumptions.  

The main distinguishing characteristics of DENdb compared to other existing 

enhancer databases is that it provides: a/ Annotation of integrated enhancers 

based on five recent different enhancer prediction methods; and integration of 

enhancer information with b/ DHS experimental data; c/ TF based ChIP-seq 

peaks and TF binding motifs; d/ the transcriptomic data from FANTOM5; and e/ 

chromatin interaction information from 3C, 4C, 5C and ChIA-pet experimental 

data. DENdb contains information from 15 ENCODE cell lines and it provides 

query system to explore the above-mentioned integrated information about the 

enhancers. 
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Chapter 5 Comprehensive and systematic evaluation for ab-initio motif 

identification methods based on ChIP-seq data	

5.1 Summary 

ChIP-seq technology has enabled the construction of genome-wide maps that 

demarcate regions where transcription factors (TFs) are more likely to bind. The 

demand for ab-initio motif identification methods arises due to the need for 

precise identification of actual TF binding sites (TFBS) within ChIP-seq peak 

sequences. The accurate prediction of TFBS loci will contribute to better insights 

into the gene regulation process by enabling a robust construction of gene 

regulatory networks. 

In this study, we perform large-scale characterization of 10 ab-initio motif 

identification methods using 159 different TF ChIP-seq data. This is one of the 

most comprehensive comparison study of this type. Our comparison included: a) 

the ability for a TF model to discriminate between ChIP-seq and random data, b) 

similarity of predicted TFBS motifs to known TFBS models, c) localization of the 

predicted TFBS motifs to ChIP-seq peak summit, and d) program running time. 

Our results show that simple methods based on variants of expectation-

maximization (EM) algorithm, and k-mers counting followed by clustering, 

achieved the highest accuracy compared with more sophisticated methods such 

as those based on deep learning.  



90 
 

5.2 Overview 

Ab-initio motif discovery algorithms are an important part of bioinformatics 

analysis tools. Many features of DNA, RNA, and proteins can be well 

approximated by short fixed-length sequence patterns. Sequence motifs can 

represent, for example, TFBSs, splice sites, or structural and functional domains 

in DNA, RNA, and proteins. Since discovering TFBS motifs and their associated 

TFs is a key challenge in constructing gene regulatory network of cells [125, 

126], motif discovery algorithms are widely used for identification of TFBSs from 

experimental data of various types including ChIP-seq data. Recently developed 

high-throughput methods for identification of TFBSs such as ChIP-seq, show a 

resolution of up to several hundred nucleotides, so motif discovery is still 

necessary for exact TFBS localization.  

Over the past years, many methods have been developed to perform the ab-initio 

method identification task. Some of them are specifically designed for ChIP-seq 

data [34, 127, 128], while others are designed for more general-purpose ab-initio 

motif identification tasks [35, 129-132].  

The developed methods implement different approaches to identify motifs from 

input sequences. Some methods use k-mers enumeration and clustering [128, 

133], other class of methods uses different variants of classical position weight 

matrix (PWM) representation coupled with EM optimization [34, 35, 129]. 

Recently, higher order methods were developed, which use more sophisticated 

models like remote dependency models [130] and deep learning [132]. 
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Different comparative reviews described details and highlighted differences 

between different ab-initio motif identification methods [134-136]. However, none 

of these reviews performed any quantified comparison between the different 

methods.  

In this study, we present a systematic and comprehensive large-scale 

comparison between ten methods for ab-initio motif identification over 159 

different TF ChIP-seq datasets. For each method, we evaluated the learned 

model from several aspects including ability to recognize real sites from negative 

data, similarity of predicted motifs to known models reported in different 

databases, localization of the predicted motif instances relative to ChIP-seq peak 

summit, and running time.  

We selected methods that cover different implementation categories described 

above. These methods include MEME [35], DREME [127], ChIPMunk [34], 

POSMO [128], HOMER [137], DME  [131], BaMMMotif [138], and two in-house 

(KAUST) developed methods DMF and DMF+ (See Table 5.1 for methods 

features). 
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Table 5.1 Comparision between methods used in this chapter based on features describing the 
mode of operation for each program 

Tool ChIP-seq specific Background 
sequences usage 

Provide sequences 
used to build model 

Motif discovery 
methods 

ChIPMunk X  X EM algorithm 

POSMO X  X K-mers counting and 
clustering 

DeepBind  X  Deep convolutional 
neural network 

DMF   X EM algorithm 

DMF+  X X Random forest 

DME  X X Enumeration 

BaMMmotif    Remote dependency 
models and EM 

algorithm 

MEME   X EM algorithm 

DREME X X X K-mers counting and 
Fisher exact test 

HOMER  X X K-mers counting and 
clustering 

 

  

 

5.3 Methods 

5.3.1 Ab-initio motif identification methods overview 

Dragon motif finder (DMF) is an in-house improvement for Dragon motif builder 

(DMB) algorithm [129, 139]. DMF algorithm is based on EM-like approach. The 

algorithm starts with a selection of the sets of randomly chosen motifs of a fixed 

length L. DMF algorithm then constructs position frequency matrix (PFM). PFM 

matrix consists of frequencies fij of each nucleotide i (i ∈ {A,C,G,T}) at position j  
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(1≤ j ≤L). Thus, the elements of PFM are fij. The PWM model [140] is created 

from PFM as follows: 

p!" =  
f!"

max! f!"
. 

For each of the initial PWM models, the sum of the information contents (IC) in all 

the positions is calculated. The model with the highest total IC is chosen. Then, 

all input DNA sequences are scanned using the following scoring method: 

score =  p!"⨂c!

!

!!!

!

!!!
, 

p!"⨂c! =
p!" ∶  c! = r!
0   ∶  c! ≠ r!  

where cj is nucleotide at position j and ri is PWM nucleotide row. Motifs on any 

strand with the highest score above the selected threshold in each sequence are 

used to construct an updated PWM model. The PWM threshold is provided as an 

input argument for the algorithm. Note, that due to PWM normalization the scores 

of matching the PWM to the DNA sequence are distributed between 0 and 1 

independently of the length L of the motifs. The updates of PWM go iteratively 

until no significant change in the model can be obtained or a maximum number 

of iterations is reached. DMF algorithm continues selection of PWMs based on 

total IC until the desired number of motifs is identified. 

 

DMF+ adds one more layer over DMF implementation to enhance the prediction 

ability of PWM. DMF+ uses Random Forest (RF) to build a model based on DMF 

PWM hits in ChIP-seq peaks and negative data. In more details, DMF+ maps 
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PWM generated by DMF to training ChIP-seq peaks and negative training data, 

then it takes all hits above a pre-defined threshold T to construct RF. DMF+ 

encodes resulted hits using one-hot encoding [141].   

 

ChIPMunk [34] uses EM algorithm coupled with bootstrapping and greedy 

heuristics to optimize and refine PWM. ChIPMunk introduces Kullback discrete 

information content (KDIC) as a new objective function for EM optimization 

process; moreover, it utilizes positional profiles for ChIP-seq peaks to produce 

more reliable predictions. 

 

DeepBind [132] is based on convolutional deep neural networks. It utilizes this 

type of deep learning architectures to build classifiers that are able to separate 

between a set of sequences of interest (ChIP-seq peaks in our case) and 

negative data. DeepBind is designed to process hundreds of thousands of 

sequences using its GPU implementation. 

 

POSMO[128] uses Gaussian-uniform mixture model to model the k-mer 

distribution around ChIP-seq peak summit. It derives a score based on this 

mixture distribution to rank k-mers, and then it clusters significant k-mers using 

Pearson correlation coefficient (PCC) into PWM representation. 

 

DREME [127] is particularly intended for discriminative TFBS identification from 

ChIP-seq data. DREME uses exhaustive search for exact words in ChIP-seq 
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sequences followed by a heuristic search for word patterns (DREME model).  

DREME evaluates the statistical significance of candidate models using Fisher’s 

exact test.  

MEME [35] uses EM algorithm to learn possible motifs from sequences. MEME 

starts initially with a random set of sequences to construct an initial PWM. Then it 

scans all possible k-mers from the sequence set and determines the probability 

of a k-mer being a part of the PWM. Then, MEME reconstructs a new PWM 

based on the weighted frequency of the scored k-mers. MEME keeps iterating 

until it converges or a maximum number of iteration is reached. 

 

Discriminating matrix enumerator [131] (DME) uses an enumeration algorithm to 

identify the optimal PWM that differentiate between the positive and negative 

sequence sets. DME algorithm has two steps: First, in the initial search, DME 

enumerates motifs by constructing all possible PWMs. Then it uses local search 

where it tries to combine similar PWMs to maximize the separation between 

positive and negative sets.  

 

HOMER [137] motif identification process has three stages. Initially, HOMER 

builds a table of k-mers (all possible words of length 8,10,12) and scans ChIP-

seq and negative datasets for these words. Second, k-mers are scored based on 

their enrichment in the ChIP-seq sequences compared to negative sequences. 

Top scored k-mers with mismatches up to two nucleotides are merged into PWM. 
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Finally, HOMER further optimizes and fine tune PWM using hill-climbing 

approach.                                   

 

5.3.2 Datasets 

For positive datasets, we used uniform ChIP-seq peaks for 159 different ChIP-

seq datasets from GM12878 and K562 cell lines generated by the ENCODE 

consortium. We extracted top 1,000 peaks for the purpose of training and testing 

of different methods in this comparison. We restricted the peak length to 500 bp 

with ChIP-seq peak summit located in the center.  

We defined the negative set as a group of random sequences from the human 

genome (hg19) not overlapping the ChIP-seq regions. Negative sequences have 

the same length distribution and it has 10000 sequences (10 times greater than 

ChIP-seq sequences). We used SubtractBed functionality from Bedtools [118] to 

extract non-ChIP-seq regions, and, then, we selected negative sequences 

randomly from these regions.   

5.4 Evaluation of discriminative ability based on ChIP-seq data 

To evaluate the discriminative ability of different models in this comparison study, 

we split the data into training and testing parts. To preserve the quality of ChIP-

seq data, we used every even numbered peaks from the ranked peak list for 

testing, and odd numbered peaks for training. We split negative data randomly.  

For each model M, we score all possible words from ChIP-seq peak genomic 

sequences and random regions. Based on the results of these matches, we 
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define TP, FN, FP and TN as follows. A TP is a ChIP-seq peak when the model 

has at least one matched word (hit) in the ChIP-seq peak sequence with a score 

above specific threshold. ChIP-seq peak as FN if none of the words in that peak 

have model-matching scores above specific threshold. A negative sequence is 

false positive (FP) if the model matches at least one word in that sequence with a 

score above specific threshold. A negative sequence is TN if the sequence does 

not have any word matched by the model with a score above specific threshold. 

We evaluated methods based on two criteria: 1) Area under receiver operator 

curve (AUROC) and 2) Area under the precision-recall curve (AUPR).  We 

reported summary of overall performance for different methods (Figure 5.1) as 

well as detailed performance per each cell line  (Figure 5.2 and Figure 5.3).   

In the case of AUROC, DeepBind and BaMMotif achieved the highest median 

AUROC value (0.84) (Figure 5.1A), while DeepBind has the highest average rank  

(2.82) among the tools (Table 5.1). On the other hand, when we used AUPR as 

metric to rank methods, POSMO achieved the highest AUPR median value 

(0.43) (Figure 5.1b), while ChIPMunk has highest average rank (3.21) (Table 

5.2).  
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Table 5.2 Average ranking for different tools based on two metrics: AUROC and AUPR. Ranking 
order between different tools differ by changing the evaluation metric. 

Tool Average rank based on AUC Average rank based on AUPR 

ChIPMunk 4.03 3.21 

POSMO 4.34 3.46 

DeepBind 2.82 3.61 

DMF+ 3.62 4.11 

BaMMmotif 3.48 4.2 

MEME 5.12 4.74 

DMF 6.01 5.24 

DME 7.54 7.47 

HOMER 6.17 7.95 

DREME 8.47 8.14 

 

 

 

Figure 5.1 Evaluation summary for applying TF binding models from different nine tools over 159 
different TF ChIP-seq testing datasets from both GM12878 and K562 cell lines. A) A boxplot showing 
AUROC values. B) Boxplot showing AURPR.		
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Figure 5.2 Evaluation summary for applying TF binding models from different nine tools over 67 
different TF ChIP-seq testing datasets from GM12878 cell line. A) A boxplot showing AUROC values B) 
Boxplot showing AURPR values. 

	

	

Figure 5.3 Evaluation summary for applying TF binding models from different nine tools over 92 
different TF ChIP-seq testing datasets K562 cell line. A) A boxplot showing AUROC values B) Boxplot 
showing AURPR values.	
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5.5 Similarity to known motifs 

We estimated similarity between models learned in this comparison and the 

known models for 52 TFs from JASPAR [142] and HOCOMOCO [143] 

databases. We excluded DeepBind and BAMMmotif models, as they do not 

provide the sequences that can be used to construct PWM type models.   

In order to quantify the similarity between the models produced in this 

comparison and known motifs for the same TF, we used PCC. For a model M 

and reference model Q, where Mi and Qj is a possible alignment between M and 

Q with length Lij (Lij>=5), the similarity between M can Q can be defined as: 

S M,Q = max(PCC(M! ,Q!)) ∀ i, j such that L!" ≥ 5 

Overall, models learned have been found similar in comparison to models from 

the HOCOMOCO and JASPAR databases. For models from both JASPAR and 

HOCOMOCO databases, ChIPMunk models achieved the highest median 

similarity to known motifs (Figure 5.4).  
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Figure 5.4 Evaluation summary for the similarity of TF binding models and models from JASPAR and 
HOCOMOCO databases from both GM12878 and K562 cell lines. A) A boxplot showing the similarity 
between learned models and JASPAR models. B) A boxplot showing the similarity between learned models 
and HOCOMOCO models. 

5.6 TF hits positional profile 

For ChIP-seq data, it is more likely to have TFBS around the peak summit 

compared to other loci within the peak. We examined the distribution of predicted 

TFBS by models learned in this comparison around the ChIP-seq peak summit. 

To study this, we mapped models to the testing ChIP-seq data, and then we 

recorded the central position for the best hit for each model in each ChIP-seq 

peak.  

Then, we constructed density distribution for these predictions (Figure 5.5 and 

Figure 5.6). When we examined the hit density across all TF data together we 

noticed that all methods predictions showed preference to predict TFBS near the 

peak summit (Figure 5.5). However, when we examined individual profiles for 

different TFs (Figure 5.6), we noticed the presence of two groups, the first group 

of TF models has a strong presence around the peak summit in the testing ChIP-
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seq sequences, while the second group had a uniform distribution for the hits 

across the peak sequences.  

 

Figure	5.5	Hits	density	for	predicted	TFBS	around	peak	summit	for	ChIP-seq	testing	data.	Predictions	pooled	across	
all	 TF	 datasets	 showed	 preference	 to	 predict	 peak	 nearby	 ChIP-seq	 peak	 summit.	 Vertical	 line	 represent	 ChIP-seq	
peak	summit.		
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Figure	5.6	Hits	density	for	predicted	TFBS	around	peak	summit	for	individual	ChIP-seq	testing	data.	Predictions	for	
individual	TF	showed	two	clusters	of	TFs:	TFs	where	programs	have	preference	to	predict	TFBS	nearby	peak	summit	
and	 TFs	where	 TFBS	uniformly	 predicted	 along	 the	peak	 sequences.	 Vertical	 line	 represent	 ChIP-seq	peak	 summit.	
Some	data	cases	may	contain	only	one	plot,	this	is	because	all	program	produced	identical	prediction	profiles.		

	

5.7 Running time comparison  

We measured the running time for the methods (Table 5.3) (except DeepBind) on 

an AMD Opteron(tm) Processor 6376. We ran DeepBind using Nvidia TitanZ 
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GPU node.  Running time varied between the tools from tens of seconds to few 

days. POSMO had the shortest running time with an average of 12.3 seconds 

per dataset, while DeepBind had the longest runtime with 2 days per one 

dataset. 

Table 5.3 Running time for methods included in this comparison. 

Method                                Running time 

BaMMmotif 2.36 hours 

ChIPMunk 45 minutes  

DME 2.3 minutes 

DeepBind 2.5 days 

DMF 5.4 minutes 

DREME 10 hours 

HOMER 2.7 hours 

MEME 14.4 hours 

POSMO 12.3 seconds 

 

5.8 Discussion 

In this chapter, a comprehensive comparison between 10 methods for ab-initio 

motif identification is performed. The comparison profiled the performance of the 

different methods from different aspects including ability to distinguish real 

binding sites from negative data, similarity to known models, prediction distance 

from the ChIP-seq peak summit, and running time.  

Two different measures were used to evaluate the performance of models 

learned in this comparison: AUROC and AUPR. There is a significant difference 

between the values for AUROC and AUPR. This is due to the imbalance in 

sequence numbers introduced between the positive and negative data used in 

the benchmarking process (1:10 ratio between positive and negative). 
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Introducing this imbalance better mimics real genome-wide prediction task 

compared to the balanced ratio between positive and negative data. Thus, the 

use of AUROC metric will get affected by the imbalanced data ratio, while AUPR 

will be more suited to show the quality of methods.  On the other hand, the usage 

of AUROC still gives some information about the ability of the model to recognize 

the TNs. As a general advice, when benchmarking TF models with imbalanced 

data, AUPR will give more realistic quantification on the ability of the model to 

distinguish between positive and negative data. 

We did not observe any strong correlation between similarity value to known 

motifs and ability to discriminate between ChIP-seq peaks and negative data 

(PCC values of 0.34). This indicates that models with high AUPR (or AUROC) 

values and low similarity values may correspond to co-binding factor or novel 

TFBS to the considered TF. 

We noticed some association between the TF hits positional profile with the 

similarity values to known motifs, where motifs with high similarity to known 

motifs show more hits centered around the peak summit, while motifs with lower 

similarity value had a uniform distribution of hits along the peaks sequences.  

Running time for different methods varied significantly starting from few minutes 

up to several days. Some of the speed gains in programs like POSMO come as a 

trade-off for memory usage. On the other hand, users running datasets with 

larger sizes should carefully consider the choice of the program, making trade-

offs between program accuracy and required time to finish processing the data.  
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Although more complex models like DeepBind, DMF+, and BaMMmotif seem to 

gain an advantage in a higher performance, this comes at the cost of many other 

parameters to fine tune [144], while simpler models may need less parameters to 

tune. Moreover, improper usage of the complex models may result in model 

over-fitting and subsequently poorer performance.   
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Chapter 6 Conclusions and future directions 
 
During my Ph.D. work, I explored different aspects of ChIP-seq data analysis and 

applications including methods and algorithms development, data integration, 

and comparison and data analysis.  

I developed the HMCan method, which is specifically developed to analyze 

histone modification data obtained from cancer genomes. The designed 

algorithm explicitly corrects for copy number alterations and thus does not 

demonstrate bias within the number of predicted sites in the regions of gain or 

loss. In addition, HMCan corrects for possible GC-content bias independently in 

the ChIP and control sample. This guarantees GC-content-unbiased results. 

Moreover, it does not show bias even in the case when the two experiments are 

performed in different laboratories or using different sequencing techniques. 

Also, the iterative HMM method formulated in HMCan allows for getting the best 

distinction between signal and noise on ChIP-seq data. HMCan was successfully 

applied on both simulated and experimental data. On simulated data, HMCan 

demonstrated higher accuracy in signal prediction compared to the tools 

designed for normal genomes (MACS, SICER and CCAT). Unlike MACS and 

SICER, HMCan did not show bias in the number of identified peaks toward 

gained regions. In our simulations, we modeled signal in regions present in 1, 2, 

3 or 4 copies. HMCan detected the signal in all of them, including cases where 

the signal was initially present in only one out of the four alleles. On the 

experimental ChIP-seq dataset generated for the repressive mark H3K27me3 in 

the CL1207 human bladder transitional cell carcinoma cell line, peaks in the 
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proximity of gene TSSs that were detected only by HMCan corresponded to 

lower gene expression compared to the peaks detected only by CCAT. Overall, 

HMCan proves to be an appropriate tool for predicting histone modifications in 

genomes with copy number alterations. In a recent study, HMCan was one of the 

best tools for detecting broad peaks for histone modifications [145]. 

I then extended the functionality of HMCan and developed HMCan-diff, a copy 

number aware ChIP-seq differential peak caller. HMCan-diff also shows superior 

performance on simulated and real data CNVs compared to tools designed for 

normal genomes. The principal application of HMCan-diff is in comparison 

between epigenetic profiles between cancer and normal tissue, or between two 

cancer samples. Associations between genetic events, such as mutations in 

chromatin remodeling genes and changes in histone modification profiles in 

cancer, can now be addressed using this method. 

Furthermore, I developed DENdb the integrated enhancer database for human. 

Here, we exploited the fact that different tools have extremely different 

predictions of enhancers from ChIP-seq data. Then, I proposed new genome-

wide enhancers annotation based on the integration of the predictions of these 

different tools.  

Finally, I conducted a comprehensive evaluation of ab-initio motif identification 

methods based on TF ChIP-seq peaks. The comparison results show that careful 

design of simple method has outperformed methods that used more complex 

techniques for ab-initio motif identification task. Moreover, results presented in 
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this study help users to make the right decision for selecting the method that fit 

their requirement in terms of speed and accuracy tradeoff.  

The work performed in this doctoral research can be extended in several 

directions. For instance, HMCan and HMCan-diff were designed to work with 

homogenous samples only (data obtained from cell lines). A possible extension 

is to make both methods able to handle a mixture of tumor and normal cells. This 

will extend the applicability of both methods from cancer cell lines to primary 

tumors.  

Moreover, the current status of the set of integrated enhancers in DENdb can be 

enriched by integrating single nucleotide polymorphisms information, associate 

enhancers with specific phenotypes and derive set of super-enhancers [146].  
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