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Abstract:

Chromatin immunoprecipitation is used to enrich DNA sequences that are associ-
ated with a protein of interest, and is used to map those sequences to the genomic
regions. Studying these DNA-protein binding regions provides an understanding
of gene regulation and chromatin remodeling. However, some signals in fact rep-
resent no binding event and are known as false positives. This thesis discusses
the main sources of false-positive signals that commonly arise during ChIP-seq
analysis, and offers possible solutions on how to minimize or filter them.

Keywords: ChIP-seq, chromatin imunoprecipitation, quality control, data filtra-
tion
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Abstract: Chromatinová immunoprecipitace se použ́ıvá k obohaceńı sekvenćı
DNA, které jsou spojeny s požadovaným proteinem, a použ́ıvá se k mapováńı
těchto sekvenćı na oblasti v genomu. Studium těchto vazebných mı́st protein̊u na
molekule DNA poskytuje pochopeńı genové regulace a remodelace chromatinu.
Některé signály nepředstavuj́ı žádné vazebné mı́sto a jsou známé jako falešné
pozitivy. Tato práce se zaob́ırá hlavńımi zdroji falešně pozitivńıch signál̊u, které
běžně vznikaj́ı při analýze ChIP-seq dat, a nab́ıźı možná řešeńı pro jejich omezeńı
nebo odfiltrováńı.

Keywords: ChIP-seq, chromatinová imunoprecipitace, kontrola kvality, odfil-
trováńı dat
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List of Abbreviations
BWT Burrows-Wheeler transform
ChIP chromatin immunoprecipitation

ChIP-on-chip ChIP followed bygenomic tiling microarray hybridization
ChIP-seq ChIP followed by sequencing

DNA deoxyribonucleic acid
dsDNA double-stranded DNA
DSG disuccinimidyl glutarate
IgG immunoglobulin G
IP immunoprecipitation

FDR false discovery rate
HAT histone acetyltransferase

HDAC histone deacetylase
HOT high-occupancy target
IDR irreproducible discovery rate

KOIN knockout implemented normalization
NGS next-generation sequencing
NRF non-redundant fraction
NSC normalized cross-correlation
PCR polymerase chain reaction
QC quality control

RNA ribonucleic acid
RSC relative cross-correlation
RT reversible terminator

ssDNA single-stranded DNA
SNP single nucleotide polymorphism
SSE sequencing-specific error
TF transcription factor
TSS transcription start site
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Introduction
Gene regulatory networks tend to be crucial in various genomic studies such
as gene expression, cell type identification and differentiation, and disease [26].
Transcription factors (TFs) and chromatin modifiers are the main elements that
control cellular functions by the dynamic association with target DNA within
regulatory regions such as promoters and enhancers and their coding sequences.
Epigenetic modifications change the composition of the chromatin and modulate
the association of the regulatory elements [9, 52, 67]. Several methods have
been developed to identify biological regulatory elements and their behavior in
the context of the interaction with chromatin and other transcription regulation
components.

Chromatin immunoprecipitation, known as ChIP, is a technique to investigate
and analyze any protein associated with DNA inside the cell [73, 72, 71]. The
most frequently investigated chromatin-associated proteins are transcription fac-
tors, post-translationally modified histones and histone variants in the genome,
components of the transcriptional machinery, and chromatin-modifying enzymes.
Classical ChIP assays require a large number of cells because of the loss of material
and extensive sample handling which leads to errors and inconsistency between
replicates [72]. However, the introduction of the newer ChIP protocols promotes
simplification of the procedure. Those simplifications enable the technique to be
applied for a small amount of the cells and discover the genome-wide profiling of
the target elements without prior knowledge of exact binding loci [26].

DNA microarrays in combination with ChIP assay was the first approach to
identify and analyze in-vivo the protein-chromatin interactions of interest in broad
genome coverage. Such an approach is known as chromatin immunoprecipitation
followed by genomic tiling microarray hybridization or simply ChIP-on-chip [80,
60]. This technology produces highly reproducible profiles. However, the large
number of false positives and several limitations, such as genomic coverage, which
is dependent on the microarray probe design, stimulated the development of other
strategies.

Advances in high-throughput parallel sequencing technology and computa-
tional methods enable to generate and analyze extremely large data sets. Un-
like ChIP-on-chip, ChIP-seq generally builds a profile with better resolution and
signal-to-noise ratio, and detects more signals [76]. Also, the advantage of the
ChIP-seq protocol is the small amount of the initial material [5].
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1. ChIP-seq as a
High-Throughoutput Sequencing
Technique

1.1 Considerations of Experimental Design

A typical ChIP-seq protocol, as shown on Figure 1.1, has many steps and re-
quires a sufficient quantity of immunoenriched DNA. The consideration of the first
step depends on the properties of the protein under investigation. For example,

Figure 1.1: The schematic illustrates key steps of the ChIP-seq protocol.
Source: www.abcam.com
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histone-DNA interactions are strong enough. Thus the fixation using formalde-
hyde as a crosslinking agent may not be necessary [13]. On the other hand,
proteins associated with DNA for a short time require a crosslinking step. In the
case of histone deacetylases (HDACs) and histone acetyltransferases (HATs), an
additional disuccinimidyl glutarate (DSG) treatment step before formaldehyde
crosslinking is required to preserve protein-protein associations [108].

Cross-linked chromatin is fragmented before ChIP. The way of the fragmen-
tation depends on the purpose of the experiment, cell type, number of cells,
fixation conditions. For nucleosome modifications, MNase digestion may be pre-
ferred [50]. The method allows generating high-resolution data of mononucleo-
some sized particles. However, the nucleosome instability may cause the loss of
signal. To identify TF binding events, sonication of crosslinked chromatin is a
preferable method. In this case, the micrococcal nuclease may cause degradation
of the linker DNA [50]. The sonication conditions should be optimized for each
experiment type. A sonication buffer can influence the result [98]. It is also
important to avoid oversonication during the library preparation for transcrip-
tion factors. Oversonication may lead to the destruction of protein epitopes in
cross-linked chromatin [74].

The successful ChIP experiment depends on the isolation of the protein under
study from a complex mixture of the chromatin fragments and associated pro-
teins. The target protein bound to the chromatin can be isolated from a sample
using an antibody pre-immobilized onto insoluble magnetic beads that specifically
recognizes that protein and that purification technique is known as immunopre-
cipitation (IP). After incubation, the immune complexes are separated from the
lysate of non-interacting DNA by applying a magnetic field [95].

The right choice of antibody is an essential factor for the ChIP-seq experi-
ment. Many experiments focus on newly discovered proteins, which means that
such a protein probably does not have any available antibody. However, the de-
velopment and validation of the antibodies to each protein is very time-consuming
and expensive [47]. For example, the number of proteins interacting with chro-
matin in a human cell is very high [79], and the traditional approach may not be
suitable. Genetic engineering makes it possible to solve that problem by fusion
of a short epitope sequence into a gene of interest for which an antibody is avail-
able [47, 20, 39]. This recombinant DNA method is called epitope tagging and
was first described in 1984 [68].
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1.2 Library Construction and Sequencing

After chromatin purification with and without immunoprecipitation to prepare
ChIP and corresponding input DNA fragments, DNA fragments undergo the
library construction by ligation of adapters, which are designed to interact with
the NGS platform.

The size range of 150 to 300 bp fragment length selection is equivalent to
mono- and dinucleosome chromatin fragments [50].

With the invention of the thermal cycler, Sanger chain-termination sequencing
method, which is referred to as first-generation sequencing (FGS), enables autom-
atization of the sequencing process [78]. The appearance of the pyrosequencing
technique was the start of the next-generation sequencers (NGS). Unlike Sanger’s
sequencing, this method enabled real-time observation; and usage of nucleotides,
which are not heavily modified [84, 85]. Instead, the method uses luminescent
labeling for measuring of pyrophosphate production. First, ATP sulfurylase con-
verts pyrophosphate into ATP. The ATP is used as a substrate for the luciferase
enzyme, which catalyzes a light-emitting reaction. The light produced by the en-
zyme can be measured and is proportional to the amount of pyrophosphate. The
measuring of the pyrophosphate produced during the reaction is used to identify
the sequence [45]. Like Sanger’s, such a method is called sequencing by synthesis
(SBS).

Sequencing by synthesis. Solexa/Illumina™ platform is the most common
SBS method today [106]. The bridge amplification produces clusters of clonal
DNA. Fluorescent reversible-terminator (RT) nucleotides cannot bind further nu-
cleotides due to protection at 3′ hydroxyl position [42]. During sequencing, free
RT nucleotides are able, in a competitive manner, to be incorporated into the
nascent DNA chain based on complimentarity to the DNA template, following
the removal of the fluorescent tag, which is different for four bases and can be
imaged by an analyzer [16]. Illumina™ HiSeq and MiSeq machine enable us to
reach greater read length and depth. However, the recent NextSeq 500 technology
reduces capturing time and cost by replacing the four-channel sequencing system
with a two-channel system [81].

The goal of the ChIP-sequencing is to obtain reads long enough to map
uniquely to the reference. Multiple barcoded ChIP-seq libraries can be pooled
together and sequenced in a single lane [27] to reduce the cost of the experiment
and produce high-quality data. In many cases, 36-50 bp will be enough even for
a complex organism such as a human. The longer the reads sequenced, and/or
the higher the number of reads, the deeper coverage per base may be achieved.
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The main advantage of the Illumina™ platform is the ability to obtain paired-
end sequenced data. Paired-end sequencing generates high sequencing coverage,
improves alignment efficiency into repetitive regions, detects fragment size, and
increases the probability of the alignment to a reference [50, 22].

Semiconductor sequencing. Another remarkable sequencing platform called
IonTorrent™ is also available on the market. Instead of using laser scanners,
IonTorrent™ technology measures pH during the sequencing without using la-
beled nucleotides. However, the homopolymeric regions may cause errors due
to electronic signals corresponding to the number of released hydrogen ions [7].
To improve the sequencing indel error rates and reduce GC-bias the technology
comes up with a sequencing enzyme called Hi-Q [105].

1.3 ChIP-seq Read Mapping to the Reference

Raw data. Raw data of short sequenced tags often appear in FASTQ [3] format
containing sequence information and quality scores, and may often contain 10s
to 100s million reads. In FASTQ files each entry is associated with 4 lines:

@SEQ_ID
GATTTGGGGTTCAAAGCAGTATCGATCAAATAGTAAATCCATTTGTTCAACTCACAGTTT
+
!’’*((((***+))%%%++)(%%%%).1***-+*’’))**55CCF>>>>>>CCCCCCC65

First line contains sequence identifier and additional information. Second line
contains a short read in standard nucleotide code. Third line always begins with
’+’ character. And the last line encodes quality value for the short read from the
second line.

Alignment. The sequence information from FASTQ files should be recon-
structed by the alignment to the reference genome and finding overlaps. Sev-
eral alignment tools have been developed based on extended Burrows-Wheeler
transform (BWT). The algorithm was developed in 1994 as a data compression
technique [57, 94]. And at the end of the 2000s was applied in the NGS field [93].
Suitable tools [56, 57, 51] map sequenced reads producing SAM (Sequence Align-
ment Map) [4], BAM (Binary Alignment Map) [4], or relatively new CRAM [2]
output. BAM format is a widely used standard so far.

Many mapping software tools can search for exon junctions. However, unlike
RNA-seq, the ChIP-seq experiment does not require to find spliced alignment.
Thus the optimal setting of the parameters is to disable the spliced alignment
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and minimize the number of the allowed mismatches, increasing the number of
the unique mapped reads and simplify further analysis [28].

Mismatches. Alignment mismatches can be observed due to the biological dif-
ferences between the genotype of the analyzed organism (indels and SNPs) and
the reference genome [76]. It is also possible to observe differences between ref-
erence and mapped tags due to contamination by the adapters or primers, which
can be computationally filtered when their sequence is known [69]. Sequencing
platforms may also produce sequence-specific errors (SSE). Some of them may be
avoided or minimized by the improvement of the experimental procedure. The
latest experiments tend to increase the number of sequencing cycles up to 150
bp. During the sequencing of the longer reads on the Illumina™ platform, errors
are more likely to be produced [69].

Mapping sensitivity. Some sequences are able to fit more than one location
in the reference. Thus, allowing the random site for multiple mapped reads may
increase the sensitivity of peak detection. The ratio of the unique mapped reads
over the total number of mapped reads is one of the parameters of the library
quality assessment and should not be below 50% [92].

1.4 Quality control and computational analysis
workflow

ChIP-seq data analysis is a powerful tool to get new insight into transcription con-
trol machinery and other biological processes. However, computational pipelines
have not been straightforward; and new tools and analysis pipelines are needed
to be developed.

NCBI’s SRA and GEO [12] are the largest central public domains containing
a vast amount of published genomic data, including ChIP-seq datasets. Many al-
gorithms and tools have been introduced for addressing specific aspects of compu-
tational analysis. As was mentioned above, raw data often appear in FASTQ for-
mat. Processing pipelines are developed to make raw sequence reads annotated.
Low-quality data can be filtered before alignment to the reference. But such
filtering is not necessary due to the inability of such sequences to be aligned [37].

Quality problems. Data quality problem is one of the most critical ChIP-seq
experiment issues due to artifacts and noise reproducibility. In a typical TF study
reads mapped to the same genomic coordinate are filtered as redundant, because
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the expected number of mapped reads per genomic position is less than or equal
to one. On the other hand, highly repetitive regions such as rDNA, long repetitive
elements such as segmental duplication regions are the regions linked to important
biological functions [70]. But the annotation of such regions is challenging and
requires special algorithms that take such regions into account [25].

Quality metrics. Data processing routine requires quality control at an early
step, reducing further downstream analysis problems [31]. To obtain reliable
results, it is essential to have a complex ChIP-seq library. The complexity is
measured by the non-redundant fraction (NRF), which is one of the QC-metrics.
The fraction is defined as the ratio between uniquely mapped reads over the total
number of reads [55].

Other quality metrics that can be used to assess a ChIP sample are normal-
ized cross-correlation (NSC) and relative cross-correlation (RSC) metrics of the
fragment length and read length [55, 62]. The directionality of the sequencing
reads produces bimodal enrichment on both strands centered around the binding
site of the protein of interest. The cross-correlation metric can evaluate each
obtained peak. The calculation is based on Pearson’s linear correlation between
forward and reverse strand for each complementary base by shifting the minus
strand. The procedure generates two peaks, a bigger one corresponding to the
fragment length, and a smaller one is associated with a read length.

1.5 The best strategy

Extracting useful information from huge data repositories combines techniques
from computer science and statistics [36]. In terms of ChIP-seq, the main goal is
to distinguish significant enrichment events from background noise and to com-
pare multiple profiles that are linked to the biological functions. The process of
discovering patterns in large datasets is critically dependent on high data quality.
Cell culture conditions, incubation, ChIP, and library construction may cause
variability between datasets. To identify true ChIP signals the availability of at
least two biological replicates is necessary [50]. The availability of two or more
replicates helps to assess whether the signal is a true biological event or just a
random variation.

The ChIP-seq experiment should be consistent. The candidate peak regions
should have a similar signal profile, and that consistency is measured by the
percentage of the overlapping peaks, correlation coefficient over selected intervals,
and Irreproducible Discovery rate (IDR) [92].
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For proper binding site detection, the fragmented chromatin is divided into
two portions. One portion undergoes all the immunoprecipitation procedure de-
scribed above, whereas the other is sequenced directly. This is referred to as an
input control dataset and used to normalize IP sequencing results [50]. Another
control dataset can be generated using IP protocol, with an irrelevant antibody
− mock IP [35]. Both controls are informative and have advantages as well as
disadvantages. The choice of the right control dataset will be described more in
detail in section 3.5.

In addition to both input and mock normalization methods, there is also
spike-in normalization, in which foreign chromatin is used as internal control and
helps avoid several biases [18]. Spike-based signal adjustment allows comparing
the occupancy levels. By adding a constant low amount of foreign chromatin to
samples before immunoprecipitation, the method can help detect global changes
in occupancy.
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2. Peak Calling
The computational method of the protein-chromatin binding event identification
plays a central role in ChIP-seq analysis. Peak calling is a statistical procedure.
With usage of files having sufficient quality of the mapped IP and control sample,
this method produces a BED [1] file. This format represents a set of genomic
locations associated with a significance score.

2.1 Identification of enriched regions using peak
calling

After read mapping to the reference, the next step is to identify loci with high
read density comparatively to the background, referred to ChIP-seq signals, or
simply peaks. More than 30 algorithms and tools have been implemented to solve
that computational problem [22]. The choice of the right peak caller is crucial
and depends on the type of experiment [70], e.g. TF binding event identification
vs. detection of broadly distributed histone marks.

Peak profile. Suitable software builds a peak profile along each chromosome.
All the peak profiles can be divided into three categories [76]. Sharp peaks are
typical for TF due to dependency on motif sequence [55]. Histones have relatively
non-specific positioning on the DNA [54]. Thus the peak profile is broad and can
reach several kilobases. The third peak type is a mix of sharp and broad signals, a

B DC A 

Figure 2.1: Illustration of individual reads mapping to the forward (blue) and
reverse (red) strand, building the good bimodal binding site prfile (A, B, C) and
false positive (D).
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typical pattern for RNA polymerase II and transcription elongation factor [97, 59].
The very first extended set methodology to calculate peak profile density was

presented in 2007 [83]. Fragments are sequenced from 5′ to 3′ end, and the
minimal required length of a sequenced read is 36 bp. But the real fragment of
DNA is longer, and thus the interaction of the protein of interest is somewhere on
that size-selected longer DNA fragment. Each read is computationally extended
in the 3′− direction. Regions are scored by the number of overlapping reads and
assessed as a candidate peak.

Sequence directionality sets the stage for a smoothed profile. The strand-
specific read distributions form a bimodal pattern combined by shifting or ex-
tending tags toward the center [104]. The example of strand-specific distribution
is shown on Figure 2.1.

Assesment of the candidate regions. After scanning through the genome
and finding a large number of candidate regions estimating null distribution, the
quality of the detected peaks should be determined. From generated data, the
candidate signal may be either a false or true binding event.

Standard biological research has some rate of false positives. Due to that there
is no absolute proof or absolute rejection of the results in ChIP-seq studies, the
analysis works with probabilities. The end goal of the ChIP-seq experiment is to
define the genomic loci of possible protein binding events. The null hypothesis H0

is the default assumption for the model generating the data; the alternative hy-
pothesis HA is accepted as the best explanation for the data if the H0 is rejected.
The candidate signal of a binding event is represented as an alternative hypoth-
esis HA, and H0 is that there is no actual binding. To describe the statistical
significance of the individual hypothesis, a p-value is calculated.

Different scientific studies based on statistical approaches utilize either p-value
or confidence intervals concepts. Even though those two concepts are complemen-
tary, many biological and medical studies prefer confidence intervals to p-value
because of showing the potential range of results [33]. However, there are several
reasons why the utilization of the p-value in the ChIP-seq studies is more suitable
than confidence intervals.

The early approach was to assume that the background noise is uniform;
However, the usage of the control dataset shows that the different biases make the
uniform model too ideal to be true [83]. That is why all peak calling algorithms
make all the output signals associated with p-value [24] to determine statistical
significance in a hypothesis test. The incorrect rejection on the null hypothesis
produces the Type-I error known as a “false positive”. In the context of ChIP-seq
analysis, this type of error occurs when there is no actual binding event, but
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the peak caller shows that there is. The inversion of Type-I error is Type-II
error, which is referred to as a “false negative”. Considering the common clinical
experiments, the “false negative” error type is seen as less serious than the “false
positive” error. However, in ChIP-seq experiment, the false positives can be
checked by qPCR experiment, whereas the “false negatives” are going to be lost.

In 2.2 and 2.3 we give an explanation of basic statistics used for peak evalua-
tion in more detail.

2.2 Introduction into Hypothesis Testing

In this section, we give a light introduction into hypothesis testing, from the point
of view of classical statistics. It is a very important part of statistcs, often used
in biological research. In this whole part, we loosely follow [17].

In general, hypotheses are assumptions or statements about parameters of
probability distributions. These statements can be either true or false. Further,
we can distighuish several types of hypotheses:

• Simple: the parameter takes one specific value.

• Composite: the parameter takes one specific value.

• One-sided: the parameter is on one side of some specific value.

• Two-sided: the parameter is on two sides of some specific value.

Null and alternative hypotheses. The status quo, or our belief, is typically
represented by the null hypothesis, denoted by H0. The complementary view is
represented by the alternative hypothesis, usually denoted by HA, or also by H1.
The alternative hypothesis can be for example the complement, or the “one-sided”
complement of H0.

Testing. In classical statistics, testing hypothesis is performed in several steps.
First, we designs an experiment. Next, it is necessary to collect the data. Finally,
we check whether the date is consistent with the null hypothesis H0.

If indeed the date is consistent with H0, then we do not reject the null hypoth-
esis H0. On the other hand, if the data is inconsistent with the null hypothesis
H0, we reject H0 in favor of the alternative hypothesis HA.

Equivalently, we could say that we do reject H0 if there is a strong evidence
towards the alternative, and we do not reject H0 if there is not a strong evindence
towards the alternative.
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In the following PH0 denotes the probability under the assumption that H0 is
true. Slightly more formally, the whole process could be summarized as follows:

• Define a numerical outcome X of the experiment, called the test statistic.
More precisely, T is some function of the data related to the experiment.

• Determine the distribution of X under the hypothesis H0, i.e., determine
the probabilities PH0(X = x), for all possible values of x.

• Determine the value x of X for the observed data.

• Look at the probability PH0(x). If it is large, then we say that the data is
consistent with H0 and we do not reject H0. If it is small, then we reject
H0 in favor of HA.

Note that we give the words “large” and “small” a more precise meaning later,
when we discuss error types.

Remark. It is important to note the asymmetry between the null hypothesis
and alternative hypothesis. The null hypothesis can be rejected towards the
alternative, thus confirming the alternative. The other option is that we do not
reject the null hypothesis, which means that our data are no inconsistent with
the null. This does not mean that we confirm the null hypothesis.

Types of errors. There are in general two types of errors.

• Type-I error (false positive): we reject the null hypothesis even though it is
true.

• Type-II error (false negative): we do not reject null hypothesis even though
it is not true.

Usually the type-I error is much more significant and we describe two possible
methods to deal with them.

Recall that we want to reject the null hypothesis only if there is strong evei-
dence for the alternative. To make this statement more precise using probability,
let α be some small constant, called significance level (typically 0, 01 or 0.05).
Now, we say that if H0 is true, then accept HA with probability at most α, i.e.,

PH0(accept HA) ≤ α.

This exactly means that we want the probability of type-I error to be small. We
recall two methods to achieve this: critical-value and p-value.
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Critical-value. For give significance level α the critical-value xα is a threshold
such that such that if the numerical outcome of the experiment is greater or equal
than xα, we accept HA, and, otherwise, we do not reject H0. The number xα

depends on α, and recall that α is an upper bound for the probability of type-I
error. So, if we make α very small, we will accept HA only for large values.

To find xα, it suffices to note that by definition

PH0(X ≥ xα) = PH0(falsely accept HA) ≤ α.

Thus, we need
PH0(X ≥ xα) ≤ α.

However, if we set xα unnecessarily large, we will amost never accept HA. There-
fore, we look for the smallest x such that PH0(X ≥ x) ≤ α and set this to be the
cirtical-value xα.

p-value. Instead of finding the critical-values, one can directly work with the
distribution X, which is the motivation for p-values. Notice that for a cricital
value xα, we accept HA if and only if x ≥ xα. This is equivalent to

PH0(X ≥ x) ≤ PH0(X ≥ xα) ≤ α.

Similarly, we do not reject H0 if an only if x < xα, which is equivalent to

PH0(X ≥ x) > α.

This, we can define the p-value of x to be just the probability PH0(X ≥ x). This
gives us the same regions for H0 and HA without knowing xα, which can be hard
to compute for some distributions.

Let us summarize what we obtained. For a significance level α and an outcome
of the experiment x, it suffices to it suffices to look at the probability PH0(X ≥ x).
If PH0(X ≥ x) ≥ α, we can accept HA, otherwise we do not reject H0.

2.3 Multiple hypothesis testing

In this section, we continue with a light introduction to multiple hypothesis test-
ing, false discovery rate (FDR), and q-value. The term q-value was defined orig-
inally in [100] in order to controll the false discovery rate in multiple hypothesis
testing. In this section, we follow this paper.

As mentioned in the previous section, when testing one hypothesis, we are
typically concerend with controlling the false positive rate. In other words, we
are maximizing the power while keeping the Type-I error rate below some level.
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In the field of multiple hypothesis testing this basic paradigm is extended to the
situation where several hypothesis are tested simultaneously. The challenge is to
define an appropriate measure of false psitives one is willing to encounter.

FWER. Until 90’s the most common measure for testing multiple hypothesis is
family wise error rate (FWER), which is defined to be the probability of getting
one or more false positives out of all tested hypotheses, i.e.,

FWER := P (V ≥ 1),

where V is the number of false positives. For example, if α is a significance level
(as in the previous section) and there are m hypotheses tested, then each test is
controlled so that the probability of getting a false positive is less than or equal to
α/m. Clearly, then the overall FWER is less than or equal to α. This method is
called Bonferroni’s method and other methods can be found, for example, in [90].

In some instances of multiple hypothesis testing, one might be more concerned
about the rate of false positives among all rejected hypotheses rather than the
probability of making some Type-I errors. In this regard FWER gives a very strict
cirterion, which is not always appropriate. In other words, FWER is conservative
in order to avoid false positives at the cost of being less powerfull, i.e., it has
lower probability of rejecting the null hypothesis correctly.

FDR. In a seminal paper, Benjamini and Hochberg introduced introduced an
error measure for multiple hypothesis testing called the false dicovery rate (FDR).
To define this, we will first need to fix some notation.

Suppose we have m null hypotheses, denoted by H1, . . . , Hm. As described
in the previous section, using a statistical test, we reject the null hypotheses
if the test is declared significant, otherwise we do not reject it. By taking the
sum of each type of outcome over all Hi, we get the following important random
variables:

• V , the number of false positives (also called Type-I error or false discover-
ies),

• S, the number of true positives (also called true discoveries),

• T , the number of false negatives (also called Type-II error),

• U , the number of true negatives,

• R = V + S, the number of rejected null hypotheses (also called discoveries,
true or false).
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Let m0 be the number of true null hypotheses. Out of m hypothesis tests, R is
a random variable that we can actually observe and the other random variables
S, T , U and V are unobservable. The whole situation can be summarized in the
following table:

Null is true Alternative is true Total
Null is rejected V S R

Null is not rejected U T m − R

Total m0 m − m0 m

Benjamini and Hochberg (1995) [14], defined the false discovery rate by

FDR := E(V/R | R > 0) · P (R > 0),

where E(·) denotes the expected value. To explain this formula, it is worth noting
that we are really interested in the expected value of the ratio V/R, and the use of
the conditional expectation is just a technicallity to avoid division by zero. Thus,
FDR is the expected proportion of the false discoveries among the discoveries
(rejections of the null hypothesis). The goal is to keep FDR below some treshold.

Benjamini and Hochberg also proposed a procedure for controlling FDR and it
can be briefly described as follows. For the m hypothesis tests we obtain p-values
p1, . . . , pm and without loss of generality we may assume that p1 ≤ · · · ≤ pm.
Benjamini and Hochberg caculate the quantity

k′ := arg max
1≤k≤m

{k : pk ≤ α · k/m},

where α is the significance level. Now, rejecting null hypotheses corresponding
to the p-values p1, . . . , pk′ results in

FDR = m0/m · α ≤ α.

Note that, the definition of FDR uses expected value, and therefore it is not
guaranteed that for any set of data V/R ≤ α. The expected value tells us
only that the long term long-term behaviour (expected) of this procedure gives
FDR ≤ α. The FDR is less conservative and in many situations it is arguably
more appropriate approach thatn FWER. This implies that FDR has more power,
i.e., a higher probability of correctly rejecting the null hypotheses, at the cost of
increased number of false positives.

pFDR. The positive false discovery rate (pFDR) is a modified version of FDR,
originally introduced in [100]. The author motivates the concept as follows.
Probably, the most obvious definition of FDR would be just the expected value
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E(V/R), however, this is not well-defined if R = 0. Then, as already mentioned,
the formula in the definition of FDR is one possible quantity that can fix this
problem. Another possible quantity would be the positive false discovery rate,
defined by

pFDR := E(V/R | R > 0).

q-value. In [100], the q-value was introduced as the pFDR analogue of the p-
value. It gives a hypothesis testing error measure for each observed statistic with
respect to the pFDR.

To introduce the q-value, we need some new notation. For a given significance
level α, let Γα be the region on the real line where null hypothesis is rejected, i.e.,

PH0(T ∈ Γα) = α,

where T is the test statistic of the observed data. If α′ ≤ α, we have Γα′ ⊆ Γα. A
reformulation of the definition of the p-value of an observed statistic T = t from
the previous section is

p-value(t) := inf
{Γα:t∈Γα}

{PH0(T ∈ Γα)},

where inf{·} denotes the infimum of a set.
The q-value is is defined for an observed statistic T = t in an analogous way.

Namely,
q-value(t) := inf

{Γα:t∈Γα}
pFDR(Γα).

Thus, the q-value is the infimum of the pFDR if H0 is rejected for test statistics
with values greater or equal than t. Equivalently, the q-value is the infimum of
the probability that H0 is true given that H0 is rejected (the false discovery rate).

A possible interpretation is the following: the proportion of the false positives
among all positive results. For a set of test statistics and their q-values, rejecting
the null hypothesis for all tests q-value is less than or equal to some α ensures
that the expected value of the false discovery rate is α.

2.4 Statistical Sin and Reliability of the Ob-
tained List of ChIP-seq Signals After Peak
Calling Procedure

Most programs for identification of the enriched regions (peaks) work as follow:
candidate signal are identified by analyzing along the genome, and then by com-
paring with the input or mock dataset(or with another IP data in case of the
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differential analysis) regions are evaluated. However, most of the software tools
use data twice to identify and assess the enrichment, which leads to a statistical
sin [61]. Moreover, the estimated p-values depend on the same data and result
in statistical bias. A similar problem can influence the result during ChIP-seq
analysis and in areas such as DNA variant calling [24].

Without a correctly calculated p-value, it is difficult to choose the right cut-
off, which influences the final results. Improper p-values lead to difficulties in
evaluating of reliability of a given set of peaks. It may also lead to loss of a true
binding event due to the biased statistical significance of such a peak, and further
downstream analysis will exhibit an error-prone result [24].

Solutions. A possible solution to that problem is to develop a new peak identifi-
cation approach to avoid double usage of the same data. However, many software
tools are good enough to be used, and recalibration of the obtained p-values is a
possible alternative resolve [24].

Peak identification process outputs typically tens of thousands of possible
binding loci, which are needed to be assessed. An obtained list of peak coordinates
may be annotated with the nearest gene. However, the lack of annotated actual
binding sites may limit the process of the validation of the experiment result [70].

The motif-discovery of a peak collection is another available approach. Typi-
cally the top-p-value-ranked peaks are undergoing the motif finding procedure [10]
Motifs are represented as a position weight matrix and sequence logo and suit-
able for the TF experiment due to the specificity of the binding protein. However,
for the proteins which bind without a preferable sequence such as histones, the
motif-based evaluation of the peak reliability is not suitable [70].

If more than one biological replicates are available, then another way to vali-
date signals is to assess the global similarity between replicates with a calculation
of the cross-correlation coefficient. IDR, which validates the rank consistency of
common peaks in replicates, is another way for the peak validation, which may
help to filter out false-positive peaks.

As was mentioned, the bimodal peak pattern is utilized in peak calling design.
Many false positives may be filtered out by analyzing the size and appearance
of the signal [87]. However, only a few methods utilize the analysis of the peak
shapes [43, 111].
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3. Sources of known biases and
artefacts in ChIP-seq
experiments

3.1 Effect of crosslinking time

Native ChIP is commonly used for the analysis of stable chromatin complexes [48]
and histones. However, this specific‘ ChIP is not able to fit in all kind of experi-
ments.

Transcription factor interactions would not withstand the isolation procedure
due to weak affinity to the DNA. Thus, it requires a crosslinking step.

Formaldehyde. Typical ChIP assay involves crosslinking using formaldehyde
reactivity. This smallest aldehyde has been applied for decades in numerous
fields [30, 109, 38]. In the chromatin immunoprecipitation, the ability of formalde-
hyde to crosslink with proteins and DNA to form protein-DNA or protein-protein
complexes provides identification of the location of transcription factor binding
along the DNA strand. This chemical reagent has several essential features that
define this reagent as a crosslinking fixative of choice for the ChIP-seq experi-
ment. Those properties are cell permeability, short chain length, rapid reactivity,
and crosslink reversibility.

Motif recognition. Unlike other essential regulatory proteins, transcription
factors contain at least one DNA-binding domain that contains at least one struc-
tural motif that specifically recognizes dsDNA or ssDNA [66]. Some transcription
factors bind non-specifically [101]; and it is also known, that site-specific TFs can
bind non-specifically [40, 64] but with weaker affinity. Several studies show that
different DNA-binding proteins spend some time non-specifically bound and slid-
ing along DNA [96, 65, 23, 44, 91]. The approach is that the search process is
a combination of three-dimensional and one-dimensional diffusion and also can
be statistically predicted [89]. Such non-specific accessibility of the genome in
different regions leads to the non-specific cross-linking events, which can increase
the rate of false-positive signals in further analysis.

Incubation time. The formaldehyde concentration, incubation time, and other
conditions can vary from experiment to experiment. Even though the effective
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crosslinking time is of the 5-second threshold, many laboratories use rather pro-
longed formaldehyde incubation time up to 30 min [88]. Soluble proteins not
expected to associate with DNA would be non-specifically captured at the open
chromatin loci. Shortening the incubation time traps preferentially genuine DNA-
protein binding events [11].

Antibody-beads also can non-specifically bind cross-linked complexes during
the immunoprecipitation step [114] and cause a raise of false-positive rate. It is
important to mention, such bias can appear due to formaldehyde excess [41].

3.2 Hyper ChIPable regions are another source
of false-positive signals

Another challenge the researcher can face during the ChIP-seq analysis is that
some regions are more susceptible to immunoprecipitation. Those areas may show
a strong signal for the loci where a protein of interest has no binding event [103].

Open chromatin. As was described in the previous section 3.1, crosslinking
using formaldehyde may trap mobile proteins in areas with promoters of actively
transcribed genes. Such promoters are localized in regions of open chromatin
where there is high transcription factor occupancy. That can explain the presence
of a ChIP signal. However, if there is no antigen in the sample, but the signals
are still present in the ChIP profile, the formaldehyde crosslinking bias cannot
explain such a fact [46].

The term high-occupancy target (HOT) region is used to describe sites of
highly expressed genes [103]. Such loci are characterized by the apparent oc-
cupancy of multiple unrelated TFs and transcription machinery proteins [19].
Unstructured globule surface of proteins sometimes caused by low sequence com-
plexity may interact non-specifically with beads or antibodies during immunopre-
cipitation [103]. TFs in protein complexes reach specific conformation only during
the interaction between components. That specificity can be disrupted (for ex-
ample, by sonication) and exhibit unstructured surface, which after IP leads to
a hyper-ChIPability [46]. Several studies have described that phenomenon in
different organisms [19, 32, 53, 103, 107, 112].

The HOT region location is typically at promoters of highly expressed genes
close to the transcription start site (TSS), and these genes are required for essen-
tial cellular functions [110].

21



Knockout implemented normalization. One possible solution is to use the
so-called Knockout Implemented Normalization (KOIN) method, where the tar-
get TF is not present [53]. Knokout dataset utilize mutations directly to the
gene encoding the target TF. This leads to absence of the target TF and may
be used as an alternative to input control dataset. This method significantly
improves false-positive identification, which can help more accurate downstream
interpretation during analysis [110].

3.3 GC content bias in ChIP-seq is challenging

Effective analysis requires sufficient coverage by sequence reads. The sequenced
reads must overlap to achieve the required level of resolution for a ChIP experi-
ment. Whereby the experiment requires many copies of a whole genome. Nowa-
days ChIP purified DNA is obtained from many cells. Multiple genome copies
provide a sufficient number of overlapping reads after cleavage and sequencing.

The coverage for ChIP-seq varies across experiments due to GC-content bias,
and that variability may introduce false-positive signals during downstream anal-
ysis.

PCR amplification. Loci with high GC base composition are often under-
represented, and such bias has been observed in several NGS experiments [15,
29, 102]. This bias tends to have appeared during the PCR amplification [86].
It is known that GC-rich DNA targets are less amenable to amplification due to
base-stacking interations [113].

Both PCR amplification during library construction and PCR for cluster am-
plification on the Illumina platform play role. The first case has many potential
solutions to avoid the bias during library construction step. It requires preparing
a larger amount of the input DNA to avoid PCR itself, or PCR step with extensive
optimization such as annealing time and temperatures and primer specificity [6].
The possible problem of Illumina flowcell bridge amplification may occur due to
secondary structures. GC-rich sequences form hairpins, which are stable and stay
unmelted at usual PCR denaturation temperatures [99].

Fragmentation. Fragmentation is the first step in the DNA sequencing pro-
cess. This step ensures the crosslinked DNA-protein complexes are soluble and
accessible to antibody. Using enzymatic digestion or mechanical shearing DNA
with crosslinked proteins is broken up into short fragments. After immunopre-
cipitation one or both ends of the fragment are sequenced.
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The early assumption was that genomic DNA breaks randomly. However, the
experiment [77] with different methods of DNA fragmentation showed that the
rates of double-strand breaks are sequence-dependent. This dependency may also
cause the GC-bias.

However, true binding sites of the protein of interest may be expected to occur
in high GC regions. For some organisms those regions have biological relevance
such as promotor regions. Modeling of the GC-content at the fragment level [15]
is the optimal approach, but is not directly applicable to ChIP-seq analysis. The
method for correction of this kind of bias was presented [102]. Incorporation of
the approach into current peak callers shows substantial improvements in signal
finding. However, the method is not suitable for identification of broad peaks
such as histone modifications.

3.4 Problematic regions of the genome

Accurate annotation of the genome assembly is required to get proper information
after mapping of the sequenced reads. Unfortunately, some genomes may contain
misassembled regions and gaps. As we mentioned in 3.3, a high GC-content may
cause sequencing problems. Also centromeric, telomeric and repetitive regions
may cause assembly difficulties [8, 58]. Recent long-read sequencing technolo-
gies [34] and newly developed software help generate more accurate de novo as-
semblies [82]. Even though new assemblies are generated using accurate modern
methods, such under-represented regions in the reference can bias the ChIP-seq
results and produce an ambiguous outcome [21]. One possible solution is to de-
tect and remove such regions when analyzing data to improve the assessment of
biologically relevant signals during normalization and peak calling [8].

3.5 Input versus MOCK

Earlier in section 1.5 we mentioned two basic types of control data. DNA cross-
linked and fragmented under the same conditions as IP is the most common
control sample (whole-cell extract WCE) [50, 55]. WCE is referred to as an input
control dataset.

The second one is IgG/GFP control (also known as mock), where IP lacks
specific interactions due to absence of required epitope on target protein or due
to using antibodies which cannot recognize the target protein [55, 92]. The the-
oretical distribution of noise is expected to be uniform [83]. However, existing
technical and biological biases require either input or mock control dataset.
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The high content of PCR duplicates, which appear due to the limited com-
plexity of the mock sample, results in problematic normalization, making mock
control less favorable than an input [50]. Direct sequencing of crosslinked chro-
matin without IP contains the bias of sonication and is able to normalize that
bias [49]. Therefore, input control is recommended to distinguish real signals
from artifacts. Also, input datasets produced from the same cell line under the
same circumstances may be combined into one file [63].

Even if the input is preferred to mock due to library complexity, there is
still the presence of biases, which cannot be removed using only input control.
Expression and open chromatin biases appear in the ChIP-seq experiment, and
the mock IP as control can correct such a factor [75].

24



Conclusion
In the first chapter of the thesis we made a brief overview of ChIP-seq experi-
mental design, and its computational analysis. This method had been in use for
a decade, however, it is still a powerful tool for understanding processes of the
genome of interest.

The second chapter was about a computational tool called peak calling. In
this section we mentioned basic statistics utilized in peak calling evaluation. Also,
we mentioned popular peak calling tools based on a different statistical model. It
is also good to know that even a well-designed tool has its limitations and may
give rise to false-positive signals.

The last section was about known causes of false signals, which may be ob-
tained during a ChIP-seq experiment. Some false signals are caused by the nature
of the genome. Others are raised due to sequencing and computational issues.
This section also contains a theoretical description of possible solutions.
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