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ABSTRACT

Chromatin immunoprecipitation followed by sequencing (ChIP-seq) is a central method in epigenomic research.
Genome-wide analysis of histone modifications, such as enhancer analysis and genome-wide chromatin state
annotation, enables systematic analysis of how the epigenomic landscape contributes to cell identity, develop-
ment, lineage specification, and disease. In this review, we first present a typical ChIP-seq analysis workflow,
from quality assessment to chromatin-state annotation. We focus on practical, rather than theoretical, ap-
proaches for biological studies. Next, we outline various advanced ChIP-seq applications and introduce several
state-of-the-art methods, including prediction of gene expression level and chromatin loops from epigenome data
and data imputation. Finally, we discuss recently developed single-cell ChIP-seq analysis methodologies that

elucidate the cellular diversity within complex tissues and cancers.

1. Introduction

Chromatin immunoprecipitation followed by sequencing (ChIP-seq)
analysis is a key technology in epigenomic research. This method uses an
antibody for a specific DNA-binding protein or a histone modification to
identify enriched loci within a genome [1,2]. Histone modifications are
used in the ChIP-seq analysis field to dissect the characteristics and the
biological functions of epigenetic signatures. Advances in next-
generation sequencing (NGS) technology and computational analysis
enable us to systematically understand how the epigenomic landscape
contributes to cell identity [3], development [4], lineage specification
[5-8], cancer [9], and other diseases [10,11].

Five “core histone marks”, proposed by Roadmap Epigenomics
Consortium [12], are widely used for ChIP-seq analysis:

e H3 lysine 4 monomethylation (H3K4mel) or H3 lysine 27 acetyla-
tion (H3K27ac), which is associated with enhancer regions;

e H3 lysine 4 trimethylation (H3K4me3), which is associated with
promoter regions;

e H3 lysine 36 trimethylation (H3K36me3), which is associated with
transcribed regions in gene bodies;

e H3 lysine 27 trimethylation (H3K27me3), which is associated with
Polycomb repression; and

* Corresponding author.

e H3 lysine 9 trimethylation (H3K9me3), which is associated with
heterochromatin.

In addition to genome-wide identification of specific epigenome
marks (e.g., enhancers) in a specific cell-line [13], core histone mark
enrichment profiles are used to segment and annotate whole-genome
regions into distinct “chromatin states,” which represent more detailed
characteristic epigenetic signatures (e.g., weak transcription and poised
promoter) [3]. Maturation of high-quality ChIP-seq databases by large
consortia such as ENCODE [14], the Roadmap Epigenomics Consortium
[12], and the International Human Epigenome Consortium (IHEC) [15]
accelerate chromatin state annotation for various cell lines and tissues.
Many studies leverage the accumulated epigenomic information to infer
additional genome dynamics using machine-learning approaches.

In this review, we first address the major steps in a typical ChIP-seq
computational analysis workflow. Because there are numerous impor-
tant studies in this field, we focus on outlining the concept for each step
by referencing previous important reviews instead of describing each
method. Next, we introduce several advanced ChIP-seq applications for
histone modifications, including prediction of gene expression level and
enhancer-promoter looping, and data imputation. Finally, we discuss
recently developed methodologies for single-cell ChIP-seq (scChIP-seq)
analysis that elucidate the cellular diversity within complex tissues and
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cancers.
2. ChIP-seq analysis workflow

In this section, we describe the step-by-step workflow of a typical
ChlIP-seq analysis (Fig. 1). Also, see our previous review [16] for details
and considerations for each step.

2.1. Environmental setup

Computational tools for NGS analysis are written in various
computational languages such as C++, R, Python, Java, and Perl. Each
language requires a different setup method. While most are executed on
Linux systems, Mac terminal and Windows Subsystem for Linux (WSL)
can also be used (note that some specific errors might occur due to
different library names and dependencies). One major upcoming issue is
that Python2 will not be maintained after 2020 (https://www.python.
org/doc/sunset-python-2/). There are several tools that require Py-
thon2 but have not been updated to Python3 (e.g., Peakzilla [17] and
ChromTIME [18]). In the near future, users will have to consider
replacing these packages for newer alternatives. If users want to keep
using these older applications (e.g., because current analysis pipelines
for big projects are difficult to modify), virtual environments like Docker
(https://www.docker.com/) or Singularity (https://sylabs.io/) provide
a secure, isolated analysis environment. Several computational tools and
analysis pipelines are released as Docker images, which are download-
able pre-compiled computational environments. These images remove
difficult extraction and installation.

2.2. Downloading ChIP-seq data from public databases
Multiple public databases are available to download ChIP-seq data of

histone modifications (Table 1). We recently published an epigenome
database for human endothelial cells (entry 4 in Table 1), which

(A) sample preparation and sequencing
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Table 1

Public ChIP-seq databases.
Database URL Reference
ENCODE portal https://www.encodeproject.org/ [118]
ROADMAP epigenome http://www.roadmapepigenomics. [12]

database org/

THEC Data Portal https://epigenomesportal.ca/ihec/ [119]
Epigenome database for https://rnakato.github. [19]

human endothelial cells io/HumanEndothelialEpigenome/

contains 424 histone modification ChIP-seq and 67 RNA sequencing
(RNA-seq) datasets obtained from nine blood vessel types from the
human body [19]. Various data types are available (e.g., reads, mapfiles,
bigwig files, and peak lists), that are suitable as ChIP-seq analysis
tutorial data.

2.3. Technical considerations of ChIP-seq analysis for histone
modifications

The reliability of a ChIP analysis is governed by antibody quality,
including specificity and signal-to-noise ratio (S/N) [20]. Since the false-
positive enriched sites derived from nonspecific antibody-DNA binding
may confound the analysis, unexpected ChIP-seq results should be
validated using multiple antibodies [21].

While most ChIP-seq tools are designed for sharp peaks that are
located at specific genomic positions, such as transcription start sites
(TSSs), some histone modifications are associated with large genomic
domains, resulting in broadly distributed enrichment regions [1].
H3K27me3 and H3K36me3 enrichments distribute across several hun-
dred kilobases, while H3K9me3 peaks often expand to a few megabases.
The enhancer markers, H3K27ac and H3K4mel, produce sharp peaks,
but sometimes construct broadly enriched regions called “super en-
hancers” [22]. H3K4me3 promoter markers can also cover broad do-
mains in mouse oocytes [23]. This peak shape and broadness variation
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Fig. 1. ChIP-seq analysis workflow. (A) Sample preparation and sequencing. (B) Computational analysis in a canonical ChIP-seq analysis. Various analyses are

implemented using normalized read distribution.
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affects the choice of optimal computational tools. For example, ROSE
[24] is specifically designed to detect super-enhancer sites, which
congregate multiple enhancer sites close together. Music [25] can esti-
mate the average sample peak width to be investigated.

2.4. Read mapping

The sequenced reads (FASTQ or CSFSATQ format) are mapped using
tools such as Bowtie [26], Bowtie2 [27], or BWA [28]. Bowtie2 and
BWA can consider indels (insertions and deletions) by gapped align-
ments, which is appropriate for long and/or paired-end reads (see [29]
for a comparison of mapping tools and parameters). There are several
output formats for map files, such as SAM, BAM, CRAM and tagAlign.
While the BAM format is the most widely used so far, the more space-
efficient CRAM format is maturing and will likely be the next standard
(https://www.ga4gh.org/cram/). After alignment, reads mapped to the
same genomic positions are filtered as redundant reads, and the
remaining nonredundant reads are used for analysis.

2.5. Peak calling

The peak-calling step identifies significantly enriched loci (peaks) in
the genome. Peak-calling results are generally returned in BED format.
Although ChIP-seq peaks do not have strand information, it can be
estimated from the gene information when focusing on the histone
marks that are enriched around TSS, for instance. While MACS2 [30] is
the most commonly used peak-calling tool, numerous peak-calling tools
were recently developed (see [16,31,32] for reviews). However, no tool
can achieve 100% accuracy. Therefore, a practical strategy is to obtain a
large number of peaks with a relaxed threshold that contain true posi-
tives and noise, and then extract subgroups using another way to
improve specificity, e.g. selecting consistent signal among biological
replicates using the Irreproducible Discovery Rate (IDR) [20].

2.6. ChIP-seq data quality assessment

Quality check (QC) of ChIP-seq samples is critical to judge whether
sequencing data are of high quality and suitable for further analyses.
Various quantitative QC measures have been developed [16,20]. Among
them, the particularly important metrics are:

e Mapping ratio, which reflects read quality and the proportion of
sequenced reads that are derived from true genomic DNA. For
example, the mapping ratio for samples sequenced by Illumina HiSeq
System (e.g., Hiseq2500) should be over 80%. The exception is a
sample for non-DNA-binding proteins such as IgG, which often has a
lower mapping ratio (~60%).

Read depth (the number of nonredundant mapped reads). Sufficient
read depth depends on the genome size and the antibody S/N ratio
[1]. The ENCODE consortium suggested at least 10 million uniquely
mapped reads as a minimum to analyze sharp-mode peaks of human
samples [20]. Broad histone marks often have weaker S/N and
require more reads (e.g., >40 million for human) as a practical
minimum for peak calling [33].

Library complexity (the proportion of nonredundant reads). It ranges
from 0 to 1.0, and the ENCODE consortium suggested the
complexity > 0.8 for 10 million mapped reads [20]. Lower values
(less than 0.6) indicate excessive PCR amplification from a small
amount of initial DNA [16].

The normalized strand coefficient (NSC, obtained by SSP [34]), a S/N
indicator for both sharp and broad marks (phantompeakqualtools
[20] can only calculate NSC for sharp marks). In-depth validation
using>1,000 publicly available ChIP-seq datasets for multiple spe-
cies suggested that the recommended threshold value is NSC > 5.0
and NSC > 1.5 for sharp and broad marks, respectively [34]. Input
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samples should have a low S/N and therefore NSC values should be
<2.0.
Background uniformity (Bu) [34]. Bu reflects the read distribution
bias in background regions and ranges from 0 to 1.0. Low values (less
than 0.8) suggest that the read distribution is more congregated or
biased than expected, resulting in numerous false positives in ob-
tained peaks [35]. For the genome that has extensive copy-number
variations (e.g., MCF-7 cells), a relaxed threshold value (>0.6) is
desirable.

e GC summit bias, reflecting biases during immunoprecipitation and
PCR amplification [35]. In general, the GC summit of typical ChIP-
seq data becomes similar to the reference genome (e.g., ~50% for
human [19]). Unexpected GC-rich summit (e.g., over 60% for
human) is often manifested due to PCR amplification biases [35]
and/or false-positive peaks derived from ’hyper-ChIPable’ regions
associated with CpG islands [36].

Fig. 2 shows the QC metrics for six histone modifications in 127 cell
types from the ROADMAP project, consisting of sharp (H3K27ac,
H3K4mel and H3K4me3) and broad marks (H3K27me3, H3K36me3,
and H3K9me3), along with input samples. Though the number of peaks
can be an initial indicator of a successful ChIP experiment, peak number
is not suitable for comparison among ChIP samples because it strongly
depends on the peak calling threshold. Additionally, a single enriched
region can be often divided into multiple subregions, particularly in
broad marks [37]. For example, H3K4me3 has the lowest peak number
distribution, but the largest SSP-NSC distribution, indicative of a smaller
number of stronger peaks (Fig. 2A). Fig. 2A also shows that there are a
few samples that are highly GC-rich (>60%) or have a low Bu score
(<0.8). This result suggests that the obtained peaks from the samples are
less reliable and should be handled with care in the comparative anal-
ysis. Finally, inter-sample comparison using correlation heatmaps based
on read distribution (Fig. 2B) is a good way to identify other suspicious
samples, such as mislabeled samples or other human-introduced errors.

2.7. Visualization

Having developed various statistical methods and quality metrics for
ChIP-seq data, visual inspection of read distribution is effective to
intuitively assess and analyze the obtained data, e.g., detecting suspi-
cious peaks derived from hyper-ChIPable regions [36]. For that, inter-
active visualization tools such as Integrated Genome Viewer (IGV) [38]
or SeqMonk (https://www.bioinformatics.babraham.ac.uk/projects
/seqmonk/) are available. Several web servers (e.g. UCSC genome
browser [39] and WashU Epigenome Browser [40]) can integrate the
obtained ChIP-seq results with other annotation data, such as evolu-
tionary conservation and gene expression in various tissues.

2.8. Normalization for comparative analysis

Read normalization is essential to mitigate technical variance before
comparative analysis [35]. Simple total read normalization is commonly
used, which scales the sample read number to be the same. The under-
lying assumption is that the difference in mapped reads among samples
is sufficiently smaller than the total read number. This assumption is not
always satisfied, and therefore, several methods have been developed to
identify differentially enriched regions between two conditions, some of
which are specifically designed for histone modification data [41,42].
Since the obtained results vary considerably among tools due to the
underlying statistical assumptions, the choice of method will crucially
impact the outcome [43].

Quantitative comparison across more than two groups is more
complicated. When the expected S/N value is similar among samples,
statistical methods for differential gene expression analysis can be used
[44]. It is also possible to utilize quantile normalization [19] when the
S/N for most common peaks is similar among samples (e.g., a single
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Fig. 2. QC analysis example using ROADMAP histone modification data. (A) Distribution of four QC scores for six histone modifications and input samples: NSC (log-
scale) obtained by SSP; Peak number obtained by MACS2; Background uniformity obtained by SSP; and GC summits obtained by DROMPAplus. Data are from
reference [34]. (B) Pearson-correlation heatmap of H3K36me3 read distribution for 117 cell types from Roadmap epigenome database, generated by deepTools

[116]. Some samples with low correlation are highlighted in beige.

antibody for all samples). If the S/N highly varies among samples (e.g.,
between with and without stimulation), consider spike-in analysis (also
called calibration analysis) [45,46]. This method is a wet-based solution
that adds the same amount of DNA from a different species to all samples
before or after immunoprecipitation and estimates the weight coeffi-
cient based on the number of derived reads. In contrast to computational
normalization methods that are limited to relative differences, spike-in
ChlIP-seq enables investigation of absolute-level differences [16]. How-
ever, quantitative ChIP-seq comparisons are still often confounded by
intrinsic noisiness and variability caused by multi-step sample prepa-
ration, even after normalization [43]. In this case, simple binary com-
parisons (identifying common or unique peaks) might be desirable,
though some false positiveS/Negatives will likely occur in the obtained
results.

2.9. ChIP-seq analysis with DROMPAplus

Fig. 3 shows the normalized read distribution of histone modifica-
tions generated by DROMPAplus (see “Software availability” section).
This is an update of DROMPA [47,48], a ChIP-seq pipeline tool that
meets various needs, including quality check, normalization, statistical
analysis, and visualization of multiple ChIP-seq samples. DROMPA can
be used for any species whose genomic sequence is available, and has
been applied to various ChIP-seq studies for human [49-51], mouse
[52,53], chicken [54] and yeast [55,56]. It outputs the visualization in
conventional PDF format, which is preferable for many users, especially
when sharing results (e.g., on a cloud storage) with other collaborators
who do not have a strong bioinformatics background, because no
additional programs are required.

DROMPAplus has many valuable features. First, it accepts various
input map file formats, including CRAM. Second, DROMPAplus can
visualize two samples in one line (Fig. 3A), which delineates the co-
occurrence (e.g., H3K4me3 and H3K27ac) and exclusivity (e.g.,
H3K27me3 and H3K36me3) of read enrichment, with chromatin loops
obtained from 3C-based assays (see section 3.2). Third, automatic esti-
mation of fragment length from single-end reads using SSP [34]. Forth,
it is highly customizable for track heights, axis limits, and display fea-
tures. For example, the software can depict ChIP/input enrichment with
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highlighting the enriched regions (Fig. 3B) with linear or log-scale. Fifth,
DROMPAplus can support spike-in normalization as well as total read
normalization. Finally, it is completely rewritten in C++, which is more
flexible than C and computationally faster than Python and R.

2.10. Functional analysis

Motif analysis investigates the sequence specificity inherent in called
peaks or specific epigenome regions (e.g., enhancer sites), and estimates
the likely transcription factor binding sites within identified regions
[57]. Generally, motif analysis methods can be classified into two types:
de novo motif discovery that identifies potential new binding motifs for
unknown factors appearing in a large fraction of peaks [58]; and motif
scanning that estimates and ranks the similarity of supplied DNA se-
quences against all known canonical motifs within a database [59].
ChIP-seq peaks can also be used in functional enrichment analysis. This
analysis binarily labels or quantitatively ranks nearby genes as potential
targets and groups them by gene ontology or KEGG pathway [60-62].

2.11. Chromatin-state annotation

Chromatin-state annotation, also called semi-automated genomic
annotation (SAGA), classifies all genomic regions by characteristic epi-
genomic patterns, such as promoters, enhancers, transcribed regions,
and repressed regions, using an unsupervised machine-learning
approach [63]. Obtained clusters are manually annotated as chro-
matin states. Typical region-specific analysis (e.g., enhancer analyses
[19,64]) narrows down the target genomic regions to be investigated. In
contrast, chromatin-state annotation segments the genome and assigns
chromatin states to whole-genome regions using a hidden Markov model
[65-67] or a dynamic Bayesian network [68]. In this analysis, the bio-
logically optimal number of states is unknown and must be experi-
mentally defined. That is, more abundant states cause difficulty when
interpreting obtained clusters. In fact, numerous states may not capture
sufficiently distinct epigenetic characters [69]. Thus, up to 15 states may
be appropriate.

The obtained chromatin states are further extended for various
downstream analyses. For example, ChromDiff [70], EpiCompare [71],
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and ChromDet [72] combine and cluster derived epigenomic landscapes
across multiple cell types to explore tissue or cell type-specific epi-
genomic regions. A probabilistic clustering approach is also adopted to
capture chromatin state dynamics across multiple cell lines [73] or time
points [18,74]. Graph-based regularization (GBR) integrates chromatin
interaction information for chromatin-state annotation [63]. Generated
chromatin state information is then used to interpret individual genetic
variations [75,76] and understand epigenetic variation in evolution
[77].

3. Advanced applications

Because abundant ChIP-seq data are available for several well-
studied cell types, it is useful to leverage information from these cell
types to infer genome dynamics or to annotate the epigenetic landscape
of other cell types with fewer additional experiments. Increasing evi-
dence suggests that epigenetic information is highly correlated with, and
can be used to predict, gene expression and chromosomal conformation.
In this section, we briefly describe tools for advanced applications of
ChIP-seq analysis for histone modifications, which are more experi-
mental and theoretical than the tools introduced in section 2.

3.1. Gene expression prediction from the epigenome

Various machine learning-based approaches have been developed to
quantitatively infer gene expression levels based on the epigenetic in-
formation obtained by ChIP-seq experiments. For instance, Karlic et al.
applied a linear regression model to histone modification enrichments at
promoter sites to predict gene expression in CD4 + T-cells [78]. They
utilized nineteen histone modifications and suggested that as few as
three promoter site modifications are sufficient to model gene expres-
sion [78]. Dong et al. used non-linear models, such as multivariate
adaptive regression splines (MARS) and random forests, to map eleven
histone modifications and DNase I hypersensitivity in seven human cell
lines [79] and successfully predicted gene expression level (Pearson
coefficient r = 0.83 with observed data). These models simply consider
the epigenetic pattern at promoter sites and do not account for enhancer
site information. In contrast, DeepExpression [80] utilizes HiChIP data
[81], a high-throughput technique for capturing protein-centric chro-
mosome loops, to consider enhancers and enhancer-promoter in-
teractions. There are also several tools that use convolutional neural
networks (CNN) to predict gene expression [82] or differential gene
regulation patterns [83]. See reference [82] for a detailed discussion
regarding the comparison of these gene expression prediction programs.
Considering that the preparation of a single RNA-seq sample requires
relatively lower cost compared with that of ChIP-seq samples of multiple
histone modifications and HiChIP data, the main purpose of these
studies is to elucidate the combinatorial roles of histone modifications in
gene regulation, rather than the prediction of gene expression level
itself.

3.2. Prediction of chromatin interactions from epigenome data

Because recent evidence suggests that single nucleotide poly-
morphisms (SNPs) in enhancers can cause genetic diseases and cancer
[84,85], there is a great demand for genome-wide analysis to charac-
terize the role of enhancers in specific cell lines. However, genome-wide
pairing of enhancers and target genes is not a trivial task. Indeed, en-
hancers do not necessarily regulate the nearest genes, and some en-
hancers are distant from TSSs [86]. While Chromosome Conformation
Capture (3C) assays, such as Hi-C [87], HiChIP [81], and ChIA-PET [88],
are available to quantify spatial proximity across an entire genome,
computational tools for pairing enhancers and target genes keep
evolving. Hariprakash and Ferrari classified gene-enhancer pairing tools
into four categories [89]: correlation-based, supervised learning-based,
regression-based, and score-based. The key differences are “whether
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multiple enhancers are considered for each gene” and “whether multiple
epigenetic data are considered for each enhancer/promoter site”.
Correlation-based methods estimate the interaction strength for all-by-
all enhancer-promoter pairs, while regression-based methods assume
that multiple enhancers contribute to a single gene. Supervised learning-
based and score-based methods can combine multiple ChIP-seq datasets
and other information types for each site (e.g., evolutionary conserva-
tion). While these tools focus on enhancer-promoter interactions, there
are many other chromatin interactions, such as enhancer-enhancer
loops and weak chromatin aggregation via phase separation [90]. In
contrast, CITD [91] and DRAGON [92] comprehensively decipher three-
dimensional genome organization from epigenetic data using wavelet
transformation and potential energy functions, respectively.

These statistical approaches aim to find consistent patterns in
epigenetic data associated with spatial chromatin contacts and predict
them without any previous knowledge of genomic architecture. The
limitation of these methods is that genomic interactions are considered
as qualitative, rather than quantitative, despite their dynamic nature
[93]. It was also reported that the current methods involve a training
bias due to sharing information of genomic architecture between
training and validation datasets [94]. Nevertheless, because the number
of tools is rapidly growing, future methods might achieve sufficient
accuracy that identifying enhancer-promoter interactions via 3C-based
data will be unnecessary.

3.3. Data imputation: Reconstruction and denoising ChIP-seq data

One analytical challenge in large-scale ChIP-seq analysis arises from
biases and batch effects in ChIP-seq data. Because machine-learning
approaches are sensitive to noise in training data, it is unavoidable
that some ChIP-seq samples will be identified as moderate quality or
rejected as low-quality data (resulting in missing data), especially in
cases where multiple laboratories were responsible for data acquisition
(e.g., the large consortium project). If biological samples are precious (e.
g. primary cells and clinical samples), it might be practically difficult to
collect more samples. In this case, “data imputation” methods may be
appropriate. These methods utilize many epigenetic data from other
closely related cell types for data de-noising or reconstruction.

“Data de-noising” aims to improve existing ChIP-seq sample quality
by identifying and removing noise from the data. For example, Coda
[95] encodes a generative noise process and recovers signals in ChIP-seq
data using convolutional neural networks. “Data reconstruction” aims to
generate missing ChIP-seq data from the large dataset in silico. Chro-
mlImpute [96] is a pioneering tool that trains a regression tree to infer
signal from each missing experiment using the ten most correlated cell
types. PREDICTD [97] and Avocado [98] leverage tensor decomposition
to impute multiple ChIP-seq data simultaneously. Several prediction
tools for transcription factor binding sites are also proposed [99-101].

These data imputation approaches are potential computational al-
ternatives to real ChIP-seq experiments, and might open the way to
collect epigenomic data for all possible cell types and environmental
conditions that are clearly impossible in biology. At the present stage,
there are the limitations for the prediction of sample-specific signals that
do not correlate with the other samples and for the incorporation of
genetic variation [96]. Because ‘a prior expectation of signal’ by the
imputation across the genome is informative even when high-quality
datasets are available [96], the combined use of observed and
imputed data is a practically good strategy. Although this approach is
computationally challenging, publicly available high-quality data from
diverse cell types (Table 1) encourages to accomplish that.

4. Single-cell ChIP-seq analysis
Recent evidence suggests many cells types, including normal im-

mune cells, serve an essential accessory function in complex tissues and
tumors [102]. To elucidate this cellular heterogeneity and cell fate
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trajectories in developmental processes, various single-cell assays have
been developed [103]. Among them, scChIP-seq enables genome-wide
profiling of histone modifications and other chromatin-binding pro-
teins at single-cell resolution from low-input samples. Recently, multiple
approaches for single-cell labeling and ChIP-seq library preparation
have been developed (Table 2) which use microfluidic systems, Tn5
transposase tagmentation, and ChIP-free strategies.

4.1. Microfluidic system-based analysis

The first scChIP-seq method, scDrop-ChIP [104], uses microfluidic
systems for cell labeling combined with canonical ChIP methods to
generate ~ 800 non-duplicated reads per cell. The more recently
developed droplet microfluidic method [105] provides higher resolu-
tion, producing ~ 10,000 non-duplicated reads per cell. The limitation
of these methods is that the specialized microfluidic devices are not
usually available for most laboratories.

4.2. Tagmentation-based analysis

Tagmentation-based library preparation using Tn5 transposase has
been widely used for various NGS assays, including ChIP-seq. sc-itChIP-
seq [106] employs tagmentation for single-cell labeling and library
preparation before the canonical ChIP experiment. This method gener-
ates ~ 9000 non-duplicated reads per cell. Because the experimental
procedure is similar to the canonical ChIP-seq method, this method is
much easier to use than scDrop-ChIP.

4.3. ChIP-free methods

Several ChIP-free strategies have been developed for scChIP-seq.
Single-cell chromatin immunocleavage sequencing (scChIC-seq) [107]
and single-cell uliCUT&RUN [108] are based on the CUT&RUN method
[109] that employs MNase and protein A fusion proteins to detect
cleaved target siteswith a specific antibody. These methods
generate ~ 4,100 non-duplicated reads per cell and require several ca-
nonical steps for library preparation. However, these methods are
limited by low read-mapping rates (~6%). Three similar methods, called
CUT&Tag [110], ACT-seq [111], and CoBATCH [112], have been
developed. These methods use a Tn5 transposase and protein A fusion
protein. During library preparation, the primary antibody is captured by
the fusion protein after binding the target protein on chromosomes.
Then, Tn5 transposase is activated for tagmentation at the protein
binding sites. The advantage of these methods is that protein binding site
detection and library preparation are performed simultaneously, which
drastically reduces experimental procedures and time. Further, these
methods are less subject to technical biases introduced by an immuno-
precipitation step. Moreover, these methods show ~ 97% mapping rates
and generate ~ 12,000 non-duplicated reads per cell. Thus, this ChIP-
free method has potential for high-throughput and high-quality
scChIP-seq analysis.

Finally, chromatin integration labelling followed by sequencing
(ChIL-seq) [113] is another ChIP-free method that is based on immu-
nostaining rather than ChIP. The method uses a secondary antibody
probe conjugated with dsDNA, which contains a T7 RNA polymerase
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promoter, an NGS adapter sequence, and a Tn5 binding sequence. After
capturing the first antibody, the probe DNA sequence is integrated into
the target binding sites by Tn5 transposase. Then, the integrated regions
are amplified by in situ transcription, followed by RNA purification and
library preparation. The method can be used for single-cell analysis, but
likely needs several optimizations to achieve high-throughput
sequencing.

Additional scChIP-seq methods will be developed in future, such as
simultaneous detection of multiple histone modifications and/or other
chromatin-binding proteins. These advances will enable to capture co-
localization of gene-regulating factors on chromosomes in each cell.

5. Concluding remarks

In this review, we discussed ChIP-seq analysis concepts and methods
for histone modifications mainly from the computational aspect. We
presented a step-by-step workflow for canonical analysis, from quality
assessment to chromatin-state annotation, highlighting key points
associated with each step. Then, we discussed several advanced ChIP-
seq applications that use machine-learning approaches. Because of the
increasing availability of epigenomic data from large consortia and
other projects, tools for identifying novel genomic features using these
data will continue to gain attention.

Almost all the methods introduced in the “Advanced applications”
section use supervised machine-learning approaches, e.g., deep CNN.
One limitation is that these methods require many samples from each
cell line to develop training data, resulting in heavy demand for ChIP-
seq data. These approaches also require large computational power
and abundant disk storage in the analysis environment. Cloud
computing could be one solution to overcome this limitation. Using
cloud computing, researchers can share petabyte data sets and compu-
tational environments, which dramatically reduces the computational
cost for the large-scale re-analysis of public data [114]. Another limi-
tation is the accuracy of the input data. The training data derived from
raw samples are often obtained from various NGS assays and contain
some or abundant technical/biological noise, which hampers effective
training. While data imputation methodology aims to partly overcome
this limitation, it is necessary to develop experimentally validated “gold
standard datasets” for training data to assess tool performance.

A next challenge is integration with other NGS assays (e.g., DNA
methylation, accessible regions, and 3D genome folding). Some tools
introduced in this review aim to integrate multiple datasets. Of note,
three-dimensional genome information, such as Hi-C, is particularly
important because it enables us to consider enhancer-promoter in-
teractions and topologically associating domains (TADs) information,
which are closely related to epigenetic characteristics [115]. Finally, we
discussed recently developed methodologies for scChIP-seq analysis.
Multiple scChIP-seq protocols developed recently prompt the develop-
ment of corresponding computational methodologies. Though it is
difficult to directly apply tools designed for bulk ChIP-seq to scChIP-seq
data [16], it is essential to make full use of the knowledge accumulated
from past bulk ChIP-seq analyses.

Table 2

scChIP-seq methods.
Method Strategy Cell condition Mapping rate (average) Non-duplicated reads (average) Reference
scDrop-ChIP ChIP and microfluidic system Native 70% 796 [104]
sc-itChIP-seq ChIP and tagmentation Native and fixed 94% 9,016 [106]
scChIC-seq ChIP-free (MNase cleavage) Native 6% 4,079 [107]
CUT&Tag ChIP-free (tagmentation) Native 97% 10,104 [110]
ACT-seq ChIP-free (tagmentation) Native 83% 2,497 [111]
CoBATCH ChIP-free (tagmentation) Native and fixed 94% 12,000 [112]
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6. Software availability

DROMPAplus is written in C++ and runs from a single launch
command on conventional Linux systems. The source code, manual, and
precompiled Docker image are available on GitHub (https://github.
com/rnakato/DROMPAplus).
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