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Abstract
Motivation: Enhancers are genomic regulatory elements that activate or increase the transcription of
a target gene. The location of active enhancers differs among cell types and the exact mechanism
that they regulate gene expression is not well known. Enhancers are extremely cell type specific and
have been found to have critical roles in cell differentiation, morphogenesis and development. Many
computational methods predict condition specific enhancers based on the chromatin states but a
comprehensive application of these methods in several cell types and conditions is still limited.
Mapping enhancer elements in different human cell types can lead us to a better understanding of
gene regulation and phenotypic diversity among different cells.
Results: Here we applied an enhancer prediction method to an extensive set of epigenetic profiles
from the ENCODE project. We identified enhancer elements in 104 human primary cells, cell lines,
and tissues. This extensive generation of enhancer profiles allowed us to identify groups of cell types
that are pretty similar in terms of enhancer usage and cell types that differ significantly. A case study
on adult brain and embryo placenta tissues with quite different sets of active enhancers revealed
cell-type specific enhancers that regulate the expression of genes linked to the tissue phenotype.
Further exploitation of additional cell groups can reveal the lineage-specific enhancers. We provide
an extensive resource of enhancer elements in different cell types that may support and complement
future gene regulation analysis studies.

Supplementary information: Supplementary data and scripts are available at the GitHub link
https://github.com/slrvv/Scripts , Supplementary figures are given as a separate file.

1 Introduction
Enhancers are short DNA fragments bound by
proteins and transcription factors and activate or
increase the transcription of a target gene [1]. They
are vital elements in gene regulation [2], controlling
the cell structure and function, and are the basis for
cell differentiation and morphogenesis. Enhancers
can regulate the expression of genes independent of
orientation and over large genomic distances.
However, recently introduced conformation capture
methods such as Hi-C revealed [3] the
three-dimensional structure of the genome, which
brings enhancers into close proximity with target

genes. Enhancer-gene interactions are mainly
restricted into subchromosomal structures called
topological associated domains (TADs)[4] ,

The activity of enhancers is extremely cell type,
time-point and condition-specific. This dynamic
nature of enhancer activity precisely determines
where, when under what conditions and which genes
are transcribed [2]. While there are hundreds of
thousands of enhancer regions for a particular tissue
only a specific number of enhancers are brought into
proximity with the promoters that they regulate [2]
adding a complexity level to their localization in
different cells and conditions.

https://github.com/slrvv/Scripts
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Thousands of enhancers have been experimentally
identified using reporter assays [5]. However, the
experimental identification is a cost- and
time-consuming process if we consider the different
organisms and cell types. Given that, the field of
enhancer prediction computational methods for
enhancer prediction has become the norm [6].

Enhancer DNA regions have particular properties
that can be determined using high-throughput
sequencing of histone modifications [7] and other
epigenomic marks. Active enhancers act as binding
regions for various transcription factors [2], thus are
located in accessible chromatin indicated by the
enrichment of certain histone marks such as
H3K4me1[8] or H3K27ac[9]. They usually have
low methylation levels [10] and frequently produce
short and unstable RNA fragments (eRNAs)[11].

Several computational methods have been proposed
to predict active enhancers from the combinations of
the properties [12] mentioned above. They generally
use machine-learning algorithms to learn the
epigenetic profiles of enhancers active in a given cell
type and then predict active enhancers in additional
cell types. A prominent example of such methods is
ChromHMM [13], which uses a multivariate Hidden
Markov Model (HMM). ChromHMM can be
classified as an unsupervised learning method. On
the other hand, supervised methods rely on a gold-set
of known and validated enhancer and non-enhancer
regions from which features that distinguish active
enhancers can be learned [6]. Examples of these
methods are REPTILE [14] and CRUP [15], both of
which use random forest classifiers. CRUP, which
stands for Condition-specific Regulatory Units
Prediction, is an algorithm developed by Vingron’s
lab in the Max Planck Institute for Molecular
Genetics. CRUP can be applied in different cell
types and species without retraining. It combines the
prediction of active enhancers (CRUP-EP), with
condition-specific enhancer dynamics (CRUP-ED)
and enhancer-target identification (CRUP-ET), in a
three-step pipeline. CRUP-EP was found to have
higher and more stable performance in enhancer
prediction than ChromHMM and REPTILE across
different cell types and  species [15].

Although these computational approaches predict
condition specific enhancers based on chromatin
states, a comprehensive application of these methods
in several cell types and tissues is still limited.
Mapping enhancer elements in different human cell
types can lead us to a better understanding of gene
regulation and phenotypic diversity among different
cells. The ENCODE consortium [16] recently

released the Registry of candidate cis-Regulatory
Elements (cCREs), which annotates cell type
specific regulatory elements based on DNase-seq,
H3K4me3, H3K27ac, and CTCF ChIP-seq data [17].
While all these data may not be available for many
cell types, CRUP-EP requires only three histone
marks measured by ChIP-seq as input, namely
H3K4me1, H3K4me3, and H3K27ac, making it
broadly applicable in many available epigenetic
datasets and non model organisms.

Objectives

In this project, we are going to use the CRUP-EP
algorithm to generate enhancer predictions in all
available ENCODE human epigenetic datasets. Our
aim is to generate a high quality comprehensive map
of cell-type-specific enhancers in various human
cells and tissues. The research objectives of the
current thesis can be summarized to the:

1)Download the three histone mark Chip-seq
profiles for all primary cells, cell lines and tissues
provided by the ENCODE consortium [16]  .
2)Applying the CRUP-EP module to predict the

cell-type-specific enhancers.
3)Analysis of enhancer predictions to identify

groups of cell types that are pretty similar in terms of
enhancer usage and cell types that differ
significantly.

2 Methods

2.1 Building the comprehensive map of enhancer
and promoter predictions

2.1.1 Downloading the ENCODE data

The data used in this analysis were downloaded from
the ENCODE consortium [16]. We selected samples
where the following histone ChIP-seq [7] profiles
were available: H3K27ac, H3K4me1 and H3K4me3,
as well as the Control ChIP-seq data for the specific
cell type. All of the data we downloaded are Homo
Sapiens GRCh38 genome assembly released status
and not perturbed.

We developed our own script for downloading the
data because if we had used the ENCODE tools, we
would have to manually check that each HM
ChIP-seq came from the same sample.
The available ENCODE data were filtered using
PostgreSQL [18] and downloaded using the
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ENCODE downloader scripts, developed by the
Kundaje lab [19].

In cases where the data could not be downloaded
using the ENCODE downloader scripts [19], we
utilized the batch downloading tools from the
ENCODE, searching directly for the data filtered in
the PostgreSQL step.

In case that we had biological or technical replicates
for the same sample, we used SAMTOOLS [20] to
merge them. All the scripts used to prepare the data
and run CRUP over the samples are provided in the
supplementary materials [21]. CRUP was run on
human genome assembly GRCh38 with five cores.

2.1.2 Running CRUP

CRUP-EP [15] script was used to generate the
enhancer prediction scores for every cell type [22].
CRUP, before applying CRUP-EP , does quantile
normalization. CRUP-EP uses a combination of two
binary random forest classifiers, both consisting of
100 decision trees. The first classifier learns to
distinguish between active genomic regions
(promoters and enhancers) and inactive genomic
regions. The second classifier distinguishes between
active promoters and active enhancers. In the end,
we have the probability of a region being an
enhancer given that the region is active. This
probability is assigned to each 100 bp bin in the
fragmented genome. The probability is computed as
follows :

𝑃(𝑏𝑖𝑛
𝑥

= 𝑎𝑐𝑡𝑖𝑣𝑒 𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑟) =

𝑃 (𝑏𝑖𝑛
𝑥
 =  𝑎𝑐𝑡𝑖𝑣𝑒)𝑃 (𝑏𝑖𝑛

𝑥
 =  𝑎𝑐𝑡𝑖𝑣𝑒 𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑟|𝑏𝑖𝑛

𝑥
 =  𝑎𝑐𝑡𝑖𝑣𝑒

(1)

We made some minor modifications to the original
script of CRUP-EP to also generate promoter
predictions across the genome, and we called this
new script CRUP-PP. CRUP-PP uses the same
random forest classifiers but it computes the
probability of having an active promoter. Therefore
the only change is the second probability that is then
assigned to the 100 bp bins. In this case, it is
computed as follows :

𝑃(𝑏𝑖𝑛
𝑥

= 𝑎𝑐𝑡𝑖𝑣𝑒 𝑝𝑟𝑜𝑚𝑜𝑡𝑒𝑟) =

𝑃 (𝑏𝑖𝑛
𝑥
 =  𝑎𝑐𝑡𝑖𝑣𝑒)(1 − (𝑃 (𝑏𝑖𝑛

𝑥
 =  𝑎𝑐𝑡𝑖𝑣𝑒 𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑟|𝑏𝑖𝑛

𝑥
 =

(2)

2.1.3 Grouping overlapping enhancers

We applied a clustering method to group together the
overlapping nearby enhancer in different cell types.
This method was developed by Emel Comak, a PhD
student at the Vingron’s Lab. First, the method
generates clusters of nearby enhancers using
bedtools[23]. After merging, many enhancers are
very large and thus the method parses the large
enhancer clusters into subclusters. Enhancers are
grouped into these subclusters according to the mean
and standard deviation of the cluster’s enhancer
sizes.

2.2 Analysis of predicted enhancers

2.2.1 Principal Components Analysis

Principal Components Analysis (PCA)[24][25] was
applied using the prcomp function [26] from the stats
[27] R package, as a preliminary analysis to check if
the data coming from different labs present bias. The
PCA was applied to a contingency table. The
columns of this table are the different samples and
the rows are the predicted enhancers. Each cell has
either a one or a zero, one if the enhancer was
predicted in this sample zero otherwise.

2.2.2 Correspondence Analysis and Association
Plots

Correspondence Analysis [28] was performed using
APL shiny app [29]. The analysis was applied to the
same contingency table as the PCA. We also used
APL to make the Association Plots [30] and get the
enhancers highly associated with clusters of interest.
To select the optimal number of dimensions for the
Association Plots, we used APL’s Elbow Rule
option.

Association Plots are two-dimensional plots that
depict variables that make every cluster distinctive.
The association plot is derived from the
Correspondence Analysis and helps visualize
information that can become invisible in a biplot,
especially if we are working with very
high-dimensional data  [30].

2.2.3 GO Enrichment analysis
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Gene Ontology [31] enrichment analysis [32] was
applied on the two most dissimilar clusters,
according to the Correspondence analysis and PCA.
More precisely, we first mapped the cluster specific
enhancers we had from the APL analysis to the
closest gene using the GENECODE
(gencode.v38.annotation.gtf) annotation files and the
GenomicRanges R package [33]. We used
clusterProfiler [34] to compute the GO enrichment
analysis using the Biological Process Ontology.
The enriched Biological Processes were further
clustered into groups of closely related terms, using
the REVIGO software [35](allowed similarity = 0.7
and semantic similarity measure Resnik).

3 Results and Discussion

3.1 Generation of enhancer profiles

We downloaded the H3K27ac, H3K4me1 and
H3K4me3 profiles for 104 different human primary
cells, cell lines and tissues from the ENCODE [16]
project (Table 1). Replicates from the same cell type
were merged in a single profile for every cell type
(Methods). We then applied the CRUP-EP module
using as input the ChIP-Seq for every cell type. We
obtained enhancer predictions for all the 104 distinct
cell types (Fig.1).
We can notice that the highest number of enhancers
are predicted in tissues, which have a more complex
composition compared to primary cells and cell
lines. There is an extremely low number of
enhancers predicted in the cell line PC-3, indicating
a deficiency in the available epigenomic data for this
cell line. The size of CPUP enhancers is 1100 bp and
the average number of predicted enhancers per cell
type is 62,337 13,806.±

Table 1. Number of samples in the repository of
predictions
Type of sample Single-ended Paired-ended

Tissues 59 0
Cell lines 28 9

Primary cells 5 3

3.2  Clustering nearby enhancers

Once we obtained the whole collection of enhancer
profiles, we used them to identify similarities and
differences between the cell types in their active
enhancers. However, the dimensionality of our data
was excessively high, with 104 samples and more
than 3 million predicted enhancers in total.

Many of the predicted enhancers were located in
very similar genomic positions across the cells. To
reduce the number of predicted enhancers per cell
type, we used a clustering method, developed by
Emel Comak (section 2.1.3), that groups together
overlapping enhancer regions in different cells and
categorizes them into exclusive enhancer regions.
After grouping, we obtained 634,982 enhancers, with
a mean enhancer length of 1823 bps 1175 bps.±

3.3 Identifying dissimilar cell types

We applied Principal Component Analysis (as
described in section 2.2.1) in our enhancer profiles to
observe distinct groups of cell types and any
potential batch effects. The PCA biplot (Fig. 2)
shows an easily distinguishable cluster of samples
consisting of angular gyrus, caudate nucleus,
cingulate gyrus, middle frontal area, hippocampus
layer, and temporal lobe adult tissues. All these
samples belong to brain-related tissues. We can
observe another distinct cluster of samples forming
with the chorionic villus, chorion, placenta, and
placental basal plate embryo tissues on the other side
of the PCA plot. We do not observe any apparent
bias effect due to the fact that the ChIP Seq
experiments provided by ENCODE were generated
in different labs. To obtain higher resolution, we also
performed PCA analysis per chromosome which is
provided in the Supplementary Material.
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Fig 1. The number of CRUP enhancers predicted for each sample. The type of sample is shown in different colours.
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Fig 2. PCA plot of the predicted enhancer
profiles. The labs that contributed the data to the
ENCODE are shown in different shapes and the type
of sample in different colours.

3.4 Identifying cell type specific enhancers

Next, we applied Correspondence Analysis to the
predicted enhancer profiles. Unlike Principal
Component Analysis, Correspondence Analysis
(CA) allows us to detect groups of enhancers
specific to a cluster of samples. CA uses chi-square
distances instead of Euclidean distances and thus
reflects relationships between conditions and
observations simultaneously [28]. Moreover, this
method also allows us to visualize conditions (cell
types) and observations (enhancers) in the same
space.

Fig 3. CA biplot on the enhancers. The enhancers
are shown as blue points and the samples as red
crosses.

In the Correspondence Analysis biplot (Fig. 3) we
can see that the samples that differentiate the most
from the whole are the cell lines, such as iPS-18a,
HUES64 and iPS DF 6.9. It seems that cell lines
have more homogeneous enhancer profiles than
tissues which is expected since tissues consist of
many different cell types. All the tissues seem to
cluster together without any observable difference
between them. However a more detailed analysis in
chromosomes 13 and 14 revealed again the
dissimilarity between brain and the placenta/chorion
groups, in agreement with the PCA plot of Fig.2.
The PCA plot for all chromosomes and CA plots for
chromosomes 13 and 21 are provided in the
Supplementary Material.
To recover information that may be lost in the above
biplots, we used the Association Plots (APL)
method. An APL corresponds to a specific cell
type/cluster; it is derived from the Correspondence
Analysis and depicts variables, in our case
enhancers, that make every cell type/cluster
distinctive.
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A

B

Fig 4. Association plots. A. Association plot for the
brain cluster. B. Association plot for the
placenta/chorion cluster.Enhancers are shown as blue
points and samples as black crosses.

When a cluster of cells is well defined, all ubiquitous
enhancers are located on the y-axis while the
cluster-specific enhancers are placed along the
x-axis. The farther from the x origin are the
enhancers; the more specific they are for the cluster

[30]. We applied the association plot analysis in the
adult brain and embryo placenta tissue clusters (Fig
4A, 4B) and we managed to find specific enhancers
for both clusters (enhancers found at the right end of
the x-axis).

3.5 Case study : Brain and placenta clusters

As a proof of concept, we focused our further
analysis on the brain and placenta tissue clusters,
which are the most dissimilar groups based on the
PCA and CA analysis. We extracted the list of
enhancers that are associated with these two groups
from the APL software. APL ranks the enhancers
according to a specificity score. The higher the
score, the stronger the enhancer is associated with
the cluster [30]. Based on the distribution of
specificity scores for both clusters (Fig 5A, B), we
selected enhancers with a score higher than three as
the more specific to the cluster.

Fig 5. Histogram of APL specificity scores A) for
the adult brain-specific-enhancers and, B) embryo
placenta-specific-enhancers. The mean of both
distributions is shown with a horizontal dashed line.

Next we annotated the specific enhancers for each
cluster to the closest gene based on the genomic
linear distance. Although enhancers do not always
regulate the expression of their nearest gene, this
simplification works quite well in the absence of
Hi-C conformation data. We performed Gene
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Ontology (GO) enrichment analysis of the target
genes and we visualized the most enriched biological
processes in fig 6A and B for the both clusters.
The enrichment analysis for the adult brain cluster
(Fig 6A) shows that most enriched biological
processes, such as neuron projection, trans-synaptic
signaling, cognition, forebrain development, and
learning, are particular to the brain and present very
low p-values.
The enrichment analysis for the embryo placenta and
chorion cluster, on the other hand, revealed diverse
enriched biological processes. However, it seems to
be a clear trend towards development,
morphogenesis, and differentiation processes, which
are expected to be enriched in embryo tissues.
Further clustering of the enriched GO terms using
semantic similarity [35] (Supplementary figures)
confirmed the domination of brain and development
related processes in the enrichment analysis of two
clusters.

Fig 6 A. Dotplot for the GO enrichment analysis
of the brain cluster. On the x-axis we have the Gene
ratio (percentage of the total genes enriched in the
GO term). On the y-axis we show the enriched
terms. Gene count (number of enriched genes in a
GO term) is shown with the different sizes of the
dots. The dots are colored according to the adjusted
p-values.

Fig 6 B. Dotplot for the GO enrichment analysis
of the placenta/chorion cluster . On the x-axis we
have the Gene ratio (percentage of the total genes
enriched in the GO term). On the y-axis we show the
enriched terms. Gene count (number of enriched
genes in a GO term) is shown with the different sizes
of the dots. The dots are colored according to the
adjusted p-values.

We further noticed that the most enriched biological
process for both the adult brain and embryo placenta
cluster is the regulation of neural projection
development. Since the two clusters do not share any
cluster specific enhancer region derived from the
association plots, we look into the overlap of the
closest genes of the enhancers between these two
clusters (Fig 7). The Venn diagram reveals that the
two clusters share quite a high number of genes,
regulated by different sets of enhancers. This finding
is quite interesting, and may confirm the hypothesis
that a gene can be regulated by different enhancers in
different cells and conditions [2]. However we have
to also take into account that the closest gene
simplification may mislead in some false enhancer
gene associations.
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Fig 7. Venn diagram of the genes regulated by the
brain enhancer set and the placenta enhancer set.
Placenta genes are shown in green and brain genes
are shown in orange.

3.7 Discussion

In this thesis, we generated a comprehensive map of
predicted enhancers in 104 human primary cells, cell
lines, and tissues. This large collection of enhancer
profiles allowed us to identify similar cell types in
terms of their enhancer usage and cell types that are
quite different. We discovered distinct clusters of cell
types and enhancers specific to these clusters by
performing an extensive analysis using Principal
Component Analysis, Correspondence Analysis, and
Association Plots. We focused our analysis on two
sets of tissues that differed substantially, consisting
of adult brain and embryonic placenta samples,
respectively. Further analysis of the cluster-specific
enhancers revealed that the possible regulated genes
are linked to the tissue phenotypes.

Mapping enhancer elements in different human cell
types can help us to better understand gene
regulation and phenotypic diversity among different
cells. Although there are already annotated datasets
of cis Regulatory Elements[36] in various human
cell types, the lack of available epigenetic and open
chromatin experiments makes the annotation
incomplete. On the other hand, the CRUP algorithm

requires only three histone marks and is more
applicable in many cell types and organisms. The
same time CPUP outperforms well established
enhancer prediction methods[2].

We do not observe any apparent batch effect because
the ChIP Seq experiments provided by ENCODE
were generated in different labs. CRUP algorithm
normilizes the data before the prediction and
alleviates any bias coming from different
experiments.

We additionally perform a multistep analysis of the
predicted enhancers to identify distinct sets of cells
that share the same enhancers. We focus mainly on
two groups of cells, consisting of adult brain and
embryo placenta related tissues.

In the association plot for the embryo placenta and
chorion cluster (Fig 5), although we identified
enhancers related to this cluster, they are fewer and
less strongly related to the cluster compared to the
brain cluster association plot. This observation
suggests that maybe the embryo placenta cluster is
less homogeneous than the brain cluster.

We annotated the cluster specific enhancers with
their closest gene according to the linear distance.
We understand that this simplification may produce
false positive associations, but the identification of
gene targets of enhancers is an open research topic
[37], out of the scope of this thesis. Future work that
applies a more sophisticated mapping method may
result in more precise findings.
However, the GO enrichment analysis of the closest
genes of the cluster-specific enhancers confirmed the
validity of our analysis. The enriched processes in
the brain cluster are highly related to the brain “
biological program”, giving support to our finding
that these enhancers are very specific to brain tissue.
Developmental processes were found enriched in the
embryo placenta tissue, although many other diverse
biological processes came up from the analysis.
Maybe it can be explained from the heterogeneous
composition of the specific clustered, already noticed
in the association plots.

There is an interesting observation that the two
distinct clusters, although they do not share specific
enhancers, seem to regulate a common set of genes.
This finding needs further exploration to examine if
it confirms the hypothesis that different enhancers
regulate the same genes in different tissues, or if it



10

comes from the approximation of the closest gene
annotation.

The current analysis is restricted to the time
limitations of the bachelor's degree thesis.
Nevertheless, we generated a valuable source of
predicted enhancers in a large panel of human cells.
Although we focused only on the two most
dissimilar cell clusters, based on the association
plots, further analysis in the rest of the cell types can
reveal more distinct groups of cells in terms of
enhancer activity and lineage-specific enhancers.
Thus, we provide a comprehensive map of predicted
enhancer elements in different cell types that may be
analyzed in several ways either by us or by future
gene regulation analysis studies

4   Conclusions

This study provides a comprehensive map of
predicted enhancers across a large panel of different
cell types. Although there have been many
computational methods developed in the field of
enhancer prediction, a comprehensive application of
them on a large panel of cell types is still limited.

We have developed a multi-step analysis to identify
distinct sets of cells that share the same enhancers.
We also developed a proof of concept that validates
our analysis because it links the enhancers specific to
the analyzed clusters to possible genes related to the
phenotype of the cell types that make up these
clusters.

We noticed that although the brain and
placenta/chorion tissues do not share common
enhancers, they seem to regulate a common set of
genes. We understand that, since we mapped the
enhancers to the closest gene this simplification may
be leading us to false enhancer-target-associations.
But, it could also confirm the hypothesis that
different enhancers regulate the same genes in
different tissues and it needs further examination.

Our contribution can be summarized as follows:

1) Generation of a comprehensive map of
predicted enhancers in 104 cell lines,
primary cells and tissues.

2) Identification of distinct clusters of cells in
terms of their active enhancers.

3) Detection of cluster-specific enhancers.
4) Case study on two clusters that differed

substantially (embryo placenta and adult
brain cluster) and verification that the

possible regulated genes of these enhancers
link back to the phenotype of the tissues.

Our analysis provides a valuable resource to
understand how enhancers work in different cell
types that may complement future gene regulation
studies.
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