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functional genomics data 
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Populärvetenskaplig sammanfattning 
 
 
Det mänskliga genomet innehåller gener som kodar för proteiner. När en gen är 
aktiv uttrycks den och bildar proteiner som styr cellens funktion. Genens 
aktivitet styrs av specifika element i genomet som promotorer och enhancers 
(”förstärkare”). Promotorer är en region nära en gen och som startar uttrycket 
av genen, vilket kan styras av att en specifik enhancer binder till promoter-
regionen och aktiverar genen. Denna enhancer-promoter bindning har stor 
betydelse for olika geners funktion och är viktig att kartlägga för att bättre förstå 
orsaker till komplexa sjukdomar som cancer. 
 
I detta projekt undersökte vi olika metoder för att hitta samband mellan 
enhancers och promotorer och identifiera enhancer-promoter interaktioner. 
Promotorer och enhancers kartlades med hjälp utav DNase I hypersensitiv site 
sekvensering (DNase-seq) data och vi beräknade korrelationen mellan möjliga 
interaktioner. Vi använde oss utav två tidigare beprövade korrelationsmetoder: 
Pearsons korrelationskoefficient och Mutual Information. För att undersöka hur 
bra dessa korrelationsmetoder fungerade har vi använt Hi-C data som referens, 
vilket innehåller enhancer-promoter interaktioner med hög pålitlighet. 
 
Vi visar att prestandan för korrelationsmetoderna är låga när man jämför de 
med Hi-C data och att nya metoder behöver utvecklas för att kunna identifiera 
enhancer-promoter interaktioner med hög pålitlighet. Vi visar också att 
användningen av Hi-C data som referens är begränsad på grund av dess låga 
upplösning. I framtida studier rekommenderar vi att annan referens-data 
används.  
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Introduction 

Gene regulation and complex diseases 
Noncoding DNA makes up 98-99% of the human genome and does not code for 
proteins. It has been shown to have many important functions such as gene 
regulation. Gene regulation is a complex mechanism where gene regulatory 
proteins bind to gene regulatory regions in the DNA and control the 
transcription and gene expression. Complex diseases arise from variants in these 
regions, Maurano et al. 20125 show that around 93% of the disease- and trait-
associated variants of common diseases used in their study are localised in 
noncoding regulatory DNA. For a mutation in a gene, it is straightforward from 
the genetic code of amino acids to predict the actual generated change, but it still 
remains a challenge to understand its functional outcome. It is an even greater 
challenge to interpret how mutations in the noncoding part of the genome will 
affect the function. This is due to the diversity of noncoding functions, the 
incomplete annotation of regulatory elements and the possibility of unknown 
mechanisms6. To extract clinically relevant information from the genome, we 
want to be able to know how a mutation in a gene regulatory region will affect 
the gene function and understand the causes and mechanisms underlying 
complex diseases as cancer. For now, experimental validation is needed to 
understand the role of disease associated noncoding variants and to correlate a 
disease with one or several genetic markers. This is both time and money 
consuming. Reliable bioinformatics tools have the potential to replace this, when 
applied to data from high-resolution gene regulatory detection technologies. 
  

Gene regulatory elements 

Transcription factors 
A transcription factor (TF) is a protein that binds to DNA and regulates the 
transcription by activating or repressing the recruitment of RNA polymerases. 
The initial analyses of the complete human genome sequence estimated the 
presence of hundreds of component genes for the basic transcriptional 
machinery and thousands of sequence-specific DNA binding TFs7. Thereby, the 
transcriptional regulatory system plays a central part in controlling the gene 
expression in a cell. They recognise small DNA sequences and can be sequence-
specific to a regulatory binding site, and the binding patterns can be tissue-
specific8,9. Several diseases arise from a breakdown in the regulatory system of 
TFs; they are overrepresented in oncogenes, and human developmental 
disorders may depend of dysfunctional TFs7. 

Promoter 
The promoter region is located around 40 base pairs upstream and downstream 
transcription start sites (TSSs). It is important for transcription initiation, since 
the RNA polymerase II (RNAPII) binds to the promoter region before 
transcription9. Mutations in promoter regions may affect gene expression in 
different ways: they can affect binding of activators or repressors, chromatin 
state, nucleosome positioning and DNA looping.  
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Enhancers 
Enhancers are clusters of DNA sequences capable of binding different 
combinations of TFs and interacting with the transcriptional co-activator 
mediator complex or other TFs, to help recruit RNAPII and activate transcription. 
Enhancers can activate transcription independent of their location, distance or 
orientation with respect to the promoter of the target gene, since the enhancer-
bound TFs can loop the DNA to connect it to the promoter region10,11 (fig. 1). 
They can even activate transcription of genes located on a different 
chromosome10,12. Enhancers and their associated TFs have a leading role in the 
initiation of gene expression, and underlie regulatory processes by which cells 
establish patterns of gene expression9. Enhancer activation can be proportional 
to the concentration of the individual TF (an additive model) or directly to 
protein-protein interactions between TFs that are bound to adjacent sites on 
DNA (cooperative binding). Cooperative binding can increase the affinity of TFs 
for their motifs9. Mutations in enhancer elements can disrupt binding of 
sequence-specific TFs, chromatin regulators and nucleosome positioning. 
Structural variants such as inversions and translocations can move the 
regulatory activity of an enhancer away from its targets, or prevent its action by 
interacting with insulators6,9.  Disease associated single nucleotide 
polymorphisms (SNPs) are predominantly found at enhancer elements, but the 
outcome is often unknown because of the still missing knowledge of their 
regulatory targets11. 
 

Chromatin 
The genome is packed in complex, high-order structures inside the nucleus by a 
protein-complex called chromatin, eventually forming the chromosome13,14. The 
components of chromatin include histones, which are among the most highly 
conserved eukaryotic proteins known7,13. The subunits of chromatin exist of 
histone octamers with DNA wrapped around them to form nucleosomes9,13. 
Differences in chromatin structure leads to differences in gene expression. This 
is due to the chromatin states of condensed regions (heterochromatin) and the 

Figure 1 | Enhancer-promoter interaction 
The promoter region of a gene is located close to the transcription start site and RNA 
polymerase II bind to it before transcription. Enhancers can be distally located, and 
transcription factors loop the DNA to connect the enhancer to the promoter region and 
initiate transcription.  
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more open regions (euchromatin). The different chromatin states make the DNA 
more or less accessible to regulatory protein13. Activation of genes requires 
decompaction of the chromatin, which can be carried out by nucleosome 
remodeling, histone modifications and replacement of different histones14.  
 
The view of chromatin folding being the regulatory mechanism via preventing 
access of regulatory factors may be an oversimplification. Several mapping 
studies have found an incomplete correlation between gene activity and high-
order chromatin condensation. The true accessibility barrier is the nucleosomes, 
not the chromatin14. The occupancy of TFs is highly correlated with lower 
density-regions or absence of nucleosomes, for example are TSSs associated with 
nucleosome-free regions11. Thereby, chromatin marks can determine the timing 
of TF accessibility to the enhancer, and chromatin maps can be used to define 
sets of regulating loci, but is yet not fully understood10,9. Interactions from 
enhancers to promoter regions play an active role in chromatin arrangements to 
affect gene expression11. 
 

Histone modifications 
The interplay between TFs and nucleosomes is influenced by post-translational 
modifications of histone tails and within nucleosomes9. Many amino acids of 
histones are chemically modified, including lysine residues that may be 
acetylated, methylated or coupled to ubiquitin (a large polypeptide chain), 
methylated arginine and phosphorylated serine. The modifications can act as 
signals for the binding of specific proteins, and can affect transcription by 
activating or repressing different genes. Enhancer-bound TFs can recruit histone 
modifying enzymes or chromatin remodelling complexes to alter chromatin 
structure and increase the accessibility of DNA to other proteins10. Specific 
histone modifications have been observed at promoter and enhancer regions 
and for inactive or active regulatory elements9. Active promoters are often 
marked by nucleosome-free regions with flanking H3K4me3 (histone 3 
trimethylated at lysine 4), and putative enhancers are enriched by H3K4me1 and 
H3K4me210,11,12. Enhancers often lack H3K4me3 and active enhancers seem to 
be marked by H3K27ac (histone 3 acetylated at lysine 27), while poised 
enhancers can be marked by H3K27me310,11. These epigenetic definitions have 
been used to detect enhancers and promoters in the genome. The histone 
modifications at enhancers are cell-type-specific and strongly correlated with 
gene expression patterns10,11. Other markers of regulating regions have been 
discovered, for example the presence of the histone acetyltransferase co-
activator protein p300 has a correlation with enhancer function. It may be a 
general component of a large class of enhancer elements9,10, and is involved in 
several cell-signalling pathways by activating transcription of a variety of genes. 
The p300 protein is recruited to chromatin through different sequence-specific 
DNA binding proteins, but only a subset of enhancers is expected to contain 
these proteins10. 
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Three dimensional organisation of the genome 

DNA loops 
The communication between distal enhancers and promoter regions is a result 
of the three dimensional organisation of the genome, such as DNA-loops. This 
means that while studying gene regulatory elements, the relative arrangement of 
the genome must also be considered, i.e. enhancer locations with respect to gene, 
their promoter and other regulatory elements9. Chromatin loops are structural 
elements of chromatin providing structural support and are thought to bring 
distant enhancers into physical interaction with its promoter, allowing for 
regulatory communication9,11,14. Studies have demonstrated that TF binding sites 
at enhancers cause looping of DNA and directly contact TF binding site at the 
promoter11. 

Topological associating domains 
Large loops of the genome are thought to separate genome regions from each 
other and place them in distinct nuclear environments to optimise their activity. 
Several studies from high-resolution gene regulatory interaction detection 
technologies as 5C and Hi-C (explained below) have discovered that the genome 
is divided into nuclear subdomains13,14. Vaquerias et al. 20097 describe 
coordinated gene clusters that limit TFs and polymerase access to entire 
genomic regions, which can explain how the chromatin condensation 
coordinates gene expression. Previously, these subdomains were only known for 
the ribosomal part of the genome, where RNA polymerase I was organised 
together with the ribosomal RNA genes in a structure in the nucleus called 
nucleolous13,14. Smallwood and Ren 201311 define these subdomains as 
‘topologically associating domains’ or TADs. The human genome is composed of 
over 2000 TADs covering 90% of the genome15.  They contain genes and 
enhancers, and constrain looping interactions between enhancers and 
promoters that coordinate gene regulation11. Loci located within these TADs 
tend to interact frequently, and it has been suggested that enhancer-promoter 
interactions are particularly frequent within TADs. This would, if correct, point 
to a major role for TADs in regulation of gene expression by limiting genes to 
only a certain set of distal regulatory elements15. This can also explain how 
trans-regulation may occur; two elements can be located at different 
chromosomes, but be in close spatial proximity and in the same TAD when 
considering the three dimensional organisation. This can also explain why 
regulatory elements not always regulate the nearest gene, as the Shh enhancer, 
located 1 megabases away from the Shh gene, but falling within the same TAD8,15. 

 

Technologies to detect regulatory regions 

ChIP-seq 
ChIP-seq is the combination of chromatin immunoprecipitation (ChIP) 
experiments with high-throughput sequencing techniques. It is used to 
quantitate protein targeting or chromatin modifications across the entire 
genome7. For example, it can be used to detect putative active promoters by the 
histone modification H3K4me3. The method requires an individual experiment 
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for each factor and is limited to known factors with previously derived 
antibodies, and is thereby often combined with other technologies2. 

DNase-seq 
DNase I hypersensitivity sites sequencing (DNase-seq) identifies the DNase I 
hypersensitivity sites (DHSs), which indicate the open and accessible part of the 
genome, which is associated with regulatory regions. The DNA is digested with 
DNase I and the ends of the resulting fragments are sequenced, where the 5’ end 
corresponds to a DNase I cutting site. The fragments are mapped to the DNA 
using pre-knowledge of DNase I cut sites in a reference genome, and the number 
of DNase I cut sites in each DHS is calculated. More than 100,000 active 
regulatory elements can be identified in one experiment, but unlike ChIP-seq, the 
method does not directly reveal the identity of the element. To be able to identify 
promoters and enhancers, it needs to be combined with for example ChIP-seq 
data of specific histone modifications3.  

Chromosome conformation capture technologies 
The chromosome conformation capture (3C) technologies are used to study 
long-distance interactions between genomic regions, such as enhancer-promoter 
interactions. This can be used to study the three-dimensional architecture of 
chromosomes within the cell nucleus10,11 In 3C-based methods, the cells are 
crosslinked with formaldehyde to link chromatin segments covalently that are in 
close spatial proximity. The chromatin is fragmented by restriction enzymes or 
sonication (ultrasound) and the crosslinked fragments are ligated to form unique 
hybrid DNA molecules. For the classical 3C method, the DNA is later on purified 
and analysed by PCR, and covers only tens to several hundreds of              
kilobases (kb)15.   The high-resolution technologies 4C (circularised chromosome 
conformation capture) and 5C (carbon-copy chromosome confirmation capture) 
are based on 3C, and have been developed to identify looping interactions 
between cis-elements and the target promoter. To identify all interactions 
involving one selected locus, i.e. one-to-all, 4C is the method of choice and offers 
the highest resolution of several hundreds of base pairs4. However, 4C lacks the 
resolution necessary to detect short-range interactions11. To identify all 
interactions between many loci, i.e. many-to-many, 5C is the method of choice. It 
combines 3C with hybrid capture approaches to identify up to millions of 
interactions in parallel between two large sets of loci, for example between a set 
of promoters and a set of distal regulatory elements15. Even though the 
resolution is nearly the same as for 3C assays, it lacks the coverage necessary for 
whole genome view11. ChIA-PET (chromatin interaction pair-end tagging) is a 
genome-wide technology that combines ChIP-seq and 3C analysis to identify 
chromatin interactions between sites bound by a given protein as RNAPII8. For 
all 3C-based methods, the resolution and/or coverage are limiting factors. It is 
impossible to examine particular SNPs in regulatory elements, something that 
would be of high clinical interest. Therefore, recent studies have utilized 
computational tools to integrate multiple data sets from ChIP-seq and DNase-seq 
to be able to predict enhancer and promoter interactions2,11. 

Hi-C 
The recently introduced Hi-C technology8 is a genome-wide version of 3C assays, 
and may theoretically identify all chromatin interactions, but with a still limited 
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resolution due to the sequencing depth and choice of restriction enzymes11,16. It 
captures long-range interactions by proximity ligation followed by massively 
parallel paired-end sequencing4. The Hi-C method was the first unbiased and 
genome-wide adaptation of 3C and includes a unique step in which, after 
restriction digestion, the staggered DNA ends are filled in with biotinylated 
nucleotides. This step facilities selective purification of ligation junctions that are 
being sequenced. The Hi-C method provides a true all-by-all genome-wide 
interaction map, but the resolution of the method depends on the depth of 
sequencing. When several hundred million reads are obtained, as currently 
routine, chromatin interactions in the human genome can be detected at 100 kb 
resolution15. The resolution has been improved recently, from 1 Mb16 to 40 kb17, 
and to 5-10 kb4. 
 

Correlation between DNase-seq profiles 
Gene regulatory interactions in the human genome can be identified by 
correlation analyses of DNase-seq profiles across many cell-types. The idea 
comes from the observation that many known cell-selective enhancers become 
DHSs synchronously with the appearance of hypersensitivity at the promoter of 
their target gene3 (fig. 2).  This means that only in the cell-types were a specific 
gene is activated, it should be found enhancers marked by DHSs that are 
connected to the promoter of the gene. Correlation analyses are all based on the 
assumption that an enhancer and its target gene share similar activity profile 
across many tissues, however, this is not always the truth. Two elements may 
share similar profiles because they are regulated by a common TF, not 
necessarily because one is a target of the other. Also, a promoter driven by 
different sets of enhancers in different tissues may not share similar activity 
profiles with its enhancers11. Because we are still lacking a complete 
understanding of how gene regulation works, correlation analyses and 3C 
methods have different advantages2. Regulation may not require physical 
proximity, even though much evidence supports chromatin loops bringing distal 
regulators near promoters of the gene they regulate. These interactions would 
give a high score in a correlation analysis but not be identified from 3C methods. 
However, the correlation analyses cannot detect high-order relationships 
between several regulating elements since the computational challenge would 
quickly explode. Physical proximity may be due to simple space restriction in the 
nucleus, and this will give a false positive interaction in 3C methods. Also, as 
mentioned, 3C methods have the limitation in resolution and location and 
frequency of restriction cut sites in the genome. Below, three methods will be 
described, using different data sets, data processing approaches and correlation 
analyses. 

Method 1: Thurman et al. 2012 
The first extensive and most comprehensive mapping of DHSs in the human 
genome, including a map of genome-wide distal DHS-to-promoter connectivity, 
was performed by Thurman et al. 20123. From their DNase-seq dataset of 125 
cell-types, they identified high-confidence DHS positions, where at least one of 
the cell-types showed activity. The DHSs were divided into two groups; 
promoters that are localised close (< 2.5 kb) to a TSS, and distal DHSs. The distal 
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DHSs were correlated to each of the promoters located within 500 kb away from 
it, using Pearson’s correlation coefficient (formula 3). Before the correlation 
analysis, the cell-types were hierarchically clustered to 32 categories. Highly 
correlated DHSs were identified, and this provided an extensive map of 
candidate enhancers controlling specific genes. When comparing the map of 
distal DHSs-to-promoter connectivity with the experimental Southern 
hybridisation method, they found that the sensitivity for the DHSs of the used 
cell-types was over 98%.  

Method 2: Sheffield et al. 2013 
To address the relationship between regulatory elements, Sheffield et al. 20132 
explored the possibility of linking gene expression data from microarray 
experiments to DNase I signal data, to identify possible target genes for the 
regulatory elements. They analysed matched DNase-seq and expression data for 
112 cell-types. Thurman et al. 20133 approached the identification of target 
genes for DHS by correlating distal DHSs with promoter DHSs. Sheffield et al. 
20132 reasoned that if the pattern of a DNase-seq signal across cell-types 
matched the pattern of expression of a gene across cell-types, this provides 
evidence that the genes is a regulatory target of the DHS. The DNase-seq data 
was correlated with gene expression data to infer the target genes for each of the 
DHSs, using Pearson’s correlation coefficient (formula 3). The DHSs were 
clustered into chromatin profiles by tissue specificity, with the use of a self-

GATA1	

Figure 2 | The idea to examine DNase-seq profiles across many cell-types 
The figure shows a screenshot from the Integrative Genome Viewer (IGV). To the left are a 
few cell-types, and the blue graphs show DNase-seq activity for the cell-types in a part of the 
genome where the GATA1 gene is located. The idea behind examining DNase-seq profiles 
across many cell-types to identify gene regulatory interactions comes from the observation 
that many known cell-selective enhancers become DHSs synchronously with the appearance 
of hypersensitivity at the promoter of their target gene3. The GATA1 gene plays an important 
role in the development of hemoglobin, and is involved in cell growth and cancer. The GATA1 
promoter region (marked in red) shows activity for a few leukemia cell-types (K562G1phase, 
K562G2mphase, K562Nabut, K562Saha1u72hr, K562SahaCtrl and K562V2). There is also a 
cell-specific activity around the gene for the same leukemia cell-types, indicating a putative 
enhancer that may be interacting with the GATA1 promoter. 
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organising map (SOM) and promoters were defined as 2 kb upstream of a TSS. 
About 530,000 (20%) of the DHSs correlated significantly with at least one gene 
within 100 kb distance, which is a significant enrichment over the 5% expected 
by chance. They show that combining DHS data with expression comprises a 
reasonable method for mapping distal regulatory elements to genes.  

Method 3: Malin et al. 2013 
Recent studies in mouse and human genome, using advanced sequencing 
technology, have revealed that cell- and tissue-specific enhancers often are 
marked by p300 binding and other epigenomic marks such as DHSs, H3K4me1, 
H3K27ac and so forth. For the intended aim of the study by Malin et al. 20131, i.e. 
to investigate coordinated enhancer activities and test some hypotheses about 
its function, the p300 binding site was a reasonable marker and approximation 
for candidate enhancers. They performed a genome-wide profile of p300 bound 
regions, and analysed the correlation with DHS signals to find significantly 
correlated DHS levels. Genomic regions bound by p300 were extracted and 
DNase-seq data for 72 cell-types were used. The cell-types were hierarchically 
clustered into 37 clusters, and the Mutual Information (MI, formula 2) was used 
to correlate activity profiles between a pair of enhancers.  
 

The project 
We want to understand the relationship between gene regulation in complex 
diseases and interactions between enhancer and promoter elements in the 
human genome. Previous studies have used correlation of DNase-seq 
experiments to predict enhancer-promoter interactions, but their performance 
has not been reported. To identify high-confidence enhancer-promoter 
interactions, we need to know the performances of the currently existing 
methods and how these can be improved. The interaction between enhancers 
and their regulated promoters plays a crucial role in determining which genes 
are active in a given cell-type, and condition of interest, such as cancer. It would 
therefore be useful to identify target genes of enhancers. This project aims to 
identify likely enhancer-promoter interactions using functional genomics data. 
 
We have investigated correlation-based methods to identify gene regulatory 
interactions between promoter and enhancers in the human genome. We used 
DNase-seq data for 100 cell-types from the Encyclopedia of DNA elements 
(ENCODE) project (Duke University open chromatin data). The investigated 
correlation analyses are from Thurman et al. 20123, Sheffield et al. 20132 and 
Malin et al. 20131. The goal was to generate predictions of interactions between 
enhancer and promoter elements and to assess the performances of the 
predictions. The results from the DNase-seq based predictions were compared 
with high-resolution Hi-C data from Jin et al. 20134, which acts as a gold standard 
for the project. In addition, we investigated how cell-type specific the Hi-C data is 
and its use as a gold standard.  
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Material and Methods 

Hi-C data 
We used the Hi-C data from the chromatin interaction map generated in human 
fibroblasts cells (Imr90) by Jin et al. 20134. The Hi-C data was downloaded from 
the Nature online version of the article, from the supplementary data section. It 
consists of 518,032 anchor regions (overlapping active promoters) that are 
interacting with one or several of the 1,116,313 target regions (overlapping 
putative enhancers). The files ‘Supplementary data 3’ and ‘Supplementary data 4’ 
was downloaded, containing information about anchors and targets, 
respectively. The description of the data processing of the Hi-C data by Jin et al. 
20134 can be found in Appendix B. 
 

DNase-seq data 
The open chromatin DNase-seq data was downloaded from the Encyclopedia of 
DNA Elements (ENCODE) project. DNase-seq data from Duke University was 
used, since it contains the cell-line Imr90 that corresponds to the Hi-C data. For 
100 cell-types (Appendix C, table 2), two different file types were downloaded: 
Narrow Peak files, containing information for significant peaks from the DNase-
seq experiments for each cell-type, and Base Overlap Signal files, providing a 
high-resolution view of the raw sequence data.  
 

Data preparation 

Definition of genomic regions 
For the project, non-overlapping and unique genomic regions in the human 
genome needed to be defined, where at least one of the cell-types in the DNase-
seq data shows activity. This has been made before; Thurman et al. 20123 
defined 2,890,742 genomic regions between 150-470 bp long in a ‘master-list’. 
The list was created for assessment of another data set, but we found it useful for 
this project. Each genomic region was given an identification number between 1 
and 2,890,742. 

Hi-C data 
The Hi-C data was lifted over from the human reference genome hg18 
coordinates to hg19 coordinates with UCSC’s (University of California, Santa 
Cruz) lift genome annotations tool ‘liftover’ (Appendix A). Some of the data could 
not be converted to hg19 coordinates, resulting in 517,542 anchor regions and 
1,114,721 target regions. To see that this was made properly, the Hi-C data in 
hg19 coordinates was re-visualised and compared in the genome browser IGV 
(Integrative Genomic Viewer) with figures from the article from Jin et al. 20134. 
A new Hi-C map was created for the project, where the Hi-C interactions were 
transferred into the identification numbers for the genomic regions they overlap 
with, using bedtools ‘intersect’. All genomic regions that overlapped an anchor 
region were assumed interacting with all genomic regions overlapping its 
targets. This was made for the 113,178 interactions on chromosome one, 
resulting in 33,562,097 new interactions.  
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DNase-seq data 

bigwig to tdf 
To efficiently be able to visualise the DNase-seq data, the bigWig files were 
converted to tdf format, which are pre-processed files containing binary data for 
faster display in IGV (Integrative Genomic Viewer). This was made in two steps: 
first, the bigwig files were converted to wiggle format using the ‘bigWigToWig’ 
program from UCSC (Appendix A). The wig files were reduced to only contain the 
data for the genomic regions from the master-list. To reduce noise and 
unnecessary data, the genomic regions only containing scores above five were 
kept. The threshold of five was used since this was the mean value for all 
genomic regions when all zeros were removed. The reduced wig files were 
converted to tdf format using the IGVtools java-based utility ‘toTDF’ (Appendix 
A). 

Matrices 
Two matrices were created: a binary matrix from the Narrow Peak files and a 
score matrix from the wig files. The rows in the matrices correspond to all cell-
types and the columns to the genomic regions from the master-list, resulting in a 
100 x 2,890,742 matrix for the whole genome.  
 

 Binary matrix: For each cell-type, bedtools ‘intersect’ was used to find 
which genomic regions from the master-list that overlap with a region in 
the corresponding Narrow Peak file. If a genomic region overlapped with 
a region in the Narrow Peak file, a score of 1 was inserted into the matrix 
at the corresponding position. If no overlap was observed, a score of 0 
was inserted. 
 

 Score matrix: For each cell-type, the maximum value for each genomic 
region in the corresponding wig file was inserted into the matrix. 

Possible interactions 
For the analyses, all possible interactions in the DNase-seq data needed to be 
defined. We considered all pairs of genomic regions from the master-list within a 
distance of 2 Mb and above a distance of 2 kb. The first threshold is used because 
Jin et al. 20134 investigated interactions within a 2 Mb distance, and the second 
threshold to avoid to calculate the correlation between two regions actually 
belonging to the same open chromatin site.  
 

Specificity for Imr90 
We wanted to test if the Hi-C data was suitable as a gold standard. To see if 
higher confidence interactions from the Hi-C data more often overlap DNase-seq 
data for the given cell-line Imr90 as compared to lower confidence interactions, 
an overlap comparison was performed. For each Hi-C anchor-target interaction, 
bedtools ‘intersect’ was used to see if they overlap or not with the DNase-seq 
data for Imr90. Three classes of outcome were considered: 
 

 Class A:  None of the anchor or target regions overlap with DNase-seq data 
 Class B: One of the anchor or target regions overlap with DNase-seq data 
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 Class C: Both the anchor and target regions overlap with DNase-seq data 
 
Within each class for Imr90, boxplots of prediction confidences (the minus log10 
p-values for the interactions from the Hi-C data) were created. The classification 
was performed for all cell-types. To formally test for differences in the p-value 
distributions from the Hi-C data of the three classes for each cell-type, we 
applied a Wilcoxon Rank-Sum test. 
 

Hierarchical clustering 
Since we were using only 100 cell-types in the analysis, and the DNase-seq data 
contained multiples of the same cell-types, we performed hierarchical cluster 
analysis on our cell-types to achieve a non-biased result. The binary matrix for 
the entire genome was used for this. Between all cell-types (i.e. two binary 
vectors from the binary matrix), the Russel Rao distance (formula 1, used by 
Malin et al. 20131) was calculated, using the function ‘dist’ with method ‘russel’ 
from the package ’proxy’ in R. The Russel Rao distance is a good measurement of 
dissimilarity for binary vectors. 
 
 
 

                                             
 

       
        

 
                                                
                                                
                                                
                                                
 

 

  
All columns that only contained zeros were removed for this, since they would 
not change the result and would yield unnecessary calculation time. The 
resulting distance matrix was used to hierarchically cluster the cell-types, using 
the function ‘hclust’ in R with the method ‘ward’ (formula 2).  
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The resulting dendrogram was trimmed using the function ‘cutree’ in R. For the 
clusters containing two cell-types, the one with greatest mean distance from the 
other cell-types were chosen as the representative cell-type for the cluster. For 
clusters with three or more cell-types, the one with lowest mean distance to the 
other cell-types in the same cluster was chosen as the representative cell-type.  
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Correlation analyses 
For the correlation calculations, the binary matrix for chromosome one was 
used, and the matrix was reduced to only contain the 52 representative cell-
types from the cluster analysis, resulting in a 52 x 262,477 binary matrix. All 
genomic regions were iterated through and treated as a promoter. The current 
promoter and all genomic regions within a distance of 2 Mb and above a distance 
of 2 kb (treated as putative enhancers), were correlated with Pearson’s 
correlation and Mutual Information (formula 3 and 4). Pearson’s correlation 
shows the linear correlation between two vectors, and will vary between -1 and 
1. In the study by Thurman et al. 20123, a threshold of 0.7 was used for 
significant interactions. MI quantifies how much knowing one of the two vectors 
help determine the other. It provides nonnegative values, and can be biased 
toward enhancer pairs that are near each other in the genome1. The Pearson’s 
correlation cannot be calculated for a vector only containing zeros or ones since 
they would provide a denominator equal to zero. These genomic regions were 
ignored in the analysis, and to obtain consistency between the correlation 
methods, these were ignored as well for the Mutual Information. Only the 
regions overlapping an anchor in the Hi-C data was used as a promoter in the 
correlation analyses, to eliminate duplicate result and to achieve consistency 
between the DNase-seq data and Hi-C data. This resulted in 362,422,534 
correlated regions. To investigate whether the result would improve if only the 
open chromatin sites for Imr90 were used, we extracted the interactions 
overlapping the regions in the narrowPeak file of Imr90. This resulted in 
26,924,459 interactions. 
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Performances 
The performance of each correlation method was assessed by Receiver 
Operating Characteristic (ROC) curves, which is a graphical plot of the false 
positive rate (1- specificity) against the true positive rate (sensitivity, formula 5). 
A ROC-curve was created for Pearson’s correlation and Mutual Information, both 
for all cell-types and specific for the Imr90 cell-line. 
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The interactions were compared to the gold standard in the project, the Hi-C 
data. Each possible interaction, i.e. the correlated regions, was investigated if it 
overlapped with a Hi-C interaction or not, creating a binary vector where ‘1’ 
corresponds to overlap and ‘0’ to no overlap. The ROC curve was created in the 
following way: 

1. Initially, TP and FP are equal to 0, the sensitivity is equal to 0 and the 
specificity is equal to 1. 

2. TN is the total number of 1:s to be found in the binary vector, and FN is 
the total number of 0:s. 

3. The interactions are sorted by their correlation score in decreasing order. 
4. For all interactions, we iterated through the binary vector, and the 

variables are changed: 
i. If ‘1’ is found for the interaction, 1 is added to TP and deducted 

from FN. 
ii. If ‘0’ is found for the interaction, 1 is added to FP and deducted 

from TN. 
5. In the end, the sensitivity will be equal to 1 and the specificity equal to 0 
6. The false positive rate (1-specificity) is plotted against the true positive 

rate (sensitivity) in R. 
7. The Area Under the Curve (AUC, an accuracy metric) is calculated using 

the function ‘auc’ in the package ‘MESS’ in R. 
 
For a perfect performance, all true positives will be found before the false 
negatives, when the interactions are sorted by their correlation scores.  

Visualisation of the predicted results 
The idea of using DNase-seq activity profiles across many cell-types comes from 
the observation that many known cell-selective enhancers become DHSs 
synchronously with the appearance of hypersensitivity at the promoter of their 
target gene3 (fig. 2). While examining DNase-seq profiles across many cell-types 
in a genome browser, we will find putative enhancers being active in a subset of 
cell-types, which show activity at the promoter regions as well. To evaluate the 
idea and our ability of identifying interacting regions by inspecting the DNase-
seq data, we selected a few putative enhancer regions and a promoter region. 
The scores for the regions were visualised in scatterplots together with the 
results from the correlation analyses.  
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Results 

Specificity for Imr90 
An overlap comparison was performed between the Hi-C data and the DNase-seq 
data for Imr90, to see if the Hi-C data is suitable as a gold standard. We 
investigated if higher confidence interactions more often overlap with regions 
showing activity for Imr90 than lower confidence interactions. The data was 
divided into three classes, and for each class, the p-values for the interactions 
from the Hi-C data were visualised in a boxplot (fig. 3). A clear trend of 
increasing confidence interactions across the three classes was observed with 
highest confidence in class C (table 1: mean -log10(p-value)=2.8, 4.7 and 5.1 for 
class A, B and C respectively). However, some of the highest confidence 
interactions were observed in class A and B. The maximum minus log10 p-value 
for an interaction in class C was 180.6, which was the lowest over all classes 
(class A: 185.5 and class B: 297.2). The majority of all interactions were in class A 
(55.4%), and the minority were in class C (5.2%). For a summary of the 
confidence statistics, see table 1. 
 

We also investigated if the Hi-C data more often overlap the DNase-seq data for 
the cell-line Imr90 than for the other cell-lines. For this question, the 
classification was performed for all cell-types using the p-values from the Hi-C 
data interactions. We tested for differences of the p-value distributions between 
the three classes applying the Wilcoxon Rank-Sum test. Imr90 was one of the 
cell-types with highest minus log10 p-value, ranked 75 of 100, with -log10(p-
value)=245.0 between class B and class C (Appendix C, table 3). In top was 
Colo829 (fibroblast malign melanoma) with -log10(p-value)=388.4 and Mel2138 
(melanoma) with -log10(p-value)=340.7.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3 | Boxplots for overlap 
comparison 
The Hi-C data was compared to 
the DNase-seq data for Imr90 in 
an overlap comparison. The data 
was divided into three classes; 
class A: none of the anchor or 
target in an interaction overlap 
DNase-seq data,   class B: One of 
the anchor or target overlap 
with DNase-seq data and class C: 
both anchor and target of the 
interaction overlap with DNase-
seq data. The minus log10 p-
value for all Hi-C interactions 
were visualised in a boxplot (all 
outliers are removed) for all 
classes. Higher confidence 
interactions are enriched for 
class C. 
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Table 1 | Summary of the overlap comparison 
This table shows the summary from the boxplots; minimum value, first 
quartile, median, mean, third quartile and maximum value for each class (A-C) 
for Imr90. Higher confidence interactions are more often in class C (mean 5.1) 
than in class A (mean 2.8). 

 
 
 
Overlap Class A Class B Class C 

Interactions 439,125 (39.4%) 618,224 (55.4%) 57,830 (5.2%) 

Min 0 0 0 

1Q 1.8 2.7 2.8 

Median 2.5 3.6 3.7 

Mean 2.8 4.7 5.1 

3Q 3.3 5.1 5.5 

Max 185.5 297.2 180.6 

 This table shows the summary from the boxplots; minimum value, first 
quartile, median, mean, third quartile and maximum value for each class (A-C) 
for Imr90. Higher confidence interactions are more often in class C (mean 5.1) 
than in class A (mean 2.8). 

 
 
 
 
 
 
 
 

 

 

 
 

Hierarchical clustering 
The distances between all cell-types were calculated using the Russel Rao metric. 
For a useful clustering, we wanted the cell-types to spread out in the different 
clusters. Different clustering methods were compared: wards, complete linkage, 
single linkage, mcquitty, centroid and mean. The method ward gave the 
clustering with most widespread cell-types, and was therefore used in the 
project. Different distances were compared for the resulting dendrogram with 
the ‘cutree’ function, and examined to see if the cell-types from the same cell-line 
were observed in the same cluster. We expected the leukemia cell-lines to be 
clustered together, the B-lymphocytes clustered together etc., and the resulting 
dendrogram reflected our expectations (fig. 4). This indicates that the data 
processing has been performed correctly, and we can use these clusters to define 
representative cell-types. It resulted in 52 clusters, of which 28 were singletons 
and the rest of the clusters contained two to nine cell-types (Appendix C, table 4). 

Overlap Class A Class B Class C 

Interactions 439,125 (39.4%) 618,224 (55.4%) 57,830 (5.2%) 

Min 0 0 0 

1Q 1.8 2.7 2.8 

Median 2.5 3.6 3.7 

Mean 2.8 4.7 5.1 

3Q 3.3 5.1 5.5 

Max 185.5 297.2 180.6 

Figure 4 | Dendrogram from hierarchical clustering 
The Russel Rao distance was calculated between all cell-types, and they were clustered by the 
method ‘ward’, which creates clusters with the cell-types spread out in the different clusters. 

 
Figure 5 | Dendrogram from hierarchical clustering 
The Russel Rao distance was calculated between all cell-types, and they were clustered by the 
method ‘ward’, which creates clusters with the cell-types spread out in the different clusters. 
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For the clusters containing two cell-types, the one with greatest mean distance 
from the other cell-types was chosen as the representative one. For clusters with 
three or more cell-types, the one with lowest mean distance to the other cell-
types in the same cluster was chosen as the representative one.  
 

Correlation analyses  
Correlation between DNase-seq scores on all genomic regions within a distance 
of 2 Mb and at least 2 kb apart on chromosome one were estimated using 
Pearson’s correlation and MI (formula 3 and 4). This resulted in 362,422,534 
region pairings, where 12,939,441 interactions (4.4%) overlapped with Hi-C 
data. Pearson’s correlation coefficient varied between -1 and 1, and the MI took 
values from 0 up to 0.999. The MI varied more than Pearson’s correlation, and 
the high scores decreased quickly; only 3,345 pairs had a MI above or equal to 
0.6, compared to 1,303,523 interactions having a Pearson’s correlation 
coefficient equal to 1.  
 

Visualisation of the predicted results 
We wanted to visualise potential interactions found by inspecting the DNase-seq 
profiles across the cell-types together with their correlation scores.  If the idea of 
cell-selective enhancers being DHSs synchronously with the appearance of 
hypersensitivity at the promoter of their target gene holds, we should find strong 
evidence of an interaction. The DNase-seq data from the tdf files were visualised 
in IGV, and we selected the promoter region of TAL1 and a few putative 
enhancers around the gene to be visualised in scatterplots together with the 
result from the correlation analyses. The TAL1 gene is the most frequently 
activated gene in acute T-cell leukemia18 and we expected leukemia cell-types to 
show activity around the gene. Activity around the promoter region was found 
for the leukemia cell-types K562G1phase, K562G2mphase, K562Nabut, 
K562Saha1u72hr, K562SahaCtrl and K562V2, and the stem cell-types Ips, 
Ipswru1, Ipsnihi11, Ipsnihi7, H7es and H1hesc (fig. 5). The region with 
identification number 79,262 from the master-list (having the coordinates chr1: 
47,695,360 - 47,695,510) overlaps the TSS of the TAL1 gene, but region 79,261 
(chr1: 47,695,160-47,695,310) showed higher activity (fig. 6), and was therefore 
selected as promoter region (P1). This could be an alternative TSS for the TAL1 
gene.  We found active regions around the TAL1 promoter, corresponding to 
putative enhancers acting on the gene. We selected the regions 79,198 (A, chr1: 
47,674,180-47,674,330), 79,206 (B, chr1: 47,677,660-47,677,810), 79,210 (C, 
chr1: 47,679,140-47,679,290), 79,244 (D, chr1: 47,691,145-47,691,295) and 
79,275 (E, chr1: 47,698,200-47,698,350) to be visualised in the scatterplots 
together with promoter P1. These regions (A-D) showed high cell-selective 
patterns in the DNase-seq data (fig. 5).  
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Figure 5 | Possible interactions around TAL1 
Activity around the TAL1 promoter P1 (in blue) is observed for a few cell-types (K562G1phase, 
K562G2mphase, K562Nabut, K562Saha1u72hr, K562Sahactrul, K562V2, H7es, H1hesc, Imr90, 
Ips, Ipswru1, Ipsnihi11 and Ipsnihi7). We selected five neighbouring regions (in red, regions A-
E) close to the promoter P1 to be visualised in scatterplots together with P1. These regions A-E 
show specific activity for the cell-types with an active TAL1 promoter.  
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Figure 6 | Choice of promoter region for TAL1 
Region 79,262 would be the obvious choice as the promoter region for the TAL1 gene since it 
overlaps the TSS of the gene. However, region 79,261 and 79,260 show higher activity. This 
could be alternative TSSs or nearby enhancers. We chose element 79,261 as promoter region. 
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Figure 8 | Specific activity for fibroblasts 
We observed activity for a few fibroblast cell-types (Fibroblgm03348, Fibroblgm03348Lenticon, 
Fibroblgm03348Lentimyod, Fibropag08395, Fibropag08396 and Fibropag20443) in region F, close 
to the TAL1 gene. They are missing activity around the TAL1 promoter region (P1). Instead, we 
found a pattern of activity around the PDZK1IP1 (PDZK interacting protein 1) gene promoter (P2). 
We would expect a low correlation between P1 and F, and a greater correlation for P2 and F. 
 

Figure 7 | Hi-C data around TAL1 
When we add the Hi-C data in IGV to the DNase-seq data around the TAL1 gene, we can 
clearly see the differences in the resolution. One anchor (in light blue) is overlapping the 
promoter region of TAL1 gene (region P1). The red-marked regions correspond to the regions 
we chose to visualise in scatterplots (A-E), and only one region (D) overlaps a target and 
region E overlaps the anchor region.  
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The Hi-C data around the TAL1 gene was visualised together with the DNase-seq 
data, to compare their resolution and to see if it overlaps the extracted potential 
interactions (fig. 7). The target and anchor regions are much longer than the 
defined genomic regions, showing the differences of the resolution. The anchor 
region overlapped the TAL1 promoter (P1) and region E, and one of the targets 
overlapped region D. For the other regions (A, B and C), there were missing 
overlaps with the Hi-C data. 
 
Observe that for the correlation analyses, the reduced binary matrix for 52 cell-
types was used, but in the scatterplots, the scores from all 100 cell-types were 
used.  
 
Downstream from the TAL1 gene, we found activity for the fibroblast cell-types 
Fibroblgm03348, Fibroblgm03348Lenticon, Fibroblgm03348Lentimyod, 
Fibropag08395, Fibropag08396 and Fibropag20443 at region 79,189 (F, chr1: 
47,667,000-47,667,150) (fig. 8). We also found activity for the two endometrial 
cancer cell-types Ecc1Dm002p1h and Ecc1Est10nm30m, but they are ignored 
since we could not see activity nearby for these. For the fibroblast cell-types, 
there was missing activity around the promoter P1, but higher activity for the 
promoter of the downstream gene PDZK1IP1 (PDZK1 interacting protein 1) at 
region 79,167 (promoter P2, chr1: 47,655,685-47,655,835). We would expect a 
higher correlation between region F and promoter P2 than for promoter P1. 

Scatterplots 
The scores for the selected regions A-F and promoter regions P1 and P2 were 
extracted from the score matrix and plotted against each other in scatterplots 
(fig. 9 and 10). We found following types of correlation patterns in the 
scatterplots: 
 

 Strong correlation: 
The pair P1-E showed a strong correlation pattern of DNase-seq activity 
profiles, i.e. many cell-types had low scores, but the leukemia cell-types 
and H7es had high scores in both the promoter and enhancer region. The 
pair P1-E had high correlation scores (Pearson’s correlation 0.660, 
Mutual Information: 0.324) 

 Medium strong correlation: 
The pairs P1-B and P1-C showed medium strong correlation patterns of 
DNase-seq activity profiles, where the leukemia cell-types had the highest 
scores for the reigons. The scores for the Pearson’s correlation were 
relatively high (P1-B: 0.424, P1-C: 0.397) and the MI was the same for 
both pairs (0.127). 

 Medium low correlation: 
The pair P1-D showed a weaker correlation pattern where all cell-types 
were spread out in different directions, except H7es (the neural stem cell-
type Olfneurosphere had high score in region D, but was ignored since it 
show no activity for the promoter P1). The pair had relatively high 
correlation scores (Pearson’s correlation: 0.444, Mutual Information: 
0.170). 
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 Low correlation: 
The pair P1-A showed a poor correlation pattern for the leukemia cell-
types (but Ips, Ipswru1, Ipsnihi7, Ipsnihi11 and H7es had high scores in 
the regions). The pair had very low correlation scores (Pearson’s 
correlation 0.033, Mutual Information: 0.001). 

 
The scatterplots for the pairs P1-F and P2-F showed what we expected; the 
correlation scores were higher for the pair P2-F than the pair P1-F (Pearson’s 
correlation: 0.274 compared to -0.140, Mutual Information: 0.053 compared to 
0.015). 

Performances 
The scatterplots showed a few examples where the correlation scores were 
successful, but to actually be able to conclude if the region pairs correspond to an 
interaction in the genome, it needs to be compared to a gold standard. In this 
project, we used Hi-C data to assess the performance of each correlation method. 
We created ROC curves, i.e. we plotted the false positive rate (1-specificity) 
against the true positive rate (sensitivity). This was made for all cell-types and 
specifically for the 26,924,459 only overlapping the open chromatin regions of 
the cell-line Imr90. Of these, 1,127,265 interactions (3.8%) overlapped the Hi-C 
data. The area under the curve (AUC) was highest for the Pearson’s correlation 
using all cell-types (0.526), and lowest for the Mutual Information, specifically 
for Imr90 (0.495) (fig. 11). Note, an AUC value of 0.5 represents a random 
classification.  
 

Figure 9 | Scatterplots for element 79,189 
Region 79,261 (P1) is defined as a promoter to the TAL1 gene, and region 79,167 (P2) is 
defined as a promoter to the PDZ1IK1 gene. We found activity for region 79,189 (F) for a few 
fibroblast cell-types, and expected this to correlate more with promoter P2 than promoter P1. 
The correlation scores are 0.274 and 0.053 for the PDZ1IK1 promoter, and -0.140 and 0.015 for 
the TAL1 promoter, showing a higher correlation between P2 and F. 
 
 
 
  

 
Figure 10 | Scatterplots for element 79,189 
Region 79,261 (P1) is defined as a promoter to the TAL1 gene, and region 79,167 (P2) is 
defined as a promoter to the PDZ1IK1 gene. We found activity for region 79,189 (F) for a few 
fibroblast cell-types, and expected this to correlate more with promoter P2 than promoter P1. 
The correlation scores are 0.274 and 0.053 for the PDZ1IK1 promoter, and -0.140 and 0.015 for 
the TAL1 promoter, showing a higher correlation between P2 and F. 
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Figure 10 | Scatterplots 
Region 79,261 (P1) is defined as the 
promoter region for the TAL1 gene. Five 
regions located around the TAL1 gene are 
defined as putative enhancers (A: 79,189, 
B: 79,206, C: 79,210, D: 79,244 and E: 
79,275) from IGV (fig. 5), and the scores 
for the two regions are extracted and 
plotted against each other in a scatterplot. 
A: The pair P1-A have high scores for 
H7es, Ispwru1, Ipsnihi11 and Ipsnihi7, 
but low correlation scores. B: The pair P1-
B have high scores for K562G1phase, 
K562G2mphase, K562Nabut, 
K562Saha1u72hr, K562SahaCtrl and 
  
 

 
Figure 11 | Scatterplots 
Region 79,261 (P1) is defined as the 
promoter region for the TAL1 gene. Five 
regions located around the TAL1 gene are 
defined as putative enhancers (A: 79,189, 
B: 79,206, C: 79,210, D: 79,244 and E: 
79,275) from IGV (fig. 8), and the scores 
for the two regions are extracted and 
plotted against each other in a scatterplot. 
A: The pair P1-A have high scores for 
H7es, Ispwru1, Ipsnihi11 and Ipsnihi7, 

K562V2, and reasonable high correlation scores. C: The pair P1-C have high scores for 
K562G1phase, K562G2mphase, K562Nabut, K562Saha1u72hr, K562SahaCtrl and K562V2, 
and also reasonably high correlation scores. D: The pair P1-D have high scores for H7es 
(and Olfneurosphere, ignored in this case), and reasonable high correlation scores. E: The 
pair P1-E have high scores for K562G1phase, K562G2mphase, K562Nabut, 
K562Saha1u72hr, K562SahaCtrl, K562V2 and H7es. The interaction has high correlation 
scores.  

 
 
K562V2, and reasonable high correlation scores. C: The pair P1-C have high scores for 
K562G1phase, K562G2mphase, K562Nabut, K562Saha1u72hr, K562SahaCtrl and K562V2, 
and also reasonably high correlation scores. D: The pair P1-D have high scores for H7es 
(and Olfneurosphere, ignored in this case), and reasonable high correlation scores. E: The 
pair P1-E have high scores for K562G1phase, K562G2mphase, K562Nabut, 
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Figure 11 | ROC curves 
Genomic regions on chromosome one were correlated with Pearson’s correlation and 
Mutual Information (formula 3 and 4). For the calculations, the binary matrix of the 52 
representative cell-types was used. The performances of the correlation methods were 
assessed by ROC curves, i.e. the 1-specificity was plotted against the sensitivity. The 
interactions were compared to the Hi-C data to see if it corresponds to a true interaction or 
a false interaction, as described in Materials and Methods. ROC curves were created when 
using all genomic regions on chromosome one, and also specifically for the genomic regions 
of the open chromatin in Imr90. The AUC when using all cell-types are 0.562 and 0.521, and 
for Imr90 0.503 and 0.495.  
  

 
Figure 12 | ROC curves 
Genomic regions on chromosome one were correlated with Pearson’s correlation and 
Mutual Information (formula 3 and 4). For the calculations, the binary matrix of the 52 
representative cell-types was used. The performances of the correlation methods were 
assessed by ROC curves, i.e. the 1-specificity was plotted against the sensitivity. The 
interactions were compared to the Hi-C data to see if it corresponds to a true interaction or 
a false interaction, as described in Materials and Methods. ROC curves were created when 
using all genomic regions on chromosome one, and also specifically for the genomic regions 
of the open chromatin in Imr90. The AUC when using all cell-types are 0.562 and 0.521, and 
for Imr90 0.503 and 0.495.  
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Discussion 
We have examined the performances of the correlation methods Pearson’s 
correlation and Mutual Information, used in previous studies to identify gene 
regulatory interactions in the human genome1,2,3. We used DNase-seq data for 
100 cell-types and high-resolution Hi-C data from Jin et al. 20134 as a gold 
standard to assess the performances. The DNase-seq data was extracted into a 
binary matrix and the cell-types were hierarchically clustered into 52 clusters. 
We correlated all possible pairs of genomic regions on chromosome one within a 
distance of 2 Mb and above a distance of 2 kb, and compared the result to the Hi-
C data. This resulted in 362,422,534 correlated genomic regions for all cell-types, 
and 26,924,459 correlated regions when only considering the open chromatin 
regions for Imr90. A few putative enhancers around the TAL1 gene promoter 
were visualised in scatterplots, and this shows how difficult and complex the 
identification of gene regulatory interactions are, using correlation analyses and 
DNase-seq data across several cell-types. 

Specificity for Imr90 
We performed an overlap comparison between the Hi-C and DNase-seq data, to 
conclude if the Hi-C data is specific for the cell-line Imr90 and suitable as a gold 
standard. The boxplot in figure 3 shows the distribution of p-values when the Hi-
C data is divided into three classes. Higher confidence interactions were more 
often observed in class C (both anchor and target of an interaction overlap open 
chromatin regions for Imr90) compared to class A (none of the anchor or target 
of an interaction overlap open chromatin regions for Imr90). If there would not 
be any differences between the classes, we would be suspicious of using the Hi-C 
data as a gold standard. We can conclude that the Hi-C data is enriched for 
overlap with DNase-seq regions, suggesting the Hi-C data can be used as a gold 
standard for assessing predictive performance of DNase-seq profile correlations. 
 
We compared the distributions of the p-values from the Hi-C interactions of class 
A-C for all cell-types, applying the Wilcoxon Rank-Sum test. The cell-type Imr90 
was ranked 75 of 100 (Appendix C, table 3). A few of the cell-types ranked above 
Imr90 were fibroblasts and thereby related to the Imr90 cell-line, and the Hi-C 
data may be specific against these as well. Other cell-types were Cll (Chronic 
lymphocytic leukaemia cell), Mel 2183 (Melanoma) and AosmcSerumfree (Aortic 
smooth muscle cells treated in serum-free media for 36h), and we would not 
expect the Hi-C data having higher specificity for these cell-types. The resolution 
of the Hi-C data is low compared to the DNase-seq data (fig. 7), and this can 
decrease the specificity for Imr90. Hi-C data will overlap long regions in the 
genome and this can by coincidence give a better result for other cell-types. Also, 
the number of open chromatin regions in cell-types can vary, and by coincidence, 
the open chromatin regions of a cell-type may overlap the Hi-C data more than 
for Imr90. However, our results suggest that the Hi-C data is specific against 
Imr90. 
 

Clustering 
Before the correlation analyses, we clustered the cell-types based on similarity 
and reduced the binary matrix to only contain the 52 representative cell-types. It 
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has not been well stated why the cell-types are clustered, neither the best way of 
doing this. I assume it is to avoid bias when using multiple data for a cell-type, 
and to reflect the reality more, since we are only using 100 selected cell-types in 
the project. This is why we chose the cell-type with the greatest distance to other 
cell-types as the representative one in a cluster of two, to not influence the result 
by using “the best data”. We chose a clustering method similar to the one by 
Malin et al. 20131. The result of the clustering (fig. 4 and Appendix C, table 4) was 
what we expected, comparing it to our pre-knowledge of the cell-types 
(Appendix C, table 2), i.e. the leukemia cell-types clustered together, the 
fibroblast cell-types clustered together etc. The result of the clustering is also a 
proof of that the data processing has been done correctly. The clustering could 
also have been optimised, but that was not included in this project. 

Correlation analyses 

Visualisation of the predicted results 
We chose a few potential interactions around the TAL1 gene to be visualised in 
scatterplots. We were looking for patterns of interactions, which should be when 
we can see high scores for a few selected cell-types in both the promoter and 
enhancer region. These interactions are also expected to have high correlation 
scores. The scatterplots for the promoter element of the TAL1 gene (P1) and 
regions B, C and E showed evidence of interaction in the DNase-seq profiles and 
had high correlation scores, especially for region E (fig. 10). For these 
interactions, we can with some confidence conclude that they are interacting 
regions for the leukemia cell-types, including H7es for region E. We would from 
the scatterplot predict pair P1-A as an interacting region for H7es, Ipswru1, 
Ipsnihi11 and Ipsnihi7, even though the correlation scores are low (fig. 10) and 
does not reflect our DNase-seq activity profiles. This is because only a subset of 
the cell-types that is active in the promoter region also is active in region A. This 
will decrease the correlation score, even though the DNase-seq data and the 
scatterplot show some confidence of an interaction (fig. 9). For the pair P1-D, we 
have the same problem of only a subset of the putative enhancers showing 
activity in the region D (fig. 10). The Olfneurosphere cell-type has a high score in 
region D and this may inflate the correlation score. Otherwise, we would see the 
same result as for pair P1-A. We expected region F to have a higher correlation 
with promoter P2 (promoter region of the PDZK1IP1 gene) than P1 and this is 
the case, providing an example of when the correlation score works successfully 
(fig. 9). 
 
The correlation scores, by judging from our scatterplots, are successful for the 
pairs P1-B, P1-C, P1-E and P1/P2-F, but give a misleading result for the pair P1-
A. For distinct correlation patterns, i.e. when a specific subset of cell-types are 
active in both promoter and enhancer regions, we will get high correlation 
scores, and in those cases, the correlation analyses will be helpful.  

Performances 
To actually be able to conclude if the correlation scores are successful or not, we 
need to compare them to a gold standard. We compared our correlation results 
with the Hi-C data to assess the performances. The ROC curves (fig. 11) showed 
that the correlation analyses were slightly better than for a random classifier 
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(AUC 0.526 and 0.521), but when only using the open chromatin regions for 
Imr90, the performance decreases (AUC 0.503 and 0.495). We expected the 
performance to increase, since we have shown that the Hi-C data is more specific 
against Imr90.  The resolution of the Hi-C data is limited, and will affect the 
result. In figure 7, it is shown that the Hi-C data does not overlap a few of the 
regions we expect to interact by judging from the scatterplots, both because of 
the limitation in resolution and missing target regions. In the project, we have 
reduced the set of correlated genomic regions to match the Hi-C data better by 
only treating a genomic region overlapping an anchor as a promoter. The Hi-C 
data may not be a perfect gold standard, but it does not mean that our 
correlation analyses of the DNase-seq data would improve with another gold 
standard. 
 
The limitation of the resolution in our gold standard may have distorted our 
possibility to assess the performance of the correlation methods. However, our 
analysis suggests there may exist more effective metrics to identify interactions 
between promoter and enhancer element with high confidence. The Pearson’s 
correlation and Mutual Information may be to simple to predict gene regulatory 
interactions, and new metrics merits to be developed using more advanced 
variables. 
 

The Hi-C data as a “gold standard” 
Through the project, we have used Hi-C data as a gold standard. The overlap 
comparison and the resolution comparison with DNase-seq data show that the 
Hi-C data does not work as a perfect gold standard. In figure 7, we can see that 
the targets of the anchor overlapping the TAL1 promoter P1 do not overlap the 
suggested interacting regions (regions A, B, C) from investigating the DNase-seq 
data. The anchor region overlaps both the promoter region P1 and region E, 
which we have predicted with some confidence to interact with the promoter 
region P1. This shows that the resolution of the Hi-C data needs to be improved, 
to identify all potential interactions in the human genome. Sheffield et al. 20132 
compared their DHS correlation to experimental 3C evidence, and found an 
incomplete agreement between the datasets. This was due to a poised enhancer, 
which cannot be identified from the DNase-seq data, and cross-hybridisation of 
probes from the 3C experiment. This incomplete agreement can be the same for 
the Hi-C data. For this project, it would have been useful to have Hi-C data from 
all different cell-types and compared it to its respective cell-type, but this was 
not available.  
 
For future studies, I suggest another gold standard, as ChIA-PET or 5C, and 
combine it together with ChIP-seq data to identify promoters and poised 
enhancers. Another suggestion is to only use the high-confidence interactions 
from Hi-C data, which show enrichment for overlap whit DNase-seq data. 
 

Summary 
We conclude that there is a need of improved correlation methods to identify 
gene regulatory interactions between promoter and enhancer elements in the 
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human genome. The correlation methods in this project have been used 
previously1,2,3, but their performances have never been reported. We show that 
the performances are poor for the correlation methods, when the Hi-C data is 
used as a gold standard. However, the use of Hi-C data as gold standard is 
limited, because of its low resolution. In future studies, an improved gold 
standard may provide better evidence of better performances for the correlation 
methods. Ability to identify and connect high confidence enhancer regions with 
its target gene would be of great importance in the research areas of complex 
diseases, therefore further research on gene regulatory interactions are 
warranted. 
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Appendix A: Programs and utilities 

liftover 
The ‘liftover’ can be downloaded from the UCSC’s webpage, or can be used in the 
online version. 

 http://hgdownload.cse.ucsc.edu/admin/exe/ 
 http://genome.ucsc.edu/cgi-bin/hgLiftOver 

 

bigWigToWig 
The ‘bigWigToWig’ program can be downloaded from the UCSC’s webpage 

 http://hgdownload.cse.ucsc.edu/admin/exe/  
 

toTDF 
The ‘toTDF’ utility can be found in the IGV tools 

 http://www.broadinstitute.org/igv/igvtools  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

http://hgdownload.cse.ucsc.edu/admin/exe/
http://genome.ucsc.edu/cgi-bin/hgLiftOver
http://hgdownload.cse.ucsc.edu/admin/exe/
http://www.broadinstitute.org/igv/igvtools
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Appendix B: Supplementary data 

Master-list 
The master-list can be downloaded from:  

 ftp://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data_jan
2011/byDataType/openchrom/jan2011/combined_peaks/multi-
tissue.master.ntypes.simple.hg19.bed  

DNase-seq data 
The DNase-seq data was downloaded from the ENCODE project webpage 
(http://genome.ucsc.edu/ENCODE/), from Duke University open chromatin by 
DNase I hypersensitivity data. The ‘narrowPeak’-files and their respective 
‘BaseOverlapSignal.bigWig’-files were downloaded, in total 100 cell types 
(Appendix C, table 2) 

 http://hgdownload.cse.ucsc.edu/goldenPath/hg19/encodeDCC/wgEncod
eOpenChromDnase/  

Information about the Duke University open chromatin DNase I hypersensitivity 
data can be found at: 

 http://genome.ucsc.edu/cgi-
bin/hgTrackUi?db=hg19&g=wgEncodeOpenChromDnase  

 

Hi-C data 
The Hi-C data is available at the Nature online version of the article. 
Supplementary data 3 and 4, the list of anchors and targets respectively, was 
used in the project.  

 http://www.nature.com/nature/journal/vaop/ncurrent/full/nature1264
4.html#supplementary-information 

The Hi-C method in detail 
Hi-C enables purification of ligation products followed by massively parallel 
sequencing, and can identify chromatin interactions unbiased across the entire 
genome. Here is the protocol for the Hi-C method from Lieberman-Aiden et al. 
200916 presented to describe the process.  
 

1. The cells are crosslinked with formaldehyde, resulting in covalent links 
between chromatin segments in close spatial proximity.  

2. The cells are lysed and the proteins that are not directly crosslinked to 
the DNA are removed. The chromatin is digested with a restriction 
enzyme Hind III that leaves a 5’ sticky end. 

3. The 5’ overhang is filled in with nucleotides, including a marked 
biotinylated residue. The resulting blunt-end fragments are ligated in a 
condition that favours ligation events between the crosslinked DNA 
fragments. The Hind III restriction site is lost and instead is the sites for 
the restriction enzyme NheI created, which are used as a control that the 
ligation event worked.  

4. The crosslinks are reversed, proteins and any RNA are degraded and the 
DNA is extracted and purified. The biotin from unligated ends is removed 
with exonucleases.  

ftp://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data_jan2011/byDataType/openchrom/jan2011/combined_peaks/multi-tissue.master.ntypes.simple.hg19.bed
ftp://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data_jan2011/byDataType/openchrom/jan2011/combined_peaks/multi-tissue.master.ntypes.simple.hg19.bed
ftp://ftp.ebi.ac.uk/pub/databases/ensembl/encode/integration_data_jan2011/byDataType/openchrom/jan2011/combined_peaks/multi-tissue.master.ntypes.simple.hg19.bed
http://genome.ucsc.edu/ENCODE/
http://hgdownload.cse.ucsc.edu/goldenPath/hg19/encodeDCC/wgEncodeOpenChromDnase/
http://hgdownload.cse.ucsc.edu/goldenPath/hg19/encodeDCC/wgEncodeOpenChromDnase/
http://genome.ucsc.edu/cgi-bin/hgTrackUi?db=hg19&g=wgEncodeOpenChromDnase
http://genome.ucsc.edu/cgi-bin/hgTrackUi?db=hg19&g=wgEncodeOpenChromDnase
http://www.nature.com/nature/journal/vaop/ncurrent/full/nature12644.html#supplementary-information
http://www.nature.com/nature/journal/vaop/ncurrent/full/nature12644.html#supplementary-information
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5. The DNA is sheared to sizes of 300-500 bp by electrophoresis, and is 
purified again. 

6. The biotin tagged Hi-C DNA is bound to streptavidin (a protein with high 
affinity for biotin) beads and purified. 

7. The DNA fragments are sequenced and mapped to the reference genome. 
 

More about data processing by Jin et al. 20134 

Data filtering 
Because the study focused on cis-interactions, only the reads that were mapped 
to the same chromosome were kept for the data filtering. The filtering strategy 
was the same as Imakaev et al. 201219, with a few adjustments. The reads are 
discarded if both ends are mapped to the same Hind III fragment or if one or 
both of the two read pairs lay more than 500 base pairs (bp) away from a Hind 
III cutting site. This is because cleavage and ligation events are expected to 
generate reads within this distance. To get rid of experimental errors as uncut 
DNA, the strand orientations of the reads were investigated, and fragment pairs 
where removed depending on their strand orientation and distances. They found 
an enrichment of inward reads between fragment pairs within 1 kb away from 
each other and an enrichment for outward reads within 25 kb. Therefore, to get 
rid of the uncut DNA problem, following filtering was made: 

 For fragment pairs within 1 kb away, only the same strand reads were left 
 For fragments pairs within 25 kb away, only the same strand reads and 

the inward reads were left 
 For fragment pairs over 25 kb away, all fragment reads were seen as 

legitimate ligation events and thereby left 
After this, every Hi-C read represents a legitimate ligation event between two 
fragments. 

Chromatin interactions 
The anchors are defined by overlap with active promoters from ChIP-seq data of 
H3K4me3 peaks on TSSs. For every anchor and the fragments within a distance 
of 500 kb is the observed read counts compared to the estimated random 
collision frequency, i.e. the probabilities that two Hind III fragments are in close 
spatial proximity but not interacting. They fitted a negative bionomial model to 
assess the significance of observed contact frequency. Some reads may be due to 
random collision events, when two Hind III fragments are in close spatial 
proximity, but not interacting. The p-values for each interaction in the Hi-C data 
are calculated from the negative binomial distribution. The p-value for a possible 
interaction tells us how likely the observed Hi-C count models for the random 
collision frequency. A peak-calling algorithm is used to identify interaction 
regions at fragment level. 
 
 
 
 



 

40 

Appendix C: Supplementary tables 
 
Table 2 | List of cell-types 
List of the 100 cell-types used in the project, data downloaded from the 
Encyclopedia of DNA Elements (Duke University). The description can be found 
at UCSC: 

 https://genome.ucsc.edu/encode/protocols/cell/human/ 
 http://genome.ucsc.edu/cgi-bin/hgEncodeVocab?type=cellType 

 

 
Description of all 100 cell-types 

Cell-type Description 

A549 Epithelial cell line derived from lung carcinoma tissue 

Adultcd4th0 CD4+ T helper cell type 0 

Adultcd4th1 CD4+ T helper cell type 1 

AosmcSerumfree Aortic smooth muscle cells treated in serum-free media for 36h 

Cd20ro01794  B-lymphocyte antigen 

Cerebellumoc Cerebellum 

Cerebrumfrontaloc Cerebreum frontal 

Chorion Chorion cells (outermost of two feral membranes) 

Cll Chronic lymphocytic leukaemia cell, T-cell lymphocyte 

Colo829 Fibroblast malignant melanoma 

Ecc1Dm002p1h Endometrial cell adenocarcinoma 

Ecc1Est10nm30m Endometrial cell adenocarcinoma 

Fibrobl Normal child fibroblast 

Fibroblgm03348 Fibroblast 

Fibroblgm03348Lenticon Fibroblast transduced with lentivirus 

Fibroblgm03348Lentimyod Fibroblast transduced with lentivirus 

Fibrop Normal fibroblasts taken from individuals with Parkinson's 
disease 

Fibropag08395 Fibroblast 

Fibropag08396 Fibroblast 

Fibropag20443 Fibroblast 

Frontalcortexoc Frontal lobe in brain 

Gcbcell Germinal center B-cell 

Gliobla Glioblastoma 

Gm10248  B-lymphocyte, lymphoblastoid 

Gm10266 B-lymphocyte, lymphoblastoid 

Gm12878 lymphoblastoid 

Gm12891 B-lymphocyte, lymphoblastoid 

Gm12892 B-lymphocyte, lymphoblastoid 

Gm13976 B-lymphocyte, lymphoblastoid 

Gm13977 B-lymphocyte, lymphoblastoid 

Gm18507 lymphoblastoid 

Gm19238 B-lymphocyte, lymphoblastoid 

Gm19239 B-lymphocyte, lymphoblastoid 

https://genome.ucsc.edu/encode/protocols/cell/human/
http://genome.ucsc.edu/cgi-bin/hgEncodeVocab?type=cellType
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Gm19240 B-lymphocyte, lymphoblastoid 

Gm20000 B-lymphocyte, lymphoblastoid 

H1hesc H1 human embryonic stem cells 

H7es Human embryonic stem cells H7 

H9es Human embryonic stem cells H9 

Heartoc Heart 

Hek293t  Embryonic kidney 

Helas3 Cervical carcinoma 

Helas3Ifna4h Cervical carcinoma 

Hepatocytes Primary hepatocytes 

Hepg2 Liver carcinoma 

Hmec Human mammary epithelial cells 

Hpde6e6e7 Human pancreatic duct epithelial cells immortalised with E6E7 
gene of HPV 

Hsmm Normal human skeletal muscle myoblasts 

Hsmmemb  Embryonic myoblast 

Hsmmfshd  Myoblast 

Hsmmt Normal human skeletal muscle myoblasts 

Htr8 Trophoblast cell line 

Huh7 Hepatocellular carcinoma (liver) 

Huh75 Hepatocellular carcinoma (liver) high levels of hepatitis C 
replication 

Huvec Human umbilical vein endothelial cell 

Imr90 Human diploid fibroblasts 

Ips Induced pluripotent stem cell derived from skin fibroblast 

Ipscwru1 Induced pluripotent stem cell 

Ipsnihi11 Induced pluripotent stem cell 

Ipsnihi7 Induced pluripotent stem cell 

IshikawaEst10nm30m Endometrial adeno-carcinoma cells treated with 10 nM 17-
bestradiol for 30 min 

IshikawaTam10030 Endometrial adeno-carcinoma treated with 100 nM 4-OK 
Tamoxifen for 30 min 

K562 Leukemia 

K562G1phase Leukemia 

K562G2mphase Leukemia 

K562Nabut Leukemia 

K562Saha1u72hr Leukemia 

K562Sahactrl Leukemia 

K562V2 Leukemia 

Lncap Prostate adeno-carcinoma 

LncapAndro Prostate adeno-carcinoma treated with androgen 

Mcf7 Breast cancer cell line, mammary gland, adeno-carcinoma 

Mcf7Ctcfshrna  Breast cancer cell line 

Mcf7Hypoxlac Breast cancer cell line MCF7 cells treated with hypoxia and 
lactose 

Mcf7Hypoxlaccon Breast cancer cell line MCF7 
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Mcf7Randshrna Breast cancer cell line MCF7 

Medullo Medulloblastoma 

Medullod341 Medulloblastoma 

Mel2183 Melanoma  

Melano Epidermal melanocytes 

Monocd14 Monocytes-CD14+ are CD14-positive cells from leukapheresis 
product 

Myometr Myometrial cells 

Naivebcell B-cell not exposed to an antigen 

Nhek Normal human epidermal keratinocytes 

Olfneurosphere Neural stem cells 

Osteobl Osteoblasts (bone formation) 

Panisd Human pancreatic 

Panislets Human pancreatic islets 

Phte Primary human tracheal epithelial cells 

Progfib Fibroblasts, hutchinson-gilford progeria syndrome 

Psoasmuscleoc Muscle cell 

Rwpe1 Prostate epithelial 

Sknsh Neuroblastoma cell line 

Stellate Human hepatic stellate cells (liver) 

T47d Epithelial cell line derived from an mammary ductal carcinoma 

T47dEst10nm30m Epithelial cell line 

UrothelUt189V2 Urotsa infected by UT189 

UrothelV2 Urothelial cells 

Urotsa Urothelium cell line 

UrotsaUt189 Urothelium cell line 
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Table 3 | Result from the Wilcoxon test 
List of the top 30 of the p-values when applying the Wilcoxon Rank-Sum test 
between class B and class C from the overlap comparison.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Top 30: Wilcoxon test between class B and class C 

Place -log10(p) Cell-type 

100 388.370 Colo829 

99 340.664 Mel2183 

98 319.817 AosmcSerumfree 

97 316.315 Rwpe1 

96 299.120 Fibroblgm03348Lentimyod 

95 297.029 Fibroblgm03348Lenticon 

94 296.966 Gliobla 

93 289.631 Hpde6e6e7 

92 287.386 Fibrop 

91 285.053 UrothelV2 

90 281.481 Panisd 

89 278.222 Myometr 

88 274.976 Melano 

87 271.914 Fibropag08396 

86 270.124 Mcf7Randshrna 

85 267.975 Mcf7 

84 265.055 Mcf7Hypoxlac 

83 263.957 UrothelUt189V2 

82 261.547 Mcf7Hypoxlaccon 

81 259.324 Hsmmemb 

80 254.489 Fibrobl 

79 250.413 Fibroblgm03348 

78 249.230 Stellate 

77 249.155 Fibropag20443 

76 247.465 Huh75 

75 245.014 Imr90 

74 244.463 Mcf7Ctcfshrna 

73 238.759 Htr8 

72 237.558 Urotsa 

71 236.882 Ipsnihi11 

70 235.970 IshikawaEst10nm30m 



 

44 

Table 4 | Result from Hierarchical clustering 
The cell-types were clustered into 52 clusters, of which 28 were singletons and 
the other clusters contained between 2-9 cell-types. 

Result from Hierarchical clustering 

Cluster Cell-types 

1 
8988t, Cerebrumfrontaloc, Chorion, Frontalcortexoc, Heartoc, Hepatocytes, 
Osteobl, Panislets, Psoasmuscleoc 

2 A549 
3 Adultcd4th0, Adultcd4th1 
4 AosmcSerumfree 
5 Cd20ro01794, Gm12891, Gm12892, Gm13976, Monocd14 
6 Cerebellumoc 
7 Cll 
8 Colo829 
9 Ecc1Dm002p1h, Ecc1Est10nm30m 
10 Fibroblgm03348Lentimyod, Fibroblgm03348 
11 Fibrobl 
12 Fibropag08395, Fibropag20443, Fibrop 
13 Fibropag08396, Imr90, Panisd, Stellate 
14 Gcbcell 
15 Gliobla 
16 Gm10248, Gm10266, Gm13977, Gm19239, Gm20000 
17 Gm12878, Gm19238, Gm19240 
18 Gm18507 
19 H1hesc, H7es, Ips 
20 H9es, Ipscwru1, Ipsnihi11, Ipsnihi7 
21 Hek293t 
22 Helas3Ifna4h, Helas3 
23 Hepg2 
24 Hmec, Phte 
25 Hpde6e6e7 
26 Hsmmemb 
27 Hsmmfshd, Hsmm, Hsmmt 
28 Htr8 
29 Huh75, Huh7 
30 Huvec 
31 IshikawaEst10nm30m, IshikawaTam10030 
32 K562G1phase, K562G2mphase 
32 K562G2mphase 
33 K562Nabut, K562PkV2, K562Saha1u72hr, K562Sahactrl 
34 K562 
35 LncapAndro, Lncap 
36 Mcf7Ctcfshrna 
37 Mcf7Hypoxlaccon 
38 Mcf7Hypoxlac 
39 Mcf7 
40 Mcf7Randshrna 
41 Medullod341, Medullo 
42 Mel2183 
43 Melano 
44 Myometr, Progfib 
45 Naivebcell 
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46 Nhek 
47 Olfneurosphere 
48 Rwpe1 
49 Sknsh 
50 T47dEst10nm30m, T47d 
51 UrothelPkV2, UrothelUt189PkV2 
52 Urotsa, UrotsaUt189 


