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Abstract
Recent technological advances allow us to explore the three-dimensional structure of the
DNA in vivo, using proximity-ligation methods as 3C and Hi-C. These allow us to map in
high-throughput physical DNA-DNA interactions between two loci. Analysis of Hi-C data, in
human and mouse cells, identified the organization of chromosomal DNA in concentrated
200Kb to 4Mb-long structures, often referred to as topologically associating domains
(TADs).
While these topological domains were shown to play important role in almost all processes
related to DNA, including replication, chromatin packaging, and transcription, they are
particularly important in gene regulation, where topological domains confine the scope of
regulatory DNA regions (enhancers) to nearby genes.
Here, we present PSYCHIC, a computational approach for analyzing Hi-C data and
identifying Promoter-Enhancer interactions. We developed a unified probabilistic model to
estimate the likelihood of interactions within and across topological domains, and use
dynamic programming algorithms to optimally segment the genome into topological
domains.
Our algorithm then uses a physical power-law model to estimate the density of each
domain, and repeatedly “merges” neighboring TADs to form an optimal hierarchical
architecture of the chromosome from topological domains.
As we show, this hierarchical structure together with a bilinear power law model allows us
to analyze Hi-C data and reconstruct a local background model, which is used to identify
over-represented promoter-enhancer interactions. We applied our approach to published
Hi-C experiments in multiple conditions, and compiled a genome-wide catalogue of
320,737 putative enhancers targeting 27,497 genes.
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התפתחות

טכנולוגית

בתחום

שיטות הChrosome-

 ,Conformation Captureשיטות כגון  3Cו Hi-C -המאפשרות לנו לחקור את המבנה התלת
מימדי של הדנ״א בתא החי ,ולמפות אינטראקציות פיזיות הדדיות של איזורי דנ״א שונים.
מחקרים שבוצעו על מפות אינטראקציה מגנומים של אדם ועכבר מצאו שהדנ״א הכרומוזומלי
נוטה להארז במבנים באורך  200אלף עד  4מיליון בסיסים ,המכונים ״Topologically Associating
Domains״ )איזורי קיפול עצמאיים ,טאדים(.
ניסויים דומים במגוון תנאים ביולוגיים מצאו שהטאדים משחקים תפקיד מפתח במגוון תהליכים
תאיים  -הכוללים שכפול דנ״א בחלוקת התא ,אריזת הכרומטין בגרעין התא ,ושעתוק  -ובפרט
קשורים קשר הדוק לבקרת גנים .כך ,הטאדים מגבילים את אזור ההשפעה של מקטעי דנ״א
בקרתיים )אנהנסרים( למספר קטן של גנים הנמצאים בתוך אותו הטאד.
בעבודה הזו מוצגת השיטה  - PSYCHICשיטה חישובית לניתוח מידע  Hi-Cולזיהוי
אינטראקציות אפשריות בין אנהנסרים לגני המטרה שלהם .השיטה שפיתחנו מבוססת על מודל
הסתברותי מאוחד לחישוב יחס הנראות של אינטראקציות דנ״א-דנ״א בתוך טאדים ומחוץ
לטאדים .לאחר מכן ,בעזרת אלגוריתם תכנון דינאמי ) (Dynamic Programmingאנו מוצאים את
החלוקה האופטימלית של כל כרומוזום לטאדים .בשלב זה ,נעשה שימוש במודל חוק חזקה
מפרקי על מנת לאחד טאדים צמודים בהדרגה ליצירת מבנה היררכי מלא של הכרומוזום,
ולבניית מודל רקע מקומי למפת האיטראקציות .מודל זה מאפשר לנו לזהות אינטראקציות
דנ״א-דנ״א המופיעות בדאטה יותר מהצפוי ,ובפרט לזהות אינטראקציות פרומוטור-אנהסר
חשודות .השיטה  PSYCHICהופעלה על מידע מניסוי  Hi-Cבמגוון תנאים באדם ובעכבר,
ותוצאותיה המוצגות בעבודה זו כוללות מאגר של  320,737אנהסרים פוטנציאלים אשר מבקרים
 27,497גנים.
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Introduction
Tissue-Specific Gene Regulation
One of the most complicated processes in eukaryotes is the regulation of gene expression,
where numerous mechanisms allow the cell to express genes in spatiotemporal manner,
having specific genes activated at specific tissues and times. A key element of expression
regulation is the differential control of DNA transcription. This process often involves
transcription factors, which are proteins with the ability to manipulate the transcription rate
of their target gene (or genes) by binding to specific DNA sequences and affecting the
formation of the transcription complex. The transcription factors bind either near the gene’s
transcription start site (promoters), or at distal regulatory regions along the DNA
(enhancers) that come in close physical proximity with their target promoters. Formally,
enhancers are defined as short (500-1500 bp) regions in the DNA that increase the
transcription of target genes. The human genome is estimated to include hundreds of
thousands of enhancers, often with multiple enhancers regulating a single gene. These act
in a tissue specific manner and could be found up to 1Mb away from their target genes
(Visel et al. 2012, Li et al. 2013, Bickmore et al. 2013, Rowley et al. 2016, van Steensel et
al. 2012). The importance of enhancers for gene regulation is further emphasized by a
growing body of works that link genetic variation in enhancer sequences to human
diseases. Nonetheless, we still lack a deep understanding of how enhancers work
molecularly, how their tissue specificity is encoded in their DNA sequence, and above all
how they recognize and physically interact with their target genes.

Chromatin, DNA Packaging and Structure
The DNA is a large polymeric molecule present in every living cell, with the role of storing
the entire genetic material of the specie. The mammalian genome can be very long - for
example, the human genome length is 1-2 meters long, containing about 3,200,000,000
base pairs - however, it must be packed to fit the few microns size of the cell’s nucleus. It
was shown that there exists several packaging mechanisms organizing the DNA in
different hierarchies and lengths. In the highest level, the genetic material is spread across
packaged, organized units called ‘chromosomes’. In the lowest level, the double helix DNA
strand is looped around ‘histone’, a protein complex composed of eight smaller proteins
named ‘histone cores’. The DNA winds around the histone complex to form a fiber,
allowing the DNA to compress to about 100 micrometers long strand. The basic unit of
6

(A)

(B)

Figure 1. Model for gene activation by Promoter-Enhancer DNA-DNA interactions
(A) Brain-specific activation of a gene is modulated by the 3D folding of its locus. Here,
the brain-specific enhancer (marked in blue) is bound by multiple (brain-specific)
transcription factors (blue) and co-activators, and is looped onto its target promotor (B)
Conversely, in the developing limb tissue, a different enhancer (green) is now bound and
interacting by the promoter to drive limb-specific gene expression, while the brain
enhancer is not active. (Figure modified from Visel et al, 2009).
DNA wrapped around the histone is the “nucleosome”. Nucleosomes contains about 147
base pairs of DNA, wrapped around the histone octamer in 1.67 left-handed turns, and are
inter-connected with a 80bp long linker-DNA strand. Further up, the packed DNA is named
‘chromatin’ - either “bead-on-a-string” for active genes or the 30nm fiber for less active
ones.
The packaging mechanisms for DNA above the chromatin level and below the
chromosome level are still not completely understood, and are in active research. Only in
recent years with the advent of chromosome conformation capture methods it became
possible to thoroughly study this level of packing hierarchies. Moreover, it is thought that
promoter-enhancer interactions are tightly related to these mechanisms.
7

Figure 2. Different levels of DNA packaging. Left to right: A short DNA strand, then a
nucleosome containing a single histone octamer and DNA strand. Next is the “Beads-ona-string” fiber (also called 10-nm fiber) which correlates with genes under active
transcription. And finally the 30-nm fiber, hypothesized structure of less active genes.
[Original image by Richard Wheeler]
The histones, except for packaging functionality, have role in genome regulation, via a
mechanism called ‘histone modifications’. The histone units, especially H3 and H4, have
long polymeric tails which can be covalently modified several times at different locations. It
was shown that some of these modifications correlate with gene regulation. For example,
the trimethylation of the lysine residing in position four within the H3 core histone (denoted
H3K4me3) was shown to be linked with activation of transcription (Rada-Iglesias et al.
2011, Pekowska et al 2011). The modifications can be useful when attempting to detect
enhancers. For example, active enhancers are marked with modifications H3K27ac and

Figure 3. Histone core proteins and histone modifications. Shown in this figure are
four types of histone core proteins (H3, H4, H2A and H2B), and their main modifications.
Some of the modifications are highly conserved among species (for example H3K4 and
H3K36 methylation), while some (i.e. H3K9, H3K27 and H4K20 methylation) are less
(Fuchs et al. 2006).
Image created by Marius Walter based on Rodríguez-Paredes et al. 2011.
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H3K4me1 (Heintzman et al. 2007, Heintzman et al. 2009) and thus can be detected with
the ChIP-seq method.

Chromosome Conformation Capture Methods
Chromosome conformation capture (or 3C) method (Dekker et al. 2002) is the first in a
family of proximity-ligation methods, all with the purpose of inquiring the chromatin threedimensional structure. In all methods, the DNA is first cross-linked and then digested with
a restriction enzyme. This produces an amount of cross-linked DNA fragments, composed
of strands which were in close physical proximity. The fragments are sequenced and
aligned to their chromosome and loci. This process is usually repeated for many cells to
produce many DNA-DNA pairs. The original 3C method is utilized to test interactions of
pre-defined two loci, for example a candidate promoter-enhancer interaction, where the 4C
method (Simonis et al. 2016) allows a one-to-all test using inverse PCR, and the 5C allows
a many-to-many test to be performed. The Hi-C test (Lieberman-Aiden et al. 2009, Jin et
al. 2013), outlined in Figure 4, allows to perform an all-to-all test, inquiring all pairwise
genome interactions, resulting in a whole genome interaction map.

Figure 4. The six steps of the Hi-C pipeline. The DNA is first cross-linked with
formaldehyde. Then, it is cut with the restriction enzyme HindIII, producing cross-linked
DNA fragments. The loose HindIII ends are filled with a biotin, and ligated. Afterwards,
the product is sheared and purified. This results in a mass of DNA strands, which are
then sequenced. Using the biotin mark, one can easily find which sequences belong to
the Hi-C and which are not, and derive the proper chromatin-chromatin interaction.
Figure adapted from from Lieberman-Aiden et al. 2009
9

The results of high-throughput Hi-C tests showed several new aspects of chromatin
compartmentalization. A study showed that the Hi-C interaction map can be explained, at
the megabase scale, by a globular fractal packaging model (Lieberman-Aiden et al. 2009).
It was shown that interaction intensity of equal-distance DNA segments obeys a negative
power law, in accordance to a globular fractal, and thereby refuted the globular equilibrium
model. Further, at higher scales the interaction map revealed that the DNA is composed of
two types of compartments, named “A/B compartments”, corresponding to open/closed
chromatin (Lieberman-Aiden et al. 2009), and in a later higher-resolution Hi-C research the
number of compartments was expanded to five (Rao et al. 2014). Proximity ligation
methods also helped revealing the existence of ‘Topologically Associating Domains’ (TADs
in short), continuous genomic regions that tend to be folded upon themselves and facilitate
high number of local (cis) DNA-DNA interactions and fewer interactions beyond their
boundary (Nora et al. 2012; Dixon et al. 2012; de Laat et al. 2013; Rao et al. 2014).

Properties of Topological Domains
Topological domains were extensively researched in recent years, revealing interesting
genome features. A study of the mouse genome identified 2,200 topological domains,
having average size of 880kb and covering 91% of the genome (Dixon et al. 2012). The
relatively large domain size along with cover ratio suggests they contain numerous celltype specific genes. The domains were shown to correlate with active and inactive
chromatin (Dixon et al. 2012), and additionally reported to be identical to the replication
domains, each TAD being replicated as a unit during S phase (Pope et al. 2014, Dileep et
al. 2015). All this indicates that they might be regulatory units of transpiration, so that
genes are regulated TAD-wise. TAD boundaries were reported to be largely conserved
across cell types, and also to some extent between species (Dixon et al. 2012, Ji et al.
2016), indicating a likely hereditary origin. Additionally, TAD border regions were shown to
be enriched for housekeeping genes (Dixon et al. 2012), and also for CTCF and cohesin
binding sites. The domains were shown to play a crucial role in chromosome evolution and
function (Taberlay et al. 2015, Jäger et al. 2015, Rudan et al. 2015, Gómez-Marín et al.
2015, Ryba et al. 2010). TADs play a key role in gene regulation, as they define the
regulatory scope of enhancers. The domains boundaries were shown to act as regulatory
“insulators” that prevent targeting genes outside of the enhancer domain (Symmons et al.
2014). Disruptions of the chromosomal structure, either in human genetic disorders or by
artificially deleting boundary elements (e.g. using CRISPR-Cas9) was shown to be
10

associated with enhancer mis-regulation and aberrant gene expression (Lupiáñez et al.
2015, Franke et al. 2016, Blinka et al. 2016, Fulco et al. 2016).

Figure 5. Topologically associating domains. (A) An example of Hi-C data, showing
the higher interaction intensity within the TAD (diagonal blocks) relative to the inter-TAD
region. (B) Diagram of possible TADs underlying the Hi-C interaction map. TAD regions
are enriched for tissue-specific genes while boundaries are enriched for house keeping
genes, along with CTCF and cohesin binding sites.
This figure is reprinted from Pombo et al. 2015.

TADs and 3D Structure of the Genome
The exact mechanism by which TAD and promoter-enhancer loops are formed remains
mostly unknown, however some key elements were identified. Recent studies have shown
that cohesin complex and transcriptional repressor CTCF have a role in establishing
promoter-enhancer loops, and some effect on the formation of the domains (Seitan et al.
2013, Sofueva et al. 2013, Zuin et al. 2014). A study using extensive 1Kb resolution Hi-C
identified thousands of chromatin loops of length 110Kb-450Kb, most of them having the
CTCF motif. Moreover, in more than 90% of the loops the motifs were in a convergent
orientation (Rao et al. 2014), leading to the hypothesized TAD formation by extrusion
complex model. (Sanborn et al. 2015, Fudenberg et al. 2016).
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Thesis Aims
The recent years progress of proximity ligation methods opened a door for broader
understanding of the 3D structure of the DNA and its relation to gene expression. As more
and more 3D data accumulate, in a multitude of tissues and cellular conditions, more and
more features of the high order chromatin are discovered, topologically associating
domains being one of them. In recent years many algorithms were developed to analyze
Hi-C data and partition the genome into a set of TADs, most notably the statistical
Directionality Index method (Dixon et al. 2012). However generally fast and robust, this
method is inherently biased towards short-range interactions that form the vast majority of
DNA-DNA interactions. This method also ignores a visible feature of Hi-C maps - their
hierarchal structure of sub-domains organized into larger domains (Fraser et al. 2015).
In this work we aim to use DNA-DNA interaction data, along with knowledge about the 3D
structure and TAD hierarchy of the chromatin, to link enhancers to their target promoters.
We present PSYCHIC (Fig. 6) - a three step modular algorithm to identify promoterenhancer interactions. Briefly, we use a probabilistic model to find an optimal segmentation
of each chromosome into topological domains; we next iteratively merge neighboring
domains into hierarchical structures; and finally we fit each domain using a local
background model, which allows us to identify over-represented DNA-DNA pairs, including
enhancers and their target genes. We have analyzed Hi-C data from multiple conditions
(Dixon et al. 2012, Rao et al. 2014, Fraser et al. 2015) and cell types in mouse and
human, and identified hundreds of thousands of over-represented interactions. This
detailed genome-wide tissue-specific database of putative interactions between enhancers
and their target genes would be of great interest to the scientific community.
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Figure 6. Overview of the PSYCHIC algorithm
(A) Example of Hi-C interaction map (rotated in 45°). Shown is Hi-C from mouse cortex
at chr16, 59Mb-64.8Mb) (Dixon et al. 2012). Blue and yellow lines correspond to DNA
pairs within and across domains. (B) Histograms show the empirical abundance of DNADNA interactions for pairs of loci 650Kb apart. Blue line corresponds to intra-domain
pairs, yellow line corresponds to DNA-DNA pairs across topological domains. Dotted
lines mark the density function of Normal distribution fitted to the empirical data. (C)
PSYCHIC uses a unified probabilistic mixture model that calculates the likelihood ratio
between the intra- and inter-domain models, and uses Dynamic Programming to identify
the optimal (Viterbi) segmentation of the chromosome into domains. Next, PSYCHIC
assembles adjacent domains with similar Hi-C patterns into hierarchical domains. (D)
Example of PSYCHIC score for segmentation, only striped rectangle is updated when
considering hierarchical merge of domains A and B. For merging, PSYCHIC uses a
bilinear power-law function to fit a local background model for every domain (triangles)
and hierarchical inter-domain region (rectangles). Finally, by comparing the Hi-C data
with its local background model, we identify over-represented DNA-DNA pairs, including
putative promoter-enhancer interactions.
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Results
A Unified Probabilistic Mixture Model for Hi-C Data
Hi-C interaction maps often show a clear distinction between two different patterns.
Rectangular regions along the diagonal correspond to topological domains, and present
high intensity of within-TAD (intra-domain) DNA-DNA interactions. They are often
surrounded by regions with fewer Hi-C interactions, corresponding to less frequent acrossTAD (inter-domain) interactions. Due to symmetry, Hi-C maps are often rotated in 45
degrees, with topological domains shown as triangles along the now horizontal diagonal of
the Hi-C map (Fig. 6A).
We begin by formally developing a simple probabilistic model, consisting of two
components that model intra- and inter-TAD interactions. Using Bayes rule, our algorithm
analyzes a normalized Hi-C interaction matrix, and infers for every pair of DNA loci the logposterior ratio of being within or outside of the same topological domain. At following
stages we will combine these ratios into a unified score, use dynamic programming to and
optimally segment the genome into domains.
The two probabilistic sub-models explicitly estimate the likelihood of a given cell value in
the Hi-C matrix under either intra- or inter-TAD DNA-DNA interactions. For this, we analyze
each “diagonal” of the Hi-C map, namely all equally-distant pairs of DNA loci. Formally, let
us denote Pd(N) as the probability of observing N interactions (in the normalized Hi-C
map) between two DNA regions located d bp apart. We will model this distribution as a
mixture of intra- and inter-TAD distributions. Formally, this translates to:
!

(1)

where Pd(N | TAD) and Pd(N | BG) correspond to the probability of N interactions d bp
apart in each of the two sub-models, respectively. We also introduce the prior probabilities
of each sub-model: Pd(TAD) corresponds to the prior probability of two loci d bp apart to
be in the same TAD, and similarly Pd(BG) corresponds to the the prior probability of the
inter-TAD sub-model. For robustness, we model this family of distributions Pd(N | TAD)
and Pd(N | Bg) using log-normal distributions:
(2)
where the log-normal distribution with mean μ and standard deviation 𝜎 can be written as:
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(3)
!

This reduces the number of parameters greatly, resulting in a compact model θd with only
six parameters for every distance d, including μdtad, 𝜎dtad ,μdbg, and 𝜎dbg (mean and
standard deviation parameters for intra- and inter-TAD models); and two prior parameters
Pd(TAD) and Pd(BG). See Figs. 6 and 7.
For every pair distance d, we directly estimate the model parameters from annotated Hi-C
data. To estimate θd, we rely on an initial (possible noisy) set of domain annotations.
These could be obtained using various method, including the directionality index (DI)
HMM-based method of Dixon et al. 2012, or could be iteratively approximated from
unsupervised Hi-C data using the EM algorithm.
Next, for every distance d, we split the Hi-C data into intra- and inter-TAD (pairs of that
distance) and model each of the two sets of interaction counts using a log-normal
distributions. The same approach is used to estimate the prior probabilities, namely which
percent of the DNA-DNA interactions of distance d, occurs within the same or across
different domains.

Interaction Score
In order to segment the genome into TADs, we propose a score that will integrate
information from various distances of DNA-DNA interactions across the entire Hi-C matrix,
without being skewed by the higher number of interactions among nearby DNA-DNA pairs.
In the common case, nearby DNA-DNA pairs are more likely to have been generated by
the intra-TAD model, compared to the more distant pairs. Moreover, it has been shown
that interaction intensity generally decreases as the interaction distance increases
(Lieberman-Aiden et al. 2009, Dekker et al. 2013), a correlation that may lead existing
methods to be biased towards shorter range interactions. Intriguingly, despite much of the
actual reads are among nearby pairs, it is the more distant ones that are more informative
as to the location and boundaries of topological domains (e.g. top of yellow pyramids, Fig.
6D). Therefore it was desirable to create a “fair score” for the raw heatmap interaction
counts, eliminating the possible bias. We define the per-distance score in the spirit of the
above probabilistic model, as the log posterior ratio of obtaining interaction count N from
the intra-TAD and inter-TAD models.
The posterior probability of the intra-TAD model is calculated using Bayes' law:
15

(4)
!

and similarly, of the inter-TAD model:
(5)
!
and the log posterior ratio LPRd(N) between the two sub-models is calculated as:
(6)
!

!
Figure 7. (A) Intra-TAD and (B) Inter-TAD histograms and matching log-normal
approximations (dotted lines) for DNA-DNA pairs located 100Kb, 250Kb, 500Kb, 650Kb
and 1Mb apart. Shown are data from mouse ES cells, chr 11 (Fraser et al 2015).
Distribution were normalized according to their matching a-priori probabilities, resulting
with increased probability for short-range pairs for the intra-TAD models, and long-range
pairs for inter-TAD models. (C) Power-law distributions for TADs A and B (as in Fig. 6),
their merged interactions and the inter-TAD background interactions (denoted as “Sky”).
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The likelihoods Pd(N | TAD), Pd(N | BG), and the priors Pd(TAD), Pd(BG) are extracted
from the model θd and the raw data. The prior Pd(N) is not required for our score as it is
eliminated in the ratio.
By moving from the original Hi-C intensity map to the log posterior ratio map, we integrate
local information from all possible DNA-DNA pairs (all cells in the matrix), and combine
them into a more global view of topological domains.

Identification of TAD Boundaries using Posterior Probability
Estimation
Using the above interaction score, we now wish to segment the genome into TADs. We
define a unified score for a given segmentation of the genome into domains. First, we
define S(t), our probabilisitic score for each topological domain t:
(7)
Formally, for all TADs t ranging from position s to position e, we sum the log posterior ratio
for all intra-TAD pairs <i,j> following s ≤ j ≤ i ≤ e. To this we add the minus of log posterior
ratios for all inter-TAD pairs “above” TAD t, defined by pairs j ≤ i, s ≤ (i+j)/2 ≤ e, up to
some maximal distance h ≥ i-j (with h usually equals 2 Mb).
We then define a global score for a segmentation C of the genome into a surjective set of
TADs, by summing over their scores.
(8)
!

Next, we find the optimal segmentation of each chromosome into topological domains,
with respect to our scoring function. For this, we developed a Dynamic Programming
algorithm that computes the optimal score of each genomic interval as the maximum over
(1) the entire region being a single TAD; or (2) breaking the region info two intervals, with k
being the optimal breaking point. This is emphasized in the following recursive formula:

(9)
!
where ti,j denotes a TAD ranging from position i to j, ranging d Ci,j denotes the optimal
configuration from i and j.
17

This algorithm allows us to efficiently enumerate over all possible configurations {C} and
identity the optimal segmentation C of each chromosome into topological domains.

Dynamic Programming
In order to efficiently find the optimal TAD configuration according to our score, we
formalized the score optimization problem as two different dynamic programming tasks. As
stated in eq. (9), the recursion base case is utilizing S(t), a score defined in eq (7). Using
the geometrical definition of the sky and pyramid, eq. (7) can be reformulated to:
(10)
having PyramidScore and RectangleScore defined as:

(11)

pyramid(s,e) being all pairs <i,j> satisfying by s ≤ j ≤ i ≤ e and rectangle(s,e) all pairs
<i,j> satisfying j ≤ i, s ≤ (i+j)/2 ≤ e, up to some maximal distance h ≥ i-j. Therefore to
efficiently calculate S(t), it is sufficient to accomplish that goal for PyramidScore and
RectangleScore. This can be achieved by the following recursive definitions:

(12)

this allows us to calculate S(t) in O(N3) time, N being the width of the heatmap matrix. The
time complexity constant can be lowered by considering S(t) only up to h, which is
important on higher resolutions.
The the sake of efficiently calculating the chromosome configuration score (defined in eq.
8), we exploit the recursive definition in eq. (9) to define it as a dynamic programming task.
Having S(t) pre-calculated reduces the dynamic programming time complexity to O(N3)
time as well, with N again being the width of the heatmap matrix. Our algorithm works by
populating two matrices - a chromosome score matrix, each cell of which contains the
score of the optimal TAD segmentation defined on the segment corresponding to the cell
18

index, and a segmentation matrix describing the optimal mid point defined in the recursive
case of eq. (9), on the segment defined as in the score matrix. After filling both matrices
we iteratively track the second matrix in a binary tree walk manner, starting from cell <s,e>
and collecting boundaries according to the cell value, until reaching a unit TAD.

Algorithm Initialization
The first iteration of the TAD segmentation algorithm requires an initial probabilistic model
θd(0) consisting of six parameters for every distance d as described above. Since our
probabilistic model is a gaussian mixture, it was plausible to use Expectation-Maximization
algorithm to find estimation for the six parameters for each distance. However, this
approach yielded poor results. Therefore we took a different approach, and used the
Directionality Index algorithm (Dixon et al. 2012) as an initialization method. We apply DI
algorithm to the chromosome, to produce a preliminary list of TADs. We then use the TAD
boundaries to estimate for each distance d the intra-TAD parameters (μdtad, 𝜎dtad), the
inter-TAD parameters (μdbg, 𝜎dbg), and the priors Pd(TAD) and Pd(BG) (methods). With
μdtad, 𝜎dtad, μdbg, 𝜎dbg, Pd(TAD), Pd(BG) we have our initial probabilistic model θd(0), and we
are able to estimate the interaction score.

Hierarchical Model of Topological Domains
So far, we developed a probabilistic framework for modeling Hi-C data, and developed an
algorithm for efficiently finding the optimal segmentation of each chromosomes into
topological domains. We now wish to introduce a hierarchical agglomerative algorithm,
which allows us to model chromosomes using a tree-like agglomerative structure of
topological domains.
For this, we iteratively examine all pairs of adjacent TADs, calculate their “merge score”,
and merge the pair with the highest score. A naive scoring system for neighboring TADs
could simply quantify the number of inter-TAD interactions per se. This however, is biased
by the size (in bp) of the two neighboring domains, as well as the overall interaction
intensity in each of the two domains. These lead to poor hierarchical performance (data
not shown). Instead, we devised a more natural merge score, that compares the similarity
of the Hi-C intensity plot at the inter-TAD region (which is considered to merged), against
the intensity plots of the two underlying TADs and the null inter-TAD model. Thus, our
scoring system would prefer to merge two adjacent domains, whose inter-TAD region is
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somewhat similar in its interaction intensity. Formally, this translates to finding the optimal
α satisfying:
!

(13)

where IMERGE, ITAD, and IBG denote the mean Hi-C interaction intensity for distance d at the
inter-TAD merged area, within the two TADs, and at the global inter-TAD background
model. We do so iteratively, merging domains up to a maximal size of h = 5Mb for the
merged structure, creating a TAD forest-like structure, which corresponds to triangles
(TADs) and rectangles (inter-TAD regions) that cover the entire genome with a trapezoidlike shape, up to a maximal merge height h.

TAD-Specific Background Model of Hi-C Data
To identify functional interactions between enhancers and their target promoters, we next
wish to use the Hi-C data and identify over-represented DNA-DNA pairs. Formally, we will
compare the actual number of interactions for every DNA-DNA pair, with the expected
number of interactions given a null (background) model of DNA-DNA interactions.
We begin by adopting a standard power-law scaling model (Lieberman-Aiden et al. 2009,
Dekker et al. 2013), where the expected number of DNA-DNA interactions I is proportional
to their distance Δ exponentiated by some coefficient a:
(14)
!

This is often plotted in log-log scale, where the number of interactions (in log scale) scales
linearly with the distance (in log scale):
(15)
!

with a being the power-law coefficient (slope, in log-log plot) and b is the intersection
parameter. Our analysis shows that indeed different domains often present different
distributions of DNA-DNA Hi-C intensities. See for example Figures 6 and 7, where it is
clear that some domains are characterized with a significantly higher number of
interactions than others. We therefore wish to use the hierarchical model of topological
domains and construct a local background model of Hi-C interaction intensities, with local
slope ai and intersect bi parameters for each TAD and each inter-TAD merged region i.
This will allow us to estimate the expected number of interactions at any distance within
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every topological domain/merge and quantify the statistical significance over-represented
interactions.

!
Figure 8. Performance of different models. Displayed in this figure is the RMSE of
produced by different background models. PSYCHIC (with hierarchical TADs and bilinear
fit) improves the modeling of Hi-C data by over 20%.
Next, we quantified the goodness of fit by each model to the Hi-C data. First, we tested the
original segmentation of the genome for the mouse brain Hi-C data (Dixon et al. 2012). We
chose for each TAD the optimal power-law parameters ai and intersect bi resulting with
RMSE score of 1.04, an improvement of 9% compared to a random segmentation of the
genome (RMSE=1.14). Our segmentation by itself did not yield a better fit (RMSE=1.11),
probably due to shorter domains (mean length of 650Kb, compared to 1.5Mb for the Dixon
et al domains). Hierarchical merging of our domains, allowing a local background model
for each domain/merge, yielded a much better fit (RMSE=1.02). Finally, we also
considered a more sophisticated parametric family for modeling Hi-C interaction data. As
Fig. 9 shows (for a single TAD) the power-law model is often not accurate enough for
modeling the number of DNA-DNA interactions. Therefore, we developed a piecewise
linear regression model, where the number of interactions (in log scale) is a bilinear
function of the distance (in log scale) (Fig 9). This richer power-law model offers a more
accurate model (RMSE=0.83), a 20% reduction in the Hi-C fit error compared to TADspecific power-law fit on the Directionality Index TADs (Dixon et al. 2012) (see Methods
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and Fig. 8-9). Put together, the bilinear power-law fit and the hierarchical TAD model
allows us to model Hi-C interaction data with high accuracy, thus forming a detailed
background model against which we can compare the data and identify over-represented
DNA-DNA interactions.

!
Figure 9. TAD-specific bilinear fit power-law fit of Hi-C data (for adult mouse Hi-C data,
Dixon et al. 2012)

Statistical Enrichment Score
To quantitatively estimate the significance of over represented DNA-DNA interactions, we
define a statistical enrichment score. For that, we divide the original Hi-C interaction map
by the model estimated matrix, and consider the log2 of the result (“the residual interaction
map”) as Normal distribution. Our assumption is that functional interactions are overrepresented against the background model, and so, by subtracting the background model
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from the original data we remain with random sampling noise and a set of overrepresented interactions.
The statistical enrichment score of a DNA-DNA interaction is defined relative to a selected
target locus. For a target of interest, we take the residual interaction map for all loci 1Mb
upstream or 1Mb downstream of it. Next, we calculate the Z-score of these interactions,
and then their p-value (Fig. 10), and finally we perform FDR correction for thresholds of
interest. This yields an enrichment score for each of the loci interacting with the selected
target.

Gene-wise Identification of Enriched DNA-DNA Interactions
Since we are interested in promotor-enhancer interactions, we perform a gene-wise
search for potential enhancers along each chromosome. To identify putative promotorenhancer interactions, we analyze the DNA-DNA interactions of each gene (or more
accurately, of each transcription start site) with all genomic loci up to 1Mb (upstream or
downstream).
For each such locus/gene, we compared the enrichment in DNA-DNA interaction (Hi-C)
with the fitted model (PSYCHIC) and used the statistical enrichment score for FDR
thresholds 5e-2, 1e-2, 1e-3 and 1e-4 to generate a list of putative enhancers.
To allow significance estimation of the results, we created a control group of random
enhancers, by randomly (p=0.01) selecting loci 1Mb upstream or downstream of each TSS
(see methods).
To analyze our results and the model predictions, we begin by considering Hi-C data from
adult mouse cortex (Dixon et al. 2012) at the Foxg1 locus (chr12:50,483,994-50,487,854
mm9). Foxg1 is a key transcription factor in the developing brain, and is located in chr12
near the boundary of a two megabase long TAD. By applying our algorithm, PSYCHIC
identified the boundary and fitted a bi-linear power-law for each TAD to the obtain a
background model, against which we then compared the observed DNA-DNA interactions,
as measured by Hi-C.
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!
Figure 10. Residual interactions and p-values. (A) Enrichment in Hi-C compared to
PSYCHIC model estimation (or in other words, the residuals), and below (B) the p-values
of each enrichment, according to the estimated Normal distribution for mouse Foxg1.
We identified two known loci located some 550 and 750Kb downstream of the gene (Fig.
11). These two loci were previously identified - based on evolutionary conservation - as
brain enhancers that regulate Foxg1 (hs566 and hs1539, Visel et al 2007), with Hi-C
enrichment p-values of 7e-12 and 1e-20, respectively (following FDR correction).
Comparison of our predictions with ChIP-seq (H3K27ac, CTCF, PolII) collected in Ramon
Birnbaum’s and Nadav Ahituv’s labs, as well as DNaseI hyper-sensitivity from the mouse
ENCODE project (Stamatoyannopoulos et al. 2012), and evolutionary conservation data
(phastCons, Siepel et al. 2005) from the UCSC genome browser allows to overcome the
relatively low resolution of the Hi-C data (40Kb), and further identify the exact location of
these Foxg1 enhancers (Fig. 11).

Properties of Putative Enhancers
To further test our results on a genome-wide scale, we aligned a 4Mb region around each
putative enhancer region (FDR<1e-2), and compared it to various enhancer-related
chromatin marks. These include active enhancer marks marks (H3K27ac, H3K4me1),
promotor marks (H3K4me3, PolII), architectural proteins (CTCF), evolutionary
conservation, accessibility, chromHMM predictions, etc. For all data types, the predicted
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!
Figure 11. Over-represented promoter-enhancer interactions for Foxg1 identifies
two known enhancers. (A) The residual interaction map upstream of Foxg1 (adult
mouse cortex, Dixon et al. 2012), showing two over-represented interactions with Foxg1
locus. (B) Chromatin marks for the loci of interest. All three loci (Foxg1, hs566 and
hs1539) show enrichment for active transcription related marks.
enhancers were enriched in a two-fold compared to flanking chromatin regions (i.e.
regions in 2Mb distance).
For comparison, we applied the same analysis to the uniformly sampled “random
enhancers”, and found low (~15% fold) enrichment to flanking chromatin - in all chromatin
marks.
Notably, most putative enhancers show strong enrichment for the active chromatin marks.
For example, about 70% of the 1e-2 predicted enhancers show increased accessibility
compared to their flanking DNA regions (Fig. 12, “Accessibility”). 46% of the predicted
enhancers show enrichment greater than one standard deviation compared to their
flanking regions (32% > 2SD). For comparison, only 43% of the randomly selected regions
surrounding genes, show increased accessibility, with only 24% exceeding one standard
deviation (15% > 2SD). Similar numbers are obtained for H3K27ac or CTCF.
This raises the hypothesis that a non-trivial fraction of the enriched promoter interactions
we have identified are with silent or inaccessible regions. A closer examination identified
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!
Figure 12. Chromatin marks at 4Mb windows centered around 12,278 loci, predicted by
our model to interact with promoters in adult mouse cortex Hi-C data (FDR<1e-2) (Dixon
et al. 2012). Shown are typical enhancer (H3K27ac, H3K4me1) and promoter
(H3K4me3), along with PolII, CTCF (collected in Ramon Birnbaum’s and Nadav Ahituv’s
labs), chromHMM classification (Ernst et al. 2012), and DNaseI hypersensitivity assays
(Stamatoyannopoulos et al. 2012). The average signal is plotted above each heatmap (in
blue). Also plotted (in dotted red line) is a randomized version, where putative locations
were randomly chosen around each promoter (Methods).
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several known enhancers even within those. For example, PSYCHIC identified the ZRS
locus as interacting with the Shh gene in adult mouse cortex (Fig. 13). In the mouse, early
developmental Shh expression is essential for correct autopod formation, and is regulated
in the developing limbs by the distal ZRS enhancer, located ~1Mb away (Lettice et al.
2003). Our results suggest that ZRS is in close physical proximity to Shh even in the adult
brain (Fig. 13). This is further emphasized by recent DNA FISH results that showed it to be
in proximity with Shh throughout a variety of tissues and developmental stages, while not
being in active transcription (Williamson et al. 2016). We may conclude that although some
of the interactions predicted by PSYCHIC lack active enhancer marks, they still might be
silent enhancers folded onto their target genes.

An Exhaustive Catalogue of Human and Mouse Enhancers
To obtain an extensive list of putative enhancers, we have gathered Hi-C data in multiple
conditions and cell types in human and mouse, including mouse cortex and embryonic
stem cells (Dixon et al. 2012), mouse embryonic stem cells, neural progenitor cells (NPC),
and neurons (Fraser et al. 2015), mouse B-lymphoblast (CH12LX) cells (Rao et al. 2014),
as well as human embryonic stem cells and lung fibroblast IMR-90 cells (Dixon et al.

!
Figure 13. Shh-ZRS interaction in adult mouse cortex (A) Residual map showing
over-represented DNA-DNA interaction between the Shh promoter and the ZRS limb
enhancer. Hi-C data from adult mouse cortex (Dixon et al. 2012) (B) Shows the
appropriate chromatin marks. Notably, the enhancer region is lacking active enhancer
marks.
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2012), GM12878 B-lymphoblastoid cells, HMEC, HUVEC, IMR-90, K562, KBM7, and
NHEK cells lines (Rao et al. 2014).
All in all, with an enrichment FDR threshold of 0.05, we predicted 320,737 putative
enhancers (90,113 in mouse and 230,624 in human) that regulate a total of 27,497 genes
(19,016 in mouse and 21,000 in human). A more stringent FDR threshold of 1e-4, yields
123,149 putative enhancers (29,732 and 93,417) regulating 22,365 genes (12,603 and
16,919 for mouse and human respectively). These are summarized in a supplemental
online tables at http://www.cs.huji.ac.il/~tommy/PSYCHIC and on our saved UCSC
browser sessions: Mouse (http://genome-euro.ucsc.edu/cgi-bin/hgTracks?
hgS_doOtherUser=submit&hgS_otherUserName=tomkap&hgS_otherUserSessionName=
mm9_HiC_enhancers) and Human (http://genome-euro.ucsc.edu/cgi-bin/hgTracks?
hgS_doOtherUser=submit&hgS_otherUserName=tomkap&hgS_otherUserSessionName=
hg19_HiC_Enhancers).

Gene-Enhancers Predictions
Next, we calculated the distribution over the number of putative enhancers regulating each
gene, and compared it to the distribution of randomly selected regions (equivalent to a
“random set” of enhancers, chosen with an FDR threshold of 1e-2, see Methods). As
shown in Figure 12, for all analyzed Hi-C experiments, we observed a significant genes
per number of enhancers. Our results show some genes to be regulated by ten and more
enhancers. For example, we observe 443 mouse genes with five putative brain enhancers
(with FDR threshold of 1e-2), compared to only two in the randomized set, or three
expected according to a binomial distribution.
Finally, we tested how many of predicted enhancers reside within the same TAD as their
target genes (Fig. 15). We find that on average, 88% of the predicted enhancer are found
in the same domain as their target promoter (compared to 45% of the random enhancers).
By including the first hierarchy that number increases to 92% (versus 59% at random).
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!
Figure 14. Number of predicted enhancers per gene. For each Hi-C dataset, we ran
PSYCHIC and predicted putative interactions for each promoter (up to a maximal
distance of 1Mb), using several thresholds of statistical enrichment (FDR values of 0.05,
0.01, 1e-3 and 1e-4) compare to a random set of locations near promoters (equivalent of
FDR threshold of 1e-2).
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Figure 15. Shown here is the percentage of enhancers that reside within the same
domain as their target promoter, for 15 human and mouse experiments. The blue bars
correspond to percent of predicted enhancers residing in the same TADs as their target
promoter while the green bars show the percentage of predicted enhancer in the case
where first TAD hierarchy is included. For comparison, the percentage of random
enhancers is presented by the blue circles.
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Discussion
In this work I present PSYCHIC, a computational model for analyzing Hi-C data to identify
enriched DNA-DNA interactions, including promoter-enhancer interactions. Our algorithms,
builds on the fact that DNA-DNA interactions are more frequent within topological domains.
For this, we develop a probabilistic framework for modeling the likelihood of DNA-DNA
interactions at each distance within- or across- topological domains. This enables us to
test each cell in the Hi-C matrix (or a pair of DNA loci) and estimate the posterior
probability of it originating from within the same TAD or not. Integrating these probabilities
together allows for a simple and powerful score for TAD segmentation for each
chromosome. Using Dynamic Programming, we identify within cubic time the optimal
segmentation of the chromosome into domains. We then approximate the Hi-C for each
domain, using a piece-wise power-law function. This allows to iteratively merge
neighboring domains into a hierarchical view of the chromosome. Put together, this
approximation of the Hi-C matrix by a local background model identifies over-represented
DNA-DNA interactions.
We used PSYCHIC to analyze Hi-C data and produce a list of 320,737 putative enhancers
targeting 27,497 genes in 15 Hi-C experiments in human and mouse. The results were
confirmed qualitatively by comparison to known individual enhancers (i.e. hs566, hs1539,
ZRS) and quantitatively by a global analysis of chromatin marks at those loci. Of course, a
more decisive test would be to measure the properties of several putative enhancers invivo.
A key result of this work is that enhancers can be predicted from chromosome
conformation Hi-C data, that are rapidly accumulating for multiple organisms, cell types,
and in various genetic and environmental conditions. Nonetheless, due to the relatively
low resolution of Hi-C studies (mostly up to tens of Kb), additional genomic data should be
added to pinpoint the enhancer location (and in many cases, the exact promoter it
regulates) within over-represented DNA-DNA interactions.
In addition, it is possible that our method mostly identifies a special class of enhancers for example enhancers that are bound to their target promoters for relatively longer period
of times, while different types of interacting enhancers are identified with lower probability.
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Another interesting result is the two-segment power-law behavior of some TADs (Fig. 9).
Initially, we suspected that this is due to a mixing effect of two cells populations each with
a different organization (and power law). A deeper analysis rules out this explanation,
since the sum of negative power laws is always concave, in contrast to the convex
behavior of the intensity plots we observe. Instead, our results suggest a real transition
between two physical packaging mechanisms that occur different chromatin scales. Such
a transition - and the underlying mechanisms - should be more thoroughly studied using
molecular tools, and are outside the scope of this thesis.
While our algorithm runs within hours on current Hi-C experiments, we expect it to require
additional computational hacks before it would be applicable to Hi-C experiments with
higher resolution (e.g. 1Kb). This could be done by iteratively increasing the resolution of
the data, thus obtaining a better resolution on the location of TAD boundaries.
Alternative, if our goal is to identify promoter-enhancer interactions, we could focus our
attention to gene-specific regions instead of first constructing a genome-wide model of
TADs and their hierarchy as PSYCHIC does. In a way, PSYCHIC takes an upside-down
approach, as we measure our TAD calling performance by comparing the final model
against the original Hi-C data, while in many situations we are really interested in a good
background model. Therefore a model-driven approach with the goal of minimizing the
RMSE (or a different estimator), without regard to TAD hierarchy, could yield better results,
leaving out the time consuming TAD calling stage. This could be achieved by many
models, for example by trying to “cover” the Hi-C matrix with a minimal set of patches,
each fitting the data with a bi-linear power-law function. Perhaps a further improvement
would be to adopt pure enhancer-driven approach instead of model-driven one. That is, to
focus only on conformation data surrounding promotors and other areas of interest and
search for putative enhancers locally using a local bilinear model. This could greatly
improve running times and scalability, but might lack the global scoring of putative
enhancers.
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Methods
Finding Priors and Mixture Parameters
We wish to estimate the parameters of the segmentation model, which include the prior probability,
the mean and the variance of the Normal approximation for each component of the mixture model
(TAD and background), and for each distance. For this, we rely on some initial data (or guess) of
TAD boundaries and the normalized Hi-C matrix. We then calculate three “mask” matrices 1.

TAD-mask: that contain ones inside TAD areas, and zeroes in the rest

2.

Background-mask: ones in background areas, zeroes otherwise

3.

Mixed-mask: one in mixed areas, zero otherwise

The mixed areas are defined as rectangles directly above TADs. They are not strictly TAD areas
nor background areas, and they occasionally contain interaction intensities clearly higher then the
surrounding background. Therefore, we do not use them to derive the background model, even
though they do not belong to the TAD area.
The TAD, background and mixed areas are described in Figure 16.

BG
Mixed
BG
TAD

Mixed
BG

TAD

BG
TAD

TAD

Figure 16. In red, white, and purple are the TAD, background and mixed areas,
respectively. The sum of these three matrices is matrix of 1’s.
We then estimate the prior probabilities for each component using a maximum likelihood estimator.
Specifically, the prior probability of being within a TAD (prior to observing the actual Hi-C in a new
location), is based on the number of cells inside TAD regions (nominator) divided by the total
number of cells at this distance (excluding “Mixed” cells).

(16)
and likewise for P̂ r(BG).
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Similarly, the mean and variance parameters (for each component, distance) are approximates
using a maximum likelihood estimator, after transitioning the relevant Hi-C cells into log-scale. This
is done using Matlab (R2015b).

Maximal Interaction Distances
Since our method focuses on TAD structure, the interaction score (defined in eq. 6) is
calculated for distances up to 2 million basepairs apart, a distance two-fold larger than
most TADs. The TAD score matrix S(s,e) (defined in eq. 10) is pre-calculated up to twice
that height to spare computation time and to limit the maximal TAD size in the hierarchal
structure. The minimal allowed TAD size is 5 blocks, since smaller sizes are not significant
enough and can hardly be distinguished from noise.

TAD Merging Score
Given a pair of neighboring TADs t1 located at [s,m] and t2 located at [m+1,e], we wish to
compare the Hi-C intensity for each distance, inside each of the domains (triangles in
Figure 6) and at their merged regions (rectangle). For this, we calculate the average
intensity for DNA-DNA pairs d bases apart inside each TAD, as well as interactions
between the two domains. Using these intensity vectors and a given background (“sky”)
intensity vector, we calculate two α values as defined in eq. (13). The first one is limited to
t1 height, and the other for t2 height. We calculate the geometric mean of the two
calculated α values. If the α value is higher then one we return 2-α to account for extreme
cases and make sure that a value of one is always the optimal merging score.

Greedy Merging of TADs
To merge TADs into hierarchal structure as defined above, we maintain a list of
neighboring TADs and their merge score. At each iteration, we select the pair with the
highest merging score and merge it to a new TAD. As we iterate we reduce the number of
elements, until the list becomes of length one, representing a large hierarchal domain.

Piecewise Linear Regression
We model the intensity vs. distance behavior as two piece power-law. In log-log-scale it
simply translates to two piece-linear model, having four parameters describing the two line
segments, however for convenience we also keep the breaking point X value. Our method
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first applies log2 function to the intensity and the distance vectors. Afterwards it finds the
linear two-piece breaking points with least-squares optimization using BSFK library [https://
www.mathworks.com/matlabcentral/fileexchange/25872-free-knot-spline-approximation/
content/BSFKFolder/BSFK.m]. Then the log scale intensity vs. distance vector is
separated into two continuous parts, the first up to the breaking point and the second
thereafter. We regress each part independently to produce the remaining four line
parameters.

Model Estimated Matrix Calculation
To estimate the background model, we receive as input a list of TADs, list of hierarchies in
the form of sorted merges, and the original Hi-C heatmap. Our goal is to create a new
heatmap with similar dimension to the Hi-C heatmap with an estimation of the background
interaction count for each TAD block and merging block. A TAD block is derived from topleft and bottom-right locations along the diagonal of the heatmap, and is represented as a
contiguous square sub-matrix of the Hi-C heatmap, located at the Hi-C heatmap main
diagonal. A merge block is derived from top-left and bottom-right positions in the heatmap
and is represented as a contiguous rectangular sub-matrix of the Hi-C heatmap. It can be
positioned at any heatmap location. As previously discussed, the per- TAD/merge
background model is defined as a bilinear-estimated intensity vs. distance law. To be more
precise, for each TAD/merge block, we calculate the mean intensity vs. distance vector
and use it as input to the bilinear method. Using the TAD/merge block bilinear parameters,
we iterate over all distances within the block and recalculate the estimated intensity. That
way, the noisy TAD/merge block is converted to a smooth gradient, where equal distance
blocks has the same intensity. Finally, to estimate the “sky”, we apply the bilinear
estimation to the rest of the Hi-C cells, that do not belong to a TAD or merge block. To
efficiently create the model estimated matrix using Matlab (R2015b), we begin by
initializing a matrix of NULLs with the same height and width as the Hi-C matrix. Then, for
each TAD block we calculate the background model and replace the block inline. We do
the same for the merge blocks. At this point, since all TAD and merge blocks that were
NULLs were replaced by estimated quantifiers, the remaining matrix cells that are NULL
belong to the sky, so we simply estimate them, and replace them inline as well to produce
the complete model estimated matrix.
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RMSE
The root mean squared error between the model and the Hi-C data was calculated only for
distances smaller than 5Mb, since interactions above that distance are not relevant for the
model.

Random Set of Enhancers
To create a random set of enhancers, for each tested gene we randomly selected
(uniformly) genomic regions within 1Mb upstream or 1Mb downstream interacting loci,
each with probability of p=0.01. So the total number of selected regions follows the
number of putative enhancer under an FDR threshold of 0.01, with a similar distribution
around gene loci.

Percentage of TAD-Contained Promoter-Enhancer Loops
A predicted promoter-enhance loop is considered as contained in a TAD if both the
enhancer and the promoter are within the TAD boundaries. The predicted enhancers are
defined as a region of length equal to the Hi-C data resolution, therefore if either the start
or end loci of the enhancer are within the TAD boundaries, we consider the enhancer as
inside the TAD.
For each predicted promoter-enhancer loop, we iterate over all TADs and search for at
least one TAD that contains the loop. The converge percentage is the count of contained
loops divided by the total number of loops.

Promoter-Enhancer Loops in First TAD Hierarchy
To calculate the percentage of loops contained within the first hierarchy, we derive a new
set of corresponding boundaries and calculate the percentage as above. To build the set
we use the full hierarchical model found earlier, and apply only merges that involve two
basic TADs. This assures that each basic TAD can be merged at most once.
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