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ABSTRACT
Background: Many computational methods have been developed
that leverage the results from biological experiments (such as Hi-C)
to infer the 3D organization of the genome. Formally, this is referred
to as the 3D genome reconstruction problem (3D-GRP). Hi-C data
is now being generated at increasingly high resolutions. As this
resolution increases, it has become computationally infeasible to
predict a 3D genome organization with the majority of existing
methods. None of the existing solution methods have utilized a non-
procedural programming approach (such as integer programming)
despite the established advantages and successful applications of
such approaches for predicting high-resolution 3D structures of
other biomolecules. Our objective was to develop a new solution to
the 3D-GRP that utilizes non-procedural programming to realize
the same advantages.
Results: In this paper, we present a three-step consensus method
(called GeneRHi-C; pronounced “generic") for solving the 3D-GRP
which utilizes both new and existing techniques. Briefly, (1) the
dimensionality of the 3D-GRP is reduced by identifying a biologi-
cally plausible, ploidy-dependent subset of interactions from the
Hi-C data. This is performed by modelling the task as an optimiza-
tion problem and solving it efficiently with an implementation in a
non-procedural programming language. The second step (2) gen-
erates a biological network (graph) that represents the subset of
interactions identified in the previous step. Briefly, genomic bins
are represented as nodes in the network with weighted-edges repre-
senting known and detected interactions. Finally, the third step (3)
uses the ForceAtlas 3D network layout algorithm to calculate (x , y,
z) coordinates for each genomic region in the contact map. The re-
sultant predicted genome organization represents the interactions
of a population-averaged consensus structure. The overall workflow
was tested with Hi-C data from Schizosaccharomyces pombe (fission
yeast). The resulting 3D structure clearly recapitulated previously
established features of fission yeast 3D genome organization.
Conclusion: Overall, GeneRHi-C demonstrates the power of non-
procedural programming and graph theoretic techniques for pro-
viding an efficient, generalizable solution to the 3D-GRP.
Project Homepage: https://github.com/kimmackay/GeneRHi-C
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1 INTRODUCTION
Within the nucleus, a cell’s genetic information undergoes exten-
sive folding and reorganization throughout normal physiological
processes. Just like in origami where the same piece of paper folded
in different ways allows the paper to take on different forms and
potential functions, it is possible that different genomic organi-
zations are related to various nuclear functions. Until recently, it
has been extremely difficult to comprehensively investigate this
relationship due to the lack of high-resolution and high-throughput
techniques for identifying genomic organizations. The development
of a biological technique called Hi-C (based on chromosome con-
formation capture) [26] has made it possible to detect the complete
set of genomic regions simultaneously in close physical proximity.
This proximity is often referred to as an "interaction" between two
genomic regions. These interactions can be categorized as either
intra-chromosomal (cis) interactions or inter-chromosomal (trans)
interactions (Figure 1).

Hi-C [26] is a biological technique that utilizes next generation
sequencing technologies to detect regions of the genome that are
interacting in 3D space. These regions may be located on different
chromosomes or distally on the same chromosome. An overview
of the experimental procedure is depicted in Figure 2. Briefly, (1)
cells are fixed with formaldehyde in order to covalently cross-link
genomic regions that are in close 3D proximity. (2) The cross-linked
fragments are then digested with a restriction enzyme to remove
the potentially large non-interacting interconnecting segments of
DNA. (3) The sticky ends generated through the restriction digest
are filled in with biotinylated nucleotides. (4) Digested fragments
are ligated together. (5) The initial cross-linking is removed, re-
sulting in DNA fragments that represent the two genomic regions
that form an interaction. (6) The biotinylated products are purified
using streptavidin beads allowing for the detection of fragments
that were cut by restriction enzymes. (7) Paired-end sequencing is

https://github.com/kimmackay/GeneRHi-C
https://doi.org/10.1145/3365953.3365962
https://doi.org/10.1145/3365953.3365962
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Figure 1: A representation of the DNA-DNA interactions that can occur within the 3D genome structure. Panels give the
following representations. A: the linear locations of the genes undergoing a trans-interaction between two hypothetical chro-
mosomes, K and L. B: a trans-interaction. C: a nucleus with the coloured lines representing the separate chromosomes from
Babaei et al. [2]. D: a cis-interaction. These genes might be linearly "distant" but still have a detectable interaction in 3D space.
E: the linear locations of the genes that are undergoing a 3D cis-interaction. The orange and pink regions in panels A, B, D
and E are examples of possible gene locations. The red circles in panels B and D represent the genomic regions involved in an
interaction.

then performed and the resultant reads are mapped to a reference
genome using a Hi-C specific read mapper [1].

Mapping the raw data of a Hi-C experiment to a reference
genome results in the generation of aN×N matrix (a whole-genome
contact map) where N is the number of "bins" which represent lin-
ear regions of genomic DNA. In general, the number of genomic
bins is approximately equal to the total genome size divided by
the Hi-C experimental resolution. Whole-genome contact maps are
characteristically sparse and symmetric along the diagonal. Each
cell (Ai, j ) of a contact map (A) records the count of how many
times the genomic bin i was found to interact with the genomic
bin j. These counts are often referred to as the frequency of the
interaction between Ai and Aj (or interaction frequency). Inher-
ent systematic biases within the whole-genome contact map are
dampened by normalizing the interaction frequencies. Typically,
an iterative correction and eigenvector decomposition (ICE) [17]
or Knight-Ruiz (KR) [20, 25] normalization are/is applied to the
raw data resulting in fractional interaction frequencies. It should be
noted that during the normalization process interactions involving
highly repetitive genomic regions such as centromere and/or telom-
ere regions are often removed from the contact map (represented
as 'NA') due to large amounts of noise and/or low signal [23].

The normalized whole-genome contact maps can be used to infer
the 3D organization of the genome. The process of predicting a
model of the 3D genomic organization from a contact map is known
as the 3D genome reconstruction problem (3D-GRP) [36]. Typically
this is done by converting the normalized interaction frequencies
into a set of corresponding pairwise Euclidean distances. In general
it is assumed that a pair of genomic regions with a higher inter-
action frequency will often be closer in 3D space than a pair of
genomic regions with a lower interaction frequency [12, 16, 24].
Most computational tools for solving the 3D-GRP then take the
predicted pairwise Euclidean distances as input and produce a vi-
sualization of the 3D genome by modelling the chromatin fibre as
a polymer [38]. In general, most existing programs can be broadly
classified as either (1) consensus or (2) ensemble methods. Con-
sensus methods generate a single population-averaged genomic
model that best represents the whole-genome contact map, while

ensemble methods produce a collection of genome models that rep-
resent the inherent heterogeneity of genome organizations within
a population of cells [23].

As the resolution of whole-genome contact maps increases, it
is computationally infeasible to predict a 3D genome organization
with many of the existing methods. One notable exception is the
method miniMDS [34] which uses a divide-and-conquer approach
to overcome this problem. In order to divide the overall problem
into subproblems, miniMDS utilizes an algorithm for detecting
chromosomal sub-domains called TADs to make the initial division.
Unfortunately, this makes it inapplicable to organisms which do not
have TADs like Arabadopsis thaliana [11, 27]. To overcome this, we
have developed a generalizable, three-step consensus method for
solving the 3D-GRP called GeneRHi-C (3DGenomeReconstruction
fromHi-C data; pronounced “generic"). Unlike other 3D-GRP solu-
tions, GeneRHi-C does not rely on chromosomal sub-domains or
organism specific constraints in the prediction process making it
generalizable to any organism. Briefly, GeneRHi-C preforms the
following three steps: (1) dimensionality reduction, (2) graph repre-
sentation and (3) calculation of (x , y, z) coordinates. The resulting
3D genome organization represents the interactions of a population-
averaged consensus structure. In order to demonstrate its utility
GeneRHi-C was used to predict a 3D genome organization from an
existing Schizosaccharomyces pombe (fission yeast) Hi-C dataset.

2 COMPUTATIONALWORKFLOW
2.1 Step 1: Dimensionality Reduction
Under normal cellular conditions, a given genomic region can be
simultaneously involved in more than one interaction within the
genome [14]. In contrast, a single genomic region within an individ-
ual cell is only able to participate in one Hi-C mediated interaction
due to inherent restrictions within the biochemistry of the Hi-C
experimental protocol [42]. In diploid organisms (organisms with
two genomic copies) single cell Hi-C reactions are only able to
detect two Hi-C mediated interactions per genomic region, one for
each genomic copy [32]. An analogous restriction can be assumed
in haploid organisms (organisms with only one genomic copy),
where a single genomic region can only be actively detected in one
Hi-C mediated interaction in a single cell. Using this restriction, a



GeneRHi-C CSBio 2019, December 4–7, 2019, Nice, France

GR 2
GR 1

(7) Paired-end 
Sequencing

(6) Biotin pull-down

(5) Cross-link reversal

(4) Intra-molecular 
ligation

(3) Biotin labelling

(2) Restriction digest

(1) Cross-linking 
of interacting 

genomic regions

GR 2GR 1

GR 2
GR 1

GR 2
GR 1

GR 2
GR 1

GR 2GR 1

GR 2GR 1

Figure 2: A simplified overview of theHi-C protocol adapted
from reference [26]. GR stands for "genomic region". The
blue lines represent the location of a restriction enzyme cut
site; green circles, a pair of genomic regions being chemi-
cally cross-linked together; orange circles, biotin; and red ar-
rows, the primers that are required for paired-end sequenc-
ing. The purple symbol in step (6) represents a streptavidin
bead that can be used to purifymolecules with a biotin label.

model of the 3D genome organization can be constructed from a
whole-genome contact map by selecting a ploidy-dependent subset
of the interactions for each genomic region that maximizes the sum
of the corresponding interaction frequencies. The mathematical
model and corresponding implementation presented in this paper
focus on modelling the 3D organization of haploid genomes but, as
outlined in Section 5.3, could be extended to organisms with higher
ploidies.

Naively, a greedy heuristic could be employed to model the 3D
fission yeast genome organization using the strategy described
above. Briefly, the subset of interactions representing the solution
set can be chosen by sorting and selecting the interactions with the
largest corresponding frequency values. This process would then be
repeated, rejecting any frequency for a region of the genome that
has already been selected. This heuristic will fail to take into account
the situation where lower frequencies, which were rejected by
selecting a higher frequency interaction, actually result in a greater
overall maximum value for the sum of all selected frequencies

within the solution. An example of this can be seen in Figure 3where
panel A is a hypothetical whole-genome contact map and panels
B and C represent two possible solution matrices with different
overall frequency sums. Specifically, Figure 3B follows the greedy
heuristic described above which results in a non-optimal solution
where the selected frequencies sum to 1.3. Figure 3C shows the
optimal solution where the selected frequencies sum to 1.4. This
type of optimization problem has been shown to be well-suited for
solutions using non-procedural computational paradigms.

We have developed and tested three mathematical models (CP,
GM, IP) to reduce the dimensionality of the 3D-GRPwhich describe
the relationships present within the whole-genome contact map.
These mathematical models differ in terms of their problem repre-
sentation, underlying non-procedural implementation and overall
generalizability. Briefly, the CP mathematical model is encoded as
a set of constraints over finite domains with constraint program-
ming [35]. The GM mathematical model represents the problem
as a maximum-weight matching [13] and is encoded as a logic
program that uses Kolmogorov’s Blossom V algorithm [21]. The
IP mathematical model is encoded with integer programming [43]
and is described in more detail below. Each model takes a normal-
ized whole-genome contact map as input. As mentioned previously,
such a contact map is a N × N matrix where the genome has been
partitioned into N genomic bins. For a hypothetical whole-genome
contact map (A), each cell (Ai, j ) records the normalized interaction
frequency between genomic bins i and j. By construction, the con-
tact map is symmetric (Ai, j = Aj,i for all i, j), and its main diagonal
elements are all zero (Ai,i = 0 for all i).

The current formulations of the CP and GM mathematical mod-
els are only valid for haploid organisms whereas the IP mathemati-
cal model can be applied to organisms with any ploidy through an
additional parameter calledm. The value ofm encodes the maxi-
mal number of interactions in which a given genomic bin can be
involved based on the source organism’s ploidy. For instance,m
would be set to the following values based on the number of chro-
mosome copies present:m = 1 (haploid),m = 2 (diploid; common
in mammals),m = 4 (tetraploid; common in plants). Since the IP
mathematical model is the most general, it will be the focus for
the rest of this manuscript. Additional details on the CP and GM
mathematical models can be found on the project homepage at
GitHub 1 as well as in the first pre-print version of this paper [28].

The mathematical model IP uses integer programming [43] and
is valid for any value ofm. It is based on introducing variables xi, j
that assume a value of 1 if genomic bin i interacts with genomic bin
j, and 0 otherwise. The goal of this model is to solve xi, j for all i, j.
The complete model is given in Mathematical Model 1. It was imple-
mented in SICStus Prolog 2 [5] and solved using the mixed integer
programming based Gurobi Optimizer 3 [18]. The implemented
program using this representation with the hypothetical whole-
genome contact map depicted in Figure 3A is shown in Additional
File 1 4. An example associated data file for this program is given in

1https://github.com/kimmackay/GeneRHi-C/tree/master/step1
2http://sicstus.sics.se
3http://www.gurobi.com/
4https://github.com/kimmackay/GeneRHi-C/blob/master/step1/IP/supplementary_
files/additional_file_1.pl

https://github.com/kimmackay/GeneRHi-C/tree/master/step1
http://sicstus.sics.se
http://www.gurobi.com/
https://github.com/kimmackay/GeneRHi-C/blob/master/step1/IP/supplementary_files/additional_file_1.pl
https://github.com/kimmackay/GeneRHi-C/blob/master/step1/IP/supplementary_files/additional_file_1.pl
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1 2 3 4 5 6

1 - 0.5 0.2 0.1 0.1 0.1

2 0.5 - 0.4 0.4 0.1 0.1

3 0.2 0.4 - 0.3 0.5 0.2

4 0.1 0.4 0.3 - 0.6 0.4

5 0.1 0.1 0.5 0.6 - 0.4

6 0.1 0.1 0.2 0.4 0.4 -

1 2 3 4 5 6

1 - 0.5 0.2 0.1 0.1 0.1

2 0.5 - 0.4 0.4 0.1 0.1

3 0.2 0.4 - 0.3 0.5 0.2

4 0.1 0.4 0.3 - 0.6 0.4

5 0.1 0.1 0.5 0.6 - 0.4

6 0.1 0.1 0.2 0.4 0.4 -

1 2 3 4 5 6

1 - 0.5 0.2 0.1 0.1 0.1

2 0.5 - 0.4 0.4 0.1 0.1

3 0.2 0.4 - 0.3 0.5 0.2

4 0.1 0.4 0.3 - 0.6 0.4

5 0.1 0.1 0.5 0.6 - 0.4

6 0.1 0.1 0.2 0.4 0.4 -

Figure 3: An example of two (of many) possible solutions to a 3D genome reconstruction problem. For all of the panels: the
symmetric lower half of the contact map is indicated in light grey, the diagonal that represents "self-self" interactions is
indicated in green and the genomic bin labels are represented in dark grey. For panels B and C: the blue boxes represent the
subset of frequencies that could be selected as possible solutions (form = 1). Panel B is a representation of a valid, non-optimal
solution from the greedy algorithm and panel C is a representation of the valid optimal solution for the contact map where
the sum of the selected interaction frequencies are 1.3 and 1.4, respectively.

Additional File 2 5 and is based on the interaction frequency values
from the hypothetical whole-genome contact map depicted in Fig-
ure 3A. For the fission yeast results, all of this has been automated
in a makefile that is available on the project homepage 6.

maximize ∑
(i, j)∈E

Ai, jxi, j (1)

subject to: ∑
(i, j)∈E

xi, j +
∑

(j,i)∈E

x j,i ≤ m, ∀i ∈ V (2)

xi, j ∈ {0, 1}, ∀(i, j) ∈ E (3)

MathematicalModel 1: The IPmodel, for anym.V is the
set {1, . . . ,N } representing the genomic bins. E is the
set {(i, j) | i < j ∧Ai, j > 0} representing the interactions
whose frequencies (weights) are given by A.

2.2 Step 2: Graph Representation
The reduced set of interactions is converted into an undirected
graph based on the graphical representation of Hi-C data described
in GrapHi-C [29]. Briefly, the nodes in the network represent the
individual genomic bins of the whole-genome contact map and the
edges represent either selected interactions between bins or known
linear interactions between adjacent bins. Linear interactions add
additional biological constraints by representing the bonafide in
vivo linear connections between bins (i.e. the linear extent of the
chromosome). Unlike GrapHi-C, each edge is weighted using either:
the interaction frequency divided by a dynamics coefficient for cis-
and trans- interactions (described in more detail below) or the
experimental resolution for linear interactions.
5https://github.com/kimmackay/GeneRHi-C/blob/master/step1/IP/supplementary_
files/additional_file_2.csv
6https://github.com/kimmackay/GeneRHi-C/tree/master/step1/IP

2.3 Step 3: Calculation of (x , y, z) Coordinates
Finally, the ForceAtlas 3D network layout algorithm provided as
a Gephi plugin 7 (which is an extension of the ForceAtlas2 layout
[19]) is used to calculate (x , y, z) coordinates for the centre of each
node in the network. Recall that each node represents a genomic
bin from the whole-genome contact map.

3 PROBLEM DECOMPOSITION
When the IP implementation for step 1 was run on a complete
fission yeast whole-genome contact map there was only a single
trans-chromosomal interaction within the solution set making it
difficult to infer the organization of the chromosomes in relation
to each other. The low number of trans-chromosomal interactions
is likely due to the fact that cis-interactions are known to have
higher interaction frequencies than trans-interactions within the
genome [9, 23]. This makes it more likely for cis-interactions to
be included in the solution set since the goal of the mathematical
models described above is to select a maximal subset of interaction
frequencies. Since the disparity between cis- and trans- interaction
frequencies is an inherent characteristic of whole-genome contact
maps, all optimization-based solutions to the 3D-GRP must use an
additional strategy to overcome this.

There are a number of possible strategies to deal with the dis-
parity between cis- and trans- interaction frequencies such as data
transformation or problem decomposition. Here the original compu-
tational problem (the 3D-GRP) has been decomposed into subprob-
lems (described in more detail below) where the cis-chromosomal
subproblems represent the individual chromosome structure while
the trans-chromosomal subproblems represent how the chromo-
somes are organized in relation to each other within the nucleus.
Each subproblem has been locally solved and the results are com-
bined to retain the selected interactions from each subproblem.
This is similar to the divide-and-conquer strategy employed by
miniMDS which aims to first solve local substructures and then fit
the results onto a global organization [34].

7https://gephi.org/plugins/

https://github.com/kimmackay/GeneRHi-C/blob/master/step1/IP/supplementary_files/additional_file_2.csv
https://github.com/kimmackay/GeneRHi-C/blob/master/step1/IP/supplementary_files/additional_file_2.csv
https://github.com/kimmackay/GeneRHi-C/tree/master/step1/IP
https://gephi.org/plugins/
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Figure 4: Identification of subproblems within the fission
yeast contact map. The large grey triangle represents the
portion of the contact map that does not need to be pro-
cessed since all contact maps are mirrored along the diag-
onal. The blue triangles represent the subsections of the
contact map that correspond to intra-chromosomal interac-
tions, while the orange squares represent the subsections
that correspond to the inter-chromosomal interactions. The
label on the blue and orange areas represent the chromo-
some(s) involved in the interactions within that subsection
of the contact map. In terms of the intra-chromosomal in-
teractions, chromosome 1 contains the largest number of ge-
nomic bins while chromosomes 2 and 3 account for 34 and
80 percent fewer bins, respectively.

A single whole-genome contact map can be naturally divided
into a finite, organism specific number of subproblems representing
its constituent cis-interactions and pairwise trans-interactions. Each
subproblem can be defined within the whole-genome contact map
by specifying the range of genomic bins that correspond to the
cis- or trans-interactions for each chromosome. In general, the
number of subproblems for a whole-genome contact map with k

chromosomes is equal to k (k−1)
2 + k where k (k−1)

2 represents the
number of pairwise trans-interaction subproblems and k represents
the number of cis-interaction subproblems. For example, because
fission yeast has three chromosomes, its whole-genome contact
map can be naturally partitioned into six subproblems (three cis-
and three trans-interaction subproblems) to be solved in parallel.
The location of these subproblems within a fission-yeast whole-
genome contact map are depicted in Figure 4.

In order to solve the entire 3D-GRP, programs corresponding
to the cis-interaction and pairwise trans-interaction subproblems
can be generated and run independently. The solutions from each
subproblem are then combined to reconstruct the entire 3D ge-
nomic model. This step is a heuristic which utilizes a novel metric
(called the "dynamics coefficient") to account for the instances when
a single genomic region participates in more thanm subproblem
solutions; i.e. more thanm interactions. Instead of discarding in-
teractions from subproblem solutions involving the same genomic
region when this region has already been selected in m interac-
tions, each identified interaction is maintained and associated with
a region-specific dynamics coefficient to encode the mobility (or
lack of mobility) of that genomic region. Briefly, the dynamics coef-
ficient for each genomic region is calculated by scanning all of the

resultant files for each subproblem and counting how many times
a specific genomic bin is found across the subproblem solution sets.
The more interactions a genomic region is involved in, the higher
its corresponding dynamics coefficient, and vice versa.

In general, the dynamics coefficient is an integer value in the
range of 0 to k where k is the number of chromosomes present
in the genome. For example, in fission yeast (k = 3) if genomic
bin 1 was involved in an interaction in the solution sets of the
chromosome 1 cis-interaction subproblem and the chromosome
1/2 trans-interaction subproblem it would have a dynamics coeffi-
cient of 2, whereas if it was involved in an interaction in each of
the relevant trans-interaction subproblems and the cis-interaction
subproblem it would have an associated dynamics coefficient of
3. A higher dynamics coefficient suggests that the corresponding
genomic region has been more mobile within the genome and that
there is less certainty about its fixed position within the model. This
is similar to the B factor (also known as the temperature factor or the
Debye-Waller factor) generated with protein x-ray crystallography
experiments [22]. The B factor encodes the degree of uncertainty
associated with computed atomic positions in 3D space.

The dynamics coefficient is used to calculate edge weights for cis-
and trans-interactions in step 2 of the GeneRHi-C workflow (Ai, j/d
where Ai .j is the interaction frequency and d is the dynamics co-
efficient). These weights are then used to visualized the predicted
model. Although this use causes violation of the initial ploidy re-
striction used to constrain each subproblem, it is still biologically
valid. As mentioned previously, it is possible for a given genomic
bin to be involved in more than one interaction in 3D space [6, 14],
even though Hi-C is only able to detect one pairwise interaction
per restriction site within a single haploid cell. Additionally, the
dynamics coefficient allows the program to encode some of the
mobility of genome organization into the predicted model by repre-
senting the certainty of whether an interaction is fixed within the
population of cells. Overall, this decomposition approach results in
a larger number of trans-chromosomal interactions being included
in the final solution set. It also has been applied to the CP and GM
mathematical models and should be utilized in future applications
of GeneRHi-C.

4 RESULTS
The above workflow was tested with an existing fission yeast Hi-C
dataset (GEO accession number: GSM1379427 [31]). All programs
were run on a server-grade computer with sufficient main memory
to represent the entire problem. All times reported in this and
subsequent sections are elapsed times. Results from the CP and
GMmathematical models can be found on the project homepage at
GitHub 8 as well as in the first pre-print version of this paper [28].

4.1 Step 1: Dimensionality Reduction
The implementation of the IPmodel for the completewhole-genome
fission yeast contact map (m = 1; |V | = 1258, |E | = 745595) was
able to identify the optimal solution set in 294.44 seconds using the
Gurobi optimizer. As mentioned above (and depicted in Figure 6A),
only one trans-chromosomal interaction was represented in the
solution set. This outcome made it difficult to infer the organization
8https://github.com/kimmackay/GeneRHi-C/tree/master/step1

https://github.com/kimmackay/GeneRHi-C/tree/master/step1
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Table 1: Subproblem sizes and elapsed times (runtime) for the IP mathematical model applied to the fission yeast dataset.

Subproblem Number of Vertices (|V |) Number of Edges (|E |) Run Time (seconds)

chromosome 1 cis-interaction 558 148734 15.75

chromosome 2 cis-interaction 454 96562 9.26

chromosome 3 cis-interaction 246 27255 2.06

chromosome 1/2 trans-interaction 454 241022 4.90

chromosome 1/3 trans-interaction 246 128472 4.70

chromosome 2/3 trans-interaction 246 103550 3.40

of the chromosomes in relation to each other. In order to overcome
this, the decomposition approach described above was used. Six
separate subprograms were generated and run independently. The
size of each subproblem in terms of V and E, as well as the time it
took to identify the optimal solution, is presented in Table 1 (total
summed run time of 40.07 seconds).

4.2 Step 2: Graph Representation
The results from each subproblem were combined as described
above and converted into a GrapHi-C [29] representation using
the generate_gephi_input_subproblems.pl script 9. Please note
this is an extension of the original GrapHi-C script that allows
for the dynamics coefficient to be included in the edge-weight
calculation. This step took less than 1 second of execution time.

4.3 Step 3: Calculation of (x , y, z) Coordinates
The graph generated in Step 2 was used as input to the ForceAtlas
3D network layout algorithm. The resulting layout was exported
to a .gexf file and (x , y, z) coordinates were extracted using the
gexf2xyz.py script on the project homepage 10. This step took less
than 10 seconds of execution time.

4.4 Visualization
The results were visualized in Gephi (Figure 5) [3]. Nodes were
coloured according to their chromosome number (Panel A) or ge-
nomic feature (Panel B). We would like to stress that this graph-
based visualization is not a polymer model of the DNA chain that
is often seen in other 3D genome prediction tools. Therefore, the
smoothness of the edges is not a result of any bending rigidity
constraints. Instead, it is a result of the visualization tool (Gephi)
and the network layout applied.

One of the most well–documented features of fission yeast ge-
nomic organization is the 3D clustering of centromeres and telom-
eres within the nucleus [7, 15]. In order to determine whether
the yeast model predicted by GeneRHi-C was able to recapitulate
these features, the genomic bins corresponding to centromeres and
telomeres were coloured in the Gephi visualization (see Figure 5B).
This figure provides evidence that the predicted genome model is
consistent with established principles of fission yeast chromoso-
mal organization including: (1) chromosomal organization into a

9https://github.com/kimmackay/GeneRHi-C/tree/master/step2/scripts
10https://github.com/kimmackay/GeneRHi-C/tree/master/step3

hemispherical region, (2) a single centromere cluster and (3) the
presence of two telomere clusters (chromosome 1/2) located near
the nuclear periphery, opposite the centromere cluster [30, 31, 41].
Additionally, the clustering in the GeneRHi-C predicted model is
consistent with the clustering seen in previous fission yeast 3D
genome predictions [39]. This provides confidence in the accuracy
that was achieved using the GeneRHi-C workflowwith fission yeast
data. This type of evaluation (comparison to known genome and
chromosome structural features) is typical within the 3D genome
community [33, 40]. Future work (described in Section 5.2) will

B 

A 

Figure 5: Visualization of the Predicted Genome Model Us-
ing the IP Model. Circles depict the genomic bins, grey lines
represent cis- and trans-interaction edges selected by the IP
model, and line lengths are proportional to original edge-
weight calculated in step 2. In Panel A, circles are coloured
according to their corresponding chromosome (CHR1: pur-
ple, CHR2: orange, CHR3: green). In Panel B, the follow-
ing genomic features are highlighted: telomeres (red), cen-
tromeres (green) and nuclear DNA (blue).

https://github.com/kimmackay/GeneRHi-C/tree/master/step2/scripts
https://github.com/kimmackay/GeneRHi-C/tree/master/step3
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Figure 6: Visualization of the Predicted Genome Model Using the IP Model with Variousm Values. Circles depict the genomic
bins, grey lines represent trans-interaction edges selected by the IP model, and line lengths are proportional to the associated
interaction frequency (Ai, j ). Circles are coloured according to their corresponding chromosome (CHR1: purple, CHR2: orange,
CHR3: green). The results for eachm values are presented in the following panels: A (m = 1), B (m = 2), C (m = 3), D (m = 4), E
(m = 5), F (m = 6).

extend this evaluation to provide a more comprehensive snapshot
of GeneRHi-C’s reconstruction ability.

5 DISCUSSION
5.1 Effect ofm on Genome Organization in

Fission Yeast
As mentioned previously, it is possible that each genomic region
could be involvedwithmore than one interactionwithin the genome
but is restricted tomHi-C interactions (wherem is organism ploidy).
To determine whether or not relaxing this restriction would result
in a more comprehensive genomic model without having to use
the decomposition approach described in Section 3, the GeneRHi-C
workflowwith the IPmathematical model was tested with values of
m from 1 to 6 for the same fission yeast Hi-C dataset (GSM1379427
[31]). As mentioned previously, the IP mathematical model allows
for a single genomic bin to be involved in more than one Hi-C
mediated interaction in the predicted genome organization. Recall
that the CP and GM mathematical models could not be used for
this since they are only valid form = 1.

For each value ofm, the program was able to find an optimal
solution in 294.44, 13.20, 104.46, 15.31, 38.79, and 16.94 seconds for
m = 1..6, respectively. The results were visualized using Gephi
(Figure 6). Nodes were coloured according to their chromosome
number. The nodes in the graph represent the individual genomic
bins of the whole-genome contact map and the edges represent
either selected interactions between bins or known linear inter-
actions between adjacent bins. The results presented in Figure 6
indicate that relaxing the ploidy restriction (by increasing the value
ofm) did not result in a more comprehensive genomic model. This

is consistent with the work of Diament and Tuller [10] which sug-
gested that as little as 5 % of the original Hi-C data is required to
generate biologically accurate 3D genome models [36].

Minimal numbers of trans-chromosomal interactions were se-
lected by the model regardless of what the parameterm was set
to. Specifically the following number of trans-chromosomal inter-
actions were observed in each solution set: 1 (m = 1), 0 (m = 2), 1
(m = 3), 2 (m = 4), 2 (m = 5), 3 (m = 6). As mentioned previously,
this is likely due to the fact that cis-chromosomal interactions occur
more frequently than trans-chromosomal interactions within the
genome resulting in higher interaction frequency values [9]. The
decomposition strategy described in Section 3 can again be applied
to circumvent this issue.

5.2 Evaluation
The 3D genomics community does not have a standardized method-
ology for evaluating 3D genome reconstruction tools like GeneRHi-
C. Ideally, 3D genome reconstruction tools would be evaluated
using synthetic Hi-C datasets with known ground-truth structures.
The 3D models predicted from these synthetic datasets could then
be compared with their ground truth counter-parts using measures
like the Spearman correlation coefficient and root-mean-square
deviation. Unfortunately, a standardized dataset of synthetic 3D
structures and associated Hi-C matrices for tool evaluation does not
exist. We are actively working towards the creation of this type of
data. Once it has been generated it will be used to evaluate GeneRHi-
C’s reconstruction ability using the methodology described above.
This methodology could also be employed to develop a ranked-list
of all existing 3D genome reconstruction tools.
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5.3 Application to Organisms with Higher
Ploidies and/or Larger Genomes

The IP mathematical model described above could be applied to
organisms with higher ploidies by specifying the value of them
parameter. For instance,m could be modified in the following ways
according to the number of chromosome copies present: m = 2
(diploid; common in mammals), m = 4 (tetraploid; common in
plants), and so on. One issue that would need to be addressed in
organisms with higher ploidies is phasing the interactions to each
chromosome copy. This could potentially be solved using existing
phasing tools [8] and additional biological data [4, 37].

Utilizing the decomposition approach described in Section 3
allows one to take advantage of coarse-grained parallelism ensuring
the mathematical models are scaleable to organisms with larger
genomes (and more chromosomes). This type of parallelism is easy
to obtain on many types of computational infrastructure. As an
example, this decomposition could be easily applied to a whole-
genome contact map from Homo sapiens. This contact map would
result in the generation of 276 subproblems (given k = 23 and the
number of subproblems = k (k−1)

2 + k). It should be noted that the
size of these subproblems would likely be larger than what was seen
in the fission yeast example (depending on the Hi-C resolution).

5.4 Future Work
Futureworkwill focus on the validation, modification and extension
of the GeneRHi-C. Specifically, an extensive biological validation of
the predicted genome models will be performed with targeted chro-
mosome conformation capture assays and advanced microscopy
techniques to better characterize the biological accuracy of the
developed mathematical model. Different types of data transfor-
mations will be explored to address the disproportionate numbers
of cis- and trans-chromosomal interactions in the whole-genome
contact map in case they result in a better alternative to the de-
composition approach described in Section 3. The IP mathematical
model will be utilized as a computational framework which will be
extended and further developed to incorporate a variety of addi-
tional genomic datasets and information types into the prediction
process. For example, each genomic bin could have an associated
list of variables representing the genes found within that bin and
their corresponding gene expression values. Constraints could then
be applied to favour interactions between regions with similar ex-
pression profiles. The IP mathematical model will also be utilized
as a starting point for predicting the 3D genomic structure of organ-
isms with higher ploidies by applying the modifications suggested
in Section 5.3.

6 CONCLUSION
This is the first time a non-procedural programming approach has
been used to model the 3D genome organization from Hi-C data.
Specifically, we developed a three-step consensus method (called
GeneRHi-C; pronounced “generic") for solving the 3D-GRP which
utilizes both new and existing techniques. Briefly, (1) the IP mathe-
matical model is used to reduce the dimensionality of the 3D-GRP
by identifying a biologically plausible, ploidy-dependent subset
of interactions from the Hi-C data. A decomposition approach is
used in this step to generate a more comprehensive 3D genome

organization. k (k−1)2 + k separate subproblems (one for each set of
cis-chromosomal interactions and one for each set of pairwise trans-
chromosomal interactions) are independently solved and combined.
A novel coefficient is defined to aid in combining the results of
each subproblem (the dynamics coefficient) which allows a level of
positional uncertainty to be encoded into the predicted genomic
organization. The second step (2) generates a biological network
(graph) that represents the subset of interactions identified in the
previous step. Briefly, genomic bins are represented as nodes in the
network with weighted-edges representing known and detected
interactions. Finally, the third step (3) uses the ForceAtlas 3D net-
work layout algorithm to calculate (x , y, z) coordinates for each
genomic region in the contact map. The resultant predicted genome
organization represents the interactions of a population-averaged
consensus structure. The GeneRHi-C workflow was tested with
Hi-C data from Schizosaccharomyces pombe (fission yeast). This
predicted 3D genome organization was then validated through
literature search which verified that the GeneRHi-C prediction re-
capitulated key documented features of the yeast genome. Overall,
GeneRHi-C demonstrates the power of non-procedural program-
ming and graph theoretic techniques for providing an efficient,
generalizable solution to the 3D-GRP and is a step towards a better
understanding of the relationship between genomic structure and
function.

A SUPPLEMENTAL INFORMATION
The following files are available on the project homepage. Ad-
ditional file 1: The implemented program using the IP math-
ematical model. Additional file 2: An example data file (.csv
file) depicting the interaction frequencies from the hypothetical
whole-genome contact map depicted in Figure 3A utilized by the
IP model. Availability of data and material: The datasets uti-
lized in this article are available in the Gene Expression Omnibus
database (accession number: GSM1379427; https://www.ncbi.nlm.
nih.gov/geo/query/acc.cgi?acc=GSM1379427). Software informa-
tion: Project Name: GeneRHi-C (pronounced "generic"); Project
Homepage: https://github.com/kimmackay/GeneRHi-C;Program-
ming language(s): SICtus Prolog (Step 1), Perl (Step 2), Python
(Step 3);Other requirements:A local version of the Gurobi solver
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