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Abstract
Background: Genome structures are dynamic and non-randomly organized in the nucleus of higher eukaryotes. To
maximize the accuracy and coverage of three-dimensional genome structural models, it is important to integrate all
available sources of experimental information about a genome’s organization. It remains a major challenge to integrate
such data from various complementary experimental methods. Here, we present an approach for data integration to
determine a population of complete three-dimensional genome structures that are statistically consistent with data
from both genome-wide chromosome conformation capture (Hi-C) and lamina-DamID experiments.
Results: Our structures resolve the genome at the resolution of topological domains, and reproduce simultaneously
both sets of experimental data. Importantly, this data deconvolution framework allows for structural heterogeneity
between cells, and hence accounts for the expected plasticity of genome structures. As a case study we choose
Drosophila melanogaster embryonic cells, for which both data types are available. Our three-dimensional genome
structures have strong predictive power for structural features not directly visible in the initial data sets, and reproduce
experimental hallmarks of the D. melanogaster genome organization from independent and our own imaging
experiments. Also they reveal a number of new insights about genome organization and its functional relevance,
including the preferred locations of heterochromatic satellites of different chromosomes, and observations about
homologous pairing that cannot be directly observed in the original Hi-C or lamina-DamID data.
Conclusions: Our approach allows systematic integration of Hi-C and lamina-DamID data for complete
three-dimensional genome structure calculation, while also explicitly considering genome structural variability.
Keywords: 3D genome structure, Higher order genome organization, Population-based modeling, Data
integration, Hi-C, Lamina-DamID, Homologous pairing, Drosophila melanogaster, Heterochromatin

Background
It has become increasingly clear that a chromosome’s
three-dimensional (3D) organization influences the regulation of gene expression and other genome functions.
Early microscopy and biochemical studies showed that
chromosomes in higher eukaryotes form distinct territories, which although stochastically organized tend to
be located at preferred positions within the nucleus. For
example, lamina-DamID experiments have identified
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specific chromatin domains with a high propensity to be
located at the nuclear envelope (NE), confirming the important role of the NE in spatial genome organization
and gene regulation in Drosophila, human, and mouse
[1–3]. Chromosome conformation capture experiments
(Hi-C and variants) detect chromatin interactions at
a genome-wide scale [4–10] and reveal a hierarchical
chromosome organization: the chromatin can be segmented into domains, which in turn combine to form subcompartments of functionally related chromatin [6, 11, 12].
Topological associated domains (TADs) are defined by observing an increased probability of interaction between
chromatin regions in a domain relative to interactions between domains. In addition, it has been shown that the
border regions between domains are enriched in specific
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insulator proteins, such as CTCF and ZNF143 in mammalian cells and BEAF, CTCF, and CP190 in Drosophila cells.
However, the precision of domain border detection depends to some extent on the sequencing depth as well as
algorithmic parameter settings. At increased sequencing
depth it is possible to detect reliably individual chromatin
loops, which often demarcate contact domains (at ~100 kb
domain length) [9].
Computational approaches can aid in mapping the
global 3D structures of genomes at various scales. These
can be divided into data-driven and physics-based de
novo simulation techniques [13]. Recent physics-based
polymer models of chromosomal regions provided critical insights into mechanisms of chromatin loop formation, such as the “loop extrusion” (LE) models [14, 15]
and “strings and binders switch” (SBS) models [16, 17]
as well as related approaches [18–20]. Data-driven approaches use experimental information, often Hi-C data,
to generate 3D genome structures that are constrained
to be consistent with the data. These approaches can be
divided into three classes [21, 22]. The first represents
the genome as a consensus structure [23–30]. Contact
frequencies are usually transformed to spatial distances
assuming an anti-correlation between the two metrics
[23, 24, 28, 31, 32]. The distance matrix is then used to
generate a consensus model by optimizing a scoring
function, by Bayesian interference or generalized linear
models. By definition, consensus models cannot reflect
the considerable structural variability of genomes between individual cells. To incorporate aspects of structural variability, resampling methods (such as TADbit
[21, 32, 33]) perform many independent optimizations of
the same scoring function to resample an ensemble of
structures from random starting configurations [31–35].
Other resampling methods use chromatin contact
restraints, which omit the need to relate contact frequencies to spatial distances [36–39]. Chrom3D is such
a method that uses the most significant chromatin
contacts from Hi-C experiments and restrains lamina
associated chromatin domains (LADs) to the NE (from
lamina-DamID experiments) [39]. Common to all resampling methods is that the input dataset is applied to
each individual structure, and often the restraint violations due to conflicting data lead to structural variance
in the resampled ensemble.
Conceptually different from these methods are
population-based deconvolution (PD) approaches. These
methods attempt to de-convolve ensemble Hi-C data
into a large population of structures, so that the accumulated chromatin contacts of all structures reproduce
the ensemble Hi-C data rather than attempting to impose the data on each structure [5, 40–42]. PD methods
allow structures to be in different conformational states
that can contain contacts that would otherwise be
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mutually exclusive when imposed on all structures. As a
result, they can reproduce well almost all the chromatin
contacts from Hi-C experiments and avoid unphysical
structures from simultaneous enforcement of conflicting
restraints. These methods generate structures that can
almost entirely satisfy all the contact restraints without
restraint violations. Also, these approaches do not need
to assume any functional relationship between contact
frequencies and spatial distances. We previously introduced one of the first Hi-C-based PD methods for
modeling complete diploid genomes (PGS, populationbased genome modeling [5, 22, 42]) and extended its
applicability to various human and mouse cells [43].
We use an iterative, probabilistic optimization framework to deconvolve the Hi-C data into a population of
individual structures by inferring cooperative chromatin interactions that are likely to co-occur in the same
cells [22, 42]. Our method generates a large number of
genome structures whose chromatin contacts are statistically consistent with those from the Hi-C data. These
structures describe interactions between TADs for the
whole diploid genome. Other PM approaches generate
chromosome structures by sampling from a molecular
dynamics trajectory. For example, a maximum entropy
method was used to reproduce experimental Hi-C
maps of individual chromosomes [40]. In other work,
chromatin was divided into a few functional states and
the only parameters were the chromatin state binding
affinities [44]. In an earlier method a polymer model
combined with Monte Carlo sampling was used to
study chromatin conformations within TADs from ensemble 5C data [41].
So far, most PD models of genome structures have
typically relied on just one data type, such as Hi-C, even
though a single experimental method cannot capture all
aspects of the spatial genome organization. However,
data are available from a wide range of technologies with
complementary strengths and limitations. Integrating all
these different data types would greatly increase the accuracy and coverage of genome structure models. Moreover, such models would offer a way to cross-validate
the consistency of data obtained from complementary
technologies. For example, lamina-DamID experiments
show a chromatin region’s probability to be close to the
lamina at the nuclear envelope, while Hi-C experiments
reveal the probability that two chromatin regions are in
spatial proximity. Large-scale 3D fluorescence in situ
hybridization (FISH) experiments show the distance between loci directly, and can be used to measure the distribution of distances across a population of cells.
It remains a major challenge to develop hybrid
methods that can systematically integrate data from
many different technologies to generate structural maps
of the genome. In this paper, we present a method for

Li et al. Genome Biology (2017) 18:145

integrating contact frequency information from Hi-C
and lamina-DamID experiments to maximize the accuracy
of population-based 3D genome structural models generated by data deconvolution. We apply this approach to
model the diploid genome of Drosophila.
Drosophila melanogaster is a popular model organism
to study the organization and functional relevance of 3D
genome structure, owing to its relatively small genome
and the availability of many genetic tools. A variety of
microscopy-based experiments have already studied the
nuclear organization of D. melanogaster and elucidated
some regulatory mechanisms [45–49]. For example, the
pairing of homologous chromosomes has been observed
in the somatic cells of D. melanogaster and other dipteran insects [50–53]. This kind of pairing can influence
gene expression by forming interactions between regulatory elements on homologous chromosomes, a process
called transvection [48, 54]. Although transvection is
common in Drosophila, not every gene region with
homolog pairing responds to this regulation. Therefore,
questions remain as to whether somatic homolog pairing
has other regulatory roles. In Drosophila, the centromeres tend to cluster and are positioned at the periphery
of the nucleolus during interphase [55]. Centromere
clustering is also observed in many other organisms, including yeast, mouse, and human, and this process is
thought to play an important role in determining the
overall genome architecture [56, 57].
Over the past 10 years, high-throughput genetic and genomic techniques have generated genome-wide maps of histone modifications, transcription factor binding, and
chromatin interactions for D. melanogaster [1, 7, 8, 58, 59].
Pickersgill et al. [1] used lamina-DamID experiments
combined with a microarray technique to detect the binding signals of genome-wide chromatin to the lamina
matrix in Drosophila Kc embryonic cells. Around 500
genes were detected to interact with the lamina. These
genes were transcriptionally silenced and late-replicating.
Pickersgill et al. then used FISH experiments to confirm
that the lamina-targeted loci were more frequently located
at the nuclear envelope than other loci. Recently, genomewide chromatin contacts have also been determined for
16–18-h Drosophila embryos using the Hi-C technique
[8]. The euchromatin genome (excluding pericentromeric
heterochromatin) was divided into 1169 physical domains
based on Hi-C interaction profiles. These physical domains (which would be referred to as TADs in mammalian cells) were assigned to four functional classes based
on their epigenetic signatures: null, active, Polycombgroup (PcG), and HP1/centromere.
Despite all this work, the global 3D nuclear architecture of the D. melanogaster genome is still unknown. Because both Hi-C and lamina-DamID data are available
for Drosophila embryonic cells, we used these data to
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test our integration method. Each diploid genome
structure in our population-based model is defined by
the 3D positions of all 1169 TADs. The structures are
generated by optimizing a likelihood function, so that
the ensemble is statistically consistent with both the experimentally derived contact probabilities between all
chromatin domains from Hi-C data and the probability
that a given chromatin domain is close to the NE from
lamina-DamID data.
We validated our 3D genome models against independent experimental data and known structural features. Our
models confirm the formation of distinct chromosome territories, with relatively low rates of intermingling between
chromosomes [60, 61]. In addition, our models often show
a polarized organization of chromosomes in the nucleus
[45, 62, 63]. Analysis of the model population leads also to
a number of new insights about the nuclear organization of
D. melanogaster and its functional relevance. For instance,
our models reveal the preferred locations of heterochromatin and the nucleolus, which we were able to confirm by
3D FISH and immunofluorescence experiments. The nucleolus serves as an anchor for chromosomes and is surrounded by pericentromeric heterochromatin. The distance
of pericentromeric heterochromatin regions from the periphery varies by chromosome, with chromosome 4 and X
heterochomatin more peripheral relative to pericentromeric
regions of other chromosomes. Interestingly, the frequency
of homologous pairing varies along the chromosomes, with
the lowest frequencies observed in our models for domains
enriched in protein binding sites for Mrg15. These observations support the model that Mrg15 plays a role in the dissociation of homologous chromosome pairs during
interphase, as previously suggested [64]. Finally, the structure population suggests that homologous chromosome
pairing plays a functional role in transcriptional activity and
the DNA replication program.

Results
Population-based genome structure modeling from data
integration

Our goal is to determine a population of 3D genome
structures for D. melanogaster that is consistent with
data from Hi-C and lamina-DamID experiments. Suppose A is a probability matrix derived from Hi-C data,
and E is a probability vector derived from laminaDamID data. The elements of A describe how frequently
a given pair of TADs are in contact with each other in
an ensemble of cells, and E describes how frequently a
given TAD is in contact with the nuclear envelope (NE).
The goal is to generate a population of genome structures X, whose TAD–TAD and TAD–NE contact frequencies are statistically consistent with both A and E.
We formulate the genome structure modeling problem
as a maximization of the likelihood P(A, E|X).
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More specifically, the structure population is defined as
a set of M diploid genome structures X = {X1, X2, …, XM},
where the m-th structure Xm is a set of 3D vectors
representing the center coordinates of 2 N domain spheres


Xm ¼ !
x im : !
x im ∈ℜ 3 ; i ¼ 1; 2…; 2N . N is the number of TADs, but each domain has two homologous copies
with different coordinates. The contact probability matrix
A = (aIJ)N × N for N domains is derived from the Hi-C data,
which do not distinguish between homologous copies
(see “Methods”; Additional file 1: Supplementary methods
A.2). Each element aIJ is the probability that a direct contact between domains I and J exists in a structure of the
population. (Note that the capital letter indices I and J refer
to domains without distinguishing between their homologous copies, while the lowercase indices i, i’ and j, j’ do
distinguish between copies). The contact probability vector
E = {eI|I = 1, 2, …, N} is derived from the lamina-DamID
data and defines the probability for each TAD to be
localized at the NE. With known A and E, we calculate the structure population X such that the likelihood P(A, E|X) is maximized.
The Hi-C and lamina-DamID experiments provide data
that are averaged over a large population of cells, so they
cannot reveal which contacts co-exist in the same 3D
structure. Therefore, both A and E are interpreted as ensemble averages. To represent information derived from
individual cells, we introduce two latent variables, W and
V. The “contact indicator tensor” W = (wijm)2N × 2N × M is a
binary, third-order tensor. It contains the information
missing from the Hi-C data A, namely which domain contacts belong to each of the M structures in the model
population and also which homologous chromosome
copies are involved (wijm = 1 indicates a contact between
domain spheres i and j in structure m; wijm = 0 otherwise).
W is a detailed expansion of A into a diploid, singlestructure representation of the data. The structure
population X is consistent with W. Therefore, the dependence relationship between these three variables is given as
X → W → A. Another latent variable, V = (vim)2N × M,
specifies which domain is located near the NE in each
structure of the population and also distinguishes between
the two homologous TAD copies (vim = 1 indicates that
TAD i is located near the NE in structure m; vim = 0
otherwise). The dependence relationship between X, V,
and E is given as X → V → E, because X is the structure
population consistent with V and V is a detailed expansion
of E at a diploid and single-structure representation
of the data.
In addition to the Hi-C and lamina-DamID data, we
also consider additional information specific for
Drosophila genome organization, e.g., the nuclear
volume, an upper bound for homolog chromosome
pairing, constraints connecting consecutive domains

Page 4 of 22

(including heterochromatin domains), as well as constraints for anchoring centromeres to the nucleolus (see
the detailed description in the “Methods” section).
Thus, the optimization problem is expressed as:
^ ¼ arg max log P ðA; E; W; VjXÞ
X
X;W;V
8
spatial constraint I : nuclear volume constraints
>
>
>
<
spatial constraint II : excluded volume constraints
subject to
> spatial constraint III : chromosome pairing upper bound
>
>
:
spatial constraint IV : consecutive domain constraint

ð1Þ
The log likelihood can be expanded as
logP ðA; E; W; VjXÞ ¼ logPðA; EjW; VÞPðW; VjXÞ
¼ logPðAjWÞPðEjVÞP ðW; VjXÞ
ð2Þ
We have developed a variant of the EM method to iteratively optimize the log likelihood [42]. Each iteration
consists of two steps (Fig. 1a):
 Assignment step (A-step): Given the current model

X(i), estimate the latent variables W(i + 1) and V(i + 1)
by maximizing the log-likelihood over all possible
values of W and V:



Wðiþ1Þ ; Vðiþ1Þ ¼ arg max log P ðAjWÞP ðE jVÞP W; VXðiÞ
W;V

ð3Þ
 Modeling step (M-step): Given the current estimated

latent variables W(i + 1) and V(i + 1), find the model
X(i + 1) that maximizes the log-likelihood function:

 

Xðiþ1Þ ¼ arg max log P AjWðiþ1Þ P E jVðiþ1Þ
X


ðiþ1Þ
; Vðiþ1Þ jX
P W

ð4Þ

The detailed implementation of the A-step and M-step
is described in “Methods”. We follow the step-wise
optimization strategy described previously [42] and gradually increase the optimization hardness by adding contact
constraints at a decreasing contact probability threshold.
A population of Drosophila genome structures at the
TAD level

The euchromatin regions of D. melanogaster chromosomes 2, 3, 4, and X are partitioned into 1169 TADs, as
previously described [8]. The region of pericentromeric
heterochromatin of each chromosome arm is spatially
clustered and represented by a single domain (Fig. 1b;
“Methods”) [65–67]. The nuclear diameter is set to 4
microns. The model also contains a nucleolus, represented by a sphere with a radius one-sixth of the nuclear
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Fig. 1 Overview of the population-based genome structure modeling approach and its application to the Drosophila genome. a The initial structures
are random configurations. Maximum likelihood optimization is achieved through an iterative process with two steps, assignment (A) and modeling
(M). We increase the optimization hardness over several stages by including contacts from the Hi-C matrix A with lower probability thresholds
(θ). After the population reproduces the complete Hi-C data, we include the vector E (lamina-DamID), again in stages with decreasing contact
probability thresholds (λ). b Schematic of the Drosophila genome. The autosome arms are designated 2L, 2R, 3L, 3R, 4, and X. The arms of chr2
and chr3 are connected by centromeres labeled “C”. Euchromatic regions are labeled as the arm. The numbers along the top of a genome indicate the
length of the section in megabases (Mb), and for euchromatin the number of spheres (TADs) in the structure model is also given. The heterochromatic
region of each chromosome arm is labeled “H”. The white gene is located ~19 M away from the heterochromatin of chrX. Also indicated are the
Hox genes: five genes of the Antennapedia complex (ANT-C) are located at ~2.3–2.8 Mb from the heterochromatin of chr3R, and three genes of
the Bithorax complex (BX-C) are located at ~12.4–12.7 Mb from the heterochromatin of chr3R. c Snapshot of a single structure randomly picked
from the final population. Left panel: The full diploid chromosomes are shown in colors: blue, chr2; green, chr3; magenta, chr4; orange, chrX. The
two homologs of the same chromosome are distinguished by the color tone, with one homolog copy with lighter and one with darker color.
The heterochromatin spheres are larger than the euchromatin domains. The nucleolus is colored in silver. Right panel: The euchromatin domains
are colored to reflect their epigenetic class: red, active; blue, PcG; green, HP1; dark purple, null. Heterochromatin spheres are shown in grey and the
nucleolus in pink

radius. We estimated the nucleolus volume from our
immunofluorescence analysis of Drosophila Kc cells
(Additional file 1: Figure S7a).
By optimizing the likelihood function (Eq. 1) we generated a population of 10,000 genome structures that accurately reproduce the domain contact probabilities
from Hi-C experiments and the probabilities for domains to reside at the NE from lamina-DamID experiments (“Methods”). Our approach produces structures
that almost entirely satisfy all the imposed contact
restraints without restraint violations: 99.999% of all
imposed contact restraints are satisfied (at a tolerance of
0.05; Additional file 1: Figure S13), showcasing the
excellent agreement of all the contacts derived from the
Hi-C map and the structure population. For comparison,
we also generated a population of structures using only
Hi-C data, referred to hereafter as a control model. To
test the reproducibility of our method, we also generated

a replicated, independently calculated structure population by rerunning our modeling pipeline with the same
parameters but different random staring configurations
of all domains. The replicated structure population confirms our conclusions (Additional file 1: Figure S10).
Validation of the structure population
Reproducing the Hi-C contact probabilities

We first assessed the consistency between the chromatin
contact probabilities in our structure population and
those observed experimentally. The contact probability
of any two domains is defined as the fraction of model
genome structures for which the two domains are in
physical contact with each other, measured over the entire population (a domain–domain contact is defined by
an overlap between the domains’ soft sphere contact
radii). The domain contact probability matrix in our
model shows excellent agreement (high correlation) with
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the Hi-C data, and also closely reproduces the interaction patterns visible in the matrix. The average
column-based Pearson’s correlation coefficient (PCC) is
0.984, and the element-wise PCC is 0.984 (Additional file 2:
Table S1). The correlation coefficients of the intrachromosome arm contact probabilities range between
0.980 and 0.998 over all arms, confirming the excellent
visual comparison shown in Fig. 2a. The correlation coefficients for inter-arm and inter-chromosome contact probabilities are lower, ranging between 0.148 and 0.382
(Additional file 2: Table S1). This relatively weak agreement between the model and the experimental data for
inter-arm and inter-chromosome interactions can be explained by the following argument. In the Hi-C data,
inter-arm and inter-chromosome interactions are relatively infrequent and unstructured, indicating that contacts between chromosomes are predominantly random.
Due to their low occurrence, these interactions are also
less reproducible than intra-arm interactions, especially at
low sequencing depth. This reasoning is confirmed by
comparing two Hi-C experiments performed with two different restriction enzymes [5, 68]. The differences in contact frequencies between the two experiments are
generally much larger for inter-chromosome arm interactions than for intra-chromosome arm interactions. We do
not use Euclidian distance to measure the similarity
between the domain contact probability from the model
and Hi-C experiment for two reasons: first, the intrachromosome arm contacts are much higher than interchromosome/inter-arm contacts, which make the values
not comparable between the groups; and second, there is
no standard value to determine how small the distance is
to indicate a good agreement.
Another quality measure for our models is how well
we can predict the frequencies of chromatin interactions that were not included as constraints in the
optimization. In our models, we did not impose constraints for any pair of TADs whose contact probability
was lower than aij = 0.06. Very low contact probabilities
are expected to contain a higher fraction of experimental noise. Such pairs include ~99.99% of all interchromosome and inter-chromosome arm interactions.
However, our structure population is capable of predicting the missing data (Fig. 2b, right panel). Many of
the low-frequency contacts are formed as a consequence of imposing more significant interactions (with
contact probabilities aij ≥ 0.06), and their correct prediction is a good indicator of the model quality.
Reproducing the lamina-DamID binding frequency

Lamina-DamID experiments identify the probability
that a locus is associated with the NE (more precisely,
with the lamina protein located at the NE). We first assess the consistency between our structure population
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and the lamina-DamID experiment (a TAD–NE contact
is defined when the domain surface is less than 50 nm
from the NE). The association probabilities are in excellent agreement, with a Pearson’s correlation of 0.95
(Fig. 2c, d; Additional file 1: Figure S1a). Recalling that
the TADs of Drosophila are divided into four functional
classes, we find that TADs in the active class are less
frequently in contact with the NE than those from the
other three classes (HP1, PcG, and null; Additional
file 1: Figure S1a). This result agrees with prior observations in the literature that the genes interacting with lamina are usually transcriptionally silent and lack active
histone marks [1]. The control population generated using
only Hi-C data also shows good (albeit substantially lower)
correlations between its NE association probabilities and
the lamina-DamID experiments (Pearson’s correlation is
0.64, with p value <2.2e − 16) (Fig. 2d; Additional file 1:
Figure S1b). This relatively high correlation value in the
control population shows a strong consistency between
the Hi-C-based models and the independent laminaDamID data and confirms the generally good quality of
our Hi-C-based structure modeling.
Agreement with FISH experiments

Our genome structures also predict well the NE
association frequencies observed by independent FISH
mapping of 11 different genomic loci [1]. The
Spearman’s rank correlation coefficient between experiment and model is 0.642 for these loci, with a significant p value = 3.31e − 2 (Additional file 1: Figure S2a).
Notably, the corresponding correlation with the control
structure population (only using Hi-C data) is substantially lower (Spearman’s rank correlation coefficient = 0.38
with p value = 0.25) (Additional file 1: Figure S2b), demonstrating the benefit of data integration to generate more
accurate genome structures.
Presence of chromosome arm territories

Chromosome territories have been observed directly in
higher eukaryotes, including mammalian cells [69, 70].
In Drosophila, chromosome territories can be inferred
from the fact that Hi-C contact frequencies between
chromatin regions in the same chromosome arms are
substantially higher than those between chromosome
arms [7, 8]. Previous 4C experiments on larval brain tissue confirm the limited nature of interactions between
genes on different chromosome arms [61]. FISH experiments have also suggested chromosome territories in
Drosophila [60]. In our models, we analyze the formation of chromosome territories by calculating a territory
index (TI), which measures the extent of chromosome
mixing [71]. To calculate TI in each structure, first we define the spanning volume of each chromosome, which is
the surface convex hull of all its domain positions [71]. TI
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Fig. 2 Reproduction of Hi-C and lamina-DamID data. a Heat maps of intra-arm contact probabilities from Hi-C experiments (left) and intra-arm
contact frequencies from the structure population (right). Their similarity is quantified by element-wise Pearson’s correlations, which are 0.984,
0.985, 0.984, 0.986, and 0.980 for chr2L, chr2R, chr3L, chr3R, and chrX, respectively. The maps only show interactions with probabilities no less than
6%, which are used as constraints in our modeling procedure. We set the darkest color for probability = 0.2 and above to avoid making regions
away from the diagonal (long range interactions) too weak and blank for comparison. b Agreement between the experimental data and model
contact probabilities. Left panel: The input Hi-C contact probabilities are divided into 100 bins, the corresponding model contact probabilities in
one bin are summarized by mean and variance, and then the error bar plot is shown. The blue dashed line is the linear regression line between
the average model contact probabilities of each bin and the mid-point Hi-C contact probabilities of the bins. Their Pearson’s correlation is 0.998
with p value <2.2e − 16. Right panel: Close-up of the agreement between experiment and model for contacts with probabilities less than 6%,
which are not used as constraints in our modeling procedure. In this range, the Pearson’s correlation is 0.907 with p value = 4.87e − 3. c The
agreement between NE association frequencies from lamina-DamID experiments and the model population. This figure is plotted in the same
way as b. The structure population well reproduces the input frequencies derived from lamina-DamID data, with a Pearson’s correlation of 0.95
and p value <2.2e − 16. d Comparison of experimental and model lamina-DamID frequencies on chrX. The top panel shows the input frequencies
derived from the lamina-DamID signal, the middle panel shows the fraction of domains located at the NE in the structure population obtained by
Hi-C and lamina-DamID data integration, and the bottom panel shows the fractions obtained in our control structure population generated using
only Hi-C data

is then defined as the percentage of all domains
occupying the chromosome spanning volume of the
target chromosome (Additional file 1: Supplementary
methods C.2). By definition, the maximum TI value of 1
indicates that the chromosome’s spanning volume is
exclusively occupied by its own domains, and therefore
experiences limited chromosome mixing. When considering domains from homolog chromosome copies, the

territorial index ranges between 0.96 and 1.0 for all
the chromosome arms (Additional file 1: Figure S3a;
Additional file 2: Table S2). When separating the
homolog chromosomes, however, the TI values range
between 0.62 and 1.0 for the larger chromosome arms
(Additional file 1: Figure S3b), suggesting that homolog chromosome pairs share almost the same territory
due to strong homolog pairing.
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Residual polarized organization

In a polarized genome organization, each chromosome
occupies an elongated territory with the centromere at
one nuclear pole and telomeres on the opposite side of
the nucleus. Such an organization, called Rabl, typically
occurs after mitosis and has been observed in a variety
of plants [72], yeast, and both polytene and nonpolytene Drosophila nuclei; it is also common in
Drosophila embryos [45, 62, 63]. In the majority of our
genome structures (67.4%; Additional file 1: Supplementary methods C.3), more than half of the chromosomes
arms (chr2L, chr2R, chr3L, chr3R, and chrX) are
organized with their centromeres and telomeres located
in opposite nuclear hemispheres (Additional file 1:
Figure S4b–d). This organization is also apparent when
calculating the localization probabilities of chromosomes,
which are highest for the telomeres in a region near the
NE opposite to their respective centromeres (Fig. 3a, b).
Taken together, these results suggest that interphase chromosomes retain some features of Rabl organization.
Nuclear colocalization of Hox gene clusters

In Drosophila, the two PcG-regulated Hox gene clusters
(Antennapedia complex and Bithorax complex) tend to
co-localize in the head of 10–11-stage embryos [73],
despite being separated by 10 Mb in sequence on
chromosome 3 (Fig. 1b). To test their spatial colocalization in our models, we calculate the pairwise spatial distances between the two gene clusters in every structure

Page 8 of 22

of the population (Additional file 1: Supplementary
methods C.4). As a random control, we also calculate
the pairwise distances between 30 pairs of gene clusters
that only contain repressive TADs and share similar
chromatin features in order to mimic the PcG-regulated
Hox genes. In this control group each pair of gene clusters contains the same number of repressive domains,
and are separated by the same sequence distance, as the
pair of Hox gene clusters (Additional file 1: Supplementary
methods C.4). We define a colocalization if the closest
surface-to-surface distance among the domain pairs
between two clusters is less than 200 nm (Additional
file 1: Figure S5a also shows results when varying this
cutoff ). In good agreement with the experiment, the
Hox gene clusters are colocated in about 17.2% of our
structure population, a substantially higher rate than
that observed in the control groups (median value
7.2%). Only one pair of clusters among the 30 control
groups is more frequently colocated than the Hox gene
clusters (Additional file 1: Figure S5b). This gene cluster is brought together by nearby active domains, which
form frequent interactions.
White gene localizing near pericentromatic heterochromatin

Position-effect variegation (PEV) is a process whereby a
euchromatic gene is transcriptionally silenced through
an abnormal juxtaposition with heterochromatin, due to
chromosome rearrangements or transpositions. PEV has
been intensively studied for the Drosophila white gene

Fig. 3 Residual polarized organization. a Projected localization probability densities (LPDs) of centromeres and peri-telomeric sequences for all
chromosome arms calculated from the structure population. Probability densities are determined with respect to two principle axes of the nuclear
architecture. The z-axis connects the center of the nucleolus with the origin at the nuclear center. The radial axis defines the distance of a point
from the central z-axis (shown in the left panel in b). The left half of the projected localization density plot mirrors the right half for visual convenience.
b The genome organization for different chromosome arms in one genome structure
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[74, 75], which is on the distal end of chromosome X
and separated by more than 19 Mb from pericentromeric heterochromatin (Fig. 1b). A chromosome inversion can insert the white gene in sequence next to
pericentromeric heterochromatin, which leads to its repression. Hence, such chromosomal rearrangement
may be favored if the white gene has an increased
chance of being in spatial proximity to the heterochromatin. However, technical limitations prevent us from
directly measuring contacts between the white gene
and heterochromatin with Hi-C experiments. Using our
structure population, we can measure how often the
white gene is located close to pericentromeric heterochromatin of chromosome X. As a control set, we took
the four domains that are located at equivalent sequence distances to the pericentromeric heterochromatin on chromosomes 2 and 3.
Interestingly, the spatial distance between the white
gene and the X chromosome heterochromatin is
significantly smaller than the corresponding distances of
the control groups (one-tailed Welch’s two sample t-test,
p value <2.2e − 16) (Additional file 1: Figure S6a).
Although it is unlikely for distal loci to come together in
three dimensions, we found that in ~1.3% of structures
the white gene and pericentromeric heterochromatin of
chromosome X were justaposed (positioned within a distance of 200 nm; Additional file 1: Figure S6b). This frequency is nine times larger than the colocalization
frequency in the control sets (0.14% of structures).
Therefore, our models suggest that the white gene is
more frequently located near pericentromeric heterochromatin compared to equivalent sites on other chromosomes. This result suggests that spatial proximity
facilitates the occurrence of the white gene translocation
next to pericentromeric heterochromatin in living cells.
Different chromosome domains have distinct preferred
locations in the nucleus

The evidence listed above demonstrates the consistency
of our models with experimental data and known properties of the Drosophila genome organization. Next, we
describe emerging properties of the nuclear architecture
and its functional significance based on our analysis of
the model structure population.
Nucleolus and heterochromatin positioning

The nucleolus is a subnuclear structure linked to the assembly of ribosomal subunits. It is formed by nucleolar
organizer chromatin regions (NOR), which contain the
ribosomal DNA (rDNA) and are located close to the
pericentromeric heterochromatin of chromosome X
[65]. Our analysis allows the nucleolus to freely explore
the nuclear space. However, the model predicts that the
most likely radial position (on average) is in between the
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center and periphery of the nucleus (Fig. 4a, left panel;
Additional file 1: Figure S4a), and that the large bodies
of heterochromatin of each chromosome often enclose
the nucleolus (Fig. 4a).
Importantly, we validated this model prediction in vivo
using Drosophila Kc cells (Additional file 1: Figure S7).
Immunofluorescence analysis of nucleoli and pericentromeric heterochromatin confirms that the average distance between the center of the nucleolus and the
nuclear periphery is less than half of the nuclear radius
(Additional file 1: Figure S7b). Interestingly, the
nucleolus is positioned close to the nuclear periphery in
68% of cells, and close to the center of the nucleus in
the remaining cells, revealing a bimodal distribution
(Additional file 1: Figure S7a, c). In most cells, pericentromeric heterochromatin partially encloses the nucleolus (Additional file 1: Figure S7a).
Interestingly, our model predicts certain location
preferences for pericentromeric heterochromatin of individual chromosomes. The heterochromatin regions of
chromosomes 4 and X are more often close to each other
(Fig. 4b; Additional file 1: Supplementary methods C.5),
and both are more peripheral in the nucleus, than heterochromatin regions of chromosomes 2 and 3 (Fig. 4a, right
panel). The model also predicts that chromosome 4 heterochromatin often tends to be positioned between the
nucleolus and the NE (Fig. 4a, right panel; Additional
file 1: Figure S4a). We reason that the metacentric
chromosomes 2 and 3 are roughly double the size of
the acrocentric chromosome X, and therefore they
spread out more towards the interior of the nucleus.
Notably, we confirmed these predictions using FISH staining of heterochromatic repeated sequences (satellites) in
Drosophila cells of larval brains. As shown in Fig. 4c, the
satellite repeats of chromosomes X and 4 are more often
closer to each other than those of chromosomes X and 2,
or 2 and 4 (Fig. 4d, top panel), in agreement with our
models (Fig. 4d, bottom panel). Moreover, the satellite repeats of chromosomes X and 4 are more often closer to
the nuclear periphery than those of chromosome 2
(Fig. 4e, left panel), which is confirmed by our findings
in the model population (Fig. 4e, right panel). For
example, the distribution for heterochromatin-NE distances of chromosome 2 is more widespread, containing a larger fraction of cells in which heterochromatin
locations are further away from the NE in comparison
to chromosomes X and 4 (i.e., the histogram in Fig. 4e
of chromosome 2 is more widespread with a smaller
maximum peak shifted towards larger distances in
comparison to histograms of chromosomes 4 and X).
All these features are well reproduced in our models.
Together, these in vivo data support our model and
suggest that the predicted chromosome organization is
not limited to embryonic cells.
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(See figure on previous page.)
Fig. 4 Heterochromatin and nucleolus positions. a Left panel: Localization probability density (LPD) plots of the nucleolus and all pericentromeric
heterochromatin regions in the model. On average, the nucleolus occupies an intermediate position between the center and the periphery and
is surrounded by pericentromeric heterochromatin. Right panel: LPD plots for pericentromeric heterochromatin of different chromosome arms.
They all exhibit different preferred locations. Those of chr4 and chrX are significantly more peripheral than those of the other chromosomes.
b Clustering of pericentromeric heterochromatin regions based on their averaged surface-to-surface distances. Heterochromatin domains of arms
from the same chromosome naturally show preferred clustering. Heterochromatin domains from chr4 and chrX are usually closer to each other
than to those from other chromosomes. c Left panel: FISH signals in larval brain cells. The image shows the middle Z-stack of a representative
nucleus. Scale bar = 1 μm. Right panel: The position of FISH probes used for this study, relative to the pericentromeric regions of each chromosome
(chrX, chr2, chr4). Note that the 359bp probe signal (orange in the scheme) is rendered in white in the FISH image. d Top panel: The positions
(center-to-center distance normalized by the diameter of the nucleus) of heterochromatic satellites from different chromosomes relative to each
other, measured in FISH experiments on larval brains; ****p value <0.0001 by paired t-test, N = 55 cells. Bottom panel: Pairwise distances
(surface-to-surface distance normalized by the diameter of the nucleus) between the heterochromatin domains as measured in the model.
Similar to the data in vivo, the distance between the heterochromatin domains of chrX and chr4 is significantly smaller than the distance
between the other two pairs according to paired t-tests (p value <2.2e − 16). e Left panel: Positions of heterochromatic satellites from different
chromosomes relative to the nuclear periphery, obtained from FISH experiments on larval brain cells. The heterochromatic satellites on chrX
and chr4 are closer to the NE than those of chr2. Right panel: The distance from the center of heterochromatin to the NE normalized by the
nuclear diameter as measured in the model. The models show a very good agreement with the experiment when considering the main trends,
mainly: chrX and chr4 have higher histogram peaks located closer to the NE in comparison to chr2, and show a more focused localization probability
towards the nuclear envelope. Note that the physical volume of the satellite repeats (imaged by FISH) is much smaller than the physical volume of the
entire heterochromatin domain represented by a relatively large sphere in the model. This difference explains the offset observed at small distance
values (i.e., starting at larger values) for the histograms, which corresponds to the radii of the corresponding spheres (i.e., 0.09, 0.05, and 0.08 normalized
by nuclear diameter for chrX, chr4, and chr2R, respectively). For example, if a heterochromatin sphere is touching the NE, by definition the center
distance to the NE is its radius. However, the satellite repeats that would be located inside the sphere could still be close to the NE

Localization of all euchromatin domains

When plotting the average radial position for every euchromatic TAD (Fig. 5a) we observe that the sequences
near the pericentromeric heterochromatin are preferentially positioned in the nuclear interior, while euchromatic regions at the telomeric ends are more frequently
proximal to the nuclear periphery. This preference is
also seen for chromosome 4, despite its small size.
Euchromatic regions (excluding pericentromeric heterochromatin) are either active or repressed, and can be
divided into four classes based on their epigenetic profiles: null, active, Polycomb-group (PcG), and HP1 [8]
(Additional file 2: Table S3). The TADs of the null,
active, and PcG classes have similar average radial positions (Fig. 5b). The average radial positions of the HP1
TADs have larger variance. The pericentromeric HP1
TADs (excluding all TADs on chr4) are found near the
nuclear interior substantially more often than nonpericentromeric HP1 TADs.
Based on our model structures, we can create
localization probability density plots (LPDs) for the
euchromatic regions of different chromosomes (Fig. 5c).
The chromosome with the most distinct location preference is number 4, whose euchromatic regions reside very
close to the NE. In contrast, a large part of chromosome
3 L is located on the side of the NE opposite to chromosome 4 along the central axis, coinciding with the line
drawn between the centers of the nucleus and nucleolus
(vertical dashed line in Fig. 5c). Chromosome 2, on the
other hand, prefers to avoid the central axis. The right and
left arms have similar location preferences. The location
distributions of chromosomes 2 and 3 are qualitatively

similar, but chromosome 3 euchromatin is more likely to
be found close to the central axis. Chromosome X
euchromatin resides fairly close to the nucleolus, around
the midpoint of the central axis, and is considerably less
dispersed than the arms of chromosomes 2 and 3.
Analysis of homologous pairing
Distances between homologous pairs vary along the
chromosome

The genome of D. melanogaster is characterized by somatic homologous chromosome pairing in interphase nuclei
[50, 52, 53, 64]. Moreover, the paired chromosomes touch
only at a few specific interstitial sites [50]. In our structures, we define a domain as being paired if the surfaceto-surface distance between the two homologs is less than
200 nm (Fig. 6a). Interestingly, the pairing frequencies of
homologous domains show distinct and reproducible variation along the chromosomes (Fig. 6b, left panel), with the
active class showing the lowest homologous pairing frequency for each chromosome (Fig. 6b, right panel). During the optimization, all pairs of homolog TAD copies are
subject to a generic upper bound constraint, which limits
their maximum separation to four times the TAD
diameter. Even though this constraint is the same for all
domains, in the optimized structures certain pairs of
homolog TADs consistently have small average separations while others consistently have separations close to
the upper bound. Hence, this distance variation is TADspecific and highly reproducible in independently calculated structure populations (Fig. 6c). This effect is an
indirect consequence of the genome-wide Hi-C and
lamina-DamID constraints imposed on the structures.
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Fig. 5 Localization of euchromatin domains in the structure population. a The average radial position for each euchromatin domain, plotted by
position along its chromosome. The 0 location along the x-axis (vertical dashed line) of chr2 represents the euchromatin region closest to the
centromere, with 2L domains on the left and 2R domains on the right. Chr3 domains are plotted with the same coordinate system as chr2. The
domains of chr4 are plotted from left to right, while the domains of chrX are plotted from right to left; this convention follows the schematics in
Fig. 1. Centromeric regions and pericentromeric heterochromatin regions are not shown in this figure. The domains near pericentromeric regions
are closer to the nuclear center on average, while the domains near telomeric ends are preferentially close to the nuclear periphery. b The
average radial positions of each domain, grouped by epigenetic class. c Localization probability density (LPD) plots of all euchromatin domains
from each chromosome arm in nuclear space. d LPD plot of all euchromatin domains

The consistency of this pairing behavior raises the
question of why certain regions attain higher levels of
pairing. One clue is that we find a small but significant
correlation between pairing frequency and the location
of the TAD in the nucleus. Pearson’s correlation between
the frequency of pairing and the frequency of being in
proximity to the NE is 0.34 (p value <2.2e − 16; a TAD–NE
contact is defined when its domain surface is less than
50 nm from the NE). We hypothesize that genomic regions
that are often positioned near the NE may be more restricted in their movements, which may facilitate homolog
pairing. We also investigated whether the local crowdedness around the domains could influence the spatial distances between homologs. We found that in most of the

structures the local crowdedness is not different between
paired domains and unpaired domains (Additional file 1:
Supplementary methods C.6), suggesting that crowdedness
does not affect pairing.
Mrg15 is enriched in active domains and depleted in
repressive domains

Several proteins have been reported to affect somatic
homolog pairing in Drosophila [52, 53, 64]. Among them
is Mrg15, which binds to chromatin and recruits the
CAP-H2 protein to mediate homolog unpairing [64].
Interestingly, we find an anticorrelation between Mrg15
binding enrichment and the frequency of homologous
pairing in a domain, even though this information is not
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Fig. 6 Analysis of homologous pairing. a Schematic view of surface-to-surface distances between homologous domains. Different domains exhibit
different degrees of homolog pairing. b Left panel: Pairing frequency for each euchromatin domain, plotted by chromosome. We define a domain
as being paired in a structure if the surface-to-surface distance between the two homologs is less than 200 nm. The x-axes are the same as the
plots in Fig. 5a. The domains are colored by their epigenetic classes: green, HP1; blue, PcG; black, null; red, active. Right panel: Density plots of the
domain pairing frequencies, grouped by epigenetic class. The active class has the smallest mean homologous pairing frequency for each chromosome.
c Reproducibility of the average homolog distances between two independently generated structure populations. The Pearson’s correlation between
them is 0.998, with p value <2.2e − 16. d The correlation between the pairing frequencies of homologous domains and their Mrg15 enrichment is
negative. The Mrg15 scores range from 0.8 to 3.0 and are divided into 21 equal bins. The corresponding pairing frequencies from our models in a
given Mrg15 bin are summarized as a mean and variance, and the latter is displayed as an error bar. The blue dashed line is the linear regression
between the average pairing frequency in each bin and the midpoint Mrg15 enrichment value of the bin. The Pearson’s correlation between them
is −0.81, with p value = 7.59-e − 06. e Left panel: Pairing frequencies of homologous domains grouped by epigenetic class. Right panel: Enrichments of
Mrg15 binding grouped by epigenetic class. Active domains are generally more enriched with Mrg15, and have lower pairing frequencies, than the
other three repressive classes

imposed as an input constraint in our models (Fig. 6d).
The higher the Mrg15 enrichment in a domain, the
lower the fraction of paired homologs in the structure
population (Fig. 6d). Pearson’s correlation coefficient
between the binned Mrg15 binding signal and the
averaged frequency of homologous pairing for each bin
is −0.81, with p value = 7.59e − 06 (Fig. 6d). In the
control model (using only Hi-C data), the Pearson’s
correlation coefficient between Mrg15 enrichments and
pairing is −0.70 with p value = 4.46e − 4. We also
divided the domains into three subsets based on their

Mrg15 enrichment scores. The average pairing frequency
of domains more enriched with Mrg15 is significantly less
than that of domains with lower Mrg15 scores (one-tailed
Mann–Whitney U test, p value <2.2e − 16; Additional
file 1: Figure S8a).
Among the four TAD classes, active domains are generally more enriched with Mrg15-binding sites (Fig. 6e,
right panel). Appropriately, we observe that transcriptionally active domains have a lower pairing frequency
than the three repressive classes (Fig. 6e, left panel). The
most intuitive explanation is that a loose pairing makes
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an active domain more accessible to regulatory factors.
PcG domains, which are enriched with Polycomb group
proteins, show higher levels of homologous pairing in
our models than the active domains (one-tailed Welch’s
two sample t-test, p value = 2.09e − 9). Therefore, our
structure population supports the notion that PcG
domains form tight pairs to enhance gene silencing
(reviewed in [48]).
While active domains generally have low frequencies
of homologous pairing, our models also have some clear
and reproducible counterexamples of active domains
with extremely high frequencies of homologous pairing
(the specific TADs with this behavior are reproducible in
independently generated structure populations; Fig. 6c).
Therefore, we divided the active domains into two
subclasses, labeled “active-tight” and “active-loose”.
Interestingly, domains in the active-loose subclass have
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significantly higher Mrg15 enrichment than domains in
the active-tight subclass (one-tailed Mann–Whitney U
test, p value = 3.44e − 2; Additional file 1: Figure S8b). It
is interesting that our model further supports a role for
Mrg15 in disrupting homolog pairing, even though the
structures were generated without any locus-specific
constraint on the separation of homologous domains.
Importantly, the anticorrelation between homolog
pairing frequency and Mrg15 binding enrichment further increases when lamina-DamID data are integrated
in the model, which indicates that data integration helps
generate more accurate genome structures.
Active-tight domains show higher transcriptional efficiency

Interestingly, we found significant functional differences
between active-loose and active-tight domain subclasses.
Active-tight domains contain more genes (Fig. 7a).

Fig. 7 Transcriptional efficiency and DNA replication timing for genes in two subclasses of the active domains. a Domains in the “active-loose”
subclass have lower frequencies of homolog pairing than those in the “active-tight” subclass (Additional file 1: Supplementary methods C.6). The
active-tight subclass includes 71 domains and the active-loose subclass includes 423 domains. All the statistical tests were performed using
one-tailed Mann–Whitney U test. Left panel: Domains in the active-tight subclass contain significantly more genes than domains in the active-loose
subclass. Right panel: Genes in both subclasses have similar average expression values. b TBP (TATA binding protein), RNA polymerase II binding signal,
and H3K4me2 signals are more enriched in domains of the active-loose subclass. c Formaldehyde-assisted isolation of regulatory elements (FAIRE)
signal is significantly stronger in domains of the active-loose subclass. d Origin recognition complex (ORC) is significantly more enriched in domains of
the active-loose subclass
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Surprisingly, the active-tight subclass shows significantly
lower binding levels of the TATA-binding protein (TBP)
and RNA polymerase II, as well as lower H3K4me2
signals (one-tailed Mann–Whitney U test, p values
1.17e − 04, 2.95e − 03, and 5.19e − 04, respectively)
(Fig. 7b). However, the gene expression levels in the two
subclasses are comparable, despite the significantly
smaller amount of bound RNA polymerase II transcription machinery in the active-tight subclass. This observation suggests that homolog pairing of active alleles
might improve transcription efficiency even at lower
concentration of transcription factors.
Active-tight domains tend to be later-replicating in
comparison to active-loose domains

FAIRE (formaldehyde-assisted isolation of regulatory elements) is a biochemical method to identify nucleosomedepleted regions in the genome. It has been shown that
these DNA sequences overlap with active regulatory
sites and DNaseI hypersensitive sites [76]. Active-loose
domains are significantly enriched with the FAIRE signal
compared to domains in the active-tight subclass
(Fig. 7c). This indicates that chromatin in the activeloose domains is more depleted of nucleosomes, and
hence these domains contain a higher density of
regulatory chromatin complexes. In Drosophila, the
organization of nucleosomes plays an important role
also in determining origin recognition complex (ORC)
binding sites [77]. The difference in FAIRE enrichment
led us to investigate DNA replication timing during
interphase for the different classes. The active domains
are generally more enriched with ORC than the other
three types of domains, with significant p values
(one-tailed Mann–Whitney U test, p values 3.26e − 15,
1.72e − 3, and 1.84e − 2 for null, HP1, and PcG, respectively), indicating that DNA replication is often initiated in the chromatin of the active class (Additional file 1:
Figure S9b). In agreement, the active domains are
generally more enriched with early origins of replication
(defined in [77]) compared to null domains and PcG
domains (one-tailed Mann–Whitney U test, p values
3.25e − 12 and 4.38e − 14, respectively), while overall HP1
domains (categorized as being part of the euchromatin
areas) are more enriched in early origins (one-tailed
Mann–Whitney U test, p value = 2.88e − 3) (Additional
file 1: Figure S9c). This observation agrees with the strong
positive correlation between early DNA replication and
transcriptional activity reported for the Drosophila and
human genomes [78, 79]. Strikingly, we discovered that
both ORC-binding regions and early origins of replication
are significantly more frequent in active-loose domains
than in active-tight domains (one-tailed Mann–Whitney
U test, p values 1.54e − 4 and 2.92e − 3, respectively;
Fig. 7d; Additional file 1: Figure S9b, c), supporting the
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model that chromatin in the active-tight subclass replicates significantly later than chromatin in the active-loose
subclass. Compared to other domain classes, active-tight
domains show no significant difference in replication
timing to null domains (p value = 0.13), but are replicated
earlier than PcG domains (p value = 2.23e − 4) and
replicated later than HP1 domains (p value = 1.78e − 4)
(Additional file 1: Figure S9c).

Discussion
It has become increasingly clear that a chromosome’s
folding pattern and nuclear location have far-reaching
impacts on the regulation of gene expression and other
genome functions. Therefore, a thorough understanding
of a genome’s function entails detailed knowledge about
its spatial organization. A wide range of complementary
technologies exist to provide such information. For
instance, genome-wide ligation assays provide critical
information about chromatin–chromatin interactions,
lamina-DamID experiments reveal the propensity of a
given locus to be located close to the NE, and 3D imaging technologies can reveal the spatial locations of
individual loci in single cells. However, many computational models of genome structures rely on a single data
type, such as Hi-C, which limits their accuracy. Integrating complementary data types increases the accuracy
and coverage of genome structure models, and also provides a way to cross-validate the consistency of data obtained from complementary technologies. Thus, a major
and vital challenge of computational biology is to develop hybrid methods that can systematically integrate
data obtained from different technologies to generate
structural maps of the nucleome (e.g., as this study integrates Hi-C and lamina-DamID data).
In this paper, we present a computational platform
that can systematically integrate experimental data obtained from different technologies to map the 3D structures of entire genomes. Our probabilistic approach
explicitly models the variability of genome structures between cells by simultaneously deconvolving data from
Hi-C and lamina-DamID experiments into a model
population of distinct diploid 3D genome structures.
Our models therefore incorporate the stochastic nature
of chromosome conformations, and allow a detailed analysis of alternative chromatin structure states.
Our method can be applied to genomes of any organism, including mammalian genomes. As a proof of
principle, we mapped the structure of the D. melanogaster
genome in interphase nuclei. We demonstrated that our
method produces an ensemble of genome structures
whose chromatin contacts are statistically consistent with
Hi-C data while also reproducing the likelihoods of
chromatin loci being close to the NE derived from
lamina-DamID experiments.
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The ensemble of model structures has strong predictive power for structural features not directly visible in
the initial data sets. We observed that, in embryonic
cells, chromosomes 2 and 3 are often organized with
their centromeres and telomeres located in opposite
hemispheres of the nucleus. In addition, each chromosome pair occupies a distinct territory in our models.
Our structures also predicted correctly a relatively high
colocalization probability between the two PcGregulated Hox gene clusters.
Due to technical limitations, no Hi-C measurements
are available to confirm interactions of repeated sequences, including most pericentromeric heterochromatin. However, using our 3D model structures, we can
analyze the positions of chromatin loci with respect to
pericentromeric heterochromatin. For instance, our
model shows a high preference for the white gene on
chromosome X to be positioned close to pericentromeric heterochromatin in comparison to similar gene locations on other chromosomes, thus facilitating the
white gene’s translocation next to heterochromatin. Our
analysis also reveals distinct differences between chromosomes in terms of heterochromatin localization probabilities. For example, pericentromeric heterochromatin
of chromosomes X and 4 are more proximal to each
other than to pericentromeric heterochromatin of chromosomes 2 and 3. The preferred euchromatin locations
of chromosome 4 are also distinctly different from those
of the other chromosomes.
We also make intriguing observations about homologous pairing that cannot be directly observed in the original Hi-C or lamina-DamID data. In our models, the
tendency for domains to pair varies a great deal along
the chromosome, which confirms the idea that pairing
initiates from several distinct loci and spreads to neighboring regions. The observed pairing tendency of the
domains is highly reproducible over several independent
simulations, and also correlates with distinct functional
features of the domains. We investigated why certain domains are more frequently paired than others. Interestingly, there is an anti-correlation between pairing
frequency and the enrichment in Mrg15 protein binding,
which is known to affect somatic chromosome pairing
in Drosophila. This information was not explicitly included in the modeling process. The pairing frequencies
of homologous domains also differ between those containing active or repressed chromatin. Active domains
generally have a lower frequency of chromosome pairing
than repressed domains such as those enriched in the
Polycomb group (PcG) of proteins. However, we also
identified some active domains that break this pattern,
with extremely high rates of chromosome pairing across
many independent simulations. Interestingly, when we
compare these outlier active domains with the more
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common type of active domain having low pairing frequencies, the former have substantially lower levels of
Mrg15 binding signals, later DNA replication timing,
and lower FAIRE signals. These attributes are similar in
other regions with high pairing frequencies.
Homologous pairing has been studied for years, and it
has been found to play a large role in gene regulation.
Transvection is a phenomenon whereby gene expression
is modulated by the physical pairing of homologous loci.
A case study showed that more transcripts are produced
when both alleles of the gene Ubx are paired than when
they are spatially separated [46]. A possible explanation
is that each gene copy can be activated by both its own
and the other copy’s enhancer [48]. Interestingly, when
we compare actively transcribed genes in chromatin regions with very high or very low levels of homologous
pairing, the former show significantly lower signals in
RNA polymerase II and TATA protein binding, but at
the same time similar levels of transcripts. This
observation suggests that higher frequencies of pairing
facilitate more efficient transcription of genes. Our
model also shows that regions with looser homolog
pairing initiate replication earlier than regions with
tighter homolog pairing.

Conclusions
In this study, we address one of the principal challenges
of genome structure analysis: the development of a
method that systematically integrates complementary
data from different technologies to map the 3D organizations of genomes. Data from a single source, such as a
Hi-C or lamina-DamID experiment alone, cannot capture all aspects of a genome’s organization. Integrating
multiple data types is therefore not just beneficial but
necessary to enhance the accuracy and coverage of
structural models. Furthermore, the detailed analysis of
such structural models is a valuable complement to experimental studies, because it can provide new structural
insights. For example, the 3D models can reveal the relative locations of specific chromatin regions in the nucleus which are not immediately visible in the initial
data. In the future, genome structure modeling should
rely on all available data, including live fluorescence and
3D FISH imaging, as well as Hi-C and lamina-DamID
experiments from both large-scale single cell and ensemble technologies. This approach will permit detailed
analysis of the genome’s structural features, at high
resolution and fully consistent with all experimental
findings. Our work is a first step towards this goal, in
that it allows the integration of genome-wide Hi-C as
well as lamina-DamID data for 3D genome structure
analysis, and provides a robust computational framework for integrating structural constraints from other
types of experiments.
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Methods
General description

The population-based approach is a probabilistic framework to generate a large number of 3D genome structures
(i.e., the structure population) whose chromatin domain
contacts are statistically consistent with experimental
Hi-C data and other spatial constraints derived from a
priori knowledge and/or independent data types. Our
model is a deconvolution of the ensemble-averaged Hi-C
data, and the resulting structures can be considered the
most likely representation of the true structure population
over a population of cells, given all the available data. Our
method also distinguishes between interactions involving
homologous chromosomes, so it can generate structure
populations representing entire diploid genomes. Further,
because the generated population contains many different
structural states, this approach can accommodate all experimentally observed chromatin interactions, including
those that would be mutually exclusive for a single
structure. Compared to our previous research, which introduced the population-based approach using Hi-C data
alone, in this study we also integrate lamina-DamID data
to generate an improved structure population.
Chromosome representation

The nuclear architecture of Drosophila cells consists of the
nuclear envelope (NE), the nucleolus, and eight individual
chromosomes (the diploid pairs chr2, chr3, chr4, and
chrX). Chr2 and chr3 each have two arms, labeled 2L and
2R and 3L and 3R, connected by centromeres (Fig. 1b).
Each chromosome contains three main regions:
euchromatin, pericentromeric heterochromatin, and a
centromere (Fig. 1b). Euchromatin regions in chromosome arms 2L, 2R, 3L, 3R, 4, and X are linearly partitioned
into a total of 1169 well demarcated physical domains [8],
which are represented as spheres in the model [42]. A domain sphere is characterized by two radii: (1) its hard (excluded volume) radius, which is estimated from the DNA
sequence length and the nuclear occupancy of the genome; and (2) its soft (contact) radius, which is twice the
hard radius. A contact between two spheres is defined as
an overlap between the spheres’ soft radii. This two-radius
model allows for the possibility that chromatin can partially loop out of its bulk domain region to form contacts,
while establishing a minimum genome occupancy in the
nucleus. According to experimental data, the combined

hard-core spheres of all euchromatin domains occupy
around 12% of the nuclear volume. The total volume of
heterochromatin is set to 1/27 of the nuclear volume. This
figure is in agreement with estimates from microscopy images [66] (Additional file 1: Figure S7a), which show the
heterochromatin cluster occupying roughly one-third of
the nuclear diameter. The heterochromatin regions of
each chromosome are modeled as spheres occupying volumes proportional to 5.4:11.0:8.2:8.2:3.1:20.0, according to
the chromosome outlines depicted in Fig. 1b (these volumes are taken from the data shown in [80]). For every
chromosome, the centromere is modeled as a sphere with
5% the volume of its corresponding heterochromatin domain (or sum of two heterochromatin domains for chr2
and chr3).
The nuclear radius is set to 2 microns (μm) as suggested
by fluorescence imaging experiments [55, 66] (Fig. 4c;
Additional file 1: Figure S7a). The nucleolus radius is set
to one-sixth of the nuclear radius (Additional file 1:
Figure S7a). Centromeres are clustered together and attached to the nucleolus [55]. Pericentromeric heterochromatin of chrX surrounds the rDNA cluster regions, so it
lies in close proximity to the nucleolus. (Additional file 2:
Table S3 lists all domain radii in the model).
All these units are represented by a total of 2359
spheres (Table 1).
The outlines of the chromosomes are depicted in Fig. 1b.
In the next section, we briefly describe the chromosome
model and list all of the structural constraints that we imposed while optimizing the population.
Probabilistic platform for data integration

Our method closely follows our recent population-based
modeling framework [42]. However, we now generalize
this framework to support the integration of laminaDamID data with Hi-C data. The Hi-C data are contained in the ensemble contact probability matrix A, and
the lamina-DamID data are contained in the ensemble
chromatin–NE contact probability vector E.
We aim to generate a structure population X that
maximizes the likelihood P(A, E|X). We introduce two
latent variables W and V, which represent features of individual cells that aggregate into the ensemble information
A and E, respectively. W = (wijm)2N × 2N × M is the contact
indicator tensor, which contains the missing information
in the Hi-C data A: the presence or absence of contacts

Table 1 Structural units of our D. melanogaster genome model
Genome component

Unit quantity

Number of spheres

Description

TAD

1169

2338

Euchromatin TADs

HET

6

12

Heterochromatin clusters on 2L, 2R, 3L, 3R, 4, X

CEN

4

8

Centromeres of chromosomes 2, 3, 4, and X

Nucleolus

1

1

Localization of nucleoli
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between all domain homologs, in each structure of the
population (wijm = 1 indicates a contact between domain
spheres i and j in structure m; wijm = 0 otherwise). The
second latent variable, V = (vim)2N × M, contains information on whether each domain homolog is located near the
NE, in each structure of the population (vim = 1 indicates
that domain sphere i is near the NE in structure m; vim = 0
otherwise). Note that while these latent variables are
indexed over domain homologs (lowercase indices i, j),
which are independent spheres in the model, the ensemble datasets A and E in the equations below are indexed
over haploid domain identities observed in the experimental data (uppercase indices I, J). The maximum likelihood
problem is then formally expressed as Eq. 1 and the expansion form is described as in Eq. 2.
Furthermore, P(W, V|X) can be expanded into a product
of every contact indicator probability, i.e., P ðW;VjXÞ ¼
YM Y 2N
! ! Y 2N  ! 


P vim  x im : Then
i; j ¼ 1 P wijm x im ; x jm
m¼1
i
i≠j

the term P(A|W) can be expanded as P(A|W) = ∏I,JP(aIJ|a'IJ)
where a'IJ is the contact probability of the domain pair I
PM
1
and J, a′IJ ¼ 2M
m¼1 w IJm . The projected contact tensor W ¼ ðw IJm ÞNNM is derived from W by aggregating its diploid representation to the haploid
counterpart.
Likewise, P(E|V) = ∏IP(eI|e'I) , where e'I is the probability for domain I to be near the NE. This is calculated
PM
1
as e′I ¼ 2M
m¼1 v Im . The term v Im is a matrix element
of the projected matrix V ¼ ðv Im ÞNM and indicates
how many domain I representations in structure m are
near the NE; thus, its possible values are {0, 1, 2} when
the diploid representation is projected to the haploid
counterpart.
With these probabilistic models, we can maximize the
log-likelihood log P(A, E, W, V|X), expressed as follows:
log P ðA;E;W;VjXÞ ¼ log PðAjWÞ þ logP ðE jVÞ
þ logPðW;VjXÞ
N
N
X
   X
  
¼
log P aIJ a0IJ þ
log P eI e0I
I¼1

I;J¼1
I≠J

þ

M
X
m¼1

2N
X




log P wijm !
x im ; !
x jm
i; j ¼ 1
i≠j

þ

M X
2N
X

 

log P vim !
x im

m¼1 i¼1

ð5Þ
We assume that a pair of spheres (i, j) are in contact in structure m if and only if their center distance
d ijm ¼ !
x im −!
x jm 2 is between certain lower and
upper bounds, L ≤ dijm ≤ U. The lower bound is the

sum of their hard radii, L = Ri + Rj, and the upper
bound is the sum of their soft radii, U = 2(Ri + Rj).
We modeled the probability of a contact between two
domain spheres i and j as a variant of the rectified or
truncated normal distribution, expressed as:



P wijm ¼ 1!
x im ; !
x jm
8
1;
>
>
0 
>
<
!
x im −!
x jm
¼
B
>
exp
−
@
>
>
2σ 2w
:

2

−U

2 1
C
A;

x jm
L≤ !
x im −!
!
x jm
x im −!

2

2

≤U

>U

ð6Þ
with very small variance, e.g., σw → 0.
The probability for a domain to reside near the NE is
described as:



P vim ¼ 1!
x im

¼

8
>
>
>
>
<

!
x im

2

C
x im
A; 0≤ !

2

1;
0 

B
>
>
exp@−
>
>
:

!
x im

2

−λRnuc

2σ 2v

2 1

≥λRnuc
≤λRnuc

ð7Þ
where λ = 0.975 to ensure that the enforced TAD is at
the inside surface of the NE, and likewise σv → 0.
Additional spatial constraints for the Drosophila genome

In addition to the data from Hi-C and lamina-DamID
experiments, we include the following additional information as spatial constraints:
1. Nuclear volume constraint: All 2359 spheres are
constrained to lie completely inside a sphere with
radius Rnuc, i.e., !
x im 2 ≤Rnuc . Without loss of
generality, we use the origin (0,0,0) as the nuclear
center, so !
x 2 is the distance from the nuclear
center.
2. Excluded volume constraint: The model prevents
any overlapping between the 2359 spheres, as
defined by their hard radii. For every pair of
spheres i and j in every structure
m, we enforce

!
x im −!
x jm 2 ≥ Rim þ Rjm .
3. Homolog pairing constraint: Based on experimental
evidence, homologous chromosomes are
somatically paired in Drosophila and so both copies
of a gene are usually close to each other [50–53].
Therefore, we constrain the distance between two
homologous domains to be less than an upper
bound, which is four times the sum of their radii,
i.e., !
x im −!
x i0 m 2 ≤4ðRi þ Ri0 Þ.
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4. Consecutive TAD constraint: To ensure
chromosomal integrity, we apply an upper bound to
the distance between two consecutive TAD domains,
which is derived from the experimentally
determined contact probability aij. The upper bound
1=3 

 

ri þ rj .
distance is d ij aij ; r i ; r j ¼ 7 aij þ 1
Note that dij = 2(ri + rj) when aij = 1.
5. Additional knowledge-based chromosome integrity
constraints: The heterochromatic region of a given
chromosome or chromosome arm forms a clustered
subcompartment, so is represented by a single
domain. No Hi-C data are available for the
heterochromatic regions. To ensure chromosome
integrity, the domains representing heterochromatic
regions are always in contact with their adjacent
TAD as well as with the centromeric domain. The
constraint between the heterochromatin sphere and the
adjacent TAD sphere i is !
x Hm −!
x im 2 ≤1:5ðRH þ Ri Þ.
The constraint between the heterochromatin
domain and the adjacent centromere sphere is
!
x Hm −!
x Cm 2 ≤1:1ðRH þ RC Þ, where !
x Hm and
!
x Cm are the centers of the heterochromatin and
centromere spheres, and RH and RC are the hard radii
of the heterochromatin and centeromere spheres.
Based on experimental evidence [55], all centromeres
are in proximity to the nucleolus. Therefore, we
constrain the centromere spheres to be close to the
spherical volume representing the nucleolus, defined
as !
x Nu −!
x C 2 ≤1:1ðRNu þ RC Þ, where RNu is the
radius of the nucleolus volume.
Distance threshold method for estimating W and V

We adopt the distance threshold method introduced
elsewhere [42] to estimate the distribution of contacts
among the diploid genome across a population of structures. The distance threshold dact
IJ for each domain pair
(I, J) is determined based on the empirical distribution
of all distances between their homologous copies across
all structures of the population. The procedure to determine a distance threshold for estimating an element of
the projected contact indicator tensor, w IJm , is as follows. Let (I, J) be a domain pair (with homologs i, i’ and
j, j’) and let their Hi-C contact probability aIJ > 0. We
construct an empirical distribution of the pairwise
domain distances between homologous copies of the
domain pair (I, J). When I and J are domains from the
same chromosome, we collect the distances dijm and
di'j'm in all model structures (m = 1, 2, …, M), forming a
set of 2 M distances. When I and J are domains from
different chromosomes, we collect the smallest two
distances from the set of all possible distances {dijm, di'jm,
dij'm, di'j'm}, again for a total set of 2 M distances. Next,
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the 2 M distances are ranked in increasing order. The
distance threshold, dIJact, is defined as the distance value
with the (2 M ⋅ aIJ)th rank among the 2 M sorted distances.
Once all the distance thresholds are obtained, we populate
the tensor W by counting how many of the pooled
distances between (I, J) from structure m in the set of 2 M
distances that fall below the corresponding distance threshold. The structure optimization then assigns contacts to
the pairs with shorter distance out of four possible pairs
between homolog domains, for every wijm. This procedure
maximizes log P(A, W|X), which is composed of two
items: log P(W|X) and log P(A|W). This is true for two
reasons: (i) it assigns contacts only to domain pairs with
short distances, maximizing log P(W|X); and (ii) it uses the
2aIJM th-quantile of all 2 M distances as the distance
threshold to determine wijm, which heuristically maximizes
N
X
  0 
the first term logP ðAjWÞ ¼
logP aIJ aIJ by makI; J ¼ 1
I≠J

ing aIJ exactly equal to a'IJ.
We adapted this procedure to estimate the TAD–NE
contact matrix V = (vim)2N × M. The distance threshold
for every TAD is determined. Again we sort a set of 2 M
distances to the NE related to domain I in increasing
order, and select the (2 M ⋅ eI)th rank as the distance
threshold. Once the distance thresholds are obtained, we
populate the matrix V ¼ ðv Im ÞNM by counting how
many of the pooled distances from each structure m in
the 2 M distances are lower or the same as the
corresponding distance threshold. Note that there
are only three possible values of the matrix element:
v Im ≡f0; 1; 2g . A value of 2 means that both homologs of
TAD have to be located near the NE; a value of 1 means
only one of the homologs has to be located near the NE;
and a value of 0 means that neither homolog is forced to be
located near the NE. The optimization step will then assign
vim accordingly as either 0 or 1. When v Im ¼ 1, the ambiguity as to whether (vIm = 1, vi ' m = 0) or (vim = 0, vi ' m = 1)
is solved on the fly, during the dynamic optimization of the
genome structure, where 1 is favored for shorter distances
to the NE.
Optimization

As described elsewhere [42], we used step-wise
optimization and the A/M iteration algorithm to generate
the structure population. We first generated a population
of structures satisfying all Hi-C constraints, then fine-tuned
the model structures by gradually including the laminaDamID constraints. For the Hi-C constraints, we included
new contact probabilities in several stages during the
optimization, at the lower thresholds Θ = {1, 0.7, 0.4. 0.2,
0.1, 0.07, 0.06}. One or more iterations were performed at
every probability level. Contact probabilities less than 0.06
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were not used at all. Twenty-six A/M iterations were required to generate a structure population consistent with
the Hi-C data. The lamina-DamID data were also included
in several stages, at the probability levels Θ = {0.2, 0.1, 0.06}.
Ten additional A/M iterations were performed to
optimize the structure population with respect to the
lamina-DamID data. The optimization was performed
using a combination of simulated annealing molecular
dynamics and conjugate gradient methods. The algorithm
was implemented using the Integrated Modeling Platform
(IMP) [81].
Data collection and processing

Our processing methods for Hi-C, lamina-DamID, and
other epigenetics data are described in Additional file 1.

Page 20 of 22

Imaging and image analysis

All images were captured using a Deltavision fluorescence microscopy system equipped with a CoolsnapHQ2
camera, using 60× and 100× objectives and 10–12 Z
stacks with Z-intervals of 0.2–0.4. Images were deconvolved with softWorx software (Applied Precision/GE
Healthcare) using the conservative algorithm with five
iterations. The distances between signals in 3D volume
reconstructions of Kc cells or in individual Z stacks of
larval tissues were calculated with softWorx. All distances were normalized to the nuclear diameter of their
respective cells. Quantification of FISH signals in larval
brain squashes was limited to cells that displayed clear
homologous pairing, defined as proximal or overlapping
FISH signals for each probe.

Additional files
Analysis of the structure population

Our statistical analysis of the structure population and
details on all statistical tests are described in Additional
file 1.
Robustness analysis

We tested the robustness of our modeling approach in
four tests: (i) replicate simulations, (ii) variation of population size, (iii) variation of homolog-pair upper-bounds,
and (iv) variations of input domain contact probability.
The details are described in Additional file 1. In conclusion, we can show that varying all relevant parameter
settings does not significantly affect the conclusions of
the paper. All results are highly reproducible under the
variation of these parameter settings.
Cell culture and immunofluorescence

Drosophila Kc cells were maintained at 27 °C as logarithmically growing cultures in Schneider's medium (Sigma)
+ FBS (Gemini), and fixed and stained as previously
described [66]. Antibodies used were anti-Fibrillarin
(Cytoskeleton, catalog number AFB01; 1:200) and antiH3K9me2 (Upstate, catalog number 07-442; 1:500).
FISH

Wild-type w1118 flies were raised at 25 °C. Brains were
dissected from third instar larvae and squashed before
fixation, as described in [82]. Fixation and FISH staining
were carried out as described in [83], using the following
probes: 5′-6-FAM-(AACAC)7 for chromosome 2
satellites, 5′-Cy3-TTTTCCAAATTTCGGTCATCAAA
TAATCAT for chromosome X satellites (359 bp), and
5′-Cy5-(AATAT)6 for chromosome 4 satellites. FISH
probes were purchased from Integrated DNA Technologies,
and designed as described in [82].

Additional file 1: Supplementary methods A–D and Supplementary
Figures S1–S14. (DOCX 1764 kb)
Additional file 2: Three supplementary tables, each included as a
separate tab. Table S1. Summary of the Pearson’s correlation between
contact probability from structure models and Hi-C experiment. Table S2.
Summary of chromosomal territory index (TI) for individual arms and pairs
of homologous arms. Table S3. The sphere size of structural units of model.
(XLS 131 kb)

Acknowledgements
We thank L. Delabaere for assistance with FISH experiments and for generating
some of the FISH probes, and the Chiolo Lab for helpful discussions.
Funding
The work was supported by the Arnold and Mabel Beckman foundation (BYI
program; to FA), NIH (U54DK107981 to FA and XJZ and NHLBI MAP-GEN
U01HL108634 to XJZ), and NSF CAREER (1150287 to FA). FA is a Pew Scholar
in Biomedical Sciences, supported by the Pew Charitable Trusts. This work
was also supported by a Mallinckrodt Foundation Award and NIH
R01GM117376 to IC.
Availability of data and materials
The modeling codes in python and PBS scripts for submitting and scheduling
jobs are freely available on GitHub (https://github.com/alberlab/3DGenome_
FruitFly) under the MIT license. The source code is also available at Zenodo
(doi:10.5281/zenodo.582313). The microscopy images generated for FISH study in
this work are available at Figshare (DOI:10.6084/m9.figshare.5051740). The Hi-C
data were downloaded from Gene Expression Omnibus under accession
number GSE34453. The DamID experiment data were downloaded from
http://research.nki.nl/vansteensellab/Drosophila_53_chromatin_proteins.htm.
The gene expression data (embryonic samples collected at 16–18 h) were
obtained from the modENCODE website (http://www.modencode.org/). RNA
polymerase II binding data for Kc167 cells were from modENCODE (accession
number GSE20806). Data for ORC-binding regions and early activating
replication origins for the Kc167 cell line were also downloaded from
modENCODE (accession number GSE20889 and GSE17285, respectively).
Authors’ contributions
QJ, HT, KG, and FA designed the 3D modeling methodology and parameterization
with input from IC and XJZ. QJ and HT generated and analyzed the genome
structure population, and QJ, HT, and FA interpreted the results. XL and IC
carried out FISH and immunofluorescence experiments and analyzed the
results. QJ, HT, FA, IC, and XJZ wrote the manuscript. All authors read and
approved the manuscript.

Li et al. Genome Biology (2017) 18:145

Ethics approval and consent to participate
Not applicable.
Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Author details
1
Molecular and Computational Biology, Department of Biological Sciences,
University of Southern California, 1050 Childs Way, Los Angeles, CA 90089,
USA. 2Norris Comprehensive Cancer Center, Keck School of Medicine,
University of Southern California, Los Angeles, CA 90089, USA. 3Department
of Pathology and Laboratory Medicine, David Geffen School of Medicine,
University of California, Los Angeles, USA.
Received: 26 December 2016 Accepted: 26 June 2017

References
1. Pickersgill H, Kalverda B, de Wit E, Talhout W, Fornerod M, van Steensel B.
Characterization of the Drosophila melanogaster genome at the nuclear
lamina. Nat Genet. 2006;38:1005–14.
2. Guelen L, Pagie L, Brasset E, Meuleman W, Faza MB, Talhout W, Eussen BH,
de Klein A, Wessels L, de Laat W, van Steensel B. Domain organization of
human chromosomes revealed by mapping of nuclear lamina interactions.
Nature. 2008;453:948–51.
3. Peric-Hupkes D, Meuleman W, Pagie L, Bruggeman SW, Solovei I, Brugman W,
Graf S, Flicek P, Kerkhoven RM, van Lohuizen M, et al. Molecular maps of the
reorganization of genome-nuclear lamina interactions during differentiation.
Mol Cell. 2010;38:603–13.
4. Lieberman-Aiden E, van Berkum NL, Williams L, Imakaev M, Ragoczy T,
Telling A, Amit I, Lajoie BR, Sabo PJ, Dorschner MO, et al. Comprehensive
mapping of long-range interactions reveals folding principles of the human
genome. Science. 2009;326:289–93.
5. Kalhor R, Tjong H, Jayathilaka N, Alber F, Chen L. Genome architectures
revealed by tethered chromosome conformation capture and
population-based modeling. Nat Biotechnol. 2012;30:90–8.
6. Dixon JR, Selvaraj S, Yue F, Kim A, Li Y, Shen Y, Hu M, Liu JS, Ren B.
Topological domains in mammalian genomes identified by analysis of
chromatin interactions. Nature. 2012;485:376–80.
7. Hou C, Li L, Qin ZS, Corces VG. Gene density, transcription, and insulators
contribute to the partition of the Drosophila genome into physical
domains. Mol Cell. 2012;48:471–84.
8. Sexton T, Yaffe E, Kenigsberg E, Bantignies F, Leblanc B, Hoichman M,
Parrinello H, Tanay A, Cavalli G. Three-dimensional folding and functional
organization principles of the Drosophila genome. Cell. 2012;148:458–72.
9. Rao SS, Huntley MH, Durand NC, Stamenova EK, Bochkov ID, Robinson JT,
Sanborn AL, Machol I, Omer AD, Lander ES, Aiden EL. A 3D map of the
human genome at kilobase resolution reveals principles of chromatin
looping. Cell. 2014;159:1665–80.
10. Li L, Lyu X, Hou C, Takenaka N, Nguyen HQ, Ong CT, Cubenas-Potts C,
Hu M, Lei EP, Bosco G, et al. Widespread rearrangement of 3D chromatin
organization underlies Polycomb-mediated stress-induced silencing.
Mol Cell. 2015;58:216–31.
11. Shin H, Shi Y, Dai C, Tjong H, Gong K, Alber F, Zhou XJ. TopDom: an
efficient and deterministic method for identifying topological domains in
genomes. Nucleic Acids Res. 2016;44:e70.
12. Dixon JR, Gorkin DU, Ren B. Chromatin domains: the unit of chromosome
organization. Mol Cell. 2016;62:668–80.
13. Imakaev MV, Fudenberg G, Mirny LA. Modeling chromosomes: beyond
pretty pictures. FEBS Lett. 2015;589(20):3031–36. Part A. http://www.
sciencedirect.com/science/article/pii/S0014579315008212.
14. Sanborn AL, Rao SS, Huang SC, Durand NC, Huntley MH, Jewett AI, Bochkov ID,
Chinnappan D, Cutkosky A, Li J, et al. Chromatin extrusion explains key features
of loop and domain formation in wild-type and engineered genomes.
Proc Natl Acad Sci U S A. 2015;112:E6456–65.

Page 21 of 22

15. Fudenberg G, Imakaev M, Lu C, Goloborodko A, Abdennur N, Mirny LA.
Formation of chromosomal domains by loop extrusion. Cell Rep.
2016;15:2038–49.
16. Barbieri M, Chotalia M, Fraser J, Lavitas LM, Dostie J, Pombo A, Nicodemi M.
Complexity of chromatin folding is captured by the strings and binders
switch model. Proc Natl Acad Sci U S A. 2012;109:16173–8.
17. Nicodemi M, Pombo A. Models of chromosome structure. Curr Opin Cell
Biol. 2014;28:90–5.
18. Brackley CA, Taylor S, Papantonis A, Cook PR, Marenduzzo D. Nonspecific
bridging-induced attraction drives clustering of DNA-binding proteins and
genome organization. Proc Natl Acad Sci U S A. 2013;110:E3605–11.
19. Naumova N, Imakaev M, Fudenberg G, Zhan Y, Lajoie BR, Mirny LA, Dekker J.
Organization of the mitotic chromosome. Science. 2013;342:948–53.
20. Brackley CA, Brown JM, Waithe D, Babbs C, Davies J, Hughes JR, Buckle VJ,
Marenduzzo D. Predicting the three-dimensional folding of cis-regulatory
regions in mammalian genomes using bioinformatic data and polymer
models. Genome Biol. 2016;17:59.
21. Serra F, Baù D, Filion G, Marti-Renom MA. Structural features of the fly
chromatin colors revealed by automatic three-dimensional modeling.
bioRxiv. 2016.
22. Hua N, Tjong H, Shin H, Gong K, Zhou XJ, Alber F. PGS: a dynamic and
automated population-based genome structure software. bioRxiv. 2017:
103358. doi:https://doi.org/10.1101/103358.
23. Duan Z, Andronescu M, Schutz K, McIlwain S, Kim YJ, Lee C, Shendure J,
Fields S, Blau CA, Noble WS. A three-dimensional model of the yeast
genome. Nature. 2010;465:363–7.
24. Hu M, Deng K, Qin Z, Dixon J, Selvaraj S, Fang J, Ren B, Liu JS. Bayesian
inference of spatial organizations of chromosomes. PLoS Comput Biol.
2013;9:e1002893.
25. Zhang Z, Li G, Toh KC, Sung WK. 3D chromosome modeling with semi-definite
programming and Hi-C data. J Comput Biol. 2013;20:831–46.
26. Peng C, Fu LY, Dong PF, Deng ZL, Li JX, Wang XT, Zhang HY. The
sequencing bias relaxed characteristics of Hi-C derived data and
implications for chromatin 3D modeling. Nucleic Acids Res. 2013;41:e183.
27. Varoquaux N, Ay F, Noble WS, Vert JP. A statistical approach for inferring the
3D structure of the genome. Bioinformatics. 2014;30:i26–33.
28. Lesne A, Riposo J, Roger P, Cournac A, Mozziconacci J. 3D genome
reconstruction from chromosomal contacts. Nat Methods. 2014;11:1141–3.
29. Zou C, Zhang Y, Ouyang Z. HSA: integrating multi-track Hi-C data for
genome-scale reconstruction of 3D chromatin structure. Genome Biol.
2016;17:40.
30. Szalaj P, Tang Z, Michalski P, Pietal MJ, Luo OJ, Sadowski M, Li X, Radew K,
Ruan Y, Plewczynski D. An integrated 3-dimensional genome modeling
engine for data-driven simulation of spatial genome organization. Genome
Res. 2016;26:1697–709.
31. Rousseau M, Fraser J, Ferraiuolo MA, Dostie J, Blanchette M. Three-dimensional
modeling of chromatin structure from interaction frequency data using
Markov chain Monte Carlo sampling. BMC Bioinformatics. 2011;12:414.
32. Bau D, Sanyal A, Lajoie BR, Capriotti E, Byron M, Lawrence JB, Dekker J,
Marti-Renom MA. The three-dimensional folding of the alpha-globin gene
domain reveals formation of chromatin globules. Nat Struct Mol Biol.
2011;18:107–14.
33. Le Dily F, Bau D, Pohl A, Vicent GP, Serra F, Soronellas D, Castellano G, Wright RH,
Ballare C, Filion G, et al. Distinct structural transitions of chromatin topological
domains correlate with coordinated hormone-induced gene regulation. Genes
Dev. 2014;28:2151–62.
34. Trieu T, Cheng J. Large-scale reconstruction of 3D structures of human
chromosomes from chromosomal contact data. Nucleic Acids Res.
2014;42:e52.
35. Wang S, Xu J, Zeng J. Inferential modeling of 3D chromatin structure.
Nucleic Acids Res. 2015;43:e54.
36. Gehlen LR, Gruenert G, Jones MB, Rodley CD, Langowski J, O'Sullivan JM.
Chromosome positioning and the clustering of functionally related loci in
yeast is driven by chromosomal interactions. Nucleus. 2012;3:370–83.
37. Junier I, Dale RK, Hou C, Kepes F, Dean A. CTCF-mediated transcriptional
regulation through cell type-specific chromosome organization in the
beta-globin locus. Nucleic Acids Res. 2012;40:7718–27.
38. Meluzzi D, Arya G. Recovering ensembles of chromatin conformations from
contact probabilities. Nucleic Acids Res. 2013;41:63–75.
39. Paulsen J, Sekelja M, Oldenburg AR, Barateau A, Briand N, Delbarre E, Shah
A, Sorensen AL, Vigouroux C, Buendia B, Collas P. Chrom3D: three-

Li et al. Genome Biology (2017) 18:145

40.
41.

42.

43.

44.

45.

46.
47.

48.
49.
50.

51.
52.

53.

54.
55.

56.

57.
58.

59.

60.

61.

62.
63.

64.

dimensional genome modeling from Hi-C and nuclear lamin-genome
contacts. Genome Biol. 2017;18:21.
Zhang B, Wolynes PG. Topology, structures, and energy landscapes of
human chromosomes. Proc Natl Acad Sci U S A. 2015;112:6062–7.
Giorgetti L, Galupa R, Nora EP, Piolot T, Lam F, Dekker J, Tiana G, Heard E.
Predictive polymer modeling reveals coupled fluctuations in chromosome
conformation and transcription. Cell. 2014;157:950–63.
Tjong H, Li W, Kalhor R, Dai C, Hao S, Gong K, Zhou Y, Li H, Zhou XJ, Le Gros
MA, et al. Population-based 3D genome structure analysis reveals driving forces
in spatial genome organization. Proc Natl Acad Sci U S A. 2016;113:E1663–72.
Zhu Y, Gong K, Denholtz M, Chandra V, Kamps MP, Alber F, Murre C.
Comprehensive characterization of neutrophil genome topology.
Genes Dev. 2017;31:141–53.
Di Pierro M, Zhang B, Aiden EL, Wolynes PG, Onuchic JN. Transferable
model for chromosome architecture. Proc Natl Acad Sci U S A.
2016;113:12168–73.
Marshall WF, Dernburg AF, Harmon B, Agard DA, Sedat JW. Specific
interactions of chromatin with the nuclear envelope: Positional determination
within the nucleus in Drosophila melanogaster. Mol Biol Cell. 1996;7:825–42.
Goldsborough AS, Kornberg TB. Reduction of transcription by homologue
asynapsis in Drosophila imaginal discs. Nature. 1996;381:807–10.
Gemkow MJ, Verveer PJ, Arndt-Jovin DJ. Homologous association of the
Bithorax-Complex during embryogenesis: consequences for transvection in
Drosophila melanogaster. Development. 1998;125:4541–52.
Pirrotta V. Transvection and chromosomal trans-interaction effects. Biochim
Biophys Acta. 1999;1424:M1–8.
Wang L, Brown JL, Cao R, Zhang Y, Kassis JA, Jones RS. Hierarchical recruitment
of polycomb group silencing complexes. Mol Cell. 2004;14:637–46.
Fung JC, Marshall WF, Dernburg A, Agard DA, Sedat JW. Homologous
chromosome pairing in Drosophila melanogaster proceeds through
multiple independent initiations. J Cell Biol. 1998;141:5–20.
McKee BD. Homologous pairing and chromosome dynamics in meiosis and
mitosis. Biochim Biophys Acta. 2004;1677:165–80.
Bateman JR, Larschan E, D'Souza R, Marshall LS, Dempsey KE, Johnson JE,
Mellone BG, Kuroda MI. A genome-wide screen identifies genes that affect
somatic homolog pairing in Drosophila. G3 (Bethesda). 2012;2:731–40.
Joyce EF, Williams BR, Xie T, Wu CT. Identification of genes that promote or
antagonize somatic homolog pairing using a high-throughput FISH-based
screen. PLoS Genet. 2012;8:e1002667.
Mellert DJ, Truman JW. Transvection is common throughout the Drosophila
genome. Genetics. 2012;191:1129–41.
Padeken J, Mendiburo MJ, Chlamydas S, Schwarz HJ, Kremmer E, Heun P.
The nucleoplasmin homolog NLP mediates centromere clustering and
anchoring to the nucleolus. Mol Cell. 2013;50:236–49.
Weierich C, Brero A, Stein S, von Hase J, Cremer C, Cremer T, Solovei I.
Three-dimensional arrangements of centromeres and telomeres in nuclei of
human and murine lymphocytes. Chromosome Res. 2003;11:485–502.
Mekhail K, Seebacher J, Gygi SP, Moazed D. Role for perinuclear chromosome
tethering in maintenance of genome stability. Nature. 2008;456:667–70.
Filion GJ, van Bemmel JG, Braunschweig U, Talhout W, Kind J, Ward LD,
Brugman W, de Castro IJ, Kerkhoven RM, Bussemaker HJ, van Steensel B.
Systematic protein location mapping reveals five principal chromatin types
in Drosophila cells. Cell. 2010;143:212–24.
Kharchenko PV, Alekseyenko AA, Schwartz YB, Minoda A, Riddle NC, Ernst J,
Sabo PJ, Larschan E, Gorchakov AA, Gu T, et al. Comprehensive analysis of the
chromatin landscape in Drosophila melanogaster. Nature. 2011;471:480–5.
Dernburg AF, Broman KW, Fung JC, Marshall WF, Philips J, Agard DA, Sedat
JW. Perturbation of nuclear architecture by long-distance chromosome
interactions. Cell. 1996;85:745–59.
Tolhuis B, Blom M, Kerkhoven RM, Pagie L, Teunissen H, Nieuwland M,
Simonis M, de Laat W, van Lohuizen M, van Steensel B. Interactions among
Polycomb domains are guided by chromosome architecture. PLoS Genet.
2011;7:e1001343.
Hochstrasser M. Spatial organization of chromosomes in the salivary gland
nuclei of Drosophila melanogaster. J Cell Biol. 1986;102:112–23.
Lowenstein MG, Goddard TD, Sedat JW. Long-range interphase
chromosome organization in Drosophila: a study using color barcoded
fluorescence in situ hybridization and structural clustering analysis. Mol Biol
Cell. 2004;15:5678–92.
Smith HF, Roberts MA, Nguyen HQ, Peterson M, Hartl TA, Wang XJ, Klebba JE,
Rogers GC, Bosco G. Maintenance of interphase chromosome compaction and

Page 22 of 22

65.
66.

67.

68.

69.
70.

71.

72.

73.

74.

75.
76.

77.

78.

79.

80.
81.

82.
83.

homolog pairing in Drosophila is regulated by the condensin cap-h2 and its
partner Mrg15. Genetics. 2013;195:127–46.
Hilliker A. The genetic analysis of D. melanogaster heterochromatin. Cell.
1980;21:607–19.
Chiolo I, Minoda A, Colmenares SU, Polyzos A, Costes SV, Karpen GH.
Double-strand breaks in heterochromatin move outside of a dynamic HP1a
domain to complete recombinational repair. Cell. 2011;144:732–44.
Riddle NC, Minoda A, Kharchenko PV, Alekseyenko AA, Schwartz YB,
Tolstorukov MY, Gorchakov AA, Jaffe JD, Kennedy C, Linder-Basso D, et al.
Plasticity in patterns of histone modifications and chromosomal proteins in
Drosophila heterochromatin. Genome Res. 2011;21:147–63.
Yaffe E, Tanay A. Probabilistic modeling of Hi-C contact maps eliminates
systematic biases to characterize global chromosomal architecture.
Nat Genet. 2011;43:1059–65.
Cremer T, Cremer C. Chromosome territories, nuclear architecture and gene
regulation in mammalian cells. Nat Rev Genet. 2001;2:292–301.
Hochstrasser M. Three-dimensional organization of Drosophila melanogaster
interphase nuclei. I. Tissue-specific aspects of polytene nuclear architecture.
J Cell Biol. 1987;104:1455–70.
Kinney NA, Sharakhov IV, Onufriev AV. Investigation of the chromosome
regions with significant affinity for the nuclear envelope in fruit fly–a model
based approach. PLoS One. 2014;9:e91943.
Cowan CR, Carlton PM, Cande WZ. The polar arrangement of telomeres in
interphase and meiosis. Rabl organization and the bouquet. Plant Physiol.
2001;125:532–8.
Bantignies F, Roure V, Comet I, Leblanc B, Schuettengruber B, Bonnet J,
Tixier V, Mas A, Cavalli G. Polycomb-dependent regulatory contacts
between distant Hox loci in Drosophila. Cell. 2011;144:214–26.
Elgin SC, Reuter G. Position-effect variegation, heterochromatin formation,
and gene silencing in Drosophila. Cold Spring Harb Perspect Biol.
2013;5:a017780.
Muller HJ. Types of visible variations induced by x-rays in Drosophila.
J Genet. 1930;22:299–U297.
Giresi PG, Kim J, McDaniell RM, Iyer VR, Lieb JD. FAIRE (Formaldehyde-Assisted
Isolation of Regulatory Elements) isolates active regulatory elements from
human chromatin. Genome Res. 2007;17:877–85.
Eaton ML, Prinz JA, MacAlpine HK, Tretyakov G, Kharchenko PV, MacAlpine
DM. Chromatin signatures of the Drosophila replication program. Genome
Res. 2011;21:164–74.
Schubeler D, Scalzo D, Kooperberg C, van Steensel B, Delrow J, Groudine M.
Genome-wide DNA replication profile for Drosophila melanogaster: a link
between transcription and replication timing. Nat Genet. 2002;32:438–42.
Woodfine K, Fiegler H, Beare DM, Collins JE, McCann OT, Young BD,
Debernardi S, Mott R, Dunham I, Carter NP. Replication timing of the
human genome. Hum Mol Genet. 2004;13:191–202.
Adams MD. The genome sequence of Drosophila melanogaster. Science.
2000;287:2185–95.
Russel D, Lasker K, Webb B, Velazquez-Muriel J, Tjioe E, Schneidman-Duhovny D,
Peterson B, Sali A. Putting the pieces together: integrative modeling platform
software for structure determination of macromolecular assemblies. PLoS Biol.
2012;10:e1001244.
Larracuente AM, Ferree PM. Simple method for fluorescence DNA in situ
hybridization to squashed chromosomes. J Vis Exp. 2015;52288.
Ryu T, Spatola B, Delabaere L, Bowlin K, Hopp H, Kunitake R, Karpen GH,
Chiolo I. Heterochromatic breaks move to the nuclear periphery to continue
recombinational repair. Nat Cell Biol. 2015;17:1401–11.

Submit your next manuscript to BioMed Central
and we will help you at every step:
• We accept pre-submission inquiries
• Our selector tool helps you to find the most relevant journal
• We provide round the clock customer support
• Convenient online submission
• Thorough peer review
• Inclusion in PubMed and all major indexing services
• Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit

