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levels in muscle cells to permit adaptive
changes in gene expression in response to
environmental stimuli.

The exciting findings of Bodega et al. have
revealed an important new layer of regulation
for PRC2-mediated transcriptional repression
that allows postmitotic cells to respond to cel-
lular stress. While the Ezh1 transcript was
detected in a large number of adult tissues!2,
it remains to be seen whether Eed sequestra-
tion modulates transcriptional repression in
other cell types.
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Capturing heterogeneity: single-cell structures of

the 3D genome

Elzo de Wit

One of the striking features of cells seen through a microscope is the heterogeneous organization of the nuclei.
A combination of molecular methods and computational modeling has now been used to reconstruct accurate 3D
structures of the genome inside single nuclei.

Single-cell genomics methods are quickly rev-
olutionizing our understanding of cell-to-cell
variability. Single-cell RNA sequencing (scR-
NA-seq) has led to the probing of tissue het-
erogeneity at the gene expression level with
unprecedented resolution!. Sequencing DNA
from a single cell has enabled lineage recon-
struction and revealed genetic variability in
tumor samples, characterizing tumorigenesis
at the DNA level®. Furthermore, scATAC-seq
and scDamID make it possible to chart the
chromatin landscape at the single-cell level>~>.
Together, these and other methods are illumi-
nating the substantial heterogeneity present in
cellular populations and enable the reconstruc-
tion of tissues and the probing of interactions
between cells within these tissues.

All nuclei within heterogeneous samples
carry the same genome, and therefore differ-
ences between cells must be the result of epige-
netic differences. One can view the organization
of the genome inside the nucleus (or the 3D
genome) as an additional layer of epigenetic
regulation. 3D genomes can be subdivided
into active (A) and inactive (B) compart-
ments® that are strongly correlated with their
radial position in the nucleus. Inactive regions
are located at the nuclear periphery, overlap-
ping with nuclear lamina-associated domains
(LADs)”. Active regions, on the other hand,
are often found more internally. A and B
compartments can be further subdivided into
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topologically associating domains (TADs)®?,

which are insulated genetic neighborhoods
that ensure proper communication between
enhancers and promoters within the same TAD
and prevent miscommunication of enhancers
and promoters that lie in different TADs!?.
Within TADs, an additional layer of complexity
is created by preferential looping of sites bound
by the insulator protein CTCF!!.

The above discoveries have been made pos-
sible by the development of Hi-C7, a molecular
method that enables the identification of
genomic regions that are in close proximity.
Whereas most Hi-C analyses are done on cell
populations, typically using millions of cells,
in 2013, Nagano et al. described a method for
downscaling Hi-C to single cells'2. The recent
work by Stevens et al.!® introduces two critical
steps that make this analysis amenable to high-
resolution computational modeling of the spa-
tial organization of a complete genome. First,
the authors employ live-cell microscopy to
select cells in the G1 phase of the cell cycle. In
addition, they use haploid embryonic stem cells.
This is crucial, because in a diploid genome,
mapped interactions derive from both parental
chromosomes, so their complement is a mix of
two differently folded chromosomes. In a hap-
loid genome, such ambiguities do not exist.

The authors have also developed a computa-
tional analysis framework to perform 3D mod-
eling of entire genomes. The interactions that
are found in a single nucleus by Hi-C are used
as restraints to generate 3D models of chromo-
somes (Fig. 1a). In the Hi-C data from haploid
cells, very few interactions are detected that

would not be possible in the 3D genome mod-
els (for example, between loci that are far apart
in the model), strongly suggesting the models
are correct. When a 3D genome model was cre-
ated using data from a single cell containing
a duplicated chromosome, the resulting 3D
structure of this chromosome contained many
interactions that violated the model, showing
that the model for this chromosome was incor-
rect. This underscores the importance of using
haploid genomes for single-cell Hi-C when the
objective is to model chromosomes.

To further validate the observed structures, the
authors project well-known measures of genome
organization onto the 3D models, such as A/B
compartments, LADs and gene expression. The
resolved models clearly recapitulate previous
observations regarding genome organization: the
LADs and the B compartment are found at the
periphery of the chromosome territory, whereas
active genomic regions are buried inside the chro-
mosomes and therefore the nucleus (Fig. 1b).
Deep within the nucleus, a second layer of B
compartment and LADs are found lining the
nucleolus, which is in agreement with previous
single-cell tracking experiments!'®. At a deeper
level, the models also provide a measure for the
compaction of TADs. In different cells, TADs
assume different levels of compaction, suggesting
that TADs are not inert globules with very high
self-interaction. Rather, they are dynamic struc-
tures that can assume distinct conformations
(Fig. 1c). These observations are in line with the
loop-extrusion model', which has recently been
proposed based on computational simulations as
an explanation for TAD formation!® (Fig. 1d).
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Figure 1 Single-cell models of chromosomes reveal principle characteristics of nuclear organization.
(a) Single-cell Hi-C is performed to identify contacts between chromosomal regions (1). The contacts
are sequenced using Illumina paired-end sequencing (2) and used as restraints in performing
computational modeling of 3D genome structures (3). (b) Genome structures recapitulate known
features of nuclear organization. Images of genome structures are adapted from ref. 13. (¢) Structures
of TADs show that they can exist in both compacted and elongated conformations. (d) Schematic
representation of the loop-extrusion model. A chromatin region is captured by an extrusion complex
forming a tiny loop (2), which is actively extended, leading to the formation of larger loops (3).
Ultimately, the extrusion complex releases the chromatin, leading to the dissolving of the loop (4).

Stevens et al.!3 are able to resolve 3D mod-

els using a relatively modest number of unique
contacts (at least 26,000), which gives a resolu-
tion of ~100 kb. To achieve the resolution of
chromatin interactions mediated by CTCF,
the resolution of the model needs to be at least
an order of magnitude higher, which requires
improvement of the recovery of contacts from
Hi-C data. This will be a major challenge for
future experiments.

An important conclusion is that diploid- (or
population-) based Hi-C data cannot be used to
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resolve 3D genome models. This also impacts
existing 3D genome models!” and model-
ing software. It will be interesting to see how
population-based chromosome models stack up
to single-cell models and how single-cell data can
be used to improve the population-based mod-
eling. The requirement of haploid cells severely
limits the choice of model systems for this type
of modeling experiment. An alternative would
be to use model systems with extremely high
genetic diversity between the parental chromo-
somes, such as Mus musculus x Mus castaneus
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Figure 2 Alternatives to using haploid genomes for single-cell genome modeling. (a) In a diploid
genome, two copies of every chromosome are present, each with its own specific conformation and
contacts. If homologous chromosomes have a high enough sequence diversity, read pairs, and therefore
contacts, can be assigned to the maternal or paternal chromosomes. This information can then be

used to perform modeling on the complete diploid chromosome set. Images of genome structures
adapted from ref. 13. (b) For genomes with lower sequence diversity, larger fragments containing
multiple contacts should be sequenced. When the fragment contains a genetic variant, this fragment
can be assigned to a parental chromosome. Given that the human genome contains approximately one
sequence variant every 1 kb, sequencing a 10-kb fragment should yield roughly ten informative variants.

F, hybrid embryonic stem cells, which on aver-
age have a sequence variant every 130 bp. This
would enable unambiguous assignment of con-
tacts to one of the two parental chromosomes
(Fig. 2a). For obvious reasons, this is not a
solution for human cells, in which the genetic
diversity between alleles is ~0.1% or 1/1,000
bp. However, long-read technology'® coupled
to fully haplotyped genomes may offer a solu-
tion here (Fig. 2b).

Stevens et al. analyzed eight single cells'3.
However, the number of possible constella-
tions of nuclear interactions also shown in this
work makes the organization of chromosomes
very heterogeneous by definition. Therefore,
to draw meaningful quantitative conclusions
about cell-to-cell heterogeneity, it is neces-
sary to dramatically increase the throughput.
Recently, an approach using combinatorial
barcoding has analyzed thousands of cells
in parallellg, but this method resulted in a
lower read depth compared to Stevens et al.'?
The authors of the original single-cell Hi-C
analysis have shown that robotics can also be
used to analyze thousands of cells?’. When
single-cell genome modeling is performed
with strongly increased throughput, it will be
possible to start systematically cataloguing the
heterogeneity in chromosome models and see
whether common organizational themes can
be identified. It will be particularly interest-
ing to see if the cell-to-cell heterogeneity that
is identified in scRNA-seq is reflected in 3D
genome models or whether the 3D genome is
a scaffold upon which cell-to-cell variability
plays out.
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