Advances and challenges in epigenomic single-cell sequencing applications
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ABSTRACT

Understanding multicellular physiology and pathobiology requires analysis of the
relationship between genotype, chromatin organisation and phenotype. In the
multiomics era, many methods exist to investigate biological processes across the
genome, transcriptome, epigenome, proteome and metabolome. Until recently, this
was only possible for populations of cells or complex tissues, creating an averaging
effect that may obscure direct correlations between multiple layers of data. Single-
cell sequencing methods have removed this averaging effect, but computational
integration after profiling distinct modalities separately may still not completely reflect
underlying biology. Multiplexed assays resolving multiple modalities in the same cell
are required to overcome these shortcomings and have the potential to deliver

unprecedented understanding of biology and disease.



The ability of cells to differentiate and their plasticity to adopt new states or identities
are central features in the development and homeostasis of multicellular organisms.
Cell fate decisions are the results of environmental cues such as cell-cell interactions
and binding of soluble factors or ligands with their receptors. These interactions lead
to the establishment and maintenance of cell-type specific gene expression
programs which are orchestrated by the interplay of genomic and chromatin
organisation with cell-type and cell-state specific transcription factor repertoires [1].
Defining cell types and states requires single-cell assays - during the last
decade next-generation sequencing, imaging and engineering technologies have
provided an unprecedented insight into the biology and heterogeneity on a single-
cell level [2] leading to an unprecedented understanding of biology and disease.
These technological single-cell advances are important since bulk measurements
obliterate crucial information by averaging signals from individual cells. In particular,
next-generation sequencing (NGS) has proven to be a remarkably sensitive means
of monitoring gene expression, epigenetic modifications, chromatin and nuclear
structure, and other aspects of cellular state [1]. This remarkable progress now
provides investigators with tools to move further towards mapping and cataloguing
critical features such as transcriptomes, epigenomes, metabolomes and proteomes
on a single-cell level [3-10]. Whilst single modality interrogation for some of these is
possible, the combination of these is at its infancy but would ultimately allow to
precisely define cellular states. The construction of comprehensive systems biology
models of cellular contexts will eventually provide unparalleled insights into
physiology and disease. In this review we will briefly summarize underlying concepts
and assays that allow interrogation of cell states and we will indicate the challenges
lying ahead.

Current approaches to sequencing-based single-cell technologies - Most
single-cell genomics assays have been adapted from similar techniques developed
for analysing bulk-cell populations. Nonetheless, most single-cell sequencing based
assays require a minimum level of input material that exceeds that of a single cell
and accordingly, amplification strategies and development of instruments that
physically capture and isolate individual cells provided the first major advancements.
Multiplexed single cell sequencing methods can be well-based (where a cell is
transferred into an individual well of a multi-well plate, which acts as a discrete
reaction vessel for subsequent steps), microfluidics i.e. lab-on-a-chip-based (where



single cells are held at discrete capture sites on a microfluids chip and some steps of
library preparation occur in an automated fashion) or droplet-based (where large
numbers on cells are individually captured in droplets within an oil emulsion, which
then act as enclosed reaction vessels). Well-based and lab-on-chip-based
approaches largely remain limited to interrogating hundreds to the low thousands of
cells, but may deliver richer information, including coverage of whole transcripts,
detection of lower abundance analytes or measurement of analytes not currently
amenable to higher throughput approaches. On the other hand, droplet-based
multiplexed assays are capable of reporting on many thousands of cells, opening up
applications not practical with lower cell humbers. However, the use of barcoded
oligo beads in these assays bring their own limitations, such as incomplete analyte
capture or restriction to end-sequencing of mMRNA transcripts.

Figure 1 illustrates the various sequencing-based assays which we briefly describe
here (see figure legend for abbreviations not defined in the text). The first report of
combined single cell epigenome and transcriptome profiling was scM&T-seq [11].
scM&T-seq builds upon G&T-seq [12] (which multiplexed single cell genomics and
transcriptomics) to provide the first report of combined single cell epigenome and
transcriptome profiling. In scM&T-seq, mRNA is captured onto oligo-dT beads,
separated and amplified by Switch Mechanism at the 5" End of RNA Templates
(SMART-seq), whereas DNA is subjected to bisulphite treatment followed by library
preparation using a modified single-cell bisulfite sequencing (scBS-seq) protocol.
Subsequently, scMT-seq [11] and scTrio-seq [13] were reported. These well-based
methods involve selective lysis of the cell membrane to release mRNA into solution,
followed by physical separation of the nuclei. In both methods, nuclei are subjected
to single-cell reduced-representation bisulfite sequencing (scRRBS) to interrogate
the DNA methylome, while mRNA libraries are constructed by the SMART-seq2
protocol [14] for scMT-seq or by the method of Tang et al. [15] for scTrio-seq. In
addition to DNA methylation, scMT-seq was able to extract (single nucleotide
polymorphism, SNP) information from the DNA sequencing, whereas scTrio-seq was
able to computationally infer copy number variants (CNV) from the scRRBS.

Similar information is produced by scNMT-seq [16], where single cells are lysed in
wells containing GpC methyltransferase, which labels accessible DNA. RNA and
DNA libraries are then prepared by the methods of scM&T-seq and scBS-seq [17],



respectively, permitting the measurement of chromatin accessibility, DNA
methylation and transcription in single cells.

scCOOL-seq [18] takes this one step further, by combining NOMe-seq [19], which
leverages GpC methyltransferase, and post-bisulfite adapter tagging (PBAT), along
with  lambda DNA spike in, to simultaneously analyse chromatin
accessibility/nucleosome positioning, DNA methylation, CNV and ploidy. A
subsequent method by the same group, improved scCOOL-seq (iscCOOL-seq) [20]
and addresses the low methylome mapping rate observed with previous approaches.
Tailing- and ligation-free method for single cells (TAILS) is used to construct
methylome libraries and improve mapping efficiencies. However, CNV and ploidy
was not demonstrated by iscCOOL-seq and, although scRNA-seq was reported as
part of the protocol, this was not performed on the same cells interrogated for
epigenomic information.

The ability of Tn5 transposase to cut DNA and append known sequences at the cut
sites has made Assay for Transposase-Accessible Chromatin using sequencing
(ATAC-seq) the methods of choice to examine chromatin accessibility [21]. sci-CAR
[22] is a well-based method, but makes use of single cell combinatorial indexing
(sci), and effectively combines sci-ATAC-seq and sci-RNA-seq into a single protocol.
Using this approach, sci-CAR is capable of profiling both chromatin accessibility and
the transcriptomes of many thousands of single cells. However, this high throughput
profiling, combined with the inherent splitting of mixed RNA and DNA prior to
amplification, results in extensive signal loss as well as only reporting on the 3’ ends
of RNA transcripts.

scCAT-seq [23] is a well-based method that separates the RNA from the nucleus,
before RNA libraries are made by SMART-seq2 and, after Tn5 transposition of the
nucleus, scATAC libraries are made using a carrier DNA-mediated protocol.
However, while this method overcame the signal loss of sciCAR and reported on full
length transcripts, it was only cable of analysing small numbers of cells (74
reported).

ASTAR-seq [24] and T-ATAC-seq [25] are a microfluids lab-on-a-chip assay that use
the Fluidigm C1 platform. Both assays return scATAC-seq data, but they differ in that
ASTAR-seq also interrogates the transcriptome, whereas T-ATAC-seq enriches
small sets of target genes. ASTAR-seq was validated on a number of cell lines,

yielding results in the range of hundreds of cells for each cell type, with



improvements in mapping over previous methods, whereas T-ATAC-seq was used
to study T-cell receptor-encoding genes in parallel with chromatin accessibility.
SNARE-seq [26] (see Figure 2) describes an innovative droplet-based approach to
multiplexing single cell transcriptomics and chromatin accessibility. Pooled extracted
nuclei are treated with Tn5 transposase prior to encapsulation on a Drop-seq
platform. Standard polyT barcoding beads capture both mRNA directly and
transposed DNA via a splint oligo that binds to the polyT oligo at one end and the 5’
overhang of transposed DNA at the other end. After droplets are broken, on-bead
reverse-transcription with a template switch oligo and covalent ligation of tagmented
DNA to the bead are performed in a single step, followed by simultaneous
amplification of both cDNA and transposed DNA. Amplified material can then be split
without loss of information. Since amplified cDNA and transposed DNA already
contain cellular barcodes, library preparation can proceed independently using
standard bulk methods. SNARE-seq was used to examine transcriptomes and
chromatin accessibility in both cell lines and mouse cortex tissue, reporting on over
10,000 cells for the latter.

Pooled CRISPR-based screens offer tremendous potential to accelerate target
discovery in disease and for the dissection of complex biological pathways.
However, such screens have largely been restricted to simple readouts such as cell
survival or suitable marker proteins. Combining CRISPR screens with single cell
transcriptomic and/or epigenomic readouts has the potential to overcome these
restrictions.

Perturb-ATAC [27] multiplexes CRISPR screening with chromatin accessibility using
pooled lentiviral gRNA libraries and the Fluidigm C1 platform to perform on-chip
tagmentation of chromatin and RT of guide barcodes, followed by off-chip library
production. Perturb-ATAC was used to dissect gene regulation networks in 2,627
lymphocytes using a library of 40 gRNAs targeting trans-factors.

All of these diverse methods demonstrate that there is ample scope for multiplexing
at the level of single-cell sequencing. Combinations of some of these existing
methods offer pathways for greater levels of multiplexing, such as the inclusion of
transcriptomic information in scCOOL-seq using approaches similar to those of
scM&T-seq or scMT-seq, or use of the oligo-modifying approach of DART-seq [28] to
develop a hybrid assay that eliminates the need for the splint oligo in SNARE-seq,
thereby reducing the number of hybridization events needed for target capture.



CITE-seq [29], REAP-seq [30] and ECCITE-seq [31] are novel methods that
incorporate DNA-barcoded antibodies into the workflow allowing to perform
multimodal single-cell protein, RNA/transcriptome or CRISPR-screen assays. It is
conceivable that this approach can be expanded to include chromatin accessibility
through e.g. ATAC-seq or possibly in the future with other epigenetic readouts. One
area where single cell multiplexing is yet to be demonstrated is with ChIP-seq, which
allows the location of specific proteins or protein post-translational modifications to
be determined in relation to DNA sequence. However, with the recent description of
CUT&Tag [32], which couples Tn5 transposase to ChlP antibodies, a modification of
the SNARE-seq protocol to detect chromatin-associated proteins as well as the
transcriptome in single cells, multiplexing would seem imminent.

Spatially resolved transcriptomic approaches - in addition to molecular
characteristics such as transcriptomes or epigenomes, the spatial organisation of
cells is essential to understand their roles. Whilst NGS methods described above
provide information on hundreds or thousands of cells, their spatial information is lost
during required tissue dissociation to obtain single cell suspensions. In MERFISH
[33], an imaging method capable of simultaneously measuring the copy number and
spatial distribution of hundreds to thousands of RNA species in single cells, RNA
molecules are identified via a combinatorial labelling approach that encodes RNA
species with barcodes. This is followed by sequential rounds of single-molecule
fluorescence in situ hybridization (smFISH) to read out and map these barcodes onto
spatially preserved tissue slices. A conceptionally different approach (spatial
transcriptomics) [34] involves spatially arrayed and barcoded capture
oligonucleotides, upon which tissue sections are placed followed by cell lysis,
leading to conservation and reconstruction of spatially conserved mRNA species
upon sequencing. A further development of this concept (high definition spatial
transcriptomics, HDST) [35] entails capture of RNAs from tissue sections on a
dense, spatially barcoded bead array. These recent developments suggest further
imminent advances in multimodal spatial NGS methods.

Computational challenges - As the scale and complexity of new datasets are
generated exponentially [36, 37], this presents the computational biology field with
the challenge of developing new methodologies. Moreover, new computational
approaches for normalisation, data integration and visualisation across often variable

datasets will also be required. In the following section we will discuss the



developments, opportunities and challenges that remain in integrating single-cell
data, including reference to multi-modal and spatial datasets.

Integration of single-cell datasets across different experiments - Experimental
factors, which include both technical elements, as well as biological features make
integration of sScCRNA-seq data challenging. The aim of scRNA-seq data integration is
to eliminate the effect of experimental factors driving variation across multiple
datasets (Figure 3).

One of the most successful and popular methods for integrating data across different
experiments is the Seurat v2 R toolkit [38]. Seurat v2 implements canonical
correlation analysis (CCA) to identify sources of variation between different datasets
[39], followed by alignment of canonical correlation vectors. Ultimately, the steps in
the method project cells into low-dimensional space so that cells are positioned
according to their biological state, which is independent of their experimental, donor
or species origin. A similar approach is also implemented by mnnCorrect, which
accomplishes similar goals to CCA [40]. Because each approach assumes that all
datasets share at least one cell type in common or that the gene expression profiles
share the same overall population structure across all datasets, these methods are
prone to overfitting. This becomes particularly evident upon integrating datasets that
have considerable differences in population structure or cellular composition.
Overcoming these shortcomings in dataset integration was the motivation for
scanorama, a method for integrating multiple scRNA-seq datasets that are
composed of highly heterogeneous transcriptional phenotypes [41]. The method is
based on computer vision algorithms for panorama stitching and involves
identification of nearest neighbours to recognise shared cell types among pairs of
datasets. Mutually linked cells from matches are leveraged to correct for batch
effects and merge experiments together [41]. This method appears to be a
substantial improvement for integrating datasets where there is disparity between the
population structure between experiments.

Other specific approaches to integrate different scRNA-seq datasets include
methods that utilise factor analysis [42] and cluster based nearest neighbours [43], in
addition to normalisation methods such as SCnorm [44] and scran [45] that can also
be applied for combining multiple scRNA-seq datasets. Additionally, several groups
have demonstrated the utility of neural networks for embedding scRNA-seq datasets
in a scalable manner [46-50]. However, the recently published single-cell variational



inference (scVI) framework stands out from other deep learning approaches because
of its ability to explicitly model both library size and batch effects. scVI is based on a
hierarchical Bayesian model in which the conditional distributions are specified using
a deep learning approach to aggregate information across similar cells and genes.
Integration of single-cell datasets across different modalities - Single-cell RNA
sequencing (scRNA-seq) is the most common of the single-cell methodologies, with
a broad range of technologies that have differing sensitivities, costs and throughput
[14, 36, 37, 51]. More recently, other single-cell genomic methods such as chromatin
accessibility, chromatin and transcription factor occupancy [32], DNA methylation,
proteomic and genomic profiling have complemented the development of scRNA-seq
technologies. However, these different types of data present a major computational
problem when it comes to attempting to integrate the data across modalities.

There is an extensive number of clustering methods for scRNA-seq or scATAC-seq
and most assume that the cells they are sampled from do not represent the same
population [52, 53]. However, if cells are sampled from the same population and
multiple different single-cell measurements are performed, then it can be assumed
that each measurement can inform the analysis of another measurement. Duren et
al [54] proposed a method based on coupled non-negative matrix factorisation
(NMF) to perform coupled clustering of both scRNA-seq and scATAC-seq to infer
both the expression profile and the accessibility profile for each subpopulation [55].
Other methods such as self-organising maps [56] and bulk reference guided
approaches [4] have also been used to integrate scRNA-seq and scATAC-seq.
However, even though the integration of these two profiles reveals a great deal
about the active regulatory elements in each subpopulation, a link between active
regulatory elements and the active genes cannot be made. This was the motivation
for Zeng et al [57] to incorporate 3D contact data, such as HiC or HiChIP into their
De-Convolution and Coupled Clustering (DC3) NMF model. The authors were able
to effectively improve the coupled clustering of the single-cell data and were
subsequently able to deconvolve the bulk population profiles of HiChIP data into
subpopulation-specific profiles so that they can inform regulatory networks for each
subpopulation.

In order to develop a comprehensive framework for integrating different single-cell
modalities, defining a shared anchor point between each dataset is required. One
approach to define this shared anchor point was proposed for bulk sequencing
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integration by Argelaguet et al [58]. The Multi-omics Factor Analysis (MOFA) method
identifies sets of factors that explain the variance across multiple data modalities
[58]. This method was extended to integrate 87 single-cell methylation and
transcriptome sequencing profiles performed using scM&T-seq [11]. This revealed
organised DNA methylation and transcriptome changes during mouse stem cell
embryonic differentiation. This suggests that bulk methods can be repurposed to
reveal improved interpretation of single-cell data. Aligned with this joint analysis of
multimodal dataset analysis, more recently, two groups have described strategies for
accomplishing dedicated multimodal analysis approaches that utilise frameworks
that permit identification of shared properties in the gene expression space. Welch et
al implement linked inference of genomic experimental relationships (LIGER), which
leverages an integrative non-negative matrix factorisation (iNMF) strategy to identify
reduced dimensionality vectors that describe the major source of variation between
two or more datasets [59]. The approach is highly scalable and manually tuneable.
Stuart et al [39] built upon the CCA alignment methods built into Seurat v2 R toolkit
[38]. It implements a method similar to scanorama, in which a set of alignments are
generated by finding the mutual nearest neighbours (MNN) across all cells [41].
However, the advantage of applying MNN to Seurat was the ability to perform
transfer learning and to project cellular states across different modalities. Both Welch
et al [60] and Stuart et al present a number of extended applications beyond
scRNA-seq for their tools. Welch et al anti-correlate CpG methylation with scRNA-
seq, which allowed further cell type identify refinement and exploration of the DNA
methylation-transcriptional relationship. Stuart et al apply transfer learning using
immune cell data when they used CITE-seq and employed this to impute the protein
expression to a larger Human Cell Atlas (HCA) dataset. Furthermore, given the
similarity between Seurat v3 and scanorama, it is conceivable that scanorama could
be extended to handle multi-modal datasets also.

As datasets expand in their complexity and quantity, powerful approaches for
‘multiview’ machine learning are likely to emerge as single-cell analysis approaches
[39]. One ideal approach suggested would be to construct single-cell maps based on
a join kernel that incorporates all measured single-cell omics layers (reviewed by
[61]). However, it is unclear at present whether this could be performed in a
computationally efficient manner in a framework that would be superior to current

state of the art methods.
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Integration of single-cell and spatial datasets - The spatial organisation of cells in
a tissue reflects its function and the cellular localisation can be important for
explaining the differences in cellular differentiation and cell state. Spatial localisation
of gene expression in single-cells underpins the function of a tissue, as similar gene
expression profiles can occupy similar spatial domains in situ. A major computational
effort is currently focused on integrating single-cell and spatial datasets. Often spatial
datasets lack the high resolution achieved by single-cell sequencing and these
experimental limitations can be overcome by integrating the two datasets together to
reinforce the spatial expression maps. The computational integration of spatial data,
gathered using FISH and scRNA-seq, was demonstrated in two seminal publications
by Satija et al and Achim et al [62, 63]. The main idea behind their approach was to
use a reference map of informative marker genes as a guide to assign spatial
coordinates to single-cell sequenced cells. The methods were then successfully
used in a number of tissues including to study stem cell differentiation in Drosophila
embryos and mammalian liver [64, 65]. Nitzan et al 2019 [66] can reconstruct de
novo the spatial gene expression profile of tissue, without reliance on any prior
information. Despite the advances made so far in single-cell sequencing assays and
spatial integration, new methods of integration will provide an unprecedented level of
understanding between the spatial and functional organisation of tissue.

Outlook

Whilst significant progress has been achieved over the last 5 years to develop single
cell assays and analysis methods with the aim to obtain integrated data across
different modalities such as transcriptome, chromatin, epigenome and proteome,
several obstacles remain. Sensitivity of single cell sequencing based assays limits
the obtainable information from any one cell, hence reliable amplification and
detection techniques need further development, especially protein-based NGS
single-cell technologies, which are currently restricted to DNA-barcoded antibody
detection of relatively few (and not proteome-wide) targets. Furthermore,
multiplexing of different NGS assays may hit practical limitations when two or more
modalities require the same analyte. For example, it is difficult to envisage assays
where scChlIP-seq and scATAC-seq or DNA methylation are examined in the same
cell, since measuring one may prevent detection of the others. In order to merge
different data types from various types of analytes (including in the future
metabolomics) computational methods need further development, before robust
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deployment. One of the main issues is scalability of computational methods. These
demand significant resources e.g. memory availability when computing across
millions of cells. This will be more apparent for deep learning approaches, where the

running times for model fitting can be significant.

HIGHLIGHTS
* Progress in microfluidics, imaging and chemistry permit multiple single-cell
assays
* Multiplexing is possible including epigenetic or chromatin assays
* Spatial transcriptomic methods allow identification of cell states in tissues
* Computational solutions are developed to achieve integration of different data
types
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LEGENDS to Figures

Figure 1: Overview of selected single-cell sequencing-based approaches that
interrogate multiple modalities. Abbreviations: G&T-seq, genome and transcriptome
sequencing; scM&T-seq, single-cell genome-wide methylome and transcriptome
sequencing; scMT-seq, single-cell methylome and transcriptome sequencing;
scNMT-seq, single-cell nucleosome, methylation and transcription sequencing;
scNOMe-seq, single-cell nucleosome occupancy and methylome-sequencing;
scCOOL-seq, single-cell chromatin overall omic-scale landscape sequencing;
iscCOOL-seq, improved scCOOL-seq; sci-CAR, single-cell combinatorial indexing -
chromatin accessibility and mRNA; scCAT-seq, single-cell chromatin accessibility
and transcriptome sequencing; ASTAR-seq, assay for single-cell transcriptome and
accessibility regions sequencing; T-ATAC-seq, transcript-indexed ATAC-seq;
SNARE-seq, single-nucleus chromatin accessibility and mMRNA expression
sequencing; CITE-seq, cellular indexing of transcriptomes and epitopes by
sequencing; REAP-seq, RNA expression and protein sequencing; ECCITE-seq,
expanded CRISPR-compatible cellular indexing of transcriptomes and epitopes by
sequencing.

Figure 2: DROP-seq principle, also depicting SNARE-seq modifications (shown in
bold). Barcoded beads in a cell-lysis solution, cells and oil are passed through a
microfluidics device to create aqueous droplets in an oil emulsion (in SNARE-seq,
nuclei are extracted from cells and pre-treated with Tn5, before encapsulation with
beads, along with a splint oligo). Within droplets, polyadenylated RNA transcripts are
captured onto the beads (in SNARE-seq, the splint oligo also binds to the capture
sequence and tagmented DNA binds to the splint oligo). The emulsion is broken and
MRNA reverse transcribed (RT) using a template switch oligo (TSO) (in SNARE-seq,
the captured DNA is ligated to the barcoding oligo in the same reaction mix as the
RT, after which PCR simultaneously amplifies cDNA and transposed DNA before the
reaction is split for separate library preparation). cDNA is amplified using the
SMART-primer and TSO handles, before fragmentation/adapter addition and
indexing using a Nextera XT kit (lllumina) to create scRNA-seq libraries (in SNARE-
seq, tagmented DNA is indexed using primers against the SMART primer site and
the MEDS sequences added by Tn5 transposase. PAGE-gel purification is used to
appropriately size select the final sCATAC-seq libraries.

Figure 3: Strategies for the integration of single-cell multimodal datasets above and
beyond final result integration, such as those described by Bock et al 2016 [67]. (A)
Multi-view matrix factorisation methods align the datasets into conserved low-
dimensional space. Recently, a number of methods have been successfully
developed and applied to integrate single-cell multi-omics datasets and include
Seurat V3 [39], LIGER [60] and MOFA [58]. (B) Similar to multi-omics bulk
approaches, dependencies between omics layer can be visualised as interlinking
networks, allowing for jointly regulated cores. Thus, biological information can be
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inferred through the edges of the network. (C) Deep learning approaches have also
been suggested as possible multi-view learning approached for single-cell
multimodal integration, where they have been successfully applied at the bulk level
[68]. (D) First proposed by Colome-Tatche et al 2018 [61], instead of treating the
omics layers as separate, a more suitable approach would be to construct single-cell
maps based on a joint kernel that incorporates all measured layers. This approach
would join multi-space measurements that deliver a single similarity value between
them. The advantage of this method would be that the output data could be analysed
directly using standard analysis on the integrated datasets. Figure adapted from [61].
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Figure 3
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