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Abstract

Structural variants (SVs) are genomic rearrangements that can take many different forms such as copy number alterations, inversions
and translocations. During cell development and aging, somatic SVs accumulate in the genome with potentially neutral, deleterious
or pathological effects. Generation of somatic SVs is a key mutational process in cancer development and progression. Despite their
importance, the detection of somatic SVs is challenging, making them less studied than somatic single-nucleotide variants. In this
review, we summarize recent advances in whole-genome sequencing (WGS)-based approaches for detecting somatic SVs at the tissue
and single-cell levels and discuss their advantages and limitations. First, we describe the state-of-the-art computational algorithms
for somatic SV calling using bulk WGS data and compare the performance of somatic SV detectors in the presence or absence of a
matched-normal control. We then discuss the unique features of cutting-edge single-cell-based techniques for analyzing somatic SVs.
The advantages and disadvantages of bulk and single-cell approaches are highlighted, along with a discussion of their sensitivity to
copy-neutral SVs, usefulness for functional inferences and experimental and computational costs. Finally, computational approaches
for linking somatic SVs to their functional readouts, such as those obtained from single-cell transcriptome and epigenome analyses,
are illustrated, with a discussion of the promise of these approaches in health and diseases.
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INTRODUCTION
In the last few decades, population-level genomic studies have
uncovered genomic variants that contribute to pathological phe-
notypes as well as disease development and progression. Con-
ventionally, these studies took advantage of single-nucleotide
polymorphism arrays to profile known genomic variants, but
whole-genome sequencing (WGS) was later used to detect both
known and unknown genetic variants in an unbiased manner.
Initially, considerable effort was devoted to identifying single-
nucleotide variants (SNVs); however, recent studies have high-
lighted the importance of large (>50 bp) genomic rearrange-
ments called structural variants (SVs), which involve the deletion,
amplification or reordering of genomic segments. SV detection
often involves searching for breakpoints, that is, the chromosomal
position at which a DNA break occurs. SVs have often been over-
looked in disease studies and clinical decision-making because
of the difficulties in their detection, although they tend to have
a greater effect on gene expression than SNVs or indels [1, 2].
Although SVs occur much less frequently than SNVs, they are
often involved in the loss- or gain-of-function of cancer-related
genes and therapeutic targets in cancer genomes [3].

The genetic pathology of complex diseases is often explained
by germline variations inherited from parents and somatic muta-
tions acquired over a lifespan (Figure 1). Germline and somatic
variants can be distinguished by their allele frequencies because
germline variants are shared by all cells in an individual, whereas
somatic variants are shared by only a subset of cells, owing to nor-
mal admixture (known as tumor purity), tumor heterogeneity and
somatic mosaicism. Therefore, somatic events are often escaped
from the radar of detection algorithms.

Detecting somatic SVs is difficult for other reasons. Somatic
alterations are sometimes complexed with other rearrangements
via catastrophic genomic events such as chromothripsis and chro-
moplexy (Figure 1). Chromothripsis is a cluster of many SVs that
occur in a single catastrophic event, with an oscillating copy
number profile and localized clustering of tens to hundreds of
breakpoints. Chromoplexy is a set of reciprocal SVs that results
from several simultaneous double-stranded DNA breaks in sev-
eral chromosomes that are incorrectly rejoined, leading to a bal-
anced chain of rearrangements [4]. Hence, resolving such com-
plex rearrangements resembles untying terrible entangled paths,
which is not a trivial problem, because SV callers generally take
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advantage of clipped and/or discordant reads as well as read
depth to detect SVs [5]. Pan-Cancer Analysis of Whole Genomes
(PCAWG) has shown that a considerable number of unclassified
complex SVs are present across different tumor types [4]. In
addition, different somatic rearrangements in a locus may result
from the clonal heterogeneity of bulk tumors. In this situation,
very few informative genomic reads support the breakpoints of
each rearrangement, often resulting in unresolved SVs.

However, the precise prediction of somatic SVs usually requires
both tumor and matched-normal samples to reduce false-positive
calls of germline SVs. However, matched-normal samples are
often unavailable in clinical situations because of requirements
for Internal Review Board approval, need for patient consent
and economic issues, among other reasons [6]. Even when false-
positives are removed using cataloged germline variations, the
prediction of personal somatic variations without matched-
normal samples produces many additional false-positives [7].

For these reasons, the high-confidence detection of somatic
SVs remains challenging. To overcome these difficulties, large
computational efforts have recently been made to detect somatic
SVs in tissues using conventional bulk-cell WGS technology.
Additionally, new experimental and computational developments
have allowed somatic SVs to be detected or inferred using single-
cell genomic technologies.

In this review, we provide an overview of the recent advances
in the detection of somatic SVs in both tissue and single-cell
samples. We first discuss the computational methods used for

the analysis of bulk samples, highlighting challenges related to
tumor heterogeneity and the lack of matched-normal samples,
as well as efforts to reduce costs and overcome limitations. Next,
we discuss the newly developed single-cell-based experimental
and computational techniques and compare them with the bulk
sample-based techniques. Finally, we provide new insights into
single-cell multiomics studies and perspectives on their future
contributions to the field.

ADVANCES IN SOMATIC SV DETECTION
METHODS IN BULK GENOME SEQUENCING
DATA
A typical method for identifying SVs is to search for abnormali-
ties when sequencing reads are mapped to a reference genome.
Such abnormalities in the mapped reads include discordant and
clip-/split-reads. Discordant reads occur when a pair of reads is
mapped in a non-canonical orientation or when the insert size
between them is unusually long or short. This situation arises
when the breakpoint of the SV exists between a pair of reads,
making the sequence generated by the variation not necessarily
visible in the read.

In contrast, clip-/split-reads are identified when there is at
least one SV breakpoint within the read sequence. If only a portion
of the read is mapped, whereas the rest is not, it is called a clip-
read, and the unmapped part is called clipped. However, if the
remaining portion of the read is mapped to different locations

Figure 1. Accumulation of somatic SVs in cellular systems. SVs are genetic rearrangements that include CNAs, inversions, translocations, and complex
events such as chromothripsis and chromoplexy. The dashed lines represent the breakpoints of SVs. Unlike germline SVs shared by all cells in an
individual, somatic SVs are shared only by a subset of cells; such SVs are newly generated in individual somatic cells and then accumulate during
divisions of those cells during the lifespan. Somatic SVs can be neutral or pathological; the latter can affect clonal hematopoiesis in the blood
compartment and lead to cancer at various sites in the body. HSC, hematopoietic stem cell.
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Figure 2. Abnormalities in mapped reads and complications affecting SV detection. (A) Abnormalities in mapped reads for different types of SVs.
Sequencing reads are represented as arrows, and paired reads are connected by lines. In discordant reads, a short or long insert is denoted by a red
line, and a noncanonical orientation of reads is indicated by red arrows. For both clip-reads and split-reads, the clipped portion of the read is marked
in orange. In split-reads, a single read is mapped to two distinct sites, and corresponding clipped sequences are also marked in orange. For simplicity,
only forward reads are displayed, and one of the read pairs is displayed on clip-reads and split-reads sections. (B) Challenges for the detection of SVs.
Repetitive sequences are denoted as red boxes, and inserted sequences absent from the reference genome are marked as orange boxes. These could
originate from population-specific sequences, mobile elements, or viral sequences.

in the reference genome, indicating that two or more segments
of the read originated from different genomic locations, the read
is called split-read (Figure 2A). If SV is accompanied by a change
in the copy number, the sequencing depth of the genomic region
should also be considered. Some previous tools have also used
local assembly around breakpoints to resolve the structure and
sequence of SVs [8–11]. However, multiple factors can complicate
the detection of SVs (Figure 2B). These include the presence of
repeats or microhomology at breakpoints, complex SVs, single
breakpoints, SVs in repetitive regions or the presence of different
SVs from two alleles or clones at the same locus.

Previous studies based on long-read sequencing have shown
that healthy individuals can have as many as 20 000 SVs on
average compared with the reference genome [12–15], which is
double the number detected by short-read sequencing [16]. The
high number of SVs in healthy individuals indicates the preva-
lence of both somatic and germline SVs, leading to a focus on
somatic SVs in cancer genomic studies. The most common and
effective way to filter germline variants from somatic variants is
to compare a tumor sample to a matched-normal sample [17]
because germline but not somatic variants would be found in
both samples. Although the use of matched-normal samples is
the de facto standard for somatic variant detection because of
the reliability of this approach [7, 17], the cost of sequencing and
interpreting both tumor and normal genomes, as well as issues
related to patient consent and the availability of pre-existing data,
mean that matched-normal samples are not always used.

Reducing sequencing and computing costs for somatic variant
analysis is important, particularly in cohort-level genome studies

and when there is an urgent clinical demand. Reductions can be
achieved by optimizing bioinformatics analysis pipelines, devel-
oping new algorithms [18], designing dedicated hardware [19] or
developing more reliable methods [18, 20], particularly in cases
where matched-normal samples are not available.

Somatic SV detection with matched-normal
samples
Somatic SV detection with matched-normal samples typically
involves a two-step process: detection of SVs in both cancer-
ous and matched-normal samples, followed by filtration of com-
mon variants, which are likely to be germline variants. Differ-
ent somatic SV callers utilized different filtration approaches
(Table 1). For example, Lumpy [21], DELLY [22] and GRIDSS [8] filter
SVs that are also present in normal samples, whereas Manta [10]
uses a probabilistic filter rather than a deterministic filter by com-
paring normal and cancer-oriented reads. To detect somatic SVs
with high sensitivity and specificity, SvABA [9] uses local assem-
blies made from data of both cancerous and normal samples.
However, local assemblies often generate misassemblies, leading
to false identification of somatic SVs and their breakpoints, as
well as high computational costs and time. Recently, ETCHING
[18] was developed; it utilizes a k-mer filtration strategy to remove
non-informative normal reads from cancer reads. These reads
are unlikely to support tumor-specific somatic variants and are
removed before SV calling. The advantage of this approach is that
it reduces computing cost and time and increases specificity by
pre-filtration of non-informative reads.
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Figure 3. Benchmarking of technologies/algorithms to explore somatic SVs using bulk WGS. (A) (left) Schematic diagram of different filtration strategies.
‘T’ and ‘N’ indicate tumor and normal, respectively. The normal sample can either be absent (no filter), derived from the same patient (matched-normal)
or sourced from a catalog of SV set (panel-of-normals). (right) The number of SVs expected to be detected by three different filtration strategies. (B)
Mean detection power for somatic SVs across varying techniques and sequencing depths.

Somatic SV detection without matched-normal
samples
Several approaches have been proposed for removing germline
variants in the absence of matched-normal samples. One
approach is to consider variant allele frequency (VAF). This
method assumes that heterozygous germline variants have an
expected VAF of 0.5, whereas heterozygous somatic variants
have a VAF much lower than 0.5 [7]. However, VAF is strongly
affected by copy number alterations (CNAs) as well as tumor
purity and heterogeneity, which could result in false-positive and
false-negative results. VAF has mostly been used to account for
SNVs and indels; estimating the VAF of SVs is not straightforward
because of the complexity of SVs and the effects of altered copy
numbers [23].

Another approach is to utilize a ‘panel-of-normals’ (PON),
which leverages the catalog of germline SVs compiled from the
Database of Genomic Variants [24], 1000 Genome Project [25]
and gnomAD [26, 27], to filter out recurrent germline variants
or recurrent technical artifacts. Although the PON approach
has been widely adopted for the analysis of small variants, its
application to the analysis of SVs is relatively recent and is still
under development [18, 20]. Although the PON of germline SVs
is required for successful somatic SV detection, the catalog of
germline SVs is far from complete, partly due to the low accuracy
of current germline SV callers. Several tools that estimate
population allele frequencies of SVs can be adopted as alternative
approaches, although they are not designated for the filtration of
germline variants [28–31]. This approach can also be logically
extended to predict somatic variants by searching for unique
variants that are not present in germline SV databases.

The most recently developed SV caller, ETCHING [18], takes
advantage of a PON-like approach for germline filtration in tumor-
only cases. Instead of using a cataloged set of SVs, ETCHING uti-
lizes a unique set of k-mers constructed from pangenomes, which
implicitly include recurrent germline structural variations. Alter-
natively, STIX [20] utilizes a pre-indexed alignment of population-
level sequencing data to identify reads that support SVs. An SV
supported by reads from multiple samples can be considered a
shared germline variant and is less likely to be a somatic variant.
Both ETCHING and STIX display filtering performances compara-
ble to those obtained by methods using matched-normal samples.

Despite the success of somatic SV prediction methods for
tumor-only samples, these methods still produce false-positive
calls due to rare or private germline variants (Figure 3A). Addi-
tionally, the use of a PON can mistakenly remove true somatic

variants that match germline variants by chance [7, 17]. Moreover,
compared to germline SNVs and indels [32], germline SVs are less
recurrent, with 92% having a VAF < 1% in gnomAD data [26].
Therefore, the use of matched-normal samples is often consid-
ered an ideal approach for somatic variant detection.

Inference of SV allele frequencies in bulk
genome sequencing data
Clinical interpretation of variants is influenced by tumor purity
and heterogeneity [33, 34]. The general procedure to account for
these factors is to precisely infer the VAF of genetic variants. In
the case of SNVs, VAF is calculated by dividing the number of
reads supporting a certain variant allele by the total read depth
at a certain position. Theoretically, the VAF of an SV can be
calculated similarly by counting the number of reads supporting
a breakpoint divided by the total read depth at the breakpoint
(Figure 4A). However, SVs are generally associated with two break-
points with unequal VAFs and are often involved in CNA, hinder-
ing their VAF estimations. In addition, the criterion for selecting
breakpoint-supporting reads is not straightforward and requires
proper optimization. For instance, SVclone [23] optimized the
criterion for supporting reads by simulating SVs with known VAFs
and tumor purity, whereas Meltos [35] and Breakdown [36] used
the maximum likelihood estimation of the probability distribution
of the VAFs.

A standard sequencing depth (30× for normal samples and
60× for tumor samples) for detecting somatic variations is often
insufficient to infer the low VAFs of SVs. For example, the detec-
tion power rapidly decreased for SV VAFs < 20% [37] (Figure 3B).
This phenomenon is problematic because some tumors, such as
lung adenocarcinoma, lung squamous cell carcinoma, and kidney
renal clear cell carcinoma, often have a tumor purity <50% [38],
making it difficult to detect SVs present in <40% of the cells in
the tumor population via standard WGS. More sequencing reads
can be generated to detect SVs with low VAFs; however, the cost
remains an issue. Targeted panel sequencing (TPS) can be an
alternative approach for detecting SVs with low VAFs; TPS can
detect SVs with a VAF of merely 0.5% with thousands of reads
in the targeted region (Figure 3B). However, the TPS approach
is limited in its ability to detect long-range rearrangements or
interchromosomal translocations without defining target regions.

The inferred VAF of SVs can be used to decipher the cell fraction
(CF) with SVs, which refers to the clonal fraction of cancer cells
carrying SVs. In copy-neutral genomes, the CF would be doubled
to the VAF in the case of heterozygous variants (Figure 4A and B).
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Figure 4. Conceptual comparison of the VAF and CF used in bulk and single-cell WGS, respectively. (A) VAF indicates the number of variant reads divided
by the total number of reads observed at the SV breakpoint and is often used for bulk WGS analysis. Three example SV cases are shown in this panel.
The upper panel shows the genomic configuration of SVs, and the lower panel demonstrates the possible outcome of sequencing read alignment to
the reference genome for each SV case. Horizontal bars in the lower panel represent the sequencing read from WGS. Green and blue bars indicate the
segments originated from rearranged genomic regions (green and blue for inversion and tandem duplicate, respectively), and the gray bars show the
genomic segments originated from normal genomic regions. (B–C) CF is the fraction of cancer cells harboring a certain SV and is often used in single-cell
analysis. The VAF and CF values can be interconvertible in specific situations by considering the heterozygosity (B) or homozygosity (C) of the variant.
Each circle represents a single cell, and green and blue borders of circles indicate cells that contain DNA with rearranged genomic segments (SVs).

However, variations in the region with local CNA or aneuploidy
of cancer cells complicate CF estimation (Figure 4B and C) [39].
The need to infer purity, copy number, and ploidy could intro-
duce unavoidable errors and add noise to the CF estimations.
Furthermore, complex SVs can hinder the inference of the true
CF from the SVs because of imperfect estimations of the VAF and
the admixture of clonal SVs in bulk WGS data [23].

Genotypic analysis at the single-cell level using single-cell
sequencing offers a promising means of addressing the limi-
tations described above. Sequencing DNA from individual cells
allows tumor CF with SVs to be determined directly, even if the
variant is present in only a small fraction of the cells. Single-
cell sequencing also allows the quantification of cell-to-cell het-
erogeneity and identification of subclonal variants, which can be
easily missed by bulk sequencing approaches.

ADVANCES IN METHODS FOR SOMATIC SV
DETECTION IN SINGLE-CELL GENOME
SEQUENCING DATA
Single-cell WGS (scWGS) approaches were developed to detect
somatic SVs in single cells [40, 41] (Figure 5). ScWGS requires DNA
amplification to sensitively detect somatic variants at the single-
cell level. During DNA amplification, whole-genome amplification
(WGA) or multiple displacement amplification (MDA) approaches
are used. WGA relies on polymerase chain reaction (PCR)

amplification of a small portion of the genome, which is beneficial
for CNA detection but not for SNV detection. In contrast, MDA
can detect SNVs but not CNAs owing to its uneven coverage
[42]. To overcome this problem, the primary template-directed
amplification (PTA) approach [42] was recently introduced and
is now commercially available. PTA has been applied to detect
somatic SVs in primary human leukemia cells as well as SVs
induced by CRISPR off-target editing in several cell lines and
human cord blood cells [42]. In this study, SV calling was
performed using SvABA, which was previously developed for bulk
WGS analysis [9].

To increase the cell number profiled in an experiment and
reduce biases from the DNA amplification step, an upgraded
direct library preparation (DLP+) method for amplification-free
scWGS following DNA tagmentation was developed using high-
density nanowell arrays and picoliter volume piezo dispensing
technology [43]. This method enables the sequencing of >50 k sin-
gle cells from diverse cell types using microfluidic devices without
a pre-amplification step, allowing the detection of CNAs at the
single-cell level. The DLP+ method was recently applied to study
the mutational processes occurring at the single-cell level. In this
study, tens of thousands of genomes from wild-type and TP53
deficient mammary epithelial cells, as well as from primary triple-
negative breast cancer and high-grade serous ovarian cancer cells,
were sequenced [44]. To detect CNAs at the single-cell level, reads
were first counted in non-overlapping 500 kb genomic bins. After
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Figure 5. Technologies to explore somatic SVs using single-cell-derived genomes. Genomes in individual cells can be profiled either from DNA materials
extracted from single cells or from colonies generated by clonal expansion of single cells. Both approaches include similar pre-processing and alignment
steps (alignment, normalization and segmentation). Afterwards, scWGS [40, 41] and Strand-seq use single cell-specific algorithms to detect somatic SVs.
In the figure, W and C indicate the negative template strand (Watson, ‘W’) and the positive template strand (Crick, ‘C’) that is sequenced in Strand-seq.
Colony-based WGS uses conventional algorithms originally developed for bulk WGS data analysis.

normalizing the GC bias, the copy number was predicted using the
HMMcopy algorithm [45], which was originally developed for bulk
WGS data.

Owing to the unique issues and challenges involved in scWGS
data analysis, several algorithms have been designed (Figure 5
and Table 1). Ginkgo [46], AneuFinder [47], SCNV [48], CopyNum-
ber [49], SCOPE [50] and CHISEL [51] are currently available tools
for calling CNAs from scWGS data. These tools comprise the
following common steps: binning, GC bias correction, mappability
correction, removal of outlier bins and cells, segmentation, and
calling of absolute copy numbers [52]. These methods are special-
ized for the detection of CNAs but not for copy-neutral SV types
or complex events such as chromothripsis.

Because there is only a limited amount of DNA in a single cell, it
is challenging to acquire high sequencing coverage per cell (values
typically range from 0.02× to 10×, depending on the scWGS tech-
nique). Such low coverage makes the detection of copy-neutral
SVs challenging, because these events can only be detected by
reads spanning breakpoints. Thus, single-cell template strand
sequencing (Strand-seq), which detects strand-state changes,
has the advantage of identifying copy-neutral SVs [53]. This is
possible because the cells are treated with BrdU during library
preparation. After one cell division, the non-template strand
containing BrdU substitutions is removed, and only the template
strand is sequenced. The original Strand-seq protocol is based on
single-cell sorting in 96-well plates. To increase throughput and
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enable sequencing of more cells in parallel, the one-pot (OP)-
Strand-seq method, which involves the construction of ∼768
single-cell libraries in one batch, was recently devised [54].
To analyze these data, the scTRIP pipeline was developed by
implementing the Mosaicatcher algorithm, which uses depth,
strand state, and haplotype information to efficiently detect
CNAs, inversions, and complex rearrangements at the single-cell
level [55]. Additionally, various computational algorithms, such
as BreakpointR [56], StrandPhaseR [57] and TranslocatoR [55], are
available for the in-depth analysis of Strand-seq data (Figure 5
and Table 1).

Although Strand-seq is advantageous for efficiently detecting
copy-neutral rearrangements, the mean coverage is only 0.05×
per cell, meaning that SNVs or SVs smaller than 200 kb are
difficult to detect at the single-cell level. By increasing genomic
coverage to up to ∼0.1–0.25× per cell, OP-Strand-seq enables
breakpoint detection with increased confidence; however, the
coverage is still too sparse for the analysis of SNV profiles or
small SVs (<200 kb) [54]. As an alternative approach, colony-
based WGS methods, in which individual cells are physically
separated and cultured to generate single-cell-derived colonies
for bulk WGS, are available. This approach was used to study
clonal dynamics during hematopoiesis and led to the detection
of 77 somatic SVs from 3579 genomes of single-cell-derived
colonies across 10 human subjects [58]. In this study, somatic
SVs were called using GRIDSS [8]. This approach was also
applied for the detection of somatic SVs from single bronchial
epithelial cells across 16 samples to examine the relationship
between smoking and somatic mosaicism using the variant caller
BRASS [59].

CF denotes the proportion of cells harboring the somatic muta-
tion of interest [23]. While the VAF is commonly calculated in bulk
WGS analysis, the CF is often calculated in single-cell analysis,
even though the two metrics are interconvertible (Figure 4). For a
balanced heterozygous SV, the CF is twice that of the VAF, whereas
for a balanced homozygous SV, the CF is the same as the VAF.
Computational algorithms that automatically convert VAF into
CF are available [23]. In this process, tumor purity is used to
calibrate the supporting read counts for the SVs. Although the CF
of a given somatic SV can be inferred from bulk WGS data [23],
calculating the CF from scWGS is more straightforward, especially
for CNAs. An advantage of the single-cell-based approach is that
not only subclonal SVs shared by multiple cells, but also de
novo SVs that appear in a single cell or in a very low CF can
be detected. Additionally, the single-cell approach enables us to
easily understand the subclonal structure by revealing the co-
occurrence of multiple somatic SVs in certain cell subpopulations
in one sample [60].

INFERENCE OF SVS THROUGH SINGLE-CELL
TRANSCRIPTOME AND EPIGENOME
ANALYSIS
An orthogonal computational method was used to infer somatic
SVs from single-cell transcriptomic data (Figure 6). The original
purpose of this method was to link genetic variations (somatic
SVs) to phenotypic variations (transcriptomic alterations). This
method assumes that the average gene expression level in a
genomic bin of a certain size (e.g. ≥100 expressed genes) is
proportional to the DNA copy number in the genomic bin. More
specifically, genomic bins that contain somatic CNA (SCNA)
show abnormally larger (gain of copy number) or smaller (loss

of copy number) average gene expression levels than other bins
in karyotypically normal positions. Based on this assumption,
Patel et al. [61] attempted to infer single-cell SCNAs (scSCNAs)
using single-cell RNA-seq (scRNA-seq) data from patients with
glioblastoma. The computational algorithm was implemented
using the InferCNV package [61], which is now widely used to
infer scSCNAs from scRNA-seq data, regardless of the single-
cell library preparation platform. Another method, CONICS [62],
uses a Gaussian mixture model to infer the presence of SCNAs
at the clonal level. In contrast, HoneyBadger [63] and Numbat
[64] attempted to improve the accuracy of scSCNA prediction
by phasing haplotypes and performing B-allele frequency
estimation. The inferred scSCNAs are integrated with a functional
readout (gene expression) using algorithms such as LIGER [65]
and PAGODA [66] to investigate the functional impact of a CNA at
the single-cell level. STARCH [67] was recently developed to infer
copy numbers and clonal structures based on spatially resolved
transcriptomes. In addition to scRNA-seq, single-cell ATAC-seq
(scATAC-seq) can be used to infer scSCNAs using Alleloscope [68]
and Copy-scAT [69]. The resulting scSCNAs can be integrated with
functional readouts of chromatin accessibility using ChromVAR
[70] and STREAM [71] to gain biological insights into the effects
of scSCNAs on cellular phenotypes. scSCNA inferences provide
a great opportunity to link genetic variations and cellular and
molecular phenotypic alterations in thousands to millions of cells,
which are regarded as experimental replicates. However, these
approaches have technical limitations, as: (1) the SV size should
be large enough (≥10 Mb); (2) the SV should be copy-imbalanced
and (3) the SV should have a high allele frequency.

Recent efforts to improve the confidence with which scSC-
NAs can be inferred from scRNA and scATAC-seq profiles have
exploited the potential to integrate sample-matched bulk WGS
or whole exome sequencing (WES) data. These approaches pro-
vide high-confidence and high-resolution predictions of scSC-
NAs by including precise breakpoint information, allowing for
the detection of even small scSCNAs (<10 Mb). The improved
results led to the clustering of cells into subclones harboring a
certain scSCNA and better inferences of molecular phenotypes
for distinct subclones at a large scale (∼1 000 000 cells). Using
these advantages, the Cardelino method integrates somatic clonal
architecture from bulk DNA sequencing and scRNA-seq data
to investigate differentially expressed genes between subclones
[72]. Alleloscope combines scATAC-seq and sample-matched bulk
WGS/WES data to infer subclonal epigenome profiles associated
with DNA rearrangements at the single-cell level [68]. An unmet
need for this approach is the lack of relevant algorithms to infer
copy-balanced SVs from scRNA-seq or scATAC-seq data. Copy-
balanced SVs can only be detected if reads from scRNA-seq and
scATAC-seq span breakpoints.

As an alternative approach, single-cell nucleosome occupancy
and genetic variation analysis (scNOVA), which analyzes Strand-
seq profiles to extract somatic SVs and nucleosome occupancy
(NO) signals from the same single cells, was recently introduced
[73]. In addition to detecting various SV types, this method takes
advantage of the NO signal from MNase treatment during library
preparation to infer transcriptional activity across promoters and
gene bodies. Although this approach produces a low number of
cells per experiment (∼100–1000 cells) and displays a narrow
dynamic range of functional readouts compared to scRNA-seq,
it provides complementary information for examining the func-
tional impact of somatic copy-balanced and complex rearrange-
ments in addition to SCNAs.
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Figure 6. Functional analysis of somatic SVs using single-cell transcriptomes and epigenomes. To investigate the functional impact of somatic SVs,
datasets obtained from single-cell omics technologies, such as scRNA-seq, scATAC-seq, and Strand-seq, can be used. From these datasets, somatic SVs
are first detected or inferred to assign cells into two groups: (1) subclones that harbor certain somatic SVs of interest or (2) subclones without those
SVs of interest. Then, the functional readouts for the two groups are compared and may provide biological insights such as the functional impacts of
somatic SVs and cell-type inferences with and without certain somatic SVs of interest. In the bottom left panel, W and C indicate the negative template
strand (Watson, ‘W’) and the positive template strand (Crick, ‘C’) that is sequenced in Strand-seq, as described in Figure 5.

BULK AND SCWGS APPROACHES FOR
SOMATIC SV DETECTION
Recent advances in computational and experimental techniques
for detecting somatic SVs at the bulk and single-cell levels are
discussed (Table 1). Bulk- and single-cell WGS approaches have
their own strengths and weaknesses in the analysis of somatic
SVs in terms of the type, size and VAF (or CF) of detectable SVs and
the cost of analysis (Table 2). Although bulk WGS covers most SV
types, including CNAs and copy-balanced rearrangements, scWGS
approaches display different detection capabilities, depending on
the associated library preparation strategies. For instance, scWGS
using the PTA method produces a relatively high coverage of
up to ∼10×, which allows for higher sensitivity for detecting all
SV types. However, highly multiplexed single-nucleus sequencing
methods produce 0.02–0.1× coverage, enabling only the detection
of CNAs [74]. The recently introduced Strand-seq provides an
alternative method for detecting all types of SVs, including copy-
balanced events [55].

Bulk WGS can detect SVs with a broader range of sizes than
scWGS when the value of CF harboring a specific somatic SV
is high. However, the accuracy of SV detection is dramatically
reduced when the CF is low [18]. In contrast, although scWGS
and Strand-seq have a much lower sequencing coverage than bulk

WGS, they display a higher sensitivity for SVs of ≥∼100–200 kb in
length [52] even when the CF is low [73]. PTA results in higher
sequencing coverage (∼10×), which makes it possible to detect
interchromosomal SVs and CNAs < 50 kb in length [42, 75].

The number of samples/cells per run in bulk and single-cell
WGS experiments can also be a technical limitation of SV calling.
For instance, the number of cells that can be sequenced in one
experiment is limited to 96 cells/plate for single-cell WGS, such
as the WGA and PTA methods, which makes it difficult to detect
somatic SVs whose CF is <1%. In addition, when SV is detected in
only one of 96 cells, it is often difficult to determine whether it is
a technical artifact or a true biological signal. As an alternative,
DLP+ provides a higher throughput that can profile up to 1000
cells/run. For bulk WGS, there is no limitation to increasing the
number of cells in the starting material; however, one experiment
generally requires ∼300 ng of gDNA, and a maximum of 24
samples/run can be performed in parallel.

Regarding the cost of analysis per sample, bulk WGS with a
matched-normal sample costs approximately 2000 US dollars,
while that without a matched-normal sample costs approxi-
mately two-thirds. Although scWGS generally costs much more
than bulk WGS, the cost of scWGS largely depends on the
number of cells in the sequencing library, which ranges from
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Table 2. Comparison between bulk-cell- and single-cell-based somatic SV identification

Bulk WGS approach Single-cell approach

Detectable SVs With matched
normal

Without matched
normal

Single-cell WGS Strand-seq CNA inference
from scRNA-seq

WGA PTA DLP+ Original OP

CNAs O O O O O O O O
Inversion O O – O – O O –
Translocation O O – O – O O –
Chromothripsis O O – O – O O –
Size resolution of SVs No limit No limit 100 kb No limit 500 kb 200 kb 200 kb 10 Mb
Minimum VAF or CF 0.2 0.2 no limit no limit no limit no limit no limit no limit

(1 cell) (1 cell) (1 cell) (1 cell) (1 cell) (1 cell)
Number of
sequenced cells

No limit No limit 96/plate 96/plate 1000 96/plate 768 10∼50 k cells

Cost Approx.
$2000/sample

About two-thirds
of the cost with
matched normal

Approx. thousand to several thousand dollars/sample

approximately thousand to several thousand US dollars per
sample.

FUTURE PERSPECTIVES
Clinical applications of somatic SV detection
The detection of cancer-driving and druggable somatic SVs
has become clinically common for companion diagnostics for
targeted cancer therapies. Such clinical procedures are mostly
carried out using cancer panel sequencing (also known as
targeted sequencing), often focusing on fusion genes and CNAs
of oncogenes and tumor suppressor genes [76, 77]. Recently, a
dramatic reduction in sequencing costs has led to the clinical
use of genome-scale analysis (WGS) for detecting therapeutically
targetable SVs. However, WGS-based somatic SV prediction as
a diagnostic application requires low computing costs, high
accuracy, and the availability of a matched-normal sample. A
newly developed SV calling program, ETCHING [18], significantly
reduced the computing time of WGS-based SV prediction to
within a couple of hours and allowed the effective detection
of somatic cancer-driving SVs even in clinical situations in
the absence of a matched-normal sample. Another challenge
associated with WGS-based SV prediction in the clinical setting
is the need to determine which SV is an actual cancer driver
and/or therapeutic target among the tens to hundreds of resulting
somatic SVs. Similar to the SNVs, the majority of the resulting
somatic SVs are passengers. Moreover, driver SVs can affect
large genomic regions harboring multiple cancer-related genes,
raising the question of which of them is the cancer driver. To
address these questions, somatic SV calls can be integrated
with single-cell transcriptome or epigenome analysis (Figure 7).
The SV breakpoints detected by bulk WGS could guide the
confident inference of scSCNAs from single-cell functional
genomic (transcriptome or epigenome) profiles, which could
uncover a subclonal structure. Subsequent comparisons of single-
cell expression and chromatin accessibility among the subclones
could reveal the phenotypic consequences of somatic SVs, which
would help narrow down the potential driver SVs and genes.
In fact, scNOVA can be an efficient option for investigating the
functional consequences of somatic SVs (≥200 kb) and identifying
cancer-driving genes using a single-cell approach.

Somatic SV mosaicism that occurs with aging
Somatic SVs are detected not only in cancer cells but also in
non-malignant normal cells. Somatic SVs that accumulate during

clonal expansion in hematopoiesis have also been examined in
healthy individuals [58, 78]. Similar to somatic SVs in cancer cell
clones, those in normal tissues are often present in a mosaic
pattern with a very low allele frequency. Although the sensitiv-
ity of somatic SV callers in bulk tissue samples has increased,
SV events with low allele frequencies are often missed in bulk
WGS data. To detect rare SV variants (with a VAF <1%) resulting
from somatic mosaicism, a single-cell approach would be a good
choice because it can detect a rearrangement that is present
in a single cell. Recently, hundreds of thousands of individual’s
WGS datasets from government-led cohort-level WGS projects
have been produced and analyzed [79, 80]. Along with germline
variants, somatic variants were detected in the cohort-level WGS
datasets. The joint utilization of bulk and scWGS data can help
increase our understanding of somatic SV mosaicism at the pop-
ulation level.

Deep learning on structural variation
Similar to other genomic studies, deep learning approaches have
also been applied to SV detection. For instance, Cue [81] lever-
aged convolutional neural networks (CNNs) to detect various
SV types accurately, whereas DeepSVFilter [82] used a CNN to
filter unclear SVs from previously identified SVs. Despite their
potential, current deep learning methods have limitations such as
a lack of high-quality, well-balanced data for model training, lack
of interpretability and limited generalizability across different
datasets. Hence, transfer learning [83], data augmentation [84]
and the integration of multimodal features are promising strate-
gies for enhancing SV detection. Deep learning has also shown
significant promise in predicting the effects of SV on phenotypes.
DeepSEA [85] and Basset [86] predict the effects of small non-
coding variants on DNA accessibility and gene expression. More
recently developed methods such as Sei [87] and ExPecto [88]
extend the scope of variant sizes and predict outcomes directly
from DNA sequences. Nonetheless, the validation efforts of these
methods have primarily targeted small variants. Such models
for understanding how SVs affect gene expression, DNA acces-
sibility, and even higher-level phenotypes, such as disease risk,
could lead to the identification of therapeutic targets for genetic
diseases.

Structural variation analysis in pangenomes
Pangenomes represent the entire genomic content of all individ-
uals in a cohort, along with large-scale efforts to catalog germline
and somatic variations—the Database of Genomic Variants [24],
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Figure 7. Complementary approaches of bulk WGS and single-cell genomics to understand the functional consequences of somatic SVs. To identify SV
and genes that are cancer drivers and therapeutic targets, somatic SV calls can be integrated with single-cell transcriptome and epigenome analysis.
Breakpoint positions obtained from bulk and single-cell WGS (scWGS) can improve the assignment of single-cell transcriptome and epigenome profiles
in the corresponding subclones. Transcriptional and epigenomic comparisons between subclones can guide the functional interpretation of genes in
the SV-affected region to identify potential cancer driver genes.

1000 Genomes Project [25], gnomAD [26, 27] and the Human
Pangenome Reference Consortium (HPRC) [89, 90] for germline
variants; The Cancer Genome Atlas (TCGA) [91] and the PCAWG
[92] for somatic variants. Simultaneously, owing to recent compu-
tational advancements, the integration of pangenomes into every-
day genomic analysis has become as practical as using a single
reference genome [30, 89]. The field of SV particularly benefits
from using pangenomes, employing them increasingly for iden-
tification and genotyping [29, 30, 89, 93]. Although these studies
have largely focused on germline SVs, the detection of somatic
SVs can also benefit from using pangenomes, as this approach
helps reduce spurious alignments and better handle multi-allelic
variations. This more accurate genomic representation within a
tumor is especially beneficial when a matched-normal is unavail-
able [94]. Additionally, pangenomes better represent ethnicity-
specific genomic variations, thereby increasing the accuracy and
relevance of somatic SV detection in diverse populations. As
efforts to construct pangenomes representing diverse populations
continue (e.g. HPRC [90]), personalized medicine could benefit
from the use of population-specific pangenome SVs.

Remaining computational challenges for SV
detection at the bulk and single-cell level
The configuration of complex genomic regions remains to be
resolved by SV callers based on bulk WGS data. Chromothripsis
and chromoplexy involve many rearrangements occurring in par-
allel, which lead to the mixing of multiple chromosomes. Using
existing SV callers, it is possible to detect breakpoints of these
complex events based on split-reads; however, the reconstruction
of the derivative chromosome from individual fragments remains
challenging. Long-read WGS data, whose sequencing accuracy
has recently improved, can provide useful complementary infor-
mation regarding the order of scattered genomic pieces in this
case. However, there is still a lack of SV callers that make use
of both short- and long-read data modalities simultaneously.
Therefore, new computational algorithms that can accurately
reconstruct chromosomal configurations by systematically inte-
grating short- and long-read bulk WGS datasets must be actively
developed.

Furthermore, single-cell SV callers have largely focused on
detecting CNAs because of the limited coverage of single-cell
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sequencing data [52]. Recently, an attempt was made to call
imbalanced SVs by pooling data from single cells, a process known
as pseudo-bulk; the resulting SVs were subsequently subjected
to single-cell analysis [95]. However, this approach has not been
widely used. To obtain comprehensive SV profiles from individual
cells, high-performance robust SV callers designed specifically
for the analysis of data from single cells must be developed.
Unlike for CNAs, there are no efficient methods for inferring
copy-balanced SVs from scRNA-seq data. By investing more effort
into the development of computational methods for detecting
copy-balanced SVs from data derived from various single-cell
technologies, we should achieve a broader understanding of the
functional consequences of somatic SVs in the future.

Key Points

• This work reviews recent advances in the detection and
interpretation of somatic SVs using WGS at both the
tissue and single-cell levels.

• We describe and compare the performances of compu-
tational algorithms for somatic SV calling using bulk
WGS data with or without a matched-normal control,
and introduce recent works that reliably call SVs without
matched-normal control.

• We highlight the unique features of cutting-edge, single-
cell-based techniques for the analysis of somatic SVs
and discuss the advantages and disadvantages of bulk
and single-cell approaches, including sensitivity, useful-
ness for functional inferences and costs.

• We illustrate computational approaches for linking
somatic SVs to functional readouts obtained from
single-cell transcriptome and epigenome analyses,
which hold promise for improving our understanding
of the functional impact of somatic SVs on health and
diseases.
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