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Abstract 

Background  Lung cancer is a heterogeneous disease and the primary cause of cancer-related mortality worldwide. 
Somatic mutations, including large structural variants, are important biomarkers in lung cancer for selecting targeted 
therapy. Genomic studies in lung cancer have been conducted using short-read sequencing. Emerging long-read 
sequencing technologies are a promising alternative to study somatic structural variants, however there is no current 
consensus on how to process data and call somatic events. In this study, we preformed whole genome sequencing 
of lung cancer and matched non-tumour samples using long and short read sequencing to comprehensively bench-
mark three sequence aligners and seven structural variant callers comprised of generic callers (SVIM, Sniffles2, DELLY 
in generic mode and cuteSV) and somatic callers (Severus, SAVANA, nanomonsv and DELLY in somatic modes).

Results  Different combinations of aligners and variant callers influenced somatic structural variant detection. The 
choice of caller had a significant influence on somatic structural variant detection in terms of variant type, size, 
sensitivity, and accuracy. The performance of each variant caller was assessed by comparing to somatic structural 
variants identified by short-read sequencing. When compared to somatic structural variants detected with short-read 
sequencing, more events were detected with long-read sequencing. The mean recall of somatic variant events identi-
fied by long-read sequencing was higher for the somatic callers (72%) than generic callers (53%). Among the somatic 
callers when using the minimap2 aligner, SAVANA and Severus achieved the highest recall at 79.5% and 79.25% 
respectively, followed by nanomonsv with a recall of 72.5%.

Conclusion  Long-read sequencing can identify somatic structural variants in clincal samples. The longer reads have 
the potential to improve our understanding of cancer development and inform personalized cancer treatment.
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Background
Lung cancers are the most lethal type of cancer world-
wide[1], with an overall five-year patient survival of 
18.5% with certain subtypes like small cell lung cancer 
(SCLC) being as low as 5%[2]. The poor prognosis is 
linked to often late diagnosis and limited efficacy of cur-
rent treatment modalities[3, 4]. Lung cancers exhibit a 
wide range of somatic genomic alterations, including 
single-nucleotide variants (SNV) as well as chromosomal 
structural variants (SV) [5–7]. Somatic SVs in lung can-
cer encompass large deletions, duplications, inversions 
and translocations, with implications for disease progres-
sion and treatment [8]. This is exemplified by the ALK 
gene fusions in non-small cell lung cancer (NSCLC), 
which generate abnormal proteins targetable with ALK 
inhibitors [9, 10]. The genomics of SCLC has been less 
explored compared to other subtypes. However somatic 
events such as bi-allelic inactivation of TP53 or RB1 
[11–14], and complex genomic rearrangements including 
chromothripsis which was associated with CCND1 over-
expression and deregulation of Rb1 have been reported as 
contributing to tumour development [14]. Further work 
to resolve somatic SV events may reveal mechanisms of 
lung tumorigenesis and could help develop more targeted 
therapies.

Long-read sequencing (LRS), such as the PromethION 
from Oxford Nanopore Technologies (ONT) or the Revio 
from PacBio, offers advantages for somatic SV detection 
compared to short-read sequencing (SRS) [15, 16]. This 
is due to the ability of LRS to produce sequence reads 
spanning thousands of bases, enabling comprehensive 
characterization of large (> 10 kb) and complex SVs [17]. 
Nanopore sequencing has been used to detect a novel 
type of SV occurring in cancer previously not identified 
using SRS [18], was used to resolve complex structural 
rearrangements and intra-tumour genomic heterogeneity 
[19, 20] and was proposed as a diagnostic approach for 
brain cancer [21]. Recent advancements in LRS have also 
enhanced sequencing accuracy, exceeding 99.9% [22], 
establishing LRS as a feasible method for cancer research 
and clinical genomics.

The potential of LRS for SV analysis has prompted the 
development of numerous computational tools [23–27]. 
However, independent benchmarking to assess the per-
formance of each approach is limited, absent in clini-
cal tumour samples, with previous studies focusing on 
the detection of germline SVs [28–31]. In our study, 
we benchmarked the performance of three long-read 
sequence aligners in conjunction with seven SV callers 
to identify somatic SVs in clinical samples from SCLC 
patients. For benchmarking, we compared the results 
of different LRS sequence aligners and variant call-
ers against somatic SV events detected by short read 

sequencing. This work provides a comprehensive guide 
for clinical genomic studies for somatic SV identification.

Results
Overiew of benchmarking study
To assess the performance of somatic SV detection using 
LRS we sequenced DNA from a panel of seven small cell 
lung carcinoma (SCLC) tissue and paired non-tumour 
(normal) samples using the Oxford Nanopore Prome-
thION (R9.4) (Fig. 1a). We compared the performance of 
three long-read sequence aligners (NGMLR, minimap2, 
and Winnowmap) with different SV calling approaches 
including four generic approaches (SVIM, Sniffles2, 
DELLY in generic mode and cuteSV) and five somatic 
approaches (Severus, SAVANA, nanomonsv and DELLY 
in two different somatic modes) (Fig.  1b). The perfor-
mance of each SV caller was assessed by comparing to 
SV events identified from Illumina short read sequencing 
(Fig. 1c).

A comparison of the performance of three long‑read 
sequence aligners
We compared the computational performance of three 
long-read aligners to process seven tumour and non-
tumour patient samples by assessing runtime, RAM and 
CPU usage. The runtime for NGMLR was 11 times higher 
compared to minimap2 or Winnowmap for tumour and 
normal BAM files (Fig. 2a). The RAM used by Winnow-
map was approximately 40% higher than that of NGMLR 
and minimap2 (Fig.  2b), and Winnowmap did not have 
consistent CPU usage even with thread count explicitly 
specified (Additional file 1: Fig. S1). RAM usage for each 
aligner was not associated with SV number (Additional 
file 1: Fig. S2 and S3).

Sequence alignment metrics (proportion of mapped 
reads, average read depth and N50) were used to assess 
the alignments for four tumour and normal paired sam-
ples that passed quality control (average read depth 
of 20 × in normal and 50 × in tumour). The mapping 
results were similar across the three aligners, although 
minimap2 consistently exhibited a higher proportion of 
mapped reads (Fig. 2c) and a higher average read depth 
(Fig.  2d) with the lowest variance, while NGMLR had 
lower values with higher variance. The N50 values for the 
reads mapped by the three aligners were similar, how-
ever minimap2 generally produced  shorter N50  com-
pared to other aligners (Additional file 2: Table S1). Since 
minimap2 showed a good balance of computational per-
formance and alignment quality, we selected it as the pre-
ferred aligner and subsequent results in the main figures 
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Fig. 1  Overview of study design to benchmark alignment and somatic SV calling. The workflow includes multiple steps. a Sample collection. 
DNA was extracted from seven tumour lung samples collected from EBUS-TBNA and seven matching blood samples. b The normal and tumour 
DNA underwent whole genome sequencing (WGS) using ONT PromethION for long-read sequencing (LRS) and Illumina NovaSeq for short-read 
sequencing (SRS). The processing steps for identifying somatic SV events in both long-read and short-read data used different tools but followed 
a similar process: sequence base calling and alignment, followed by the application of various variant calling methods for SV detection. In LRS, three 
aligners (minimap2, Winnowmap, and NGMLR) were evaluated, in combination with two approaches (generic and somatic calling) for detecting 
somatic SVs. The four generic SV callers were cuteSV, DELLY (G), Sniffles2, and SVIM, which required manual subtraction to determine somatic SVs 
with Jasmine. The somatic callers were DELLY (S_Paired), DELLY (S_ConSet), nanomonsv, SAVANA, and Severus. c The performance of each approach 
in LRS was evaluated by comparing the somatic SVs identified to high-confidence somatic SV events (obtained from SRS of the same samples 
and called by two or more of these approaches: qSV, DELLY, and GRIDSS)
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are based on minimap2, with other aligners shown in the 
supplementary figures.

Somatic approaches called less events which were larger 
in size compared to generic approaches
Four of the seven patients obtained sufficient read depth 
(average read depth of > 50 in tumour samples and > 20 in 
non-tumour samples) and were included in this bench-
marking study. The DNA Integrity (DIN) score for all 

samples with sufficient read depth were > 6 (Additional 
file  2: Table  S1). Nine SV calling approaches were used 
to call SV events including four generic callers and four 
somatic callers (run in five calling approaches), with Jas-
mine used to distinguish germline from somatic events 
for the generic callers (Fig. 1b).

The generic callers collectively reported more than 
20-fold as many somatic events as the somatic-spe-
cific callers did (Fig. 3a, Additional file 1: Fig. S4). SV 

Fig. 2  Assessment of three sequence aligners for LRS. a Processing time in hours (y-axis) for three aligners (x-axis). Each box represents seven 
normal samples (shown on left) and seven tumour samples (shown on right). All data points are shown. The lines between boxes indicate the same 
samples. b RAM usage in Gb (y-axis) for three aligners (x-axis). Each box represents seven normal samples (shown on left) and seven tumour 
samples (shown on right). All data points are shown. c Mapping rate (y-axis) for three aligners (x-axis). Four tumour samples (shown on the right) 
and their paired normal samples (shown on the left) which passed sample quality control are included in the plot. d Genome Coverage (y-axis) 
for three aligners (x-axis). Four tumour samples (shown on the right) and their paired normal samples (shown on the left) which passed sample 
quality control are included in the plot

Fig. 3  Comparison of somatic structural variant (SV) detection approaches. a Bar charts display the counts of SVs (x-axis) with the four generic 
callers on the left (y-axis) and the five somatic SV callers on the right (y-axis). Denser colours on the chart signify somatic SV event counts, 
while lighter colours correspond to the subtracted germline SV events detected in the four tumour samples. Ridgeline plots showing distributions 
of b SV size and c SV supporting read counts on the x-axis for four generic and five somatic SV callers (y-axis). d The UpSet plot of SV events 
among different variant callers (y-axis) within each approach. The top section shows the counts of shared and unique somatic SV events among SV 
callers. The middle section displays the percentage distribution of detected SV types among unique and shared events, categorised and coloured 
into five distinct types: BND: translocations (dark green); DEL: deletions (green); DUP: duplicates (pale pink); INS: insertions (red); and INV: inversions 
(dark red). The bottom panel illustrates the matching variant callers. Unique caller events are represented by single dots, while overlaps are 
indicated by linked dots. Variant callers are assigned colours—green: SVIM; dark blue: Sniffles2; dark yellow: DELLY (G); and pink: cuteSV, for generic 
callers; gold for DELLY (S_Paired); light brown for DELLY (S_ConSet); light blue for nanomonsv; light salmon for SAVANA; and light aqua for Severus. 
The N values represent the count of somatic SV events from the total events discovered in four tumour samples. Median values are shown 
with Median under the name of each SV callers

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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events called by generic callers before somatic sub-
traction were similar. DELLY  (G) exhibited the high-
est count of SV events (N = 105,877) with 19,358 of the 
events predicted as somatic. cuteSV (N = 99,133) and 
SVIM (N = 98,723) reported similar number of events 
with 21,440 and 27,356 predicted as somatic respec-
tively, while Sniffles2 detected N = 98,723 events with 
27,356 predicted as somatic. The SV events identified 
by cuteSV contained a higher proportion of trans-
location (BND) events compared to other generic 
approaches (Additional file  1: Fig. S4). Within the 
somatic-specific callers, DELLY  (S_Paired) identified 
a greater number of somatic SV events (N = 698) with 
over half of the events were deletion (DEL). Compared 
to DELLY (S_Paired), DELLY (S_ConSet) detected the 
fewest somatic events (N = 298). nanomonsv reported 
the second-highest number of events (N = 559) with 
over half of the events were insertion (INS) (Fig.  3a, 
Additional file 1: Fig. 4).

A similar number of SV events were observed for the 
generic approaches using the NGMLR and Winnow-
map aligners (Additional file  1: Fig. S5, S6). However, 
DELLY running in both generic and somatic modes 
called over 25% fewer events using reads aligned with 
NGMLR compared to the other two aligners (Fig.  3a, 
Additional file  1: Fig. S5, S6). The somatic callers 
nanomonsv and Severus identified more than one-
third of the somatic SVs using NGMLR alignments 
(908 for nanomonsv and 921 for Severus), compared 
to those identified using minimap2 and Winnowmap 
(Additional file  1: Fig. S5). Severus primarily identi-
fied additional events such as INV and INS, whereas 
nanomonsv primarily detected DUP (Additional file 1: 
Fig. S7). In general, a higher proportion of duplica-
tions was noted across all variant callers when using 
sequence data aligned with NGMLR (Additional file 1: 
Fig. S7 and S8).

The majority of somatic SV events detected by the 
generic SV callers tended to be shorter in size (over 
200 bp with a range from 133 to 374 bp), compared to 
the events detected by somatic callers (over 3Kbp with 
a range from 272  bp to 16Kbp) (Fig.  3b). The somatic 
SVs detected by SAVANA contained the highest pro-
portion of events that were > 10Mbp in size. The num-
ber of reads supporting an SV event was higher in the 
somatic approaches (~ 14 reads with a range from 9 to 
22 reads) compared to the generic approaches (~ 10 
reads with a range from 5 to 15 reads) (Fig.  3c), sug-
gesting that the somatic approaches required a greater 
number of supporting reads from tumour samples to 
classify somatic SV events. Similar results were seen in 
sequence data aligned with NGMLR (Additional file 1: 
Fig. S5) or Winnowmap (Additional file 1: Fig. S6).

A comparison of the SV events detected by the generic 
and somatic SV approaches
There is little overlap among somatic SVs called by 
the generic callers, with a large number of SVs called 
uniquely by each tool (ranging from 3,191 in Sniffles2 
to 13,439 in SVIM) (Fig. 3d). The number of concordant 
events, detected by any combination of two generic vari-
ant callers, is 13,913. For combinations of three generic 
callers, it is 3,140, and the number of SVs called by all 
four generic callers was only 719. The largest proportion 
of SVs called by each caller were deletions or insertions 
(Fig. 3d). The somatic callers exhibited greater concord-
ance with each other. DELLY (S_Paired) was the somatic 
caller that identified the highest number of caller-specific 
events (n = 458). The overlap among all the somatic call-
ers was n = 132, with a larger proportion of inversion and 
duplication events compared to SRS (Fig. 3d).

Somatic approaches detect more high‑confidence SV 
events compared to generic approaches
We assessed the performance of each SV tool by deter-
mining how many of the high confidence somatic SVs 
identified by SRS were called by each LRS approach 
(recall rate). The somatic variant callers outperformed 
generic variant callers, consistently demonstrating higher 
recall rates in the four samples (patients 1 to 4) that 
passed sequencing QC metrics (Table  1). Among the 
generic variant callers, DELLY(G) achieved the highest 
recall rate across all samples. Even though SVIM iden-
tified the most somatic SV events after subtraction of 
somatic events from normal samples (Fig. 3a), it had the 
lowest recall rate in three out of the four samples. Com-
pared to the generic callers, the somatic callers showed 
an improved performance. Severus and SAVANA called 
fewer somatic SV events (Fig. 3a) and displayed the high-
est recall rate in all the samples with the highest recall 
of 92% (Table 1). Using minimap2, on average SAVANA 
and Severus achieved the highest recall at 79.5% and 
79.25% respectively, followed by nanomonsv with a 
recall of 72.5% (Table  1). Similar results were observed 
using sequence data aligned with  Winnowmap (Addi-
tional file 3: Table S3). Interestingly, the performance of 
nanomonsv improved using data aligned with NGMLR, 
with an average recall of 80.75% for the four samples 
that passed sequencing QC metrics (Additional file  3: 
Table S2).

We also evaluated the recall rate in the three samples 
which did not meet the sequencing quality metrics for 
all somatic SV calling methods across the three aligners 
(Additional file 3: Table S2-S4). Our findings indicate that 
sample 6, which was characterized by the lowest read 
depth and yield, as well as the second smallest N50 and 
DIN values (Additional file  2: Table  S1), exhibited the 
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poorest recall rate among all samples when consider-
ing the combined performance of all somatic SV calling 
methods across the three aligners. In addition, the per-
formance of the generic callers was adversely impacted 
by lower quality samples with three of four callers show-
ing recall rates below 30%. The DELLY (G) approach was 
the only generic caller that demonstrated a similar recall 
rate to somatic callers in the lower quality samples.

A comparison of the total number of events detected 
by nanomonsv and SRS in the four lung samples revealed 
a total of 139 SV events (or N = 278 breakpoints) detected 
in SRS and LRS (Fig. 4a). Many of these SV events map to 
chromosome 4 (Fig. 4b) and were from one sample that 
contained a complex genomic rearrangement on chro-
mosome 4 (Additional file 1: Fig. S9). A small number of 
SV events (37 events, or N = 74 breakpoints) were unique 
to SRS, whereas LRS identified more unique somatic 
events (417 events, N = 834 breakpoints) (Fig.  4a). To 
determine if the events unique to LRS could be potential 
artefacts, we annotated each break with known ‘problem-
atic’ regions [32]. The number of breakpoints mapped to 
the problematic regions in the LRS data (49 of 834) was 
comparable to the SRS data (0) (Fig. 4a). We performed a 
similar analysis to determine the number of breakpoints 
within ‘problematic’ regions for the other SV callers. 
DELLY  (G) produced the most events annotated in the 
’problematic’ regions (740 events, or N = 1,480 break-
points), whereas SAVANA called the fewest events in 
that region (13 events, or N = 26 breakpoints) (Additional 
file 1: Fig. S10).

Discussion
In this study, we show that LRS can reliably identify 
somatic SVs in clinical cancer samples. We highlight the 
key differences when using three long-read aligners in 
combination with generic and somatic structural variant 
calling approaches. The somatic SV callers outperformed 
the generic SV tools showing high recall rates against 
events identified by short-read sequencing data.

We found that  the choice of aligner had minimal 
impact on the identification of SV events, but differed 
in computational performance. Minimap2 was the fast-
est tool and demonstrated the least demand for com-
putational resources with the highest mapping rate. 
Winnowmap was previously shown to enable robust SV 
calling with low false positive rate and a short comput-
ing time by providing improved alignment accuracy in 
highly repetitive regions [33, 34]. Here, we show the 
alignments from Winnowmap identified similar SV 
calls to minimap2 with slightly longer compute time for 
Winnowmap. This reflects the effective improvements 
in recent versions of minimap2 [35]. Notably, we also 
found that  Winnowmap has inconsistent CPU usage 
even when specifying the number of threads, which 
makes it less suitable for shared High-Performance 
Computing (HPC) clusters. NGMLR required the long-
est computing time and had the lowest mapping rate. 
NGMLR was designed specifically to improve align-
ments for reads spanning structural variation [25], 
interestingly this aligner improved the recall of nano-
monsv. However, in general, when SV tools used the 

(See figure on next page.)
Fig. 4  Characterization of concordant and unique somatic SV events identified by long and short read sequencing in four lung cancer patients. 
For long-read sequencing, the data were aligned with minimap2 and somatic SV events identified with nanomonsv. a The counts of SV breakpoints 
that overlap with various genomic region types, represented by distinct colors: dark purple indicates high signal regions, light purple represents low 
mappability regions, dark green denotes telomere regions, light green corresponds to centromere regions, and other regions (regions outside of the 
problematic regions, which short reads can align with high confidence) are shown in light grey. b Circos plot showing the somatic SV events 
from four patients. The outer ring shows chromosomes (GRCh38), while the inner track shows somatic SV events that are categorized into three 
groups: LR and SR overlaps (red), LR-specific (yellow), and SR-specific (blue)

Table 1  Recall rate for somatic SV events in long-read sequence data aligned using minimap2 for each variant caller in four lung 
cancer patients
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Fig. 4  (See legend on previous page.)
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alignments from NGMLR they called a higher propor-
tion of duplications and a high number of very large 
variants (> 100,000 bp). These events were not observed 
with short-read sequencing, therefore future work 
using targeted approaches such as PCR with Sanger 
sequencing or spectral karyotyping [36] should be used 
to verify these NGMLR-unique SV events. Together, 
minimap2 stands as the current state-of-the-art aligner, 
offering precise whole-genome alignment and ongoing 
improvements. However, in cases where sensitivity of 
SV detection is critical and the computational cost and 
environment is less constrained, there is potential value 
in the generation of alignments with both minimap2 
and NGMLR. In support of this, the Vulcan aligner 
which is a dual-mode aligner has been implemented to 
use both minimap2 and NGMLR [37].Therefore, mul-
tiple perspectives on the same genome may be needed 
to account for inherent differences in downstream SV 
tools and the algorithms they use to handle read align-
ment [38].

Our results underscore the necessity for developing 
somatic-specific SV tools as joint calling with matched 
tumour and normal data is known to exhibit superior 
accuracy compared to generic approaches [39]. This 
advantage stems from the inherent design of somatic call-
ers, which leverage both tumour and paired normal BAM 
files for evidence of a variant, allowing for a more robust 
identification of somatic events. This allows somatic call-
ers to better cope with intra-tumour genomic heteroge-
neity and tumour purity. In contrast, generic SV callers 
are designed for germline cells and assume that variants 
are homozygous (present in all reads) or heterozygous 
(present in approximately half of the reads) in a homoge-
neous sample. This makes it difficult for generic SV call-
ers to sensitively and accurately capture the intra-tumour 
heterogeneity of somatic events in clinical samples, 
which can lead to increased false positive somatic calls 
through miscalling germline events as somatic as well as 
lower recall rates. To increase sensitivity of SV detection, 
our results support the use of multiple tools, and com-
bining the output of multiple somatic approaches may 
allow more events to be detected.

In this study, we set out to test the utility of LRS for 
SV detection in clinical tissue samples. The inherent dif-
ficulty in controlling DNA quantity and quality in clini-
cal samples, coupled with the influence of tumour purity 
on sequencing outcomes, poses significant hurdles. The 
samples were collected during Endobronchial Ultra-
sound Guided Transbronchial Needle Aspiration (EBUS 
TBNA), a common procedure for diagnosing suspected 
lung cancer [40]. During the  diagnosis of lung cancer, 

there is benefit to targeted molecular genomic testing, 
this is particularly true for non-small cell lung cancer 
(NSCLC) samples where there are approved therapies 
for recurrent actionable mutations [41, 42]. In contrast, 
sequence analysis of SCLC has identified fewer approved 
treatment targets [14].  Therefore more comprehen-
sive WGS approaches may be beneficial. A small study 
showed that short-read WGS from samples collected by 
EBUS TBNA was feasible [43]. However the DNA integ-
rity of EBUS TBNA samples is frequently below 6 [44], 
meaning the DNA is somewhat degraded, which may 
be an issue for LRS. In this study, we observed that the 
quality of DNA and the amount of the data sequenced 
significantly influenced somatic SV detection, with lower 
quality samples associated with reduced recall rates com-
pared to short-read sequencing. This emphasizes the crit-
ical role of sample quality in achieving accurate somatic 
SV detection, with implications for both research and 
clinical applications.

LRS has the potential to provide a more complete 
WGS analysis and to identify novel SV events. This is 
evident by a study that used LRS to identify causal ger-
mline SV events in paediatric rare diseases [44]. In our 
study, using LRS of matched tumour and non-tumour 
samples, we were able to detect somatic SVs events iden-
tified by short-read sequencing and additionally identi-
fied numerous events unique to LRS. To determine if the 
events unique to LRS are likely artefacts, we annotated 
the genome position for each break point with known 
regions that are problematic to call SV events (encom-
passing high signal, low mappability areas as well as 
telomeric and centromeric regions) [32, 45]. The major-
ity of breakpoints from SV events that were identified 
in both LRS by nanomonsv and SRS, or those unique to 
one approach mapped to regions outside of the problem-
atic regions, suggesting that these events may be real. In 
terms of the other somatic and generic SV approaches, 
for the SV events unique to LRS there is an increase in 
breakpoints mapping to high signal regions and centro-
meric regions. Whether these events are false positives 
or real as enabled by the ability by the ability of LRS to 
align to problematic regions is uncertain. Similar to what 
has occurred in short- read sequencing [46], future work 
to create and share standard long-read datasets with 
confirmed variants or simulated data containing known 
events will allow further benchmarking of analytical 
approaches for variant detection.

A key limitation of our study is the use of an older 
version of pores on flow cells (R9.4) and the Guppy 
basecaller. The frequent updates in platforms and soft-
wares add a recognised complexity to benchmarking 
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analyses [47]. Furthermore, the demanding computa-
tional requirements for analysing and storing extensive 
long-read datasets will present logistical challenges. 
Despite these obstacles, ongoing advancements in base-
calling models, updates to ONT pores, and improve-
ments in chemistries collectively signal a promising 
trajectory for enhancing the performance of LRS. As the 
accuracy and efficiency of LRS continues to improve, 
so should our ability to detect somatic SVs in clinical 
applications.

Conclusions
A critical factor of tumour development and treatment 
resistance is intra-tumour heterogeneity. We performed 
benchmarking of sequence aligners and SV tools to iden-
tify somatic SV events in clinical SCLC biopsy samples 
that were sequenced using a PromethION LRS. Among 
the aligners investigated, minimap2 emerges as par-
ticularly noteworthy, while the somatic SV callers out-
performed other approaches. Our study highlights the 
challenges of using clinical samples for SV detection due 
to differences in tumour purity, DNA quantity and qual-
ity that are inherent in clinical samples. However, LRS of 
clinical samples to identify and resolve complex somatic 
SVs is likely to advance our understanding of cancer 
genomics, with the longer reads enabling phasing of can-
cer genomes to unravel intra-tumour heterogeneity.

Methods
Overview of study design
To assess the performance of somatic SV detection 
using LRS, we sequenced seven small cell lung carci-
noma (SCLC) and paired normal samples using the 
Oxford Nanopore PromethION (R9.4). Basecalling was 
conducted with Guppy (v6.1.7) using a high-accuracy 
model and data were trimmed with NanoFlit (v2.8.0). We 
compared the performance of three long-read sequence 
aligners: minimap2 (v2.24), Winnowmap (v2.01), and 
NGMLR (v0.2.7) to identify somatic SVs using nine 
SV callers (Fig.  1, Additional file  1: Table  S5). The SV 
approaches comprised of four generic SV callers: cuteSV 
(v1.0.13), DELLY (v1.1.6) in generic mode (DELLY (G)), 
Sniffles2 (v2.3.3), SVIM (v2.0.0), and four somatic SV 
callers: DELLY in somatic modes (using two approaches: 
DELLY (S_Paired) or a set of control samples (DELLY (S_
ConSet)), nanomonsv (v0.3.6), Severus (v1.0), and 
SAVANA (v1.0.5). The generic approaches call SV events 
independently in tumour and normal samples, requir-
ing subsequent subtraction of the germline events to 
determine somatic events, while the somatic approaches 
perform joint calling to process tumour and normal 
sequence files together and report somatic events. To 

assess the performance of the long-read SV callers, we 
compared SV events to a set of high-confidence events 
detected in SRS.

Sample collection and preparation
The lung cancer samples sequenced in this study were 
obtained from seven patients with SCLC. The research 
was conducted in accordance with the Declaration of 
Helsinki and the Australian National Statement on Ethi-
cal Conduct in Human Research. Human research ethics 
was approved by the Royal Brisbane and Women’s Hospi-
tal human research ethics committee (HREC, HREC/17/
QRBW/301) and ratified by the HRECs of QIMR Berg-
hofer (P2404) and the University of Queensland (2018/
HE001615). Tumour tissue samples were obtained by 
Endobronchial Ultrasound Guided Transbronchial Nee-
dle Aspiration (EBUS TBNA) and blood collected from 
each patient. DNA was extracted from tissue and blood 
samples using a Qiagen DNA ALL prep kit. DNA sam-
ples ranged in quality from a DIN of 5.5 to 8.8 (Addi-
tional file 2: Table S1).

Oxford Nanopore long‑read sequencing
LRS DNA libraries for tumour and germline DNA were 
constructed according to the manufacturer’s instruc-
tions using the Ligation Sequencing Kit (SQK-LSK110) 
and were loaded into flow cell R9.4 (product number: 
FLO-PRO002) for sequencing with the PromethION. To 
obtain 60× sequencing depth for tumour samples, each 
tumour sample was sequenced with two flow cells, while 
normal samples were sequenced with one flow cell to 
obtain 30× sequencing depth.

Base‑calling, alignment and quality control of long‑read 
sequencing data
The electronic raw signals (in FAST5 format) were trans-
lated into bases (A, T, C, or G), using Guppy (v6.1.7), 
only available to ONT customers via their community 
site (https://​commu​nity.​nanop​orete​ch.​com). Guppy sup-
ports running in both GPU and CPU modes, therefore, 
to reduce the computational resources/time required, 
GPU-accelerated Guppy base-calling was performed. A 
configuration file was selected (dna_r9.4.1_450bps_hac_
prom.cfg) based on the Flow Cell (FLO-PRO002) and 
Ligation Sequencing Kit used (SQK-LSK110) to gener-
ate the FASTQ files. Trimming was performed based on 
the QC reports generated by NanoQC. NanoFlit (v2.8.0) 
was used to remove sequence reads with an average 
read quality score < 10 and to trim 40 nucleotides from 
the start and 20 nucleotides from the end of each read, 
respectively. Trimmed reads were aligned to the human 
reference genome GRCh38 with minimap2 (v2.24), 

https://community.nanoporetech.com
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Winnowmap (v2.01), and NGMLR (v0.2.7). Aligned files 
were sorted and indexed by SAMtools (v1.17). NanoPlot 
(v1.38.1) and SAMtools were used to check the quality 
of the sequencing alignment. Four out of seven samples 
were included in benchmarking of tools, with three cases 
excluded since they failed to reach the following quality 
minimums: an average read depth of 20 × in normal and 
50 × in tumour, DNA integrity (DIN) >  = 6 and N50 value 
of >  = 5kbp (Additional file 2: Table S2).

Selection of approaches for somatic SV detection from LRS
Tools were selected from a review of the literature and 
were required to meet multiple criteria: (1) utilised by 
others as demonstrated by citations; (2) a comprehensive 
user manual; (3) command-line interface; (4) impartiality 
for aligners (note: we made an exception with SAVANA, 
as this tool was included even though it is incompat-
ible with the NGMLR aligner); (5) persistent updating 
and community interaction on GitHub; and (6) mini-
mal conflicting parameters or dependencies. Addition-
ally, for the selection of somatic variant callers, we only 
selected tools that use a joint-calling approach to analyse 
both tumour and paired normal BAMs simultaneously 
to detect somatic SV events. Consequently, Sniffles2 
in somatic mode was excluded due to its use of an un-
paired sequenced tumour sample BAM.

Detection of somatic SV events in LRS
All SV approaches were run using default settings where 
possible, with specific parameters detailed in Supple-
mentary Table  1. Generic calling methods (cuteSV, 
DELLY (G), Sniffles2, and SVIM) identified SV events in 
tumour and normal BAM files separately, and required 
an additional step to filter germline SV events. Jas-
mine (v1.1.5) was used to merge the SV events from the 
tumour and normal samples to distinguish somatic from 
germline events with a 200 bp window. The strand direc-
tion was not considered for event subtraction.

DELLY in somatic mode was run in two ways: 1) 
DELLY(S_Paired): running with paired normal and 
tumour samples; 2) DELLY  (S_ConSet): using all nor-
mal samples as a control set to call somatic SV events for 
each tumour. As nanomonsv provides an optional preb-
uilt control panel to assist in identifying somatic from 
germline events, it was used to make precise somatic 
calling. The provided control panel was previously gen-
erated by aligning 30 × Nanopore sequencing data from 
the Human Pangenome Reference Consortium (HPRC) 
to the GRCh38 reference genome with minimap2 version 
2.24 [48]. In addition, we used an optional step in nano-
monsv (as recommended by the tool) to remove indels 
within simple repeats.

Short read whole genome sequencing and SV 
identification
Samples were sequenced by Illumina NovaSeq to a tar-
geted average read depth of 30× for normal samples and 
60× for tumour samples. Sequence reads were adapter 
trimmed using Cutadapt (v1.9) [49] and aligned using 
BWA-MEM (v0.7.15) [50] to the GRCh38 assembly. 
Duplicate reads were marked with Picard MarkDupli-
cates (https://​broad​insti​tute.​github.​io/​picard; v1.129). 
Tumour purity was assessed using ascatNgs [51]. High-
confidence somatic SV events were identified using 
the consensus from any two out of three approaches: 
qSV [52], DELLY [24], and GRIDSS [53]. To identify 
somatic SV events reported by multiple short-read 
SV approaches, breakpoints were compared within a 
200-base pair window on both ends. This window was 
employed during the comparison to accommodate 
potential variations in event location between different 
tools. The merging process did not take into account the 
direction of events, aiming to address potential misclassi-
fications from different tools and to preserve the diversity 
of SV types identified by each tool. Requiring an SV to be 
identified by three different SRS SV calling tools should 
produce a truth set with few false positives but poten-
tially more false negatives.

Assessing the performance of LRS SV detection 
approaches compared to SRS
The high-confidence somatic SV events obtained from a 
consensus of any two out of three approaches from SRS 
data were used as a "ground truth" to evaluate the perfor-
mance of each LRS SV caller. To determine whether the 
high-confidence somatic SV events detected in SRS were 
detected in LRS, we merged the breakpoints detected by 
each approach using Jasmine with a 200-base pair win-
dow. The merging process did not consider the direction 
of events to account for potential differences in classifica-
tion between different tools and to preserve the diversity 
of SV types called by each tool.

Annotating long read calls
We generated a ’blacklist’ BED file that included cen-
tromere and telomere regions [32, 45] to annotate the 
events identified using LRS. The blacklist file also con-
tained ENCODE Data Analysis Center (DAC) blacklisted 
regions, including the high signal and low mappabil-
ity regions. The high signal regions presumably repre-
sent unannotated repeats in the genome. We annotated 
both long-read and short-read concordant and unique 
somatic SV events by comparing their breakpoints with 
the regions in the blacklist file, employing a window of 
1000bps for the comparison.

https://broadinstitute.github.io/picard
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