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VolcanoSV enables accurate and robust
structural variant calling in diploid genomes
from single-molecule long read sequencing

Can Luo1,4, Yichen Henry Liu2,4 & Xin Maizie Zhou 1,2,3

Structural variants (SVs) significantly contribute to human genome diversity
andplay a crucial role in precisionmedicine. Although advancements in single-
molecule long-read sequencing offer a groundbreaking resource for SV
detection, identifying SV breakpoints and sequences accurately and robustly
remains challenging. We introduce VolcanoSV, an innovative hybrid SV
detection pipeline that utilizes both a reference genome and local de novo
assembly to generate a phased diploid assembly. VolcanoSV uses phased SNPs
and unique k-mer similarity analysis, enabling precise haplotype-resolved SV
discovery. VolcanoSV is adept at constructing comprehensive genetic maps
encompassing SNPs, small indels, and all types of SVs,making it well-suited for
human genomics studies. Our extensive experiments demonstrate that Vol-
canoSV surpasses state-of-the-art assembly-based tools in the detection of
insertion and deletion SVs, exhibiting superior recall, precision, F1 scores, and
genotype accuracy across a diverse range of datasets, including low-coverage
(10x) datasets. VolcanoSV outperforms assembly-based tools in the identifi-
cation of complex SVs, including translocations, duplications, and inversions,
in both simulated and real cancer data. Moreover, VolcanoSV is robust to
various evaluation parameters and accurately identifies breakpoints and SV
sequences.

Structural variants (SVs) refer to alterations in the genomic DNA that
are greater than 50 base pairs (bp), encompassing insertions, dele-
tions, translocations, duplications, and inversions1. Even though the
absolute number of SVs in a typical human genome is less than small
variants like single nucleotide polymorphism (SNPs), due to their large
size, SVs impact more base pairs than all single-nucleotide differences
in the humangenome2. Consequently, SVs have a significant impact on
individual phenotypes and diseases3–5, such as Parkinson’s diseases6.
Moreover, a lot of cancers are proven to be related to somatic SVs7–12.
Therefore, the accurate and comprehensive characterization of SVs is
of great clinical significance.However, SV characterization still remains
one of the least resolved problems in genomics13.

Before the advent of long-read sequencing technologies, SV
detection methods primarily relied on short-read sequencing (next-
generation sequencing). These methods often depended on dis-
cordant read pairs, read depth analysis, split-read alignments, and de
novo assembly14. However, due to the limited length of short reads and
the absence of extensive genomic context, SV detection using short
reads typically struggled to achieve high recall or precision, particu-
larly for large insertions.

The introduction of single-molecule sequencing, exemplified by
PacBio and Nanopore, has been an important development for
improving SV detection15. Long reads, with average lengths ranging
from 10 to 20 kilobases (kb), offer the capability to readily span

Received: 18 January 2024

Accepted: 31 July 2024

Check for updates

1Department of Biomedical Engineering, Vanderbilt University, Nashville, TN, USA. 2Department of Computer Science, Vanderbilt University, Nashville, TN,
USA. 3Data Science Institute, Vanderbilt University, Nashville, TN, USA. 4These authors contributed equally: Can Luo, Yichen Henry Liu.

e-mail: maizie.zhou@vanderbilt.edu

Nature Communications |         (2024) 15:6956 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0003-4015-4787
http://orcid.org/0000-0003-4015-4787
http://orcid.org/0000-0003-4015-4787
http://orcid.org/0000-0003-4015-4787
http://orcid.org/0000-0003-4015-4787
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51282-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51282-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51282-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51282-0&domain=pdf
mailto:maizie.zhou@vanderbilt.edu


medium to large SVs without the need for complex assembly pro-
cesses. This enables the detection of SVs by analyzing mapping
information alone. The drawback of traditional long reads is their
error-prone sequencing, i.e., the error rate of traditional long reads
ranges from 10% to 20%. Hence, error correction and false discovery
control are necessary for tools using traditional long reads. A new
technology, PacBio Hifi reads, can achieve high accuracy (comparable
to short reads accuracy, <1% error rate)while keeping the advantageof
expanding large genomic regions. Hifi reads achieve high accuracy by
using multiple subreads and sequencing by consensus result. Using
Hifi reads, SV detection tools can avoid the need for error correction,
enhance efficiency, and gain a more reliable result at the same time.

The standard approach for analyzing whole-genome long-read
data from an individual involves aligning it to a reference genome
(read alignment-based) to detect variants. Read alignment-based
methods are attractive because they do not require extensive
computational resources or high sequencing coverage. Numerous
read alignment-based SV callers have emerged recently, including
NanoVar16, cuteSV17, pbsv18, Sniffles219, MAMnet20, SVDSS21, and
DeBreak22. Classifying a tool as alignment-based is not absolute,
even though it utilizes read alignment. For instance, DeBreak can be
considered a hybrid method as it combines read alignment with
local assembly to detect SVs. Similarly, MAMnet can be categorized
as a deep learning-based approach that relies on read alignment
information. Hybrid and deep learning-based methods are promis-
ing in detecting SVs compared to traditional alignment-based
methods in most aspects. Nevertheless, methods relying even par-
tially on reads alignment often have limitations in the accurate
representation of a complete genome, an SV’s initial and ending
position in the genome (its “breakpoints”), and in identifying the full
SV sequence22. Alignment-based, and these hybrid or deep learning-
based methods concentrate solely on target and local signals,
making it challenging to generate a comprehensive map for
genome-wide variants.

An alternative strategy is to assemble the entire genome of an
individual solely based on their reads (de novo assembly) and then
compare the assembly with a reference genome, a process that
demands more computational resources. Currently, only a handful of
assembly-based SV callers have been introduced, such as Dipcall23,
SVIM-asm24, and PAV25. Assembly-based methods surpass alignment-
based methods in achieving accurate SV detection with respect to
breakpoints and SV sequences. Nevertheless, whole-genome assembly
often produces a complete map for genome-wide variants by com-
promising precision and incurring a significant number of false posi-
tives, particularly in the case of error-prone long reads.

Here, to address existing limitations in alignment-based and
assembly-based methods, we present VolcanoSV, an innovative
hybrid SV detection pipeline that leverages phased SNPs to gen-
erate phased diploid assembly for precise haplotype-resolved SV
analysis. VolcanoSV offers several advantageous features. (1) It
outperforms state-of-the-art assembly-based SV callers, demon-
strating higher recall, precision, F1 scores, and genotype accuracy
across a diverse range of datasets, including low-coverage (10x)
datasets, without compromising accuracy. (2) VolcanoSV is com-
patible with all mainstream long-read sequencing platforms, which
vary considerably in sequencing error rates, and can discover var-
ious types of SVs including deletions, insertions, duplications,
inversions, and translocations. Moreover, VolcanoSV excels in
detecting and phasing SNPs and small indels along with SVs. (3) It
exhibits more robust performance by accurately identifying
breakpoints and SV sequences. (4) VolcanoSV-vc, the assembly-
based SV calling component, has a low false discovery rate. With
these features, VolcanoSV is well-suited for generating compre-
hensive genetic maps for human genomics studies.

Results
We first investigated SV detection using 4 assembly-based methods
(VolcanoSV (v1.0.0), PAV (freeze2), SVIM-asm (v1.0.2), and Dipcall) in
14 PacBioHifi, CLR, andONTdatasets, 9 simulated long reads datasets,
and two paired tumor-normal CLR and ONT datasets. For Hifi data,
three assembly-based SV callers (PAV, SVIM-asm, and Dipcall) could
use as input the diploid assembly result of hifiasm (v0.16)26. For CLR
andONTdata, Flye (v2.9-b1768)27 plusHapDup (v0.5-iss10)28wereused
to generate a dual assembly for the three assembly-based tools. We
selected hifiasmand FlyeplusHapDup to generate assembly since they
provided the best assembly results for SV calling29. VolcanoSV
employed its own haplotype-aware assembly component (VolcanoSV-
asm) to produce a diploid assembly. To further demonstrate Volca-
noSV’s robust performance across different SV evaluation thresholds,
we compared SV calls from four assembly-based methods in terms of
breakpoint identification and SV sequence accuracy. Among the 14
long-read sequencing datasets (Table 1), five PacBio HiFi datasets were
referred to as Hifi_L1, Hifi_L2, Hifi_L3, Hifi_L4, and Hifi_L5. They had
approximately 56×, 30×, 34×, 28×, and 41× coverage, respectively.
Three PacBio CLR datasets were referred to as CLR_L1, CLR_L2, and
CLR_L3 and their coveragewas 89x, 65x, and 29x, respectively.We also
used six ONT datasets referred to as ONT_L1, ONT_L2, ONT_L3,
ONT_L4, ONT_L5, and ONT_L6. Their coverage was approximately 48×,
46×, 57×, 36×, 47×, and 51×. More information for each SV caller and
dataset is provided in Table 1. VolcanoSV utilizes a reference genome
and long-read data to generate a high-quality haplotype-resolved
diploid assembly. Using this assembly, all types of variants are com-
prehensively detected. The VolcanoSV pipeline is illustrated in
Figs. 1 and 2. A detailed description is provided in theMethods section.

VolcanoSV exhibits exceptional performance across 14 real
long-read datasets
To assess the performance of insertion and deletion SV detection, we
applied four assembly-based tools, VolcanoSV, PAV, SVIM-asm, and
Dipcall, across 14 long-read libraries of HG002. We evaluated their
results against theGenome in a Bottle (GIAB) SV gold standard23. An SV
benchmarking tool, Truvari (v4.0.0)30, was employed to compare the
SV calls of each tool with the GIAB SV gold standard. Truvari evaluates
SVs within Variant Call Format files (VCF) by analyzing four essential
similarity metrics (reference distance, reciprocal overlap, size similar-
ity, sequence similarity) across all SV pairs within a designated region,
while also ensuring SV type and genotype match between compared
SV pairs. If any of thesemetrics exceed user-defined thresholds, the SV
pair fails to be a candidate match. The following metric/parameter
setting was used in Truvari: p =0.5, P = 0.5, r = 500, O =0.01, repre-
senting a moderate-tolerance metric/parameter set to evaluate SV
calls. Specifically, parameter p, or pctstim, ranging from 0 to 1.0,
controls theminimumallele sequence similarity used to identify the SV
calls being compared as the same. Parameter P, also known as pctsize,
ranges from 0 to 1.0, defining the minimum allele size similarity
required between the two SVs. ParameterO, also referred to as pctovl,
ranges from 0 to 1.0 and determines the minimum threshold of reci-
procal overlap ratio between the base and comparison call. It is only
applicable on deletions that can be used to evaluate their breakpoint
shift. Parameter r, or refdist, ranging from 0 to 1000bp, limits the
threshold for maximum reference location difference of the SVs being
compared, which can be used to evaluate the breakpoint shift of
insertions.

We first determined the average performance across different
PacBio Hifi, CLR, and ONT datasets for the four assembly-based tools
(Table 2). Across Hifi datasets, VolcanoSV achieved the best average F1
(91.03% and 94.19%) and genotyping accuracy (98.32% and 99.01%) for
insertions and deletions. Across CLR datasets, VolcanoSV achieved the
best average F1 (89.72% and 93.70%) and genotyping accuracy (97.07%
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and 98.58%) for insertions and deletions. In ONT datasets, VolcanoSV
also attained the best average F1 (90.10% and 93.13%), and genotyping
accuracy (98.00% and 99.06%) for insertions and deletions.

When we examined each dataset (Fig. 3, Table 2, and Supple-
mentary Tables 1–3), VolcanoSV consistently outperformed all other
tools, achieving the highest F1 scores for both insertions and deletions
for all 14 libraries. In the context of the fiveHifidatasets (Fig. 3, Table 2,
and Supplementary Table 1), VolcanoSV achieved the highest ranking
in terms of all performance metrics. Specifically, for insertions, Vol-
canoSV consistently surpassed all other tools across all metrics, with
F1 score, recall, precision, and GT concordance outperforming the
second-ranked tool by an average of 1.29%, 0.67%, 1.92%, and 0.59%,
respectively. With respect to deletions, VolcanoSV sustained its
advantage, demonstrating an average superiority of 1.07% in F1 score,
0.48% in recall, 1.52% in precision, and 0.53% in GT concordance over
the second-ranked tool.

In the three CLR datasets (Fig. 3, Table 2, and Supplementary
Table 2), VolcanoSV stood out as the top performer across all metrics
and libraries, with distinct advantages. For insertions, VolcanoSV’s
performance metrics, including F1 score, recall, precision, and GT
concordance, were 3.30%, 0.87%, 4.61%, and 4.20% higher than the
second-ranked tool. Likewise, for deletions, VolcanoSV outperformed
the second-ranked tool by 4.87%, 6.19%, 3.19%, and 1.71% higher scores
on average for F1, recall, precision, and GT concordance. It is note-
worthy that CLRdata exhibited a significantly higher error rate, varying
between 10% to 20%. PAV, SVIM-asm, and Dipcall exhibited sig-
nificantly inferior performance in PacBio CLR when contrasted with
Hifi datasets. Effectively eliminating false positive calls is a crucial step
following the SV detection process. VolcanoSV incorporates a precise
SV filtering procedure and an advanced GT predictionmodel within its
workflow, resulting in a notable enhancement in performance com-
pared to all other tools.

For the six ONT datasets (Fig. 3, Table 2, and Supplementary
Table 3), VolcanoSV still maintained a substantial lead. In terms of
insertions, VolcanoSV outperformed the second-ranked tool, with an
average F1 score and precision that were 1.5% and 2.68% higher,
respectively. Regarding the insertion recall, on ONT_L3-5, VolcanoSV’s
recall was 0.38% higher on average than the second-ranked tool. On
ONT_L1 and L6, VolcanoSV exhibited the second-highest recall, with
just an average of 0.14% less compared to the top recall. However, on
ONT_L2, VolcanoSV only demonstrated the third-highest recall, with
1.03% less compared to the top recall. For the insertion GT con-
cordance, VolcanoSV achieved a 0.29% higher GT concordance than
the second-ranked tool, except for ONT_L2, where SVIM-asm reached
the highest GT concordance with amargin of 0.16% over VolcanoSV. In
terms of deletions, VolcanoSV outperformed the competition with an
average F1 score, precision, and GT concordance that were 0.89%,
1.87%, and 0.62% higher, respectively, than the second-ranked tool. In
terms of deletion recall, on ONT_L1, L3, L4, and L6, VolcanoSV’s recall
was0.13%higher on average than the second-ranked tool. However, on
ONT_L2 and L5, PAV and SVIM-asm attained the best recall, with an
increase of 0.18% on average, in comparison to VolcanoSV.

In summary, VolcanoSV emerged as the top-tier choice for
assembly-based SV detection across different long-read datasets,
exhibiting superior performance and consistency, particularly for
PacBio HiFi andCLRdatasets in terms of F1 score, recall, precision, and
GT concordance. VolcanoSV still demonstrated its superiority for ONT
datasets in terms of F1 score, precision, and GT concordance. With
respect to the recall in insertions and deletions, VolcanoSV achieved
the best recall in 3–4 out of 6 datasets.

SV annotation
Although VolcanoSV further improved F1 scores and genotyping
accuracy compared to the second-ranked tool in each dataset,
the potential benefits impact of this improvement on downstreamTa
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analyses remained unclear. To delve deeper into these unique true
positive (TP) SVs with correct genotypes (GT) identified by VolcanoSV
compared to the second-ranked tool, we annotated the SVs with their
predicted effects on other genomic features using the Ensembl Variant
Effect Predictor (VEP)31.

For example, we extracted and annotated 300 unique TP SVs with
correct genotypes identified by VolcanoSV compared to the second-
ranked tool, SVIM-asm, in Hifi_L1. These SVs overlapped with 258
genes, 939 transcripts, and 120 regulatory features, including 266
novel SVs and 34 existing ones. Among these, 125 SVs were coding
sequence variants and 16 were in-frame deletions. More information
on the consequences of these SVs is demonstrated in Supplementary
Fig. 1. Additionally, we performed an exactmatch comparison of these
SVs in terms of sequence and breakpoints with those in the Genome
Aggregation Database (gnomAD)32. We identified 29 matching SVs, 12
of which are rare variants with an allele frequency (AF) of less than 1%.
Furthermore, we found that these SVs allowed an additional 85 genes
to be phased by VolcanoSV. Genes are considered phased if all het-
erozygous variants within it are phased.

We performed these analyses for all 14 long-read datasets (Sup-
plementary Table 4 and Supplementary Fig. 1), and the results sug-
gested that the improvement by VolcanoSV over the second-ranked
tool in each dataset provided a substantial number of SVs with
potential phenotypic effects.

VolcanoSV unveils numerous unique true structural variants
and remains robust across SV sizes
As we observed in the previous section, VolcanoSV achieved the
highest recall in all PacBio Hifi and CLR datasets, and half of the ONT
datasets. To further assess the overlapping calls among different tools
and understand why VolcanoSV generated many more true positive
calls, we employed an UpSet plot to visualize the total number of

shared true positive (TP) calls and unique TP calls for all four assembly-
based tools (Fig. 4a–c). Overall, the four tools we examined exhibited a
substantial overlap in TP calls, as indicated by the rightmost bar in the
plot. Specifically, across Hifi_L2, CLR_L1, and ONT_L1 data, these four
tools shared 8457, 7834, and 8151 TP calls, respectively. Notably, Vol-
canoSV contributed the largest number of unique TP calls. For Hifi_L2,
VolcanoSV, PAV, SVIM-asm, and Dipcall had 43, 35, 4, and 1 unique TP
calls, respectively. In the case of CLR_L1, these tools had 174, 28, 11, and
4 unique TP calls, while for ONT_L1, they had 56, 19, 5, and 2 unique TP
calls. The SV annotation analysis for the unique SVs by VolcanoSV was
illustrated in Supplementary Table 5 and Supplementary Fig. 2.

To assess the influence of structural variant (SV) size on the
accuracy of SV detection, we generated F1 scores for SV detection
across different SV size ranges (Fig. 4d–f). In general, VolcanoSV
demonstrated top-tier accuracy across most size ranges, except for
insertionswithin the 10–50 kb range. Specifically, in Hifi_L2, VolcanoSV
consistently excelled in medium and large-size deletions (50bp–6 kb)
and insertions (50 bp–4 kb). When it came to very large insertions
(6–50 kb), VolcanoSV’s performance exhibited some variability. How-
ever, in the case of very large deletions (6–50kb), VolcanoSV con-
sistently maintained top performance, with the exception of deletions
within the 6–7 kb range. Notably, in the case of extremely large dele-
tions (10–50kb), VolcanoSV outperformed other tools significantly in
terms of F1 scores.

The performance of VolcanoSV was even more remarkable for
CLR and ONT data. On CLR_L1 and ONT_L1, VolcanoSV achieved the
highest F1 scores for deletions across all size ranges and insertions
within the 50 bp–5 kb range. However, for very large insertions
(5–50 kb), VolcanoSV’s performance showed some variability. It is
worth highlighting that in CLR data, VolcanoSV displayed notably
superior performance in detecting very large deletions (7–50 kb)
compared to other tools. Upon further analysis of the remaining 11
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Fig. 1 | VolcanoSV overall workflow. The main workflow of VolcanoSV consists of
two key components, VolcanoSV-asm and VolcanoSV-vc. VolcanoSV-asm (left, blue
square) comprises three conceptual modules to perform diploid assembly (parti-
tioning reads into corresponding haplotypes, assigning unphased reads, and

performing a haplotype-aware local assembly). The output of this component is
processed by the VolcanoSV-vc component (center, red rectangle) to perform
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datasets, VolcanoSV demonstrated consistent and superior perfor-
mance across different size ranges compared to the other three
assembly-based tools (Supplementary Fig. 3).

VolcanoSVdemonstrates proficiency in identifying complex SVs
in simulated and real cancer datasets
Up to this point, we have assessed deletion and insertion SVs, which
account for most SVs, but other SVs such as translocations (TRA),
inversions (INV), and duplications (DUP) also describe different com-
binations of DNA rearrangements. The lack of benchmarking data for
such complex SVs makes it difficult to evaluate tools. To extend the
evaluation to complex SV detection, we first applied VolcanoSV and
other tools to simulated data. Dipcall was not involved in this analysis
since it was not designed to detect complex SVs.

We used VISOR (v1.1.2)33 to insert SNPs and complex SVs into the
hg19 human reference, and then used PBSIM (v3.0.0)34 to simulate
reads for different libraries (Hifi, CLR, and ONT). We compared the SV
call results with the initial inserted SVs to calculate F1 and F1 for gen-
otyping accuracy (GT_F1) scores. Detailed simulation and evaluation
details are described in the Methods section. Since every reciprocal
TRA has four breakends, it is hard to decide whether the genotype is
correct or not.We thus only calculated F1 andGT_F1 for INVs andDUPs.
In Fig. 4g, VolcanoSV demonstrated the highest F1 performance across
all simulated libraries and complex SV types, except for TRAs in Hifi
data (Hifi_TRA). Specifically, on CLR and ONT data, VolcanoSV sur-
passed SVIM-asm, achieving F1 scores that were on average 18%, 23%,

and 63% higher for TRAs, INVs, and DUPs, respectively. Moreover,
VolcanoSV’s GT_F1 scores were on average 33% and 57% higher than
SVIM-asm’s GT_F1 for INV and DUP, respectively. For TRAs in Hifi data,
VolcanoSV’s F1 was only 1% lower than the best F1 by SVIM-asm. PAV
was not designed to detect TRAs and DUPs but also had the worst
performance on INVs. Noticeably, VolcanoSV achievedmuch higher F1
and GT_F1 scores for DUPs in all simulated data compared to SVIM-
asm, primarily attributed to the effective duplication recovery process
implemented in VolcanoSV. With respect to GT_F1, VolcanoSV
achieved the best performance on all simulated libraries and complex
SV types, except for INVs in Hifi data (Hifi_INV).

We next applied VolcanoSV and SVIM-asm on two publicly
available sets of tumor-normal paired libraries (Pacbio CLR andONT)
provided by Talsania et al.35 and the high confidence
HCC1395 somatic SV callset they provided as the benchmark, to
further evaluate three classes of somatic complex SVs. To detect
somatic SVs, we first applied each assembly-based tool on every
library to generate VCF files independently, then used SURVIVOR
(v1.0.6)36 to call somatic variants based on the paired normal-tumor
VCFs, and finally compared the somatic SV result to the provided
benchmark callset. The high-confidence benchmark callset has a
total of 1777 SVs, including 551 insertions, 717 deletions, 146 trans-
locations, 133 inversions, and 230 duplications. Since this high-
confidence callset is incomplete, we only plotted recall. VolcanoSV
outperformed SVIM-asm in terms of recall across all different
libraries and all complex SV types, especially for DUPs (Fig. 4h).
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Table 2 | Performance across 14 datasets for three different types of long-read data

INS VolcanoSV
(2023)

PAV (2021) SVIM-
asm
(2020)

Dipcall
(2018)

DEL VolcanoSV
(2023)

PAV (2021) SVIM-
asm
(2020)

Dipcall
(2018)

Total benchmark calls (>50): 5281 Total benchmark calls (>50): 4116

Hifi_L1 recall 94.0% 93.11% 93.09% 91.35% Hifi_L1 recall 94.63% 93.22% 93.9% 92.61%

precision 89.36% 86.34% 86.52% 72.82% precision 93.72% 92.28% 91.7% 90.33%

F1 91.62% 89.6% 89.68% 81.03% F1 94.17% 92.75% 92.79% 91.46%

gt_concordance 98.37% 95.57% 97.82% 77.84% gt_concordance 99.08% 97.11% 97.85% 96.75%

Hifi_L2 recall 93.64% 93.33% 92.92% 91.59% Hifi_L2 recall 94.68% 94.12% 94.56% 92.76%

precision 88.1% 86.35% 86.38% 73.14% precision 93.23% 92.04% 92.01% 90.11%

F1 90.78% 89.71% 89.53% 81.34% F1 93.95% 93.07% 93.27% 91.42%

gt_concordance 98.02% 96.1% 97.68% 78.52% gt_concordance 98.9% 97.26% 98.61% 96.86%

Hifi_L3 recall 93.86% 93.01% 93.15% 91.76% Hifi_L3 recall 95.0% 93.49% 94.44% 92.76%

precision 87.97% 86.28% 86.36% 72.97% precision 93.5% 91.71% 91.7% 89.94%

F1 90.82% 89.52% 89.62% 81.3% F1 94.24% 92.59% 93.05% 91.33%

gt_concordance 98.39% 94.89% 97.95% 78.29% gt_concordance 99.0% 96.62% 98.59% 96.83%

Hifi_L4 recall 93.88% 92.99% 93.18% 91.5% Hifi_L4 recall 95.07% 93.42% 94.41% 92.59%

precision 88.28% 86.17% 86.49% 72.91% precision 93.57% 92.1% 92.13% 90.14%

F1 91.0% 89.45% 89.71% 81.16% F1 94.31% 92.75% 93.26% 91.35%

gt_concordance 98.41% 95.32% 97.62% 78.0% gt_concordance 98.9% 96.91% 98.69% 96.67%

Hifi_L5 recall 93.85% 93.85% 93.09% 91.29% Hifi_L5 recall 94.87% 94.53% 94.53% 92.42%

precision 88.22% 86.43% 86.58% 73.01% precision 93.73% 91.99% 91.92% 90.04%

F1 90.94% 89.99% 89.72% 81.13% F1 94.3% 93.24% 93.21% 91.21%

gt_concordance 98.39% 96.99% 97.58% 78.16% gt_concordance 99.15% 98.64% 98.56% 96.9%

Hifi
(overall)

recall 93.85% 93.26% 93.09% 91.50% Hifi
(overall)

recall 94.85% 93.76% 94.37% 92.63%

precision 88.39% 86.31% 86.47% 72.97% precision 93.55% 92.02% 91.89% 90.11%

F1 91.03% 89.65% 89.65% 81.19% F1 94.19% 92.88% 93.12% 91.35%

gt_concordance 98.32% 95.77% 97.73% 78.16% gt_concordance 99.01% 97.31% 98.46% 96.80%

CLR_L1 recall 93.6% 91.76% 93.32% 88.13% CLR_L1 recall 94.27% 89.02% 91.72% 86.95%

precision 86.64% 84.15% 84.62% 66.76% precision 94.06% 91.21% 92.01% 88.81%

F1 89.99% 87.79% 88.75% 75.97% F1 94.16% 90.1% 91.86% 87.87%

gt_concordance 98.38% 95.87% 96.77% 67.6% gt_concordance 98.99% 98.39% 98.46% 94.36%

CLR_L2 recall 92.44% 91.18% 89.95% 20.77% CLR_L2 recall 93.93% 86.88% 86.1% 21.04%

precision 86.33% 72.05% 80.21% 69.61% precision 93.07% 81.51% 88.51% 82.4%

F1 89.28% 80.49% 84.8% 32.0% F1 93.49% 84.11% 87.29% 33.52%

gt_concordance 96.09% 91.75% 92.0% 68.0% gt_concordance 98.71% 96.0% 95.23% 85.45%

CLR_L3 recall 92.77% 91.71% 90.4% 47.28% CLR_L3 recall 93.32% 84.35% 84.28% 46.33%

precision 87.19% 78.91% 81.51% 60.4% precision 93.57% 88.32% 90.6% 83.06%

F1 89.89% 84.83% 85.72% 53.04% F1 93.44% 86.29% 87.33% 59.48%

gt_concordance 96.75% 89.24% 89.86% 54.27% gt_concordance 98.05% 95.65% 96.17% 84.27%

CLR
(overall)

recall 92.94% 91.55% 91.22% 52.06% CLR
(overall)

recall 93.84% 86.75% 87.37% 51.44%

precision 86.72% 78.37% 82.11% 65.59% precision 93.57% 87.01% 90.37% 84.76%

F1 89.72% 84.37% 86.42% 53.67% F1 93.70% 86.83% 88.83% 60.29%

gt_concordance 97.07% 92.29% 92.88% 63.29% gt_concordance 98.58% 96.68% 96.62% 88.03%

ONT_L1 recall 93.47% 91.42% 93.73% 90.32% ONT_L1 recall 94.46% 91.28% 94.34% 91.67%

precision 87.66% 85.3% 85.57% 65.49% precision 93.55% 91.34% 91.62% 86.98%

F1 90.47% 88.26% 89.46% 75.93% F1 94.0% 91.31% 92.96% 89.26%

gt_concordance 98.42% 97.33% 98.08% 63.71% gt_concordance 99.18% 98.72% 98.79% 93.32%

ONT_L2 recall 91.93% 92.96% 92.54% 84.79% ONT_L2 recall 92.61% 94.07% 93.83% 88.82%

precision 88.39% 84.74% 84.58% 64.27% precision 91.72% 90.13% 90.07% 83.68%

F1 90.12% 88.66% 88.38% 73.12% F1 92.17% 92.06% 91.91% 86.18%

gt_concordance 97.67% 97.23% 97.83% 59.65% gt_concordance 99.11% 98.42% 98.42% 89.36%

ONT_L3 recall 93.51% 92.71% 93.33% 89.45% ONT_L3 recall 93.95% 92.78% 93.9% 90.72%

precision 87.32% 86.03% 85.28% 65.47% precision 92.82% 91.1% 90.86% 86.48%

F1 90.31% 89.25% 89.12% 75.6% F1 93.38% 91.94% 92.35% 88.55%
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Specifically, on PacBio CLRdata, VolcanoSV’s recall was 23%, 18%, and
12% higher than SVIM-asm for TRAs, INVs, and DUPs respectively. On
ONT data, VolcanoSV’s recall was 13%, 9%, and 17% higher than SVIM-
asm for TRAs, INVs, and DUPs respectively. Although VolcanoSV
outperformed SVIM-asm in detecting complex SVs, its recall was
relatively lower compared to its performance for simulated data or
indel SVs. To understand the reason behind this low recall and
whether VolcanoSV predominantly detects common complex SVs
identifiable by other long-read datasets, we analyzed the overlapping
VolcanoSV calls betweenpairednormal and tumorHCC1395 samples,
and HG002. Detailed results and discussion are provided in Supple-
mentary Fig. 4 and Supplementary Notes 1.1. Our analysis revealed
that 1) VolcanoSV failed to detect a sufficient number of unique
somatic complex SVs in the tumor sample, in addition to the germ-
line SVs; 2) The high-confidence benchmark callset included SV calls
only from alignment-based tools, and therefore using it to evaluate
VolcanoSV might introduce bias. Overall, it is still challenging to
solely use assembled contigs to detect complex SVs due to the lim-
itations of assembly algorithms and the complexity of graph con-
struction. Many genome assembly algorithms build contigs by
following the simplest paths through overlapping reads, which may
miss complex SVs. These variants create irregular patterns that do
not fit into the straightforward paths the algorithms usually prefer or
disrupt the continuity of the graph.

VolcanoSV maintained superior performance on low coverage
datasets
To further benchmark VolcanoSV’s robustness to different sequencing
coverages against the three assembly-based SV callers (PAV, SVIM-asm,
and Dipcall), we evaluated SV calling results on subsampled Hifi_L1,
CLR_L1, and ONT_L1. All three datasets were subsampled to 40x, 30x,
20x, 10x, and 5x coverage using rasusa (v0.6.0)37. Hifi_L1 and CLR_L1
were additionally subsampled to 50x coverage due to their higher
original coverage.

The four tools exhibited similar subsampling effects on Hifi_L1
(Fig. 5a and Supplementary Table 6). Noticeable changes in terms of
recall, precision, and F1 were only observed after the coverage dropped
to 5x. For both insertions and deletions, VolcanoSV showed greater
robustness to subsampling effects on Hifi_L1 compared to the other
three tools, since it could still preserve high F1 scores at 10x coverage. At
5x coverage, SVIM-asm kept the highest F1, followed by VolcanoSV.

Two main patterns were observed in the subsampling effects on
CLR_L1 and ONT_L1 (Fig. 5b, c, Supplementary Table 7, and Supple-
mentary Table 8). VolcanoSV and Dipcall showed relatively stable
precision across different coverages, but lower recall at lower cov-
erages (5–10×). On the other hand, PAV and SVIM-asm were able to
maintain relatively better recall as coverage decreased, however, their
precision declined quickly as coverage dropped to lower coverages.
Considering F1 as the metric, VolcanoSV still demonstrated greater
robustness against subsampling on CLR_L1 and ONT_L1, as it exhibited
better F1 scores compared to the other three tools when the coverage
dropped to 10× and 5×.

We also examined subsampling effects on genotyping accuracy.
The genotyping performance shared a similar trend with the overall
accuracy for the subsampling effects. Across all coverages (5–50×),
VolcanoSV maintained the best genotype accuracy compared to the
other three tools.

VolcanoSV is robust to SV evaluation parameters
Due to the complex nature of structural variants, SV benchmark tools
suchasTruvari usually do not require a detected SV to have exactly the
same breakpoints and sequence as the true SV to be considered cor-
rect, but instead use a set of evaluation parameters to control the
matching tolerance. While thematching tolerance can facilitate fair SV
comparisons, the choice of the evaluation parameters is usually
empirical and subjective, which increases the uncertainty of the
comparison outcomes and could limit our understanding of the SV
calling performance. A lenient threshold might underestimate

Table 2 (continued) | Performance across 14 datasets for three different types of long-read data

INS VolcanoSV
(2023)

PAV (2021) SVIM-
asm
(2020)

Dipcall
(2018)

DEL VolcanoSV
(2023)

PAV (2021) SVIM-
asm
(2020)

Dipcall
(2018)

Total benchmark calls (>50): 5281 Total benchmark calls (>50): 4116

gt_concordance 98.22% 97.22% 98.19% 63.74% gt_concordance 99.02% 98.74% 98.78% 92.64%

ONT_L4 recall 92.37% 91.65% 91.1% 73.49% ONT_L4 recall 92.69% 92.03% 92.35% 76.21%

precision 85.88% 82.79% 82.86% 62.55% precision 92.35% 89.7% 90.44% 82.99%

F1 89.01% 87.0% 86.79% 67.58% F1 92.52% 90.85% 91.38% 79.46%

gt_concordance 97.31% 95.81% 96.57% 55.45% gt_concordance 98.87% 97.1% 97.08% 86.01%

ONT_L5 recall 93.13% 89.24% 92.9% 86.8% ONT_L5 recall 93.59% 89.04% 93.71% 88.61%

precision 87.88% 84.72% 85.06% 63.83% precision 92.82% 90.88% 91.05% 84.66%

F1 90.43% 86.92% 88.8% 73.56% F1 93.2% 89.95% 92.36% 86.59%

gt_concordance 97.93% 97.18% 97.92% 59.25% gt_concordance 99.09% 98.72% 98.73% 90.18%

ONT_L6 recall 92.65% 90.72% 92.67% 86.99% ONT_L6 recall 93.73% 90.89% 93.71% 89.14%

precision 87.97% 84.78% 84.48% 64.42% precision 93.3% 90.96% 91.03% 85.39%

F1 90.25% 87.65% 88.39% 74.03% F1 93.52% 90.92% 92.35% 87.22%

gt_concordance 98.43% 97.1% 98.1% 60.58% gt_concordance 99.07% 98.74% 98.81% 91.06%

ONT
(overall)

recall 92.84% 91.45% 92.71% 85.31% ONT
(overall)

recall 93.50% 91.68% 93.64% 87.53%

precision 87.52% 84.73% 84.64% 64.34% precision 92.76% 90.69% 90.84% 85.03%

F1 90.10% 87.96% 88.49% 73.30% F1 93.13% 91.17% 92.22% 86.21%

gt_concordance 98.00% 96.98% 97.78% 60.40% gt_concordance 99.06% 98.41% 98.44% 90.43%

The table lists recall, precision, F1 (%), andgenotype accuracy (represented bygt_concordance). Thehighest recall, precision, F1, andgenotype accuracy scores among four benchmarked SVcallers
aremarked in bold. For eachPacBioHiFi, CLR, andONT long read type, theoverall average performance is also shown. The followingparameter settingwas used in Truvari for benchmarking:p =0.5,
P = 0.5, r = 500, O = 0.01. Source data are provided as a Source Data file.
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distinctions among SV callers, while a stringent threshold could
exaggerate the superiority of a particular SV caller. Therefore, we used
a grid search experiment to explore Truvari’s parameters to thor-
oughly investigate the robustness of VolcanoSV and other assembly-
based tools38. As described before, evaluation parameters include
pctstim (p), pctsize (P), pctovl (O), and refdist (r). In general, higher
values of p, P, and O, along with lower values of r, establish more
stringent comparison criteria. This means that the SVs being com-
pared will need to exhibit greater sequence similarity, allele size
similarity, reciprocal overlap ratio, or closer proximity to the reference
sequence in order to be classified as the sameSV.More descriptions of
Truvari and its parameters are provided in the Methods section. Spe-
cifically, in our grid search SV evaluation experiments, we varied p, P,O
from 0 to 1 in increments of 0.1, and r from 0 to 1 kb in increments
of 100 bp.

Wefirst evaluateddeletions onHifi_L1. Parametersp andOhad the
most significant effects. As illustrated in Fig. 6a, when p and O
increased (i.e. amore stringent correspondence was required between
the call and the gold standard tobeaccepted as a true positive), all four
assembly-based tools, Dipcall, SVIM-asm, PAV, and VolcanoSV
demonstrated stable and high performance across the grid search and
could still maintain reasonable F1 scores under the most stringent
parameter settings. Among them, VolcanoSV showed the most robust

performance with the changes of evaluation parameters and main-
tained the highest F1 score across all entries. Parameters P and r had
little effect on deletion evaluation for all methods unless they were set
to 1.0 or 0 bp, respectively.

In terms of evaluating insertions on Hifi_L1, parameters p and r
were chosen as the representative pair to compareperformanceacross
methods. Compared to deletions, insertions called by assembly-based
tools were slightly more robust to the changes of evaluation para-
meters (Fig. 6d), except for the most stringent conditions (p = 1.0 or
r =0). SVIM-asm, PAV, and VolcanoSV, maintained relatively higher
performance across grid searches than Dipcall. Overall, VolcanoSV
achieved higher F1 than SVIM-asm and PAV for each grid. The para-
meter Owas not used since it is not applicable to insertion evaluation.
The parameter P only had a significant effect on insertion evaluation
for SV callers when it was set to 1.0. This result was consistent with its
effect on deletion evaluation. We have also observed similar patterns
on grid searches for all methods on CLR_L1 and ONT_L1 (Supplemen-
tary Figs. 5 and 6).

To reveal why assembly-based methods like VolcanoSV were
robust to changes of evaluation parameters, we further analyzed the
distribution of SV breakpoint and alternate allele sequence similarity
for several representative tools. The breakpoint shift was determined
by calculating themaximumdifference in reference locations between

Fig. 3 | Cross datasets evaluation against GIAB H002 benchmark. a, b F1 heat-
map for deletions (DEL) and insertions (INS) by four assembly-based tools.
c, d Recall bar plots for insertions deletion (DEL) and insertions (INS) by four
assembly-based tools. e, f Precision bar plots for insertions deletion (DEL) and

insertions (INS) by four assembly-based tools.g,hGenotype accuracy (represented
by GT_concordance) bar plots for insertions deletion (DEL) and insertions (INS) by
four assembly-based tools. Source data are provided as a Source Data file.
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the two compared SV calls. The similarity in SV sequences was com-
puted based on the edit distance between the two compared SV calls.
The results showed that all four tools had a near zero breakpoint shift
and near 100% SV sequence similarity with the benchmark callset
(Fig. 6b, c, e, f). This result underscores that the ability to accurately
capture SV breakpoints and alternative allele sequences contributes to
the tool’s resilience in rigorous SV evaluation scenarios, a capability
possessed by all assembly-based methods.

VolcanoSV-vc attains low false discovery rate
We employed the complete VolcanoSV pipeline to produce diploid
assembly, ultimately facilitating the detection of all types of structural
variants. VolcanoSV-vc, serving as the assembly-based SV calling
component of VolcanoSV, is versatile enough to function as a stan-
dalone tool, accepting assembly inputs from other assemblers. We
thus investigated the SV calling performance of VolcanoSV-vc by

taking hifiasm’s assembly as input for Hifi data, and Flye +HapDup’s
assembly as input for CLR and ONT data. In comparison to the three
other assembly-based methods (PAV, SVIM-asm, and Dipcall),
VolcanoSV-vc achieved the best F1 across all 14 PacBio Hifi, CLR, and
ONT datasets (Supplementary Tables 9–11 and Supplementary Fig. 7).

Although benchmarking against the GIAB SV gold standard is an
efficient and precise procedure to evaluate and compare the SV calling
performance of different tools, theGIAB gold standard SV callset is not
a complete set and could also contain false positives. We thus used
T2T-CHM13 (v2.0) as an additional reference genome and the long
reads from the CHM13 sample to call SVs and evaluate the false dis-
covery rate. Specifically, we used hifiasm (v0.16) to assemble long
reads into dual contigs, and applied different assembly-based SV call-
ers to the contigs against both T2T-CHM13 and GRCh38 reference
genomes (v2.1.0). We did not use the VolcanoSV-asm component for
the diploid assembly since the CHM13 sample derives from a single
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homozygous complete hydatidiform mole and is not suitable for the
haplotype-phasing module to achieve diploid assembly. The false
discovery rate was computed as the ratio of the number of detected
SVs against CHM13 to the number of SVs against GRCh38.

Given the remarkably precise T2T CHM13 assembly generated
with multiple complementary technologies, ideally, no SV should be
discovered when the contigs assembled from CHM13 long reads are
aligned to the T2T-CHM13 reference. However, we did observe a few
SV callswhen performing the variant calling due to the imperfection of
assembly and bias introduced by the aligner and variant caller.
Therefore, the number of false discoveries can serve as an objective

measure of how robust a variant caller is. We performed this experi-
ment on twoHifi datasets fromCHM13 (denoted asHifi_L6 andHifi_L7)
for different assembly-based SV callers, and the results were collected
in Table 3. We observed that overall, VolcanoSV achieved the lowest
false discovery rate (FDR) compared with the other three tools. Spe-
cifically, on Hifi_L6, VolcanoSV achieved the lowest baseline FDR at
3.03%, followed by Dipcall (3.05%), SVIM-asm (4.33%), and PAV (9.21%).

In termsof total calls against the T2T-CHM13 reference (relative to
which the false discovery rate is calculated), VolcanoSV ranked second
with 902 calls, following behind Dipcall, which had 737 calls. In terms
of total calls against the GRCh38 reference, VolcanoSV had the highest
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number (29748), followed by SVIM-asm (26384), Dipcall (24187), and
PAV (17540). On Hifi_L7, VolcanoSVmaintained its leadwith the lowest
baseline FDR at 2.22%, followed by Dipcall (2.94%), SVIM-asm (3.36%),

and PAV (4.52%). For total calls against the T2T-CHM13 reference,
VolcanoSV had the lowest false calls (593), followed by Dipcall (705),
PAV (794), and SVIM-asm (857). In terms of total calls against the
GRCh38 reference, VolcanoSV had the highest number (26737), fol-
lowed by SVIM-asm (25480), Dipcall (23976), and PAV (17563).

We conducted additional analysis on the falsely discovered SVs
basedon theT2T-CHM13 reference. The results, illustrated in theUCSC
Genome Browser (Supplementary Figs. 8 and 9) and Table 3, showed
that 92.6%, 96.4%, 94.2%, and 92.7% of FD for Hifi_L6 by VolcanoSV,
PAV, SVIM-asm, and Dipcall, respectively, were located in hetero-
chromatin regions like centromeres and telomeres. For Hifi_L7, the
percentages were lower, with 79.9%, 85.8%, 81.8%, and 82.4% of SVs
identified byVolcanoSV, PAV, SVIM-asm, andDipcall, respectively, also
located in these complex regions. Notably, the majority of FDs were
concentrated in chromosomes 1, 7, 9, 15, and 16. Heterochromatin
regions pose challenges for assembly, often requiring specialized
graph-based methods for accurate resolution.

Phased SNPs, small indels and SVs
While VolcanoSV was originally designed with a focus on detecting
structural variants (SVs), the diploid assembly also provides the
potential for uncovering small variants (≤50bp) across the entire
genome. We benchmarked SNPs and small indels by VolcanoSV with
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Fig. 6 | F1 accuracy by tuning different evaluation parameters and distribution
of breakpoint shift and alternate allele sequence similarity for SVs on Hifi_L1.
aGrid search heatmap of F1 values for deletions by different assembly-based tools.
b Distribution of breakpoint shift for deletions by assembly-based tools.

c Distribution of alternate sequence similarity for deletions by assembly-based
tools. d–f Equivalent visual representations as shown in a–c for insertions. Source
data are provided as a Source Data file.

Table 3 | Comparison of false discovery rate

Library Tool GRCh38
calls

T2T
calls
(FDs)

Baseline
FDR

% T2T calls (FDs) in
heterochromatin
regions

Hifi_L6 VolcanoSV 29748 902 3.03% 92.7%

PAV 17540 1616 9.21% 96.4%

SVIM-asm 26384 1143 4.33% 94.2%

Dipcall 24187 737 3.05% 92.7%

Hifi_L7 VolcanoSV 26737 593 2.22% 79.9%

PAV 17563 794 4.52% 85.8%

SVIM-asm 25480 857 3.36% 81.8%

Dipcall 23976 705 2.94% 82.4%

The number of SV calls against both the reference genome GRCh38 and the T2T-CHM13
assembly are included. The false discovery rate (FDR) is calculated as the ratio of the number of
SVs against T2T-CHM13 to the number of SVs against GRCh38 for each tool. The lowest FDR is
highlighted in bold for each dataset. “% T2T calls (FDs) in heterochromatin regions” denotes the
percentage of T2T calls (FDs) by each tool in heterochromatin regions. “FDs” stands for false
discoveries. Source data are provided as a Source Data file.
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PAV and Dipcall since they both detect small variants through the
assembly. In Hifi data (Supplementary Table 12), VolcanoSV demon-
strated the highest F1 scores in SNPs for four out of five datasets and
excelled in small indels for all five datasets, achieving peak F1 scores of
99.42% for SNPs and 98.34% for small indels.When applied toCLRdata
(Supplementary Table 13), VolcanoSV outperformed PAV and Dipcall,
achieving the best F1 scores in both SNPs and small indels across all
three datasets. Similarly, for ONT data (Supplementary Table 14),
VolcanoSV exhibited superior performance in SNPs and small indels
for all threedatasets, although all three tools displayed lowprecision in
small indel calls. It is noteworthy that detecting small indels based on
assembly proved to be ineffective for ONT data.

We note that VolcanoSV includes a haplotype phasing module,
enabling not only detection but also phasing of all types of variants,
including SNPs, small indels, and SVs. The end result is the production
of a phased VCF file.

Computational costs
To assess the runtime and memory usage of all tools, we used three
different long-readdatasets as representatives. All toolswere testedon
AMD EPYC 7452 Processor CPUs with 32 cores and 1TB memory. We
first investigated the computation cost for the assembly phase. For
Hifi_L1 (Supplementary Table 15), VolcanoSV-asm and hifiasm finished
within 1474 and 440 CPU hours with peak memory usage reaching
around 168GB and 214GB, respectively. In the CLR_L1 library,
VolcanoSV-asm and Fly +HapDup finished within 2582 and 10673 CPU
hours with peak memory usage of 259GB and 691GB, respectively;
Finally, for ONT_L1, VolcanoSV-asm and Fly +HapDup finished in 4397
and 7886 CPU hours with peak memory usage of 85GB and 337GB,
respectively. In summary, owing to the phasing and local assembly
modules, VolcanoSV-asm demonstrated lower memory consumption
and runtime than Fly +HapDup; it required more runtime and less
memory compared to hifiasm. However, assembly procedures for
assembly-based tools are often more computationally expensive than
alignment procedures for alignment-based tools. For instance, when
considering the same three libraries, alignment procedures utilizing
minimap2 (v2.24-r1122)39 only consume 189, 118, and 116 CPU hours,
with peak memory usage reaching approximately 31GB, 29GB, and
31GB, respectively.

Secondly, we benchmarked the computational costs for the
assembly-based variant calling phase. For Hifi_L1 (Supplementary
Table 16), VolcanoSV-vc, PAV, SVIM-asm, andDipcall finishedwithin 21,
97, 17, and 11 CPU hours with peakmemory of 21GB, 101GB, 37GB, and
48GB, respectively. For CLR_L1, VolcanoSV-vc, PAV, SVIM-asm, and
Dipcall finished within 123, 1098, 7, and 10 CPU hours with peak
memory of 215GB, 67GB, 26GB, and 42GB, respectively, For ONT_L1,
VolcanoSV-vc, PAV, SVIM-asm, and Dipcall finished within 32, 133, 8,
and 8 CPU hours with peak memory of 34GB, 53GB, 34GB, and 47GB,
respectively. In summary, due to the variant filtering and refinement
module, VolcanoSV-vc consumed less memory but more runtime than
SVIM-asm and Dipcall on Hifi and ONT data. However, on CLR data,
VolcanoSV-vc exhibited a substantial memory consumption. PAV
consistently required significantly more runtime than other assembly-
based tools. Compared to state-of-the-art alignment-based tools17–19,38,
VolcanoSV-vc shows no significant difference in computation cost.

Selecting assemblers for regions enriched in segmental
duplications
We selected hifiasm and Flye as the default assemblers for various
long-read datasets after evaluating several upstream long-read
assemblers, including hifiasm26, Flye27, Peregrine40, wtdbg241, IPA42,
HiCanu43, and Shasta44. Our assessment considered their impact on
VolcanoSV’s downstream large indel SV calling performance. These
two assemblers consistently demonstrated superior performance on
PacBio Hifi (hifiasm), and for CLR and ONT datasets (Flye),

respectively. However, users also have the flexibility within the
assemblymodule in VolcanoSV to choose themost appropriate or new
assemblers to fulfill their specific requirements. For example, when
assembling regions enriched in segmental duplications (SDs), these
two assemblersmaynot be themost suitable choice. To investigate the
performance of different assemblers in SD-enriched regions, we
employed Flagger (v0.3.3)45 to detectmisassemblies enriched in SDs in
three representative libraries. Flagger is a read-based pipeline that
maps long reads to the phased diploid assembly in a haplotype-aware
manner. It identifies coverage inconsistencies within these read map-
pings that are likely due to assembly errors. Details are provided in the
Methods section.

For ONT_L1, we additionally employed wtdbg2 (v2.2.5), Shasta
(v0.10.0), and NextDenovo (v2.5.2)46 in VolcanoSV to perform local
assembly for all phase blocks. Using Flagger, we first identified col-
lapsed components in diploid assembly by VolcanoSV using different
assemblers. These collapsed components represent regions with
additional copies in the underlying genome that have been collapsed
into a single copy, indicating potential misassemblies for SDs.We then
further assessed the SD reliability of the Flagger annotation for col-
lapsed components. To achieve this, we aligned the collapsed com-
ponents from all diploid assemblies to the GRCh38 reference genome
and intersected them with the SD annotations for HG002 based on
GRCh38. We then calculated and compared the total length of SD
annotation regions that overlap with collapsed regions by Flagger
across all assemblies. The results demonstrated that VolcanoSV
assembly using Flye, wtdbg2, Shasta, and NextDenovo generated
34.9MB, 47.6MB, 34.2MB, and 22.7MB of collapsed components,
respectively, which suggested collapsed SDs.

ForCLR_L1,we additionally employedwtdbg2, andNextDenovo in
VolcanoSV to perform local assembly for all phase blocks. The results
demonstrated that VolcanoSV assembly using Flye, wtdbg2, and
NextDenovo generated 28.8MB, 32MB, and 30.2MB of collapsed
components, respectively, which suggested collapsed SDs. For Hifi_L1,
we additionally employed Hicanu (v2.1.1) in VolcanoSV to perform
local assembly for all phase blocks. The results demonstrated that
VolcanoSV assembly using hifiasm and Hicanu generated 17.4MB and
15.7MB of collapsed components, respectively, which suggested
collapsed SDs.

These results suggested that NextDenovo in VolcanoSV assem-
bled fewer collapsed regions than Flye in ONT_L1, indicating its
potential superiority for regions enriched in SDs. Similarly, Hicanu in
VolcanoSV outperformed hifiasm in Hifi_L1. Notably, Flye in VolcanoSV
assembled the fewest collapsed regions in CLR_L1 compared to other
assemblers.

Discussion
In this work, we introduce VolcanoSV, a reference-assisted, haplotype-
resolved, assembly-based, structural variant detection method. It
relies on a sophisticated k-mer-based reads partitioning method, and
performs contig-based reads signature collection and rigorous FP fil-
tering, followed by genotype correction. The combination of these
steps enables VolcanoSV to attain remarkable performance in struc-
tural variation discovery. Our benchmarking analysis, evaluated
against the ground-truth HG002 SV callset from genome in a bottle
(GIAB), demonstrated superior levels of recall, precision, F1 score, and
genotype accuracy compared to existing state-of-the-art assembly-
based tools across a diverse range of datasets, including low-coverage
(10×) ones. Moreover, VolcanoSV was robust across SV evaluation
parameter settings and achieved accurate breakpoints and novel
sequence identification. It consistently achieved the highest F1 score
across all combinations of evaluation parameters compared to other
assembly-based tools. Due to the limited availability of ground-truth
SV calls other than for large insertions and deletions, VolcanoSV was
benchmarked for duplications, inversions, and translocations in both
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simulated and real cancer datasets. This analysis demonstrated a high
level of performance in complex SV detection. Furthermore, because
the ground-truth SV callset is incomplete, VolcanoSV-vc was further
benchmarked to detect SVs from the CHM13 sample by employing the
new reference genome T2T-CHM13. VolcanoSV-vc showed the lowest
false discovery rate of any available tool. However, because the diploid
assembly key component “VolcanoSV-asm” of VolcanoSV aims to
achieve haplotype-resolved diploid assembly via heterozygous SNPs, it
is not suitable for samples like CHM13, which is derived from a single
homozygous complete hydatidiform mole to perform diploid assem-
bly. In addition toSVdetection, VolcanoSValsodemonstrated superior
performance in small variants detection and assembled a phased VCF
file as the final product.

In comparison to existing SV callers, VolcanoSV is a comprehen-
sive workflow, and we recommend users to use it directly to generate
diploid assembly and detect variants. However, the VolcanoSV-asm
component can be used independently to generate diploid assembly
inputs for other assembly-based tools. Additionally, the VolcanoSV-vc
component canbe independently used todetect variants by taking any
diploid assembly as input fromother assembly tools.We highlight two
noteworthy and advantageous features of VolcanoSV: (1) It combines
both the contig-based signatures and read-based signatures to jointly
infer and filter structural variants, resulting in a superior level of sen-
sitivity and precision. Alignment-based methods heavily rely on the
reads’ quality and the aligner’s capabilities. In regions with high repe-
tition or other complexities,most aligners struggle to confidentlymap
reads, leading to reduced sensitivity in SV detection. Our reference-
assisted de novo assembly-based approach generates longer contigs,
effectively resolving the issue of alignment ambiguity. However,
genome-wide assembly may introduce artifacts and produce false
calls. Therefore, employing contig-based signatures to generate a draft
SV map and combining it with read-based signatures for false positive
filtering represents a judicious hybrid approach, harmonizing the
strengths of both approaches and compensating for their respective
limitations. (2) VolcanoSV implements a k-mer-based reads partition-
ing method, significantly improving the ratio of reads that are suitable
for diploid assembly, therefore boosting the variant calling perfor-
mance. We consider this k-mer-based method as an innovative and
complementary strategy for phasing. Current phasing software can
only make use of the heterozygous SNP information, while the het-
erozygosity introduced by indels or SVs is ignored. This k-mer-based
method takes into consideration the heterozygosity caused by indel
and any other variants, therefore facilitating the generation of a more
comprehensive haplotype-resolved assembly. Although assembly-
based variant detection approaches are often much more demand-
ing in computational resources than alignment-based approaches,
assembly-based approaches are more likely to generate comprehen-
sive SV calls with precise breakpoints and alternate sequences across
thewhole genome. VolcanoSV incorporates hifiasm and Flye as default
assemblers for local assembly, however, users have the flexibility to
utilize an appropriate or new assembler based on their needs.

Methods
VolcanoSV workflow
VolcanoSVuses a reference sequenceand long readsdata to generate a
high-quality haplotype-resolved diploid assembly, from which it then
comprehensively detects SVs and removes false positives. Not only
limited to SVs, VolcanoSV also integrates two modules to collect SNPs
and small indels, and further refine these small variants. For the final
product, VolcanoSV provides users with a completemapof all types of
phased variants. The main workflow of VolcanoSV consists of two key
components (VolcanoSV-asm and VolcanoSV-vc) interconnected
through six conceptual modules: (a) Partitioning reads relying on
haplotype phasing (VolcanoSV-asm, Fig. 1); (b) Unphased reads
assignment through unique k-mer similarity analysis (VolcanoSV-asm,

Fig. 1); (c)Haplotype-aware local assembly via augmentedphaseblocks
(VolcanoSV-asm, Fig. 1); (d) Contig alignment-based large indel SV
detection and refinement (VolcanoSV-vc, Fig. 2); (e) Complex SV col-
lection, recovery and filtering (VolcanoSV-vc, Fig. 2); (f) Small indel
collection and refinement (VolcanoSV-vc, Fig. 2). The final output is a
phased Variant Call Format (VCF) file. Details for each module are
described in the following sections.

Partitioning reads relying on haplotype phasing. VolcanoSV is a
reference-assisted haplotype-resolved assembly approach using as
input a phased alignment BAM file and a phased VCF file including all
heterozygous SNVs. For haplotype phasing, VolcanoSV integrates
Longshot (v0.4.1), a recently developed tool for SNV calling and
phasing47. VolcanoSV then partitions reads into the corresponding
haplotype within each phase block. Leveraging a Pair-Hidden Markov
Model (pair-HMM) and the HapCUT2 algorithm48 for read-based hap-
lotype estimation, Longshot has demonstrated exceptional utility in
mitigating the challenges posed by the high error rates inherent to
long sequencing reads47. In the total 14 long reads datasets we inves-
tigated, approximately 75% of the reads are assigned to a certain phase
block and haplotype, while a substantial proportion of the reads are
still not assigned to any phase block (Fig. 1). We referred to these
intractable reads from Longshot as “unphased reads”. These reads
often do not cover enough or any heterozygous SNVs for a haplotype
phasing algorithm to resolve them.We thus designed a new algorithm
to partition them into two haplotypes within a certain phase block.

Unphased reads assignment through unique k-mer similarity ana-
lysis. To accurately assign the unphased reads to the corresponding
haplotype, a unique k-mer similarity-based cost-efficient approach is
designed (Fig. 1). The underlying mechanism relies on the fact that
each haplotype (within each phase block) is composed of distinct sets
ofmutation events (SNPs, small indels, and SVs) and these events allow
us to extract a haplotype-specific unique k-mer set to represent it.
VolcanoSV can then assign unphased reads to the specific haplotype
by comparing the correspondence between each unphased read and
nearby haplotypes relying on unique k-mer sets similarity. iVolcanoSV
utilizes every two adjacent phase blocks of phased reads to define
unique k-mers and extract haplotype-specific unique k-mer sets for all
four haplotypes. Unique k-mers are defined as ones only appearing in
one of four haplotypes. For each unphased read, VolcanoSV also
extracts k-mers and thenquantifies the percentage of its unique k-mers
which are assigned to each haplotype of two adjacent phase blocks. If
an unphased read is originally drawn from one specific haplotype, it is
expected to see a high correspondence between the unphased read
and the haplotype. VolcanoSV uses an empirical distribution quantile-
based significance test to quantify the correspondence based on four
calculated percentages and then assigns each unphased read. If an
unphased read cannot be assigned when the significance test does not
pass the criterion, VolcanoSV assumes this read to be drawn fromboth
haplotypes and assigns it to both haplotypes of its nearest phase block.
At the end of this module, unphased reads are partitioned to the
corresponding haplotype for each phase block. The detailed methods
are described as follows:

Firstly, VolcanoSV assigns each unphased read to its candidate
phase blocks. The criteria for determining the candidate phase block
are as follows:

• If the unphased read overlaps with the phase block(s) according
to the coordinates, the overlapping phase block(s) will be
assigned as its candidate phase block(s).

• If the unphased readdoes not overlapwith any phase block, but is
in the gap between two consecutive phase blocks, these two
phase blocks will be assigned as candidates.

• If the above two conditions do not apply, i.e., the unphased read is
aligned to the start or end segment of a chromosome and does
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not overlap with any phase block, the nearest phase block will be
assigned as the candidate.

As a result, every unphased read is assigned to at least one phase
block and twoPS_HPs. “PS_HP” refers to onehaplotypeof a phaseblock
in the following context.

Secondly, to determine which PS_HP (haplotype of a phase block)
the unphased read is drawn from, a unique k-mer similarity-based
analysis is performed. VolcanoSV first collects a raw k-mer set for every
candidate PS_HP. The raw k-mer set for a PS_HP is the union of k-mers
fromall phased reads belonging to this PS_HP.When collecting k-mers,
the length of kmer is set to 12, and step size is set to 1 by default. Next,
VolcanoSV creates “fingerprint” (unique) k-mer sets that are exclusive
to every PS_HP. The fingerprint k-mer set of a PS_HP is defined as the
intersection between the raw k-mer set of this PS_HP and the sym-
metric difference among all candidates PS_HPs. For example, if an
unphased read has 4 candidate PS_HPs, of which the raw k-mer sets are
R1, R2, R3, R4, then the symmetric difference among them is

ΔðR1, R2, R3, R4Þ= ðR1∪R2∪R3∪R4Þ
�ðR1 \ R2Þ � ðR1 \ R3Þ
�ðR1 \ R4Þ � ðR2 \ R3Þ
�ðR2 \ R4Þ � ðR3 \ R4Þ

ð1Þ

The fingerprint (unique) k-mer set of each PS_HP is defined as
follows

F1 =R1 \ ΔðR1, R2, R3, R4Þ
F2 =R2 \ ΔðR1, R2, R3, R4Þ
F3 =R3 \ ΔðR1, R2, R3, R4Þ
F4 =R4 \ ΔðR1, R2, R3, R4Þ

8>>><>>>: ð2Þ

Denoting the k-mer set of the unphased read as S, the unique k-
mer similarity metrics between the unphased read and the four can-
didates PS_HPs are then defined as the size of their k-mer sets inter-
sections.

Sim1 = jS \ F1j
Sim2= jS \ F2j
Sim3= jS \ F3j
Sim4= jS \ F4j

8>>><>>>: ð3Þ

The normalized similarity metrics for the four candidates PS_HPs
are calculated as follows

NormSimi =
SimiP4
i = 1 Simi

ð4Þ

VolcanoSV repeats thisprocedure for all unphased reads and their
candidate PS_HPs. VolcanoSV thus collects all normalized similarity
metrics, forming a normalized similarity vector χ. To finally determine
which PS_HP the unphased read is drawn from, VolcanoSV utilizes an
empirical distribution quantile-based significance test to evaluate the
normalized similarity metrics between unphased reads and candidate
PS_HPs. A level r (10% by default) is used, and the cut-off threshold for
significance is the (1 − r) quantile of the normalized similarity vector χ.
Metrics exceeding this threshold are considered significant, and reads
are assigned accordingly. The null hypothesis (H0) posits that the
normalized similarity metric between the unphased read and the
candidate PS_HP is not significantly different from what would be
expected by random chance, i.e., NormSimi ≤Q1�rðχÞ. For each
unphased read, we compare its normalized similaritymetric to the cut-
off Q1−r(χ). If the metric is higher than the cut-off, it is considered
significant, suggesting a potential association with the corresponding
PS_HP. Conversely, if a normalized similarity metric for an unphased

read does not exceed the cut-off, we fail to reject the null hypothesis
for that specific read and candidate PS_HP combination, implying that
there is no significant association and the observed similarity might be
due to random chance. If an unphased read can not be assigned to any
candidate PS_HP based on the significance test, it will be partitioned to
both haplotypes of its nearest phase block.

Haplotype-aware local assembly via augmented phase blocks.
Once all unphased reads are partitioned to the corresponding haplo-
type of a certain phase block, VolcanoSV performs haplotype-aware
local assembly on all partitioned reads for each haplotype of all aug-
mented phase blocks. For PacBio Hifi data, VolcanoSV employs hifiasm
(v0.14)26 to perform the local assembly. For PacBio CLR or ONT data,
Flye27 is utilized for assembly in this study. Additionally, users have the
flexibility within this module to choose the most optimal or new
assemblers to fulfill their specific requirements. We also added func-
tionality allowing users to select specific assemblers for target regions
defined by a BED file. At the end of this module, haplotype-resolved
contiguous sequences (contigs) are generated for each phase block.

Contig alignment-based signature collection for large indel SV
detection. To detect SVs based on haplotype-resolved contigs, Vol-
canoSV performs a contig-to-reference alignment using minimap2
(v2.24-r1122)39. VolcanoSV then collects large insertion (INS), deletion
(DEL), inversion (INV), translocation (TRA), and duplication (DUP)
signatures relying on the contigs alignment BAM file. For small inser-
tions anddeletions (indels), signatures are usually inferred through the
CIGAR field of the BAM file (intra-alignment), while the signatures of
large INS, DEL, INV, TRA, and DUP can only be inferred through split
alignment (inter alignment). Specifically, for large indel SVs, Volca-
noSV adapts and optimizes the reads signature methods from tradi-
tional reads alignment-based tools17,49 to haplotype-resolved contigs
alignment to collect signatures.

Large INSs are detected when two disjoint segments on a contig
are aligned to two adjacent segments on the reference genome in the
same orientation. Likewise, large deletions are inferred when two
adjacent segments on a contig are aligned to two disjoint segments on
the reference genome with a gap in between. We denote the aligned
segment’s start and end coordinates relative to a contig as Con-
tig_s(start) and Contig_e(end), and relative to the reference as
Ref_s(start) and Ref_e(end). These notations are also illustrated in the
pipeline Fig. 2. Two metrics can be defined using the start and end
coordinates of a pair of split-alignments from a single contig (two
segments from the split-alignment are referred to as indices 1 and 2 in
the metrics below).

Diff dis = ðContig 2s� Contig 1eÞ
�ðRef 2s� Ref 1eÞ

Diff olp =Ref 1e� Ref 2s for INS

or

Contig 1e� Contig 2s forDEL

8>>>>>><>>>>>>:
ð5Þ

Diff_dis is defined as the difference between the distance of two
segments on the contig and their distance on the reference. Specifi-
cally, in the presenceof an INS, the distance between the two segments
on the contig will be greater than their distance on the reference
because a subset of the contig sequence can not be continuously
aligned to the reference. In the case of a DEL, the situation is reversed
due to the lossof sequence from the contig compared to the reference.
In practice, Diff_dis should be approximately equal to the size of SVs.
Therefore, we defined an empirical threshold parameter for Diff_dis,
denoted as THolp, which is set to 30bp by default. This ensures the
signature VolcanoSV generates will adequately cover any SV larger
than or equal to 50bp.
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Diff_olp represents the overlapping portion of the alignment
between two segments. For INSs, this alignment occurs on the refer-
ence sequence, whereas for DELs, it occurs on the contig. The value of
Diff_olp should not be excessively large, even in the presence of a large
INS or DEL. In the case of INSs, if two non-contiguous segments
flanking the inserted sequence are accurately aligned to the reference,
their alignment records should be contiguous on the reference. A
significant overlap on the reference, despite a large Diff_dis, still sug-
gests a false positive. Similarly, for deletions, if the two segments on
the contig exhibit a substantial overlap, this likely indicates a false
positive. Tomitigate false positives, a thresholdparameter forDiff_olp,
denoted as TH_olp, has been introduced and is set to 3000bp by
default.

So, VolcanoSV decides a large INS exits if the following conditions
apply

Diff dis ≥ THdis

Diff olp <THolp

(
ð6Þ

or a large DEL exits if the following conditions apply

Diff dis ≤ � THdis

Diff olp <THolp

(
ð7Þ

If the rule applies, the INS signature is collected by VolcanoSV as
follows

chromosome=contig aligned reference name

start = ðRef 1e +Ref 2sÞ=2
svlen = jContig 2s� Contig 1e +Diff olpj

8><>: ð8Þ

The DEL signature is collected by VolcanoSV as follows

chromosome=contig aligned reference name

start =Ref 1e

end=Ref 1e + jDiff disj
svlen =Diff dis

8>>><>>>: ð9Þ

Clustering and refinement of large indel SV signatures on each
haplotype. Large indel SV signatures are collected by VolcanoSV on
contigs from each haplotype separately. Ideally, the contig depth for
one haplotype should be equal to 1 for any position and every sig-
nature should be disjoint perfectly. However, in practice, due to
assembly artifacts and contig alignment issues, there may be over-
lapping contigs aggregated at certain positions, which could cause the
signatures to have redundancy. Therefore, VolcanoSV employs a
clustering algorithm to refine signatures collected from each haplo-
type. The clustering procedure is illustrated in thepipeline Fig. 2. In the
first step, signatures are divided into two categories, INS and DEL, and
are sorted by breakpoint positions respectively. Next, VolcanoSV uses
a nearest-neighbor chain algorithm to cluster (merge) the signatures of
each category. To achieve this, each signature is considered as a node,
if the similarity between two adjacent nodes passes a certain similarity
threshold, an edge is added between them. VolcanoSV calculates the
similaritymetrics fromthefirst to the last pair of signature nodes in the
sorted list. As a result, a substantial number of disjoint subclusters are
generated and each subcluster represents an SV call. Inmost cases, the
subcluster contains only one signature, which is directly selected as
the actual SV call. In the few cases where a subcluster contains more
than one signature, VolcanoSV selects the signature with the largest
length as the actual SV call. In more detail, the similarity metric
between each pair of INS signatures is computed as follows (Each pair

of signatures is referred to as indices 1 and 2 in the metrics below):

breakpoint shift = start1 � start2
svlen sim= minðsvlen1,svlen2Þ

maxðsvlen1,svlen2Þ

(
ð10Þ

The condition for two INS signature nodes to be clustered toge-
ther is

breakpoint shift < THshift intrahap

svlen sim>THsim

�
ð11Þ

where THshift_intrahap is a distance threshold parameter used to merge
any two INS signatures from the same haplotype. VolcanoSV sets this
threshold to 100 bp by default to ensure a stringent merging of sig-
natures within the same haplotype. THsim is another threshold for SV
similarity, specifically SV length, used tomerge any two INS signatures
from the same haplotype. Once a stringent THshift_intrahap is applied,
VolcanoSV sets a moderately tolerant threshold for THsim, which is 0.5
by default.

The similarity between each pair of DEL signatures is measured as
follows:

breakpoint shift = start1 � start2
svlen sim= minðsvlen1,svlen2Þ

maxðsvlen1,svlen2Þ

overlap ratio= ðminðend1,end2Þ�maxðstart1,start2ÞÞ
minðsvlen1,svlen2Þ

8>><>>: ð12Þ

The condition for two DEL signature nodes to be clustered toge-
ther is

breakpoint shift<THshift intrahap

svlen sim>THsim

overlap ratio>THsim

8><>: ð13Þ

The default threshold values of THshift_intrahap and THsim for DEL
are the same as those for INS. For any two DEL signatures, VolcanoSV
also evaluates their overlapping ratio and uses the same similarity
threshold parameter, THsim.

Pairing large indel SV calls from both haplotypes and genotype
prediction. After collecting and clustering signatures from each hap-
lotype, a pairing algorithm is applied to merge large indel SV calls and
determine the genotype. SV calls from eachhaplotype arefirstmerged
and sorted by position, for INS and DEL SVs respectively. Next, a
chaining procedure similar to the previous within-haplotype signature
clustering is performed on the sorted SV list under a different
threshold setting. Specifically, an edge will be added between two INS
SVs if the following condition applies:

breakpoint shift < THshift interhap

svlen sim>THsim

�
ð14Þ

An edge will be added between two DEL SVs if the following
condition applies:

breakpoint shift < THshift interhap

svlen sim>THsim

overlap ratio> THsim

8><>: ð15Þ

Compared to intra-haplotype clustering, the distance threshold
for inter-haplotype clustering is relatively more relaxed. THshift_interhap

is set to 200 bp by default because more influencing factors, such as
assembly artifact and alignment ambiguity, are expected to affect the
signatures between two haplotypes. The SV similarity threshold, spe-
cifically for SV length andDELoverlapping ratio, remains the sameas in
intra-haplotype clustering, setting to 0.5 by default.
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As a result, a substantial number of subclusters is generated to
represent INS and DEL SVs, respectively. Similar to the procedure in
within-haplotype signature clustering, the largest SV call in each sub-
cluster is kept. In addition, if a subcluster contains SVs from both
haplotypes, the genotype is labeled as “1∣1”. If a subcluster contains SVs
from only one haplotype, the genotype is labeled as “0∣1” or “1∣0”
depending on which haplotype the SVs are drawn from with a specific
phase block.

Large indel SV filtering. Inferred from the contig-to-reference align-
ment file, the raw SV calls might contain some noise or artifacts
introduced by the assembly and alignment procedure. Therefore, a
filtering algorithm based on read alignment information is designed to
remove false calls from raw SV calls.

For large indel SVs, similar to the procedure of collecting sig-
natures from the contig-to-reference alignment file, reads-based SV
signatures are first collected by scanning the read-to-reference file.
Next, for each raw SV call, VolcanoSV scans through all read-based
signatures of the same type (either INS or DEL) within the 1 kb region
centered around the inferred breakpoint of the raw SV and calculates
the SV length similarity. Denoting the size of raw SV as svlenraw and the
size of read-based signature as svlenread, the SV length similarity
between them is calculated as follows

svlen sim=
minðsvlenraw, svlenreadÞ
maxðsvlenraw, svlenreadÞ

ð16Þ

If the SV length similarity is greater than the minimum SV length
similarity threshold (0.5 by default), this read-based signature will be
regarded as supporting the raw SV. A raw SV call needs at least one
supporting signature, otherwise it will be filtered out as a false call.
Since the read-based alignment information is more reliable for small-
size SVs, we only apply this filtering procedure for indel SV signatures
within the size range of 50–250 bp.

Compared to INS calls, whole-genome assembly-based methods
like VolcanoSV often generatemore false positive DEL calls. To further
remove false positives inDEL calls, amore stringent filteringmethod is
required. VolcanoSV first scans through read-based signatures and
collects all DEL signatures that are within the 1 kb flanking region
around the breakpoint of each candidate DEL call. Next, VolcanoSV
calculates the supporting signature depth for each candidate DEL call
in the following fashion:

sig depth =
PN

i= 1 svlen sigi

svlencandidate

ð17Þ

where svlen_sigi is SV length of the ith supporting signature within the
flanking region, and N is the number of supporting signatures in the
flanking region. By collecting the supporting signature depth metrics
for all candidate DELs, VolcanoSV obtains a vector R. A DEL SV is
considered true if the below condition applies:

lb � eR ≤ sig depth≤ rb � eR ð18Þ

where eR is the median value of R, and lb and rb are the left and right
boundary ratios, which are dependent on the long reads data type. For
example, for Hifi data, lb = 0.2 and rb = 2.6; For CLR data, lb = 0.19 and
rb = 3.0; for ONT data, lb = 0.24 and rb = 2.8. Those parameters are
drawn empirically.

Remove redundancy. To further remove the redundancy in the fil-
tered SV call set, we designed a rigorous one-to-K clustering algorithm
to identify duplicate SV calls in which SV calls are first separated by
category and sorted by position. VolcanoSV then compares each SV
and its K neighboring SVs (within the flanking region of 500 bp) and

calculates similarity metrics. VolcanoSV adds an edge between this SV
and any neighboring SV that passes the similarity threshold. The
similarity metric includes breakpoint distance, SV length similarity,
and SV sequence similarity (edit distance).

For INS SVs, the threshold for adding an edge between two calls is

breakpoint shift < THshift redun INS

svlen sim>THsim

seq sim>THsim

8><>: ð19Þ

ForDEL SVs, the threshold for adding an edge between two calls is

breakpoint shift < THshift redun DEL

svlen sim>THsim relax

seq sim>THsim

8><>: ð20Þ

where THshift_redun_INS and THshift_redun_DEL are set to 500bp and 300bp,
respectively. The SV similarity threshold parameter, THsim, retains the
default setting of 0.5. For the DEL length similarity threshold,
THsim relax is set to 0.1 by default. The distance threshold is more
relaxed compared to previous intra- and inter-haplotype clustering to
further remove redundancy that was overlooked in the earlier
clustering steps. THshift_redun_DEL is more stringent than THshift_redun_INS,
while the svlen sim threshold for DEL is more relaxed than for INS,
reflecting observed redundancy distribution patterns: redundant INSs
tend to be further apart with highly consistent sizes, whereas
redundant DELs are typically closer together with more variable sizes.
These empirically derived thresholds ensure that VolcanoSV achieves
both sensitive and highly accurate clustering.

After all edges are added, VolcanoSV selects the SV call of the
largest SV length as the final prediction for each subcluster. This one-
to-K clusteringmethod ismore extensive than previous intra and inter-
haplotype clustering because it is more tolerant to noise or false calls
when chaining consecutive SVs. For example, let’s consider three
consecutive SV calls: a 1 kb INS, 60 bp INS (very likely a false call), and
1.01 kb INS. In the previous chaining algorithm, since the second call is
not similar to either the one before or the one after, the chainwould be
broken and the two otherwise very similar INS calls can not be clus-
tered together. However, they will be clustered together in the one-to-
K cluster algorithm since any SV pairswithin a certain size rangewill be
compared. In addition, this clustering method is also rigorous by tak-
ing sequence similarity into consideration to avoid false clustering.

Genotype refinement. Since every contig produced by VolcanoSV’s
pipeline is associated with a certain phase block and a haplotype, it is
straightforward to pair SV calls fromcontigs of both haplotypes within
aphase block todetermine thephasedgenotypeof SV calls. VolcanoSV
applies a heuristic decision tree model to further refine the genotype
for large indel SVs.

Specifically, VolcanoSV takes five parameters as input: genotype
inferred by contigs (0∣1 or 1∣1), SV size (binary variable, equal to 1 if the
SV size is greater than 1 kb, otherwise equal to 0), SV type (DEL or INS),
long reads sequencing technology (Hifi, CLR or ONT), and the relative
supporting read-based signature ratio (number of the supporting read-
based signatures/local read depth). VolcanoSV then uses an empirical
threshold to predict the genotype. In more detail, the first four para-
meters are categorical and they define a tree structure with 24 leaf
nodes,while the lastparameter, the relative supporting signature ratio,
is a continuous variable ranging from 0 to 1. Ideally, the relative sup-
porting signature ratio should be tightly associated with the actual
genotype, i.e., the relative ratio should be close to0.5 forheterozygous
SVs, and 1 for homozygous SVs. However, in practice, this relative ratio
varies due to complex confounding factors (SV type, SV size, sequen-
cing technology, etc). Therefore, VolcanoSV applies 24 different
thresholds with respect to the relative supporting signature ratio, with
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the 24 leaf nodes. For any large indel SV, given the first four para-
meters, VolcanoSV will first decide the leaf node and the corre-
sponding threshold for the relative supporting ratio, then use the
threshold and the observed relative supporting ratio to predict the
genotype.

Complex SV collection, recovery, and filtering. With respect to
complex SVs including inversions (INVs), translocation (TRAs), and
duplications (DUPs), VolcanoSV integrates the signature collection
pipeline from SVIM-asm24 and implements a specific duplication
recovery and complex SV filtering pipeline to generate the final com-
plex SV calls.

INVs are inferred when two adjacent segments on the contig are
aligned to the reference genome in different orientations. To filter
false calls, VolcanoSV first adds a 1 kb flanking region around each INV,
and then investigates aligned reads information around both the start
and end position of the INV. In either breakpoint position, if there
exists at least one read that is aligned to the reference genome in two
distinct orientations, this inversion signature will be then kept, other-
wise, it will be removed as a false call.

TRAs are inferredwhen two segments froma contig are aligned to
two different chromosomes. To filter false calls, VolcanoSV first adds a
1 kb flanking region around each TRA. VolcanoSV then investigates the
aligned reads information around both breakends (BND) of the TRA. If
a certain amount of reads (≥0.25*read depth) is aligned to both
breakends, the TRA call will be kept, otherwise itwill be filtered out as a
false call.

DUPs are inferred when two adjacent segments on the contig are
aligned to identical or overlapping segments on the referencegenome.
For DUPs, the scenario is very different from the other SV types. Due to
the limitation of the current alignmentmethod, a significant amountof
DUPs in the contigs are in fact treated as INSs in the alignmentpractice.
As a result, DUP events are most often represented either by an
insertion cigar or a split-alignment that leads to INS prediction.
Adapted to this scenario, VolcanoSV utilizes a specific pipeline to
recover the missed DUP calls from INS calls. Specifically, VolcanoSV
extracts the alternate allele sequences of all INS calls and aligns them
back to the reference genome. If an inserted sequence is aligned back
to a position that is close to the insertion breakpoint, then this inser-
tion call is recovered as a DUP call. Through this recovery procedure,
VolcanoSV achieves a comprehensive and reliable duplication
discovery.

Small indel collection and refinement. For small (2–49 bp) indel
calling, VolcanoSV integrates a signature collection pipeline from
Dipcall. This pipeline scans through the contig-to-referenceBAMfile to
gather the indel signatures. VolcanoSV then utilizes a customized k-
mer content analysis to filter and refine the indel calls. In more detail,
after collecting the indel signatures from the contig-to-reference BAM
file, VolcanoSV first extracts the indel context sequence (with an
additional 20 bp flanking region around each indel) directly from the
contig. Subsequently, for each indel, VolcanoSV assesses the k-mer
content from the reads-aligned BAM file within the 100 bp region
centered around the indel breakpoints. For a candidate indel, if more
than 70% of the kmers in its contig context are also present in the k-
mer content of the reads from the corresponding region, this indel will
be counted as a high confidence call; otherwise, it will be regarded as
an assembly or alignment artifact and will be filtered out. For SNP
calling, VolcanoSV by default provides the phased SNP call results
inferred by Longshot.

Benchmarking SV calls using Truvari
The GIAB community provides a gold standard SV set for the
HG002 sample50, which includes 4117 deletions and 5281 insertions in
defined “high-confidence” regions characterized by multiple

sequencing platforms. SV calls (deletions and insertions) from all tools
were evaluated against this benchmark using Truvari30, which is a
commonly used open-source toolkit for the comparison, annotation,
and analysis of structural variation.

Truvari provides metrics/parameters including pctstim (p),
pctsize (P), pctovl (O), and refdist (r) to set different criteria for SV
evaluation depending on the needs of the specific analysis. The para-
meter p controls the minimum allele sequence similarity used to
identify two SV calls as identical. The similarity is calculated from the
edit distance ratio between the reference and alternate haplotype
sequences of the base and comparison call. Setting p to zero can dis-
able this comparison. The parameter P corresponds to the minimum
allele SV length similarity between the compared SVs, which is calcu-
lated by dividing the length of the shorter SV with the longer one. The
parameter O determines the minimum threshold of the reciprocal
overlap ratio between the base and comparison call, and it is only
applied to deletions for evaluating the effect of breakpoint shift on
deletion accuracy. The parameter r represents the threshold for
maximum reference location difference of the compared SVs, which
can be used to evaluate the effect of breakpoint shift on insertion
accuracy. In general, higher values of p, P and O, and lower values of r
set more stringent comparison criteria, as they will require the com-
pared SVs to have higher sequence and SV length similarity, larger
spatial overlapping ratio, or closer location to the reference sequence
to be considered as the same SV.

SV breakpoint shift and alternate allele sequence similarity
analysis
Breakpoint shift is calculated from the reference genome location
difference between the true positive SVs called by the tools and the
corresponding benchmark SVs. Called SVs and benchmark SVs are
paired up by the “MatchID” provided by Truvari. For each deletion, the
start and end coordinate differences between the called SV and
benchmark SV are calculated, and the maximum value of these two is
chosen as the value for breakpoint shift. For insertions, the breakpoint
shift is defined as the start coordinate difference. Breakpoint shift
values larger than 200bp are merged to the 200+bp bin in the
distribution plot.

Annotating and visualizing false discoveries on the T2T-CHM13
reference
We used the UCSC Genome Browser51,52 to load various tracks for
annotating and visualizing false discoveries identified by four
assembly-based tools. To annotate heterochromatin regions53,54, such
as centromeres and telomeres, in the T2T-CHM13 reference, we
downloaded two BED files from https://s3-us-west-2.amazonaws.com/
human-pangenomics/T2T/CHM13/assemblies/annotation/chm13v2.0_
censat_v2.0.bedand https://s3-us-west-2.amazonaws.com/human-
pangenomics/T2T/CHM13/assemblies/annotation/chm13v2.0_
telomere.bed. These BED files were merged and intersected with the
false discoveries using bedtools55.

bedtools intersect -a ${FD_VCF} -b ${Telo_CenSat_BED}
-u > ${out_VCF}

Assessing diploid assembly using Flagger and annotating
regions enriched in segmental duplications
To assess the quality of our assemblies, we employed a read-based
pipeline, Flagger45, to annotate the contig regions. Flagger identifies
different types ofmisassemblieswithin a phaseddiploid assembly. The
pipeline performs haplotype-aware mapping of long reads to the
combined maternal and paternal assembly. It identifies potential
assembly errors by pinpointing coverage inconsistencies in these
mappings.

In this study, we utilized the basic version of Flagger (flagger_-
end_to_end_no_variant_calling_no_ref_no_secphase.wdl, which can be
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found at https://github.com/mobinasri/flagger/releases/tag/v0.3.3).
The input files included the read-to-contig BAM file and the contig
FASTA file. The primary input parameters were maxReadDivergence
andwindow size. FormaxReadDivergence, we set the value to 0.02 for
HiFi and 0.09 for ONT and CLR data, as recommended by the Flagger
GitHub manual (https://github.com/mobinasri/flagger). The default
window size used by Flagger is 5MB, which is suitable for most whole-
genome scale assemblies. However, since the VolcanoSV-asm pipeline
is based on a local assembly strategy, we adjusted the window size to
150 kb to accommodate all contigs, including those shorter than 5MB.
With these input files and parameter settings, Flagger fits the Gaussian
mixturemodel and generates a BED file with contig regions annotated
by four labels: haploid, error, (falsely) duplicated, and collapsed.
Regions labeled as haploid are expected to have error-free assemblies.
The erroneous component, modeled by a Poisson distribution,
represents the regions with very low read support. The (falsely)
duplicated component is characterized by regions with only half of the
haploid component’s mean coverage. The collapsed component’s
mean coverage is constrained to be multiples of the haploid compo-
nent’s mean. We utilized collapsed components to annotate potential
misassemblies enriched in segmental duplications (SDs).

To assess the SD reliability of the Flagger annotation, we aligned
the regions of collapsed components from diploid assemblies by
VolcanoSV to the GRCh38 reference genome and intersected them
with the SD annotations for HG002 based on GRCh38. The HG002 SD
annotation file was downloaded from https://ftp-trace.ncbi.nlm.nih.
gov/ReferenceSamples/giab/release/genome-stratifications/v3.4/. We
calculated and compared the total length of SD annotation regions
that overlap with collapsed regions by Flagger across all VolcanoSV
assemblies, which were generated using different assemblers includ-
ing wtdbg2, Shasta, NextDenovo, and Hicanu.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
PacBio CLR, Hifi, and ONT sequencing reads for HG002 are available at
GIAB and NCBI. The high-confidence HCC1395 somatic SV callset and
the Pacbio and ONT Tumor-Normal paired libraries of HCC1395 are
publicly accessible at NCBI. PacBio Hifi sequencing reads for CHM13 are
available at NCBI. Table 1 lists hyperlinks for all 20 previouslymentioned
real datasets. The Tier1 benchmark SV callset and high-confidence
HG002 region were obtained from https://ftp-trace.ncbi.nlm.nih.gov/
ReferenceSamples/giab/data/AshkenazimTrio/analysis/NIST_SVs_
Integration_v0.6/. T2T assembly is publicly available at https://github.
com/marbl/CHM13. The HG002 SD annotation file was downloaded
from https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/release/
genome-stratifications/v3.4/. All assembled contig files andVCF files that
support the findings of this study are available from https://doi.org/10.
5281/zenodo.10456757. Data and code required to reproduce the results
presented in this study are available in the Source Data file. Source data
are provided with this paper.

Code availability
All code is available at https://github.com/maiziezhoulab/VolcanoSV
under the MIT License56.
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