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Abstract 
Structural Variants (SVs) are a crucial type of genetic variant that can significantly impact phenotypes. Therefore, the identification of 
SVs is an essential part of modern genomic analysis. In this article, we present kled, an ultra-fast and sensitive SV caller for long-read 
sequencing data given the specially designed approach with a novel signature-merging algorithm, custom refinement strategies and a 
high-performance program structure. The evaluation results demonstrate that kled can achieve optimal SV calling compared to several 
state-of-the-art methods on simulated and real long-read data for different platforms and sequencing depths. Furthermore, kled excels 
at rapid SV calling and can efficiently utilize multiple Central Processing Unit (CPU) cores while maintaining low memory usage. The 
source code for kled can be obtained from https://github.com/CoREse/kled. 
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INTRODUCTION 
Genetic variation, which is a quintessential hereditary charac-
teristic, has been definitively linked to critical human diseases 
and complex phenotypes. Single Nucleotide Variants (SNVs) and 
short insertions/deletions (indels) have been important genetic 
resources for uncovering the human population diversity and 
extensively used in genome-wide association studies [1–3]. Struc-
tural Variants (SVs), which are generally defined as variations that 
influence areas at a minimum of 50 base pairs (bp), are another 
type of variant. Compared to SNVs and indels, SVs have the largest 
numbers of altered base pairs [4–7] and more complex subtypes 
(e.g. deletions, insertions, duplications, inversion, translocation) 
[6–8], thus playing a significant role in genetic and clinical studies 
[9–13]. Therefore, the accurate and rapid detection of SVs is a fun-
damental and crucial task that facilitates further advancements 
in genomics. 

The advancement of Next-Generation Sequencing (NGS) tech-
nology enables the cost-effective production of billions of short 
reads, which are typically paired and <1000 bp in length, for 
an individual [14] and can be used to discover various genetic 
variants using advanced variant callers [15–19]. However, the 
relatively short read length and systematic sequencing bias limit 

the accurate and sensitive detection of SVs, especially those larger 
than the read length or located in the repetitive regions of the 
genome [20]. As such, the human genome still harbors a vast 
amount of unexplored and unexcavated regions. 

Recently, Third-Generation Sequencing (TGS) technologies 
such as Pacific Biosciences (PacBio) [21] and Oxford Nanopore 
Technologies (ONT) [22] can generate much longer sequencing 
reads (ranging from thousands to millions of base pairs), 
thereby greatly benefiting SV detection [23, 24], Telomere-to-
Telomere (T2T) genome assembly [25], and human pan-genome 
construction [26, 27] among other applications. Numerous long-
read-based SV detection methods [28–34] have been developed 
to achieve high-quality SV calling. For example, Sniffles [28, 
29] identifies potential SV-supporting alignments based on 
statistics and clusters them based on various factors. CuteSV 
[30, 31] collects signatures from the aligned sequencing data 
and clusters them based on a defined distance metric. SVIM [32] 
collects signatures within and among alignments and performs 
graph clustering to identify maximum cliques as clusters. Using 
TGS-based approaches, over 20 000 SVs can be identified in a 
human individual, which is several times more than the number 
identified by NGS-based tools [35].
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Figure 1. Schematic diagram of the overall design of kled. Step 1: Signatures are collected from CIGAR strings and split read information, and the read 
depth information is collected. Step 2: CIGAR signatures are first merged by an innovative algorithm called OMA, and the signatures are separated 
by SV types and areas and subsequently clustered by spans and lengths. Step 3: The clusters are refined by the supporting reads and lengths using 
self-adaptive criteria, after which a genotyping phase based on the supporting reads is conducted. 

Although these TGS-based SV calling tools significantly 
advance high-quality SV discovery, two overlooked issues must 
be urgently addressed. First, the relatively high sequencing errors 
in the data generated from the PacBio Complete Long Reads (CLR) 
model and ONT (before the duplex model) are major challenges 
for current SV detection approaches [ 28–30, 32]. Achieving high 
performance on these error-prone data compared to the more 
accurate but expensive PacBio HiFi data would be beneficial 
for genome researchers. Second, there is a high demand for SV 
calling efficiency. With the development of large-scale population 
projects [6, 36–39], there is an urgent need for a more efficient 
and scalable detection approach to tackle the analysis challenges 
posed by the burgeoning long-read sequencing data. 

To address these problems, we developed kled, an ultra-fast 
and sensitive SV detection tool with three specifically designed 
features: an innovative merging algorithm to mitigate the effect 
of the high sequencing errors, customized refinement strategies 
to enhance the calling performance, and a highly parallel and 
efficient program structure in C++, which is designed to signif-
icantly boost efficiency while maintaining low memory usage. 
Under robust experiments, kled yields superior SV results at a 
faster running speed than state-of-the-art methods across vari-
ous sequencing technologies and depths. Moreover, kled delivers 
similar and outstanding SV calling performance on both error-
prone dataset and HiFi dataset at a sequencing depth of 20× 
or higher. We believe that with its high speed and meticulous 
SV detection capabilities, kled holds great potential to usher in 
new opportunities and advancements in cutting-edge genomic 
research. 

MATERIALS AND METHODS 
Using sorted BAM file(s) as the input, kled extracts and analyzes 
the signatures to accomplish SV calling in three main steps 
(Figure 1). 

Step 1: kled collects the SV signatures for different types of SVs, 
along with the read depth and primary alignment information. 

Step 2: kled implements an innovative merging algorithm to 
further polish the signatures, followed by clustering the signa-
tures using a method inspired by a previous work [34]. 

Step 3: kled refines and genotypes each generated signature 
cluster to generate and output the final VCF records (https:// 
samtools.github.io/hts-specs/VCFv4.2.pdf). 

Signature collection from CIGARs and split reads 
Kled extracts two types of signatures: large insertions/deletions 
from CIGARs and split reads, which are consistent with most 
advanced methods. Kled also has two unique features as follows. 

First, kled simultaneously records the start and end positions of 
all primary alignments into a dynamic array of intervals denoted 
as PrimarySegments during the signature collection from CIGARs; 
simultaneously, kled counts the read depth into pre-defined read 
depth windows, which are denoted by RDWindows, based on the 
following formula: 

RDWindowsi =
∑
OPA 

Length of Overlap 
WindowSize 

, (1)  

where OPA ∈ {Primary Alignments overlap [i ∗ WindowSize, (i + 1) ∗ 
WindowSize)}, WindowSize is pre-defined as 100; RDWindowsi is 
the i − th window, i = 1, 2, . . . ,

⌈
Length of the Chromosome 

WindowSize

⌉
, and  these  

RDWindows are defined for each chromosome. These collected 
data will be used in the refinement and genotyping steps, which 
will be illustrated in their sections. 

Second, during the signature collection from the split reads, 
kled categorizes the inversion signatures into three types: the L 
type, R type and LR type, which correspond to clips with left, right 
or both orientations, respectively. This categorization helps kled 
reduce false positives in the refining phase. 

Finally, an SV signature is generated that contains the template 
name from which it is originated, the beginning and ending 
positions, the supported SV type, the inserted DNA string, the L/R 
information of the inversion, and other auxiliary variables. 

The problem of fragmented CIGAR entries 
Before moving to the next step, a problem must be noticed. Due 
to the inherent high error rate in long-read sequencing data, 
the signature of deletion or insertion may be fragmented into 
smaller parts of the CIGAR entries during mapping. To reconstruct 
the signatures, current tools predominantly employ a straight-
forward approach by merging all successive CIGAR signatures 
whose distance is less than the pre-defined threshold (M) for  a  
specified variant type [28–30]. However, this approach indiscrimi-
nately merges all CIGARs, regardless of whether they are actually 
fragments from the same variation or different nearby variations. 
Furthermore, even if this strategy correctly segregates the CIGARs
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into two nearby signatures, the determination of the boundary 
lacks a convincing rationale. 

Omni merging algorithm 
To address the aforementioned issue, we introduce an innovative 
method to merge CIGAR signatures for deletions and insertions 
within the same alignment into larger deletion and insertion sig-
natures using the information of nearby alignments, specifically, 
the Omni Merging Algorithm (OMA). 

Given a list of ordered signatures for a specific type (deletion 
or insertion) from an alignment, we can construct a graph, where 
the nodes represent the signatures. Nodes that represent adjacent 
signatures can form an edge, and a presented edge signifies 
the merging of two adjacent signatures, which results in a new, 
merged signature. Consequently, a set of edges represents a merg-
ing strategy that can generate a new list of ordered signatures. 
The OMA is designed to identify the optimal merging strategy by 
assigning scores to different strategies and finding the strategy 
with the highest score. Specifically, the OMA uses signatures from 
nearby alignments to reinforce a specific merging strategy of the 
given alignment. If a signature generated by a merging strategy 
from another alignment resembles a signature generated by this 
strategy, it is considered supportive; in this case, it contributes to 
the score of this merging strategy. 

The OMA is a search problem with exponential time complexity 
regarding the signature number. However, the component of find-
ing supporting scores can be optimized using dynamic program-
ming, and the number of merge-able edges can be constrained. 
These optimizations and other practical limitations make the 
OMA implementation highly computable. For a detailed descrip-
tion of the OMA, please refer to Supplementary Notes Part 1. 

Clustering of SV signatures 
When the signatures have been collected and reconstructed, kled 
separately clusters the signatures for different types of SVs. For 
a specific SV type, kled initially treats all corresponding signa-
tures as independent single clusters and subsequently attempts 
to merge any two clusters C1 and C2 if there exist two sibling 
signatures S1 and S2 that satisfy S1 ∈ C1 and S2 ∈ C2. S1 and S2 

are considered siblings if any condition in (2) and (3) is satisfied. 

max
(∣∣S1Left − S2Left

∣∣ ,
∣∣S1Right − S2Right

∣∣) < F, (2)  

max
(∣∣S1Left − S2Left

∣∣ ,
∣∣S1Right − S2Right

∣∣ ,
∣∣S1Length − S2Length

∣∣)
min

(
S1Length, S2Length

) < CR, 

(3) 
where SiLeft is the leftmost position of Si, Siright is the rightmost 
position of Si, and  Silength is the length of Si, i = 1, 2. For different 
SV types, the predetermined F and ratio CR can be specifically set. 

Cluster refinement and SV calling 
All clusters generated in the last step are considered SV can-
didates, the average position and length of the signatures in 
the cluster are determined as the SV position and length. To 
accurately report the SVs, kled applies specially designed filtering 
strategies to filter out potential false positives. Specifically, kled 
establishes two criteria to proceed with the filtering, each with 
a threshold for ST and LS, where  ST is the number of supporting 
reads, and LS is defined as follows: 

LS = max
(

0, 100 −
(

LSD 
SVLen

)
∗ 100

)
, (4)  

where SVLen is the SV length, and LSD is the standard deviation of 
the lengths of the signatures in the cluster. If a cluster fails both 
criteria, it is deemed to have failed the filters. The thresholds of 
ST are determined based on the SV type and sequencing depths, 
which are calculated using the aforementioned read depth data. 
Kled sets ASSBase and ASSRatio for each SV type and uses CV · 
ASSRatio + ASSBase as the threshold for the number of supporting 
reads. This approach eliminates the need for manual input of 
thresholds. Since the read depth data are collected during the 
signature collection step, this mechanism does not introduce 
extra input/output (I/O) costs. 

Moreover, kled applies extra refinement conditions for spe-
cific SV types. As explained in the signature collection section, 
inversion signatures can be classified into three types: L, R and 
LR types. If a cluster has only L-type or R-type signatures, it is 
filtered out. Furthermore, if a cluster has more supporting signa-
tures than twice the number of supporting reads for insertions 
and duplications, it is filtered out, since it is more likely to be 
a false discovery. If a chromosome has a high DuplicationRatio, 
where DuplicationRatio = Number of Duplications 

Number of Insertions , kled filters out the 
insertion clusters in this chromosome if they have high position 
standard deviations and at least one nearby duplication cluster 
to reduce the number of false positives that report duplications 
as insertions. 

Genotyping 
An SV candidate, after passing the refinement step, is reported 
as an SV record in the final VCF file with the determination of 
the zygosity. Kled compares the average coverage of the region 
(AC) to the number of supporting reads (ST) to determine whether 
the SV is heterozygous or homozygous. If ST/AC is less than a 
certain threshold (default 0.8), the genotype is considered to be 
‘0/1’ and otherwise ‘1/1.’ For insertions, instead of comparing ST 
to AC, kled  compares  ST to the number of reads whose primary 
alignments contain the local region of the insertion breaks (AT). If 
ST/AT is less than a certain threshold (default 0.75), the genotype 
is considered ‘0/1’; otherwise, it is considered ‘1/1.’ AC and AT are 
calculated using the read depth and primary segments counted 
during the signature collection, which eliminates the need for I/O 
in this phase and greatly improves the speed of the process. 

Implementation of a high-performance structure 
We designed kled to rapidly detect SVs with a focus on both 
methodology and program structure. In terms of methodology, 
kled records the read depth and primary alignment information 
during the signature collection, which eliminates the need to re-
scan the alignment files during the refinement and genotyping, 
which significantly enhances the speed. Although the use of 
dynamic programming reduces the time complexity in the OMA, 
substantial computational power is still necessary. Kled addresses 
this issue by limiting the merge-able edges and subsampling the 
supporting alignments to a limited number, which reduces time 
complexity. 

For the program structure, the entire program is written in C++ 
to ensure superior running efficiency. Furthermore, kled utilizes 
high-performance libraries. For example, during the signature 
collection phase, kled employs the multi-threading I/O function 
of htslib (https://github.com/samtools/htslib), which significantly 
enhances the I/O speed. In addition to the I/O part, kled incor-
porates multi-threading schedules in most sections. Within the 
OMA, in conjunction with the methodological designs, the multi-
threading structure enables kled to swiftly complete the merging
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process. Moreover, kled divides the calling procedures after sig-
nature collection by chromosomes and SV types and distributes 
them into the threading pool, which enables them to be executed 
in parallel. Regarding memory usage, kled ensures that most data 
only hold a single copy throughout multi-threading, reducing 
memory consumption. 

Implementation of simulation and SV calling 
We simulated long-read data for benchmarking. Specifically, we 
used VISOR [40] v1.1.2 to add the randomly simulated 24,919 SVs, 
including 12,365 deletions, 12,176 insertions, 185 tandem dupli-
cations (hereafter denoted as duplications for brevity), and 193 
inversions, all of varying SV sizes and zygosities, along with the 
SNVs of HG00403 and randomly simulated small indels (<50 bp), 
to a GRCh38 reference, to obtain two haplotypes. Using this modi-
fied genome as the donor, we employed lrsim (https://github.com/ 
CoREse/lrsim) v0.2 to simulate 30× long-read data. Subsequently, 
Minimap2 [41] v2.17-r941 was used for long-read mapping, and 
SAMtools [42] v1.19 was used for data down-sampling (i.e. 5×, 10× 
and 20×).  All scripts are  available  at  https://github.com/CoREse/ 
kled. 

To fully evaluate the performance of kled (v1.2.9) and three 
state-of-the-art SV calling tools for comparison [cuteSV (git com-
mit 9ca0f93), Sniffles2 (v2.0.7) and SVIM (v2.0.0)], we conducted 
experiments on the simulated data and real data from PacBio HiFi, 
PacBio CLR and ONT platforms. After SVIM generated the VCF file, 
we used bcftools v1.10.2 to sort the VCF file and filter the results 
according to the number of supporting reads; we used the same 
value that cuteSV used for the minimum number of supporting 
reads because SVIM outputs all SV candidates without filtering. 
Subsequently, we used in-house scripts to add tags including 
SVLEN and SVTYPE to some records in the SVIM VCF file. Please 
refer to Supplementary Notes Part 2 for more details. 

Benchmarking of the SV detection performance 
We selected Truvari (https://github.com/ACEnglish/truvari) v2.1 
to evaluate the performance of each tool in SV calling using the 
parameters ‘-r 1000 -p 0.00 –passonly.’ For the simulated data, we 
used the generated variant file as the ground truth set; this was 
also used to generate the simulated donor genome. For the HG002 
human sample data, we used the Tier 1 SV benchmark set for 
HG002 (v0.6) released by the Genome In A Bottom consortium 
(GIAB) [43] as the ground truth. The precision, recall, and F1 score 
calculated from Truvari were used to describe the performance of 
the SV detection, which are defined as follows: 

Precision = 
TPcall 

TPcall + FPcall 
, (5)  

Recall = TPbase 

TPbase + FNbase 
, (6)  

F1 = 
2 × Precision × Recall 

Precision + Recall 
, (7)  

where TPcall and FPcall are the number of correct and incorrect 
predictions, respectively; TPbase and FNbase are the number of 
correctly covered and not covered records in the ground truth set, 
respectively. 

In the assessment of Mendelian Discordance Rate (MDR), we 
used Jasmine (https://github.com/mkirsche/Jasmine) v1.1.1 to 
integrate the SV results produced by each SV caller on the GIAB 
Ashkenazi trio [43] samples (i.e. HG002, HG003 and HG004). Then, 
we collected all SV records that disobeyed the laws of heredity to 

calculate the MDR: 

MDR =
∑

SVdiscordant∑
SVconsistent 

, (8)  

where SVdiscordant represents SVs that occurred in all three samples 
and did not satisfy Mendel’s laws between the child and his 
parents, and SVconsistent represents SVs that occurred in all three 
samples. Please refer to Supplementary Notes Part 2 for more 
details. 

Running time and memory usage 
To assess the speed and memory consumption performance of 
kled, we tested four SV detection tools using 30× PacBio HiFi, 
PacBio CLR and ONT data with thread counts of 1, 2, 4, 8 and 16 
(only 1 thread was tested for SVIM because it only supports single-
threading). We used the GNU time for time recording and tmemc 
(https://github.com/CoREse/tmemc) for memory usage record-
ing. Tmemc utilizes smem (https://www.selenic.com/smem/) to  
record the maximum total physical memory usage of the process 
and its subprocesses (if any). The tests were conducted on a 
platform with an AMD Ryzen 9 3950X, 128GB of DDR4 RAM dual 
channel at 4800 MHz, and Ubuntu 22.04.3 LTS. You may refer to 
Supplementary Notes Part 2 for more details. 

RESULTS 
Results on simulated datasets 
First, we generated simulation data to assess the performance 
of kled as a baseline. Here, we applied VISOR to generate a 
modified donor genome and subsequently produced 30× error-
prone long-read sequencing data using lrsim. Three state-of-the-
art SV calling methods were used for benchmarking: cuteSV, 
Sniffles2 and SVIM. In total, kled achieved the best SV calling per-
formance (F1: 95.45% for presence and F1: 94.65% for genotype) 
and outperformed the runner-up method, Sniffles2, by 0.45 and 
0.98%, respectively (Figure 2, Supplementary Table S1). For most 
SV types, kled obtained the best performance for SV presence (F1: 
95.39% for deletion, F1: 79.61% for duplication and F1: 93.77% for 
inversion), which are 0.06–17.16% higher than other approaches. 
In terms of insertions, kled maintained competitive performance 
and achieved an F1 that was only 0.04% lower than that of Snif-
fles2. When further considering the genotypes, kled obtained the 
best performance for all SV types (F1: 94.85% for deletion, 94.86% 
for insertion, 65.22% for duplication and 89.89% for inversion), 
with their F1 values all being 0.02–16.86% higher than those of 
other approaches (Figure 2, Supplementary Tables S2–S5). SVIM 
did not provide genotyping information about the tandem dupli-
cations. 

To benchmark the performance of these tools on data with 
lower sequencing depth, we randomly down-sampled the 30× 
dataset using SAMtools to obtain 5×, 10× and 20× sequencing 
datasets. For these datasets, kled continued to achieve the best 
SV calling performance in terms of SV presence (F1: 82.07% on 
5× data, F1: 92.46% on 10× data, and F1: 95% on 20× data), with 
leads of 0.22–4.13% compared to other tools. For genotyping, kled 
maintained the best performance on 10× and 20× data (GT-F1: 
88.86% on 10× data and GT-F1:93.67% on 20× data), with advan-
tages of 0.53–4.41% compared to other tools. For the relatively low 
5× data, kled yielded a 73.8% GT-F1 score, so it remains in the top 
tier, is 0.43% lower than Sniffles2, and outperforms the other two 
tools by 2.38 and 17.89% (Figure 2, Supplementary Table S1). The 
results of simulated datasets demonstrate that kled can achieve
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Figure 2. F1 score comparisons on simulated data. The vertical axes denote the F1 scores for presence or genotype; the horizontal axes represent 
the sequencing depths of the data. The sub-figures include (A) Overall presence of F1 score benchmarking; Presence of F1 score benchmarking for 
(B) deletions (with an enlarged view for 20× and 30× sequencing depths), (C) insertions (with an enlarged view for 20× and 30× sequencing depths), 
(D) duplications and (E) inversions.  (F) Overall genotype F1 score benchmarking; Genotype F1 score benchmarking for (G) deletions (with an enlarged 
view for 20× and 30× sequencing depths), (H) insertions (with an enlarged view for 20× and 30× sequencing depths), (I) duplications and (J) inversions.  

SV calling in high sensitivity and precision, and it has stable 
performance even at low coverage. 

Results on real datasets of the HG002 individual 
Simulated data demonstrate the superior SV detection perfor-
mance of kled, but real-world sequencing data must be assessed 
since they are more complex and comprehensive. Here, we 
selected the well-studied human sample HG002 and collected 
three 30× sequencing data about it, which were generated on the 
platforms of PacBio HiFi, PacBio CLR and ONT. The GIAB Tier 1 SV 
benchmark set for HG002 (v0.6, containing 4199 and 5442 high-
confidence deletions and insertions) was used as the ground truth 
dataset. Overall, kled produced the best results for SV presence on 
PacBio CLR and ONT data (F1: 94.22% for presence and 92.16% for 
genotype on PacBio CLR data; F1: 94.64% for presence and 93.29% 
for genotype on ONT data), where the minimal leads are 1.06 and 
0.83% leads compared to other tools for presence F1 and genotype 
F1, respectively. For PacBio HiFi data, kled obtained the highest 
genotype F1 score (94.02%) and a competitive presence F1 score 
(94.88%), which is only 0.06% lower than cuteSV and at least 0.97% 
higher than the other tools (Figure 3, Supplementary Table S6). In 
terms of the performance on each SV type, kled achieved the 
highest F1 scores for both presence and genotype for insertion 
across all platforms and the best or second-best F1 scores for 
presence or genotype for deletion on different platforms (Figure 3, 
Supplementary Tables S7 and S8). 

Similarly, we benchmarked these tools on diverse low-depth 
sequencing data. At a sequencing depth of 5×, kled maintained 
the best results (F1: 79.33%; GT-F1: 72.15%) on ONT platforms 

and remained competitive on the PacBio HiFi and CLR platforms. 
For 10× and 20× data, kled showed the best performance (F1: 
92.76, 82.07 and 89.81%, and GT-F1: 89.79, 76.53 and 85.78% on 
10× data; F1: 94.61, 91.69 and 93.47% and GT-F1: 93.38, 88.84 
and 91.5% on 20× data, for PacBio HiFi, PacBio CLR and ONT 
platforms, respectively); there is a maximum 6.9% advantage over 
the next best tool. The sequencing depth of 10× is a turning 
point for kled, after which, for all three sequencing platforms, kled 
yielded a minimum 80% F1 score, which indicates a great potential 
for kled to be used in cost-efficient sequencing tasks (Figure 3, 
Supplementary Table S6). 

Kled exhibits significant advantages when processing data 
from error-prone platforms, including PacBio CLR and ONT, 
with considerable improvements on 30× data compared to the 
other tested tools (1.06–11.75% and 1.69–6.94% for presence 
F1 leads and 0.83–11.46% and 1.53–11.42% for genotype F1 
leads on PacBio CLR and ONT data, respectively; Figure 3, 
Supplementary Table S6). The advantages of kled in processing 
error-prone datasets are mainly obtained by the innovative CIGAR 
merging algorithm OMA (Materials and methods, Supplementary 
Notes Part 1), which is designed to minimize the impact of 
sequencing and mapping errors. Although PacBio HiFi data will 
yield better SV detection results than other platforms due to its 
lower error rate, kled achieved comparable results to PacBio HiFi 
data for PacBio CLR and ONT data when the depth reached 20× 
(Figure 3, Supplementary Tables S6–S8), which is also attributed 
to the OMA and highlights its significant potential for long-read 
sequencing analysis. In conclusion, the experiments conducted 
on real data demonstrate the capabilities of kled to accomplish

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
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Figure 3. Benchmarking results on the Genome in a Bottle consortium (GIAB) SV dataset for HG002. The vertical axes denote the F1 scores or genotype 
F1 scores, and the horizontal axes represent the sequencing depths of the data. The sub-figures include presence F1 score benchmarking on (A) PacBio 
HiFi data, (B) PacBio CLR data, and (C) ONT data; genotype F1 score benchmarking on (D) PacBio HiFi data, (E) PacBio CLR data and  (F) ONT  data.  

the SV detection task using real data from all three major TGS 
platforms. In addition, kled proves to be superior to state-of-the-
art tools, particularly for data from error-prone platforms. 

Mendelian discordance rate test on the 
Ashkenazi trio data 
Mendel’s law of inheritance is typically one of the authoritative 
methods to measure the variant calling performance. Hence, we 
selected the GIAB Ashkenazi trio datasets [43] (i.e.  52× HG002 
ONT data, 93× HG003 ONT data, 90× HG004 ONT data) to further 
evaluate the MDR for consistent SV loci. Specifically, we utilized 
each tool to complete the SV calling on this trio and subsequently 
calculated the MDR using our in-house scripts (Materials and 
methods, Supplementary Notes Part 2). In general, kled achieved 
the lowest overall MDRs among the four tested tools (i.e. 0.91% 
compared to 1.31–1.66% achieved by other tools) with a large 
number of consistent SV loci (24446); kled only has fewer con-
sistent SV loci than cuteSV (Figure 4, Supplementary Table S9). 
For each SV type assessment, kled also achieved excellent MDR 
performances with large numbers of consistent SVs, which illus-
trates the great self-consistency of kled (Figure 4, Supplemen-
tary Table S9). Specifically, for insertions, duplications and inver-
sions, kled obtained the lowest MDRs (0.95, 0 and 0%, respectively), 
which are at most 1.85% lower than the MDRs achieved by the 
other three tools. Kled yielded the highest numbers of consistent 

SV loci for duplications (343) and inversions (82). The good MDR 
performance of kled is mainly due to its dedicatedly designed 
refinement mechanisms and accurately counted read depths, 
which are used by the genotyping phase and make the outputs 
more precise. 

Tests of the running speed and memory 
consumption 
The above experiments demonstrate the outstanding ability of 
kled to comprehensively and accurately detect SVs. With the 
explosive growth of sequencing data, there is a need for precise SV 
detection and a high demand for efficiency. To assess the runtime 
and memory footprints for these methods, we conducted tests 
utilizing 1, 2, 4, 8 and 16 thread(s) on the PacBio HiFi, PacBio CLR 
and ONT data. In terms of runtime, the benchmarking results 
confirmed that kled unequivocally achieved the fastest speed, 
which is at least double the speed of other tools (e.g. 2.74–15.08 
times as fast in the single-threading mode and 2.06–6.25 times as 
fast using 16 threads across all platforms, as shown in Figure 5 
and Supplementary Table S10). In the single-threading mode on 
PacBio CLR data, kled even achieved a speed that was 5.64–15.08 
as fast as that of other tools (Supplementary Table S10). Among 
the tested software tools, kled, cuteSV and Sniffles2 can utilize 
multiple cores for SV calling, whereas SVIM only supports the 
single-threaded mode. When the thread count increased from 1

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
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Figure 4. MDR comparisons on Ashkenazi trio family data. The vertical axes represent the MDR value, where lower values are preferable; the horizontal 
axes and colors mark different tools. In the SV-type specific diagrams, the sizes of the bubbles indicate the counts of consistent SV loci, and larger 
bubbles are more desirable. The sub-figures include (A) Histogram of the MDR values; MDR values and consistent SV loci counts for (B) deletions, 
(C) insertions, (D) duplications and (E) inversions.  

to 16, kled exhibited a substantial speed enhancement, which 
highlights its efficiency in utilizing multiple cores ( Figure 5, Sup-
plementary Table S10). Specifically, from 1 to 8 threads, kled 
showed a near-linear speed increase; from 8 to 16 threads, the 
speed increases were less pronounced because the I/O part of 
kled reached a limitation. The superior efficiency of kled can 
be largely attributed to the high-performance program structure 
implemented in kled (Materials and methods). For memory usage, 
kled maintained efficient and stable memory usage across differ-
ent data and thread counts, whereas Sniffles2 showed a signif-
icant increase in memory consumption when the thread count 
increased (Figure 5, Supplementary Table S11). Specifically, the 
experiments show that kled required <5 GB of physical memory 
to complete the SV detections on 30× data from PacBio HiFi, 
PacBio CLR or ONT platforms, so it is suitable for most mod-
ern personal computers. The superior speed performance and 
the low and stable memory usage indicate that kled is suitable 
for various research or practical tasks, from low-cost sequenc-
ing projects with limited computational resources to large-scale 
genome research projects that generate substantial data to be 
processed. 

DISCUSSION AND CONCLUSION 
In this article, we introduce kled, an ultra-fast and sensitive 
SV detection tool for long-read. Kled swiftly delivers optimal SV 
detection results due to its unique features including the innova-
tive merging algorithm OMA, dedicated refining metrics and high-
performance program structure. Specifically, kled has three main 
advantages compared to state-of-the-art SV detection tools. 

First, kled is suited for high-quality SV calling tasks, espe-
cially those containing error-prone long reads. The reason is the 
specially designed signature-merging algorithm OMA, which can 
quickly collect the related signatures overall, generate accurate 
merged signatures in each alignment, and minimize the effects 

of sequencing errors and alignment bias. Here, two examples 
were provided, and they were correctly reported only by kled 
(Supplementary Figures S1 and S2). Kled is successful in these 
examples mainly because the OMA can merge long-spanning and 
more disorderly signatures. 

Second, kled can achieve SV calling on a 30× human sample 
long-read sequencing data within only ∼3 min using eight 
threads, which is at least one to seven times faster than the 
cutting-edge methods. This ultra-fast speed benefits from the 
designed parallel architecture, high-efficiency implementation 
in C++ and the application of high-performance third-party 
libraries. In addition, we optimized the memory usage so that 
kled can maintain a low and stable memory footprint. Based on 
these strengths, kled is suitable for tasks with high demand for 
efficiency and throughput. 

Third, we established a self-adaptive threshold calculation 
mechanism for users to operate without having to determine 
the parameters themselves. Kled automatically calculates the 
actual read depth CV and determines the cutoff for the number of 
supporting reads. The criteria calculated based on the read depth 
may be more adaptable than manually set fixed parameters and 
can eliminate the possibility of manual errors. Thus, kled is acces-
sible to everyone from ordinary users with no field knowledge to 
bioinformatics experts. 

These specially designed algorithms and strategies enhance 
the ability to competently perform ultra-fast and sensitive SV 
calling on long-read data. However, several inherent issues in kled 
must be expounded to rationally employ kled in the appropriate 
scenarios. 

Notably, kled is currently optimized specifically for the diploid 
genome. Although kled can detect SVs in species with different 
ploidies, the genotyping is not tailored for them, which leads to 
potentially undefined results. Because the ploidy of organisms 
can significantly vary across species and different ploidies can 
drastically alter the genotyping model, adapting genotyping to

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae049#supplementary-data
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Figure 5. Line charts of the time (s) and maximum physical memory (MB) consumed to complete SV detections on 30× data from PacBio HiFi, PacBio 
CLR and ONT platforms. The vertical axes represent the time consumed or maximum physical memory occupied; the horizontal axes denote the thread 
counts of the detections. Sub-figures: Time consumptions on (A) 30× PacBio HiFi data, (B) 30× PacBio CLR data and (C) 30× ONT data; maximum physical 
memory requirements on (D) 30× PacBio HiFi data, (E) 30× PacBio CLR data and (F) 30× ONT data. 

accommodate most ploidies is a formidable challenge for the 
current kled. Furthermore, as an alignment-based SV detection 
tool, kled may have disadvantages compared to de-novo assembly 
based methods because de-novo assembly (especially for the T2T 
genome) can provide a more complete and accurate colinear 
alignment to discover more hard-to-call SVs in complex genomic 
regions (e.g. segmental duplications, centromeres, telomeres, etc.). 
Additionally, kled, as well as the three state-of-the-art tools tested 
in the experiments, can detect duplications based purely on the 
split-read signatures. However, when a duplication is short, map-
ping tools tend to map it as a simple insertion in the CIGAR 
string; therefore, there is no split-read, resulting in a low recall for 
duplication identifications. This could be improved by introducing 
additional efforts, such as local realignments for all insertion 
signatures, which is potentially computationally costly. 

With the high speed and meticulous SV detection capabilities 
of kled, kled will bring great potential to usher in new opportuni-
ties and advancements in cutting-edge genomic research. 

Key Points 
• Kled is an ultra-fast and sensitive structural variant (SV) 

calling approach for long reads and outperforms state-
of-the-art SV detection tools. 

• Kled specially designs a novel signature-merging algo-
rithm and refinement strategies to better organize the 
signature clustering and processing. 

• Kled is particularly good at detecting SVs on sequencing 
data from error-prone platforms such as PacBio CLR and 
ONT due to its novel signature-merging algorithm. 

• Kled provides a self-adaptive threshold calculation 
mechanism and is accessible to users without domain 
knowledge. 

SUPPLEMENTARY DATA 
Supplementary data are available online at http://bib.oxford 
journals.org/. 
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The crucial parameters for each detection tool used in the exper-
iments are listed in Supplementary Table S12. The reference 
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of kled can be accessed from GitHub (https://github.com/CoREse/ 
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