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METHODOLOGY ARTICLE

FocalSV enables target region-based structural variant assembly and 
refinement using single-molecule long-read sequencing data

Can Luo1†, Zimeng Jamie Zhou2†, Yichen Henry Liu2 and Xin 
Maizie Zhou1,2*

Abstract

Structural variants (SVs) play a critical role in shaping the diversity of the human genome and their detection 

holds significant potential for advancing precision medicine. Despite notable progress in single-molecule

long-read sequencing technologies, accurately identifying SV breakpoints and resolving their sequence remains 

a major challenge. Current alignment-based tools often struggle with precise breakpoint detection and sequence 

characterization, while whole genome assembly-based methods are computationally demanding and less 

practical for targeted analyses. Neither approach is ideally suited for scenarios where regions of interest are 

predefined and require precise SV characterization. To address this gap, we introduce FocalSV, a targeted SV 

detection framework that integrates both assembly- and alignment-based signals. By combining the precision of 

local assemblies with the efficiency of region-specific analysis, FocalSV enables more accurate SV detection. 

FocalSV supports user-defined target regions and can automatically identify and expand regions with potential 

structural variants to enable more comprehensive detection. FocalSV was evaluated on ten germline datasets 

and two paired normal-tumor cancer datasets, demonstrating superior performance in both precision and 

efficiency.
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Introduction1

Single nucleotide variants (SNVs) constitute the most abundant form of genetic variation in humans and can2

be efficiently detected using short-read sequencing technologies. Therefore, genome-wide association studies3

(GWAS) have primarily focused on SNVs to investigate the genetic basis of phenotypic traits. In contrast,4

structural variants (SVs) - larger genomic alterations of 50 base pairs (bp) or more, including insertions5

(INS), deletions (DEL), duplications (DUP), inversions (INV), and translocations (TRA) - represent a ma-6

jor source of genetic diversity but are more challenging to detect accurately with short-read sequencing7

(Alkan et al. 2011). Despite their considerable biomedical relevance (Weischenfeldt et al. 2013), short-read-8

based approaches fail to identify over half of the SVs within an individual genome (Chaisson et al. 2019),9

constraining our ability to fully delineate the genetic landscape associated with complex disease phenotypes.10

In recent years, long-read sequencing technologies have significantly advanced SV detection by providing11

extended read lengths, making it possible to resolve complex genomic regions that were previously challenging12

to analyze (Jain et al. 2016; Rhoads and Au 2015). Technologies such as PacBio’s HiFi and Continuous Long13

Reads (CLR) and Oxford Nanopore Technology (ONT) offer distinct advantages. PacBio’s HiFi reads, for14

instance, achieve accuracy of up to 99.9% with read lengths up to 20kb, making them particularly well-suited15

for capturing SVs in complex genomic contexts (Pacbio 2023). ONT, on the other hand, can generate even16

longer reads - exceeding 1 megabase on some cases - though with slightly lower accuracy. These long-read17

technologies allow for more accurate genomic alignment and improved assembly, significantly enhancing18

confidence in SV detection and enabling a more comprehensive view of the genomic landscape (Logsdon19

et al. 2020). However, despite these advantages, long-read technologies come with notable limitations. High-20

quality long reads remain costly and require substantial computational resources for processing, particularly21

when performing whole-genome assembly. These challenges present significant barriers in large-scale studies,22

where analyzing SVs across entire genomes for hundreds to thousands of samples is computationally intensive23

and time-consuming. Consequently, there is increasing demand for more efficient approaches that leverage24

long-read capabilities without the high computational cost of whole-genome assembly.25

Alternative approaches, based on alignment-based methods, detect SVs by mapping long reads directly to a26

reference genome and identifying breakpoints based on alignment discrepancies. These methods are generally27

less computationally intensive and are well-suited for large-scale datasets. However, they face challenges in28

accurately identifying SV breakpoints and sequences compared to assembly-based methods (Liu et al. 2024).29

Limitations of existing whole genome assembly-based and alignment-based methods make them suboptimal30

for scenarios requiring precise SV characterization in predefined genomic regions.31

To address this gap, we introduce FocalSV, a target region assembly-based SV detection tool that combines32

the precision of assembly-based methods with the efficiency of a region-specific approach. The region-specific33
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design of FocalSV is particularly valuable for clinical and genomic research, enabling users to focus on34

medically relevant SVs in specific loci or regions with SVs of interest. FocalSV enables both user-defined target35

analysis and automatic identification of SV-enriched regions, supporting more comprehensive and accurate36

structural variant detection. We benchmarked FocalSV against several state-of-the-art alignment-based and37

assembly-based tools, demonstrating overall superior accuracy and robustness across a wide variety of long-38

read datasets. FocalSV provides a practical and scalable alternative to whole-genome assembly, making it39

suitable for analyzing regions of interest in both individual samples and large-scale population studies.40

Results41

FocalSV is an efficient, region-aware tool for structural variant detection, offering two complementary modes42

- auto and target - to address diverse analytical goals (Figs. 1A-B and 2A-C). In target mode, users can43

specify regions of interest for focused SV detection. In auto mode, FocalSV autonomously detects and refines44

SV-rich regions by integrating population-level SV patterns with read-level signals from individual long-read45

data. To demonstrate the superior performance of FocalSV, we benchmarked both modes against four state-46

of-the-art assembly-based and five alignment-based SV detection tools across multiple long-read sequencing47

datasets. The assembly-based tools evaluated include FocalSV (v1.0.0), PAV (freeze2) (Ebert et al. 2021),48

SVIM-asm (v1.0.2) (Heller and Vingron 2020), Dipcall (v0.3) (Li et al. 2018), and sawfish (v1.0.1)(Saunders49

et al. 2025), while the alignment-based tools comprise cuteSV (v1.0.11) (Jiang et al. 2020), SVIM (v1.4.2)50

(Heller and Vingron 2019), pbsv (v2.6.2) (Biosciences 2021), Sniffles2 (v2.0.6) (Smolka et al. 2024), and51

SKSV (v1.0.2) (Liu et al. 2021).52

The datasets include nine libraries derived from the well-characterized HG002 sample, sequenced with53

PacBio HiFi, CLR, and ONT technologies; one HiFi library from the Han Chinese male sample HG005; and54

two paired tumor-normal datasets (CLR and ONT) from the HCC1395 breast cancer cell line. Specifically,55

the HG002 datasets encompass three HiFi libraries (Hifi L1, Hifi L2, and Hifi L3) with coverages ranging56

from 30× to 56×, three CLR libraries (CLR L1, CLR L2, and CLR L3) with coverages between 29× and57

89×, and three ONT libraries (ONT L1, ONT L2, and ONT L3) with coverages between 47× and 57×.58

Further details on the tools and datasets are provided in Table 1.59

We assessed the performance of all tools based on key metrics, including breakpoint identification and SV60

sequence accuracy. As illustrated in Figs. 1A-B and 2A-C, FocalSV’s pipeline leverages region-based strategy61

to collect diverse SV signatures, enabling precise detection. A rigorous filtering process ensures that the final62

SV call sets are both comprehensive and accurate, highlighting FocalSV’s ability to capture a wide spectrum63

of structural variants. The complete methodology and implementation details are described in the Methods64

section.65
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Evaluation of SV calls in FocalSV and comparisons with existing SV callers66

To assess the performance of insertion and deletion SV detection, we evaluated five assembly-based tools67

(FocalSV, PAV, SVIM-asm, Dipcall, and sawfish) and five alignment-based tools (cuteSV, SVIM, pbsv, Snif-68

fles2, and SKSV) using nine long-read sequencing libraries of the HG002 sample. For FocalSV, we evaluated69

two operational modes: FocalSV(target), which uses predefined regions, and FocalSV(auto), which automat-70

ically identifies and expands regions with potential SVs. SV calls were benchmarked against the Genome in71

a Bottle (GIAB) SV gold standard (Zook et al. 2014) using Truvari (v4.0.0) (English et al. 2022), a widely72

adopted structural variant evaluation tool. Truvari compares SV calls from any tool’s call set against a gold73

standard call set, both provided in Variant Call Format (VCF) files, by analyzing key metrics: reference74

distance, reciprocal overlap, size similarity, and sequence similarity.75

In this study, we applied a moderate-tolerance parameter set in Truvari for SV comparisons, with the76

following settings: p=0.5, P=0.5, r=500, and O=0.01. Specifically, the parameter p (pctstim), which ranges77

from 0 to 1.0, controls the minimum required sequence similarity for two SVs to be considered identical. P78

(pctsize), also ranging from 0 to 1.0, defines the minimum allowable allele size similarity. O (pctovl), ranging79

from 0 to 1.0, establishes the minimum reciprocal overlap ratio, a key measure for comparing deletions80

and evaluating their breakpoint alignment. Lastly, r (refdist), which can range from 0 to 1000bp, sets the81

maximum allowable difference between the reference positions of two SVs, helping assess breakpoint shifts82

in insertion events.83

We first evaluated the average performance across different PacBio Hifi, CLR, and ONT datasets (Tables84

2-4). In the HiFi datasets (Table 2), FocalSV(target)demonstrated the third-highest average F1 score for85

deletions (93.99%) and the highest for insertions (91.93%). FocalSV(auto) attained the highest average F186

score for deletions (94.29%) and the second-highest for insertions (91.03%). In the CLR datasets (Table 3),87

FocalSV(target) outperformed the other tools with the highest average F1 scores for deletions (92.95%) and88

insertions (90.71%). FocalSV(auto) ranked second, with comparable performance for deletions (92.92%) and89

slightly lower performance for insertions (89.16%). In the ONT datasets (Table 4), FocalSV(target) achieved90

the highest average F1 score for deletions (92.94%), and ranked third for insertions (89.69%). FocalSV(auto)91

ranked second in average F1 score for deletions (92.50%), and achieved the highest F1 score for insertions92

(90.01%). These results highlight the robustness of both FocalSV modes across different sequencing platforms,93

with either FocalSV(target) or FocalSV(auto) consistently ranking first or second in average F1 scores for94

deletions and insertions across nearly all datasets. In terms of overall genotyping accuracy, cuteSV and95

FocalSV consistently performed best, with accuracies frequently in the 98-99% range.96

When examining each dataset individually (Tables 2-4 and Supplemental Tables S1-S3), FocalSV outper-97

formed all other tools, achieving the highest F1 scores for both deletions and insertions across all Hifi, CLR,98
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and ONT libraries. In the context of three Hifi datasets (Table 2 and Supplemental Table S1), FocalSV99

emerged as the top overall performer. For deletions, FocalSV(auto) outperformed all other tools on Hifi L2100

and Hifi L3, exceeding the F1 score of the second-best tool, sawfish, by an average of 0.12%. On Hifi L1,101

FocalSV(target) achieved the highest performance, closely followed by sawfish and FocalSV(auto). For in-102

sertions, both FocalSV(target) and FocalSV(auto) consistently outperformed all other tools across all three103

libraries, with FocalSV(target) achieving F1 score that surpassed the next-best tools by an average of 1.80%.104

In the three CLR datasets (Table 3 and Supplemental Table S2), FocalSV emerged as the top-performing105

tool in terms of F1 score and recall across nearly all libraries, demonstrating clear advantages. For deletions,106

FocalSV(auto) outperformed the second-ranked tools in F1 score on CLR L2 and CLR L3 by an average107

of 0.39%. On CLR L1, FocalSV(target) exhibited the highest F1 score, closely followed by PBSV and Fo-108

calSV(auto). For deletion recall, FocalSV(target) ranked first, outperforming the second-ranked tools across109

all three libraries by an average of 1.48%. For insertions, both FocalSV(target) and FocalSV(auto) excelled110

across all libraries, with FocalSV(target) achieving an average F1 score 3.45% higher than the second-ranked111

tools. For insertion recall, FocalSV(target) exceeded the second-ranked tools on CLR L1 and CLR L2 by an112

average of 0.93%. On CLR L3, FocalSV(auto) exhibited the second-highest recall, trailing the top by 0.23%.113

In the three ONT datasets (Table 4 and Supplemental Table S3), both FocalSV(target) and Fo-114

calSV(auto) maintained substantial leads. FocalSV(target) outperformed the second-ranked tool across115

ONT L1, ONT L2, and ONT L3 by an average of 0.58% in deletion F1 score. For deletion recall, Fo-116

calSV(target) outperformed the second-ranked tools on ONT L1 and ONT L2 by an average of 0.58%.117

On ONT L3, FocalSV(target) achieved the second-highest recall, trailing the top by 0.10%. For insertion F1,118

FocalSV(auto) achieved the highest F1 scores on ONT L1, ONT L2, and ONT L3, outperforming the second-119

ranked tool, cuteSV, by an average of 0.30%. In terms of insertion recall, FocalSV(target) outperformed the120

second-ranked tool on ONT L2 and ONT L3 by an average of 0.51%. On ONT L1, FocalSV(target) achieved121

the second-highest recall, trailing the top recall by 0.49%.122

For these benchmarks, FocalSV(target) used regions of interest defined by SVs identified by GIAB. To123

avoid biased evaluation, we also measured false positive (FP) counts within regions lacking known SVs.124

Recognizing that some tools may report fewer SVs - leading to lower recall but artificially high precision,125

we further normalized FP counts by penalizing them according to each tool’s average F1 score (Powers126

2020; Sasaki et al. 2007), using the formula: normalized FP count = raw FP count × (1 − F1). To127

evaluate performance in SV-negative regions, we randomly selected 1,000 regions without known SVs using128

the GIAB gold standard. All tools produced very few false positives. FocalSV(target) achieved the lowest129

FP counts across both raw (CLR L1: 5; ONT L1: 3) and normalized values (CLR L1: 0.4; ONT L1: 0.26).130

For HiFi data, it showed the second-lowest raw (Hifi L1: 6) and lowest normalized FP value (Hifi L1: 0.4)131
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(Supplemental Fig. S1). These results demonstrate FocalSV(target)’s consistently high precision across both132

SV-rich and SV-negative regions.133

In summary, FocalSV consistently outperformed other tools across nine HG002 datasets (Hifi, CLR, and134

ONT) based on average F1 scores and library-specific performance, demonstrating strong detection capabil-135

ities for both deletions and insertions. Although it occasionally ranked second or third in recall or precision,136

these variations were minor and did not diminish its overall effectiveness. In terms of genotyping accuracy,137

FocalSV consistently ranked first or second, with accuracy rates frequently reaching 98-99%. These results138

highlight FocalSV as a reliable and high-performing tool for structural variant detection.139

FocalSV demonstrates excellent resilience to different SV size ranges140

So far, we evaluated SVs by averaging across all size ranges. However, we found that the tools we assessed141

showed varying levels of accuracy in detecting SVs of different sizes. To demonstrate the effect of SV size142

and compare the resilience of each tool, we plotted the F1 score against the range of SV sizes (Fig. 3 and143

Supplemental Fig. S2). We utilized the same modest tolerance parameters in Truvari for benchmarking.144

FocalSV(auto) and FocalSV(target), along with all other tools, are visualized in Fig. 3 and Supplemental145

Fig. S2, respectively. Both modes of FocalSV exhibited comparable performance across all variant size ranges146

and libraries.147

Overall, assembly-based tools such as FocalSV(auto), FocalSV(target), PAV, SVIM-asm, Dipcall, and saw-148

fish showed better resilience than alignment tools such as SKSV, Sniffles2, PBSV, SVIM, and cuteSV when149

processing HiFi data (Fig. 3A-C and Supplemental Fig. S2A-C). Most alignment-based tools had a significant150

drop in performance with large INSs in the range of 2kb-50kb, while most assembly-based tools typically en-151

countered performance challenges only with large INSs in the range of 9kb-50kb. Among all assembly-based152

tools, FocalSV, in both modes, continued to distinguish itself with exceptional performance across nearly all153

size ranges, except for 8kb-10kb deletions and 10kb-50kb insertions.154

On CLR data (Fig. 3D-F and Supplemental Fig. S2D-F), assembly-based tools except Dipcall still outper-155

formed alignment-based tools in terms of resilience, especially for INSs. Across all size ranges, FocalSV, in156

both modes, maintained a top-tier performance. Notably, FocalSV’s performance is much better than other157

tools on CLR L3, where it had the highest F1 score across all size ranges except for INSs in the range of158

9kb-10kb and showed the least fluctuation.159

On ONT data (Fig. 3G-I and Supplemental Fig. S2G-I), the difference between alignment-based and160

assembly-based tools was less pronounced. Two alignment-based tools, cuteSV and Sniffles2, demonstrated161

resilience comparable to assembly-based tools. FocalSV, in both modes, emerged as a top-performing tool162
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for small to large-sized deletions (50bp-8kb) and insertions (50bp-2kb). For large deletions (8kb-50kb) and163

insertions (2kb-50kb), FocalSV, in both modes, remained within the range of the best tools.164

FocalSV achieves robust SV detection across evaluation parameters165

While assessing different SV callers against a gold standard, we recognized the potential impact of breakpoint166

shifts and sequence similarity issues on the evaluation. This acknowledgment arises from the fact that SVs167

often span substantial genomic regions. In previous evaluations, we selected a set of moderate-tolerance but168

fixed parameters to demonstrate the overall performance for each tool. However, the choice of parameters169

such as breakpoint shift tolerance and sequence similarity for identifying a call as a true positive, varies170

subjectively. Therefore, to comprehensively evaluate the effectiveness and stability of SV callers, we adjusted171

key evaluation parameters (p, P, r, and O) using Truvari for benchmarking (English et al. 2022). Specif-172

ically, we systematically evaluated the impact of four key parameters by conducting two complementary173

experiments: (1) a univariate sensitivity analysis, where each parameter was varied individually to assess its174

effect on F1 scores while holding others constant; and (2) a grid-based benchmarking experiment, in which175

all pairwise parameter combinations were explored to evaluate tool performance across the full parameter176

space. Parameters p, P, and O were adjusted in increments of 0.1 from 0 to 1, while r was adjusted in 100bp177

increments from 0 to 1000bp. Our goal was to examine how different levels of stringency or leniency in178

these parameters might impact SV detection across the nine datasets. We expected FocalSV to demonstrate179

relatively consistent and stable performance, even under more stringent conditions.180

We first systematically varied each parameter and plotted curves to illustrate the changes in F1 scores across181

all libraries. When varying one parameter, the remaining parameters were held at their default moderate182

values. For deletion and insertion detection on Hifi L1 (Fig. 4A-B), increasing the stringency of the matching183

threshold by reducing r from 1000bp to 0bp led to a consistent decline in F1 scores for all tools, with insertions184

showing greater sensitivity to r than deletions. When varying O, P, or p from 0 to 1.0 - corresponding to185

increasing stringency (Fig. 4C-H) - F1 scores of all tools decreased. Notably, for P and p, F1 scores for186

both deletions and insertions dropped sharply when the thresholds exceeded 0.8. Changes in O had an even187

stronger impact: both deletions and insertions exhibited a substantial decline in F1 performance when O188

increased, with insertions again being more sensitive than deletions. Across all parameter settings, FocalSV,189

in both modes, consistently achieved the highest F1 scores. Similar trends were observed across other libraries,190

with FocalSV maintaining top performance in nearly all scenarios (Supplemental Figs. S3-S10).191

We next varied each parameter pair and plotted F1 heatmaps to illustrate performance changes across all192

libraries. For deletion calls on Hifi L1, The F1 heatmaps for FocalSV(auto) and FocalSV(target) are shown193

in Fig. 5A-I and Supplemental Fig. S11, respectively. Both modes demonstrated comparable performance194
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across all libraries under varying evaluation parameters. Based on the comprehensive benchmarking study195

by Liu et al. (Liu et al. 2024), which thoroughly examined the impact of various parameter combinations,196

such as p-O, P-r, O-r, p-P, p-r, and P-O, on deletion evaluation, we selected p and O as the representative197

parameter pair, as they had the most substantial influence on deletion performance. As shown in Fig. 5A-I198

and Supplemental Fig. S11, increasing the values of p and O imposed stricter correspondence requirements199

between the SV call and the gold standard, leading to a decline in F1 scores. Liu et al.’s heatmap and gradient200

analysis demonstrated distinct performance patterns among tools as more stringent thresholds were applied.201

They showed that all read alignment-based SV callers, except for pbsv, exhibited significant performance202

drops when p or O exceeded 0.7, with F1 scores falling below 5% when either parameter reached 1.0. In203

contrast, FocalSV, in both modes, and other assembly-based SV callers from Liu et al.’s study, namely204

Dipcall, SVIM-asm, and PAV, along with pbsv, maintained stable performance across the parameter grid.205

Even under the strictest conditions (p = 1.0, O = 1.0), these tools achieved F1 scores greater than 69%.206

Notably, under this strict exact-match criterion in terms of sequence similarity and reciprocal overlap ratio,207

FocalSV, in both modes, excelled with an exceptional F1 score above 74% (Fig. 5A and Supplemental208

Fig. S11A), outperforming other stable tools and demonstrating its robustness. Across nearly all parameter209

settings, FocalSV consistently achieved higher F1 scores compared to Dipcall, SVIM-asm, PAV, pbsv, and210

sawfish (Supplemental Figs. S12-S15A), demonstrating superior performance across the grid. The overall211

performance trends for these tools were consistent with those previously reported by Liu et al (Supplemental212

Figs. S12-S20A).213

For insertion evaluations on Hifi L1 (Fig. 6A and Supplemental Figs. S21-S30A), the pair p and r were214

similarly selected as the most representative parameters based on Liu et al.’s findings (Liu et al. 2024).215

Their study revealed that insertion detection was generally more sensitive to parameter variations compared216

to deletions. Combining their results and our experiment, we found that most tools, including FocalSV,217

experienced a decline in F1 scores when p exceeded 0.8 (i.e. when the required allele sequence similarity218

between the called SV and the benchmark exceeded 80%) (Fig. 6A and Supplemental Figs. S21-S30A).219

Additionally, F1 scores decreased when r was reduced. Once r dropped to 200bp or less, indicating a more220

stringent reference distance threshold, performance deteriorated significantly across all tools. Similar to the221

trends observed for deletions, FocalSV, other assembly-based tools, and pbsv displayed greater robustness to222

stringent parameters compared to read alignment-based tools. Among all robust performing tools, FocalSV,223

in both modes, consistently achieved higher F1 scores than Dipcall, SVIM-asm, PAV, and pbsv, showing224

outstanding performance over the grid (Fig. 6A and Supplemental Figs. S21-S25A). We have also observed225

similar patterns on grid searches for FocalSV on other libraries (Fig. 5B-I, Fig. 6B-I, and Supplemental Figs.226

S12-S30).227
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The robustness of assembly-based tools to evaluation parameters may indicate their capacity to accurately228

detect SV breakpoints and alternative allele sequences, as highlighted by Liu et al. To address this, we ana-229

lyzed the distribution of SV breakpoint shift and alternate allele sequence similarity for FocalSV. Breakpoint230

shifts were defined as the maximum reference location difference between two compared SV calls, calculated231

as the greatest start/end location difference between true positive SVs and their corresponding benchmark232

SVs. Sequence similarity was quantified using the edit distance between compared SV calls, directly ex-233

tracted from Truvari. Our results revealed that FocalSV achieved a near-zero breakpoint shift and near234

100% SV sequence similarity with the benchmark callset (Supplemental Figs. S31-S34). In line with previous235

findings, our results confirm that FocalSV, like other assembly-based tools, demonstrates strong resilience236

across various parameter settings, underscoring its capacity to accurately capture both SV breakpoints and237

alternative alleles. Notably, FocalSV consistently outperformed other assembly-based tools, including Dip-238

call, SVIM-asm, and PAV, across all parameter configurations, further emphasizing its superior accuracy239

and reliability.240

FocalSV exhibits reliable SV detection on HG005, validated by multi-tool consensus benchmarking241

To further assess the robustness and generalizability of FocalSV, we extended our evaluation to the Chinese242

male sample HG005. As the GIAB consortium has not provided a gold-standard SV callset for this sample,243

we developed a consensus-based evaluation framework leveraging agreement across multiple established SV244

callers. We first applied all benchmarked tools to the HG005 HiFi dataset (Table 1) and collected their245

respective callsets based on the GRCh38 reference genome. From each, we extracted indel SVs (≥50 bp)246

marked as “PASS” in the VCF filter field and located within the high-confidence regions defined by GIAB.247

Although originally curated for HG002, this BED file encompasses regions with consistent support across248

sequencing platforms and excludes problematic areas such as segmental duplications and low-mappability249

areas. Given its stringent design, we applied it to HG005 to enable fair and broadly comparable evaluations.250

Following filtering, we merged and sorted the resulting VCF files, then applied distance-based clustering to251

group SVs of the same type within a 500bp window. These clusters served as proxy gold-standard sets for252

HG005, with each cluster annotated by the number of supporting tools. By adjusting the minimum support253

threshold, we generated benchmark sets at varying confidence levels. SV callers were evaluated by comparing254

their predictions to these clusters: a call was considered a true positive if it overlapped a benchmark cluster255

and matched the majority genotype. SVs without matching clusters were treated as false positives. We256

computed recall, precision, and F1 scores across multiple confidence thresholds to quantify performance.257

Overall, FocalSV(auto) demonstrated leading performance in deletion detection across a wide range of con-258

fidence thresholds. As shown in Supplemental Fig. S35, FocalSV consistently achieved the highest F1 scores259
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when the minimum number of supporting tools ranged from 2 to 7. For instance, at the stringent threshold260

of 7 supporting tools, FocalSV reached an F1 score of 97.66% (Supplemental Table S4), outperforming the261

second-best tool, Sniffles2, by 0.19%. At thresholds above 7, cuteSV ranked highest, with FocalSV following262

closely in second place. The number of benchmark deletions ranged from 3,985 to 4,710 (Supplemental Fig.263

S35D and Supplemental Table S4), closely matching the 4,116 tier 1 deletions reported for HG002 in the264

high-confidence BED file. This consistency supports the reliability of our filtering and evaluation framework.265

For insertion calls, FocalSV maintained strong performance, ranking first or second in F1 score across most266

confidence thresholds. As shown in Supplemental Fig. S36 and Supplemental Table S5, FocalSV achieved the267

highest F1 scores when the number of supporting tools was 2 or 3. At thresholds between 4 and 8, FocalSV268

consistently ranked second, closely following PAV, with an average F1 difference of 0.3%. When the threshold269

increased to 9 supporting tools, FocalSV ranked third, trailing the top performer by 0.7%. At the 10-tool270

threshold, F1 scores dropped substantially for most tools, except PBSV, which reported significantly fewer271

insertions than others. This suggests the benchmark set at this threshold may be incomplete. As a result,272

recall becomes a more informative metric under such stringent criteria, and FocalSV achieved the highest273

recall among all tools. The number of benchmark insertions ranged from 4,231 to 6,238 as the support274

threshold increased from 2 to 10, closely aligning with the 5,281 tier 1 insertions reported in the HG002275

high-confidence BED file, further validating the soundness of our evaluation framework.276

In summary, FocalSV achieved the highest overall performance in deletion detection and consistently277

ranked among the top performers for insertion detection on the HG005 dataset, highlighting its robustness,278

reliability, and broad applicability across diverse genomic contexts.279

FocalSV maintains strong SV detection performance regardless of variations in phasing quality280

FocalSV utilizes Longshot for phasing and read partitioning into two haplotypes prior to indel SV assembly;281

therefore, phasing quality can directly influence downstream SV detection accuracy. We assessed phasing282

accuracy using SNP-based switch error metrics (Choi 2020) and PhaseQ scores derived from Strand-seq283

data, as detailed in the Supplemental Methods and Supplemental Fig. S37. Across HiFi, CLR, and ONT284

datasets, we observed low switch error rates (median: 0%; mean: 2.2–2.4%) and high proportions of correctly285

phased heterozygous variants (median: 97.8–100%; mean: 93.3–95.6%), with 68% of regions achieving 0% SER286

(Supplemental Fig. S38). Strand-seq analysis further confirmed robust phasing, with over 80% of phase blocks287

showing PhaseQ values >0.8 (Supplemental Fig. S39). Additional results are provided in the Supplemental288

Results.289

To evaluate phasing quality, we further examined the distribution of phased read percentages across all290

target regions. Both HiFi and ONT datasets exhibited high phasing rates (HiFi L1: mean 83-87%, median291
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97-98% across both modes; ONT L1: mean 82-88%, median 84-90%; Supplemental Fig. S40), whereas the292

CLR dataset displayed lower phasing rates (mean 49-52%, median 57-58%; Supplemental Fig. S40). To assess293

the effect of phasing on SV detection, we ranked all target regions by phased read percentage and divided294

them into high and low phasing groups. SV detection performance was then compared between these groups.295

Regions with higher phasing percentages showed moderately improved F1 scores across HiFi, CLR, and296

ONT datasets, particularly for deletions. For instance, deletion F1 scores for high vs. low phasing regions297

were 95.1% vs. 93.4% (HiFi L1), 93.3% vs. 91.8% (CLR L1), and 94.5% vs. 91.5% (ONT L1) (Supplemental298

Table S6). In contrast, insertion detection was less affected, with F1 scores of 91.2% vs. 91.2% (HiFi L1),299

90.1% vs. 89.1% (CLR L1), and 92.3% vs. 90.2% (ONT L1) (Supplemental Table S6). Overall, FocalSV300

demonstrated high phasing accuracy for both SNP phasing and local assemblies, while maintaining robust301

structural variant detection performance even in regions with lower proportions of phasing-informative reads.302

FocalSV achieves superior performance in complex somatic SV detection in cancer data303

To extend the evaluation to include SV detection beyond deletions and insertions, we analyzed additional304

SV types involving complex DNA rearrangements, such as translocations (TRA), inversions (INV), and305

duplications (DUP). FocalSV and other relevant tools were applied to detect somatic SVs in two publicly306

available cancer libraries (Fang et al. 2021). Dipcall was excluded from this analysis, as it was not designed307

to detect these three types of SVs. Although PAV is designed to detect inversions, it failed to detect any308

inversions in the cancer data and was therefore also excluded from this analysis.309

We conducted a comparative analysis by applying the selected tools to two publicly available tumor-310

normal paired libraries (PacBio CLR and ONT), as provided by Talsania et al (Talsania et al. 2022).311

These libraries, along with the high-confidence HCC1395 somatic SV call set serving as the benchmark gold312

standard, formed the basis for evaluating the detection of three classes of somatic SVs. Each benchmarked tool313

was first applied independently to each library, generating VCF files. These VCFs were then processed using314

SURVIVOR (Jeffares et al. 2017) to identify somatic variants by comparing paired normal-tumor VCFs.315

Detailed method to detect somatic SVs is provided in the Supplemental Methods section. The identified316

somatic SVs were subsequently compared to the gold standard, which contained 137 translocations, 133317

inversions, and 230 duplications.318

FocalSV(auto) outperformed other tools (SVIM-asm, cuteSV, SVIM, pbsv, and Sniffles2) in terms of F1319

score across nearly all sequencing libraries and SV types, except for inversions in ONT data (Table 5).320

Specifically, on PacBio CLR data, FocalSV(auto) outperformed the second-best tools in F1 score by 4.7%,321

1.2%, and 7.6% for translocations, inversions, and duplications, respectively. On ONT data, FocalSV(auto)322

exceeded the second-best tools by 29.6% and 6.3% for translocations and duplications, respectively. For323
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inversions, Sniffle2 achieved the highest F1 score (30.4%), followed by FocalSV(auto) (20.2%). We also applied324

FocalSV(target) to directly detect the high-confidence somatic SV call set based on predefined target regions.325

As expected, it achieved the highest F1 scores across all scenarios, followed by FocalSV(auto).326

Computation cost of FocalSV327

Finally, we evaluated FocalSV’s memory requirement and runtime performance. For a relatively large SV -328

an insertion of 12.6kb on Chromosome 21 - FocalSV finished execution in 32 seconds of elapsed time and329

5 minutes and 20 seconds of CPU time, using a maximum 5.6MB of memory when run with 8 threads.330

In comparison, detecting the smallest SV - a deletion of 50bp on Chromosome 21 - took a similar elapsed331

time of 33 seconds and required 5 minutes and 30 seconds for CPU time, with a higher memory usage of332

0.76GB. On average, the CPU time was approximately 5.5 minutes for one target region, reflecting consistent333

computational effort regardless of SV size.334

Based on this estimate, detecting 20,000 SVs would require approximately 1,800 total CPU hours - com-335

parable to the runtime for FocalSV(auto) to assemble a single library. As such, assembling all SVs across an336

entire genome using FocalSV can still be more computationally demanding than alignment-based methods.337

Importantly, we did not compare FocalSV’s runtime to existing SV callers, as its time efficiency is specifically338

optimized for targeted analyses involving a limited number of regions rather than whole-genome discovery.339

While assembly-based SV detection is generally resource-intensive, FocalSV’s region-based design enables340

efficient and rapid analysis when users focus on selected loci of interest.341

FocalSV is designed to support multi-level parallelization, allowing tasks to be efficiently distributed across342

multiple servers, with each server assigned to distinct genomic regions. Within each region, FocalSV utilizes343

multithreading to manage assembly and variant detection tasks, maximizing CPU core utilization.344

Discussion345

FocalSV is a high-performance, region-aware tool for structural variant detection. It supports two comple-346

mentary operational modes - auto and target - designed to accommodate distinct analytical scenarios. The347

auto mode autonomously identifies and refines SV-enriched regions by integrating population-scale patterns348

with individual read-level signals. This makes it particularly suitable for discovery-driven analyses where no349

prior SV information is available, offering a scalable alternative to whole-genome assembly. In contrast, the350

target mode is optimized for hypothesis-driven studies, allowing users to input specific regions of interest,351

such as those derived from existing SV annotations or clinically relevant loci. By combining the accuracy352

of assembly-based methods with the efficiency of region-specific processing, FocalSV delivers robust and353
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scalable performance across diverse sequencing technologies and SV types. Together, these modes establish354

FocalSV as a flexible and effective solution for both exploratory and targeted structural variant analyses.355

Across nine HG002 long-read datasets, FocalSV demonstrated consistently strong and reliable performance356

in detecting large indel SVs. Both auto and target modes ranked among the top two tools in F1 score across357

PacBio HiFi, CLR, and ONT platforms, while maintaining high genotyping accuracy (>98%) across nearly358

all datasets. FocalSV also showed robust performance across a broad range of SV sizes and evaluation criteria,359

highlighting its versatility for structural variant analysis in long-read sequencing. Furthermore, its strong360

performance on the HG005 sample underscores the tool’s robustness and generalizability across different361

individuals.362

FocalSV also showed strong capabilities in detecting translocations, inversions, and duplications in tumor-363

normal paired cancer datasets. Across multiple sequencing platforms, both modes outperformed existing364

tools. The target mode, guided by known SV regions, achieved the highest accuracy across all variant types,365

while the auto mode performed robustly without prior region knowledge. It is worth noting that FocalSV is366

designed to rely primarily on read alignment-based signals rather than contig-based assemblies for detecting367

translocations and inversions. This decision is motivated by the practical challenge of assembling these SV368

types, even when sufficient supporting reads are present. We recover most duplications indirectly, through369

assembled insertions. Our recent benchmark study (Liu et al. 2024) further supports this strategy, showing370

that most assembly-based tools are not optimized for translocations, inversions, and duplications, whereas371

alignment-based approaches often yield better sensitivity and precision. These findings support our choice372

to prioritize alignment-based evidence for these SV classes.373

Methods374

We present FocalSV, a targeted SV detection framework that integrates assembly- and alignment-based375

signals through region-specific analysis, enabling accurate detection and characterization across all SV types:376

insertions (INSs), deletions (DELs), duplications (DUPs), translocations (TRAs), and inversions (INVs).377

FocalSV operates in two modes: target and auto. In target mode (referred to as FocalSV(target)), it uses378

user-defined regions of interest, while in auto mode (FocalSV(auto)), it automatically identifies and expands379

regions likely to contain SVs.380

Large INS and DEL assembly381

FocalSV takes the whole genome aligned reads BAM file along with either user-specified target regions or382

automatically detected candidate regions to perform assembly and refinement of large indel SV (≥50bp) (Fig.383

1). FocalSV(auto) employs a customized algorithm to detect potential SV regions, with details provided in384
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the following section. These candidate regions are saved in a BED file. Once target regions are defined -385

either automatically or manually - they are used for a target region-based workflow.386

This workflow for identifying a single target SV consists of the following steps: (1) Extraction of region-387

specific BAM file, (2) partitioning of reads, (3) haplotype-aware local assembly, (4) detection of candidate388

SV, and (5) filtering of indel SVs and refinement of genotypes.389

Automatic identification of regions with potential SVs390

To identify genomic regions likely to harbor SVs, we integrated two complementary sources of evidence: (1)391

read-level SV breakpoint signatures extracted from individual long-read alignments, and (2) population-scale392

SV breakpoints obtained from pangenome-based multi-sample SV catalogs. Each source was independently393

processed to capture both sample-specific and recurrent population variation, and their results were sub-394

sequently merged through distance-based clustering to generate a comprehensive, high-confidence set of395

candidate SV intervals as input for FocalSV(auto).396

Read-based SV signature clustering. For each sequencing library, we first extracted candidate SV397

signatures from the read-to-reference alignment (BAM) file. To comprehensively detect insertions and dele-398

tions from long-read alignments, we integrated both intra-alignment and inter-alignment signatures. Intra-399

alignment signatures were derived directly from the primary alignment’s CIGAR string, where insertions400

were identified from ‘I’ operations and deletions from ‘D’ operations, each exceeding a user-defined minimum401

length threshold (default: 30bp). Insertions were represented as triplets (P, L, S), where P is the aligned402

reference position, L is the inserted sequence length, and S is the inserted sequence retrieved from the read.403

Deletions were recorded as pairs (P, L), where P indicates the reference start position and L the deletion404

length. To mitigate redundancy caused by alignment fragmentation, adjacent intra-alignment signals within405

the same read were merged if their positions were within a user-defined proximity threshold. In contrast,406

inter-alignment signatures were extracted from split-read mappings by utilizing supplementary alignment407

(SA) tags to identify reads with multiple alignment segments. For each pair of consecutive segments mapped408

to the same chromosome and strand, we calculated the differences between the read and reference coordi-409

nates. A large gap in the read combined with a small gap in the reference indicated an deletion, whereas410

a large gap in the reference with minimal read gap signified an insertion. These inter-alignment signatures411

enabled detection of SVs that span multiple alignment blocks, large insertions or deletions, or complex break-412

points often fragmented by long-read alignment algorithms. By integrating both intra- and inter-alignment413

signals, the method improves sensitivity for detecting large and alignment-fragmented SVs.414

Subsequently, for each large indel SV type, SV signatures were initially clustered based on genomic proxim-415

ity using a fine-scale distance threshold (dtfine, default: 500bp) to group nearby events. Clusters supported416
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by fewer than a minimum number of individual signatures (min sig, default: 0.2 × average coverage) were417

discarded. Each retained cluster was represented as a genomic interval spanning the first to last breakpoint in418

the group. To address potential redundancy and positional uncertainty, a second, coarser round of clustering419

was performed using a broader threshold (dtcoarse, default: 15kb), yielding a refined set of candidate SV420

regions derived from read-level evidence.421

Pangenome-based SV clustering. Inspired by recent advances in pangenome graph-based SV genotyp-422

ing for short-read data (Ebler et al. 2022), we leveraged population-scale variation data by incorporating423

breakpoint positions from a multi-sample VCF file to supplement individual-level SV signals. This same VCF424

also provides the variant catalog used for pangenome graph construction in Pangenie (Ebler et al. 2022), en-425

abling improved sensitivity and consistency in genotyping across diverse individuals. All non-header records426

were parsed to extract SV breakpoints, which were grouped by chromosome and sorted by genomic position.427

A clustering procedure, similar to read-based breakpoint clustering, was applied using the same coarse dis-428

tance threshold (dtcoarse, default: 15kb). Specifically, SV breakpoints located within the specified threshold429

were merged into clusters, producing a population-informed set of candidate SV regions.430

To avoid bias in our evaluation, samples HG002 and HG005 were excluded from the multi-sample VCF431

input. The VCF was constructed using haplotype-resolved assemblies from nine individuals (HG01109,432

HG01243, HG02055, HG02080, HG02109, HG02145, HG02723, HG03098, and HG03492). SVs were iden-433

tified from the assemblies and merged using the Pangenie vcf-merging pipeline (Ebler et al. 2022). This434

multi-sample VCF serves as the default population reference for FocalSV(auto), though users may substi-435

tute any population-scale, pangenome graph-based SV catalog suitable for their specific study population.436

As additional high-quality HiFi assemblies become available, FocalSV(auto) can leverage increasingly com-437

prehensive population variation, improving sensitivity for recurrent, low-frequency, or difficult-to-resolve SVs438

that may be missed in single-sample analyses.439

Integration of candidate SV regions from read-level and pangenome-based evidence. The440

final set of SV candidate regions was generated by merging the refined intervals from both sources: read-441

level signatures extracted from individual BAM files and population-based SV calls. For each chromosome,442

intervals from both sources were combined and re-clustered using the same coarse distance threshold (dtcoarse)443

to consolidate overlapping or proximal regions. To accommodate breakpoint uncertainty inherent to long-444

read alignments and SV merging, each resulting interval was symmetrically extended by ±fl (default: 7kb).445

This integration strategy ensures that both individual-specific and population-informed variation contribute446

to a comprehensive set of candidate SV regions. The merged intervals were output in BED format and used447

as input for the subsequent target region-based workflow.448
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Extraction of region-specific BAM file449

FocalSV(target) is designed for scenarios where regions suspected to contain SVs have been identified, but450

the precise details of the SVs within that region have yet to be determined. FocalSV(target) assists in more451

accurately inferring SV breakpoint and sequence based on prior knowledge. To use FocalSV(target), users452

must provide regions suspected SV-containing regions, which serve as input. FocalSV(target) then extracts453

region-specific BAM files for subsequent reads partitioning, SV assembly, and refinement. In our experiments,454

to validate the accuracy of SV calling for FocalSV(target), we adopted the benchmark VCF file of the sample455

HG002 from Genome in a Bottle (GIAB) as prior knowledge.456

Specifically, for INSs, the start and end positions of the target regions we utilized are defined as follows:457 
Start = (ChromINS , Breakpoint− Flanking)

End = (ChromINS , Breakpoint+ Flanking)

(1)

where the breakpoint refers to the insertion breakpoint on the reference genome, and the flanking size we458

used is 50kb by default.459

In terms of DELs, the target regions we utilized are defined as follows:460 
Start = (ChromDEL, StartDEL − Flanking)

End = (ChromDEL, EndDEL + Flanking)

(2)

where the startDEL and endDEL refer to the starting and ending positions of a target DEL on the reference461

genome and the flanking size we used is 50kb. When the breakpoints of INSs and DELs are unknown, users462

can estimate breakpoints to define the target regions and adjust the flanking regions to ensure regions are463

sufficiently large to encompass the potential SV.464

In contrast, FocalSV(auto) automatically scans the aligned BAM file to detect regions suspected of har-465

boring SVs using a custom detection method introduced earlier. It then extracts region-specific BAM files466

for subsequent reads partitioning, SV assembly, and refinement.467

Partitioning of reads468

The FocalSV pipeline integrates Longshot (Edge and Bansal 2019), a haplotype estimation tool, to perform469

phasing. Longshot builds on the read-based haplotype phasing algorithm, HapCUT2 (Edge et al. 2017)470

and employs a pair-Hidden Markov Model (pair-HMM) to mitigate uncertainties in local alignment. This471

approach enables the estimation of precise base quality values, which are crucial for genotype likelihood472

calculations. However, since Longshot is specifically designed to detect and phase single nucleotide variants473

(SNVs) and only approximately 75% of the reads can be partitioned into two distinct haplotypes, we assume474
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the remaining 25% of reads correspond to highly homogeneous regions. As a result, FocalSV assigns the475

remaining reads directly to both haplotypes of the nearest phase block.476

Haplotype-aware local assembly477

After reads partitioning, every read within the region BAM file is assigned to a certain phase block and478

haplotype. FocalSV then performs local assembly based on these phase blocks and haplotypes. For PacBio479

Hifi reads, FocalSV adopts Hifiasm (v0.14) (Cheng et al. 2021) for local assembly, while for PacBio CLR480

and Nanopore (ONT) reads, Flye (v2.9.1) (Kolmogorov et al. 2019) is utilized. Haplotype-resolved contigs481

are generated at the end of this procedure.482

In rare cases where the target region is either too small or highly homogeneous, Longshot may fail to483

produce a phased BAM file. To address this limitation, we adopted a dual-assembly strategy. For HiFi data,484

we used Hifiasm (v0.16) in dual-haplotype mode to generate haplotype-resolved assemblies. For CLR and485

ONT data, we employed a combination of Flye and Hapdup to construct dual assemblies.486

Detection of Candidate indel SVs487

The haplotype-resolved contigs are then aligned to the human reference genome using minimap2 (Li 2018)488

and SAMtools (Danecek et al. 2021) in FocalSV. For HG002, we used hg19 reference genome to evaluate489

SVs because the GIAB gold standard SV callset is available only for hg19. The example command is as490

follows:491

492

minimap2 -a -x asm5 --cs -r2k -t 30 \493

<ref_genome> \494

<contigs_fasta> \495

| samtools sort > contigs.bam496

samtools index contigs.bam497
498

Notably, the contigs-to-reference BAM file shares similar features with the reads-to-reference BAM file,499

as both files contain intra- and inter-alignments inferred by CIGAR operations, which indicate potential500

SVs. However, two key differences exist in terms of coverage and length: the reads-to-reference BAM file501

typically exhibits much higher coverage, while the contigs are generally much longer than individual reads. To502

reliably collect SV-related signatures from contig-to-reference BAM file, we adapt the contig-based signature503

collection methodology from VolcanoSV (Luo et al. 2024), which refines and optimizes the conventional504

reads-based SV signature collection methods.505

The contig-based signature collection method can be intuitively explained. When an INS is present in the506

individual’s genome, the contig can be conceptualized as a structure of “reference sequence A + INS sequence507
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+ reference sequence B”. If the INS sequence is short, it is typically supported by an intra-alignment, which508

can be directly extracted from the CIGAR operation. However, longer INS sequences are supported by an509

inter-alignment (split alignments), where reference sequences A and B align independently to the human510

reference, while the INS sequence remains unaligned. Similarly, for a DEL in the individual’s genome, the511

human reference genome can be viewed as having a structure of “sequence A + sequence B + sequence512

C”, while the corresponding contig can be considered approximately as “sequence A + sequence C”, with513

sequence B deleted. This deletion can be directly identified from the CIGAR operation. DELs can also be514

inferred from split alignments, where sequences A and C (adjacent on the contig) are aligned independently515

to two distant regions on the reference genome.516

An INS signature, inferred from a pair of split-alignment events, is collected as follows:517 
Chrom = ChromINS

Breakpoint =
RefEndseg1 +RefStartseg2

2

SV len = Dcont −Dref

(3)

when518 Dcont −Dref ≥ 30 bp

OLP ref ≤ 3000 bp
(4)

A DEL signature is collected as follows:519 

Chrom = ChromDEL

Start = RefEndseg1

End = RefEndseg1 + |Dcont −Dref |

SV len = Dcont −Dref

(5)

when520 
Dref −Dcont ≥ 30bp

OLP ref ≤ 3000bp

(6)

where RefStartsegi and RefEndsegi denote the start and end coordinates of i-th aligned sequence segment521

relative to the human reference (i ∈ [1, 2]). The segment with the smaller start coordinate on the reference522

genome is designated as the first aligned segment. Dcont and Dref represent the distance between two523

segments relative to the contig and the human reference, respectively. OLPref refers to the overlap size524

between two segments on the human reference.525
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We then incorporated the clustering pipeline from VolcanoSV (Luo et al. 2024) to organize the collected526

signatures by SV type and generate a candidate SV pool. The pipeline involves three steps. Firstly, a chaining527

clustering algorithm groups signatures from the same haplotype, using SV size similarity and breakpoint528

distance as clustering criteria. Next, a pairing algorithm matches signatures from different haplotypes for529

genotyping. Finally, a stringent one-to-K clustering algorithm is applied to reduce the redundancy in the call530

set.531

Filtering of indel SVs and refinement of genotypes532

To further refine SV calls, FocalSV employs VolcanoSV’s reads-based signature support algorithm (Luo et al.533

2024) to filter out false positive SVs and enhance genotyping precision.534

For false positive control, the process begins by gathering read-based SV signatures near the potential535

SV breakpoints. A similarity score is then calculated between the read-based signature and the candidate536

SV. Signatures exceeding the similarity threshold are considered supporting signatures. A candidate INS537

is retained if it has at least one supporting signature, while a candidate DEL must meet the supporting538

coverage threshold (calculated as the ratio of supporting signatures to local read coverage) to be considered539

valid.540

For genotype refinement, a genotype decision tree model (Luo et al. 2024) is employed to correct the541

genotype of indel SVs. This model considers five key parameters: contig-based genotype (heterozygous or542

homozygous), SV size (small or large indel), SV type (insertion or deletion), sequencing technology (Hifi,543

CLR, or ONT), and a supporting read-based signature ratio (number of supporting read-based signatures/lo-544

cal read depth). With all combinations of the first four parameters, the decision tree consists of 24 leaf nodes.545

Each leaf node is associated with an empirically determined threshold for the supporting signature ratio.546

This ratio, ideally reflecting the genotype, is then utilized to predict the final genotype of the SV.547

Multiple-region mode548

FocalSV is also designed to detect SVs across multiple regions. When provided with multiple target regions549

either automatically or manually, FocalSV first retrieves region-specific BAM files, and applies the same steps550

for each region: reads partitioning, local assembly, and candidate SV detection. This process is parallelized in551

FocalSV for greater efficiency. Afterward, FocalSV merges all VCF files from each region into a single VCF552

file. A clustering algorithm is then applied to the merged VCF file to eliminate redundant variants. Finally,553

the SV filtering and genotype refinement are performed to produce the final VCF file.554
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Detection, recovery, and breakend refinement of duplications, translocations, and inversions in the555

target mode556

Duplication detection and recovery557

For duplication detection in the target mode, FocalSV integrates information from both contigs and read-558

based BAM files. The user provides the approximate start and end positions of the target duplication as559

prior knowledge. Using this input, contigs are generated through a region-based assembly pipeline, the same560

approach used for large indel detection. These contigs are subsequently aligned to a human reference genome561

to produce a contig-based BAM file. Simultaneously, a read-based BAM file is generated by extracting reads562

from the user-defined target duplication region along with an extended flanking region (default: 25kb). In the563

alignment-based information derived from the contig-based BAM file, duplication (DUP) can be regarded as564

a special instance of insertion (INS), particularly when the inserted sequence closely resembles a reference565

segment near the insertion breakpoint. As a result, if two adjacent segments on the contig align to the same566

region on the reference genome, a duplication can be directly inferred. However, in practice, due to the567

limitation of existing aligners, only one of the duplicated segments may be correctly aligned to the reference,568

while the other segment is “skipped”, leading to it being incorrectly labeled as an INS in the BAM file. To569

address this, we designed a dedicated duplication recovery pipeline from insertion calls. Specifically, FocalSV570

extracts the alternate alleles from all insertion calls and realigns them to the reference genome. If an alternate571

allele aligns close to its corresponding insertion breakpoint, it indicates the presence of a duplication (Fig.572

2A). The duplication’s start and end coordinates are defined by the alignment coordinates of the alternate573

allele.574

This recovery procedure can recover a considerable amount of DUPs missed by the aligner. However, in575

cases where the contigs are collapsed (i.e. do not contain the duplicated segments) due to misassembly, we576

designed an additional reads alignment-based approach to recover those DUPs. In this approach, FocalSV577

identifies events in the target region where a read aligns more than once on the same strand, generating578

an alignment records pool for each muti-aligned read (MAR). For each MAR, the positional relationship579

between any two alignment records is evaluated to determine whether they suggest a duplication. A DUP580

signature is inferred when the pair of read segment alignment records meet the below conditions:581


ReadEndseg1 −ReadStartseg2 ≤ Tholp

RefEndseg1 > RefStartseg2

(7)

where ReadStartsegi, ReadEndsegi, RefStartsegi and RefEndsegi represent the start and end coordinates582

of the i-th segment relative to read and reference, respectively (Fig. 2A). Tholp denotes the maximum allowed583

 Cold Spring Harbor Laboratory Press on July 16, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


Luo et al. Page 21 of 40

overlap between two segments (500 bp by default). The segments are ordered such that ReadStartseg1 <584

ReadStartseg1.585

Next, FocalSV applies a distance-based clustering algorithm to group DUP signatures. Two DUP signatures586

are clustered together if their breakpoint shift is less than a specified distance threshold (1000bp by default).587

The average start and end positions within each cluster are selected as the final breakpoints of the DUP.588

It is important to note that this reads-based approach is only used for DUPs estimated to be smaller than589

5Mb, as split-alignments with gaps larger than 5Mb on the reference are likely misalignments and unreliable.590

Finally, FocalSV merges the result from both the conitg-based and read-based BAM files to generate the591

final set of DUP calls.592

Translocation detection593

The format for a typical translocation (TRA) is:594

(ChromA,PosA,ChromB,PosB) (8)

To accurately detect breakends (BND) of TRAs in the target mode, FocalSV requires prior knowledge of595

the approximate regions for both BNDs, PosA and PosB:596


(ChromA,PosA− Flanking, PosA+ Flanking)

(ChromB,PosB − Flanking, PosB + Flanking)

(9)

To achieve the detection and refinement, FocalSV identifies TRA signatures from read-based BAM files and597

calculates the optimal BND. Specifically, TRAs are inferred when two adjacent segments on the read align598

to different chromosomes. FocalSV first collects reads aligned to both BND regions using equation 9. It then599

calculates the segment distance between two alignment records of each read. A TRA event is inferred if the600

two alignment records satisfy the below conditions:601


|ReadEndseg1 −ReadStartseg2| ≤ 1000bp

or

|ReadEndseg2 −ReadStartseg1| ≤ 1000bp

(10)
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whereReadStartseg1,ReadEndseg1,ReadStartseg2, andReadEndseg2 represent the start and end positions602

of each aligned segment on the read, respectively. A TRA signature is represented as follows:603



(Chromseg1, RefEndseg1, Chromseg2, RefStartseg2)

for |ReadEndseg1 −ReadStartseg2| ≤ 1000bp

or

(Chromseg1, RefStartseg1, Chromseg2, RefEndseg2)

for |ReadEndseg2 −ReadStartseg1| ≤ 1000bp

(11)

where RefStartseg1, RefEndseg1, RefStartseg2, and RefEndseg2 denote the start and end positions of each604

aligned segment on the reference genome, respectively (Fig. 2B). A clustering algorithm is then employed to605

merge TRA signatures. Any two TRA signatures are grouped into a single cluster if they meet the following606

criteria:607



ChromATRA1 = ChromATRA2

ChromBTRA1 = ChromBTRA2

|PosATRA1 − PosATRA2| ≤ 100bp

|PosBTRA1 − PosBTRA2| ≤ 100bp

(12)

The average coordinate for each BND is selected as the cluster center, serving as the final TRA call.608

Inversion detection609

The format for a typical inversion (INV) is:610

(ChromINV , StartINV , EndINV ) (13)

Similar as TRA, the target region in the target mode for INV is defined as follows:611

(ChromINV , StartINV − Flanking,EndINV + Flanking) (14)

FocalSV then identifies INV signatures from the read-based BAM file. Specifically, INV events are identified612

when two adjacent segments of a read align to two distant locations on the reference in reverse orientations.613

 Cold Spring Harbor Laboratory Press on July 16, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


Luo et al. Page 23 of 40

The criteria for inferring an INV and its corresponding signature are outlined below:614



(Chrom,RefStartrev, RefStartfwd)

for |ReadEndrev −ReadStartfwd| ≤ 100bp

or

(Chrom,RefEndfwd, RefEndrev)

for |ReadEndfwd −ReadStartrev| ≤ 100bp

(15)

where ReadStartfwd, ReadEndfwd, ReadStartrev, and ReadEndrev denote the start and end positions of615

the forward- and reverse-aligned segment on the read, while RefStartfwd, RefEndfwd, RefStartrev, and616

RefEndrev represent the start and end positions on the reference (Fig. 2C). A clustering algorithm is then617

applied to merge INV signatures. Two INV signatures are grouped into a single cluster if they meet the618

following criteria:619 
ChromINV 1 = ChromINV 2

|StartINV 1 − StartINV 2| ≤ 100bp

|EndINV 1 − EndINV 2| ≤ 100bp

(16)

The average position for each BND is selected as the cluster center, serving as the final INV call.620

Automatic detection and refinement of duplications, translocations, and inversions621

When target regions are not provided or available, the auto mode of FocalSV can be used to detect dupli-622

cations, translocations, and inversions. Its SV detection workflow consists of three modules: (1) signature623

extraction, (2) signature clustering, and (3) post-processing.624

Signature extraction625

In auto mode, to localize potential signals of duplications, translocations, and inversions across the genome,626

FocalSV first divides each chromosome into contiguous, nonoverlapping 1Mb windows. Within each window,627

all long reads aligned to that region are examined for evidence of split alignments. Intuitively, a split alignment628

indicates that a single read maps to two distinct genomic loci, potentially reflecting an underlying SVs such629

as inversion, duplication, or translocation.630

Within each 1Mb window, FocalSV identifies reads carrying a supplementary alignment tag (SA tag) and631

meeting a minimum mapping quality threshold (MAPQ ≥ 10). SA tags indicate additional alignments of632

the same read, commonly arising from SVs that cause discontinuous or ambiguous mappings. Compared633
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to the primary alignment, the supplementary alignment may reside on the same chromosome - indicating634

a potential inversion or duplication, or on a different chromosome - suggesting a possible translocation. By635

scanning all windows in parallel, FocalSV accumulates three sets of candidate reads per window:636

• Inversion candidates: Reads with supplementary alignment on the same chromosome but in the637

opposite orientation relative to the primary alignment.638

• Duplication candidates: Reads with supplementary alignment on the same strand and in the same639

orientation as the primary alignment.640

• Translocation candidates: Reads with supplementary alignment mapping to a different chromosome.641

Each candidate read is annotated with mapping start and end position on both the reference genome and642

the read, along with strand orientation and mapping quality for primary and supplementary alignments.643

After processing all windows on a given chromosome, candidate reads are aggregated into chromosome-644

wide collections by SV type, serving as input for downstream signature inference. To detect SV signatures645

corresponding to duplications, translocations, and inversions, FocalSV applies type-specific pairing rules646

based on reference and read-level coordinates, as defined in Equations 7, 11, and 15. Specifically, a duplication647

(DUP) signature is inferred when two same-strand segments align to the same chromosome in order, with648

minimal separation on the read and substantial overlap on the reference (Equation 7). A translocation (TRA)649

signature is inferred when a single read maps to two distinct chromosomes, with the segments located within650

1000bp on the read (Equation 11). An inversion (INV) signature is inferred when two segments align to651

opposite strands of the same chromosome, with no more than 100bp separation on the read and close652

proximity on the reference (Equation 15).653

Signature clustering654

To consolidate redundant signatures and minimize noise, FocalSVS applies a distance-based clustering algo-655

rithm to the inferred duplications, translocations, and inversions signatures. For each SV type, the signatures656

are grouped into clusters if their genomic coordinates lay within a fixed distance threshold (default: 100bp),657

ensuring that nearby signatures likely originating from the same event are merged (Equations 12, 16). Each658

resulting cluster is treated as a candidate SV call. Within each cluster, summary statistics are computed,659

including the mean start and end coordinates (or breakend positions), the number of supporting reads, av-660

erage mapping quality, and the standard deviation of breakpoint positions across supporting alignments.661

These features are then used for downstream filtering and prioritization of high-confidence SVs.662
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Post processing663

To refine duplication candidates, FocalSV employs a structured post-processing pipeline that integrates664

read-level evidence with both local and global coverage statistics. First, the genome-wide average read depth665

(globalRD) is estimated from the corresponding BAM file to enable subsequent feature adjustment. For each666

duplication event, a minimum number of supporting reads is required - by default, at least 0.1× globalRD667

- carrying valid SA tags and sufficient mapping quality (default ≥ 50). Coverage is then extracted from the668

candidate duplication region (COVDUP ) as well as from fixed 1kb flanking windows on the left (COVleft)669

and right (COVright) sides. Three coverage-based features are computed: (1) Coverage shift: defined as670

2 × COVDUP /(COVleft + COVright), this metric captures the expected local increase in coverage due to671

duplication. (2) Relative duplication coverage: calculated as COVDUP /globalRD, providing a normalized672

estimate of local copy gain; and (3) Breakpoint variability: measured as the standard deviation of the left673

and right breakpoints within the original DUP cluster, used to detect irregular mapping patterns indicative674

of potential artifacts. Duplication candidates that do not meet empirically optimized thresholds for any of675

these features are filtered out. This multi-feature framework ensures that only high-confidence duplication676

calls - with strong read support and consistent coverage profiles - are retained.677

Filtering of translocation (TRA) and inversion (INV) candidates is based on two criteria: a minimum num-678

ber of supporting reads and a minimum mapping quality threshold. Specifically, each candidate is required679

to have at least r × globalRD supporting split reads, each with mapping quality greater than or equal to680

a platform-specific threshold. The values of r and the minimum mapping quality vary depending on the681

sequencing platform and are empirically optimized to account for their distinct error profiles. For example,682

for INV calls, r and the minimum mapping quality are set to 0.25 and 60 on Hifi data, 0.3 and 58 on CLR683

data, and 0.35 and 58 on ONT data.684

Sequencing data685

PacBio CLR, Hifi, and ONT sequencing reads for HG002 are available at GIAB and NCBI. PacBio Hifi686

sequencing reads for HG005 are available at NCBI. The high-confidence HCC1395 somatic SV callset and the687

PacBio and ONT Tumor-Normal paired libraries of HCC1395 are publicly accessible at NCBI. Table 1 lists688

hyperlinks for all 14 previously mentioned real datasets. The Tier1 benchmark SV callset and high-confidence689

HG002 region were obtained from https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/da690

ta/AshkenazimTrio/analysis/NIST_SVs_Integration_v0.6/. The haplotype-resolved assemblies for the691

nine samples used in constructing the multi-sample VCF are publicly available at https://s3-us-west-2692

.amazonaws.com/human-pangenomics/index.html?prefix=working/HPRC_PLUS/. These assemblies can693

be found within the assemblies/year1 freeze assembly v2 subdirectory corresponding to each sample.694
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T2T HG002 assembly was obtained from https://s3-us-west-2.amazonaws.com/human-pangenomics/T695

2T/HG002/assemblies/hg002v1.1.fasta.gz. Strand-seq data for HG002 involved in the phasing quality696

evaluation are publicly available at https://s3-us-west-2.amazonaws.com/human-pangenomics/index697

.html?prefix=NHGRI_UCSC_panel/HG002/hpp_HG002_NA24385_son_v1/Strand_seq/. All VCF files that698

support the findings of this study are available from https://doi.org/10.5281/zenodo.15740572.699

Software availability700

701 FocalSV is available freely at GitHub (https://github.com/maiziezhoulab/FocalSV). All scripts 

702 necessary to reproduce this study are available as Supplemental Code and are also available at GitHub

703 https://github.com/maiziezhoulab/FocalSV/tree/main/evaluation. 
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Tools Version Resource Variant Types Link

Dipcall 0.3 Li et al. 2018 DEL, INS, small indel, SNP https://github.com/lh3/dipcall

SVIM-asm 1.0.2 Heller et al. 2020 DEL, INS, DUP, INV, TRA https://github.com/eldariont/svim-asm

PAV 2.0.0 Ebert et al. 2021 DEL, INS, INV, small indel,

SNP

https://github.com/EichlerLab/pav

sawfish 1.0.1 Saunders et al. 2025 INS, DEL, INV, DUP, BND https://github.com/PacificBiosciences/sawfish

FocalSV 1.0.0 This paper DEL, INS, INV, TRA, DUP https://github.com/maiziezhoulab/FocalSV

SVIM 1.4.2 Heller et al. 2019 DEL, INS, DUP, INV, TRA https://github.com/eldariont/svim

cuteSV 1.0.11 Jiang et al. 2020 DEL, INS, DUP, INV https://github.com/tjiangHIT/cuteSV

pbsv 2.6.2 DEL, INS, DUP, INV, TRA,

CNV

https://github.com/PacificBiosciences/pbsv

SKSV 1.0.2 Liu et al. 2021 DEL, INS, DUP, INV, TRA https://github.com/ydLiu-HIT/SKSV

Sniffles2 2.0.6 Smolka et al. 2022 DEL, INS, DUP, INV, TRA https://github.com/fritzsedlazeck/Sniffles

Dataset Abbreviation in the paper Coverage Source

HG002 PacBio CCS 15kb+20kb Hifi L1 56x
https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/Ashkena

zimTrio/HG002_NA24385_son/PacBio_CCS_15kb_20kb_chemistry2/reads/

HG002 PacBio CCS 10kb Hifi L2 30x
https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/Ashkena

zimTrio/HG002_NA24385_son/PacBio_CCS_10kb/

HG002 PacBio CCS 11kb Hifi L3 34x https://www.ncbi.nlm.nih.gov/sra/SRR8833180

HG002 MtSinai CLR L1 65x
https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/Ashkena

zimTrio/HG002_NA24385_son/PacBio_MtSinai_NIST/

HG002 PacBio CLR CLR L2 89x https://www.ncbi.nlm.nih.gov/sra/SRX7668835

HG002 PacBio CLR CLR L3 29x https://www.ncbi.nlm.nih.gov/sra/SRX6719924

HG002 Nanopore UCSC lt100kb ONT L1 51x

https://s3-us-west-2.amazonaws.com/human-pangenomics/NHGRI_UCSC_panel/

HG002/hpp_HG002_NA24385_son_v1/nanopore/downsampled/greater_than_100kb

/HG002_ucsc_ONT_lt100kb.fastq.gz

HG002 Nanopore PRJNA678534 ONT L2 48x https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP292617&o=acc_s%3Aa

HG002 Nanopore Standard Unsheared UCSC ONT L3 47x

https://s3-us-west-2.amazonaws.com/human-pangenomics/NHGRI_UCSC_panel/

HG002/hpp_HG002_NA24385_son_v1/nanopore/downsampled/standard_unsheared

/HG002_ucsc_Jan_2019_Guppy_3.4.4.fastq.gz

HG005 HiFi HG005 Hifi 50x
ftp://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/ChineseTrio/HG005_NA24

631_son/PacBio_CCS_15kb_20kb_chemistry2/uBAMs/

HCC1395 Tumor PacBio HCC1395 PB 39x https://www.ncbi.nlm.nih.gov/sra/?term=SRR8955953

HCC1395 Normal PacBio HCC1395BL PB 44x https://www.ncbi.nlm.nih.gov/sra/?term=SRR8955954

HCC1395 Tumor ONT HCC1395 ONT 12x https://www.ncbi.nlm.nih.gov/sra/?term=SRR16005301

HCC1395 Normal ONT HCC1395BL ONT 19x https://www.ncbi.nlm.nih.gov/sra/?term=SRR17096031

Table 1 Resource for different tools and long-read datasets. Top panel: The SV calling tools used in this paper. Tool version

number, cited article, variant types called by each tool, and tool links are shown in the table. Bottom panel: The long-read

datasets used in this paper. The abbreviation, coverage, and source link for each dataset are shown in the table. The

abbreviation is used to refer to each dataset in the main text.
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FocalSV

(target)

FocalSV

(auto)
PAV SVIM-asm Dipcall sawfish cuteSV SVIM PBSV Sniffles2 SKSV

Library Metric

DEL

Hifi L1

Precision 93.14% 93.59% 92.28% 91.70% 90.33% 93.10% 88.20% 87.33% 93.03% 83.75% 85.29%

Recall 95.36% 94.78% 93.22% 93.90% 92.61% 95.34% 88.46% 88.78% 93.44% 84.65% 85.25%

F1 94.24% 94.18% 92.75% 92.79% 91.46% 94.20% 88.33% 88.05% 93.24% 84.20% 85.27%

GT Concordance 99.10% 99.05% 97.11% 97.85% 96.75% 98.37% 99.07% 98.71% 97.71% 96.56% 97.98%

Hifi L2

Precision 92.65% 93.81% 92.04% 92.01% 90.11% 93.34% 93.83% 82.90% 92.21% 92.67% 85.81%

Recall 95.00% 95.02% 94.12% 94.56% 92.76% 95.31% 87.12% 95.40% 93.78% 94.85% 78.91%

F1 93.81% 94.41% 93.07% 93.27% 91.42% 94.31% 90.35% 88.70% 92.99% 93.74% 82.22%

GT Concordance 99.00% 99.00% 97.26% 98.61% 96.86% 98.22% 97.46% 97.90% 98.19% 98.31% 97.48%

Hifi L3

Precision 92.67% 93.71% 91.71% 91.70% 89.94% 93.15% 94.23% 75.30% 92.49% 92.81% 85.88%

Recall 95.21% 94.87% 93.49% 94.44% 92.76% 95.17% 90.43% 95.34% 93.93% 95.02% 81.44%

F1 93.92% 94.29% 92.59% 93.05% 91.33% 94.15% 92.29% 84.14% 93.20% 93.90% 83.60%

GT Concordance 98.98% 99.00% 96.62% 98.59% 96.83% 98.44% 98.04% 98.34% 98.60% 98.47% 98.06%

Overall

Precision 92.82% 93.70% 92.01% 91.80% 90.13% 93.20% 92.09% 81.84% 92.58% 89.74% 85.66%

Recall 95.19% 94.89% 93.61% 94.30% 92.71% 95.27% 88.67% 93.17% 93.72% 91.51% 81.87%

F1 93.99% 94.29% 92.80% 93.04% 91.40% 94.22% 90.32% 86.96% 93.14% 90.61% 83.70%

GT Concordance 99.03% 99.02% 97.00% 98.35% 96.81% 98.34% 98.19% 98.32% 98.17% 97.78% 97.84%

INS

Hifi L1

Precision 90.80% 88.50% 86.30% 86.50% 72.80% 83.89% 87.50% 85.10% 90.00% 79.00% 86.10%

Recall 93.90% 93.88% 93.10% 93.10% 91.40% 94.24% 82.30% 69.60% 77.40% 76.80% 86.60%

F1 92.40% 91.11% 89.60% 89.70% 81.00% 88.76% 84.90% 76.60% 83.20% 77.90% 86.40%

GT Concordance 98.10% 98.39% 95.60% 97.80% 77.80% 92.38% 99.10% 90.00% 87.70% 89.30% 98.30%

Hifi L2

Precision 89.80% 88.32% 86.40% 86.40% 73.10% 84.75% 91.80% 61.90% 89.90% 88.30% 86.20%

Recall 93.80% 93.77% 93.30% 92.90% 91.60% 94.05% 82.40% 91.60% 76.70% 91.80% 61.70%

F1 91.70% 90.96% 89.70% 89.50% 81.30% 89.16% 86.80% 73.90% 82.80% 90.00% 71.90%

GT Concordance 98.30% 98.20% 96.10% 97.70% 78.50% 92.95% 97.60% 94.00% 95.40% 97.00% 97.70%

Hifi L3

Precision 89.60% 88.31% 86.30% 86.40% 73.00% 84.33% 91.60% 45.00% 89.00% 88.60% 87.10%

Recall 93.80% 93.88% 93.00% 93.20% 91.80% 94.04% 86.00% 92.10% 76.70% 92.80% 71.00%

F1 91.70% 91.01% 89.50% 89.60% 81.30% 88.92% 88.70% 60.50% 82.40% 90.70% 78.20%

GT Concordance 98.50% 98.41% 94.90% 98.00% 78.30% 92.45% 98.40% 94.30% 96.20% 97.10% 98.60%

Overall

Precision 90.07% 88.38% 86.33% 86.43% 72.97% 84.32% 90.30% 64.00% 89.63% 85.30% 86.47%

Recall 93.83% 93.84% 93.13% 93.07% 91.60% 94.11% 83.57% 84.43% 76.93% 87.13% 73.10%

F1 91.93% 91.03% 89.60% 89.60% 81.20% 88.95% 86.80% 70.33% 82.80% 86.20% 78.83%

GT Concordance 98.30% 98.33% 95.53% 97.83% 78.20% 92.59% 98.37% 92.77% 93.10% 94.47% 98.20%

Table 2 Large deletions (DELs) and insertions (INSs) (≥50bp) calling performance across three Hifi datasets. The table

presents Recall, Precision, F1 score (in %), and Genotype accuracy (measured by Genotype Concordance) for all benchmarked

SV callers. The highest scores for Recall, Precision, F1, and Genotype accuracy are highlighted in bold. Additionally, the overall

average performance for each SV type and library is summarized at the bottom of the table. Benchmarking was conducted

using Truvari with the following parameter settings: p = 0.5, P = 0.5, r = 500, and O = 0.01.
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FocalSV

(target)

FocalSV

(auto)
PAV SVIM-asm Dipcall cuteSV SVIM PBSV Sniffles2

Library Metric

DEL

CLR L1

Precision 91.76% 93.32% 81.51% 88.51% 82.40% 92.04% 91.80% 93.99% 92.49%

Recall 94.17% 91.59% 86.88% 86.10% 21.04% 89.38% 91.70% 91.89% 91.81%

F1 92.95% 92.45% 84.11% 87.29% 33.52% 90.69% 91.70% 92.92% 92.15%

GT Concordance 98.76% 98.73% 96.00% 95.23% 85.45% 98.64% 97.90% 96.64% 98.68%

CLR L2

Precision 92.03% 93.43% 91.21% 92.01% 88.81% 91.43% 93.40% 93.29% 92.93%

Recall 94.83% 93.97% 89.02% 91.72% 86.95% 91.98% 93.90% 92.95% 92.23%

F1 93.41% 93.70% 90.10% 91.86% 87.87% 91.70% 93.60% 93.12% 92.57%

GT Concordance 98.72% 98.99% 98.39% 98.46% 94.36% 99.29% 98.60% 97.80% 97.37%

CLR L3

Precision 92.45% 93.08% 88.32% 90.60% 83.06% 92.22% 93.00% 92.56% 94.08%

Recall 92.54% 92.15% 84.35% 84.28% 46.33% 80.10% 79.30% 91.30% 78.33%

F1 92.50% 92.61% 86.29% 87.33% 59.48% 85.74% 85.60% 91.93% 85.48%

GT Concordance 97.24% 97.68% 95.65% 96.17% 84.27% 97.76% 98.80% 96.78% 96.00%

Overall

Precision 92.08% 93.28% 87.01% 90.37% 84.76% 91.90% 92.73% 93.28% 93.17%

Recall 93.85% 92.57% 86.75% 87.37% 51.44% 87.15% 88.30% 92.05% 87.46%

F1 92.95% 92.92% 86.83% 88.83% 60.29% 89.38% 90.30% 92.66% 90.07%

GT Concordance 98.24% 98.47% 96.68% 96.62% 88.03% 98.56% 98.43% 97.07% 97.35%

INS

CLR L1

Precision 89.15% 87.90% 72.05% 80.21% 69.61% 86.78% 92.73% 93.15% 88.02%

Recall 92.84% 90.82% 91.18% 89.95% 20.77% 86.12% 71.20% 79.78% 86.65%

F1 90.96% 89.34% 80.49% 84.80% 32.00% 86.45% 80.55% 85.94% 87.33%

GT Concordance 96.94% 97.66% 91.75% 92.00% 68.00% 98.04% 61.70% 87.56% 96.72%

CLR L2

Precision 87.98% 84.74% 84.15% 84.62% 66.76% 83.15% 62.85% 86.10% 81.14%

Recall 93.52% 93.45% 91.76% 93.32% 88.13% 91.88% 27.65% 77.90% 80.89%

F1 90.67% 88.88% 87.79% 88.75% 75.97% 87.30% 38.40% 81.80% 81.02%

GT Concordance 97.02% 98.82% 95.87% 96.77% 67.60% 98.97% 44.11% 89.52% 94.97%

CLR L3

Precision 89.59% 87.17% 78.91% 81.51% 60.40% 88.16% 91.67% 87.57% 89.51%

Recall 91.44% 91.48% 91.71% 90.40% 47.28% 79.83% 75.48% 79.93% 70.42%

F1 90.51% 89.27% 84.83% 85.72% 53.04% 83.79% 82.79% 83.58% 78.83%

GT Concordance 95.07% 96.21% 89.24% 89.86% 54.27% 96.23% 87.68% 88.65% 92.63%

Overall

Precision 88.91% 86.60% 78.37% 82.11% 65.59% 86.03% 82.42% 88.94% 86.22%

Recall 92.60% 91.92% 91.55% 91.22% 52.06% 85.94% 58.11% 79.20% 79.32%

F1 90.71% 89.16% 84.37% 86.42% 53.67% 85.85% 67.25% 83.77% 82.39%

GT Concordance 96.34% 97.56% 92.29% 92.88% 63.29% 97.75% 64.50% 88.58% 94.77%

Table 3 Large deletions (DELs) and insertions (INSs) (≥50bp) calling performance across three CLR datasets. The table

presents Recall, Precision, F1 score (in %), and genotype accuracy (measured by Genotype Concordance) for all benchmarked

SV callers. The highest scores for Recall, Precision, F1, and Genotype accuracy are highlighted in bold. Additionally, the overall

average performance for each SV type and library is summarized at the bottom of the table. Benchmarking was conducted

using Truvari with the following parameter settings: p = 0.5, P = 0.5, r = 500, and O = 0.01.
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FocalSV

(target)

FocalSV

(auto)
PAV SVIM-asm Dipcall cuteSV SVIM Sniffles2

Library Metric

DEL

ONT L1

Precision 91.89% 92.25% 91.10% 90.86% 86.48% 91.32% 90.88% 91.60%

Recall 93.90% 93.44% 92.78% 93.90% 90.72% 92.78% 93.00% 92.44%

F1 92.89% 92.84% 91.94% 92.35% 88.55% 92.05% 91.93% 92.02%

GT Concordance 98.94% 98.75% 98.74% 98.78% 92.64% 99.08% 98.30% 99.19%

ONT L2

Precision 92.03% 92.27% 90.88% 91.05% 84.66% 85.56% 86.35% 79.67%

Recall 93.97% 93.34% 89.04% 93.71% 88.61% 92.40% 92.54% 92.35%

F1 92.99% 92.80% 89.95% 92.36% 86.59% 88.84% 89.34% 85.54%

GT Concordance 99.12% 98.59% 98.72% 98.73% 90.18% 98.87% 98.03% 99.03%

ONT L3

Precision 92.27% 91.59% 90.96% 91.03% 85.39% 88.84% 88.84% 88.06%

Recall 93.61% 92.13% 90.89% 93.71% 89.14% 92.42% 92.81% 92.42%

F1 92.93% 91.86% 90.92% 92.35% 87.22% 90.59% 90.78% 90.18%

GT Concordance 99.12% 98.71% 98.74% 98.81% 91.06% 99.11% 98.46% 99.32%

Overall

Precision 92.06% 92.04% 90.98% 90.98% 85.51% 88.57% 88.69% 86.44%

Recall 93.83% 92.97% 90.90% 93.77% 89.49% 92.53% 92.78% 92.40%

F1 92.94% 92.50% 90.94% 92.35% 87.45% 90.49% 90.68% 89.25%

GT Concordance 99.06% 98.68% 98.73% 98.77% 91.29% 99.02% 98.26% 99.18%

INS

ONT L1

Precision 86.38% 90.18% 86.03% 85.28% 65.47% 90.32% 82.60% 89.00%

Recall 92.84% 92.01% 92.71% 93.33% 89.45% 91.55% 88.45% 91.14%

F1 89.50% 91.09% 89.25% 89.12% 75.60% 90.93% 85.42% 90.06%

GT Concordance 98.14% 98.87% 97.22% 98.19% 63.74% 98.88% 85.70% 95.95%

ONT L2

Precision 86.24% 89.82% 84.72% 85.06% 63.83% 89.86% 81.65% 88.40%

Recall 93.60% 92.05% 89.24% 92.90% 86.80% 90.57% 86.86% 90.19%

F1 89.77% 90.92% 86.92% 88.80% 73.56% 90.21% 84.17% 89.29%

GT Concordance 98.30% 98.89% 97.18% 97.92% 59.25% 98.49% 82.52% 95.28%

ONT L3

Precision 86.81% 89.93% 84.78% 84.48% 64.42% 90.24% 81.55% 88.65%

Recall 92.99% 91.50% 90.72% 92.67% 86.99% 91.06% 88.87% 90.70%

F1 89.80% 90.71% 87.65% 88.39% 74.03% 90.65% 85.05% 89.67%

GT Concordance 98.37% 98.28% 97.10% 98.10% 60.58% 98.96% 86.96% 95.64%

Overall

Precision 86.48% 89.98% 85.18% 84.94% 64.57% 90.14% 81.93% 88.68%

Recall 93.14% 91.85% 90.89% 92.97% 87.75% 91.06% 88.06% 90.68%

F1 89.69% 90.91% 87.94% 88.77% 74.40% 90.60% 84.88% 89.67%

GT Concordance 98.27% 98.68% 97.17% 98.07% 61.19% 98.78% 85.06% 95.62%

Table 4 Large deletions (DELs) and insertions (INSs) (≥50bp) calling performance across three ONT datasets. The table

presents Recall, Precision, F1 score (in %), and Genotype accuracy (measured by Genotype Concordance) for all benchmarked

SV callers. The highest scores for Recall, Precision, F1, and genotype accuracy are highlighted in bold. Additionally, the overall

average performance for each SV type and library is summarized at the bottom of the table. Benchmarking was conducted

using Truvari with the following parameter settings: p = 0.5, P = 0.5, r = 500, and O = 0.01.

 Cold Spring Harbor Laboratory Press on July 16, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


Luo et al. Page 32 of 40

FocalSV

(target)

FocalSV

(auto)
SVIM-asm cuteSV SVIM pbsv Sniffles2

Library SV type metric

HCC1395 PacBio

TRA

benchmark 137 137 137 137 137 137 137

comp 119 74 25 30 58 452 173

TP 91 58 11 14 49 73 41

FP 28 16 14 16 9 379 132

FN 46 79 126 123 88 64 96

Recall 66.42% 42.34% 8.03% 10.22% 35.77% 53.28% 29.93%

Precision 76.47% 78.38% 44.00% 46.67% 84.48% 16.15% 23.70%

F1 71.09% 54.98% 13.58% 16.77% 50.26% 24.79% 26.45%

INV

benchmark 133 133 133 133 133 133 133

comp 104 49 19 101 27 62 88

TP 55 30 8 9 23 31 29

FP 49 19 11 92 4 31 59

FN 78 103 125 124 110 102 104

Recall 41.35% 22.56% 6.02% 6.77% 17.29% 23.31% 21.80%

Precision 52.88% 61.22% 42.11% 8.91% 85.19% 50.00% 32.95%

F1 46.41% 32.97% 10.53% 7.69% 28.75% 31.79% 26.24%

DUP

benchmark 230 230 230 230 230 230 230

comp 311 130 12 83 111 897 100

TP 190 114 3 40 77 99 92

FP 121 16 9 43 34 798 8

FN 40 116 227 190 153 131 138

Recall 82.61% 49.57% 1.30% 17.39% 33.48% 43.04% 40.00%

Precision 61.09% 87.69% 25.00% 48.19% 69.37% 11.04% 92.00%

F1 70.24% 63.33% 2.48% 25.56% 45.16% 17.57% 55.76%

HCC1395 ONT

TRA

benchmark 137 137 137 137 137 - 137

comp 99 146 346 13 4 - 1862

TP 82 57 10 8 3 - 43

FP 17 89 336 5 1 - 1819

FN 55 80 127 129 134 - 94

Recall 59.85% 41.61% 7.30% 5.84% 2.19% - 31.39%

Precision 82.83% 39.04% 2.89% 61.54% 75.00% - 2.31%

F1 69.49% 40.28% 4.14% 10.67% 4.26% - 4.30%

INV

benchmark 133 133 133 133 133 - 133

comp 71 65 21 11 5 - 38

TP 49 20 3 2 2 - 26

FP 22 45 18 9 3 - 12

FN 84 113 130 131 131 - 107

Recall 36.84% 15.04% 2.26% 1.50% 1.50% - 19.55%

Precision 69.01% 30.77% 14.29% 18.18% 40.00% - 68.42%

F1 48.04% 20.20% 3.90% 2.78% 2.90% - 30.41%

DUP

benchmark 230 230 230 230 230 - 230

comp 257 110 9 27 13 - 84

TP 168 93 2 11 9 - 76

FP 89 17 7 16 4 - 8

FN 62 137 228 219 221 - 154

Recall 73.04% 40.43% 0.87% 4.78% 3.91% - 33.04%

Precision 65.37% 84.55% 22.22% 40.74% 69.23% - 90.48%

F1 68.99% 54.71% 1.67% 8.56% 7.41% - 48.41%

Table 5 Somatic SV detection performance on paired normal-tumor HCC1395 breast cancer data using PacBio and ONT

sequencing. The table summarizes the benchmark (ground truth set), comp (called set), TP (true positives), FP (false

positives), FN (false negatives), recall, precision, and F1 scores for three SVs types - translocations (TRA), inversions (INV),

and duplication (DUP) - evaluated across multiple benchmarked tools:
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Figure 1 Schematic diagram of the FocalSV large indel detection pipeline. The workflow for large indel detection includes two

modes: (A) single region mode and (B) multi-region mode. (A) Single region mode: the input data include a high-quality

reference genome and a BAM file containing aligned long reads. The reads extraction module isolates long reads aligned to the

region of interest. The haplotyping module partitions these reads into distinct parental haplotypes. The local assembly module

uses the phased reads to perform independent de novo local assemblies. Finally, the variant calling module identifies indel

structural variants (SVs) by comparing the assembled contigs to the reference genome, followed by filtering and genotype (GT)

correction in postprocessing steps. (B) Multi-region mode: the input data includes a high-quality reference genome and a BAM

file containing aligned long reads. FocalSV retrieves region-specific BAM files and processes each region independently through

reads partitioning, local assembly, and SV detection. The VCF files from all regions are merged into a single file, and redundant

variants are removed using a clustering algorithm. SV filtering and genotype refinement are then applied to produce the final

VCF file.

Figure 2 Schematic diagram of duplication, translocation, and inversion breakpoint signatures detected by FocalSV. (A)

Duplication: duplications can be identified using both contig-based and read-based BAM files. In a contig-based BAM file, a

duplication is detected when an insertion call shows the alternate allele mapped to the surrounding sequence of the insertion

breakpoint. In a read-based BAM file, a duplication signature is identified when two adjacent segments of a read align to

overlapping regions on the reference genome in the same orientation. (B) Translocation: translocations are inferred when two

adjacent segments of a read align to different chromosomes. (C) Inversion: inversions are detected when two adjacent segments

of a read align in opposite orientations. Additional details on detecting duplications, translocations, and inversions can be found

in the Methods section.

Figure 3 F1 accuracy of SV detection across various size ranges on nine long-read datasets. (A-C) F1 accuracy plot for three

Hifi datasets. Negative ranges denote deletions and the positive ranges denote insertions. The bar plot illustrates the benchmark

SV distribution across these size ranges. The line plot displays the F1 scores for four distinct detection methods. Dashed lines

indicate alignment-based, while solid lines represent assembly-based methods. (D-F) F1 accuracy plot for three CLR datasets.

(G-I) F1 accuracy plot for three ONT datasets.

Figure 4 F1 accuracy by changing four different evaluation parameters on Hifi L2. (A-B) F1 score curves for deletions (DEL)

and insertions (INS) across all tools as r is varied. r is the maximum reference location distance between SV call and gold

standard SV. r varies from 0-1000 bp with a 100 bp interval. (C-D) F1 score curves for deletions (DEL) and insertions (INS)

across all tools as O is varied. O is the minimum reciprocal overlap between SV call and gold standard SV. (E-F) F1 score curves

for deletions (DEL) and insertions (INS) across all tools as P is varied. P is the minimum allowable allele size similarity between

SV call and gold standard SV. (G-H) F1 score curves for deletions (DEL) and insertions (INS) across all tools as p is varied. p is

the minimum percentage of allele sequence similarity between SV call and gold standard SV. O, P, and p vary from 0-1 with a

0.1 interval.
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Figure 5 Deletion F1 accuracy of FocalSV(auto) by tuning different evaluation parameters (p and O). O is the minimum

reciprocal overlap between SV call and gold standard SV. p is the minimum percentage of allele sequence similarity between SV

call and gold standard SV. O and p vary from 0-1 with a 0.1 interval. (A-C) The F1 heatmap for deletions by FocalSV(auto) on

three Hifi datasets. Every cell in the heatmap represents the F1 score under a specific pair of p and O evaluation. (D-F) The F1

heatmap for deletions by FocalSV(auto) on three CLR datasets. (G-I) The F1 heatmap for deletions by FocalSV(auto) on three

ONT datasets.

Figure 6 Insertion F1 accuracy of FocalSV(auto) by tuning different evaluation parameters (p and r). r is the maximum

reference location distance between SV call and gold standard SV. p is the minimum percentage of allele sequence similarity

between SV call and gold standard SV. p vary from 0-1 with a 0.1 interval. r varies from 0-1000 bp with a 100 bp interval. (A-C)

The F1 heatmap for insertions by FocalSV(auto) on three Hifi datasets. Every cell in the heatmap represents the F1 score under

a specific pair of p and r evaluation. (D-F) The F1 heatmap for insertions by FocalSV(auto) on three CLR datasets. (G-I) The

F1 heatmap for insertions by FocalSV(auto) on three ONT datasets.
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Figure 5
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Figure 6
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