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Abstract 24 

Structural variants (SVs) significantly influence genomic variability and disease, but their 25 

accurate analysis across multiple samples and sequencing platforms remains challenging. We 26 

developed OctopusV, a tool that standardizes ambiguous breakend (BND) annotations into 27 

canonical SV types (inversions, duplications, translocations) and integrates variant calls using 28 

flexible set operations, such as union, intersection, difference, and complement, enabling cohort-29 

specific variant identification. Together with TentacleSV, an automated pipeline, OctopusV 30 

provides an end-to-end solution from raw data to final callsets. Evaluations show improved 31 

precision, recall, and consistency, highlighting its value in cancer genomics and rare disease 32 

diagnostics. Both tools are available at https://github.com/ylab-hi/OctopusV and 33 

https://github.com/ylab-hi/TentacleSV. 34 

 35 

Keywords: Structural variants, breakend annotation, variant merging, genomic pipelines, 36 

precision genomics 37 

 38 

Background 39 

Structural variants (SVs)—genomic alterations spanning tens to thousands of base pairs—greatly 40 

impact genomic architecture and function through changes in gene regulation, dosage 41 

modification, and chromosomal rearrangements [1–3]. These variants, which include deletions 42 

(DELs), insertions (INSs), inversions (INVs), duplications (DUPs), and translocations (TRAs), 43 

are essential in cancer genomics and rare disease research where their accurate detection directly 44 

affects clinical diagnosis and treatment [5,6]. The rapid growth of sequencing technologies, such 45 

as short-read (Illumina) and long-read (PacBio, Oxford Nanopore) platforms, has produced 46 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 28, 2025. ; https://doi.org/10.1101/2025.03.24.645012doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.24.645012
http://creativecommons.org/licenses/by-nc/4.0/


extensive genomic datasets, creating an urgent need for computational frameworks that can 47 

reliably analyze SVs across diverse biological contexts and technological platforms [6–8]. 48 

The scientific community has developed numerous tools to address SV detection and 49 

integration [9]. For instance, SURVIVOR [6] enables SV merging across multiple samples using 50 

positional overlap, Jasmine [10] refines breakpoint locations through clustering techniques, 51 

SVmerge [11] and CombiSV [12] support population-level analyses by combining calls from 52 

multiple samples. Viola-SV [13] provides Python-based manipulation and visualization of SV 53 

callsets, whereas general-purpose tools such as BCFtools [14] and VCFtools [15] primarily 54 

handle SNP/indel operations without specialized functions for complex SV merging. 55 

Additionally, PanPop [16] effectively merges SVs at the population scale with a sequence-aware 56 

approach, but primarily addresses large-scale genotyping and allele frequency estimation rather 57 

than specialized SV merging strategies. 58 

Despite these advances, several critical challenges remain in SV analysis, particularly for 59 

applications in precision medicine and large-scale genomic studies [17]. First, widely-used SV 60 

detection tools—including Manta [18], LUMPY [19], and SvABA [20]—frequently report 61 

breakend (BND) annotations [2], which describe breakpoints without specifying the precise SV 62 

type. Without proper handling, BND events are often discarded [21] or misclassified, potentially 63 

omitting biologically and clinically relevant variants [22]. Moreover, different SV callers may 64 

represent identical variants through different conventions (e.g., reporting an inversion as either 65 

INV or as ambiguous BND events), making accurate merging difficult and reducing overall 66 

analysis reliability [23]. Second, existing SV merging tools mainly support basic operations such 67 

as union or intersection, which are not sufficient for the detailed analyses needed in modern 68 

genomic research [24]. For example, cancer investigations often require identification of tumor-69 
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specific SVs or variants unique to specific cancer subtypes, operations that currently require 70 

custom scripting and lack standardized solutions. This limitation creates barriers for researchers 71 

without extensive programming expertise. Third, the SV analysis pipeline remains highly 72 

fragmented, requiring researchers to manage multiple independent software components, 73 

configure various parameters, and handle intermediate file formats [24]. This workflow 74 

complexity creates reproducibility challenges and limits scalability, especially for large-scale 75 

sequencing projects and clinical applications  [3,25]. 76 

To address these fundamental challenges, we have developed OctopusV, a versatile toolkit 77 

that enhances SV analysis by integrating variant calls from multiple detection methods and 78 

sequencing platforms. Together with TentacleSV, an automated pipeline, our toolkit provides an 79 

end-to-end workflow from raw sequencing data to high-confidence SV calls. OctopusV advances 80 

beyond existing tools through three key innovations. First, it features a specialized BND 81 

correction module that systematically converts ambiguous BND annotations into canonical SV 82 

types (INV, DUP, TRA). This not only recovers biologically important variants that would 83 

otherwise be discarded but also enhances merging accuracy. Our evaluations show that this 84 

approach delivers measurable improvements in precision, recall, SV type consistency, and 85 

overall merging accuracy across diverse datasets compared to current methods. Second, 86 

OctopusV introduces advanced set operations, including difference, complement, and user-87 

defined custom operations that enable sophisticated variant filtering strategies (e.g., identifying 88 

SVs unique to specific sample groups), eliminating the need for manual scripting. Third, 89 

TentacleSV automates the entire SV analysis process with minimal intervention, ensuring 90 

consistent analyses across projects. Additional features include benchmarking against reference 91 

datasets and visualization options (e.g., SV type distributions, chromosome maps), which 92 
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facilitate result interpretation. Currently, no other framework combines automated BND 93 

correction, flexible custom set merging, and a fully automated pipeline, making our approach 94 

potentially valuable for various applications such as cancer subtype-specific SV identification or 95 

cohort analyses [26]. 96 

 97 

Results 98 

Overview of OctopusV architecture 99 

OctopusV addresses two key challenges in SV analysis: standardizing ambiguous breakend 100 

(BND) annotations and integrating multi-caller outputs through flexible operations. As shown in 101 

Fig. 1, the software features three primary modules—the input processing layer, the BND 102 

correction module, and the SV merging module—along with additional functionalities for 103 

benchmarking, visualization, and format conversion. The input layer handles variant call format 104 

(VCF) files from multiple sequencing platforms, including next-generation sequencing (NGS), 105 

Pacific Biosciences (PacBio), and Oxford Nanopore Technologies (ONT), and commonly used 106 

SV callers, such as Manta, LUMPY, SvABA, DELLY [27], PBSV [28], SVIM [29], Sniffles [6], 107 

CuteSV [30], SVDSS [31], and DeBreak [32], converting them into a standardized format for 108 

analysis. The BND correction module transforms BND events into canonical SV types, using 109 

pattern recognition and coordinate analysis, while the SV merging module integrates multi-caller 110 

outputs with strategies including intersection, union, support-based thresholds, custom set 111 

operations, and single-caller extractions. Additional features, such as the ‘stat’ and ‘plot’ 112 

subcommands, generate detailed SV metrics and publication-ready visualizations (e.g., UpSet 113 

plots, SV size distributions, chromosome maps), and a HTML reporting system enables result 114 

exploration (Supplementary Fig. 1). 115 
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To enhance OctopusV’s adoption in research workflows, TentacleSV was developed as an 116 

automated Snakemake-based pipeline, streamlining the entire SV analysis process from raw 117 

sequencing data to final merged variants (Supplementary Fig. 2). The pipeline coordinates read 118 

mapping, multi-caller variant detection, and OctopusV’s BND correction and merging operations 119 

through a simple configuration file (config.yaml), requiring only user-specified inputs and 120 

parameters. TentacleSV simplifies workflow management, reduces manual intervention, and 121 

ensures compatibility with OctopusV's core functionalities, enhancing reproducibility across 122 

large-scale analyses [21,24]. 123 

 124 

Feature comparison with existing tools 125 

To contextualize OctopusV's capabilities among existing tools, we conducted feature comparison 126 

against four widely-used SV merging solutions: Jasmine, SURVIVOR, SVmerge, and CombiSV 127 

(Fig. 2). While several tools, such as Jasmine and SURVIVOR, offer partial support for flexible 128 

merging or format conversion, OctopusV provides an integrated solution that includes native 129 

BND correction, benchmarking, and custom set operations. Notably, Fig. 2b showcases 130 

OctopusV's advanced set operation capabilities, enabling custom set operations (e.g., (Sample1, 131 

2) only, (Sample1, 2, 3) only) for precise variant filtering across multiple samples—functionality 132 

not available in competing tools, which are typically restricted to basic union or intersection 133 

operations. 134 

 135 

BND prevalence and correction performance 136 

To establish the importance of BND standardization in SV analysis, we first quantified the 137 

prevalence of BND annotations across different SV callers and sequencing platforms. Analyzing 138 
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NA12878 [33] and VISOR [34] simulated datasets revealed considerable variation in BND usage 139 

among different tools (Fig. 3a). In the NA12878 NGS dataset, BND annotations constituted a 140 

considerable portion of SV calls, with SvABA reporting 100% of variants as BNDs, while Manta 141 

and LUMPY showed 62.11% and 67.93% BND representation, respectively. DELLY exhibited a 142 

more moderate BND usage at 17.40%. Analysis of the NA12878 long-read dataset revealed that 143 

long-read SV callers utilized BND annotations less frequently, though still at notable levels, 144 

ranging from 1.40% (PBSV) to 9.22% (CuteSV) in PacBio data. VISOR simulated datasets 145 

exhibited similar patterns, with SvABA again reporting 100% BND usage, Manta at 43.87%, and 146 

LUMPY at 11.00%. These findings confirm the widespread application of BND annotations 147 

across both real and simulated datasets. 148 

After quantifying BND prevalence, we next assessed their validity by comparing them 149 

against high-confidence reference sets (Fig. 3b). The match rate varied considerably by caller 150 

and platform. In NA12878 data, SvABA showed the highest correspondence at 71.08%, while 151 

other short-read callers demonstrated lower matching rates (4.15% for Manta, 2.38% for 152 

LUMPY, and 0.02% for DELLY). In VISOR simulated data, SvABA again exhibited the highest 153 

match rate (90.83%), followed by Manta (34.73%) and LUMPY (13.16%). The variation in 154 

match rates likely reflects algorithmic differences between callers and varying reference set 155 

comprehensiveness. However, these results indicate many BND events correspond to genuine 156 

SVs that would remain undetected without proper processing. 157 

The BND correction module in OctopusV implements a hierarchical classification system to 158 

standardize SV representations (Fig. 3c). This system first categorizes events based on 159 

chromosomal context (intra-chromosomal versus inter-chromosomal), then analyzes breakpoint 160 

orientation patterns to determine specific variant types. To evaluate the correction accuracy, we 161 
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established a benchmarking framework that independently processed BND events from each SV 162 

caller in both simulated datasets (VISOR NGS/ONT/PacBio) and real NA12878 data, with 163 

results validated against corresponding ground truth datasets (Fig. 3d). We focused solely on 164 

BND events that matched entries in the ground truth datasets. OctopusV correctly converted all 165 

these matched BND notations to their appropriate SV types across all tested configurations (Fig. 166 

3e). We excluded from our assessment the BND calls from several callers (Sniffles and CuteSV 167 

in VISOR ONT and PacBio datasets, DELLY in VISOR NGS, and CuteSV in NA12878 PacBio) 168 

that did not match any ground truth variants. This approach allowed us to specifically evaluate 169 

OctopusV's ability to standardize BND annotations without being confounded by SV caller 170 

performance variability. The consistent conversion accuracy observed across diverse platforms 171 

and callers indicates that OctopusV effectively standardizes BND annotations for validated SVs. 172 

Analysis of the distribution of corrected BND events across final SV types (Fig. 3f) revealed 173 

distinct patterns specific to each caller and sequencing platform. In NA12878 data, DELLY-174 

reported BNDs were exclusively reclassified as TRAs (100%), while LUMPY's BNDs were 175 

predominantly converted to TRAs (73.97%) with the remainder as INVs (26.03%). Manta 176 

showed a similar pattern with 89.27% TRAs and 10.73% INVs. SvABA displayed the most 177 

diverse distribution, with 63.74% TRAs, 32.40% DUPs, and 3.86% INVs. Long-read callers 178 

followed comparable patterns, with most showing a predominance of TRA events. These 179 

distribution patterns were largely consistent between real and simulated datasets, with minor 180 

variations reflecting differences in underlying variant profiles. 181 

To demonstrate the biological relevance of BND correction, we identified genes containing 182 

SVs from Manta-called BND events in NA12878 that were successfully corrected by OctopusV 183 

and subsequently validated against reference datasets. For example, an inversion affecting APP, 184 
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a gene implicated in Alzheimer's disease [35], was initially reported by Manta as ambiguous 185 

BND events. However, OctopusV correctly classified it as INV, which is further confirmed by 186 

AnnotSV annotation and manual inspection using IGV (Fig. 3g). Variants in other disease-187 

associated genes were similarly identified, including a 12.5 kb inversion in the autism-associated 188 

CNTNAP2 gene [36] and a 4.8 kb inversion in SMC1A (linked to rare disease Cornelia de Lange 189 

syndrome) [5] (Supplementary Dataset 1). These results demonstrate OctopusV’s effectiveness 190 

in standardizing BND annotations, thereby enabling accurate identification of biologically 191 

relevant SVs. 192 

 193 

Evaluation of OctopusV merging performance across diverse datasets 194 

To evaluate the merging capabilities of OctopusV, we compared its performance with four 195 

established tools—Jasmine, SURVIVOR, SVmerge, and CombiSV—using real (NA12878 NGS 196 

and PacBio) and simulated (VISOR NGS, PacBio, and ONT) datasets (Fig. 4a; Supplementary 197 

Dataset 2). Performance metrics, including precision, recall, and F1-score, were assessed under 198 

common strategies (intersection, union, minimum support thresholds) and OctopusV-specific 199 

operations (maximum support, caller-specific extraction, and custom set operations) (Fig. 4b). 200 

In the NA12878 NGS dataset (Fig. 4c), OctopusV showed competitive performance across 201 

standard merging strategies. The intersection strategy yielded precision of 0.50 and recall of 202 

0.002, slightly surpassing SURVIVOR (precision 0.46, recall <0.001), while Jasmine did not 203 

produce results for this strategy. With minimum support thresholds, OctopusV demonstrated 204 

strong precision: 0.71 (≥2 callers) and 0.76 (≥3 callers). This performance was comparable to 205 

Jasmine's precision of 0.76 for ≥2 callers (Jasmine provided no results for ≥3 callers) and 206 

exceeded SURVIVOR's precision values of 0.68 (≥2 callers) and 0.70 (≥3 callers). However, 207 
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recall values remained consistently low across all tools (OctopusV: 0.047 for ≥2 callers; Jasmine: 208 

0.041 for ≥2 callers; SURVIVOR: 0.042 for ≥2 callers). Under the union strategy, OctopusV 209 

improved recall to 0.077, slightly above Jasmine (0.073), and more notably higher than 210 

SURVIVOR (0.068) and SVmerge (0.033), suggesting better integration of diverse caller outputs. 211 

For the NA12878 PacBio dataset (Fig. 4d), OctopusV demonstrated stable performance 212 

across merging strategies. The intersection strategy showed precision of 0.46 and recall of 0.077, 213 

closely aligning with SURVIVOR (0.47 and 0.080). Minimum support thresholds highlighted 214 

OctopusV’s strength, with precision increasing from 0.32 (≥2 callers) to 0.39 (≥5 callers) and 215 

recall stabilizing around 0.10, performing comparably to Jasmine (precision up to 0.39) and 216 

SURVIVOR (precision up to 0.38) across thresholds. The union strategy achieved an F1-score of 217 

0.18 (precision 0.25, recall 0.14), exceeding Jasmine (0.16), SURVIVOR (0.16), and SVmerge 218 

(0.16). In a 4-caller subset (Sniffles, PBSV, CuteSV, SVIM), OctopusV’s F1-score reached 0.18 219 

(precision 0.29, recall 0.13), surpassing CombiSV (0.17) and other tools. 220 

In simulated datasets, OctopusV exhibited reliable performance. For VISOR NGS (Fig. 4e), 221 

the intersection strategy yielded precision of 0.77 and recall of 0.01, uniquely identifying 222 

intersecting variants that both Jasmine and SURVIVOR showed no results. This highlights 223 

OctopusV's capability to capture critical variant intersections not reported by other tools. 224 

Minimum support thresholds showed OctopusV’s precision rising from 0.89 (≥2 callers) to 0.91 225 

(≥3 callers) with recall peaking at 0.06, outperforming Jasmine (precision up to 0.95, recall 0.06) 226 

and SVmerge (precision up to 0.86, recall 0.05). The union strategy delivered an F1-score of 227 

0.32 (precision 0.88, recall 0.19), competitive with Jasmine (0.34) and SVmerge (0.33). For 228 

VISOR PacBio (Fig. 4f), intersection precision was 0.95 with recall of 0.20, while minimum 229 

support peaked at 0.94 (≥5 callers) with recall at 0.30, surpassing Jasmine (precision up to 0.91, 230 
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recall 0.27) and SURVIVOR (precision up to 0.88, recall 0.29). The union strategy achieved an 231 

F1-score of 0.55 (precision 0.71, recall 0.45). In VISOR ONT (Fig. 4g), intersection precision 232 

was 0.96 with recall of 0.26, minimum support reached 0.93 (≥5 callers) with recall of 0.32, and 233 

the union strategy yielded an F1-score of 0.55 (precision 0.70, recall 0.45), outperforming 234 

Jasmine (F1-score 0.53) and SVmerge (0.46). The 4-caller analyses across VISOR datasets 235 

maintained competitive F1-scores, with OctopusV reaching 0.55 (VISOR PacBio) and 0.55 236 

(VISOR ONT), slightly exceeding CombiSV (0.49 and 0.49). 237 

Low recall values were consistent across all tools, as seen in examples like 0.077 in 238 

NA12878 PacBio and 0.01 in VISOR NGS. This is likely due to variability in caller outputs, 239 

strict matching criteria, and incomplete ground truth datasets, particularly in complex genomic 240 

regions. Despite this, OctopusV’s advanced operations offered flexibility. Maximum support (≤2 241 

callers) reached precision of 0.87 in VISOR NGS, caller-specific extraction (e.g., Manta for NGS, 242 

Sniffles for long-read) hit 0.62 in VISOR ONT, and custom set operations, e.g., ((DeBreak AND 243 

SVDSS) NOT Others), achieved 0.78 in VISOR ONT. These specialized merges help 244 

researchers focus on selected variants—such as highly confident ones or those found by specific 245 

callers—enabling more targeted analyses. 246 

 247 

SV type consistency and preservation 248 

We evaluated SV type consistency and preservation across five merging tools—OctopusV, 249 

SURVIVOR, Jasmine, SVmerge, and CombiSV—using the same datasets as in the merging 250 

performance analysis (NA12878 NGS, NA12878 PacBio, VISOR NGS, VISOR ONT, and 251 

VISOR PacBio; Fig. 5 and Supplementary Fig. 3). This analysis revealed distinct differences in 252 

variant type fidelity during merging. 253 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 28, 2025. ; https://doi.org/10.1101/2025.03.24.645012doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.24.645012
http://creativecommons.org/licenses/by-nc/4.0/


SURVIVOR showed substantial inconsistencies, with incorrect merges ranging from 183 254 

instances in VISOR PacBio to 2,477 in VISOR NGS data (Supplementary Fig. 3a). These 255 

errors involved mismatches where the primary SVTYPE annotation differed from the original 256 

types of constituent variants, such as merging INV into DEL or DUP into TRA. Sankey 257 

diagrams illustrated these SV type annotation changes (Supplementary Figs. 3b–f), showing 258 

frequently observed SV type reclassifications (e.g., INV to DEL, DEL to INV) in SURVIVOR's 259 

outputs. This included 935 INV-to-DEL misclassifications in NA12878 NGS (Supplementary 260 

Fig. 3b) and 2,004 DEL-to-INV conversions in VISOR NGS (Supplementary Fig. 3d). In 261 

contrast, OctopusV, Jasmine, SVmerge, and CombiSV reported zero incorrect merges across all 262 

datasets. 263 

We also assessed how each tool preserved the original distribution of SV types compared to 264 

ground truth, focusing on true positive calls in union mode (Figs. 5a–e). In NA12878 NGS (Fig. 265 

5), OctopusV’s type distribution closely aligned with ground truth, with DEL at 74.2%, INS at 266 

20.6%, and DUP at 12.8%, showing minimal deviation, while other tools exhibited greater 267 

variability, such as SURVIVOR (DEL 72.3%, INS 20.3%, DUP 4.2%) and Jasmine (DEL 73.8%, 268 

INS 20.1%, DUP 5.2%). In NA12878 PacBio (Fig. 5b), OctopusV maintained DEL at 64.3%, 269 

INS at 23.1%, and DUP at 9.3%, closely matching ground truth (DEL 63.8%, INS 22.3%, DUP 270 

11.1%), compared to SURVIVOR (DEL 65.1%, INS 20.4%, DUP 3.9%) and CombiSV (DEL 271 

64.7%, INS 21.3%, DUP 0.1%). 272 

In simulated datasets, OctopusV showed consistent fidelity. For VISOR NGS (Fig. 5c), 273 

OctopusV preserved DEL at 62.5%, DUP at 20.6%, and INS at 14.3%, closely tracking ground 274 

truth (DEL 62.1%, DUP 11.9%, INS 35.2%), while other tools deviated, such as SURVIVOR 275 

(DEL 60.3%, DUP 6.5%, INS 32.1%) and Jasmine (DEL 61.8%, DUP 10.1%, INS 27.9%). 276 
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Similar trends were observed in VISOR ONT (Fig. 5d) and VISOR PacBio (Fig. 5e), where 277 

OctopusV maintained DEL at approximately 60.6%, DUP at 17.8%, and INS at 20.7%, aligning 278 

closely with ground truth, while SURVIVOR and other tools showed greater deviations in DUP 279 

and INS proportions. 280 

 281 

Discussion 282 

Accurate detection and integration of SVs across diverse samples, callers, and sequencing 283 

platforms remain a significant challenge for genomic research and clinical diagnostics. In this 284 

study, we introduced OctopusV and TentacleSV to address three key issues: (i) standardizing 285 

ambiguous BND annotations, (ii) enabling flexible SV merging strategies, and (iii) automating 286 

the SV analysis workflow. By converting BNDs into canonical SV types (INV, DUP, TRA), 287 

OctopusV helps recover potentially important variants that might otherwise be discarded as 288 

uncharacterized breakpoints [37]. Our benchmarks demonstrated that these standardized 289 

conversions enhance the interpretability of multi-caller SV callsets and provide a more consistent 290 

foundation for downstream analyses. 291 

A central feature of OctopusV is its ability to perform advanced set operations, including 292 

difference and complement merges. While basic merging strategies (e.g., intersection, union, 293 

minimum support) are adequate for many routine analyses, OctopusV extends these capabilities 294 

by allowing difference and complement operations. These additional functions provide 295 

researchers with finer control over SV callsets, particularly valuable in various research contexts. 296 

For example, in clinical applications, these operations facilitate the identification of tumor-297 

specific SVs compared to matched controls. At the technical level, custom set operations such as 298 

((Manta AND SvABA) NOT (LUMPY OR DELLY)) and ((DeBreak AND SVDSS) NOT 299 
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Others) enable targeted investigation of SV caller characteristics and algorithmic preferences, 300 

which can guide caller selection and pipeline optimization. Similarly, OctopusV's maximum 301 

support functionality (variants supported by ≤2 callers/samples) helps researchers investigate 302 

low-frequency or low-confidence SVs, which may represent either artifacts or biologically 303 

relevant rare variants that are typically filtered out by conventional merging approaches. In 304 

addition, OctopusV preserves SV type fidelity during merging, reducing errors introduced by 305 

misclassification of variant types—a common issue in existing tools. Given that different SV 306 

types have distinct biological consequences, maintaining accurate annotations is essential for 307 

downstream functional analysis and clinical interpretation. By integrating these capabilities into 308 

TentacleSV, our Snakemake-based pipeline, we streamline the entire SV analysis workflow, 309 

ensuring consistency and reproducibility across large-scale or clinical genomic studies [38]. 310 

Despite these advantages, several limitations remain. First, the accuracy of OctopusV’s 311 

merging results depends on the quality of upstream SV callers, and biases or errors in the 312 

original variant calls cannot always be corrected through merging alone [39]. Second, SVs 313 

located in repetitive or highly complex genomic regions (e.g., centromeres, telomeric repeats, 314 

and assembly gaps) remain difficult to resolve, often yielding inconsistent calls across different 315 

SV callers [12,40]. Incorporating region-specific filters based on repeat annotations or 316 

developing confidence scoring approaches could help mitigate these challenges. Third, the 317 

limited availability of high-confidence SV datasets, especially for complex rearrangements, 318 

remains a challenge for benchmarking SV analysis tools [11], including OctopusV. Expanding 319 

reference datasets and improving ground truth annotations will be crucial for further refining 320 

performance assessments. Finally, while we have demonstrated the feasibility of custom set 321 
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operations in various scenarios, further clinical validation will be crucial for translating these 322 

strategies into precision medicine applications. 323 

OctopusV and TentacleSV serve as a bridge between experimental biologists and 324 

computational analysts. This connection enables researchers without specialized programming 325 

skills to perform sophisticated SV analyses. Our tools facilitate diverse applications including 326 

tumor-specific variant detection in cancer studies, identification of pathogenic SVs in rare 327 

disease diagnosis, and comparison of structural variant patterns across populations. Through 328 

flexible set operations that go beyond simple unions and intersections, researchers can define 329 

custom variant relationships and extract biologically meaningful patterns from complex genomic 330 

datasets. This improved analytical capability helps biologists better understand how structural 331 

variants contribute to phenotypic variation and disease mechanisms. 332 

Future efforts will focus on enhancing variant prioritization, incorporating functional 333 

annotations, and extending custom set operations to enable annotation-based filtering. 334 

Additionally, machine learning  [41] approaches could be explored for dynamically optimizing 335 

merging parameters. Integration with pan-genome frameworks will support population-scale 336 

analyses, while enhanced visualization capabilities will further simplify result interpretation for 337 

non-specialists. These developments will further support SV biomarker discovery and improve 338 

the utility of SV analysis in precision medicine and genomic diagnostics. 339 

 340 

Conclusions 341 

OctopusV and TentacleSV provide an integrated framework addressing persistent challenges in 342 

SV analysis, particularly in handling ambiguous BND annotations, enabling flexible set 343 

operations, and automating complex analytical workflows. By unifying BND correction and 344 
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flexible merging within a reproducible Snakemake pipeline, our tools streamline the transition 345 

from raw reads to high-confidence SV callsets, improving consistency across diverse platforms 346 

and samples. The modular design of our toolkit allows researchers to tailor analyses to specific 347 

biological questions, from population genetics to cancer genomics, while maintaining analytical 348 

rigor and reproducibility. We anticipate that these features will facilitate more reliable 349 

identification of SVs in population-level genomics, clinical diagnostics, and precision medicine 350 

research [38], ultimately advancing our understanding of the role of structural variation in human 351 

health and disease. 352 

 353 

Methods 354 

Software overview and implementation 355 

OctopusV was implemented in Python and deployed through the Python Package Index (PyPI) 356 

for streamlined installation. The software provides a command-line interface with multiple 357 

subcommands, each addressing a specific aspect of SV (SV) analysis. Core functionalities 358 

include BND correction ("convert"), SV merging ("merge"), and benchmarking ("benchmark"), 359 

with all modules operating on customized VCF formats [15] to ensure compatibility with 360 

existing bioinformatics workflows. The software architecture comprises three interconnected 361 

layers: (i) the input processing layer for handling diverse VCF formats, (ii) the correction module 362 

for standardizing breakend representations, and (iii) the merging module for integrating multi-363 

caller outputs through flexible set operations. 364 

To further simplify real-world usage, we developed TentacleSV, a Snakemake-based 365 

automation layer built on top of OctopusV. TentacleSV coordinates the complete analysis 366 

pipeline from raw sequencing data through mapping, variant calling with user-selected SV 367 
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callers, and finally OctopusV's correction and merging operations. Users can customize their 368 

analysis through a minimal configuration file (config.yaml) that specifies input data locations, 369 

desired SV callers, and merging parameters. While OctopusV remains the core engine for BND 370 

correction and variant integration, TentacleSV ensures reproducibility by consolidating all 371 

analysis steps into one automated workflow, making it suitable for large cohort studies or multi-372 

platform sequencing projects. 373 

 374 

BND correction algorithm 375 

To standardize ambiguous breakend (BND) annotations, OctopusV employs a hierarchical 376 

classification system converting BNDs into three canonical SV types: INV, DUP, TRA. The 377 

algorithm initially classifies SVs into BND or non-BND events (Fig. 3c). BNDs are further 378 

divided into same-chromosome and different-chromosome types. Same-chromosome BNDs are 379 

analyzed through bracket orientation patterns in the ALT field to determine strand orientations, 380 

categorizing them as INVs (opposite orientations), DUPs (overlapping regions), or 381 

forward/reverse TRAs. Different-chromosome BNDs undergo mate-pair identification using 382 

positional coordinates specified in ALT fields, allowing a configurable positional tolerance 383 

(default: 3 bp). Mate pairs are classified into reciprocal TRAs (balanced reciprocal exchanges), 384 

merging TRAs (multiple breakpoints representing the same event), or independent TRAs 385 

(isolated events). Events lacking mate pairs are classified as special no-mate pairs—further 386 

analyzed based on positional relationships—or directly labeled as independent TRAs. All 387 

classified BND events are reformatted with standardized SVTYPE annotations, precise genomic 388 

coordinates, and orientation metadata, facilitating downstream interpretation. Detailed 389 

conversion rules are provided in Supplementary Dataset 3. 390 
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 391 

SV merging and set operations 392 

Following BND correction, OctopusV applies a systematic approach to merge SV calls from 393 

multiple callers. First, variants are sorted by their SV type and organized by chromosome pairs 394 

for efficient processing. The merging method differs between TRA and non-TRA events. For 395 

non-TRA variants (DEL, DUP, INV, INS), the algorithm groups events based on their genomic 396 

positions using adjustable distance thresholds (default 50–150 bp), while also considering size 397 

similarity (maximum ratio of 1.3) and overlap extent (minimum Jaccard index of 0.7). For TRA 398 

events, the algorithm uses more flexible position matching criteria and verifies that strand 399 

orientations are consistent between events before merging. 400 

OctopusV offers various set operations for integrating results from multiple callers. Basic 401 

operations include union (keeping all unique variants), intersection (retaining only variants found 402 

by all callers), and threshold-based filtering where variants must be supported by a minimum 403 

number of callers (e.g., ≥2 or ≥3). Advanced operations unique to OctopusV include maximum 404 

support thresholds (e.g., variants supported by ≤2 callers), custom set operations that combine 405 

results using logical operators, e.g., ((Manta AND SVABA) NOT (Lumpy OR Delly)), and 406 

single-caller extractions for analyzing results from specific tools. These flexible set operations 407 

enable precise control over which variants are retained in the final output. 408 

 409 

Built-in benchmarking 410 

OctopusV includes a benchmarking module for evaluating SV calls against truth sets or high-411 

confidence callsets, following Genome in a Bottle (GIAB) consortium guidelines [11] with 412 

modified parameters. By default, it implements a matching algorithm that considers multiple 413 
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criteria: position-based matching with a distance threshold of 500 bp, size similarity requirement 414 

of minimum 0.7 ratio, and variant type matching. These thresholds, which have been widely 415 

validated in large-scale benchmarking studies [42], can be adjusted by users to accommodate 416 

different analysis requirements or the specific characteristics of different variant types. The 417 

module calculates precision, recall, and F1 scores from true positives, false positives, and false 418 

negatives, both globally and stratified by SV type. Results are output as VCF files for each 419 

category (TP, FP, FN) along with summary statistics in JSON format. 420 

 421 

Data preparation 422 

Simulated and real datasets were prepared to thoroughly assess OctopusV’s performance across 423 

SV types and sequencing platforms. For simulated data, VISOR (v1.1.2) was used to embed 424 

known SVs into the GRCh38 reference genome, sourced from dbVAR callsets, including CHM1 425 

(nstd137) [43] and KWS1 (nstd106) [44], comprising 6,167 DELs, 9,899 INSs, 44 INVs, 3,712 426 

DUPs, and 380 TRAs. Variants were integrated into two haplotypes using VISOR HAck with 427 

default parameters, mimicking a 30:70 ratio of homozygous to heterozygous events, followed by 428 

in silico sequencing at 30× coverage for short-read NGS, Oxford Nanopore (ONT), and PacBio 429 

platforms, incorporating platform-specific error profiles and coverage distributions. The ground 430 

truth for simulated datasets was constructed by merging variants from CHM1 and KWS1 431 

dbVAR datasets, pre-processed through a rigorous pipeline: VCF files were sorted using 432 

BCFtools sort (v1.17) [14], normalized against GRCh38.p13 using BCFtools norm, and merged 433 

with BCFtools concat, removing duplicates (-d both option). 434 

For real data evaluation, the NA12878 (HG001) genome was analyzed using NIST 435 

NA12878 HG001 HiSeq 30× data and PacBio Sequel II CCS data with a mean read length of 436 
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approximately 11 kb. We created a ground truth reference by combining SVs from two sources: 437 

the 1000 Genomes Project [45] and a long-read assembly-based NA12878 SV dataset [21]. We 438 

processed this truth set using the same pre-processing pipeline described for the simulated data. 439 

 440 

Genome mapping and SV calling 441 

Platform-specific mapping strategies were applied to both simulated and real datasets. Short-read 442 

data were aligned to GRCh38 using BWA-MEM2 (v2.2.1) [46] with parameters "-t 12 -M -Y" 443 

and appropriate read group information. Long-read data were processed using minimap2 (v2.28-444 

r1209) [47] with parameters "-ax map-ont" for ONT and "-ax map-hifi" for PacBio, 445 

supplemented by "--MD -t 8 -Y" and read group tags. Following alignment, multiple SV callers 446 

were employed to generate variant calls. Short-read data were analyzed using Manta (v1.6.0), 447 

LUMPY (v0.2.13), SvABA (v1.1.0), and DELLY (v1.3.1) with default settings. Long-read 448 

datasets were processed using CuteSV (v2.1.1) with parameters "-l 50 -L 5000000 -r 1000 -q 20 449 

-s 3", SVIM (v2.0.0), PBSV (v2.10.0), Sniffles2 (v2.5), SVDSS (v2.0.0), and DeBreak with 450 

parameters "--min_support 2 -t 8 --rescue_large_ins --rescue_dup --poa". For PBSV, a two-step 451 

process involving discovery with human tandem repeat annotations followed by variant calling 452 

with default parameters was implemented, generating multiple VCF files per dataset, including 453 

numerous BND records, for subsequent OctopusV analysis. 454 

 455 

BND prevalence analysis and correction evaluation 456 

Two analyses were conducted to examine the importance of BND correction in SV studies. First, 457 

to quantify the prevalence of BND annotations, all SV calls from multiple callers were analyzed 458 

across five datasets (NA12878 NGS, NA12878 PacBio, VISOR NGS, VISOR ONT, VISOR 459 
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PacBio). For each caller, the proportion of BND-labeled events relative to total SV calls was 460 

calculated to determine how frequently these ambiguous annotations occur in typical analyses. 461 

Second, to assess whether these BND events represent true biological variants rather than 462 

technical artifacts, the percentage of BND events matching high-confidence reference variants 463 

was determined through coordinate-based comparison against established truth sets. 464 

To evaluate the BND correction functionality of OctopusV, we extracted BND-labeled 465 

entries from each caller's output VCF files based on " [" or "]" notations in the ALT field. These 466 

entries were processed using OctopusV's "correct" subcommand with default 3 bp position 467 

tolerance. We then matched the corrected events against ground truth datasets (VISOR ground 468 

truth for simulated data, NA12878 reference for real data) using position tolerances of 50 bp for 469 

non-TRA events and 5,000 bp for TRA events. Critically, our accuracy assessment focused 470 

exclusively on BND events that matched entries in the ground truth dataset. For these matched 471 

events, we calculated correction accuracy as the percentage correctly converted to their true SV 472 

type (INV, DUP, or TRA). This approach specifically evaluated OctopusV's ability to 473 

standardize BND annotations rather than assessing SV caller performance. 474 

The distribution of corrected BND events across final SV types (INV, DUP, TRA) was 475 

analyzed to characterize conversion patterns. For each SV caller on all three sequencing 476 

platforms (NGS, PacBio, ONT), the proportion of BND events converted to each SV type was 477 

calculated and expressed as percentages. The analysis included results from short-read callers 478 

and long-read callers. 479 

To validate the biological significance of BND correction, selected events from NA12878 480 

NGS data that were initially reported as BND by Manta and subsequently corrected by OctopusV 481 

were further examined. First, Truvari (v4.2.2) [42] was used to identify true positive SVs by 482 
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comparing against the reference set. The validated variants were then annotated using AnnotSV 483 

(v3.4.4) with parameters "-SVminSize 0 -annotationMode full -overwrite 1" to identify events 484 

affecting functionally important genes. Selected events were then manually inspected using IGV 485 

to confirm the presence of supporting read evidence. 486 

 487 

Benchmarking of SV merging function 488 

The merging performance of OctopusV was evaluated using five datasets: NA12878 NGS, 489 

NA12878 PacBio, VISOR NGS, VISOR ONT, and VISOR PacBio. Performance was compared 490 

against four widely-used SV merging tools: SURVIVOR (v1.07), Jasmine (v1.1.5), SVmerge 491 

(v0.36), and CombiSV (v2.3). Merging strategies evaluated included common operations 492 

(intersection, union, and minimum support thresholds) and OctopusV-specific operations 493 

(maximum support, caller-specific extraction, and custom set operations). VCF files generated 494 

by multiple SV callers were processed: short-read callers (Manta, Lumpy, SvABA, DELLY) for 495 

NGS datasets and long-read callers (CuteSV, PBSV, Sniffles, SVIM, SVDSS, DeBreak) for 496 

PacBio and ONT datasets. OctopusV merging was performed using the default parameters of the 497 

“merge” subcommand. SURVIVOR was configured with parameters “1000 1 1 1 0 30”, Jasmine 498 

with “--normalize_type” and four threads, and CombiSV and SVmerge used their default settings. 499 

 500 

For NGS datasets (NA12878 NGS and VISOR NGS), merging strategies included 501 

intersection, union, minimum support (≥2 or ≥3 callers), maximum support (≤2 callers), caller-502 

specific extraction, and custom set operations. Caller-specific extraction used Manta-specific 503 

variants due to Manta’s wide clinical use and its role as a standard component in many clinical 504 

pipelines. Custom set operations were defined as ((Manta AND SvABA) NOT (LUMPY OR 505 
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DELLY)), as Manta [18] and SvABA [20] rely on local assembly, while LUMPY [19] and 506 

DELLY [27] primarily use read signals. For long-read datasets (NA12878 PacBio, VISOR 507 

PacBio, and VISOR ONT), additional minimum support levels (≥2 to ≥5 callers), maximum 508 

support, caller-specific extraction, and custom set operations were evaluated. Caller-specific 509 

extraction used Sniffles-specific variants, as Sniffles is a widely used long-read tool [48]. 510 

Custom set operations were set as ((DeBreak AND SVDSS) NOT Others), based on the shared 511 

partial order alignment (POA) method used by DeBreak [32] and SVDSS [31]. To enable 512 

comparison with CombiSV, which supports only a union operation with the caller set (Sniffles, 513 

PBSV, CuteSV, SVIM), an additional ‘4callers’ union analysis was performed across all NGS 514 

and long-read datasets. 515 

OctopusV output files (SVCF: A customized VCF format for structural variants) were 516 

converted to standard VCF format using the “svcf2vcf” subcommand. SVCF is a customized 517 

version of the VCF format used by OctopusV for internal processing. This format keeps all 518 

standard VCF features while adding some fields needed for structural variants. It helps maintain 519 

consistent representation of corrected BND events and other SV types throughout the analysis. 520 

For more details about SVCF, see the OctopusV documentation (https://github.com/ylab-521 

hi/OctopusV). Performance metrics (precision, recall, and F1 scores) were calculated using 522 

Truvari (v4.2.2) with default parameters (position matching thresholds: 50–500 bp, size 523 

similarity threshold ≥ 0.7, and --pctseq 0). 524 

 525 

Assessment of SV type consistency across merging tools 526 

To evaluate the fidelity of SV type preservation during merging, we systematically assessed SV 527 

type consistency across five merging tools (OctopusV, SURVIVOR, Jasmine, SVmerge, and 528 
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CombiSV) using datasets previously described (NA12878 NGS, NA12878 PacBio, VISOR NGS, 529 

VISOR ONT, and VISOR PacBio). We identified variants where the primary SVTYPE 530 

annotation was inconsistent with their constituent original variant types, generating a filtered 531 

VCF file containing incorrectly merged records. For each tool and dataset combination, the 532 

number of incorrectly merged variants was quantified. Detailed misclassification patterns, 533 

particularly prominent in SURVIVOR outputs, were further examined and visualized using 534 

Sankey diagrams. To evaluate the preservation of the original SV type distributions, proportions 535 

of each variant type (DEL, INS, DUP, INV, TRA) were calculated from true-positive calls 536 

generated by each merging tool and compared to the ground truth distributions. Results were 537 

summarized and visualized as normalized stacked bar plots. 538 
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genome was obtained from GENCODE 552 

(https://ftp.ebi.ac.uk/pub/databases/gencode/Gencode_human/release_38/GRCh38.p13.genome.f553 

a.gz). For real data evaluation, we used the NA12878 NIST HG001 HiSeq subsampled 30X data 554 

(ftp://ftp-trace.ncbi.nlm.nih.gov/giab/ftp/data/NA12878/NIST_NA12878_HG001_HiSeq_300x) 555 

and PacBio SequelII CCS data from GIAB (https://ftp-556 

trace.ncbi.nlm.nih.gov/giab/ftp/data/NA12878/PacBio_SequelII_CCS_11kb/HG001.SequelII.pb557 

mm2.hs37d5.whatshap.haplotag.RTG.trio.bam). The ground truth sets used for read-data 558 

benchmarking include variants from the 1000 Genomes Project 559 

(ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase3/integrated_sv_map/ALL.wgs.mergedSV.v8.20560 

130502.svs.genotypes.vcf.gz) and the long-read assembly based NA12878 reference SV dataset 561 

(https://github.com/stat-lab/EvalSVcallers/blob/master/Ref_SV/NA12878_DGV-2016_LR-562 

assembly.vcf) [21]. The simulated SV callsets were generated using variants from dbVAR, 563 

including CHM1 564 

(ftp://ftp.ncbi.nlm.nih.gov/pub/dbVar/data/Homo_sapiens/by_study/vcf/nstd137.GRCh37.variant565 

_call.vcf.gz) and KWS1 566 

(https://ftp.ncbi.nlm.nih.gov/pub/dbVar/data/Homo_sapiens/by_study/vcf/nstd137.GRCh38.varia567 

nt_call.vcf.gz) datasets. 568 
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Fig. 1. Schematic overview of OctopusV's architecture for structural variants (SVs) 703 

standardization and merging. OctopusV is organized into three primary modules: the Input 704 

layer, the Correct module, and the Merge module, along with supporting functionality modules. 705 

The Input layer processes SV data from multiple sequencing platforms (NGS, PacBio, ONT, and 706 

others) and handles VCF files from standard SV callers. Several common callers are presented as 707 

examples; however, OctopusV can work with any VCF-formatted SV calls regardless of the 708 

caller or sequencing technology. The Correct module processes VCF files through sequential 709 

steps: BND extraction, pattern recognition of breakpoint orientations (shown by N[...] and  [...]N 710 

patterns), and SV type classification into standard forms (duplication, inversion, intra/inter-711 

chromosomal TRA). The Merge module implements advanced merging strategies based on event 712 

coordinates and properties, supporting various operations including length overlap assessment, 713 

Jaccard index calculation, and set operations (union, intersection, specific). This module handles 714 

different SV types (DEL/DUP/INV, TRA, INS) with specific coordinate matching criteria (δstart, 715 

δend thresholds). Additional modules provide benchmarking, format conversion, and 716 

visualization capabilities. The output includes merged results in a customized VCF format and 717 

comprehensive visualization options (UpSet plots, SV size distribution, SV type distribution, and 718 

chromosome distribution). The customized VCF format serves as an intermediate representation 719 

that facilitates integration between modules. Additionally, OctopusV generates interactive 720 

HTML outputs that allow users to visualize and explore SV data through a web browser interface. 721 

 722 

Fig. 2. Comparison of key features between OctopusV and existing structural variants (SVs) 723 

merging tools (Jasmine, SURVIVOR, SVmerge, and CombiSV). a Feature comparison 724 

matrix showing support levels (full, partial, or none) for key functionalities across tools. b 725 

Advanced set operations supported by different tools, highlighting OctopusV's flexible merge 726 

capabilities that enable custom set operations on SV sets from multiple samples. This 727 

functionality allows for the identification of sample-specific SVs through customizable set 728 

operations. 729 

 730 

Fig. 3. BND prevalence, correction, and benchmarking in OctopusV. a Proportion of BND 731 

annotations among total structural variants (SVs) reported by different callers in real (NA12878) 732 

and simulated (VISOR) datasets, highlighting frequent usage of BND annotations, particularly in 733 
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short-read callers. b Proportion of BND calls matching high-confidence reference SV datasets, 734 

showing that a significant subset corresponds to genuine SVs. c OctopusV's workflow for 735 

correcting ambiguous BND annotations by classifying them into canonical SV types (INV, DUP, 736 

TRA), based on chromosomal context and breakpoint patterns. d Benchmarking workflow for 737 

evaluating OctopusV's correction accuracy through comparison with established ground-truth 738 

datasets. e Correction accuracy of OctopusV for short-read (purple bars) and long-read (blue bars) 739 

callers across datasets; white boxes indicate callers without matched BND events for correction 740 

evaluation. f Distribution of corrected BND events by canonical SV types (INV, DUP, TRA), 741 

revealing prevalent reclassification patterns across callers and sequencing platforms. g Example 742 

genomic view of a corrected inversion event in the APP gene from NA12878, initially identified 743 

as ambiguous BND events by Manta but resolved by OctopusV. 744 

 745 

Fig. 4. Evaluation of OctopusV's SV merging strategies and performance compared to 746 

existing tools. a Workflow for benchmarking SV merging, illustrating processes from raw 747 

sequencing data to performance evaluation against reference datasets. The workflow includes SV 748 

calling to generate input VCF files, applying different merging strategies, and evaluating merged 749 

variants using Truvari. b Diagram illustrating SV merging operations supported by OctopusV. 750 

Common operations include intersection, union, and minimum support (variants supported by ≥2 751 

callers). Unique operations provided by OctopusV include maximum support (variants supported 752 

by ≤2 callers), caller-specific extraction (e.g., Manta-only), and custom set logic operations. For 753 

NGS datasets (NA12878 NGS, VISOR NGS), the custom set logic operation is defined as 754 

((Manta AND SvABA) NOT (LUMPY OR DELLY)). For PacBio and ONT datasets (NA12878 755 

PacBio, VISOR PacBio, VISOR ONT), it is defined as ((DeBreak AND SVDSS) NOT Others). 756 

c–g Heatmaps comparing absolute Precision, Recall, and F1 scores of OctopusV against other 757 

SV merging tools (Jasmine, SURVIVOR, SVmerge, CombiSV) across multiple datasets: c 758 

NA12878 NGS, d NA12878 PacBio, e VISOR NGS, f VISOR PacBio, and g VISOR ONT. 759 

Cells marked with horizontal lines indicate unsupported operations; diagonal lines represent 760 

analyses with no results; dotted patterns indicate configurations not analyzed. The label 761 

"4callers" indicates analyses limited to the caller combination (Sniffles, PBSV, CuteSV, SVIM) 762 

specifically supported by CombiSV. 763 

 764 
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Fig. 5. Preservation of SV type distribution for true positive SVs across merging tools and 765 

datasets. Normalized stacked bar plots comparing the distributions of true positive structural 766 

variants (SVs) identified by different merging tools (OctopusV, SURVIVOR, Jasmine, SVmerge, 767 

CombiSV) across five datasets: a NA12878 NGS, b NA12878 PacBio, c VISOR NGS, d VISOR 768 

ONT, and e VISOR PacBio. Each subplot specifically compares the SV type distribution of 769 

correctly identified variants (true positives) obtained by each tool with the ground truth 770 

distribution, illustrating each merging tool’s fidelity and consistency in preserving the original 771 

SV type annotations. 772 
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