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Abstract

Background Structural variants (SVs) play a central role in genome evolution and phenotypic diversity, yet the
large genome size, high repeat content, and structural complexity hinder SV detection in plants. Despite extensive
benchmarking on human data, the performance and cross-species generalizability of HiFi long-read SV detection
pipelines for plants have been overlooked.

Results Here, we use multiple assembly-based variant calling strategies to construct SV truth sets at base-level
resolution for ten representative angiosperm species, followed by systematic benchmarking of 91 HiFi-based SV
calling pipelines. Cross-species evaluation reveals pronounced heterogeneity in performance across pipelines and
species with deletion detection generally outperforming insertion detection. Using a stability score to quantify the
across-species generalizability, we identify NGMLR/Sniffles2 and NGMLR/DeBreak as optimal cross-species
pipelines for deletion detection, while Minimap2/Sniffles1, Minimap2/cuteSV2, and pbmm2/cuteSV1 exhibit
robust insertion detection. We also find that detection accuracy declines sharply for large SVs and variants located
within repetitive regions, particularly simple repeats. Moreover, SV calling precision shares a nonlinear relation-
ship with sequencing depth for each individual haplotype, with F scores peaking at ~ 15 X coverage.
Conclusions This study establishes a benchmarking framework for plant SV detection and provides high-con-
fidence SV truth set resources that can, together, guide the selection of robust, scalable SV calling pipelines for
plant genomics.
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Background

Structural variants (SVs), i.e., deletions, insertions, duplications, inversions, translocations, and copy number
variants (CNVs), can directly alter gene dosage or disrupt gene structure, with pathological consequences in a
wide range of heritable diseases [1, 2]. In humans, SVs have been implicated in intellectual disability, autism
spectrum disorders, and congenital limb malformations [3, 4]. SVs exert similarly profound effects in plants [5,
6]. For example, deletion of the sh2 gene in maize disrupts starch biosynthesis, resulting in reduced and wrinkled
kernels, while the insertion of a transposable element approximately 60 kb upstream of the tb/ locus reshaped
maize plant architecture and likely constituted a hallmark event in maize domestication [7-9]. Population-scale
analyses have also demonstrated that accumulation of numerous minor effect deleterious SVs can lead to genetic
consequences comparable with loss-of-function mutation in protein-coding genes, underscoring the substantial
evolutionary and functional impact of SVs [10, 11].

Despite their importance across diverse biological contexts, accurate SV discovery has long been constrained
by their intrinsic complexity and potentially large size, which often require integration of multiple technologies
and methodological approaches [12, 13]. Although early cytogenetic techniques, such as fluorescence in situ
hybridization (FISH) and DNA microarrays, can be used for SV detection, these low throughput techniques
are expensive and provide limited breakpoint resolution [14, 15]. While next-generation short-read sequencing
dramatically increased throughput and reduced cost, the short read length precludes accurate detection of SVs in
repetitive regions and for large or complex variants [12, 13]. In contrast, PacBio high-fidelity (HiFi) long-read
sequencing balances read length with base-level accuracy, allowing high precision in breakpoint resolution with-
out prohibitive cost [16]. These advantages have led to development of numerous and diverse long-read aligners
and SV callers to support read-mapping-based SV detection [17]. However, numerous benchmarking studies have
evaluated such tools in the context of the human genome, resulting pipelines tailored to human-specific analytical
objectives, while benchmarking in plants has lagged [18-22].

Plant genomes can vary widely among species, some harboring exceptionally large, highly repetitive, and
frequently polyploid genomes, thus posing bioinformatic challenges that are largely absent in human genomics
[23]. Notably, repeat sequences can account for up to 85% of the wheat genome, depending on variety, compared
with approximately 54% in humans [24, 25]. Moreover, intraspecific genomic diversity is dramatically higher in
plants. For instance, any two maize genomes may differ by as much as 50% of their sequence content, whereas
human genomes differ by only ~ 1.6% [26, 27]. These plant-specific characteristics often exceed the capabilities of
current computational methods. Critically, nearly all widely used long-read aligners (BLEND [28], 1ordFAST [29],
LRA [30], Minimap2 [31], NGMLR [32], pbmm2, Winnowmap?2 [33]) and SV callers (cuteSV1 [34], cuteSV2
[34], DeBreak [35], DELLY [36], dysgu [37], gcSV [38], NanoVar [39], pbsv, Sniffles1 [32], Sniffles2 [40],
SVDSS1 [41], SVDSS2, SVIM1 [42], SVIM2) were originally developed and optimized using human datasets.
As aresult, their performance, reliability, and cross-species generalizability in plants remain largely uncharacter-
ized. Although we previously conducted a preliminary evaluation of these tools on the wheat genome, rigorous
assessment of these SV detection pipelines requires systematic benchmarking across multiple plant species [43].

To address this gap in benchmarking, in the present study we collected high-quality reference genome assem-
blies and deep HiFi sequencing data (~39.07X) for ten angiosperm species representing five major families:
Poaceae, Brassicaceae, Polygonaceae, Malvaceae, and Fabaceae. We then conducted whole-genome alignments
between paired high-quality assemblies to construct species-specific SV truth sets. These truth sets were then
used to evaluate the performance of 91 SV calling pipelines, comprising all compatible pairwise combinations
of the above seven long-read aligners and 14 SV callers. We further investigated the influence of six factors on
SV detection performance, including cross-species generalizability, aligner/caller-associated effects, SV length-
associated effects, repeat-associated effects, sequencing depth-associated effects, and computational resource.
These studies collectively establish a robust framework for selecting optimal SV detection pipelines and provide
a foundational resource for future population-scale long-read resequencing analyses in plants.
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Results
Overview of cross-species benchmarking framework for long-read SV pipelines

To ensure sufficiently wide genomic diversity for robust evaluation of pipeline accuracy and generalizability
among plant species, we first selected ten representative angiosperm species, including six major crops (rice,
wheat, maize, soybean, sorghum, cotton) and four model species (Arabidopsis, tomato, foxtail millet, broomcorn
millet), from across five angiosperm families (Poaceae, Brassicaceae, Polygonaceae, Malvaceae, and Fabaceae;
Fig. 1a). These genomes widely varied in their architecture and complexity, ranging from 134 Mb to 14.5 Gb in
length and 24.72% to 86.51% in repeat sequence contents, reflecting the heterogeneity of analytical challenges in
plant genomics (Additional file 2: Tables S1). To provide the highest possible accuracy in SV truth set construc-
tion, we obtained two high-quality reference genomes and high-depth HiFi datasets from public databases for
each species (Additional file 2: Tables S1), with an average sequencing depth of 39.07.

As reliable benchmarking of SV detection pipelines fundamentally depends on robust truth sets with base-level
accuracy [19], which are lacking for most plant species, we employed a three-step strategy to construct robust
SV truth sets for each representative species (Fig. 1b). First, we performed whole-genome alignment between
two high-quality reference assemblies, designating one as the reference and the other as the query (Additional
file 2: Tables S2). Based on these alignments, we generated candidate SV call sets using five complementary
assembly-based SV discovery pipelines selected to maximize sensitivity and capture diverse SVs, including
Cactus-pangenome, Dipcall, Minimap?2 (genome alignment; parameter -ax asm5) coupled with SyRI, Minimap2
(genome alignment; parameter -ax asmS5) coupled with SVIM-asm, and AnchorWave combined with SVIM-asm.
Second, we merged candidate SVs based on breakpoint proximity and length similarity using Truvari collapse,
thereby consolidating overlapping calls originating from multiple pipelines. Finally, an orthogonal, independent
validation step was performed for all candidate SVs relying solely on high-depth HiFi sequencing data, and this
workflow is entirely separated from all aligners and SV callers evaluated in our benchmark. For each candidate
SV, we leveraged SVJedi-graph to construct locus-specific variation graphs for each candidate SV, mapping
and genotyping all HiFi raw reads against these graphs to verify SV presence and determine precise breakpoint
resolution. Only SVs supported by robust genotyping evidence were retained, resulting in high-confidence, base-
level-resolved SV truth sets for evaluating the performance of long-read SV pipelines across the ten representative
angiosperm species.

For the broadest possible benchmarking of current mapping—based SV discovery tools, we compiled seven
long-read aligners (BLEND, lordFAST, LRA, Minimap2, NGMLR, pbmm?2, Winnowmap2) and 14 SV callers
(cuteSV1, cuteSV2, DeBreak, DELLY, Dysgu, gcSV, NanoVar, pbsv, Sniffles1, Sniffles2, SVDSS1, SVDSS2,
SVIM1, SVIM2) from published and preprint sources (Fig. 1c). These tools spanned a variety of algorithmic para-
digms, including seed-and-chain mapping, repeat-aware alignment, signal clustering, and local-assembly—based
SV inference. Pairwise combinations yielded 98 possible SV calling pipelines, 91 of which successfully produced
SV calls. The seven incompatible combinations, including SVDSS1/SVDSS2 with LRA, BLEND, or lordFAST,
and NanoVar with ppbmm?2, were excluded from subsequent tests. The 91 compatible SV calling pipelines were
subsequently compared in parallel SV calling analyses for each representative species with the corresponding
truth sets.

Using the truth sets for each respective species, we systematically evaluated performance (precision, recall,
and F, score) for the 91 SV calling pipelines across all species (Fig. 1d). Beyond assessing performance, we
examined (i) cross-species generalizability of 91 SV calling pipelines, (ii) repeat-associated effects on SV detec-
tion performance, (iii) sequencing depth-associated effects on SV detection performance, and (iv) computational
resource, including runtime and memory usage. Together, these analyses provided a comprehensive and interpret-
able framework for cross-species benchmarking framework for long-read SV pipelines.
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Fig.1 Overview of cross-species benchmarking for SV detection pipelines with PacBio HiFi sequencing. a Phylogenetic
relationships of the ten representative angiosperm species used for benchmarking (left), with genome size (middle) and
repeat sequence content (right). b Construction of species-specific SV truth sets. For each species, (i) five independent,
complementary, assembly-based SV discovery pipelines were used to call candidate SVs between reference and query
genomes; (ii) candidate SVs were merged and filtered for redundancy; (iii) candidate SVs validated with high-depth HiFi
data of query genome were compiled into respective truth sets. ¢ Generation of long-read SV calling pipelines. Seven long-
read aligners (BLEND, lordFAST, LRA, minimap2, NGMLR2, ppbmm?2, and Winnowmap) were paired with fourteen SV
callers (cuteSV1, cuteSV2, DeBreak, Delly, Dysgu, gcSV, NanoVar, pbsv, Sniffles1, Sniffles2, SVDSS1, SVDSS2, sviml,
and svim2) to construct 91 total SV calling pipelines. The pipelines labeled in orange were incompatible. d Cross-spe-
cies evaluation of pipeline performance. (i) performance of the 91 SV calling pipelines was assessed by recall, precision,
and F score in each species; (ii) effects of across-species generalizability; aligner/caller; SV length; sequencing coverage;
genomic repetitive elements and computational resource requirements (runtime and memory usage) on SV detection per-
formance

Construction of high-confidence, species-specific SV truth sets with HiFi long reads

Using the above framework for constructing species-specific SV truth sets (Fig. 1b), we first generated candidate
SVs for ten angiosperm species using the five complementary SV calling pipelines. We noted that total detected
candidate SV numbers substantially varied among pipelines across species (Additional file 1: Fig. S1; Additional
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file 2: Tables S3). Overall, the AnchorWave—SVIM-asm pipeline consistently yielded the largest number of SVs,
whereas minimap2—SyRI produced the fewest, with an average 3.23-fold difference in SV counts between them.
Despite these quantitative differences, both deletions and insertions exhibited broadly consistent count and length
distributions across pipelines and species, with each species showing a distinct SV length distribution profiles.
Cotton, sorghum, maize, and wheat had bimodal distributions, characterized by a dominant class of short SVs
(<500 bp) and a second peak around ~ 10 kb. In contrast, broomcorn millet showed a relatively uniform SV length
distribution, while the remaining species predominantly harbored SVs shorter than 1 kb. These patterns likely
reflected species-specific genome architectures and transposable element landscapes. To obtain high-confidence
SV sets, we merged the candidate SVs from all successful pipelines for each species (Additional file 2: Tables
S3). Quantitative analysis of SV density (i.e., number of SVs per Mb of genome sequence) revealed an average SV
density of 53.17 SVs/Mb across the ten species, with cotton (4.30 SVs/Mb) and tomato (3.31 SVs/Mb) exhibiting
the lowest densities, and foxtail millet (132.56 SVs/Mb) and rice (131.51 SVs/Mb) showing the highest.

Finally, we assessed the allele-specific support of the SV captured for each species to compile the final truth
sets. Genotyping of all merged candidate SVs using high-depth HiFi reads (Additional file 2: Tables S3) revealed
that, on average, 73.07% of candidate SVs were supported by HiFi reads and therefore could be classified as true
variants, including 73.64% of deletions and 72.55% of insertions. Importantly, the SV length distributions in
the final truth sets closely mirrored those of the initial candidate SV collections generated by the five pipelines,
indicating that the genotyping and filtering process did not introduce detectable length bias (Fig. 2; Additional
file 1: Fig. S1). Given publicly available high-depth Oxford Nanopore Technologies (ONT) long-read datasets
for maize and cotton, we further constructed three types of SV truth sets: HiFi-only, ONT-only, and integrated
HiFi-ONT (Additional file 1: Fig. S2). An average of 94.9% deletions were simultaneously captured in both
HiFi and ONT truth sets across the two species, while the corresponding value for insertions reached 95.0%.
Overall, the SV detection performance obtained from HiFi-only, ONT-only and integrated HiFi-ONT truth sets
was highly consistent without notable discrepancies, demonstrating that the HiFi-only truth set is fully reliable
for downstream structural variant evaluation. Together, these results demonstrated that our three-step strategy
yielded high confidence SV truth sets with base level resolution for each representative angiosperm species, and
could thus provide a suitable basis for subsequent benchmarking analyses.

Generation of SV call sets for ten angiosperm species

After establishing the SV truth sets, we generated SV call sets using the 91 compatible SV calling pipelines with
HiFi sequencing data from the ten angiosperm species. Although SV call sets were successfully generated for
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most species, the exceptionally large genome size of wheat (14.51 Gb) resulted in prohibitively long runtimes
for the lordFAST and LRA aligners when paired with any of the 14 SV callers. Excluding these failed analyses,
we obtained 67 SV call sets for wheat, and 91 sets for each of the remaining species.

Examination of the relative abundance of deletions and insertions across all SV call sets for each species (Addi-
tional file 1: Fig. S3; Additional file 2: Tables S4) revealed that all species consistently had 1.15- to 1.44-fold
higher deletion counts than insertion counts, with the exception of broomcorn millet, which had slightly fewer
deletions than insertions (deletion:insertion ratio=0.93). These patterns were highly consistent across pipelines
within species, suggesting that this observed imbalance between deletions and insertions reflected a common
genomic characteristic rather than a computational artifact of the pipelines.

Comparison of discovery rates among the 14 SV callers across the ten species (Additional file 1: Fig. S3; Addi-
tional file 2: Tables S4) indicated that SVIM1 consistently identified the largest number of SVs, including both
deletions and insertions, whereas gcSV yielded the fewest across species. On average, SVIM1 detected 4.10-fold
more deletions than gcSV (range: 2.45-9.09-fold) and 2.69-fold more insertions (range: 1.68—5.68-fold) across
species. These substantial differences highlighted the pronounced variability in sensitivity among SV callers,
and underscored the informative value of systematic benchmarking for selecting appropriate plant genomic SV
detection tools.

We further quantified the numbers and proportions of overlapping deletion and insertion calls among the 14
SV callers for each aligner and among the seven aligners for each SV caller (Additional file 1: Fig. S4-7). When
grouped by aligner, pipelines using lordFAST exhibited the lowest overall degree of overlap among SV callers for
both deletions and insertions, indicating that calls generated from lordFAST alignments had the lowest concord-
ance across callers. Conversely, when grouped by SV caller, Dysgu-based pipelines showed the lowest degree of
overlap among aligners, suggesting that Dysgu calls were particularly sensitive to the choice of upstream aligner.
Together, these results demonstrate that the selection of both aligners and SV callers affects the concordance and
reproducibility of SV detection across pipeline combinations.

Global performance landscape across SV calling pipelines and ten angiosperm species

After constructing species-specific SV truth sets and the corresponding SV call sets, we systematically evaluated
the performance of the 91 SV calling pipelines for each species based on their precision, recall, and F'| scores
(Additional file 1: Fig. S8-11; Additional file 2: Tables S5,6). Among these metrics, F'; score provided the most
balanced measure of overall pipeline performance, as it jointly considers sensitivity and precision, with values
closer to 1 indicating superior accuracy. Given the complexity of comparing 91 pipelines simultaneously, full
precision-recall matrices are difficult to interpret. Therefore, we highlight the ten highest-performing pipelines
for deletion and insertion detection, ranked by F'; score, across the ten angiosperm species (Fig. 3). Interrogation
of a species-by-pipeline matrix of F, scores revealed that wheat had consistently modest scores for both dele-
tions (0.38 +0.08) and insertions (0.38 +0.08) across pipelines. As this relatively poor performance might reflect
limited quality of the reference genome assembly quality and/or extreme genomic complexity, we excluded wheat
from subsequent cross-species comparisons.

Examination of F; score distributions across the nine remaining species showed that average scores were higher
for deletions than insertions (mean deletion F'; score =0.67; insertion F; score =0.64; Additional file 1: Fig. S8a;
Additional file 2: Tables S5,6). Among the 819 species—pipeline combinations (91 pipelines X 9 species), 101 dele-
tion call sets achieved an F; score greater than 0.8. These high-performing pipelines were predominantly observed
in cotton (54), foxtail millet (34), rice (8), tomato (6), Arabidopsis (4), sorghum (2), and soybean (1). In contrast,
only four insertion call sets achieved F| scores above 0.8, all of which were confined to foxtail millet. These results
demonstrated that deletions are generally easier to detect with high accuracy using HiFi data, whereas insertion
detection remains more challenging these tools, particularly when balancing precision and recall.
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Fig. 3 Performance landscape of
the top 10 SV calling pipelines
across ten representative angio-
sperm species. Top-ranked SV
calling pipelines across Arabidop-
sis thaliana (a), Gossypium hirsu-
tum (b), Glycine max (c), Sola-
num lycopersicum (d), Panicum
miliaceum (e), Setaria italica (f),
Sorghum bicolor (g), Zea mays (h),
Oryza sativa (i), and Triticum aes-
tivum (j). Colors denote SV callers,
while shapes represent long-read
aligners used in each pipeline
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Analysis of precision further reinforced this pattern (Additional file 1: Fig. S8b; Additional file 2: Tables
S5,6). Across the nine species, average precision was higher for deletions (0.72) compared to insertions (0.67).
Of the 819 species—pipeline combinations, 347 deletion call sets and 207 insertion call sets achieved precision
values greater than 0.8. We noted that, for each species, at least one SV calling pipeline had precision > 0.8 for
specific variant types, in each species exhibited at, highlighting the potential of HiFi sequencing data for accu-
rate SV detection when appropriate pipelines are selected. Specifically, the numbers of high-precision pipelines
(deletions/insertions) per species were: Arabidopsis (54/30), cotton (63/56), soybean (36/27), tomato (43/25),
broomcorn millet (13/6), foxtail millet (57/35), sorghum (27/9), maize (1/1), and rice (53/18) (Additional file 2:
Tables S5,6). Together, these results underscored the potential for high precision in SV detection with HiFi data

across diverse plant genomes.

Finally, we assessed recall across pipelines and species (Additional file 1: Fig. S8c; Additional file 2: Tables
S5.,6). Consistent with trends in F; score and precision, average recall was greater for deletions (0.68) than
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insertions (0.66). Among the 819 species—pipeline combinations, 163 deletion call sets and 40 insertion call sets
achieved recall values exceeding 0.8. For deletions, all nine species had at least four pipelines with recall above
0.8, indicating robust recall across diverse plant species. In contrast, recall above 0.8 for insertions was observed
in only four species—soybean (16 pipelines), tomato (9), foxtail millet (13), and maize (2)—highlighting the
pronounced effects of species-specific genomic differences and overall challenge of accurate insertion detection.

Identification of SV calling pipelines with cross-species generalizability

As the dramatic variability in length, repeat content and polyploidy among plant genomes make comprehensive
benchmarking across all plant species infeasible, we addressed this challenge by leveraging nine representative
species to identify SV calling pipelines with the strongest generalizability across diverse genomic backgrounds,
thus focusing on cross-species robustness rather than optimization for individual species.

To quantify cross-species generalizability, we developed a stability score, which measures the consistency of
pipeline performance across species. Stability scores range from O to 1, with values closer to 1 indicating greater
robustness and stronger cross-species applicability. We then calculated mean stability scores for F; score, preci-
sion, and recall for all 91 pipelines (Additional file 2: Tables S7). For deletions, the mean stability scores across
pipelines were 0.85 (F, score), 0.81 (precision), and 0.88 (recall) (Fig. 4a-c), while insertions had corresponding
mean stability scores of 0.85, 0.81, and 0.89, respectively (Fig. 4d-f). Notably, 83.52% of the SV calling pipelines
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exhibited a stability score greater than 0.8 (F, score) for both deletion and insertion, indicating they provided
generally consistent performance across plant species.

To identify pipelines with the strongest performance in multi-species SV detection, we applied stringent per-
formance thresholds that jointly considered accuracy and robustness. For deletions, we identified five pipelines
with cross-species mean values of F| score >0.7, precision > 0.8, recall > 0.7, and stability score > 0.8, including
NGMLR/Sniffles2, NGMLR/DeBreak, LRA/NanoVar, lordFAST/NanoVar, and lordFAST/Sniffles2 (Additional
file 2: Tables S7). For insertions, we adopted a slightly lower threshold for precision due to the consistently lower
performance of all pipelines in this SV type (F; score >0.7, precision > 0.7, recall > 0.7, and stability score > 0.8).
This analysis identified Minimap2/Sniffles1, ppmm2/cuteSV1, and Minimap2/cuteSV?2 as the most suitable pipe-
lines for detecting insertions across species (Additional file 2: Tables S7). These pipelines exhibited high stability
across all species while maintaining a favorable balance among F' score, precision, and recall, supporting their
suitability for SV discovery across diverse plant genomes.

To further validate the cross-species applicability of the selected pipelines, we tested them on the wheat
genome, which was previously excluded from generalizability analyses due to its exceptional size and complex-
ity. Among the 67 pipelines that could successfully call SVs in wheat, Minimap2/Sniffles1 achieved the highest
F, score for detecting deletions (0.46). Among the five high-performing deletion calling pipelines we identified
above, NGMLR/DeBreak achieved an F; score of 0.461 and NGMLR/Sniffles2 achieved 0.434, while the remain-
ing three pipelines could not complete the analysis due to computational constraints imposed by the wheat genome
size (Additional file 2: Tables SS5). For insertions, the highest F; score was 0.462, obtained using pbmm2/Dysgu.
Notably, all three of the strongest insertion calling pipelines also had F; scores close to this maximum: Minimap2/
Sniffles1 (0.447), Minimap2/cuteSV2 (0.427), and pbmm?2/cuteSV1 (0.423) (Additional file 2: Tables S6). Overall,
for both deletions and insertions, the pipelines identified as optimal for multi-species SV detection achieved F
scores in wheat close to the theoretical upper bounds observed among all tested workflows. This validation in an
independent, highly complex genome supported the robustness and generalizability of these pipelines observed
in cross-species analyses.

As LRA and lordFAST were either unsuitable for extremely large genomes or exhibited prohibitively slow
runtimes on such datasets, these tools were excluded from the final recommendations. Consequently, we recom-
mend NGMLR/Sniffles2 and NGMLR/DeBreak as the most reliable cross-species pipelines for deletion detection,
and Minimap?2/Sniffles1, Minimap2/cuteSV2, and pbmm?2/cuteSV1 as optimal choices for insertion detection
(Fig. 4g, h). Collectively, these pipelines demonstrated a favorable balance between accuracy, robustness, and
computational feasibility, supporting their use as general-purpose workflows for SV discovery in plant genomes.

Effects of aligner and caller on SV detection performance

The accuracy of SV detection depends on the combined performance of the long-read aligner and SV caller. To
determine their individual contributions to cross-species SV discovery, we grouped the 91 pipelines according to
aligner or caller, calculated the median performance for each species, and compared their performance across the
ten angiosperm species. Among all aligners, NGMLR produced the highest overall F score for deletion detec-
tion, whereas Minimap?2 performed best for insertions (Fig. 5a, d). Across both SV types, NGMLR consistently
delivered the highest precision, whereas Minimap2 achieved the highest recall (Fig. 5b, c, e, f). These findings
indicate that NGMLR is better suited for applications emphasizing high-confidence SV calls, whereas Minimap2
is preferable when maximizing SV discovery is the primary objective.

Because the benchmark included 14 SV callers, only the three highest-performing callers for each evaluation
metric are presented. Across both deletion and insertion detection, cuteSV1 and cuteSV2 provided the best overall
balance between precision and recall, resulting in the highest F| scores (Fig. 5g, j). By contrast, Sniffles] achieved
the greatest precision for deletion, whereas cuteSV2 ranked highest for insertion precision (Fig. 5h, k). In contrast,
Sniffles2, SVIM1, and SVIM?2 consistently ranked among the most sensitive callers, producing the highest recall
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for both deletion and insertion detection (Fig. 5i, ). Together, these results demonstrate that both the aligner and
caller substantially influence SV detection performance, emphasizing that optimal tool selection should be guided
by whether a study prioritizes balanced performance, maximum sensitivity, or the highest possible precision.

Effects of SV length on SV detection performance

Although PacBio HiFi reads typically exceed 20 kb, their ability to accurately detect structural variants spanning
a broad size range has not been comprehensively evaluated in plant genomes. To investigate the influence of SV
length, we divided variants into five size classes according to the distribution of the species-specific truth sets:
50-100 bp, 100-500 bp, 500 bp—1 kb, 1-10 kb, and > 10 kb (Fig. 6). For each species and SV size category, the
median performance across all 91 SV calling pipelines was calculated and compared.

Deletion detection became progressively less accurate as SV length increased. F; score, precision, and recall
all declined from the 50—100 bp class through the 500 bp—1 kb interval, indicating that larger deletions are inher-
ently more difficult to identify reliably (Fig. 6a-c). For deletions larger than 1 kb, F; score and recall continued
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to decrease, whereas precision exhibited a modest increase, suggesting that larger deletions were detected more
conservatively.

Insertion detection showed an even stronger dependence on SV size. F score, precision, and recall all declined
steadily with increasing insertion length (Fig. 5d-f), with the most pronounced performance reduction observed
for insertions exceeding 10 kb. This likely reflects the enrichment of repetitive sequences and complex genomic
architectures within large insertions, which hinder accurate read alignment and breakpoint resolution and conse-
quently reduce calling accuracy. Overall, these findings establish SV length as a major determinant of detection
performance. Although HiFi sequencing substantially improves SV discovery, the accuracy of both deletion and
insertion detection decreases as variant size increases, particularly for large structural variants.

Effects of genomic repetitive elements on SV detection performance

As repetitive sequences are a major determinant of accuracy in long-read alignments, and can therefore influence
SV detection, we sought to quantify this effect in our comparative analyses. To this end, we annotated genomic
repetitive elements in the nine representative angiosperm species and partitioned each genome into repeat and
non-repeat regions. Using species-specific SV truth sets and corresponding call sets, we systematically evaluated
the performance of each SV detection pipeline in the two genomic compartments.

Across all species and pipelines, SV detection accuracy was consistently impaired in repeat regions, whereas
performance was markedly improved in non-repeat regions (Fig. 7a, b; Additional file 1: Fig. S12-13; Additional
file 2: Tables S8-10). This pattern was robust across both deletion and insertion variants and across F| score,
precision, and recall evaluation metrics. For the F, score, deletion detection showed an average increase of
11.69 £ 11.77% in non-repeat regions but a 28.03 + 10.35% decrease in repeat regions compared to the average
in non-partitioned genomes (Fig. 7a). Insertion detection exhibited a similar trend, with F; score improving by
6.12 +3.40% in non-repeat regions and diminishing by 24.41 +12.11% in repeat regions (Fig. 7b). Consistent
effects were observed for precision and recall, with precision increasing by 7.51 +5.88% and 10.61 + 12.68%,
for deletions and insertions, respectively, in non-repeat regions, while recall increased by 8.92+7.95% and
6.69 +7.69%. In contrast, within repeat regions, the precision of deletion and insertion calling declined by
27.60+9.30% and 14.97 +13.76%, and recall diminished by 29.01 +8.86% and 23.04 +7.97%, respectively.
Overall, non-repeat regions yielded substantially higher SV detection accuracy, while repeat-rich regions were
associated with pronounced reductions in performance.
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To further determine whether different repeat families exert distinct effects, repetitive elements were classi-
fied into five major categories: DNA transposons, LINEs, LTR-Copia, LTR-Gypsy, and simple repeats. Median
performance across all SV calling pipelines was calculated for each species to compare SV detection accuracy
among repeat classes across the ten angiosperm species. Regardless of repeat type, F; score, precision, and recall
were consistently reduced for both deletions and insertions relative to non-repeat regions (Fig. 7c—h). Among
all repeat categories, simple repeats produced the largest reduction in performance. Their highly homogeneous
sequence composition and frequent tandem copy-number variation likely create substantial alignment ambiguity
and reduce breakpoint resolution, thereby increasing both false-positive and false-negative SV calls. Collectively,
these findings demonstrate that all major classes of repetitive DNA compromise long-read SV detection, with
simple repeats representing the greatest barrier to accurate SV identification in plant genomes.

Effects of sequencing depth on SV deletion performance

Our previous work showed that low-coverage HiFi sequencing can allow high precision SV calling in wheat,
although the limited available sequencing depth (6.6 X) prevented identification of an optimal coverage threshold
[43]. To systematically assess the impact of sequencing depth on SV detection performance, we evaluated the 91
SV calling pipelines across six HiFi coverage levels (1 X, 3 X, 8 X, 15X, 20X, and 25 X) in Arabidopsis (Fig. 8;
Additional file 1: Fig. S14-15; Additional file 2: Tables S11). For both deletions and insertions, precision peaked
at low sequencing depth, with 3 X HiFi data achieving the highest average precision (0.80 for deletions and 0.73
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for insertions) (Fig. 8a, d). Increasing coverage beyond this depth led to a gradual decline in precision, which
decreased by 12.63% on average for deletions and 10.24% on average for insertions (Fig. 8a, d). In contrast,
recall and F; score increased steadily with sequencing depth, reflecting improved sensitivity and breakpoint sup-
port with greater read depth (Fig. 8b, c, e and f). Notably, F; scores for both SV types approached saturation at
approximately 15 X coverage, beyond which further sequencing yielded diminishing returns (Fig. 8c, f). Given
that sequencing cost share linear relationship with coverage, these results indicated that~ 15 X HiFi sequencing
for each individual haplotype enables the most robust plant genomic SV detection while limiting costs.

Runtime and memory usage of HiFi-based aligners and callers

Computational efficiency is a key constraint for large-scale, long-read resequencing studies. Using a standardized
100-CPU environment to analyze 25 X HiFi data from Arabidopsis, we benchmarked the runtime and memory
usage of seven aligners and fourteen SV callers (Additional file 1: Fig. S16; Additional file 2: Tables S12).
Among aligners, LRA (1.27 CPU-h), BLEND (1.30 CPUh), minimap2 (1.58 CPU-h), and pbmm?2 (3.67 CPU-h)
were the fastest, whereas lordFAST was markedly slower (1,398.96 CPU-h), with NGMLR (49.88 CPU-h) and
pbmm?2 (19.37 CPU-h) showing intermediate runtimes. Memory usage was lowest for LRA (12.27 GB), while
other aligners required similarly higher memory resources (24.64-77.16 GB). In contrast, SV callers exhibited
generally light computational burdens. Notably, Sniffles2 had the fastest runtime (0.02 CPU-h), representing a
substantial improvement over Sniffles1 (5.42 CPUh). Additionally, most callers required relatively little memory,
with SVIM1 (0.20 GB) and Sniffles2 (0.24 GB) using the least, and DeBreak showing the greatest requirement
(54.46 GB). Overall, aligners dominated both runtime and memory consumption, thus constituting the primary
computational bottleneck for HiFi-based SV calling pipelines.
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Discussion

Structural variants are major drivers of plant genomic diversity, adaptive evolution, and agronomic trait variation
[5, 7, 8]. In contrast to the human genome, plant genomes are often larger, highly repetitive, and often polyploid,
thus presenting substantial challenges for achieving accuracy in SV detection [23]. Despite these influential dif-
ferences, most current SV calling tools were developed and benchmarked primarily on human genomes, with
little or no examination of their robustness and generalizability in plants [17]. One long-standing, critical bot-
tleneck for plant genomics is the absence of high-quality, reusable SV truth sets, which has impeded systematic
evaluation of methods across pipelines and species [19]. By constructing SV truth sets at base-level resolution
across multiple representative plant species, and applying these truth sets in large-scale benchmarking, this study
establishes a comprehensive cross-species framework for evaluating HiFi-based SV detection in plants (Fig. 1).

The high-confidence plant SV truth sets, developed in the present study by integrating multiple reference
genome alignments, diverse SV discovery strategies, and direct validation by genotyping with HiFi reads, can
greatly accelerate pipeline selection in future long-read plant resequencing studies as well as benchmarking
of new alignment and SV calling tools [19]. By adopting a multi-pipeline consensus strategy, we substantially
reduced algorithm-specific biases that are particularly pronounced in repeat-rich and structurally complex plant
genomes (Figs. 1b, and 2). Beyond serving as a foundation for benchmarking, these truth sets can serve as a valu-
able resource for plant research, providing a methodological reference point for future plant SV studies. Although
multiple artificial intelligence—based SV detection approaches have been developed for human genomes (e.g.,
SVision and SVision-pro), comparable Al-driven methods tailored to plant genomes are still largely lacking [44,
45]. Future work integrating these truth sets and Al models can further enhance the accuracy and scalability of
SV detection [46].

Systematic assessment of 91 SV calling pipelines and nine angiosperm species revealed a performance land-
scape shaped by SV type, species genomic complexity, and detection pipelines (Fig. 3). Deletions were consist-
ently detected with higher accuracy, precision, and recall than insertions, indicating that deletion detection from
PacBio HiFi sequencing is relatively mature, whereas insertion calling remains a key bottleneck in plant genomes.
Although high-performing pipelines were identified for most species, their effectiveness varied markedly across
species, underscoring strong species dependence in SV calling performance. Collectively, for every species
examined, at least one pipeline achieved high precision (0.8), highlighting the great potential of HiFi sequencing
for accurate SV detection when paired with optimal pipelines.

Both aligner and caller contributed substantially to overall pipeline performance (Fig. 5). NGMLR consistently
produced the highest precision, whereas Minimap2 maximized recall, highlighting the inherent trade-off between
confidence and sensitivity. Meanwhile, several widely used SV callers achieved comparable F; scores by balanc-
ing these competing performance metrics. These findings emphasize that pipeline selection should be driven
by the biological objectives of individual studies rather than relying on a universally optimal workflow. Variant
size also emerged as a major determinant of detection performance (Fig. 6). As structural variants increased
in length, both deletion and insertion detection became progressively less accurate, with the largest insertions
proving particularly difficult to identify. The enrichment of repetitive sequences and structurally complex regions
within large insertions likely complicates read alignment and breakpoint localization, thereby reducing calling
accuracy. Although HiFi sequencing substantially improves long-read SV detection, accurately resolving very
large structural variants remains a significant analytical challenge.

Through partitioning of repeat and non-repeat genomic regions and comparison across coverage levels, we
found that both genomic features and sequencing strategies impose fundamental constraints on SV detection
performance. Specifically, repetitive regions consistently reduce precision, recall, and F; score in both deletion
and insertion calling, even with HiFi sequencing, indicating that repeats remain a dominant source of uncertainty
(Fig. 7). Among all repeat classes, simple repeats produced the greatest loss of performance, likely because their
extensive sequence homology and frequent tandem copy-number variation increase alignment ambiguity and
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reduce breakpoint resolution. These findings indicate that repetitive DNA remains one of the most important
obstacles to reliable long-read SV detection in plant genomes. At the same time, sequencing depth exerts a non-
linear effect wherein low coverage yields high precision, consistent with prior observations in human genome
benchmarks [22], but recall and F, score increase with depth, plateauing at approximately 15 X (Fig. 8c, f). This
trade-off, consistent with observations in human genomes, suggests that~ 15 X HiFi coverage for each individual
haplotype provides an optimal balance between accuracy and cost for population-scale plant SV studies.

In the present study, we also developed the cross-species stability score, an informative metric for evaluating
the robustness of SV calling pipelines across diverse plant genomes (Fig. 4). Using this criterion, we identi-
fied NGMLR/Sniffles2 and NGMLR/DeBreak as optimal cross-species pipelines for detecting deletions, while
Minimap2/Sniffles1, Minimap2/cuteSV2, and pbmm?2/cuteSV1 showed high stability scores in calling insertions.
Importantly, these pipelines also showed relatively stronger performance than other SV calling pipelines on wheat.
As the size and complexity of the wheat genome led us to exclude it from cross-species pipeline comparisons,
these results provided direct validation of the generalizability of these aligner/caller combinations. Together, these
results provide a standardized benchmarking framework and practical guidance for selecting robust SV calling
pipelines, which can enhance reliability in the application of HiFi sequencing data for plant genomic analyses.

An important consideration when interpreting our benchmark results is the partial overlap between the meth-
ods used to construct the truth sets and those being evaluated. Specifically, Minimap2(-ax asm5)-SVIM-asm
and Minimap2(-ax asm5)-SyRI were included among the five assembly-based pipelines used to construct the
truth sets, whereas Minimap2(-ax map-hifi) and SVIM were also evaluated as components of read-based pipe-
lines. Although SVIM-asm identifies SVs from assembly-to-reference alignments and SVIM identifies SVs from
long-read-to-reference alignments, the assembly- and read-based analyses share aligner/caller components and
related algorithmic features. This methodological overlap could preferentially increase the concordance of read-
based Minimap2-SVIM calls with the truth sets. However, analysis of Arabidopsis thaliana showed that only
53 deletions (1.5%) and 35 insertions (1.0%) in the truth sets were exclusively contributed by Minimap2(-ax
asm5)-SVIM-asm. The remaining 98.5% of deletions and 99.0% of insertions were supported by at least one
other assembly-based pipeline (Additional file 1: Fig. S17). This small pipeline-exclusive contribution suggests
that direct circularity in truth-set construction was limited, although bias arising from shared algorithmic fea-
tures cannot be completely excluded. In addition, the greater number of unshared read-based SVIM calls may
partly reflect residual heterozygous or haplotype-specific SVs present in the long-read data but absent from the
haplotype-merged assemblies, particularly in highly mutable regions such as simple repeats. Because high-quality
haplotype-resolved assemblies were unavailable for the corresponding species, this effect could not be systemati-
cally quantified. Accordingly, these SV truth sets should be regarded as practical benchmarking references rather
than exhaustive ground-truth representations of all haplotype-specific SVs. Accordingly, absolute performance
estimates should be interpreted in light of these methodological limitations.

Despite the breadth of this benchmarking effort, several limitations should be acknowledged. First, all bench-
mark species belong to the angiosperms. Other major plant lineages, including gymnosperms, monilophytes,
lycophytes, bryophytes, and green algae, could not be evaluated because matched high-quality reference genomes
and PacBio HiFi datasets remain scarce. Expanding taxonomic sampling as additional genomic resources become
available will be essential for assessing the broader applicability of our conclusions. Second, to ensure consist-
ent comparisons across all species, the SV truth sets were constructed exclusively from PacBio HiFi datasets
shared by every species. Consequently, ONT data, which were available for only a subset of taxa, were not incor-
porated. Future truth sets integrating HiFi, ultra-long ONT sequencing, short-read sequencing, and orthogonal
experimental validation should provide even greater accuracy and completeness. Third, our analyses focused
exclusively on deletions and insertions, the two most abundant structural variant classes in plant genomes. Other
important variant types, including inversions and translocations, remain to be systematically benchmarked. In
addition, the benchmark species consisted primarily of well-characterized cultivated accessions with relatively
high homozygosity. Highly heterozygous wild populations and autopolyploid species were not included because
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suitable genomic resources are currently unavailable. Finally, because comprehensive ONT datasets were lacking
for most benchmark species, this study focused exclusively on PacBio HiFi-based workflows. As high-quality
ONT datasets continue to accumulate, future benchmarking efforts should incorporate ONT-specific aligners and
callers to enable comprehensive cross-platform comparisons. Together, these future developments will further
strengthen benchmarking frameworks for structural variant detection across the full diversity of plant genomes.

Conclusions

This study established a benchmarking framework for SV detection in plant genomes using Pacbio HiFi long-
read sequencing. By constructing SV truth sets across ten representative angiosperm species and evaluating 91
SV calling pipelines, we showed that detection performance varied substantially across methods, SV types, and
genomic contexts. Our analyses highlighted major limitations in large SVs and repeat-rich regions and uncovered
nonlinear effects of sequencing depth on detection precision. Importantly, we identified SV calling pipelines with
robust cross-species performance, offering practical guidance for plant genomics applications. Together, the high-
confidence SV truth sets and standardized evaluation framework provide valuable community resources and lay
a foundation for reproducible, scalable, and comparative SV analyses in plants.

Methods
Plant species selection and genome characterization

Ten representative angiosperm species, including model organisms and staple crops, were selected for this study,
including Arabidopsis thaliana, Gossypium hirsutum, Glycine max, Solanum lycopersicum, Panicum miliaceum,
Setaria italica, Sorghum bicolor, Zea mays, Oryza sativa, and Triticum aestivum (Additional file 2: Tables S1).
For each species, two high-quality reference genome assemblies and high-coverage PacBio HiFi sequencing data
were available for truth set construction and pipeline evaluation (Additional file 2: Tables S2).

Phylogenetic reconstruction of the selected species based on predicted protein sequences was performed using
OrthoFinder (version 2.5.5) [47]. A species tree was inferred with 1,000 bootstrap replicates, and the resulting
phylogeny was visualized using iTOL (https://itol.embl.de/). To characterize genome repetitiveness, repeat librar-
ies were generated for each species using RepeatModeler (version 2.0.7) [48], followed by repeat annotation
with RepeatMasker (version 4.2.3) using default parameters [49]. The proportion of repetitive sequences in each
genome was calculated based on RepeatMasker annotations.

Construction of species-specific SV truth sets

For each species, five assembly-based SV calling pipelines were performed between two high-quality reference
assemblies, designating one as the reference and the other as the query (Additional file 2: Tables S2), resulting
five SV candidate datasets.

1. SV1: Cactus-pangenome (version 3.0.0) [50] was applied directly to the reference and query genome to gener-
ate SV calls using default parameters.

2. SV2: Dipcall (version 0.3) [51] was used to identify SVs directly from the the reference and query genome
with default settings.

3. SV3: After aligning query genome to the reference genome with Minimap?2 (version 2.30) [31] using the
parameters -ax asm5 —cs -2k, SAM files were converted to BAM files using SAMtools (version 1.21) [52].
SVs were then detected using SVIM-asm (version 1.0.3).
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4. SV4: Query genome was aligned to the reference genome using Minimap2 with parameters -ax asm5 —eqx,
and SVs were identified using SyRI (version 1.7.1) [53] with default parameters.

5. SV5: Gene annotations were processed using AnchorWave (version 1.2.6) [54] (gff2seq) and aligned with
minimap2. MAF files were generated from genome alignments using AnchorWave genoAli, converted to
SAM format using BioConvert (version 1.1.1) [55], then transformed into BAM format with SAMtools. SVs
were ultimately detected using SVIM-asm.

SV candidates shorter than 50 bp were filtered out with BCFtools (version 1.21) [52] and the remaining SV
call sets from each respective pipeline were combined using the merge function in BCFtools. Duplicate SVs were
then eliminated with Truvari [56] collapse to generate integrated SV candidate sets for each species. High-depth
HiFi sequencing data were then used to genotype each candidate SV using SVJedi-graph (version 1.2.1) [57]. SVs
genotyped as heterozygous (0/1) or homozygous alternate (1/1) were retained as high-confidence SV truth sets.
These truth sets were further separated into deletion and insertion datasets for downstream benchmarking analyses.

Construction of SV calling pipelines

Seven long-read aligners (BLEND, lordFAST, LRA, minimap2, NGMLR2, ppbmm2, and Winnowmap) and
fourteen SV callers (cuteSV1, cuteSV2, DeBreak, DELLY, Dysgu, gcSV, NanoVar, pbsv, Sniffles1, Sniffles2,
SVDSS1, SVDSS2, SVIM1, and SVIM2) were collected from published or preprint studies and detailed software
versions and parameters are provided (Additional file 2: Tables S13). All possible aligner—caller combinations
were generated, resulting in 98 SV calling pipelines. Seven incompatible combinations (SVDSS1/SVDSS2 with
LRA, BLEND, or lordFAST; NanoVar with pbmm?2) that yielded no results in the above preliminary tests were
excluded from subsequent analyses. The remaining 91 pipelines were applied to HiFi sequencing data for SV
detection. SVs shorter than 50 bp were filtered out using BCFtools, and the resulting SV call sets were used for
performance benchmarking.

Benchmarking analysis

Benchmarking was performed separately for deletions and insertions. For each species, the SV call sets gener-
ated by the 91 pipelines were compared against the corresponding SV truth set using Truvari [56] bench with the
parameter —sizemax 1,000,000. Precision, recall and F; score performance metrics were respectively calculated
as follows:

. TPs
Precision = ——
TPs + FPs
TP.
Recall = _
TPs + FNs

2 % Precision * Recall

F1 score = —

Precision + Recall
where TPs, FPs, and FNs represent the numbers of true positives, false positives, and false negatives, respectively.
To assess the impact of repetitive sequences on SV detection, repeat regions longer than 1,000 bp were
identified with RepeatMasker and subsequently extracted. Benchmarking was independently conducted on the
partitioned repeat and non-repeat genomic regions. To evaluate the effect of sequencing depth on SV detection
performance, HiFi reads from Arabidopsis thaliana were randomly downsampled to six coverage levels (1 X, 3 X,
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8%, 15X, 20X, and 25 X). SV calling, filtering, and benchmarking were conducted for each downsampled dataset
using the same procedures described above.

Assessment of cross-species generalizability among SV calling pipelines

To quantify the robustness of each SV calling pipeline across species, we estimated stability scores for each
performance metric in all pipelines using the following formula:

Stability score =1 — g
w

where o represents the standard deviation and u represents the mean of a given performance metric across species.
The stability score ranges from O to 1, with values closer to 1 indicating higher cross-species stability.

To identify optimal pipelines for multi-species SV detection, pipelines with F; score > 0.7, precision >0.8,
recall > 0.7, and stability score > 0.8 were considered optimal for deletion detection. For insertion detection,
thresholds of F| score > 0.7, precision > 0.7, recall > 0.7, and stability score > 0.8 were applied. Pipelines meet-
ing these criteria and exhibiting high stability scores (0.8) were designated as optimal cross-species SV calling
pipelines.

Runtime and memory usage assessment

Runtime and memory consumption of aligners and callers were evaluated using 25 X HiFi public sequencing data
from Arabidopsis thaliana. All tests were conducted on a server equipped with 2*AMD EPYC 9754 128-core
processors, 3 TB of memory, and 131 TB of storage. Each aligner and caller was executed independently using
100 threads and repeated ten times. Runtime (elapsed wall-clock time) and memory usage (maximum resident set
size) were recorded using the Linux command “/usr/bin/time”. The average runtime and memory consumption
across replicates were used for downstream comparisons.

Supplementary Information The online version contains supplementary material available at https://doi.org/10.1186/
$13059-026-04300-x.
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