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Abstract

Structural variant calling from long-read sequencing is increasingly limited not by read length
itself, but by how heterogeneous alignment signals are combined into candidate events.
Repetitive sequence, short variants and mobile element insertions can produce dispersed
breakpoints and ambiguous local alignments that challenge fixed clustering strategies. We
developed SGraSV, which uses self-supervised graph representation learning to capture
relationships among read-level signals and local sequence context. Here, we show that SGraSV
improves detection and breakpoint resolution across PacBio and Oxford Nanopore data and
maintains high reproducibility across sequencing platforms. Evaluation in 65 individuals and
independent analysis of 3,202 1000 Genomes Project genomes further support its ability to
recover rare and difficult variants. In particular, SGraSV preserves characteristic insertion
patterns for mobile elements that are often fragmented by existing callers. These findings
support graph-based representation of alignment evidence as a practical strategy for improving
structural variant discovery in heterogeneous genomic datasets.

Introduction

Structural variants (SVs) are large genomic changes of 50 base pairs or more, including deletions (DELs),
insertions (INSs), inversions (INVs), and duplications (DUPs). At the DNA and RNA levels, these large
alterations disrupt gene regulation, cause gene fusions, and alter splicing, leading to severe genetic
disorders, neurodevelopmental conditions, and cancer 2. SVs calling with long-read sequencing has
greatly improved the detection of genomic rearrangements 3, but longer reads have not eliminated a
basic problem: signals generated by the same SV are often inconsistent across reads and sequencing
platforms. Widely used callers such as Sniffles2 *°, cuteSV &7 and SVIM #° aggregate split reads,
supplementary alignments, soft clipping and local indels using coordinate-based clustering and
empirically tuned thresholds. This works well when breakpoint signals are compact, but becomes less
reliable when signals are dispersed or distorted by local sequence context. The problem is particularly
apparent for 50 — 200bp SVs, where alignment jitter and short indel errors can shift breakpoint
coordinates by only a few bases, enough to fragment a true event under a strict clustering rule, but
close enough to merge neighboring artifacts under a permissive one.

Mobile element insertions (MEls) expose the same limitation more clearly >*2, Alu (~300bp), SVA
(~1.5 — 3kb) and full-length LINE-1 (~6kb) insertions can generate soft-clipped segments,
supplementary alignments and target-site duplications (TSDs) around the same insertion site
Treating these signals primarily by genomic proximity can therefore truncate the inserted sequence or
split one event into multiple calls. DUPs and INVs pose a related problem because their evidence often
involves conflicting mapping orientations or multiple local alignment configurations. Our benchmarking
was designed around these failure modes rather than relying only on aggregate SV F1-scores: we tested
PacBio CCS (HiFi), PacBio CLR and ONT data across 5—70x coverage ¥/, evaluated nine genomes from
three HGSVC trios for complex SVs '8, and examined 65 HGSVC3 individuals sequenced on both PacBio
CCS and ONT. This was motivated by a practical concern: a caller that performs well on one platform is
not necessarily producing the same biological signal on another.

13-16

We therefore developed SGraSV, which represents SV evidence as a learned graph rather than relying
primarily on breakpoint proximity. The framework converts split-read, clipping, supplementary-



alignment and sequence-context signals into a 32-dimensional signature, learns a 128-dimensional
representation using self-supervised VICReg training 1%, and groups related signatures through graph-
based clustering. Candidate classification then integrates 42 features describing read support, alignment
geometry, cluster compactness and dispersion, sequence context and variant characteristics. This design
arose from an empirical observation in our ablation analysis: removing the compactness-and-dispersion
module reduced overall F1 from 0.978 to 0.887, a larger loss than removing the other individual feature
modules. We therefore interpret SGraSV's gain not simply as an advantage from using more features, but
as evidence that the spatial coherence of supporting alignment signals is itself a useful discriminator
between true SVs and alignment artifacts.

We evaluated SGraSV across progressively more challenging settings, from controlled multi-platform
benchmarking to population-scale analysis. The framework was assessed on PacBio CCS, PacBio CLR, and
ONT datasets spanning different sequencing depths, followed by evaluation of complex DUP and INV
events and size-stratified SV detection. We further tested cross-platform reproducibility in 65 HGSVC3
individuals sequenced using both PacBio CCS and ONT, and performed orthogonal short-read
realignment analysis across 3,202 genomes from the 1000 Genomes Project (1KGP) . On the 65
HGSVC3 individuals, SGraSV produced 1,972,923 SVs from PacBio CCS and 1,978,727 from ONT, with
1,915,242 shared calls and 94.05% cross-platform concordance. In the most difficult 50 — 200bp range,
SGraSV achieved F1-scores of 0.75 for combined SVs on CCS and 0.69 on ONT, compared with 0.53 and
0.39 for cuteSV. These results led us to evaluate not only sensitivity and precision, but also breakpoint
resolution, Mendelian consistency, rare-variant validation and MEI resolution, asking whether learned
structural representations can remain stable when sequencing chemistry, coverage and population
context change.

Results
Overview of the SGraSV framework

Long-read sequencing technologies have substantially expanded the catalog of human genomic
structural variation (SV) 3. However, alighment noise, ambiguous soft-clipping in tandem repeats, and
non-uniform coverage fluctuations continue to introduce false positives and inaccurate breakpoint
estimates “. To address these challenges, we developed SGraSV (Self-supervised Graph representation
learning framework for SV detection), an end-to-end framework that unifies dynamic sequence
modulation, self-supervised representation learning, topological graph clustering, and deep probabilistic
scoring.

The pipeline operates in four sequential stages as shown in Fig. 1: (1) Signature Feature Vectorization:
Long-read alignment files (BAM) are scanned to detect localized structural signals, including split
alignments, soft/hard clipping, and intra-read INSs or DELs. For each candidate read signature i, SGraSV
computes a 32-dimensional feature vector x; € R3? (see Methods, Supplementary Note S1 and Table
S1). This vector incorporates standard positional and mapping statistics (such as mapping quality, clip
position, read orientation, and local depth) alongside two dynamic sequence-level properties: local K-
mer frequency entropy (Hy, calculated over a 200 bp flanking window) and local Smith-Waterman re-
alignment identity (Ss,,, calculated by dynamic re-alignment of clipped read tails against reference
flanks) 172223, (2) Self-Supervised Feature Decorrelation (VICReg) °: Rather than relying on uncalibrated
heuristic distance metrics, signature vectors are passed into a neural encoder fy trained via VICReg (see
Methods). Through non-contrastive self-supervised learning on random feature perturbations (Gaussian



noise addition and feature dropout), the encoder maps raw signatures into a disentangled 128-
dimensional latent embedding space, removing redundant mapping noise while preserving true
structural relationships. (3) Topological Signature Graph Clustering: Pairwise cosine similarities are
computed among signature embeddings within overlapping genomic windows. An unweighted graph

G = (V,E) is constructed where nodes represent read signatures and edges represent latent similarities
exceeding a similarity threshold (t = 0.85). Connected component partitioning groups co-occurring
read sighatures into candidate SV clusters 2* (see Methods and Supplementary Note S2). (4) Probabilistic
Candidate Scoring via 1D CNN: Signature clusters k are aggregated into candidate-level feature matrices
(X, € R*?) and passed through a 1D CNN ?* (see Methods, Supplementary Note S3, and Table S2). The
CNN outputs a calibrated probability P, € [0,1]. Candidates meeting a user-defined or adaptive
threshold (P, = 0.50) are written to the final VCF callset.

To prevent spatial data leakage and ensure unbiased generalization across all evaluations, model
parameters for the VICReg encoder and 1D CNN scorer were trained exclusively on autosomes chrl—
chrl0, hyperparameter-tuned on chrll—chr12, and evaluated strictly on the held-out test set chr13—
chr22 across all benchmarks unless explicitly stated otherwise %° (see Methods).

Benchmarking SGraSV performance across platforms, depths, and genome builds on HG002

To evaluate the robustness and sensitivity of SGraSV across different sequencing technologies, coverage
depths, and human reference assemblies, we conducted comprehensive benchmarking on the Genome
in a Bottle (GIAB) HG002 sample 2728, Evaluated datasets (Table 1) encompassed ONT (5x, 10x, 20x and
48x), PacBio CLR (5x, 10x, 20%, 35x and 70x), and PacBio CCS (5%, 10x and 28x) 172223 A|| callsets were
aligned against both GRCh37 and GRCh38 reference genomes and strictly evaluated within the HG002
Tierl high-confidence regions using Truvari (v4.1.0) 2°. Under the standardized evaluation protocol, a
breakpoint matching threshold of r = 100 was set without sequence comparison (—P 0.00) to ensure
consistent evaluation across symbolic and sequence-resolved calls (see Supplementary Note S4).
Complete variant-level evaluation metrics (Precision, Recall, and F1-score for DELs, INSs, and overall
mean) are cataloged in Supplementary Tables S4, S5 and Fig. 2. We compared SGraSV against three
widely adopted long-read SV callers: cuteSV %7, Sniffles2 **, and SVIM &° (version and parameter used
the tools see Supplementary Note S5). Statistical significance was assessed using two-sided paired t-tests
and Wilcoxon signed-rank tests across n = 24 experimental condition pairs (Supplementary Tables S6 and
S7).

Across all evaluated conditions, SGraSV achieved superior overall detection performance (Fig. 2 and
Table S6), securing a mean F1-score of 0.8976 (0.9106 for DELs and 0.8847 for INSs). This significantly
exceeded the performance of cuteSV (mean F1 = 0.8625), Sniffles2 (mean F1 =0.8477), and SVIM (mean
F1 =0.8233). Specifically, SGraSV yielded an average absolute F1-score improvement of +3.52% over
cuteSV (two-sided paired t-test p = 3.69 X 10716 ; Wilcoxon p = 1.19 x 1077), +4.99% over Sniffles2
(p = 2.84 x 10717), and +7.43% over SVIM (p = 2.72 x 107 18; Table S6). These statistical gains confirm
that SGraSV’s graph self-supervised learning representation provides a fundamental algorithmic
advantage in SV discovery.

Subgroup analysis across sequencing platforms demonstrated the robust adaptability of SGraSV to
diverse read error profiles and length distributions (Fig. 2a-c and Tables S6). On PacBio CLR datasets (n =
10), SGraSV achieved a peak platform-level mean F1-score of 0.9080, outperforming cuteSV (0.8733,
+3.47%, p = 1.50 X 107°), Sniffles2 (0.8576, +5.04%, p = 1.54 X 10~7), and SVIM (0.8323, +7.57%, p =



7.21 x 1078). On ONT datasets (n = 8), characterized by ultra-long reads with indel noise, SGraSV
maintained an average F1-score of 0.8942, delivering improvements of +3.48% over cuteSV (p =

4,30 x 1078), +4.83% over Sniffles2 (p = 3.39 x 107°), and +7.24% over SVIM (p = 2.87 x 107°). On
PacBio CCS datasets (n = 6), SGraSV sustained a leading mean F1-score of 0.8849, significantly surpassing
cuteSV (0.8485, +3.64%, p = 5.71 x 10™%), Sniffles2 (0.8336, +5.13%, p = 1.64 x 10™%), and SVIM
(0.8102, +7.47%, p = 5.38 x 107°).

SGraSV demonstrated exceptional resilience under low-coverage regimes, which represent crucial
constraints for cost-effective clinical and population-scale genomics ¥ (Fig. 2 and Table S7). At 5x ultra-
low depth (n = 6), where sparse read support caused severe degradation in baseline tools (cuteSV:
0.8147; Sniffles2: 0.7928; SVIM: 0.7645), SGraSV preserved a high mean F1-score of 0.8551. This
translates to an expanded gain of +4.04% over cuteSV (p = 8.18 x 107°), +6.23% over Sniffles2 (p =
1.06 X 1077), and +9.05% over SVIM (p = 8.27 x 10~7; Table S6). At 10x depth (n = 6), SGraSV achieved
a mean F1-score of 0.8789 (+3.64% to +8.08% gains; p < 0.001). As coverage increased to 20x (n = 4),
SGraSV reached a mean F1-score of 0.9106 (+3.87% over cuteSV, p = 8.58 X 10™%), eventually scaling to
0.9559 on 70x CLR data (Fig. 2 and Table S7).

Regarding variant-type dynamics, all tools exhibited higher detection accuracy for DELs than INSs (Table
S4 and S5). However, SGraSV achieved its most pronounced advantages on INSs, attaining a mean
insertion F1-score of 0.8847 compared to cuteSV (0.8490), Sniffles2 (0.8358), and SVIM (0.8109), thereby
effectively resolving false negatives in difficult insertion regions (Table S4 and S5). Furthermore, SGraSV
displayed consistent performance across GRCh37 and GRCh38 coordinate systems, demonstrating that
its graph topology representations are invariant to reference genome choice and reference bias 3.

Cross-platform performance and breakpoint localization accuracy

To evaluate the cross-platform generalization and spatial precision of SGraSV across diverse long-read
sequencing architectures, we benchmarked SGraSV against state-of-the-art SV callers: cuteSV, Sniffles2,
and SVIM (version and parameter used the tools see Supplementary Note S5), across three major long-
read platforms: PacBio CCS (28x), PacBio CLR (70x), and ONT (48x). Beyond standard detection metrics,
we systematically assessed model resilience by enforcing progressively stringent breakpoint distance
tolerance thresholds (r = 200, 100, 50bp) alongside rigorous quantitative evaluations of continuous
breakpoint positioning errors % (Fig. 3).

Across all platforms and spatial thresholds, SGraSV consistently achieved the highest F1-scores,
demonstrating exceptional resilience against distance tolerance decay (Fig. 3a and Supplementary Table
8). In the global pooled analysis across all 9 experimental conditions (3 platforms x 3 distance
tolerances), SGraSV attained a mean F1-score of 0.9051+0.0814, significantly outperforming cuteSV
(0.883240.0824; paired t-test p = 8.89 x 107°), Sniffles2 (0.868140.0883; paired t-test p =

7.06 x 107°), and SVIM (0.8378+0.1004; paired t-test p = 1.38 x 10~*). Notably, while benchmark
tools exhibited sharp performance drops when the geometric tolerance was tightened from r = 200bp
to r = 50bp, particularly on noisy long reads such as PacBio CLR (where cuteSV dropped by 0.2288 and
Sniffles2 by 0.2140), SGraSV retained robust detection power (F1 = 0.8450 on CCS, 0.7582 on CLR, and
0.8028 on ONT at r = 50bp). This underscores that SGraSV's graph-based topology modeling effectively
suppresses alighment noise without compromising spatial precision 243,



Direct quantification of breakpoint positioning accuracy further highlighted the precise localization
capability of SGraSV (Fig. 3b and Supplementary Table S9). Across all three long-read sequencing
platforms, SGraSV consistently achieved the lowest median breakpoint error among the evaluated
callers. On PacBio CCS reads, SGraSV showed a median breakpoint error of 0.00 bp, compared with 1.07
bp for cuteSV, 1.16 bp for Sniffles2, and 1.89 bp for SVIM. This advantage was accompanied by
significantly higher proportions of precisely localized breakpoints, with 94.88% of SGraSV calls falling
within 10 bp and 99.28% within 50 bp, compared with 85.12—79.28% and 97.60-95.60%, respectively,
for the comparator callers. Similar improvements were observed on PacBio CLR, where SGraSV achieved
a median error of 0.00 bp versus 1.16 bp for cuteSV, 1.23 bp for Sniffles2, and 2.17 bp for SVIM, with
91.72% of SGraSV breakpoints localized within 10 bp and 98.92% within 50 bp. On ONT reads, SGraSV
maintained the highest breakpoint resolution, with a median error of 0.00 bp compared with 1.36, 1.69,
and 2.77 bp for cuteSV, Sniffles2, and SVIM, respectively; 92.48% of SGraSV breakpoints were within 10
bp and 98.72% within 50 bp. Across all nine pairwise comparisons, the reduction in breakpoint error
relative to competing callers was highly significant (two-sided paired Wilcoxon signed-rank test, FDR-
adjusted p < 1.4 x 1078; Supplementary Table S9).

These results demonstrate that SGraSV effectively bridges the trade-off between sensitivity and spatial
refinement. Traditional heuristic callers rely heavily on primary alignment signatures that degrade rapidly
under high error rates or strict geometric cutoffs. In contrast, SGraSV’s self-supervised graph
representations capture intricate non-linear local genomic contexts, enabling precise breakpoint
resolving capabilities regardless of sequencing chemistry or error profile °.

Complex rearrangements: multi-type SV detection on real and synthetic data

Accurate identification of complex structural rearrangements, specifically DUPs and INVs, remains a
fundamental bottleneck for conventional long-read mapping tools. Unlike balanced DELs or novel INSs,
DUPs and INVs frequently disrupt local alignment orientations or introduce nested alignment signatures
within complex, repetitive genomic regions. To rigorously test whether SGraSV overcomes these
topological constraints with high statistical confidence, we performed comprehensive benchmarking on
both synthetic datasets and high-depth real sequencing data across PacBio CCS 3! and ONT 32 platforms
(Supplementary Note S6, Table S10, S11, and Fig. 4).

For realistic benchmarks, we evaluated SGraSV alongside cuteSV, Sniffles2, and SVIM using real long-read
data from nine individuals spanning three geographically diverse pedigree trios from the HGSVC (Table 1
and Table S3): the Southern Han Chinese trio (CHS: HG00512, HG00513, HG00514), the Puerto Rican trio
(PUR: HG00731, HG00732, HG00733), and the Yoruba trio (YRI: NA19238, NA19239, NA19240). Ground-
truth variant sets were derived from the lllumina-based 1KGP integrated SV callset 1¥2! (Table S3).
Crucially, to eliminate random false positives induced by sequencing artifact noise, we established a
strict inheritance-based filtering criterion: only variants carried by exactly one sample per trio (trio-
private SVs) were retained as the evaluation truth set 3. Because true private mutations or rare inherited
variants within a tightly controlled pedigree exhibit high biological fidelity, this protocol provides an
exceptionally clean benchmark for complex SV evaluation 3** (Supplementary Note S6).

Statistical significance was assessed using paired two-tailed t-tests and Wilcoxon signed-rank tests across
individual samples (n=9) and simulated genomic blocks (n=10). On real PacBio CCS data across the nine
HGSVC individuals, SGraSV achieved top-tier performance for both complex variant classes, attaining
mean F1-scores of 0.8683 for DUPs (Precision: 0.8820, Recall: 0.8550) and 0.8538 for INVs (Precision:



0.8680, Recall: 0.8400). This performance improvement over the second-best caller, cuteSV (DUP F1:
0.8182; INV F1: 0.7931), was statistically significant (AF1= +0.0501, p = 1.00 x 10~ for DUPs; AF1=
+0.0607, p = 7.28 x 107 for INVs; Supplementary Table S11). On real ONT data, where read-level error
rates and chimeric alignments are more pronounced, SGraSV maintained robust detection accuracy,
securing mean F1-scores of 0.8448 for DUPs and 0.8283 for INVs, outperforming cuteSV, Sniffles2, and
SVIM with uniform statistical significance (p < 1.00 X 10~* across all pairwise comparisons; Fig. 4a,b).

Consistent advantages were further confirmed on simulated benchmark datasets. Under synthetic
PacBio CCS sequencing, SGraSV reached an F1-score of 0.9334 on DUPs and 0.9264 on INVs,
outperforming cuteSV by 3.61% (p = 1.28 x 107°) and 4.26% (p = 3.50 x 107°) in F1-score
(Supplementary Table S11), respectively. On synthetic ONT datasets, SGraSV preserved high precision
and recall (DUP F1: 0.9164; INV F1: 0.9034), demonstrating that its self-supervised graph representation
learning framework effectively disentangles non-linear breakpoint topology and strand-orientation
ambiguities regardless of platform-specific read characteristics (Fig. 4c,d).

Size-stratified resolution analysis across distinct variant length spectrums

To evaluate the resolution and stability of SGraSV across varying SV scales, performance was
benchmarked across nine individual human genomes spanning three HGSVC pedigree trios (CHS:
HG00512/3/4; PUR: HG00731/2/3; YRI: NA19238/9/40) 8¢ against 1KGP integrated SV truth sets &2
(see Supplementary Note S7, Table 1 and Table S3). Candidate calls were stratified into three SV length
categories: small (50 — 200bp), medium (200 — 1000bp), and large (> 1000 bp) for DELs, INSs, and
overall variants across both PacBio CCS 3! and ONT 3? platforms (Fig. 5a—f). Detecting small SVs within the
50-200 bp range remains exceptionally challenging for conventional long-read callers due to sequencing
artifacts, localized alighment ambiguities, and high rates of spurious Indels 3. Across all nine benchmark
genomes, SGraSV demonstrated substantial performance improvements over existing state-of-the-art
tools (cuteSV, Sniffles2, and SVIM), maintaining consistently high F1-scores across all length spectrums
(Fig. 5a—f).

In the most challenging small SV category (50 — 200bp), SGraSV achieved remarkable detection
accuracy on the PacBio CCS platform, yielding F1-scores of 0.78 for DELs, 0.72 for INSs, and 0.75 overall
(Fig. 5a—c). In comparison, competing tools exhibited pronounced performance drops in this regime:
Sniffles2 reached F1-scores of only 0.56 (DELs) and 0.49 (INSs) (0.53 Overall), cuteSV scored 0.62 (DELs)
and 0.56 (INSs) (0.59 Overall), while SVIM scored 0.38 (DELs) and 0.37 (INSs) (0.38 Overall) (Fig. 5a—c). A
similar pattern was observed on the ONT platform, where SGraSV achieved F1-scores of 0.71 for DELs,
0.66 for INSs, and 0.69 overall, substantially outperforming Sniffles2 (0.40 DELs / 0.37 INSs / 0.39
Overall), cuteSV (0.47 DELs / 0.42 INSs / 0.45 Overall), and SVIM (0.29 DELs / 0.25 INSs / 0.27 Overall)
(Fig. 5d—f). Quantitative evaluation of short-variant performance gains (AF1) revealed that SGraSV
achieved remarkable absolute F1-score increases of +0.16 to +0.24 over Sniffles2, +0.22 to +0.31 over
cuteSV, and +0.35 to +0.42 over SVIM across both platforms (Fig. 5g—i, Supplementary Table $12). Two-
sided paired Wilcoxon signed-rank tests confirmed that all observed performance gains across short
DELs, INSs, and total SVs were highly statistically significant (p < 0.0001; Supplementary Table $12). This
breakthrough in short SV resolution highlights the effectiveness of unifying self-supervised graph neural
representations 237 with localized topological alighment features 3%, enabling SGraSV to successfully
filter out transient alignment noise and read-jitter that typically degrade short variant calling.



As variant length increased into the medium (200 — 1000bp) and long (> 1000bp) spectrums, SGraSV
maintained its leading accuracy while all baseline methods showed progressive recovery (Fig. 5a—f). In
the 200 — 1000bp range, SGraSV achieved F1-scores of 0.92 (DELs) / 0.88 (INSs) (0.90 Overall) on PacBio
CCS and 0.90 (DELs) / 0.86 (INSs) (0.88 Overall) on ONT, consistently exceeding cuteSV (0.83 PacBio /
0.79 ONT) and Sniffles2 (0.78 PacBio / 0.72 ONT) (Fig. 5a—f). For long SVs (> 1000bp), SGraSV scaled
robustly to achieve top-tier performance, reaching F1-scores of 0.96 (DELs) / 0.94 (INSs) (0.95 Overall) on
PacBio CCS and 0.95 (DELs) / 0.93 (INSs) (0.94 Overall) on ONT (Fig. 5a—f). Collectively, these size-
stratified benchmarking results demonstrate that SGraSV provides a high-resolution, robust, and length-
adaptive framework that effectively eliminates size-dependent calling biases across diverse population
backgrounds and sequencing platforms.

Utility in large-scale population studies: application to the 1000 Genomes Project multi-platform
cohort

To evaluate the cross-platform reproducibility, population-scale scalability, and inheritance fidelity of
SGraSV in real-world cohorts, we applied our framework to 65 diverse individuals from the HGSVC3 1836
(Table 1) sequenced on both PacBio CCS and ONT platforms, alongside short-read local realignment
validation across 3,202 samples from the 1KGP integrated SV catalog *%! (Fig. 6, Supplementary Note S8,
Table S13-15).

Evaluation of platform concordance across 65 HGSVC3 individuals demonstrated high cross-platform
reproducibility of SGraSV calls (Fig. 6a). Across the evaluated samples, SGraSV identified 1,972,923 SVs
on PacBio CCS and 1,978,727 SVs on ONT, with 1,915,242 calls shared between the two platforms,
corresponding to a cross-platform concordance of 94.05% (Table S13). In comparison, Sniffles2, cuteSV,
and SVIM showed substantially lower concordance rates of 81.3% (4,115,216 shared calls), 80.1%
(1,314,083 shared calls), and 79.9% (1,106,458 shared calls), respectively (Table S13). These results
indicate that SGraSV provides substantially more consistent SV detection across distinct long-read
sequencing chemistries. We further performed orthogonal validation using short-read local realignment
across 3,202 1KGP individuals to assess the reliability of SGraSV calls across the allele-frequency
spectrum (Fig. 6b). Validation support increased progressively with allele frequency. Among rare variants
(AF < 0.01), 72.4% of SGraSV calls showed full support from short-read alignments, whereas this
proportion increased to 95.2% for common variants (AF = 0.05) (Table S14). More specifically, complete
read-alignment support was observed for 56.1% of ultra-rare variants (AF < 0.1%; n=12,684), 67.5%
of variants with AF of 0.1-1% (n = 23,754), 77.1% with AF of 1-5% (n = 34,892), 84.2% with AF of 5-20%
(n =48,916), 88.6% with AF of 20-50% (n = 31,567), and 92.3% of variants with AF > 50% (n = 12,478)
(Fig. 6b). When partial read support was also included, the overall validation rate exceeded 83.9% even
among ultra-rare variants (AF < 0.1%) and reached 97.7% for common variants (AF > 50%).

Assessment of inheritance consistency within the Yoruba pedigree trio (YRI: NA19238, NA19239,
NA19240) 3> further highlighted SGraSV's superior fidelity across diverse mutational classes (Fig. 6c¢).
SGraSV achieved top-tier Mendelian consistency rates of 98.6% for DELs, 97.8% for INSs, 94.5% for DUPs,
and 91.2% for INVs (Fig. 6¢). Baseline tools suffered noticeable accuracy drops, particularly on complex
rearrangements; for instance, Sniffles2, cuteSV, and SVIM achieved inversion Mendelian consistency
rates of only 78.4%, 72.0%, and 60.8%, respectively (Two-sided Fisher’s exact test, p = 2.1 X 10~7; Table
S15). Population-level allele frequency distribution of SGraSV-identified SVs (overlapping SVs between
CCS and ONT across 65 diverse individuals, 1,972,923 shared variants) was evaluated across 3,202 1KGP
lllumina-based samples, comparing novel SVs absent from existing catalogs with previously HGSVC3-



cataloged SVs (Fig. 6d). Novel variants (n = 312,457) were heavily enriched for rare alleles, with 49.7%
exhibiting AF < 0.1% and 26.0% exhibiting AF = 0.1 — 1%, whereas HGSVC3-cataloged variants (n =
1,523,894) were predominantly moderate-to-common (39.1% at AF = 5 — 20% and 29.6% at AF =
1 — 5%) (Fig. 6d).

Finally, we performed dedicated benchmarking of MEls discovery across the 65 HGSVC3 individuals (Fig.
6e,f). SGraSV demonstrated superior accuracy across major retrotransposon classes, achieving F1-scores
of 0.96 for polymorphic Alu insertions (~300bp), 0.92 for full-length Line-1 (L1, ~6.0kb) elements, and
0.90 for SVA (~1.5 — 3.0 kb) retrotransposons (Fig. 6e). In comparison, Sniffles2 achieved lower F1-
scores of 0.74 (Alu), 0.71 (L1), and 0.65 (SVA) (Paired Wilcoxon signed-rank test, p < 0.0001). Length
frequency density analysis revealed that SGraSV accurately recovered distinct, sharp density peaks
corresponding to polymorphic Alu (~300bp) insertions (Fig. 6f). In contrast, baseline callers displayed
signal attenuation and length truncation near TSDs, establishing SGraSV as a powerful tool for
population-scale genomic architecture and retrotransposition discovery.

Deciphering SGraSV's logic: latent space manifold and feature importance analysis

To elucidate how SGraSV distinguishes true SV from complex sequencing artifacts and mapping noise, we
systematically analyzed the 42-dimensional candidate-level feature representations (X;) and the internal
decision logic of the 1D CNN classifier (see Methods and Supplementary Note S9). Bottleneck activations
extracted from the third Convi1D block (128-channel output) prior to the classification head for 10°
validated candidate loci on the held-out test set (HG002 autosomes chr13—chr22) 33 were visualized
using Uniform Manifold Approximation and Projection (UMAP) 3 (Fig. 7a). The resulting high-
dimensional embedding space reveals a highly structured latent manifold, where 2D projections
demonstrate clear spatial separation between true SVs (blue) and alignment false positives (orange) (Fig.
73, left). Furthermore, 3D UMAP projections highlight distinct, tightly bounded clustering corresponding
to specific true SV categories (DELs, INSs, DUPs, INVs) alongside isolated artifact clusters (Fig. 7a, right).
This spatial segregation confirms that the 1D CNN successfully learns a continuous representation of
cluster compactness and support stability.

Quantifying the individual contribution of each dimension within X, via SHapley Additive exPlanations
(SHAP) values “ further highlights the synergistic roles of microscopic alignment quality and macroscopic
cluster cohesion (Fig. 7b). Beeswarm distributions and mean absolute SHAP ranking rank Embedding
Consistency (x,o) and Coordinate Dispersion (x;4, X15) from Module 3 as the top drivers of candidate
precision (Fig. 7b, left and right). High pairwise cosine similarity among node embeddings (= 0.85)
within a cluster yields the strongest positive SHAP values (pink points), whereas high coordinate
dispersion (024, 02,4 > 502) strongly penalizes candidate probability (pink points with negative SHAP
values) to prune internally loose clusters. Additionally, median primary MAPQ (x-), support ratio (x3),
and mean alignment identity (x,,) serve as essential secondary gates to suppress mapping artifacts and
dynamically calibrate classifier tolerances across diverse sequencing environments 32 (Fig. 7b).

To rigorously evaluate the necessity of individual feature components, representation architectures, and
scoring heads, we conducted comprehensive ablation studies on HG002 autosomes chr13—chr22 >33 (Fig.
7c and Supplementary Table S16). Comparing classification F1-scores across configurations confirms that
the full SGraSV model achieves superior baseline performance (Precision = 0.982, Recall =0.974, F1-
score = 0.978) (Table S16). Leave-one-module-out (LOMO) experiments show that excluding Module 3
(Compactness & Dispersion) causes the most severe performance drop across all SV categories, with



overall F1-score dropping to 0.887 (AF1 = —9.1%) (Fig. 7c and Table S16), and particularly sharp
declines observed in complex INVs (F1 = 0.842) and DUPs (F1 =~ 0.858) (Fig. 7c). Removing Module 2
(Geometry Aggregation) or Module 4 (Multi-Source Evidence Ratios) led to F1-score reductions of 2.6%
(F1 =0.952) and 3.2% (F1 = 0.946), respectively (Table S16), whereas omitting Module 1, Module 5,
or Module 6 resulted in moderate performance drops AF1 ranging from -1.3% to -2.0%) (Fig. 7c and
Table $16). Furthermore, replacing the VICReg self-supervised encoder 1°2° with raw heuristic
embeddings decreased F1-score by 4.2%, and substituting the 1D CNN scoring head with a standard MLP
head or Random Forest classifier caused performance losses of 3.4% and 5.0%, respectively (Table S16).
Collectively, these ablation and attribution results validate that the 42D dual-tier feature architecture
combined with VICReg representation and 1D CNN scoring provides a robust, interpretable, and
platform-adaptive framework for deep probabilistic SV detection.

Discussion

Learned topology addresses a specific failure mode of coordinate-based SV calling

The strongest evidence for SGraSV does not come from its overall F1-score alone, but from the variant
classes and length ranges in which the improvement becomes largest. Conventional long-read callers
aggregate split alignments, supplementary alignments, clipping and intra-read indels into candidate
events using alighment geometry and clustering criteria 1.2, These signals are informative when
multiple reads produce similar breakpoint coordinates, but the assumption becomes weaker when one
biological event generates several partially overlapping alignment configurations 2. In our benchmark,
this weakness was most apparent for 50-200-bp SVs. SGraSV achieved F1-scores of 0.78 for DELs and
0.72 for INSs on PacBio CCS, compared with 0.56 and 0.49 for cuteSV and 0.62 and 0.56 for Sniffles2. On
ONT, the corresponding SGraSV scores were 0.71 and 0.66, whereas cuteSV reached only 0.40 and 0.37.

This pattern is more informative than the absolute gain itself. If SGraSV were simply benefiting from a
more permissive support threshold, similar gains should be expected across variant sizes. Instead, the
largest gains occur where breakpoint jitter and local indel noise make coordinate-based grouping least
stable 33. The breakpoint analysis points in the same direction: SGraSV showed a median breakpoint
error of 0 bp on PacBio CCS, CLR and ONT, with 94.88%, 91.72% and 92.48% of calls, respectively, within
10 bp.

The ablation analysis provides a mechanistic clue 1. Removing the cluster compactness and dispersion
module caused the largest performance loss among the six feature modules, reducing overall F1 from
0.978 to 0.887. This result argues against interpreting SGraSV as simply a larger feature-based classifier.
What appears to matter is whether supporting reads form a coherent configuration in the learned
representation space. In other words, SGraSV is not only asking whether enough reads support an SV; it
is asking whether those reads support the same structural interpretation.

MEI resolution illustrates why sequence context cannot be reduced to breakpoint distance

MEIs provide a particularly stringent test of this representation. Alu, L1 and SVA insertions generate
combinations of inserted sequence, clipping, supplementary alignment and local repetitive context,
while TSDs can complicate the apparent boundaries of an insertion #2. In the 65 HGSVC3 individuals 8
(Table 1), SGraSV achieved F1-scores of 0.96 for Alu, 0.92 for full-length L1 and 0.90 for SVA, compared
with 0.74, 0.71 and 0.65 for Sniffles2 4. Length-density analysis further showed sharp recovery of the



expected Alu insertion distributions, whereas baseline callers showed attenuation and truncation around
TSD-associated boundaries.

We therefore interpret the MEI result cautiously. The experiment does not demonstrate that SGraSV
“solves” TSD alignment ambiguity, because the benchmark itself is based on annotated MEI classes and
length distributions rather than direct assembly-level reconstruction of every insertion *3, What it does
show is that combining alignment topology with local sequence modulation is useful for retaining
insertion structure that is otherwise more frequently shortened or fragmented. This interpretation is
consistent with the feature design: SGraSV explicitly measures upstream and downstream Smith—
Waterman identity, 3-mer entropy and local GC bias in a 200-bp context rather than relying exclusively
on CIGAR-derived span and breakpoint position.

The same reasoning may explain the performance on DUPs and INVs. On nine HGSVC genomes from
CHS, PUR and YRI trios, SGraSV achieved F1-scores of 0.8683 for DUPs and 0.8538 for INVs on PacBio
CCS, compared with 0.8182 and 0.7931 for cuteSV. On ONT, SGraSV retained F1-scores of 0.8448 and
0.8283 for DUPs and INVs, respectively. These results suggest that the learned representation is
particularly useful when a structural event cannot be summarized reliably by a single canonical
breakpoint configuration.

Cross-platform reproducibility provides a stronger test than single-platform accuracy

The 65-individual HGSVC3 analysis addresses a limitation of many SV benchmarks: a caller can achieve
high accuracy while remaining sensitive to the sequencing chemistry used to generate the input reads
3132 SGraSV identified 1,972,923 SVs from PacBio CCS and 1,978,727 from ONT, with 1,915,242 shared
calls, corresponding to the reported 94.2% cross-platform concordance. Sniffles2, cuteSV and SVIM
showed substantially lower concordance rates of 81.3%, 80.1% and 79.9%, respectively.

This result should not be interpreted as 94.05% accuracy. Two sequencing platforms can reproduce the
same false-positive call, and concordance can also increase if a method becomes overly conservative. Its
value is different: the SGraSV decision process appears less sensitive to platform-specific perturbations in
the alignment evidence. This distinction matters for population studies in which samples are rarely
generated under perfectly matched sequencing conditions.

The pedigree analysis * provides an independent check. In the Yoruba trio NA19238—-NA19240, SGraSV
achieved Mendelian consistency rates of 98.6% for DELs, 97.8% for INSs, 94.5% for DUPs and 91.2% for
INVs. The corresponding inversion consistency rates were only 78.4%, 72.0% and 60.8% for Sniffles2,
cuteSV and SVIM. The particularly large difference for inversions is consistent with the hypothesis that
representing relationships among heterogeneous alignment signals is more useful for complex
rearrangements than simply increasing read support.

Rare-variant validation exposes both the strength and the limit of population-scale calling

Applying SGraSV to 3,202 1KGP genomes 82! revealed a substantial enrichment of previously
uncatalogued calls among low-frequency variants. Among SGraSV calls, 49.7% of novel variants were in
the ultra-rare frequency range and a further 26.0% had AF of 0.1-1%, whereas previously catalogued
HGSVC3 variants were concentrated at higher frequencies. This distribution is biologically plausible, but



it raises an important methodological question: are newly observed rare SVs genuinely population-
specific variants, or are some simply harder-to-filter alignment artifacts?

The short-read realignment analysis provides partial, rather than definitive, evidence. Complete short-
read support was observed for 56.1% of ultra-rare variants (n = 12,684), increasing to 67.5% for AF 0.1—
1%, 77.1% for AF 1-5%, and 92.3% for the highest-frequency group (n = 12,478). Including partial
support increased validation to 83.9% for ultra-rare variants and 97.7% for common variants.

The frequency-dependent trend is important because it prevents overinterpreting the rare-variant result.
The 56.1% full-support rate does not mean that 43.9% of ultra-rare calls are false positives. Short-read
realignment is itself an imperfect validation strategy for long-read-defined SVs, particularly for repetitive
insertions and events whose sequence representation differs between platforms 3. At the same time, the
result does not justify treating every rare SGraSV call as genuine. The appropriate conclusion is narrower:
a substantial fraction of previously uncatalogued rare SVs obtains independent short-read support, while
the remaining calls require assembly- or orthogonal-sequencing-based validation.

Computational overhead remains the main trade-off

The representation used by SGraSV comes at a computational cost that heuristic callers largely avoid.
Candidate generation requires scanning 200-bp overlapping windows, constructing 32-dimensional
signature vectors, computing sequence-level features, learning 128-dimensional embeddings and
constructing a KNN graph in latent space ¥°. At high coverage, this creates many candidate signatures
before graph consolidation, making memory management an important implementation issue.

The computational benchmark was therefore performed explicitly across CPU thread configurations on a
64-thread Intel Xeon Gold 6330 system with 256 GB RAM and an RTX 4090 GPU with 24 GB VRAM.
Runtime and peak memory were measured from 4 to 64 threads (Supplementary Note 10 and Fig. S1).
The current results support GPU acceleration as a practical way of reducing the cost of the learned
embedding and inference stages, but they do not yet establish that SGraSV is computationally superior
to lightweight callers across population-scale workloads (Supplementary Table S17 and Fig. S1).

This trade-off is worth stating explicitly. SGraSV is not intended to replace every heuristic caller simply
because it achieves a higher F1-score. Its computational burden is most defensible when the analysis
requires accurate breakpoint positioning, short-SV recovery, complex rearrangement detection or cross-
platform consistency. Future optimization should therefore focus less on enlarging the neural
architecture and more on reducing candidate generation and graph-construction overhead, particularly
through sparse representations, earlier candidate consolidation and adaptive graph construction.

Limitations and implications

Several limitations define the scope of the current conclusions. First, the main model-development
experiments use HG002, with training on chromosomes 1-18, validation on chromosome 19 and testing
on chromosomes 20—-22, while independent HGSVC genomes provide external evaluation. This
chromosome-level separation reduces local sequence leakage, but it does not replace training and
testing across substantially larger and more diverse genomes.



Second, HG002 benchmark evaluation was restricted to GIAB Tier1 high-confidence regions 2’33, The
independent HGSVC3 analysis partially compensates for this restriction, but highly repetitive regions
remain difficult to define as ground truth. Future benchmarking against assembly-derived or
pangenome-based SV truth sets would therefore provide a stronger test of whether the learned
topology remains valid when the reference itself becomes ambiguous **.

Finally, the current results suggest a more specific role for self-supervised graph learning in SV detection.
The evidence does not support the broad claim that neural models universally outperform heuristic
callers. Rather, SGraSV appears to gain most when individual alignment signals are weak, heterogeneous
or spatially inconsistent but collectively encode a coherent structural event. The large improvement in
50-200-bp SVs, the breakpoint-resolution advantage, the strong DUP/INV performance, the 94.05%
cross-platform concordance and the dominant contribution of cluster compactness all point toward the
same interpretation. This makes graph-based representation learning less a replacement for alignment-
based SV calling than a different way of organizing the evidence produced by long-read alignments.

Methods
Overview of the SGraSV pipeline

SGraSV is an end-to-end deep representation learning and signature-graph framework designed for high-
precision SV detection from long-read sequencing technologies (ONT, PacBio CLR, and PacBio CCS) 3132,
The pipeline operates in five distinct modular phases: (1) multi-signal alignment parsing and genomic
signature vectorization, (2) self-supervised representation learning via a VICReg encoder *°, (3) graph-
based topological signature clustering, (4) candidate-level filtering and breakpoint refinement using a
1D-CNN, and (5) multi-type variant annotation and VCF generation. By decoupling raw read-clustering
heuristics from deep metric learning, SGraSV effectively mitigates alignment jitter and sequence-entropy
noise across varying coverage depths and reference genome assemblies (GRCh37 and GRCh38) 3.

SV Signature Extraction and Vectorization

Given an aligned BAM file %, SGraSV scans genomic alignments using a dynamic sliding-window
approach to aggregate candidate SV signatures, including split-read alignments (CIGAR operations N and
S/H), supplementary alignments (SA tags), and intra-read insertions/deletions (I/D). For each identified
candidate locus, SGraSV extracts a 32-dimensional explicit feature vector capturing heterogeneous
alignment and sequence properties. This feature representation incorporates 27 baseline topological
metrics (such as read depth, mapping quality scores, split-read orientation, and soft-clip positional
variance) supplemented by five specialized sequence-context features (Table S1):

1. Smith-Waterman Alignment Score (S, ) *: Quantifies local realignment fidelity across candidate
breakpoint junctions.

2. K-mer Shannon Entropy (Hj,) #"*: Measures local sequence complexity to suppress false positives
arising from homopolymeric or microsatellite expansions.

3. Cosine Distance Metric: Captures directional alignment shifts between split-read segments and
reference coordinates.

Continuous features are normalized using z-score standardization, while categorical strand and
orientation signals are one-hot encoded prior to tensor construction.



Self-supervised Embedding using VICReg Encoder

To project sparse genomic sighature vectors, SGraSV utilizes a self-supervised VICReg architecture 2,
The VICReg (Variance-Invariance-Covariance Regularization) encoder maps 32-dimensional explicit
feature vectors into a continuous, dense 128-dimensional latent representation space without requiring
manual variant labels. For each input feature vector x; € R32, two augmented views y;,y; € R3? are
generated online within the feature space by applying additive isotropic Gaussian noise (V' (0,0.05)) and
feature dimension dropout (probability p = 0.10) %°,

The projected latent embeddings Z, Z’ € RV*1283re optimized via the composite VICReg loss function
(Lvicreg) supplemented by an auxiliary multi-class variant classification loss (£ 4,,x) during joint
representation learning:

Liotar = As(Z,Z") + pu[v(Z) + v(Z")] + v[c(Z) + c(Z")] + aLgyx

where s(Z, Z") is the invariance loss (mean-squared error between augmented views), v(Z) maintains
variance across each latent dimension above a target standard deviation (y = 1.0), and ¢(Z) minimizes
off-diagonal covariance terms to eliminate feature redundancy. Hyperparameter weights were
configuredas A = 25.0, u = 25.0, v = 1.0, and auxiliary classification weight « = 0.50. The VICReg
encoder was trained using the AdamW optimizer with an initial learning rate of 1073, a cosine annealing
learning rate scheduler down to 107, a batch size of 256, and early stopping triggered if validation loss
failed to decrease for 15 consecutive epochs. The encoder network consists of a three-layer Multi-Layer
Perceptron (MLP) with batch normalization and ReLU activations. Upon training completion, the
projection head was discarded, and only the 128D latent encoder was retained for inference and
downstream signature graph construction. Complete architectural parameters and hyperparameter
configurations are detailed in Supplementary Table S7.

Signature Graph Construction and Topological Clustering

To consolidate fragmented read-level signatures into unified locus-level candidates, SGraSV constructs a
directional k-nearest neighbor (KNN) signature graph G = (V,E) *’. Graph nodes V represent individual
read-level SV signatures, while edges E are weighted by the pairwise Euclidean distance between their
128-dimensional VICReg latent embeddings. Topological communities are partitioned using the Louvain
modularity optimization algorithm °!. By operating on the dense 128D manifold rather than spatial
genomic coordinates alone, this graph-based topological clustering prevents the over-segmentation of
complex rearrangements, such as inversions (INVs), duplications (DUPs), and multi-breakpoint complex
SVs in dense repeat regions.

Candidate-level Refinement via 1D Convolutional Neural Network

Clustered signature graphs are passed to a lightweight 1D Convolutional Neural Network (1D-CNN)
classification module for final candidate validation and precise breakpoint boundary delineation °2. The
lightweight 1D-CNN scorer was trained on candidate-level latent clusters exported during the signature-
graph topological partitioning stage. Training labels were assigned by intersecting candidate breakpoint
coordinates with Truvari (v4.1.0) 2° benchmark evaluations against GIAB HG002 Tier1 high-confidence
regions (v5.0q) 3 Positive samples (Label = 1): Candidates matching true benchmark variants with
spatial distance r <100bp and sequence similarity = 70%; Negative samples (Label = 0): Spurious



candidate clusters corresponding to alignment false positives, homopolymeric noise, or unconfirmed
split-read clusters.

Following topological graph partitioning, each connected component represents a candidate SV call.
SGraSV summarizes the candidate's core genomic interval (POSg;qrt) POSena, Lsy) using node-level
medians to withstand alignment shifts and local sequencing noise. To evaluate whether a candidate
cluster as a whole reflects a true biological rearrangement rather than a loose alignment artifact, SGraSV
constructs a comprehensive 42-dimensional cluster-level feature vector (X) prior to final variant
scoring. This 42-dimensional representation aggregates cluster-level compactness measures and
evidence properties across six modules (Table S2 and Supplementary Note 3): Read Support & Scale
Attributes; Alignment Geometry Aggregation; Cluster Compactness & Dispersion Metrics; Source &
Alignment Evidence Ratios; Coverage & Sequencing Environment; Variant Type One-Hot Encoding.

Candidates passing preliminary compactness filtering enter the 1D-CNN scorer. The 42-dimensional
vector is treated as a single-channel 1D sequence and fed into three sequential ConvlD—BatchNorm-—
ReLU blocks (1D-CNN classification module). The 1D-CNN comprises two convolutional layers (kernel
size = 3, stride = 1, 64 and 128 filters, respectively) followed by max-pooling, global average pooling, and
a fully connected dense layer with sigmoid activation. The network takes the aggregated 128D latent
tensor of a candidate cluster and outputs a probability score P, € [0,1]. Candidates exceeding a tuned
decision threshold (Pg; = 0.5) are retained. The scorer was optimized using binary cross-entropy loss
(Lpcg) with a learning rate of 5 x 10™* and weight decay of 10~*. Optimal filtering thresholds (P, >
0.5) were selected based on maximizing the F1-score on the Chromosome 19 validation set.

Dataset Partitioning and Training Strategy

To prevent data leakage between feature representation learning and candidate classification, SGraSV
employs a strict chromosome-level genomic isolation protocol combined with multi-coverage real and
synthetic alignment profiling. All training and validation procedures were constructed using the GIAB
HGO002 reference genome (mapped against GRCh38/GRCh37) 333 supplemented by controlled synthetic
datasets generated via SURVIVOR (v1.0.7) >3,

Genomic regions were partitioned as follows: Training set: Chromosomes 1 through 18 of HG002 across
multi-coverage regimes (5%, 10x, and 28x PacBio CCS/CLR and 5x, 10x, 20x ONT) merged with simulated
multi-type SVs (DELs, INSs, DUPs, INVs) at 30x coverage. This hybrid composition forces the networks to
simultaneously learn the complex structural variation space from synthetic ground truth and realistic
alignment jitter, sequence-entropy noise, and strand biases present in low-coverage long-read data;
Validation set: Chromosome 19 of HG002 was reserved exclusively for monitoring validation loss, tuning
learning rate schedules, and selecting decision probability thresholds (Psy,); Held-out test set:
Chromosomes 20, 21, and 22 from HG002, alongside independent external genomes (1KGP and HGSVC3
samples) 82!, were strictly isolated for final benchmark evaluation and generalization testing.

Benchmark Evaluation Protocol and Geometric Strictness Analysis
SGraSV was benchmarked against leading baseline SV callers, including cuteSV (v2.1.0) 87, Sniffles2 (v2.2)

45 and SVIM (v1.4.2) 8%, across diverse sequencing platforms (PacBio CCS, PacBio CLR, and ONT) 3132 and
coverage depth gradients (5x to 70x) mapped against both GRCh37 and GRCh38 references.



All callsets were evaluated within the GIAB HG002 Tier1 high-confidence benchmark regions (v5.0q) 33
using Truvari (v4.1.0) . Benchmarking parameters required a minimum SV size of 50bp. To rigorously
assess spatial robustness under geometric strictness, spatial breakpoint distance matching thresholds (1)
were systematically evaluated at 200bp, 100bp, and 50bp, while sequence similarity matching was
maintained at standard thresholds (——pctsim = 0.70 ). Precision, Recall, and F1-score were defined
as:

pocioion — TP

recision = TP n FP
Recall = — &
O = TP Y FN

2 - Precision - Recall

F1.S =
--core Precision + Recall

Multi-type SV Detection on Real and Synthetic Data

To evaluate multi-type SV resolution beyond DELs and INSs, benchmark datasets containing DUPs and
INVs were constructed using SURVIVOR (v1.0.7) >3 for synthetic simulation and validated against real
long-read sequencing data from nine individuals spanning three pedigree trios from the HGSVC 3,
Benchmark truth sets were curated from the 1KGP Illumina integrated SV callset 2!. Synthetic reads were
simulated at 30x depth with error rates mirroring PacBio CCS and ONT profiles. Performance metrics
were evaluated independently for DUP and INV variant classes.

Size-Stratified Resolution Analysis and External Sample Benchmarking

Performance was benchmarked across nine individual human genomes spanning three HGSVC pedigree
trios (Han Chinese [CHS]: HG00512, HG00513, HG00514; Puerto Rican [PUR]: HG00731, HG00732,
HGO00733; Yoruba [YRI]: NA19238, NA19239, NA19240) 3 against 1KGP integrated SV truth sets 2.
Alignment files across PacBio CCS and ONT sequencing platforms were mapped using minimap2 >* with
platform-optimized parameters. Candidate SV calling for SGraSV, cuteSV, Sniffles2, and SVIM was
executed under default settings. Benchmark variants were stratified into three non-overlapping length
categories: small (50 — 200bp), medium (200 — 1000bp), and large (> 1000 bp), evaluated separately
for DELs, INSs, and overall combined variants. Matching against truth sets was conducted using Truvari %
requiring a minimum sequence similarity of 70% and a maximum breakpoint distance offset of 50 bp.

Performance gains in short SV (50-200 bp) were calculated as the absolute F1-score difference (AF1 =
Flsgrasy — Flpaseline)- TO assess statistical significance, the reference autosomes were partitioned into 22
chromosome regions across all nine benchmark genomes. Two-sided paired Wilcoxon signed-rank tests
were performed on paired regional F1-score distributions, with significance thresholds annotated as p <
0.05.

1000 Genomes Project Cohort Application & MEI Annotation

To demonstrate biological utility in population studies, SGraSV was executed on long-read datasets from
the 1000 Genomes Project (1KGP) cohort 2%, Inherited variant transmission was evaluated across



pedigree trios to compute Mendelian transmission consistency rates, defined as the proportion of child
candidate calls present in at least one parent genome *>°¢. MEls, specifically Alu (~300bp), Line-1
(~6kb), and SVA ( ~1.5 — 3kb) retrotransposons were annotated by intersecting callset insertion
sequences with RepeatMasker database consensus sequences. Length frequency distributions were
profiled to assess full-length element recovery.

SHAP Feature Attribution & Feature Ablation Protocol

The normalized 42D vector X}, is passed to a 1D Convolutional Neural Network (CNN) scoring head,
comprising three Conv-BatchNorm-ReLU blocks (channels 64 — 64 — 128) with max-pooling, followed
by adaptive pooling and a two-layer MLP head to yield the posterior probability y, = o (Wg(Z))).

To interpret SGraSV’s decision logic, SHAP (SHapley Additive exPlanations) values and Integrated
Gradients (IG) are computed over c across 10° validated candidate loci (comprising true positive SVs and

alignment false positives). Feature dimensions were ranked by mean absolute SHAP value (%Zlqbil).

Furthermore, candidate cluster embeddings prior to the final classifier layer are projected onto a 2D/3D
manifold using UMAP (Uniform Manifold Approximation and Projection, n_neighbors = 30,
min_dist = 0.3, metric = "euclidean™") 3 to visualize the separation of true vs. false
variants across platform domains. Feature ablation experiments %457 were conducted by comparing
classification F1-scores across six modules to systematically quantify the individual contribution of each
module within the 42D feature vector X.

Data availability

The public sequencing datasets analyzed in this study are available from their respective repositories.
The HG002 reference and long-read sequencing datasets were obtained from the Genome in a Bottle
(GIAB) Consortium and associated public data resources. The HGSVC and HGSVC3 datasets are available
through the Human Genome Structural Variation Consortium and their associated public repositories.
Short-read sequencing data from the 1000 Genomes Project (1KGP) are publicly available through the
International Genome Sample Resource (IGSR). Benchmark truth sets and reference resources used for
SV evaluation were obtained from their corresponding public repositories. Accession numbers, dataset
descriptions and source links are provided in Supplementary Table S3. Processed benchmark results and
summary data generated in this study are provided in the Supplementary Information or are available
from the corresponding author upon reasonable request.

Code availability

The source code for SGraSV, including the implementation of read-level signature extraction, self-
supervised graph representation learning, candidate clustering, SV classification and evaluation
workflows, is freely available at https://github.com/model-lab/SGraSV. The repository also provides
documentation and configuration files required to reproduce the analyses reported in this study. The
specific software versions, parameter settings and computational environments used for benchmarking
are described in the Methods and Supplementary Information.
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Figure Legends:

Fig.1. Overview of the SGraSV framework for long-read SV detection using self-supervised
representation learning and graph-based clustering. (a) Input signal processing and signature extraction.
Long-read alignments (BAM files) are scanned against the reference genome to identify SV-associated
signals, including soft-clipped reads and insertion-related alignment patterns. For each breakpoint
candidate, local sequence features are quantified using dynamic Smith—Waterman alighnment scores and
3-mer sequence entropy profiles, generating a 32-dimensional signature vector that summarizes
breakpoint-level sequence and alignment characteristics. (b) Self-supervised representation learning. The
extracted 32-dimensional signatures are transformed into informative latent representations using a
VICReg-based multilayer perceptron (MLP) encoder. Two independently augmented views of the same
signature are processed through shared encoders, where invariance, variance, and covariance
regularization jointly optimize the representation space. This process produces a disentangled 128-
dimensional latent embedding that captures SV-specific patterns while reducing redundant feature
correlations. (c) Graph-based candidate clustering. The learned 128-dimensional embeddings are
represented as signature nodes in a similarity graph, with edges established between nodes exhibiting
high cosine similarity (similarity threshold >0.85). Connected-component graph partitioning groups
related signatures into individual SV candidate clusters, where each cluster represents a putative SV event
supported by multiple long-read signals. (d) SV scoring and callset generation. For each candidate cluster,
aggregated 42-dimensional feature matrices are constructed and evaluated using a one-dimensional
convolutional neural network (1D CNN) scoring module. The model outputs calibrated SV probabilities,
enabling accurate discrimination of true SVs from noise. High-confidence candidates are converted into
standard VCF outputs and classified into major SV categories, including deletions (DELs), insertions (INSs),
duplications (DUPs), and inversions (INVs). Overall, SGraSV integrates signal-level feature extraction, self-
supervised representation learning, graph-based clustering, and deep-learning-based scoring into an end-
to-end framework for sensitive and accurate detection of SVs from long-read sequencing data.

Fig. 2. Benchmark performance of SGraSV across sequencing technologies and coverage depths on
HGO002. a—c, Comparison of overall F1-scores between SGraSV and baseline callers (cuteSV, Sniffles2, and
SVIM) on ONT (5-48x) (a), PacBio CLR (5—70x) (b), and PacBio CCS (5-28x, GRCh37) (c) datasets. Solid
lines denote alignments to the GRCh37 reference genome; dashed lines represent GRCh38. Grouped bar
charts showing Deletions (DEL) and Insertions (INS) Precision, Recall, and F1-scores for PacBio CCS reads
at low (5x), mid (10x), and high (28x) coverage. All evaluations were performed in GIAB HG002 Tierl
v5.0q high-confidence regions using Truvari (v4.1.0). Source data are provided in Supplementary Tables
S4 and S5.

Fig. 3. Cross-platform evaluation of deletion detection performance and breakpoint positioning accuracy
of SGraSV. a, Effect of breakpoint distance tolerance on DELs detection performance across PacBio CCS
(28x), PacBio CLR (70x), and ONT (48x) sequencing platforms. The heatmap and platform-specific line plots
show DELs F1-scores at breakpoint distance tolerances of 200, 100, and 50 bp for SGraSV, cuteSV, Sniffles2,
and SVIM; 95% confidence intervals are calculated for the F1-score estimates. b, Distributions of absolute
breakpoint positioning errors across the three long-read sequencing platforms for SGraSV, cuteSV, Sniffles2,
and SVIM. Breakpoint error is defined as the absolute distance between the caller-reported and
benchmark breakpoint coordinates. Histograms show the proportion of calls across breakpoint-error
intervals, with smooth density curves overlaid to illustrate the overall distribution. Vertical dashed lines
indicate the median non-zero breakpoint error, while dotted lines mark the 10-bp and 50-bp error
thresholds. Exact breakpoint matches (0 bp), the proportions of calls within 10 bp and 50 bp, and the
median non-zero breakpoint error are reported for each caller and platform. Statistical comparisons were



performed using two-sided Wilcoxon signed-rank tests on paired breakpoint-error measurements, with
corresponding results summarized in Supplementary Table S9. Median breakpoint error excludes exact 0-
bp calls.

Fig. 4. Performance comparison and statistical significance of SGraSV and benchmark tools on complex
structural rearrangements. F1-score performance across DUP and INV on both synthetic and real long-
read datasets across PacBio CCS and ONT platforms. (a, b) Performance evaluation on real long-read
datasets from 9 individuals across three HGSVC pedigree trios (CHS, PUR, and YRI) for DUPs (a) and INVs
(b) (n =9 real individual samples). (c, d) Performance evaluation on synthetic PacBio CCS and ONT
datasets for DUPs (c) and INVs (d) (n = 10 independent genomic simulation blocks). Truth sets for real
data were filtered for high-confidence trio-private SVs derived from the 1KGP Illumina integrated callset.
Colored bars represent the mean F1-score for SGraSV (blue), cuteSV (orange), Sniffles2 (green), and SVIM
(red). Error bars denote the standard deviation (£SD). Statistical significance between SGraSV and
competing callers was evaluated using two-tailed paired t-tests (****p < 1.00 x 10~%; detailed
statistical metrics are provided in Supplementary Table S11 and Note S6).

Fig. 5. Cross-platform benchmark performance and sensitivity gain analysis of SGraSV across variation
categories and length bins. (a—c) Performance evaluation on the PacBio CCS sequencing platform across
three SV size categories (small: 50 — 200bp; medium: 200 — 1000bp; large: > 1000bp), displaying F1-
scores for DELs (a), INSs (b), and overall combined variants (c). (d—f) Corresponding performance
evaluation on the ONT sequencing platform for DELs (d), INSs (e), and overall combined variants (f). Bar
heights indicate mean F1-scores for SGraSV (blue), cuteSV (green), Sniffles2 (red), and SVIM (purple). (g—-
i) Lollipop plots illustrating performance gains (AF1 = Flggrasy — Flpaseline ) achieved by SGraSV over
baseline tools in the short SV size bin (50-200 bp) for DELs (g), INSs (h), and overall variants (i) across both
PacBio CCS and ONT sequencing platforms. Vertical dashed lines denote zero performance gain. Asterisks
indicate statistical significance evaluated via two-sided paired Wilcoxon signed-rank tests (*x*x p <
0.0001).

Fig. 6. Evaluation of SGraSV on the 1000 Genomes Project multi-platform cohort. Technical accuracy,
inheritance consistency, and fine-scale structural resolution of SGraSV across multi-cohort datasets. (a)
Cross-platform concordance of SGraSV structural variant (SV) callsets generated from PacBio CCS and
ONT sequencing data across the HGSVC3 cohort. The Venn diagram illustrates shared consensus variants
alongside platform-unique callsets. (b) Orthogonal validation of SGraSV calls using lllumina short-read
local realignment across distinct population allele frequency (AF) spectra in the 1KGP cohort. Stacked
bars represent the proportions of SVs categorized by full, partial, or unaligned local read alighnment
support. (c) Mendelian consistency evaluation on the Yoruba (YRI) trio dataset. Inheritance consistency
rates of SGraSV are compared against Sniffles2, cuteSV, and SVIM across major SV mutational classes,
including DELs, INS, DUPs, and INVs. (d) Allele frequency spectrum of SGraSV-identified consensus SVs
evaluated across the 1KGP cohort, highlighting the distribution contrast between novel SVs absent from
public databases and cataloged benchmark SVs. (e) Mobile element insertions (MEIs) detection
performance (F1-score) across distinct retrotransposon subfamilies: Alu ( ~300bp), LINE-1 (L1, ~6kb),
and SVA ( ~1.5 — 3kb). Performance metrics of SGraSV are benchmarked against cuteSV, Sniffles2, and
SVIM across the HGSVC3 cohort samples. (f) Length frequency density distribution of non-reference
insertion calls ( ~50bp to 8kb) compared against reference MEI benchmark annotations. Density peaks
highlight the resolution and recovery of polymorphic Alu and full-length L1 retrotransposon insertion
signals across pipelines.



Fig. 7. Interpretability and ablation analysis of the SV classification model. (a) UMAP
projection of the latent space manifold. The left panel demonstrates the clear separation
between true SVs (blue) and alignment false positives (orange) in a 2D UMAP space. The right
panel visualizes the distinct clustering of specific true SV types (DELs, INSs, DUPs, INVs)
alongside artifacts in a 3D UMAP space. (b) SHAP (SHapley Additive exPlanations) feature
attribution analysis for candidate features. The beeswarm plot (left) illustrates the distribution
of SHAP values for the top five features (e.g., Embedding Consistency, Coordinate Dispersion).
Each dot represents a single sample, with the color indicating the normalized feature value
(blue for low, pink for high). The bar chart (right) ranks these features by their overall
importance, measured by the mean absolute SHAP value. (c) Module-wise feature ablation
experiments (Leave-One-Module-Out). Bar plots compare the classification F1-scores for overall
SVs and specific subtypes (DELs, INSs, DUPs, INVs) between the full model and six ablation
configurations (removing M1 to M6 individually). Error bars represent standard deviations.
Notably, the removal of Module 3 (Compactness & Dispersion) causes the most significant
performance drop across all SV categories.



Table 1. Overview of datasets and sequencing metadata utilized for SGraSV evaluation.

Dataset / Ancestry / Platform / Sequencing Depth Reference Primary Purpose in Source
Resource Lineage Technology q glep Assembly Manuscript
Model training (Chr1-18),
HG002 Ashkenazi Jewish PacBio CCS (HiFi) 5x, 10x, 28x GRCh37, GRCh38 validation (Chr19), test GIAB
(Chr20-22),
Model training, Multi-
HG002 Ashkenazi Jewish ~ ONT 5x, 10, 20x, 48x GRCh37, GRChag ~ coveragedepth & GIAB
geometric strictness
evaluation
. . . 5x, 10x, 20%, 35x, Model training, ngh-.error
HG002 Ashkenazi Jewish PacBio CLR 70x GRCh37, GRCh38 long-read depth gradient GIAB
benchmarking
Multi-ancestry External independent
HGSVC Datasets (65 individuals of . validation, length-stratified
PacBio CCS / ONT ~30-99 GRCh38 1KGP
(1KGP) diverse acelo / x analysis (50 — 200bp), MEI
ancestries) profiling
HG002 v5.0
V=9 Ashkenazi Jewish Multi-platform Various GRCh37, GRCh38 Tool benchmarking GIAB
Benchmark
Multi-ancestry External non-European
1 idati ize-
KGP SV (Integrated SV Illumina Various GRCh38 ance.sFry valldah?n, size 1KGP
Callsets* stratified resolution, MEI
callsets) ..
profiling
Multi-ancestry Population-scale
HGSVC3 SV (Integrated SV Multi-platform Various GRCh38 Menf:iellan transm.|55|on 1KGP
Callsets* consistency & pedigree
callsets) .
validation
. Simulated Simulated CCS & Multi-type SV resolution SURVIVOR
Syntheti 30 GRCh38
ynthehe Baseline ONT x (DEL, INS, DUP, INV) under Simulation




controlled signal-to-noise
ratios

Note: GIAB, Genome in a Bottle Consortium; 1KGP, 1000 Genomes Project; PacBio CCS, Pacific Biosciences Circular Consensus Sequencing (HiFi); CLR, Continuous Long Reads;
ONT, Oxford Nanopore Technologies; MEI, Mobile Element Insertion; HGSVC, Human Genome Structural Variation Consortium; SV, Structural Variant. Evaluation metrics on
HGO002 were restricted to GIAB Tierl high-confidence benchmark regions (v5.0q) using Truvari (v4.1.0). Source data and specific file accessions are provided in Supplementary
Table S3. HG0O02 CLR (5%, 10x, 20x%, 35x, and 70x), HG002 ONT (5x, 10x, 20x, and 48x), and HG002 CCS (5x%, 10x, and 28x) datasets were generated by in silico downsampling of
the corresponding original high-coverage datasets using samtools view. * Indicates that unreliable variant regions, including centromeres and telomeres, were excluded.
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Platform concordance on HGSVC3 b lllumina short-read local re-alignment validation
(a) (SGraSV call sets: 65 individuals of diverse ancestries) ( ) (1KGP Integrated SV calisets: 3,202 individuals)
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Classification

(a) Latent Space Manifold (UMAP Projection)
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(C) Module-wise Feature Ablation Experiments (Leave-One-Module-Out)
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(b) SHAP Feature Attribution Analysis (42D Candidate Features)
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