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Highlights

e Long reads underpin a reliable structural variation (SV)
detection in pigs

e The assembly-based SVIM-asm tool is superior on both
accuracy and resource use

e The alignment-based tools hold a strong detection power
even at 5 x sequencing depth

e SVs in complex repeat and runs of homozygosity regions
could be precisely detected
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SUMMARY

Evaluating diverse structural variation (SV) detection-relevant programs leveraging different algorithms has
become a pressing need in humans and farm animals. We addressed this by sequencing five genetically
diverse pig individuals (breeds) with short- and long-read DNA-sequencing platforms. We created the SV
benchmark set for each breed and assessed the performance of 16 SV calling-relevant tools. Results showed
that long-read platforms enabled detecting many SVs missed by short-read platforms with similar precision.
Benchmark SVs, mainly 200-500 bp insertions/deletions, had high validation rates. The assembly-based SV
calling program SVIM-asm showed superior detection performance and resource consumption. The SVs with
more supporting reads, sizes under 1 kb, outside simple repeat area, in low GC content and runs of homo-
zygosity regions, had higher detection accuracy. Alignment-based tools performed well even at 5 x depth.
Our study provides systematic guidance for an optimal SV calling pipeline in pigs and other farm animals.

INTRODUCTION

Pigs (Sus scrofa) have served not just as a major meat supply do-
mestic animal but also as a critical biomedical model to human
beings due to their high similarity to humans in anatomy, pathol-
ogy, and physiology.'~ In this sense, utterly deciphering the ge-
netic architecture of pigs is essential to meet the ever-rising need
for both agricultural and medical values. Structural variations
(SVs), as a critical form of genetic variants, hold great potential
to account for the missing heritability that is not captured by sin-
gle nucleotide polymorphisms (SNPs).*° Previous studies have
demonstrated their essential role in determining complex dis-
eases in humans and shaping important agronomic traits and
environmental adaption in animals and plants.”®"® To date,
SVs have been utilized to study domestication history and
disclose genetic diversity in pigs.'®"'® Some preliminary efforts
on SV-enabled genome-wide association study (GWAS) have
been made to explore the relevance of SVs to phenotypes.'”"'®
The renowned international Functional Annotation of Animal Ge-
nomes (FAANG)'® and Farm animal Genotype-Tissue Expres-
sion (FarmGTEx)*>?" projects targeting to clarify the genome
function and decipher the genotype-to-phenotype link in farm

animals are far-reaching, yet SVs are still scarcely considered.
Bearing the vast potential of SVs in resolving genetic variance
in mind, there is still immense room to exploit the merit of SVs
in pigs.

Taking full advantage of SVs relies on efficient in-silico ap-
proaches to detect genome-wide SVs. By now, abundant SV
calling programs (callers) with diverse algorithms have been
developed.??® These algorithms have different pros and cons,
incurring a choice dilemma. The reads alignment (aligner) and
genome assembly (assembler) programs also affect SV detec-
tion.?*~2° Therefore, a comprehensive evaluation of SV calling-
relevant programs, including aligners, assemblers, and callers,
and seeking the optimal combination is imperative,”” and the
prerequisite is to establish a high-quality SV benchmark set. In
humans, the Genome In A Bottle Consortium (GIAB) has
released and updated a gold standard deletion (DEL) and inser-
tion (INS) set, greatly boosting the development, optimization,
and comparison of bioinformatics software. Although many
studies chose to in silico simulate a benchmark set,”®" the
simulated set is too idealized to reflect the genuine blueprint of
SVs in the real world due to their complex patterns.® Particu-
larly, pig genomes are characterized by a higher average level
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of linkage disequilibrium (LD) and homozygosity relative to hu-
mans.*? Thus, it is envisioned that the SV calling schemes per-
forming well in humans are not necessarily suited to handling
pig genomes. In this sense, compiling a pig-specific gold stan-
dard SV benchmark set and assessing the effectiveness of
various SV calling-relevant programs when dealing with pig ge-
nomes is of interest and necessity.

Areliable and confident SV disclosure should incorporate a full
spectrum of SVs. The widely used next-generation sequencing
(NGS) platforms, like lllumina whole genome resequencing
(WGS), are advantageous on base-level resolution but short on
DNA read length, which incurs the inability to accommodate
both breakpoints of large and complex SVs.* In comparison,
third-generation sequencing technologies (TGS) such as
PacBio circular consensus sequencing (HiFi) and Oxford Nano-
pore Technologies (ONT) could produce much longer reads
and endorse large and complex SV detection.>**> Moreover,
both TGS technologies are superior in detecting SVs in repetitive
genomic regions relative to NGS.%>*° Taken together, using long
reads to disclose SVs is more promising, and so is the bench-
mark set compilation.

Because there is still a lack of a systematic and comprehen-
sive assessment of SV calling pipelines in pigs, in this study,
we attempted to establish pig SV benchmark sets using real
sequencing data and accordingly assess 16 SV calling-relevant
programs in tackling pig genomes. To achieve this goal, we
collected five pig individuals from five different breeds with abun-
dant genetic diversity and deeply sequenced them using two
prevailing long-read (i.e., HiFi and ONT) and two widely used
short-read platforms (i.e., WGS and high-throughput chromo-
some conformation capture (Hi-C)). The evaluation of SV calling
pipelines was not only conducted globally but also took into ac-
count SVs with varying characteristics and settled genomic re-
gions, each being assessed individually. Our primary aim is to
seek an efficient SV calling pipeline for pigs and other farm ani-
mals, facilitating breeders and geneticists to exploit the merit
of SVs in practice.

RESULTS

Characterizations of SV callsets based on different
platforms, aligners, and callers

To enable sufficient SV detection power, we performed high-
depth sequencing for five pig individuals from five geographically
diverse breeds (Table S1, Figure S1). After the quality control of
call rate and linkage disequilibrium (LD) pruning, 690,855
approximately independent SNPs from WGS data were used
to depict the genetic diversity. As shown in Figure S2, there
were two clades: one of AW and BMA, along with the other of
BKS, LW, and PTR.

To gain an insight into the difference in SV calling performance
on different platforms, aligners, and callers, we inspected the
number of SVs in each callset and the similarity between callsets.
Concerning the number of SVs, EagleC®” using Hi-C reads de-
tected just eight to 26 large-size SVs, which was the lowest
among all callsets (Figure 1A). This result could be attributed to
the insufficient resolution for small-scale SVs and complex re-
gions when the Hi-C technology captures chromatin interactions
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across the entire genome. Overall, the TGS platforms endorsed a
richer detection of putative SVs relative to the NGS platforms.

Inspecting the number of overlapped SVs between different
callsets for each sample (Figures 1B and S3), EagleC based on
Hi-C data produced an independent callset, and so did all
Picky®® callsets using TGS data (Figure 1B). The four WGS-
based callsets, especially the Manta® callset, presented a
moderate similarity to the TGS-based callsets. Among the
TGS-based callsets beside Picky ones, the HiFi-based SVIM*°
callsets formed arelatively conservative block to others probably
because more SVs were detected (Figure 1A). The clustering
result suggests that the primary factor driving SV detection is
the caller, followed by the platform, and finally, the aligner.

Construction of the SV benchmark set in pigs

To provide robust SV benchmark sets to the scientific commu-
nity in pig genetics and genomics, we integrated the SV callsets
from 18 aligner-caller combinations and two assembly-based
callers based on the TGS long reads of the five pig breeds (Fig-
ure 2). Over 50,000 SVs were kept in the benchmark sets of AW
and BMA, which are genetically distant from the Duroc reference
genome (Figure 3A). In contrast, only approximately 30,000 SVs
remained in the benchmark sets of the other three European
breeds. We found more overlapped SVs between two breeds
with higher genetic similarity. Most SVs in the benchmark sets
were less than 500 bp in size, with a peak at a size range of
200-300 bp (Figure 3B). Deletions and insertions were the two
major types of SV, irrespective of the SV length considered.
The other three types of SV —duplication, inversion, and translo-
cation—were very rare in the five benchmark sets (Table S2),
thus, we did not take them into consideration in the following an-
alyses. There were more than 50,000 SVs exclusively identified in
one of the five breeds. The number of SVs detected in all bench-
mark sets was less than 10,000 (Figure 3C).

To further describe the distribution of SVs across the genome,
we took advantage of genomic annotations of different features
based on the physical position of SVs and annotated regions. We
found that most SVs resided outside the interspersed repeats,
i.e., long (LINE) and short (SINE) interspersed nuclear elements,
long terminal repeats (LTR), DNA transposons (DNA), and simple
repeats (micro-satellites) regions for all breeds. LINEs, SINEs,
and simple repeats were hotspot repetitive regions SVs settled
in (Figure S4A). In terms of the predicted variant effect, intronic
and intergenic SVs occupied the most, followed by those
residing upstream and downstream of genes (Figure S4B),
implying the potential regulatory role of SVs to genes.

To verify the authenticity of the in silico detected SVs in the
benchmark sets, we randomly selected 18 SVs (14 deletions
and 4 insertions) and 8 pigs from 5 breeds (AW, BKS, BMA,
LW, and Duroc) for in vitro PCR validation. Thus, a total of 144
PCR assays (gel lanes) were implemented. Our results revealed
that 124 samples were successfully validated, achieving an over-
all validation rate of 88.2%, with true positive and true negative
rates respectively of 90.2% and 87.1% (Table S3), which ac-
cords with some previous studies.®***"*> Two experimentally
validated SVs, one deletion located in chromosome 7 of AW
with a length of 288 bp (there was 1 bp difference at the end po-
sition between results from the caller and the comparison
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Figure 1. Characterizations of structural variation (SV) callsets using different types of sequencing platforms, reads aligners, and SV callers
(A) the number of SVs in each callset.
(B) the Jaccard similarity between different callsets in Asian wild boar. The error bars in (A) indicate the standard deviation in the five pig breeds. SVs using Hi-C
data were exclusively from the EagleC callset. The two assembly-based callers in (A) are marked by bold italic labels. The callsets in (B) were named as
“platform_caller_aligner”. The average clustering method was used to order the callsets. Hi-C: high-throughput chromosome conformation capture; WGS: II-
lumina whole genome resequencing; HiFi: Pacbio circular consensus sequencing high-fidelity; ONT: Oxford Nanopore technology; DEL: deletion; INS: insertion;
INV: inversion; DUP: duplication; TRA: translocation.
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Figure 3. Constitution of structural variation (SV) benchmark sets of five pig breeds

(A) an upset plot indicating the number of specific SVs in each benchmark set and overlapped SVs exclusively present in some benchmark sets, and an upper
triangle matrix showing the number of SVs in each benchmark set and overlapped SVs in benchmark set pairs.

(B) a histogram and pie chart showing the count distribution of SVs of different lengths and types.

(C) a histogram indicating the count distribution of SVs supported by varying number of benchmark sets. AW: Asian wild boar; BKS: Berkshire; BMA: Bama Xiang;
LW: Large White; PTR: Piétrain; DEL: deletion; INS: insertion; INV: inversion; DUP: duplication; TRA: translocation.

between reference genome and mapped reads) supported by 34
reads and one insertion residing in chromosome 13 of AW, BKX,
BMA, and LW with a size of 537 bp endorsed by eight reads,
were displayed as representatives (Figure S5). Although we
achieved arelatively high validation rate, these results from small
sample size might be affected by random and sampling bias.
Therefore, a larger scale of PCR experiments is preferred for a
more convincing in vitro validation.

Global evaluation of SV detection performance based on
different platforms, aligners, and callers

SVs detected based on Hi-C data were not included in the sub-
sequent evaluation of detection performance since these SV
sets were scarce and all in ultra-large sizes. For the sequencing
platforms, the NGS-based callers demonstrated comparable
precision to most TGS-based aligner-caller combinations, aver-
aging around 0.6; however, they exhibited inferior performance
in terms of recall. The gap in recall between NGS- and TGS-
based tools was remarkable for insertion detection, which was
above 0.9. The overall calling performances of aligner-caller
combinations under the two TGS platforms were highly similar

in terms of precision, recall, and F1 score. It is noteworthy that
the Picky tool consistently performed poorly on both TGS plat-
forms especially running with Ira.** The precision values of
dysgu** and SVIM*° capitalizing on HiFi data were slightly but
visibly lower than those based on ONT reads. Concerning the al-
gorithm difference between alignment- and assembly-based
callers, the assembly-based caller SVIM-asm*® was overall su-
perior on the calling performance. Another assembly-based cal-
ler, MUM&Co,"® stood out with markedly higher precision than
recall, unlike almost all other programs. In addition, the WGS
platform proved more effective in discovering deletions
compared to insertions, while the two TGS technologies showed
minor detection discrepancies between the two SV types
(Figure 4).

To further support our results, we benchmarked the TGS-based
aligner-caller combinations using two simulated datasets with
HiFi- and ONT-like synthetic reads, respectively. As shown, the
calling programs performed similarly in terms of precision, recall,
and F1 score as that observed in the real-data-based benchmark
experiment. Notably, we found that the precision scores of various
aligner-caller combinations were comprehensively higher than

iScience 28, 111983, March 21, 2025 5
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Figure 4. Precision, recall, and F1 score of structural variation (SV) detection for all SV calling

sequencing platforms

programs capitalizing on three different

Each point is the average value of five pig breeds. The two assembly-based callers are marked by bold italic labels. Total SVs (Total), insertions (INS), and
deletions (DEL) were separately assessed. The LUMPY tool cannot detect INS. WGS: lllumina whole genome resequencing; HiFi: Pacbio circular consensus

sequencing high-fidelity; ONT: Oxford Nanopore technology.

recalls in insertion detection, which is opposite to the real-data-
based observation, implying the complexity of real genomes.
Picky also performed inferiorly to other callers as observed in
real-data experiment, but had a remarkably large improvement
on precision when cooperating with minimap2*” and NGMLR®®
aligners (Figures 4 and S6).

Impacts of number of supporting reads and length on SV
detection

The number of supporting reads and SV length are key factors
impacting the power and effectiveness of SV detection. For the
number of supporting reads using HiFi data, the precision of total
SVs detection increased overall as the number of supporting
reads rose for all the aligner-caller combinations expect for Picky
working with minimap2 and NGMLR (Figure 5A). Beside Picky,
other callers achieved a high precision around 0.9 for SVs sup-
ported by more than 50 reads except for dysgu with a slightly
lower precision of 0.8. Moreover, the dysgu tool performed
weakly to other callers in detecting SVs supported by more
than four reads. By inspecting the performance of aligner-caller
combinations capitalizing on ONT data, surprisingly, we found
that Picky cooperating with NGMLR performed well in dealing
with SVs (mostly insertions, as shown in Figures S7A and S8A)
supported by less than 50 reads, which could be attributed to
the limited number of SVs detected with 50 or more supporting
reads relative to fewer reads. The outperformance of DeBreak™’
under 5 HiFi supporting reads could also be ascribed to it as
more deletions were detected with 5 supporting reads. Concern-
ing the impact of SV length on detection power, these combina-
tions performed overall best for SVs being 100-499 bp long, irre-
spective of the value or variation of calling performance metrics
(Figure 5B). The combinations started to perform variedly when
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detecting SVs longer than 5 kb. For SVs not less than 10 kb,
we found very low detection power for all aligner-caller combina-
tions, hinting that future studies should be more cautious in ex-
plaining this kind of large genomic structural aberrations. Of
note, the assembly-based tool SVIM-asm consistently exhibited
robust performance for SVs less than 10 kb (Figures 5B, S7B,
and S8B).

Effectiveness of SV detection in complex genomic
regions

Detecting SVs in complex genomic regions is challenging yet
valuable. In our study, overall, the precision and recall of detect-
ing SVs in genomic regions of LINE and SINE was close to those
outside interspersed repeats and low complexity sequences re-
gions and notably higher (11.1% for total SVs, 9.6% for inser-
tions, and 9.7% for deletions) than that in simple repeat regions,
regardless of the platforms. Concerning the sequencing plat-
forms, the difference between NGS-based and TGS-based pro-
grams was mainly on recall. Within the two TGS platforms, the
ONT- and HiFi-based programs performed similarly expect for
ONT-based dysgu and SVIM displaying superiority on precision
(basically due to the superiority of insertion detection) over their
HiFi counterparts. With respect to GC contents, the precisions of
total SVs detection in low GC regions were conspicuously higher
(9.8% for total SVs, 8.6% for insertions, and 14.7 % for deletions)
than those in high GC regions except for 18th chromosome.
Comparatively, no distinct difference was observed between
the two regions on recall. The difference on precision between
ONT- and HiFi-based programs were also from dysgu and
SVIM callsets. When applying our analyses to deletion and inser-
tion separately, the gap of precision between low and high GC
expanded to 20% for both insertion and deletion detections on
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Figure 5. Impact of number of supporting reads and structural variation size on the precision and recall of total structural variations
detection based on two third-generation sequencing platforms

(A) The number of supporting reads.

(B) The structural variation size.

Each point is the average value of five pig breeds. The caller Picky performed poorly on both precision and recall in (B) under any scenario. HiFi: Pacbio circular
consensus sequencing high-fidelity; ONT: Oxford Nanopore technology.
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chromosome X. Also, we found that deletions from the NGS-
used callers showed higher recall scores than insertions
(Figures 6A and S9-519).

Compared to human beings, farm animals have undergone a
long history of domestication, resulting in a small effective pop-
ulation size and high LD extent.®**® In this sense, we studied the
impacts of LD and runs of homozygosity (ROH) on SV detection.
Detecting SVs in genomic regions with different LD patterns
showed similar calling performance irrespective of assessing
all SVs, insertions, or deletions (Figures 6B, S20, and S21). The
difference between NGS-based and TGS-based programs pri-
marily lay in recall, which is prominent for insertion detection
but modest for deletion identification. The ONT-based dysgu
and SVIM also presented a superiority over their HiFi-based
counterparts in precision, especially for insertion. The aligner-
caller combinations using either HiFi or ONT performed more
uniformly in detecting deletions relative to insertions. ROH are
contiguous blocks of homozygous genotypes and are widely
used as predictors of inbreeding levels in farm animals, which
are related to complex traits of economic importance.*® Overall,
most aligner-caller combinations could achieve a higher preci-
sion value on SVs in ROH rather than other regions, expect for
HiFi-based dysgu and SVIM tools feeble on insertion detection.
The NGS-based programs performed conspicuously superior
on recall values in detecting insertions relative to deletions
(Figures 6C and S22).

The impact of sequencing depths on SV calling

In general, reducing sequencing depth entails a potential drop in
the accuracy of SV detection but decreases sequencing costs,
which incents us to explore a trade-off between sequencing
depth and detection accuracy. Inspecting the number of identi-
fied SVs under different sequencing depths, most TGS-based
aligner-caller combinations held a strict increasing trend as
depth deepened, disregarding the SV type (Figures 7A, S23,
and S24). The exceptions were the SVIM and Picky tools based
on ONT data, which maximized the detection number at 20 x

depth irrespective of the aligner combined with. Picky, when
working with minimap2 or Ira, could only detect a markedly small
number of SVs, which could account for its poor performance
metrics on SV detection.

Regarding the trend in SV calling performance metrics at
different sequencing depths, the F1 and recall values basically
increased as the sequencing depth rose but rapidly reached
the plateau, disregarding the aligners, callers, and SV types
(Figures 7B and S25-S29). Among the callers, cuteSV*° and
dysgu tools capitalizing on HiFi data, and Sniffles®> and SVIM
tools based on either TGS platform plateaued at 5 x depth.
As compared, DeBreak necessitated a 10 x depth data, and
Picky demanded 20 x when working with NGMLR. The slightly
downward tendency of F1 scores for the callers at high depths
of HiFi data were attributed to the precision values with an
apparent decreasing trend as the sequencing depth rose (Figur-
ess S30-S32). Such trend could owe to the strict upgoing trend
in the number of identified SVs as the sequencing depth of HiFi
grew (Figure 7A), resulting in many unique SVs for each callset.
These unique SVs were excluded during the benchmarking pro-
cess and labeled as false positives as we adopted an intersec-
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tion-based benchmarking strategy. We noticed that there was
a conspicuous difference in precision between HiFi- and ONT-
based detections for cuteSV, DeBreak, Sniffles, and SVIM tools
when the sequencing depth was lower than 5x (Figures S30-
S32). Overall, the callers could reach their maximal detection po-
tential at a low depth of 5 x to 10 x .

Computational load of aligners and callers

The computational burden, including run time and maximum
memory usage, is another critical component in evaluating the
running performance of SV detection pipelines. In this sense, we
further compared the computational costs of all aligner-caller
combinations based on the calling performance under 10 x
sequencing depth which is cost-efficient in SV detection. In addi-
tion, the two assembly-based callers were also included to show
the difference from the alignment-based methods. The alignment
based on either HiFi or ONT reads was overall more time- and
memory-consuming than SV calling for most callers except De-
Break (Figure 8), which could account for over 99% of computa-
tion requirements at most. The DeBreak caller was exceptional in
terms of both time and peak memory cost due to the reliance on a
local de novo assembly and a partial order alignment in the
algorithm.®° The run time burden of Debreak blew up when coop-
erating with Ira based on ONT reads. Its memory load was
conspicuously heavier than other callers, disregarding the aligner
combining with. Regarding the two assembly-based callers,
SVIM-asm was more efficient than MUM&Co on both run time
and maximal memory cost. Among the aligners, NGMLR was
more time-consuming but saving on peak memory occupation.

DISCUSSION

The long history of artificial selection and domestication incurs
strong imprints of human interventions in the genome of farm an-
imals, such as long segments of ROH or high LD extent. Therefore,
the SV calling pipelines tailored to the human genomes are not
necessarily adapted to farm animal genomes. In this consider-
ation, we preliminarily strived to evaluate various SV calling-rele-
vant programs based on different sequencing platforms in dealing
with pig genomes. We attempted to disclose an efficient SV calling
pipeline, including the choice of sequencing platforms and depths
to call SVs in pigs and other farm animals with genomic similarity.
Compared to previous studies,'>* our work not only provides the
SV benchmark set for the subsequent relevant studies but also en-
ables a more systematic understanding of SV detection perfor-
mances across various conditions. An additional merged set
from the benchmark sets of the five breeds we used could be a
key component of a complete pig SV reference panel, like the
gnomAD-SV°® in humans, to serve SV imputation,”® SV-based
GWAS, 857 and missing heritability deciphering®” if phenotypes
were available, which is consistent with the promise of the interna-
tional cooperative projects like FAANG'® and FarmGTEx.”%*"
SVs in complex genomic regions or of complex structure are
hard to decipher but of great importance.®**°® The advantage
of long reads over short reads in handling complex regions can
be demonstrated in Figures 6A and S9-S11, in which the recall
values of NGS-based callers when detecting SVs in repeat and
high GC regions became lower than that in the global evaluation
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Figure 6. Precision and recall of total structural variations detection in regions with different complexities, regions with varying linkage
disequilibrium (LD) extents, and regions with runs of homozygosity (ROH) segments or not (unROH)
(A) Regions with different complexities.
(B) Regions with varying LD extents.
(C) Regions with or without ROH.

Each point is the average value of five pig breeds. Complex regions include long (LINE) and short (SINE) interspersed nuclear elements, simple repeats, and
high and low GC contents regions on chromosome 1. Other indicates regions outside interspersed repeats and low complexity DNA sequences areas on
chromosome 1. LD extent is assessed by r?. WGS: lllumina whole genome resequencing; HiFi: PacBio circular consensus sequencing high-fidelity; ONT: Oxford
Nanopore technology.
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Figure 7. Impact of different sequencing depths on total structural variations (SVs) detection

Depth

The (A) number and (B) F1 score of SVs discovered based on different aligner-caller combinations under varying sequencing depths. Each point and bar are the
average value of five pig breeds. HiFi: PacBio circular consensus sequencing high-fidelity; ONT: Oxford Nanopore technology.

(Figure 4). SVs in repeat regions tend to be longer and more com-
plex due to the presence of base repeats.”® Long reads can
enable a more accurate alignment and a more complete capture
of SV alleles in contrast to short reads, necessitating an addi-
tional step of stitching short reads together to form longer seg-
ments, which may introduce extra bias.®® This could also ac-
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count for the superiority of assembly-based caller SVIM-asm
when dealing with SVs in complex regions (Figures 6A and S9-
S19), since the de novo assembly was pre-implemented to
construct the longer genomic segments, i.e., contigs.?***4°
The superior performance of ONT-based dysgu and SVIM in de-
tecting SVs within LINE regions, relative to their HiFi-based
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counterparts, can be attributed to the advantage of long reads in
tackling long repeat fragments, as the overall length of ONT
reads was longer than HiFi reads (Table S1). Concerning the
two genomic features that farm animals differ from humans,
i.e., high LD extent and long ROH, LD extents of genomic regions
presented no apparent impact on SV detection performance
(Figures 6B, S19, and S20). It implies the ease of choosing SV
detection programs for farm animals, as different algorithms
tend to result alike when dealing with SVs in high LD regions.
For ROH segments, the TGS-based programs especially when
capitalizing on ONT data displayed a conspicuous advantage
on the precision of SV detection relative to other genomic re-
gions, implying a more precise SV identification in these contig-
uous homozygous stretches, which are common regions mainly
due to inbreeding in pigs and other farm animals (Figures 6C
and S22).

Sequencing depth is always a pivotal concern in practice. It is
essential to find an optimized trade-off between the SV detection
effectiveness and sequencing cost.®’ As observed in our study,
for alignment-based callers, there was an evident plateau of F1
scores as sequencing deepened. Precisions even dropped as
sequencing depth increased because the number of false posi-
tives rocketed up (Figures 7 and S25-529). Therefore, a relatively

Ira or maximal memory cost is a major
concern. Importantly, if detection effec-
tiveness was exclusively in pursuit without

consideration of sequencing cost, the assembly-based caller
SVIM-asm is absolutely recommended due to its outperform-
ance on both calling performance and computational resource
consumption. Especially for complex SVs or SVs in complex
genomic regions, the pre-constructed contigs used by assem-
bly-based callers could enhance the alignment and thereupon
improve the resolution to identify large SVs.>**® In short, the
alignment-based strategy is suggested for an at-scale applica-
tion with a low third-generation sequencing depth, even down
to5 x .The assembly-based scheme is preferred for the ultimate
deciphering SVs with a limited number of deeply sequenced
individuals.

To sum up, we comprehensively evaluate various SV calling-
relevant programs on handling SVs of varying characteristics in
pigs using long and short reads from different platforms based
on benchmark sets compiled from real data. The detection ca-
pacity of these programs was reinforced by a simulation with
synthetic reads and SV truth set specifically adapted to pig ge-
nomes. The optimal pipeline for at-scale SV calling should be
cost-effective and the alignment-based pipeline incorporating
cuteSV, dysgu, Sniffles, or SVIM as the caller with any aligner
from minimap2, NGMLR, and Ira based on 5 x HiFi reads, or
either Sniffles or SVIM tool with the availability of ONT data is
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suggested. Otherwise, to achieve the best calling performance
without cost concerns, the assembly-based caller SVIM-asm
with in-depth sequenced genomes should be implemented.

Limitations of this study

Despite the significant findings of our work, several limitations
must be noted. First, our study executed the benchmarking
based on an intersection approach, which is relatively conserva-
tive. Any particular kind of SVs or genomic regions that can be
well-handled by a specific caller or aligner-caller combination
is possibly excluded from the benchmark set after intersecting.
Using more advanced ensemble strategies, such as machine
learning or deep learning, might be superior to the heuristic inter-
section workflow we adopted and help to enlarge the number of
SVs in the benchmark set, which is worth to be experimented.?®
Second, more breeds and larger sample sizes, probably
including parent-child trios, are needed to enable a more
comprehensive in silico SV detection and a more convincing
trio-binning-based in vitro validation. Parent-child trios can
further enable the haplotype-resolved genome assembly.®?
Thereupon, the genotype of SVs detected by assembly-based
callers could be phased. It is anticipated that a more robust
and convincing SV benchmarking study in the future should
have improvements on these two aspects.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be
directed to and will be fulfilled by the lead contact, Guogiang Yi (yiguogiang@
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Materials availability
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Data and code availability

o The raw sequencing data processed by this study was deposited in the
publicly accessible database Sequence Read Archive (SRA) with acces-
sion numbers PRUNA1091034 and PRJINA754250.

e The original codes for data processing and the benchmark sets
compiled in each pig breed are available at https://github.com/Geil625/
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o Any additional information required to reanalyze the data reported in this
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

We collected blood samples from five animals, representing one Asian wild boar (AW), one Chinese native breed (BMA: Bama Xiang),
and three breeds from Europe (LW: Large white, BKS: Berkshire, and PTR: Piétrain). These blood samples were used for DNA extrac-
tion and sequencing with two TGS (HiFi and ONT) and two NGS sequencing platforms (WGS and Hi-C). Detailed information
regarding the raw DNA reads from the four platforms is shown in Table S1. The genetic diversity of the five breeds was disclosed
using SNPs called by short-read data. We confirm that the committee approved the experiments and all experiments conformed
to the relevant regulatory standards. The pig individuals used in this study were all females. All the results derived in this study
were genome-based and would not be impacted by participants’ status such as gender, age/developmental stage, and sam-
pling time.

METHOD DETAILS

Next- and third-generation sequencing platforms

Two next-generation sequencing platforms, lllumina whole genome resequencing and high-throughput chromosome conformation
capture (Hi-C),%® and two third-generation sequencing platforms, Pacbio circular consensus sequencing®® and Oxford Nanopore
technology, were deployed on the five collected pig breeds. The overall sequencing depth for Hi-C was approximately 100 x
and for the other three platforms, it was around 50 X , taking the pig genome size and total dosage of raw reads into account.
For ONT data, the reads with a quality score > seven were used. Detailed information regarding the raw DNA reads from the four
platforms is shown in Table S1.

SV detection based on illumina whole genome resequencing

Firstly, the adapters of raw paired-end reads from the WGS platform were removed using cutadapt (v4.1).°* Then the adapter-removed
reads were aligned to the pig reference genome Sscrofal1.1 (https://www.ncbi.nlm.nih.gov/assembly/GCF_000003025.6) using bwa-
mem2 (v2.2.1).%° With respect to SV detection, only the reads with a minimum mapping quality of 20 were used. In contrast, no mapping
quality control was exerted on reads when calling SNPs as there would be no SNP identified in some chromosomes if the minimum
mapping quality of reads was set to 20. The samtools suite (v1.6)°° was used to sort and index the bam files containing mapped reads.
Picard (v2.27.4) (http://broadinstitute.github.io/picard/) module MarkDuplicates was used to mark the duplicate reads. GATK
(v4.2.6.1)°” modules HaplotypeCaller, GenomicsDBImport, and GenotypeGVCFs were in sequence used to call SNPs. Only autosomal,
fully genotyped, and independent SNPs were used to dissect the genetic relatedness between different pig breeds. Plink (v1.90)°® with
flags —geno 0 and —indep-pairwise 50 5 0.1 was applied to identify the completely fingerprinted and independent SNPs. For SV calling,
four alignment-based programs, i.e., Manta (v1.6.0),%° DELLY (v1.1.6),°° LUMPY (v0.2.12),”° and Wham (v1.7.0),”" were implemented.
The discordant and split mapped reads required as inputs to LUMPY were obtained respectively using samtools flag -F 7294 and
LUMPY built-in Python script extractSplitReads_BwaMem. The minimal number of reads supporting an SV detection was set to 5.

SV detection based on high-throughput chromosome conformation capture technology

HiC-Pro’? was exclusively used to directly procure the final intra- and inter-chromosomal contact matrices of varying resolutions of
5kb, 10 kb, and 50 kb using the raw Hi-C reads. Bowtie2”® was embedded in HiC-Pro as the reads aligner. The reads with a minimum
mapping quality of 20 were also exclusively used. The format of contact matrices was transformed from hicpro to cool using hicCon-
vertFormat.”* The contact matrices of the cool format were further iteratively corrected, and eigenvector decomposition (ICE) was
normalized by cooler’® module balance. For SV discovery, an up-to-date program EagleC,>’ capable of identifying a wide spectrum
of SV types, was implemented based on the 5 kb-, 10 kb-, and 50 kb-resolution contact matrices derived from HiC-Pro.

SV detection based on pacbio circular consensus sequencing and Oxford Nanopore technologies

Three read alignment programs, i.e., minimap2 (v2.24-r1122),*” NGMLR (v0.2.7),%° and Ira (v1.3.4),*® were used to align the raw reads
from HiFi and ONT to the Sscrofa11.1 pig reference genome. In minimap2, the flag -x was set to map-hifi and map-ont, respectively,
for HiFi and ONT reads to build the index and then map. In NGMLR, the similar flag -x was set to pacbio and ont. In Ira, the corre-
sponding flags are -CCS and -ONT for HiFi and ONT reads for both index building and alignment. The mapped reads were sorted
and indexed by samtools (v1.6).°° For SV calling, six alignment-based callers, namely Sniffles (v2.0.7),°° cuteSV (v1.0.13),>° Picky
(v1.0),°8 SVIM (v1.4.2),%° dysgu (v1.3.16),** and DeBreak (v1.0.2)*° were implemented. The flags in each caller indicating minimal
mapping quality and SV size were set to 20 and 50 bp, respectively, disregarding HiFi or ONT reads. The minimal number of support-
ing reads for a detected SV was set to 1 and 5, respectively, for HiFi and ONT reads, considering the different qualities between HiFi
and ONT platforms. The genomes of different pig breeds were de novo assembled using hifiasm (v0.19.4)°* based on HiFi reads. The
assembled genomes were compared to the Sscrofal1.1 reference genome to detect SVs using two assembly-based programs
MUM&Co (v3.8)*® and SVIM-asm (v1.0.3),* which are capable of identifying a full spectrum of SV types. SVIM-asm requires mapped
reads as the input, and the HiFi reads aligned by minimap2 were used as suggested by the program developers.
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Compilation of structural variation benchmark set

We used the callsets from two TGS platforms to compile the pig SV benchmark set, with the advantage of long reads over short reads
on SV detection in mind. Only SVs with the FILTER “PASS” in the output vcf file were adopted. The compilation involved three rounds
of merging: in each pig individual (breed), respectively in the HiFi and ONT repositories, the 18 callsets from the combinations of six
callers and three aligners were merged using SURVIVOR (v1.0.7)"® by setting the flags indicating the max distance between break-
points, the minimum number of supporting callsets, and the minimum size of SVs to be taken into account respectively to 1 kb, 4, and
50 bp. The type and strands of SVs were both taken into account in SURVIVOR. The two preliminary merged SV sets from various
aligner-caller combinations, respectively, in the HiFi and ONT repositories were then merged using SURVIVOR, assigning the min-
imum number of supporting platforms to one, i.e., SVs detected by either preliminary merged set were included.

Meanwhile, the callsets from two assembly-based callers based on HiFi data, i.e., MUM&Co and SVIM-asm, were merged by
SURVIVOR, maintaining SVs detected by either of the assembly-based programs. Then, the alignment-based merged set between
HiFi and ONT platforms and the assembly-based merged set between the two assembly-based callers were further merged by
SURVIVOR. The final merged callset was additionally filtered by SVanalyzer (https://svanalyzer.readthedocs.io) to cluster SVs and
remove duplicate SVs following the default settings to produce the final benchmark set. The length of SV indicated by “SVLEN”
in the INFO column of vcf file was recalculated according to the start and end positions. SVs that could not be parsed by
SURVIVOR, i.e., “SVTYPE=NA”, were excluded from the final benchmark set. The bcftools package (v1.8)°® was used to sort and
index the benchmark sets. The variant effects of SVs in the benchmark sets were predicted using VEP (v112.0).”"

Systematic comparison on performance metrics of SV detection in different platforms

In each pig breed, SV callsets based on Hi-C, WGS, HiFi, and ONT data were compared to the benchmark set to evaluate SV detec-
tion performance using three metrics: precision, recall, and F1 score. Precision is computed as the number of true positives (TPs)
divided by the total number of positives, i.e., true positives + false positives (FPs). The true or false positives indicate SVs in or
not in the benchmark set. Recall is computed as the ratio between the number of TP and the sum of TPs and false negatives
(FN). False negatives imply the true SVs in the benchmark set that are not detected by the callers. F1 score is a parameter integrating
precision and recall, formulated as %. Truvari (v4.0.0)"® module bench was used to measure the three metrics by setting
flags -p 0 -r 71000 without consideration of the reference genome. As insertion and deletion are two major SV types, we individually
computed the precision and recall for insertions and deletions.

Besides the global evaluation encompassing all kinds of SVs, we also investigated the performance metrics when detecting spe-
cific SVs of different sizes and numbers of supporting reads. Six ranges of SV lengths, including 50-99 bp, 100-499 bp, 500-999 bp,
1,000-4,999 bp, 5,000-9,999 bp, and > 10,000 bp, were considered. In regard to the number of supporting reads, SVs supported by
1,2, 3, 4-9, 10-49, and > 50 reads for HiFi data and 5, 6, 7, 8-14, 15-49, and > 50 reads for ONT data were individually assessed.
When studying the number of supporting reads, only precision could be assessed as there was no definite number of supporting
reads for an SV in the benchmark set, which was derived from different platforms and aligners most likely with varying numbers
of supporting reads. In this context, the false negatives belonging to a specific number of supporting reads were unknown.

The impact of the genomic regions accommodating SVs was also studied. Complex genomic regions with LINEs, SINEs, and sim-
ple repeats (micro-satellites) characterized by different repeat extents, high GC content (high GC) and low GC content (low GC) char-
acterized by varying GC volumes, runs of homozygosity (ROH), and varying linkage disequilibrium (LD) extents were respectively
considered. LINEs and SINEs are non-LTR retrotransposons, a kind of interspersed repeats across genome taking effect by convert-
ing their transcribed RNA back to DNA, i.e., reverse transcription.®® LINEs are normally of thousands base-pair length and SINEs are
hundreds of base-pair long.?* Simple repeats are micro-satellites, a kind of tandem repeats, with a simple repeat pattern. High and
low GC refer to a track of genomic regions with high and low Guanine (G) and Guanine (C) base-pair volumes. The coordinates of
repeat regions were obtained from RepeatMasker’® program embedded in https://genome.ucsc.edu/cgi-bin/hgTables using the
pig Sscrofal1.1 assembly. To distinguish genomic regions with different GC volumes, the whole genome was firstly divided into
50 kb segments using bedtools (v2.30.0)%° with flag -makewindows. The GC volume in each segment was calculated using bedtools
flag —nuc. The high or low GC contents implied the GC volume was higher than 90% or lower than 10% quantiles of all segments GC
volumes, respectively. To facilitate the calling efficiency in these specific regions, we focused on three representative autosomes of
varying sizes, including the 15, 4™, and 18™ chromosomes, and the X chromosome. The regions of ROH and with different LD extents
were disclosed based on SNP data from a population of 175 pig genomes consisting of the five breeds we used.’® The WGS platform
was applied to this population and is used to call the SNPs. The ROH regions were captured using Plink flag -homozyg. For regions
with different LD extents, we first identified the LD blocks using Plink with flag —block. The flags indicating block maximal size
(-blocks-max-kb) and confidence interval tops of r? (~blocks-recomb-highci) were set to 1,000 bp and 0.9, respectively. The pairwise
r? of SNPs in specific blocks was calculated by Plink flag —. The median value of r? was used to represent the overall LD extent of the
block. Three LD extent ranges with lower and upper limits of r being (0.25, 0.5), (0.5, 0.8), and (0.8, 1) were assigned. To facilitate the
calling efficiency, the 15t 4“‘, and 18™ autosomes and the X chromosome were also exclusively considered.

For the investigation of the impact of sequencing depth on SV detection, we downsampled the total HiFi and ONT reads in each breed
to depths respectivelyof 1 x ,5 x,10 x,20 x ,and 30 X using rasusa (v0.7.1)." All the aligners and callers used in processing the full
HiFiand ONT data were also used for the downsampled reads. The minimum number of supporting reads for alignment-based callers at
each depth of HiFi data was set 1. For ONT reads, this value was setto1for1 x ,5 x ,and 10 x, 2 for 20 x data, and 3 for 30 x data.
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Considering the sensitivity of SVIM tool that a large number of SVs with only one supporting read would be reported, the minimum num-
ber of supporting reads for 5 x and 10 x was set to 2. The computational load, including time consumption and maximum memory
usage for each aligner and caller, was recorded at a sequencing depth of 10 x except for the two assembly-based callers, i.e.,
SVIM-asm and MUM&Co, which processed the assembled genome based on total HiFi reads.

SV simulation

The SV detection capability of various aligners and callers for pig genomes was also investigated via a simulation trial. Sim-it (v1.3.6)°’
was used to simulate HiFi and ONT long reads respectively and SV benchmark sets based on the Sscrofai1.1 reference genome. The
SV heterozygosity was set to 30% and 50% respectively for HiFi- and ONT-based detection as observed in the real-data experiment.
The accuracy of ONT reads remained to 88% as default. A higher value of 95% was applied to HiFi reads considering the technical
advantage of HiFi platform on sequencing accuracy. The median length and length range of reads were designated to 15,000 bp and
500-70,000 bp for HiFi reads, and 20,000 bp and 500-300,000 bp for ONT data according to the real sequencing data. The default
error profiles for HiFi and ONT reads were used. Four types of SV including deletions, insertions, tandem duplications, and inversions
were simulated with the number of 20,000, 20,000, 500, and 150 referring to the number in the benchmark sets of five pig breeds.

PCR validation

Atotal of 14 deletions and four insertions were randomly selected from the benchmark sets of AW, BKS, BMA, and LW (PTR samples
were not used in the PCR validation due to the absence of DNA samples). The PCR primers of the 18 selected SVs were designed
using SnapGene (v4.3.6) software and the Primer-BLAST program®® on the National Center of Biotechnology Information (NCBI)
website. The specificity of the PCR products was validated in NCBI and University of California Santa Cruz (UCSC) databases.
The DNA samples of eight pig individuals from five breeds, including AW, BKS, BMA, LW, and Duroc (reference genome), were
collected to in vitro validate the 18 SVs via gel electrophoresis. In total, 18 x 8= 144 validations (gel lanes) were processed. A suc-
cessful validation is defined as the SV in silico identified in a specific breed can be in vitro verified in the gel lane of that breed, i.e., true
positive (TP), or the SV not in silico discovered in a specific breed is absent in the gel lane of that breed, i.e., true negative (TN). The
total number of positives (P) or negatives (N) indicates the number of breeds with or without in silico identified SVs. The TP and TN

rates are calculated as Y212 and 2T, respectively, in which No. P+No. N = 144, and the overall validation rate is No-TEtlo. TN

QUANTIFICATION AND STATISTICAL ANALYSIS

The quantification in regard to SV detection power, i.e., precision, recall, and F1 score, and PCR validation rate have been specified in
the “method details” section. No statistical analysis was implemented in this study.
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