
Vol.:(0123456789)

Theoretical and Applied Genetics (2025) 138:91 
https://doi.org/10.1007/s00122-025-04867-2

ORIGINAL ARTICLE

Graphical pangenomics‑enabled characterization of structural variant 
impact on gene expression in Brassica napus

Gözde Yildiz1   · Silvia F. Zanini1   · Sven Weber2 · Venkataramana Kopalli1 · Tobias Kox3 · Amine Abbadi3 · 
Rod J. Snowdon2 · Agnieszka A. Golicz1 

Received: 19 November 2024 / Accepted: 25 February 2025 / Published online: 3 April 2025 
© The Author(s) 2025

Abstract
Key message  Pangenome graphs enable population-scale genotyping and improve expression analysis, revealing 
that structural variations (SVs), particularly transposable elements (TEs), significantly contribute to gene expression 
variation in winter oilseed rape.
Abstract  Structural variations (SVs) impact important traits, from yield to flowering behaviour and stress responses. Pange-
nome graphs capture population-level diversity, including SVs, within a single data structure and provide a robust framework 
for downstream applications. They have the potential to serve as unbiased references for SV genotyping, pan-transcriptomic 
analyses, and association studies, offering significant advantages over single reference genomes. However, their full poten-
tial for expression quantitative trait locus (eQTL) analysis is yet to be explored. We combined long and short-read whole 
genome sequencing data with expression profiling of Brassica napus (oilseed rape) to assess the impact of SVs on gene 
expression regulation and explored the utility of pangenome graphs for eQTL analysis. Over 90,000 SVs were discovered 
from 57 long-read datasets. Pangenome graph as reference was evaluated and used for SV genotyping with short reads and 
transcript expression quantification. Using SVs genotyped from the graph and 100 expression datasets, we identified 267 
gene proximal (cis) SV-eQTLs. Over 70% of eQTL-SVs had similarity to transposable elements (TEs), especially Helitrons. 
The highest proportion of cis-eQTL-SVs were found in promoter regions. About a third of transcripts whose expression was 
associated with SVs, had no associated SNPs, suggesting that including SVs allows capturing of relationship which would 
be missed in SNP-only analyses. This study demonstrated that pangenome graphs provide a unifying framework for eQTL 
analysis by allowing population-scale SV genotyping and gene expression quantification. We also showed that SVs make an 
appreciable contribution to gene expression variation in winter oilseed rape.
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Introduction

Structural variations (SVs) are genomic alterations over 
50 bp in length, with insertions and deletions represent-
ing the most common forms (Alonge et al. 2020; Yildiz 
et al. 2023). SVs are prevalent in the complex genomes of 
major crops including wheat (Walkowiak et al. 2020), bar-
ley (Jayakodi et al. 2020), and oilseed rape (Chawla et al. 
2021). They are associated with key traits such as yield and 
flowering time in oilseed rape (Song et al. 2020), fruit fla-
vour in tomato (Li et al. 2023), and quality traits in cotton 
(Jin et al. 2023). SVs can impact gene function by altering 
protein-coding sequences, splicing patterns, gene expres-
sion levels, or any combination thereof (Chiang et  al. 
2017; Zanini et al. 2022). Expression quantitative trait 
loci (eQTL) analysis maps associations between genomic 
variation and gene expression. Results from eQTL studies 
are often used in conjunction with classical QTL mapping 
or genome-wide association studies (GWAS) to pinpoint 
causal or candidate genes (Druka et al. 2010). They can 
however also be used to help understand the regulatory 
architecture of gene expression and complex phenotypic 
traits. The most common variants used in eQTL studies 
are single nucleotide polymorphisms (SNPs), however, 
due to increasing capacity for population-scale SV dis-
covery (Alonge et al. 2020; Chawla et al. 2021; Zhang 
et al. 2022), the impact of SVs on genome-wide expression 
patterns can now also be investigated in large scale eQTL 
analyses (Leonard et al. 2024).

Recently, pangenome graphs have emerged as a robust 
framework for genomic data analysis, capturing species-
wide genomic diversity within a single data structure 
(Yildiz et al. 2022; Zanini et al. 2022; Hu et al. 2024). The 
main methods for constructing plant pangenomes are de 
novo assembly and comparison, reference genome-based 
iterative assembly, and graph-based pangenome approach 
(Hu et al. 2024). In the de novo assembly method, indi-
vidual genomes are assembled from scratch to identify 
shared and unique regions. Subsequent analyses commonly 
focus on comparing gene annotations across genomes, 
emphasizing the species' pangene set. The iterative map-
ping and assembly method starts by aligning reads to an 
existing reference genome. Reads that don’t align are then 
assembled, and the resulting annotated contigs are inte-
grated into a linear pangenome reference, allowing for 
the representation of all sequences but compromising on 
their positional relationships (Golicz et al. 2016; Jain and 
Garg 2020). The third approach, graph-based pangenomes, 
represents all genomic sequences and variants as nodes 
and edges, offering major advantages over reference-based 
genomes, including:(1) reduced redundancy, by inte-
grating multiple genome sequences into a single graph 

structure that preserves linear proximity of nodes, even 
in the presence of complex rearrangements; (2) improved 
read mapping accuracy and variant detection, by capturing 
large SVs and unique alleles that may not be represented 
in single reference genomes or linear pangenomes, and (3) 
provides a more comprehensive and unbiased reference for 
association studies (Edwards and Batley 2022).

A necessary prerequisite of association studies is that 
genomic variations across large populations need to be geno-
typed accurately and rapidly (Wang et al. 2018; Fuentes et al. 
2019). Traditional genotyping methods align short reads to 
a single reference genome (Alkan et al. 2011; DePristo et al. 
2011). However, read alignment errors caused by single refer-
ence bias result in inaccurate genotypes, especially for alterna-
tive alleles (Cameron et al. 2019). Therefore, graph-based SV 
genotyping methods using short reads emerged as a powerful 
alternative (Liu et al. 2020; Lemay et al. 2022; Li et al. 2022; 
Leonard et al. 2024). Graph-based genotyping algorithms use 
either read alignment or k-mer matching against the variation/
sequence graphs to genotype variants using short reads (Chen 
et al. 2019; Hickey et al. 2020). However, these methods still 
have some limitations, being mainly optimized for human 
genomes, with only limited benchmarking on crop genomes 
(Lemay et  al. 2022; Du et  al. 2024). Additionally, crop 
genomes can present unique challenges for SV genotyping 
due to their complexity, including differences in genome size, 
high repeat content, heterozygosity, and polyploidy. Beyond 
its utility for SV genotyping, pangenome graphs can also be 
utilized for pan-transcriptomic analyses (Sibbesen et al. 2023), 
where genomic variation is accounted for during mRNA-Seq 
read mapping and subsequent quantification.

In this study, we combined long-read Oxford Nanopore 
(ONT) and short-read Illumina genome sequencing data with 
mRNA-Seq data from young leaves of B. napus (oilseed rape) 
to assess the impact of SVs on gene expression regulation and 
explore the utility of pangenome graphs for eQTL analysis in 
plants. We assessed the effectiveness of graph-based SV geno-
typing using state-of-the-art approaches and further tested the 
utility of pangenome graphs for transcript expression quantifi-
cation. We found that insertions, deletions and especially trans-
posable elements (TEs) contribute to gene expression diversity 
and that some of the associations could not be detected using 
only SNPs, highlighting the importance of integrating SVs in 
association studies to understand the impact of different types 
of mutations on crop traits.

Materials and methods

Material selection

A total of 100 genetically diverse, elite inbred winter oil-
seed rape breeding lines from the commercial breeding 
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programme of Norddeutsche Pflanzenzucht HG Lembke 
(NPZ KG, Hohenlieth, Germany) were used in the study. 
All 100 lines were used for short-read sequencing. Based on 
genetic diversity analysis using genome-wide SNPs called 
from the short-read data, a subset of 57 lines representing 
the total genetic diversity of the full collection was selected 
for long-read sequencing. Single plants from each inbred 
line were harvested for the short and long-read sequencing, 
respectively.

Short‑read genomic and RNA‑Seq sample 
preparation and sequencing

Plants were grown in a climate-controlled growth chamber 
with 16-h day (16 °C) and 8-h night (12 °C). Leaf sam-
ples were harvested simultaneously for all genotypes after 
30 days at the 5–6 leaf stage, immediately shock-frozen 
in liquid nitrogen, and stored at − 80 °C until DNA/RNA 
extraction. Leaf material was then ground to a fine powder 
in liquid nitrogen and separated into aliquots for DNA and 
RNA extraction. Total genomic DNA was extracted from 
each sample using the CTAB extraction method of Doyle 
(1990). Total RNA was extracted using the RNeasy Mini 
Kit (Qiagen, Hilden, Germany) and treated using RNase-
free DNase (Qiagen, Hilden, Germany) to remove DNA. 
Quantity and quality of RNA samples were checked using 
a Fragment Analyzer Automated Capillary Electrophoresis 
system (Advanced Analytical, Heidelberg, Germany). Equi-
molar RNA/DNA samples were shipped on dry ice to BGI 
Tech Solutions (Hong Kong, China) for library preparation 
and sequencing. Whole-genome DNA sequencing was per-
formed with 150nt paired-end reads on the Illumina Hiseq 
XTen platform. RNA-Seq was performed on the Illumina 
HiSeq 4000 platform with 100nt paired-end sequencing.

Long‑read genomic sample preparation 
and sequencing

Plants were grown in the same conditions as for short-
read sequencing, leaves were harvested from plants at the 
4–6 leaf stage, flash frozen, and ground to a fine powder 
using a mortar and pestle. High-molecular-weight DNA 
was isolated and sequenced using a modified protocol from 
Chawla et al (2021). Briefly, 11 mL of pre-heated lysis 
buffer (1% w/v PVP40, 1% w/v PVP10, 500 mm NaCl, 
100 mm TRIS pH8, 50 mm EDTA, 1.25% w/v SDS, 1% 
(w/v) Na2S2O5, 5 mm C4H10O2S2, 1% v/v Triton X-100) 
were added to 1.2–1.5 g of tissue and incubated for 30 min 
at 37 °C in a rotator. 11 μl RnaseCocktail (ThermoFisher, 
ref AM2288) were added and the lysate was incubated in 
a rotator at 37 °C for 20 min. 110 μl of ProteinaseK (Ther-
moFisher, ref QS0511) were then added and samples were 
incubated in a rotator at 37 °C for a further 20 min. 4 mL 

of 5 M potassium acetate were added to the cooled-down 
lysate, mixed by inversion 20 times, incubated for 10 min 
on ice, and pelleted by centrifugation at 4 °C, 4250 g for 
10 min.

Finally, magnetic beads were used to recover the HMW-
DNA, washed twice with 70% ethanol, and incubated with 
TE buffer for 10 min at 37 °C to release the DNA from 
the beads into the buffer. 1 to 3 ug of DNA were used for 
library preparation with the ligation sequencing kit SQK-
LSK109, according to the manufacturer’s recommenda-
tions, and loaded onto an Oxford Nanopore MinION flow 
cell for sequencing.

SV calling from long reads

In our previous work, we established optimal combinations 
of alignment and SV calling methods for low to medium 
sequencing depths (Yildiz et al. 2023). Long-read datasets 
(n: 57) were aligned against reference B. napus genome 
(Express 617 v1) (Lee et al. 2020) using minimap2 v2.24-
r1122 (Li 2018), followed by sorting and indexing of the 
aligned reads with samtools v1.9 (Li et al. 2009). Sub-
sequently, cuteSV v1.0.13 (Jiang et al. 2020) was used 
to detect SVs with varying coverages; 5x (13 lines), 10x 
(25 lines), and 20x (19 lines) designated as –min_support 
values 3, 5, and 8, respectively. SVs genotyping option 
(–genotype) was enabled and calls across samples were 
merged using Jasmine v1.0.2 (Kirsche et al. 2023). Merged 
SVs were re-genotyped with cuteSV (-lvcf). Variants were 
further processed to only retain insertions and deletions 
with genotype missing call rate: < 5%, heterozygous gen-
otype call rate: < 5% and remove variants > 20 kb. This 
approach was based on our earlier findings (Yildiz et al. 
2023), which highlighted insertions and deletions as the 
most prevalent variant types in B. napus and were associ-
ated with lowest detection errors. Additionally, heterozy-
gous SVs were excluded from analysis, due to potentially 
erroneous genotype calls in the highly inbred lines used 
in the analysis.

SNP calling from short reads

Short reads (n: 57) were aligned to the reference genome 
(Express 617 v1) using bwa-mem2 v2.2.1 (Vasimuddin 
et  al.  2019). SNP calling was performed with bcftools 
v1.15.1 mpileup –skip-indels –min-MQ 10 (minimum 
read mapping quality) and bcftools call -mv -Ov –ploidy 2 
(Danecek et al. 2021). SNPs were filtered using similar crite-
ria as for SVs calling, retaining variants with genotype miss-
ing call rate: < 5%, heterozygous genotype call rate: < 5% 
and minor allele frequency: > 5%.
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Graph‑based SV genotyping

We performed graph-based SV genotyping using Paragraph 
v.2.4a (Chen et al. 2019), vg toolkit: v1.43.0 Giraffe/vg 
(Hickey et al. 2020; Sirén et al. 2021), and v1.1.8 Ensem-
ble Variant Genotyper (EVG) (Du et al. 2024) on 57 short-
read datasets. SV genotyping tools included in the study 
were selected using several criteria: (1) all of them perform 
graph-based SV genotyping, (2) Giraffe/vg appears to be the 
most popular genotyper in literature to date (Liu et al. 2020; 
Sirén et al. 2021; Li et al. 2023), (3) Paragraph is the best 
performing genotyper based on benchmarking in soybean 
(Lemay et al. 2022), (4) EVG combines multiple graph-
based SV genotyping algorithms. For Giraffe/vg genotyping 
short reads were aligned to the pangenome graph using vg 
giraffe (Sirén et al. 2021). SVs from long reads (n: 57) were 
used in vg autoindex v1.43.0 –workflow giraffe. SVs were 
genotyped using vg pack and vg call with default parameters 
(read support with -Q 5, ignore mapping and base quality 
below 5, -s 5, ignore first and last 5 bp from each read). For 
Paragraph, SVs from long reads (n: 57) were provided along 
with Express 617 v1 reference genome and genotyping was 
done using default parameters. For EVG, graph SVs (n: 57) 
and Express 617 v1 reference genome were provided, and 
genotyping was performed with default parameters.

F1‑score calculation

We calculated F1-scores for each variant using SV geno-
types obtained from different short-read genotypers and 
long-read SV genotypes used as the truth set.

F1-scores were calculated both from the perspective of 
alternative (ALT: non-reference) and reference (REF) alleles 
as it can lead to somewhat different results. For example, for 
the 57 lines, a variant which in the truth set had alternative 
allele call in two lines, but was genotyped from short reads 
as alternative allele in 3 lines, will have an F1-score of 0.8 
((2*TP:2)/(2*TP:2 + FP:1 + FN:0)) for the ALT allele, but 
F1-score of 0.99 ((2*TP:54)/(2*TP:54 + FP:0 + FN:1)) for 
the REF allele. Heterozygous calls were treated as miss-
ing and not included in the calculation, and variants which 
had > 20% missing rate were designated F1-score of zero.

Comparison of SV with low and high F1‑scores

Properties of SVs with low and high F1-scores were com-
pared with respect to length, location, copy number and 
initial SV calling accuracy. SVs were considered gene 

F1 =
2 ∗ (precision ∗ recall)

precision + recall
=

2TP

2TP + FP + FN

proximal if they were within 1 kb of protein-coding genes. 
Sequences of all variants were extracted and used as query 
in a BLAST search (with -blastn -evalue 1e-5 -outfmt 6) 
against Express 617 v1 genome to see if the sequences 
corresponding to variants with low F1-score have a higher 
genome-wide copy number.

Transcript expression quantification from RNA‑Seq 
reads

A pangenome graph was built using vg v1.4.30 (Gar-
rison et al. 2018) autoindex, based on the Express 617 
v1 reference genome sequence and using SNPs and SVs 
which passed the quality control filtering steps described 
above. RNA-Seq reads were mapped to the graph using 
vg mpmap. The mappings were passed to rpvg for quan-
tification. For each sample, rpvg outputs quantification 
results along with haplotype probabilities above a certain 
threshold. Per-sample results were filtered to retain only 
haplotypes with the highest probability for each gene. 
Further, only genes for which the haplotype could be 
assigned in all samples were retained. Transcripts per mil-
lion (TPM) values were extracted directly from the rpvg 
output. Kallisto v0.44.0 (Bray et al. 2016) was used for 
quantification using transcripts extracted from the Express 
617 v1 assembly. TPM values were extracted directly from 
Kallisto outputs. Transcripts quantified with Kallisto, 
which could not be assigned a haplotype by rpvg for all 
samples, were removed prior to comparisons. Pearson 
and Spearman correlations were calculated for each gene 
across 50 samples. Transcripts with Pearson correlation 
below 0.75 were tested for over-representation of SNPs 
and SVs using a permutation test implemented in regioneR 
v1.26.1 (Gel et al. 2016). All transcripts quantified by rpvg 
in all samples were used as a universe for resampling in 
100 iterations.

Simulation of RNA‑Seq reads from pangenome 
graph

RNA-Seq reads were simulated from the pangenome 
graph using a previously described approach (Sibbesen 
et al. 2023). In short, haplotype-specific transcripts for one 
of the samples and their corresponding sequences were 
extracted from the graph. These served as a reference 
for gene expression quantification using RNA-Seq data 
for the same sample with RSEM v1.3.3 (Li and Dewey 
2011), generating expression levels from paired-end RNA 
sequencing reads. These were in turn provided to vg sim 
v1.57 to simulate corresponding expression levels.
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eQTL identification

Gene expression quantification was performed using rpvg. 
Only transcripts with mean TPM ≥ 0.1 and expression ≥ 1 
TPM in at least two samples were retained for eQTL analy-
sis. The expression matrix was transformed using inverse 
normal transformation. Five top principal components 
(PCs) identified from SNP data and top components iden-
tified from expression data using the Elbow method of 
PCAforQTL v0.1.0 (Zhou et al. 2022) were used as covari-
ates in matrixEQTL v2.3 (Shabalin 2012). eQTL analysis 
was performed jointly for SNPs and SVs. For comparison 
between short (n = 100, n = 57) and long (n = 57) reads, prior 
to eQTL analysis variants were further filtered to remove 
variants with minor allele frequency < 10%, ensuring that 
minor allele is found in at least five samples. For the final 
eQTL analysis (n = 100), a more relaxed MAF threshold of 
5% (also ensuring that minor allele was found in at least 
five samples) was applied and lead variants were identified 
by lowest p-value. When SNPs and SVs had equal lowest 
p-value, both were retained.

cis-eQTL variants were defined as + / − 3,000 bp from the 
target gene body, encompassing promoter (3 kb upstream), 
transcription start site (TSS), exons, introns and 3 kb down-
stream from the transcription termination site (TTS).

Throughout the manuscript text, “eQTL”, “SV-eQTL” and 
“SNP-eQTL” refer to a variant-locus pair, while “eQTL-
SNP” and “eQTL-SV” refer to the variant only.

Transposable element annotation

Transposable element library for the Express 617 genome 
assembly was generated using EDTA v2.0.1 (Ou et al. 2019). 
Transposable elements were annotated using RepeatMasker 
v4.1.2 (Smit et al. 2015). Sequences of insertions and dele-
tions were extracted and compared against the TE library 
using BLASTn v2.13.0 (Camacho et  al. 2009) (e-value 
cutoff 1e-5). Top BLAST matches were used to assign SV 
sequences to TE families (Lemay et al. 2022). EDTA/ clas-
sification of Helitrons was further confirmed comparing it 
to the output of a Helitron-specific annotation tool, Heliano 
(v 1.2.1) (Li et al. 2024). Positional overlaps were computed 
with bedtools intersect (v2.30, -f 0.5). Above 90% of EDTA 
families classified as Helitron were confirmed by positional 
overlap with Heliano annotations, therefore EDTA annota-
tion was used for downstream analysis.

Arabidopsis homologue identification and GO term 
annotation

Homologue identification was performed using a previously 
developed method (Golicz et al. 2021; Sessa et al. 2023). 
Briefly, protein sequences of B. napus transcripts were 

compared against Arabidopsis thaliana proteome database 
using BLASTp v2.13.0 (e-value cutoff 1e-5). Top BLAST 
matches of B. napus transcripts were identified as homo-
logues. GO annotation was performed by transferring TAIR 
GO annotation of A. thaliana to the B. napus homologous 
genes.

Results

Winter oilseed rape harbours extensive structural 
variation

Structural variant (SV) discovery was performed using 
Oxford Nanopore (ONT) long-read sequencing data for 57 
lines of German winter oilseed rape. The average coverage 
for long-read data was 16.5x. Following removal of variants 
with excessive heterozygous genotype calls (unexpected in 
highly inbred material and indicative of SV calling/genotyp-
ing errors) and excessive genotype missing rate we discov-
ered total of 94,824 structural variations, including 48,396 
insertions (INS) and 46,428 deletions (DEL) (Fig. 1A). 
Deletions averaged 1,745 base pairs in length (median: 
561.0), while insertions averaged 1,724 base pairs (median: 
727.0). These resulted in a total of 164 Mb of SV space, of 
which 83 Mb consisted in insertions and as such were not 
represented in a single reference genome. The length dis-
tribution of SVs is represented in Fig. 1B. Regarding their 
genomic locations, 12.80% of SVs were found within genes 
(inside), 21.22% of SVs within 1 kb of genes (withinkb), 
and the majority 65.98% of SVs, in intergenic regions (not-
withinkb) (Fig. 1C). Insertions and deletions had similar 
distribution across genic and non-genic regions (Fig. 1C).

Graph‑based approach allows population‑scale SV 
genotyping

SV genotyping from population-level datasets, for example 
using short Illumina WGS data, is a prerequisite for asso-
ciation analyses. Graph-based SV genotyping from short 
reads has been shown to be the leading approach, however 
results from different pipelines vary (Chen et  al. 2019; 
Hickey et al. 2020; Du et al. 2024). We tested three graph-
based SV genotyping methods, including Paragraph (Chen 
et al. 2019), Giraffe/vg (Hickey et al. 2020), and EVG (Du 
et al. 2024). SVs discovered and genotyped from long reads 
across 57 samples were used a truth set (Fig. 2A). We then 
genotyped SVs using short reads derived from the same 57 
samples (average coverage 12x). Because matched samples 
sequenced using ONT and Illumina technology were avail-
able, F1-scores could be calculated for each SV individually, 
checking long- and short-read genotype concordance across 
samples.
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We observed a bimodal distribution of F1-scores 
(Fig. 2B, C), either close to one (well genotyped, ≥ 0.8) or 
close to zero (poorly genotyped, ≤ 0.2), in both Paragraph 
and Giraffe/vg results. However, Giraffe/vg had poorer per-
formance compared to Paragraph, especially for genotyping 
insertion alternative alleles (Fig. 2B). Giraffe/vg correctly 
genotyped 34.14% of SVs (SVs with REF allele F1 ≥ 0.8 
AND ALT allele F1 ≥ 0.8), while 45.27% of SVs (SVs with 
REF F1 ≤ 0.2 OR ALT F1 ≤ 0.2) were incorrectly genotyped 
(Fig. 2B). Paragraph correctly genotyped 43.48% of SVs 
(SVs with REF allele F1 ≥ 0.8 AND ALT allele F1 ≥ 0.8), 
while 36.02% of SVs (SVs with REF F1 ≤ 0.2 OR ALT 
F1 ≤ 0.2) were incorrectly genotyped (Fig. 2C). Overall, 
Paragraph had a more balanced performance especially 
for genotyping insertions for both reference and alternative 
alleles (Fig. 2C). We did not observe improved performance 
with EVG, likely because of lack of agreement between dif-
ferent genotyping methods. Our results are concordant with 
previous findings in soybean (Lemay et al. 2022), suggesting 
that Paragraph is the best performing short-read graph-based 
genotyper also for B. napus. Consequently, we selected the 
Paragraph results for further analysis.

Variants with good and poor genotyping outcomes 
have different features

We further explored the reasons behind differences in 
F1-scores for Paragraph genotyped SVs, to understand why 
some variants can be genotyped with short reads while oth-
ers cannot. Variants with high F1-scores for both alleles 
(REF allele F1 ≥ 0.8 AND ALT allele F1 ≥ 0.8) were con-
sidered correctly genotyped, while those with low F1 -scores 
(SVs with REF F1 ≤ 0.2 OR ALT F1 ≤ 0.2) were considered 
incorrectly genotyped (Fig. 2C). The correctly genotyped 
SVs were longer (mean: 1834.25 bp and median: 776.0 bp) 
compared to incorrectly genotyped SVs (mean: 1522.98 bp 
and median: 432.0 bp) (Fig. 3A). The correctly genotyped 
SVs were slightly more likely to be found in proximity of 
coding genes (34.1% of correctly genotyped SVs were inside 
or within 1 kb of protein-coding genes, compared to 33.2% 
for incorrectly genotyped SVs), however the overall distribu-
tion of positions relative to genes was very similar for both 
groups (Fig S1). The incorrectly genotyped SVs on average 
occurred in a higher copy number (mean: 53.81, median: 
5) than the correctly genotyped SVs (mean: 44.21, median: 

Fig. 1   A Distribution of various genomic features of the B. napus 
genome, Chromosomes (A), Gene density (B), TE density (C), SNP 
density (D), Insertions (E) and Deletions (F). Densities were calcu-
lated using 1 Mb window size. B Distribution of insertion (INS) and 

deletion (DEL) lengths. (C) Distribution of locations of insertion and 
deletion SVs relative to annotated genes (inside, not within one kb 
distance and within one kb distance from genes)
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4) (Fig. 3B). We also found that the incorrectly genotyped 
SVs were associated with higher error during initial SV call-
ing from long reads (Fig. 3C). Specifically, the incorrectly 
genotyped SVs had wider confidence intervals for positions 
(CIPOS) and lengths (CILEN) compared to correctly geno-
typed SVs both for deletions and insertion (Fig. 3C, D).

SV genotyping errors are unlikely to have 
substantial impact on association studies

To examine whether genotyping errors could affect 
association studies, we performed eQTL analysis using 
genotypes derived from 57 long-read samples and 100 

short-read samples (which included the 57 samples 
sequenced with long reads). We compared SV-eQTL vari-
ants found within 100 kb of target genes identified in the 
two analyses, identifying 8,940 eQTL-SVs detected from 
short reads only, 11,752 eQTL-SVs from long reads only, 
and 12,409 overlapped eQTL-SVs (Fig. 4B). Two main 
sources of eQTLs unique to short-read datasets could be 
either the increased power of the study (57 vs 100 sam-
ples) or SV genotyping errors. Importantly, 67.02% eQTL-
SVs unique to short-read analysis were determined as cor-
rectly genotyped (Fig. 4A), while only 18.67% eQTL-SVs 
unique to long-read analysis were determined as correctly 

A

C

Long reads (n=57)

SV discovery

SV genotyping from long reads
(n=57)

SV genotyping from short reads
(n=57)

F1 score calcula�on for each SV
• Long read genotypes used as truth
• Separate F1 scores for REF and ALT alleles

B

Fig. 2   A Procedure for F1-score calculation for genotypes obtained 
from short reads with Giraffe/vg and Paragraph. B F1-scores from 
Giraffe/vg graph-based genotyping for reference (REF) and alterna-
tive (ALT) alleles. C F1-scores from Paragraph graph-based genotyp-

ing for reference (REF) and alternative (ALT) alleles. F1-scores ≤ 0.2 
for either alternate or reference alleles are indicative of poor geno-
typing outcomes, SVs with F1 ≥ 0.8 for both alternate and reference 
alleles are considered correctly genotyped
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genotyped (Fig. 4C). Overlapping eQTL-SVs from long 
and short reads were largely correctly genotyped: 86.69% 
eQTL-SVs (Fig. 4B, Fig S2). These results suggest that the 
eQTL-SVs identified from short reads only were mostly 
correctly genotyped and represented new associations 
found due to the increased sample size and corresponding 
increased power of the analysis. Conversely, eQTL-SVs 
found from long reads only could not be correctly geno-
typed from short reads and would therefore be missing 
from short-read only analyses. To assess the impact of the 
increased sample size in the short-read analysis, we down-
sampled the 100 short-read samples to 57 and compared 
variants found from the same sample size but different 
sequencing approaches (Fig S3). Downsampled short-
read-based analysis resulted in fewer associations overall 
compared to the original 100 datasets and fewer associa-
tions found in SVs genotyped from short reads only.

Genomic variation affects transcript expression 
quantification

One of the key steps in eQTL analysis is the accurate 
quantification of gene expression. Sequence variation 
between reference genomes and the actual genotypes 
used for the generation of expression data can lead to 
quantification errors, a phenomenon often referred to as 
‘reference sequence bias’ (Sibbesen et al. 2023). To test 
the effect of potential bias on gene expression quantifica-
tion in Brassica napus and its impact on eQTL analysis, 
we compared transcript abundance derived from a linear 
reference based (Kallisto) and a pangenome graph-based 
(rpvg) approaches. The pangenome graph reference was 
constructed using SVs identified and genotyped from long-
read data combined with SNPs called from short reads. For 
each transcript, we calculated the correlation between read 
counts estimated by the two methods across 50 samples 

Fig. 3   Comparison of insertion and deletion SV types with low and 
high F1-scores. F1-scores ≤ 0.2 are indicative of poor genotyping 
outcomes (Low F1), SVs with F1 ≥ 0.8 are considered correctly geno-
typed (High F1). A Comparison of length of SVs with low and high 

F1-score. B Comparison of copy number of SVs with low and high 
F1-score. C Comparison of confidence interval for position (CIPOS) 
of SVs with low and high F1-score. D Comparison of confidence 
interval for length (CILEN) of SVs with low and high F1-score
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(Fig. 5A). We then extracted transcripts with Pearson cor-
relation below 0.75 and an equal number of transcripts 
with the highest correlation coefficients. If genomic varia-
tion had an appreciable effect on expression quantification, 
we would expect transcripts with low measurement con-
cordance across methods to be overrepresented in variants. 
Indeed, we observed a statistically significant enrichment 
of variants in transcripts with correlation below 0.75 with 
a permutation test (Fig. 5B, C). Conversely, the highly 
correlated transcripts were depleted in variants (Figs 
S4A-B). A very similar result was obtained when we used 

transcripts per million (TPM) instead of counts as a meas-
ure of expression. To further support our observations, 
we simulated RNA-Seq reads for one of the samples and 
compared quantification results between Kallisto and rpvg 
quantification and expected counts for genes, which have 
been identified as challenging across 50 samples (correla-
tion below 0.75). We found that the quantification results 
from rpvg were closer to our simulated ground truth (Fig 
S5). We concluded that using a pangenome graph refer-
ence could improve quantification, therefore rpvg-based 
expression was selected for the subsequent analysis.

Fig. 4   A Distribution of F1-scores of SVs genotyped from short 
reads, which were unique to SV-eQTL analysis with short-read-
derived genotypes. Most of the SVs are correctly genotyped, sug-
gesting that additional associations results from increased power 
(n = 100 for short-read genotypes vs n = 57 for long-read genotypes). 
B Overlap between eQTL-SVs discovered using genotyping with 

short (n = 100) and long (n = 57) reads. C Distribution of F1-scores 
of SVs genotyped from short reads for eQTL-SVs unique to analysis 
with long-read-derived genotypes. F1-scores ≤ 0.2 for either alternate 
or reference alleles are indicative of poor genotyping outcomes, SVs 
with F1 ≥ 0.8 for both alternate and reference alleles are considered 
correctly genotyped

Fig. 5   Comparison of linear reference and graph transcript expression 
quantification approaches. Transcripts with low concordance between 
Kallisto and RPVG results and overrepresented in genomic variants. 
A Pearson and Spearman correlation between Kallisto and RPVG 
quantification across 50 samples. Red line—0.75 cutoff used to define 
transcripts tested for over-representation of variants. Permutation test 

results: B Transcripts with correlation coefficient below 0.75 are sig-
nificantly overrepresented in SNPs and C Transcripts with correlation 
coefficient below 0.75 are significantly overrepresented in SVs. Green 
line—observed value, grey line—mean of permutation results, red 
line—significance threshold
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Gene‑proximal structural variants are linked 
to gene expression regulation

Final graph-based eQTL analysis was performed using 
SNPs, SVs genotyped from short reads and gene expres-
sion data representing young leaves at 5–6 leaf stage 
from 100 homozygous inbred lines (Fig. 6A, Fig S6). In 
total 39,546 SVs and 2,396,948 SNPs were used in the 
analysis. We focused the analysis on lead eQTL variants 
(identified by lowest p-value) found in proximity of their 
target genes (cis-eQTLs). Due to high density of genes 
in the B. napus genome (mean distance between adjacent 
genes is ~ 3,500 bp) we defined cis-eQTL variants as vari-
ants located in/overlapping promoter (3,000 bp upstream 
from the transcription start site (TSS)), exons, introns or 
regions immediately downstream (3,000 bp downstream 
from the transcription termination site (TTS) of their tar-
get genes). Using these criteria we identified 267 SV- 
and 5,668 SNP-eQTLs (Supplementary Data). The pro-
portion of SVs among eQTL variants was higher (4.7%) 
than among all variants used for the analysis (1.6%). For 
35.1% of SV-eQTL transcripts, no significant associa-
tions between any SNP and the transcript were detected, 
suggesting that these eQTL-SVs are not in high enough 
linkage disequilibrium with SNPs to be detected in SNP-
only analyses.

Within our datasets, we identified more SNP-eQTLs on 
the A subgenome compared to the C subgenome, while 
a higher proportion of SV-eQTLs was found on the C 
subgenome (Fig S7, Chi-squared test < 0.001).

Majority of cis‑eQTL‑SVs have similarity 
to transposable elements

We investigated the distributions of eQTL-SNPs and SVs in 
relation to transcript feature locations. Compared to SNPs, 
a higher proportion of eQTL-SV were found in promoters 
(Fig. 6B, Chi-Square p < 0.01). Overall, a high relative prev-
alence of SVs upstream of the TSS was previously observed 
and linked to Class II (DNA) transposable element activity, 
which can perhaps be explained by easier accessibility of 
these regions (Han et al. 2013; Fuentes et al. 2019). Indeed, 
we observed that 71% of eQTL-SVs have similarity to DNA 
transposable elements (Fig. 7A).

We found that 56% of eQTL-SVs have similarity to Class 
II (DNA) transposons, 15% to Class I (RNA) transposons 
and 29% had no detectable similarity to TEs identified in 
the B. napus genome. Among the TE-related eQTL-SVs, 
the most common TE family was Helitron. The proportion 
of Helitrons among eQTL-SVs was higher than observed 
genome wide, but similar to all SVs (Fig. 7B, Fig S8). Heli-
trons were also the most abundant class of TEs found in 
promoter-located eQTL-SVs (Fig. 7C). Overall, TE inser-
tions had a greater negative impact on gene expression than 
deletions (Fig. 8A, Fig S9). Together these results suggest 
that transposable elements, especially Helitrons, contribute 
to gene expression diversity in B. napus.

Previous eQTL studies reported a relationship between 
effect size (Beta) and allele frequency, with SVs associated 
with higher effect sizes found at lower frequencies in the 
population (Uzunović et al. 2019; Castanera et al. 2023). We 
observed a similar pattern in our data for both SVs (Fig. 8B, 
Fig S10A-D) and SNPs (Fig S11). These results are in line 
with the expected deleterious effects of rare alleles (Lye 

Fig. 6   A Procedure for graph-based eQTL analysis: long reads are 
used for SV identification. SVs identified from long reads along with 
SNPs identified from short reads are used for graph construction. 
Graphs are used for transcript expression quantification and SV geno-

typing using a larger collection of short-read samples. B Distribution 
of eQTLs relative to genomic features highlights a higher proportion 
of eQTL-SVs in promoter regions compared to genic and downstream 
regions
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et al. 2022) and further support the high quality of our vari-
ant and eQTL calls. We observed no significant difference 
in Beta (Fig S12) and variance (Fig S13) explained by lead 
eQTL-SNPs and SVs.

Selected examples of genes affected by eQTL‑SVs

Out of 259 SV-eQTL transcripts identified, 92% had homo-
logues in the Arabidopsis genome. Gene ontology enrich-
ment analysis did not indicate over-representation in spe-
cific processes or functions. However, some transcripts were 
annotated with functions related to important traits, includ-
ing stress response (Fig. 9A) and morphogenesis (Fig. 9B). 
These results suggest that SV-driven gene expression vari-
ation could contribute to the phenotypic diversity observed 
in the field.

Discussion

We used a pangenome graph approach to discover SNPs 
and SVs associated with differences in gene expression in 
young leaves of winter oilseed rape. The pangenome graph 
was used for structural variant genotyping, but also gene 
expression quantification. We showed that SVs discovered 
from long reads mostly either genotype correctly from 
short reads or fail to genotype altogether, and genotyping 
errors are therefore unlikely to lead to false associations. 
However, a failure to genotype does reduce the pool of SVs 
available for association studies, as exemplified here, with 
approximately half of the initially discovered SVs being 
successfully genotyped from short reads and included in 
the downstream eQTL analysis. Failure to genotype was 

Fig. 7   Similarity of SVs to known transposable elements. A Almost 
70% of eQTL-SVs variants have similarity to TEs. B A high propor-
tion of TE-related eQTL-SVs have similarity to Helitrons compared 
to Genome-wide (based on counts of TEs annotated by Genome-
Masker) and Genome-wide-c (based on counts of TEs annotated by 

GenomeMasker after merging overlapping elements of the same fam-
ily). C A high number of promoter-associated eQTL-SVs has simi-
larity to Helitrons compared to eQTL-SVs related to other genomic 
features

Fig. 8   Effect size of eQTL-SVs. 
A TE insertions are associated 
with decreased expression com-
pared to deletions. B SVs with 
higher effect size have a lower 
frequency in the population
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associated with features such as SV length (shorter SV 
were more difficult to genotype) and higher uncertainty 
of the initial SV call. It is important to note that, due to its 
allotetraploid genome, B. napus represents a particularly 
challenging case of SV genotyping and graph construction, 
as tools for these analyses were predominantly tested on 
diploids. Our results are in line with previous reports that 
SV genotyping had lower performance in paleopolyploid 
soybean compared to diploids, likely due to ambigious 
mappings of short reads across sub-genomes (Chen et al. 
2019; Sirén et al. 2021; Lemay et al. 2022; Du et al. 2024).

We used medium sequencing coverages (> 10x) for both 
short and long reads. While this coverage is insufficient for 
the recent pangenome graphs building pipeline (PGGB, 
Garrison et al. 2018, Kopalli et al., in preparation), which 
requires multiple whole genome assemblies, it is appropri-
ate for alignment-based SV discovery combined with VG 
pangenome graphs. We achieved reasonably good precision 
and recall at SV calling despite the limited coverages, as 
anticipated based on our previous study (Yildiz et al. 2023), 
which demonstrated the identification of SVs using medium-
depth (5x-20x) Oxford Nanopore reads. The main limitation 
of using mid-coverage ONT data is a limited accuracy in 
the identification of exact break points and deriving consen-
sus sequences, which appears to be reflected in genotyping 
results. Even using a graph-based approach, SVs with less 
confident breakpoints and insertions were more difficult to 

genotype. With the latest improvement in sequencing tech-
nologies, resulting in reduced error rates for both ONT and 
PacBio long reads, high quality calls will be achieved even 
at low to moderate coverages.

We found that the majority of identified B. napus eQTL-
SVs sequences have similarity to transposable elements. The 
finding is in line with reports in other crops, including rice 
and B. rapa, where transposable element insertion polymor-
phisms (TIPs) were shown to contribute to phenotypic and 
gene expression variation (Cai et al. 2022; Castanera et al. 
2023). Approximately 29% of eQTL-SVs were not annotated 
as TEs in this analysis. While this could be partly due to cur-
rent limitations of TE detection tools (Loreto et al. 2023), 
we observed a more negative effect of insertions annotated 
as TEs compared to non-TE ones (Fig. 8), suggesting that 
the latter are truly not TE derived.

Compared to eQTL-SNPs, eQTL-SVs are more likely to 
be found in promoter regions of genes. The preference of 
certain transposable elements for insertion into open chro-
matin regions and especially promoters could make them 
particularity suited for the rewiring of regulatory networks 
(Fuentes et al. 2019; Cao et al. 2023; Barro-Trastoy and 
Köhler 2024). In B. napus, the highest number of eQTL-
SVs had sequence similarity to Helitrons, likely reflecting 
their overall high abundance in the genome, where they 
cover approximately 20% of the genome and represent 
approximately 50% of all annotated TEs. However, many 

Fig. 9   Example of SVs associated with different gene expression lev-
els. A Deletion of Helitron TE in the promoter region of A07p021720 
is associated with an increase in gene expression. The correspond-
ing Arabidopsis homologue (SNRK2.8) is known to be involved in 
response to osmotic stress (TAIR). B Insertion of Helitron TE in the 

first intron of A04p014640 is associated with decreased expression. 
Arabidopsis homologues (SAW2) is involved in leaf morphogenesis 
(TAIR). Expression is reported after inverse normal transformation. 
REF = reference allele, ALT = alternate allele
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of SVs with similarity to Helitrons appear to represent TE 
fragments rather than intact elements. Previous studies con-
firmed that Brassicas carry a high abundance of Helitrons 
relative to other tested species (Hu et al. 2019). While retro-
transposons are more abundant in centromeric regions, dis-
tribution of DNA elements including Helitrons mirrors more 
closely the distribution of genes (Fig S8), reflecting their 
potential for altering gene activity. For example, Helitrons 
have been shown to play important roles in modifying gene 
regulation in genes involved in endosperm development and 
response to herbivory (Barro-Trastoy and Köhler 2024). In 
addition, the higher prevalence of eQTL-SVs upstream of 
the TSS can perhaps be explained by easier accessibility 
of these regions resulting in preferential TE insertion (Han 
et al. 2013; Fuentes et al. 2019).

Overall, TE insertions had a more negative impact on 
gene expression than TE deletions. This pattern was not 
observed for non-TE SVs. The presence of TEs is known to 
be associated with transcription factors activity disruption 
and increased DNA methylation, which can have a silencing 
effect on gene expression (Hollister and Gaut 2009). The 
stronger negative effect of TE insertions suggests that, at 
least to some extent, epigenetic silencing mechanisms may 
be at play.

Functional annotation of SV-eQTL transcripts suggests 
the involvement of some SVs in modulating important bio-
logical processes such as stress responses, flowering and 
morphogenesis. Due to the highly duplicated nature of the 
B. napus genome, owing to whole genome triplication in the 
ancestral species of Brassica and a more recent allopoly-
ploidization (Cheng et al. 2014), predicting the impact of 
SVs on traits is not straightforward, even when associated 
with gene expression differences. Encouraging examples 
nevertheless exist. For example, despite the presence of mul-
tiple homologues, a deletion within the second intron of a B. 
napus FLOWERING LOCUS T homologue was associated 
with altered flowering time (Vollrath et al. 2021).

Our study highlights the contribution of structural 
variations to gene expression regulation and the utility of 
pangenome graph for eQTL analyses in crops. Even using a 
moderate sample size (n = 100) we identified an appreciable 
number of SVs associated with differences in gene expres-
sion. Expanding the sample size and including additional 
organs and developmental stages will likely result in the 
identification of many more SVs affecting gene regulation 
and, potentially, favourable agronomical traits.

Conclusion

In this study, we combined long- and short-read whole 
genome sequencing data with expression profiling of Bras-
sica napus leaves to assess the impact of structural variants 

(SVs) on gene expression regulation and explore the utility 
of pangenome graphs for expression quantitative trait locus 
(eQTL) mapping. Using the graphical pangenome reference 
for both expression quantification and SV genotyping, we 
found that insertions, deletions and especially transposable 
elements (TEs) contribute to gene expression diversity in B. 
napus and that a high proportion of potentially functionally 
important SVs are not in linkage disequilibrium with SNPs. 
These SVs affect expression of genes related to important 
traits and represent diversity unaccounted for in classical 
SNP-based analyses, highlighting the still largely untapped 
potential of SVs in eQTL studies.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00122-​025-​04867-2.

Author contribution statement  GY: performed research, wrote the 
manuscript. SFZ: assisted in the analysis, co-supervised research, 
edited the manuscript. SW: performed research. VK: performed 
research. TK: performed research. AA: provided critical comments. 
RJS: provided critical comments, edited the manuscript. AAG: con-
ceived research, supervised research, performed research, wrote the 
manuscript, acquired funding.

Funding  Open Access funding enabled and organized by Projekt 
DEAL. This work was supported by the Alexander von Humboldt 
Foundation in the framework of Sofja Kovalevskaja Award to AAG. 
Data generation and analysis by SV, TK, AA and RJS were supported 
by grant 031B0187 from the German Federal Ministry of Education 
and Research (BMBF) within the project BreedPatH and DFG grant 
458716530. This project was supported by the LOEWE Start Profes-
sorship from the Hessian Ministry of Higher Education, Research, Sci-
ence and the Arts. VK was supported by GRK 2843 from the German 
Research Foundation (DFG).This work was supported by the de.NBI 
Cloud within the German Network for Bioinformatics Infrastructure 
(de.NBI) and ELIXIR-DE (Forschungszentrum Jülich and W-de.NBI-
001, W-de.NBI-004, W-de.NBI-008, W-de.NBI-010, W-de.NBI-013, 
W-de.NBI-014, W-de.NBI-016, W-de.NBI-022) and Justus Liebig 
University Bioinformatics Core Facility (BCF).

Data availability  All raw data generated in this study have been submit-
ted to the NCBI BioProject database (https://​www.​ncbi.​nlm.​nih.​gov/​
biopr​oject/) under accession number PRJNA1086556. It is made avail-
able under a CC-BY-NC-ND 4.0 International licence. Supplementary 
Data: eQTL results and corresponding variants can be accessed under: 
https://​osf.​io/​gfphb/

Declarations 

Conflict of interest  Author RJS is editor in chief of Theoretical and 
Applied Genetics.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 

https://doi.org/10.1007/s00122-025-04867-2
https://www.ncbi.nlm.nih.gov/bioproject/
https://www.ncbi.nlm.nih.gov/bioproject/
https://osf.io/gfphb/


	 Theoretical and Applied Genetics (2025) 138:9191  Page 14 of 16

need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Alkan C, Coe BP, Eichler EE (2011) Genome structural variation dis-
covery and genotyping. Nat Rev Genet 12:363–376. https://​doi.​
org/​10.​1038/​nrg29​58

Alonge M, Wang X, Benoit M, Soyk S, Pereira L, Zhang L, Suresh H, 
Ramakrishnan S, Maumus F, Ciren D, Levy Y, Harel TH, Shalev-
Schlosser G, Amsellem Z, Razifard H, Caicedo AL, Tieman DM, 
Klee H, Kirsche M, Aganezov S, Ranallo-Benavidez TR, Lem-
mon ZH, Kim J, Robitaille G, Kramer M, Goodwin S, McCombie 
WR, Hutton S, van Eck J, Gillis J, Eshed Y, Sedlazeck FJ, van 
der Knaap E, Schatz MC, Lippman ZB (2020) Major impacts 
of widespread structural variation on gene expression and crop 
improvement in tomato. Cell 182:145-161.e23. https://​doi.​org/​10.​
1016/j.​cell.​2020.​05.​021

Barro-Trastoy D, Köhler C (2024) Helitrons: genomic parasites that 
generate developmental novelties. Trends Genet. https://​doi.​org/​
10.​1016/j.​tig.​2024.​02.​002

Bray NL, Pimentel H, Melsted P, Pachter L (2016) Near-optimal prob-
abilistic RNA-seq quantification. Nat Biotechnol 34:525–527. 
https://​doi.​org/​10.​1038/​nbt.​3519

Cai X, Lin R, Liang J, King GJ, Wu J, Wang X (2022) Transposable 
element insertion: a hidden major source of domesticated pheno-
typic variation in Brassica rapa. Plant Biotechnol J 20:1298–1310. 
https://​doi.​org/​10.​1111/​pbi.​13807

Camacho C, Coulouris G, Avagyan V, Ma N, Papadopoulos J, Bealer 
K, Madden TL (2009) BLAST+: architecture and applications. 
BMC Bioinf 10:421. https://​doi.​org/​10.​1186/​1471-​2105-​10-​421

Cameron DL, Di Stefano L, Papenfuss AT (2019) Comprehensive 
evaluation and characterisation of short read general-purpose 
structural variant calling software. Nat Commun 10:3240. https://​
doi.​org/​10.​1038/​s41467-​019-​11146-4

Cao J, Yu T, Xu B, Hu Z, Zhang X, Theurkauf WE, Weng Z (2023) 
Epigenetic and chromosomal features drive transposon insertion 
in Drosophila melanogaster. Nucleic Acids Res 51:2066–2086. 
https://​doi.​org/​10.​1093/​nar/​gkad0​54

Castanera R, Morales-Díaz N, Gupta S, Purugganan M, Casacuberta 
JM (2023) Transposons are important contributors to gene expres-
sion variability under selection in rice populations. Elife. https://​
doi.​org/​10.​7554/​eLife.​86324

Chawla HS, Lee H, Gabur I, Vollrath P, Tamilselvan-Nattar-Amutha S, 
Obermeier C, Schiessl SV, Song J-M, Liu K, Guo L, Parkin IAP, 
Snowdon RJ (2021) Long-read sequencing reveals widespread 
intragenic structural variants in a recent allopolyploid crop plant. 
Plant Biotechnol J 19:240–250. https://​doi.​org/​10.​1111/​pbi.​13456

Chen S, Krusche P, Dolzhenko E, Sherman RM, Petrovski R, Schles-
inger F, Kirsche M, Bentley DR, Schatz MC, Sedlazeck FJ (2019) 
Paragraph: a graph-based structural variant genotyper for short-
read sequence data. Genome Biol 20:1–13

Cheng F, Wu J, Wang X (2014) Genome triplication drove the diver-
sification of Brassica plants. Hortic Res 1:14024. https://​doi.​org/​
10.​1038/​hortr​es.​2014.​24

Chiang C, Scott AJ, Davis JR, Tsang EK, Li X, Kim Y, Hadzic T, Dam-
ani FN, Ganel L, Montgomery SB, Battle A, Conrad DF, Hall IM 
(2017) The impact of structural variation on human gene expres-
sion. Nat Genet 49:692–699. https://​doi.​org/​10.​1038/​ng.​3834

Danecek P, Bonfield JK, Liddle J, Marshall J, Ohan V, Pollard 
MO, Whitwham A, Keane T, McCarthy SA, Davies RM, Li H 
(2021) Twelve years of SAMtools and BCFtools. Gigascience 
10:giab008. https://​doi.​org/​10.​1093/​gigas​cience/​giab0​08

DePristo MA, Banks E, Poplin R, Garimella KV, Maguire JR, Hartl C, 
Philippakis AA, Del Angel G, Rivas MA, Hanna M, McKenna A, 
Fennell TJ, Kernytsky AM, Sivachenko AY, Cibulskis K, Gabriel 
SB, Altshuler D, Daly MJ (2011) A framework for variation dis-
covery and genotyping using next-generation DNA sequencing 
data. Nat Genet 43:491–498. https://​doi.​org/​10.​1038/​ng.​806

Doyle JJ (1990) A rapid total DNA preparation procedure for fresh 
plant tissue. Focus 12:13–15

Druka A, Potokina E, Luo Z, Jiang N, Chen X, Kearsey M, Waugh R 
(2010) Expression quantitative trait loci analysis in plants. Plant 
Biotechnol J 8:10–27. https://​doi.​org/​10.​1111/j.​1467-​7652.​2009.​
00460.x

Du Z-Z, He J-B, Jiao W-B (2024) A comprehensive benchmark of 
graph-based genetic variant genotyping algorithms on plant 
genomes for creating an accurate ensemble pipeline. Genome Biol 
25:91. https://​doi.​org/​10.​1186/​s13059-​024-​03239-1

Edwards D, Batley J (2022) Graph pangenomes find missing her-
itability. Nat Genet 54:919–920. https://​doi.​org/​10.​1038/​
s41588-​022-​01099-8

Fuentes RR, Chebotarov D, Duitama J, Smith S, La Hoz JF, de, Mohi-
yuddin M, Wing RA, McNally KL, Tatarinova T, Grigoriev A, 
Mauleon R, Alexandrov N, (2019) Structural variants in 3000 
rice genomes. Genome Res 29:870–880. https://​doi.​org/​10.​1101/​
gr.​241240.​118

Garrison E, Sirén J, Novak AM, Hickey G, Eizenga JM, Dawson ET, 
Jones W, Garg S, Markello C, Lin MF, Paten B, Durbin R (2018) 
Variation graph toolkit improves read mapping by representing 
genetic variation in the reference. Nat Biotechnol 36:875–879. 
https://​doi.​org/​10.​1038/​nbt.​4227

Gel B, Díez-Villanueva A, Serra E, Buschbeck M, Peinado MA, Mal-
inverni R (2016) regioneR: an R/Bioconductor package for the 
association analysis of genomic regions based on permutation 
tests. Bioinformatics 32:289–291. https://​doi.​org/​10.​1093/​bioin​
forma​tics/​btv562

Golicz AA, Bayer PE, Barker GC, Edger PP, Kim H, Martinez PA, 
Chan CKK, Severn-Ellis A, McCombie WR, Parkin IAP, Paterson 
AH, Pires JC, Sharpe AG, Tang H, Teakle GR, Town CD, Batley 
J, Edwards D (2016) The pangenome of an agronomically impor-
tant crop plant Brassica oleracea. Nat Commun 7:13390. https://​
doi.​org/​10.​1038/​ncomm​s13390

Golicz AA, Allu AD, Li W, Lohani N, Singh MB, Bhalla PL (2021) 
A dynamic intron retention program regulates the expression 
of several hundred genes during pollen meiosis. Plant Reprod 
34:225–242. https://​doi.​org/​10.​1007/​s00497-​021-​00411-6

Han Y, Qin S, Wessler SR (2013) Comparison of class 2 transposable 
elements at superfamily resolution reveals conserved and distinct 
features in cereal grass genomes. BMC Genom 14:71. https://​doi.​
org/​10.​1186/​1471-​2164-​14-​71

Hickey G, Heller D, Monlong J, Sibbesen JA, Sirén J, Eizenga J, 
Dawson ET, Garrison E, Novak AM, Paten B (2020) Genotyp-
ing structural variants in pangenome graphs using the vg toolkit. 
Genome Biol 21:35. https://​doi.​org/​10.​1186/​s13059-​020-​1941-7

Hollister JD, Gaut BS (2009) Epigenetic silencing of transposable ele-
ments: a trade-off between reduced transposition and deleterious 
effects on neighboring gene expression. Genome Res 19:1419–
1428. https://​doi.​org/​10.​1101/​gr.​091678.​109

Hu K, Xu K, Wen J, Yi B, Shen J, Ma C, Fu T, Ouyang Y, Tu J (2019) 
Helitron distribution in Brassicaceae and whole Genome Helitron 
density as a character for distinguishing plant species. BMC Bio-
inf 20:354. https://​doi.​org/​10.​1186/​s12859-​019-​2945-8

Hu H, Li R, Zhao J, Batley J, Edwards D (2024) Technological devel-
opment and advances for constructing and analyzing plant pange-
nomes. Genome Biol Evol 16:evae081. https://​doi.​org/​10.​1093/​
gbe/​evae0​81

Jain M, Garg R (eds) (2020) Legume genomics: methods and proto-
cols, 1st edn. methods in molecular biology, vol 2107. Springer 

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1038/nrg2958
https://doi.org/10.1038/nrg2958
https://doi.org/10.1016/j.cell.2020.05.021
https://doi.org/10.1016/j.cell.2020.05.021
https://doi.org/10.1016/j.tig.2024.02.002
https://doi.org/10.1016/j.tig.2024.02.002
https://doi.org/10.1038/nbt.3519
https://doi.org/10.1111/pbi.13807
https://doi.org/10.1186/1471-2105-10-421
https://doi.org/10.1038/s41467-019-11146-4
https://doi.org/10.1038/s41467-019-11146-4
https://doi.org/10.1093/nar/gkad054
https://doi.org/10.7554/eLife.86324
https://doi.org/10.7554/eLife.86324
https://doi.org/10.1111/pbi.13456
https://doi.org/10.1038/hortres.2014.24
https://doi.org/10.1038/hortres.2014.24
https://doi.org/10.1038/ng.3834
https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.1038/ng.806
https://doi.org/10.1111/j.1467-7652.2009.00460.x
https://doi.org/10.1111/j.1467-7652.2009.00460.x
https://doi.org/10.1186/s13059-024-03239-1
https://doi.org/10.1038/s41588-022-01099-8
https://doi.org/10.1038/s41588-022-01099-8
https://doi.org/10.1101/gr.241240.118
https://doi.org/10.1101/gr.241240.118
https://doi.org/10.1038/nbt.4227
https://doi.org/10.1093/bioinformatics/btv562
https://doi.org/10.1093/bioinformatics/btv562
https://doi.org/10.1038/ncomms13390
https://doi.org/10.1038/ncomms13390
https://doi.org/10.1007/s00497-021-00411-6
https://doi.org/10.1186/1471-2164-14-71
https://doi.org/10.1186/1471-2164-14-71
https://doi.org/10.1186/s13059-020-1941-7
https://doi.org/10.1101/gr.091678.109
https://doi.org/10.1186/s12859-019-2945-8
https://doi.org/10.1093/gbe/evae081
https://doi.org/10.1093/gbe/evae081


Theoretical and Applied Genetics (2025) 138:91	 Page 15 of 16  91

US; Imprint Humana, New York, NY. https://​doi.​org/​10.​1007/​
978-1-​0716-​0235-5

Jayakodi M, Padmarasu S, Haberer G, Bonthala VS, Gundlach H, 
Monat C, Lux T, Kamal N, Lang D, Himmelbach A, Ens J, Zhang 
X-Q, Angessa TT, Zhou G, Tan C, Hill C, Wang P, Schreiber M, 
Boston LB, Plott C, Jenkins J, Guo Y, Fiebig A, Budak H, Xu 
D, Zhang J, Wang C, Grimwood J, Schmutz J, Guo G, Zhang 
G, Mochida K, Hirayama T, Sato K, Chalmers KJ, Langridge P, 
Waugh R, Pozniak CJ, Scholz U, Mayer KFX, Spannagl M, Li C, 
Mascher M, Stein N (2020) The barley pan-genome reveals the 
hidden legacy of mutation breeding. Nature 588:284–289. https://​
doi.​org/​10.​1038/​s41586-​020-​2947-8

Jiang T, Liu Y, Jiang Y, Li J, Gao Y, Cui Z, Liu Y, Liu B, Wang 
Y (2020) Long-read-based human genomic structural variation 
detection with cuteSV. Genome Biol 21:189. https://​doi.​org/​10.​
1186/​s13059-​020-​02107-y

Jin S, Han Z, Hu Y, Si Z, Dai F, He L, Cheng Y, Li Y, Zhao T, Fang 
L, Zhang T (2023) Structural variation (SV)-based pan-genome 
and GWAS reveal the impacts of SVs on the speciation and 
diversification of allotetraploid cottons. Mol Plant 16:678–693. 
https://​doi.​org/​10.​1016/j.​molp.​2023.​02.​004

Kirsche M, Prabhu G, Sherman R, Ni B, Battle A, Aganezov S, 
Schatz MC (2023) Jasmine and Iris: population-scale structural 
variant comparison and analysis. Nat Methods 20:408–417. 
https://​doi.​org/​10.​1038/​s41592-​022-​01753-3

Lee H, Chawla HS, Obermeier C, Dreyer F, Abbadi A, Snowdon 
R (2020) Chromosome-scale assembly of winter oilseed Rape 
Brassica napus. Front Plant Sci 11

Lemay M-A, Sibbesen JA, Torkamaneh D, Hamel J, Levesque 
RC, Belzile F (2022) Combined use of Oxford Nanopore and 
Illumina sequencing yields insights into soybean structural 
variation biology. BMC Biol 20:53. https://​doi.​org/​10.​1186/​
s12915-​022-​01255-w

Leonard AS, Mapel XM, Pausch H (2024) Pangenome-genotyped 
structural variation improves molecular phenotype mapping 
in cattle. Genome Res 34:300–309. https://​doi.​org/​10.​1101/​gr.​
278267.​123

Li H (2018) Minimap2: pairwise alignment for nucleotide sequences. 
Bioinformatics 34:3094–3100. https://​doi.​org/​10.​1093/​bioin​
forma​tics/​bty191

Li B, Dewey CN (2011) RSEM: accurate transcript quantification 
from RNA-Seq data with or without a reference genome. BMC 
Bioinf 12:323. https://​doi.​org/​10.​1186/​1471-​2105-​12-​323

Li H, Wang S, Chai S, Yang Z, Zhang Q, Xin H, Xu Y, Lin S, Chen 
X, Yao Z, Yang Q, Fei Z, Huang S, Zhang Z (2022) Graph-
based pan-genome reveals structural and sequence variations 
related to agronomic traits and domestication in cucumber. Nat 
Commun 13:682. https://​doi.​org/​10.​1038/​s41467-​022-​28362-0

Li N, He Q, Wang J, Wang B, Zhao J, Huang S, Yang T, Tang Y, 
Yang S, Aisimutuola P, Xu R, Hu J, Jia C, Ma K, Li Z, Jiang F, 
Gao J, Lan H, Zhou Y, Zhang X, Huang S, Fei Z, Wang H, Li 
H, Yu Q (2023) Super-pangenome analyses highlight genomic 
diversity and structural variation across wild and cultivated 
tomato species. Nat Genet 55:852–860. https://​doi.​org/​10.​1038/​
s41588-​023-​01340-y

Li Z, Gilbert C, Peng H, Pollet N (2024) Discovery of numerous 
novel Helitron-like elements in eukaryote genomes using HELI-
ANO. Nucleic Acids Res 52:e79–e79. https://​doi.​org/​10.​1093/​
nar/​gkae6​79

Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, Marth 
G, Abecasis G, Durbin R, 1000 Genome Project Data Process-
ing Subgroup (2009) The sequence alignment/map format and 
SAMtools. Bioinformatics 25:2078–2079. https://​doi.​org/​10.​
1093/​bioin​forma​tics/​btp352

Liu Y, Du H, Li P, Shen Y, Peng H, Liu S, Zhou G-A, Zhang H, 
Liu Z, Shi M, Huang X, Li Y, Zhang M, Wang Z, Zhu B, Han 

B, Liang C, Tian Z (2020) Pan-genome of wild and cultivated 
soybeans. Cell 182:162-176.e13. https://​doi.​org/​10.​1016/j.​cell.​
2020.​05.​023

Loreto ELS, Melo ES de, Wallau GL, Gomes, Tiago M. F. F. (2023) 
The good, the bad and the ugly of transposable elements annota-
tion tools. Genet Mol Biol 46

Lye Z, Choi JY, Purugganan MD (2022) Deleterious mutations and 
the rare allele burden on rice gene expression. Mol Biol Evol 
39:msac193. https://​doi.​org/​10.​1093/​molbev/​msac1​93

Ou S, Su W, Liao Y, Chougule K, Agda JRA, Hellinga AJ, Lugo CSB, 
Elliott TA, Ware D, Peterson T, Jiang N, Hirsch CN, Hufford MB 
(2019) Benchmarking transposable element annotation methods 
for creation of a streamlined, comprehensive pipeline. Genome 
Biol 20:275. https://​doi.​org/​10.​1186/​s13059-​019-​1905-y

Sessa EB, Masalia RR, Arrigo N, Barker MS, Pelosi JA (2023) GOget-
ter: a pipeline for summarizing and visualizing GO slim annota-
tions for plant genetic data. Appl Plant Sci 11:e11536. https://​doi.​
org/​10.​1002/​aps3.​11536

Shabalin AA (2012) Matrix eQTL: ultra fast eQTL analysis via large 
matrix operations. Bioinformatics 28:1353–1358. https://​doi.​org/​
10.​1093/​bioin​forma​tics/​bts163

Sibbesen JA, Eizenga JM, Novak AM, Sirén J, Chang X, Garrison E, 
Paten B (2023) Haplotype-aware pantranscriptome analyses using 
spliced pangenome graphs. Nat Methods 20:239–247. https://​doi.​
org/​10.​1038/​s41592-​022-​01731-9

Sirén J, Monlong J, Chang X, Novak AM, Eizenga JM, Markello C, 
Sibbesen JA, Hickey G, Chang P-C, Carroll A, Gupta N, Gabriel 
S, Blackwell TW, Ratan A, Taylor KD, Rich SS, Rotter JI, 
Haussler D, Garrison E, Paten B (2021) Pangenomics enables 
genotyping of known structural variants in 5202 diverse genomes. 
Science 374:abg8871. https://​doi.​org/​10.​1126/​scien​ce.​abg88​71

Smit AF, Hubley R, Green P (2015) RepeatMasker Open-4.0. 
2013–2015

Song J-M, Guan Z, Hu J, Guo C, Yang Z, Wang S, Liu D, Wang B, 
Lu S, Zhou R, Xie W-Z, Cheng Y, Zhang Y, Liu K, Yang Q-Y, 
Chen L-L, Guo L (2020) Eight high-quality genomes reveal pan-
genome architecture and ecotype differentiation of Brassica napus. 
Nat Plants 6:34–45. https://​doi.​org/​10.​1038/​s41477-​019-​0577-7

Uzunović J, Josephs EB, Stinchcombe JR, Wright SI (2019) Transpos-
able elements are important contributors to standing variation in 
gene expression in capsella grandiflora. Mol Biol Evol 36:1734–
1745. https://​doi.​org/​10.​1093/​molbev/​msz098

Vasimuddin M, Misra S, Li H, Aluru S Efficient architecture-aware 
acceleration of BWA-MEM for multicore systems. In: 2019 IEEE 
international parallel and distributed processing symposium 
(IPDPS). IEEE, pp 314–324

Vollrath P, Chawla HS, Schiessl SV, Gabur I, Lee H, Snowdon 
RJ, Obermeier C (2021) A novel deletion in FLOWERING 
LOCUS T modulates flowering time in winter oilseed rape. 
Theor Appl Genet 134:1217–1231. https://​doi.​org/​10.​1007/​
s00122-​021-​03768-4

Walkowiak S, Gao L, Monat C, Haberer G, Kassa MT, Brinton J, 
Ramirez-Gonzalez RH, Kolodziej MC, Delorean E, Thambugala 
D, Klymiuk V, Byrns B, Gundlach H, Bandi V, Siri JN, Nilsen 
K, Aquino C, Himmelbach A, Copetti D, Ban T, Venturini L, 
Bevan M, Clavijo B, Koo D-H, Ens J, Wiebe K, N’Diaye A, Fritz 
AK, Gutwin C, Fiebig A, Fosker C, Fu BX, Accinelli GG, Gard-
ner KA, Fradgley N, Gutierrez-Gonzalez J, Halstead-Nussloch 
G, Hatakeyama M, Koh CS, Deek J, Costamagna AC, Fobert P, 
Heavens D, Kanamori H, Kawaura K, Kobayashi F, Krasileva 
K, Kuo T, McKenzie N, Murata K, Nabeka Y, Paape T, Padmar-
asu S, Percival-Alwyn L, Kagale S, Scholz U, Sese J, Juliana P, 
Singh R, Shimizu-Inatsugi R, Swarbreck D, Cockram J, Budak H, 
Tameshige T, Tanaka T, Tsuji H, Wright J, Wu J, Steuernagel B, 
Small I, Cloutier S, Keeble-Gagnère G, Muehlbauer G, Tibbets 
J, Nasuda S, Melonek J, Hucl PJ, Sharpe AG, Clark M, Legg E, 

https://doi.org/10.1007/978-1-0716-0235-5
https://doi.org/10.1007/978-1-0716-0235-5
https://doi.org/10.1038/s41586-020-2947-8
https://doi.org/10.1038/s41586-020-2947-8
https://doi.org/10.1186/s13059-020-02107-y
https://doi.org/10.1186/s13059-020-02107-y
https://doi.org/10.1016/j.molp.2023.02.004
https://doi.org/10.1038/s41592-022-01753-3
https://doi.org/10.1186/s12915-022-01255-w
https://doi.org/10.1186/s12915-022-01255-w
https://doi.org/10.1101/gr.278267.123
https://doi.org/10.1101/gr.278267.123
https://doi.org/10.1093/bioinformatics/bty191
https://doi.org/10.1093/bioinformatics/bty191
https://doi.org/10.1186/1471-2105-12-323
https://doi.org/10.1038/s41467-022-28362-0
https://doi.org/10.1038/s41588-023-01340-y
https://doi.org/10.1038/s41588-023-01340-y
https://doi.org/10.1093/nar/gkae679
https://doi.org/10.1093/nar/gkae679
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1016/j.cell.2020.05.023
https://doi.org/10.1016/j.cell.2020.05.023
https://doi.org/10.1093/molbev/msac193
https://doi.org/10.1186/s13059-019-1905-y
https://doi.org/10.1002/aps3.11536
https://doi.org/10.1002/aps3.11536
https://doi.org/10.1093/bioinformatics/bts163
https://doi.org/10.1093/bioinformatics/bts163
https://doi.org/10.1038/s41592-022-01731-9
https://doi.org/10.1038/s41592-022-01731-9
https://doi.org/10.1126/science.abg8871
https://doi.org/10.1038/s41477-019-0577-7
https://doi.org/10.1093/molbev/msz098
https://doi.org/10.1007/s00122-021-03768-4
https://doi.org/10.1007/s00122-021-03768-4


	 Theoretical and Applied Genetics (2025) 138:9191  Page 16 of 16

Bharti A, Langridge P, Hall A, Uauy C, Mascher M, Krattinger 
SG, Handa H, Shimizu KK, Distelfeld A, Chalmers K, Keller 
B, Mayer KFX, Poland J, Stein N, McCartney CA, Spannagl M, 
Wicker T, Pozniak CJ (2020) Multiple wheat genomes reveal 
global variation in modern breeding. Nature 588:277–283. https://​
doi.​org/​10.​1038/​s41586-​020-​2961-x

Wang W, Mauleon R, Hu Z, Chebotarov D, Tai S, Wu Z, Li M, Zheng 
T, Fuentes RR, Zhang F, Mansueto L, Copetti D, Sanciangco M, 
Palis KC, Xu J, Sun C, Fu B, Zhang H, Gao Y, Zhao X, Shen F, 
Cui X, Yu H, Li Z, Chen M, Detras J, Zhou Y, Zhang X, Zhao Y, 
Kudrna D, Wang C, Li R, Jia B, Lu J, He X, Dong Z, Xu J, Li Y, 
Wang M, Shi J, Li J, Zhang D, Lee S, Hu W, Poliakov A, Dubchak 
I, Ulat VJ, Borja FN, Mendoza JR, Ali J, Gao Q, Niu Y, Yue Z, 
Naredo MEB, Talag J, Wang X, Li J, Fang X, Yin Y, Glaszmann 
J-C, Zhang J, Li J, Hamilton RS, Wing RA, Ruan J, Zhang G, Wei 
C, Alexandrov N, McNally KL, Li Z, Leung H (2018) Genomic 
variation in 3,010 diverse accessions of Asian cultivated rice. 
Nature 557:43–49. https://​doi.​org/​10.​1038/​s41586-​018-​0063-9

Yildiz G, Zanini SF, Afsharyan NP, Obermeier C, Snowdon RJ, Golicz 
AA (2023) Benchmarking Oxford Nanopore read alignment-based 
insertion and deletion detection in crop plant genomes. Plant 
Genome 16:e20314. https://​doi.​org/​10.​1002/​tpg2.​20314

Yildiz G, Zanini S, Knight P, Golicz AA (2022) Pangenomics in agri-
culture. In: Next-generation sequencing and agriculture. CABI 
GB, pp 163–187

Zanini SF, Bayer PE, Wells R, Snowdon RJ, Batley J, Varshney RK, 
Nguyen HT, Edwards D, Golicz AA (2022) Pangenomics in crop 
improvement—from coding structural variations to finding regula-
tory variants with pangenome graphs. Plant Genome 15:e20177. 
https://​doi.​org/​10.​1002/​tpg2.​20177

Zhang F, Xue H, Dong X, Li M, Zheng X, Li Z, Xu J, Wang W, Wei 
C (2022) Long-read sequencing of 111 rice genomes reveals sig-
nificantly larger pan-genomes. Genome Res 32:853–863. https://​
doi.​org/​10.​1101/​gr.​276015.​121

Zhou HJ, Li L, Li Y, Li W, Li JJ (2022) PCA outperforms popu-
lar hidden variable inference methods for molecular QTL 
mapping. Genome Biol 23:210. https://​doi.​org/​10.​1186/​
s13059-​022-​02761-4

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1038/s41586-020-2961-x
https://doi.org/10.1038/s41586-020-2961-x
https://doi.org/10.1038/s41586-018-0063-9
https://doi.org/10.1002/tpg2.20314
https://doi.org/10.1002/tpg2.20177
https://doi.org/10.1101/gr.276015.121
https://doi.org/10.1101/gr.276015.121
https://doi.org/10.1186/s13059-022-02761-4
https://doi.org/10.1186/s13059-022-02761-4

	Graphical pangenomics-enabled characterization of structural variant impact on gene expression in Brassica napus
	Abstract
	Key message 
	Abstract 

	Introduction
	Materials and methods
	Material selection
	Short-read genomic and RNA-Seq sample preparation and sequencing
	Long-read genomic sample preparation and sequencing
	SV calling from long reads
	SNP calling from short reads
	Graph-based SV genotyping
	F1-score calculation
	Comparison of SV with low and high F1-scores
	Transcript expression quantification from RNA-Seq reads
	Simulation of RNA-Seq reads from pangenome graph
	eQTL identification
	Transposable element annotation
	Arabidopsis homologue identification and GO term annotation

	Results
	Winter oilseed rape harbours extensive structural variation
	Graph-based approach allows population-scale SV genotyping
	Variants with good and poor genotyping outcomes have different features
	SV genotyping errors are unlikely to have substantial impact on association studies
	Genomic variation affects transcript expression quantification
	Gene-proximal structural variants are linked to gene expression regulation
	Majority of cis-eQTL-SVs have similarity to transposable elements
	Selected examples of genes affected by eQTL-SVs

	Discussion
	Conclusion
	References




