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Abstract
Seed glucosinolate content (SGC) is a key quality trait in rapeseed (Brassica napus L.) that directly
affects meal utilization and breeding value. Here, we evaluated SGC in a natural population of 403 B.
napus accessions across three environments and performed genome-wide association analysis using
1.60 million high-quality SNPs. SGC displayed extensive phenotypic variation, strong correlations across
environments, and high broad-sense heritability, indicating a strong genetic basis. A total of 11
significant QTLs associated with SGC were identified on chromosomes A01, A02, A03, A08, A09, C02,
C03, C07, C08, and C09, among which several were repeatedly detected across environments and in
BLUP data. Integration of stable GWAS loci with seed expression–phenotype association analysis based
on the BnIR database prioritized four candidate genes: BnaA03g40240D, BnaA09g05670D,
BnaC02g42260D, and BnaC07g31100D. Candidate-gene association and haplotype analyses identified
favorable alleles and haplotypes conferring reduced SGC. Notably, pyramiding these favorable
haplotypes reduced SGC by 70.2% and was simultaneously associated with higher seed oil content,
improved unsaturated fatty acid composition, and markedly lower erucic acid content. Importantly, these
quality improvements were achieved without significant effects on yield-related traits or root
architecture. Collectively, this study provides new insights into the genetic architecture of SGC and
valuable molecular resources for breeding low-glucosinolate, high-quality rapeseed cultivars.

1.Introduction
Vegetable oils are essential to human nutrition and play critical roles in food, industrial, and
pharmaceutical applications (Voon et al. 2024). As the world’s third-largest oilseed crop, rapeseed
(Brassica napus L.) accounts for approximately 13% of global vegetable oil production. (USDA ERS,
2022). Developing high-quality rapeseed varieties remains a primary breeding goal, with seed quality
predominantly determined by seed oil content (SOC), seed glucosinolate content (SGC) and erucic acid.
(Chao et al. 2022; Liu et al. 2025; Zhao et al. 2022)

During oil extraction, glucosinolates are hydrolyzed into isothiocyanates and other breakdown products,
which can impair human health by disrupting thyroid function when consumed in excess (Tan et al.
2022). Moreover, high-SGC rapeseed meal, a major protein-rich byproduct, induces goiter and growth
retardation in livestock, thereby limiting its feed value. Consequently, breeding low-SGC rapeseed
cultivars is essential for enhancing human nutritional safety and improving the economic viability of
rapeseed production. Traditionally, rapeseed improvement has relied on crossbreeding and mutagenesis,
which have successfully modified various seed quality traits (Hassan 2014; Siddiqui et al. 2009). For
example, both chemical and physical mutagenesis strategies have been employed to enhance
agronomic traits., including pod size, seed weight, and oil content. (Siddiqui et al. 2009). However, these
conventional approaches are often constrained by lengthy breeding cycles, random mutational events,
and limited precision (Hu et al. 2021). Therefore, pinpointing the genetic loci underlying SGC and
characterizing favorable haplotypes represent crucial prerequisites for accelerating marker-assisted and
molecular breeding in B. napus.
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Dissecting the genetic architecture of seed quality traits in B. napus has traditionally relied on linkage
mapping and association analysis. For instance, linkage mapping in doubled haploid (DH) populations
has successfully identified stable quantitative trait loci (QTLs) for SGC, such as qGSL-C2, which explains
30.88–72.87% of phenotypic variance across multiple environments (Liu et al. 2020). Similarly, 59 SGC-
associated QTLs were detected (Chao et al. 2022) in a DH population evaluated across fifteen
environments and, through integrated transcriptome profiling, proposed four candidate genes
(BnaC09.MYB28, BnaC02.GTR2a, BnaC09.SUR1, and BnaA09.APK1). Despite these advances, QTL
intervals often span several megabases and encompass hundreds of genes, complicating the precise
identification of causal variants (Xiao et al. 2017). Following the advent of high-throughput sequencing,
genome-wide association studies (GWAS) have emerged as a potent alternative, achieving greater
resolution by exploiting historical recombination events within natural populations. GWAS has been
successfully employed to pinpoint genes underlying complex traits. For example, GWAS identified
BnaA09.MRP5 as a key regulator controlling seed phytic acid content (Liu et al. 2021). In recent years,
performing GWAS across multiple environments has emerged as a highly efficient strategy for detecting
stable QTL and refining candidate genes. Tang et al. (2021) applied GWAS to dissect SOC, co-localizing a
major QTL on chromosome A05 and identifying BnaA05.PMT6 as a putative regulator; CRISPR/Cas9-
mediated knockout of this gene elevated seed oil content by 8% over wild-type levels(Tang et al. 2021).
Collectively, these studies highlight how multi-environment GWAS can accelerate gene isolation and
functional characterization in rapeseed.

Despite the progress in mapping SGC-related loci, the systematic utilization of multi-environment GWAS
to dissect the genetic basis of SGC in B. napus natural populations remains underexplored. To address
this gap, we phenotyped SGC in a diverse B. napus association panel at three locations and performed
GWAS. The objectives of this study are as follows: (1) pinpoint reliable genetic loci and high-confidence
candidate genes linked to SGC; (2) validate co-localized genomic regions through multi-environment
comparison; and (3) define superior alleles and haplotypes suitable for deployment in marker-assisted
selection and low-SGC B. napus breeding. These results offer useful genetic materials and practical
targets for precision breeding strategies designed to enhance seed quality in rapeseed.

2. Materials and methods

2.1 Plant materials, field trials, and phenotypic evaluation
A natural population consisting of 403 diverse Brassica napus accessions was used in this study,
including 336 semi-winter, 47 spring, 13 winter, and 8 unclassified accessions. These accessions were
collected from major breeding programs worldwide, including 355 from China, 22 from Europe, 8 from
Japan, 4 from Canada, 5 from Australia, 2 from Korea, and 8 of unknown origin(Liu et al. 2021).

The association panel was grown in three environments, designated SS, WH, and XM. Field experiments
in each environment were conducted using a randomized complete block design with three biological
replicates. Each plot consisted of three rows, with eight plants per row, and all accessions were
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managed according to standard local agronomic practices. At maturity, seeds were harvested, dried, and
used for seed glucosinolate content (SGC) determination. SGC was measured by near-infrared
spectroscopy (NIRS).

Descriptive statistics, including mean, minimum, maximum, range, skewness, kurtosis, and coefficient of
variation (CV), were calculated using the psych package in R. Best linear unbiased prediction (BLUP)
values across environments were estimated and used as integrated phenotypic values for subsequent
analyses. Pearson’s correlation coefficients among environments and BLUP values were calculated in R.

Broad-sense heritability  was estimated based on phenotypic data across multiple environments.

2.2 Genome-wide association analysis and BnIR-based
candidate gene prioritization
Genotypic data for the association panel were obtained from a high-density SNP dataset containing
1.60 million high-quality markers. SNPs were retained after filtering with a minor allele frequency (MAF) 
> 0.05 and a missing rate < 0.20 (Tang et al. 2021). Population structure was inferred using ADMIXTURE,
and the kinship matrix was calculated using FaST-LMM. Based on cross-validation error and kinship
relationships, the panel was divided into five subpopulations, as described previously (Liu et al. 2021).
Genome-wide association studies (GWAS) for SGC were conducted separately using phenotypic data
from SS, WH, XM, and BLUP values with the FaST-LMM algorithm, which accounts for both population
structure and kinship. A significance threshold of  was used to identify significant
marker–trait associations. Manhattan plots and quantile–quantile (Q–Q) plots were generated using the
CMplot package in R. Significant SNPs clustered on the same chromosome were considered to define
one QTL.

The linkage disequilibrium (LD) decay distance of this population was previously estimated to be
approximately 238 kb (Liu et al. 2023). Therefore, genomic regions extending ± 300 kb around each lead
SNP were defined as candidate intervals for candidate gene mining. Stable QTLs repeatedly detected
across multiple environments and/or in the BLUP dataset were selected for further analysis.

To prioritize candidate genes within stable GWAS loci, expression data were retrieved from the gene
expression module of the BnIR database (https://yanglab.hzau.edu.cn/). Seed transcript abundance at
20 and 40 days after flowering (DAF) was examined across the association panel, and Pearson’s
correlation analysis was performed between gene expression levels and SGC. Genes located within
stable QTL intervals and showing significant expression–phenotype correlations were considered high-
confidence candidate genes.

2.3 Candidate gene association and haplotype analysis
Sequence variants for the prioritized candidate genes, including BnaA03g40240D, BnaA09g05670D,
BnaC02g42260D, and BnaC07g31100D, were extracted from the population VCF file using VCFtools

(H 2)

P < 1.0 × 10
−10
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v0.1.16 (Danecek et al. 2011). Variants located within the coding regions and the 2-kb upstream
promoter regions of each gene were retained for further analysis.

Candidate gene-based association analysis was performed using TASSEL v5.0 (Bradbury et al. 2007).
SNPs significantly associated with SGC were identified and used for subsequent haplotype analysis.
Pairwise linkage disequilibrium (LD) and haplotype structure were analyzed using Haploview 4.2 (Barrett
et al. 2005). Haplotypes represented by fewer than 10 accessions were excluded from downstream
analyses.

Phenotypic differences among haplotypes were evaluated for SGC. For genes with multiple significant
SNPs, major haplotypes were defined based on representative associated variants, and SGC differences
among haplotypes were compared using one-way analysis of variance (ANOVA), followed by post hoc
multiple comparison tests. For loci represented by a single significant SNP, phenotypic differences
between alleles were compared directly.

2.4 Evaluation of integrated low-SGC haplotypes and
associated traits
To assess the breeding potential of favorable haplotypes, accessions carrying the favorable low-SGC
haplotypes identified from the four candidate genes were classified as the LSGC-hap group, whereas
accessions carrying the corresponding unfavorable high-SGC haplotypes were classified as the HSGC-
hap =group. Based on this criterion, 38 accessions were assigned to the LSGC-hap group and 57
accessions to the HSGC-hap group.

Phenotypic comparisons between the two groups were conducted for seed quality traits, agronomic
traits, and root architecture traits. Seed quality traits included SGC, seed oil content (SOC), oleic acid,
linoleic acid, linolenic acid, and erucic acid contents. Agronomic traits included seed yield (SY), seed
weight, plant height, and branch number. Root traits included lateral root density (LRD), lateral root length
(LRL), lateral root number (LRN), mean lateral root length (MLRL), primary root length (PRL), and total
root length (TRL). Seed yield and other agronomic trait data were obtained from previous field
experiments (Liu et al. 2022a; Liu et al. 2022b), and root trait data were obtained from our previous study
(Wang et al. 2017). Differences between LSGC-hap and HSGC-hap groups were evaluated using two-
tailed Student’s t-tests in R. A probability level of P < 0.05 was considered statistically significant unless
otherwise stated.

3. Results

3.1 Phenotypic Diversity and GWAS-Based Dissection of
SGC
Seed glucosinolate content (SGC) was evaluated in a natural population of B. napus across three
environments, including SS, WH, and XM. Substantial phenotypic variation was observed among
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accessions in all environments (Fig. 1A). The mean SGC values were 33.27, 54.68, and 29.05 µmol/g in
SS, WH, and XM, respectively, while the BLUP value showed an average of 40.10 µmol/g. Among the
three environments, WH exhibited the highest mean SGC and the widest phenotypic range, with values
varying from 0.01 to 187.07 µmol/g. In contrast, XM showed the lowest mean SGC, ranging from 0.01 to
155.18 µmol/g (Fig. 1A). High coefficients of variation were observed across environments, ranging from
83.43% in WH to 111.50% in SS, indicating extensive natural variation in SGC within the population
(Fig. 1A).

Pairwise correlation analysis revealed strong positive correlations among SGC values measured in
different environments and BLUP values (Fig. 1B). The Pearson correlation coefficients ranged from 0.86
to 0.97, suggesting that the phenotypic performance of accessions was largely consistent across
environments. The correlations between individual environments and BLUP values were particularly high,
with correlation coefficients of 0.94, 0.97, and 0.96 for XM, WH, and SS, respectively. Moreover, the
broad-sense heritability of SGC was estimated to be 94.73% (Fig. 1B), indicating that SGC is a highly
heritable trait mainly controlled by genetic factors. These results demonstrate that this natural
population is well suited for genetic dissection of SGC. Moreover, the broad-sense heritability of SGC
was estimated to be 94.73% (Fig. 1C), indicating that SGC is a highly heritable trait mainly controlled by
genetic factors. These results demonstrate that this natural population is well suited for genetic
dissection of SGC.

Using the FaST-LMM algorithm, GWAS was performed for SGC in the three environments and using BLUP
values. Multiple significant association signals were detected across the B. napus genome (Fig. 2). In
total, 11 significant QTLs were identified and distributed on chromosomes A01, A02, A03, A08, A09, C02,
C03, C07, C08, and C09. Several loci were repeatedly detected across different environments and in the
BLUP dataset, suggesting their stable effects on SGC variation. Notably, strong and consistent
association peaks were observed on chromosomes A08 and C09, indicating that these regions may
contain major loci regulating SGC accumulation. Together, these GWAS results provide a genetic basis
for further candidate gene identification and functional analysis of SGC regulation in B. napus.

3.2 Identification of candidate genes through integration of
stable GWAS loci and BnIR expression–phenotype
associations
To further prioritize candidate genes underlying SGC variation, we focused on stable GWAS loci
repeatedly detected across environments and/or in the BLUP dataset. Candidate intervals were defined
as ± 300 kb flanking each lead SNP, according to the population LD decay distance of approximately 238
kb. Within these stable QTL intervals, a total of 108 positional candidate genes were retrieved for further
analysis.

To identify genes with potential regulatory roles in SGC accumulation, we used the gene expression
module of the BnIR database to examine the association between seed transcript abundance and SGC
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across the natural population. Genes showing significant correlations between expression levels and
SGC at seed developmental stages were prioritized as candidate regulators. Based on this strategy, four
genes, BnaA03g40240D, BnaA09g05670D, BnaC02g42260D, and BnaC07g31100D, were selected as high-
confidence candidates within stable GWAS loci (Fig. 3). The expression–phenotype correlation analysis
revealed distinct stage-dependent patterns among these genes. At 20 DAF, BnaA09g05670D,
BnaC02g42260D, and BnaC07g31100D showed significant positive correlations with SGC, with Pearson’s
correlation coefficients of 0.321, 0.431, and 0.358, respectively (Fig. 3B–D). Among them,
BnaC02g42260D exhibited the strongest positive association with SGC at 20 DAF, suggesting a
potentially important role during early seed development. In contrast, BnaA03g40240D showed no
significant correlation with SGC at 20 DAF (R = − 0.005, P = 0.331; Fig. 3A).

At 40 DAF, BnaA03g40240D displayed a significant negative correlation with SGC (R = − 0.183, P < 1.19 ×
10⁻⁸; Fig. 3E), indicating that it may act at a later seed developmental stage. BnaA09g05670D and
BnaC02g42260D remained positively correlated with SGC at 40 DAF, with correlation coefficients of 0.276
and 0.368, respectively (Fig. 3F, G). By contrast, BnaC07g31100D showed a weak negative correlation
with SGC at 40 DAF (R = − 0.0538, P < 0.0041; Fig. 3H), suggesting possible stage-specific or context-
dependent regulation.

Together, these results indicate that the integration of stable GWAS loci with BnIR-based expression–
phenotype association analysis effectively narrowed the candidate gene list and prioritized four genes
potentially involved in the regulation of seed glucosinolate accumulation in B. napus.

3.3 Candidate-gene association and haplotype analyses
identify favorable alleles for low-SGC breeding
To further dissect the allelic effects of the four prioritized candidate genes, we performed candidate-
gene association analysis and haplotype analysis using SNPs located in the 2-kb upstream promoter
regions and coding sequences of BnaA09g05670D, BnaA03g40240D, BnaC02g42260D, and
BnaC07g31100D. Significant variants were then used to define major haplotypes and evaluate their
effects on SGC.

For BnaA09g05670D, multiple SNPs within the gene region showed significant associations with SGC,
including variants located in both regulatory and coding regions (Fig. 4A; Table 1). Four lead SNPs were
selected for haplotype construction, resulting in four major haplotypes (Fig. 4B). Among them,
BnaA09g05670D-Hap1 was the predominant haplotype, represented by 200 accessions, and exhibited
the lowest mean SGC of 39.83 µmol/g. In contrast, Hap2, Hap3, and Hap4 showed substantially higher
SGC levels, with mean values of 118.58, 98.69, and 120.04 µmol/g, respectively. Boxplot comparison
further confirmed that Hap1 was significantly associated with reduced SGC compared with the other
haplotypes (Fig. 4C). Therefore, BnaA09g05670D-Hap1 was identified as a favorable haplotype for low-
SGC breeding.
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Table 1
List of SNP variants identified in the candidate genes of BnaA09g05670D, BnaA03g40240D,

BnaC02g42260D and BnaC07g31100D
Candidate gene SNP SNP

location
p value PVE Variant type

BnaA09g05670D chrA09__2774627 Exon 7.35E-
19

20.86% synonymous_variant

chrA09__2774629 Exon 8.73E-
19

20.85% synonymous_variant

chrA09__2774660 Exon 8.29E-
24

25.82% missense_variant

chrA09__2774665 Exon 1.30E-
20

22.54% synonymous_variant

chrA09__2774666 Exon 6.32E-
20

21.76% synonymous_variant

chrA09__2774717 Exon 6.27E-
23

23.04% synonymous_variant

chrA09__2774779 Exon 5.13E-
12

13.61% missense_variant

chrA09__2774783 Exon 4.24E-
12

13.67% synonymous_variant

chrA09__2774828 Exon 1.15E-
06

7.52% synonymous_variant

chrA09__2774906 Exon 3.85E-
13

14.83% synonymous_variant

chrA09__2774969 Exon 1.69E-
09

11.33% synonymous_variant

chrA09__2775106 Exon 3.31E-
18

21.46% missense_variant

chrA09__2775179 Exon 3.40E-
20

22.40% synonymous_variant

chrA09__2775244 Exon 2.85E-
15

17.64% missense_variant

BnaA03g40240D chrA03__20115975 Exon 1.39E-
10

10.89% synonymous_variant

chrA03__20116017 Exon 0.08081 1.52% synonymous_variant

chrA03__20116023 Exon 2.78E-
09

9.31% synonymous_variant
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Candidate gene SNP SNP
location

p value PVE Variant type

chrA03__20116056 Exon 8.38E-
10

9.75% synonymous_variant

chrA03__20116068 Exon 6.18E-
09

8.86% synonymous_variant

chrA03__20116074 Exon 3.92E-
09

9.09% synonymous_variant

chrA03__20116086 Exon 0.08171 1.25% synonymous_variant

chrA03__20116098 Exon 2.29E-
09

9.69% synonymous_variant

chrA03__20116122 Exon 0.28067 0.66% synonymous_variant

chrA03__20116145 Exon 1.03E-
09

10.10% synonymous_variant

chrA03__20116259 Exon 8.17E-
15

15.06% missense_variant

chrA03__20116290 Exon 0.03405 1.70% synonymous_variant

chrA03__20116299 Exon 6.37E-
11

11.28% missense_variant

chrA03__20116362 Exon 4.19E-
05

5.15% synonymous_variant

chrA03__20116421 Exon 1.58E-
05

4.93% synonymous_variant

chrA03__20116424 Exon 2.74E-
05

4.66% synonymous_variant

chrA03__20116442 Exon 2.08E-
04

4.56% synonymous_variant

chrA03__20116460 Exon 0.00383 2.97% synonymous_variant

chrA03__20116477 Exon 0.07348 1.44% synonymous_variant

chrA03__20116478 Exon 0.07711 1.42% synonymous_variant

chrA03__20116483 Exon 0.00114 2.88% synonymous_variant

chrA03__20116960 Exon 0.01848 2.31% synonymous_variant

chrA03__20116991 Exon 0.1227 1.16% synonymous_variant

chrA03__20117110 Exon 0.99056 0.01% synonymous_variant

chrA03__20117641 Exon 6.73E-
16

16.50% missense_variant
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Candidate gene SNP SNP
location

p value PVE Variant type

chrA03__20117699 Exon 0.55387 0.30% synonymous_variant

chrA03__20117809 Exon 0.96394 0.02% synonymous_variant

chrA03__20117836 Exon 0.38357 0.47% synonymous_variant

chrA03__20117839 Exon 0.36633 0.49% synonymous_variant

chrA03__20117891 Exon 0.56805 0.28% synonymous_variant

chrA03__20117911 Exon 1.47E-
07

7.46% synonymous_variant

chrA03__20117925 Exon 0.52941 0.32% synonymous_variant

chrA03__20117955 Exon 0.45348 0.40% synonymous_variant

chrA03__20117976 Exon 0.58026 0.28% synonymous_variant

chrA03__20118008 Exon 0.60159 0.25% synonymous_variant

chrA03__20118021 Exon 0.15943 0.91% synonymous_variant

chrA03__20118123 Exon 0.42008 0.43% synonymous_variant

chrA03__20118126 Exon 0.53206 0.31% synonymous_variant

chrA03__20118135 Exon 0.81642 0.10% synonymous_variant

chrA03__20118158 Exon 1.98E-
12

12.18% missense_variant

chrA03__20118184 Exon 0.18234 0.83% synonymous_variant

chrA03__20118200 Exon 0.51167 0.33% synonymous_variant

chrA03__20118207 Exon 0.37412 0.48% synonymous_variant

chrA03__20118237 Exon 0.76082 0.13% synonymous_variant

chrA03__20118320 Exon 0.73743 0.15% synonymous_variant

chrA03__20118338 Exon 1.48E-
20

18.48% missense_variant

chrA03__20118340 Exon 2.50E-
13

13.02% missense_variant

chrA03__20118437 Promoter 0.77546 0.13% /

chrA03__20118470 Promoter 0.95494 0.02% /

chrA03__20118477 Promoter 0.82013 0.10% /
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Candidate gene SNP SNP
location

p value PVE Variant type

chrA03__20118479 Promoter 0.82013 0.10% /

chrA03__20118493 Promoter 0.90993 0.05% /

chrA03__20118518 Promoter 0.33321 0.55% /

chrA03__20118532 Promoter 0.80332 0.11% /

chrA03__20118537 Promoter 0.35581 0.52% /

chrA03__20118574 Promoter 0.16445 0.91% /

chrA03__20118579 Promoter 0.26789 0.66% /

chrA03__20118581 Promoter 0.1006 1.14% /

chrA03__20118582 Promoter 0.27819 0.64% /

chrA03__20118601 Promoter 5.18E-
08

8.07% /

chrA03__20118620 Promoter 0.36723 0.51% /

chrA03__20118669 Promoter 0.70481 0.18% /

chrA03__20118676 Promoter 0.71329 0.18% /

chrA03__20118678 Promoter 8.32E-
17

16.74% /

chrA03__20118703 Promoter 0.78203 0.13% /

chrA03__20118727 Promoter 7.80E-
08

8.52% /

chrA03__20118737 Promoter 0.33959 0.57% /

chrA03__20118755 Promoter 1.84E-
07

7.89% /

chrA03__20118770 Promoter 0.20796 0.88% /

chrA03__20119381 Promoter 0.92158 0.05% /

chrA03__20119537 Promoter 0.67827 0.24% /

BnaC02g42260D chrC02__44933063 Exon 5.45E-
16

16.98% missense_variant

chrC02__44933117 Exon 0.0348 1.78% synonymous_variant

chrC02__44933150 Exon 0.0953 1.26% synonymous_variant

chrC02__44933198 Exon 0.02328 1.99% synonymous_variant
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Candidate gene SNP SNP
location

p value PVE Variant type

chrC02__44933210 Exon 0.0162 2.18% synonymous_variant

chrC02__44933216 Exon 0.01058 2.43% synonymous_variant

BnaC07g31100D chrC07__35312872 Promoter 1.41E-
17

20.11% /

chrC07__35313045 Promoter 6.46E-
17

18.77% /

chrC07__35313091 Promoter 9.49E-
18

19.58% /

chrC07__35313102 Promoter 4.04E-
17

18.89% /

chrC07__35313202 Promoter 0.08381 0.79% /

chrC07__35313220 Promoter 0.44062 0.15% /

chrC07__35313244 Promoter 0.73862 0.15% /

chrC07__35313278 Promoter 0.71639 0.03% /

chrC07__35313289 Promoter 0.37971 0.48% /

chrC07__35313316 Promoter 0.34946 0.52% /

chrC07__35313322 Promoter 0.61957 0.06% /

chrC07__35313346 Promoter 7.25E-
04

3.87% /

chrC07__35313357 Promoter 0.04181 1.64% /

chrC07__35313370 Promoter 0.00848 2.49% /

chrC07__35313380 Promoter 1.51E-
20

20.54% /

chrC07__35313382 Promoter 0.8077 0.02% /

chrC07__35313424 Promoter 2.40E-
05

5.37% /

chrC07__35313427 Promoter 0.06598 1.39% /

chrC07__35313514 Promoter 0.65624 0.23% /

chrC07__35313553 Promoter 1.52E-
17

18.27% /

chrC07__35313574 Promoter 2.36E-
17

19.37% /
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Candidate gene SNP SNP
location

p value PVE Variant type

chrC07__35313577 Promoter 0.28848 0.69% /

chrC07__35313608 Promoter 0.64909 0.25% /

chrC07__35313661 Promoter 0.42571 0.52% /

chrC07__35313672 Promoter 0.67901 0.23% /

chrC07__35313681 Promoter 0.57681 0.10% /

chrC07__35313820 Promoter 6.82E-
16

17.85% /

chrC07__35314061 Promoter 5.52E-
27

27.53% /

chrC07__35314173 Promoter 1.24E-
21

22.61% /

chrC07__35314338 Promoter 2.68E-
21

22.31% /

chrC07__35314992 Promoter 9.26E-
19

20.90% /

chrC07__35315124 Promoter 8.36E-
18

19.58% /

chrC07__35315153 Promoter 5.56E-
21

21.45% /

chrC07__35315177 Promoter 4.33E-
05

5.79% /

chrC07__35315209 Promoter 1.44E-
04

5.05% /

chrC07__35315539 Promoter 6.24E-
24

23.89% /

chrC07__35315546 Promoter 2.12E-
15

15.95% /

chrC07__35315557 Promoter 0.1243 1.10% /

chrC07__35315595 Promoter 9.76E-
22

22.81% /

chrC07__35315612 Promoter 0.01198 2.41% /

chrC07__35315623 Promoter 0.01248 2.50% /

chrC07__35315670 Promoter 5.20E-
23

24.13% /
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Candidate gene SNP SNP
location

p value PVE Variant type

chrC07__35315710 Promoter 0.01191 1.84% /

chrC07__35315753 Promoter 4.38E-
17

18.24% /

chrC07__35315763 Promoter 6.62E-
16

17.12% /

chrC07__35315774 Promoter 0.47389 0.15% /

chrC07__35315794 Promoter 0.73232 0.03% /

chrC07__35316286 Promoter 0.00119 3.71% /

chrC07__35316597 Promoter 1.37E-
19

21.14% /

chrC07__35316662 Promoter 1.02E-
21

23.71% /

chrC07__35316777 Promoter 3.30E-
22

24.84% /

chrC07__35316781 Promoter 1.26E-
21

24.25% /

chrC07__35316827 Promoter 2.25E-
19

21.37% /

chrC07__35316984 Exon 9.71E-
21

21.17% missense_variant

chrC07__35317018 Exon 1.02E-
20

22.09% synonymous_variant

chrC07__35317045 Exon 4.12E-
08

9.06% synonymous_variant

chrC07__35317048 Exon 4.12E-
08

9.06% synonymous_variant

chrC07__35317069 Exon 0.02142 2.23% synonymous_variant

chrC07__35317141 Exon 0.01185 2.43% synonymous_variant

chrC07__35317147 Exon 1.43E-
17

18.83% synonymous_variant

chrC07__35317150 Exon 1.03E-
17

18.98% synonymous_variant

chrC07__35317204 Exon 1.54E-
17

19.49% synonymous_variant
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Candidate gene SNP SNP
location

p value PVE Variant type

chrC07__35317389 3'UTR 1.15E-
17

20.76% /

For BnaA03g40240D, candidate-gene association analysis detected several significant SNPs associated
with SGC, including one promoter variant and multiple exonic variants (Fig. 5A; Table 1). Haplotype
analysis based on seven representative SNPs classified the accessions into four major haplotypes
(Fig. 5B). BnaA03g40240D-Hap1, represented by 23 accessions, showed the highest mean SGC of
102.00 µmol/g. By contrast, Hap2, Hap3, and Hap4 displayed markedly lower mean SGC values of 39.03,
37.51, and 30.85 µmol/g, respectively. Statistical comparison indicated that Hap2–Hap4 were
significantly different from Hap1 and were associated with reduced SGC accumulation (Fig. 5C). These
results suggest that BnaA03g40240D-Hap2, Hap3, and Hap4 represent favorable low-SGC haplotypes.

For BnaC02g42260D, association analysis identified one highly significant SNP, chrC02_44933063, within
the candidate region (Fig. 6A; Table 1). This SNP showed a strong association with SGC, and accessions
carrying the C allele exhibited significantly lower SGC than those carrying theT allele (P = 5.7 × 10⁻¹⁶;
Fig. 6B). Thus, the C allele of chrC02_44933063 was considered a favorable allele and may serve as a
useful marker for marker-assisted selection of low-SGC rapeseed lines.

For BnaC07g31100D, a total of fifteen SNPs were significantly associated with SGC, most of which were
located in the promoter region, suggesting that regulatory variation may contribute to phenotypic
differences at this locus (Fig. 7A; Table 1). Haplotype analysis using these SNPs divided the accessions
into four major haplotypes (Fig. 7B). BnaC07g31100D-Hap1, represented by 71 accessions, had a high
mean SGC of 109.97 µmol/g. In contrast, Hap2, Hap3, and Hap4 had much lower mean SGC values of
38.54, 39.54, and 41.25 µmol/g, respectively. Phenotypic comparisons showed that these three
haplotypes were significantly associated with reduced SGC compared with Hap1 (Fig. 7C). Therefore,
BnaC07g31100D-Hap2, Hap3, and Hap4 were identified as favorable haplotypes for low-SGC
improvement.

Collectively, candidate-gene association and haplotype analyses demonstrated that natural allelic
variation in these four candidate genes contributes substantially to SGC variation in the B. napus natural
population. The favorable haplotypes or alleles identified here, including BnaA09g05670D-Hap1,
BnaA03g40240D-Hap2/Hap3/Hap4, the C allele of chrC02_44933063 in BnaC02g42260D, and
BnaC07g31100D-Hap2/Hap3/Hap4, provide valuable molecular targets for breeding low-glucosinolate
rapeseed varieties.

3.5 Phenotypic characterization and breeding potential of
integrated low-SGC haplotypes
To evaluate the breeding value of the favorable alleles identified above, we integrated the low-SGC
haplotypes from the four candidate genes and compared their effects on seed quality, agronomic
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performance, and root architecture. Accessions carrying the favorable low-SGC haplotype combinations
were classified as the LSGC-hap group, whereas accessions carrying unfavorable high-SGC haplotype
combinations were classified as the HSGC-hap group. In total, 38 accessions were assigned to the
LSGC-hap group and 57 accessions to the HSGC-hap group.

As expected, the LSGC-hap group showed a markedly reduced seed glucosinolate content compared
with the HSGC-hap group. The mean SGC decreased from 108.96 µmol/g in HSGC-hap accessions to
32.42 µmol/g in LSGC-hap accessions, representing a reduction of approximately 70.2% (Table 2; Fig. 8).
This result confirms that pyramiding the favorable haplotypes identified from BnaA09g05670D,
BnaA03g40240D, BnaC02g42260D, and BnaC07g31100D can substantially reduce SGC in B. napus.
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Table 2
Phenotypic statistics of SGC, seed yield and yield related traits, root related traits, and seed oil content

between Brassic napus varieties carrying “LSGCHap” and “HSGCHap”
  Trait Mean Median Mad Min Max Range

HSGCHap SGC 108.96 125.99 31.45 14.20 187.07 172.87

SOC 38.55 38.05 2.76 33.90 49.04 15.14

C18:1 34.26 26.14 16.04 7.86 70.18 62.32

C18:2 15.68 15.02 2.22 11.54 22.29 10.75

C18:3 9.18 9.00 0.81 7.02 12.34 5.32

C22:1 20.87 26.80 14.11 0.00 44.25 44.25

SY 17.49 17.42 5.26 8.45 28.45 20.00

SW 3.79 3.89 0.52 2.82 4.72 1.91

PH 167.72 166.67 16.56 138.67 201.83 63.17

BN 6.92 6.83 1.24 4.67 10.00 5.33

PRL 12.98 13.30 2.70 7.58 17.42 9.84

LRL 34.56 33.14 9.19 19.38 50.00 30.62

TRL 46.62 46.03 13.40 25.53 66.32 40.79

LRD 1.29 1.29 0.14 0.98 1.72 0.74

LRN 16.53 16.45 5.00 8.11 24.82 16.71

MLRL 0.70 0.70 0.03 0.63 0.78 0.16

LSGCHap SGC 32.42 28.46 12.16 6.99 97.35 90.36

SOC 40.85 40.83 3.78 33.63 48.08 14.45

C18:1 60.43 60.65 5.00 40.33 73.90 33.57

C18:2 18.71 18.80 1.10 15.27 21.46 6.19

C18:3 9.75 9.67 0.85 7.42 13.16 5.74

C22:1 0.64 0.00 0.00 0.00 12.70 12.70

SY 17.42 18.01 5.23 6.96 29.95 22.99

Note: SGC, seed glucosinolate content (mol/g), SOC, seed oil content (%), C18:1, oleic acid, C18:2,
linoleic acid, C18:3, linolenic acid, C22:1, erucic acid, SY, seed yield (g/plant), SW, seed weight
(g/1000 seeds), PH, plant height (cm), BN, branch number (No./plant), PRL, primary root length (cm),
LRL, lateral root length (cm), TRL, total root length (cm), LRD, lateral root density (cm/cm2), LRN,
lateral root number (No./plant), MLRL, mean lateral root length (cm).

Page 18/34



SW 3.87 3.87 0.74 2.81 4.75 1.94

PH 164.98 164.50 17.79 134.33 192.67 58.33

BN 6.97 6.83 1.24 4.33 10.50 6.17

PRL 12.91 12.84 2.62 8.78 18.18 9.40

LRL 33.24 32.36 10.29 15.51 52.54 37.03

TRL 45.99 45.05 11.88 26.59 70.97 44.38

LRD 1.28 1.30 0.16 1.01 1.52 0.51

LRN 16.52 17.13 4.39 9.04 23.62 14.58

MLRL 0.69 0.70 0.05 0.60 0.78 0.18

Note: SGC, seed glucosinolate content (mol/g), SOC, seed oil content (%), C18:1, oleic acid, C18:2,
linoleic acid, C18:3, linolenic acid, C22:1, erucic acid, SY, seed yield (g/plant), SW, seed weight
(g/1000 seeds), PH, plant height (cm), BN, branch number (No./plant), PRL, primary root length (cm),
LRL, lateral root length (cm), TRL, total root length (cm), LRD, lateral root density (cm/cm2), LRN,
lateral root number (No./plant), MLRL, mean lateral root length (cm).

We further investigated whether the integrated low-SGC haplotypes were associated with changes in
other seed quality traits. Compared with the HSGC-hap group, the LSGC-hap group exhibited significantly
higher seed oil content, increasing from 38.55% to 40.85% (P < 0.01; Table 2; Fig. 8). In addition, the fatty
acid profile was markedly improved in the LSGC-hap group. Oleic acid content was significantly
increased in LSGC-hap accessions compared with HSGC-hap accessions, whereas erucic acid content
was dramatically reduced from 20.87% to 0.64% (P < 0.0001; Fig. 8). Linoleic acid and linolenic acid
contents were also significantly higher in the LSGC-hap group than in the HSGC-hap group (Fig. 8). These
results indicate that the favorable low-SGC haplotype combination is not only associated with reduced
glucosinolate accumulation, but also with improved oil content and fatty acid composition.

To determine whether the reduction in SGC was accompanied by undesirable effects on agronomic
performance, we compared several yield-related traits between the two haplotype groups. No significant
differences were observed for seed yield, seed weight, plant height, or branch number between LSGC-
hap and HSGC-hap accessions (Table 2; Fig. 8). For example, seed yield was comparable between the
two groups, with mean values of 17.42 and 17.49 g per plant in the LSGC-hap and HSGC-hap groups,
respectively. Similarly, plant height and branch number showed no significant differences. These findings
suggest that the integrated low-SGC haplotypes reduce seed glucosinolate content without causing
detectable penalties in major agronomic traits.

Because root architecture can influence nutrient acquisition and plant performance, we also compared
root-related traits between the two haplotype groups. Lateral root density, lateral root length, lateral root
number, mean lateral root length, primary root length, and total root length were all statistically

Page 19/34



indistinguishable between LSGC-hap and HSGC-hap accessions (Table 4; Fig. 8). This indicates that the
favorable low-SGC haplotype combination does not adversely affect root development.

Collectively, these results demonstrate that the integrated LSGC-hap genotype effectively reduces seed
glucosinolate content while maintaining agronomic performance and root architecture. Moreover, this
haplotype combination is associated with improved seed oil content, increased oleic acid content, and
substantially reduced erucic acid content. Therefore, the LSGC-hap combination represents a valuable
genetic module for breeding low-glucosinolate, high-oil-quality rapeseed cultivars without compromising
yield-related traits.

4. Discussion
Seed glucosinolate content is a key quality trait in Brassica napus, directly affecting the nutritional and
feed value of rapeseed meal. In this study, we combined multi-environment phenotyping, genome-wide
association analysis, BnIR-based expression–phenotype association, and haplotype dissection to
elucidate the genetic basis of SGC variation in a natural population of B. napus. The association panel
exhibited extensive natural variation in SGC across environments, together with strong inter-environment
correlations and high broad-sense heritability. These results indicate that SGC is a highly heritable trait
and that this population provides a suitable genetic resource for dissecting allelic variation controlling
seed glucosinolate accumulation.

Through GWAS using high-density SNP markers, we identified 11 significant QTLs distributed across
multiple chromosomes, including A01, A02, A03, A08, A09, C02, C03, C07, C08, and C09. The detection
of multiple loci is consistent with the quantitative inheritance of SGC in oilseed rape and supports
previous findings that glucosinolate accumulation is controlled by a complex genetic network involving
biosynthesis, transport, degradation, and seed-specific allocation processes (Chao et al. 2022; Liu et al.
2020). Several strong and stable association signals were repeatedly detected across different
environments and in the BLUP dataset, suggesting that these loci have robust effects on SGC variation
(Fig. 2). Compared with earlier studies, the loci identified here provide both confirmation of known
genomic regions and additional candidate regions that may contribute to natural SGC diversity. These
differences may be attributable to the broader genetic diversity of the association panel, environmental
variation, marker density, and the statistical power provided by the high-density SNP dataset and the
FaST-LMM model.

To prioritize candidate genes within stable GWAS loci, we further used the gene expression module of
the BnIR database to evaluate the relationship between seed transcript abundance and SGC across the
population. This strategy allowed us to narrow the candidate list from positional genes within GWAS
intervals to genes whose expression levels were significantly associated with phenotypic variation. Four
genes, BnaA03g40240D, BnaA09g05670D, BnaC02g42260D, and BnaC07g31100D, were prioritized as
high-confidence candidates. Notably, BnaC02g42260D was annotated as BnaC02.GTR2a, a glucosinolate
transporter gene involved in glucosinolate translocation and seed accumulation. Previous studies have
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shown that GTR transporters participate in the allocation of glucosinolates among source and sink
tissues and play important roles in determining seed glucosinolate content (Tan et al. 2022). The
recovery of this known SGC-related gene supports the reliability of our GWAS and BnIR-based
prioritization strategy. In contrast, BnaA03g40240D, BnaA09g05670D, and BnaC07g31100D have not been
previously reported as major regulators of SGC, suggesting that they may represent novel loci
contributing to seed glucosinolate variation in B. napus (Fig. 2).

The expression–phenotype correlations of these candidate genes also revealed potential stage-specific
regulatory patterns. BnaA09g05670D, BnaC02g42260D, and BnaC07g31100D showed significant positive
correlations with SGC at 20 DAF, whereas BnaA03g40240D was negatively correlated with SGC at 40
DAF (Fig. 3). These results suggest that different candidate genes may act at distinct seed
developmental stages. Early seed development may be a critical period for glucosinolate import,
biosynthesis, or allocation, while later developmental stages may involve redistribution, storage, or
metabolic adjustment. The strong positive correlation between BnaC02g42260D/BnaC02.GTR2a
expression and SGC is particularly consistent with its predicted role as a glucosinolate transporter. For
the other three genes, further functional validation will be required to determine whether they directly
regulate glucosinolate metabolism or influence SGC indirectly through related developmental or
metabolic pathways.

Candidate-gene association and haplotype analyses provided further evidence that natural allelic
variation in these four genes contributes to SGC diversity. For BnaA09g05670D, the Hap1 haplotype was
associated with substantially lower SGC than the other haplotypes and was therefore identified as a
favorable low-SGC haplotype (Fig. 4). In BnaA03g40240D, Hap2, Hap3, and Hap4 were associated with
significantly reduced SGC compared with Hap1 (Fig. 5). For BnaC02g42260D, a single significant SNP,
chrC02_44933063, showed a strong association with SGC, and the C allele was associated with
markedly reduced SGC (Fig. 6). In BnaC07g31100D, Hap2, Hap3, and Hap4 were favorable haplotypes
associated with low SGC, whereas Hap1 conferred high SGC. These results demonstrate that favorable
alleles at multiple loci can be used to reduce SGC and that both coding and regulatory variation may
contribute to phenotypic differences (Fig. 7). In particular, the large number of significant promoter
variants detected in BnaC07g31100D suggests that expression-level regulation may be an important
mechanism underlying SGC variation at this locus.

The integration of favorable low-SGC haplotypes further demonstrated the practical value of these loci
for molecular breeding. Accessions carrying the integrated low-SGC haplotype combination showed a
marked reduction in SGC compared with accessions carrying high-SGC haplotypes. This result supports
the additive or cumulative contribution of multiple favorable loci to SGC reduction and suggests that
pyramiding favorable haplotypes can achieve predictable improvement of this quantitative trait. Such a
haplotype-based strategy is particularly suitable for SGC improvement because glucosinolate content is
controlled by multiple genes with moderate or large effects rather than by a single locus. The favorable
haplotypes and diagnostic SNPs identified in this study can be converted into breeder-friendly markers,
such as KASP markers, for high-throughput marker-assisted selection.
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An important finding of this study is that the integrated low-SGC haplotypes were not associated with
unfavorable effects on major agronomic traits or root architecture. A common concern in rapeseed
quality breeding is that reducing anti-nutritional compounds may be accompanied by yield penalties or
compromised plant development. However, in our population, the LSGC-hap group showed no significant
differences from the HSGC-hap group in seed yield, seed weight, plant height, branch number, lateral root
traits, primary root length, or total root length. These results indicate that the identified haplotype
combination can reduce SGC without detectable negative effects on plant performance. This decoupling
of SGC reduction from agronomic penalties increases the breeding value of the favorable haplotypes.

In addition to reducing SGC, the LSGC-hap group exhibited improved seed quality traits, including higher
seed oil content, increased oleic, linoleic, and linolenic acid contents, and strongly reduced erucic acid
content. These results suggest that accessions carrying integrated low-SGC haplotypes may also
possess favorable genetic backgrounds for oil quality improvement. The substantial reduction in erucic
acid is particularly valuable because low erucic acid and low glucosinolate content are the defining
characteristics of double-low rapeseed. However, because these quality traits may also be influenced by
breeding history, population structure, and linkage with known oil-quality loci, the relationship between
the low-SGC haplotype combination and fatty acid composition should be further validated in
segregating populations or near-isogenic backgrounds. Nevertheless, the simultaneous improvement of
SGC, oil content, and fatty acid composition observed in the present panel highlights the potential of
haplotype-based selection to combine multiple quality traits in rapeseed breeding.

The breeding application of haplotype-directed selection has been demonstrated in several B. napus
improvement programs. For example, KASP markers targeting BnFAD2 alleles have been developed for
high-throughput selection of elevated oleic acid content in segregating populations (Fu et al. 2021), while
allele-specific CAPS and SNaPshot markers have been used to develop high-oleic and low-linolenic
inbred lines with favorable agronomic performance (Spasibionek et al. 2020). Similarly, KASP markers
have accelerated the introgression of clubroot resistance into elite restorer lines while maintaining yield
potential (Guo et al. 2022). These examples demonstrate the feasibility of converting key haplotypes or
functional variants into practical molecular markers. In the same way, the favorable alleles identified in
BnaA09g05670D, BnaA03g40240D, BnaC02g42260D, and BnaC07g31100D can be developed into marker
systems for pyramiding low-SGC alleles in breeding populations.

Despite these advances, several questions remain to be addressed. First, although expression–
phenotype association and candidate-gene association analyses provide strong evidence for these
genes, functional validation is still required. Gene editing, overexpression, RNA interference, or
transgenic complementation could be used to confirm their causal roles in regulating SGC. Second, the
biological functions of BnaA03g40240D, BnaA09g05670D, and BnaC07g31100D need to be characterized
in detail to determine whether they participate directly in glucosinolate metabolism, transport,
transcriptional regulation, or seed developmental processes. Third, the favorable haplotypes should be
tested in different genetic backgrounds and multi-location breeding trials to evaluate their stability and
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breeding performance under diverse environments. Such validation will be essential before large-scale
deployment in commercial rapeseed breeding.

In conclusion, this study elucidated the genetic architecture of SGC in B. napus by integrating multi-
environment GWAS, BnIR-based expression–phenotype association, candidate-gene association, and
haplotype analysis. We identified 11 significant QTLs and prioritized four candidate genes, including the
known glucosinolate transporter BnaC02.GTR2a and three previously unreported candidate loci.
Haplotype dissection revealed multiple favorable alleles that significantly reduce SGC, and pyramiding
these favorable haplotypes produced a low-SGC genetic configuration without compromising yield-
related or root developmental traits. Moreover, the integrated low-SGC haplotypes were associated with
improved seed oil content and fatty acid composition. These findings provide valuable genetic resources
and practical molecular targets for breeding low-glucosinolate, high-quality rapeseed cultivars.
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Figure 1

Phenotypic performance of seed glucosinolate content (SGC) in a B. napus natural population across
multiple environments.(A) Phenotypic distribution of SGC in SS, WH, XM, and the BLUP values. (B)
Pairwise correlation analysis of SGC across the three environments and BLUP values. The diagonal
panels show the density distribution, the lower panels show scatter plots, and the upper panels show
Pearson’s correlation coefficients (r) and sample sizes (n). (C) Summary statistics of SGC in different
environments and BLUP values, including mean, minimum, maximum, range, skewness, kurtosis,
coefficient of variation, and broad-sense heritability. High correlations among environments and a high
H2 value (94.73%) indicate that SGC is a stable trait with strong genetic determination in the rapeseed
natural population.
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Figure 2

Genome-wide association analysis of seed glucosinolate content in B. napus. Manhattan plots showing
GWAS signals for seed glucosinolate content (SGC) in a rapeseed natural population under three
environments and BLUP values. The four panels correspond to WH, XM, SS, and BLUP, respectively. The
x-axis shows the genomic positions of SNPs across the 19 chromosomes of B. napus, and the y-axis
shows −log₁₀(P) values. The blue and red horizontal lines indicate the suggestive and genome-wide
significance thresholds, respectively. Repeatedly detected association peaks across environments and
BLUP values represent stable loci potentially involved in the genetic regulation of SGC.
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Figure 3

Expression–phenotype correlation analysis of candidate genes associated with seed glucosinolate
content in Brassica napus. (A–H) Correlations between seed transcript abundance and seed
glucosinolate content (SGC) for four candidate genes located within stable GWAS loci. Expression data
were obtained from the BnIR database and are shown as transcripts per million (TPM). Scatter plots
show the relationships between gene expression levels and SGC across the natural population at 20
days after flowering (DAF; A–D) and 40 DAF (E–H). The analyzed genes include BnaA03g40240D (A, E),
BnaA09g05670D(B, F), BnaC02g42260D (C, G), and BnaC07g31100D (D, H). Pearson’s correlation
coefficients (R) and corresponding P values are indicated in each panel. Red lines represent linear
regression fits.
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Figure 4

Candidate-gene association and haplotype analysis of BnaA09g05670D for seed glucosinolate content.
(A) Regional association analysis, gene structure, and linkage disequilibrium heatmap of the
BnaA09g05670D locus. The upper panel shows the association signals of SNPs within the candidate
region, with the y-axis representing −log₁₀(P). Significantly associated SNPs are highlighted and
annotated. The red dashed line indicates the significance threshold. The middle panel shows the gene
model, and the lower panel shows the pairwise LD pattern among SNPs. (B) Haplotype composition of
BnaA09g05670D based on four lead SNPs. The number of accessions and mean SGC for each haplotype
are shown. (C) Boxplots comparing SGC among the four haplotypes. Statistical significance was
determined by multiple comparison tests, with P < 0.01 and *P < 0.001 indicated above the plots. Hap1
was associated with significantly lower SGC and was considered the favorable haplotype.
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Figure 5

Candidate-gene association and haplotype analysis of BnaA03g40240D for seed glucosinolate content.
(A) Regional association plot, gene structure, and linkage disequilibrium heatmap of the
BnaA03g40240Dlocus. The upper panel shows SNP–SGC association signals, with the y-axis
representing −log₁₀(P). Significant SNPs are labeled, and the red dashed line denotes the significance
threshold. The middle and lower panels show the gene model and LD structure, respectively. (B)
Haplotype composition of BnaA03g40240Dbased on seven representative SNPs. The number of
accessions and mean SGC for each haplotype are listed. (C) Phenotypic comparison of SGC among the
four haplotypes. Hap1 showed significantly higher SGC, whereas Hap2, Hap3, and Hap4 were associated
with reduced SGC and were considered favorable haplotypes. P values for significant comparisons are
indicated above the boxplots.
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Figure 6

Candidate-gene association analysis of BnaC02g42260D identifies a favorable allele for low seed
glucosinolate content. (A) Regional association analysis, gene structure, and linkage disequilibrium
heatmap of the BnaC02g42260D locus. The upper panel shows SNP–SGC association signals, with the y-
axis representing −log₁₀(P). The significant SNP chrC02_44933063 is annotated, and the red dashed line
indicates the significance threshold. (B) Boxplots comparing SGC between accessions carrying the T
and C alleles at chrC02_44933063. Accessions with the C allele showed significantly lower SGC than
those with the T allele, indicating that the C allele represents a favorable allele for low-SGC breeding.
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Figure 7

Candidate-gene association and haplotype analysis of BnaC07g31100D for seed glucosinolate content.
(A) Regional association plot, gene structure, and linkage disequilibrium heatmap of the BnaC07g31100D
locus. The upper panel shows association signals between SNPs and SGC, with the y-axis representing
−log₁₀(P). Significant SNPs are annotated, and the red dashed line denotes the significance threshold.
The middle panel shows the gene model, and the lower panel shows the pairwise LD pattern. (B)
Haplotype composition of BnaC07g31100Dbased on fifteen significant SNPs. The number of accessions
and mean SGC for each haplotype are provided. (C) Boxplots showing SGC differences among the four
haplotypes. Hap1 was associated with high SGC, whereas Hap2, Hap3, and Hap4 showed significantly
reduced SGC and were identified as favorable low-SGC haplotypes. P values for significant comparisons
are indicated above the boxplots.
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Figure 8

Phenotypic comparison of seed quality, agronomic performance, and root architecture between B.
napus accessions carrying integrated low-SGC haplotypes (LSGC-hap) and high-SGC haplotypes
(HSGC-hap). (A–H)Seed glucosinolate content (SGC), seed oil content (SOC), and fatty acid composition
(oleic, linoleic, linolenic, and erucic acids). (I–L) Agronomic and yield-related traits: seed yield, seed
weight, plant height, and branch number. (M–P) Root developmental metrics: lateral root density, lateral
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root length, lateral root number, mean lateral root length, primary root length, and total root length. Group
differences were evaluated for statistical significance using a t-test: P < 0.05 (*), P < 0.01 (**), P< 0.0001
(****); ns, not significant (*P* > 0.05). Sample sizes: LSGC-hap (n = 38), HSGC-hap (n = 57).
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