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Abstract 37 

Brassica napus L. represents a potential plant feedstock for the sustainable production of 38 

hydrotreated renewable fuels needed to support carbon-based energy production. 39 

However, to increase the use of plant-derived oils for energy needs, breeding efforts are 40 

required to optimize the amount and profile of fatty acids (FAs) contained in the oil 41 

extracted from B. napus seed to meet demands of the various market categories. To this 42 

end, we analyzed the genetic basis of FA content and composition of seed from a diverse 43 

panel of spring-type B. napus accessions evaluated at four US locations across multiple 44 

years. The extent of phenotypic variations for total oil content, nine FA compounds, and 45 

14 derivative traits were found, in general, to be highly heritable. A genome-wide 46 

association study (GWAS) was conducted that detected 53 SNPs significantly associated 47 

with one or more of the 24 FA seed traits, resulting in the implicated genetic role of 12 48 

candidate genes, four of which had two homologs each, from the acyl-lipid pathway. To 49 

our knowledge, the two detected homologs of 3-Ketoacyl-CoA thiolase (KAT), have never 50 

been associated with seed oil traits in B. napus. Through the application of whole-genome 51 

prediction, the 24 FA seed traits were generally found to have moderately high predictive 52 

abilities (70% of traits with abilities > 0.70), suggesting that these traits are highly 53 

amenable to genomic selection. Overall, our results contribute to the expanding body of 54 

knowledge regarding key enzymes in the acyl-lipid pathway at the quantitative genetic 55 

level and illustrate how genomics-assisted breeding could be leveraged to genetically 56 

improve FA seed traits in B. napus. 57 

Keywords 58 

Fatty acid metabolism; renewable fuel; pathway candidate genes; whole genome 59 
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prediction; plant improvement  60 
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1. Introduction 61 

Hydrotreated renewable fuel, or “renewable diesel fuel” is a commercially demonstrated 62 

method for producing bio-based diesel and jet fuel (Gesch et al., 2015). Hydrotreatment of 63 

vegetable oils increases storage stability and produces straight chain paraffinic 64 

hydrocarbons (alkanes) with high cetane numbers, a property directly impacting engine 65 

efficiency (Aatola et al., 2008). Additionally, hydrotreated vegetable oil fuels have 66 

reduced levels of sulfur, oxygen, and aromatic compounds that lessen their environmental 67 

impact through reduced NOx emission and deposit formation. Since fossil fuels are a finite 68 

resource and harmful for the environment, potential crops for biofuel applications have 69 

been increasingly sought as an alternative renewable energy source over the past two 70 

decades (Blackshaw et al., 2011; Pinzi et al., 2009). Plant oils represent an outstanding 71 

potential source of renewable, energy-dense hydrocarbons that can be used for fuels. 72 

However, a major hurdle to the utilization of these raw resources is the production of these 73 

oils in non-food oilseed crops that have high yields and can grow under marginal and 74 

varied climatic conditions (Johnson et al., 2007; Pimentel and Patzek, 2005; Pinzi et al., 75 

2009). 76 

The allotetraploid species Brassica napus L. (rapeseed) is a global vegetable and 77 

oilseed crop having both spring and winter growth types that can thrive in a multitude of 78 

different environments (Gómez-Campo and Prakash, 1999). As an oilseed crop, canola 79 

varieties of B. napus with seed oil containing extremely low levels of erucic acid and 80 

glucosinolates are a critical source of food and feed (Wu et al., 2008). However, the long-81 

chain fatty acids (FAs) found in non-edible oils of industrial rapeseed, which can have 82 

levels of erucic acid that exceed 50% of FAs in the seed (Duncan et al., 2016), have high-83 
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value for the production of lubricants, surfactants, and biofuels (Rahman, 2013; Singh et 84 

al., 2008; Solis et al., 2017). Indicative of its potential as a domestic feedstock, the 85 

cultivation of industrial rapeseed varieties as a rotation crop with wheat under rainfed 86 

conditions in the north central US has been advocated as an approach to help establish an 87 

affordable and dependable supply of hydrotreated renewable jet fuel (Gesch et al., 2015). 88 

To improve B. napus as a biofuel feedstock crop through breeding, it is critical to gain 89 

a better understanding of the biochemical reactions that determine the composition of the 90 

FAs in the seed, as the composition determines the oil quality and marketability (Biermann 91 

et al., 2011; Durrett et al., 2008; Dyer et al., 2008; Sanyal and Randal Linder, 2012). 92 

Previous efforts have identified several quantitative trait loci (QTL) that control 93 

phenotypic variation for these FA seed traits (Basnet et al., 2016; Chapman and Ohlrogge, 94 

2012; Gacek et al., 2017; Körber et al., 2016; Li-Beisson et al., 2013; Wang et al., 2015). 95 

However, the identities of the genes underlying these QTL within the biosynthetic 96 

pathway have not been well characterized, thus limiting the use of genetic improvement 97 

with precise genomic tools. To improve the rate of genetic gain, genomics-assisted 98 

breeding could be utilized to target key steps in the biosynthesis pathway that control 99 

natural variation for FA seed traits (Lipka et al., 2013; Owens et al., 2014). However, for 100 

this approach to be practical and lead to realized genetic gains, detailed information is 101 

needed on the specific genes within the pathway itself. There have been attempts at 102 

describing the B. napus FA pathway and associated enzymes with greater detail (Barker et 103 

al., 2007; Chapman and Ohlrogge, 2012; Rahman, 2013; Wang et al., 2015), but these 104 

genetic characterizations are often incomplete, focus on specific candidate genes, or lack 105 

resolution to identify causal genes (Wang et al., 2015). 106 
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Refining the genetic association between single-nucleotide polymorphism (SNP) 107 

markers proximal to plausible candidate genes and seed FA traits is needed to accelerate 108 

biofuel breeding efforts for B. napus. In the present work, we used the extended 109 

knowledge of FA biochemical pathways and gene annotations in Arabidopsis thaliana to 110 

identify candidate genes that may affect the FA profile of B. napus seed. Our study 111 

focused on an association panel of diverse spring-type B. napus accessions that was 112 

evaluated across multiple environments. The objectives of our study were to (i) conduct a 113 

genome-wide association study (GWAS) to implicate candidate genes from the acyl-lipid 114 

pathway potentially involved in the genetic control of natural variation for the content and 115 

composition of FAs in B. napus seed, and (ii) evaluate the potential of whole-genome 116 

prediction for genomic selection of FA seed traits. Accomplishing both of these objectives 117 

will assist in the development of new B. napus varieties with improved seed oil quality 118 

characteristics. 119 

 120 
2. Material and Methods 121 

2.1 Plant materials and experimental design 122 

The field-evaluated association panel consisted of 239 B. napus accessions with spring 123 

growth habit (Supplementary Table S1). These accessions were obtained from three 124 

different sources: the USDA-ARS North Central Regional Plant Introduction Station 125 

(NCRPIS) in Ames, Iowa, the Centre for Genetic Resources (CGN) in the Netherlands, 126 

and the University of Idaho (UI) Brassica Breeding Program in Moscow, Idaho. 127 

The association panel of 239 accessions was grown in seven environments: (1) Iowa 128 

State University Agricultural Engineering and Agronomy Research Farms, Boone, IA, on 129 

a Canisteo silty clay loam (fine, loamy, mixed calcareous, mesic Typic Haplaquolls) soil 130 
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in 2014; (2) Central Great Plains Research Station, Akron, CO, on a Weld silt loam (fine, 131 

smectitic, mesic, Aridic Argiustoll) soil in 2014; (3) University of Idaho Parker Research 132 

Farm, Moscow, ID, on a Palouse silt loam (fine, silty, mixed, mesic Pachic Ultic 133 

Haploxerolls) soil in 2014 and 2015; and (4) University of Idaho Kambitsch Research 134 

Farm, Genesee, ID, on a Palouse silt loam (fine, silty, mixed, mesic Pachic Ultic 135 

Haploxerolls) soil in 2013, 2014, and 2015. In six of the seven environments, the 136 

experimental design was a randomized complete block design with two complete 137 

replications of the association panel. At the Genesse 2013 environment, a single complete 138 

replication of the association panel was planted, and this field trial also served to multiply 139 

seed for subsequent plantings. 140 

Experimental units were plots of variable row number and dimension. In Boone, IA, 141 

each plot consisted of 4-rows with a width of 1.5 m and length of 5 m. In Akron, CO, the 142 

size of each 8-row plot was 1.5 m wide by 6 m long. In Moscow and Genesee, ID, each 2-143 

row plot was 0.6 m wide and 4.6 m long. Seeding rates ranged between 4 and 6 kg ha-1 144 

depending upon seed size to achieve a planting density of approximately 1.7 million seed 145 

ha-1 at Akron and 1.2 million seed ha-1 at Boone, Moscow, and Genesee. Seed planting 146 

depth ranged from 1.5 to 2.5 cm according to soil moisture availability at each location. 147 

Planting dates varied by environment due to annual weather variability. The earliest 148 

planting occurred in mid-April (Ames 2014), with the latest planting in early May 149 

(Genesee 2014). Standard crop management practices were used at each location. 150 

In Akron and Boone, plots were hand harvested at physiological maturity (i.e., when 151 

the seeds on the main raceme had turned from green to brown) to prevent seed loss from 152 

pod shatter. As such, harvest occurred over several weeks and was completed after all 153 
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accessions had reached maturity. The samples were hand-threshed and air-dried. In 154 

Moscow and Genesee, mature plots were mechanically harvested using a small plot 155 

combine (Wintersteiger Inc., Salt Lake City, UT, USA). Harvested seed was dried for 2 d 156 

at 45°C. 157 

For each environment, a weighed sample (25-30 g) of dried seed was taken from each 158 

plot for determining the total oil content and FA profile. 159 

 160 

2.2 Total oil quantification and fatty acid profiling 161 

Seed oil content of each sample was quantified by pulsed nuclear magnetic resonance 162 

(pNMR) using the protocol and instrument described in Oblath et al. (2016). The total oil 163 

content (%) per sample was determined on a seed dry weight basis. 164 

The fatty acid composition of seed oil was determined using gas chromatography (GC) 165 

with flame ionization detection, as described by Oblath et al. (2016). The 13 measured FA 166 

traits included C16:0 (palmitic acid), C18:0 (stearic acid), C18:1 (oleic acid), C18:2 167 

(linoleic acid), C18:3 (linolenic acid), C20:0 (arachidic acid), C20:1 (gondoic acid), 168 

C20:2, C22:0 (behenic acid), C22:1 (erucic acid), C22:2, C24:1 (nervonic acid), and sum 169 

of other uncharacterized FAs. The abundance of each FA trait was expressed as a 170 

percentage of the total oil content per sample, with the percentages summing to 100% for 171 

each sample. Given that the sum trait consisted of uncharacterized FAs and accounted for 172 

a minimal fraction of total FAs (average of <1% across samples), it was excluded from 173 

further data analysis. 174 

 175 

2.3 Phenotypic data analysis 176 
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For each of the 12 single compound FA traits, we summarized the number of seed samples 177 

with a phenotypic value of zero that resulted from a compound abundance that was below 178 

the detection limit of GC. These summaries were used to exclude three FA traits (C20:2, 179 

C22:2, C24:1) that had more than 40% of samples below the limit of detection. For each of 180 

the retained nine FA traits, a % value was approximated for the zero value of each sample 181 

below the detection limit by assigning a uniform random variable ranging from 0 to the 182 

minimum GC detection value for that given FA compound across environments similar to 183 

that recommended by Lubin et al. (2004). 184 

To help further resolve the genetic basis of natural variation for these nine FA traits, 14 185 

ratios from the phenotypic values of the nine FA traits were calculated (Table 1). The 186 

calculated FA ratios are based on a series of interdependent enzymatic reactions 187 

competing for common substrates involved in the synthesis of the nine FA compounds 188 

(Figure 1; Supplementary Figure S1). It is hypothesized that such derivative traits would 189 

have a genetic architecture less complex than that of the individual compounds, allowing 190 

for the potential realization of higher statistical power in GWAS (Harjes et al., 2008; 191 

Lipka et al., 2013; Owens et al., 2014; Yan et al., 2010). 192 

For each of the nine FA profiles, 14 derived FA ratios, and total seed oil content (Table 193 

2), the Box-Cox power transformation (Box and Cox, 1964) was performed on the raw 194 

phenotypic data with a simple linear model that had genotype and environment as fixed 195 

effects to identify the most appropriate transformation that corrected for non-normality of 196 

the error terms and unequal variances. The procedure tested lambda values ranging from 197 

−2 to +2 in increments of 0.5 using the function boxcox in the R package MASS (R Core 198 

Team, 2016; Venables and Ripley, 2010), followed by applying the optimal convenient 199 
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lambda for each trait (Supplementary Table S2). 200 

To identify significant outliers, a mixed linear model was fitted for each trait in 201 

ASReml-R version 3.0 (Gilmour et al., 2009). The full model (Equation 1) fitted to the 202 

phenotypic data that had been processed by the Box-Cox transformation procedure was as 203 

follows: 204 

 205 

Yijklm = µ + envi + genotypej + genotype×envij + rep(env)ik 206 

+ row(rep×env)ikl + col(rep×env)ikm + εijklm ,    (Equation 1) 207 

 208 

in which Yijklm is an individual observation; µ is the grand mean; envi is the effect of the ith 209 

environment; genotypej is the effect of the jth genotype (accession); genotype × envij is the 210 

interaction effect between the jth genotype and ith environment; rep(env)ik is the effect of 211 

kth replication within the ith environment; row(env×rep)ikl is the effect of the lth plot grid 212 

row within the kth replication within the ith environment; col(env×rep)ikm is the effect of 213 

the mth plot grid column within the kth replication within the ith environment; and εijklm is 214 

the residual error effect assumed to be independently and identically distributed according 215 

to a normal distribution with mean zero and variance 𝜎𝜎𝜀𝜀2. With the exception of the grand 216 

mean, all other terms were modeled as random effects. Degrees of freedom were 217 

calculated via the Kenward-Rogers approximation (Kenward and Roger, 1997). The 218 

Studentized deleted residuals (Neter et al., 1996) obtained from these mixed linear models 219 

were examined to detect significant outliers. 220 

Once all detected outliers were removed for each trait, an iterative mixed linear model 221 

fitting procedure of Equation 1 was conducted in ASReml-R version 3.0 (Gilmour et al., 222 
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2009). To generate a best fitted model for each trait, likelihood ratio tests were conducted 223 

to remove all random effects that were not significant at α = 0.05 (Littell et al. 2006). The 224 

final model for each trait was used to generate a best linear unbiased predictor (BLUP) for 225 

each genotype (Supplementary Table S3). The generated BLUPs were used in GWAS and 226 

whole-genome prediction (WGP) of the 24 seed oil traits. 227 

For each trait, we estimated heritability on a line-mean basis (ℎ�𝑙𝑙2). Variance component 228 

estimates from the full model (Equation 1) were used to estimate ℎ�𝑙𝑙2 (Holland et al., 2003) 229 

as follows: 230 

 231 

ℎ�𝑙𝑙2 = 𝜎𝜎�𝑔𝑔2

𝜎𝜎�𝑔𝑔2+
𝜎𝜎�𝑔𝑔𝑔𝑔
2

𝑛𝑛𝑔𝑔𝑛𝑛𝑒𝑒
+ σ�ε

2

𝑛𝑛𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

              (Equation 2)   232 

 233 

where  𝜎𝜎�𝑔𝑔2 is the estimated genetic variance, 𝜎𝜎�𝑔𝑔𝑔𝑔2  is the estimated variance associated with 234 

genotype-by-environment variation, and σ�ε2 is the residual error variance. The variable nenv 235 

is the harmonic mean of the number of environments in which each genotype was 236 

observed, and nplot is the harmonic mean of the number of plots in which each genotype 237 

was observed. Standard errors of the heritability estimates were approximated using the 238 

delta method (Holland et al., 2003; Lynch and Walsh, 1998). 239 

The inverse of a convenient lambda was used to back-transform the Box-Cox 240 

transformed BLUP values of a trait. Back-transformed BLUP values (Supplementary 241 

Table S4) were used in the correlation analysis to reveal the true directionality of the 242 

biological relationship between traits. The degree of association between back-transformed 243 

BLUP values for each pair of traits was estimated with Pearson’s correlation coefficient (r) 244 
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at α = 0.05 using the method ‘pearson’ from the function ‘cor.test’ in R. 245 

 246 

2.4 Genotyping 247 

Of the 239 field evaluated accessions, 177 were successfully genotyped with sequence-248 

based-genotyping (SBG). The 177 accessions constitute a subset of the 782 accessions 249 

genotyped in Gazave et al. (2016). As such, the genetic analysis (including leaf tissue 250 

collection, DNA extraction, sequence-based-genotyping, raw read processing, read 251 

alignment, SNP and genotype calling) is identical to that as previously described (Gazave 252 

et al., 2016). Only minor modifications (described below) to the quality control filters (i.e., 253 

post SNP and genotype calling) were applied to the data set in order to decrease the 254 

number of missing genotypes. Out of the 969,257 polymorphic sites in the variant call 255 

format file prior to quality control filtering [Suppl. FigS10 in Gazave et al. (2016)], only 256 

477,023 sites were polymorphic in the subset of 177 accessions. Among these, indels and 257 

triallelic SNPs were removed, as well as SNPs that produced a genotype call in less than 258 

20% of the accessions (i.e., SNP call rate < 20%) and had a minor allele frequency (MAF) 259 

lower than 5%. After these filters, the final data set contained 19,001 SNPs. Unlike in 260 

Gazave et al. (2016), where the genotypes with less than 4× coverage were set to missing, 261 

no filters were applied based on depth of coverage in the present data set. Suppressing the 262 

filter on coverage decreased missing data and increased the number of SNPs retained in 263 

the final data set, but it also led to an underestimation of heterozygote genotypes. The 264 

sequence read archive (SRA) accession numbers for the samples used in the present study 265 

are listed in Supplementary Table S1. 266 

 267 
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2.5 Genome-wide association study 268 

We conducted a GWAS for each of the 24 seed oil traits across the 177 accessions with 269 

16,714 of the 19,001 genome-wide SNPs using a mixed linear model that controlled for 270 

population structure and familial relatedness (Zhang et al. 2010). The 16,714 SNPs are 271 

those that had been assigned to chromosomes. The mixed linear models included three 272 

principal components (PCs) (Price et al. 2006) and a kinship matrix that were fitted in the 273 

R package GAPIT (Lipka et al., 2012) with the following selected options: "Zhang" for 274 

kinship.algorithm; "average" for kinship.cluster; and "Mean" for kinship.group. The 275 

missing genotypes for SNP markers were conservatively imputed as heterozygotes prior to 276 

their use in calculating the PCs and conducting GWAS. The kinship matrix was 277 

constructed based on a higher quality subset of 6,101 SNP markers from the complete data 278 

set with unimputed genotypes and a SNP call rate ≥ 80%. The Benjamini and Hochberg 279 

(1995) method was used to account for the multiple testing problem by controlling the 280 

false discovery rate (FDR) at 5%. 281 

 282 

2.6 Linkage disequilibrium (LD) 283 

To assess chromosome-wide patterns of linkage disequilibrium, the squared allele-284 

frequency correlation (r2) between all pairs of homozygous SNP loci for each chromosome 285 

within the A- and C-subgenomes was estimated in TASSEL version 5.2.39 (Bradbury et 286 

al., 2007). The data set consisted of 6,119 and 8,967 SNP markers from the A- and C-287 

subgenomes, respectively, and had MAFs greater than 0.05 across the 177 lines. These 288 

SNPs were a subset of the 16,714 SNPs used for GWAS that were not only assigned to a 289 

chromosome, but also physically ordered along a chromosome. Missing genotypes were 290 
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imputed as heterozygotes. The combined marker pairs were split into 45 distance intervals 291 

for each chromosome and subgenome, as similarly described in Qian et al. (2014), and 292 

average LD values were plotted against the physical distance for the middle of each 293 

interval. 294 

 295 

2.7 Candidate gene identification 296 

The extensive prior knowledge that exists on the more than 100 enzymatic reactions and 297 

600 genes encoding the enzymes and regulators needed for acyl-lipid metabolism in 298 

Arabidopsis thaliana (ARALIP, 2017; Li-Beisson et al., 2013) was leveraged to select a 299 

biologically relevant set of candidate genes in B. napus. To limit the number of candidate 300 

genes under consideration, we focused on only the enzymatic reactions (Figure 2) 301 

described in Li-Beisson et al. (2013) that are most likely to exhibit genetic control on the 302 

FA seed traits measured in this study. The Arabidopsis Information Resource [TAIR, 303 

(Rhee et al., 2003)] was used to search for Arabidopsis genes matching the enzyme names 304 

and acronyms described in Li-Beisson et al. (2013) that are linked to the prioritized subset 305 

of enzymatic reactions shown in Figure 2. When the name of an enzyme referred to 306 

several possible members of the same protein family (e.g., LACS family, LACS6 to 307 

LACS9), the provided description associated with each gene was used to determine its 308 

relevancy. If the description was ambiguous or absent, then all members of the family 309 

were selected. The complete set of 77 candidate genes selected from Arabidopsis is 310 

provided in Supplementary Table S5. 311 

To identify the genomic coordinates of putative homologs in the allotetraploid genome 312 

of B. napus, the protein sequence of the 77 candidate genes from Arabidopsis (TAIR10 313 

https://www.arabidopsis.org/download_files/Sequences/TAIR10_blastsets/TAIR10_pep_20110103_representative_gene_model_updated
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version 20110103) were searched against B. napus protein sequences (CoGE version 5) 314 

with the BLASTP function of the BLAST+ program (Camacho et al., 2009). For each 315 

queried gene, the 10 best-matched (with the lowest E-value) B. napus proteins were 316 

selected, resulting in an initial set of 770 B. napus candidate genes. This initial set was 317 

refined by imposing filters on the BLASTP results that removed 350 candidates having an 318 

identify < 65% with the aligned query sequence, an E-value > 10e-10 with the aligned 319 

query sequence, or an alignment length shorter than 50% of the query sequence length. 320 

Next, the resultant set of 420 candidate genes was screened for redundancy that arose 321 

when distinct Arabidopsis genes from the same protein family matched the identical B. 322 

napus gene. When this occurred, each redundant B. napus gene was singularized, 323 

annotated with two or more Arabidopsis gene names from Supplementary Table S5 and 324 

assigned the BLASTP results of the query sequence from the gene family member that 325 

generated the lowest E-value. This produced a final non-redundant data set of 290 326 

candidate genes from B. napus. 327 

The BEDTools software package (Quinlan and Hall, 2010) was used to calculate the 328 

physical distance of the 290 acyl-lipid metabolism candidate genes from the nearest SNPs 329 

found to be significantly associated with at least one of the 24 seed oil traits at 5% FDR. 330 

 331 

2.8 Whole-genome prediction 332 

The ability of all 19,001 genome-wide SNP markers to predict each of the 24 seed oil traits 333 

from the 177 accessions was evaluated with the ridge regression best linear unbiased 334 

prediction (RR-BLUP) method (Meuwissen et al., 2001) implemented in the rrBLUP 335 

package (Endelman, 2011) in R (R Core Team, 2016). Missing genotypes for SNP 336 

https://www.arabidopsis.org/download_files/Sequences/TAIR10_blastsets/TAIR10_pep_20110103_representative_gene_model_updated
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markers were conservatively imputed as a heterozygote. The five-fold cross-validation 337 

approach of Owens et al. (2014) was employed to evaluate the predictive abilities found 338 

for each trait by calculating the Pearson’s correlation between observed and genomic 339 

estimated breeding values. Cross-validation was repeated five times to calculate a mean 340 

predictive ability for each trait. 341 

 342 
3. Results 343 

3.1 Phenotypic variation 344 

Through the analysis of a multi-environment trial data set, we evaluated the extent of 345 

phenotypic variation for seed oil traits in an association panel of 239 accessions assembled 346 

to sample the genetic diversity found in the spring type B. napus germplasm pool. The 347 

back-transformed BLUP values of total oil content and the nine FAs showed extensive 348 

phenotypic variation (Table 2). The traits exhibiting the greatest variability were C18:1, 349 

C22:1, and total oil content (standard deviations of 15.424%, 11.996%, and 5.914%, 350 

respectively), whereas the compounds with the least amount of variation were C20:0, 351 

C18:0, and C16:0 (0.071%, 0.301%, and 0.309%, respectively). The 14 derived FA ratio 352 

traits displayed much less variation, with their standard deviations ranging from 0.001 for 353 

BH4 to 1.981 for CE3. 354 

The degree of correlation between back-transformed BLUP values of traits was 355 

assessed to provide insight into the potential shared genetic basis of the 24 seed oil traits. 356 

Total oil content displayed significant (P < 0.05) phenotypic correlations with all FA 357 

compounds, except C16:0 and C18:2, with values ranging from -0.50 (C18:1) to 0.51 358 

(C20:1) (Figure 3). Suggestive of independent genetic regulation, correlations between the 359 

FAs formed two distinct groups, four compounds which are in the main pathway (C16:0, 360 
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C18:0, C18:1, and C18:2) and those which are more derived (C20:0, C20:1, C22:0, and 361 

C22:1). Strong positive correlations were observed within the respective groups, while 362 

moderate to strong negative correlations were found between the two groups. The 363 

correlations between the FA ratios were more variable in their direction and strength. 364 

However, the ratios BH1, BH4, CE1, CE2, CE3, and CE4 did have largely the same 365 

correlation values with both the individual FAs as well as the other FA ratios. 366 

The observed phenotypic variation was largely heritable. Total oil content and the nine 367 

FAs exhibited high estimates of heritability on a line-mean basis. While total oil content 368 

had a moderately high estimate (0.762), most of the individual FA compounds exhibited 369 

estimates that were much greater than that. Of the nine FAs, all but C20:0 (0.528) had a 370 

heritability estimate greater than 0.920, and the average heritability across the nine FAs 371 

was 0.919. The associated FA ratios also exhibited high heritability values, with all but I 372 

(0.185) and BH1 (0.850) having an estimate of 0.950 or greater. These high heritabilities 373 

suggest that the observed phenotypic variabilities for nearly all of the 24 seed oil traits are 374 

mostly under genetic control. Therefore, these traits are likely to be amenable to genetic 375 

dissection and prediction through the application of quantitative genetic methods. 376 

 377 

3.2 Genome-wide association study 378 

We investigated the genetic architecture of natural variation for the 24 seed oil traits in 177 379 

accessions of the spring type B. napus association panel scored with 16,714 genome-wide 380 

SNP markers assigned to chromosomes. A total of 53 SNPs from 11 chromosomes were 381 

found to significantly associate with one or more of 14 traits (five FA and nine FA ratio 382 

traits) at a genome-wide FDR of 5% (Supplementary Table S6). The individual significant 383 
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SNPs explained, on average, 6.34% of the phenotypic variation observed for the traits with 384 

values ranging from a minimum of 4.78% to a maximum of 10.93% of the phenotypic 385 

variation (Supplementary Table S7). The majority of significant SNPs were associated 386 

with more than one trait and 17 of the 53 SNPs where associated with four or more traits. 387 

Notably, a significant SNP on chromosome 3 (52,631,052 bp) of the C-subgenome 388 

associated with 11 of the 14 traits, explaining, on average, 7.70% of the phenotypic 389 

variation for these 11 traits. 390 

Because the resolution of mapping depends on the extent of linkage disequilibrium 391 

(LD) across the genome, we estimated the physical distance at which pairwise LD decayed 392 

to background levels (r2 = 0.1) for each chromosome (n = 10 + 9) of B. napus. This 393 

analysis uncovered striking differences in the rate of LD decay between chromosomes, 394 

with LD extending to a range of 0.145-0.375 Mb and 0.375-7.00 Mb for chromosomes 395 

from the A- and C-subgenomes, respectively (Supplementary Table S8). Given the 396 

patterns of long-range LD within this population, likely shared genetic architecture among 397 

traits, and prior knowledge pertaining to acyl-lipid metabolism-related genes in 398 

Arabidopsis thaliana [Figure 2, Li-Beisson et al. (2013)], we used these LD decay 399 

estimates to define the search space surrounding significantly associated SNP markers 400 

(i.e., ± 0.145 to 7.00 Mb, depending on chromosome) for identifying the most plausible 401 

candidate genes involved with the synthesis of FAs in seed (Table 3). A description of the 402 

candidate genes detected using the above criteria follows, and where not explicitly cited, 403 

information on the function of the candidate gene is taken from Li-Beisson et al. (2013). 404 

 405 

3-Ketoacyl-CoA thiolase: KAT is involved in the β-oxidation/degradation pathway that 406 
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breaks down FAs derived primarily from membrane lipids, or from the catalysis of 407 

triacylglycerol storage reserves that are used as a carbon and energy source to fuel post-408 

germinative seedling establishment. Enzymes of lipolysis and β-oxidation are also known 409 

to be active towards the end of seed development, resulting in a slight decrease in final 410 

seed oil content, as well as remodeling of the TAG pool and alterations in fatty acid 411 

composition (Chia et al., 2005; Kelly et al., 2013; Rodríguez-López et al., 2017). From our 412 

GWAS, two homologs of KAT were found to associate with C18:3. The significant SNP at 413 

43,898,386 bp resided within a KAT gene copy on chromosome C04, while the second 414 

KAT gene copy was ~60 kb from two significant SNPs on chromosome A04. Furthermore, 415 

the derived D1 trait, which is the ratio of C18:2 to C18:3, was shown to associate with the 416 

KAT on C04. Given that C18:2 is the second most abundant FA (Table 2) in the seed oil 417 

profile, these results are congruent with expectations. 418 

 419 

Monoacylglycerol lipase: MAGL is involved in the catabolism of triacylglycerides stored 420 

in oil bodies within the plant cell and is responsible for the third step of the enzymatic 421 

conversion of TAGs to free FAs and glycerol. The most significant marker-trait 422 

association was identified on chromosome C04 at 45,861,874 bp, which is ~130 kb away 423 

from the candidate gene, for the derived D1 trait. Because of MAGL’s involvement in FA 424 

degradation, it was likely detected for similar reasons as the candidate gene KAT (for 425 

which D1 was also found to be significant), namely that of the high abundance of C18 FA 426 

series. 427 

 428 

Fatty acid desaturase 3: FAD3, also known as linoleate desaturase, converts the 429 
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phosphatidylcholine-bound linoleate (C18:2) to linolenate (C18:3) within the endoplasmic 430 

reticulum, thus regulating the amount of C18:3 (McConn et al., 1993) in seed oil. The 431 

most significant SNP for this marker-trait association was located on chromosome A04 at 432 

13,905,155 bp, which is ~70 kb away from the FAD3 candidate gene, and was only found 433 

for the C18:3 trait.  434 

 435 

Fatty acid desaturase 6: FAD6 is responsible for the synthesis of C16:2 and C18:2 in 436 

plastids through desaturation of glycerolipid-bound C16:1 and C18:1, respectively. We 437 

detected associations involving two different FAD6 homologs. The SNP on chromosome 438 

A08 at 11,155,344 bp (~63 kb from FAD6) was found to be significant for the FA ratios 439 

AB and BH4, while the SNP on chromosome C01 at 5,187,366 bp (~1.2 Mb from FAD6) 440 

was associated with D1. The FA ratio AB quantifies the relationship of the starting 441 

products FAD6 relies on, C16:0 and C18:1, and thus directly impacts availability of C18:1 442 

for conversion into C18:2 via FAD6-dependent fatty acid desaturation. BH4 captures the 443 

C18:0 branch point that determines whether substrates proceed to FA chain elongation, or 444 

to the desaturation of C18:1 through to C18:3. All of which would directly impact the 445 

amount of C18:1 available. 446 

 447 

Fatty acyl thioesterase B: FATB is an acyl-ACP hydrolytic enzyme with C16:0 and C18:0 448 

as its preferred substrates. As hydrolysis of C16:0 or C18:0 from ACP prevents further 449 

desaturation of the fatty acid by SAD (see below), this enzyme favors flux to saturated 450 

fatty acids at the expense of unsaturated fatty acids. We detected significant marker-trait 451 

associations for C18:0 and FA ratio B (C18:0/sum C18:n, n = 1-3), with the distance 452 
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between the significantly associated SNP and FATB candidate gene being only ~164 kb. 453 

The relationship between FATB and the two FA traits conforms to expectations given the 454 

direct involvement of this enzyme in the synthesis of C18:0; this would also directly 455 

impact the synthesis of C18:1, C18:2, and C18:3 (which is quantified by ratio B) because 456 

C18:0 is the required substrate. 457 

 458 

Fatty acid elongation 1: FAE1 encodes a 3-ketoacyl-CoA synthase (KCS) subunit of the 459 

fatty acid elongase complex that is required for the synthesis of very long chain fatty acids 460 

(VLCFAs, C≥20) (Wu et al., 2008). In Arabidopsis, FAE1 is the specific isoform of KCS 461 

that is responsible for VLCFA synthesis in seed (James et al., 1995). The combination of 462 

the two homologs of FAE1, located on chromosomes A08 and C03 were found to exhibit 463 

associations with 10 of the 24 FA traits, including C18:0, C18:1, C22:0, and C22:1. This 464 

result is not unexpected given that FAE1 is central to the synthesis of VLCFAs, which can 465 

comprise a substantial portion of oil in B. napus seed (Table 2). 466 

 467 

Ketoacyl-ACP synthase 1: KAS1 is involved in the condensation reactions responsible for 468 

building a four-carbon product (3-ketobutyrl-acyl carrier protein [ACP]) into the C16:0-469 

ACP that is the product of fatty acid synthesis within the plastid and used as substrate for 470 

downstream FA biochemical reactions. A SNP at a bp position of 33,598,155 on 471 

chromosome C02 had significant associations with C18:0 and FA ratios A1, B, and AB. 472 

Although KAS1 is directly responsible for the generation of C16:0, which we did not 473 

detect a significant SNP for, the detection of the FA ratios involving C16:0 (A1 and AB) 474 

and those that do not (D1) demonstrate the interrelatedness of these traits and specifically, 475 
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how C16:0 substrate availability directly impacts the amount of C18:n FAs produced. 476 

 477 

Stearoyl-ACP desaturase: SAD is responsible for synthesizing C18:1-ACP from the 478 

precursor C18:0-ACP within the plastid through a desaturation reaction. We detected two 479 

SAD homologs from the A- and C-subgenomes. The SAD gene copy on chromosome A10 480 

was associated with AB and BH4, whereas the copy of the SAD gene on chromosome C04 481 

was associated with C18:3 and D1. 482 

 483 

The above summary of candidate genes identified through GWAS represents distinct steps 484 

within the entirety of the fatty acid biosynthesis pathway from synthesis to degradation of 485 

the FAs themselves, as well as branch points within the pathway that impact oil 486 

composition. 487 

 488 

3.3 Whole-genome prediction 489 

We evaluated the prospect of genomic selection as a method for the genetic improvement 490 

of seed oil content and composition in B. napus breeding programs. Therefore, the 491 

complete data set of 19,001 genome-wide SNP markers was used to assess the predictive 492 

abilities of WGP on the 24 seed oil traits from the 177 accessions. An average predictive 493 

ability of 0.71 was obtained across all 24 traits, with the FA compounds having predictive 494 

abilities similar to their derived FA ratios (Figure 4). The high predictive abilities of the 495 

seed oil traits were not surprising given their high heritabilities, with a strong positive 496 

correlation (rsp = 0.79, P < 0.0001) found between predictive abilities and heritabilities. 497 

The predictive abilities for C20:0 and ratio I were the lowest, 0.52 and 0.24, respectively, 498 
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which was expected given their relatively lower estimates of heritability (Table 2). 499 

Conversely, C16:0 and ratio A exhibited predictive abilities of only 0.56 and 0.54, 500 

respectively, despite both having a heritability estimate of ~0.95. 501 

 502 

4. Discussion 503 

Developing environmentally responsible solutions for the production of hydrotreated 504 

renewable fuels, also known as “renewable diesel fuel,” is an alternative path for securing 505 

sustainable, carbon-based energy production. However, to meet market and user demands, 506 

current bioenergy feed stocks, such as vegetable oil produced from B. napus, must be 507 

optimized with respect to end-product composition and quality before these biofuels can 508 

be utilized for large-scale energy production. While seed oil content and composition can 509 

be readily altered using transgenic approaches, high regulatory costs and low public 510 

acceptance have increased the need to develop non-transgenic methods for oil 511 

modification that leverage existing genetic resources. In light of this, a spring-type panel 512 

of B. napus accessions was evaluated in four different locations across multiple years to 513 

identify candidate genes, via GWAS, within the acyl-lipid biosynthetic pathway 514 

responsible for fatty acid synthesis. These candidate genes, which control the various 515 

enzymatic steps in FA synthesis, could serve as precise targets for genomics-assisted 516 

breeding to directly alter seed oil composition and quality to meet market criteria. To 517 

further expand on the utility of genomics with respect to breeding, we investigated the 518 

efficacy of WGP to assess how practical this method would be for implementing genomic 519 

selection in breeding programs focused on seed oil traits. The outcomes from these two 520 

lines of inquiry provide information on how genomics can be leveraged to enhance the 521 
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speed and effectiveness of B. napus cultivar development for biofuel production. 522 

The acyl-lipid biosynthetic pathway in Brassicaceae has been intensively studied 523 

because of its commercial importance and its close relationship with the model plant 524 

Arabidopsis thaliana. There exists a detailed knowledge of the genetic, enzymatic, and 525 

cellular processes contributing to and controlling FA synthesis within this species. Given 526 

this depth of information, including the characterization of genes involved throughout FA 527 

synthesis, our study sought to ask if these candidate genes were controlling and 528 

contributing to the phenotypic variation of B. napus FA profiles in a spring-type 529 

population. To address this question, we utilized a quantitative genetics approach (i.e., 530 

genetic mapping) leveraged with bioinformatics to derive a biology-driven GWAS capable 531 

of revealing the candidate genes impacting oil quality and yield in B. napus. This approach 532 

utilized a defined search space around significant marker-trait associations, based on the 533 

intrachromosomal LD decay estimates, to identify the most plausible candidate genes 534 

impacting the respective FA profiles. By taking this approach, we were able to target 535 

genes that would likely have a direct impact on FA synthesis given the step-wise fashion 536 

by which metabolic processes are linearly coupled in this pathway. 537 

 This approach was shaped by the patterns of long-range LD found in the 538 

allotetraploid B. napus genome, which is a result of both the crop’s recent evolutionary 539 

history and strong selection bottleneck (Chalhoub et al., 2014). Although long-range LD is 540 

generally considered a limitation in genetic mapping studies focused on identifying causal 541 

variants, we are able to leverage the extensive lipid molecular biology literature in order to 542 

propose strong candidate genes for many of the loci that we identified. In fact, LD is 543 

essential for GWAS when working with smaller populations and relatively low marker 544 
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coverage as we are here. Our analyses revealed contrasting rates of LD decay within the 545 

A- and C-subgenomes, with LD extending to a range of 0.145-0.375 Mb and 0.375-7.00 546 

Mb, respectively (Table S8). These results are in agreement with previous works including 547 

Qian et al. (2014), who found similar LD patterns in a collection of 203 Chinese semi-548 

winter lines. Qian et al (2014) showed that LD decayed approximately ten times faster in 549 

the A-subgenome (0.25-0.30 Mb) than the C-subgenome (2.00-2.50 Mb), which our 550 

results demonstrated as well. The genome-wide average LD estimated within our spring-551 

type population was found to be 1.46 Mb, which is a higher estimate than those reported in 552 

other B. napus studies including Körber et al. (2016), Bus et al. (2011), and Delourme et 553 

al. (2013), who obtained values of 0.68 Mb, ~0.50 Mb, and ~0.30- 0.35 Mb, respectively, 554 

in multiple, different populations. The difference between LD values is not surprising 555 

given that for Bus et al. (2011) and Delourme et al. (2013) the values were computed 556 

based on genetic map distances with ~1 cM equating to 500 kb according to 557 

Arumuganathan and Earle (1991). Overall, the LD patterns in our B. napus panel guided 558 

the connection of significant marker-trait associations to plausible candidate genes within 559 

the FA biosynthetic pathway. 560 

 Trait heritabilities, which quantify the extent to which phenotypic variation is 561 

controlled by genetic factors, were high for the FA profiles – all but one FA compound 562 

had estimates over 0.92. These values indicate that there was minimal influence of external 563 

factors (e.g., environmental) causing variation within the FA profiles and that observed 564 

phenotypic variation was mostly due to genetic differences. Furthermore, the significant 565 

phenotypic correlations (P < 0.05, Figure 3), between back-transformed BLUP values of 566 

the traits suggests an underlying relationship, either through linkage or pleiotropy, that 567 
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could be leveraged for trait improvement via indirect or multi-trait selection. These 568 

correlations also revealed the spatial separation of FA synthesis within the plant cell. Early 569 

steps in the biosynthetic pathway that are located within the plastid, such as synthesis of 570 

C16:X and C18:X compounds, had strong positive correlations between themselves, 571 

whereas their correlations with longer chain FAs, C20:X and C22:X, produced in the 572 

endoplasmic reticulum, had significant (P < 0.05), negative correlations (Figures 2 and 3). 573 

The observed inverse relationship between the two locations of FA synthesis suggests that 574 

alteration of oil composition via selection on key candidate genes could have a two-fold 575 

effect by increasing FAs in one cellular compartment, while reducing FAs produced in 576 

another (within the bounds of maintaining adequate pools of minimum substrate). 577 

 We detected 12 candidate genes, in the vicinity of significant SNPs based on 578 

chromosome-wide LD decay patterns, having known functions in the FA biosynthetic 579 

pathway. Of the putative enzymatic activities encoded by the 12 candidate genes, to our 580 

knowledge, only KAT has never been associated with natural variation for a FA seed trait 581 

in B. napus. The two detected homologs of KAT likely have an important role in the 582 

genetic control of phenotypic variation for C18:3. This FA is broken down through the 583 

beta-oxidation process, of which KAT is part of, to provide substrates for other cellular 584 

process and energy (Germain et al., 2001). Although this is the only example of a novel 585 

association in this study, it does demonstrate the utility of the approach as we were able to 586 

identify significant marker-trait associations that could be further resolved through 587 

functional annotation. 588 

 The other candidate genes detected in the present study included the well-known 589 

and documented FAE1, FATB, FAD3, and FAD6 genes (Barker et al., 2007; Gacek et al., 590 
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2017; Hu et al., 2006; Li-Beisson et al., 2013; Li et al., 2018; Smooker et al., 2011; 591 

Tanhuanpää and Schulman, 2002; Wang et al., 2015; Yang et al., 2012; Zhao et al., 2008). 592 

In total, the associations for FAE1 were significant for 11 of the 24 FA compounds and 593 

ratios, which demonstrates the centrality and importance of this gene to FA synthesis. 594 

Given its function, the addition of two carbon moieties to growing FA chains, it would be 595 

an obvious target for selection with respect to producing or limiting long-chain FAs. This 596 

would have ramifications on the biodiesel produced from these oils as longer chain lengths 597 

and degrees of saturation have a direct impact on cold temperature flow and oxidative 598 

instability, key requirements for the use of biodiesel (Knothe et al., 2015). Additional 599 

marker-trait associations that could be targeted for selection are those for both homologs 600 

of FAD6. The FAD6 gene controls the production of C16:2 and 18:2 from palmitoleic 601 

(C16:1) and oleic (C18:1) acids, respectively, which are two of the preferred FAs for the 602 

production of biodiesel (Pinzi et al., 2009). Finally, another candidate gene we identified, 603 

also on chromosome A08, that impacts the production of preferable FAs was that of 604 

FATB. The enzyme encoded by this gene is responsible for the synthesis of C16:0, C18:0, 605 

and C18:1 – all desirable FAs for biodiesel production. By targeting genes encoding FAE1 606 

(two copies), FAD6 (two copies), and FATB, the oil composition, and therefore biofuel 607 

quality produced from it, could be altered to meet the demands of the market and end 608 

users.   609 

Whole genome prediction was carried out to assess how amenable these oil quality 610 

traits might be to genetic improvement via genomic selection, a technique that could 611 

greatly increase rates of genetic gain (Goddard and Hayes, 2007; Heffner et al., 2009). We 612 

obtained moderate to high predictive abilities for almost all of the traits analyzed with an 613 



28 
 

average prediction ability of 0.71 across all traits. These results are largely in agreement 614 

with other works suggesting that total seed oil content and its constituents are amenable to 615 

WGP and that this technique would have value in a breeding program (Jan et al., 2016; 616 

Werner et al., 2018a; Werner et al., 2018b; Zou et al., 2016). One interesting observation 617 

was that C16:0 and ratio A had relatively lower predictive abilities, 0.56 and 0.54, 618 

respectively, despite having heritability values of ~0.95. Given that heritability has a 619 

strong influence on predictive abilities (heritability quantifies how much variation in a trait 620 

is due to genetics) it is perplexing why these lower than expected values were obtained 621 

because the majority of traits had such high predictive abilities. One explanation may be 622 

that there was insufficient marker coverage, resulting in not enough markers linked tightly 623 

with key causal genes controlling these two traits. Despite this one result, our findings 624 

suggest that WGP could be utilized in B. napus breeding programs, especially during early 625 

cycles of selections when the number of distinct genotypes greatly exceed capacity for 626 

field evaluation, to make progress in breeding for oil quality traits. 627 

These results demonstrate that a biologically informed, targeted approach for 628 

identifying the candidate genes and alleles impacting traits of interest can be achieved 629 

when dealing with specific seed metabolic processes. This finding is encouraging because 630 

breeding for improved oil content and composition for biofuel production using traditional 631 

methods is time intensive; therefore, other more efficient approaches are critically needed. 632 

Our results demonstrate that genomics-informed selection strategies could likely be used 633 

to accelerate genetic gain for the improvement of oil quantity and quality. In breeding for 634 

improved fatty acids in B. napus, targeting genes like FAE1, FAD6, and FATB, which 635 

were associated with FAs affecting biofuel properties, could improve rates of genetic gain 636 
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over traditional selection methods. Additionally, these genes could serve as viable targets 637 

for genome editing, via CRISPR-Cas9, to introduce favorable allelic forms that could 638 

enhance or modify the products of the acyl-lipid pathway. Genetic improvement using 639 

these techniques would further help to accelerate the development of superior biofuel-640 

specific cultivars. 641 

4.1 Conclusion 642 

In conclusion, our results demonstrate how biological information about plant 643 

processes, in this case FA synthesis, can be combined with quantitative genetics to target 644 

key biosynthetic pathways in plants. Furthermore, this information is critical for achieving 645 

the rapid and efficient development of cultivars that have modified oil composition to meet 646 

market demands for biofuel production as the traditional breeding cycle is too time and 647 

resource intensive. Through leveraging genomics technology, we are better able to address 648 

fundamental questions in the effort to produce environmentally responsible and 649 

sustainable energy for the future. 650 
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Table 1. Formulation of the 14 ratio traits that were analyzed  674 
Fatty acid ratio Expression 
A C16:0 / (C18:0 + C18:1 + C18:2 + C18:3 + C20:0 + C20:1 + C22:0 + 22:1) 
A1 C16:0 / C18:0 
B C18:0 / (C18:1 + C18:2 + C18:3) 
B1 C18:0 / C18:2 
AB C16:0 / C18:1 
D1 C18:2 / C18:3 
F C20:1 / C22:1 
I C20:0 / C22:0 
BH1 (C20:0 + C22:0) / (C18:1+C18:2+C18:3+C10:1+C22:1) 
BH4 (C22:0) / (C18:1+C18:2+C18:3+C10:1+C22:1) 
CE1 (C20:1 + C22:1) / (C18:2 + C18:3) 
CE2 C22:1 / C18:3 
CE3 (C20:1 + C22:1) / C18:3 
CE4 C22:1 / (C18:2 + C18:3) 

  675 
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Table 2. Means and ranges for back-transformed best linear unbiased predictors (BLUPs) 676 

of 24 fatty acid seed traits evaluated in the spring-type B. napus association panel and 677 

estimated heritability (ℎ�𝑙𝑙2) on a line-mean basis across seven environments. 678 

Trait Mean SD Minimum Maximum Range ℎ�𝑙𝑙2 SE ℎ�𝑙𝑙2 
Total Oil (%) 39.245 5.914 30.400 51.371 20.971 0.762 0.023 
C16:0 (%) 4.128 0.309 3.337 5.072 1.734 0.955 0.005 
C18:0 (%) 1.848 0.301 1.149 2.520 1.371 0.965 0.004 
C18:1 (%) 47.868 15.424 20.647 72.630 51.983 0.984 0.002 
C18:2 (%) 16.740 2.934 8.143 22.907 14.764 0.979 0.002 
C18:3 (%) 7.019 1.472 2.454 11.414 8.960 0.974 0.003 
C20:0 (%) 0.745 0.071 0.522 0.924 0.402 0.528 0.043 
C20:1 (%) 6.898 4.078 1.649 15.252 13.603 0.975 0.002 
C22:0 (%) 0.301 0.120 0.102 0.706 0.603 0.926 0.007 
C22:1 (%) 12.526 11.996 0.814 40.903 40.089 0.981 0.002 
A 0.044 0.003 0.035 0.054 0.018 0.950 0.005 
A1 2.279 0.330 1.534 3.485 1.951 0.956 0.004 
B 0.020 0.003 0.012 0.027 0.015 0.964 0.004 
B1 0.042 0.010 0.028 0.067 0.039 0.972 0.003 
AB 0.098 0.034 0.053 0.185 0.132 0.981 0.002 
D1 2.582 1.169 1.180 8.874 7.694 0.981 0.002 
F 0.984 0.483 0.255 2.209 1.953 0.954 0.005 
I 2.791 0.315 2.135 4.267 2.133 0.185 0.070 
BH1 0.013 0.002 0.008 0.019 0.011 0.850 0.014 
BH4 0.004 0.001 0.002 0.008 0.007 0.954 0.005 
CE1 0.861 0.735 0.094 3.424 3.330 0.980 0.002 
CE2 1.711 1.540 0.119 6.482 6.363 0.975 0.002 
CE3 2.617 1.981 0.320 8.466 8.146 0.967 0.003 
CE4 0.558 0.565 0.030 2.581 2.551 0.981 0.002 

SD, Standard deviation of the BLUPs. 679 
SE, Standard error of the heritabilities.  680 
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Table 3. Summary of significant SNP marker-trait associations at a 5% false discovery rate. The acyl-lipid pathway candidate genes 681 

nearest to the genomic position of significant SNPs within the range of average chromosome-wide LD decay are reported. If 682 

multiple linked SNPs were detected for a trait, positions of the first and last SNPs are provided. The table color scheme corresponds 683 

to biochemical reactions in the acyl-lipid metabolism pathway shown in Figure 2. 684 

Chr SNP position (bp) No. SNPs Gene Function C18:0 C18:1 C18:3 C22:0 C22:1 A1 B AB D1 F BH4 CE2 CE4 
C08 18,873,210 1 FATB Acyl-ACP hydrolysis X      X       
A04 15,145,737 – 15,877,629 2 KAT β-oxidation/degradation   X           
C04 43,721,362 – 43,930,113 5 KAT β-oxidation/degradation   X      X     
C04 45,861,874 1 MAGL β-oxidation/degradation         X     
A04 13,905,155 1 FAD3 Desaturation   X           
A08 11,155,344 1 FAD6 Desaturation        X   X   
C01 5,187,366 1 FAD6 Desaturation         X     
A10 13,039,624 1 SAD (FAB2) Desaturation        X   X   
C04 42,818,069 – 42,845,510 2 SAD (ADS1) Desaturation   X      X     
A08 10,337,576 – 10,467,477 4 FAE1 Elongation X   X X  X X   X  X 
C03 55,309,640 – 55,321,947 2 FAE1 Elongation  X   X   X  X  X X 
C02 33,598,155 1 KAS I Elongation X     X X X      

685 
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Figure 1. Simplified fatty acid biosynthesis pathway in B. napus seeds. 686 

Arrows indicate the direction of the reaction. The thickness of an arrow indicates an 687 

approximation of conversion efficiency. Shades of gray represent the relative abundance of a 688 

fatty acid (FA) compared to all FAs measured, with darker gray representing higher abundance. 689 

Average values for abundance are listed in Table 2. The three FAs with the lightest shade of gray 690 

(C20:2, C22:2, C24:1) were excluded because their relative abundances were below the limit of 691 

detection in more than 40% of samples. 692 

 693 

Figure 2. Principal reactions involved in the biosynthesis and degradation of fatty acids 694 

considered in this study. Fatty acids (FA) are denoted in black, with the number of carbons 695 

represented by the number after the letter C, and the number of double-bonds (desaturation) 696 

represented by the number after the colon. FAs are typically associated with ACP (acyl-carrier-697 

protein), Co-enzyme A (CoA), or glycerolipids. Enzyme names are noted in italics. Boxes 698 

around enzyme names indicate the closest AtGenes to a significant SNP. Colors represent 699 

different pathways and match the colors in Table 3 and Supplementary Table S5. Stearoyl-ACP 700 

desaturase (SAD) represents three isoforms: FAB2 (fatty acid biosynthesis 2), SAD6 [Stearoyl-701 

acyl carrier protein Delta (9)-desaturase6], and ADS1 (acyl-lipid desaturase 1). Abbreviations: 702 

ACBP, acyl-CoA binding protein; ACT, acyl-CoA thioesterase; ACX, acyl-CoA oxidase; CDP-703 

DAGS, CDP-diacylglycerol synthase; CTS, Arabidopsis COMATOSE; DAG-CPT, CDP-704 

choline:diacylglycerol cholinephosphotransferase; DGAT; diacylglycerol acyltransferase; ECR, 705 

enoyl-CoA reductase; FAD, fatty acid desaturase; FATA (B), fatty acyl thioesterase A (B); 706 

GPAT, glycerol-3-phosphate acyltransferase; HCD, hydroxyacyl-CoA dehydrase; KAS, 707 

ketoacyl-ACP synthase; KAT, 3-ketothiolase; KCR, ketoacyl-CoA reductase; KCS, ketoacyl-708 

CoA synthase; LACS, long-chain acyl-CoA synthetase; LPAAT, lysophosphatidic acid 709 

acyltransferase; LPCAT, lysophosphatidylcholine acyltransferase; MAGL, monoacylglycerol 710 
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lipase; MFP, multifunctional protein; MGDGS, monogalactosyldiacylglycerol transferase; 711 

PDAT, phospholipid:diacylglycerol acyltransferase; PGPP, phosphatidylglycerol phosphate 712 

phosphatase; PGPS, phosphatidylglycerophosphate synthase; PLA2, phospholipase A2; PP, 713 

phosphatidic acid phosphatase; SLS, sulfolipid synthase; TAGL, triacylglycerol lipase. 714 

 715 

Figure 3. Correlation matrix for back-transformed BLUPs of the 24 seed oil traits in B. 716 

napus. Pearson’s correlation coefficients (r) are presented above the diagonal, with 717 

corresponding P-values shown below the diagonal. 718 

 719 

Figure 4. Whole-genome prediction of the 24 seed oil traits. Mean predictive abilities of total 720 

oil content (black), fatty acid compounds (dark gray), and fatty acid ratios (light gray) with their 721 

standard deviations (error bars) are reported.  722 
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Supplementary Table S1. List of accessions used in this study. 723 

Supplementary Table S2. Lambda values used in Box-Cox transformation of the 24 fatty acid 724 

seed traits. 725 

Supplementary Table S3. Transformed best linear unbiased predictors of the 24 fatty acid seed 726 

traits. Not all traits required a transformation; only those listed as transformed in 727 

Supplementary Table S2. 728 

Supplementary Table S4. Back-transformed best linear unbiased predictors of the 24 fatty acid 729 

seed traits. Not all traits were back-transformed; only those listed as transformed in 730 

Supplementary Table S2. 731 

Supplementary Table S5. List of 77 Arabidopsis thaliana candidate genes that were selected 732 

based on their relevance to acyl-lipid metabolism. 733 

Supplementary Table S6. Summary of significant results at a 5% false discovery rate from a 734 

genome-wide association study (GWAS) of the 24 fatty acid seed traits integrated with 735 

acyl-lipid pathway candidate gene information. The GWAS results are color coded to 736 

connect with Figure 5. 737 

Supplementary Table S7. Complete summary of significant results at a 5% false discovery rate 738 

from a genome-wide association study (GWAS) of the 24 fatty acid seed traits. 739 

Supplementary Table S8. The average distance of linkage disequilibrium (LD) decay (r2 = 0.1) 740 

on each chromosome from the A- and C-subgenomes. 741 

Supplementary Figure S1. Graphical representation of the biochemical reactions from the acyl-742 

lipid pathway that underpin the derived fatty acid (FA) ratio traits. The nomenclature for 743 

each ratio is listed in the top left corner of each cell. For each ratio trait, the FA compounds 744 

involved in the calculations are demarcated by blue boxes. Arrows in blue indicate the 745 

targeted metabolic focal point of each ratio trait.  746 
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