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ABSTRACT
Optimum flowering time is the key to maximize canola production in order to meet global demand of vegetable oil, biodiesel
and canola-meal. We reveal extensive variation in flowering
time across diverse genotypes of canola under f ield, glasshouse
and controlled environmental conditions. We conduct a
genome-wide association study and identify 69 single nucleotide polymorphism (SNP) markers associated with flowering
time, which are repeatedly detected across experiments.
Several associated SNPs occur in clusters across the canola
genome; seven of them were detected within 20 Kb regions of
a priori candidate genes; FLOWERING LOCUS T, FRUITFUL, FLOWERING LOCUS C, CONSTANS, FRIGIDA,
PHYTOCHROME B and an additional five SNPs were localized within 14 Kb of a previously identified quantitative trait
loci for flowering time. Expression analyses showed that
among FLC paralogs, BnFLC.A2 accounts for ~23% of natural variation in diverse accessions. Genome-wide association
analysis for FLC expression levels mapped not only BnFLC.
C2 but also other loci that contribute to variation in FLC expression. In addition to revealing the complex genetic architecture of flowering time variation, we demonstrate that the
identified SNPs can be modelled to predict flowering time in
diverse canola germplasm accurately and hence are suitable
for genomic selection of adaptative traits in canola improvement programmes.
Key-words: gene expression; genomic selection; linkage analysis.

INTRODUCTION
Canola (Brassica napus L., AnAnCnCn genomes, 2n = 4× =38)
relies heavily on appropriate ﬂowering time for its productivity
as ﬂowering time has implications for a variety of other traits
such as plasticity in water-use efﬁciency, carbohydrate availability, plant vigour, resistance to diseases and yield (Graf et al., 2010,
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Kenney et al., 2014, Ni et al., 2009, Wei et al., 2014). Climate
change and global warming pose a great challenge to canola
growers in sowing their crops and having them ﬂower at the
right time, so as to maximize seed yield and oil content. Most
of the semi-winter and winter canola crops require vernalization
– an extended period of cold exposure to initiate ﬂowering – but
the underlying genetic architecture is yet to be deciphered.
Understanding the genetic bases of ﬂowering time among
diverse canola varieties will allow canola breeders to produce
elite varieties with optimal ﬂowering time for different target
environments and achieve a high yield.
Canola is a neopolyploid that diverged from the Arabidopsis
lineage approximately 14.5 to 20.4 Mya but retains high levels
of sequence collinearity (Chalhoub et al., 2014, Cheung et al.,
2009, Lagercrantz et al., 1996, Liu et al., 2014, Osborn et al.,
1997, Parkin et al., 2014, Rana et al., 2004, Town et al., 2006).
However, the genomes of diploid ancestors of canola have undergone genome triplication and reshufﬂing, and gene losses
during polyploidization (Chalhoub et al., 2014, Lagercrantz
et al., 1996, Liu et al., 2014, Lysak et al., 2009, Nicolas et al.,
2012, Parkin et al., 2005, Wang et al., 2011b). Genomic complexity attributed to such extensive genomic rearrangements
makes it difﬁcult to understand the role of individual genes
controlling natural variation in neopolyploid canola that originated less than 7500 years ago (Chalhoub et al., 2014). Nevertheless, collinearity and congruence of several loci between
Brassica and Arabidopsis genomes have made it possible to
isolate paralogs of ﬂowering time genes and investigate their
role in phenotypic plasticity in Brassica species (Lysak et al.,
2005, Rana et al., 2004, Schranz et al., 2006). Cloning and subsequent analysis of allelic variation at FLOWERING LOCUS C (FLC1, FLC2 and FLC3), FLOWERING LOCUS T
(FT) and FRIGIDA (FRI) suggested that these genes could
contribute substantially to natural variation for ﬂowering time
in B. napus and related species (Hou et al., 2012, Lin et al.,
2005, Tadege et al., 2001, Wang et al., 2009, Wang et al.,
2011a, Wu et al., 2012, Yuan et al., 2009, Zhao et al., 2010).
Traditional quantitative trait locus (QTL) analysis for
ﬂowering time in canola suggests that it is a complex trait

1228
©2015 The Authors. Plant, Cell & Environment published by JohnWiley & Sons Ltd.
This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited.

Genetic analysis for natural variation of ﬂowering time 1229
controlled by several loci with small to large allelic effects
(Long et al., 2007, Raman et al., 2013). However, genetic analyses also revealed that different loci control ﬂowering time
under glasshouse and ﬁeld conditions (Raman et al., 2013)
undermining the value of phenotyping under controlled conditions. While linkage mapping studies utilizing bi-parental mapping populations enable identiﬁcation and estimation of the
effects of ﬂowering time loci (Long et al., 2007, Raman et al.,
2013), this information tends to be restricted to the same parental or genetically similar backgrounds and does not necessarily
translate to diverse germplasm. For example, the previously
described QTL, qFT10-4 (BnFLC.A10) explained more than
50% of total phenotypic variation in ﬂowering time in the
Tapidor (winter type)/Ningyou7 (semi-winter type) population
grown under spring conditions but failed to account for any
variation in the vernalization-responsive Skipton (semi-winter)
/Ag-Spectrum (semi-winter) population (Raman et al., 2013).
This limits the deployment of molecular markers to enhance
selection efﬁciency of desirable alleles in canola improvement
programmes. Genome-wide association studies (GWAS)
based on linkage disequilibrium (LD) in genetically diverse
accessions is a complementary approach to traditional QTL
analysis (Flint-Garcia et al., 2003, Jannink, 2007) and has been
investigated in B. napus to identify alleles for resistance to pod
shatter and blackleg, seed germination and vigour, seed weight
and seed quality, and tocopherol content (Fritsche et al., 2012,
Hatzig et al., 2015, Jestin et al., 2011, Li et al., 2014, Raman
et al., 2014b).
Here, we document the extent of genetic variation in
ﬂowering time utilizing a panel of 188 diverse accessions of
Brassica collected from different geographic locations of the
world and identify complex genetic control for ﬂowering time.
We identify several genotypic variants for the candidate loci
(genes), some of them which occur in clusters representing
‘hot spots’ across the genome, which may control phenotypic
variation in ﬂowering time in canola. We also demonstrate
the profound effects of population structure and environment
on single nucleotide polymorphism (SNP) associations identiﬁed with GWAS. We show that the vernalization response
maps to FLC paralogs and that Bn.FLC.A2/BnFLC.C2
(FLC2) rather than the BnFLC.A10 (FLC1) or BnFLC.A3a
(FLC3) accounts for a signiﬁcant proportion (15%) of natural
variation in ﬂowering time as well as vernalization response
in diverse canola accessions. Using the SNPs identiﬁed to
be associated with ﬂowering time, we demonstrate that the
ﬂowering time of diverse germplasm could be accurately
predicted thus enabling selection of canola varieties for optimal ﬂowering.

MATERIALS AND METHODS
Plant material and growth conditions
A set of previously described 182 accessions of B. napus L., one
of Brassica rapa L., three of Brassica juncea (L.) Czern and two
of Brassica carinata Braun was used in this study (Raman et al.,
2014b) S1 Table). Plants were grown in (a) birdcage conditions

over two years (2010 and 2011) and in ﬁeld plots (2010) at the
Wagga Wagga Agricultural Institute (WWAI) research farm
located at Wagga Wagga, NSW (214 m above sea level), (b)
glasshouse conditions and (c) controlled environmental chambers. Details of different experiments are given in S2 Table.
Plants were grown in a randomized block design as designed
by the experimental design software DIGGer (Coombes, 2002)
to randomize genotypes to tray blocks and spatially rearrange
genotypes within trays (S2 Table). For birdcage conditions,
seedlings were raised in plastic trays under glasshouse conditions for 30 days, and ﬁve seedlings per genotype were
transplanted (evenly spaced) into plastic pots and moved to a
‘birdcage’ under the natural conditions maintaining their spatial arrangement. Plants grown in glasshouse and controlled environmental chambers were grown in plastic trays. For
vernalization treatment, seeds were planted in a controlled environment cabinet (CE) maintained at 18 ± 1 °C for 2 weeks.
Seedlings were then moved to the cool room at 4 ± 1 °C and
subsequently grown under ﬂuorescent bulbs (4000 K, Osram,
Munich, Germany) with light intensity of approximately
150 μM m2 s 1, with a 16 h photoperiod for 9 weeks. Two sowings for the non-vernalization treatments (control) were performed in two CE as described previously (Raman et al.,
2013). The plants that synchronized to the same developmental
stage as vernalized plants after 9 weeks of vernalization treatment were selected. Both vernalized and non-vernalized plants
were grown in the CEs. For assessing vernalization response in
glasshouse conditions, 2 weeks old plants were transferred to
pots under glasshouse conditions. Plants were watered daily,
fertilized weekly using in-line liquid fertilizers and sprayed with
fungicides as necessary.

Flowering time measurement and analysis
Days to ﬂower were recorded when 50% of plants showed their
ﬁrst ﬂower from the day of sowing. Flowering time was
recorded for up to 180 days. Plants without any ﬂower bud at
the end of the experiments were assigned as value to 180 days.
The response to vernalization was calculated as the difference
between 50% ﬂowering in vernalized and non-vernalized
plants as described previously (Raman et al., 2013). Flowering
data collected from different experiments were analysed using
linear mixed models with the ASReml (VSN International Ltd,
Rothamsted, UK) package in R. The predicted means for ﬁrst
ﬂowering, and response to vernalization for each genotype,
were used to detect genome-wide trait-marker associations.
Broad sense heritability was calculated for each trait by
dividing genotypic variance by the total phenotypic variance
as described previously (Raman et al., 2013).

Genome-wide genotyping
Genotyping-by-sequencing-based approach, the DArTseq (DArT
P/L, Canberra, Australia) (Raman et al., 2014b) was used to
analyse genomic DNA for SNP. The 69 bp-long Illumina reads
(Illumina Inc., San Diego, CA, USA) of DArTseq markers were
aligned with the sequenced genome assemblies of B. napus, B.
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rapa and B. oleracea (Chalhoub et al., 2014, Liu et al., 2014,
Wang et al., 2011b) using Bowtie version 0.12. SNPs that could
not be aligned with known chromosomal regions were
designated as ‘unknown’. Markers that have the overall call
rate over 80% were used for trait-marker association analysis.
To prevent the potential loss of genome-wide association
(GWA), missing data were imputed (Rutkoski et al., 2013). In
addition, gene-speciﬁc markers targeting homologues of
ﬂowering time genes in Arabidopsis and Brassica such as
BnFLC.A10 (FLC1), BnFLC.A3b (FLC5), FRIGIDA (BnaA.
FRI.a) and BnFT.A2a (FT) were genotyped using primer pairs
(Hou et al., 2012, Long et al., 2007, Wang et al., 2011a) as described
previously (Raman et al., 2013). Primers speciﬁc for CONSTANS
(AF016011: forward-5′-CCGATAACTGGAAACTCTTG-3′
and reverse 5′-GTTTCTTCAAGTTGGAGTGG-3′) and
FLC2 (AY036889: forward 5′-AACATGCTGATGATCTTA
AGGCTC-3′ and reverse 5′-CCCTGGTTCTCTTCTTTCA
GCATT-3′) were identiﬁed using the PRIMER 3 software (http://
simgene.com/Primer3). Amplicons were analysed on a
CEQ8000 genetic analysis system as described previously
(Raman et al., 2005). A total of 180 genes associated with
ﬂowering time in A. thaliana and B. napus were retrieved from
the TAIR (www.arabidopsis.org/) and National Center for
Biotechnology Information (NCBI) databases (www.ncbi.nlm.
nih.gov/Genomes/) and then aligned with the B. napus
Darmor-bzh genome sequence assembly (version 4.1) using
BLASTN and/or BLAT using B. napus genome browser (http://
www.genoscope.cns.fr/brassicanapus/) in order to obtain their
physical map positions.

Population structure and genome-wide
association analyses
Flowering time SNP-marker association analysis was performed using the EMMAx/P3D method (Kang, 2008, Zhang
et al., 2010) implemented in GAPIT – the genome association
and prediction integrated tool (Lipka et al., 2012) in R package
(http://cran.r-project-org). The SNP markers with allele frequency <0.05 and call rate <80% were discarded before
GWA analysis. The remaining 18 804 informative SNP markers
(in numeric format) were used for cluster, and GWA analyses
in a diversity panel of 179 accessions of B. napus (S1 Table).
Cluster analysis was performed with Gower’s coefﬁcient by
using R package ‘cluster’. In order to reduce spurious associations between markers and variation in ﬂowering time, population structure was inferred using a principal components (PCs)
analysis (Price, 2006). The relative kinship coefﬁcients of individual genotypes based on identity by state in a subpopulation
were estimated according to VanRaden method (VanRaden,
2008), using all SNP markers. Signiﬁcance of GWA between
markers and ﬂowering time was tested at –log10(P) < 0.001. Allelic effects were estimated on the Compressed Mixed Linear
Model, accounting for population structure (PCs) and genetic
relatedness (kinship coefﬁcients). The P (–log10P) values for
each SNP were exported to generate a Manhattan plot in R
(Team, 2014) The proximity of candidate genes to identiﬁed association was inferred based on functional annotation of the A.
thaliana genome and the physical positions of SNPs/candidate

genes (Raman et al., 2013) on reference-sequenced genome
of B. napus. Genome-wide LD was determined using marker
pairs in this diversity set, and a genomic region of 0.2 Mbp
was deﬁned as a single QTL based on previous study (Cai
et al., 2014), which approximately equals to 0.4 cM region of a
genetic map of B. napus. The number of markers mapped on
an interval of 1 Mb was compared with the number of associations detected within that region to assess the hotspots for
genome-wide associations through a chi-square test assuming
a uniform genome-wide distribution of SNPs (Chen et al.,
2014). The chromosome that showed signiﬁcantly higher number of statistically signiﬁcant (lead) association from by chance
was regarded as ‘hot spots’. The associations detected through
GWAS were compared against the QTL marker intervals associated with ﬂowering time and vernalization response under
glasshouse and ﬁeld conditions in a doubled haploid mapping
population (186 lines) derived from a cross between Skipton
and Ag-Spectrum (Raman et al., 2013).

Expression studies
Gene expression proﬁles of four divergent genotypes
representing Cluster I and II, two Australian genotypes that
were less responsive to vernalization (CB-Telfer and CBPilbara) and two Japanese genotypes that were highly responsive to vernalization (Norin-22 and Iwao Natami) were
compared using Agilent microarray analysis. We employed
dye-swap experimental design with three biological replicates and three technical replications. Twenty-one seedlings
per genotype per condition (vernalized and non-vernalized)
were used for RNA isolation using plant RNeasy mini kit
(Qiagen, Venlo, the Netherlands) and reverse transcribed
using SuperScript (Invitrogen, Carlsbad, CA, USA). Gene
expression analysis was performed using Agilent microarray
4 × 44 K (Agilent) at the Australian Genomics Research Facility (Melbourne, Australia). Differentially expressed genes
were selected by ﬁltering genes with fold change value
above 2 or less than 2, and an uncorrected one-way analysis of variance (ANOVA) using cultivar as a factor with a
P value less or equal 0.05. The hierarchical clustering of
the differential patterns was performed by Cluster 3.0 programme
(bonsai.hgc.jp/~mdehoon/software/cluster/).
For RT-PCR, ﬂash-frozen leaf tissues from individual
plants were used for extracting RNA using TRIZol
(Invitrogen), and cDNA was synthesized using ﬁrst-strand
synthesis kit (Roche, Basel, Switzerland). At least, two biological replicates along with two technical replicates were
analysed for expression levels. The primers used for the analysis are described in Supporting Information (S3 Table). Samples were controlled for their quality using two different
approaches. Only samples with minimal variation between
technical replicates and those with Cp values below 35 were
considered further in the analysis, and the RNA levels were
estimated using the 2 ΔCt using UBC9 for internal normalization. Log-normalized as well as raw expression levels were
further considered for correlation analysis as well as eQTL
analysis through GWA.
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Prediction of ﬂowering time using allelic variation
In order to test the usefulness of signiﬁcant SNPs to predict
ﬂowering time under ﬁeld conditions [DTF-10(P), DTF-10(F)
and DTF-11(P)], we selected all SNPs that were signiﬁcant
P ≤ 3.0. We then performed regression analysis with the ﬁrst
PC using the R package ‘RRBLUP’, where a fast maximumlikelihood algorithm for mixed models allows for efﬁcient prediction. The algorithm was repeated 50 times for phenotype to
get more accurate estimation of correlation between phenotype and genomic estimated breeding values. PCs were
analysed as described previously using predicted means for
days to ﬂower, and the ﬁrst PC accounting for over 80% variation was used as ‘phenotype’. Relationship between predicted
genomic breeding values and phenotype was plotted in R.

RESULTS

experiments. Across all conditions, we found extensive variation in ﬂowering time, which ranged from as early as 29 days
up to more than 180 days (Fig. 1A and S1 Table). Most of this
variation was genetically controlled as the broad sense heritability ranged from 64.1 to 94.3% (S4 Table).
Vernalized plants in controlled conditions (cabinet and glasshouse) and plants grown in ﬁeld conditions typically ﬂowered
earlier compared with non-vernalized plants. Analysis of variance revealed a signiﬁcant G × E interaction (S5 Table). We observed positive genetic correlations (r2 = 0.62 to 0.72) for
ﬂowering time between the different environmental conditions, suggesting that at least some of the underlying genetic
mechanisms are shared across environments (Table 1). In addition to revealing extensive natural variation in ﬂowering time,
these studies also resulted in the identiﬁcation of speciﬁc accessions of interest, with robust early or late ﬂowering behaviour
(S1 Table and Fig. 1B).

Canola varieties exhibit extensive genetically
controlled variation in ﬂowering time across
diverse environments

The majority of natural variation for ﬂowering time
in canola is due to the vernalization response

We determined the ﬂowering time of diverse accessions in
three different environmental conditions across six separate

By comparing the ﬂowering time of accessions with and without vernalization under glasshouse and CE conditions, a

Figure 1. Natural variation for ﬂowering time. (a) Box-plots showing genetic variation for ﬂowering time in a diverse panel of 188 genotypes of

Brassica across six experiments under ﬁeld, glasshouse (GH) and controlled environment cabinets (cabinets). Days to ﬂowering were scored in 2010
[DTF-10(P)] and 2011 [DTF-11(P)] in pot experiments under ﬁeld conditions. Days to ﬂowering were scored in 2010 in ﬁeld plots [DTF-10(F)]. Days
to ﬂowering were scored in non-vernalized ( V) and vernalized (+V) plants under GH or cabinets. (b) Canola genotypes that showed consistent early
and late ﬂowering in three experiments under ﬁeld conditions. (c) Genetic variation for ﬂowering time in non-vernalization (without) and
vernalization (with) conditions evaluated under controlled environment cabinet. Best ﬁt for response to vernalization is shown. Red dots indicate
genotypes that did not ﬂower after 180 days from sowing, and green dots indicate genotypes that are non-responsive to vernalization. Details are given
in S1 Table.
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Table 1. Pearson’s correlation coefﬁcients (r2) for days to ﬂowering evaluated under three different environmental conditions across six separate

experiments, two in pot experiments [DTF-10(P) and DTF-11(P)], one in a ﬁeld [DTF-10(F)], one in a glasshouse [DTF-NV(GH), and DTF-V(GH)]
and two in the same environment controlled cabinet [DTF-NV(CE) and DTF-V(CE)] in a diversity panel

DTF-10(P)
DTF-10(F)
DTF-11(P)
DTF-NV(GH)
DTF-V(GH)
DTF-NV(CE)
DTF-V(CE)
*

Asterisks and

**

DTF-10(P)

DTF-10(F)

DTF-11(P)

DTF-NV(GH)

DTF-V(GH)

DTF-NV(CE)

DTF-V(CE)

1
0.72
0.62
0.79
0.58
0.34
0.5

1
0.67
0.61
0.62
0.16
0.43

1
0.56
0.64
*
0.2
0.45

1
0.58
0.54
0.50

1
**
0.19
0.47

1
0.36

1

represent signiﬁcance at P < 0.05 and P < 0.01, respectively.

substantial natural variation in vernalization response was revealed (Fig. 1C and S1 Table). Under controlled environmental conditions, the heritability of ﬂowering time increased
substantially upon vernalization (from 64.1 to 84.4%) suggesting that the accessions do vary in their vernalization response.
Furthermore, vernalization substantially promoted ﬂowering
in growth cabinets under CE (S1 Table and Fig. 1C). For example, several genotypes that did not ﬂower even after 180 days
from planting (e.g. Expander and Norin-20) ﬂowered within
48 days after vernalization (Fig. 1C). Based on vernalization
response, accessions could be grouped as winter type (31 accessions), spring type (eight accessions) and semi-winter type (149
accessions) (S1b Table). To assess whether there is G × E interaction in vernalization response, we compared the effects of
vernalization on ﬂowering time of the accessions grown under
CE (in glasshouse and CE cabinets), which revealed a highly
signiﬁcant (P0.05 = 2.57e 79) genotype × vernalization treatment interaction (S5 Table).

Genome-wide genotyping reveals that the canola
varieties fall into relatively few sub-clades
To assess the genetic relatedness between the accessions, we
genotyped all B. napus accessions by the Illumina HiSeq2000
system using the genomic complexity reduction DArTseq
approach (Raman et al., 2014b). After removing the markers
that had minor allele frequency from the 27 851 genome-wide
SNP markers (Atwell et al., 2010), 18 804 SNP markers could
be anchored, of which 7543 could be mapped to the A genome
and 7319 to the C genome (Fig. 2A and S6–7 Table). The
anchored 14 862 SNP markers spanned over 641.9 Mb and
provided an average genome-wide SNP density of one marker
per 43.7 Kbp (S7 Table). Cluster analysis revealed that at 40%
similarity, only two clades (A and B) were evident (S1 Fig.).
The PCs (PC1 = 38.1%, PC2 = 11.9% and PC3 = 5.67%) analysis largely resembled the cluster analysis with similar grouping
of accessions (Fig. 2B and S2 Fig.). To estimate the extent of
genome-wide LD, we calculated the squared allele frequency
correlations (average r2) for all pairs of the anchored SNPs
using an LD window of 500 as 0.029 (Fig. 2C and S8 Table).
This low LD estimate is very similar to previous estimates of
0.025 to 0.027 in B. napus germplasm (Harper et al., 2012).
The VanRaden kinship coefﬁcient among accessions ranged

from 0 to 1.14 suggesting a wide range of familial relatedness
between pairs of accessions (S9 Table).

Multiple loci control natural variation in ﬂowering
time and vernalization response
Having determined the population structure and familial relatedness, we carried out genome-wide association analysis
treating the populations both as one group (the whole set of
179 accessions) taking the cluster information into account or
in individual subpopulations (I and II) revealed by principal
component analysis and compared the GWA results obtained
through GAPIT (Lipka et al., 2012). In the whole panel of
accessions, we identiﬁed 227 signiﬁcant associations [at the
genome-wide signiﬁcance thresholds of a log10(P) ≥ 3 for
the whole panel of accessions) (S10 Table and S4 Fig.). The
number of signiﬁcant associations varied from 14 to 54 depending on the environment. Some of the associations were detected repeatedly across multiple environments (69 SNP
associations in at least two environments, S10 Table). In
contrast, analysis at the level of subpopulations revealed that
none of the associated SNPs were consistent between subpopulations (I and II) across different phenotypic environments
(vernalization and non-vernalization treatment) provided
under controlled environmental conditions (S10 Table and
Fig. 3A) suggesting that subpopulation structure has profound
repercussions on trait-marker associations in canola, as different gene network may be involved in regulating variation in
ﬂowering time in subpopulations. We note that our GWAS
results especially on subpopulation II were compromised as
population size (n = 44) was very small for association analysis,
despite having a reasonable coverage of 18 804 genome-wide
markers. However, the SNP associations detected in subpopulation I largely resembled what we observed in the full diversity
panel suggesting that most of our association occurs because of
accessions that are grouped under subpopulation I.
In order to identify potential candidates involved in the
vernalization response, we compared 43 signiﬁcant SNP associations for vernalization response (P values up to 5.2) detected
in subpopulation I with full diversity panel’s associations identiﬁed under glasshouse (vernalization response) and ﬁeld conditions. We identiﬁed SNPs that map in the vicinity of FT
(A2), FLD (A3), GRF4 (A5), TOE3 (A7), AGL18 (A8),
PRR5 (A9) and TFL1 (C2) genes underlying vernalization
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Figure 2. Genome-wide single nucleotide polymorphism (SNP) density, population structure and linkage disequilibrium (LD) in a diversity genomewide association mapping panel of 179 Brassica napus accessions. (a) Regions that are rich and poor SNP density are shown in dark and white
horizontal bars, respectively. The number of SNP markers anchoring on different chromosomes (A1-A10 and C1-C9) of the physical map of the B.
napus genome is given on the x-axis. (b) Principal components (PC1 and PC2) analysis showing population structure in a diversity panel of 179 canola
accessions. Four clusters designated as I (blue circle), II (green circle), III (red circle) and IV (violet circle) represent predominantly Australian,
2
Chinese/European, Brassica rapa/B. napus-derived cultivars and admixtures, respectively. Details are given in S1 Fig. (c) The average LD decays (r )
approach 0.029 when distance between SNPs was approximately 200 Kbp. The curve (shown in white) was drawn across SNPs markers using the nonlinear regression model.

response in winter canola accessions, of which bZIP transcription factor FD (FLD), FT and GRF4 were detected in a glasshouse experiment and PRR5, AGL18, TOE3, TFL1 and FLD
were detected under ﬁeld experiments (Fig. 3B and S10 Table).
One SNP marker [4117904|G > T (A3)] was detected to be
associated with ﬂowering time across four experiments
[(DFF-10(P), DTF-11(P), DTF-NV(GH) and DTF-RV(GH)],
(S10 Table). This SNP was mapped in the vicinity (~0.5 Mb)
of the BnFLC.A3b (BnFLC5 gene), underlying a QTL for vernalization response in a canola mapping population (Raman
et al., 2013). In our association analyses, we found examples
where multiple SNPs were detected within a small genomic region such as on chromosomes A2, A3 and A9 (S10 Table).
Thirty-six associations between SNP markers and vernalization
response were identiﬁed under CE cabinet conditions
(S10 Table and Fig. 4C), 86% of which (31/36) were also detected to be associated with ﬂowering time under nonvernalization conditions, suggesting that these associations
truly reﬂect genetic determinants of ﬂowering time and vernalization response.
Genome-wide analysis showed that SNP markers with significant associations were not randomly distributed across the 19
chromosomes of the B. napus genome (χ 2 = 50.96, P = 5.5e-5;
S11 Table). We identiﬁed several genomic regions, where we
detected signiﬁcantly higher number of SNP associations
than would be expected by chance, representing potential

‘hot-spots’. These were detected on several chromosomes
(A2, A3, A4, A6, A8, A9, C5 and C6), with the extreme example of A3, where 27 SNPs were localized and detected under
different environments (Fig. 5). QTLs and the potential candidate genes for ﬂowering time and vernalization response such
as FT (BnFT.A2a, BnFT.A2b, BnFT.C6a and BnFT.C6b),
FLC3 (BnFLC.A3a, BnFLC.A3b and BnFLC.C3) (S5 Fig.)
and FRIGIDA homologues (BnFri.A3a) were localized previously on A2/C2, A3/C3 and A10/C9, in genetic mapping populations (Raman et al., 2014a, Raman et al., 2013, Zou et al.,
2012). This suggests that these SNP associations may represent
a priori candidate genes controlling natural variation in
ﬂowering time in canola.

Genome-wide association mapping identiﬁes ‘a
priori’ candidate genes for ﬂowering time in canola
A total of 181 SNPs within 503 bp to 2.8 Mbp from the physical
positions of the candidate genes for ﬂowering time in A.
thaliana (www.tair.com, (Atwell et al., 2010)) were detected
across multiple experiments with signiﬁcant association for
ﬂowering time, of which 24 SNPs were localized within
200 Kbp (S10 Table). In addition to the major ﬂowering time
genes such as FT, FLC and FRI, several other genes are present across multiple genomic locations representing different
homoeologues in the amphidiploid AnAnCnCn genome, in
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Figure 3. Manhattan plots of the genome-wide association mapping (GWAS) using the compressed mixed linear model showing effect of population
structure. Genome-wide P values from the mixed model for ﬂowering time are shown in the two panels: (a) subpopulations I and II. x-axis indicates the
physical positions of single nucleotide polymorphism (SNP) along the 19 chromosomes; each chromosome is separated by different colours; y-axis is
the log10(P) calculated with genome association and prediction integrated tool software. Signiﬁcant associations log10(P) values of ≤3 are shown
with a horizontal line. (b). Candidate genes located in the vicinity of signiﬁcant SNPs associated with ﬂowering time under vernalization and nonvernalization treatments in subpopulation I. Only consistent homologues that appeared in both GWAS analyses of subpopulation II and full diversity
set are shown here for clarity. Details are given in S6 Table. SNPs above the horizontal dotted line are highly signiﬁcant SNPs [ log10(P) value of 3].

the vicinity of SNPs that displayed association with both
ﬂowering time and vernalization response (S10 Table). Three
SNP associations were detected within 5 Kbp regions of a priori
candidate genes for ﬂowering; FPA, PHYTOCHROME B
(PHYB), EDF1, LKP2 and an additional ﬁve were localized
within 20.5 Kb regions of FUL, AGL24, TCP21 and GRF5.
Different paralogs of ﬂowering time genes were identiﬁed depending upon the phenotypic environment (S10 Table). For example, SNP associations speciﬁc to CE were detected in close
proximity of ABF4, CKA4, ELF4-LIKE 2, LFY, NF-YB8,
SAM, SPA3 and VIN3 genes. Thus, our results suggest that
while the major players of ﬂowering time appear to be conserved between Arabidopsis and canola, the speciﬁc roles of

the paralogs might be different depending on the environmental conditions.
In order to validate whether the genomic region associated
with ﬂowering time and response to vernalization delineated
in this GWA study is indeed associated with genetic variation
in ﬂowering time, we aligned adjacent sequence-based DArT
markers (Raman et al., 2012) ﬂanking QTLs associated with
ﬂowering time and vernalization response (Raman et al.,
2013) in a doubled haploid mapping population derived from
a cross between Skipton and Ag-Spectrum, with the B. napus
genome (S10 Table). At least 12 marker loci appeared to be
consistent in contributing variation for ﬂowering responses of
canola (S10 Table). Several a priori candidate genes such as
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Figure 4. Manhattan plots for the detected associations. Plots show genome-wide P values for associations between single nucleotide polymorphism
markers and ﬂowering time under controlled environment conditions: (a) non-vernalization (without vernalization), (b) vernalization and (c) response
to vernalization in 1790 canola accessions. Different colours represent different chromosomes (A1-A10 and C1-C9). Signiﬁcant associations log10(P)
value of ≤3 are shown with a horizontal line.

BnFT.A2 (A2), FUL (A3), BnFLC.A3a (A3), AREB3 (A4),
TFL1 (C2) and SPA4 (C6) underlying variation in ﬂowering
time and vernalization response evaluated under ﬁeld, glasshouse and controlled conditions could be validated in both traditional QTL and GWA studies.

Vernalization regulates the expression of ﬂowering
genes in canola
In order to investigate the expression of candidate genes and
determine the role of such genes in ﬂowering time, we carried
out expression analysis of two accessions representing the
subpopulation I: CB-Telfer and CB-Pilbara, early ﬂowering
Australian canola cultivars, and two accessions from subpopulation II: Norin22 and Iwao-Natane, late ﬂowering Japanese
winter cultivars (S1 Table) with and without vernalization
treatments. All tested accessions responded to vernalization
differently; approximately 3.7% genes (representing 44 K
Agilent microarray) showed differential gene expression between treatments (S12 Table). PC analysis of global transcript
variation regulated by vernalization treatment showed a clear
distinct grouping of treatments and cultivars (S6 Fig.).
After correcting for false discovery rates of differentially
expressed genes, our manual searches showed several
genes including those involved in vernalization (e.g. FLC3).
Among nine homologues of the FLC gene in canola
(Hou et al., 2012), there was only one FLC homologue

BnFLC.A3a [B. napus MADS-box protein (FLC3) mRNA,
complete CDS; AY036890] present in the Agilent array that
showed 9.3 to 22.5-fold down-regulation due to vernalization,
suggesting that it is repressed during vernalization (S12 Table
and Fig. 6B). In addition to this evidence, previous studies have
shown that BnFLC.A3a, BnFLC.A10 and BrFLC.A2 are the
candidates underlying genetic variation in ﬂowering time in
doubled haploid mapping populations of B. napus and B. rapa
(Long et al., 2007, Zhao et al., 2010); therefore, we further
analysed candidate gene-based markers and tested for their association with ﬂowering time in B. napus accessions. Linear regression showed that markers for the FLC (BnFLC.A3a and
BnFLC.A2), FT (BnFT.A2) and CONSTANS (CO) were signiﬁcantly [ log10(P) ≥ 3.0] associated with ﬂowering time; many
of them were detected repeatedly in different environments
(S13 Table).

Different FLC paralogs contribute differentially to
natural variation in ﬂowering time
Among the ﬁve FLC genes for which we could design primers,
we could detect clear bands for FLC1 (two homologues in B.
napus, BnFLC.A10 and BnFLC.C9), FLC2 (BnFLC.A2 and
BnFLC.C2) and FLC3 (BnFLC.A3a and BnFLC.C3). We
were unable to detect amplicons for FLC4 and FLC5 and
therefore concentrated on the FLC1, FLC2 and FLC3 expression levels. We found the expression levels of all three genes to
be substantially down-regulated upon vernalization compared
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Figure 5. Linkage disequilibrium and ‘hot spots’ single nucleotide polymorphism (SNP) associations on chromosome A3 of the physical map of the
2
cultivar Darmor B. napus genome. (a) Haploblock showing markers in linkage disequilibrium (LD) (>r = 0.6). (b) Phenotyping environments are
depicted as DTF-10(P), DTF-10(F), DTF-11(P), DTF-NV(GH), DTF-V(GH), DTF-RV(GH), DTF-NV(CE), DTF-V(CE) and DTF-RV(CE) in
coloured lines. Vertical red lines indicate physical positions of SNPs, which showed signiﬁcant association with ﬂowering time across phenotyping
environments. Two distinct ‘hot spot regions’ were found in the vicinity of FUL, and FLC3 – SPL3 candidate genomic regions, which showed LD
(shown with lines). Haplotypes were drawn in R.

with non-vernalized samples, as observed for FLC3 in microarray experiment. This suggested that vernalization modulates
FLC expression levels in a similar manner to that in
Arabidopsis. We found FLC2 levels could explain up to 22%
of variation (P < 0.0001) in the ﬂowering time of nonvernalized samples, while this correlation completely disappeared on vernalized samples. Similarly, FLC2 expression
levels explained up to to 23% of variation in the vernalization
response (P < 0.0001), calculated either as the slope of the reaction norms or as the difference in the ﬂowering time with
and without vernalization. We did not ﬁnd the correlations to
be signiﬁcant either for FLC1 or FLC3, suggesting that this
response is speciﬁc to FLC2. Interestingly, when we analysed
the correlation with ﬂowering time or vernalization response
across other conditions, FLC2 effect was signiﬁcant for
variation in ﬂowering time without vernalization (r2 = 4%,
P < 0.0095) and the response to vernalization under glasshouse
conditions (r2 = 5%, P < 0.0034). However, FLC2 effect was
not signiﬁcant for ﬂowering after vernalization across multiple
conditions. In contrast, neither FLC1 nor FLC3 accounted for
variation in ﬂowering or vernalization response across any condition suggesting that at least for the conditions tested, FLC2 is

the major determinant of ﬂowering time variation in canola. In
addition, our results indicate that different FLC homologues,
although responding to vernalization, their effect may be seen
only in some conditions as indicated by the differences in the
proportion of variation, which can be attributed to FLC2 expression levels.
To unravel further cis and trans acting candidates associated
with differential FLC transcripts expression, we ﬁrst sought
SNPs that affect FLC1, FLC2 and FLC3 expression levels in diverse canola accessions and then layered this information on
the physical map positions of SNPs associated with genetic variation in ﬂowering time and vernalization response (S10 Table).
We identiﬁed a total of 76 SNPs, (13 for FLC1, 21 for FLC2 and
42 for FLC3) which included SNPs in FLC as well that were located 8.2 Kb to 4.4 Mbp from candidate genes for ﬂowering
time (S10 Table).

Signiﬁcant single nucleotide polymorphisms
identiﬁed with genome-wide association mapping
accurately predict ﬂowering time in canola
To validate the usefulness of genome-wide SNPs identiﬁed
using GWAS in canola improvement programmes, we selected
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Figure 6. FLC2 is a major determinant of ﬂowering time variation in canola varieties. (a and b) Expression analysis of FLC2 gene (BnFLC.A2/C2)
on leaves taken from non-vernalized plants grown either under a controlled environment cabinet and its correlation with ﬂowering time (a) or
vernalization response (b). The relative expression levels of FLC2 after normalization with the reference UBC9 gene are plotted against ﬂowering
time (a) or response to vernalization (b). (c) Genome-wide association mapping analysis for the variation in FLC2 expression levels. Signiﬁcant
associations log10(P) values of ≤3 are shown with a horizontal line. The position of FLC2 and few other candidate genes that are detected in the
vicinity of the detected single nucleotide polymorphisms is shown.

all signiﬁcantly [ log 10(P) ≥ 3.0] associated SNPs (130) and
tested their relationship between estimated genetic values of
the diversity panel. We analysed the proportion of genetic variance in ﬂowering time using PC analysis among three trials
[(DTF-10(P), DTF-11(P) and DTF-10(F)] conducted under
ﬁeld conditions. The ﬁrst three components (PC1 = 72.4%,
PC2 = 12.6% and PC3 = 9.5%) accounted for the majority
(94.5%) of genetic variation in ﬂowering time. We performed
regression analysis using the PC1 as a proxy for predicted
ﬂowering time across ﬁeld trials using all signiﬁcant SNPs. A
very high degree of correlation (r = 0.8) between prediction of
ﬂowering time (PC1) and SNPs was observed (Fig. 7), suggesting that the SNPs we have identiﬁed in this GWA study are
suitable for predictive genomic selection of ‘potentially functional’ alleles underlying natural variation in ﬂowering time
resulting from a complex interplay of a large number of genes
and environmental factors shown herein.

DISCUSSION
This study demonstrates that there is extensive genetically controlled natural variation in ﬂowering time of canola and most of
it is due to response to vernalization (in controlled conditions)
or a combination of photoperiod and vernalization response
(under glasshouse and ﬁeld conditions) (Fig. 1). Our ﬁndings
reveal that the genetic architecture of natural variation in
ﬂowering time involves multiple alleles of small effects and
shows the potential for exploiting common allelic variation
through GWAS to dissect the underlying genetic architecture
as opposed to QTL studies utilizing bi-parental populations

Figure 7. Correlation between observed and predicted values for
ﬂowering time using RRBLUP. First principal component revealing
72.4% genetic variation in ﬂowering time across three trials DTF10(P),
DTF-10(F) and DTF-11(P) was used as ‘phenotype’ and plotted against
predictions. The dots in red represent predictions from the test
(validation) set, and in black represent predictions from the training set.

(Long et al., 2007, Raman et al., 2013). This was expected as
we have captured a large range of diversity in ﬂowering time
responses as compared with the narrow diversity among biparental populations. SNP marker density was sufﬁcient to delineate several SNPs in candidate genes such as AGL19, FPA
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and PHYB, and LKP2, FLC.A3, FLC.A10, CONSTANS,
FRIGIDA and FT, where either associated SNPs were close
to candidates and/or gene-speciﬁc markers were available.
Genotyping-by-resequencing technologies would further allow
increasing genome-wide SNP density sufﬁcient to uncover
causative alleles associated with ﬂowering time, without
exploiting map-based cloning strategies.
Availability of the reference B. napus genome (Chalhoub
et al., 2014) enabled us to anchor genome-wide SNPs along different chromosomes and provided a ‘landscape’ of genetic variation in ﬂowering time. Having determined the physical map
locations of SNPs deﬁned by GWAS and Arabidopsis candidate genes on the B. napus genome, it was possible to identify
genomic regions of interest and to predict paralogs of
Arabidopsis ﬂowering genes as candidates regulating natural
variation in ﬂowering time in B. napus germplasm. Several
SNPs associated with ﬂowering time (S10 Table) were localized
in the vicinity of known ﬂowering time genes (Bernier &
Perilleux, 2005, Dennis & Peacock, 2007, Michaels, 2009).
Based on their vernalization response, all genotypes could be
grouped into winter type, spring or semi-winter types, and admixtures
arising from interspeciﬁc hybrids between B. rapa ssp. sylvestris and
gene ﬂow from other B. napus accessions (Cluster III–IV, see
Fig. 2B). Clustering of such genotypes based on ﬂowering habit
was also supported with our molecular marker-based phenetic analysis. The majority of winter types originating from Europe, China
and Japan and requiring an extended period of vernalization
to ﬂower seem to be derived from a single cluster (Cluster II).
This suggests that the winter types are likely to have originated
from a narrow (1–2) ancestral gene pool (Harper et al., 2012).
Several paralogs of ﬂowering time genes were identiﬁed in
B. napus. However, it was interesting to note that some of the
key genes that are involved in vernalization requirement such
as the FLC paralogs were not the closest from the SNPs detected with GWAS. This may be due to the following: (i) use
of methylated-sensitive restriction enzyme Pst1 for genomic
complexity reduction, as Pst1 is not able to cleave
methylated-cytosine residues in genes involved in epigenetic
regulation such as FLC, leaving methylated DNA intact; (ii) ascertainment bias where a signiﬁcant lead SNP for a candidate
gene is relatively far from the predicted locus for ﬂowering time
(in some experiments) or (iii) lead SNPs that may be
representing previously undiscovered loci that happen to map
near the known candidates (Zhao et al., 2011) or the involvement of complex gene network regulating ﬂowering time that
may involve other genes that map closer to the SNP deﬁned
by GWAS. In addition, we used all paralogs (with an E value
10 20 score) to determine physical distance between associated
SNP identiﬁed by GWAS and predict the closest Arabidopsis
ﬂowering time paralog as a candidate. However, the closest
paralog may not be the causal gene for ﬂowering time and/or
may be regulated by another gene(s).
In summary, we have demonstrated through a series of complementary and exploratory analyses based on association tests
using genome-wide SNP and ﬂowering gene-based markers,
expression QTL and quantitative RT-PCR that the natural variation in ﬂowering time and response to vernalization revealed
in this study is controlled by several loci dispersed across the

genome, and modulated by the environment. The GWA approach delineated genomic regions and provided insights into
the genetic architecture of ﬂowering time that control ﬂowering
time. However, several alleles that were identiﬁed and validated using a genomic prediction model in this study may not
be causative but could be used as selection tools in canola improvement programmes. We anticipate that genomic selection
will enhance the rate of trait introgression, genetic gain and delivery of improved varieties to growers. This knowledge has enhanced our understanding of the molecular mechanism
controlling ﬂowering time in the adapted germplasm available
to commercial canola breeding programmes. This allows selection of desirable new alleles affecting ﬂowering time at the
early stages of plant development or seed level in conjunction
with other traits of agronomic importance, such as grain yield,
oil content, tolerance to drought and heat and resistance to
blackleg resistance. The identiﬁcation and manipulation of loci
controlling early ﬂowering and maturity by accumulating additive alleles will allow expanding commercial cultivation of canola to the subtropical parts of the world and to escape from
frosts during spring and/or terminal drought stress, often prevalent in rain-fed canola growing areas.
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