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Highlights (1-2 sentences):

This study analyzes phenotypic plasticity to identify environmental indices, genes, and their modes of action,
and uses this information to predict ideal planting dates for different environmental conditions and determine
the optimal haplotypes for future climates.

Abstract:

Phenotypic plasticity is the ability of organisms to respond to environmental changes. Understanding and
leveraging crop phenotypic plasticity is crucial for mitigating the threats caused by climate change. Here,
we assessed phenotypic plasticity in multi-environment trials over 4 years, covering a wide geographical area,
using 505 inbred lines from a Brassica napus genetic diversity panel. The observed phenotypic variation for
seed oil content (SOC) was influenced by three environmental indices (precipitation, diurnal temperature
range, and ultraviolet B) during the flowering or pod-filling stage alongside five plasticity genes. Leveraging
this information with climate records, we developed a predictive model to estimate SOC for various planting
dates in seven major production regions, and validated the accuracy of our predictions in new environments.
With the quantified plasticity conferred by genetic variation in the five plasticity genes, we identified an
optimal haplotype for each production region for adaptability to future climate projections. This study offers
valuable insights and selection of materials to mitigate the adverse effects of climate change on agriculture.
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Introduction

Climate change is increasingly threatening global food security (Lesk et al., 2022). Many regions have
already witnessed significant yield losses caused by shifting temperatures and changing weather patterns.
These losses are projected to worsen in the future (Tigchelaar et al., 2018, Fu et al., 2023). To ensure
the stability of crop production systems, climate-aware strategies should be prioritized in breeding and
agronomy (Hickey et al., 2019, Zhao et al., 2022). As a first step, a solid understanding of how climate
change affects crop performance and of the genetic mechanisms underlying crop responses is thus essential
before developing efficient and effective strategies in breeding and agronomic practices. When combined
with innovative technologies, these strategies are expected to play a central role in addressing the challenge
of crop adaptability to future climates.

Phenotypic plasticity, or the ability to alter performance in response to environmental conditions, is a
fundamental characteristic of plants, including crops(Pigliucci et al., 2006), that enables them to thrive
in diverse environments (Bonamour et al., 2019, Xue and Leibler, 2018). To harness this mechanism to



enhance crop performance in changing environments, numerous studies have investigated the molecular
basis of phenotypic plasticity across various traits, species, and environments (Liu et al., 2020, Kusmec
et al., 2017). Genes that underlie phenotypic plasticity have been identified, and their effects have been
shown to be dynamic across different environments (Des Marais et al., 2013, Li et al., 2018). Moreover,
environmental factors that interact with genes to determine the overt phenotypes have been examined using
algorithms such as Critical Environmental Regressor through Informed Search (CERIS) (Li et al., 2021, Li
et al., 2022). Progress has also been made in determining the developmental patterns behind phenotypic
plasticity (Mu et al., 2022). While these findings have expanded our understanding of phenotypic plasticity,
it is crucial to use this knowledge to streamline strategies for helping crops adjust to current and future
climate change.

Brassica napus (B. napus ) is a valuable crop in which phenotypic plasticity can be explored in the context
of climate change. Compared to other seed crops, B. napus is less tolerant to water deficit and high
temperature, highlighting the significant roles of rainfall and temperature as climate change indicators for B.
napus (Vernon, 2006). Despite being predominantly grown in high rainfall areas with long growing seasons,
B. napus has shown adaptability to low rainfall zones through the release of short season cultivars (Si and
Walton, 2004). This geographical and seasonal adaptation highlights B. napus as an exceptional model crop
for studying phenotypic plasticity and applications to adaptation strategies. Seed oil content (SOC) is a
crucial trait in B. napus , influenced by both genetic and environmental factors (Tan et al., 2022, Tan et al.,
2011, Baud and Lepiniec, 2010, Gunasekera et al., 2006, Han et al., 2022). Previous studies have suggested
that SOC ofB. napus can be improved via traditional breeding and biotechnological approaches. However,
integrative approaches that maximize SOC under future climate variability are lacking.

Here, we investigated the environmental indices and genetic basis behind phenotypic plasticity and propose
an approach to facilitate crop breeding and agronomic practices in the face of climate change. In contrast to
previous studies of phenotypic plasticity, we harnessed phenotypic plasticity to select optimal planting dates
and identify adaptive genotypes to achieve the highest SOC for current and future environmental conditions.
To this end, we used a diversity panel of 505B. napus inbred lines and conducted multi-environment trials
in sites with contrasting weather patterns. Our study presents a systematic framework for determining
the factors contributing to phenotypic plasticity, which can help to prepare for the consequences of climate
change on agriculture.

Results
Genotype-by-environment interaction for SOC

We conducted multi-environment trials with a diversity panel of 505B. napus lines to examine the effect
of genotype-by-environment interaction (GXE) on SOC. We carried out these trials at three different sites
(Chengdu, CD; Wuhan, WH, and Hefei, HF), spanning a wide geographical range with diverse temperature
and precipitation patterns (Fig. la, b; Supplementary Tables S1, S2). To account for potential year-to-year
variations in temperature and precipitation, we conducted these trials for up to 4 years at each site. We
assessed the contributions of genotype and environment to the observed variation in SOC in the multi-
environment trials. SOC values among all B. napus lines show Pearson’s correlation coeflicients from 0.27 to
0.68 across eight environments, indicating the influence of the environment on SOC (Fig. Sla, b). Looking at
the influence of genotype, we obtained correlation coefficient values from -0.87 to 0.99 for all pairs of inbred
lines (Fig. Slc). An analysis of variance for SOC across all eight environments indicates that environment,
genotype, and GxE have similar contributions, explaining 23.75%, 25.26%, and 18.90% of the SOC variation,
respectively (Supplementary Tables S5, S6). Thus, genotype and environment both influence SOC in this
population.

We then analyzed the phenotypic variation in SOC using a joint regression analysis. For each genotype, we
captured SOC across eight environments by a linear regression model with two parameters: the intercept,
which represents the average response of a given genotype to the eight environments, and the slope, which
represents the plasticity of that genotype to different environments (Fig. 1c). The resulting models show



a strong correspondence with the SOC observations, as indicated by the goodness-of-fit (R 2 = 0.56, on
average). We observed substantial variation in both the intercept (ranging from 39.44% to 46.62% oil) and
the slope (ranging from -0.59 to 2.36) among different genotypes. To investigate whether these variations are
influenced by population structure, we divided ourB. napus lines into five subgroups based on genome-wide
single nucleotide polymorphisms (SNPs) and examined SOC variation within each subgroup. We observed
no effect from population structure on intercept or slope, with little correlation between these two parameters
in either the overall population (r = 0.01) or individual subgroups (r = 0.01-0.24, Fig. S2). This finding
suggests that genotypes with higher or lower average responses to all eight environments do not necessarily
exhibit higher or lower plasticity to different environments.

We further investigated crossover occurrence by analyzing the proportion of pairs of lines experiencing
changes in ranking, a prominent type of GxE(Xiong et al., 2021). Crossover occurrence is not evenly dis-
tributed across environmental means, with the highest occurrence observed near the center of the distribution
(Fig. 1d). To examine whether this distribution is associated with variable genetic architecture across en-
vironments, we assessed the SNP-based heritability, which quantifies the proportion of phenotypic variation
attributed to genetic variation. SNP-based heritability varies among environments, ranging from 0.13 to
0.56, and tends to be lower in environments closer to the center of the environmental mean (Supplementary
Table S7). These estimations reveal that the variable genetic architectures across environments explain the
GxE effects observed in this B. napus population.

Identification of environmental indices that influence SOC plasticity

To define the environmental factors influencing SOC, we examined the general trends of three key climate
conditions during the growth season: temperature, precipitation, and solar radiation. Among the three ex-
perimental sites, Hefei (HF) exhibits the lowest cumulative growing-degree day (GDD) values, while Chengdu
(CD) has the least amount of cumulative precipitation (Fig. 1b; Fig. S3). For solar radiation, Wuhan (WH)
has higher levels of ultraviolet B (UV-B) irradiation during the leaf stage than the other sites. However, this
trend diminishes and eventually reverses as the plants progress to inflorescence emergence and later stages
(Fig. S4). In addition, variations in environmental conditions between different years at the same site also
contributed to SOC plasticity (Fig. 1b, Fig. S3, S4). We identified days of cold stress (below -3.0degC)
as a significant variable, with a noticeable disparity between years, with 33 days in HF2018 and 17 days in
HF2017, suggesting that low temperature should be considered when assessing SOC differences (Fig. S3).
These climate conditions are likely to be pivotal factors influencing SOC plasticity, but further investigation
is needed to determine the key phases that affect SOC performance more explicitly.

To identify the explicit environmental indices that contribute to SOC plasticity, we used the CERIS package, a
tool designed for analyzing phenotypic plasticity (Fig. S5). Through the exploration of various combinations
of environmental parameters and growth windows, CERIS identified three factors: DTR183 192, PR166-195,
and UVBi44 156, showing strong correlation with environmental means, thus determining SOC plasticity in
eight different environments (Fig. 2). DTR1g3 192 represents the average diurnal temperature range within
the window of 183-192 days after planting. This window falls within the pod-filling stage, highlighting
plant sensitivity to temperature changes during this stage. PR1g6-195 and UVB144 186 represent the average
precipitation (PR) and average UV-B irradiation (UVB) in the windows of 166-195 and 144-186 days after
planting, respectively. These two windows coincide with the flowering and pod-filling stages. To quantify
the influence of these environmental indices on SOC, we conducted separate regressions of the environmental
mean for SOC with each factor, revealing a 0.78% decrease in SOC for every 1-unit increment in DTRg3 192,
a 1.55% increase in PRygg-195, and a 1.9% decrease in UVBi44 186 (Fig. S6). These findings establish a
quantitative link between environmental indices, growth stages, and SOC plasticity, thereby enhancing our
understanding of the environmental basis of SOC plasticity.

Identifying optimal planting dates and empirical validation

To maximize crop productivity by harnessing phenotypic plasticity, we propose a strategic approach for
selecting the most advantageous planting dates. Indeed, the timing of planting influences the weather



conditions experienced by the crop during crucial growth stages. To identify the optimal planting dates at
the three tested sites in this study (Fig. 3a), we predicted SOC for several new planting dates with the
regression model of SOC on the identified environmental indices (DTR;1s3 192, PRigs-195 and UVBi44-1s6),
conditioned on the assumption of a linear reaction norm pattern across the environments (see Methods). To
ensure a practical planting guide, we limited the dates to within 10 days before or after the actual planting
dates. We then compared the measured SOC at actual planting dates to the predicted SOC values for early
or late plantings. We determined that planting 10 days earlier would have resulted in higher SOC, while
planting 10 days later would have decreased SOC (Fig. 3b; Supplementary Table S8). Specifically, early
planting resulted in an increase of up to 13.80% (HF2018), whereas late planting caused a decrease of up to
8.92% in SOC (WH2018).

To assess the general applicability of our approach for selecting optimal planting dates, we predicted SOC
at four additional sites not included in the initial testing. We chose these sites from major oilseed producing
areas in China (Fig. 3a; Supplementary Table S9). Using historical weather data from 2011 to 2020, we
calculated the predicted SOC for each planting date between September 10th and October 28th at all seven
sites (Fig. 3c). Early planting also generally leads to higher SOC compared to late planting, even for the
four sites from which we lacked experimental data. The SOC varies among the seven planting sites at the
optimal and earliest planting dates, with the highest SOC observed at CS (48.9%) and the lowest at CD
(38.65%). In addition, the decrease in SOC is more pronounced at high altitude sites (e.g., ZZ) compared
to low altitude sites (e.g., CS) when planting is not conducted at or near the optimal date (Supplementary
Table S10).

We conducted empirical validation of the above SOC predictions with three planting dates in two new
environments. We chose 50 lines from the diversity panel and planted them in Wuhan (WH2023) and Ezhou
(EZ2023) on three different dates separated by 10 days each time. Generally, we observed that late planting
results in lower SOC in both environments. We also predicted the SOC performance of all 50 inbred lines
during the 2023 season using environmental data from the three identified indices (DTR1g3-192, PR166-195
and UVBi44 186). We obtained high prediction accuracies at both locations, with Pearson’s correlation
coefficients of 0.62 and 0.67 in WH2023 and EZ2023, respectively (Fig. 4).

Identifying genes that determine SOC plasticity

To uncover the genetic basis of SOC plasticity, we conducted genome-wide association studies (GWASs)
using two reaction norm parameters as phenotypic input, the intercept and the slope, obtained from joint
regression analysis based on the environmental mean for SOC across all environments (Fig. S7). When using
the intercept as the phenotype, we detected genomic regions containing the PROBABLE METHYLTRANS-
FERASE PMT6 (PMT6 ) and DIOXYGENASE FOR AUXIN OXIDATIONI(DAO1 ) genes, with PMT6
previously reported to influence SOC variation in B. napus (Tang et al., 2021). Using the slope as phenotype,
we identified two genomic regions containing genes homologous to Arabidopsis (Arabidopsis thaliana ) MYB
DOMAIN PROTEIN 106 (MYB106 ) and DIGALACTOSYL DIACYLGLYCEROL DEFICIENT! (DGD!1
). MYB106 encodes a MIXTA-like transcription factor involved in cuticle development and lipid transport,
while DGD1 encodes a galactosyltransferase-like protein involved in lipid trafficking (Dormann et al., 1999,
Oshima et al., 2013).

To uncover the genomic regions that respond to changes in the identified environmental indices (DTR1s3-192,
PRige-195 and UVBi44-156), we calculated the slope from a regression between SOC and each index, rep-
resenting the specific response of each plant to each index. We used the resulting slopes as phenotypes for
the GWAS (Figs. 5a, S8). We identified DGDI for DTR1g3.192 slopes and MYB106 for UVBi44.1586 slopes.
We also mapped three additional genomic regions associated with PRigg.195 slopes. We prioritized the can-
didate genes within these regions with the Arabidopsis homologs3-HYDROXYACYL-[ACYL-CARRIER-
PROTEIN] DEHYDRATASE(HAD ), MYO-INOSITOL-1-PHOSTPATE SYNTHASES (MIPS3 ), and
PHOSPHATIDYLSERINE DECARBOXYLASE1 (PSD1 ). HAD is a 3-hydroxyacyl-ACP dehydratase in-
volved in fatty acid biosynthesis. MIPS3 catalyzes the rate-limiting step in myo-inositol biosynthesis. PSD1
is a mitochondrion-localized protein involved in phosphatidylethanolamine biosynthesis (Fig. ba—c). The



involvement of these genes in lipid metabolism in Arabidopsis is consistent with their putative role in SOC
variation in B. napus .

To delineate potential polymorphisms in the above candidate genes, we aligned their genomic sequences from
eight publicly available whole-genome assemblies of B. napus lines (Fig S9; Supplementary Table S16). We
discovered structural variations in PMT6 and DGD1 , in the form of transposon insertions in their promoters,
defining two haplotypes among these eight B. napus inbred lines. PMT6 in ‘Gangan’, ‘QuintaA’ and ‘Shengli’
contains an insertion of a Mutator retrotransposon; Helitron retrotransposon was inserted in the DGDI
promoter in ‘Shengli’. PMT6 andDGDI1 may therefore affect SOC through changes in their expression
levels. We also investigated potential coding variants affecting protein function. The most significant amino
acid polymorphisms are C106G, H32N and S108C in DAO1, MYB106 and HAD, respectively. These variants
provide relevant evidence for follow-up studies of functional polymorphisms.

To understand gene—environment interactions, we examined genetic effect dynamics along the identified
environmental indices. We calculated the genetic effects within each environment for the most significant
markers within identified candidate genes and used regression analysis to obtain fitted lines representing the
genetic effects along the environmental gradient (Fig. 5d—f). This helps interpret the underlying mechanism
of plant perceptron interacting with diverse environmental and development cues. Differential sensitivity
(DS; magnitude change), conditional neutrality (CN, effect limiting to specific environment), antagonistic
pleiotropy (AP; sigh change), and no GXE (no change) (Des Marais et al., 2013) can be viewed as emergent
properties in systems. When DGD/1interacts with DTRig3.192, 57.14% of effect pairs show AP, with 35.71%
showing DS and 7.14% indicating no GxE (Fig. 5d). TheMYB106 and UVBi44 186 interaction is predom-
inantly AP (42.86%), followed by 25.00% CN, 21.43% DS, and 10.71% no GxE (Fig. 5f). In contrast, the
HAD and PRygg-195 interaction is primarily CN (39.29%), followed by 32.14% AP, 21.43% DS, and 7.14%
no GxE (Fig. 5e). We asked if the two alleles at each SOC plasticity gene showed differences in their
expression levels; to this end, we used RNA sequencing data from 289 lines of developing seeds at 20 days
after flowering in WH2016 (Tang et al., 2021). Indeed, the two possible alleles differed significantly in their
expression, supporting a role in SOC plasticity (Figs. 5g—i, S10).

Identifying optimal haplotypes for future climates

To ensure adaptation to future climates, exploiting genetic variation for phenotypic plasticity is crucial. To
identify genotypes suitable for various planting sites with different possible future climates, we examined the
plasticity of SOC as a function of the genotype at the candidate plasticity genes in the eight environments.
Here, we used PRigg-195 as a critical environmental index due to data unavailability and the absence of
noticeable change in the other two indices (Fig S11). We observed changes in the ranking of gene—environment
interactions for all candidate genes (MYB106 ,MIPS8 , HAD , DGD1 and PSD1 ) in response to PRigg 195
(Fig S12). To achieve high SOC, the allele with greater plasticity (as defined by higher slope) should be
preferred in environments with higher precipitation, while the allele with lower plasticity should be favored
in environments with lower precipitation.

We further examined SOC plasticity when considering the two possible alleles for all five candidate plasticity
genes. From the 32 possible haplotypes, we focused on the 10 most abundant among the 505 B. napus lines
and calculated the reaction norms for each haplotype in response to the environmental index PR1g6-195.
We observed varied plasticity levels among the 10 major haplotypes (Fig. 6a, b). Haplotype 1 (with the
allele combination AAGTA forMYB106 , MIPS8 , HAD , DGD1 and PSD1 ), consisting of 329 lines and
representing 65% of the entire population, displays the lowest plasticity, as illustrated by the lowest slope of
its regression with PRgs-195. It performs well in environments with lower precipitation but lags behind in
environments with higher precipitation. By contrast, Haplotype 10 (allele combination CGAAA), composed
of only five lines, presents the highest plasticity. It significantly outperforms the other haplotypes in terms
of SOC, particularly in response to extremely high precipitation. This comparison suggests that most of the
preserved germplasm has the potential to thrive in relatively dry environments, based on their SOC. However,
we have a limited number of germplasms with rare haplotypes that are well suited to wet environments.



To develop varieties for future climates, we initially examined the precipitation patterns in major oilseed
producing areas. We collected PR146-195 data from seven planting sites, including tested and untested sites,
from 1960 to 2080. Based on this data, we identified three distinct categories of precipitation conditions.
The first category comprises the sites CD and ZZ, with an average precipitation of 1.0 mm per day with
no significant change over time. The second category includes the sites WH, HF and NJ, with average
precipitation increasing from 2.0 to 3.9 mm per day throughout the years. The third category involves the
sites CS and NC, experiencing an increase in precipitation from 5.0 to 7.7 mm per day on average (Fig. 6c).
We then determined the optimal haplotype with the highest SOC for the past and future PRigg-195 level at
each site. In drier regions (CD and ZZ), haplotype 5 consistently demonstrated the highest SOC in both
past and future scenarios. For more humid areas (WH, HF and NJ), haplotype 2 was the best performer
in the past but is predicted to be replaced by haplotype 10 in future climates. In high-humidity regions
(CS and NC), haplotype 10 was beneficial in both the past and future scenarios (Fig. 6d). Increasing the
prevalence of haplotype 10 in future germplasms could be a viable approach to developing varieties that are
well adapted to future climates.

Discussion
Analyzing phenotypic plasticity for climate-adapted practices

Adapting agricultural systems to climate change involves implementing changes in agronomic practices or
cultivar selection to ensure successful crop cultivation in altered environmental conditions (Sloat et al.,
2020). To achieve these changes, it is important to understand the gene x environment interaction and how
it affects crop performance. Equally important is translating this mechanistic understanding into practical
solutions for agronomic practices or cultivar selection (Bailey-Serres et al., 2019). This study focuses on
analyzing phenotypic plasticity to identify environmental indices, genes and their modes of action. We then
used this information to predict ideal planting dates for various environmental conditions and determine the
optimal haplotypes for future climates. In the case of B. napus , a key trait is SOC. We identified three
environmental indices (DTR1g3 192, PR16s-195 and UVBj44 186) and five responsive genes (MYB106 ,HAD |
MIPS3 , DGD1 and PSD1 ) that influence SOC. Using this information, we predicted the SOC for various
planting dates and validated these predictions in two new environments. By considering the plasticity of
allele combinations from the five identified genes, we determined an optimal haplotype for each production
site, which demonstrates the ability to adapt to future climate projections. The identification of production-
limiting factors and the development of strategies for agricultural adaptation to climate change are essential
for mitigating concerns regarding food security (Mourtzinis et al., 2019).

Three environmental indices determine SOC

Unlike previous research, which focused on identifying a single environmental factor to represent environ-
mental mean in studies of phenotypic plasticity (Li et al., 2018, Guo et al., 2020), we uncovered three
environmental factors as fundamental to plant growth and development. The inclusion of multiple factors is
advantageous for capturing the complex and multifaceted nature of the genotype—environment—phenotype
relationship, while also enhancing the accuracy of predicting traits in new environments (Millet et al., 2019).
Although these factors are closely related, we did not consider the issue of multicollinearity in this study
due to our emphasis on prediction, but it should be taken into account when determining the significance
of these factors (Kim, 2019). We demonstrated that environmental factors have various influences on the
final phenotype at different developmental phases, particularly the growth windows of 183-192, 166-195 and
144-186 days after planting, which align with the flowering or pod-filling stages of B. napus . It would be
ideal to identify specific environmental indices for each genotype (Sabir et al., 2023), but a more practical
approach should use a harmonized index shared by all genotypes for prediction and application purposes.

Identification of slope genes that differ from intercept genes

The genetic basis of SOC variation in B. napus has been deciphered through genome- and transcriptome-wide
association studies, leading to the identification of numerous genomic regions and/or genes associated with
this trait (Tang et al., 2021). In our study, we identified the same set of significant genomic regions when



using intercept as the phenotype. Notably, when we used slope as the phenotype and conducted GWAS,
we discovered five genes homologous to the Arabidopsis genes MYB106 , MIPS3 , HAD ,DGD1 and PSD1
known to be involved in oil metabolism. Moreover, these genes interact with the identified environmental
indices and exhibits dynamic effects in response to changes in these indices. The findings highlight the
complex interplay between genes and the environment and offer new insights into the genetic basis of SOC
variation from the perspective of phenotypic plasticity.

Predicting optimal planting dates and haplotypes in multiple environments

Finding the optimal planting dates can significantly increase growth, development and crop production
(Baum et al., 2019). Nevertheless, this undertaking poses difficulties due to various modulating factors
(Sacks et al., 2010). While local agricultural facilities often provide recommendations based on historical
records, these suggestions are not always reliable. To tackle this issue, our study used the reaction norm to
quantify the phenotypic plasticity of each genotype and predicted trait performance based on weather condi-
tions specific to each planting date and location, from which we proposed the optimal planting date. In the
future, our approach can be further improved by incorporating crop models that incorporate a physiological
description of crop growth using advanced mathematical algorithms (Hammer et al., 2005). This integra-
tion will enhance our ability to explain and predict crop growth and development, while also simplifying
the extensive parameter calibration work required by crop models, especially for large-scale and long-term
simulations.

Based on an analysis of phenotypic plasticity into the interactions between genes and environmental indices,
we generated a prediction model for the relationship between trait performance and these interactions.
Using this model, we evaluated the genetic potential of different genotypes to adapt to future climates.
We used a precipitation-related environmental index to estimate projected future climate conditions. Other
environmental factors, like irradiation, soil moisture and nitrogen application, may emerge as critical in other
scenarios, and we may be able to model nonlinear relationships among them (Scheres and van der Putten,
2017, Hammer et al., 2010). While our study used projected future climates for trait performance prediction,
it is essential to acknowledge that the accuracy of these predictions may require improvement as more precise
estimates of climate change become available. With the aid of powerful tools in artificial intelligence and
biotechnologies, advanced models are currently being developed to enhance the precision of breeding and
agronomy practices in response to a changing climate. By building upon the establishment of mechanistic
links and advanced models, we can effectively address fundamental questions related to phenotypic plasticity
and develop potential breeding and agronomic strategies.

Materials and Methods
Population and phenotyping

A diversity panel of 505 B. napus accessions was grown in three different sites: Wuhan (WH; 114deg 21’E,
30deg 28’N) for 4 years (2015-2016, 20162017, 2017-2018 and 2018-2019), Hefei (HF; 117deg 13’E, 31deg
52'N) for 2 years (2016-2017 and 2017-2018) and Chengdu (CD; 104deg 12’E, 30deg 46’N) for 2 years (2016—
2017 and 2019-2020). Additionally, a subset of 50 accessions, consisting of 25 high-plasticity lines and 25
low-plasticity lines, was grown in Wuhan and Ezhou (EZ; 114deg 42°E, 30deg 21°N) on three different planting
dates in 2022. In Wuhan, the planting dates were September 27th, October 7th, and October 17th (WHI,
WH2 and WH3); in Ezhou, the dates were October 8th, October 18th, and October 28th (EZ1, EZ2 and
EZ3). The phenotypic data for WH2016, WH2017, WH2018, HF2017, HF2018 and CD2017 were obtained
from a previous study (Tang et al., 2021). Mature open-pollinated seeds of the natural population were
harvested and dried for SOC analysis with a Foss NIRSystems 5000 near-infrared reflectance spectroscope
(Li et al., 2003). Six biological replicates per accession were used for analysis. Detailed phenotype and
genotype data can be found in supplemental files (Supplementary Tables S3, S4) or in the previous study
(Tang et al., 2021).

Analysis of variance and estimation of variance components



The phenotypic value for genotype ¢ when tested in replicate kin the environment j was modeled asyijc =
u+gi +t; + by + (gt)ij + eijk, where u is the population mean, g; is the effect of genotypei, ¢; is the effect
of environment j, by(; is the block effect associated with replicate k nested in the environmentj, (gt)ij is the
G x E effect associated with genotype ¢ and environment j and ejj is the error.

The analysis of variance was conducted using the R function “aov” that fits a model with the function “lm”
for each stratum. The estimation of variance components was conducted with the R package “VCA” and
the function “anovaVCA.”

Population structure analysis and SNP-based heritability estimation

A quality control analysis was conducted on the materials using Plink (Purcell et al., 2007). Initially, SNPs
with a minor allele frequency (MAF) < 0.05 were removed. Subsequently, materials with SNP missing rates
> 0.1 were excluded. Finally, after filtering the original SNPs (Tang et al., 2021), a final set of 8,503,071 SNPs
was obtained, with a median MAF of 0.21. In addition, Plink was used to calculate the genomic relationship
matrix (GRM) among the 505 accessions. Principal component analysis (PCA) was then performed based
on this matrix. In the resulting PCA plot, the accessions were differentiated into subgroups reflecting their
ecological types. Our materials included five ecological types: semi-winter 1 (SW1), semi-winter 2 (SW2),
semi-winter mixed (SWM), spring (SPR) and mixed.

Using the GRM above, the SNP-based heritability was calculated with SOC as the phenotype. This analysis
was conducted for each environment using GCTA (Yang et al., 2011), with the recommended parameters
‘~bfile —-make-grm —make-grm-alg 0 —out; —grm —pheno —reml —out’.

Identifying the environmental index

Environmental data were retrieved from the websites of the National Oceanic and Atmospheric Admin-
istration (NOAA: https://www.noaa.gov/weather) and the Astronomical Applications Department of the
US Naval Observatory (https://www.usno.navy.mil/USNO/astronomical-applications). Daily temperatures
(degF) were converted to growing-degree days (GDDs) forB. napus with the formula: GDD = [(maximum
temperature + minimum temperature) / 2] — 37.4 (Marshall and Squire, 1996, Pullens et al., 2019). The
daily diurnal temperature range (DTR) was calculated as Trax — Tmin. Phenotypic data were collected
from 505 B. napus inbred lines planted in eight environments (Supplementary Table S3), along with envi-
ronmental data (Supplementary Table S11) covering the entire growth period in these eight environments.
Three categories of environmental parameters were tested: temperature (GDD and DTR), moisture (pre-
cipitation [PR] and relative humidity [RH]) and light (clear sky photosynthetically active radiation [CPAR]
and ultraviolet B [UVB]) by implementing the CERIS algorithm in R to identify environmental indices
(https://github.com/jmyu/CERIS_JGRA) (Li et al., 2018). The most relevant environmental index in the
three categories of environmental parameters for SOC was separately chosen according to the highest cor-
relation between environmental means and environmental index within the corresponding search window
(Figs. 2b, S5).

Phenotypic prediction at different locations and periods

After environmental indices were identified, they were leveraged to predict phenotypic outcomes in different
environments (Guo et al., 2020, Li et al., 2022, Li et al., 2021). Here we identified three environmental indices.
For any environmental index, we employed the same approach in constructing the model. Firstly, one model
was constructed to estimate the magnitude of changes in phenotypic response to each environmental index
at the population level by a general linear model (Fig. S6):

yi = Bo + iz + €

where y; is the mean SOC for the population in the ith environment (i = 1, 2...v), ; is the mean values for
the environmental index in the ith environment, 3y is the intercept of the linear model, ¢; is the deviation
from regression and 3 is the slope estimate of the linear model, which indicated the expected trait value



change per a one-unit change of the corresponding climatic variant (Li et al., 2022). Subsequently, the
other two models are also constructed using the same theoretical framework. Finally, environmental data
were retrieved for each location and for each simulated planting date, extracting three environmental indices
corresponding to that environment. Subsequently, values of these environmental indices were used as input
into separate models, the averaged output values of the three models were calculated, ultimately yielding
the predicted phenotypic value.

To predict the SOC when planting 10 days earlier or later than the designated planting period in the
established cultivation area and ensure prediction stability, following the above approach, the predicted
outcomes computed for planting 9 days early, 10 days early and 11 days early were averaged as the prediction
for planting 10 days early. Similarly, the predicted outcomes for planting 9 days late, 10 days late and 11
days late were averaged as the prediction for planting 10 days late (Fig. 3b; Supplementary Table S11). For
predicting the trend of SOC variation as a function of planting dates in seven primary B. napus producing
regions in the middle and lower Yangtze River, environmental data were obtained for 10 years (2011-2020)
(Supplementary Table S13). Daily SOC predictions were conducted from September 10th to October 28th,
using the environmental data accumulated over the preceding decade for the prediction on each day (Fig.
3c).

Empirical validation

After the completion of the initial analysis and model building, empirical validation experiments were carried
out. Specifically, a subset of 50 inbred lines, consisting of 25 high-plasticity lines and 25 low-plasticity lines,
was grown in Wuhan (114° 21’E, 30deg 28’N) and Ezhou (114deg 42’E, 30deg 21°N) on three different
planting dates in 2022 (Supplementary Table S4). For any environmental index, we employed the same
approach in constructing the model. First, one model was constructed to estimate the magnitude of changes
in phenotypic response to each environmental index at the individual level by joint regression analysis (Guo
et al., 2023) (Fig. S9; Supplementary Table S3):

Yij = wi + Bil; + 6

where Yj; is the line mean of the ith line in thejth environment (i =1, 2...v; j = 1,2...n);u; is the mean
of the ith line across all environments;s; is the regression coefficient that measures the response of the ith
line to environmental input; I; is the environmental mean, expressed as the mean of all lines in the jth
environment; and ¢; is the deviation from regression. After that, the other two models are also constructed
using the same theoretical framework. Subsequently, environmental data were collected from NOAA and
USNO (Supplementary Table S14) and separately used as input for these three models to predict the SOC of
the 50 lines. The final predicted value for each line was the average output from these three models. Finally,
the accuracy of the model was evaluated by examining the correlation between the predicted and observed
values of each inbred line, measured as Pearson’s correlation coefficients (Fig 4b, c).

Genome-wide association study (GWAS) and linkage disequilibrium

Reaction norms connect the environments to which a particular genotype is exposed and the phenotypes
produced by that genotype in these environments. From the reaction norm values, two reaction norm-norm
parameters (intercept and slope) were obtained for each trait using a joint regression analysis of the observed
trait values across environments (Fig. 1c). In addition, with the identified environmental indices, the slope
was obtained for each index using a joint regression analysis of the observed trait values across environments
(Fig. S9). Treating the estimates of intercept and slope as a derived trait, an established mixed-model GWAS
(Zhang et al., 2010, Yu et al., 2006) implemented in GAPIT (v.3) R package (http://zzlab.net/GAPIT)
(Wang and Zhang, 2021) was used, separately for each trait, to identify genomic regions underlying the
observed variation for slope and intercept across different genotypes.

The significance thresholds of association were calculated with Genetic type I error calculator (GEC) software
(Li et al., 2012), and the calculated significance threshold was 7.77 x 10°7. To identify candidate genes, genes
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within the 100-kb upstream and downstream regions of significant SNPs were extracted, according to the
linkage disequilibrium (LD) decay rate estimated by previous studies (Tang et al., 2021).

Identification of candidate genes associated with phenotypic plasticity through GWAS

Within the LD interval upstream and downstream of the significant SNPs detected by GWAS, the
B. napus homologs for seven candidate genes known to participate in the lipid metabolism of Ara-
bidopsis seeds (http://aralip.plantbiology.msu.edu/) were detected: ~ PMT6(BnaA05G0437100ZS),
DAO1 (BnaA09G0636200ZS), MYB106 (BnaA01G0418000ZS), HAD (BnaC02G0039300ZS),
MIPS3(BnaC02G0039400ZS), DGD1 (BnaC05G0484900ZS) and PSD1(BnaC09G0366500ZS).

To investigate the variation in the promoter regions of these genes, the methodology described by Li was
followed(Li et al., 2021). In detail, sequences surrounding the genes (PMT6 and DGDI ) implicated in
SOC phenotypic plasticity were retrieved from the B. napuspan-genome information resource (BnPIR;
http://cbi.hzau.edu.cn/bnapus/) for the inbred lines ZS11, Zheyou7, Gangan, Shengli, No2127, Westar,
Quinta and Tapidor. The sequences of these two genes were also extracted from this website. The co-
linear sequences among these eight inbred lines were used as queries for a BLAST search against each
other to identify structural variations. Transposon elements (TEs) present in the sequences were identi-
fied with a TE Library constructed by Extensive de-novo TE Annotator (EDTA) (Ou et al., 2019). In
addition, sequence variation within the genes (DAQO1, MYB106 and HAD ) was analyzed with polyphen-2
(http://genetics.bwh.harvard.edu/pph2/) and provean (http://provean.jcvi.org/), noting putative loss-of-
function alleles for each gene as predicted by at least one of the software platforms (Supplementary Table

S16).

To model the genetic effect dynamics along the environmental gradient, SNPs significantly associated with
slope were tested for association with SOC within each environment using the mixed-model method in
GAPIT. These separate genetic effects were then regressed on the environmental gradients to generate the
fitted lines as the genetic effect continua, defined as varied genetic effects with different environmental inputs
(Fig. 5D-F).

We used RNA sequencing data from 289 lines (subset of 505 lines) of developing seeds at 20 days after
flowering in WH2016 (Tang et al., 2021). The expression levels of the plasticity genes were determined by
the abundance of transcripts and compared between two alleles with a Wilcoxon test.

Reaction norms at the single-locus and multi-locus combination level

After GWAS and candidate gene examination, the significant SNPs for PRigg-195 were used. Five SNPs
were selected, with each SNP showing the most significant association with SOC plasticity and closely linked
to each candidate gene (Fig. 5b).

The entire population was divided into two groups based on their homozygous genotype at each selected
SNP, resulting in the AA and BB groups. In an individual environment, the genotypic value for AA (or BB)
was the average phenotypic value across all individuals carrying the AA (or BB) genotype at the locus. Two
lines were drawn in the reaction norm graph, one for each group (Fig. S12). Linear regression was applied
to show the relationship between the genotypic value and the environment and to show the fitted genotypic
values across all environments (Fig. S12).

The five SNPs result in 2° = 32 possible haplotypes, with homozygous genotypes at each SNP. Similar to
the calculation of genotypic values for a single locus described above, the genotypic value for each haplotype
was the average phenotypic value for all inbred lines harboring each haplotype. There were 10 main hap-
lotypes considered here for each environment (haplotypes represented by fewer than five inbred lines were
not considered). Linear regression was applied to show the relationship between genotypic value and the
environment and to show the fitted genotypic values across all environments (Guo et al., 2020) (Figs. 6a,b).

Obtaining climate data and phenotypic predictions in the past and future

11



To predict the adaptation potential of haplotype materials for past and future planting, meteorological data
were acquired with the R package “raster” and the function “getData” (Supplementary Table S15). The
precipitation and temperature data from 1961 to 2018 were retrieved from the historical monthly weather
data section in WorldClim (https://worldclim.org/data/monthlywth.html). The predicted precipitation and
temperature data from 2021 to 2080 were retrieved from the Future climate data section in WorldClim
(https://worldclim.org/data/cmip6/cmip6climate.html). A spatial resolution of 10 minutes was selected,
with the data aggregated to align with the scales of NOAA and USNO data.

September 20th was set as the simulated planting date for future predictions. The 166-195 interval for
the environmental index PR was chosen, corresponding to March 5th to April 3rd. Precipitation data
were extracted from this interval. Similarly, the 183-192 interval for the environmental index DTR was
chosen, corresponding to March 22nd to March 31st. From this interval, minimum (tn) and maximum (tx)
temperature data were extracted, resulting in DTR being defined as: DTR = tx - tn.

However, original models were constructed using data from NOAA and USNO. WorldClim data are on
another scale, which was converted to the scales of NOAA and USNO. Subsequently, precipitation data in
March from both databases between 1999 and 2018 in the seven locations were collected separately and
fitted using a general linear model, revealing a correlation of 0.97 between the two datasets. A model,y =
1.107x + 0.052, was established, where yrepresents the precipitation data from NOAA and USNO, while
zrepresents the precipitation data from WorldClim. Using this equation, WorldClim data were calibrated
to match the scales of NOAA and USNO for subsequent predictions.

The means for climate data spanning 20-year intervals in historical records were computed, resulting in three
periods: 1961-1980, 1981-2000 and 2001-2018. Incorporating the three future periods 2021-2040, 2041-2060
and 2061-2080 resulted in six data periods for each location (Fig. 6C). To assess the performance of each
haplotype under varying periods, the environmental data were incorporated into the established multi-locus
model. Using a colored bar chart representation on a map, the haplotype with the highest SOC was displayed
alongside its corresponding SOC value. Additionally, the gray bars in the bar chart depict the population
mean (Fig. 6d).
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Fig. 1 Plasticity for seed oil content in a Brassica napus diversity panel across
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Fig. 3 Identifying optimal planting dates for high seed oil content in
predominant Brassica napus production areas. a, Map showing average yields in
major B. napus production areas, with three tested sites (filled circles) and four
sites for prediction (open circles). b, SOC at different planting dates (10 days early,
normal and 10 days late) in eight tested environments. ¢, Predicted SOC with
different planting dates in both tested and untested sites. The black dots
represent the predicted SOC from 2011 through 2020, while the red dots indicate
the average values.
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Fig. 4 Empirical validation of seed oil content predictions with three planting
dates in two new environments. a, Aerial photographs of fields from WH2023
when B. napus lines were planted at three different dates. b—c, Scatterplots
showing the correlation between the measured and predicted SOC values in the
environments of WH2023 (b) and EZ2023 (c). The numbers of 1, 2 and 3 after
location names (WH and EZ) indicate early, middle and late planting, respectively.
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Fig. 5 Identification and characterization of genetic loci associated with
phenotypic plasticity in seed oil content in Brassica napus. a—c, Manhattan plots
showing the genomic regions associated with SOC phenotypic plasticity in
response to the identified environmental index: DTR1s3-19; (a), PR16s-195 (b) and
UVB144-186 (¢). Red dashed lines represent the genome-wide significance
threshold. d—f, Genetic effect from DGD1, HAD or MYB106 on variation for the
indicated environmental index: DTR1g3-192 (d), PR1g6-195 (€) and UVBias-1ss (). g—i,
Expression levels of the two alleles for the indicated gene in the B. napus diversity
panel, as determined by abundances of transcripts. Significant differences (p <
0.05) were determined with a Wilcoxon test.
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Fig. 6 Predicting optimal haplotypes across planting sites and time periods. a,
Reaction norms of haplotypes showing SOC plasticity to the environmental index
PR166-195. b, List of 10 major haplotypes with their allele combinations at the five
plasticity genes. ¢, Precipitation levels during the critical growth stage at seven
planting sites from 1960 to 2080. d, Optimal haplotype with the highest SOC from
1960 to 2080, compared to the mean of all haplotypes (gray bar) at seven
planting sites during different time periods.
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