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Abstract
Acclimation and adaptation of metabolism to a changing environment are key processes for plant survival and reproductive 
success. In the present study, 241 natural accessions of Arabidopsis (Arabidopsis thaliana) were grown under two different tem-
perature regimes, 16 °C and 6 °C, and growth parameters were recorded, together with metabolite profiles, to investigate the 
natural genome × environment effects on metabolome variation. The plasticity of metabolism, which was captured by meta-
bolic distance measures, varied considerably between accessions. Both relative growth rates and metabolic distances were pre-
dictable by the underlying natural genetic variation of accessions. Applying machine learning methods, climatic variables of the 
original growth habitats were tested for their predictive power of natural metabolic variation among accessions. We found 
specifically habitat temperature during the first quarter of the year to be the best predictor of the plasticity of primary 
metabolism, indicating habitat temperature as the causal driver of evolutionary cold adaptation processes. Analyses of epigen-
ome- and genome-wide associations revealed accession-specific differential DNA-methylation levels as potentially linked to the 
metabolome and identified FUMARASE2 as strongly associated with cold adaptation in Arabidopsis accessions. These findings 
were supported by calculations of the biochemical Jacobian matrix based on variance and covariance of metabolomics data, 
which revealed that growth under low temperatures most substantially affects the accession-specific plasticity of fumarate and 
sugar metabolism. Our findings indicate that the plasticity of metabolic regulation is predictable from the genome and epi-
genome and driven evolutionarily by Arabidopsis growth habitats.
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Introduction
Acclimation and adaptation of metabolism to changing en-
vironments are key processes for plant survival and repro-
ductive success. The multitude of different abiotic and 
biotic stressors requires plant metabolism to be highly flex-
ible, as the degree of reprograming of metabolism depends 
on the type and strength of stress to which plants are ex-
posed (Caldana et al. 2011; Krasensky and Jonak 2012). The 
metabolic response to changing environmental factors dif-
fers substantially between plant species (Weston et al. 
2011), as well as among ecotypes or cultivars of the same spe-
cies (Barah et al. 2013; Shankar et al. 2016; Demirel et al. 
2020). Temperature affects plant development and has 
been shown to be an important determinant for the geo-
graphical distribution range of many temperate plant species, 
e.g. Arabidopsis (Arabidopsis thaliana) (Hoffmann 2002). 
Considering that only 5% of the land mass worldwide is 
free of freezing events (Hurry 2017) and that low- 
temperature damage leads to significant losses in agricultural 
yield (Larcher 1981; Thakur et al. 2010), the investigation of 
plant cold response holds a large potential in establishing a 
sustainable supply of food for a growing world population 
(Mahajan and Tuteja 2005).

Exposure to low temperature immediately affects plant 
metabolism by reducing enzymatic reaction rates, which 
has a substantial effect on biosynthesis, degradation, and 
transport processes (see, e.g. Patzke et al. 2019). Within a pro-
cess termed cold acclimation, metabolism is adjusted to low 
temperature, which, in many temperate plant species, results 
in increased freezing tolerance (Levitt 1980). Cold acclima-
tion is a multigenic process involving hundreds of genes, nu-
merous signaling cascades, and metabolic pathways to 
stabilize the photosynthetic capacity and plant performance 
(Herrmann et al. 2019). Cold exposure typically results in a 
rapid increase of the C-repeat binding factor (CBF) transcrip-
tion factors (TFs) that regulate >100 genes, the so-called CBF 
regulon that plays a dominant role in cold acclimation 
(Thomashow 2010). Comparing Italian and Swedish A. thali-
ana accessions revealed a lower induction of the CBF regulon 
in the Italian accessions, which contributed to lower freezing 
tolerance compared to the Swedish accessions (Gehan et al. 
2015). Although CBF TFs rapidly increase after cold exposure, 
comparison of time-resolved cold response of A. thaliana re-
vealed an even faster metabolic response when compared 
to the transcriptional response (Caldana et al. 2011). This 
finding indicates a complex mode of regulation, which, in 
addition to transcription, also includes translational, post-
translational, and metabolic regulation (Ding et al. 2020).

A. thaliana inhabits a large latitudinal range (Koornneef 
et al. 2004) and is therefore confronted with a wide range 
of climatic conditions. This widespread distribution and 
the predominantly selfing reproduction type have led to 
the development of a large number of genetically distinct 
(homozygous) inbred lines, called accessions, which are 
well adapted to the respectively prevailing microclimate 

(Nordborg et al. 2005; Mitchell-Olds and Schmitt 2006; 
Kleessen et al. 2012). Accessions feature large variances in 
cold and freezing resistance, acquired after cold acclimation, 
relative to naïve states, i.e. without cold acclimation. These 
adaptions were shown to be connected to the mean min-
imum temperature at the site of origin, indicating a selective 
pressure on the ability to adapt to low temperatures 
(Hannah et al. 2006; Horton et al. 2016). The variance in freez-
ing tolerance along geographical clines of origin was found 
correlated to several differences in the accumulation of su-
gars and the expression of a number of CBF-regulated genes, 
after an acclimation phase at low, nonfreezing temperatures 
(Zuther et al. 2012). Another example of the adaptation of A. 
thaliana to local climates was recently given, by showing a 
strong connection of climate of origin and the life-history 
strategy, i.e. the prevalence of winter or summer annuality 
(Martínez-Berdeja et al. 2020).

It has been reported earlier that habitat temperature of 
natural A. thaliana accessions determines the response of 
physiological parameters, such as photosynthesis and tran-
spiration, to growth temperature (Adams et al. 2016). 
Although it is known that photosynthesis needs to be tightly 
linked to carbohydrates and primary metabolism to sustain 
growth and development under low temperature, it remains 
unclear how plasticity of metabolism relates to natural gen-
etic variation and geographical origin of plant species. In this 
study, the natural variation of dynamics of primary metabo-
lites under moderate (16 °C) and low (6 °C) temperature was 
monitored together with growth rates of 241 natural A. thali-
ana accessions originating from a wide geographical range 
across Europe and Asia. Genomic prediction was applied to-
gether with epigenome-wide association studies (EWAS) and 
mathematical modeling to reveal how pathway regulation in 
primary metabolism is related to observed metabolome 
plasticity.

Results
Natural allelic variation allows for genomic prediction 
of metabolome plasticity and metabolic distance 
between 6 °C and 16 °C growth conditions
The natural metabolic variation in 241 Arabidopsis acces-
sions was quantified by a metabolomics platform. To provide 
a comparable data set and for all further statistics, we calcu-
lated absolute metabolite concentrations (with additionally 
applied normalization steps, see Materials and Methods) 
for a set of 37 central primary metabolites of which 22 chan-
ged with a Cohen’s d effect size greater than one (between 
the two different growth temperature regimes, i.e. 16 °C 
and 6 °C, and averaged over all 241 accessions [Fig. 1A]). 
Plants grown at 6 °C showed a strong (absolute Cohen’s d  
> 1) increase of proline, myo-inositol, glutamic acid, raffin-
ose, aspartic acid, galactinol, citric acid, glutamine, malic 
acid, sucrose, and alanine (in descending order of |Cohen’s 
d|), whereas under the 16 °C growth condition, threonine, 
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threitol, glycine, spermidine, succinic acid, serine, pyruvic 
acid, isoleucine, lysine, ornithine, and 4-amino-butanoic 
acid accumulated relative to the respective alternative, lower 
growth temperature condition. For 16 of the 37 metabolites, 
a strong G × E interaction effect was observed (two-way 
ANOVA with interaction term; Fig. 1B), revealing a conserved 

role of soluble carbohydrate metabolism, and particularly of 
hexoses, in different environments.

The two different temperature regimes were a stronger in-
fluencing factor on metabolite levels than genotypic vari-
ation. Principal component 1 of a performed principal 
component analysis (PCA) perfectly separated the two 

Figure 1. Effects of growth temperature on primary plant metabolism. A) Differential metabolite levels captured by effect size (Cohen’s d ) for the 37 
metabolites at 6 °C and 16 °C, respectively, considered in this study. Metabolite levels were taken as normalized absolute levels as explained in 
Materials and Methods. Based on t-tests, all but one (oxoglutarate) differences were significant (PFDR < 0.05). Note: Cohen’s d can be roughly inter-
preted as the difference of the mean values (levels at 6 °C minus levels at 16 °C) normalized by the average of the respective standard deviations. 
Absolute Cohen’s d values exceeding “1” (dashed lines) can be regarded as large effects. B) Interaction effects, accessions (genotype, G) × tempera-
ture (=environment, E) from a two-way ANOVA analysis with an interaction term. Color indicates significance, red PFDR < 0.05, black otherwise. 
FDR-adjusted P values are displayed as their -log_base10 transformed values. Note, except 4-amino-butanoic acid, all metabolites were found sig-
nificantly different across the 241 different accessions (ANOVA PFDR for accession, i.e. genotype effect alone). Statistical tests were performed using 
all individual samples (Ntot = 1,624 with N16 °C = 817 and N6 °C = 807), i.e. normalized, but not averaged per accession.
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growth conditions, capturing 49% of the global variance 
(Fig. 2A). By contrast, PC2, found to largely capture genotypic 
variation, accounted for 9% only. Respective loadings of the 
37 metabolites onto PC1 were in line with the changes re-
ported above. Interestingly, loadings of the sugars fructose 
and glucose were found to be aligned almost perpendicularly 
to PC1 and to capture variance associated with the 241 ac-
cessions, rather than temperature.

To further investigate the natural variation of metabolic 
responses to different growth temperatures, we calculated 
“metabolic distances” (MDs) for all accessions to investigate 
the natural variation of metabolic responses to the cold 
growth condition (Eq. 1; Fig. 2B). For a given accession, its 
MD value corresponds to the Euclidean distance of the nor-
malized metabolite profiles measured at the 2 different 
growth temperatures. Hence, MDs represent a measure of 
how strongly the metabolism differed between the plants 
grown at 6 °C and 16 °C, respectively (for details, please refer 
to the Materials and Methods section). The computed MDs 
effectively capture the integral information about all quanti-
fied metabolites and, therefore, allowed to glean insights into 
the amplitude of changes of a large part of primary metabol-
ism between different growth temperature conditions 
(Fig. 2B). MDs showed a large variation within the set of nat-
ural accessions (spread of 71% relative to its mean, Fig. 2C), 
indicative of a genotype-specific magnitude (plasticity) of re-
sponse to changing temperatures. To assess the extent to 
which the metabolic phenotypes of the 241 accessions and 
the detected metabolic plasticity as measured by MDs is de-
termined genetically, we performed genomic predictions by 
applying the ridge regression best linear unbiased predication 
(rrBLUP) methodology (Endelman 2011) that revealed a 
strong predictability of metabolite profiles (Fig. 3). For 
within-condition prediction, the predictability, scored by 
the Pearson correlation coefficient, r, of observed versus pre-
dicted values was similar for both temperatures (median of 
r = 0.28 for 16 °C and r = 0.33 for 6 °C, respectively). As 
expected, cross-condition prediction accuracy was lower (me-
dian of r = 0.13 for 16 °C → 6 °C and r = 0.14 for 6 °C → 16 °C, 
respectively), albeit significantly above zero (Fig. 3).

To further test to what extent genetic variance was ex-
plaining the observed variation in metabolite levels, broad- 
sense heritabilities, H2, were calculated for each metabolite 
at both temperatures. We also computed estimates of 
narrow-sense heritabilities, h2, taken as the coefficient of de-
termination of metabolite levels in an rrBLUP cross- 
validation setting (r2, see Materials and Methods) (Fig. 4A). 
In self-test settings, these r2 values were observed to be highly 
correlated with h2 values obtained using the function “mar-
ker_h2” (R package “heritability”, Supplemental Fig. S1). The 
different heritability scales H2 and h2 were observed to be 
highly correlated (Pearson correlation coefficient r = 0.77 
[P = 2.1E−8] for T = 6 °C, and r = 0.55 [P = 4.01E−4] for 
T = 16 °C, respectively), albeit with noticeable differences. 
At T = 6 °C, greatest heritabilities were found for fructose 
(with respect to H2 and h2), while at T = 16 °C, trehalose 

Figure 2. PCA and illustration of MDs. A) Scaled PCA biplot of the first 
two principal components (PC 1 and 2), with points corresponding to 
the scores of the 241 accessions exposed to the two growth tempera-
ture conditions and arrows signifying the respective 37 metabolite 
loadings. Here, every combination of accession and treatment corre-
sponds to the profile of mean normalized metabolite levels, i.e. 
repeat-averaged samples. Percentages in parentheses denote the vari-
ance captured by the respective PC. B) PCA score plot with gray line 
segments and their respective lengths denoting the MDs calculated 
as the Euclidean distance of metabolite profiles between samples of 
the same accession exposed to the two different growth temperatures 
(Eq. 1). Note, unlike in Fig. 1A, scores are not scaled and MDs are com-
puted in this unscaled value range respectively, i.e. the score plot cor-
responds to a rotation in the 37-dimensional Euclidean space to align 
with PC 1 and 2. C) Overview of the distribution and range of MD va-
lues across all 241 accessions.
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we found with greatest H2 heritability, and galactinol with 
greatest h2 heritabililty. Further, following the approach to 
estimate h2 values using rrBLUP coefficients of determin-
ation, we inspected the heritability of cross-temperature me-
tabolite levels. Predictabilities/heritabilities were lower in the 
cross-conditions (trans) setting than in the same-condition 
(cis) setting (Fig. 4B) and were found only moderately similar 
(cis/trans Pearson correlation coefficients of h2 values, T = 6 °C: 
r = 0.34 [P = 0.04], and for T = 16 °C: r = 0.45 [P = 0.004]).

Our analyses show that there is a genetic basis for both the 
variation of certain metabolites at specific temperatures and 
for the response to changing temperatures, with noticeable 
interaction effects between genotypes (accessions) and en-
vironments (temperatures). To further investigate the genet-
ic background of differences in metabolism and to identify 
candidate genes associated with metabolite levels, a genome- 
wide association study (GWAS) was conducted using the 
metabolite levels in both conditions. The most significant as-
sociation was found for single-nucleotide polymorphisms 
(SNPs) in the promotor region of FUMARASE2 (FUM2, 
AT5g50950, q = 1.39E−9) under the 6 °C condition, which 
highlights the influence of genetic variation in the regulation 
of fumarate metabolism under the applied growth condition 
(Fig. 5). This association was not detected as significant at 
T = 16 °C. Additional GWAS candidate SNPs at q-value levels  
< 0.05 were found for trehalose (q = 0.004, chromosome 4, 
position ∼7.3 Mb), lactic acid (0.03, chr1, 4.03 Mb; 0.04, 
chr3, 9.06 Mb) at T = 6 °C and for spermidine (0.04, chr2, 

10.2 Mb) and glycine (0.04, chr1, 29.7 Mb) at T = 16 °C (see 
Supplemental Data Set 1 for a complete listing and more de-
tails, including information on the closest gene found at the 
respective SNP position and Supplemental Data Set 2 for all 
qq- and Manhattan plots).

After first having focused on genomic determination of in-
dividual metabolite levels, we then inspected the predictabil-
ity of integrative phenotypic parameters, specifically, MDs 
and measured relative growth rates (RGRs) of accessions. 
As shown in Fig. 3, MD was predicted with a slightly better 
correlation coefficient (median r = 0.46) than the average 
of individual metabolites in the metabolite profile, indicating 
that the amplitude of change to environmental perturbation 
is closely related to genome variation. Applied to RGRs as the 
considered target variables, rrBLUP predictabilities of median 
r = 0.42 (6 °C) and median r = 0.47 (16 °C) were obtained 
and, thus, better than for the metabolite levels and compar-
able to MDs (Fig. 3). When using metabolite levels as predict-
or variables, growth rates were found predictable at median 
levels of r = 0.31 and r = 0.25 for T = 6 °C and 16 °C, respect-
ively (“metabolic prediction” of growth rates) and, thus, at 
noticeably lower levels than achieved for using genotype 
(SNP) information as input (Fig. 3), likely explained by the 
substantially larger number of available predictor variables 
(∼16K SNPs vs. 37 metabolites). Note, as prediction was 
done in a cross-validation setting, the effect of difference in 
the number of predictor variables is not a sign of overfitting. 
As expected, RGRs were lower at T = 6 °C (0.05 ± 0.004 

Figure 3. Predictability of metabolite levels, MDs, and RGRs as measured by the Pearson correlation coefficient, r, of predicted versus observed va-
lues in a cross-validation setting and performing rrBLUP predictions. GP, genomic prediction, i.e. predictor variables = SNP-matrix (16,544 unique 
SNPs); MP, metabolic prediction, i.e. 37 input metabolite levels. With regard to metabolite (met) levels, all 37 measured metabolites were considered 
target variables predicted by rrBLUP using a regression model derived from a training set of 180 randomly chosen accessions and applied to the 
remaining 61 accessions; likewise, MD, and growth rate (at T = 6 °C and 16 °C) were taken as target variables as well. “Same condition” refers to 
the situation of training a regression model at a given temperature and applying it to the test set samples of the same conditions, whereas “across 
conditions” tests for the predictability of metabolite levels of the respective other temperatures regime. Distributions were obtained from 25 repeat 
runs of random 180-training/61-test set accessions. Note that for metabolites, this was done separately for each metabolite and condensed into one 
distribution for all 37 metabolites per test condition (four “GP- met levels” distributions). Violin plots display the characteristics of the respective 
distributions: median (open circle), 25 to 75 percentile range (black rectangle) and range excluding outliers (vertical line).
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Figure 4. Temperature effects on heritabilities of metabolite levels. A) Broad-sense heritability, H2, as estimated for the two different temperatures 
and narrow-sense heritability, h2, taken as the coefficient of determination in cross-validation (average over 25 repeat runs, see Materials and Methods 
for details on H2 and h2 estimates). H2 values for T = 6 °C and T = 16 °C are correlated at a level of Pearson correlation coefficients r = 0.65 
(P = 1.3E−5), and for h2: r = 0.39 (P = 0.017). The different heritability scales H2 and h2 are correlated at r = 0.77 (P = 2.1E−8) for T = 6 °C, and 
r = 0.55 (P = 4.01E−4) for T = 16 °C, respectively. B) h2 estimates based in cis (same-temperature) and trans (across different temperatures) settings, 
i.e. cross-validated rrBLUP estimates of coefficients of determinations, taken as h2, trained under a chosen temperature and applied either in cis (same 
temperatures) or trans (respective alternative temperature). Cis/trans correlations of values, T = 6 °C: r = 0.34 (P = 0.04), and for T = 16 °C: r = 0.45 (P =  
0.005). Note that the absolute values of H2 and h2 should not be directly compared, as they are computed using very different procedures. Negative 
h2-value estimates were replaced by 0 before averaging. For graphical compactness, values have been multiplied by −1 for T = 16 °C. In both plots, me-
tabolites were sorted according to their T = 6 °C values.
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[mean ± SD]) than at T = 16 °C (0.17 ± 0.014), with RGR in 
units of 1/d.

Q1 temperature at the natural origin of Arabidopsis 
accessions is linked to MDs between cold and warm 
growth conditions
Accessions showed a large diversity in metabolic adjustments 
to the different growth temperature conditions, reflected by 
a large range of MDs (Fig. 2C). Every accession was assigned 
to a genetic admixture group (The 1001 Genomes 

Consortium 2016) and a one-way ANOVA revealed signifi-
cant differences in MD between the groups (Fig. 6A, one-way 
ANOVA P = 1.7E−08). A positive correlation of MD and lati-
tude of origin of accessions was revealed (r = 0.34, P = 4.2E 
−8, Supplemental Fig. S2), indicating a directed influence 
of genetic and geographic origin on the metabolic response 
to cold growth conditions. For Southern accessions, relatively 
small MDs were observed, while Northern accessions showed 
relatively large MDs (Figs. 6B and S2). As the MDs roughly 
correlate with a north–south gradient, a set of available cli-
matic variables were tested for correlations between specific 

Figure 5. Metabolic GWAS of fumarate levels. A) Growth temperature 16 °C, and B) growth temperature 6 °C. Left panels: qq-plot, right panels: 
Manhattan plot, where the dashed horizontal line indicates FDR threshold of FDR = 0.05, the peak (T = 6 °C) on chromosome 5 corresponds to the 
locus of the FUM2 gene. Please note the difference in y value range between the two graphs. qq- and Manhattan plots of all other metabolites under 
both temperatures are provided in the Supplemental Data Set 2.
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climate parameters of geographic location of origin for the 
analyzed accessions and their metabolic response. To investi-
gate the relationship of metabolic response to changing 
growth temperatures and climate of origin, Pearson correl-
ation coefficients between the MDs and environmental vari-
ables at the respective geographic location of accessions and 
averaged by quarter (three-month intervals), as well as their 
annual ranges, comprising temperature, solar radiation, 
water vapor pressure, precipitation, and wind speed, were 
calculated. The highest absolute correlation coefficients 
with MD were observed for temperature variables character-
istic for January to March, i.e. the first quarter of the year (Q1) 

and October to December (Q4), with local habitat tempera-
tures being negatively correlated with MDs (Fig. 7). In addition 
to temperature, water vapor pressure was found strongly 
negatively correlated with MDs as well. However, it has to 
be borne in mind that some climate parameters are strongly 
correlated (such as water vapor pressure and temperature, 
Supplemental Fig. S3) and can therefore not clearly be sepa-
rated with regard to significance. Wind had a negligible correl-
ation with MD, indicating a low impact of this factor on 
regulation of metabolic reactions of plants to the applied 
cold growth conditions. Precipitation during Q3 and, in add-
ition, annual ranges of temperature and radiation 

Figure 6. Geographic association of MDs. A) MDs of Arabidopsis natural accessions, grouped by genetic admixture group. Boxplots with median 
(horizontal lines), 25 to 75 percentile range (rectangles), and range excluding outliers (vertical dashed lines). Squares correspond to the individual 
accessions. B) Geographic location of accessions used in this study and their corresponding color-coded MDs (i.e. Euclidean distances of between 
metabolite profiles [37 metabolites] measured at two different temperatures [6 °C/16 °C]).
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were found to be significantly positively correlated with MD 
(Fig. 7).

To identify the most predictive (regarding MD) climate 
variables and combinations thereof, we performed Lasso re-
gressions in a cross-validation setting (25 repeats). Figure 8
shows the distribution of Lasso coefficients (as climate vari-
ables were scaled, they can be directly compared). Only 
two parameters were appreciably different from zero, 
Tmax, Q1, and with a wider spread, water vapor pressure 
Q2. On average, the Lasso models predicted MDs with 
Pearson correlation coefficient between actual and predicted 
MD in cross-validation of r = 0.3 (SD = 0.04).

With the maximal temperature during Q1 at the geo-
graphic location of origin determined as the climate param-
eter most strongly correlated with MDs (i.e. metabolic 
plasticity of accessions in response to changing tempera-
tures), Fig. 9 displays the scatter plot of both variables for 
all accessions. Despite substantial scatter, the significant 
negative correlation between both variables is evident (r =  
−0.4, P = 1.69E−10).

In summary, accessions from locations with low tempera-
tures, and in particular during Q1, exhibit larger metabolic 
plasticities in response to changing temperatures than those 
originating from warmer climates.

Accessions from cold and warm climates have specific 
metabolite profiles under cold growth conditions
We observed that the magnitude of metabolic response to 
changing growth temperatures, as measured by MD, of 

accessions correlated with the maximal temperature during 
the first quarter of the year (TmaxQ1) at the geographic site 
of origin (Fig. 9). We now examined the association of all 37 
investigated metabolites across all accessions to their re-
spective TmaxQ1 and separately for both growth tempera-
tures (Fig. 10). Significant associations (positive and 
negative correlations of metabolite level to TmaxQ1) were 
detected under both growth temperatures. However, only 
a moderate concordance between the two temperatures re-
gimes was observed. The correlation of the two association 
profiles was determined at r = 0.3 (P = 0.057), where associ-
ation profile is defined as the vector of 37 correlation coef-
ficients metabolite level ∼TmaxQ1 at either T = 6 °C or T =  
16 °C. At T = 6 °C (in descending order of absolute correl-
ation levels and reporting significant correlations [PFDR <  
0.05] only), spermidine, lactic acid, threitol, pyruvic acid, 
glutamic acid, putrescine, alanine, threonine, glycine, lysine, 
glutamate, tyrosine, leucine, and ornithine were found posi-
tively correlated with TmaxQ1, while fructose, glucose, ga-
lactinol, raffinose, myo-inositol, galactose, and threonic 
acid were observed to be negatively correlated with 
TmaxQ1. By comparison, at T = 16 °C (asterisks indicate 
sign-flip compared to T = 6 °C), lactic acid, spermidine, gly-
cine, threonic acid*, putrescine, threitol, ornithine, and tre-
halose* were positively correlated, and serine, succinic acid, 
fructose, glutaric acid, phenylalanine*, malic acid, isoleu-
cine*, leucine*, and tyrosine* were observed to be negatively 
correlated with TmaxQ1.

Figure 7. Correlation of MDs of accessions with climate variables (averaged by quarter, Q) at their respective geographic location of origin. Red bars 
indicate significance (PFDR < 0.05); black otherwise. “Range” refers to the annual range of the respective variable (max–min of quarterly values). T, 
temperature (maximal, average, and minimal), vapr, water vapor pressure; srad, solar radiation; prec, precipitation; wind, wind.
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Biochemical Jacobian reveals checkpoints of cold 
stress adaptation
To investigate the regulation of metabolism, Jacobian matri-
ces were calculated based on a method that connects metab-
olite variance information with a metabolic network (Nägele 
et al. 2014; Weckwerth 2019; Wilson et al. 2020). Metabolite 
data of the two growth conditions, i.e. 6 °C versus 16 °C were 
used for calculating a differential biochemical Jacobian. 
Individual entries of the differential Jacobian indicate the sen-
sitivities of an enzymatic reaction rate to the change of a spe-
cific metabolite in the underlying biochemical network 
(Weckwerth 2019). Accordingly, the changes or ratios of 
the differential Jacobian entries point to perturbations 
in the biochemical network regulation between 6 °C and 
16 °C growth conditions. Increasing ratios between 6 °C 
and 16 °C suggested a stronger impact, e.g. due to limiting 
concentration, of a metabolite (denominator) on a metabol-
ic function (nominator) under 6 °C. Consequently, decreas-
ing ratios indicated less regulatory impact of a metabolite 
on metabolism at 6 °C than at 16 °C. Most pronounced dy-
namics in Jacobian entries were observed for citrate, fumar-
ate, glutamate, raffinose, and leucine metabolism (Fig. 11). 
Jacobian matrix entries related to fumarate metabolism 
had a strong influence on the separation of the two growth 
conditions, pointing to a differential regulation of fumarate 
metabolism under low temperature, which is highlighted fur-
ther by the strong correlation of SNPs in the promotor region 

Figure 8. Lasso regression coefficients with MD as the target variable and scaled climate parameters as independent predictor variables. Violin plots 
over 25 cross-validation runs (180 training, 59 testing, randomly selected in every run). Note, for two accessions, no climate parameters were avail-
able. The regularization parameter lambda was determined in each of the repeats in a separate cross-validation using the respective training acces-
sions only and taken as the value associated with the minimum error. “Range” refers to the annual range of the respective variable (max–min of 
quarterly values). T, temperature (maximal, average, and minimal), vapr, water vapor pressure; srad, solar radiation; prec, precipitation; wind, 
wind; Q, quarter. Violin plots display the characteristics of the respective distributions: median (open circle), 25 to 75 percentile range (black rect-
angle), and range excluding outliers (vertical line).

Figure 9. Relationship of maximum Q1 temperature (January to 
March, Tmax, and Q1) and MD (n = 239). Note, for two accessions, 
no climate parameters were available. Pearson correlation coefficient 
r = −0.4 (P = 1.69E−10). The gray line corresponds to the best linear 
fit to the data.
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of FUM2 with fumarate levels in the 6 °C condition and not in 
16 °C condition (see Fig. 5).

Although the Jacobian matrix differed with regard to sub-
strate/product relation of fumarate biosynthesis (df(fuma-
rate)/d(succinate)), which is catalyzed by succinate 
dehydrogenase and not fumarase, this finding suggests a sub-
stantial impact of temperature on fumarate metabolism. 
Simultaneously, plasticity of citrate consumption, i.e. df(ci-
trate)/d(citrate), was decreased at 6 °C indicting a shift of meta-
bolic regulation from the early to the late reactions of the TCA 
cycle. A cold-induced increase of Jacobian entries related to glu-
tamate/glutamine metabolism was observed, suggesting differ-
ential regulation of nitrogen assimilation rates at 6 °C. Maybe as 
a consequence, also leucine metabolism, and particularly its 
pyruvate-dependent biosynthesis (df(Leucine)/d(Pyruvate)), 
becomes more limiting under 6 °C than under 16 °C (Fig. 11). 
Finally, metabolic functions related to raffinose metabolism in-
cluding sucrose, galactinol, and myo-inositol dependencies were 
found to be perturbed under 6 °C.

EWAS reveal potential linkage of methylation levels 
and metabolite pools
In addition to assessing the genetic influence on accession- 
specific metabolite profiles and plasticities, we tested for 
the role of epigenetic factors in determining metabolite 
levels. Specifically, we tested for an association of regions 
showing differential methylation, so-called differentially 
methylated regions (DMRs) and metabolite levels at different 

temperatures. We performed EWAS for each combination of 
DMR context, temperature, and metabolite level. Based on 
available public domain methylation data, we were able to 
test 138 of the 241 accessions used in this study for a signifi-
cant association of DMRs and metabolite level (see Materials 
and Methods). When using kinship matrices based on both 
DMRs and SNPs, the respective quantile–quantile (QQ) plots 
in all cases followed the expected generally uniform distribu-
tion of P values indicating a correct accounting for popula-
tion structure. While we analyzed DMRs in all contexts, we 
considered DMRs in the CpG context most reliable, since 
those methylations are stably inherited, while CHH/CHG 
can change substantially during abiotic stress, leading to po-
tential difference between the methylome of the 1001 
Epigenomes Project and this experiment (Hofmeister et al. 
2017; Liu and He 2020). Significant DMR-metabolite associa-
tions in all contexts were obtained (Tables 1 and 2; see 
Supplemental Data Set 3 for qq- and Manhattan plots for 
all metabolites and methylation contexts).

At T = 6 °C, more candidate DMR-metabolite associations 
were found than at T = 16 °C (11 (metabolites: butanoic acid, 
fructose, glutamic acid, glycine, leucine, lysine, myo-inositol, 
spermidine, and succinic acid) vs. five (metabolites: alanine, 
glutamine, threonine, and malic acid), Tables 1 and 2). 
While there are several significant associations for the CG/ 
C context, only one significant candidate association at for 
the CHH context (T = 16 °C) was identified. As expected, 
many DMRs appear to be associated with transposable elem-
ent (TE) genes. However, a few DMRs were found positioned 

Figure 10. Correlation of metabolite levels (growth condition T = 6 °C [blue] T = 16 °C [red]) with maximum temperature in the first quarter of the 
year, TmaxQ1, at the geographic site of origin of accessions. Bar color indicates significance, with red/blue: PFDR < 0.05, pale red/blue otherwise. Both 
profiles are correlated at Pearson r = 0.31, P = 0.057.
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Figure 11. Calculation of the differential biochemical Jacobian according to Nägele et al. (2014). Shown is a heatmap of Jacobian matrix entries and 
their respective change from 6 °C growth conditions to 16 °C growth conditions. Color bar: ratios of Jacobian entries 6 °C/16 °C. Ordinate: affected 
metabolic functions. Abscissa: affecting metabolites. Strong perturbations in biochemical reaction rates in response to changes in metabolite con-
centrations are marked by dark red and dark blue color values in the heatmap. Fumarate shows substantial changes with respect to aspartate, suc-
cinate, and ornithine. Malate shows substantial changes with respect to fumarate. This is in accordance with GWAS analysis (see Fig. 5). In GWAS, we 
found a SNP marker close to gene FUM2, whose gene product fumarase catalyzes the interconversion between fumarate and malate, to be strongly 
associated to fumarate levels revealing the overall high variance of fumarate metabolism as a cold response effect in different Arabidopsis ecotypes.

Table 1. Significant associations of DMRs and metabolite levels, sorted by DMR-type (context)at T = 6 °C

Chromo 
some

Position Metabolite DMR Genes in <2 kb vicinity Q values (FDR)

SNPkin DMRkin

1 19402179 Leucine C_DMR AT1G52130 (mannose-binding lectin superfamily protein) 0.03 0.03
5 7870808 Spermidine C_DMR AT5G23390 (polygalacturonase inhibitor), AT5G23380 (hypthetical protein) 0.035 0.035
5 19474491 Glycine C_DMR AT5G48060 (C2 calcium/lipid-binding plant phosphoribosyltransferase 

family protein), AT5G48050 (TE)
0.24 0.049

3 11657590 Glutamic 
acid

C_DMR AT3G29776 (TE), AT3G29777 (TE) 0.04 0.74

5 16142038 Butanoic 
acid

CG_DMR AT5G40348 (natural antisense transcript) 0.028 0.017

1 11776549 Fructose CG_DMR AT1G32570 (hypothetical protein) 0.033 0.027
1 19402179 Leucine CG_DMR AT1G52130 (mannose-binding lectin superfamily protein) 0.025 0.025
3 2422836 Leucine CG_DMR AT3G07580 (hypothetical protein), AT3G07590 (SMD1A) 0.025 0.025
3 19138953 Lysine CG_DMR AT3G51610 (NPU), AT3G51600 (LTP5) 0.005 0.005
4 9144364 Myo Inositol CG_DMR AT4G16146(cAMP-regulated phosphoprotein 19-related protein) 0.037 0.031
5 18201876 Succininc 

acid
CG_DMR AT5G45085 (TE), AT5G45090 (phloem protein, ATPP2-A7) 0.018 0.017

“SNPkin” and “DMRkin” q values refer to significance levels achieved using either genomic SNP-based or DMR-based kinship matrices. FDR, false discovery rate (q values, applied 
per metabolite and condition [T and DMR context]); TE, transposable element gene.
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close to protein coding genes of seemingly relevant functions. 
A C-DMR was found significantly related to spermidine, 
which has been connected to growth rate in cold conditions 
(Meyer et al. 2007). The gene close to this DMR is a polyga-
lacturonase inhibitor (AT5G23390). Polygalacturonase is in-
volved in determining the softness of the cell wall and has 
been connected to cold acclimation (Takahashi et al. 
2019). Spermidine and other polyamines are known to accu-
mulate at the cell wall during biotic stress (Hura et al. 2015). 
Lysine was found associated with a CG-DMR close to the 
gene LIPID TRANSFER PROTEIN 5 (LTP5). LTP proteins have 
been associated with diverse roles, including stress response 
(Chae et al. 2010).

In general, plant defense response appears to be a 
common function of genes near candidate DMR 
regions, such as AT1G52130 (MANNOSE-BINDING LECTIN 
SUPERFAMILY PROTEIN), AT4G16146 (cAMP-REGULATED 
PHOSPHOPROTEIN 19-related protein), and AT5G45090 
(PHLOEM PROTEIN 2-A7), all three of which are annotated 
with being involved in “defense response.”

When comparing results between the different kinship 
matrices used in the computations (DMR-call-based or 
SNP-based), it is evident that they are highly similar (Tables 
1 and 2). In cases where only analysis with one kinship matrix 
has a significant hit, the respective DMR in the other analysis 
was among the hits with the highest significance, albeit be-
low the significance threshold.

Inspecting EWAS candidate regions for overlaps with 
GWAS-SNPs (q < 0.05) and considering as overlaps segments 
of length 10 kb, no overlaps were found.

RGR is connected to different metabolite pools 
depending on temperature
To investigate correlations between metabolite levels and 
overall RGRs in both growth conditions, stepwise forward lin-
ear regression modeling (under Akaike information criterion 
[AIC] termination criterion) was used to find the strongest 
connection between metabolism and growth. For the 6 °C 
growth condition, the resulting model contained 11 metabo-
lites (in decreasing order of their absolute coefficients (using 
scaled metabolite level data) and with added signs to signify 
positive or negative correlation, respectively): +spermidine, 
+alanine, +trehalose, −serine, −galactinol, −sucrose, 

+phenylalanine, −lysine, −proline, −galactose, and −threitol 
(Pearson correlation of predicted vs. observed RGRs: 
r = 0.63, P = 1.03E−27). Under the 16 °C condition, the 
AIC-terminated stepwise forward linear model contained 
15 metabolites: −serine, −asparagine, +trehalose, +spermi-
dine, +glutamine, −myo-inositol, +galactose, −lysine, +gly-
cine, −lactate, −threitol, −pyruvate, +proline, +threonine, 
and −fructose (r = 0.74, P = 1.4E−43). Comparing the two 
models, 7 metabolites (spermidine, trehalose, threitol, serine, 
lysine, proline, and galactose) correlated with the RGR in 
both conditions, indicating a general connection of growth 
with these metabolites—albeit proline and galactose with 
opposite signs, while galactinol, alanine, sucrose, and phenyl-
alanine occurred only in the model for 6 °C, and glycine, as-
paragine, myo-inositol, pyruvate, glutamine, threonine, 
lactate, and fructose were only contained in the model for 
growth in the 16 °C condition. When performed in a cross- 
validation setting (25 repeats of random 180 training vs. 61 
test set splits of accessions), RGRs were predictable under 
both temperature regimes but with higher accuracy at T =  
16 °C compared to T = 6 °C (Pearson correlation coefficient 
between predicted and actual values of r = 0.46 ± 0.07  [SD] 
[mean p-value = 0.00138] at T = 6 °C and r = 0.62 ± 0.06 
[SD] [mean p-value = 2.649E-6] at T = 16°C).

In addition to stepwise forward modeling, we performed 
ridge regression predictions of RGRs, which handle correlated 
variables better (assignment of significance). Figure 12 shows 
the obtained coefficients for both temperatures. As de-
scribed above for the stepwise forward regression modeling, 
RGRs were associated with related metabolite profiles (cor-
relation of coefficients for the two temperatures r = 0.52 
[P = 0.0009]), albeit pronounced differences were also appar-
ent; e.g. galactose and proline had opposite effects with being 
positively associated with RGR under 16 °C, while negatively 
correlated at T = 6 °C.

Discussion
Natural habitat temperature in the first quarter of 
the year predicts the response of primary metabolism 
in cold grown plants
It has been described earlier that freezing tolerance of cold 
acclimated plants significantly correlates with latitude of 

Table 2. Significant associations of DMRs and metabolite levels, sorted by DMR-type (context) at T = 16 °C

Chromo some Position Metabolite DMR Genes in <2 kb vicinity Q values (FDR)

SNkin DMRkin

4 5038897 Alanine C_DMR AT4G08108 (TE) 0.033 0.032
4 8189392 Glutamine C_DMR AT4G14200 (pentatricopeptide repeat superfamily protein),  

AT4G14210 (phytoene dehydrogenase)
0.004 0.003

4 2170845 Malic acid CG_DMR AT4G04405 (TE) 0.016 0.021
5 12392130 Malic acid CG_DMR AT5G32690 (pseudogene), AT5G32975 (TE) 0.016 0.021
4 7830616 Threonine CH_DMR AT4G13470 (TE) 0.024 0.018

“SNPkin” and “DMRkin” q values refer to significance levels achieved using either genomic SNP-based or DMR-based kinship matrices. FDR, false discovery rate (q values, applied 
per metabolite and condition [T and DMR context]); TE, transposable element gene.
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geographical origin of natural Arabidopsis accessions (Zhen 
and Ungerer 2008; Zuther et al. 2012). In the present study, 
we have shown that the extent of primary metabolism 
response to growth at 6 °C separates Northern from 
Southern accessions and that it is strongly connected to local 
habitat temperatures, in particular temperatures between 
January to March (Q1) (see Figs. 6 and 7). While the general 
direction of separation of metabolic profiles between the 
growth temperature conditions was similar for all included 
accessions (see Fig. 2B), the magnitude of the metabolic re-
sponse to the 6 °C relative to the 16 °C condition was stron-
ger in plants originating from colder climates (Fig. 9). This 
finding suggests that accessions from colder regions can re-
spond more flexibly in their metabolism to low temperature 
than accessions originating from warmer regions. The reason 
for this observation remains speculative here, but it may re-
sult from a differential degree of substrate saturation of 
metabolic enzymes due to a cold-induced increase of protein 
amounts. For Col-0, it has been shown earlier that cold accli-
mation results in significantly increased protein amounts of 
enzymes catalyzing limiting steps of carbohydrate metabol-
ism (Strand et al. 2003). Comparing two natural 
Arabidopsis accessions with distinct cold acclimation capaci-
ties further revealed higher activity of sucrose phosphate syn-
thase enzymes in a more freezing tolerant accession to 
prevent limitation of sucrose biosynthesis and photosyn-
thesis during cold exposure (Nägele et al. 2012).

Climatic range boundaries of A. thaliana distribution were 
shown to be determined by a combination of temperature 

and precipitation (Hoffmann 2002), which can explain the 
connection of temperature in Q1, and metabolic reaction 
to cold. In the present study, however, no significant correl-
ation of metabolic distance and simultaneously temperature 
and precipitation in the same quarter of the year was de-
tected at the original habitat (Fig. 7). This finding suggests 
that even though both temperature and precipitation limit 
the distribution range, the metabolic response to these fac-
tors is generally uncoupled from each other. Additionally, 
the correlation of metabolic distance with original habitat 
temperature was less significant during the warmer part of 
the year, i.e. Q2/3 (Figs. 7 and 8). This allows us to speculate 
that success of germination, flowering, and seed production 
is determined within the first quarter of the year although no 
clear association exists between flowering habit and geo-
graphic distribution (Pigliucci 1998).

Soluble carbohydrates belonging to the raffinose family 
oligosaccharide (RFO) biosynthesis pathway, i.e. sucrose, ga-
lactinol, myo-inositol, and raffinose, significantly accumu-
lated at low temperature but were negatively correlated to 
RGR (Figs. 1A and 12). This indicates a trade-off between 
metabolic acclimation and biomass accumulation. Previous 
studies have demonstrated that soluble sugars positively cor-
relate with the capability of natural accessions to acclimate 
to low temperature and to increase freezing tolerance; see 
e.g. Hannah et al. (2006). However, plant development and 
growth under low temperature result in a different metabolic 
constitution than observed for plants that were shifted from 
ambient to low temperature in mature stage for cold 

Figure 12. Ridge regression of RGR using scaled metabolite level data as predictor variables for the 241 accessions and at the two different growth 
temperatures examined in this study. Coefficients of the 37 metabolites, signifying their importance, at the T = 16 °C and T = 6 °C were correlated at 
r = 0.52 (P = 0.0012). Metabolites are sorted in ascending order of coefficients for T = 6 °C. The regularization parameter lambda was determined in 
cross-validation and taken as the value associated with the observed minimum error in cross-validation.
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acclimation (Strand et al. 1997). In particular, Arabidopsis 
leaves developing at 5 °C accumulated relatively high 
amounts of soluble sugars but, in contrast to cold shifted 
plants, released suppression of photosynthetic genes, which 
the authors discussed to be essential for development of 
full freezing tolerance (Strand et al. 1997). Although CO2 

assimilation has not been measured in the present study, 
evaluating the correlation of metabolites with growth rates 
at 16 °C and 6 °C revealed a significantly positive correlation 
with spermidine and trehalose while phenylalanine only cor-
related positively under 6 °C (Fig. 12). Interestingly, spermi-
dine and trehalose have previously been found to correlate 
positively with growth under 20 °C, while phenylalanine cor-
related negatively under these conditions (Meyer et al. 2007). 
Following the discussion of Meyer et al., who interpreted 
growth-correlated metabolites as positive (or negative) sig-
nals, this would indicate that also under low-temperature 
spermidine and trehalose represent growth-related metabol-
ite pools. Consequently, due to its negative correlation under 
ambient temperature (Meyer et al. 2007) and an absent cor-
relation with growth rate at 16 °C, phenylalanine would re-
present a metabolite which correlates with cold-specific 
growth dynamics. Phenylalanine represents a central meta-
bolic precursor for numerous secondary metabolites, e.g. fla-
vonoids and lignin (Vanholme et al. 2010; Schulz et al. 2016). 
Hence, phenylalanine might even play a more complex role 
than currently assumed and might serve as a central meta-
bolic integrator for growth, development, and stress protec-
tion under low temperature.

The extent of the metabolic response to changing tem-
peratures, and thus plasticity, was predictable from genetic 
variation among the investigated genotypes (Fig. 3). 
Interestingly, the predictability increased from the 16 °C to 
the 6 °C growth condition and showed the best predictability 
for metabolic distance and growth rate (Fig. 3). Metabolic 
distance comprises the sum of all metabolite perturbations 
from reference growth (16 °C) to stressed condition (6 °C). 
Accordingly, it is the most condensed, comprehensive, and 
synergetic parameter for the description of the cold stress re-
sponse in relation to the reference metabolome and, thus, 
corresponds even more to genetic variation than individual 
metabolite concentrations. This indicates the necessity to re-
solve and quantify temperature-induced dynamics of metab-
olism, e.g. by calculating metabolic distances, to reveal a 
genotype × phenotype relationship.

In contrast to the relatively high predictability of metabol-
ite levels using genomic SNP information and using a ridge 
regression approach that (potentially) employs all markers 
(Fig. 3) and the detected relatively high heritabilities of me-
tabolites (Fig. 4), trying to associate polymorphisms (SNPs 
or DMRs) to metabolite levels via GWAS did not, with the 
exception of a strong association for fumarate at 6 °C 
(Fig. 5) and several candidate regions of borderline statistical 
significance, yield strong associations of genomic alterations 
and changed metabolites levels. This discrepancy may have 
two explanations. (i) Metabolite levels may be determined 

in a polygenic fashion, such that a combined influence of 
many regions/genes may exert their effects, which are dis-
cernable via genomic prediction but not GWAS. (ii) Testing 
∼1.7 million SNPs in GWAS and the associated multiple test-
ing correction may wipe out many true associations. It is a 
principal “dilemma” of GWAS that aiming for dense marker 
coverage to increase resolution inevitably lessens the chance 
to detect true associations as studies become underpowered. 
Here, recently introduced approaches to focus on genes, ra-
ther than SNPs via transcriptome-wide association studies 
(TWAS) may be a promising avenue for further pursuits 
(Gamazon et al. 2015; Lan et al. 2021; Li and Ritchie 2021).

Metabolite covariance connects natural genetic 
variation with metabolic regulation
As a consequence of differential metabolite covariances, the 
calculated Jacobian matrices revealed strong differences be-
tween the two growth conditions (Fig. 11). In general, 
Jacobian matrices allow the investigation of causal relations 
between metabolites and point to differences in metabolic 
regulation (Nägele et al. 2014; Weckwerth 2019; Wilson 
et al. 2020). Most pronounced differences in Jacobian entries 
were found in fumarate, glutamate, leucine, spermidine, su-
crose, and raffinose metabolism. Under low temperature, fu-
marate serves as a carbon sink in leaf metabolism of A. 
thaliana, aiding in the acclimatization of photosynthesis to 
a new homeostasis (Dyson et al. 2016). The differential accu-
mulation of fumarate under stress in A. thaliana accessions 
with different cold acclimation potential could already be 
shown in an earlier study (Weiszmann et al. 2018) and 
FUM2 was described to have a strong effect on carbon par-
tition and growth rates in A. thaliana accessions (Dyson 
et al. 2016; Riewe et al. 2016; Saunders et al. 2022). The mito-
chondrial fumarase, FUM1, has previously been shown to 
have a negligible effect on fumarate accumulation across a 
large temperature range (Saunders et al. 2022), which could 
be due to an immediate metabolization within the TCA cy-
cle. Hence, fumarate accumulation in Arabidopsis might re-
quire cytosolic biosynthesis by FUM2 because it enables 
direct transport into the vacuole. Finally, organic acids such 
as fumarate play an important role in regulating the accumu-
lation of solutes within the vacuole by controlling cold in-
duced acidification (Schulze et al. 2012), which makes 
them a good target for metabolic regulation, as indicated 
by the differences in Jacobian matrices.

The score for the influence of ornithine on the metabolic 
function of fumarate additionally points to the plastidial con-
version of ornithine to arginine via ornithine carbamoyltrans-
ferase (OTC), argininosuccinate synthase (ASSY), and 
argininosuccinate lyase (ASL). This transformation is an im-
portant part of nitrogen cycling and homeostasis (Witte 
2011; Planchais et al. 2014). The connection of natural vari-
ation along the gradient of Q1 temperature of origin and 
this pathway is supported by the prevalence of a SNP in 
the L-aspartase-like family protein (ASL) gene (At5g10920), 
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which is highly correlated with temperature of origin 
in >1,000 Arabidopsis accessions (Ferrero-serrano and 
Assmann 2019). This points to differences in the extent of 
regulation of amino acid metabolism caused by low tempera-
ture between accessions originating from colder and acces-
sions originating from warmer climate. It has been shown 
that amino acid metabolism and nitrogen usage have to be 
heavily adjusted under stress conditions to allow survival in 
plants (Guy et al. 2008; Less and Galili 2008; Espinoza et al. 
2010).

Sucrose and raffinose metabolism play a central role in plant 
development, stress response, and growth regulation. Its cyclic 
metabolism, composed of invertase-driven cleavage and 
cytosolic resynthesis, represents an important buffer mechan-
ism against environmental fluctuation (Geigenberger and 
Stitt 1991; Weiszmann et al. 2018; Wienkoop 2008). Hence, 
the observed differences in reaction elasticities connected to su-
crose metabolism point to differences in regulation in this path-
way between plants from warmer and colder habitats. Futile 
cycling of sucrose might stabilize the cellular energy status by 
providing electron acceptor molecules for photosynthesis and 
serve as an efficient mechanism to control carbon partitioning 
(Ruan 2014).

EWAS reveals potential targets for epigenetic 
regulation
EWAS for different DMR—metabolite associations revealed 
potential targets of epigenetic regulation, specifically, for sev-
eral amino/organic acids, fructose, myo-inositol, and the 
polyamine spermidine (Tables 1 and 2). However, further in-
vestigation is needed. With regard to associating methylation 
patterns to metabolite levels, we had to resort to published 
data taken as part of different experiments and conditions 
than tested here. For a subset of 138 accessions only, compar-
able methylome data were available. Furthermore, 
Kawakatsu et al. grew accessions at 22 °C, while metabolite 
data in this study were measured at 16 °C and 6 °C. As methy-
lation is dynamic and potentially condition specific, the 
EWAS results have to be interpreted with caution. 
However, methylation patterns have also been reported to 
be stable. Previously, it was reported that 99.998% of methy-
lated regions are stably inherited across a generation 
(Hofmeister et al. 2017). Abiotic stress response-induced 
methylation patterns have been reported to be stably trans-
ferred between generations, acting as a transgenerational 
memory (Liu and He 2020). Furthermore, a recent study 
shows that using genome-wide single cytosine methylation 
levels, Arabidopsis plants clustered according to their acces-
sion, irrespective of stress condition, specifically in the CG 
and CHG contexts (Lin et al. 2022). Therefore, it seems rea-
sonable to assume that two plants from the same accession 
(ecotype) share a very similar methylation pattern, which in 
turn influences gene expression/stress response compared to 
plants from a different ecotype.

Conclusions
Changes in ambient temperatures have different ecological 
implications in the different growth habitats of 
Arabidopsis. We could show that within a large group of ac-
cessions from diverse growth habitats, there exists a signifi-
cant connection of the temperature at the geographic site 
of origin, especially from January to March, and metabolic 
reaction to cold. This metabolic reaction correlates with gen-
omic and epigenomic information indicating that geno-
type × environment × phenotype information might be 
traceable and predictable by plasticity information about 
metabolism rather than absolute metabolite amounts. 
Finally, the presented data indicate a trade-off between 
metabolic acclimation and biomass accumulation, which 
might result in or be induced by differential accumulation 
of sugars, organic acids, and amino acids.

Materials and methods
Experimental design and plant growth
As described before (Clauw et al. 2022), seeds of natural ac-
cessions (metabolite profiling was successfully conducted on 
241 of the initial 249 accessions; Supplemental Data Set 4) of 
Arabidopsis (A. thaliana) described in the 1001 Genomes 
Project (The 1001 Genomes Consortium 2016) were sown 
on sieved (6 mm) substrate (Einheitserde ED63). Pots were 
filled with 71.5 g ± 1.5 g of soil to assure homogenous pack-
ing. The prepared pots were all covered with blue mats 
(Junker et al. 2015) to enable a robust performance of the 
high-throughput image analysis algorithm. Stratification 
was done for 4 d at 4 °C in the dark, upon which the seeds 
were germinated and seedlings established at 21 °C for 14 
d (relative humidity: 55%; light intensity: 160 µmol m−2 s−1; 
14-h light). The temperature treatments were started by 
transferring the seedlings to either 6 °C or 16 °C. To simulate 
natural conditions temperatures fluctuated diurnally be-
tween 16 °C to 21 °C, 0.5 °C to 6 °C, and 8 °C to 16 °C for re-
spectively the 21 °C initial growth conditions and the 6 °C 
and 16 °C treatments. Relative humidity (55% to 95%) and 
light intensity (160 µmol m−2 s−1) were kept the same 
for all experiments. Daylength was 9 h during the 16 °C 
and 6 °C treatments and 14 h during the 21 °C initial growth 
conditions. Each temperature treatment was repeated 3 
times. Five replicate plants were grown for every genotype 
per experiment. Plants were randomly distributed across 
the growth chamber with an independent randomization 
pattern for each experiment. During the temperature treat-
ments (14 d after sawing [DAS]—35 DAS), plants were 
photographed twice a day (1 h, after/before lights switched 
on/off), using an RGB camera (IDS uEye UI-548xRE-C; 5MP) 
mounted to a robotic arm. At 35 DAS, whole rosettes were 
harvested, immediately frozen in liquid nitrogen and stored 
at −80 °C until further analysis. Rosette areas were extracted 
from the plant images using Lemnatec OS (LemnaTec GmbH, 
Aachen, Germany) software.
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RGRs (units: 1/d) were computed as described before 
(Clauw et al. 2022) from which all generated phenotyping 
data are filed under https://doi.org/10.5281/zenodo. 
6076948 .

Metabolite quantification and profiling via GC-MS
Frozen leaf material of 3 to 4 replicate plants for each acces-
sion and treatment was homogenized in a ball mill (Retsch 
GmbH, Haan, Germany). Polar metabolites were extracted 
and measured on gas chromatography coupled to mass spec-
trometry (GC-MS) as previously described (Weiszmann et al. 
2018), with slight modifications. In brief, homogenized plant 
material was extracted with a methanol–chloroform–water 
(MCW) mixture (2.5/1/0.5, v/v/v) on ice for 15 min, which 
was split in a polar and an apolar fraction by addition of 
water after extraction. Subsequently, pellets were reextracted 
twice using 80% (v/v) ethanol at 80 °C for 30 min. Ethanol 
extracts were combined with the polar phase of the MCW 
extraction and dried in a vacuum concentrator (ScanVac, 
LaboGene, Allerød, Denmark). To compensate technical 
variance in the measurements, 2 internal standards, i.e. 
pentaerythritol and phenyl β-D-glucopyranoside (both 
Sigma-Aldrich), were spiked to the extracts before drying. 
Dry extracts were derivatized by methoximation for 
90 min at 30 °C with methoxylamine hydrochloride (Merck 
KGaA, Darmstadt, Germany) in pyridine and silylation 
for 30 min at 37 °C with N-methyl-N-(trimethylsilyl)trifluor-
oacetamide (MSTFA, Macherey–Nagel, Düren, Germany). 
Measurements were conducted on a LECO Pegasus 
GCxGC-TOF mass spectrometer (LECO Corporation, 
St. Joseph, USA) coupled to an Agilent 6890 gas chromato-
graph (Agilent Technologies, Santa Clara, USA) using an 
Agilent HP-5Ms column (length: 30 m; inner diameter: 
0.25 mm; film: 0.25 mm). For targeted analysis, baseline cor-
rection, chromatogram deconvolution, peak finding, reten-
tion index calculation, and peak area extraction were done 
in the software LECO Chromatof. Retention index calcula-
tion was conducted by measuring a mixture of linear al-
kanes (C12 to C40) with every measurement batch. All 
metabolites included in the targeted analysis were identi-
fied and quantified by measuring a mixture of pure stand-
ard compounds in different concentrations in every 
measurement batch. Areas of each metabolite were normal-
ized to the internal standard with a minimum distance of 
retention time to the metabolite. Internal standard normal-
ized areas were then normalized to the slope of peak areas 
of the corresponding externally measured standard row and 
to sample fresh weight yielding the absolute amount of me-
tabolites (µmol gFW−1). The data table containing all me-
tabolite quantifications can be found in the supplement 
(raw absolute and normalized values, Supplemental 
Data Set 5). Original files are available at MetaboLights, a 
database for metabolomics experiments and derived informa-
tion (https://www.ebi.ac.uk/metabolights/; study identifier 
MTBLS4655).

Metabolite level data normalization
Metabolite level data were further normalized to render their 
distribution Gaussian and to reduce batch and repeat effects. 
Raw absolute metabolite levels of every of the 37 annotated me-
tabolites across all 1,624 samples (241 accessions, 2 temperature 
conditions, and 3 to 5 repeats) were first rendered “normal” by 
applying the function “orderNorm” of the package R-package 
“bestNormalize.” Metabolite profile data of every sample was 
then median-centered, and every metabolite was standardized 
(mean = 0, variance = 1). To lessen replicate and batch effects, 
the function “ComBat” from the R-package “sva” was applied in 
succession. Afterwards, repeat data were aggregated (mean) 
across all repeats, yielding for each of the 37 metabolites a single 
value for all 482 average sample data sets (241 accessions and 
two temperatures).

Absolute and normalized metabolite level data (per sam-
ple and aggregated per accession) are available in 
Supplemental Data Set 5.

MDs
The magnitude of change of metabolite profiles of every ac-
cession was quantified by their metabolic distance 
(Houshyani et al. 2012). The metabolic distance (MD) of a gi-
ven accession, a, is defined as the Euclidean distance between 
its normalized and averaged (over repeats) metabolite profile 
at T6 = 6 °C vs. T16 = 16 °C (Eq. 1):

MDa =
����������������������������n

m=1
(La,m,T6 − La,m,T16 )2,



(1) 

where a is accession, m metabolite, n is the number of meta-
bolites (n = 37), and L refers to metabolite level (value after 
preprocessing and averaging). MD data along with more rele-
vant accession-related information (RGR and climate data) 
are available in Supplemental Data Set 4. Figure 2B illustrates 
all MD values (gray lines) projected onto the first two princi-
pal components (score plot of samples).

Climate data
Climate data (“5-min” resolution, ∼85 km2) were taken from 
the WorldClim Database (Fick and Hijmans 2017), which was 
further used to calculate summary variables as three-month 
means. The worldClim2 data were linked to each natural 
Arabidopsis accession based on longitude and latitude of their 
origin. Two accessions had no valid climate data and were not 
considered in the respective analyses (accession 7471, RLD-1, 
had no geographic location information; accession 9416, 
Kru-3, had no climate information for that location).

Statistical analyses
Statistical analyses were conducted within the free statistical 
software environment R (R Core Team 2019). Data manipu-
lation, summarization, and plotting were conducted using 
the R package “tidyverse” (Wickham et al. 2019).

Stepwise forward linear regression was performed using R 
under AIC-constraint. Ridge and Lasso regression was 
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performed using the R package “glmnet” (Friedman et al. 
2010) with penalty parameter λ (lambda) determined in 
cross-validation runs (no use of the ultimate test data sets).

Genetic heritabilities
Broad-sense heritability, H2, was estimated by applying a 
random-effects model (R package “lmer”) with accessions 
(genotypes) considered the random effect and with H2 =  
Vg/(Vg + Ve), where Vg is the variance associated with geno-
type and (Vg + Ve) estimates the phenotypic variance as the 
sum of genotypic and residual error variance. Metabolite le-
vels were taken as their normalized levels (see above) and 
considering all biological repeats as separate samples (i.e. le-
vels were not averaged per accession).

Narrow-sense heritability, h2, was estimated using the func-
tion marker_h2 (R package “heritability”) using metabolite le-
vels and the computed additive relationship matrix (R 
package “rrBLUP”) as input. The function marker_h2 estimates 
genetic and residual variances using an AI-REML algorithm 
(Gilmour et al. 1995) and reports as an estimator of narrow- 
sense heritability a value introduced as hr

2 in Kruijer et al. 
(2015). Metabolite levels were taken as their preprocessed 
(see above) level values averaged over repeat samples, i.e. one 
value per metabolite, accession, and temperature. As expected 
and shown in this study (Supplemental Fig. S1), h2 correlates 
with the coefficient of determination (r2 with r being the 
Pearson correlation coefficient of rrBLUP predicted and actual 
metabolite levels). We used r2 obtained in a cross-validation set-
ting (180 randomly chosen accessions and predicted metabolite 
levels in the 61 hold-out test set) as a surrogate measure of h2. 
This approach has the advantage of reducing overfitting during 
rrBLUP-based r2 estimates in a self-test (training = test data set). 
Occasionally, occurring negative r values (correlation between 
predicted and actual metabolite levels) were set to 0 to indicate 
no predictability, which, upon inspection, did not introduce any 
artifacts (Supplemental Fig. S1).

Data-driven inverse modeling
Calculation of Jacobian matrices was conducted as previously 
described to reveal whether metabolic covariance informa-
tion reveals conserved metabolic pathway regulation com-
paring 16 °C and 6 °C growth conditions (Nägele 2014; 
Nägele et al. 2014). In brief, covariance data, calculated dir-
ectly from the metabolite concentrations in the 6 °C and 
the 16 °C condition, were connected with biochemical net-
work information and used for an inverse approximation of 
biochemical Jacobian matrices. The inverse calculation of 
Jacobian matrices was conducted 1 × 104 times, and the re-
sulting median was normalized to the inverse variance of 
all calculations. The calculations were done using scripts of 
the toolbox COVAIN (Sun and Weckwerth 2012) in the nu-
merical software environment MATLAB (R2019b).

Metabolic GWAS and genomic prediction
SNP information was obtained from the Arabidopsis 1001 
Genomes Project information portal (SNPEFF file, version 

3.1, fully imputed set). Requiring the minor allele to be pre-
sent in at least 13 accessions (minor allele frequency 
[MAF] > 5% of all 241 accessions) yielded 1,756,214 biallelic 
SNPs and thus a high-resolution set of ∼one SNP per 77 bp 
used for the GWAS computations. For genomic prediction 
purposes, where SNP coverage is of lesser concern, we ren-
dered the SNP data set unique (no repeating SNP profiles 
across the 241 accessions [vectors of length 241 with ele-
ments “1” and “−1”]) and selected from the original data 
set only those that required at most one missing allele to 
be imputed (high confidence set), yielding 16,544 biallelic 
SNPs (one SNP per ∼8 kb). Given a genome size of 
∼135 Mb and considering an average linkage disequilibrium 
(LD) distance of 10 kb (Kim et al. 2007; Perlaza-Jiménez and 
Walther 2018), SNP coverage was deemed adequate for both 
GWAS and genomic prediction purposes. Of note also, while 
more predictor variables (SNPs) may be desirable, here, more 
SNPs would mean to rely more and more on imputed 
(“guessed”) information (most SNPs have missing allele calls, 
i.e. no allele call in certain accessions), possibly leading to false 
conclusions. In addition, we tested the prediction perform-
ance using sets with no imputation (∼4K unique SNPs), at 
most one missing allele (∼16K), and the fully imputed SNP 
set (∼860K unique SNPs) and observed no relevant differ-
ences in metabolite level predictions (Supplemental Fig. 
S4). Alleles were encoded as −1 and 1 to reflect the two dif-
ferent diploid homozygous genotypes.

Genomic prediction was performed applying the best linear 
unbiased predication (BLUP) methodology as implemented in 
the R-package “rrBLUP” (Endelman 2011). Cross-validation 
(split of accessions into training and test population) was per-
formed on 180 (training)/61 (test) random accession splits. As 
a metric of predictability, Pearson correlation coefficients of pre-
dicted versus observed considered target variable (metabolite 
levels, MD, and growth rate) were computed.

GWAS analysis was performed using the GWAS function of 
the R-package “rrBLUP” (Endelman 2011), with a SNP-based 
additive relationship matrix to correct for population struc-
ture as a confounding factor, computed using the A.mat 
function of rrBLUP. q values to estimate false discovery rates 
(FDRs) were computed on the returned GWAS scores, trans-
formed back to P values (P = 10−score), using the R-package 
“qvalue.”

EWAS
Methylation data for 138 accessions were obtained from 
Kawakatsu et al. (2016), GEO accession number GSE43857. 
DMR calls were performed using the methylpy pipeline 
(Schultz et al. 2015). The protocol of Kawakatsu et al. was fol-
lowed. Separate DMR calls for methylation in a CpG context, 
termed CG-DMRs, CHH/CHG context, termed CH-DMRs, and 
both contexts, termed C-DMRs, were performed. This resulted 
in 67,224, 43,773, and 123,881 unique DMRs, respectively. The 
R-package “rrBLUP” (Endelman 2011) was utilized for the asso-
ciation study and applied as described above for GWAS. Input 
was a matrix with columns representing DMR positions and 
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rows representing accessions. If an accession at a DMR pos-
ition was significantly hypermethylated, it was represented 
as “1”; if it was significantly hypomethylated, the cell contained 
“−1,” all other accessions were represented by “0.” DMR and 
genomic SNP (described above) data were used to estimate 
the respective additive relationship matrix to correct for 
population structure as a confounding factor. While testing 
both (DMR-based and SNP-based kinship), the DMR-based 
approach was found to be a better control for the rate of false 
positives than a kinship matrix based on SNP data. A similar 
approach has been applied earlier (Gugger et al. 2016).

Accession numbers
Sequence data from this article can be obtained from 
the Arabidopsis 1001 Genomes Project information portal 
(https://1001genomes.org/).
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