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Abstract

Designing common-garden experiments that both span the adaptive diversity of a species and
remain statistically tractable requires principled accession selection rather than convenience
sampling. Here we document a fully reproducible pipeline that nominates 24 Arabidopsis
thaliana accessions for a factorial drought-by-heat experiment from the 1001 Genomes GMI–
MPI v3.1 release (1,135 natural inbred lines) and WorldClim v2.1 climate normals. We re-
stricted variant extraction to a preregistered panel of 55 drought-, heat-, and phenology-related
genes (±10 kb windows), yielding 15,686 quality-controlled SNPs, and annotated every acces-
sion with four bioclimatic variables at its collection coordinates: maximum temperature of the
warmest month (BIO5, a heat proxy), minimum temperature of the coldest month (BIO6),
and precipitation of the driest month and driest quarter (BIO14, BIO17; drought proxies).
Population structure was diagnosed by principal-component analysis on an LD-pruned marker
set (2,134 SNPs; PC1–PC10 explaining 24.6% of variance), recovering the known continen-
tal structure of the panel and the divergent Relict lineage. Genotype–climate associations
were estimated within each of nine ancestry groups (N ≥ 50), adjusting for the top five PCs
via Frisch–Waugh–Lovell residualization, and combined across groups by inverse-variance-
weighted meta-analysis with Cochran’s Q/I2 heterogeneity statistics. This two-tier structure
control reduced the genomic inflation factor 6–15× relative to a naive pooled model. Locus-
level hypotheses with quantified uncertainty implicated canonical adaptation genes—HSFA2
and FT for heat (BIO5), FLC/ABF2 for cold (BIO6), and NCED3, ABI3, and HSP101
for aridity (BIO14/BIO17). Rather than ranking by association strength alone, we selected
24 accessions by greedy maximin optimization of a combined genotype/climate/ancestry dis-
tance, capturing all nine genetic groups (including two Relicts) and the full climatic range
of the pool. Finally, we specify a 2 × 2 factorial (watering × temperature) randomized com-
plete block design—4 blocks, 384 plants, 16 replicates per accession—with a validated layout
and a mixed-effects analysis plan. We deliver the accession panel, the population-structure
diagnostics, the locus-level hypotheses, and the ready-to-execute experimental design.
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1 Introduction

1.1 Drought and heat as interacting constraints on plant fitness

Drought and high temperature are among the most consequential abiotic constraints on terrestrial
plant productivity and species distributions, and they are projected to intensify and co-occur more
frequently under continued climate change [1, 2]. Critically, the two stresses do not simply add:
plants exposed to simultaneous water deficit and heat mount a molecular response that is distinct
from—and often antagonistic to—the response to either stress alone. In a landmark physiological
study, Rizhsky et al. [3] showed that Arabidopsis thaliana plants under combined drought and
heat close their stomata (a drought response) yet must dissipate heat load (which transpiration
would normally accomplish), leading to leaf temperatures higher than under heat alone and
to a transcriptome dominated by neither single-stress program. This “stress combination” has
since been recognized as a general principle, whereby unique combinatorial responses cannot
be extrapolated from single-factor experiments [2, 4]. Understanding the genetic architecture
of tolerance to combined drought × heat therefore requires experimental designs that explicitly
cross the two factors and that sample the natural allelic variation shaped by these pressures.

1.2 Arabidopsis thaliana as a model for climate adaptation genetics

A. thaliana is an outstanding system for dissecting the genetic basis of climate adaptation. It is
a predominantly selfing annual with a compact, well-annotated genome and a global distribution
spanning Mediterranean, temperate, boreal, and montane climates, so that natural accessions
constitute a natural experiment in local adaptation [5, 6]. The molecular physiology of its stress
responses is exceptionally well characterized. Water deficit is sensed and transduced largely
through the phytohormone abscisic acid (ABA): the rate-limiting biosynthetic enzyme NCED3
controls ABA accumulation under dehydration [7], ABA is perceived by PYR/PYL receptors
that inhibit PP2C phosphatases and release SnRK2 kinases, and downstream bZIP transcription
factors of the AREB/ABF family and AP2/ERF factors such as the DREB2 proteins reprogram
the transcriptome [8–11]. Heat stress is governed by a conserved network of heat-shock transcrip-
tion factors (HSFs) and molecular chaperones: HSFA2 sustains acquired thermotolerance [12], the
master regulators HSFA1a/b/d initiate the response, and the ClpB/HSP100 chaperone HSP101
is essential for survival of severe heat [13–15]. Because temperature also gates the transition to
flowering—through the vernalization repressor FLC, the florigen FT, and thermosensory regula-
tors such as FLM and SVP—phenology genes are integral to the climate-adaptation phenotype
[16]. These mechanistic anchors motivate a candidate-gene panel that jointly covers drought,
heat, and phenology.

1.3 Genomic and climatic resources

Two community resources make climate-informed accession selection feasible. First, the 1001
Genomes Consortium sequenced 1,135 natural inbred lines and released a whole-genome variant
catalog (the GMI–MPI v3.1 imputed SNP matrix) together with ADMIXTURE-based ancestry
assignments that partition the panel into nine geographic groups plus an “Admixed” class, and
that isolate a deeply divergent Relict lineage (n = 25) surviving in glacial refugia of Iberia
and North Africa [17–19]; complementary epigenomic profiling of the same collection further
documents heritable variation layered on this structure [20]. Second, WorldClim provides high-
resolution interpolated climate surfaces, including 19 “bioclimatic” variables that summarize
temperature and precipitation seasonality; version 2.1 improves accuracy relative to the origi-
nal release [21, 22]. Georeferencing each accession against WorldClim yields a provenance climate
vector that serves both as a phenotype for genotype–environment association and as a selection
axis.
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1.4 From association to design: why maximin diversity

Beginning with genome-wide association studies of large accession panels [23], a substantial body
of work has mapped climate-associated alleles in A. thaliana and demonstrated that such alleles
predict fitness in the field [24–28]. However, a persistent methodological hazard is that genotype
and environment are both structured by shared ancestry, so unadjusted associations are inflated by
population stratification [29–31]. Equally important for experimental design, selecting accessions
by association strength alone tends to over-represent a few haplotypes and geographic regions,
collapsing the very diversity a common garden is meant to interrogate and sacrificing power
for genotype-by-environment (G×E) inference [32, 33]. We therefore separate the two goals:
we estimate ancestry-controlled genotype–climate associations to generate falsifiable locus-level
hypotheses, but we select accessions to maximize joint diversity across genotype, provenance
climate, and ancestry, using a maximin (max–min distance) criterion. This report documents
the complete pipeline and delivers four products requested for the drought-by-heat study: (i)
the 24-accession panel; (ii) locus-level hypotheses with uncertainty; (iii) population-structure
diagnostics; and (iv) a factorial drought × heat experiment with matched controls.

2 Methods

2.1 Accession metadata and climate extraction

The 1001 Genomes accession table (identifier, name, CS number, country, latitude/longitude,
collector, sequencing centre, and ADMIXTURE group) was obtained for all 1,135 accessions;
group labels follow the nine-group + Admixed scheme of Alonso-Blanco et al. [17], including the
25-member Relict lineage. WorldClim v2.1 1970–2000 climate normals (2.5-arc-minute resolution)
were downloaded, and only the four bioclimatic layers relevant to the drought-by-heat design were
retained (Table 1). Each accession’s four bioclimatic values were sampled from the rasters at its
collection coordinates with a nearest-valid-pixel fallback (search radius ≤ 10 pixels) for coastal or
masked points. Extraction quality was confirmed by internal consistency checks that must hold
by definition: BIO5 ≥ BIO6 for 100% of georeferenced accessions, and BIO17 (driest quarter)
≥ BIO14 (driest month) for 100%. Of 1,135 accessions, 1,131 received complete climate vectors;
four laboratory/reference strains lacking wild collection coordinates were flagged and excluded
from all climate-based analyses.

Table 1: The four WorldClim v2.1 bioclimatic variables used as provenance-climate axes. BIO5 is
the heat proxy; BIO14 and BIO17 are drought (aridity) proxies; BIO6 captures winter cold.

Variable Definition Role in design Pool range

BIO5 Max. temperature of warmest month Heat stress proxy 7.9–36.0 °C
BIO6 Min. temperature of coldest month Winter cold −29.3–17.4 °C
BIO14 Precipitation of driest month Acute drought proxy 0–109 mm
BIO17 Precipitation of driest quarter Seasonal drought proxy 0–340 mm

2.2 Preregistered gene panel and variant extraction

A preregistered panel of 55 genes was curated from the abiotic-stress and flowering-time literature
and stratified into three functional categories: 23 drought/ABA-signaling genes (e.g. NCED3,
ABF2, ABF3, ABF4, DREB2A, DREB2B, the CBF1–3 tandem, PYR1, OST1, RD29A/B),
15 heat-response genes (heat-shock factors HSFA1a/b/d, HSFA2, HSFA3, HSFA6b, HSFA7a,
HSFB1, and chaperones HSP101, HSP90-1/2, HSP70-1, small HSPs), and 17 phenology genes
(FLC, FRI, FT, SOC1, CO, GI, FLM, SVP, PHYB, VIN3, and others). TAIR10 coordinates
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were resolved by batch lookup against Ensembl Plants (Araport11 annotation) and cross-checked
against the curated symbols; the 12 mismatches were all recognized synonyms (e.g. DREB1A=CBF3,
LTI78=RD29A, MAF1=FLM). Each gene was extended by ±10 kb flanks to capture proximal
cis-regulatory variation.

Genotypes were extracted from the GMI–MPI v3.1 imputed binary SNP matrix (10.7 M
SNPs × 1,135 accessions). Because A. thaliana accessions are near-fully homozygous inbred
lines, genotypes are effectively haploid and were coded as ALT-allele dosage (0 = homozygous
reference, 1 = homozygous alternate; no heterozygous class). Within the 55 gene windows, 89,760
candidate SNPs were reduced to 15,686 after quality control (biallelic; missingness ≤ 10%; minor-
allele frequency ≥ 0.05), with 74,074 dropped for low MAF and none for missingness (the matrix
is imputed). Every gene retained ≥ 83 SNPs. Post-QC MAF ranged from 0.050 (median 0.173)
to 0.500.

2.3 Population-structure diagnostics

Population structure was diagnosed by principal-component analysis (PCA) on the gene-panel
genotypes. To prevent tight clusters of correlated SNPs within the ±10 kb windows from domi-
nating the axes, we first applied PLINK-style [34, 35] sliding-window linkage-disequilibrium (LD)
pruning (window = 50 SNPs, step = 5, pairwise r2 threshold = 0.2), which retained 2,134 of
15,686 SNPs (13.6%). The pruned matrix was standardized (centered and scaled to unit vari-
ance) and decomposed with a randomized SVD solver (scikit-learn, 10 components, random
state 42). The full 15,686-SNP matrix was preserved for association mapping. Because PCA
here is computed on a targeted candidate-gene panel rather than genome-wide random mark-
ers, the resulting axes are used strictly as covariates to control for structure, not as a definitive
genome-wide ancestry estimate.

2.4 Ancestry-controlled association and meta-analysis

Genotype–climate associations were estimated for all 15,686 SNPs against each of BIO5, BIO6,
BIO14, and BIO17 under a two-tier structure-control scheme motivated by the mixed-model
and principal-component corrections standard in GWAS [29–31, 36, 37]. First, analyses were
stratified within each of the nine major ancestry groups with N ≥ 50 accessions (Central Eu-
rope 181, Germany 171, South Sweden 156, Admixed 136, Western Europe 117, Spain 110,
Italy/Balkan/Caucasus 92, Asia 79, North Sweden 64); the Relict group (n = 25) was excluded
from association testing for low power but retained for selection. Second, within each group the
per-SNP model

Y = β0 + βSNP SNP +
5∑

k=1
γk PCk + ε (1)

was fit for each climate variable Y . Using the Frisch–Waugh–Lovell theorem, Y and every SNP
were residualized on Z = [1, PC1, . . . , PC5], and βSNP was recovered as the univariate slope of
residualized Y on residualized SNP—identical to full OLS but vectorized across all SNPs (residual
df = Ngroup − 7). Monomorphic SNPs within a group were set to missing and dropped from that
group’s contribution.

Group-level estimates were combined by fixed-effect inverse-variance-weighted (IVW) meta-
analysis [38]: with weights wg = 1/SE2

g,

β̂meta =
∑

g wgβ̂g∑
g wg

, SEmeta =
√

1∑
g

wg
, z = β̂meta

SEmeta
, (2)

with two-sided p-values from the standard normal. Between-group heterogeneity was quantified
by Cochran’s Q and I2 = max

(
0, Q−df

Q

)
× 100 [39]. Multiple testing was controlled per climate
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variable with the Benjamini–Hochberg false-discovery rate (FDR); Bonferroni counts are also
reported. Residual population-structure confounding was assessed with the genomic inflation
factor λGC [40], contrasting the PC-controlled within-group meta-analysis against a naive pooled
model with no PC adjustment.

2.5 Maximin diversity selection

Accession selection maximized diversity across three spaces simultaneously rather than ranking
by association strength. For the 1,131 candidates with complete climate data, three Euclidean
distance matrices were computed: (i) genetic distance on the per-SNP standardized 15,686-
SNP matrix; (ii) climate distance on standardized BIO5/BIO6/BIO14/BIO17; and (iii) ancestry
distance on the top three PCs. Each matrix was normalized by its maximum to [0, 1] and combined
with equal weights, Djoint = (Dgen + Dclim + Danc)/3. A deterministic greedy maximin algorithm
was then run: initialize with the pair of accessions at maximum joint distance, and iteratively add
the accession that maximizes its minimum joint distance to the already-selected set until 24 are
chosen (ties broken by lowest index). This “max–min dispersion” criterion spreads the panel to
the periphery and interior of the joint space, ensuring coverage of divergent lineages and climatic
extremes.

2.6 Factorial drought × heat design

The 24 nominated accessions were assigned to a 2 × 2 factorial experiment crossing watering
(well-watered, 60% soil water content [SWC]; vs. drought, 30% SWC) with temperature (con-
trol, 22 °C day / 18 °C night; vs. heat, 38 °C for 6 h/day during the light period, otherwise
22 °C), yielding four treatments: Control (C), Drought (D), Heat (H), and Combined (DH).
The design is a randomized complete block design (RCBD) with four blocks (benches); each
block contains exactly one replicate of every accession × treatment combination (96 plants ar-
ranged in an 8 × 12 grid), for 24 × 4 × 4 = 384 plants and 16 replicates per accession. Within
each block, the 96 accession × treatment cells were independently assigned to grid positions
with numpy.random.default_rng(42).permutation, so that physical positions are randomized
independently per block to absorb micro-environmental gradients. The design was validated pro-
grammatically (see Section 3.6). All steps used a fixed random seed (42) for full reproducibility.

3 Results

3.1 Climatic breadth of the source panel

Georeferencing the 1,135 accessions against WorldClim confirmed the wide environmental enve-
lope of the species (Figure 1). Across the georeferenced pool, the heat proxy BIO5 ranged from
7.9 to 36.0 °C, winter cold BIO6 from −29.3 to 17.4 °C, and the drought proxies from 0 to 109 mm
(BIO14) and 0 to 340 mm (BIO17). This range spans hyper-arid, near-zero dry-season precipi-
tation sites (e.g. the Cape Verde Relict Cvi-0) through cold continental Asian and Scandinavian
provenances, providing the raw variation that the selection step exploits.
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Figure 1: Geographic distribution of the 1,135 1001 Genomes accessions, colored by the heat proxy
BIO5 (maximum temperature of the warmest month). The panel spans the Eurasian and North
African native range plus introduced North American sites, capturing a broad temperature and aridity
gradient that underpins climate-informed selection.

3.2 Gene panel and variant catalog

The preregistered 55-gene panel resolved cleanly to the five nuclear chromosomes and yielded
a dense, evenly distributed variant catalog: after QC, 15,686 SNPs remained, with every gene
contributing ≥ 83 variants (Figure 2a). SNP counts per gene reflected window size and local
polymorphism, ranging from 83 (RD29B) to 797 (DREB2B); drought, heat, and phenology cat-
egories were all well represented. The post-QC minor-allele-frequency spectrum was typical of a
common-variant panel, with a median MAF of 0.173 and no missing calls owing to imputation
(Figure 2b). This catalog provides both the association substrate and the standardized genotype
space used for maximin selection.
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(a) (b)

Figure 2: Variant catalog for the 55-gene panel. (a) Quality-controlled SNP counts per gene, colored
by functional category (drought, heat, phenology). (b) Minor-allele-frequency distribution of the
15,686 retained SNPs (median 0.173).

3.3 Population-structure diagnostics

LD pruning retained 2,134 informative SNPs, on which PCA recovered the expected continental
structure of the panel. The leading axes explained modest but interpretable variance—PC1 6.68%,
PC2 4.27%, PC3 2.89%, PC4 2.46%, with the top ten components summing to 24.6% (Table 2;
Figure 3)—and the scree plot showed an elbow after roughly PC4–PC5, justifying the use of five
PCs as association covariates. In the PC1–PC2 plane the Asian, Spanish, and Swedish groups
separated along recognizable geographic gradients, while all 25 Relict accessions sat distinctly
apart from the main European/admixed cloud (Figure 4), consistent with their status as a deeply
divergent, refugial lineage [17, 18]. The PC ordering matched the accession list exactly, and the
diagnostics confirm that structure is strong enough to require correction in the association step.
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Table 2: Population-structure summary. Left: composition of the panel by ADMIXTURE genetic
group. Right: variance explained by the leading principal components of the LD-pruned marker set.

Genetic group n accessions

Central Europe 184
Germany 171
South Sweden 156
Admixed 137
Western Europe 117
Spain 110
Italy, Balkan and Caucasus 92
Asia 79
North Sweden 64
Relict 25

Total 1,135

PC Var. (%) Cum. (%)

PC1 6.68 6.68
PC2 4.27 10.95
PC3 2.89 13.84
PC4 2.46 16.30
PC5 1.87 18.17
PC6 1.62 19.79
PC7 1.45 21.24
PC8 1.33 22.57
PC9 1.05 23.62
PC10 0.99 24.62

Figure 3: Scree plot of per-PC and cumulative variance explained by PCA on the LD-pruned (2,134-
SNP) genotype matrix. The elbow after PC4–PC5 supports using five PCs as covariates in the
association model.

Figure 4: Principal-component structure of the 1,135 accessions, colored by ADMIXTURE genetic
group, for PC1–PC2 (left) and PC3–PC4 (right). The 25 Relict accessions (highlighted) separate from
the main European/admixed cloud, and continental groups (Asia, Spain, Sweden) resolve along the
leading axes.
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3.4 Ancestry-controlled associations and locus-level hypotheses

Association testing across nine groups and four climate variables produced signals concentrated at
biologically coherent loci. The two-tier structure control was effective: the genomic inflation factor
of the PC-controlled within-group meta-analysis was 2.53 (BIO5), 2.67 (BIO6), 2.58 (BIO14),
and 2.75 (BIO17), a 6–15× reduction from the naive pooled no-PC model (20.9, 40.1, 16.0,
18.6, respectively). We emphasize that a residual λGC > 1 is expected and not a red flag here,
because all 15,686 SNPs lie inside 55 candidate climate-adaptation genes in strong local LD—
violating the genome-wide null of “most markers unassociated” on which λGC is premised—so the
residual elevation reflects genuine polygenic enrichment at candidate loci rather than uncontrolled
stratification (Figure 6). At FDR < 0.05, 901 (BIO5), 995 (BIO6), 1,131 (BIO14), and 1,146
(BIO17) SNPs were significant; the corresponding Bonferroni counts were 178, 19, 116, and 96.

The Manhattan profiles (Figure 5) and the ranked hits (Table 3) point to a small set of
high-confidence, falsifiable locus-level hypotheses. For the heat proxy BIO5, the strongest sig-
nals fell in HSFA2—the heat-shock factor required for acquired thermotolerance [12]—and in the
florigen FT, the canonical thermosensory flowering gene; the cold/dehydration CBF1–3 tandem
also surfaced. For winter cold (BIO6), the vernalization repressor FLC [16] and the ABA reg-
ulator ABF2 led, alongside HSFB1 and the autonomous-pathway gene FCA. For both drought
proxies (BIO14, BIO17), the ABA-biosynthesis enzyme NCED3 [7] and the seed/ABA regulator
ABI3 produced the strongest drought-category hits, with the thermotolerance chaperone HSP101
[13] and the thermosensory flowering repressor FLM also prominent—consistent with the tight
coupling between water availability, heat, and flowering time in Mediterranean climates. Each
hypothesis is reported with its effect size, standard error, p-value, FDR, and I2 heterogeneity
(Table 3); the generally high I2 at the top loci indicates that effect magnitudes—though direc-
tionally consistent—vary among ancestry groups, itself an argument for a diverse experimental
panel able to test G×E.
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Figure 5: Manhattan plots of the ancestry-controlled IVW meta-analysis for the four bioclimatic
variables. Points are SNPs positioned by genomic coordinate within the 55 gene windows and colored
by functional category; horizontal lines mark the Benjamini–Hochberg FDR and Bonferroni thresholds.
Peak genes are labeled.
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Figure 6: Quantile–quantile plots for the four climate variables, annotated with the genomic inflation
factor λGC. The null-aligned bulk with a strong true-signal tail is consistent with a candidate-gene
panel in local LD (see text).
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Table 3: Representative locus-level hypotheses with quantified uncertainty. For each bioclimatic vari-
able, top SNPs (by meta-analysis p) are shown with the annotated gene and category, meta-analytic
effect (β̂meta, in climate units per ALT allele) and standard error, two-sided p, Benjamini–Hochberg
FDR, Cochran’s I2 (% between-group heterogeneity), and the number of contributing groups. High
I2 flags effect-size variation among ancestry groups.

Clim. SNP Gene Cat. β̂ SE p FDR I2 ng

BIO5 Chr1:24334966 FT Phen. −0.75 0.08 4.8 × 10−20 7.5 × 10−16 90.9 9
BIO5 Chr2:11142985 HSFA2 Heat 0.78 0.09 4.0 × 10−19 3.1 × 10−15 90.0 9
BIO5 Chr4:13022353 CBF1–3 Drought 0.75 0.11 1.2 × 10−11 8.5 × 10−9 91.3 9
BIO5 Chr3:9001921 ABI3 Drought 0.48 0.07 6.9 × 10−11 4.5 × 10−8 0.0 9

BIO6 Chr5:3173943 FLC Phen. 0.89 0.14 4.2 × 10−10 6.7 × 10−6 71.5 8
BIO6 Chr1:17171855 ABF2 Drought −0.95 0.17 9.1 × 10−9 6.7 × 10−5 60.7 9
BIO6 Chr4:17441431 HSFB1 Heat −1.17 0.21 1.3 × 10−8 6.7 × 10−5 67.5 5
BIO6 Chr4:9213695 FCA Phen. −2.26 0.42 7.8 × 10−8 2.5 × 10−4 31.9 7

BIO14 Chr3:4843672 NCED3 Drought −5.44 0.60 7.6 × 10−20 6.7 × 10−16 90.6 8
BIO14 Chr1:27934049 HSP101 Heat −8.63 1.02 1.9 × 10−17 7.5 × 10−14 71.1 8
BIO14 Chr3:9009321 ABI3 Drought −4.72 0.57 1.6 × 10−16 5.1 × 10−13 89.8 9

BIO17 Chr1:27934046 HSP101 Heat −27.20 3.06 6.6 × 10−19 5.2 × 10−15 67.5 8
BIO17 Chr3:4843672 NCED3 Drought −15.54 1.87 8.2 × 10−17 3.5 × 10−13 88.4 8
BIO17 Chr1:28966182 FLM Phen. −22.45 2.77 5.6 × 10−16 1.5 × 10−12 86.8 9

3.5 The 24 nominated accessions

Greedy maximin optimization of the equally weighted genotype/climate/ancestry distance nomi-
nated the 24 accessions in Table 4. The panel achieves the design goal of broad, balanced diversity:
it spans all nine genetic groups, including two Relict accessions (the Cape Verde island line
Cvi-0 and the Iberian IP-Sne-0), and it captures the climatic extremes of the source pool—the
selected minimum and maximum equal the full-pool range for BIO6, BIO14, and BIO17, and ap-
proach it for BIO5. The minimum pairwise joint distance among the 24 was 0.384 and the mean
was 0.564 (on the [0, 1]-normalized scale), confirming that no two accessions are redundant and
that the set is well dispersed. Figures 7a and 7b show the selected accessions highlighted against
the candidate pool in climate space (BIO5 vs. BIO14) and ancestry space (PC1 vs. PC2), respec-
tively, and Figure 8 shows the clustered joint-distance matrix among the 24, visually confirming
near-uniform separation.
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(a) (b)

Figure 7: Maximin selection in two of the three optimization spaces. (a) Climate space (BIO5
vs. BIO14): the 24 selected accessions (red) tile the periphery and interior of the candidate cloud.
(b) Ancestry space (PC1 vs. PC2): selected accessions (circled) are drawn from every genetic group,
including the divergent Relict lineage.

Figure 8: Clustered heatmap of pairwise joint (genotype+climate+ancestry) distances among the
24 nominated accessions. Uniformly high off-diagonal distances (minimum 0.384, mean 0.564 on the
normalized scale) confirm that the panel contains no redundant pairs.

3.6 Factorial drought × heat layout

The 24 accessions were assigned to the 2 × 2 factorial RCBD summarized in Table 5. The four
treatments (Control, Drought, Heat, Combined) cross well-watered vs. drought irrigation with
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control vs. heat-shock temperature, so that the Combined arm and its three matched controls
permit formal partitioning of drought main effects, heat main effects, and—critically—the drought
× heat interaction. The design places one replicate of each of the 96 accession × treatment cells
in each of four blocks (8 × 12 benches), for 384 plants, 16 per accession and 96 per treatment,
with positions randomized independently within each block (Figure 9). All balance and integrity
constraints passed: 384 unique plant IDs, exactly 96 plants per block and per treatment, exactly
16 plants per accession, one replicate of every accession × treatment combination per block, and
zero duplicate grid positions (Table 5).

Table 5: Factorial drought × heat design (RCBD) and its validation. SWC, soil water content.

(a) 2 × 2 treatment structure

Treatment Watering Temperature

Control (C) Well-watered, 60% SWC 22/18 °C
Drought (D) Drought, 30% SWC 22/18 °C
Heat (H) Well-watered, 60% SWC 38 °C for 6 h/day
Combined (DH) Drought, 30% SWC 38 °C for 6 h/day

(b) Design parameters

Quantity Value

Accessions 24
Treatments 4
Blocks 4
Reps / cell 4
Plants / block 96
Plants / treatment 96
Plants / accession 16
Total plants 384
Duplicate positions 0
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Figure 9: Randomized complete block layout for the four benches (blocks). Each of the four 8 × 12
grids holds one replicate of every accession × treatment combination; cells are colored by treatment
(Control, Drought, Heat, Combined) and labeled by accession. Positions were randomized indepen-
dently per block (seed 42) to control micro-environmental gradients.

4 Discussion

4.1 Statistical power and the analysis plan

The delivered design is powered for its primary questions. Each of the four treatments is rep-
resented by 96 plants (24 accessions × 4 blocks), which affords high power to detect watering
and temperature main effects and their interaction across the panel; the drought × heat inter-
action contrast—the biologically novel quantity [3, 4]—is estimated from all 384 plants. The
planned primary analysis is a linear mixed-effects model, response ∼ watering * temperature
* genetic_group + (1|block), in which the random block effect absorbs bench-level micro-
environmental variation and shrinks noisy per-accession contrasts; a two- or three-way ANOVA
with block as a fixed factor is the simpler alternative when variance components are not of in-
terest. Effects will be reported as estimates with 95% confidence intervals alongside p-values,
and accession- or trait-level multiplicity will be controlled by Benjamini–Hochberg FDR. Per-
accession G×E contrasts rely on four biological replicates per cell (one per block); these are
best interpreted through the mixed-model shrinkage rather than as independent per-accession
tests, and the panel’s deliberate ancestry and climate spread maximizes the leverage available for
detecting genotype-dependent stress responses [32, 33].
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4.2 Biological interpretation of the locus-level hypotheses

The association results are notable less for discovery than for their face validity, which is ex-
actly what a candidate-panel design should provide: strong, ancestry-controlled signals recovered
the textbook regulators of each stress axis. The appearance of HSFA2 and HSP101 as leading
hits for the heat and aridity proxies is consistent with their established, non-redundant roles in
acquired thermotolerance and survival of severe heat [12–14], while NCED3 and ABI3 for the
drought proxies reflect the centrality of ABA biosynthesis and signaling to water-deficit adap-
tation [7–9]. The recurrence of phenology genes—FT and FLM with temperature, FLC with
winter cold—echoes the well-documented coupling of flowering time to climate in this species,
whereby drought escape via accelerated flowering is itself an adaptive strategy [16, 25, 41]. The
generally high between-group heterogeneity (I2) at the top loci is itself informative: allelic effects
on climate association differ among ancestry groups, implying that a single-population experi-
ment would give a partial and potentially misleading picture, and reinforcing the rationale for
a maximally diverse common-garden panel. Because these are provenance-climate associations
rather than experimental phenotypes, they constitute hypotheses—for example, that ALT alleles
at the NCED3 and HSP101 loci confer measurable differences in water-use or thermotolerance
phenotypes—that the factorial experiment is expressly designed to test.

4.3 Why maximin rather than top-hit selection

Selecting accessions by association strength alone would have concentrated the panel on a few
haplotypes at the extreme of each climate gradient and under-sampled the ancestry axis, un-
dermining both generalizability and the ability to separate causal alleles from their genomic
background [29, 32]. The maximin criterion instead treats diversity as the objective, and the
outcome bears this out: the 24 accessions cover all nine genetic groups and both Relict sub-
lineages, and they reproduce the full pool range on three of four climate axes. This breadth is
the strongest guarantor that treatment effects estimated in the common garden will generalize
across the species and that G×E, if present, will be detectable. The equal 1:1:1 weighting of
the genotype, climate, and ancestry distances is a transparent default; investigators who wish to
emphasize, say, climatic contrast could re-weight the components without altering the rest of the
pipeline.

4.4 Limitations

Several caveats bound the interpretation. First, provenance climate is a coarse, static proxy:
WorldClim normals describe 1970–2000 averages at the collection coordinate and cannot capture
microhabitat, phenological timing of stress exposure, or recent change, so genotype–climate asso-
ciations index long-run adaptation rather than the imposed experimental stresses [22]. Second,
the association analysis is deliberately restricted to a candidate panel in strong local LD; this
maximizes prior biological relevance but means the reported SNPs tag gene regions rather than
pinpoint causal variants, and the elevated λGC must be read in that light rather than as a genome-
wide confounding metric [40]. Third, the fixed-effect IVW meta-analysis assumes independent
group-level estimates and summarizes heterogeneity post hoc via I2; a random-effects model
would widen intervals where I2 is high. Fourth, the Relict lineage was excluded from association
testing for low power (n = 25) even though two Relicts were retained for the experiment—so no
climate-association hypotheses are offered specifically for those accessions. Fifth, ancestry-group
labels derive from ADMIXTURE assignments with a 60% ancestry threshold and are therefore
coarse; the “Admixed” class in particular is heterogeneous [17]. Finally, four biological replicates
per accession × treatment cell provide robust power for panel-level effects but limited power
for individual per-accession contrasts, which should be treated as exploratory and validated in
follow-up.
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4.5 Conclusion

We have delivered a complete, reproducible pipeline—from the 1001 Genomes and WorldClim
resources to a validated bench layout—that nominates 24 A. thaliana accessions for a factorial
drought-by-heat common-garden experiment. By controlling genotype–climate associations for
ancestry within groups and meta-analyzing across them, the pipeline generates well-calibrated
locus-level hypotheses centered on the canonical drought (NCED3, ABI3, ABF2 ), heat (HSFA2,
HSP101 ), and phenology (FT, FLC, FLM ) machinery. By selecting on maximin diversity rather
than association rank, it produces a panel that spans the species’ ancestry and climatic breadth.
The resulting 2 × 2 factorial RCBD, with matched controls and 16 replicates per accession,
is ready to execute and analyze under the specified mixed-effects framework. Together these
products convert genomic and climatic data into an actionable, hypothesis-driven experiment on
the genetics of combined-stress tolerance.

Data and code availability

All analyses used publicly available data: the 1001 Genomes GMI–MPI v3.1 imputed SNP ma-
trix and accession metadata [17], and WorldClim v2.1 1970–2000 bioclimatic normals [22]. The
workflow is organized as numbered, seed-fixed (42) scripts producing the accession–climate ta-
ble, the gene-panel genotype matrix and per-SNP metadata, the LD-pruned matrix and principal
components, the full meta-analysis table and top-loci summary, the 24-accession nomination, and
the 384-plant experimental layout, each accompanied by a machine-readable JSON summary and
diagnostic figures reproduced in this report.
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