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Abstract 21 

Identifying adaptive genetic variation is a key goal for plant breeding and predicting species responses 22 
to climate change. Here, we measured 14 leaf and stomatal traits under control (well-watered) and 23 
drought conditions, subsampling a diversity collection of over 1,300 Populus trichocarpa genotypes, a 24 
potential biofuel feedstock crop. Stomatal traits were correlated with genotypes’ climate of origin, with 25 
those originating from more arid environments tending to have smaller stomata but with higher density. 26 
Genome-Wide Association Studies (GWAS) identified loci underlying this trait diversity. Most notably, we 27 
discovered a major-effect locus associated with stomatal size and abaxial contact angle (a proxy for 28 
cuticular wax) on chromosome 10 localizing to a tandem array of β-ketoacyl-CoA synthases (KCS) genes. 29 
The functional relevance and adaptive value of this locus was further supported by analyses of RNAseq 30 
and climate-allele associations. We found evidence that future climates may select for the KCS allele 31 
linked to smaller stomata, with the strength of selection depending on changes in aridity. These findings 32 
reveal adaptive variation in stomatal and physiological traits along with underlying genetic loci, with 33 
implications for evolution and breeding - providing insights into the responses to future climate change.  34 
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Highlight 37 

Research on Populus trichocarpa reveals adaptation of physiological and stomatal traits linked 38 
to drought tolerance, with genotypes from arid regions exhibiting smaller stomata and identifies 39 
a key genetic locus for stomatal size, of significance climate change adaptation and sustainable 40 
biofuel production. 41 

Abbreviations 42 

CID: Carbon Isotope Discrimination 43 
CO2: Carbon dioxide 44 
SLA: Specific leaf area (Leaf surface area [mm2]/ dry mass [mg]) 45 
δ13C: ratio of the two stable isotopes of carbon 13C and 12C, a proxy for water use efficiency 46 
GWAS: Genome-wide association study 47 
NDVI: Normalized difference vegetation index 48 
PRI: Photochemical Reflectance Index 49 
RGR: Relative Growth Rate 50 
PWC: Proportional Water Content 51 
SAF: sustainable aviation fuel 52 
WUE: Water-use efficiency 53 

Introduction 54 

Altered rainfall patterns and rising temperatures are intensifying drought depth and occurrence, 55 
jeopardizing agricultural output (Cook et al., 2018; Dai, 2012; Food and Agriculture Organization of the 56 
United Nations et al., 2018). Moreover, in anticipation of the emerging circular bioeconomy, there is a 57 
growing need for fast-growing non-food trees and grasses (Clifton-Brown et al., 2019; Somerville et al., 58 
2010) that can both grow on marginal lands (Hoegh-Guldberg et al., 2018; Mehmood et al., 2017; Schmidt 59 
et al., 2015) and tolerate drought and limited nutrient inputs. Consequently, a pivotal challenge is to 60 
achieve economically viable yields on marginal lands, in the face of limited water availability (Hoegh-61 
Guldberg et al., 2018; Taylor et al., 2019). Given these challenges, it is crucial to study the physiology 62 
and genetics of climate adaptation in potential biofuel crops like poplar (Populus spp). Understanding the 63 
genetic basis and adaptive value of ecophysiological traits can facilitate the development of varieties that 64 
are resilient to arid climates (Blumstein et al., 2020; Savolainen et al., 2013; Stapley et al., 2010). 65 

Collections of diverse genotypes of natural populations in common gardens, originating from 66 
wide-ranging environments, are invaluable resources to address these challenges (Taylor et al., 2024). 67 
Such collections enable the identification of links between traits and their climates of origin, shedding 68 
light on the adaptive value of phenotypic diversity. This can inform predictions of which traits are suitable 69 
for dry climates and guide the selection of genotypes for cultivation in arid regions. Additionally, the 70 
genetic basis of these traits can be elucidated through this genomic diversity. This exploration is essential 71 
for pinpointing genetic markers that can be used to accelerate breeding programs and conservation 72 
efforts.  73 

Stomatal traits are central to plant water management and exhibit natural variation in size and 74 
density, which have been linked to climate of origin (Beerling & Woodward, 2008; Franks & Beerling, 75 
2009). Smaller and denser stomata, for instance, have often been observed in genotypes from drier 76 
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climates, suggesting an evolutionary adaptation to aid water conservation and improve plant water-use 77 
efficiency (WUE) (McKown et al., 2019; McKown, Guy, Klápště, et al., 2014; McKown, Guy, Quamme, et 78 
al., 2014). This assocation underscores the importance of stomata in local adaptation (Dittberner et al., 79 
2018; Doheny-Adams et al., 2012; Franks et al., 2009; Kardiman & Ræbild, 2018; Ohsumi et al., 2007; 80 
Sun et al., 2014). However, the scope of leaf traits influencing water dynamics extends beyond stomata 81 
(McKown, Klápště, et al., 2014). Leaf area, leaf mass, specific leaf area (SLA), photosynthetic potential, 82 
surface wettability, and integrated rather than instantaneous WUE form an intricate network that 83 
characterizes plant interaction with the environment. Each trait contributes to a plant’s ability to conserve 84 
water, optimize photosynthesis, and survive in varying conditions of water availability (Benavides et al., 85 
2021). Trade-offs between traits that impact water loss and carbon gain are well known, for example, 86 
smaller leaves with higher SLA may transpire less water, and larger leaves might capture more light, 87 
balancing the trade-offs between water conservation and energy acquisition (Franks & Beerling, 2009; 88 
Hetherington & Woodward, 2003; Z. Liu et al., 2020; Wright et al., 2004, 2017; Wu et al., 2016). Similarly, 89 
wettability—the degree of water adhesion to the leaf surface, shaped by cuticle properties and 90 
microstructure—plays a key role in regulating leaf temperature and transpiration, aiding water 91 
conservation in arid environments (Cavallaro et al., 2022). Structural traits, such as trichome coverage 92 
and cuticular wax composition, further influence wettability, affecting stomatal function and photosynthetic 93 
efficiency (Aparecido et al., 2017), including cuticular wax composition, which serves as a protective 94 
barrier against abiotic stresses (Shepherd & Wynne Griffiths, 2006). It can play an adaptive role in drought 95 
response through phenotypic plasticity rather than genetic differentiation (Simões et al., 2020).  96 

At the same time, the direct correlation between total plant water use and yield is also well-97 
established, including for poplar, with high-yielding ‘water spending’ and lower-yielding ‘water saving’ 98 
strategies varying in their usefulness depending on the intensity, longevity, and life-stage of the drought 99 
(Tardieu, 2022). Unraveling these conflicting ecological strategies remains challenging. 100 

Although Populus trees, as riparian plants, are typically considered vulnerable to drought, notable 101 
differences in drought response have been documented among Populus genotypes (Cocozza et al., 102 
2010; Huang et al., 2009; Marron et al., 2002; Monclus et al., 2006; Regier et al., 2009; Street et al., 103 
2006; Tschaplinski et al., 1994, 2006; Viger et al., 2013) and the genus can be found across contrasting 104 
climate zones, including in extremely arid environments (Brosché et al., 2005). Recognized for its fast 105 
growth and high cellulose content, Populus trichocarpa stands out as a promising bioenergy crop, 106 
including for liquid biofuel production alongside Bioenergy with Carbon Capture and Storage (BECCS). 107 
In addition, Populus is a valuable model for genetics and plant biology research (Kačík et al., 2012; Taylor 108 
et al., 2019; Tuskan et al., 2006) and extensive research has provided substantial evidence of local 109 
adaptation to the climatic conditions of its native habitats (McKown et al., 2014; Evans et al., 2014, 2016; 110 
Porth et al., 2015; Zhang et al., 2019; Blumstein et al., 2020; Apuli et al., 2021). Such attributes augment 111 
the significance of P. trichocarpa trees in achieving the U.S. Department of Energy's ambitious 112 
Sustainable Aviation Fuel (SAF) target by 2050, while simultaneously reducing life cycle greenhouse gas 113 
emissions by at least fifty percent (U.S. Department of Energy, 2022).  114 

To assess the degree of local adaptation of leaf and stomatal traits, we established a common 115 
garden of black cottonwood (Populus trichocarpa) in Davis, California, an extremely hot and dry site. 116 
These trees are derived from a natural population from the Pacific Northwest, representing a wide 117 
spectrum of climates (Evans et al., 2014; Gornall & Guy, 2007; McKown, Guy, Klápště, et al., 2014). In 118 
this study, we investigated the role and importance of 14 leaf physiology traits related to leaf morphology, 119 
stomata, and water use in P. trichocarpa under both drought and well-watered conditions. We conducted 120 
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field campaigns to measure leaf and stomatal traits twice during the summer growing season in a 121 
subsample of approximately 469 unique genotypes (Figure 1, Supplemental Figure S1d-e 122 
Supplemental Table 1). We measured biomass yield traits in the whole population (approximately 1382 123 
unique genotypes). In doing so, we explore the adaptive signature of drought tolerance and plastic 124 
responses in this widely divergent population. To overcome the difficulties associated with phenotyping 125 
a large number of samples, we employed a suite of automated phenotyping algorithms for data 126 
acquisition. Among leaf traits, we also assessed δ13C of approximately 469 unique genotypes — a metric 127 
for WUE in wood sampled during tree dormancy, shown in Populus to be valuable and correlated with 128 
WUE (Bogeat-Triboulot et al., 2019; Viger et al., 2016). The goal of our study was to explore the 129 
relationship between trait variation and climate of origin, assessing the adaptive value of trait variation, 130 
their relevance and usefulness to trait selection for drought tolerance, and the roles of plastic acclimatory 131 
responses. Finally, genome-wide association analyses were conducted to characterize the genetic basis 132 
of these traits, enabling a more holistic view of climate-genotype-trait relationships in P. trichocarpa that 133 
reflects local adaptation and provides gene targets for future tree improvement for the emerging 134 
bioeconomy.135 

Materials and Methods 136 

Field Site and Plant Material 137 

The research was conducted on a 6.1-hectare plot at the UC Davis Plant Science Field Facility in 138 
Davis, CA (38°32’47.4’’N, 121°47’32.7’’W) (Figure 1a) as described previously (Taylor et al., 2024). The 139 
experimental layout of the whole site consisted of drought and control treatments across adjacent fields 140 
divided into three distinct blocks arranged in an incomplete randomized block design. The P. trichocarpa 141 
population used in this study was sourced from a range of latitudes exhibiting diverse climate and rainfall 142 
patterns representative of most of the species habitats (38.9-54.3°N, 116-128.7°W) and included 1382 143 
genotypes total (Figure 1a). P. trichocarpa cuttings were received and planted in a greenhouse on 144 
February 1st, 2020. On March 30, 2020, they were relocated to a lath house to harden. Subsequently, 145 
7,628 trees were transplanted to the field on April 10, 2020, with 782 unique genotypes in the drought 146 
field site and 1382 unique genotypes in the control field site, reflecting the availability of viable cuttings. 147 
A single row of P. trichocarpa border trees (not used for measurements) was established around the 148 
experimental trees in each replicate block to reduce the effect of undesired edge effects.  149 

Drought Treatment 150 

We employed surface drip irrigation, applying a set water volume measured with flow meter 151 
sensors, OMNI™+ Turbo (T²) Water Meters, at each treatment site throughout the field season. Trees 152 
were fully irrigated until March 2021 to conclude their first establishment year. Following this, the irrigation 153 
was reduced in the drought treatment to achieve a soil moisture deficit of 150 centibars (0.15 MPa) from 154 
March to December 2021. This deficit was significant in comparison with the fully irrigated (control) 155 
treatment, representing a long-term modest drought throughout the growing season. During the 2021 156 
field season, soil moisture was monitored using Watermarks (Granular Matrix Sensors from MMM) (for 157 
daily soil water potential) and neutron probes (for volumetric water content every 12 days) across seven 158 
stations, with distinct placements for varying irrigation conditions. This comprehensive data, covering 159 
topsoil to a depth of 120 cm, verified an approximate 50% reduction in soil moisture for the drought 160 
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treatment compared to the control, aiding our evaluation of drought's impact on plant performance and 161 
water use efficiency (Supplemental Figure S1). Soil moisture levels were systematically assessed 162 
during the 2021/2022 and 2022/2023 field seasons by using two primary techniques: 1) soil water 163 
potential was regularly recorded using Watermarks, equipped with remote daily data logging, and 2) 164 
volumetric water content was determined using a neutron probe at 12-day intervals (Taylor et al., 2024) 165 
(Supplemental Figure S1).  166 

The data collected from these sensors, encompassing both topsoil and deeper soil layers, were 167 
crucial in monitoring. The significant difference in soil moisture levels was used to assess the impact of 168 
drought on crop performance and water use efficiency (Supplemental Figure S1). 169 

Core population and sampling 170 

 We defined a subsample of unique genotypes that were fully replicated in a randomized complete 171 
block design in triplicate in both drought and control treatments, and this population is referred to as the 172 
"core population, n = 469 genotypes". However, note that some trees were lost due to mortality in the 173 
field (Supplemental Table 2), and not all phenotyping was completed in all blocks (Supplemental 174 
Figure S1d-e). 175 

For the leaf phenotyping, encompassing stomatal traits and leaf area measurements 176 
(Supplemental Table 1), we conducted comprehensive sampling of the core population at two specific 177 
time points: June (one month after the drought treatment initiation) and September (106 days after the 178 
first collection, which includes an extended period of drought). In June, we sampled all of the core 179 
population of the drought treatment (Drought block 1,2,3 n= ~3x469), and in the core population control 180 
treatment, we sampled only block 2 (n = 469). Similarly, in September, we sampled the core population 181 
in blocks 1,2,3 (n = 3x469) of the drought and only block 2 (n= 469) in control, given time constraints for 182 
sampling and analysis. In summary, our analysis encompassed a total of 1,861 trees from both the June 183 
and September samplings, comprising 422 unique genotypes (441 trees) from the control group and 468 184 
unique genotypes (1,420 trees) from the drought treatment. For further clarity, please refer to 185 
Supplemental Figure S1c-d.  Wood sampling for carbon isotope discrimination (Supplemental Table 186 
1) was performed on the whole “Core” population of all 6 blocks (469 genotypes, n = 3019 samples 187 
including replicates) in January 2022.  188 

Climatic data 189 

Climatic data were sourced from WorldClim fit to western North America, which contains a set of 190 
global climate layers with high spatial resolution (2.5’), averaging across the years 1970-2000 (Fick & 191 
Hijman, 2017). The WorldClim database provides interpolated climate data (a total of 19 variables), 192 
including temperature, precipitation, and derived bioclimatic variables, facilitating a comprehensive 193 
understanding of the environmental climates of origins for our population of P. trichocarpa trees. 194 
 195 
Climate variables are the following: 196 
Bio 1 Annual Mean Temperature 197 
Bio 2 Mean Diurnal Range (Mean of monthly (max temp – min temp)) 198 
Bio 3 Isothermality 199 
Bio 4 Temperature Seasonality (standard deviation x100) 200 
Bio 5 Max Temperature of Warmest Month 201 
Bio 6 Min Temperature of Coldest Month 202 
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Bio 7 Temperature Annual Range 203 
Bio 8 Mean Temperature of Wettest Quarter 204 
Bio 9 Mean Temperature of Driest Quarter 205 
Bio 10 Mean Temperature of Warmest Quarter 206 
Bio 11 Mean Temperature of Coldest Quarter 207 
Bio 12 Annual Precipitation 208 
Bio 13 Precipitation of Wettest Month 209 
Bio 14 Precipitation of Driest Month 210 
Bio 15 Precipitation Seasonality (Coefficient of Variation) 211 
Bio 16 Precipitation of Wettest Quarter 212 
Bio 17 Precipitation of Driest Quarter 213 
Bio 18 Precipitation of Warmest Quarter 214 
Bio 19 Precipitation of Coldest Quarter 215 
 216 
Genotypic data 217 

The reference genome and resequencing of the Populus trichocarpa population (1,523 218 
genotypes) were conducted by the U.S. Department of Energy Joint Genome Institute (Evans et al., 2014; 219 
Tuskan et al., 2006) and are accessible via the Joint Genome Institute Database. We used Genome 220 
version: Populus trichocarpa v4.1, Phytozome genome ID: 533. Genotypic data were derived from high-221 
coverage whole-genome resequencing. Short reads were aligned to the P. trichocarpa reference genome 222 
(v3.0) using BWA, with mate pair metadata corrected and duplicate molecules marked using Picard tools. 223 
Variants, including SNPs and small indels, were called using SAMtools and bcftools (Evans et al., 2014). 224 

Leaf Sampling 225 

Two fully expanded, first and second mature leaves, specifically the fifth leaf from the apex on 226 
each of two south-facing primary branches, were collected at the height of approximately 1.3 m and, 227 
lightly misted with water, and sealed in plastic bags and stored in a cooler box on ice. These samples 228 
were immediately returned to the laboratory and subsequently kept at 4°C in a refrigerated room. All 229 
phenotypic analyses were initiated within 48 hours of collection. 230 

Stomatal Imprinting and Imaging 231 

For the assessment of stomatal morphology, imprints were collected from the right abaxial portion 232 
of the leaf section and sampled as previously described (Tricker et al., 2004). A designated rectangular 233 
patch of this surface received a coating of clear nail polish. Upon drying, a strip of clear adhesive tape 234 
was utilized to lift off a thin layer, capturing a majority of epidermal cells and stomata. The tape was then 235 
placed on a microscopic slide and stored until further processing. This methodology resulted in a 236 
comprehensive collection of 1,869 imprints of all leaves collected (example in Figure 1b). The imaging 237 
phase involved using two Zeiss Standard 16x microscopes, each equipped with camera attachments. All 238 
imaging procedures used TCapture software (v5.1.1). 239 

Stomatal Detection and Analysis 240 

To identify stomatal cells in our imprints, we integrated a model rooted in the U-Net architecture 241 
conceived within the PyTorch framework. The image data underwent a preliminary preprocessing stage 242 
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and was transitioned into tensor format. Using a dataset of 300 representative images for training, our 243 
model was meticulously calibrated to distinguish stomatal cells in the imprints efficiently. During the 244 
predictive phase, the OpenCV, imported as cv2 (https://pypi.org/project/opencv-python/) software library, 245 
facilitated the demarcation of the tightest bounding rectangle around every detected stomatal cell, an 246 
integral step for gauging its geometric characteristics. Our analytical process resulted in the calculation 247 
of the average stomatal dimensions for each individual imprint (see example in Figure 1b). 248 

Leaf area and perimeter  249 

One of the two sampled leaves was used to measure leaf area (LA) and perimeter (PI). We used 250 
a Canon EOS Rebel T7i camera positioned over a lightbox (AGPTEK - Model A3USB) to photograph the 251 
leaves alongside a scale bar next to the leaves. Subsequently, these images were analyzed further at 252 
Oak Ridge National Laboratory (Oak Ridge, Tennessee). In this process, iterative thresholding was 253 
applied to the gray-scaled image to separate the lightbox from the rest of the image, from which the leaf 254 
segmentation was extracted and rotated to achieve axis symmetry before being cropped to the leaf's 255 
bounding box. Once the leaf was distinguished from the petiole, various leaf features, including leaf area 256 
and perimeter, were reliably detected and recorded. The analysis was completed using the scipy 257 

(version 1.11.4) and scikit-image (version 0.19.3) libraries in Python. 258 

Dry weight and fresh weight 259 

We measured the fresh weight of one of the two selected leaves, the same leaf that was 260 
photographed for the leaf perimeter, area, and fresh weight, using a precision balance (Adam Equipment 261 
- PGW 453e). Following this, the leaf was dried for 48 h in a paper bag at 80°C and re-weighed for dry 262 
weight. To prevent moisture absorption, all dried leaves were stored with silica desiccant beads. 263 

Contact angle (wettability) 264 

Leaf contact angles were measured as described by (Kwon et al., 2014). A water droplet was 265 
placed on the left side of the leaf, while the right side was used for stomatal traits. To initiate the process, 266 
we prepared two leaf disks, which were subsequently taped to a microscope slide. For each leaf disk, a 267 
distilled water droplet was applied by a pipette. Subsequently, we captured images of the contact surface 268 
using a Canon EOS 500D camera. Similar to stomatal detection, we used a convolutional neural network 269 
implemented in PyTorch to distinguish water droplets following the region-growing methodology 270 
(Lagergren et al., 2023). Using a dataset of 96 images for training and 23 for testing, we achieved a 271 
segmentation accuracy (Sørensen-Dice coefficient) of 0.917. Contact angle was measured by fitting a 272 
circle to the detected droplets using a Hough transform (Xu et al., 2013), and subsequently measuring 273 
the angle of the droplet to the microscope slide (Arnold 2021). 274 

Spectral Reflectance 275 

Spectral reflectance was measured on the adaxial surface of each leaf utilizing a handheld 276 
PolyPen RP 410 (Photon Systems Instruments) after samples were returned to the field. The data were 277 
subsequently captured and recorded using the SpectraPen software provided by the manufacturer. We 278 
used a Spectralon white reference standard to normalize reflectance measurements. From the 279 
reflectance spectra, we computed NDVI, defined as Normalized Difference Vegetation Index (see 280 
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calculations in Supplemental Table 1), and PRI, defined as Photochemical Reflectance Index (see 281 
calculations in Supplemental Table 1). 282 

Wood Sampling 283 

Preparation for δ13C 284 

Wood samples for δ¹³C analysis were collected in January 2022 from the Core population across 285 
all three blocks of both treatments (control and drought), totaling 3019 samples from 479 genotypes. For 286 
each sample, three 5-cm segments were harvested from south-facing primary branches at approximately 287 
1.3 m height and stored in labeled paper bags. The samples were dried at 65°C for 14 days to ensure 288 
consistent moisture removal. 289 
 Following drying, dormant buds at branch tips were carefully removed using shears, while the 290 
bark was left intact. The dried wood was ground to a fine powder using a TissueLyser II (Qiagen) with 291 
stainless steel grinding jars (2 x 10 ml) at 20 Hz for one minute, yielding a particle size of approximately 292 
0.50 grains per milligram, following a protocol similar to (Moghaddam et al., 2013). Ground samples were 293 
transferred into labeled plastic vials, and precisely 3 mg (±10%) of powder was measured into tin 294 
capsules, which were folded as necessary for analysis. The capsules were arranged in 96-well plates, 295 
with two duplicates included in each of the 33 plates. 296 

The prepared samples were sent to the UC Davis Stable Isotope Facility for carbon isotope 297 
discrimination analysis using Isotope-Ratio Mass Spectrometry (IRMS). 298 

Calculations of δ13C 299 

The following was used to calculate δ13C: 300 
 301 

𝛿13𝐶 =   ((13𝐶/12𝐶)𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑)/(13𝐶/12𝐶)𝑠𝑎𝑚𝑝𝑙𝑒) 𝑥 1000‰ 302 
 303 
This value is expressed in parts per thousand (‰) and compares the ratio of 13C to 12C in the sample 304 
to that in a standard (typically a belemnite formation from the Peedee Formation in South Carolina, known 305 
as PDB). A negative δ^13C value implies that the ^13C/^12C ratio in the plant is lower than that in the 306 
standard. Since plants discriminate against d13C, most plants have negative δ^13C values. The more 307 
negative the value, the stronger the preference for ^12C in the photosynthetic process. A higher WUE is 308 
indicated by a higher ^13C/^12C ratio (less negative δ^13C values and less discrimination against ^13C). 309 

Tree height 310 

Biomass productivity data were collected as tree height measurements in March 2021 (beginning 311 
of the growing season, after leaf flush) and November 2021 (end of growing season, after bud set), 312 
following the first year of the applied drought treatment. The height of every experimental tree across 313 
each block of both treatments was recorded using a telescopic height pole. 314 
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Statistical analysis 315 

Statistical analyses were performed using RStudio (v4.1.2). We visualized spatial data using the 316 
Leaflet package (v1.7.1), a JavaScript library for interactive maps. After loading the necessary library, 317 
our geospatial data was overlaid on a CartoDB Positron basemap on which the data points can be placed. 318 
During the data exploration and organization phases, we employed a suite of packages including “dplyr”, 319 
“tidyverse”, “tidyr”, “plotrix”, “data.table”, and “stringr”. Enhanced data visualization was achieved with the 320 
“ggplot2” package, facilitating the creation of frequency diagrams, reaction norms, and boxplots. For 321 
statistical significance testing and Analysis of Variance (ANOVA), we utilized packages such as “stats”, 322 
“lme4”, “emmeans”, and “lmerTest”."  323 

Water content 324 

The Water content was calculated using the fresh weight and dry weight of leaf samples. 325 
 326 
The water content (WC) was also calculated by using (see Supplemental Table 1): 327 

𝑊𝐶 =   (𝑓𝑟𝑒𝑠ℎ 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑔) – 𝑑𝑟𝑦 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑔)) 328 
 329 
Proportional water content (PWC) was also calculated by using (see Supplemental Table 1): 330 
P𝑊𝐶 =   (𝑓𝑟𝑒𝑠ℎ 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑔) – 𝑑𝑟𝑦 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑔))/𝑓𝑟𝑒𝑠ℎ 𝑤𝑒𝑖𝑔ℎ𝑡 (g) 331 

Drought response 332 

To quantify the plasticity of the trait, we employed the formula:  333 
 334 

𝐷𝑟𝑜𝑢𝑔ℎ𝑡 𝑝𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 =   (𝑀𝑒𝑎𝑛 𝑇𝑟𝑎𝑖𝑡 𝑉𝑎𝑙𝑢𝑒 𝑢𝑛𝑑𝑒𝑟 𝐶𝑜𝑛𝑡𝑟𝑜𝑙 −  𝑀𝑒𝑎𝑛 𝑇𝑟𝑎𝑖𝑡 𝑉𝑎𝑙𝑢𝑒 𝑢𝑛𝑑𝑒𝑟 𝐷𝑟𝑜𝑢𝑔ℎ𝑡) 335 
 336 
This index provided a relative difference value, representing the extent of trait variation due to drought 337 
exposure across different genotypes (Figure 2B). 338 

Drought Resilience index (DRI) 339 

𝐷𝑅𝐼 =   (𝑝ℎ𝑒𝑛𝑜𝐷/𝑝ℎ𝑒𝑛𝑜𝐶)/(𝑚𝑒𝑎𝑛 𝑝ℎ𝑒𝑛𝑜𝐷/𝑚𝑒𝑎𝑛 𝑝ℎ𝑒𝑛𝑜𝐶) 340 
 341 
𝑝ℎ𝑒𝑛𝑜𝐷 = Phenotype drought 342 
𝑝ℎ𝑒𝑛𝑜𝐶 = Phenotype control 343 
𝑚𝑒𝑎𝑛 𝑝ℎ𝑒𝑛𝑜𝐷 = population mean of Phenotype D 344 
𝑚𝑒𝑎𝑛 𝑝ℎ𝑒𝑛𝑜𝐶 = population mean of Phenotype C 345 
 346 
This index calculates the ratio of yield reduction under stress in a specific genotype relative to the average 347 
reduction across all genotypes (Supplemental Table 4). PhenoD refers to a phenotype of the drought 348 
treatment, and phenoC refers to a phenotype of the control treatment.  349 

Relative growth rate 350 

The relative growth rate of height was calculated with this equation: 351 
 352 
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RGR=  (ln(W2)-ln(W1))/(ln (W1)) 353 
where: 354 
W1 represents the height taken in March of 2021. 355 
W2 represents the height measured in November of 2021.  356 
 357 
Estimating correlations and variance components of traits 358 

To estimate the relationships between plant traits, pairwise Pearson correlation coefficients were 359 
calculated separately for control and drought treatments in R with cor(..., use=”complete.obs”). These 360 
correlations were visualized with a heatmap in R. 361 

In our analysis, the contribution of Genotype (G), Treatment (T), and their interaction (G:T) to the 362 
variance in plant traits was estimated. This estimation was conducted in R, utilizing the lme4 package, 363 
where Genotype, Treatment, and Interaction were treated as random effects. Post-model fitting, the 364 
variance components were extracted using the VarCorr function, and the variance associated with 365 
Genotype, Treatment, Interaction, and Residual were isolated. The total variance was computed as the 366 
sum of these components. Subsequently, the percent variance explained by each component was 367 
calculated by dividing each variance component by the total variance and multiplying by 100.  368 
 369 
Model:  370 
yijk=μ+Gi+Tj+(G×T)ij+ϵijk 371 
 372 
where: 373 
yijk represents the observed trait value for the ith genotype, jth treatment, and kth observation. 374 
μ is the overall mean of the trait across all genotypes and treatments. 375 
Gi represents the random effect of the ith genotype. 376 
Tj represents the fixed effect of the jth treatment. 377 
(G×T)ij is the random interaction effect between the ith genotype and jth treatment. 378 
ϵijk denotes the residual error term associated with each observation, capturing the variability not 379 
explained by the other components in the model. 380 
The percent variance explained by each component is calculated as: 381 
 382 

%𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 =   (𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡/𝑇𝑜𝑡𝑎𝑙 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒)𝑥100 383 
 384 
 385 
Estimation of broad sense heritability for traits and genetic correlation.  386 

An upper limit of broad-sense heritability, which is clonal repeatability, for a total of 30 traits were 387 
calculated by estimating genetic variance as per the below univariate model. 388 

𝑦 = 1𝜇 + 𝑍𝑔 + 𝑒  389 
𝑔 ~ 𝛮(0, 𝜎௚

ଶ𝐼); 𝑒 ~ 𝛮(0, 𝜎௘
ଶ𝐼) 390 

𝐻ோ
ଶ =

𝜎௚
ଶ

൫𝜎௚
ଶ + 𝜎௘

ଶ൯
 391 

 392 
Here y is an (n×1) vector of transformed trait values for all ramets (n) for a given trait in either drought or 393 
control treatment. The trait mean is denoted by μ and 1 is a (n×1) vector of ones. The vector g is a (i×1) 394 
vector of total genetic effects for i individual genets, modelled by the (n×i) incidence matrix Z and σg

2 395 



Klein et al. Climate Adaptation in P. trichocarpa  

 

 

 
11 

represents the total genetic variance. e is an (n×1) vector of random residuals and σe
2 is its variance 396 

estimate.  397 
I represents an identity matrix of corresponding dimensions and ignores the relatedness among genets 398 
when modelling g. The following bivariate model was used to estimate trait-trait covariance for each pair 399 
of traits thus making it possible to calculate pair-wise genetic correlation (rg). 400 
 401 

ቂ
𝒚𝒕𝟏

𝒚𝒕𝟐
ቃ = ൤

𝟏(𝒏×𝟏) 𝟎𝒏

𝟎𝒏 𝟏(𝒏×𝟏)
൨ ቂ

𝜇௧ଵ

𝜇௧ଶ
ቃ + ൤

𝒁𝒕𝟏 𝟎(𝒏×𝒊)

𝟎(𝒏×𝒊) 𝒁𝒕𝟐
൨ ቂ

𝒈𝒕𝟏

𝒈𝒕𝟐
ቃ + ቂ

𝒆𝒕𝟏

𝒆𝒕𝟐
ቃ 402 

ቂ
𝒈𝒕𝟏

𝒈𝒕𝟐
ቃ ~𝚴(𝟎(𝟐𝒊×𝟏), 𝑻∗) 403 

𝑻∗ = 𝐓 ⊗ 𝑰 404 

𝑻 = ቈ
௧ଵ

ଶ ௧ଵ௧ଶ

௧ଵ௧ଶ ௧ଶ
ଶ ቉ 405 

𝑟௚ =
௧ଵ௧ଶ

ඥ௧ଵ
ଶ  × ඥ௧ଶ

ଶ
 406 

 407 
Here, yt1 and yt2 are (n×1) vectors with trait values for the pair of traits under consideration (t1 and t2) 408 
while μt1 and μt2 are means for each trait respectively. gt1 and gt2 represent (i×1) vectors of total genetic 409 
values for t1 and t2 respectively modelled by the (n×i) Z1 and Z2 incidence matrices. Covariance of genetic 410 
values were modeled by T* and was obtained as the Kronecker product (⊗) between I and T matrices. 411 
For both univariate and bivariate models described above, solving linear mixed model equations, 412 
obtaining REML estimates of variance covariance components and obtaining standard errors of statistics 413 
were carried out as per methods described in (Lynch & Walsh, 1998) and implemented in (Covarrubias-414 
Pazaran, 2016).  415 

Climate-Trait Correlations 416 

For assessing relationships between traits (separately for drought and control treatments) and 417 
climate of origin (Bioclimatic variables 1-19 from WorldClim) of experimental trees, Spearman’s rank 418 
correlation coefficient was computed using R. The Spearman’s correlation measures the strength and 419 
direction of monotonic associations between paired data. This non-parametric test was chosen due to its 420 
robustness against outliers and its capability to detect non-linear relationships. Calculations were 421 
performed using the cor.test() function with the method set to "spearman'' from the base R package.  422 
 423 
Random forest prediction of traits in relation to climate of origin 424 

Utilizing the Random Forest package in R, we implemented a random forest regression model to 425 
analyze the impact of climate on INT  trait values under drought conditions, informed by 19 WorldClim 426 
Bioclimatic variables. Our models, each comprising 500 trees, were validated to ensure convergence, 427 
confirming additional trees would not enhance predictive accuracy. The model's efficacy was assessed 428 
by comparing observed and predicted trait values. We then plotted the predicted values from the resulting 429 
random forest model for traits across the range of P. trichocarpa to visualize the geographical patterns 430 
of traits and climate.  431 
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Genome-wide association studies (GWAS) 432 

Trait values and genotype means were transformed using a rank-based inverse normal 433 
transformation (INT) following (Auer et al., 2016). This transformation standardizes genotype values to 434 
improve normality, reducing skewness and enhancing both statistical power and interpretability for 435 
downstream analyses. Genome-wide associations were conducted for all traits using genotype means 436 
for drought, control treatments, and their plasticity. Genomic variation, including single nucleotide 437 
polymorphisms (SNPs) and small insertions/deletions (InDels), was obtained from previous research 438 
(Tuskan et al., 2006; Evans et al., 2014). Associations between genome-wide genetic variants and 439 
phenotypic traits were analyzed using GEMMA (v0.98.4) (Zhou & Stephens, 2012), incorporating a 440 
kinship matrix as a random covariate to account for population structure. Each genetic variant was 441 

modeled using the equation y=Xβ+g+ϵ, where y is the vector of trait values for each individual, X is the 442 

matrix of fixed effects (variants), β is the vector of fixed-effect coefficients, g represents the random 443 

genetic effect due to population structure and relatedness, and ϵ is the vector of residual errors. The 444 

statistical significance of allele-trait associations was determined by the p-value of β. Variants were 445 

filtered to include only those with a minor allele frequency (MAF) ≥ 0.05. To identify putative GWAS peaks 446 

and address redundancies caused by linkage disequilibrium (LD), alleles were clustered using PLINK 447 

with parameters: --clump-p1 1, --clump-p2 1, --clump-r2 0.05, and --clump-kb 50. The 50-kb clumping 448 

threshold was informed by the genome-wide LD decay rate, which reached equilibrium at an r2 of 0.05 449 

within a 50-kb window. This process identified the most statistically significant allele for each LD group. 450 

For visualization, clumped alleles were initially filtered to retain those with p<1×10−4. Further 451 

refinement was performed based on a Bonferroni-corrected significance threshold (p<0.05) using a chi-452 
squared test to evaluate the significance of all linked alleles within each clump against a uniform p-value 453 
distribution. Genes located within 20 kb of the most significant variant in each clump were selected for 454 
downstream analyses. We visually inspected qqplots to confirm adequate control for population structure 455 
(Supplemental Figure S5).  456 

Putative paralogs of Arabidopsis thaliana genes (TAIR10) in the P. trichocarpa proteome were 457 

identified using BLASTP (BLAST 2.13.0+) with the following criteria: E-value < 1×10−5, bitscore > 100, 458 

and percent identity > 30%. For each P. trichocarpa protein, the A. thaliana gene with the lowest E-value 459 

was retained. We then checked the gene descriptions and gene ontology (GO) annotations for terms 460 
such as “stomata,” “water,” “guard cell,” and “abscisic acid” to identify candidate genes associated with 461 
these processes. From this, we generated lists of loci (available in Supplemental Table 7) for future 462 
research aimed at identifying potential causal loci. The number of times each gene was located within 20 463 
kb of a GWAS signal associated with traits was also recorded to guide further exploration. 464 

Elucidating the Role of Chromosome 10 Locus in Stomatal Size  465 
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We examined, in greater detail, a locus on Chromosome 10 consistently associated with stomatal 466 
size under both drought and control treatments and at two measurement time points. The pronounced 467 
signal from this locus provided a unique opportunity for an in-depth case study, aiming to answer several 468 
pivotal questions: 469 

To assess the LD across this genomic window, we calculated the Pearson correlation between 470 
all variant pairs in this 20 kb window, subsequently visualizing the results in a heatmap format and by 471 
visualizing LD with the most significant variant. Utilizing a random forest model (implemented in R using 472 
the randomForest package, with 500 trees), we modeled trait~climate relationships based on genotypes 473 
with known phenotypic data. This model enabled us to predict stomatal size for genotypes with previously 474 
unmeasured traits based on their climate of origin, employing bioclimatic variables sourced from 475 
WorldClim 2.0. We then assessed the predicted allele effects by examining these predicted phenotypes 476 
with the respective allele states across our dataset 477 

Lastly, we investigated the relationship between allele state and climatic variables. This entailed 478 
calculating the t-statistic for the correlation between allele states and each individual bioclimatic variable. 479 
Furthermore, we employed a random forest model, incorporating all bioclimatic variables to predict allele 480 
states. The accuracy of this model was gauged through analysis of the confusion matrix in R. Predicted 481 
allele states were projected and mapped across the geographical range of P. trichocarpa. 482 

Future climate predictions of Chromosome 10 locus 483 

To investigate the potential impact of future climate changes on the frequency of a specific allele 484 
associated with stomatal size on chromosome 10, we employed high-resolution future climate projections 485 
and predictive modeling. This allele was selected based on its significant association to stomatal size 486 
and with the climate of origin, suggesting its potential responsiveness to future climatic shifts. We utilized 487 
downscaled future climate projections (10-minute spatial resolution) from the Coupled Model 488 
Intercomparison Project Phase 6 (CMIP6), available through WorldClim version 2.1, which, as described 489 
(https://www.worldclim.org/data/cmip6/cmip6climate.html), underwent both downscaling and calibration 490 
(bias correction) against the baseline climate provided by WorldClim v2.1 Our analysis encompassed 491 
data from ten global climate models (GCMs), specifically: ACCESS-CM2, CMCC-ESM2, EC-Earth3-Veg, 492 
GISS-E2-1-G, INM-CM5-0, IPSL-CM6A-LR, MIROC6, MPI-ESM1-2-HR, MRI-ESM2-0, and UKESM1-0-493 
LL. We evaluated these models across four Shared Socio-economic Pathways (SSPs): SSP1-2.6, SSP2-494 
4.5, SSP3-7.0, and SSP5-8.5, at four future time intervals: 2021-2040, 2041-2060, 2061-2080, and 2081-495 
2100.  496 

Initially, we compared future climate predictions to current climatic conditions (baseline) using 497 
bioclimatic variables from WorldClimat the geographic locations of P. trichocarpa genotypes with t-tests, 498 
using T-test statistic as a unitless measure of the severity of change for each bioclimatic variable. This 499 
preliminary step established an understanding of the extent of future climatic changes potentially facing 500 
P. trichocarpa. 501 

To predict future allele frequencies, we adopted a machine learning approach using random forest 502 
models in R. This involved analyzing the single nucleotide polymorphism (SNP) with the strongest 503 
correlation to stomatal size within the identified locus on Chromosome 10. Given the imbalanced 504 
genotype frequencies, we first balanced the dataset through random downsampling. From this balanced 505 
dataset, we trained a random forest model to predict genotype frequencies based on bioclimatic 506 
variables. This model was applied to both the current climate baseline and all future climate scenarios 507 
for each combination of GCM, SSP, and time interval. 508 
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To ensure robustness, this process was iterated 100 times with random downsampling to obtain 509 
balanced training datasets, resulting in a total of 16,000 model predictions. For each prediction, we 510 
calculated the frequency of the allele associated with smaller stomata and compared it to the baseline 511 
frequency predicted from current climate conditions. 512 

RNA-Seq Data Generation and Differential Expression Analysis 513 

RNA extraction, library construction, and sequencing were conducted following the protocols 514 
described by (J. Zhang et al., 2018). Sequencing was performed on the Illumina HiSeq 2500 platform 515 
using paired-end 150-bp reads. The dataset, including NCBI SRA accession numbers for publicly 516 
available sequences, is detailed in Supplemental  517 

Tables 8 and 9. 518 
Differential expression analysis was conducted to identify genes associated with stomatal size by 519 

comparing genotypes within the top 10% ("big" stomata) and bottom 10% ("small" stomata) quantiles. 520 

Raw RNA-Seq count data were processed using DESeq2 (Love et al., 2014) in R. Genes with low 521 

expression (total counts ≤ 1 across all samples) were filtered out to enhance statistical power. 522 

Significant differentially expressed genes (DEGs) were identified using an adjusted p-value (padj) 523 

< 0.05 and an absolute log2 fold change (|log2FC|) ≥ 1. Gene annotations were integrated by mapping 524 

significant DEGs to the Populus trichocarpa genome (v3.1) for functional insights. Results were visualized 525 

using volcano plots generated with ggplot2, highlighting the relationship between fold changes and 526 
statistical significance. 527 

Results  528 

Drought implementation and trait responses 529 

We imposed drought and irrigated treatments on field trials of diverse P. trichocarpa during the 530 
summer of 2021 in Davis, California (Figure 1, Supplemental Figure 1). The successful implementation 531 
of water limitation was confirmed by regular measurements of soil water potential and the lack of 532 
precipitation during the treatment period (Supplemental Figure 1). Total precipitation recorded from 533 
June to September 2021 was 0.51 mm. The effect of water deficit was visually evident in P. trichocarpa 534 
trees, such as wilting or yellowing leaves and early leaf shedding in the drought-treated trees. The effect 535 
of drought relative to control conditions was detected in a number of traits measured (Supplemental 536 
Table 1, Supplemental Table 2, Supplemental Table 3, Supplemental Table 5), especially those traits 537 
related to biomass and performance. Drought treatment significantly reduced leaf size, leaf mass, height, 538 
and growth rate (Figures 2 and 3). Among leaf morphological traits, we saw a significant trend for 539 
smaller, more dense stomata under drought conditions along with reductions in specific leaf area, leaf 540 
perimeter, and abaxial contact angle, reflecting constraints on growth, and whether the plasticity is 541 
adaptive remains a question for future work (Figures 2 and 3). Notably, water-related traits, δ13C, a proxy 542 
for water-use efficiency, were significantly higher under drought, suggesting a water conservation 543 
response. For traits where measurements were made at multiple time points, the effect of drought was 544 
more pronounced on measurements made in September, after several months of water deficit, than in 545 
June, shortly after the onset of the drought treatment (Figures 2 and 3). This is especially clear in spectral 546 
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reflectance data. For example, the difference between control and drought for PRI and NDVI was most 547 
evident in September. In particular, PRI was dramatically reduced in drought-treated plants, indicative of 548 
physiological stress (Magney et al., 2016; Mulero et al., 2023; Wong et al., 2022).  549 

Trait correlations were similar under drought and control treatments (Figure S4). Positive 550 
correlations were observed between Stomatal Size in June and Stomatal Size in September, indicating 551 
consistency in trait behavior across different growth stages and durations of drought (June vs. 552 
September). A negative correlation was evident between Stomatal Density and Stomatal Size, consistent 553 
with previous observations in poplar (McKown, Guy, Klápště, et al., 2014) and other species (Franks et 554 
al., 2009; C. Liu et al., 2021). We also observed significant plasticity in several traits. The variance 555 
components analysis from the experimental field trial delineated variability in plant traits into three 556 
sources: Genotype (G), Treatment (T), and their interaction (GxT). Genotypic variance was observed 557 
across most traits, underscoring the significance of genetic differences among the samples 558 
(Supplemental Figure S2). Environmental treatments significantly affected traits such as Stomatal Size 559 
in September and Leaf Compactness in June. The interaction between genotype and treatment was 560 
evident in traits such as Water Content, indicating a differential response of genotypes to various 561 
treatments. Overall, the findings emphasize the complex interplay of genetics and environment in 562 
determining plant trait variability, in particular, in response to drought.  563 

For the drought treatment, where replication allowed such analyses (see Materials and Methods), 564 
all traits showed significant clonal repeatability (H2R) except for adaxial contact angle, a proxy for 565 
wettability, for the time point measured in September (Figure S3a). As expected, we observed high 566 
genetic correlation (rG) for traits across June and September (Figure S3b). Leaf biomass traits 567 
(perimeter, dry and fresh weight) showed high positive rG with each other and were significantly 568 
negatively correlated with specific leaf area. Interestingly rG was strongly negative between adaxial and 569 
abaxial contact angle indicating possible trade-offs between these traits. Furthermore, adaxial contact 570 
angle was strongly negatively correlated with leaf biomass traits, relative water content, relative growth 571 
rate, NDVI and PRI. As also seen with phenotypic correlations, stomatal density and stomatal size 572 
showed strong negative rG. 573 

Relationships between Traits and Climatic Conditions 574 

We found significant correlations between plant traits and the climate of their origin (Figure 3). 575 
Greater leaf size and weight, for instance, were predominantly associated with cooler, wetter climates. 576 
Notably, stomatal density and size demonstrated contrasting relationships to climatic conditions. 577 
Specifically, genotypes originating from warmer, arid climates exhibited higher stomatal densities but 578 
possessed smaller stomatal sizes. Warmer, drier climates correlated with less negative δ13C (water use 579 
efficiency) values. To provide a more nuanced understanding of the interaction between climatic variables 580 
and plant phenotypes, we employed Random Forest (RF) models (Figure 3b-d). The strength of RF 581 
models lies in their ability to detect non-linearities and interactions, thereby potentially enhancing the 582 
accuracy of predictions. Nevertheless, they do present challenges in terms of interpretability for targeted 583 
hypothesis testing. These RF models confirmed a marked correlation between the predicted values and 584 
the actual measurements. Visualizing these predictions across the range further emphasized the 585 
relationships between stomatal size, geography and climate. 586 
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Genome-Wide Associations (GWAS) 587 

We performed GWAS analyses for each trait: phenotypes under drought, control, and the 588 
difference (plasticity) (Supplemental Figure S5-7, Figure 5, Supplemental Tables  S5 and S6). These 589 
analyses identified loci explaining variance in traits after accounting for population structure. In total, 590 
across all traits, environments and plasticity, we identified 303 significant associations, each reflecting a 591 
cluster of SNP variants in linkage disequilibrium enriched for association to the trait of interest.   592 

Evaluating GWAS results across traits after variant climping and considering multiple testing 593 
revealed a notable locus on Chromosome 10. This region was significantly associated with stomatal size 594 
in both drought and control treatments, and for measurements in both June and September, as well as 595 
for abaxial contact angle, a proxy measure of cuticle wax (Figure 4, Supplemental Figure S6 and S7). 596 
We found that alleles in this locus explained 15.9% of the variance in stomatal size across all measured 597 
plants, irrespective of treatment. This region contains a cassette of tandem 3-ketoacyl-CoA synthase 598 
(KCS) family genes, with KCS genes being previously linked to both cuticular wax and stomatal traits 599 
(Gonzales-Vigil et al., 2017; Gray et al., 2000). A KCS gene in this region was previously linked to high 600 
alkene content in abaxial cuticular wax and differences in stomatal size in P. trichocarpa (Gonzales-Vigil 601 
et al., 2017) and may also be linked to Melampspora and Septoria resistance (pers. com). The linkage 602 
disequilibrium around this region revealed that the variants with strong associations had significant long 603 
range LD with one another, consistent with a solitary causal locus with extensive LD with neighboring 604 
variants (Supplemental Figure S7).  605 

For more mechanistic insight into variation in stomata size, we used a bulk segregant RNA seq 606 
analysis from leaf tissue (Supplemental Table 8). We identified 51 genes differentially expressed 607 
between the top and bottom deciles of genotypes ranked by stomata size. Only one of these genes co-608 
localized with a GWAS signal: Potri.010G079500, which showed a >4-fold difference in expression 609 
(p=7.35x10-5, adjusted p=0.046), one of the KCS genes on Chromosome 10 adjacent to the most 610 
significant GWAS signal for stomata size (Figure 4c),  providing further evidence for the causal link 611 
between variation in KCS genes and stomatal size.  612 

To explore its role in local adaptation to climate, we estimated allele effects on climate-predicted 613 
phenotypes for P. trichocarpa genotypes whose stomatal phenotypes were not analyzed in this study 614 
(Figure 5). The rationale behind this approach was multi-fold. Primarily, it served as a strategy to verify 615 
the integrity of climate-trait associations. If the phenotype predictions based on climate were accurate 616 
and reflect local adaptation, they should replicate the empirical allele effects observed in genotypes for 617 
which phenotypes were measured. Secondly, it showcases the potential of leveraging local adaptation 618 
in employing climate-predicted phenotypes in a broader genotype sample to augment efforts in 619 
pinpointing physiologically significant loci. These analyses are in essence a form of environmental GWAS 620 
which treat environment of origin as a phenotype, (e.g., (Ferrero-Serrano & Assmann, 2019). In our case 621 
because the predicted phenotype is derived entirely from climate of origin, it reflects a transformation of 622 
the environmental parameters fit to a target trait, thereby potentially enhancing the study of locally 623 
adaptive alleles. 624 

These analyses confirmed that observed allele effects were highly predictive of allele effects on 625 
phenotypes predicted by climate of origin in unmeasured genotypes (stomatal size: r = 0.95, p<2x10-16). 626 
Examining the most significant SNP within this region yielded two noteworthy findings: an observable 627 
additive effect where heterozygous individuals presented an intermediate phenotype and a match 628 
between the empirical "effect" and climate-predicted phenotypes (Figure 5). Further exploration into 629 
climate-allele associations revealed that alleles linked with small stomata were predominant in 630 
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environments characterized by reduced warm-season precipitation and greater precipitation seasonality 631 
(Figure 5d, Supplemental Figure S8). This aligns with the general trait correlations we noted, consistent 632 
with the distribution of alleles at this locus reflecting local adaptation to climate. The robustness of the 633 
relationship between the climate and allele state is further emphasized when predicting the allele state 634 
using the random forest model based on climate parameters (X2 test, p<2x10-16, Figure 5). 635 

Future climates 636 

Given the strong link between loci affecting stomata size and climate, we set out to ask whether 637 
this yields predictions about future evolution at this locus. We evaluated the severity of climate change 638 
across various bioclimatic variables at the geographic locations of P. trichocarpa. These were based on 639 
different Shared Socio-economic Pathways (SSPs) and temporal projections, revealing that more intense 640 
SSP scenarios forecasted more substantial changes in climate, intensifying over time (Figure 5 g and 641 
i). 642 

As expected, the predicted changes in climate suggest a general trend toward warming. Notably, 643 
there is an expected increase in the extremities of precipitation - wetter conditions during the colder 644 
months coupled with drier conditions throughout the summer months. These shifts in temperature and 645 
precipitation patterns may drive natural selection on stomatal size. The allele associated with smaller 646 
stomatal size is found to be more prevalent in environments with high intra-annual precipitation variability 647 
and drier summer months—conditions that are expected to become more common in the future for P. 648 
trichocarpa (Figure 5g and h). 649 

Our predictive models, averaging across all 10 Global Climate Models (GCMs) for each set of 650 
100 random iterations, indicated a predicted increase in the expected frequency of the small stomata 651 
allele, particularly under the more severe climate scenarios (SSP3-7.0 and SSP5-8.5), with a notable 652 
escalation over time (Figure 5g and h). These increments were most pronounced in the latter half of the 653 
21st century. Taken together, these findings support the hypothesis that allelic variation associated with 654 
stomatal size reflects local adaptation to climate, which may be perturbed by extreme climate change. 655 

Discussion 656 

This study has identified novel genetic loci that underpin phenotypic variation in stomatal and 657 
other leaf traits linked toP. trichocarpa crop adaptation to future water-limited environments. These 658 
findings will be informative in enabling future feedstock development for marginal environments. By 659 
deploying a controlled drought experiment, subjecting over 7,000 trees across 6.1 ha to a controlled soil 660 
moisture deficit, we have begun to unravel the complexities of adaptive versus plastic responses to 661 
drought. Our findings provide evidence for local adaptation in P. trichocarpa, with associations between 662 
climate and functional traits (Viger et al., 2016).  663 

We estimated the genetic variance of drought-related traits using broad-sense heritability (H2R), 664 
an upper-limit estimate of the proportion of total genetic variance to phenotypic variance. Control block 665 
estimates were not possible due to single ramet measurements per genet. SNP-heritability results were 666 
similar to H2R, suggesting overestimation of additive genetic values, likely due to low relatedness among 667 
genets causing the genomic relationship matrix (GRM) to approximate an identity matrix. While we 668 
couldn’t fully separate additive from non-additive genetic effects, estimates of genetic correlations (rG) 669 
provided key insights. 670 
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Stomatal size and density showed high heritability and a strong negative genetic correlation, 671 
consistent with their functional trade-off under water-use efficiency constraints. This trade-off has been 672 
observed across other tree species and validated through genetic manipulation in Arabidopsis. Leaf traits 673 
like PRI and NDVI, which are indicative of light absorption processes, also showed strong negative 674 
genetic correlations with adaxial contact angle and most leaf biomass traits. Lower adaxial contact angle 675 
indicates increased wettability, which could reduce gas exchange and carbon assimilation. These 676 
observed correlations suggest that leaf morphology and associated indices may reflect adaptive 677 
mechanisms under drought stress in our plantation setting. 678 

Our analysis indicates that stomatal traits are closely linked to the climatic conditions of their 679 
geographic origin, with genotypes from hotter, drier climates often exhibiting smaller, denser stomata, 680 
consistent with previous findings (Pearce et al., 2006). This relationship is valuable for considering poplar 681 
as a bioenergy crop in marginal lands and could help inform the selection of genotypes with stomatal 682 
traits and other traits aligned to the target environment of production. The plastic response of stomatal 683 
size reduction under drought conditions may reflect an adaptive response, supporting smaller stomata 684 
associated with arid environments and underscoring their role in optimizing water-use efficiency (Dunlap 685 
& Stettler, 2001). No strong relationship between stomatal size and height or RGR (Figure S4) was 686 
observed, indicating that these traits can be disentangled, enabling future selection and breeding of 687 
adaptive stomatal traits for hot and dry environments, with maintained yield. While WUE increased under 688 
drought, potentially reflecting adaptive plasticity, a relationship with stomata size was not evident.  689 

We identified a significant locus on Chromosome 10 associated with stomatal size and abaxial 690 
contact angle, showing a distribution among genotypes highly predicted by the climate of origin. A 691 
significant locus on chromosome 10 was previously found to be important in determining δ13C in a bi-692 
parently mapping population with one grandparent as P. trichocarpa (Viger et al., 2013), thus linked to 693 
plant WUE. Of the known candidates that map to this Chromosome 10 locus, 3- Ketoacyl-COA synthase 694 
11, KCS11 is a gene family member involved in the biosynthesis of Very Long Chain Fatty Acids 695 
(VLCFAs) codes for long-chain fatty acids, already shown to have a role in stomatal development and 696 
function in relation to drought tolerance and stomatal response to elevated carbon dioxide (Gray et al., 697 
2000; Tang et al., 2020). Future work will benefit from the availability of long-read sequence data to 698 
capture potential structural variants and long-range haplotypes that characterize the variation in this 699 
region for greater causal inference. This could prove a promising candidate for genetic exploration to 700 
enable precise gene editing (Allwright & Taylor, 2016; Taylor et al., 2019, 2024). Investigating this and 701 
other loci could reveal causal variants, providing breeders with tools to develop Populus varieties tailored 702 
for specific environmental demands. This approach aligns with sustainable biofuel production goals and 703 
broader environmental stewardship efforts. However, detailed mapping of these regions is necessary to 704 
unravel underlying genetic mechanisms (Supplemental Table 7). Presently, these genetic markers 705 
identified provide a resource for future studies aiming to dissect the genetic basis of adaptation in P. 706 
trichocarpa.  707 

P. trichocarpa's current adaptation to its climate underlines the need to explore resilience under 708 
changing future climates, since the ability to predict alleles with future adaptive value is essential for 709 
conservation and the management of natural populations (Blumstein et al., 2020). The adaptability shown 710 
by Populus balsamifera, through a wide range of adaptive physiological responses, offers hope for 711 
potential resilience against future climate shifts (Keller et al., 2011). The clinal variation and genomic 712 
signals observed in P. trichocarpa indicate a blend of unique and shared adaptive responses to different 713 
environmental gradients, shaped by genomic, environmental, and functional factors (M. Zhang et al., 714 
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2019). Such insights lay a groundwork for understanding adaptation mechanisms in species facing 715 
climate change threats. 716 

Predicting stomatal size from the climate of origin offers an approach to inferring phenotype 717 
values in genotypes without direct measurements, aiding in the association between observed alleles 718 
and traits. This methodology holds the potential for streamlining the assessment of complex physiological 719 
traits, though its applicability across various traits and species requires more empirical validation. We 720 
found novel evidence of predicted allele frequency shifts towards those associated with smaller stomatal 721 
size under future climate projections, especially under severe scenarios, suggesting that natural selection 722 
may favor traits conducive to surviving anticipated shifts in precipitation patterns (Figure 5). This trend 723 
prompts crucial considerations about the pace of evolutionary dynamics in perennial species like P. 724 
trichocarpa in response to forecasted rapid environmental changes and the implications for the species' 725 
persistence and resilience. In contrast, for research on conifer trees, there is evidence of limited 726 
adaptation to local climate for populations of Douglas-ir (Candido-Ribeiro & Aitken, 2024) although this 727 
study largely considered photosynthetic traits only and is in contrast to earlier research on Douglas-ir that 728 
demonstrated significant intraspecific population variation in traits in relation to climate of origin (Bansal 729 
et al., 2015), or relevance to identifying adaptive and plastic responses to enable drought tolerance in 730 
the face of climate change. For P. trichocarpa, our data suggest significant need for allele frequency 731 
shifts with climate, but the timing and importance of these phenomena require further investigation 732 

 733 
While our findings provide valuable insights into loci and traits associated with drought tolerance, 734 

it is critical to acknowledge the inherent trade-off between drought tolerance and yield. Resources 735 
allocated to survival mechanisms under stress conditions often come at the expense of growth 736 
performance, particularly over multiple years. Breeding strategies must carefully navigate this balance to 737 
develop genotypes capable of both surviving extreme conditions and maintaining productivity. The loci 738 
identified in this study offer a promising foundation for achieving this balance, but long-term evaluations 739 
under variable environmental conditions are needed to fully understand their implications. 740 

Utilizing natural populations preserves biodiversity and reduces the long breeding cycles typical 741 
of forest trees by maintaining allele-phenotype relationships. While marker-assisted selection often 742 
struggles with complex traits, genomic selection, leveraging genome-wide markers to predict traits 743 
beyond known climatic envelopes, offers significant potential for adaptive breeding strategies under 744 
climate change (Cortés et al., 2020; Depardieu et al., 2020; Grattapaglia et al., 2018). Additionally, our 745 
research supports identifying single gene targets for gene editing, as demonstrated in Populus ((Zhou et 746 
al., 2015)), accelerating wood domestication ((Anders et al., 2023)). 747 

Poplar is a fast-growing, short-rotation crop with diverse applications, including Sustainable 748 
Aviation Fuel (SAF) production (Webber et al., 2024). 749 

. Bioenergy with Carbon Capture and Storage (BECCS), and other bio-based uses, making it a 750 
cornerstone of sustainable energy strategies ((Porth & El-Kassaby, 2015; Sannigrahi et al., 2010)). This 751 
versatility emphasizes the importance of breeding programs aimed at improving efficiency, yield, and 752 
adaptability, particularly on marginal, water-limited sites—a key limitation for bioenergy crop deployment 753 
((King et al., 2013)). Together, these approaches can optimize woody feedstocks for future climates while 754 
addressing the critical trade-offs between drought tolerance and yield. This aligns with the U.S. 755 
Department of Energy goals to triple biomass supply and meet 15% of energy demand through 756 
sustainable bioenergy crops (U.S. Department of Energy, 2024)). By addressing these gaps, our work 757 
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advances conservation and breeding strategies for poplar and other species, supporting its diverse 758 
applications in a changing global climate. 759 

Conclusion 760 

We have uncovered evidence of adaptive variation in stomatal and leaf traits within P. trichocarpa, 761 
pinpointing a set of loci associated with genetic variation under both drought and control conditions, as 762 
well as their plasticity. Our findings also underscore the critical role of climate in shaping the adaptive 763 
landscape of P. trichocarpa, casting light on potential challenges and opportunities for this species in the 764 
face of climate change. Leveraging climate-predicted phenotypes provided compelling evidence for the 765 
adaptive significance of a locus associated with stomata size, which is predicted to respond to selection 766 
under future climates. In summary, this work offers pivotal insights into the intricate genetic underpinnings 767 
of physiological traits and their drought responses in P. trichocarpa, with implications for both 768 
conservation strategies and breeding initiatives. 769 
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Figures 789 

 790 

Figure 1. Overview of population and experiment. (a) Principal components of genetic kinship among 791 
Populus trichocarpa genotypes and their location of origins in the Pacific Northwest. (b) Common garden 792 
location and an example of stomatal phenotyping. On the left: raw microscopy image; on the right: 793 
processed image suitable for identifying stomatal density and size, captured at 16x magnification. 794 

  795 

 796 

 797 

 798 
  799 
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 800 

801 
Figure 2. Phenotypic responses to drought and control treatments. (a) INT scaled phenotypes for 802 
traits under control (C, blue) and drought (D, orange) treatments. (b) Kolmogorov–Smirnov test statistic 803 
and corresponding P-values comparing trait distributions between treatments.  804 

  805 

 806 

 807 

 808 

 809 
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810 
Figure 3. Analyses of traits in relation to climate-of-origin among P. trichocarpa genotypes. (a) 811 
Heatmap illustrating Pearson correlations between stomatal traits and bioclimatic variables sourced from 812 
WorldClim. (b-d) Geographic distribution of predicted (b) stomatal size, (c) abaxial contact angle and (d) leaf 813 
area based on Random Forest models (trait ~ bio climatic variables), with scatter plot inset contrasting 814 
predicted versus observed values. 815 
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 816 

Figure 4. Genome-Wide Association Study (GWAS) reveals locus contributing to stomatal size. 817 
(a) Summary of GWAS across all traits. Points indicate the positions of clumps identified along the P. 818 
trichocarpa genome associated with trait variation. The color and size of points reflect the legend in b. 819 
See Supplemental Figure 6 for GWAS results annotated per trait. (b) A zoom-in view of peaks on 820 
Chromosome 10. (c) High-resolution view of a prominent genomic region on Chromosome 10, focusing 821 
on the interval containing significant clumps. Annotated genes within this region are highlighted, with 822 
KCS genes highlighted by blue colors. The vertical lines show the positions and significance of clumps 823 
for associations with specific traits. Horizontal lines indicate the range of variants within each clump. The 824 
KCS gene Potri.010G079500, the only differentially expressed gene between large and small stomata 825 
genotypes, found in a GWAS region, is marked with an asterisk, motivating future work to identify specific 826 
causal variant. 827 

 828 

 829 
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830 
Figure 5. Analysis of Locus on Chromosome 10 (10,356,950 – 10,746,695) associated with 831 
Stomatal Size. (a) left: Allele effects on stomatal size (left:β, right: -log10(p) from simple linear regression 832 
phenotype~allele across all observations and ”allele effects” on climate-predicted allele effects of 833 
genotypes with unmeasured phenotypes in region on Chromosome 10. (b) Depiction of allele effect on 834 
stomatal size for genotypes with measured (upper) and climate-predicted (lower) phenotypes. Each point 835 
illustrates the mean, while error bars represent ± 2 standard errors. (c) T-statistic values from Pearson 836 
Correlation, illustrating the relationship between allele state and the climate origin of genotypes. (d) 837 
Visualization of the prediction accuracy of the random forest model, presenting the proportion of predicted 838 
allele states corresponding to each observed allele. (e) Geographical mapping of predicted allele states 839 
based on bioclimatic variables. 840 



Klein et al. Climate Adaptation in P. trichocarpa  

 

 

 
26 

(f) Change in bioclimatic variables from historical measures under various climate scenarios (SSPs and 841 
time). X-axis (T) represents t-test difference between future and current measures. Points mark mean 842 
values, where error bars indicate standard error across 10 GCM models. (g) Predicted change in 843 
frequency of small stomata allele on Chromosome 10 under future climates. Boxplots represent 844 
predictions averaged across GCM models for 100 iterations of randomized, balanced training sets for 845 
random forest models of genotype ~ bioclim variables under contemporary climates, used to predict 846 
genotype states at P. trichocarpa.   847 
 848 

Supplemental Materials 849 

Supplemental Materials and Methods 850 

NA. 851 

Supplemental figures 852 

 853 
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854 
Figure S1. Soil water potential, Davis, CA climate data and experimental design. (a) Soil mean 855 
water potential at 40 cm depth. Data derived from gypsum block water marks installed across drought 856 
and control treatments (control = blue; drought = orange) field site from March 2021 until February 2022. 857 
The ribbon around the graph line represents standard error. In (b) the Mean, Max and Min daily 858 
temperature and (c) Daily precipitation from Davis, California from March 2021 until January 2022 are 859 
shown. Data from: “DAVIS 2 WSW EXPERIMENTAL FARM, CA US USC00042294'', (38.5349°, -860 
121.7761°), www.ncei.noaa.gov. (d) Number of trees and (e) Number of genotypes per phenotype 861 
measured.  862 
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 863 

Figure S2. Variance components analysis a and Principal Component Analysis b by trait. (a) The 864 
stacked bar chart represents the distribution of variance components for stomatal and leaf plant traits, 865 
assessed in two months: June and September. Variance sources are color-coded: genetic (G) in blue, 866 
environmental (T) in green, and genotype by environment interaction (GxE) in red. The x-axis displays 867 
the percentage variance explained, while the y-axis lists the specific traits under investigation. For several 868 
traits, the GxE interaction explains a substantial proportion of the observed variance, emphasizing the 869 
importance of considering both genetic and environmental factors in trait expression. (b) Principal 870 
Component Analysis (PCA) Scatter Plot of 14 Different Leaf Traits visualizing the variation of 14 different 871 
leaf traits between the two treatments, control and drought. The horizontal axis, PC1, explains 26% of 872 
the variance, while the vertical axis, PC2, accounts for 12% of the variance. 873 

 874 

 875 
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876 
Figure S3: Genetic control of traits in the GWAS population: (a) bar graph represents estimated total 877 
genetic variance as a proportion of phenotypic variance (y-axis) for each trait (x-axis). Error bars indicate 878 
the standard error of the estimates. (b) Genetic correlation of traits in the population: each cell represents 879 
the genetic correlation between pairs of traits measured for this population. The color and the intensity of 880 
each cell reflects the sign and magnitude of genetic correlation.  881 
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882 
Figure S4. Comparative Analysis (Correlations) of Traits measured in this study. Above the 883 
diagonal are traits under drought conditions. Below the diagonal are traits measured under control 884 
conditions.  885 

 886 
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888 
Figure S5. Quantile-quantile (QQ) plots displaying the observed versus expected -log10(p-values) 889 
for all traits included in the analysis. The red diagonal line represents y=x, representing the null 890 
hypothesis of no association. 891 
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892 

Figure S6: GWAS for all traits. Significant associations (−log 10(p)) are shown across chromosomes. 893 

Rows represent traits, columns indicate chromosomes, and dot size reflects association strength, with 894 

larger dots indicating higher significance. 895 
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Figure S7. Genome-Wide Association Study (GWAS) results for untransformed stomatal size. (a) 897 
Stomatal Size in June under control (upper) and drought conditions (lower) and Stomatal Size in 898 
September control (upper) and drought conditions (lower). A prominent peak is observed on 899 
Chromosome 10 across both environmental conditions and time points. This peak is delineated by the 900 
green boxes and further detailed in the zoomed-in panels on the right, which center on the most significant 901 
variant. Green icons within the zoomed-in panels mark the positions of P. trichocarpa genes. The most 902 
significant polymorphisms for each trait are emphasized in the respective panels. (b-d): Effects and 903 
linkage disequilibrium locus on Chromosome 10 (10,356,950 – 10,746,695) associated with Stomatal 904 
Size. (b) Estimated genetic effect (β and p from simple linear regression phenotype~allele across all 905 
observations) on size and density for each variant in this window. (c) Estimated LD (Pearson correlation) 906 
between all variants and the variant with the most significant association to each trait. (d). Relationship 907 
between LD of each variant with the most significant variant and the significance of their association to 908 
each trait colored by their estimated genetic effect (β).   909 



Klein et al. Climate Adaptation in P. trichocarpa  

 

 

 
36 

 910 

 911 

 912 

Figure S8. Observed geographical distribution of example allele in Chromosome 10 (10,356,950 – 913 
10,746,695) associated with stomata size and density.  914 
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Supplemental Tables 915 

Supplemental Table 1. Phenotypes measured and used for analysis.  916 

 917 

Variable Tissue Definition Unit Time 

Leaf Area Leaf Area of the leaf cm2 
Jun-21 

Sep-21 

Leaf Perimeter Leaf Perimeter of the leaf cm 
Jun-21 

Sep-21 

Compactness Leaf (Perimeter of the leaf)2 / Area of the leaf unitless 
Jun-21 

Sep-21 

Stomatal Density Leaf Stomatal number per mm2 /mm2 
Jun-21 

Sep-21 

Stomatal Size Leaf Stomatal size (pore length) mm 
Jun-21 

Sep-21 

Fresh weight Leaf Fresh weight of the leaf gram 
Jun-21 

Sep-21 

Dry weight Leaf Dry weight of the leaf gram 
Jun-21 

Sep-21 

Water Content Leaf Fresh weight - Dry weight gram 
Jun-21 

Sep-21 

Proportional Water 
Content 

Leaf 
(Fresh weight - Dry weight) / Fresh 

weight 
unitless 

Jun-21 

Sep-21 
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Adaxial Contact 
Angle 

Leaf Contact Angle of adaxial surface degrees Sep-21 

Abaxial Contact 
Angle 

Leaf Contact Angle of abaxial surface degrees Sep-21 

δ13C Wood 
ratio of the two stable isotopes of carbon 

13C and 12C 
per mil, 

‰ 
Jan-22 

NDVI Leaf 

Normalized Difference Vegetation 
Index 

Reference: Rouse et al. (1974) 
Equation: NDVI = 

(R800-R680)/(R800+R680) 

unitless 

Jun-21 

Sep-21 

PRI Leaf 

Photochemical Reflectance Index 
Reference: Gamon et al. (1992) 

Equation:  
PRI = (R531- R570) / (R531+ R570) 

unitless 

Sep-21 

Sep-21 

 918 
 919 

Supplemental Table 2. Raw phenotypes.  920 

Raw_data_stomata_paper2024 921 

Supplemental Table 3. (Min/max/average) for each phenotype measured.  922 

 923 

Statistic Units Min Max Median Mean SD 

Stomatal_Density_Sept /mm2 38.8555281 413.88518 
173.0837
16 

176.4515
63 45.890872 

Stomatal_Density_June /mm2 31.152648 
409.92448
8 

182.4655
1 

187.5392
94 55.8886263 

Stomatal_Size_Sept mm 0.01726802 
0.0465673
1 

0.033097
01 

0.032929
14 0.00365149 

Stomatal_Size_June mm 0.01594699 0.0425358 0.030936 0.030632 0.00400338 
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8 53 88 

Fresh_Weight_June gram 0.281 5.082 1.277 
1.380634
04 0.57545124 

Dry_Weight_June gram 0.094 1.675 0.414 
0.448374
3 0.19379044 

Water_Content_June gram 0.187 3.407 0.857 
0.932259
74 0.39418538 

Fresh_Weight_Sept gram 0.291 9.389 1.4805 
1.627609
46 0.81675482 

Dry_Weight_Sept gram 0.08 2.777 0.5025 
0.551980
66 0.27749549 

Water_Content_Sept gram 0.063 6.612 0.974 
1.075628
8 0.55388603 

Proportional_Water_Con
tent_June unitless 0.42426418 0.9431337 

0.670558
23 

0.675101
46 0.03660582 

Proportional_Water_Con
tent_Sept unitless 0.04684015 0.8727758 

0.661930
63 

0.659917
3 0.04239435 

Adaxial_Contact_Angle_
Sept degrees 4.719 111.602 55.356 

54.35891
27 16.5286165 

Abaxial_Contact_Angle_
Sept degrees 16.172 124.276 78.9685 

76.32654
24 20.5311852 

NDVI_Sept unitless 0.14314833 
0.8402626
8 

0.700874
63 

0.649461
04 0.13617428 

PRI_Sept unitless -0.1525656 
0.0386672
8 

-
0.002777
9 

-
0.009296
5 0.03091265 

NDVI_June unitless 0.04147551 
0.8693263
1 

0.768687
68 

0.745967
41 0.08684121 

PRI_June unitless -0.1172695 
0.0474356
6 

0.017023
75 

0.011981
11 0.02076093 

Leaf_Area_June cm2 11.9396413 
148.93695
1 

41.03365
34 

43.64424
04 16.6227386 

Leaf_Perimeter_June cm 17.5444079 
62.678148
5 

31.83749
8 

32.35367
01 5.94774078 

Compactness_June unitless 17.1135335 
44.111509
8 

24.54244
24 

25.12895
25 3.49328865 

Leaf_Area_Sept cm2 7.66225915 
230.07155
9 

36.03949
52 

40.57815
05 21.4482736 
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Leaf_Perimeter_Sept cm 15.2010196 
72.055269
6 

30.52741
79 

31.47970
09 7.52928566 

Compactness_Sept unitless 15.5389189 
78.443715
2 

25.27403
9 

26.73179
01 6.30794824 

d13 

per mil, 
‰ -33.229284 -22.155004 

-
26.27735
5 

-
26.51507
3 1.64721672 

SLA_June m²/g 51.9908854 
420.15995
4 

97.88311
94 

101.1193
27 21.6971424 

SLA_Sept m²/g 21.9467305 
266.81688
4 

72.65102
23 

75.99609
02 22.3949958 

totalC gram 967.900514 
1935.5580
6 

1421.983
25 

1417.938
66 86.8528506 

 924 

Supplemental Table 4. Drought Recovery Index  925 

DRI_poplar_stomata 926 

Supplemental Table 5. Genotype information (location, climate).927 

Location and Climate of Origin - Poplar 928 

Supplemental Table 6. GWAS summary  929 

GWAS_peaks_poplar_stoma 930 

Supplemental Table 7. All Potential Candidate genes (Orthologs to Arabidopsis thaliana), also 931 
highlighted with 4 categories (Water, Stomata, Guard Cells, ABA) 932 

GWAS_candidates_poplar_stoma 933 
 934 

Supplemental Table 8. NCBI SRA accession numbers and genotype IDs for RNA-Seq data in 935 
Populus trichocarpa 936 

NCBI SRA accession numbers and genotype IDs for RNA-Seq data in Populus trichocarpa 937 

Supplemental Table 9. Differential gene expression (DEG) results 938 

DEG_results_RNA_p.trichocarpa 939 
 940 

 941 
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