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Abstract
Mapping geographic mosaics of genetic variation and their consequences via geno-
type x environment interactions at large extents and high resolution has been limited 
by the scalability of DNA sequencing. Here, we address this challenge for cytotype 
(chromosome copy number) variation in quaking aspen, a drought- impacted foun-
dation tree species. We integrate airborne imaging spectroscopy data with ground- 
based DNA sequencing data and canopy damage data in 391 km2 of southwestern 
Colorado. We show that (1) aspen cover and cytotype can be remotely sensed at 1 m 
spatial resolution, (2) the geographic mosaic of cytotypes is heterogeneous and in-
terdigitated, (3) triploids have higher leaf nitrogen, canopy water content, and carbon 
isotope shifts (δ13C) than diploids, and (4) canopy damage varies among cytotypes and 
depends on interactions with topography, canopy height, and trait variables. Triploids 
are at higher risk in hotter and drier conditions.
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1  |  INTRODUC TION

Large extent, high- resolution maps of intraspecific genetic vari-
ation could provide information for forecasting species range 

shifts in response to climate change (Parmesan & Yohe, 2003). 
However, maps of species distributions based on environmental 
data (Elith & Leathwick, 2009) rarely account for genetic variabil-
ity beyond the species level. This is because spatially mapping 
intraspecific genetic variation (Fitzpatrick & Keller, 2015) is chal-
lenging and resource- intensive, requiring detailed field sampling Benjamin Blonder, Philip G. Brodrick, James A. Walton and K. D. Chadwick contributed equally.  
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followed by intensive DNA- based analyses. Remote sensing has 
the potential to unveil geographic mosaics of genetic variation 
at greater extents and resolution than previously considered. 
Such maps would enable investigating genotype × environment 
interactions (G×E) at the landscape scale, enabling studies of 
G×E to reach beyond the laboratory and greenhouse into natural 
populations.

Mapping genetic variation and assessing its impact on range 
shifts could be resolved through the development of methods 
that infer genetic information from high spectral resolution im-
agery. Genetic variation that modifies leaf chemistry (e.g., water 
content or pigments) or structure (e.g., canopy structure) modifies 
the light reflected by the canopy (Asner, 1998; Asner et al., 2017; 
Clark et al., 2005; Curran, 1989). Canopy reflectance has been 
used to detect shifts in foliar chemistry (Chadwick & Asner, 2016; 
Martin et al., 2018; Singh et al., 2015), and to discriminate species 
(Baldeck et al., 2015; Ferreira et al., 2016; Fricker et al., 2019). 
Similar approaches potentially could infer intraspecific genetic 
variation. Leaf reflectance spectra have recently been used to 
identify population structure and hybrids in Dryas spp. (Stasinski 
et al., 2021). Additionally, recent studies have used drones or 
aircraft- based hyperspectral imagery to identify genetic variation 
(Blonder, Graae, et al., 2020; Czyż et al., 2020) or genetic bound-
aries (Madritch et al., 2014) in tree species, but have been limited 
to smaller mapping applications.

A key component of genetic variation is cytotype, the num-
ber of copies of each chromosome, also known as ‘ploidy level’ 
(Levin, 1983; Stebbins, 1971). Cytotype variation is common 
within many plant species, including crops, rangeland grasses, 
and trees (Keeler, 1998; Petit et al., 1999). Individuals with trip-
loid cytotypes may have phenotypes associated with the more 
resource acquisitive end of the plant economics spectrum (Díaz 
et al., 2016), supporting more rapid growth in high- resource envi-
ronments but also increased vulnerability to drought and patho-
gens in these conditions (a G×E effect affecting mortality). A key 
potential mechanism is an increase in genome size which drives in-
creases in cell size (Roddy et al., 2020). For xylem, this could drive 
a greater risk of embolism (Sperry et al., 2008) and for stomata 
and mesophyll cells, this could drive shifts in water use efficiency 
and photosynthesis (Roddy et al., 2020; Théroux- Rancourt et al., 
2021). A second key mechanism is the higher gene expression in 
polyploids, which could also drive increased pathogen risk due to 
the re- allocation of resources toward growth instead of defense 
(Kruger et al., 2020).

Quaking aspen (Populus tremuloides Michx.) is a model sys-
tem for understanding landscape variation in intraspecific cyto-
type variation and its interaction with the environment. Aspen 
is a broadleaf and foundation tree species with a range span-
ning from Alaska to Mexico (DeByle & Winokur, 1985; Mitton & 
Grant, 1996). Mortality of aspen forests has been observed since 
the early 2000s in the southwestern part of the species’ range 
(Worrall et al., 2013).

Aspen has diploid and triploid cytotypes (Einspahr et al., 1963; 
Every & Wiens, 1971). Cytotypes can co- occur within a region (Mock 
et al., 2008), and triploidy may be more common in the Southwest 
(Mock et al., 2012), which is also where drought mortality has been 
highest (Dixon & DeWald, 2015; Worrall et al., 2013). Triploids are 
thought to have traits that confer taller and faster growth (Benson & 
Einspahr, 1967; Every & Wiens, 1971; Flansburg, 2018) and to have 
more resource- acquisitive leaves (Greer et al., 2017).

Topography also creates a spatial mosaic of environmental vari-
ation, which is also likely to be important for mortality. Drought 
is often a major contributor to decline, with mortality occurring 
3– 5 years after onset due to accumulation of hydraulic damage in 
stems (Anderegg et al., 2013), and exacerbated by fire or disease 
(Marchetti et al., 2011; Rogers et al., 2014). Mortality has primar-
ily been observed on south- facing aspects, at lower elevations, 
and for taller/older canopies (Worrall et al., 2008, 2013), strongly 
suggestive of a role for heat and drought. Hydraulic ecophysiol-
ogy models support this perspective (Anderegg et al., 2015; Tai 
et al., 2017) as do sap flow data (Liu & Biondi, 2021) and concep-
tual expectations (Adams et al., 2017; Martinez- Vilalta et al., 2019). 
However, the role of G×E interactions on canopy damage and 
mortality— that is, differential responses of diploids and triploids— 
remains to be explored.

Here, we ask: (1) Can airborne spectroscopy successfully classify 
aspen cytotype?; (2) What are the drivers and patterns of aspen cyto-
type at the landscape scale?; (3) How do canopy traits vary with cy-
totype and other factors; and (4) How does canopy damage vary with 
cytotype, canopy traits, canopy height, and topography? We address 
these questions using airborne imaging spectroscopy, field- measured 
genomic data, and aerial and LiDAR survey data at 110 m resolution 
and 391 km2 extent over Colorado (Figure 1a; Figure S1). The main 
advance of this study is in mapping genetic features and exploring 
G×E interactions at the large spatial extent and high resolution, rel-
ative to prior studies in aspen that have mapped genetic features at 
either smaller extents (Blonder, Graae, et al., 2020) or have focused 
on delineating genotype boundaries rather than genetic feature per 
se (Madritch et al., 2014). Our central and previously untested hy-
pothesis is that G×E interactions cause triploid aspen to be at greater 
risk for canopy damage in hotter and drier environments.

2  |  MATERIAL S AND METHODS

2.1  |  Study area

The study was carried out over 391 km2 of land area near Crested 
Butte, Colorado (Figure 1a; Figure S1). The landscape comprises 
glacially carved valleys and mountains, covered by meadows, aspen 
forest, conifer forest, tundra, and ranchland. Elevations range from 
2678 to 4104 m. Spatial analyses were carried out at 1 m resolution 
on WGS84/UTM- 13N projection within R (version 4.0.3) using the 
terra and sf packages.
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2.2  |  Hyperspectral, LiDAR, and canopy 
height data

We obtained hyperspectral reflectance data to use directly for cy-
totype mapping (Q1, Q2), trait mapping (Q3), and damage analyses 
(Q4). In June 2018, the study area was overflown by the National 
Ecological Observatory Network (NEON) Airborne Observation 
Platform (AOP), via Twin Otter aircraft (Chadwick, Brodrick, Grant, 
Goulden, et al., 2020). Flights were timed for when the majority of 
vegetation had leafed out, and occurred over two weeks during mid- 
morning sunny conditions, at approximately 1000 m above ground 
level. Data were collected by a pushbroom imaging spectrometer 
(NASA Jet Propulsion Laboratory).

We also obtained Lidar data that was used directly to generate 
a canopy height predictor for use in Q2, Q3, and Q4 analyses, as 
well as several intermediate variables. Waveform LiDAR (Optech 
ALTM Gemini) was collected simultaneously with reflectance data 
(Goulden & Musinsky, 2020). Spectroscopy data were converted 
from at- sensor radiance to surface reflectance through an iterative, 
localized version of the ACORN atmospheric correction package 
(Brodrick et al., 2020; Chadwick & Brodrick, 2020). LiDAR data were 

processed to surface elevation, canopy height, and shade (Goulden 
et al., 2020).

2.3  |  Trait data

We mapped aspen canopy functional traits for Q3 and as potential 
predictors of canopy damage in Q4. Traits were chosen as prox-
ies for several axes of strategy variation, respectively, variation in 
water storage and canopy closure, water use efficiency, and pho-
tosynthetic capacity. NEON imaging spectroscopy data were used 
to generate maps of canopy water content (ml m−2), leaf carbon 
isotope shift (δ13C; per mil relative to Pee Dee Belemnite standard), 
and leaf nitrogen (%) across the study extent. Trait mapping was 
carried out by training machine learning models (ensembles of par-
tial least squares regression models) on the reflectance data and a 
large number of field measurements of each trait across vegetation 
types. Approximately 400 field samples were collected from sun- 
lit leaves of meadow, shrub, and tree vegetation types within three 
days of the NEON AOP overflight. Samples were dried and then run 
on an elemental analyzer coupled to a mass spectrometer for C and 

F I G U R E  1  (a) The study region is 
shown in purple within a map of Colorado. 
Green polygon indicates the range of 
quaking aspen according to Little (1971). 
(b) Map of aspen distribution and cytotype 
distribution within the study region 
predicted from hyperspectral imagery. 
Diploids are shown in blue; triploids in red. 
(c) Inset corresponding to the rectangular 
region in (b)
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N concentrations and δ13C (Chadwick, Grant, et al., 2020). Canopy 
water content was physically retrieved from spectral data. Mean trait 
predictions and estimated error rates were obtained from model en-
sembles. Full details of field data and statistical methods are pub-
lished in (Chadwick, Brodrick, Grant, Henderson, et al., 2020) and 
summarized at https://kdcha dwick.github.io/east_river_trait_model 
ing/. We removed pixels where the standard deviation of prediction 
between models exceeded 0.8‰ for δ13C and 0.15% for nitrogen, 
and clipped values to canopy water content above 0 ml m−2

; leaf car-
bon isotope shift between −30 and −22‰; and nitrogen between 
0% and 15%.

2.4  |  Genetic data

We also generated a range of georeferenced genomic data for use 
in training models of cytotype underlying Q1– Q4 analyses. In sum-
mer 2018, we established 503 plots distributed throughout the study 
area within the aspen cover (Figure S2; Blonder et al., 2021; Blonder, 
Walton, et al., 2020). Thirty- nine percent of plots were randomly lo-
cated, 55% were located in four rectangular grids (one per watershed, 
with 25 m spacing between plots), and 6% were opportunistically lo-
cated in areas of high canopy damage or habitat types undersampled 
by the random plots (e.g., talus, tundra). Plots were constrained to 
non- wilderness public land and trust land. Each plot was centered at a 
focal living tree and identified by installing an aluminum tag. The loca-
tion of the focal tree was determined using a GPS unit (Trimble, Geo 
7X, <1 m horizontal accuracy with point averaging). To further refine 
coordinates to sub- meter accuracy, we also re- visited a subset of 280 
plots in 2019, using the RGB orthomosaic data loaded onto a hand-
held tablet with a GPS unit (Garmin GLO2), then manually delineated 
crown polygons for focal trees based on local spatial context. Polygon 
centroids were used as final coordinates for these plots.

2.5  |  DNA- based cytotype data

We used a slingshot and line technique (Youngentob et al., 2016) 
to obtain canopy branches of each focal tree in summer 2018. A 
healthy mature leaf was selected and preserved in silica desiccant 
at room temperature. DNA was extracted from leaf tissue using a 
Qiagen DNeasy plant kit, and double- digest restriction fragment- 
based DNA libraries were prepared using a method similar to that 
described by (Gompert et al., 2012). Libraries were sequenced in 
three lanes at the University of Texas Genomic Sequencing and 
Analysis Facility on an Illumina HiSeq2500 for single- end 100bp 
reads. Samples were then classified for clonal membership using the 
pairwise distribution of Jaccard similarities (Rowe, 2019) and clas-
sified for cytotype (diploid or triploid) using algorithms described 
by (Gompert & Mock, 2017), yielding 480/503 successful classifi-
cations. A total of 191 clones (genotypes) are represented in this 
dataset. Detailed methods are available in (Blonder et al., 2021) and 
RADseq data are available at (Blonder, Walton, et al., 2020).

2.6  |  Canopy damage data

We obtained canopy damage data as a response variable for Q4 
analyses. We defined canopy damage as any vegetative damage 
leading to temporary or permanent defoliation and/or aboveground 
stem loss, from any source. Longer- term responses (resprouting or 
complete stem/root mortality) could also occur, so this variable does 
not necessarily indicate whole- plant mortality, although it could. 
Canopy damage was assessed via two complementary approaches.

First, we used rasterized Aerial Detection Survey data for 2000– 
2018 from the US Forest Service (Coleman et al., 2018). We selected 
polygons comprising any mapped damage (branch dieback or canopy 
loss). Our selection criteria differ slightly from (Worrall et al., 2013) 
by including additional years of data and damage from all sources 
rather than only putative drought mortality. This more liberal crite-
rion includes damage from sources like an insect or fungal pathogens 
whose ultimate cause may be drought (Marchetti et al., 2011). The 
majority of aspen damage in this region (Figure S3) has occurred (to 
date) in the mid- 2000s (Worrall et al., 2013). This dataset has broad 
spatial and temporal coverage and includes all types of damage 
events. It is limited by relatively coarse spatial resolution (~100 m) 
and by aggregation of 2000– 2018 damage relative to 2018 traits 
and cytotypes. As such, it cannot distinguish cases in which prior 
canopy damage was sustained or recovered, nor can it distinguish 
whether prior canopy mortality led to replacement by a stand of the 
same or different cytotype.

Second, we used repeated airborne LiDAR surveys to identify 
locations where canopy height decreased by large amounts. A first 
overflight of the study extent was carried out on August 10, 2015 by 
Quantum Spatial with a Riegl(Leica) Q1560 discrete- return LiDAR 
system on a Piper Navajo aircraft. This acquisition yielded a point 
cloud with a density of 14.4 points m−2 (Wainwright & Williams, 
2017). A second overflight was carried out from August 21 to 
September 24, 2019 using a Riegl(Leica) VQ1560i system mounted 
on a Cessna Caravan aircraft, resulting in a point cloud with a density 
of 9.4 points m−2 (Breckheimer, 2021). Both scans met the USGS QL2 
quality standard (Heidemann, 2018; Table S1). Ground- classified re-
turns in each tile were triangulated to create a bare- earth surface, 
and this elevation was subtracted from the point cloud elevations. 
Canopy heights were estimated using a pit- free model of the canopy 
surface (Khosravipour et al., 2014). Canopy heights were differenced, 
gridded at 1/3 m resolution, and median- aggregated to 1- m resolu-
tion. Areas of avalanches and landslides were manually masked, and 
the remaining dataset was further masked to aspen cover. Canopy 
damage was inferred for pixels in which canopy height decreased 
between 2015 and 2019 by >3 m. This dataset has a higher spatial 
resolution and a shorter temporal extent than the USFS data, en-
abling clearer linkages to 2018 cytotype and trait data. It is limited 
by a reduced spatial extent (151 km2) and its inclusion of only canopy 
damage that led to decreases in canopy height. Defoliation and can-
opy damage that does not lead to treefall are not captured.

In both cases, these damage metrics also are associated with 
ground- based measurements of stem mortality (Figure 2). We 

https://kdchadwick.github.io/east_river_trait_modeling/
https://kdchadwick.github.io/east_river_trait_modeling/
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measured stem mortality in all plots in 2018 by checking cambium 
greenness (Blonder et al., 2021). Fractions of numbers of dead stems 
per plot are higher in plots whose location falls in pixels indicated as 
damaged in both the 2015– 2018 Lidar data, as well as in the 2015– 
2018 subset of the USFS data.

2.7  |  Aspen and cytotype classification (Q1)

Two independent models were trained to: (1) separate out land 
cover type, and (2) distinguish between cytotypes. For (1), we hand- 
delineated 465 polygons that corresponded to aspen forests occur-
ring in a range of topographic positions, and in all of the watersheds. 
We also hand- delineated 1168 polygons with similar areas, which 
were selected to be in other land cover types (built environment, 
conifer, dry meadow, mesic meadow, miscellaneous bare ground, 
snow, water, and woody riparian vegetation). We extracted spectral 
reflectance data at all wavelengths for all pixels, then brightness- 
normalized and scaled values (excluding dominant atmospheric 
water absorption features during brightness normalization). These 
data were then used to train an artificial neural network (ANN) 
classifier in Python. Parameter grid searches were compared using 
validation datasets to select a final model structure. The selected 
model had six layers, 200 nodes, a dropout rate of 0.4 between each 
layer, and a leaky- ReLU loss function with an alpha of 0.3, similar 
to previously used species classifiers (Chadwick, Brodrick, Grant, 
Henderson, et al., 2020). The response function (surface class) was 
weighted to account for class imbalance, with sample weight propor-
tional to the inverse of the total class count. The model was trained 
with an Adam optimizer for 10 epochs. Cover maps were converted 
to a binary indicator of aspen cover throughout the study area and 
used as a mask for below remote sensing analyses.

For (2), training data were obtained by extracting brightness- 
normalized reflectance data in a 5 m × 5 m square grid around each 
ground- based plot for which cytotype data were available, excluding 
non- aspen pixels (using the cover map described above), as well as 
shade- masked pixels (n = 50,294 buffered pixels). We then assumed 
that all of these data represented pixels of the same cytotype as 
the focal tree because our gridded ground- based datasets indicate 
that cytotype variation occurs at 25– 50 m spatial scales in this re-
gion (Blonder et al., 2021). Using this training data set, parameter grid 
searches were used to select a model with five internal layers of 200 
nodes, a dropout rate of 0.5, batch normalization between each layer, 
and a softplus activation function (with a sigmoid activation function 
after the last layer). Weighting was used for class imbalance, and the 
model was trained for 32 epochs with an Adam optimizer using an ini-
tial learning rate of 0.0005 until the test set precision and recall rates 
peaked. We predicted both models on the full hyperspectral image 
dataset, and in the case of the cytotype model, masking out shaded 
and non- aspen classified pixels. Cytotype predictions were sieved 
using a 20 px minimum size requirement. Next, a temporary predic-
tion was made by passing a median filter over the predictions using a 

10 m spatial kernel. The median filtered values were then used to fill 
in the sieve- caught pixels. This sieving and filtering helped identify 
rare unrealistic cases where one cytotype was surrounded entirely 
by another. This processed dataset was then used for all downstream 
analyses. Figure S2 shows predictions overlaid with plot data.

2.8  |  Random forest modeling approach (Q2– Q4)

We fit several random forest models using a common approach 
using the ranger package. Random forest algorithms were used be-
cause of their good performance and generalization, as well as low 
computational cost. We first mean- aggregated all data products to 
10 m resolution, ignoring missing values, to reduce model degrada-
tion from noisy pixels. Binary variables (aspen cover, cytotype, can-
opy damage) were converted to within- pixel fractions. Aggregated 
pixel values for all datasets were extracted, and subsetted only to 
pixels that were at least 50% aspen, eliminating isolated 1 m pixels 
(n = 91,051 remaining 10 m pixels).

Random forest model response variables comprised diploid cy-
totype fraction (Q2), traits (Q3), or canopy damage fraction (Q4). 
Predictor variables comprised topographic features (Q2– Q4), can-
opy height (Q2– Q4), diploid cytotype fraction (Q3, Q4), and/or 
traits (Q4). Models were fit using 1000 trees and a maximum tree 
depth of 10. A k- fold spatially explicit cross- validation was carried 
out, balancing prevalence of response variables for categorical re-
sponses, then dividing data into 100 × 100 m patches, then training 
models on one randomly selected subset of patches (80%), and test-
ing model performance on another randomly selected subset (20%).

Performance was evaluated on test subsets in terms of R2. To de-
termine which variables contributed to performance, models were 
fit using all subsets of predictor types (cytotypes, traits, canopy 
height, and/or topography).

Partial dependence plots (PDPs) were used to show the mean pre-
dicted response for the entire dataset, when individual features are 
fixed at different values, and demonstrate how the model, on average, 
utilized changes in features. That is, PDPs indicate the direct and inde-
pendent effect of a predictor on the response. PDPs were generated 
for each replicate model and then visualized as ensemble means and 
coefficients of variation (mean/SD) using the pdp package.

2.8.1  |  Cytotype spatial patterning (Q2)

Models used 2018 cytotype as response and all subsets of topo-
graphic variables and/or canopy height as predictors.

2.8.2  |  Trait analysis (Q3)

Models used each 2018 trait variable as a response, and included all sub-
sets of 2018 cytotype, canopy height, and/or topographic predictors.
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2.8.3  |  Canopy damage analysis (Q4)

Models used canopy damage fraction as a response, for each of the 
2000– 2018 USFS and all subsets of 2015– 2019 LiDAR datasets, and 
2018 cytotype, canopy height, topography, and/or 2018 traits as 
predictors.

3  |  RESULTS

3.1  |  Question 1— Mapping cytotypes

Aspen cover and aspen cytotype were classifiable with high success 
from the hyperspectral imagery. Spectral variation among aspen- 
classified pixels also was evident among diploids and triploids, es-
pecially at around 600, 950, 1250, 1700, and 2200 nm (Figure S4a). 
The classifier for aspen versus non- aspen cover achieved a speci-
ficity (true negative rate) in a spatially explicit hold- out test set of 
99.9% and a sensitivity (true positive rate) of 97.3% (Figure S4c). The 
classifier for cytotype achieved 86.9% specificity and 83.6% sensi-
tivity in a spatially explicit hold- out test set (Figure S4e).

3.2  |  Question 2— Cytotype spatial patterning

Diploid and triploid cytotypes occurred across the landscape in 
complex patterns that were often homogeneous but sometimes 
showed interdigitation (Figure 1b,c; Figure S3). Of the 12.8 km2 area 
classified as aspen within the study extent, triploid pixels were more 
common than diploid pixels (57.5% vs. 42.5%; Figure S5).

Diploid fractions increased at high elevation and high values 
of cosine aspect (north- facing slopes), with the converse true for 
triploids (Figure 3; Figure S6; R2 = .18 ± 0.005 SD). The overall 
prevalence of observed aspen points had a unimodal distribution 

centered at intermediate elevation and canopy water content val-
ues (Figure S7).

3.3  |  Question 3— Trait analysis

Canopy water content (CWC) varied from approximately 2200 to 
3000 ml m−2 in aspen (Figure 4a). Triploids had higher CWC than 
diploids. Overall, CWC was lower in shorter canopies and on 
south- facing slopes (lower cosine aspect; Figure 5a; Figure S8a; 
R2 = .43 ± 0.016 SD).

Leaf carbon isotope shift (δ13C) varied from approximately −25.8 
to −25.0 per mil in aspen (Figure 4b). Triploids had higher δ13C than 
diploids. Overall, δ13C was higher with greater canopy height and 
combinations of greater canopy height and north- facing aspect 
(Figure 5b; Figure S8b; R2 = .38 ± 0.0010 SD).

Leaf nitrogen (N) varied from approximately 2.2%– 3.0% in 
aspen (Figure 4c). Triploids had higher N than diploids. Overall, N 
was higher on more south- facing aspects and in shorter canopies 
(Figure 5c; Figure S8c; R2 = .23 ± 0.016 SD).

The overall pixel prevalence of diploids and triploids grouped by 
these predictors was highest along an axis spanning from low eleva-
tion and north aspect to mid- elevation and south aspect, and was 
similar among diploids and triploids (Figure S9).

3.4  |  Question 4— Canopy damage analysis

Using the 2000– 2018 USFS dataset, a total of 2,990,734 of 
12,829,327 m2 of the unshaded aspen- classified area experienced 
canopy damage (23.3%). Among healthy pixels, 54% were triploid, 
whereas among pixels with canopy damage, 68% were triploid 
(Figure S10a). Maximum canopy damage fraction was higher for trip-
loids, especially at intermediate elevations (R2 = 0.13 ± 0.014 SD). In 

F I G U R E  2  Comparison of remotely sensed canopy damage metrics relative to ground- based mortality surveys. The y- axis here indicates 
dead tree fractions in each of 503 aspen plots from Blonder et al. (2021; from which the genetic data from this study are also sourced). 
Density plots indicate that canopy damage, as determined either from the USFS or Lidar data, is higher in plots with more dead trees
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contrast, diploid canopy damage fraction was higher at higher el-
evations (though this conclusion is more tentative due to the higher 
coefficient of variation in predictions at this predictor combination). 
There was no strong effect of canopy water content on canopy dam-
age fraction (Figure 6a; Figure S11a). These results were consistent 
when the models were fit on the more restricted extent of the LiDAR 
data below (Figures S11c and S12).

In contrast, using the 2015– 2019 LiDAR dataset, a total of 
90,285 of 6,694,627 m2 (1.3%) of the unshaded aspen- classified 
area was classified as canopy damage. Among healthy pixels, 
61% were triploid, whereas among pixels with canopy damage, 
56% were triploid (Figure S10b). In triploids, canopy damage 
fraction was higher at low elevation and low canopy water con-
tent, while in diploids, canopy damage fraction was higher at low 

elevation regardless of canopy water content (Figure 6b; Figure 
S11b; R2 = .03 ± 0.006 SD).

The overall prevalence of diploids and triploids grouped by these 
predictors was highest at intermediate elevation and low canopy 
water content for diploids, and at intermediate elevation and inter-
mediate canopy water content for triploids (Figure S13).

4  |  DISCUSSION

This study was able to map previously hidden landscape genetic pat-
terns through the integration of DNA and remote sensing datasets. 
The genetic maps also suggest that aspen, triploids, and diploids ex-
perience different canopy damage rates, as determined by interac-
tions with topography and canopy traits. Thus, these results support 
the hypothesis of G×E interactions at the landscape scale and pro-
vide partial support for the hypothesis of higher canopy damage for 
triploids in hot and dry environments.

4.1  |  Mapping cytotype (Question 1)

Aspen cytotypes were mappable at high resolution and a large 
extent using imaging spectroscopy data, underscoring the utility 
of remote sensing in complementing ground- based genomic sam-
pling. The large regions of homogeneous cytotypes in the pre-
dicted maps are consistent with expectations of extensive clonal 
growth in western North America (DeWoody et al., 2008; Mock 
et al., 2008). The use of a pixel- based classification algorithm 
with spatially- explicit test sets also builds confidence in these 
predictions.

4.2  |  Spatial variation in cytotype (Question 2)

These genetic maps illuminate the spatial distribution of cytotypes 
within a large heterogeneous landscape, consistent with observa-
tions of landscape heterogeneity in Colorado aspen phenotypes 
(Morgan, 1969). Triploid pixels were more common at low elevations 
and on south- facing slopes, consistent with recent ground- based 
surveys (Blonder, Graae, et al., 2020; Blonder et al., 2021; Mock 
et al., 2012). This pattern is indicative of higher performance in hot-
ter and drier environments, confirming drivers that have been long 
hypothesized (Every & Wiens, 1971) to explain the elevational zona-
tion of different aspen types (Baker, 1921).

Prior landscape disturbance, in addition to topography, 
could have contributed to these spatial patterns, if demographic 
responses are cytotype- dependent. Glacial retreat and re- 
colonization dynamics, regular disturbances from avalanches and 
landslides, and surficial geology may also have had major impacts 
on aspen cytotype distribution (Blonder et al., 2021). Native 
American use of the land may have led to further disturbances, 
e.g., burning and game management in some locations (Kay, 2000). 

F I G U R E  3  (a) Partial dependence plot of cytotype (probability 
of diploid vs triploid) on elevation and cosine aspect, as mean (� ) 
prediction of a model ensemble based on topography and canopy 
height predictors. Negative values indicate south- facing slopes 
while positive values indicate north- facing slopes. (b) Coefficient 
of variation (standard deviation, �, divided by �) of ensemble 
predictions
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Colonial settlers are also likely to have widespread impacts on land 
use, most likely in a flatter and more accessible locations (DeByle 
& Winokur, 1985).

4.3  |  Trait predictors (Question 3)

We mapped canopy traits that were associated with cytotype vari-
ation, and that provide proxies for potential physiological drivers of 
cytotype- dependent canopy damage. Triploids had higher canopy 
water content, which is consistent with greater plant hydration 
(Martinez- Vilalta et al., 2019) or a higher leaf area index. Triploids 
also had higher δ13C, consistent with higher water use efficiency. 
Last, triploids had higher leaf nitrogen, consistent with higher pho-
tosynthetic capacity. Nitrogen is not used for secondary defense in 
aspen (Lindroth & Clair, 2013), but is used to support photosynthe-
sis. These traits are consistent with a “fast- and- risky” strategy for 
triploids. They also are consistent with patterns reported in a prior 
ground- based study of trait variation with cytotype in aspen (Greer 

et al., 2017), and demonstrate that these findings consistently scale 
up across large landscapes.

Canopy height had a strong effect on all traits beyond the direct 
effect of topography and cytotype. This effect is consistent with 
phenotypic differentiation with stand age (assuming height and age 
are correlated; Donaldson et al., 2006). Thus, canopy traits are likely 
mediated by successional processes as well as by environmental 
stressors.

However, our remotely sensed trait data are not able to directly 
assess the hydraulic traits (e.g., xylem conduit and pit size distribu-
tions) or allocation traits (non- structural carbohydrate allocation) 
that may be more causally linked with drought mortality. In aspen, 
mortality often lags drought by several years (Anderegg et al., 2013; 
Brodrick et al., 2019; Goulden & Bales, 2019). Reduced hydraulic 
capacity resulting from xylem damage could lead to reduced pho-
tosynthetic capacity relative to respiration costs in future years, 
ultimately leading to carbon starvation unless sufficient carbon is 
available to rebuild hydraulic capacity (Trugman et al., 2018). If trip-
loids have either the higher risk of xylem damage (due to larger sizes 

F I G U R E  4  Maps of canopy trait distributions inferred for aspen- classified pixels. (a, d) Canopy water content (ml m−2), (b, e) carbon 
isotope shift, δ13C (per mil), and (c, f) nitrogen content (%). Panels (d– f) show inset corresponding to the rectangular region in (a– c)
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that support rapid growth and more embolism risk) or higher res-
piration costs or lower non- structural carbohydrate storage (more 
stem and leaf tissues to support) then these trait patterns would be 
consistent with this mortality mechanism.

4.4  |  Impacts on canopy damage (Question 4)

The effect of cytotype on canopy damage occurred both through 
direct and interactive effects. However, the spatially cross- validated 
R2 was moderate for the USFS analysis and low for the LiDAR analy-
sis, suggesting that the interactive effects of topography, cytotype, 
traits, and canopy height provided only a partial explanation for the 
geographic mosaic of canopy damage in the study. Other unmeas-
ured predictors may have also been relevant. Notably, we were not 
able to include spatiotemporal maps of insect outbreaks or fungal 
pathogens, which are often important stressors in this species. 
Our topographic variables also provided an incomplete proxy for 
environmental variation. For example, we were not able to include 

detailed spatiotemporal maps of root- zone soil moisture, which 
likely is key for mediating ecophysiological responses. Making high- 
resolution gridded predictions of soil moisture remains challenging 
(Tran et al., 2020).

Several interpretations of the USFS canopy damage results are 
possible. One interpretation is that past canopy damage primarily af-
fected triploids. Most of the canopy damage in the USFS data comes 
from the late 2000s, following a ~3– 5 year lag following sustained 
mid- 2000s drought (Worrall et al., 2008; Figure S3). This interpreta-
tion is consistent either with a higher canopy damage risk for trip-
loids or with the prior landscape containing a greater prevalence 
of triploids. The interpretation is also consistent with demography 
results from ground- based surveys (Blonder et al., 2021; Dixon & 
DeWald, 2015). This interpretation is also consistent with later refo-
liation and/or regeneration of stems from the rootstock of the same 
cytotype, as canopy damage does not necessarily indicate whole- 
plant mortality. Clonal regrowth from suckers is common (DeByle 
& Winokur, 1985). Such an effect might obscure the main patterns 
found in this study.

F I G U R E  5  Partial dependence plots for each of three traits: (a) canopy water content (ml m−2), (c) leaf carbon isotope shift, δ13C (per mil), 
and (e) nitrogen content (%), on elevation and cosine aspect, as mean prediction of a model ensemble based on cytotype, canopy height, and 
topography predictors. (b, d, f) Coefficient of variation (standard deviation, �, divided by �) of ensemble predictions
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An alternate interpretation is that canopy damage primarily af-
fected diploids, which were subsequently replaced by triploids by 
the time the remote sensing data were collected. We are not able 
to rule out this possibility as we do not have multiple years of cyto-
type data available for this landscape, though future work upscaling 
remote sensing to satellite imagery archives might ultimately resolve 
this question, as could work using changes in canopy water content 
or other spectral indices as more spatially resolved proxies of dam-
age and mortality (Brodrick & Asner, 2017; Goulden & Bales, 2019). 
This is because canopy mortality is thought to be associated with de-
creases in canopy water content over time (Brodrick & Asner, 2017; 
Martinez- Vilalta et al., 2019).

The LiDAR data have a closer temporal match to the predictor 
data. However, the performance of the LiDAR- based canopy dam-
age model was poor, limiting the interpretation of these results. The 
low overall rates of canopy damage from 2015 to 2019 also sug-
gest that most of the observed patterns may be natural stand turn-
over, more reflective of the outcomes of cohort aging or succession 
(Rogers et al., 2014), or of fungal pathogens (Marchetti et al., 2011). 
The 2015– 2019 period also saw high drought (NOAA, 2019), but this 
may have been too recent to drive canopy damage in the LiDAR data 
(Anderegg et al., 2013). Canopy damage that did occur may not yet 
have led to treefall, as dead stems often remain standing for years. 
We only examined pixels that were classified as an aspen in 2018, 

minimizing the influence of prior treefall on analyses. However, 
treefall detected in this interval may be an outcome of mortality oc-
curring several years prior— an effect our data cannot address. Last, 
the aerial surveys recorded canopy damage at the stand scale across 
the entire ~400 km2 domain, and the LiDAR data recorded can-
opy damage to individual tree crowns in a subset of the study area 
(151 km2) that was covered by both LiDAR scans. These mismatches 
in spatial extents could cause apparent differences in the drivers of 
damage (Bell et al., 2015). However, we repeated the USFS analysis 
clipped to the LiDAR data extent and found the main conclusions 
were not qualitatively different.

While the remotely sensed damage metrics used here are not 
the same as whole- plant mortality, they were strongly associated 
with ground- based surveys of aboveground mortality. Thus, we 
speculate that the prevalence of triploids on the landscape is 
driven by their greater performance during less extreme climates 
of the prior centuries and that their dominance may now be chal-
lenged by a shift to more extreme climates. Under the assumption 
that this interpretation is correct, we predict that under future 
droughts, there will be an overall contraction of aspen ranges 
in hotter and drier conditions, and that this contraction will dis-
proportionately impact triploids, which tend to be more spatially 
extensive (Mock et al., 2008). This prediction is consistent with 
findings from ground- based analyses of aspen stem mortality 

F I G U R E  6  Partial dependence plots for canopy damage fraction in (a) 2000– 2018 according to USFS aerial survey or (c) 2015– 2019 
LiDAR treefall data, as mean prediction of a model ensemble based on cytotype, canopy height, topography, and trait predictors. (b, d) 
Coefficient of variation (standard deviation, �, divided by �) of ensemble predictions
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(Blonder et al., 2021). However, regeneration and species inter-
actions may lead to more complex and less predictable outcomes 
(Marchetti et al., 2011; Rogers et al., 2014), e.g., as in aspen forests 
affected by fungal cankers and drought (Ruess et al., 2021) as well 
as insect pathogens (Crouch et al., 2021).

4.5  |  Outlook

The success of the aspen cytotype classification suggests that fur-
ther upscaling is possible in aspen or other species. Orbital imaging 
spectrometers can provide similar spectral data at coarser resolu-
tions, and orbital multiband imagers (Sentinel- 2, Landsat 8) capture 
coarser estimates of relevant spectral ranges. With decreased spatial 
resolution, future upscaled models will need to account for nonlin-
ear spectral mixing in tree canopies. Remote sensing of cytotype in 
other species besides aspen also should be possible. The likelihood is 
highest if the imagery is available at high enough resolution to obtain 
spectrally pure pixels, or endmembers are available to unmix pixels.

There is also a large role for allelic genetic variation in determin-
ing fitness in aspen (e.g., Blonder et al., 2021; Einspahr et al., 1963; 
Kanaga et al., 2008; Lindroth & Clair, 2013). We did not focus on 
such effects in this study because we anticipated cytotype mapping 
would be a relatively straightforward machine learning problem (low 
number of classes, spectral separability clearly present in data). It 
also may become possible to map other genetic features using more 
advanced spectral data and machine learning algorithms. Some 
genes that have strong one- to- one mappings to phenotypes asso-
ciated with spectral variation may be detectable from imagery, as 
could other features (e.g., sex, heterozygosity, or gene diversity). On 
the contrary, it is likely that many allelic genetic features will have no 
phenotypic impacts that cause variation in spectral properties, and 
will, therefore, remain out of reach for remote sensing approaches.

In conclusion, maps of cytotype variation provide a novel re-
source for land management, in helping map potential population 
responses to climate change or management. Genetic maps soon 
could be incorporated into restoration tools (Brabec et al., 2017; 
Richardson & Chaney, 2018). Thus, there is great potential for fur-
ther integration of ecological genomics and remote sensing (Bush 
et al., 2017; Fitzpatrick & Keller, 2015).
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