Global Change Biology

| RESEARCH ARTICLE CEIEED

WILEY

& Blobal Change Biology

Functional Traits From Imaging Spectroscopy Inform
Patterns of Forest Mortality During Sierra Nevada Drought

Natalie Queally! 2 | Ting Zheng! @ | Zhiwei Ye!
Fabian D. Schneider?#> | Philip A. Townsend!

| Kyle R. Kovach!

| Ryan Pavlick? @ | Ethan Shafron?3 |

!Department of Forest and Wildlife Ecology, University of Wisconsin-Madison, Madison, Wisconsin, USA | 2Jet Propulsion Laboratory, California
Institute of Technology, Pasadena, California, USA | 3Department of Ecosystem and Conservation Sciences, University of Montana, Missoula, Montana,

USA | “Department of Biology, Section for Ecoinformatics and Biodiversity, Aarhus University, Aarhus, Denmark | *Pioneer Center for Landscape
Research in Sustainable Agricultural Futures (Land-CRAFT), Aarhus, Denmark

Correspondence: Natalie Queally (nqueally@ucla.edu)

Received: 7 October 2024 | Revised: 29 March 2025 | Accepted: 1 May 2025

Funding: This work was supported by Jet Propulsion Laboratory (1673139). National Science Foundation Graduate Research Fellowship Program (DGE-
1747503). Directorate for Biological Sciences (DBI-2021898). National Aeronautics and Space Administration (20-BIODIV20-0049, 80NM0018D0004,

80NSSC22K1532).

Keywords: AVIRIS-Classic | drought | forest mortality | functional traits | imaging spectroscopy

ABSTRACT

California’s 2012-2016 megadrought led to the mortality of over 100 million trees. In the context of extreme drought and insect
outbreaks, a holistic view of plant functional traits can provide further insight into underlying physiological and abiotic drivers
of the patterns of mortality. We used new maps of early-drought (pre-mortality) foliar functional traits derived from the NASA

AVIRIS-Classic imaging spectrometer, along with open-access climate, topography, canopy structure, and mortality data, to

assess competing influences on drought mortality at the Soaproot Saddle and Lower Teakettle NEON sites in the southern Sierra

Nevada Mountains. We aimed to (1) compare mortality trends across two independently derived mortality datasets, (2) assess
trait-mortality relationships across diverse sites and species, and (3) link these relationships to mechanisms of tree-level drought
response. We used random forests to assess the relative importance of mortality drivers and the trends of mortality across each
predictor gradient. For the lower elevation, more water-limited Soaproot Saddle site, conifer mortality was linked to taller, drier

canopies while broadleaf mortality was linked to foliar traits (lower cellulose, higher sugars, and higher leaf mass per area). For

the higher elevation, more energy-limited Lower Teakettle site, mortality was more strongly linked to elevation and climate, with

little influence from foliar traits.

1 | Introduction

California experienced a severe to exceptional drought from 2012-
2016 (USDA and NOAA 2023; Williams et al. 2022), uniquely
characterized by its concurrent extremes of low precipitation
and high temperature (AghaKouchak et al. 2014; Crockett and
Westerling 2018; Lund et al. 2018; Mann and Gleick 2015). The
U.S. Forest Service estimates that 129 million trees died during
this period, with mortality highly concentrated in the central and

southern Sierra Nevada region and driven by both drought and
insect outbreaks (Moore et al. 2018). Severe canopy water losses
were also observed for 58 million large trees, indicating a high risk
for mortality (Asner et al. 2016). Extensive loss of the largest trees
in the forest has concerning environmental consequences, in-
cluding loss of crucial habitat for wildlife (Jones et al. 2018; Meyer
et al. 2005) and long-term declines in aboveground carbon stocks
and forest stand productivity (Pfeifer et al. 2011). Community com-
position may shift toward hardwood and shade-tolerant conifer
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species that existed in the understory (Fettig et al. 2019; Young
et al. 2020), and the increase in dry fuels can lead to more severe
fire outbreaks (Stephens et al. 2018), causing further tree mortal-
ity (Hemming-Schroeder et al. 2023). In the context of a changing
climate, it is expected that drought will become more frequent and
severe in many parts of the world (Dai 2013), including California
(Diffenbaugh et al. 2015; Wahl et al. 2022). This increases the need
to better understand the drivers of drought-related tree mortality
across broad landscapes.

Hydraulic failure and carbon starvation are widely considered the
primary mechanisms of tree mortality during drought. Hydraulic
failure occurs when xylem function is lost through embolism of
the vascular tissue, impeding water transport and causing plant
desiccation (Hartmann et al. 2013; McDowell et al. 2008; Sevanto
et al. 2014). Carbon starvation occurs due to stomatal closure,
when the limited amount of carbohydrates produced from photo-
synthesis is not sufficient to meet demands for plant maintenance
and function (McDowell et al. 2008). However, the two are not
mutually exclusive, as carbohydrate transport under drought may
be impeded by hydraulic stress (Sala et al. 2010). Meta-analyses
have shown that hydraulic failure is a more consistent predictor
across species and biomes, while evidence for carbon starvation
is not universal (Adams et al. 2017; Anderegg et al. 2016). These
two hypotheses are typically assessed via two functional traits:
percent loss of xylem conductivity and changes in tissue nonstruc-
tural carbohydrates (sugars and starch; NSC), respectively (Adams
et al. 2017). Broadening our view to include additional plant func-
tional traits may provide further insight into underlying physiolog-
ical and abiotic drivers of the patterns of mortality.

Plant functional traits, the measurable characteristics of or-
ganisms that can be linked to plant functions (Diaz et al. 2016;
Maynard et al. 2022; Wright et al. 2004), have the potential to

TABLE1 | Description of mapped foliar traits used in this study.

characterize ecosystem function and community response to
global change (Lavorel and Garnier 2002; Shipley et al. 2016;
Suding et al. 2008). Foliar traits in particular provide insight
into plant resource investment and adaptive strategies to stress
(Sack and Buckley 2020; Wright et al. 2004), and traits relating
to leaf photosynthetic capacity, structure, storage, and defense
could buffer drought effects (Table 1). Morphological traits like
tree height provide insight into forest structure and, in the con-
text of this drought, are strongly linked to insect host prefer-
ences (Stephenson et al. 2019). The integration of physiological
and morphological traits in the compounding presence of both
drought-induced physiological stress and insect outbreaks can
help characterize mortality patterns, where insects may either
kill the most drought-stressed trees or kill healthy trees that pos-
sess favorable traits (Stephenson et al. 2019).

Data availability has limited which plant traits are included in
multi-trait models for drought mortality predictions, and studies
recognize the importance of expanding the scope of traits in future
work (Anderegg et al. 2016; Fernandez-de-Una et al. 2023). Thus
far, both field-based studies and remote sensing-based studies of
drought mortality in the Sierra Nevada have measured a small
selection of traits, with tree size/stand structure proving particu-
larly important in relation to insect host preference (Hemming-
Schroeder et al. 2023; Restaino et al. 2019; Stephenson et al. 2019;
Stovall et al. 2019). Canopy water content (CWC) has also been
identified as an important predictor (Asner et al. 2016; Brodrick
and Asner 2017), relating to suppressed growth and photosyn-
thesis under water stress (Chaves et al. 2002). Otherwise, stud-
ies have mostly highlighted important abiotic predictors such
as climate (Robbins et al. 2022; Stovall et al. 2019), topography
(Das et al. 2022; Paz-Kagan et al. 2017), and deep soil moisture
(Goulden and Bales 2019). At present, we lack an understanding of
how physiological traits of leaves contribute to the susceptibility of

Trait function Traits from AVIRIS-classic

Ecological importance

Nutrient concentration,
photosynthetic capacity

Nitrogen, leaf mass
per area (LMA)

Structure, leaf longevity Lignin, cellulose

Storage, transport Sugars, starch (nonstructural

carbohydrates; NSC)

Pigment, photosynthetic
capacity

Chlorophyll A/B

Defense Phenolics

Higher foliar nitrogen relates to increased primary production
and nutrient cycling in the ecosystem (De Bello et al. 2010;
Lavorel and Garnier 2002). Higher LM A increases leaf
longevity and resistance to stress (Wright et al. 2004)

Higher investment in structural components increases
leaf strength and toughness, and improves resistance
to environmental stress (Alonso-Forn et al. 2023)

Higher foliar NSC reflects more carbon stores to be distributed
across plant tissues. NSCs are sensitive to drought (Hartmann
and Trumbore 2016; McDowell et al. 2008), and fluctuations
may reflect altered regulatory functions (McDowell 2011)

Higher chlorophyll content increases the capacity to
absorb light for photosynthesis. Stressful conditions
such as drought may cause decline in pigments
(Carter and Knapp 2001; Tucker 1980)

As a product of secondary metabolism, decreases
in production of phenolics could reflect a shift
toward prioritizing metabolic maintenance during
stress (De Bello et al. 2010; Niinemets 2016)
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trees to mortality under drought conditions. Improving this under-
standing could help identify early warning signs of tree mortality
risk in the event of severe drought.

This work expands on previous studies by including pre-
mortality foliar functional trait measurements derived from
imaging spectroscopy. Imaging spectroscopy, or hyperspectral
remote sensing, has become a central technology for under-
standing the dynamics of vegetation, including foliar functional
traits (Asner et al. 2015; Singh et al. 2015; Wang et al. 2020). We
leveraged trait maps derived from the Airborne Visible InfraRed
Imaging Spectrometer (AVIRIS)-Classic (Green et al. 1998) to
characterize potential physiological factors affecting suscepti-
bility to mortality at two US National Ecological Observatory
Network (NEON) sites using published tree mortality data
(Hemming-Schroeder et al. 2023; Stovall et al. 2019). We aimed
to (1) compare mortality trends across two independently de-
rived mortality datasets, (2) assess trait-mortality relationships
across diverse sites and species, and (3) link these relationships
to mechanisms of tree-level drought response.

2 | Methods
2.1 | Study Area

Soaproot Saddle and Lower Teakettle are located in the southern
Sierra Nevada Mountains of California (Figure 1), an area iden-
tified as a hotspot of tree mortality during the drought (Moore
et al. 2018). Both sites are regularly measured as part of NEON
Domain 17 (Pacific Southwest) and have published tree mortal-
ity data (Hemming-Schroeder et al. 2023; Stovall et al. 2019) and
co-occurring NASA AVIRIS-Classic imagery (Lee et al. 2015)
from 2013-2016. Soaproot Saddle is a mixed conifer forest,
spanning 1000-1400m and dominated by ponderosa pine
(Pinus ponderosa), incense cedar (Calocedrus decurrens), and
canyon live oak (Quercus chrysolepis) (Kunch 2019). Due to its
lower elevation, Soaproot Saddle is a water-limited site, where

Soaproot

Data source: NAIP, AVIRIS-C

growth responds strongly to water availability (Das et al. 2013).
Lower Teakettle is a higher elevation mixed conifer forest, span-
ning 1900-2907m and dominated by red fir (Abies magnifica),
white fir (Abies concolor), and lodgepole pine (Pinus contorta)
(Kunch 2022). Notably, Teakettle sits at the transition zone of
water-limited (growth responds strongly to water availability)
to energy-limited (growth responds strongly to temperature
changes) forest, which occurs around 2100-2600m in the Sierra
Nevada (Das et al. 2013; Trujillo et al. 2012). As such, growth in
the lower elevation range responds more strongly to water avail-
ability, while growth in the higher range responds more strongly
to temperature changes. Teakettle experiences cooler tempera-
tures, higher precipitation, and more snowpack than Soaproot
(Kunch 2019, 2022).

2.2 | Data Preparation
2.2.1 | Trait Maps

Foliar functional trait maps for each year from 2013-2016 were
developed using partial least squares regression (PLSR) models,
a common method for estimating traits from imaging spectros-
copy data, and follow methodology from Singh et al. (2015) and
Wang et al. (2020). The maps were derived from AVIRIS-Classic
imaging spectroscopy data acquired for a larger region (the
“Yosemite box”) as part of the Western Diversity Time Series
(WDTS) imaging effort (Lee et al. 2015) (Figure 1). A more de-
tailed modeling workflow is shown in Figure S1. A subset of five
flightlines from the Yosemite box fully covered the two NEON
sites for most of the drought period, with imagery acquired in
June of each year from 2013-2016. Because tree mortality was
relatively low until 2015 (Fettig et al. 2019; Hemming-Schroeder
et al. 2023; Moore et al. 2018; Stovall et al. 2019), we tested 2013
and 2014 traits as the “pre-mortality” state. Since the 2013 and
2014 acquisitions occurred during similar phenological peri-
ods (Figure S2), phenology was not expected to affect the “pre-
mortality” state across years.

FIGURE 1 | This three-trait composite shows the relative values of leaf mass per area (LMA), foliar nitrogen (N), and foliar sugars across the
two NEON sites. Differences in color across the three-trait gradient highlight varying functional strategies across the landscape, with clear contrast

between the two sites. For example, the prevalence of blue and magenta at Soaproot Saddle indicate relatively high foliar investment in nitrogen, or

nitrogen and sugars, respectively. In contrast, the prevalence of bright green and yellow at Lower Teakettle indicate relatively high LMA, or LMA and

foliar sugars, respectively. The site locations (triangles) and AVIRIS-Classic flight box (red box) are shown in the California state inset.
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Foliar traits were selected for this study based on ecological im-
portance, availability from field measurements, and detectabil-
ity through imaging spectroscopy. Further detail of the function
and ecological importance of each trait is included in Table 1. Of
the nine traits modeled, chlorophyll, LMA, nitrogen, and NSC
shared comparable validation R? values with previous studies
(Wang et al. 2020; Cherif et al. 2023; Singh et al. 2015; Zheng
et al. 2024). Though models for phenolics, starch, sugars, lignin,
and cellulose exhibited lower R? values, normalized RMSE val-
ues were comparable to the other studies. Compared to studies
with higher spatial resolution (e.g., 1m in Wang et al. (2020)),
the lower R? values are likely attributed to mixed spectra and
mixed species composition associated with the coarser spatial
resolution of AVIRIS-Classic pixels (15m). PLSR model perfor-
mance is shown in Figure S3 and Table S1.

Trait maps were mosaicked, resampled, and registered to the
30 x30m Landsat grid using AROSICS local co-registration
(Scheffler et al. 2017). Co-registering the images ensured the con-
sistent geographic location of pixels across years, allowing direct
pixel-to-pixel comparison across images to link mortality data
to the trait maps through time. The 30 m resolution is also com-
patible with the resolution of other data sources of interest used
in this study, including canopy water content (CWC; Brodrick
and Asner 2017), elevation and topography (van Zyl 2001), and
soil moisture (Vergopolan et al. 2021). Likewise, the resolution
is comparable to the proposed resolution for the forthcoming
satellite mission Surface Biology and Geology (SBG), which will
provide global coverage of hyperspectral data with a repeat time
of 16-21 days (Cawse-Nicholson et al. 2021; Stavros et al. 2023).

2.2.2 | Mortality Data

Tree mortality data from Stovall et al. (2019) were accessed
from figshare (https://doi.org/10.6084/m9.figshare.7609193.v1).
The authors assessed individual crown mortality percent (%)
using Lidar and National Agriculture Imagery Program (NAIP)
Orthoimagery. During the drought period, %_,, was assessed for
all trees in 2012, 2014, and 2016 due to NAIP image availability.
To match the trait map resolution, we took the average %, of
all trees whose centroid falls within a 30m pixel, yielding the
pixelwise percent mortality.

We also accessed the mortality dataset from Hemming-
Schroeder et al. (2023), which provides an updated mortality
assessment for Soaproot and Teakettle. The authors assessed
individual %, using LIDAR and NEON Airborne Observation
Platform (AOP) data. During the drought period, %, was as-
sessed for trees in 2013 and 2017 due to NEON image availabil-
ity. The aggregated 30m resolution map of tree mortality was
accessed on Zenodo (https://doi.org/10.5281/zenodo.7812035).
Both Hemming-Schroeder et al. (2023) and Stovall et al. (2019)
focused on individual tree mortality, but we analyze per-pixel
percent mortality at the 30m level to match the resolution of
our trait maps. As such, our “percent mortality” reflects the ex-
tent of crown mortality (%,,,), rather than a binary dead/alive
classification.

Using mortality estimates from two studies enabled us to test
whether trends in mortality were consistent across independently

derived data products. Because tree mortality was relatively low
in the area until 2015 (Fettig et al. 2019; Hemming-Schroeder
et al. 2023; Moore et al. 2018; Stovall et al. 2019), we only ana-
lyzed 2016 and 2017 mortality estimates from Stovall et al. and
Hemming-Schroeder et al., respectively.

2.2.3 | Other Data

Past studies analyzing drought-related tree mortality found
height (Stovall et al. 2019), topography (Das et al. 2022; Paz-Kagan
et al. 2017), climate (Robbins et al. 2022; Stovall et al. 2019),
CWC (Asner et al. 2016; Brodrick and Asner 2017), soil moisture
(Goulden and Bales 2019), and species composition (Restaino
et al. 2019; Stephenson et al. 2019) to be important predictors
of drought-related mortality in the Sierra Nevada. We assembled
data representing these covariates (Table S2) to compare their
influence against the influence of foliar functional traits.

2.2.4 | Climate

Daymet data for mean, minimum, and maximum air tempera-
ture and cumulative precipitation were downloaded from the
Oak Ridge National Laboratory Distributed Active Archive
Center (ORNL DAAC) for 2012-2016 (Thornton et al. 2022).
The corresponding 30-year climate normals (1970-2000) were
downloaded from WorldClim (Fick and Hijmans 2017). To en-
compass the climate conditions during drought, variables were
first represented as some summary of that time: each tempera-
ture variable was represented as the mean across all years, while
cumulative precipitation was represented as the total cumula-
tive value across all years. Once these summaries were calcu-
lated, we calculated the percent change of these summaries
relative to the 30-year climate normals. We referred to these as
precipitation and temperature anomalies, where a lower value
indicates a lower than normal observation, and a higher value
indicates a higher than normal observation. All climate vari-
ables were downloaded at 1km resolution and resampled to
30m using bilinear interpolation to match the trait maps and
other covariates.

2.2.5 | Topography

Topography data were derived from a digital elevation model
(DEM) from the Shuttle Radar Topography Mission (SRTM;
van Zyl 2001), downloaded at 1 arc-second (approximately 30 m)
resolution on the USGS EarthExplorer. We used the DEM to
calculate slope and aspect using the respective tools in ArcMap
(v 10.5.1). From aspect, we calculated topographic “north-
ness” (Equation 1) and “eastness” (Equation 2), indices that
run from 1 to —1 for the east-west and north-south directions
that relate more directly to morning/afternoon solar radiation
and summer/winter solar radiation, respectively (Bader and
Ruijten 2008). Since the dominant flow of air and moisture in
the Sierra Nevada is from the Pacific Ocean (west), topographic
eastness can also be seen as an indicator of dryness due to the
rain-shadow effect. We also used ArcMap to calculate flow ac-
cumulation (FA) from the DEM, which is later used to calcu-
late the Topographic Convergence Index (TCI) (Equation 3),
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indicating the relative wetness of a site as a consequence of its
topographic context.

Northness = cos(aspect) @
Eastness = sin(aspect) @)
FA
TCI=In[ ———
o < tan(slope) > ®

2.2.6 | Soil Moisture

Soil moisture was obtained from the SMAP-HydroBlocks
(SMAP-HB) dataset on Zenodo (https://doi.org/10.5281/zenodo.
4441211; Vergopolan et al. 2021, 2022). SMAP-HB is a 30m
resolution soil moisture map derived from land surface model-
ing, radiative transfer modeling, Soil Moisture Active Passive
(SMAP) data, and in situ observations. SMAP-HB data avail-
ability begins in 2015, so soil moisture is represented as the av-
erage soil moisture across 2015 and 2016 for this study. SMAP
soil moisture sensitivity is limited to the top 5cm of soil (Kumar
et al. 2018), and thus does not account for deep soil moisture.

2.2.7 | Species Composition

Dominant tree species were derived from the USFS Existing
Vegetation (EVeg) data for the “South Sierra” mapping zone
(USDA—TForest Service 2016), using the classification system
from the Society of American Foresters (SAF). SAF classifica-
tions include some species mixing within categories. For exam-
ple, an area is considered “white fir” if white fir covers > 60% of
the mapping unit (Fites et al. 1991). For simplicity, we will hence-
forth refer to these as “species”, while recognizing that some mix-
ing may occur. Other groups contain a combination of species,
such as “hard chaparral” and “mixed conifer”. According to SAF
definitions and NEON site reports, the dominant species in the
mixed chaparral class likely include manzanita (Arctostaphylos
spp.) and mountain mahogany (Cercocarpus spp.) (Berg 1990;
Kunch 2019, 2022), while the dominant species in mixed conifer
can include white fir, ponderosa pine, sugar pine (Pinus lamber-
tiana), incense cedar (Calocedrus decurrens), Jeffrey pine (Pinus
Jjeffreyi), Douglas fir (Pseudotsuga mengiesii), black oak (Quercus
kelloggii), and red fir, depending on elevation (Fites et al. 1992).
Data were accessed in vector form and rasterized to a high spa-
tial resolution of 1 m, then aggregated to 30 m using a majority
resampling technique. Therefore, each 30 m pixel represents the
dominant species cover. Species were assessed separately for all
classes with at least 400 pixels represented in the study area. At
Soaproot, this included coast live oak (Quercus agrifolia), canyon
live oak, mixed chaparral, ponderosa pine, and mixed conifer.
At Teakettle, this included lodgepole pine, red fir, mixed conifer,
and white fir.

2.2.8 | Other Traits

Other plant traits besides the AVIRIS-C-derived foliar traits in-
clude tree height, stand structure, and CWC. Tree height was cal-
culated as the mean height of all trees within a 30 X 30m pixel,
with tree height data derived from the NEON canopy height

model and distributed by Hemming-Schroeder et al. (2023).
These tree data were also used to derive proxies for stand struc-
ture: we calculated the standard deviation of height (henceforth
called height SD) for each pixel, as well as the percent area of
the pixel covered by tree crowns (henceforth called tree cover).
These indicate whether trees in a pixel belong to a similar height
class, and whether the pixel is densely forested. Finally, CWC
(Brodrick et al. 2019), which represents the total amount of
liquid water in a canopy, was retrieved from Pangaea (https://
doi.pangaea.de/10.1594/PANGAEA.897276) at 30 m spatial res-
olution. Brodrick and Asner (2017) suggest that percent change
in CWC from year to year is a better predictor of mortality than
CWC alone. This change in CWC better reflects relative water
dynamics in response to drought rather than reflecting water
differences owed to the canopy characteristics like leaf area
index (LAI) (Brodrick et al. 2019). To match the foliar trait years
of interest, we tested percent change from pre-drought (2011) to
2013, and from 2011 to 2014. For this metric, a negative value
indicates a loss in CWC.

2.2.9 | Masking

All covariates were aligned to the Landsat grid using the Raster
package in R (Hijmans 2023). We calculated NDVT for the 2013
and 2014 AVIRIS-Classic images using the red and NIR bands
at 665 and 850 nm, respectively, and masked out any pixels with
NDVI <0.5 in either year. This ensured that our pre-mortality
trait values were only being analyzed for highly vegetated pix-
els and excluded pixels with apparent mortality from before
the target period. We also masked out pixels with high trait
uncertainties (>30%) based on pixel-wise uncertainties (fol-
lowing estimation of uncertainty from Singh et al. (2015)).
To avoid confusing fire-related with drought-related mortal-
ity, we masked out areas that had burned during the drought
period (2012-2016) using fire boundaries from the California
Department of Forestry and Fire Protection (CAL FIRE 2023).
Finally, because both mortality datasets were developed specif-
ically for trees, we applied a filter to include only pixels with at
least 25% tree cover.

An initial comparison by Hemming-Schroeder et al. (2023) of the
two mortality datasets showed significant differences between
the 2016 (Stovall et al. 2019) and 2017 (Hemming-Schroeder
etal. 2023) mortality estimates, especially in the Lower Teakettle
site. We found that the areas of highest divergence between data-
sets can be explained by the use of National Agriculture Imagery
Program imagery (NAIP; USDA 2003) in the Stovall et al. (2019)
product. The mosaicked NAIP image from that year includes
flightlines from one particular date that exhibit a high sensor
zenith angle and, as a result, an oblique view of the target trees
with extreme shading (Figure S5). Expecting the oblique view
to distort reflectance and therefore mortality estimates (Myneni
and Williams 1994), these areas were masked from the analysis
for both mortality datasets.

2.3 | Random Forest Modeling

We used random forest regressions to investigate the influence of
the abiotic and biotic predictors on mortality outcome. Random
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forest is a machine learning algorithm that uses an ensemble
of decision trees to predict an outcome (Breiman 2001a). In the
case of random forest regressions, the output is the average pre-
diction of the terminal node of individual trees. Random forests
were chosen for their ability to incorporate large sample sizes,
many predictors, nonlinear relationships between predictors
and response, robustness to multicollinearity, and lack of as-
sumptions regarding data distributions (Breiman 2001a, 2001b).
Because of these strengths, random forests are increasingly used
in ecological applications to investigate complex interactions in
the natural world (Cutler et al. 2007; Prasad et al. 2006). In par-
ticular, they have been used to investigate the relationship be-
tween many predictors and tree mortality (Anderegg et al. 2016;
Howe et al. 2022; Paz-Kagan et al. 2017), and to assess high-
dimensionality relationships across functional traits (Russell
et al. 2014).

After assembling the mortality covariates (Table S2), we as-
sessed multicollinearity among predictors. Although random
forests are robust to multicollinearity, the presence of highly
correlated variables can confound interpretations of the model
output (Molnar 2019). As such, in cases of two variables with
a high correlation coefficient (> 0.7), only one variable was re-
tained for analysis. Ultimately, most climate variables were
highly correlated with other climate variables and with eleva-
tion in at least one site (Figure S4b). Because the climate mod-
els used to generate the climate inputs already include elevation
(Thornton et al. 2021), we excluded these from analysis and
kept elevation as representative of the climatic gradient. In ad-
dition, we expected correlation among some of the functional
traits, since many are observed to be tightly linked across life-
forms (Diaz et al. 2016; Maynard et al. 2022). We found that the
pair of structural compounds, lignin and cellulose, were highly
correlated (Figure S4a). In consulting the correlations between
these two traits and the other traits, cellulose generally was less
correlated with the others than lignin was. As such, cellulose
was retained. We also found that NSC, which is the sum of sug-
ars and starch, was highly correlated with sugars (Figure S4a).
Sugars and starch were retained separately while NSC was re-
moved, as foliar sugars and starch (a) represent different com-
ponents of NSC, (b) may show diverging responses to drought
stress (Pflug et al. 2018), and (c) did not exceed the correlation
coefficient threshold with other traits. Finally, the correlation
between LMA and starch (0.7) was on the cusp of the threshold.
Both traits hold ecological importance during drought: LMA
links to leaf structure and ability to resist dry conditions (Wright
et al. 2004), while leaf starch relates to storage and transport and
shows sensitivity to drought (Hartmann and Trumbore 2016).
Due to their distinct and important ecological roles, both were
retained.

After selecting the final variables, we utilized 5-fold cross vali-
dation to tune for hyperparameters using a grid search method
with the Caret package in R (Kuhn 2008) and the Ranger imple-
mentation of random forests (Wright and Ziegler 2017). First, we
modeled the two sites separately due to vast differences in spe-
cies composition, topography, and extent of mortality. We then
modeled each vegetation species class separately for all classes
with at least 400 pixels (see section on “Species Composition” for
description of classes). Because the assemblage of mixed species
differs greatly between the two sites due to elevation differences,

mixed conifer was modeled separately between sites. The final
model for each site as a whole, then each species group, was se-
lected using the lowest root mean square error (RMSE) across
folds. The model runs were repeated once for the 2016 mortality
dataset and once for the 2017 mortality dataset. R> and RMSE
of the final models were recorded to assess performance. We
generated variable importance for each model to assess how the
foliar traits rank amongst the other drought predictors. Then we
used the pdp package in R (Greenwell 2017) to generate partial
dependence plots (PDPs), which show the variation in mortality
across a given predictor gradient when other predictors are held
constant (Friedman 2001).

Using 2013 vs. 2014 traits had minimal effect on model perfor-
mance (Table S3). Because 2014 was the most severe year of the
drought (USDA and NOAA 2023), analysis of the 2014 traits
provided a unique opportunity to characterize plant function-
ing under extreme drought stress. As such, all results are shown
using the 2014 traits.

3 | Results
3.1 | Site-Level

Performance of the optimal models at the site level is shown in
Table 2. Site and mortality data sources both caused variation in
model results. A similar R? was reported across sites when pre-
dicting for 2016 mortality (3% difference), while R? varied widely
across sites when predicting for 2017 mortality (24% difference).
The highest overall R? was observed for the 2017 Soaproot model,
while the lowest overall was observed for the 2017 Teakettle
model. For both years, RMSE was lower for Teakettle.

Variation across site and mortality year also affected variable im-
portance. Though mean height emerged in the top three predictors
across all models, remaining predictors varied. At Soaproot, the
top three predictors for 2016 were mean height, LMA, and height
SD (Figure 2). The top two predictors for 2017 were also mean
height and LMA, along with elevation. At Teakettle, the top three
predictors for 2016 were elevation, mean height, and topographic
eastness (Figure 2). The top two predictors for 2017 were also ele-
vation and mean height, while the third was soil moisture.

PDPs showed similarities in the variation of mortality across abi-
otic and trait gradients for 2016 and 2017 predictions within each
site (Figures 3 and S6). At Soaproot, percent mortality increased
with increasing mean height, LMA, foliar sugars, and greater
CWC loss; and decreased with increasing height SD, tree cover,
soil moisture, and slope (Figures 3 and S6). The relationship with

TABLE 2 | Performance metrics for site-level models.

Teakettle
RMSE

Soaproot

R? RMSE R?

2016 (Stovall et al.) 0.43 14.09 0.46 9.29

2017 (Hemming- 0.55
Schroeder et al.)

16.24 0.31 12.53

Note: Bold indicates highest R? for each site.
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FIGURE2 | Variable importance is shown across sites using different mortality datasets. Only the top ten predictors are shown.
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FIGURE 3 | Select PDPs compare mortality trends for several of the top predictors of mortality across sites (symbol color). Rug plots show the
distribution of mortality at each site across predictor gradients. Symbol shape denotes mortality dataset source (year).

elevation varied between the models, with minimal variation in
mortality in 2016, and higher mortality in 2017 at mid-elevations
(Figure 3). At Teakettle, percent mortality increased with increas-
ing mean height, height SD, LMA, and topographic eastness; and
decreased with increasing elevation and foliar nitrogen (Figures 3
and S6). Although results for Soaproot and Teakettle showed dif-
ferent directional trends for mortality across the elevation gradient,

the actual elevation range of higher mortality for Soaproot and
Teakettle was similar in 2016, with peaks around 1500-1600m
(Figure 3). These peaks diverged in 2017, with a Soaproot mortal-
ity peak at a lower range of 1200-1300m, and a Teakettle mortal-
ity peak at a higher range of 1800-2100m (Figure S6). Remaining
covariates were ranked relatively low in variable importance
and showed minimal influence on mortality across years and/or
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sites. These results are not discussed here but are included in the
Supporting Information (Figure S6).

3.2 | Species-Level

Species-specific models at Soaproot generally performed more
consistently than Teakettle models, with a narrower range of R?
values (Table 3). Models using 2017 mortality explained more
variance than 2016 models for all species at Soaproot, with R?
values 6%-11% higher. Conversely, models using 2016 mortal-
ity explained more variance than 2017 models for all species at
Teakettle except mixed conifer, with R? values 10%-12% higher.
Variable importance rankings revealed a wide array of mortality
drivers for the different groups (Figure S7), and PDPs showed
differing relationships across predictors (Figure S8). The high-
est model performance was observed for lodgepole pine, while
the lowest performance was observed for white fir.

3.2.1 | Broadleaf Trees and Shrubs

Model performance was higher for the two oaks than for chapar-
ral, though percent mortality was generally low across all groups
(Table 3, Figure 4). The three species groups had considerable
overlap between top predictors (Figure S7), but the year of mor-
tality had a clear effect. For 2016 mortality, LMA, mean height,
and cellulose were among the main drivers across all species. In

TABLE 3 | Performance metrics for species-level models.

Mortality
Species Site year R? RMSE
Canyon live oak  Soaproot 2016 042 12.32
2017 0.50 13.50
Chaparral Soaproot 2016 0.34 1396
2017 0.45 14.24
Coast live oak Soaproot 2016 0.44 10.38
2017 0.50 10.63
Ponderosa pine Soaproot 2016 0.42 14.23
2017 0.49 1596
Soaproot mixed Soaproot 2016 0.37 1395
conifer 2017 0.47 16.83
Teakettle mixed  Teakettle 2016 0.38  10.87
conifer 2017 0.49  11.99
Lodgepole pine Teakettle 2016 0.57 7.57
2017 0.45 9.26
Red fir Teakettle 2016 0.41 8.86
2017 0.31 11.78
White fir Teakettle 2016 0.31 9.42
2017 0.21 13.17

Note: Bold indicates highest R? for each species.

contrast, the top predictors for 2017 mortality had few variables
in common across the species, with sugars, LMA, and slope as
the most important for canyon live oak, chaparral, and coast live
oak, respectively.

Despite differences in importance rankings, PDPs showed sim-
ilarities in the variation of mortality across abiotic and trait gra-
dients for 2016 and 2017 predictions (Figures 4 and S8). Across
all three species groups, mortality increased with increasing
LMA, leaf sugars, and height SD, and decreased with increasing
leaf cellulose and tree cover (Figures 4 and S8). The influence
of mean height was mixed; mortality generally increased with
height for chaparral and canyon live oak, and decreased with
height for coast live oak (Figure S8). In addition, coast live oak
displayed higher mortality on less steep slopes, though slope had
minimal effect on the other species groups (Figure S8). Finally,
elevation had a variable mortality response across years, with
a stronger effect on all species groups in 2017 models. In this
case, mortality increased with increasing elevation for chaparral
and canyon live oak, and decreased with increasing elevation for
coast live oak (Figure S8). Remaining covariates were ranked
relatively low in variable importance and showed minimal in-
fluence on mortality across years and/or broadleaf tree and
shrub species groups. These results are not discussed here but
are included in the Supporting Information (Figure S8).

3.2.2 | Soaproot Conifers

Model performance for ponderosa pine and Soaproot mixed
conifer was similar across mortality years, although 2017 pre-
dictions yielded consistently higher R? values (as well as higher
error) than 2016 predictions (Table 3). The two groups had a high
degree of overlap in top predictors, with mean height emerging
as especially important to both (Figure S7). LMA and elevation
were also important for both groups, but their relative impor-
tance differed: LMA was a more important predictor for pon-
derosa pine, while elevation was a more important predictor for
mixed conifer. In addition, height SD was of higher importance
for ponderosa pine than for mixed conifer.

Though relative rankings differed, PDPs for both species groups
showed increasing mortality with increasing mean height,
LMA, leaf sugars, and CWC loss; and decreasing mortality
with increasing height SD, tree cover, foliar nitrogen, soil mois-
ture, slope, topographic northness, and TCI (Figures 5 and S8).
Finally, both groups generally displayed higher mortality at
the higher end of their elevation range (>1200m for ponderosa
pine, >1500m for mixed conifer), although the 2017 model for
mixed conifer showed an additional peak at the lower end of its
range (~1100m) (Figures 5 and S8). Remaining covariates were
ranked relatively low in variable importance and showed mini-
mal influence on mortality across years and/or Soaproot conifer
species groups. These results are not discussed here but are in-
cluded in the Supporting Information (Figure S8).

3.2.3 | Teakettle Conifers

Model performance varied widely across species and mortality
years for conifers at Teakettle. The 2016 predictions yielded higher
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R? values with lower error for all species groups except Teakettle
mixed conifer (Table 3). Model performance for the fir-dominated
forests was generally poor, with the three poorest performing mod-
els belonging to the white and red fir classes. The species groups
had widely variable top predictors, though elevation emerged as
the most important across all groups (Figure S7).

While importance rankings varied widely, PDPs for all species
groups showed higher mortality for taller trees and increasing
height SD, LMA, and topographic eastness; and decreasing mor-
tality with increasing leaf nitrogen (Figures 6 and S8). Mortality
was generally higher on drier soil, though red fir showed a mor-
tality peak at slightly higher soil moisture (Figure S8). Though
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elevation was important for all groups, mortality variation
across the elevation gradient differed across species (Figure 6).
Mortality was higher at lower elevations for red fir (<2400m)
and higher elevations for mixed conifer (>1900m), but had a
variable response across mortality years for lodgepole pine and
white fir. In both cases, mortality was higher at lower eleva-
tions in 2016 (<2200 and <2000m, respectively), and patchier
(with multiple peaks) in 2017 (Figures 6 and S8). Finally, across
groups, leaf chlorophyll showed a stronger influence on mor-
tality for red fir, with higher mortality associated with lower
chlorophyll (Figure S8). Remaining covariates were ranked rel-
atively low in variable importance and showed minimal influ-
ence on mortality across years and/or Teakettle conifer species
groups. These results are not discussed here but are included in
the Supporting Information (Figure S8).

4 | Discussion
4.1 | Site-Level Mortality

Top drivers of mortality differed by site, with a stronger foliar trait
effect at the lower elevation Soaproot site. Mortality at Soaproot
was best predicted by mean height and LMA, suggesting contribu-
tions from the two major axes of tree trait variation, plant size and
leaf economics (Diaz et al. 2016; Maynard et al. 2022). Other top
predictors for Soaproot, soil moisture and height SD, indicate the
importance of water availability and a possible influence of size-
related beetle host preference. In contrast, Teakettle mortality was
explained primarily by elevation and mean height. PDPs showed
higher mortality at the lower elevation range in Teakettle, which
would fall more in the water-limited area of this site. Lower than
normal precipitation was also linked to lower elevation at this site

(Figure S4b), illustrating the influence of climatic conditions at
higher elevations, where higher precipitation and deeper snow-
pack can buffer tree susceptibility to embolism. Despite changes
in importance rankings across mortality years, the consistency of
the top two predictors for both sites indicates general stability in
mortality patterns from 2016-2017 at the site level.

The difference between main drivers at the two sites likely stems
from broad variation in climatic and topographic characteristics,
as well as species composition. Teakettle, at higher elevation,
rests in the water- to energy-limited forest transition zone (Das
et al. 2013). This means the forests there experience less water
stress in normal years and are expected to display lower adapta-
tion to severe drought (Bréda et al. 2006). The two sites are also
dominated by different species, which have specific adaptations
to water limitations, exhibit unique insect species associations,
and have already been observed to have variable mortality rates
(Restaino et al. 2019; Stephenson et al. 2019).

4.2 | Species-Level Mortality
4.2.1 | Broadleaf Trees and Shrubs

In the case of the broadleaf trees and shrubs, survival appears
to be linked to drought-adaptive foliar traits. For all species,
higher leaf cellulose was related to lower mortality. Sierra oak
species and chaparral are known for sclerophyllous traits,
which include higher cellulose concentration, contributing to a
leaf that is stronger and more resistant to stressful conditions
(Alonso-Forn et al. 2023). Stronger leaves are more resistant to
collapse (caused by negative turgor pressure experienced under
extreme drought) and contribute to the drought tolerance of the
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tree (Nardini 2022). In turn, foliar traits contributing to drought
tolerance have been shown to buffer crown dieback (Marchin
et al. 2022).

The oaks and chaparral also exhibited higher mortality with
higher LMA. Although higher cellulose increases leaf density
(a component of LMA), cellulose and LMA showed opposite
patterns with mortality. This could indicate a stronger contri-
bution of leaf thickness (rather than density) to LMA (Sancho-
Knapik et al. 2021), and suggests that a denser leaf contributed
more to survival than a thicker leaf (this is further supported
by the low correlation between LMA and cellulose, Figure S4a).
Lower LMA may be an adaptive trait in this case, as seen in an-
other drought-resistant oak species (Ogaya and Penuelas 2006).
Because LMA is tightly linked to photosynthetic capacity
(Poorter et al. 2009), it is possible that leaves with lower leaf
thickness and lower LM A were better suited to maximize pho-
tosynthesis early in the drought to provide more carbon stores
for times of stress.

Higher leaf sugars were also associated with higher mortality, al-
though leaf starch showed little effect. During drought stress, it
is possible for the plant to accumulate NSCs in the leaf due to the
decoupling of growth and photosynthesis, utilization for osmo-
regulation, or disruption in phloem transport (McDowell 2011).
Such accumulation of foliar sugars in response to drought has
been observed in both broadleaf and conifer species (Adams
et al. 2013; Mitchell et al. 2014), and theoretically would occur
before carbon starvation (McDowell et al. 2008). If the higher
NSCs are a symptom of severe drought stress, it follows that
the most stressed trees (with higher NSC accumulation) experi-
enced higher mortality rates.

Finally, broadleaf and shrub mortality was consistently related
to stand structure. Lower tree cover was linked to higher mor-
tality across all broadleaf and shrub species and showed the
highest relative importance for the broadleaf and shrub species
compared to the other groups. Higher tree cover likely contrib-
uted to a milder microclimate, easing drought stress on the trees
by reducing evaporative water loss (Davis et al. 2019; Rambo
and North 2009). This may also relate to the increasing mor-
tality observed for increasing height SD. Since the microclimate
effect of an isolated oak canopy is highly localized (Parker and
Muller 1982), a stand with some individuals of lower stature may
suffer higher climatic stress through the existence of more sun-
lit gaps.

4.2.2 | Soaproot Conifers

For conifers at Soaproot Saddle, mortality appears to be linked
to severe water stress and insect preferences. We observed
that higher mortality for both ponderosa pine and Soaproot
mixed conifer was linked to higher CWC losses. Decreased
CWC indicates that the canopy was already severely water
stressed (Brodrick and Asner 2017; McDowell et al. 2008;
Paz-Kagan et al. 2017), which was further supported by
the lower soil moisture observed for higher mortality areas
(Goulden and Bales 2019). As such, these trees likely experi-
enced some degree of hydraulic failure—which likely drove
further mortality via beetle attack. Under high physiological

stress, bark beetles target larger trees of ponderosa pine (as
well as sugar pine, which occurs in the mixed conifer stands)
(Koontz et al. 2021; Stephenson et al. 2019), due to thicker
phloem gains and lowered defenses (Kolb et al. 2007). The
higher mortality observed for taller, same-sized stands (in-
dicated by mean height and height SD) further indicates the
role of species-specific, size-driven preferences for ponderosa
pine. Ultimately, the influences of hydraulic stress and insect
outbreaks are tightly linked and cannot be completely disen-
tangled. Though trees undergo structural and physiological
adaptations that help overcome the effects of increased hy-
draulic resistance as they grow taller, it is poorly understood
whether these adjustments can outlast the effects of longer,
more severe droughts (Ferndndez-de-Uiia et al. 2023).

As observed for the broadleaf species, higher mortality in the
Soaproot conifers was also associated with higher LMA. In this
case, it could be that higher LMA reflects leaf characteristics
in taller or older trees (Poorter et al. 2009). Alternatively, lower
LMA in surviving trees could indicate a survival advantage
from higher photosynthetic capacity early in the drought, as de-
scribed for the broadleaf classes. This is further supported by the
observed lower mortality associated with higher leaf nitrogen
and chlorophyll, both of which are linked to higher photosyn-
thetic capacity (Croft et al. 2017; Kattge et al. 2009).

4.2.3 | Teakettle Conifers

The Teakettle conifers occur at the transition zone from wa-
ter- to energy-limited forest (Das et al. 2013), which means
the drought tolerance of the higher elevation species may be
lower than that of Soaproot due to the cooler and wetter condi-
tions that occur in their range (Bréda et al. 2006). While mor-
tality increased with mean tree height for all groups, it had
a relatively weak effect in conifers at Teakettle compared to
those at Soaproot. This matches previous findings that height-
related mortality occurred for all species groups in this region
(Stovall et al. 2020), but may have been stronger in Soaproot's
dominant species (e.g., Pinus ponderosa, P. lambertiana)
than Teakettle's dominant species (e.g., Abies concolor, A.
magnifica) (Stephenson and Das 2020). More so than height,
mortality in the Teakettle species was linked to elevation.
Due to the high correlation between elevation, precipita-
tion anomaly, and mean temperature anomaly (Figure S4b),
this suggests that mortality was driven by the climatic el-
ements of the drought. Though a link to climate appears
strong, evidence of a mortality mechanism supported by func-
tional traits is lacking. Due to lower drought adaptation, the
signs of early drought stress may not manifest in the same
way we observed with the Soaproot trees, including decreased
CWC and foliar accumulation of NSCs. Alternatively, it is pos-
sible that signs of severe drought stress were not apparent as
early as 2014.

Ultimately, the lower R? values for red and white fir suggest
that an unexplained driver/mechanism for mortality remains,
which was also observed in a previous study of mortality driv-
ers in energy-limited forests (Das et al. 2013). Field observa-
tions showed that white fir of all sizes died during the drought
(Stephenson et al. 2019), which was attributed to variable size
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preferences of three different beetle species that attack white
fir—in our study, that would make it a particularly difficult
tree species to predict mortality for without more detailed
beetle data. Of note, leaf chlorophyll appeared relatively more
important as a predictor for red fir mortality than any other
species, with higher mortality observed where leaf chlorophyll
was initially lower. The importance of leaf chlorophyll for this
particular species matches a previous result that showed higher
chlorophyll stress in red fir in a period of moderate to severe
drought (Swatantran et al. 2011; USDA and NOAA 2023), sug-
gesting that chlorophyll may be a consistent predictor of stress
for this species. Finally, low performance for these species may
relate to the spatial resolution of our study (some fine-scale pro-
cesses driving mortality may be impossible to detect at the 30m
level), or the failure to capture other important drivers, such as
bedrock composition (Callahan et al. 2022).

4.3 | Mortality Data

Site-level results showed similar trends in mortality across
predictor gradients for both mortality datasets, indicating that
both can be used to consistently capture broad-scale mortal-
ity trends. However, we observed a noticeable difference in
2016 and 2017 mortality across the elevation gradient. The
stronger influence of elevation in 2017 (and climate anomalies
by proxy) could result from the lagged mortality of trees ulti-
mately dying in 2017 (rather than 2016). Lag effects of drought
on tree mortality have been observed in other studies and are
species-dependent (Bigler et al. 2007; Férriz et al. 2021), which
may explain why differences in variable importance and PDPs
across mortality years were more apparent for some species.
We also observed a disparity in model performance from 2016
to 2017, particularly at Teakettle. The underestimation of 2017
mortality at Teakettle from Hemming-Schroeder et al. relative
to the 2016 estimation from Stovall et al. is discussed at length
by the former (Hemming-Schroeder et al. 2023), likely owing
to differences in preprocessing steps for reflectance data and
errors in co-registration of data products across the complex
terrain of the Sierra Nevada. These differences may affect our
interpretation of results for Teakettle mortality.

4.4 | Species Data

Functional trait gradients can be interpreted on their own (Diaz
et al. 2016), but the addition of species information is especially
useful in a case where mortality has been shown to vary greatly
by species, resulting from drought adaptive strategies or unique
insect/pathogen relationships (Restaino et al. 2019; Stephenson
et al. 2019). The species map used for this study allowed strat-
ification by dominant species groups, and results align with
other results for these species in the literature (Stephenson and
Das 2020; Stovall et al. 2019, 2020). However, we recognize that
the forest type map may be outdated and provides a coarse view
of species distribution. Although species mapping techniques
are becoming more advanced and availability is increasing
(Marconi et al. 2022), highly detailed species information still
remains limited by temporal availability and spatial extent. A
more accurate species map would help disentangle mortality—
predictor relationships in mixed pixels.

4.5 | Drought Monitoring for the Future

Here we analyze a suite of foliar traits that are measurable
across broad landscapes from imaging spectroscopy that can
provide insights into multi-year forest response to drought.
Across different species assemblages, we identified clear links
between certain foliar traits during a time of drought stress
and subsequent mortality outcomes. This work is enabled
by the availability of hyperspectral remote sensing imagery,
which until recently was limited in spatial and temporal extent.
Although our study did not encompass the full scope of pre-
and post-drought trait variation, such insights would have been
challenging to acquire with an exclusively in situ approach, as
that would have required knowledge of oncoming drought and
extensive resources to sample the spatial and temporal extent of
this study. However, current and forthcoming spaceborne hy-
perspectral sensors like the Earth Surface Mineral Dust Source
Investigation (EMIT; Green et al. 2020), the Environmental
Mapping and Analysis Program (EnMAP; Stuffler et al. 2007),
the Hyperspectral Precursor of the Application Mission
(PRISMA,; Loizzo et al. 2018), the Hyperspectral Imager Suite
(HISUI; Iwasaki et al. 2011), the Copernicus Hyperspectral
Imaging Mission for the Environment (CHIME; Nieke and
Rast 2018), and Surface Biology and Geology (SBG; Cawse-
Nicholson et al. 2021) will greatly expand the extent of available
hyperspectral data, ultimately resulting in a global hyperspec-
tral time series that will enable foliar trait characterization on
unprecedented scales and across a wide range of environmental
perturbations. As droughts become more frequent and severe
(Dai 2013; Diffenbaugh et al. 2015; Wahl et al. 2022), plant trait
variation will be measurable leading up to, during, and after fu-
ture droughts. This opportunistic study provides a starting point
to work towards identifying early indicators of drought-related
mortality risk, while future data may shed new insights on how
these traits vary across ecosystems and biomes in response to
drought. These insights can be used as a basis for hypothesis
testing in future studies and for the design of in situ sampling to
support the image-derived interpretations.

5 | Conclusion

Here, we showed that two independently derived mortality data-
sets can be used to investigate mortality trends across gradients
of foliar trait variation, derived from regional-scale imaging
spectroscopy. Incorporating traits along with known important
predictors of mortality in the area illustrates a highly variable
response at two diverse sites. For the lower elevation, more
water-limited site, mortality is strongly linked to tree height,
decreased CWC, LMA, leaf cellulose, and leaf sugars, with vari-
ation across conifer and broadleaf forest types. The importance
of tree height and decreased CWC in conifers shows evidence of
some level of hydraulic failure as well as insect-host preference,
while the importance of foliar traits for broadleaf and shrub
shows evidence of leaf-level drought adaptation. For the higher
elevation, more energy-limited site, mortality is strongly linked
to climate and topography, with less influence from functional
traits. This suggests that severe drought conditions are related
to mortality, though the actual mortality mechanism (e.g., hy-
draulic failure, carbon starvation, or insect host preference) is
less clear. Hyperspectral imagery is crucial to this study, and its
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availability is rapidly expanding across broader spatial and tem-
poral scales with current and upcoming spaceborne missions as
well as increased availability of airborne imaging spectroscopy.
Foliar trait maps derived from imaging spectroscopy will en-
able further characterization of physiological drought response
across species, ecosystems, and biomes, as we continue to un-
ravel the complex responses of vegetation to global change.
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