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Summary

o Leaftraits are essential for understanding many physiological and ecological processes.
Partial least-squares regression (PLSR) models with leaf spectroscopy are widely
applied for trait estimation, but their transferability across space, time and plant
functional types (PFTs) remains unclear.

e We compiled a novel dataset of paired leaf traits and spectra, with 47,393 records
for >700 species and eight PFTs at 101 globally-distributed locations across multiple
seasons. Using this dataset, we conducted an unprecedented comprehensive analysis to
assess the transferability of PLSR models in estimating leaf traits.

e While PLSR models demonstrate commendable performance in predicting chlorophyll
content, carotenoid, leaf water and leaf mass per area prediction within their training
data space, their efficacy diminishes when extrapolating to new contexts. Specifically,
extrapolating to locations, seasons, and PFTs beyond the training data leads to reduced
R? (0.12-0.49, 0.15-0.42, and 0.25-0.56) and increased NRMSE (3.58-18.24%, 6.27-
11.55% and 7.0-33.12%) compared to nonspatial random cross-validation (NRCV).
The results underscore the importance of incorporating greater spectral diversity in
model training to boost its transferability.

e These findings highlight potential errors in estimating leaf traits across large spatial
domains, diverse PFTs and time due to biased validation schemes and provide guidance

for future field sampling strategies and remote sensing applications.

Keywords
Leaf traits, Leaf spectroscopy, Partial least-squares regression (PLSR), Transferability,

Cross-validation.
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Introduction

Leaf traits play an important role in modulating plant physiological processes and
ecosystem biophysical and biochemical dynamics (Wright et al., 2004; Violle et al., 2007,
2014; Ustin et al., 2009; Kattge et al., 2011; Yi et al., 2014). For example, chlorophyll
content influences leaf-absorbed solar energy and is therefore closely related to plant
photosynthesis (Croft et al., 2013). Carotenoid pigments are associated with the
xanthophyll cycle, a key mechanism for preventing plant photooxidative stress under
drought, heat stress, and high light conditions (Ruban et al., 2007). Leaf water content is a
useful indicator of overall plant water status and therefore health and productivity (Wright
et al., 2004; Cheng et al., 2011; Pereira et al., 2013; Cavender-Bares et al., 2020). Leaf
mass per area (LMA) is indicative of a wide variety of plant trade-offs related to investment
in leaf construction vs. photosynthesis (Poorter et al., 2009) and determines plant
ecological strategy (Osnas et al., 2013; Puglielli et al., 2015). Therefore, quantifying and
understanding the spatiotemporal variations of leaf traits is essential for improving our
prediction of the effects of environmental changes on terrestrial ecosystems.

Leaf traits are known to vary due to environmental heterogeneity (Messier et al., 2010,
2017; Albert et al., 2010; Jung, 2022) This variations is driven by both biotic factors such
as plant functional types (PFTs), species, phenology, leaf age and leaf development stage,
as well as abiotic determinants like the availability and variability of resources including
nutrients, water, and energy, etc.) (Stein & Kreft, 2015; Chavana-Bryant et al., 2017; Wu
et al., 2017; Serbin et al., 2019c; Regos et al., 2022). Direct measurements of leaf traits
using laboratory techniques are typically challenging and labor-intensive. Fortunately,
many studies have demonstrated the capability of leaf spectroscopy to accurately and
efficiently estimate leaf traits (Chavana-Bryant et al., 2013; Dahlin et al., 2013; Asner et
al., 2015; Wang et al., 2015; Yang et al., 2016; Meerdink et al., 2016; Sun et al., 2018;
Hill et al., 2019; Féret et al., 2019, 2021; Nakaji et al., 2019; Serbin et al., 2019c; Fu et al.,
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2020; Streher et al., 2020; Spafford et al., 2021; Jiang et al., 2021; Yan et al., 2021; Chen
et al., 2022; Wan et al., 2022). Leaf traits are often estimated from spectra by fitting
physics-based models or data-driven models (Clevers & Gitelson, 2013; Féret et al., 2019;
Spafford et al., 2021; Wang et al., 2021; Angel & Shiklomanov, 2022). Physics-based
models, also known as radiative transfer models (RTMs), rely on the predefined physical
mechanisms of the interaction between electromagnetic radiation and leaf constituents
(Jacquemoud & Baret, 1990; Jacquemoud et al., 1996; Feret et al., 2008; Féret et al., 2017,
2019; Wu et al., 2021). In theory, RTMs are site- and species-independent, resulting in
high robustness and transferability (Jacquemoud & Baret, 1990; Feret et al., 2008; Kimes
et al., 2009; Berger et al., 2018; Spafford et al., 2021). However, in practice, many RTM
coefficients (e.g., specific absorptivities, refractive index) are actually empirically
calibrated (Wang et al., 2015, 2021; Verrelst et al., 2019), and moreover, the RTM
inversion problem is often “ill-posed” because different combinations of traits can produce
similar leaf reflectance (Combal et al., 2003; Lewis & Disney, 2007; Wang et al., 2015,
2021; Féret et al., 2017; Berger et al., 2018; Verrelst et al., 2019).

Data-driven approaches developed for leaf traits estimation include simple regression
with spectral vegetation indices (Fassnacht et al., 2015; Moharana & Dutta, 2016; Jay et
al., 2017), more advanced statistical methods like wavelet transforms (Blackburn, 2007;
Cheng et al., 2011; Banskota et al., 2015), Partial-Least Squares Regression (PLSR) (Wold
et al., 1984; Asner & Martin, 2008; Serbin et al., 2012; Verrelst et al., 2019) and machine
learning methods (Hornik et al., 1989; Breiman, 2001; Rasmussen, 2004; Smola &
Scholkopf, 2004; Verrelst et al., 2012). In particular, PLSR is widely favored for its high
accuracy, ease of implementation and interpretation, ability to deal with high dimensional
data, and long history of use in chemometrics (Thenkabail et al., 2013; Fu et al., 2020).
The most popular method for retrieving plant traits from spectra is PLSR, which has been

used extensively over the past two decades (Townsend et al., 2003; Martin et al., 2008;
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Yang et al., 2016; Nakaji et al., 2019; Serbin et al., 2019c; Fu et al., 2020; Yan et al., 2021,
Wan et al., 2022). However, these empirical data-driven methods could have important
limitations, the test practices for data-driven statistical analysis dictate that predictive
models should only be applied — would only be expected to provide accurate results for —
new measurements that fall within the range of the data used to train the predictive models.
Moreover, current literature is inconclusive on the generalizability or transferability of
PLSR for leaf trait estimation. Some studies show that PLSR studies with relatively
confined spatial extents show good accuracy (Yang et al., 2016; Meerdink et al., 2016; Wu
et al., 2017; Chen et al., 2022; Kothari et al., 2022b), but PLSR studies over larger and
more diverse areas are rare. One such study (Serbin et al., 2019c) shows that a single PLSR
model achieves good accuracy for LMA estimates across a wide phylogenetic, geographic,
and climatic range (woody and herbaceous species in the Americas over a range spanning
Arctic Alaska to the Colombian Amazon). On the other hand, a study of four species typical
of coastal sand dune grasslands along the Belgian North Sea coast (Helsen et al., 2021)
found significantly lower accuracy for across-species PLSR models than species-specific
PLSR models for retrieving LMA. Another study (Heckmann et al., 2017) investigated the
transferability of models between the Brassicaceae genera Moricandia and Brassica. The
findings revealed significantly low transferability, indicating that model transferability
does not strictly correlate with phylogenetic proximity. Additional evidence for the lack of
generality of PLSR models is the variability in coefficients and choice of most important
wavelengths across studies (Knyazikhin et al., 1998; Wessels et al., 2012; Croft et al., 2013;
Yang et al., 2016; Chlus & Townsend, 2022b).

As both field spectroscopy and remote (UAV, airborne, satellite) imaging
spectroscopy become more common — especially in the context of current and upcoming
global satellite imaging spectroscopy missions like Hyperspectral Imager SUite (HiSUI,

(lwasaki et al., 2011)) and the PRecursore IperSpettrale della Missione Applicativa
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(PRISMA, (Loizzo et al., 2019)), Environmental Monitoring and Analysis Program
(EnMap, (Guanter et al., 2015)), Copernicus Hyperspectral Imaging Mission for the
Environment (CHIME, (Nieke & Rast, 2018)), and NASA's Surface Biology and Geology
(SBG, (Cawse-Nicholson et al., 2021)) — understanding the generalizability of data-driven
methods for estimating traits from spectra is essential and timely. This is especially the
case given the unprecedented volume of field spectroscopy data available today, covering
a wide spatial and phylogenetic range. As well, model evaluations in most published works
are primarily based on nonspatial random cross-validation (NRCV) with limited sites. The
NRCV may induce a better estimation of model performance, potentially because of its
failure to account for spatial, temporal, and PFTs autocorrelation in the data (Meyer et al.,
2019; Ploton et al., 2020).

Here, we present two main questions: (1) How well do the PLSR models transfer to
new domains (new sites, PFTs and time)? (2) What are the potential factors influencing the
transferability of PLSR? We investigated the transferability and performance of PLSR
using various validation strategies, with the aim of providing insights into its suitability for
different application scenarios. First, we synthesized a novel global dataset of both direct
measurements of leaf traits (i.e., chlorophyll, carotenoids, leaf mass per area and equivalent
water thickness) and the corresponding leaf reflectance measurements with 47,393 records
for more than 700 species and eight PFTs at 101 globally-distributed locations across
multiple seasons. Then, we evaluated the transferability of PLSR through space, through
time, and across PFTs, comparing random, spatiotemporal, and across-PFT cross-
validation methods. Finally, we investigated the impacts of potential factors (climate zones
and spectral diversity) that affect the transferability of PLSR. We posed the hypotheses for
the analysis: (1) predictive models can expect accurate trait predictions for new

measurements falling within the range of the data used during model training and the model
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performance will decline when extrapolating to new domains; (2) greater spectral diversity
in model training means better predictability of the PLSR models in new domains.
Materials and Methods
2.1 The compiled dataset

We synthesized 37 datasets from published literatures and the EcoSIS Spectral Library
(https://ecosis.org/) (Hosgood et al., 1994; Jacquemound et al., 2003; Singh, 2013; Serbin

& Townsend, 2014; Serbin et al., 2014, 2017, 2018, 2019a,b,c,d, 2021; Couture, 2015,
2016; Couture et al., 2015; Meerdink, 2016; Serbin, 2016; Serbin & Rogers, 2016; Yang
et al., 2016; Kattenborn et al., 2017; Wu et al., 2017; Ely et al., 2018, 2019; Kamoske et
al., 2018; Chlus, 2019; Wang, 2019a,b, 2022; Wu; et al., 2019a,b; Ge et al., 2019; Wu et
al., 2019; Nakaji et al., 2019; Grzybowski et al., 2020; Helsen et al., 2020a,b; Burnett et
al., 2021b,c,d.e; Villa et al., 2021a,b; Chlus & Townsend, 2022a,b; Kothari et al.,
2022a,b,c; Chen et al., 2022), compiling a new dataset that covers all major biomes and
climate zones over the world (Fig. 1a; Fig. S1, Table S1). The compiled dataset contained
both common leaf traits and the corresponding leaf reflectance measurements with 47,393
records for more than 700 species and eight PFTs at 101 globally-distributed locations (Fig.
1b, Fig. S2), and some of the records covered seasonal measurements of leaf traits and
spectra. First, we categorized the species in the dataset into 8 different PFTs: evergreen
needleleaf forests (ENF, n = 891), evergreen broadleaf forests (EBF, n = 1,382), deciduous
needleleaf forests (DNF, n = 77), deciduous broadleaf forests (DBF, n = 26,944),
shrublands (SHR, n = 1,599), grasslands (GRA, n = 11,833), croplands (CRP, n = 3,409)
and vine (n = 637). To better compare the PLSR with RTMs for leaf traits retrieval in the
future, we selected four important leaf traits in the compiled dataset and standardized them
to the same units (Table S2): total chlorophyll content (Chla+b, pg/cm?), total carotenoid
content (Ccar, pug/cm?), equivalent water thickness (EWT, g/m?; a.k.a., leaf water content),

and leaf mass per area (LMA; g/m?). This assembled dataset included 6,840 leaf samples
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for Chlat+b, 4,233 leaf samples for Ccar, 3,581 leaf samples for EWT, and 45,417 leaf
samples for LMA. The leaf spectra in the compiled dataset were measured by a variety of
instruments such as ASD FieldSpec 3/4/Pro (Malvern Analytical Inc.), SVC HR-1024i full-
spectrum spectroradiometer (Spectra Vista Corporation (SVC), Poughkeepsie, NY, USA)
and Spectral Evolution PSR-3500 full-range spectrometer (Spectral Evolution, Lawrence,
MA, USA), etc. This variability in instruments could affect the transferability of the
retrieval methods. Since the spectral sampling interval varies among different
spectroradiometers, we resampled leaf spectral data to 10 nm intervals using the full width
half maximum (FWHM) resampling method (Adjorlolo et al., 2013), and selected
wavelength from 450 nm to 2400 nm for PLSR modeling. In addition, we utilized records
in the compiled dataset which have seasonal measurements to investigate the transferability
of PLSR over time. A subset of the compiled dataset that had Chla+b, Ccar and LMA
measurements and the associated leaf spectral measurements were used to investigate the

transferability of the Chla+b, Ccar and LMA model’s transferability (Table S1).
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Fig. 1 The distribution of leaf samples in (a) climate zones (Whittaker, 1970) and (b)
geographic locations. The orange circle means that the sites only have Chlat+b
measurements; the red “x” means that the sites only have LMA measurements; the blue
triangle refers to the sites with Chla+b and Ccar measurements; the green square refers to
the sites with Chla+b and LMA measurements; the cyan star refers to the sites with EWT
and LMA measurements; the purple pentagon represents the sites with Chla+b, Ccar and
LMA measurements and the filled brown “plus” represents the sites with all the selected
leaf traits in this study.
2.2 Partial least-squares regression

PLSR is a linear non-parametric approach that iteratively transforms predictor and
response variables to find latent vectors and subsequently produces calibration factors and
a linear model. PLSR techniques achieve computational efficiency by maximizing the

9
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covariance between independent and dependent variables while simultaneously
maintaining the constraint of being orthogonal to the previously determined factors (Wold
et al., 1984; Singh et al., 2015). This makes PLSR especially well-suited to high-
dimensional and collinear spectral data. PLSR provides directly interpretable beta
coefficients that can be tied to known absorption features. With the leaf spectroscopy and
leaf traits, we can express the PLSR as the following equations (Ehsani et al., 1999; Fu et
al., 2020):
y=X a-lv, (i=123,..,p) (1)
lv; = Z}"zlli X, (=123,..,m) (2)
where X and y refer to the leaf spectra and leaf traits (e.g., Chla+b, Ccar, EWT or LMA),
respectively; Iv represents the latent vectors calculated from the original leaf reflectance; p
is the number of latent vectors; m is the number of reflectance wavebands; o represents the
regression coefficients. 1 represents the eigenvector. In this study, different model
validation strategies were used to build PLSR models (Section 2.3). PLSR first reduces the
leaf spectra with large collinearity into several orthogonal variables and then finds a linear
regression between the orthogonal variables and leaf traits.
2.3 Evaluate the transferability of PLSR
We examined the transferability of PLSR across three dimensions, including site
(spatial location), PFT, and time (day of year, DOY) with three sets of experiments with
PLSR (Fig. 2).

10
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Fig.2. The framework of this study for testing the transferability of PLSR modeling across
sites, PFTs and time.

We applied a similar PLSR modeling method with the previous studies (Dechant et al.,
2017; Yan et al., 2021), in which the standard PLSR modeling was integrated with a
repeated double cross-validation (rdCV) method designed with two (outer and inner) cross-
validation loops that can significantly reduce the model bias introduced by data partitioning
and result in a stable model (Filzmoser et al., 2009). In the outer CV loop, we first
partitioned the entire dataset into k folds and repeatedly used k-1 folds as the calibration
set and the remaining fold as the validation set. Within each calibration set, we further
randomly divided the data into 70% and 30% splits, repeating this process 100 times for
model training (inner CV loop). In each outer CV loop, we calculated the average
coefficients and the Variable Importance in Projection (VIP) metric (Wold et al., 2001)
across the 100 models resulting from the inner loops. Then the model prediction
performance and uncertainties were subsequently assessed using the validation set. Thus
by the end of the rdCV, we have k models generated and the final model was acquired by

taking the mean of these models.
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As a baseline for cross-site and cross-PFT transferability tests, we developed random
cross validation. We first fit a preliminary PLSR model for each trait using the random 10-
fold CV. This helps to decide the optimal numbers count of PLSR components (up to
maximum number of input spectra bands) to be used in the final models by minimizing the
Prediction Residual Error Sum of Squares (PRESS). Next, we randomly divided the entire
data into 10 folds and repeatedly used 9 folds as the calibration set and the remaining fold
as the validation set. Within each iteration, we perform rdCV as explained in the previous
context.

For Cross-site modeling, two PLSR modeling analyses were utilized: spatial CV, and
leave-one-site-out (LOO) for training CV (Valavi et al., 2019; Meyer et al., 2019; Ploton
et al., 2020). (1) In spatial CV, we initially organized all the data into two latitude and
longitude rectangular blocks according to their geographic locations (Uieda, 2018), which
helped minimize most of the potential spatial autocorrelation between data (Fig. S21); these
blocks were subsequently partitioned into 10 subsets and then adopted the spatial 10-fold
CV to fit a preliminary PLSR model to determine the optimal numbers of component of
spatial PLSR modeling by minimizing PRESS. We then repeatedly utilized 9 subsets for
calibration while keeping one subset as the validation set and also employed rdCV for each
iteration. The objective of spatial CV modeling is to assess model performance in spatial
extrapolation and evaluate whether the spatial autocorrelation has an impact on PLSR
performance compared to random CV; (2) For LOO training, the model was trained with
data from one site and tested against all other sites, this procedure was repeated once for
each site to evaluate the transferability of PLSR among sites. Additionally, we investigated
the impact of varying the number of sites utilized for PLSR training on prediction accuracy
using a procedure whereby we iteratively increased the number of sites used for training.

Subsequently, we calculated CV statistics for every factorial combination of training and

12
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testing sites, and then we evaluated the average and standard deviation of these CV
statistics as a function of the number of training sites.

Cross-PFT modeling entailed splitting the full dataset into 5 subsets according to their
PFT. Similarly, we first adopted PRESS to determine the optimal count of PLSR
components. Next, we iteratively used 4 subsets as calibration sets and one subset as the
validation set. Then we performed the rdCV. The objective of cross-PFT modeling is to
assess model performance on PFTs extrapolation compared to random CV; Moreover, we
performed the analysis on individual PFTs, we left one PFT in the dataset out for model
training and tested it against all other PFTs, and other PFTs for validation to evaluate the
transferability of PLSR among PFTs. Also, as with sites, we used an iterative procedure to
examine how across-PFT transferability changed with the increasing number of PFTs in
the training data.

For cross-time modeling, we first used 3 datasets (Datasets ID 3, 4 and 8 (Table S1))
in our compiled dataset that are located in temperate northern hemisphere and featuring
seasonal measurements of both leaf traits and reflectance shared the same geographic
location and belong to the same PFT (DBF) to investigate the ability of PLSR for temporal
extrapolation. This selection was made to rigorously assess the ability of PLSR for
temporal extrapolation. Datasets ID 3 and 4 were used to evaluate the transferability of
Chla+b and Ccar models and datasets ID 3,4 and 8 for the LMA model. We built PLSR
models respectively for each dataset with seasonal measurements and validated and
compared the performance using both random and temporal 5-fold CV methods. For
temporal 5-fold CV, we evenly split the extracted subsets into 5 measurement time
windows and iteratively trained the PLSR model using four time windows as calibration
set and validated it against the remaining one window. In each iteration, we then performed
the rdCV as described before. We also performed a temporally coarser version of this

analysis where we divided the measurement time into early growing season, peak growing
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season and post-peak season based on the forest phenology in the region where the dataset
is located and tested the transferability between these three seasons. Three strategies were
evaluated: (1) training the model with early growing season data and applying it to post-
peak season and peak growing season; (2) training the model with peak growing season
data and applying it to early growing and post-peak season data; (3) training the model
with post-peak season data and applying it to early growing and peak growing season data.
2.4 Statistical Analysis

We used mean values, standard deviations and the range of leaf traits to identify the
traits variations across geographic locations and PFTs. We used two-way analysis of
variance (ANOVA) to quantify the variations of leaf traits between different sites, PFTs
and the variations for the same PFT across sites. The mean and coefficient of variation of
leaf reflectance (calculated as the standard deviation divided by mean) of the sample
measurements were calculated for each geographic site and PFT to investigate the effects
of geolocations and PFTs on leaf spectra. We divided the spectra data into three wavelength
domains: 450-750 nm (visible wavelengths, VIS, also includes the red-edge), 750-1300
(near-infrared, NIR), 1300-1800 nm (shortwave infrared 1, SWIR1), and 1800-2400 nm
(shortwave infrared 2, SWIR2), to compare and quantify the variations of leaf spectra
between sites and PFTs. The performance of PLSR models for estimating leaf traits was
evaluated by standard summary statistics including coefficient of determination (R?), root
mean square error (RMSE) and normalized root mean square error (NRMSE, calculated by
the RMSE divided by the range of the estimated leaf traits).

To understand the factors impacting the transferability of PLSR across sites and PFTs,
we conducted two analyses. In the first analysis, we grouped all the sites according to their
climate zones (Fig. 1a). Then, we quantified the performance of PLSR transformation
between sites vs. across climate zones. In the second analysis, we aimed to explore the

relationship between the performance of PLSR transformation and spectral diversity. We
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utilized two simple spectral diversity metrics, coefficients of variation (Wang et al., 2016,
2018) and pairwise Bray-Curtis (BC) dissimilarity index (Bray & Curtis, 1957; Feret &
Asner, 2014), to calculate both alpha (within-community) and beta (across-community)
spectral diversity (Schweiger & Laliberté, 2022). We used coefficients of variation as
metrics of Alpha spectral diversity, and we used Euclidean distance (Kruse et al., 1993;
Fang et al., 2017; Jiang et al., 2021; Wan et al., 2021) — a common spectral similarity
metric —to quantify the similarity of alpha spectral diversity between two sites or PFTSs.
We used the BC dissimilarity index as a metric of Beta spectral diversity to compare the
dissimilarity of beta diversity between two sites or PFTs.
Results
3.1 Variations of leaf traits and leaf spectra
3.1.1 Variations of leaf traits

Large variations in leaf traits were found across geographic sites (Fig. S3a-d), PFTs
(Fig. S3e-h, Table S3) and through time (Fig. S4-S5). In our compiled dataset, Chla+b
ranges from 0.12 to 167.23 pg/cm? with a mean value of 35.07 pg/cm? and a standard
deviation of 19.15 ug/cm?. Ccar ranges from 0.04 to 28.35 pg/cm? with a mean value of
8.35 ng/cm? and a standard deviation of 3.03 pg/cm?. EWT and LMA range from 3.0 to
477.02 g/m? and 0.066 to 388.9 g/m? with mean + 1std of 137.37+75.11 g/m? and
69.85+35.87 g/m?, respectively. The distribution of leaf traits showed comparable ranges
and variations to the global TRY database (Kattge et al., 2020), which indicates that our
data are fairly representative of a substantial portion of global trait variability. (Fig. S6).

For the variations of leaf traits across PFTs, EBF (48.22 + 23.37 pg/cm?; mean + 1std,
same in the following text), SHR (45.65+19.73 pug/cm?) and GRA (38.38+23.35 pg/cm?)
have relatively higher chlorophyll contents, followed by ENF (39.07+20.95 pg/cm?), DBF
(37.77+20.53 pg/cm?), vine (32.97+13.86 nug/cm?) and DNF (30.98+11.09 pg/cm?), and

CRP (29.01+9.75 pg/cm?) have the lowest chlorophyll contents. The variations of
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carotenoid content across PFTs show patterns similar to chlorophyll. There are also broad
variations in the other two traits, EWT and LMA, across PFTs. For example, ENF has the
highest EWT and LMA values (233.19+73.84 g/m? and 173.18+63.78 g/m?, respectively)
followed by EBF and DNF. SHR (105.24+62.02 g/m?) and DBF (93.39+27.84 g/m?) have
lower EWT concentration, vine (53.39+19.95 g/m?) and CRP (38.77+16.82 g/m?) show
relatively lower in LMA concentration.

For the variations of leaf traits throughout the growing seasons, chlorophyll content
and carotenoids pigments will increase rapidly from 16.94 + 4.9 pg/cm?, 4.08 + 0.89
ug/cm?, respectively at the beginning of the growing season to a stabilized status at the
peak growing season, which are 37.65 + 9.41 pg/cm?, 7.21 + 2.16 pg/cm? for Chla+b and
Ccar, respectively. Followed by declines in the post-peak season with values of 27.44 +
12.41 pg/cm?and 5.65 + 2.2 pug/cm?, respectively. Similar to Chla+b and Ccar, LMA will
increase rapidly from the beginning of the growing season (61.01 + 18.27 g/m?) to the peak
growing season (95.56 + 36.58 g/m?) and then will increase slowly until leveling off at the
end of the peak growing season (114.45 + 44.34 g/m?).

The results of ANOVA (Table S4) indicate significant differences in all the selected
leaf traits across both sites and PFTs (p <0.001). Differences in the leaf traits of GRA, DBF,
CRP, SHR and ENF across sites were also significant (p <0.001). Differences in Chla+b
of vine, LMA of EBF and DNF across sites were also significant, but differences in Ccar,
EWT and LMA of vines were not significant. Differences in the Ccar of EBF and DNF,
and EWT of DNF across sites were not significant (p >0.05).

3.1.2 Variations of leaf spectra

Similar to leaf traits, leaf spectra also show significant variations across geographic
sites, PFTs and time (Fig. 3, Fig. S7-S11) over VIS-NIR-SWIR wavelengths, Specifically,
the coefficient of variation for leaf spectra across PFTs (Fig. 3 (b), Table S5) is relatively

higher for ENF and SHR, but is lower for DNF and CRP, especially spectral domain of
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450-750 nm in the VIS band, 1300-1800 nm in the SWIR1 and 1800-2400 nm in the
SWIR2 band.
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Fig. 3 Coefficient of variation of leaf spectra across geographic sites and PFTs. (a)
coefficient of variation of reflectance across geographic sites; (b) coefficient of variation
of reflectance across different PFTSs.
3.2 PLSR models

PLSR models will be developed across a range of frameworks, with assessments of
transferability across space, PFT and time. Results below are therefore provided for each
test that was implemented, and Supplemental Tables S6-S9 provide the full range of
statistics for each PLSR implementation and test.

3.2.1 Spatial transferability of the PLSR model

Spatial CV reveals that the accuracy of leaf trait estimations using random cross-
validation overestimates the likely accuracy of the prediction when applied to samples
outside of the spatial domain of the calibration data (Fig. 4). Specifically, the random CV

of PLSR (i.e., not informed by spatial location) leads to better prediction of leaf traits
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estimation than spatially informed PLSR validation, with 0.49, 0.31, 0.12 and 0.12 higher
of R and 18.24%, 13.77%, 3.64% and 3.58% lower of NRMSE for Chla+b, Ccar, EWT
and LMA predictions, respectively.

The results of ‘leave one site out for training’ showed that when the trained PLSR is
applied to other sites, its performance decreases considerably and its accuracy varies
depending on the testing site (Fig. 5). However, as more sites are used to train the model,
its performance improves and eventually reaches a stable level (Fig. 6). The transferability
of PLSR was not greatly affected by spatial distance between sites (Fig. S12). This implies
that factors other than spatial distance between sites contributed to the previously reported

overly optimistic performance.
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391
392  Fig. 4 The relationship between predicted and observed leaf traits. (a), (c), (e), (g) are

393  random 10-fold cross-validation for Chla+b, Ccar, EWT and LMA estimation, respectively;
394  (b), (d), (f), (h) are spatial 10-fold cross-validation for Chla+b, Ccar, EWT and LMA
395  estimation, respectively. Error bars represent the 95% confidence intervals for each
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predicted value derived from the ensemble of PLSR models generated through the 100-

repetition iterative procedures. The deeper red (purple) color represents the higher (lower)

density of data.
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Fig. 5 Performance of the ‘leave one site out for training’ cross-validation method to test

the transferability of PLSR across geographic sites. (a) R?; (b) NRMSE. Orange color is the

benchmark accuracy, which means testing model performance using the data from the

training site. The green color is the accuracy of applying the trained model from one site

to other sites.
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Fig. 6 The relationship between model performance and the number of trained sites.
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3.2.2 Transferability of the PLSR model on PFTs
Compared to random cross-validation, the performance of PLSR according to across-
PFT validation was much lower (Fig. 7) as well with only R? of 0.204+0.17 and NRMSE
of 28.79+22.53% for Chla+b retrieval; R? of 0.152+0.15 and NRMSE of 26.53+17.81% for
Ccar retrieval; R? of 0.572+0.17 and NRMSE of 39.35+64% for EWT retrieval and R? of
0.473+0.26 and NRMSE of 11.46+6.98% for LMA retrieval.
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Fig. 7 The relationship between predicted and observed leaf traits by using 5-fold cross-
PFT validation method. (a) Chla+b; (b) Ccar; (c) EWT and (d) LMA. Error bars represent
the 95% confidence intervals for each predicted value derived from the ensemble of PLSR
models generated through the 100-repetition iterative procedures. The deeper orange
(purple) color represents the higher (lower) density of data.

On average, PLSR predictions for out-of-sample PFTs were less accurate than in-
sample predictions, but the degree of change in accuracy varied depending on the PFT (Fig.
8). The transferability of PLSR across sites also varied by PFT (Fig. 9). For the four
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422  selected leaf traits measurements, PLSR has relatively higher transferability across EBF
423  and CRP sites, followed by GRA, DBF, SHR. And ENF exhibited the lowest transferability
424 across sites. Moreover, as more PFTs are used to train the model, the prediction accuracy
425  forout-of-sample PFTs increased, stabilizing at around 3 PFTs for Chla+b, Ccar, and LMA
426  and 5 PFTs for EWT (Fig. 10).
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Fig. 10 The relationship between model performance and the number of trained PFTs.

3.2.3 Temporal transferability of the PLSR model

Similar to spatial and PFT aspects, random cross-validation (i.e., not informed by

measure time) also lead to better predictions of leaf traits estimation than temporally

informed PLSR validation. The random cross-validation method for Chla+b, Ccar and

LMA estimation produced R? values of 0.75+0.01, 0.598+0.06, 0.735+0.08 and NRMSE of

12.9+0.14%, 14.58+1.81%, 12.52+3.35, respectively. On the other hand, the temporal

cross-validation method for Chla+b, Ccar and LMA estimation produced lower R? values

of 0.331+0.01, 0.285+0.04, 0.584+0.13 and higher

NRMSEs of 24.

45%0.71%,

23.06+2.39%, 18.8+6.67%, respectively (Fig. 11). The poor performance of PLSR using

the temporal cross-validation method suggests that it is challenging for PLSR to transfer

across time.
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Fig. 11 The relationship between predicted and observed leaf traits. (a), (b) and (c) are
random 5-fold cross-validation for Chla+b, Ccar and LMA estimation, respectively; (d), (e)
and (f) are temporal 5-fold cross-validation for Chla+b, Ccar and LMA estimation,
respectively. Error bars represent the 95% confidence intervals for each predicted value
derived from the ensemble of PLSR models generated through the 100-repetition iterative
procedures. The deeper orange (purple) color represents the higher (lower) density of data.

The model may systematically overestimate or underestimate the leaf traits when it is
applied for cross-seasonal estimation (Fig.12, Fig. S13-S15). For example, For Chla+b and
Ccar, when applying the peak growing data trained model to early growing season and
post-peak season, leaf traits will be overestimated. Conversely, when applying the early
growing season or post-peak season data-trained model to the peak growing season, leaf
traits will be underestimated. The inter-transformation between the early growing season
and post-peak season models depends on the range of traits. However, the LMA model has
a different way of cross-seasonal transformation, as LMA is continuously increasing

throughout the growing season. LMA will be underestimated when the LMA model trained
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from the early growing season is applied to peak and post-peak growing seasons and vice
versa, it will be overestimated. The performance of the model transferring across the
seasons depends on the overlap between the data in the training and prediction seasons. For
Chla+b and Ccar, models trained from early growing or post-peak season transferred better
to peak growing season than vice versa (Fig. 12 a-f, Fig. S13-S14). LMA models
outperform Chla+b and Ccar models on cross-seasonal transformation and models trained
from and post-peak or peak growing season transferred better to the early growing season

than vice versa ((Fig. 12 g-i, Fig. S15)).
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Fig. 12 Evaluation of temporal transferability of the PLSR model. Each row shows PLSR
modeling on temporal scales for different leaf traits ((a), (b) and (c) for Chla+b; (d), (e) and
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(f) for Ccar; (g), (h) and (i) for LMA). Each column shows different modeling strategies,
(@), (d) and (g) show the results of the model trained with early growing season data and
applied to peak growing season and post-peak season; (b), (e) and (h) show the results of
the model trained with the peak growing season data and applied to the early growing
season and post-peak season; (c), (f) and (i) show the results of the model trained with post-
peak season data and applied to early growing season and peak growing season,
respectively.
3.3 Factors influencing the transferability of PLSR

We found no obvious influence of climate variables on the transferability of PLSR
models for trait prediction (Fig.13). Models trained in climate zones of
woodland/shrubland, tropical seasonal forest/savanna and boreal forest were more
transferable to the sites in the same climate zones, but the climate zone of Temperate
seasonal forest was the opposite. Alpha and beta spectral diversity exhibited positive
relationships in which greater similarity of a spectral diversity metric yielded greater PLSR
transferability. A higher similarity of spectral diversity among sites or PFTs is associated

with the higher transferability of PLSR across geographic sites and PFTs (Fig.14).
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Fig. 13 Climate variables to explain the transferability of PLSR. (a) and (b) refer to R? and

NRMSE for PLSR transfer across climate zones, respectively.
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Fig. 14 Alpha and beta spectral diversity to explain the transferability of PLSR. (a) and (b)
are the relationships between alpha spectral diversity (aSD) and PLSR transferability
across sites and PFTs, respectively. (c) and (d) are the relationships between beta spectral
diversity (BSD) and PLSR transferability across sites and PFTs, respectively.
Discussion

In this study, we first compiled a large dataset with common leaf traits and the
corresponding leaf spectra spanning a wide range of climate zones and PFTs. We found
that both leaf traits and leaf spectra show large variations across sites, PFTs, and
phenological stages throughout the growing season (Fig. 3, Fig. S3-S5, S7- S11, Table S3),
and the distribution of leaf traits in our compiled dataset showed comparable ranges and
variations to the global TRY database (Kattge et al., 2020), which indicates that our data
are fairly representative of a substantial portion of global trait variability (Fig. S6). We
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used this dataset to examine the transferability of leaf traits — leaf spectra relationships
based on the PLSR model and different cross-validation methods. As expected, it is
generally feasible to estimate leaf traits from the spectral properties of leaves, which is
consistent with the previous studies that the combination of leaf spectroscopy and the PLSR
model could be widely applied to infer leaf traits in various scales (Asner et al., 2015; Yang
et al., 2016; Hill et al., 2019; Nakaji et al., 2019; Serbin et al., 2019c; Fu et al., 2020;
Spafford et al., 2021; Jiang et al., 2021; Yan et al., 2021; Chen et al., 2022; Wan et al.,
2022). However, we found that the relationship between leaf traits and spectra was
influenced by geographic location, PFT, and timing within a growing season, which can
result in relatively poor performance of PLSR to infer leaf traits when applied to novel
contexts.

Our observation shows that random cross-validation provides better assessments of
model performance when applied to new observation results from the sites, temporal, and
PFT representativeness in the training data (Meyer et al., 2019; Ploton et al., 2020). The
random cross-validation of PLSR showed similar levels of performance for predicting
Chla+b, Ccar, EWT and LMA as previous studies (Singh et al., 2015; Féret et al., 2019;
Serbin et al., 2019c; Yan et al., 2021; Chen et al., 2022; Cherif et al., 2023). Our finding
of limited PLSR transferability across space (Fig. 4) and across PFTs (Fig. 7) agrees with
several other recent studies of PLSR transferability across species (Helsen et al., 2021),
across sites (Nakaji et al., 2019; Yan et al., 2021). As well as limited PLSR transferability
through time (Fig. 11), confirming that models are generally not transferable across
phenological stages for a much more limited leaf data set (Yang et al., 2016) and also
demonstrated for image spectroscopy (Schiefer et al., 2021; Chlus & Townsend, 2022b).
In general, the model will perform poorly if the data in the training samples cannot
represent a large portion of the data in the validation samples (Roberts et al., 2017; Kothari

et al., 2023), but the degree of change in accuracy varied depending on the testing sites and
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PFT (Fig. 5, Fig 8). However, our results clearly show that including more sites and PFTs
in the training data improves PLSR accuracy, up to a limit (Fig. 6, 10), presumably because
the overlap between the training and prediction components increased with the number of
sites of PFTs. We also quantified the PLSR transferability across sites for different PFT
and found that evergreen broadleaf forests and croplands have relatively higher
transferability across sites, followed by grasslands, deciduous broadleaf forests and
shrublands, with evergreen needleleaf forests having the lowest transferability across sites
(Fig.9). The poor performance of ENF may be a consequence of the sampling frequencies
and the substantial differences in spectrometer measurement of fresh foliage, which was
not used as a screening criterion for the analyses here.

We found that models may systematically overestimate or underestimate the leaf traits
when it is applied for cross-seasonal estimation (Fig.12, Fig. S13-S15). The degree of
overestimation or underestimation varies between different traits, which is aligned with the
previous study (Yang et al., 2016). The performance of the model transferring across the
seasons depends on the overlap between the data in the training and prediction seasons. For
Chla+b and Ccar, models trained from early growing or post-peak season transferred better
to peak growing season than vice versa (Fig. 12 a-f, Fig. S13-S14). LMA models
outperform Chla+b and Ccar models on cross-seasonal transformation and models trained
from post-peak or peak growing season transferred better to the early growing season than
vice versa ((Fig. 12 g-i, Fig. S15)). Variations of leaf traits are strongly related to phenology
and change during the growing season in the deciduous species, as during different seasons,
leaves are at varying stages of development and optimized for different functions. For
instance, in the early growing season, leaves are in the developmental stage with their
structure not yet finalized, and biochemical precursors for final structure and function are
predominant. As the growing season peaks and leaves mature, their structure and

biochemistry are optimized for primary functions such as photosynthesis. In the post-peak
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season, as leaves become senescent, they are often optimized for transferring essential
minerals and molecules back to the plant before ultimately shedding. Such that the range
of values across seasons may not overlap (McKown et al., 2013; Chen et al., 2022).

The VIP metrics which show the relative importance of bands for predicting leaf traits
exhibited consistent patterns across the traits and validation strategies (Fig. S16-S18). The
VIP values show that visible wavelengths (450-700 nm), and red-edge wavelengths (700-
800 nm) were important for predicting all the selected leaf traits in this study. For Chla+b,
the wavelength centered at 450 nm, 550 nm and 730 nm in visible and red-edge range
exhibited highest VIP values. The VIP patterns for Ccar models closely resembled those
of Chlatb, consistent with many other studies (Yang et al., 2016; Wu et al., 2019; Yan et
al., 2021; Kothari et al., 2023). These findings suggest that the reflectance in the visible
and red-edge range is primarily influenced by leaf pigments and leaf structure (Richardson
et al., 2002). Additionally, EWT and LMA exhibited consistently high VIP values scores
across much of the shortwave infrared wavelengths, likely indicating the strong and
widespread impact of LMA and EWT on SWIR reflectance.

Many studies have demonstrated that climate gradients can explain some variations in
plant traits (Maire et al., 2015; Simpson et al., 2016; Madani et al., 2018; Yang et al., 2019;
Huang et al., 2020; Joswig et al., 2021). However, we also found that climatic variability
across sample locations did not explain variability in the transferability of PLSR models
for estimating traits from spectra (Fig. 13). In general, climatic effects on trait patterns did
not have a corresponding effect on the ability to estimate traits empirically from spectra.
The transferability of PLSR across different communities (sites or PFTs) was found to be
linked with spectral diversity in leaf spectroscopy, which is crucial in capturing plant
species composition and diversity across ecosystems (Wang et al., 2018; Peng et al., 2018;
Gholizadeh et al., 2020; Rossi et al., 2021; Schweiger & Laliberté, 2022). Our results show

that PLSR models were most transferable between sites and PFTs with comparable levels
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of alpha and beta spectral diversity. Essentially, a higher similarity of spectral diversity
among sites or PFTs corresponds to a higher transferability of PLSR across sites and PFTs
(Fig.14). In the realm of data-driven statistical analysis, the best practice is to use predictive
models strictly for measurements that falling within the range of the data employed during
model training. To fulfill this standard, one can estimate the area of applicability (AOA) of
predictive models (Meyer & Pebesma, 2021), which offers a perspective on the extent to
which a new observation deviates from the data previously used for model calibration. This
study comprehensively evaluated the transferability of PLSR models based on validation
in which data are withheld from training according to spatial, temporal and PFTs criteria.
A global dataset paired leaf traits and leaf spectra was compiled to support the analyses.
Our findings may have three major implications. First, the combination of leaf
spectroscopy and the PLSR model can provide robust, rapid, accurate and nondestructive
estimates of leaf traits when the distribution of training datasets has a large overlap with
the testing datasets (Fig.4 (a, c, €, 9); Fig. 11 (a-c)). In other words, the data in the training
samples must cover the larger space of potential confounding aspects such as temporal,
spatial and PFT than the independent data to which the model is applied. Knowing this
point can improve our ability to modulate plant physiological processes and ecosystem
dynamics.

Second, our work provides new insights and guidance for mapping plant traits and
understanding the uncertainties of quantifying foliar traits and associated ecosystem
functioning at large or even global scale using the current and forthcoming spaceborne
imaging spectroscopy missions. It is likely that trait mapping accomplished from these
missions will not have globally comprehensive data for training, and thus users will need
to be cautious in their analyses of trait maps that capture conditions not represented in the
training data. Finally, our analysis from spatial, temporal, and PFT aspects offers guidance

for field sampling strategies to support future biodiversity research at large scales. For
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example, we should collect samples as broad as possible to increase the coverage of
training data across sites, PFTs and time to ensure the performance of the models.

PLSR is capable of inferring multiple leaf traits simultaneously based on leaf
spectroscopy, which enables characterizing relationships among multiple traits. Our
compiled dataset had insufficient measurements of multiple traits from a single spectra to
conduct such analyses. Consequently, we built separate PLSR for each leaf trait. Therefore,
more sophisticated techniques are needed to overcome data sparcity (Cherif et al., 2023)
and improve model transferability in the future. Moreover, aggregating multiple datasets
led to a notable improvement in model performance in our study (Fig. 6, 10), highlighting
the importance of integrating diverse data sources for more accurate leaf trait predictions.
However, even with the inclusion of all available datasets, our model's accuracy fell short
of its maximum potential. This emphasizes the need for more data for further improvement
in model accuracy. Collaborative efforts and open access to diverse datasets are essential
for developing more robust models and effectively addressing complex scientific
challenges on leaf trait estimations (e.g., through platforms like Ecosis). Furthermore, as
we compiled this dataset from various sources such as the EcoSIS database and other
publications, it's important to note that the inconsistencies in sampling protocols and pre-
processing methods may also contribute to the variations of leaf spectral data and leaf traits
which will further impact the subsequent analyses. However, given the limited available
information, we only assessed sensor uncertainties within a single dataset (Dataset ID 23,
Table S1) from our compiled dataset, which included ASD FieldSpec 3, PSR 3500+, and
SVC HR-1024i measurements. We ensured consistency by selecting data with identical
location, PFTs, and time, and conducted cross-sensor validation. This involved training
models on two sensors and applying the trained models to the remaining sensor. The results
(Fig. S19) demonstrated promising accuracy, with R? values ranging from 0.726 to 0.926

and NRMSE values spanning from 4.57% to 9.83%. Therefore, in this study, we

32



636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660

disregarded the effects of sensors and focused solely on spatial, PFT-related, and temporal
analyses. Additionally, the imbalance of sample representations across various PFTs may
introduce additional uncertainties in the PLSR modeling process. To verify this issue, we
utilized a Bootstrap approach to equalize the sample sizes among different PFTs, the results
(Fig. S20) showed a very similar accuracy with cross PFTs validation (Fig. 7) and did not
alter the primary conclusion.
Conclusions

In this study, we compiled a global dataset including leaf spectra paired with
measurements of leaf traits that are commonly estimated from spectra. We demonstrate
that the patterns of leaf traits and leaf spectra are highly variable across sites, PFTs and
phenological stages. Leaf spectroscopy and PLSR modeling are highly capable of
quantifying leaf traits given sufficiently comprehensive training data. However, the model
performance will significantly decline when extrapolating to novel contexts. We found that
the transferability of PLSR was strongly related to spectral diversity among sites or PFTs
(i.e., better performance and higher spectral similarity). Moreover, our results confirmed
that the current widely-used random cross-validation method might result in overoptimistic
model performance and hence provides flawed estimates for assessing the model
performance. This work is relevant to regional or even global-scale mapping of plant traits
from airborne or satellite hyperspectral sensors and indicates the necessity for
comprehensive training data from imaging sensors to ensure robust model performance
across vegetation types. Future field sampling strategies should be designed with these
considerations in mind.
Data and code availability

All the code of PLSR modeling and the compiled dataset are publicly available GitHub

(https://github.com/UW-GCRL/PLSR_trait_models_evaluation). The original dataset can
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be found through EcoSIS Spectral Library (https://ecosis.org/) and the cited literature list

in Table S1.
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