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Abstract

Approaches that enable high-throughput, non-destructive measurement of plant traits are essential for programs
seeking to improve crop yields through physiological breeding. However, many key traits still require measurement
using slow, labor-intensive, and destructive approaches. We investigated the potential to retrieve key traits associ-
ated with leaf source-sink balance and carbon-nitrogen status from leaf optical properties. Structural and biochemi-
cal traits and leaf reflectance (500-2400 nm) of eight crop species were measured and used to develop predictive
‘spectra-trait’ models using partial least squares regression. Independent validation data demonstrated that the mod-
els achieved very high predictive power for C, N, C:N ratio, leaf mass per area, water content, and protein content
(R?>0.85), good predictive capability for starch, sucrose, glucose, and free amino acids (R?>=0.58-0.80), and some pre-
dictive capability for nitrate (R?=0.51) and fructose (R?=0.44). Our spectra-trait models were developed to cover the
trait space associated with food or biofuel crop plants and can therefore be applied in a broad range of phenotyping
studies.

Keywords: Amino acids, carbohydrates, carbon, leaf traits, metabolites, nitrogen, PLSR, remote sensing, source-sink,
spectroscopy.

Introduction

To ensure future food security, a substantial increase in crop
production is required (FAO et al.,, 2017), and several steps
are needed in order to achieve greater increases in yield
(Reynolds et al., 2012; Sreenivasulu and Schnurbusch, 2012;
von Caemmerer et al., 2012; Ort et al., 2015). Gaining a bet-
ter understanding of the factors limiting plant growth and
yield is an essential milestone on the road to increased crop
productivity (White ef al., 2016). Once plant traits are well
understood in the context of yield, breeding programs can
select for appropriate traits associated with greater yields, or
those that confer optimal trade-offs between resilience to stress

and vyield. Physiological breeding employs this approach and
relies on the identification of key physiological traits associated
with increased yield to select higher yielding progeny, when
parents with complementary traits are crossed (Reynolds and
Langridge, 2016). In contrast to traditional breeding, which
relies upon crossing elite crop varieties and sometimes intro-
ducing wild relatives or diverse landraces, physiological breed-
ing incorporates phenomic and genomic screening of progeny
resulting from well-characterized genetic resources, to develop
physiologically characterized lines suited to the production
environment. High-throughput trait measurement is necessary

Abbreviations: LMA, leaf mass per area (g leaf mass m leaf area); NIR, near infrared; PLSR, partial least squares regression; RMSE, root mean square error; SWIR,
shortwave infrared; TNCs, total non-structural carbohydrates (glucose+fructose+sucrose+starch); VIP, variable importance of projection.
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to achieve rapid advances in yield via physiological breeding,
since traditional methods of analyzing physiological traits are
slow, labor-intensive, and often destructive. High-throughput
approaches are therefore a critical element of ensuring the suc-
cess and increasing the efficiency and effectiveness of physi-
ological breeding programs so that breeders can achieve rapid
gains in yield that will be required in the near future (FAO
et al.,2017).

High-throughput plant phenotyping takes many forms, and
may be employed at a great range of scales from the molecu-
lar to the ecosystem level. At one end of the spectrum, high-
throughput robotic assays may be used for fast estimates of the
levels of key biochemical markers (Gibon ef al.,2004; Dai et al.,
2015; Burnett ef al.,2016; Emmett et al.,2017). At a larger scale,
whole plants may be measured on glasshouse conveyor belt
systems (Al-Tamimi ef al., 2016; Ferdous ef al., 2017). At the
canopy to landscape scale, passive monitoring, ground vehicle
systems, unmanned aerial systems (UASs), or aircraft can be
employed to retrieve spectral information, phenotypic plastic-
ity, and plant traits (Madritch et al., 2014; Singh et al., 2015;
Yang et al., 2017), whilst at the largest scale, satellite imagery
is a powerful tool for examining ecosystem-level phenotypes
(Pettorelli et al., 2018). High-throughput phenotyping using
remote sensing is especially powerful since it is non-destructive,
and enables measurements to be repeated on the same plants
throughout a growing season, providing valuable insight into
the response of key plant traits to environmental and develop-
mental change.

Remote sensing has been used to predict a variety of
plant traits, including the content of chlorophyll and other
photosynthetic pigments (Asner and Martin, 2008; Yendrek
et al., 2017), nitrogen (Asner and Martin, 2008; Ainsworth
et al., 2014; Serbin et al., 2014; Dechant et al., 2017; Yendrek
et al., 2017), phosphorus (Asner and Martin, 2008), sucrose
(Yendrek et al., 2017), fiber (Petisco et al., 2006; Serbin et al.,
2014), lignin (Petisco et al., 2006; Serbin et al., 2014), cel-
lulose (Petisco et al., 2006; Serbin et al., 2014), water (Asner
and Martin, 2008; Colombo et al., 2008), and plant second-
ary metabolites such as phenolic compounds (Couture et al.,
2016). More recently, remote sensing has been used to meas-
ure physiological traits; for example, the maximum carboxy-
lation rate in C; (Serbin ef al., 2012; Ainsworth et al., 2014)
and C, plants (Yendrek et al., 2017), and the maximum rate
of electron transport (Serbin ef al., 2012; Barnes et al., 2017,
Dechant ef al.,2017). Leaf structural traits such as leaf mass per
unit area (LMA) (Asner ef al.,2011; Serbin et al.,2014;Yendrek
et al.,2017) can also be readily obtained using remote sensing
approaches.

It is particularly important to develop relationships between
spectral data and traits associated with plant source—sink bal-
ance and carbon (C) and nitrogen (N) status. Source tissues
have a net uptake of resources from the environment, providing
the elements required for growth, while sink tissues have a net
drawdown of these resources and are essential for plants to grow
(Reekie et al., 1998; Aranjuelo et al., 2013; White et al., 2016).
For example, for C, a mature photosynthetically active leaf is a
net source, whereas developing fruits or grains are a net sink.
The balance between source and sink is a critical component

of growth and therefore yield (Arp, 1991; Ainsworth et al.,
2003; Eyles et al., 2013), while the balance between C and N
is essential for tuning growth to environmental conditions and
maximizing resource acquisition (Krapp ef al., 1991; Burnett
et al., 2016; White ef al., 2016). Key biochemical traits of inter-
est for determining the C source—sink status include carbohy-
drate pools such as starch and sucrose, and the ratio of amino
acids to sucrose which denotes the availability of excess N that
in turn indicates C source limitation (Paul and Driscoll, 1997,
Stitt and Krapp, 1999; Isopp et al., 2000). For examining the N
source—sink status, it is important to examine pools of nitrate,
free amino acids, and protein.

This study aims to build relationships between leaf reflec-
tance and key metabolites and traits related to plant source—
sink balance and C—N status, by using reflectance spectroscopy
to develop models validated by traditional, gold standard,
laboratory measurements. The goals of this work are 2-fold:
first, to define what is technically possible with respect to
remote sensing of plant biochemistry associated with C and
N metabolite pools; and, secondly, to develop relationships
between leaf optical properties and biochemical traits that
can enable and accelerate physiological breeding programs
by facilitating rapid, inexpensive, non-destructive in situ plant
measurements.

We sought to develop models that can be broadly applied
across different vegetation and cover a large portion of the total
trait space. In order to generate a suitable range of the traits of
interest, we grew eight contrasting species in a range of condi-
tions. In addition, we sampled at different times of the day to
leverage expected diurnal cycles in key traits, and measured
and sampled foliage at different stages of plant and leaf devel-
opment to extend the range of measured traits further. We used
partial least squares regression (PLSR) to build spectra—trait
relationships; this is a well-established and robust technique for
developing predictive models (Carrascal ef al., 2009; Asner and
Martin, 2015; Silva-Perez et al., 2018).

Materials and methods

Plant materials and growing conditions

Eight crop species were grown in a glasshouse at Brookhaven National
Laboratory, with 1621 individuals from each species available to sample.
Species were selected to cover a broad range of leaf optical properties
and an anticipated wide range in our traits of interest. Seven plant spe-
cies, Solanum lycopersicum var. lycopersicum, Cucumis sativus, Cucurbita pepo,
Glycine max, Phaseolus vulgaris, Ocimum basilicum, and Helianthus annuus
(High Mowing Organic Seeds, VT, USA) were germinated from seed in
trays and transplanted to pots 28 d after germination (see Supplementary
Table S1 at JXB online). Poplar cuttings, Populus deltoides Bartr. X Populus
nigra L. (Segal Ranch Hybrid Poplars, Grandview, WA, USA), were ini-
tially planted in 2 liter pots and transplanted to final pots after 40 d. Plants
were grown in Pro-mix BX or Pro-mix BX mycorrhizae growing media
(Premier Tech, Riviere-du-Loup, Québec, Canada) to provide a range of
nutrient conditions to enhance the variation in N-containing metabo-
lites. Greenhouse temperature and light conditions were controlled to
a diurnal temperature range of 20—-28 °C, and a 16 h day length. Plants
were watered daily, or as required to prevent drying, and fertilized at
21 d intervals with Miracle-Gro soluble all-purpose plant food accord-
ing to the manufacturer’s directions (N 24:P 8:K 16, Scotts Miracle-Gro,
Marysville, OH, USA).
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Spectroscopy of fresh leaf material

Commencing 8 weeks after seed planting, plants were sampled dur-
ing the hours 09.15-16.15 on 16 d over an 8 week period for a total
of 187 individual leaves. Measurements were made on fully expanded
leaves, and the number of leaves sampled from each species is recorded
in Supplementary Table S1. Leaf spectra were measured using a Spectra
Vista Corporation (SVC) HR1024i full range (350-2500 nm, spectral
resolution of <3.5 nm, 700 nm; <9.5 nm, 1500 nm; <6.5 nm, 2100 nm;
linearly interpolated to 1 nm) spectroradiometer, together with a leaf clip
assembly with an internal, calibrated light source (SVC, Poughkeepsie,
NY, USA). The spectroradiometer was calibrated using a LabSphere
Spectralon® reflectance standard (LabSphere, Inc., North Sutton, NH,
USA). We measured the spectra of each leaf five times on different areas
of the adaxial surface of the leaf. Spectral discontinuities in the detector
overlap areas were corrected using the SVC instrument software prior to
sample averaging and other quality control steps, as described previously
(Serbin ef al., 2014).

Determination of leaf traits

Following spectral measurements, each measured leaf was immediately
removed from the plant and sampled using a circular punch of known
area. A sample of leaf material was sealed in a foil packet and immediately
flash-frozen in liquid nitrogen before transfer to a =80 °C freezer prior to
biochemical analysis. The fresh mass of additional material from each leaf
was determined using a precision balance. This additional material was
dried at 70 °C for 3 d before weighing again to calculate LMA (g m™)
and leaf water content (H,O g m™).

Dried and frozen leaf samples were ground using a Spex CertiPrep
2000 Geno/Grinder (Spex SamplePrep, Metuchen, NJ, USA).The C and
N contents of dried, ground samples were measured using a Perkin Elmer
CHNOV/S Series II 2400 elemental analyzer on two 1.50-2.50 mg rep-
licates of each sample following the manufacturer’s instructions. Ethanol-
soluble metabolites were extracted from ~26 mg of frozen, ground
leat’ material. All subsequent biochemical analysis was conducted using
96-well microplates (Microtest Plate 96-well flat bottom, Sarstedt Inc.,
Newton, NC, USA), and a robotic liquid handling system (Evolution
P3 Precision Pipetting Platform, Perkin Elmer, Waltham, MA, USA).
A Biotek Synergy HT Multi-Detection Microplate Reader was used
to determine amino acids, and a Biotek ELx808 Absorbance Microplate

Table 1. PLSR model input and results for each leaf trait
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Reader (BioTek, Winooski, VT, USA) was used for all other determina-
tions (Gibon ef al., 2004; Burnett ef al., 2016).

Simple carbohydrates (glucose, fructose, and sucrose) in the ethanol
extract were measured using a continuous enzymatic substrate assay
(Ainsworth et al., 2007; Burnett et al., 2016). Nitrate was quantified
using the Griess reaction following the procedure described by Burnett
et al. (2016). Total free amino acids were determined by the addition of
fluorescamine and 0.1 M sodium borate bufter to the ethanol extract
(Burnett et al., 2016).

Proteins in the pellet resulting from the ethanol extraction were solu-
bilized by adding 0.1 M NaOH and heating to 95 °C.The Pierce BCA
protein assay kit (ThermoScientific, Rockford, IL, USA) was used to
measure protein content against a BSA standard curve. Samples were then
neutralized with HCI prior to starch determination. Starch was digested
to glucose with an overnight incubation at 37 °C, and the resulting glu-
cose was measured using a continuous enzymatic substrate assay that
included a corn starch control to confirm digestion (Rogers et al., 2004).

PLSR model fitting

Leaf traits were predicted on an area basis from spectra using a PLSR
modeling approach with the ‘pls’ package (Mevik et al., 2016) in the R
open source software environment (R Core Team, 2018). We conducted
this ‘spectra—trait’ modeling following the methods developed by Serbin
et al. (2014). Spectral wavelengths of 500-2400 nm were used for all trait
predictions. Analytical data for traits with highly skewed distributions (i.e.
sugars and nitrate) were natural log transformed to achieve a more nor-
mal distribution prior to building the PLSR model. A small number of
samples were rejected from the data set on the basis of analytical error
or results with outlier residual errors; the final number of spectra—trait
pairs used for each trait model was n=174-179. Observational data points
were randomly assigned to a calibration data set comprising 80% of the
data, or a validation data set (the remaining 20%), maintaining an even
distribution from each species in each subset (see Table 1 for details of
the sample number for each trait). The number of components used for
each trait model was based upon the minimum required to minimize the
PRESS statistic (Table 1). The model calibration performance was char-
acterized using a 1000X permutation test on the calibration data set (refer
to Serbin et al., 2014 for a detailed explanation of this process). Models
were created for each measured trait, and also the derived traits of C:IN,
total sugars, and total non-structural carbohydrates (TNC:s, i.e. starch and

Trait Data Model n R? RMSE %RMSE Reg. bias Res.

treatment  comps o, ya, Cal. Val. Cal. Va.  Cal Val bias
N (g m) None 13 140 88 086 092 015 014 695 563  -0.07 0.00
Cgm? None 12 140 88 089 095 118 113 566 594 0.65 0.00
CN None, 1 12 139 88 083 092 287 207 674 525 0.35 0.03
LMA (g m?) None 12 141 88 091 090 292 408 538 865  -3.84 0.00
H,0 (g M) None 11 141 88 086 089 1083 1184 636 838  -12.23 -0.02
Protein (g m™?) None, 2 12 140 87 082 08 076 076  7.36 898 0.19 0.00
Amino acids (wmol m-) None, 1 11 137 37 046 058 142 104 1220 1381 0.56 0.01
Nitrate (umol m-?) Log 10 141 38 032 051 109 120 1612  17.68 0.08 —0.02
Starch (umol Cg M) None, 3 12 186 88 075 08 525 570 98 1059 2.78 0.1
TNG (wmol Gy m?) None 12 139 88 067 070 629 758 873 1421 25 0.05
Total sugars (umol Cym)  Log 14 141 88 059 069 082 039 1072 1620 0.28 0.00
Sucrose (umol Cg m?) Log, 2 12 139 88 063 076 088 039 1056 1352 0.18 0.00
Glucose (umol Cg M) Log, 2 8 139 88 056 059 045 043 1296  19.06 0.02 0.01
Fructose (umol Cg m™?) Log 10 141 38 029 044 080 087 1181 1478 0.12 0.00

Data treatment indicates if data were log transformed, and the number of residual outlier samples removed from the data set. Model comps is the
number of components used in the PLSR model, chosen to minimize the PRESS statistic. n Cal. and n Val. indicate the number of samples included in
the calibration and validation data subsets respectively, and the total of these values is the number of leaf spectra—trait pairings used for each trait. /2,
RMSE, and %RMSE are shown for the calibration and validation data sets. Regression bias (Reg. bias) is the regression intercept. The residual bias (Res.
bias) is the mean of the difference between predicted and observed values in the calibration dataset.

6102 Aey 1 uo Jasn AlojelogeT] [euoneN uaAeyyoolg Aq 0¥99EEG/68/ L/9/0.A0eNsqe-ajonie/gxl/woo dnoolwepese//:sdiy woll pepeojumod



1792 | Ely et al.

sugars combined). The performance of each model was assessed using the
R* and root mean square error (RMSE) of prediction of the validation
data set. Qualitative evaluation of model predictor variables was assessed
using the variable importance of projection (VIP) (Wold et al., 2001).

Results
Leaf properties

Laboratory analysis revealed the anticipated large variation of
leat structural and biochemical properties across our sample
set, with leaves containing 6.6-27.5 gm ™ C,0.3-2.8 gm™~ N,
92-263 g m > H,0, 1.3-12.1 g m ™~ protein, 0.1-14.6 pmol m ™
amino acids, 0-8.9 pmol m™? nitrate, 0.1-56.7 pmol C, m™>
starch, 0.5-17.5 pmol C, m ™ sucrose, 0.4-12.5 pmol Cy m™>
glucose, 0-8.4 umol Cy m™ fructose, and an LMA of 1670 g
m™* (Fig. 1). A high degree of correlation exists between the
trait pairs of LMA and C (1=0.98), N and protein (r=0.91),
TNC:s and starch (r=0.88), and, to a lesser extent, N and amino
acids (1=0.71). Other trait pairs exhibited only weak (r<0.7) or
no correlation across the whole data set.

Leaf spectral characteristics

The spectral reflectance across wavelength of 5002400 nm
exhibited a pattern typical of foliar reflectance, with a peak
centering at ~550 nm in the visible region, high reflectivity
throughout the near infrared (NIR, 800-1300 nm), and peaks
in the shortwave infrared (SWIR) region centered at 1700,
1800, and 2200 nm (Fig. 2A). The largest ranges in reflec-
tance generally coincide with these peaks (Fig. 2B). The great-
est amount of variation across the spectral measurements, as
shown by the coeflicient of variation by wavelength (%CV),
also occurred within the visible region, with up to 40%CV.

C -

N -
LMA =
H,0 =

protein =
amino acids =
nitrate =

starch =

sucrose =
glucose =

fructose =

value

Fig. 1. Trait properties of sampled leaves from all species. Note units
scaled as follows: C g m™?, N g m?x107", LMA g m?x10, H,O g m™x

10, protein g m™, amino acids umol m2, nitrate pmol m=, starch umol Cg
m™x10, sucrose umol Cg M=, glucose umol Cq m=, and fructose pmol Cg
m™. Boxplots show the median, and the 25th and 75th percentiles. The
maximum extent of boxplot whiskers is 1.5 times the interquartile range.

PLSR prediction model results

Regions of the reflectance spectrum that were most signifi-
cant to each trait model were identified using the VIP metric.
In the visible region, wavelengths centered around 550 nm
and 700 nm showed high importance for all trait models
with the exception of water (Fig. 3). Interestingly, while the
550 nm region is important for modeling individual sugars
(Fig. 3L-NN), it carried reduced weight for the combined sugars
model (Fig. 3K). In the SWIR, a peak at 1400 nm is prominent
for most traits. PLSR model loadings (Supplementary Fig. S1)
and PLSR coefficient vectors (Supplementary Fig. S2) further
illustrate the relative importance of different spectral regions to
the prediction of each trait.

Utilization of a model based on mixed plant species demon-
strated a very high level of predictability for the elemental and
structural traits of C, N, C:N, LMA, and H,O, all with a vali-
dation R? of 0.89-0.95 (Table 1; Fig. 4). Of the N-containing
metabolites, the model performance was very high for pre-
dicting protein (R*=0.85, RMSE=9%), and showed moderate
predictive capability for amino acids (R*=0.58, RMSE=14%)
and nitrate (R*=0.51, RMSE=18%; Fig. 5). For C-containing
metabolites, the model performance was high for starch
(R*=0.80, RMSE=11%), sucrose (R*=0.76, RMSE=14%),
TNCs (R*=0.70, RMSE=14%), and total sugars (R*=0.69,
RMSE=16%). The spectra—trait PLSR approach performed
moderately well for glucose (R*=0.59, RMSE=19%), and
had more limited predictive capability for fructose (R*=0.44,
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Fig. 2. Summary of leaf spectral reflectance measurements. (A) The mean,
95% confidence interval, minimum, and maximum spectral reflectance for
all samples (n=179). (B) The range of reflectance measurements (black
line), the range within the 95% confidence interval (gray line), and the
percentage coefficient of variation (SD/mean) for each wavelength (red
line).
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B. elemental N
D. LMA

F. protein

H. nitrate

J. starch

M’WVW‘”"\

L. sucrose

/LJ\N\—«J\/»»\_/\\

N. fructose

500 1000 1500 2000

wavelength (nm)

Fig. 3. PLSR model variable importance of projection (VIP) for all traits assessed in this study. (A) C g m=, (8) N g m™, (C) C:N, (D) LMAgm™, (E) H,O g
m=2, (F) protein g m, (G) amino acids pmol m2, (H) nitrate pmol m™, (I) total non-structural carbohydrate (TNC) umol Cq m™, (J) starch umol Cg m=2,
(K) log total sugars umol Cg m™, (L) log sucrose pmol Cs m™2, (M) log glucose umol Cg m™, and (N) log fructose pmol Cg m™.

RMSE=15%; Fig. 6), though the prediction error (RMSE) was
still within the range of some of the other traits.

Discussion

This study has demonstrated the technical capability to esti-
mate key plant metabolite pools associated with source—sink
balance and C—N status non-destructively using leaf spec-
troscopy, via the spectra—trait approach. Previous work has
demonstrated the robustness of the spectra—trait approach,

particularly when applied to elemental and structural traits
(i.e. Cireas Nyrea» LMA, and H,O%) (Singh et al., 2015; Nunes
et al., 2017, Silva-Perez et al., 2018). More recent studies have
used this approach to predict some C-containing metabo-
lites (Lohr et al., 2017;Yendrek et al., 2017; Das et al., 2018),
generally within a single species. Here the capacity to pre-
dict a wider range of plant traits accurately from fresh leaf
spectra across a range of species is demonstrated for the first
time, including the novel prediction of traits associated with
N metabolism.
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Fig. 4. Results for PLSR models of (A) carbon, (B) nitrogen, (C) C:N, (D) leaf mass per area (LMA), and (E) leaf water content. Calibration (red circles) and
validation (gray circles; error bars show the 95% confidence interval) data points are shown. The 95% prediction interval (black lines), 95% confidence
interval (gray lines), regression line (fine black line), and 1:1 line (dashed line) are shown. Statistics are for the validation results (refer to Table 1 for

complete statistical reporting). All traits were modeled on a leaf area basis.

In order to develop a model with a broad potential applica-
tion across many species and growth conditions, it is important
that the model is developed from a data set that encompasses
both a wide range of values for the given trait and a high

diversity of leaf optical properties, so that the model covers as
much of the potential trait and optical property space as pos-
sible. For elemental and structural traits in this study, this was
assessed by comparison of our observed trait values with those
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Fig. 5. Results for PLSR models of (A) protein g m, (B) amino acids
umol m2, (C) log nitrate umol m. Calibration (red circles) and validation
(gray circles; error bars show the 95% confidence interval) data points are
shown. The 95% prediction interval (black lines), 95% confidence interval
(gray lines), regression line (fine black line), and 1:1 line (dashed line) are
shown. Statistics are for the validation results (refer to Table 1 for complete
statistical reporting). All traits were modeled on a leaf area basis. Traits

for which the raw data were highly skewed (i.e. nitrate) were natural log
transformed prior to modeling.
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available in the TRY plant trait database (Kattge ef al., 2011).
The range of leat N content in this study fully covers the range
of N values reported in the TRY database, whereas leat C con-
tent covers around half the range currently represented in the
TRY database. The range of LMA in this study is representa-
tive of the lower 60% of the LMA range in TRY.This probably
reflects the high species diversity in TRY including data from
tropical forests where LMA is typically high. As recently high-
lighted (Martin and Isaac, 2015), there are no central databases
for crop leaf traits, particularly for the physiological markers that
we have investigated here, that would enable us to easily assess
our success at covering the trait space for these C and N pools.
However, databases such as TRY, the Biofuel Ecophysiological
Traits and Yields (BETYdb) database (LeBauer et al., 2018), or
the Ecological Spectral Information System (EcoSIS) could be
leveraged and expanded in the future to store this information.

For many metabolites, developing robust PLSR models is
challenging because the in vivo pools of these metabolites are
subject to regulation by central metabolism. For example, in
the light, nitrate is rapidly metabolized and rarely accumulates
to high levels (Heldt and Piechulla, 2010), although in low-
light conditions a greater accumulation may be seen (EFSA,
2018), so sampling pre-dawn or under low light could provide
high nitrate leaves to increase the range of nitrate available for
PLSR model development. Storage of sugars is also controlled
to avoid the build up of solutes since this can lead to osmotic
stress, limiting the upper range for sugars. Excess sugars are
typically stored as starch or fructan (Pollock and Cairns, 1991;
Zeeman et al., 2010), and therefore a wider range of starch
pools was observed, resulting in a more robust PLSR model
for starch than sugars. It may be possible to extend the natu-
ral range of these metabolites and improve the PLSR models
through the use of extreme growth conditions, additional spe-
cies that are known accumulators of metabolites of interest, or
possible mutants with altered metabolism and storage (Miiller-
Rober et al., 1992; Weichert et al., 2010; Zuther et al., 2011;
EFSA, 2018).

Prediction of a wide range of plant traits from a single set of
leaf spectra measurements provides insight into this modeling
approach not apparent from less diverse studies. Comparison
of traits with similar chemical properties suggests that higher
predictive power using the PLSR approach may be achieved
by building a model from a diverse data set. Of the simple
sugars, glucose had both the widest compositional range, and
the best predictive model, followed by sucrose; fructose had the
narrowest range and least predictive power. Similarly, with the
N-containing metabolites, amino acids had both a larger meas-
ured range and the resulting model was more accurate and has
a lower error than the nitrate model, for which the measured
data set included many values close to the lower detection limit
of our assay. Improvement of the weaker models (i.e. nitrate
and fructose) will require measurements from leaves with
higher values of these metabolites.

The VIP results highlight the most influential spectral
regions for predicting each trait, and enable the identification
of commonalities between related traits. The most important
spectral region for all traits occurs at ~702—715 nm, with C
and C-containing metabolites peaking in the lower part of this
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Fig. 6. Results for PLSR models of (A) total non-structural carbohydrates pmol Cs m™, (B) starch umol Cg m™, (C) log total sugars pmol Cs m2, (D) log
sucrose pmol Cs m™2, (E) log glucose umol Cq m=, and (F) log fructose pumol Cg m2. Calibration (red circles) and validation (gray circles; error bars show
the 95% confidence interval) data points are shown. The 95% prediction interval (black lines), 95% confidence interval (gray lines), regression line (fine
black line), and 1:1 line (dashed line) are shown. Statistics are for the validation results (refer to Table 1 for complete statistical reporting). All traits were
modeled on a leaf area basis. Traits for which the raw data were highly skewed (i.e. sugars) were natural log transformed prior to modeling.

range and N and N-containing metabolites in the upper part,
a common pattern observed in PLSR loadings for leaf physi-
ological traits (e.g. Doughty et al., 2011). This is on the ‘red-
edge’ of the spectrum, at the transition between low reflectance
of visible wavelengths and high reflectance in the NIR, which

is associated with variation in leaf chlorophyll content and
plant stress (Penuelas and Filella, 1998; Eitel et al., 2011).Visible
wavelengths centered on 550 nm form the second most
important spectral region for C, N, LMA, protein, and nitrate,
whereas for simple sugars and starch this peak centers around

6102 Aey 1 uo Jasn AlojelogeT] [euoneN uaAeyyoolg Aq 0¥99EEG/68/ L/9/0.A0eNsqe-ajonie/gxl/woo dnoolwepese//:sdiy woll pepeojumod



530 nm. These wavelengths, which lie within the green part
of the visible spectrum, have strong association with absorp-
tion features of the plant pigments anthocyanin and betacyanin
(Peters and Noble, 2014). A third common region, with less
influence, but a nonetheless well-defined peak, lies at 1394 nm
for most traits, but slightly lower at 1387-1390 nm for sucrose,
fructose, and the combined sugars and TNCs. This region lies
at the transition from high to low reflectance; the water con-
tent of leaves is known to influence the slope of this transition
(Kokaly ef al., 2009), and it is also a significant feature in the
spectra of common leat components including cellulose and
polysaccharides (Elvidge, 1990).

The models presented here for C, N, LMA, and water content
show equal or higher predictive power than previous studies on
both single and multiple species (Asner et al., 2017; Nunes ef al.,
2017;Yendrek et al., 2017; Silva-Perez et al., 2018). Application
of this technique for the prediction of N-containing metabolites
measured in this study is novel. Only a few studies have used leat
spectra to predict simple sugars and starch. Das et al. (2018) and
Yendrek et al. (2017) successtully predicted sucrose within a sin-
gle species (R>=0.78 and R*=0.62, respectively). Das et al. (2018)
also demonstrated good predictive capability for total sugars
(R*=0.72). Using a two-species model, Lohr et al. (2017) success-
fully predicted starch (R*=0.84) and TNCs (R*=0.83), but were
not successtul with glucose and fructose. Here we have demon-
strated a moderate predictive ability for glucose and fructose.

Traditional techniques are often labor-intensive, time-con-
suming, and require destructive sampling, limiting the oppor-
tunity for frequent or repeated measurements; in addition,
destructive sampling could confound the observed signals.
The multispecies PLSR models described here can be used in
future experiments and breeding programs that require high-
throughput, inexpensive, and non-destructive measurements,
and can enable the monitoring of key metabolic signals asso-
ciated with source—sink balance and C-N status throughout
a plant’s life cycle without the need for repeated destructive
harvesting. Efficient phenotyping platforms can accelerate
breakthroughs in plant breeding (Furbank and Tester, 2011).
The models presented here would enable advances in physio-
logical breeding associated with source—sink balance and C-N
status by facilitating the rapid plant phenotyping that is essen-
tial for this breeding strategy. By using spectral measurements
rather than traditional techniques, data can be collected in a
rapid and non-destructive manner enabling repeated analysis
of plant metabolite status throughout the life cycle of a plant.
Additionally, the rapid nature of this approach means that it
could readily be used in combination with traditional breed-
ing techniques. Further applications of this technique include
uses in precision agriculture, and ecological monitoring such
as understanding foliar carbohydrate content in the context of
tree mortality (Dickman et al., 2019).

In order to help advance further development of robust
PLSR models that can be applied in many other species and
environments, we have made all our biochemical trait data, leaf
spectra, and code publicly available so that others may apply
and evaluate our models and use our data in combination with
their own to build new and improved models [leaf spectra, leat
trait data, and the R code for the PLSR model are available
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from the EcoSIS spectral library (ecosis.org), doi:10.21232/
C2GM2Z].

Supplementary data

Supplementary data are available at JXB online.

Table S1. Detail of species, pot sizes, and growing media.

Fig. S1. PLSR model loadings for all traits assessed in
this study.

Fig. S2. PLSR model coefficient vectors for all traits assessed
in this study.
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