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ARTICLE INFO ABSTRACT

Keywords: Symbiotic di-nitrogen fixation of grain legumes has a substantial impact on crop performance, harvest product
Soybean quality, and nitrogen (N) balance of crop rotations, particularly under organic management regimes. In soybean
Phenotyping

breeding, selection for increased nitrogen fixation is desirable for improving seed protein content and N balance
of cropping systems. However, the lack of high-throughput screening methods for direct measurement of Nj
fixation rates prohibits practical breeding efforts. Therefore, hyperspectral canopy reflectance measurement as a
field-based phenotyping method was evaluated in three environments for indirect estimation of N fixation and
uptake of soil nitrogen in a set of early maturity soybean genotypes exhibiting a wide range in seed protein
content. Reflectance spectra were collected in repeated measurements during flowering and early seed filling
stages. Subsequently, various spectral reflectance indices (SRIs) were calculated for characterizing nitrogen
accumulation of individual genotypes. Moreover, prediction models for seed protein content as an end-of-season
target trait were developed utilizing full spectral information in partial-least-square regression (PLSR) models. A
number of N-related SRIs calculated from spectral reflectance data recorded at the beginning of the seed filling
stage were significantly correlated to seed protein content. The best prediction of seed protein content, however,
was achieved in PLSR models (validation R? = 0.805 across all three environments). Environments lower in
initial soil mineral N content appeared as more favorable selection sites in terms of prediction accuracy, because
N fixation is not masked by soil N uptake in such environments. Hyperspectral reflectance data proved to be a
valuable method for determining genetic variation in crop N accumulation, which might be implemented in high-
throughput screening protocols for N fixation in plant breeding programs.

Di-nitrogen fixation
Seed protein content
Spectral reflectance index

1. Introduction

Fixation of atmospheric di-nitrogen in hypoxic root nodules is a
unique feature of the endosymbiosis between rhizobial bacteria and
plants of the Fabaceae family. Basic signaling processes between host
plant root hairs and symbiotic bacteria as well as the regulatory cascade
of nodule development involving lateral root growth are understood
only recently (Bosse et al.,, 2021; Szczyglowski and Ross, 2021).
Nevertheless, the symbiosis-mediated production of ureides/ammonia
has a tremendous impact on agricultural systems utilizing legumes in
crop rotations. Estimates of N fixation range between 30 and 120 kg/
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ha/year for grain legumes from global areas, but fixation rates of indi-
vidual crops might be considerably higher (Herridge et al., 2008). In
soybean (Glycine max [L.] Merr.), experimental results on N fixation
indicate that the percentage of nitrogen derived from the atmosphere (%
Ndfa) is 68% on average (Herridge et al., 2008), whereas under growing
conditions of Central Europe the % Ndfa was lower ranging between 24
and 57% (Oberson et al., 2007; Schweiger et al., 2012; Zimmer et al.,
2016). This might be due to cooler soil temperatures, higher rates of soil
mineral N as well as soybean genotype and bacterial inoculant strain
effects. Thus, due to the high seed protein content of soybean, particu-
larly in high yield environments, the balance between nitrogen fixation
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per season and nitrogen export by the crop harvest might be negative
(Salvagiotti et al., 2008). As nitrogen is the most important plant
macronutrient determining growth and crop yield, this is particularly
unfavorable under organic farming conditions, in which N fixation of
legume crops is the key element of N supply within the cropping system.
Thus, improving nitrogen fixation is considered as a paramount goal for
grain legumes positively contributing to N balance under organic
management (Reckling et al., 2020).

Although an improvement in N fixation capacity of soybean would
be highly desirable for both increased yield performance and positive
crop rotation effects, a direct measurement of N fixation utilizing
methods such as N'° isotope-based protocols, petiole ureide concen-
tration or nitrogenase activity / acetylene reduction (Herridge et al.,
2008; Schweiger et al., 2012) is not suitable for screening a large
number of genotypes in plant breeding programs. Furthermore, sam-
pling based on individual plants at a given time point would contribute
to high variability in estimates of the nitrogen fixation rate. Therefore,
instead of directly measuring symbiotic nitrogen fixation, high-
throughput phenotyping methods (e.g. Araus et al., 2018) for predict-
ing yield, above-ground biomass or leaf area index as well as chlorophyll
content and N accumulation (Xie and Yang, 2020) could be adopted for
indirect estimation of N fixation between genotypes differing in nodu-
lation characteristics. In agronomic and plant breeding research with
cereal crops, canopy N content and N-use efficiency were estimated
effectively utilizing spectral reflectance data and vegetation indices
calculated thereof (Banerjee et al., 2020; Feng et al., 2016; Lausch et al.,
2015; Li et al., 2014; Palka et al., 2021; Prey et al., 2020). In soybean,
spectral reflectance based prediction of total biomass, grain yield, time
to maturity or disease incidence has been reported (Christenson et al.,
2016; Crusiol et al., 2021; Herrmann et al., 2018; Moreira et al., 2021;
Zhang et al., 2019). More specifically and in relation to nitrogen, Chen
et al. (2019) demonstrated the estimation of soybean leaf nitrogen
content under various shading conditions utilizing hyperspectral
reflectance data. Chiozza et al. (2021) attempted to predict grain yield
and seed protein content from spectral data collected at the R4 (Fehr and
Caviness, 1977) developmental stage. They obtained better precision of
predictions in protein content than in grain yield, oil content or other
traits. Bi et al. (2018) presented the spectral measurement of soybean
leaf N content depending on drought conditions and mycorrhizal inoc-
ulation. Earlier, Krezhova and Kirova (2011) had reported hyperspectral
differences in N fixation status measured in soybean plants subjected to
different salinity or UV-radiation stress treatments, whereas chlorophyll
metering (SPAD meter readings) and leaf imaging protocols revealed
varying predictability of leaf N, chlorophyll and seed protein content
(Fritschi and Ray, 2007; Vollmann et al., 2011). In contrast to spectral
reflectance indices (SRIs) which are calculated from reflectance data at a
few given wavelength points only, partial-least-square regression (PLSR)
models utilizing the whole range of hyperspectral information available
have recently been utilized for the direct prediction of above-ground
biomass, canopy and seed nitrogen concentration or grain yield
(Chiozza et al., 2021; Crusiol et al., 2021; Li et al., 2014; Moreira et al.,
2021; Prey et al., 2020).

Given the importance of legume symbiotic dinitrogen fixation, and
as an efficient direct measurement of nitrogen fixation is not applicable
for plant breeding set-ups with higher numbers of genotypes, it was
hypothesized that screening of crop N status through hyperspectral
reflectance measurement at the onset of the seed-filling stage might
indicate nitrogen available for seed protein biosynthesis. Thus, the
canopy N content acquired through both symbiotic N fixation and soil-
N uptake until the stage of measurement would reflect nitrogen accu-
mulation over time, which might later be mirrored by seed protein
content as an end-of-season trait. Therefore, the main objectives of the
present research were to (i) evaluate spectral reflectance indices (SRIs)
collected in small breeding plots for differentiating between genotypes
in replicated field experiments, and (ii) investigate the correlation be-
tween spectral data/SRIs and seed protein for predicting seed protein
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content at maturity as a target trait. This would indicate genetic dif-
ferences in N fixation which could subsequently be utilized for selecting
soybean genotypes with improved N, fixation.

2. Materials and methods
2.1. Environments and experimental setup

Field experiments were carried out in three macro-environments
located in the east of Austria, i.e. Tulln 2019 (TU 2019), Tulln 2020
(TU 2020) and Gross Enzersdorf 2020 (GE 2020). At Tulln (located 26
km north-west of Vienna), maize was the preceding crop in both years,
and fields were under low-input management receiving no fertilizer for
the soybean crop. At Gross Enzersdorf (Raasdorf site of Experimental
Farm Gross Enzersdorf, 17 km east of Vienna), winter wheat was the
preceding crop, and fields were under full organic management. Ex-
periments were arranged in single-row plots of 2 m length and 0.5 m row
spacing (1 m?) at a planting density of 50-70 plants per plot. Soybeans
were planted in the last week of April in each year, and combine har-
vesting took place when all plots had reached full maturity, i.e. in the
first week of October and the last week of September for the 2019 and
2020 seasons, respectively. Due to dry conditions, the Gross Enzersdorf
experiment was irrigated after planting as well as at two later dates in
July and August. Experiments were arranged in randomized complete
block (RCB) designs with two (2019) and two or three replications
(2020) depending on genotype subset. In year 2019, 160 plots were
established, whereas in 2020 235 plots were planted in each of the two
locations; thus, a final number of 630 plots was subject to data collection
and all further analyses.

2.2. Soybean genotypes

A total set of 95 soybean genotypes of maturity groups 00 and 000
were utilized in the present experiments. In order to be able to observe a
wide range of variation in nitrogen metabolism and finally seed protein
content, soybean genotypes of five different subsets (genotype classes)
were selected: Subsets 1 and 2 were breeding lines derived from a cross
between a non-nodulating soybean (rj;) and a nodulating (Rj;) parent,
with lines of subset 1 expressing the non-nodulating phenotype, whereas
lines of subset 2 were regularly nodulating. Subsets 3 and 4 were
breeding lines previously selected for either high seed protein content or
high pod set, whereas subset 5 was comprised of standard soybean
cultivars. Subsets 3, 4 and 5 were each planted in 2 replications in each
of the three environments. Subsets 1 and 2 were planted in 1-2 repli-
cations in the Tulln 2019 environment due to limited seed availability
and in 3 replications each in the Tulln 2020 and Gross Enzersdorf 2020
environments.

2.3. Data collection

2.3.1. Field data, seed quality determination, SPAD- and PolyPen readings

Phenotypic characters such as time to maturity (expressed in the
number of days after July 31 until full maturity (R8) stage) and plant
height (main stem length in cm) were determined as one reading per
plot. After harvest, seed samples were gently dried at ambient conditions
for several weeks reaching an average moisture content of approx. 8%
for optimum storage and further analysis. Samples of 8-10 g were then
finely ground (2-mm sieve, Cyclotec 1093 mill, Foss Tecator, Hoganas,
Sweden) for near-infrared reflectance spectroscopy (NIRS) based seed
quality analysis using a Bruker Matrix-I Fourier transform NIRS instru-
ment (Bruker, Ettlingen, Germany). Seed oil, protein and sucrose con-
tents were calculated from respective calibrations, and results were all
expressed on a dry matter basis (0% moisture). In the Tulln 2019
experiment, leaf chlorophyll content was estimated at three develop-
mental stages (R2-R3: full bloom - beginning pod; R4: full pod; R5-R6:
beginning - full seed; Fehr and Caviness, 1977) using the SPAD-502
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Table 1
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Summary of comparative ANOVA results for SPAD meter measurements of chlorophyll content and spectral reflectance indices NRI, PRI570 and MA1_R from the same
plots at three measuring dates during the TU 2019 season (for all data: standardization through z-transformation) as well as their respective correlation to seed protein

content.

R2-R3: Full bloom - Beginning pod R4: Full pod R5-R6: Beginning - Full seed

(17/18 Jul 2019) (31 Jul/1 Aug 2019) (15/16 Aug 2019)
ANOVA® SPAD NRI PRI570 MA1R SPAD NRI PRI570 MA1R SPAD NRI PRI570 MA1R
Model F ratio 5.417 4.368 7.926 7.785 6.652 12.722 5.661 19.392 9.361 12.626 7.27 34.747
Genotype F ratio 5.488 4.388 8.039 7.941 6.696 12.987 5.764 19.803 9.553 12.777 7.274 35.13
Error mean squ. 0.274 0.331 0.194 0.197 0.228 0.124 0.263 0.083 0.166 0.125 0.21 0.047
Coefficient of correlation (r) to seed protein content (n = 160)

0.404 —0.558 0.803 —0.715 0.503 —0.834 0.838 —0.872 0.799 —0.833 0.803 —0.880

# all F values are significant at the p < 0.0001 level.

chlorophyll meter device (Konica Minolta Sensing, Osaka, Japan). For
each plot, 30 chlorophyll-meter readings were taken from the uppermost
fully developed leaves to obtain one average SPAD value. In the Tulln
2020 experiment, a PolyPen RP 410 NIR device (PSI, Drasov, Czech
Republic; 640-1050 nm wavelength range) was used at the R4 (full pod)
stage on 98 plots for collecting leaf reflectance spectra. From fully
developed uppermost leaves, 25 readings per plot were taken with 3
internal replications per reading, and reflectance indices were calcu-
lated using SpectraPen software (Vers. 1.1; PSI, Drasov, Czech
Republic).

2.3.2. Hyperspectral data acquisition

Soybean spectral reflectance was collected using a FieldSpec Hand-
Held 2 (ASD Inc., Boulder, CO, USA) VNIR spectroradiometer in the
325-1075 nm wavelength range. For data acquisition, the device was
held about 30 cm above the soybean canopy resulting in a 17.5 cm
diameter of the measurement area based on a field of view of 25° angle
with the standard optical input device. The instrument was then gently
moved (0.05-0.1 m/sec) along each 2 m soybean row for about 20-30 s
at a setting of 34 ms integration time in order to obtain a total of 400 (10
x 40) reflectance spectra. All measurements were taken within + 2 h of
solar noon under clear sky, and a white reference standard adjustment
was carried out every 10 min using the polytetrafluoroethylene based
Spectralon (LabSphere Inc., North Sutton, NH, USA) panel. In each
environment, measurements were repeated at several time intervals
between mid of July (R1 stage — beginning of flowering) and mid of
August (R6 stage — full seed development). Measurements were stopped
before the onset of senescence in the earliest maturity plots.

2.4. Data processing, spectral indices and statistical analysis

The collected spectral information was exported as reflectance data
to a spreadsheet format without any pre-processing using ViewSpec Pro

Vers. 6.2 software (ASD Inc.). Data from multiple measurements per plot
were averaged for further processing. Hyperspectral data were then
directly utilized to calculate correlations to end-of-season traits such as
seed protein content. Furthermore, a total of 43 spectral reflectance
indices (SRIs) describing either the biomass/yield/photosynthesis
complex, nitrogen- or water-related traits and suitable for the wave-
length range covered by the instrument used (Suppl. Table 1 for
description of SRIs and the respective wavelengths used) were calcu-
lated from spectral data, and their correlation to other phenotypic traits
was studied. As the highest correlations to seed protein content were
found for spectral data collected at the R4-R5 stage of development (full
pod - beginning seed), data from that stage were utilized for joint
analysis of spectral and seed data across all environments, as described
below. In addition to SRIs, the whole range of spectral data was also
utilized to predict seed protein content based on partial least square
regression (PLSR) models using Unscrambler Vers. 11 software (Camo
Software, Oslo, Norway). Both spectral indices and phenotypic data
were subject to analysis of variance (ANOVA) in order to test the sig-
nificance of genotype classes, individual genotypes and environments
using Proc MIXED of the SAS Vers. 9.4 package (SAS Inst., Cary, NC,
USA). Graphical data visualization and additional statistical analysis
were carried out using OriginPro Vers. 2021b software (OriginLab
Corp., Northampton, MA, USA).

3. Results
3.1. Seed protein content and comparison of phenotyping devices

A wide range of soybean seed protein content (290-490 g/kg) was
determined in harvest samples from different environments and geno-
type classes (Fig. 1) pointing to differences in nitrogen metabolism. Non-
nodulating soybeans (subset 1) were clearly lower in seed protein con-
tent than their nodulating counterparts in all environments except for
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Fig. 1. Variation of seed protein content (g/kg) for five genotype classes (subsets) across each of the three environments TU 2019, TU 2020, and GE 2020. Notched
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Fig. 2. Seed protein content (TU 2019) as related to (a) SPAD measurement of chlorophyll content (r = 0.799; n = 160) and (b) spectral index MA1 R (r = —0.872; n
= 160) both determined at R5-R6 stage (15 Aug 2019). Overlay lines: Distributions of genotype classes (Kernel smooth density function) with line color matching the

color of genotype classes in legends.

GE 2020. Standard cultivars and genotypes selected for high pod set
were similar in protein content, whereas the highest protein content
expectedly was present in lines previously selected for high seed protein
content.

Determination of chlorophyll content by SPAD-metering (TU 2019
environment) as an indirect measure of crop N status could differentiate
between soybean genotypes. SPAD-measurements at later stages of
development resulted in increased F-ratios and reduced error mean
squares (Table 1). For comparison, three SRIs calculated from FieldSpec
hyperspectral data and related to N uptake (NRIL, PRI570, MA1_R) had a
similar or better analytical power in terms of ANOVA parameters than

SPAD values. Similarly, correlations between SPAD or SRIs and final
seed protein content also increased with developmental stage, and the
spectral index MA1_R revealed the best overall performance both in
ANOVA and correlation results (Table 1). The relationship between
SPAD measurement and seed protein content (r = 0.799) is illustrated in
Fig. 2a; overlay distributions for SPAD values indicate differences be-
tween non-nodulating, high pod-set and the other genotype subsets. For
comparison, the correlation between spectral index MA1_R and seed
protein content (r = —0.872) is higher, and the differentiation between
genotype classes (Fig. 2b, MA1_R overlay distributions) is better than for
the SPAD parameter. In addition to the SPAD metering device, a PolyPen
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Fig. 3. Index PSSRb indicating chlorophyll b content of 4 genotypes differing in
nodulation status (1 = non-nodulating, 2, 3, 4: nodulating) measured in a total
of 400 replications each.

RP410 was compared to the ASD hyperspectral device in the TU 2020
environment. Performance of the PolyPen device was similar to the
SPAD device both in terms of correlation to seed protein content (Suppl.
Fig. 1a) as well as in ANOVA results (Suppl. Table 2). Several SRIs
calculated from the hyperspectral data collected with the ASD device
out-performed the PolyPen results (index REIP in Suppl. Fig. 1b and
Suppl. Table 2).

3.2. Hyperspectral measurement procedure

Instead of single point measurements commonly implemented, the
ASD hyperspectral device was moved over the canopy rows (see 2.3.2.
for details) to collect a maximum of spectral information possible by
utilizing 400 spectral replications. As an example, distributions in
chlorophyll b content from individual spectral replications are presented
for 4 different genotypes (Fig. 3); while the non-nodulating genotype is
clearly lower in chlorophyll b content, smaller differences between ge-
notypes 2, 3, and 4 are visible as well. The power of the high number of
spectral replications is evident from Fig. 4 which illustrates a stable
ranking of genotypes after about 100 replications, and small differences
between genotypes appear to be detectable. This applies to other indices
as well, as outlined in Suppl. Figs. 2 and 3 for carotenoid content (index
PSSRc) as well as in Suppl. Fig. 4 for the double-peak canopy nitrogen
index (DCNI) shown here for example.
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3.3. Spectral correlations and spectral indices

Correlations between spectral reflectance at individual wavelengths
and seed protein content followed clear patterns along the wavelength
range from 325 to 1075 nm (Fig. 5) for the nodulating and non-
nodulating subsets of genotypes at different measurement times of the
TU 2019 experiment; patterns were less clear for the other subsets with
less variation in protein content (Suppl. Fig. 5), but the red edge cor-
relation peak at about 700 nm is evident here as well. Utilizing all ge-
notype classes in one analysis, correlations across wavelengths between
spectral reflectance and either seed protein or sucrose content revealed
symmetrically diverging patterns (Fig. 6) which is an indication of the
negative correlation between protein and sucrose content. In contrast,
the correlogram for time to maturity is different from the ones for pro-
tein and sucrose.

The correlations along wavelengths between spectral reflectance and
individual traits encouraged the calculation of dedicated spectral indices
for a meaningful characterization of genotype classes and individual
genotypes. Consequently, ANOVA results revealed highly significant
differences between genotype classes for both phenotypic traits and SRIs
(Table 2).

Differences between genotypes within genotype classes were signif-
icant for most of the SRIs related to nitrogen metabolism, whereas ge-
notypes were not significant for most of the water- related indices. In
addition, strong environment effects and significant genotype by envi-
ronment interactions were found for most SRIs as well, indicating that
SRIs can be considered as regular quantitative traits (Table 2). The
descriptive power of selected SRIs for differentiating genotypes in N-
related traits is also illustrated by their significant multiple mean sepa-
ration potential as compared to the seed protein content trait (Suppl.
Fig. 6).

3.4. Correlations between spectral predictors and seed protein content

Individual SRIs were correlated to phenotypic traits such as time to
maturity, plant height, oil, protein or sucrose content, and 1000-seed
weight (Suppl. Table 3). Eight SRIs highly correlated to seed protein
content and their correlations to other seed traits as well as to each other
SRI are presented in Fig. 7. As already indicated in Table 1 for the TU
2019 environment only, the spectral index MA1 R also revealed the
highest correlation (r = —0.75) to seed protein content across all envi-
ronments. While this correlation is based on individual plots (n = 630)
across all environments, the high predictive power of MA1 R for seed
protein content is evident from a correlation based on genotype means
within environment of r = —0.903 (Suppl. Fig. 7a vs. 7b). Alternatively
to single correlation/regression models for predicting seed protein
content from particular SRIs, PLSR-based models were developed to
utilize the whole spectroscopic information available. In models utiliz-
ing the samples from all three environments for calibration, R? values of
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Fig. 4. Effect of the number of replications for measuring chlorophyll b (PSSR b) in 4 genotypes differing in nodulation status.
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gion from 750 nm on.

0.844 and 0.805 were achieved for calibration and cross validation,
respectively (Fig. 8). Higher R? values were found in models for indi-
vidual environments (Fig. 9), and modelling results either separate for
each single environment or combined across all environments are
summarized in Table 3. The least precise model was found for the GE
2020 environment, in which variation in seed protein content was
lowest. As PLSR models exhibit the highest precision in predicting seed
protein content from spectral information, the most important wave-
length regions contributing to the models are indicated in terms of their
weighted regression coefficients for the four main regression factors
(Suppl. Fig. 8); green, red, red edge and the infrared shoulder at
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770-900 nm are of particular importance in the first and second factor.
Regression factor weights along wavelengths were similar both in
models covering all environments or particular environments only
(Suppl. Fig. 9). In addition, regression factor weights are in partial
agreement with direct correlations between spectral reflectance and
seed protein content as shown above (Fig. 5).

4. Discussion

This study aimed at evaluating the performance of non-destructive
spectral-based methods for estimating genotypic variation in spectral
indices related to N accumulation and subsequently seed protein content
among soybean genotypes in multi-environment plant breeding trials,
which might serve as indirect screening procedures for N fixation. In
general, soybean seed protein concentration is in the range of 40-42%
depending on genotype, environmental conditions and management
practice (Bellaloui et al., 2011; Medic et al., 2014). However, as sym-
biotic N fixation plays a key role in both yield formation and seed quality
of soybean, variation in seed protein content may occur in a much wider
range due to soybean genotype and rhizobial inoculant effects (Zimmer
et al., 2016). This applies to the present experiments as well, revealing a
seed protein content from 290 to 490 g/kg (Fig. 1). In the context of this
research, a wider range in protein content as an end-of-season target
trait was desirable for developing models to predict seed protein content
from mid-season spectral traits, which can be considered as an indirect
method for quantifying N fixation and plant N uptake.

As there is a close relationship between N accumulation and photo-
synthetic rate during vegetative development (Sinclair, 2004), chloro-
phyll metering (SPAD-meter) represents a further option for quantifying
N uptake, which is also related to seed protein content (Vollmann et al.,
2011). While the merit of SPAD metering was confirmed in the present
research (Table 1), spectral indices derived from reflectance measure-
ments performed better (index MA1 R and other SRIs in Table 1 and
Fig. 2) than SPAD metering. This appears to be mainly due to the benefit
of much larger sampling area covered by hyperspectral reflectance,
whereas SPAD metering and similar devices such as the PolyPen spec-
trometric instrument (Suppl. Fig. 1 and Suppl. Table 2) are based on
relatively small sampling spots requiring replicated measurements,
which limits their practical application for screening larger numbers of
genotypes.

In agronomic research, reflectance measurement with hand-held
spectroscopic devices is often implemented as a point measurement
with several replications along a larger plot (Christenson et al., 2016;
Duan et al., 2019; Palka et al., 2021). As single-row soybean plots are
expected to be less homogenous in canopy reflection properties than
larger agronomic plots of cereal crops, hyperspectral data collection was
implemented here utilizing a continuous spectra acquisition mode
(similar to the implementation described in Li et al., 2014) with 400
replications per single plot. Thus, although vegetation indices calculated
from individual spectra exhibit a wide variation (Fig. 3, Suppl.
Figs. 2-4), a clear differentiation of genotypes in characters such as
chlorophyll b (PSSRb), carotenoids (PSSRc) or canopy nitrogen (DCNI)
was feasible based on averaging across a larger number of spectral
replications. This suggests that the spectral data collection method is of
particular importance to plant breeding-related crop physiology
research. Consequently, spectral reflectance indices were statistically
significant for the different genotype classes (Table 2). Most of the
indices related to biomass accumulation or N metabolism (see Suppl.
Table 1 for description of SRIs) were also significant on the genotype
level (Table 2), which allows to characterize and classify genotypes
according to their N metabolism similar to seed protein content (Suppl.
Fig. 6) or other quantitative traits. While nitrogen related SRIs often
derived from red-edge wavelengths in the 690-730 nm range were
significant, water-related indices centering around the 970 nm water
absorption band (Christenson et al., 2016; Prey et al., 2020) were not
significant for genotypes within classes (Table 2). This indicates that
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Table 2
Mixed-model ANOVA results (F-ratios) for soybean phenotypic traits and SRIs (R4; full pod developmental stage) across 3 environments.

geno (g_class) e x g (g_class) residual

trait g_class rep (env) env error MS
fixed fixed random random random

time to maturity 192.57 e 9.73 e 2.05 ns 80.69 i 2.18 el 4.21
plant height 43.17 i 4.83 ok 1.96 ns 69.81 il 2.21 bkl 85.46
seed oil content 239.69 1.65 i 2.52 * 9.67 4.42 81.58
seed protein cont 117.45 1.39 2.71 * 12.52 12.23 84.55
seed sucrose cont 77.19 wk 3.85 e 0.41 ns 28.59 6.84 el 0.034
1000-seed weight 85.47 i 4.6 i 1.66 ns 1.55 4.23 bl 85.52
NDVI 16.26 0.97 ns 0.28 ns 18.94 2.55 0.00012
SIPI 10.21 1.22 ns 0.15 ns 16.54 21 0.00008
PSSRa 18.55 ke 1.32 ns 0.36 ns 16.49 i 2.98 bl 4.21
PSSRb 49.21 1.47 * 0.4 ns 14.73 i 3.82 2.44
CRI 41.5 o 2.28 ok 1.63 ns 19.41 o 1.24 * 31.81
ARI 93.69 e 2.66 i 1.97 ns 5.57 * 1.36 bl 9.78
PSSRc 6.45 i 1.63 i 0.34 ns 17.55 ek 2.3 bl 5.74
NRI 62.12 e 2.96 *HE 0.69 ns 14.9 i 2.35 0.00045
RVSI 84.8 Hk 1.57 i 3.09 o 16.03 o 1.87 el 0.00001
PSRI 24.07 i 0.78 ns 1.91 ns 21.17 ek 2.43 bkl 5.78E-06
CI 93.43 1.53 1.12 ns 25.34 g 4.53 0.051
PRI570 81.84 1.56 i 3.38 o 43.61 5.13 Horx 2E-05
DCNI 137.92 e 3.01 i 1.97 ns 213 2.11 bl 2.44
GI 52.19 ok 2.61 *HE 0.74 ns 15.24 2.36 0.028
GNDVI 54.11 0.99 ns 0.85 ns 13.92 5.83 bl 0.00025
VOG1 93.92 ok 1.35 * 1.35 ns 30.28 5.11 i 0.00304
VOG2 109.23 ok 1.41 * 1.36 ns 39.31 ok 4.66 bl 0.00027
VOG3 110.97 e 1.56 1.28 ns 35.78 i 4.32 el 0.00083
R705 63.83 wrk 1.19 ns 0.92 ns 21.42 ok 7.89 wrx 0.00011
R780/740 85.49 ok 1.2 ns 1.36 ns 36.34 4.6 ek 0.00024
MSR705_445 108.42 1.74 xx 1.2 ns 27.07 4.98 el 0.1437
REIP 71.6 0.97 ns 1.37 ns 26.74 7 el 0.2895
WI 56.22 i 1.01 ns 1.87 ns 98.65 2.63 ok 7.4E-05
NWI-1 56.17 1 ns 1.86 ns 98.15 2.6 bl 1.6E-05
NWI-2 72.87 1.2 ns 2.79 * 74.15 2.46 2.4E-05
NWI-3 47.79 ok 1.05 ns 2.47 * 87.28 2.5 bl 1.2E-05
NWI-4 64.17 1.13 ns 2.63 * 73.23 2.44 2.2E-05
NWI-5 19.63 1.03 ns 0.97 ns 196.22 2.03 1.5E-05
WIL1 21.04 i 0.96 ns 5.45 ok 6.71 * 1.79 ok 6.3E-05
WI_2 44.45 e 0.95 ns 2.81 * 79.18 2.27 4.9E-05
WL3 2.82 * 0.8 ns 4.9 wx 25.23 1.94 0.00011
RNDVI_1 14.42 e 0.98 ns 0.26 ns 17.06 e 2.52 el 0.00011
RNDVI_ 2 13.62 i 1 ns 0.18 ns 15.41 i 2.56 bl 0.00011
RNDVI_3 13.67 1.02 ns 0.33 ns 15.24 2.56 0.00011
RENDVI_1 69.1 1.11 ns 0.9 ns 26.68 5.64 0.00042
RENDVI 2 68.23 i 1.18 ns 0.63 ns 24.77 5.59 ok 0.00041
RENDVI_3 70.85 g 1.23 ns 1.04 ns 26.58 5.86 o 0.00038
WI / NDVI 20.03 1.5 1.25 ns 55.36 2.35 0.00014
WBI 56.08 0.99 ns 1.84 ns 98.01 2.58 5E-05
MAIN 90.94 i 2.12 i 0.38 ns 20.2 ek 6.74 bl 0.00015
MA1R 84.89 i 1.91 0.32 ns 20.4 g 7.03 0.0013
MB1_N 85.23 ok 2.04 ok 0.9 ns 15.54 i 6.8 el 0.00017
MB1R 79.79 i 1.82 i 0.74 ns 16.33 ek 7.18 bl 0.0015

Significance levels of F-ratios: ***: p < 0.0001; **: p < 0.01; *: p < 0.05; ns: not significant.

under the prevailing environmental conditions in the field trials, rele-
vant differences in water-related traits (i.e. leaf water content variation
due to water stress, transpiration, degree of maturity) could not be
detected among individual genotypes at the time of spectral
measurement.

Each of the spectral indices highly correlated to soybean seed protein
content (Fig. 7) was inversely correlated to both oil and sucrose content
as well. This is due to the frequently described negative relationships
between both protein and oil as well as protein and sucrose content in
the soybean seed (Sato et al., 2014; Wilcox and Shibles, 2001; Wilson,
2004). Most of the indices related to protein content in this research
were previously described because of their relationship to canopy N
status in wheat, soybean or other crops (Duan et al., 2019; Feng et al.,
2016; Li et al., 2014; Prey et al., 2020). Thus, they detect N accumulated
in the green plant biomass which is later mobilized and transferred to
the seed for protein biosynthesis. From a recently published set of index
terms in soybean, index MA1_R clearly revealed the best performance in
terms of high correlation to seed protein content and low error variance

throughout all present experiments (Table 1, Suppl. Table 3, Fig. 7,
Suppl. Fig. 7). MA1 R is a ratio vegetation index based on wavelengths
of A = 638 and 674 nm, which had originally been derived from
wavelength optimization for soybean yield prediction at R5 develop-
mental stage with aerial remote sensing platforms (Zhang et al., 2019); it
is based on a red wavelength similar to NRI and DCNI nitrogen indices
which explains its suitability for predicting protein content as well. This
suggests that protein yield, which is correlated to both grain yield and
seed protein content, could be predicted as well as an end-of-season trait
indicating the total amount of N harvested.

While SRIs appear as suitable parameters which could be imple-
mented in multispectral imaging devices for high-throughput prediction
(e.g. drones with dedicated multiband camera sensors), partial least
square regression (PLSR) models can utilize information along the full
reflectance spectrum. Thus, the best relationship to seed protein content
across all environments was r2 = 0.56 for the spectral index MA1 R (see
Fig. 7; r = —0.75 for simple correlation between protein and MA1 R),
whereas the PLSR prediction model on the same data set reached R>
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Fig. 7. Pearson coefficient of correlation (r) between soybean seed traits and
nitrogen/protein-related SRIs (n = 630, individual plots basis, 3 environments).
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values of 0.84 and 0.81 for calibration and validation, respectively
(Table 3; all environments, outliers removed). A similarly clear
improvement of prediction through PLSR modelling as compared to SRIs
was reported for canopy N content in wheat (Li et al., 2014). However,
while Li et al. (2014) were predicting canopy N content for the actual
timepoint of spectral data collection, in the present research canopy
spectral properties at early seed filling stage were used to predict
“future” seed protein content as the trait of interest at the end of season.
In soybean, Chiozza et al. (2021) reported PLSR-based predictions for
protein, grain yield, leaf area index (LAI) and other traits from hyper-
spectral reflectance data sampled at R5/R6 stage. While their percentage
of variance explained was highest for LAI it was 39% for a protein
prediction model. This lower response might have been caused by a
smaller range in seed protein content in their calibration data set as well
as by later sampling stages and a comparatively low number of spectral
scans (replications) per experimental unit.

The crucial role of timing in spectral measurements has been illus-
trated in soybean yield prediction models which were most accurate for
spectral readings taken at the R5 stage (Crusiol et al., 2021). For seed
protein prediction, earlier stages such as R4-R5 might be most indica-
tive, as N translocation for seed filling would reduce leaf N at later stages
thus reducing differences between genotypes. This is also indicated by
peak correlations of NRI and PRI570 indices to seed protein content at
R4 developmental stage (Table 1). As different traits of interest might
have prediction optima at different timepoints, temporal dynamics of
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Table 3
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Summary statistics for PLSR modelling results for prediction of seed protein content from hyperspectral reflectance data based on either individual environments or

combined across all three environments.

TU 2019 TU 2020 GE 2020 all environments
Parameter all” rem.outl.” all rem.outl. all rem.outl. all rem.outl.
No. of factors 12 12 12 12 12 12 15 15
RMSE® - calibration 16.26 13.48 15.97 13.51 12.06 10.74 16.03 13.99
- validation 20.68 17.95 19.32 16.39 14.26 12.63 17.79 15.64
R-square - calibration 0.892 0.923 0.8269 0.8735 0.5073 0.6256 0.8008 0.8441
- validation 0.8275 0.8653 0.7502 0.8158 0.3187 0.4878 0.7548 0.8052

2 all plots/samples utilized in model.
b outliers removed.
¢ residual mean square error.

developmental processes such as N fixation, pod development or seed
filling as well as genotype differences therein could probably not be
modelled efficiently in single spectral readings. Therefore, a temporal
approach based on repeated measurements over time has recently been
proposed utilizing random regression models for predicting above-
ground biomass in soybean (Moreira et al., 2021); such approaches
might be efficient for other longitudinal traits with high temporal dy-
namics such as N accumulation and grain yield formation as well.

While organic farming and other low-input cropping systems rely on
di-nitrogen fixation as the most important source of N (Reckling et al.,
2020), soybean nodulation and N fixation are variable depending on
environmental factors as well as on genetic and biological interactions
(Zimmer et al., 2016; Brar and Lawley, 2020). This complexity is also
mirrored in the pattern of seed protein contents given in Fig. 1: In
contrast to other environments, the protein content of the non-
nodulating subset 1 is similar to other genotype classes in the GE 2020
environment, which is probably due to enhanced and continuing N
mineralization throughout the soybean growing period under irrigation
after a previous longer period of severe drought. In case of a single
environment calibration, such conditions led to reduced predictive
power of PLSR modelling (Table 3, GE 2020), whereas it practically did
not affect the quality of prediction models across all environments.
Similar findings (Crusiol et al., 2021) demonstrate the potential of multi-
environment PLSR modelling for increasing the accuracy of soybean
yield prediction and applicability of models across environments. Thus,
chemometric strategies of sample selection from different growing sea-
sons as widely used in NIRS calibration development (e.g. Zhao et al.,
2021) might be applied in hyperspectral modelling across environments
as well. While breeding for increased N fixation would be an important
agronomic component of soybean competitiveness in organic farming
(Vollmann and Menken, 2012), the finding of a lower seed protein
prediction quality of PLSR models in the high soil N environment GE
2020 (Table 3) also indicates the need for suitable selection sites low in
soil-N to avoid masking genetic differences in N fixation by excessive N
uptake from soil. Likewise and in addition to the selection environment,
the degree of genetic variation or heritability of N fixation in breeding
populations would be equally important for significant responses to
selection.

5. Conclusions

The present paper has addressed the options for predicting soybean
seed protein content as a trait of interest from hyperspectral reflectance
data collected during the early seed filling stages. As canopy N content is
the result of both symbiotic di-nitrogen fixation and N uptake from soil,
this would indirectly quantify total N accumulation as well, and thus
spectral indices related to N metabolism could be used to determine N
uptake of individual genotypes. As demonstrated in the results, the
selected SRIs were effective not only in differentiating between non-
nodulating and nodulating soybeans, but also could identify signifi-
cant quantitative differences between conventionally nodulating

genotypes, thus indicating quantitative genetic differences in N accu-
mulation. For prediction of seed protein content as an end-of-season
trait, coefficients of determination (R?) of 0.84 and 0.81 for calibra-
tion and validation, respectively, were found using PLSR models of
hyperspectral data. These models apparently are more powerful than
SRIs with simple correlations to seed protein content based on few
wavelength points along the spectrum only. However, spectral index-
based approaches could more easily be implemented in robust high-
throughput procedures for screening large numbers of genotypes in
soybean breeding programs.
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