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Abstract

Soybean (Glycine max L.) is the main oilseed worldwide with the United States (US)
producing 29 % of the global production (125 million Tn). The main targets of crop production
in soybeans are yield (farmer profit), and seed quality in terms of protein (soybean meal for
animal feed), and oil (for human consumption and biofuels). Seed yields are relatively stable due
to the capacity of branches and nodes to adapt and maintain yield per area in diverse
environmental conditions. However, soybean quality exhibits significant variation both within
and between regions due to environmental, genetic, and management factors. Therefore,
optimizing growth and understanding how management and environmental factors modulate
seed yield and quality is critical for improving productivity and use of soybeans. This
dissertation comprises six chapters (Chapter 1, Introduction, and Chapter 6, Conclusions). In
Chapter 2, we explored metrics to characterize plant-to-plant spacing and its impact on yield
across seeding rate and yield environments. We found that lack of plant-to-plant uniformity
negatively impacted yield in both low- and medium-yield environments (<3 Mg ha!) under low
plant densities (<20 plants m?), but with no effect at high yields (4.3 Mg ha!). In Chapter 3, we
developed an assessment of yield and seed quality allocation to mainstems and branches of an
old and modern soybean genotype at varying row spacings. The modern genotype presented 50%
greater yields, with a three-fold greater contribution from branches compared to the old genotype
at narrow rows (<0.38 m). In addition, the modern genotype maintained protein levels despite
high yields. In Chapter 4, we collected 235 on-farm seed and soil samples across 13 states of the
United States (US). In addition, we collected management and weather data seeking to relate
environment covariates to seed quality variation across regions. We predicted yield and seed oil

concentration with better accuracy (R? 0.56 and 0.39, respectively) than protein concentration



(R?0.09). Yield and oil in the south were mainly limited by delayed planting dates that exposed
early stages to high temperatures and shortened the season length. In the north, limitations were
related to low temperatures during seed formation due to long maturity groups or late planting
dates. Finally, in Chapter 5, we built a robust model for predicting oil (R? 0.54, MAE. 0.75%)
and protein (R? 0.45, MAE 1.13%) concentration in all soybean fields of the US. We gathered
satellite data on weather and soil, calculated the green chlorophyll vegetation index (GCVI) and
derived the growing season length at a 1 x 1 km resolution. The outcomes of this study will assist
farmers to develop near-real time predictions of soybean quality changes not only for segregation

at field-scale but providing essential information for soybean exports.
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related to low temperatures during seed formation due to long maturity groups or late planting
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Appendix Table A.2. ANOVA table of ATEI sd (achieved versus targeted evenness index
standard deviation) and seeding rate (SR) level effects on soybean yield (Mg ha'!). Low,
medium, and high SR levels based on SR lower than 200 seeds m™2, between 200 and 300

seeds m2, and greater than 300 seeds m™2, reSPECtiVElY........oovevivvevieiiieieriiieeeeeeeeeee, 97
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Chapter 1 - General Introduction

The global production of oilseeds is estimated at 690 million tons, with soybeans representing
62% of this total. Therefore, soybeans are the leading source of protein meal globally (71%, 271
million tons) and the second leading source of vegetable oil (15%, 65 million tons) after palm oil
(USDA-FAS, 2024). The United States is the second-largest producer of soybeans (125 million
tons, 29%), as well as soybean meal (52 million tons, 19%) and soybean oil (13 million tons,
20%) (USDA-FAS, 2024). A substantial proportion of U.S. soybean seeds (40%) are exported
and subsequently processed in the importing countries. While soybean meal is primarily utilized
for animal feed, soybean oil is predominantly employed in human food products (55%) and as a
biodiesel feedstock (18%) (OECD, FAO-UN, 2024). The future of soybean demand is influenced
by several factors, including the use of soybeans as animal feed, regulations pertaining to
deforestation-free and GMO-free products, and biofuel policies that promote the use of
renewable diesel (Egli, 2024; OECD, FAO-UN, 2024). However, from an agronomic
perspective, the primary objective remains to be the improvement of soybean seed yield and
quality, particularly in terms of protein and oil, in order to meet market demands at the farm
level.

Soybean development is characterized by two overlapping phases: a vegetative and a
reproductive growth phase. The vegetative phase begins at emergence (VE) (Fehr and Caviness,
1977) and continues until the onset of flowering (R1), with vegetative growth occurring until late
reproductive stages. Vegetative growth is partitioned into main stems and branches and
controlled by resource availability (i.e., radiation, water, temperature, and soil nutrients) and
plant density (plants ha!), with lower plant densities favoring branching (Carpenter and Board,

1997a). The reproductive phase can be further divided into the seed set period (R1-R5) where



pod and seed number are determined, and the seed filling period (R5-R7) where seed weight and
quality are determined (Vogel et al., 2021). The overlap of vegetative and reproductive phases,
combined with the ability to adjust the number of branches provide soybeans with great
phenotypic plasticity in growth and final seed yield.

The key management practices that influence soybean phenotypic plasticity include planting
date, maturity group, seeding rate, and row spacing. For a given location, the planting date,
maturity group, and environmental conditions collectively inform the selection of an appropriate
seeding rate. The agronomic optimum seeding rate or plant density (AOSD and AOPD,
respectively) is defined as the minimum necessary to maximize yield. High-yield environments
can achieve higher yields per plant and adapt to lower AOSR than low-yield environments
(Carciochi et al., 2019), supported mainly by branch growth (Carpenter and Board, 1997a;
Frederick et al., 2001a). However, a non-uniform plant spacing can affect yield per plant and
penalize yield at the community-scale (Masino et al., 2018a). Therefore, in Chapter 2 we aimed
to assess the effect of plant-to-plant-spatial uniformity on soybean yield at different seeding rates
(100 to 550 seeds m) and yield environments.

The impact of row spacing on soybean phenotypic plasticity is also significant, as it affects final
yield due to a strong correlation with the time of canopy closure required to achieve 95% light
interception. Yield improvements with narrow rows are more likely to occur with late planting
dates, short maturity groups, or high temperatures, which shortens the crop season length.
Modern varieties, however, show higher yield per plant supported by greater yield on main stem
but mainly on branches (Suhre et al., 2014a). Hence, modern varieties may have higher yield
stability across different row spacings. Nevertheless, the allocation of yield to the main stem and

branches at varying row spacings remains less understood when comparing a modern versus an



older soybean genotype. Therefore, in Chapter 3, we explored the yield and seed quality in the
main stem and branches at different row spacings for an old and a modern genotype.

Soybean seed quality, mainly protein and oil concentration, is the most important aspect for the
industry and upstream actors of the value chain that gear and shape market requirements and
demand. Regional and farm-level variations in seed quality are modulated by factors related to
the genotype, environment, and management (GxExM) (Rotundo et al., 2016; Rotundo and
Westgate, 2009a). Thus, complex GxExM interactions result in substantial seed quality
variations within and across regions (Naeve and Huerd, 2008; Rotundo et al., 2016),
complicating efforts to define patterns and cause-effects. Assessing changes in seed quality at
regional scales is a challenging and ongoing area of research. Integrating weather, soil, and crop
management data to further understand and more accurately predict the composition of soybean
seeds at a regional level is crucial for decision-making and fair pricing. In Chapter 4, we
explored the integration of seed quality (using seed samples derived from farmer fields), together
with yield, crop management, weather, and soil data to explain variations in seed quality across
the main producing regions of the US.

Regional predictions of soybean seed protein and oil concentration can facilitate the segregation
of production, improve the efficiency of marketing and trade, and provide insights into the
potential for product differentiation. Research efforts have successfully explored regional
variations in seed quality (Assefa et al., 2019; Cerrudo et al., 2023; Rotundo et al., 2016).
However, variation at lower than regional scales is high and inference on management and
weather remains limited. The use of satellite data can prove successful for inference if the data
set captures the ecophysiological generating process of the variation in question. Satellite data

offers high spatial resolution on weather, soil, and applications related to the leaf area index



(LAI) (Gaso et al., 2023; Hosseini et al., 2015), crop phenology (Gao and Zhang, 2021; Lou et
al., 2023), and plant biomass (Joshi et al., 2023). For instance, the green chlorophyll vegetation
index (GCVI) has been demonstrated to predict protein concentration around a week after the
peak, which is closely associated with maximum LAI values around the critical period for yield
determination (R3-R5) (Hernandez et al., 2023). Therefore, satellite data presents a promising
opportunity to capture within region variability and infer correlation and causation. In chapter 4,
we used satellite data on soil, weather, and calculated GCVI to predict soybean protein and oil
concentration. We utilized GCVI to calculate the length of the growing season and summarized
weather and GCVI during vegetative, early, and late reproductive stages. Lastly, we used a

robust model to create prediction maps of quality across all soybean fields in the US.



Chapter 2 - Early-season plant-to-plant spatial uniformity can affect

soybean yields

*Published in Scientific Reports.
Valentina M. Pereyra, Leonardo M. Bastos, André Froes de Borja Reis, Ricardo J. M. Melchiori,
Nicolas E. Maltese, Stefania C. Appelhans, P. V. Vara Prasad, Yancy Wright, Edwin Brokesh,
Ajay Sharda, Ignacio A. Ciampitti. Early-season plant-to-plant spatial uniformity can affect
soybean yields. Scientific Reports. 2022, 12:17128. https://doi.org/10.1038/s41598-022-21385-z
Abstract

Increased soybean (Glycine max L. Merril) seed costs have motivated interest in reduced
seeding rates to improve profitability while maintaining or increasing yield. However, little is
known about the effect of early-season plant-to-plant spatial uniformity on the yield of modern
soybean varieties planted at reduced seeding rates. The objectives of this study were to (i)
investigate traditional and devise new metrics for characterizing early-season plant-to-plant
spatial uniformity, (ii) identify the best metrics correlating plant-to-plant spatial uniformity and
soybean yield, and (iii) evaluate those metrics at different seeding rate (and achieved plant
density) levels and yield environments. Soybean trials planted in 2019 and 2020 compared
seeding rates of 160, 215, 270, and 321 thousand seeds ha—1 planted with two different planters,
Max Emerge and Exact Emerge, in rainfed and irrigated conditions in the United States (US). In
addition, trials comparing seeding rates of 100, 230, 360, and 550 thousand seeds ha—1 were
conducted in Argentina (Arg) in 2019 and 2020. Achieved plant density, grain yield, and early-
season plant-to-plant spacing (and calculated metrics) were measured in all trials. All site-years
were separated into low- (2.7 Mg ha—1), medium- (3 Mg ha—1), and high- (4.3 Mg ha—1)

yielding environments, and the tested seeding rates were separated into low (< 200 seeds m—2),



medium (200-300 seeds m—2), and high (> 300 seeds m—2) levels. Out of the 13 metrics of
spatial uniformity, standard deviation (sd) of spacing and of achieved versus targeted evenness
index (herein termed as ATEI, observed to theoretical ratio of plant spacing) showed the greatest
correlation with soybean yield in US trials (R2 = 0.26 and 0.32, respectively). However, only the
ATEI sd, with increases denoting less uniform spacing, exhibited a consistent relationship with
yield in both US and Arg trials. The effect of spatial uniformity (ATEI sd) on soybean yield
differed by yield environment. Increases in ATEI sd (values > 1) negatively impacted soybean
yields in both low- and medium-yield environments, and in achieved plant densities below 200
thousand plants ha—1. High-yielding environments were unaffected by variations in spatial
uniformity and plant density levels. Our study provides new insights into the effect of early-
season plant-to-plant spatial uniformity on soybean yields, as influenced by yield environments

and reduced plant densities.

2.1 Introduction

Soybean (Glycine max L. Merril) seed costs have doubled since 1997 (USDA - ERS,
2021a) mainly due to increased genetic yield potential (Rincker et al., 2014a), the introduction of
herbicide traits (Fernandez-Cornejo et al., 2014; Shi and Chavas, 2009), and more recently the
increase in use of industrial seed treatments (Gaspar et al., 2017; USDA - ERS, 2021b). Today,
farmers have adopted reduced seeding rates (David A. Hennessy, Yuyuan Che and Hongli Feng,
2019) supported by the improved planting equipment (Mark Jeschke and Nanticha Lutt, 2016),
enhanced seed quality (related to seed vigor) and seed treatments(Cox and Cherney, 2011;
Gaspar et al., 2017, 2015), and increased yield contribution from branches in modern soybean

varieties (Suhre et al., 2014b). Maintaining yield while reducing seeding rates is largely



associated with the growth plasticity of soybean plants (Carpenter and Board, 1997b) (i.e., the
ability of individual plants to produce compensatory yield through formation of branches).
However, a plant density threshold exists, below which soybean plants cannot produce
compensatory growth, and thus yield is penalized. This point is defined as the agronomical
optimum seeding rate and plant density (AOSR, and AOPD, respectively) (Carciochi et al.,
2019). Although AOSR and AOPD are commonly assessed at the community-scale, a non-
uniform plant-to-plant spacing may penalize yield at the community-scale. Therefore, early-
season plant-to-plant spatial uniformity may be crucial to modern soybean production,
characterized by high yield potential and reduced seeding rates (Carciochi et al., 2019).
Plant-to-plant spatial uniformity seems to affect yield in soybeans mainly when the
genotype by environment (GxXE) interaction hinders the ability of the plants to produce
compensatory yield due to limitations of resources (i.e., drought/heat stress, nutrient deficiencies,
reduced growth cycle)(Masino et al., 2018b; Moore, 1991; Stivers and Swearingin, 1980). For
instance, soybean yield in rainfed conditions has been negatively impacted (by 6-9%) when
planted in non-equidistant patterns (Masino et al., 2018b; Moore, 1991; Stivers and Swearingin,
1980; Xu et al., 2021); however, longer maturity groups (MG) showed capacity to overcome
more effectively lack of spatial plant uniformity and yield more relative to shorter MG (Masino
et al., 2018b; Stivers and Swearingin, 1980). In the other hand, yield of irrigated soybeans may
be maintained in both equidistant and non-equidistant plant spacings, even though plant size
variability may increase (Andrade and Abbate, 2005). These results suggest that the ability of
soybean plants to produce compensatory yield is impaired by availability of resources, reducing
yield in a larger proportion under non-uniform relative to uniform fields. Research into the

association between spatial uniformity and soybean yield remains scarce. Improving our



understanding of this relationship would substantiate the potential of precision planting
techniques via their benefits on seed singulation and seeding rate recommendations, enhancing
the efficiency of soybean production (Lee et al., 2008).

The variable commonly used to assess spatial uniformity on a plant-to-plant basis is
spacing between plants (average distance to neighboring plants) and is commonly summarized at
the community-scale by calculating the standard deviation (sd) (Andrade and Abbate, 2005) or
coefficient of variation (cv) (Masino et al., 2018b) of distance between plants. The use of these
methods to characterize plant spatial uniformity can be problematic for three reasons: 1) the
spacing between plants does not account for the different distances (or uneven spacing) to each
neighboring plant, or the closeness to the theoretical plant spacing (of a given seeding rate and
row width); 11) opposing plant distance outcomes (i.e., skipped and double plants) can generate
similar statistical values while their effect on yield is contrasting; and iii) standard deviation
(sd)(Andrade and Abbate, 2005) and coefficient of variation (cv)(Masino et al., 2018b) of
distance between plants are strongly influenced by a few large spacings and by seeding rate (i.e.
lower seeding rates result in greater spacing sd) (S. D. Kachman and J. A. Smith, 1995). Thus,
there is a need for community-scale variables that 1) are more sensitive at detecting different
spacing outcomes; ii) provide insight into both spacing and overall distribution of plants, and iii)
are based on data collected from farmer fields that are more representative of realistic production
conditions.

Following this rationale, our working hypothesis is that early-season plant-to-plant spatial
uniformity is more relevant for soybean yield under limited resources (low-yielding
environments) and at low seeding rates (low levels of achieved plant density). Therefore, the

objectives of this study were to 1) explore both traditionally used and newly devised metrics to



characterize early-season plant-to-plant spatial uniformity, ii) identify the best metrics
correlating the plant-to-plant spatial uniformity with soybean yield, and iii) evaluate those
metrics at different seeding rate (and achieved plant density) levels and yield environments.

2.2 Material and Methods

2.2.1 Sites description and field operations

A total of six field studies were conducted in two different regions over two seasons.
Four studies (two dryland and two irrigated) were in Kansas, United States (dryland: 39° 4' 30"’
N, -96° 44' 43" W, irrigated: 39° 4' 25" N, -96° 43' 12" W) during the 2019 and 2020 growing
seasons (hereafter referred to as USDry19, USIrr19, USDry20, and USIrr20 studies). The
remaining two studies (dryland) were in Entre Rios, Argentina (31° 50° 49 S; 60° 32° 16>* W)
during the 2018/2019 and 2019/2020 growing seasons (hereafter referred to as Argl9 and Arg20
studies). The soils were Fluventic Hapludolls [silt loam, 40% sand, 13% clay, 47% silt, organic
matter (OM) 1.7%, 7.7 pH, 31.1 ppm P(Bray!)] at the US dryland studies, and Pachic Argiudolls
[silty clay loam, 10.1% sand, 30.6% clay and 59.3% silt, OM 3.2%, 6.8 pH, 34.7 ppm P (Bray!)]
at the US irrigated studies. At the Argentinian studies soil was a Vertic Argiudoll in 2019 [silty
clay loam to clay loam, 3.9% sand, 27.6% clay, 67.9% silt, OM 2.65%, 7.2 pH, 12.5 ppm P
(Bray™")] and an Acuic Argiudoll in 2020 [silt loam to silty-clay-loam, 5.6% sand, 28.6% clay,
65.8% silt, OM 3.33%].

The US dryland and irrigated studies were sown on June 4, 2019, and May 20, 2020. In
2019, the dryland study was replanted on June 29 due to poor emergence after the first sowing.
The studies in Argentina were sown on December 5 in 2018 and November 20 in 2019. At all six
studies, plots were kept free of weeds, pests, and diseases through recommended chemical

control.
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The genotypes used in the US were P40A47X (MG 4.0) and P39A58X (MG 3.9)
(Corteva Agriscience, Johnston, IA, USA) in 2019 and 2020, respectively. Both varieties are
tolerant to glyphosate and dicamba herbicides (RR2X) and have low lodging probability. For the
northeast region of Kansas, recommended sowing dates range from May 15 to June 15 along
with MG 4(Ignacio Ciampitti et al., 2022). In addition, recommended seeding rates are between
270 and 355 thousand seeds ha'! for low-yielding environments and 190 to 285 thousand seeds
ha! for medium- and high-yielding environments (Carciochi et al., 2019). In Argentina, the
genotype AWS815IPRO (MG 5.8, Bayer, Leverkusen, Germany) was used both in 2020 and
2021, it is tolerant to glyphosate and sulfonylureas and has low lodging probability.
Recommended sowing dates for Entre Rios considering soybeans as a single crop range from
October 20 to December 10, and MG usually range from 4 to 6; lastly, seeding rate
recommendations are between 200 and 250 thousand seeds ha'! in the region (Di Mauro et al.,
2018).

2.2.2 Study design

The studies carried out in the US were arranged as a split plot design with three replicates
in both 2019 and 2020. In 2019, the main plot treatment factor was planter type with two levels
[John Deere (Moline, Illinois, US) Max Emerge planter (ME, 12 rows), and John Deere Exact
Emerge Planter (EE, 16 rows)], and the split-plot treatment factor was seeding rate with two
levels (160 and 321 thousand seeds ha'!). In 2020 the main plot treatment factor was also planter
type with two levels (ME and EE), and the split-plot treatment factor was seeding rate with four
levels (160, 215, 270 and 321 thousand seeds ha'). Planting speed was 7 km h™! in both studies
and years, plots were 24 and 32 rows wide when planted with ME and EE, respectively, with

0.76 m row spacing. Plot length was 80 m in the dryland studies and 160 m in the irrigated
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studies. The studies in Argentina were arranged as a single replicate of each seeding rate (100,
230, 360 and 550 thousand seeds ha') in both years. Planting speed was 5.5 km h™! in both years,
and plots were 10 rows wide with 0.52 m row spacing and 350 m in length.

All treatment factors in US studies were evaluated with the overall goal of producing
substantial variation in the variable of interest, plant-to-plant spatial uniformity, rather than to
make an inference of their effect on yield. The Argentinian studies were only used for selection
of stand uniformity variables due to the single replicate. Plant spatial uniformity variables were
first fitted using the data from US studies (details below), and then the best explanatory metrics
were selected to re-fit the relationships combining both data sets from US and Argentina. Finally,
sowing dates, maturity groups, and seeding rates evaluated in this study at both locations (Arg
and US) were aligned with those recommended for each region.

2.2.3 Data collection and spacing uniformity variables

All treatment factors in US studies were evaluated with the overall goal of producing
substantial variation in the variable of interest, plant-to-plant spatial uniformity, rather than to
make an inference of their effect on yield. The Argentinian studies were only used for selection
of stand uniformity variables due to the single replicate. Plant spatial uniformity variables were
first fitted using the data from US studies (details below), and then the best explanatory metrics
were selected to re-fit the relationships combining both data sets from US and Argentina. Finally,
sowing dates, maturity groups, and seeding rates evaluated in this study at both locations (Arg

and US) were aligned with those recommended for each region.

Spacing(cm)

ATEI =
TPS(cm)

Equation 2.1

The ATEI index was designed to account for the proximity of the observed plant spacing

to the TPS. Values closer to 1 indicate that the plant spacing is close to the TPS and values that
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are below or above 1 indicate that the plant spacing is lower or higher than the TPS, respectively;
thereby departing from an ideal plant spacing. Hence, ATEI values greater than 1 depict both 1)
non-uniform plant-to-plant spacing distribution and ii) plant densities below the target (seeding
rate). To further understand the meaning of ATEI, the relative density (rd) was calculated as the
ratio between plant density (based on the number of plants in the 2 m segment) and seeding rate.
To account for the unevenness of distance from a plant to both neighboring plants within
the row, we used the Evenness Index (EI, dimensionless), calculated as the ratio between the
distance to the nearest neighbor (cm) and the plant spacing (cm) of a given plant (Eq. 2). The
Evenness Index values range from O to 1, a value closer to 1 indicates that a plant is equidistantly
spaced to both of its neighboring plants within the row, if zero then those plants are occupying
the same position (as doubles). It is important to note that EI does not provide information on the
spacing (in distance, cm) or how close the spacing is compared to the TPS, but only describes the

unevenness distance of a plant to its neighboring plants within a row.

nearestneighbor(cm)

Evennessindex(EI) = Equation 2

Spacing(cm)
In addition, the distance from a plant to its preceding neighboring plant, and the TPS
were used to classify the position of each plant into one of eight classes (Fig. 1). Plants were
classified in classes ranging from “double” (preceding plant distance < 17.5% of TPS), to
“perfect” (preceding plant distance between 83.5 and 116.5% of TPS), and “greater than double

skip” (preceding plant distance greater than 215.5% of TPS).
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Figure 2.1. Plant position classification based on the observed spacing to the previous plant
within a row compared to the theoretical plant spacing (TPS). The TPS is the targeted (perfect)
plant spacing of a plant population given a seeding rate and row width. The difference between
TPS and observed spacing to the previous plant was rated as double (< 17.5% of TPS);
misplaced by 66% (between 17.5-50.5% of TPS), misplaced by 33% (between 50.5-83.5 % of
TPS), perfectly spaced plants (between 83.5-116.5% of TPS), short-skip plant (between 116.5-
149.5% of TPS), long-skip plants (between 149.5-182.5% of TPS), double-skip plants (between
182.5-215.5% of TPS), and greater than double-skip plants (>215.5% of TPS).

Plant spatial uniformity metrics (Eq. 1 and 2, Fig. 1) were calculated on a plant-to-plant
basis and then summarized at the segment level (hereafter called community-scale). Plant
spacing (cm), ATEI, and EI were summarized by calculating their mean (except for plant
spacing) and sd. Plant spacing sd and cv (directly proportional to sd) have been used in previous
studies (Andrade and Abbate, 2005; Masino et al., 2018b) to estimate spatial variability. Hence,

plant spacing sd (cm) was included as the base line variable to compare the performance of the

new metrics proposed in this study. Lastly, plant position classes (Fig. 1) were summarized by
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calculating the mean percentage of plants in a segment classified within each of the eight
categories.

At physiological maturity, 10 (US studies) or 20 (Arg studies) consecutive plants within
each segment were hand cut, individually identified, bagged, and oven-dried at 65°C until
constant weight was achieved. Grain weight per plant was recorded and is reported on a 13 g kg™!
water content. Yield (Mg ha'') was calculated at the segment level by summing the grain weight
(g) of all harvested plants and correcting it to the segment area.

2.2.4 Statistical analysis and software

Community-scale data from the four US studies (site-years) were combined to model
yield and the 13 stand uniformity metrics (ATEI mean, ATEI sd, EI mean, EI sd, Spacing sd
(cm), Double, Mis 33, Mis 66, Perfect, Short-skip, Long-skip, Double-skip, >Double-skip) as a
function of seeding rate, planter type and their interaction (fixed effects), and block nested in
site-year (random effect) (Table 1 and 2). Independent models for each of the 4 US studies were
built assessing the effects of planter type, seeding rate, and their interaction (fixed effects), and
seeding rate nested in planter type, and in block (random effects) on the same variables
previously mentioned (Appendix Table A.1). The models were run using the ‘lmer’ function
from /me4 package in R (R Core Team, 2021). In addition, the US and Arg studies were
combined to evaluate the effect of site-year on yield, plant density, and all stand uniformity
variables (Appendix Fig. A.1) using the ‘lm’ function from package stats. Means separation were
performed using Fisher’s LSD (Least Significance Difference) test (alpha= 0.05) with
‘emmeans’ function from package emmeans.

Community-scale data from the four US studies were combined and fitted to bivariate

linear regression models with yield as the response variable and each of the stand spatial
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uniformity variables as the explanatory variable. Significant models (alpha=0.05) were further
evaluated by calculating the coefficient of determination (R?) and root mean squared error
(RMSE) (Fig. 2). Models with the lower RMSE and higher R? were selected as those that best
captured the effect of non-uniform stands on soybean yield. After variables were selected, both
US and Arg data sets were combined and the linear regressions between the selected variables
and yield were re-fitted to assess the consistency of the relationships when an independent data
set was included. Community-scale yield from US and Arg studies was modelled as a function of
the selected stand uniformity variable, country (US and Arg), and their interaction (fixed effects)
(Fig. 3). The spatial uniformity metric showing the most consistent relationship for both US and
Arg studies (i.e., non-significant interaction between stand uniformity metric and country), was
selected to continue the analysis. The bivariate linear regression models were run with function
Im.

Different environmental conditions and seeding rate levels may modify the effect of plant
spatial uniformity on yield. To explore this, each of the studies from Arg and US were separated
into low- (USDry19 and ArgDry20, mean of 2.7 Mg ha™!), medium- (USIrr19, USDry20 and
ArgDry19, mean of 3.0 Mg ha™!), and high- (USIrr20, mean of 4.3 Mg ha'!) yield environments
based on the effect of site-year on yield (Appendix Figure A.1). Additionally, the tested seeding
rates were separated in low (<200 thousand seeds ha'!), medium (between 200 and 300 thousand
seeds ha'!) and high (>300 thousand seeds ha™') levels based on the current optimal seeding rate
for medium yielding environments (235 thousand seeds ha!, 4 Mg ha™") (Carciochi et al., 2019)
and the extreme values proposed by Suhre et al. (2014) (148 and 445 thousand seeds ha™!). This
classification was used to model yield as a function of 1) the selected stand uniformity metric,

yield environment, and their interaction, and ii) the selected stand uniformity metric, seeding rate
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levels, and their interaction. These models were tested to obtain a robust conclusion on the
overall effect of yield environment and seeding rate levels, and their interactions (all treated as
fixed effects) with plant-to-plant spatial uniformity relative to the response variable, soybean
yield. The Akaike information criteria (AIC) was used to compare the full (with interactions)
relative to the reduced models (single effects).

2.3 Results

2.3.1. Treatment effects on yield and spatial stand uniformity metrics

Mean cumulative seasonal precipitation was 560 and 630 mm for the USDry19 and
USDry?20, respectively; and 770 and 450 mm for the Argl9 and Arg20, respectively. Total water
availability was 712 mm for USIrr19 (152 mm from irrigation) and 757 mm for USIrr20 (127
mm from irrigation). The effect of the treatments analyzed in this study (planter type and seeding
rate) were significant on yield and in 8 out of 13 stand uniformity metrics (alpha = 0.05, Tables 1
and 2). From the four seeding rates evaluated, attention will be given only to the lowest (161
thousand seeds ha'!) and highest (321 thousand seeds ha!) seeding rates as only those levels
were present at all four US studies. Yield was not affected by planter type, but a significant
effect of seeding rate was observed. Yield was greater at the low seeding rate (3.3 Mg ha'!)
compared to the high seeding rate (3.0 Mg ha'). In terms of the spatial uniformity metrics, the
EE planter generally improved the uniformity between plants compared to ME planter. The EE
planter increased the number of perfectly spaced plants (24%), decreased the number of double
plants (1.3%), and plants misplaced by 66% (4.3%) compared to the ME planter (12, 7.8, and
13% respectively). In addition, EE achieved a higher mean evenness index (EI) and lower
evenness index sd (0.7 and 0.2, respectively) compared to ME (0.5 and 0.3, respectively). In

terms of the variables affected by seeding rate, the low seeding rate was associated with a greater
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proportion of perfectly spaced plants (23%), fewer double plants (4%), smaller ATEI sd and
evenness index sd (0.6 and 0.2, respectively), and an increased mean evenness index (0.6)
compared to that associated with the high seeding rate (14 and 7.0% of perfectly spaced and
double plants, respectively; 1.1, and 0.3 for ATEI sd and evenness index sd, respectively; and 0.5
for mean evenness index). Thus, the lower seeding rate resulted in more uniform spacing
between plants.

Average yield was greatest in the USIrr20 (4.3 Mg ha'!, high yield environment), medium
in Argl9, USIrr19 and USDry20 (2.9 to 3.2 Mg ha'!, medium yield environment), and lowest in
the Arg20 and USDry19 (2.8 and 2.6 Mg ha™!, respectively, low yield environment). More
information on individual studies and treatment effects on yields can be consulted in the

supplementary material (Appendix Table A.1, Appendix Fig. A.1).

Table 2.1. Effect of planter type, seeding rate, and their interaction on variables from plant
position classification for all US studies. References: percentage of perfectly spaced plants
(Perfect), percentage of plants misplaced by 66% (Mis 66), percentage of plants misplaced by
33% (Mis 33), percentage of double plants (Double), percentage of short skips plants (Short-
skip), percentage of long skip plants (Long-skip), percentage of double skips plants (Double-
skip), and percentage of greater than double skip plants (> Double-skip).

Perfect Mis 66 Mis 33 Double Short Long Double  >Double
(%) (%) (%) (“o) skip (%)  skip (%) skip (%) skip (%)
Planter! EE 23.8 a? 43D 15.5 13b 17.0 11.4 8.1 18.9
ME 11.8b 13.1a 12.2 7.8 a 14.1 9.1 8.5 23.7
p-value  <0.001 <0.001 0.070 <0.001 0.126 0.165 0.812 0.057
Seeding rate 161 22.7a 6.4 12.7 3.9 ab 15.7 9.0 ab 6.8 22.3
(Thousand 215 21.1a 9.6 10.6 39b 17.0 13.1a 7.9 17.7
seeds 269 1320 10.0 16.5 3.1b 13.7 13.1a 10.0 21.5
ha'1) 321 14.1b 8.9 15.6 7.0a 16.0 58b 8.5 23.8
Planter x p-value  <0.001 0.168 0.108 0.023 0.766 0.003 0.445 0.493
Seeding rate 0.011 0.085 0.414 0.249 0.032 0.122 0.787 0.885

IPlanter type: Max Emerge (ME) and Exact Emerge (EE)

?Letter and ANOVA (analyses of variance) threshold. Different letters mean significant differences among treatments.
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Table 2.2. Effect of planter type, seeding rate, and their interaction on yield and stand uniformity
variables for all site-years. References: Spacing between plants standard deviation (Spacing sd),
achieved versus targeted evenness index mean and standard deviation (ATEI and ATEI sd,
respectively), and evenness index mean and standard deviation (EI and EI sd, respectively).

Yield
Spacing
(Mg ha ATEI ATEI sd EI El sd
sd (cm)
D)
Planter EE 3.19 4.0 1.6 0.7 0.7a 02b
ME 32 4.5 1.5 0.8 0.5b 03a
p-value 0.948 0.371 0.489 0.383 <0.001 <0.001
Seeding rate 161 334 a 5.2 1.5 0.6b 0.6a 02b
(thousand 215 3.36 ab 4.1 1.5 0.7b 0.6a 02b
seeds 269 3.06 ab 33 1.5 0.7b 0.6 ab 02b
ha™) 321 3.02b 44 1.7 l.la 0.5b 03a
Planter x p-value 0.04 0.058 0.051 <0.001 <0.001 0.01
Seeding rate 0.831 0.978 0.760 0.977 0.229 0.020

IPlanter type: Max Emerge (ME) and Exact Emerge (EE)

?Letter and ANOVA threshold. Different letters mean significant differences among treatments.

2.3.2 Spatial stand uniformity effects on soybean yield

Soybean yield from the four US studies (n = 190) was significantly correlated with 7 out
of the 13 plant spatial uniformity metrics (alpha = 0.05, Fig. 2). Yield was negatively correlated
with ATEI sd (R? = 0.32), Spacing sd (cm, R? = 0.27), ATEI mean (R? = 0.16), > Double-skip
plants (%, R? = 0.04), and Evenness Index (EI, R? = 0.04) sd. While soybean yield was positively
correlated with EI mean (R? = 0.03) and perfectly spaced plants (R? = 0.02). Spacing sd and

ATEI sd were selected to continue with the analysis due to their greater R? and lower RMSE.
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Figure 2.2. Relationship between stand uniformity variables and soybean yield for US studies.
ATEI mean and sd: achieved versus targeted evenness index mean and standard deviation, EI
mean and sd: evenness index mean and standard deviation, Perfect: percentage of perfectly
spaced plants, R?: coefficient of determination, RMSE: root mean square error. All stand
uniformity variables presented a significant slope at alpha = 0.05.

Spacing sd and ATEI sd, the selected metrics based on R? and RMSE (Fig. 2), were
correlated with yield from all six studies (US and Arg, n =262). Yield from Arg was
significantly correlated with both spacing sd and ATEI sd. However, only ATEI sd presented a
stable relationship across datasets of both countries (non-significant interaction). In this sense,
for each unit of increase in spacing sd, US showed a greater reduction in yield (110 kg ha™")
compared to Arg (30 kg ha!), even though the observed range of spacing sd was smaller in US

(0.5 to 12.8 cm) than Arg (1.2 to 21.7 cm). This indicates greater variability in the spacing
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between plants in Arg did not translate to a greater yield reduction relative to the US dataset.
Whereas ATEI sd and yield relationship had a different intercept (due to yield levels US 3.8, and
Arg 3.7 Mg ha'!), the slope of yield decreased per unit increase in ATEI sd did not statistically
differ between datasets (960 kg ha!, Fig. 3). Moreover, ATEI sd ranges were similar between the
US (0.1 to 2.9) and Arg (0.3 to 2.4). Thus, ATEI sd was selected as the variable that best

explained plant spatial uniformity effects on soybean yield.
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Figure 2.3. Relationship of spacing standard deviation (Spacing sd, cm) and achieved versus
targeted evenness index standard deviation (ATEI sd) to soybean yield. Different colors and line
types denote different countries (Argentina, Arg - full line, red points; United States, US - dashed
line, blue points). R?= coefficient of determination, RMSE= root mean square error.

To assess the relationship between yield and plant spatial uniformity (ATEI sd) at
different yield environments, site years were divided into Low (USDry19 and Arg20, 2.7 Mg ha
1, Medium (USIrr19, Argl9, and USDry20, 3.0 Mg ha'!), and High (USIrr20, 4.3 Mg ha™!) yield

environments (Appendix Fig. A.1). Increases in ATEI sd negatively impacted yield in both low-
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and medium- yield environments (0.75 and 0.83 Mg ha™! per unit increase in ATEI sd,
respectively), while no effect was observed in high-yield environments (p>0.05, Fig. 4).
Moreover, yield from low- and medium- yield environments showed a strong correlation with
ATEI sd (R? of 0.32 and 0.26, respectively). Although the relationship between yield and plant
spatial uniformity (ATEI sd) did not change with seeding rate levels (Appendix Table A.2), the
achieved plant density changed across studies. The achieved plant densities (panels a, ¢, and e in
Fig. 4) were similar across yield environments with a median of 148 thousand plants ha'!. Yield
reductions in low- and medium-yield environments were associated with values of ATEI sd >1,
plant densities <200 thousand plants ha™!, and with achieved relative to target densities (bubble
sizes, panels b, d, and f in Fig. 4) around 50%. The model performance (measured by AIC)
improved by including the effect of yield environment relative to the simpler model (ATEI sd

only).
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Figure 2.4. Relationship between soybean yield (Mg ha™') and ATEI sd (achieved versus
targeted evenness index standard deviation) in low- (b, mean of 2.7 Mg ha'!), medium- (d, mean
of 3.0 Mg ha'!), and high- (f, mean of 4.3 Mg ha™!) yield environments. The size of the bubbles
indicates the relative density (plant density to seeding rate ratio), and colors indicate lower (red),
middle (blue), and upper (green) thirds of achieved plant density distribution within each yield
environment. Panels a, ¢, and e show the density distribution of the obtained plant density (plants
ha!) by yield environment, full line and dashed lines denotes the median, and lower-upper
terciles, respectively. Yield environments are based on ANOVA of site-year versus yield
(Appendix Fig. A.1). Interaction between ATEI sd and yield environment was significant (alpha
=0.05). R? = coefficient of determination, RMSE = root mean square error.

2.4 Discussion

This study provides new insights into the relevance of soybean plant-to-plant spacing
uniformity, mainly under low- and medium-yield environments and reduced plant densities.
Soybean breeding efforts have altered the overall contribution of branches to yield, reducing the

dependency on high seeding rates over time (Carpenter and Board, 1997b; Suhre et al., 2014b).
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Still, low yielding environments limit the ability of the plants to produce compensatory yield
from branches and thus require increased seeding rates (Carciochi et al., 2019; Gaspar et al.,
2020). Our results showed that in both high- and low- yield environments, soybean yield was not
increased by seeding rates greater than 121 thousand seeds ha™!. Instead, yield variability from
low- and medium- yield environments were explained by plant spatial uniformity (ATEI sd).

Plant-to-plant spatial uniformity effects on yield can be understood from the onset of
competition at the plant level, which determines yield at the community-scale. Soybean seedlings
initiate shade avoidance responses when they sense reductions in the red:far red ratio of the light
spectrum (i.e., shading due to increased plant-to-plant competition), causing reductions in branch
development, overall growth, and yield per plant (Casal et al., 1990; Green-Tracewicz et al.,
2011; Yang et al., 2014). Similarly, a reduction of early-season plant-to-plant spatial uniformity
could result in a continuum of shade avoidance responses with differing competitive abilities and
yields at the plant level. At a community-level, the ability of soybean plants to produce
compensatory yields via branches (Board and Settimi, 1986a; Frederick et al., 2001b) is impaired
by restrictive environments such as late planting dates (Settimi and Board, 1988a) or drought
stress (Frederick et al., 2001b). In summary, early-season plant-to-plant uniformity can
determine the onset of a differential competitive ability among individual plants (Maddonni and
Otegui, 2004) mainly under limited resources and reduced plant densities penalizing yield at a
community scale.

The most promising metric of plant spatial uniformity, ATEI sd, explained the highest
variability of soybean yield (higher R?) and reduced the error of the estimation (smaller RMSE)
across studies from the US and Arg (Figure 3). Furthermore, the indices of stand uniformity

presented (Fig. 1, Eq. 1, Eq. 2) were able to detect differences in spatial distribution between
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planter types and among seeding rates, whereas the most common uniformity index used in
previous literature, spacing sd, did not (Table 1and 2). A previous study has shown that 77% of
spacing sd variability is explained by clusters (3 or more plants together), double plants, short-
skips, and long-skips, with the latter making the greatest contribution to its variability(Liu et al.,
2004). High spatial stand uniformity of seedlings is dependent not only on a highly uniform
sowing pattern, but also on high emergence ratios (Lu et al., 2020). In this sense, ATEI sd
reflects non-uniform spacing as well as poor emergence and plant mortality. In summary, ATEI
sd is a better predictor of soybean yield and is a useful metric for measuring within-row stand
uniformity in future research.

This study is a first attempt at describing the effects of spatial uniformity on soybean
yield in environments producing phenotypes that do not express the plant’s growth potential,
penalizing yield at the community-scale. In agreement, a review from Lu et al. (2020) concluded
that plant spatial uniformity resulting from precision sowing is an effective way to increase
soybean yields at all seeding rates. Moreover, lowering seeding rates along with improvements
in planting quality delivering seed at a uniform spacing and depth can become critical
components of modern soybean systems. Farmers could adopt such practices as an insurance
against yield losses in poor-yielding conditions. Future studies exploring AOSR in low- and
medium- yielding environments should consider plant spatial uniformity and relative density
(plant density to seeding rate ratio) (Carciochi et al., 2019; Gaspar et al., 2020) as factors that
may confound the yield response to changes in seeding rates. Improved foundational knowledge
of key soil and environmental factors affecting early- and within-season plant-to-plant spatial
uniformity is still a research gap that should be explored in future research studies. Finally, the

study of the differential plant-to-plant ability to produce compensatory yield (Maddonni and
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Otegui, 2004) could clarify the influence of canopy characteristics determined early in the season

on yield formation under realistic field conditions.

2.5 Conclusion

Our working hypothesis “early-season spatial plant-to-plant uniformity is more relevant
for soybean yield under limited resources (low yielding environments) and under low seeding
rates (low levels of achieved plant density)” is partially accepted. On one side, early-season
plant-to-plant spatial uniformity impacted soybean yields mainly under both low- and medium-
yield environments. However, this effect is not only relevant for low seeding rates, but mainly
for plant densities below 200 thousand plants ha™!. Plant spatial uniformity under field conditions
results from uniformity in the sowing pattern, emergence, and early-establishment of plants. To
capture these effects, relating the observed spacing with the TPS (obtaining ATEI) removed the
confounding effects of spacing sd. The negative impact on soybean yields due to reduced spatial
uniformity and plant establishment suggests an impairment of plants to produce compensatory
yields under resource-limited environments. Hence, yield optima in low- and medium-yield
environments resulted from improved plant spatial uniformity (ATEI sd <1) and plant densities

above 200 thousand plants ha'!.
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Abstract

Progress in soybean (Glycine max L.) breeding has led to a reduction in optimal seeding
rates due to enhanced branching capacity over time. However, less is known about the changes
in canopy architecture between old and modern soybean genotypes at varying row spacing and
their impact on yield and seed quality through the main stem and branches. Therefore, this study
aimed to 1) evaluate yield and seed quality responses of an old and modern soybean genotype at
different row spacings and ii) examine the yield and seed quality of branches and the main stem.
Trials were conducted in Kansas (United States, US) during 2020 and 2021, comparing two
genotypes (old, released in 1980, and modern, released in 2013) at four row spacings (0.19, 0.38,
0.76, and 1.52 m) under rainfed conditions. Seed yield and quality (protein and oil
concentrations, %) were assessed at the end of each growing season. In 2021, both genotypes had
low and similar yields at all row spacings (averaging 2481 kg ha!) with 2.5% less protein on
branches compared to the main stem. However, 2022 resulted in a high-yielding environment,
with the modern yielding 50% more (3584 kg ha'!) than the old (2315 kg ha'!) genotype in
narrow row spacings (<0.38 m). Additionally, the modern genotype showed a three-fold greater

contribution to yield from branches (1113 kg ha™!) relative to the old genotype (379 kg ha™!).
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Despite the high yields observed in narrow rows, the modern genotype maintained protein levels.
These results highlight the importance of row spacing as a key management practice for
improving yield while maintaining protein levels in high yield conditions.

3.1 Introduction

Soybean accounts for 60% (398 million Mg in 2023) of the global oilseed

production(USDA-FASS, 2022), primarily intended for animal feed in the form of soybean meal
(76%) and for human consumption primarily as oil (20%) (Fraanje et al., 2020). The overall
increase in global soybean production is driven by greater yields per unit area, with no signs of
yield stagnation in 76% of the harvested area (Foley et al., 2011; Ray et al., 2012). The United
States (US) accounts for 29% of the global production, with farmer yields steadily increasing at
36 kg ha! year! during the last four decades (USDA-NASS, 2024a). Hence, future progress in
genetic gain is promising not only for sustaining yield but also for improving seed composition
(Borja Reis et al., 2022a).

On-farm yield improvements over time can be attributed to the continued
adoption of modern genotypes and agronomic technologies (Specht et al., 2015). The main
agronomic technologies associated with these yield gains include earlier planting dates
(approximately 12 days earlier to late April/early May) (Sacks and Kucharik, 2011), narrower
row spacings (reduced from 0.76 to 0.38 m), minimum or no-till system supported by herbicide-
tolerant genotypes, and new planters that ensure uniform seed placement depth and spacing
(Karayel, 2009; Zhai et al., 2020). From a plant architecture standpoint, modern genotypes can
set more seeds on the main stem and branches, enhancing the ability to adjust yield at varying

plant densities (Suhre et al., 2014a). Nonetheless, little is known about how row spacings affect

28



the yield allocation to branches and main stem when comparing modern relative to older soybean
genotypes

Over the past decade, US growers in the north-central region have increasingly adopted
narrow (below 0.76 m) over wide (>0.76 m) row spacing (Specht et al., 2015), with a current
adoption rate of 66% of producers using narrow and 34% using wide spacing (USDA-NASS,
2024b). Although yield benefits associated with narrow rows are expected (M. Singh et al.,
2023), studies have found inconsistent results (Andrade et al., 2019; De Bruin and Pedersen,
2008; Pedersen and Lauer, 2003; Thompson et al., 2015). Narrow rows can provide yield
benefits when the crop growth cycle is shortened, such as with late sowing dates, short maturity
groups (MG), or under high temperatures (Rotundo and Westgate, 2009a). In optimum irrigated
conditions with fast canopy closure, in the other hand, yield improvements might not be
observed (B. Singh et al., 2023). Different row spacings can also alter the contribution of yield
from branches and main stems (Norsworthy and Shipe, 2005). For instance, narrow rows show a
potential to increase yield through branch growth (Board et al., 1990). However, further research
is needed on the implications of varying row spacings for modern soybeans, particularly on the
contribution of branches and main stem to yield formation and seed quality or composition,
including protein and oil concentrations.

For both old and modern genotypes, seed quality on the main stem consistently shows
greater protein and less oil concentrations on the upper relative to the bottom section (Bellaloui
& Gillen, 2010; Moro Rosso et al., 2021). Conversely, branches can have similar protein but less
oil concentrations compared to the main stem (Moro Rosso et al., 2021). Evaluating these

dynamics is particularly timely for formulating management practices intended to improve seed

29



quality given the opportunity of future markets rewarding quality standards (Borja Reis et al.,
2022a).

We hypothesize that modern soybean genotypes with high branching capacity have less
yield penalties associated with changes in row spacing but present potential variations in seed
quality due to changes in partitioning between main stem and branches. We have conducted a
two-year trial with two genotypes (one released in 1980 and one in 2013) at four row spacings
(0.19, 0.38, 0.76, and 1.52 m) to evaluate impacts on both yield and seed quality (oil and protein
concentrations) on the entire plants and in plant fractions, mainly focusing on main stem, and
branches.

3.2 Material and methods
3.2.1 Field conditions and management

Field experiments were conducted in 2020 and 2021 at Kansas State University in
Manbhattan, Kansas, US (39° 12' 22", -96° 35' 37"). The experiment was arranged in a
randomized complete block design in a split-plot layout with three replications. The whole plot
consisted of row spacing with four levels (0.19, 0.38, 0.76, and 1.52 m), and the subplot
consisted of a two-factor factorial of seeding rate with two levels (148 and 445 thousand seeds
ha!) and genotype with two levels (P3981, “Williams 82” released in the 1980s, herein termed
as “old,” and P39T67R, released in 2013, herein termed as “modern”) (Corteva Agriscience,
Johnston, lowa, US), both indeterminate growth with 3.9 MG. For each trial year, the soils were
a smolam silt loam in 2020 (2.75% OM, 41% clay, 12% sand, 47% silt) and 2021 (2.70% OM,
25% clay, 29% sand, 46% silt). The plots were 10 ft long by 5 ft wide. The planting dates were
June 12 in 2020 and May 25 in 2021, with harvesting dates on October 8 in 2020 and October 7

in 2021. Seasonal precipitation from planting to harvesting was 351 mm in 2020 and 443 mm in
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2021. Seeds were not treated nor inoculated before planting, and weeds were manually
controlled throughout the season.
3.2.2 Field determinations

At R2 (full flowering) and R5 (beginning of seed filling) growth and development stages
(Fehr and Caviness, 1977), an area of 0.81 m? per plot was hand-cut, and the plants were counted
and weighed. Three representative plants were selected, weighed and oven-dried (65°C) until
constant weight to obtain dry weight. Between R2 and R6 phenological stages, a Go-Pro Hero 5
camera placed at 2 m parallel to the soil was used to take weekly pictures of the canopy. Pictures
were processed with Canopeo (Patrignani and Ochsner, 2015) to obtain the fractional of green
canopy coverage (percentage basis).

At physiological maturity (R8), an area of 0.81 m? per plot was hand-cut, the plants were
then counted, and oven-dried until constant weight to obtain the final seed weight. In addition,
three plants were hand-cut, and the seeds from the main stem and branches were separated and
oven-dried until constant weight to determine the seed weight. The seeds from the branches and
main stem were ground to a particle size of 0.1 mm, and protein and oil concentration
(percentage basis) were determined using near-infrared spectroscopy (NIR) with the Perten
DA7200 Feed Analyzer (Perten Instruments, Stockholm, Sweden). Seed quality per plant was
calculated as a weighted average between the seed quality components (%) and yield (%) from
the branch and main stem plant fractions of the three plants harvested at the R8 stage.

3.2.3 Statistical analysis

The growing conditions in 2021 were more favorable and less variable compared to 2020,
attributed to increased seasonal precipitation and an earlier planting. The result was lower

biomass in R2 and R5 (Table 2), lower canopy coverage (Appendix Figure B.2), and lower
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average yields (Figure 1) in 2020 compared to 2021. Hence, we analyzed the data separately for
2020 and 2021 due to the strong “by year” interaction effect. Additionally, density plots of the
obtained plant densities were similar for both seeding rates in both years (Appendix Figure B.1).
Plant density was close to the target for the lower seeding rate, with 162 and 164 thousand plants
ha! in 2020 and 2021, respectively. On the other hand, the high seeding rate resulted in a plant
density 50% below the target, with 207 and 221 thousand plants ha'! in 2020 and 2021,
respectively, mainly due to challenging early season and planting conditions. Therefore, the
seeding rate treatment did not result in a factor impacting the main tested traits (yield and seed
quality) and was not considered for the analysis.

Generalized linear models (GLM) were used to explain the variation in yield at the plot
level, from main stem and branches, and plant biomass at R2 and RS stages as a function of row
spacing, genotype, and their interaction using a gamma distribution. GLMs were also utilized to
model oil and protein concentration (%) in the whole plant and partitioned into main stems and
branches as a function of row spacing, genotype, and their interaction, using a beta distribution.
GLMs were fitted using the g/m function from the stats package (Wood, 2011) in R

programming (R Core Team, 2022). The statistical model is as follows:
Lyl ]
g(pij) = %15 By + xg1 - By + -+ + xg; - Pa
Yij““Gamma(Mij: l/)ij)
yij~Beta(u;j, ;)
gw) =X;B
where y;; is the response variable (seed yield, biomass at R2 and R5 phenological stages, kg ha™';

and protein and oil concentration, %) for the i genotype and the j" row spacing, conditional on
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an expected value p and dispersion . The response variables in kg ha™! follow a gamma
distribution with an identity link function; and the response variables in % follow a beta
distribution with a logit link function (i.e., g(-) = logit(:)).

To quantify uncertainty in our estimates, we obtained 999 bootstrapped samples using a
second-order balanced design of bootstrap simulations (Graham et al., 1990). This involved
sampling at the row spacing by genotype level to respect the treatment structure. We calculated
the median and the 95% confidence interval (Cl25.97.5) as derived quantities for estimation of the
expected value (effect size) and its uncertainty. Following guidance from the American
Statistical Association regarding the use of p-values (Wasserstein and Lazar, 2016), our
statistical modeling aimed not to test for ‘statistical significance’, but rather to quantify the effect
size and our uncertainty around those estimates. Therefore, we report effect sizes and Cl2.5.97.5
rather than test for statistical significance. Additionally, density distributions of the difference
between the modern and old genotypes at each row spacing are presented for each model to
visualize the difference in effect sizes (Appendix Figures B.3, B.4, B.5, and B.6).

3.3 Results

In the 2020 season, both genotypes had similar yields at row spacings of 0.19, 0.38, and
0.76 m with a median of 2481 kg ha'!, while there was a clear reduction at 1.52 m with a median
of 1451 kg ha™! (Figure 1A). In 2021, similar to 2020, the old genotype had similar yields for row
spacing levels of 0.19-0.76 m with a median of 2315 kg ha!, while 1731 kg ha™! was recorded at
1.52 m. In contrast, the modern genotype in 2021 presented greater yields, with the narrow rows
(0.19 and 0.38 m) producing the highest yields with a median of 3584 kg ha"! and wider rows

(0.76, 1.52 m) yielding 2583 kg ha! (Figure 1B, Appendix Figure B.3).
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Figure 3.1 Soybean seed yield (kg ha™!) of old (1980) and modern (2013) soybean genotypes at
row spacings of 0.19, 0.38, 0.76, and 1.52 m in 2020 (panel A) and 2021 (panel B) growing
seasons. The error bars represent the 95% confidence intervals around the estimated expected
value.

Overall, plant biomass was higher in 2021 compared to 2020, with no differences
observed between genotypes or row spacings (Table 1). Plant biomass at R2 was higher in 2021
(median of 6247 kg ha'!) than in 2020 (median of 3716 kg ha™"). Similarly, biomass at R5 was

higher in 2021 (median of 8855 kg ha™') compared to 2020 (median of 5348 kg ha™').

Table 3.1 Soybean biomass (kg ha'!) in R2 (full flowering) and R5 (beginning seed filling)
phenological stages of old (1980) and modern (2013) genotypes at row spacings of 0.19, 0.37,
0.76, and 1.52 m, in 2020 and 2021. The numbers between parenthesis indicate the 95%
confidence interval around the estimated expected value.

Biomass (kg ha™)

Year  Genotype Row (?111);1 “ing R2 RS
2020 1980 0.19 3926 5547

(3372 -4493)% (4280 - 7252)
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0.38 3615 4802
(2347 - 5664) (3637 - 5498)
0.76 3891 5925
(2882 - 4802) (5118 - 6831)
152 3817 4601
(3137 - 4439) (4064 - 5114)
0.19 3284 6063
(2866 - 3652) (5672 - 6457)
0.38 2714 5222
2013 (1970 - 3424) (3438 - 7107)
0.76 4437 5578
(3847 - 5090) (4534 - 6634)
152 2249 3460
(1866 - 2635) (2726 - 4178)
0.19 6704 8718
(5316 - 7965) (7732 - 9846)
0.38 7639 8992
1980 (5775 - 9687) (8278 - 9722)
0.76 5913 8153
(4640 - 7515) (7039 - 9498)
1.52 5366 7006
(3910 - 6761) (5616 - 8635)
2021 0.19 6581 9944
(5643 -7642) (8184 - 11958)
038 8345 9454
(7122-9476) (7369 - 11032)
2013 076 5519 9095
(4048 - 6927) (8122 - 10359)
1.5 4627 8039

(3762 - 5783)

(5749 - 11140)

Yield from branches was similar across row spacings and genotypes in 2020, with a
median of 44% (Figure 2A). In 2021 however, the modern genotype had a higher contribution
from branches (36%) compared to the old genotype (18%) (Figure 2B). There were no
differences in yield (kg ha!) from branches and main stem across genotypes and row spacings in
2020 (Figure 2C). However, in 2021, the main stem showed a similar contribution for both
genotypes with greater yields under narrow rows (0.19 and 0.38 m) at a median of 2226 kg ha!,
compared to wide rows (0.76 and 1.52 m) at 1663 kg ha"!. Remarkably, in 2021, the yield

derived from branches was three-times greater for the modern compared to the old genotype
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(1113 vs. 379 kg ha'!) (Figure 2D, Appendix Figure B.4). Pod number in branches across nodes
of the main stem were consistently concentrated in the bottom section (nodes 1 to 6), with more
pods observed for the modern genotype in 2021 (Figure 2, insets A1 and B1).

Protein concentration was similar across genotypes and row spacings in 2020, with an
overall median of 39.8% (Figure 3A). In 2021, the old genotype had a median protein
concentration of 40.1%, while the modern genotype had consistently lower values with a median
of 37.1%. Nevertheless, the modern genotype maintained protein levels despite the high yields
observed under narrow rows (0.19 and 0.38 m) (Figure 3B). The seed oil concentration in 2020
had an overall mean of 21.1% across treatments (Figure 3C). The old genotype in 2021, similar
to 2020, had a median of 20.5%, while the modern genotype tended to have greater oil

concentration (median of 21.5%) (Figure 3D, Appendix Figure B.5).
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Figure 3.2 Soybean seed yield from branches (%, A and B), and from branches and main stems
(kg ha'!, C and D; dashed and full line, respectively) of old (1980) and modern (2013) genotypes
at row spacings of 0.19, 0.38, 0.76, and 1.52 m, in 2020 (panels A and C) and 2021 (panels B
and D) growing seasons. The error bars represent the 95% confidence intervals around the
estimated expected value. Insets A1 and A2 present the median number of pods in branches
across nodes of the main stem averaged over all tested row spacings in 2020 and 2021 growing

seasons, respectively.
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Figure 3.3 Soybean seed oil (panels A and B) and protein (panels C and D) concentration (%) in
the whole plant of the old (1980) and modern (2013) genotype at row spacings of 0.19, 0.38,
0.76, and 1.52 m, in 2020 (panels A and C) and 2021 growing seasons (panels B and D). The
error bars represents the 95% confidence intervals around the estimated expected value.

No apparent differences were observed in seed quality (or composition) between
branches and main stems, except for protein in 2020, where the main stem had a median of

40.8% compared to 38.3% in branches (Figure 4A to 4D, Appendix Figure B.6).
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Figure 3.4 Soybean seed oil (panels A and B) and protein (panels C and D) concentrations (%)
in branches (dashed lines) and main stems (full line) (C and D) of the old (1980) and modern
(2013) genotype at row spacings of 0.19, 0.38, 0.76, and 1.52 m, in 2020 (panels A and C) and
2021 growing seasons (panels B and D). The error bars represents the 95% confidence intervals
around the estimated expected value.

3.4 Discussion

This study provides evidence of the documented genetic yield gain for modern soybean
genotypes (Rincker et al., 2014b; Rowntree et al., 2013; Suhre et al., 2014a), reflecting greater
yield differences under narrow (<0.76 m) relative to wide row spacing (>0.76 m). Our results

also expand on the ability of modern genotypes to tolerate plant-to-plant competition under high
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plant densities (Cober et al., 2005; Suhre et al., 2014a) to that observed in the intra-row under
wide row spacings. Furthermore, the improved allocation of biomass to reproductive structures
without major changes in vegetative biomass and time to canopy closure (Koester et al., 2016,
2014; Tamagno et al., 2020) are key factors sustaining yield gains for modern soybeans. Finally,
the absence of a yield-protein trade-off in modern soybeans, likely due to high soil NOs™ and leaf
N content late in the season, offers promising economic advantages for the seed quality-driven
market (Carciochi et al., 2023a; Ergo et al., 2024a).

Our findings align with previous research (Suhre et al., 2014a) indicating that branches
contribute more to the yield of modern soybean genotypes. Branches can drive yield increases
particularly when soybeans are planted early (Board and Settimi, 1986b), and under narrow row
spacings (Herbert and Litchfield, 1982; Settimi and Board, 1988b). In this sense, our study
confirms that branches tend to concentrate in the bottom and middle section of the canopy when
growth is maximized (Herbert and Litchfield, 1982; Settimi and Board, 1988b), likely supported
by enhanced light penetration (Willcott et al., 1984). Light interception has linearly increased
with newer genotype releases (Koester et al., 2014), enhancing seed protein concentration at the
base of the main stem (Huber et al., 2016). Therefore, branches are crucial for stabilizing and
increasing yields in modern soybean genotypes, significantly impacting seed quality composition
(Moro Rosso et al., 2021).

From a seed quality perspective, maintaining protein levels at narrow rows despite higher
yields could be linked to a better light distribution (Bellaloui et al., 2012; Huber et al., 2016) and
longer green canopy duration (Appendix Figure B.2) relative to wide rows. Furthermore,
although research has shown that seed protein concentration can be lower on branches than main

stem (Moro Rosso et al., 2021), our results suggest that mainly low-yielding conditions favored
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less protein on branches. The latter could be linked to the delayed reproductive development of
branches (Munier-Jolain et al., 1994) and the fast senescence of the canopy (as for the 2020
season), suggesting a greater sensitivity to stress conditions on seed from branches. Studying
seed quality dynamics of canopy portions (i.e., branch and main stem) could aim to identify
farming practices to maximize seed quality and target protein and oil markets (Borja Reis et al.,
2022a).

Despite the limitations of this study associated with the number of genotypes tested, these
results report on the contribution of row spacing as a key management for achieving better yields
for modern soybean genotypes, with implications on seed quality. Further research should
explore a larger number of genotypes and investigate in detail changes linked to light
interception and biomass conversion efficiencies that could underpin underlying physiological
processes. Branches and main stems should be considered as modulators of seed quality (Moro
Rosso et al., 2021) with potential variations due to water and temperature stresses at different
timings during reproductive development (Rotundo and Westgate, 2009a). Canopy architecture
traits, mainly branch angle and leaf shape, are key determinants of canopy closure (Virdi et al.,
2023). Hence, branching architecture and light interception could be exploited by breeding to
enhance not only yield but also protein concentration.

3.5 Conclusion

Our study revealed that soybean yield gain could be greater at narrow row spacings
(<0.76 m) compared to the documented at 0.76 m and reinforces the important contribution from
branches to yield. Protein concentrations for the modern genotype were maintained despite high
yields under narrow rows. Future research should evaluate a larger number of genotypes and

study different canopy architecture traits.
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Chapter 4 - Assessing on-farm drivers of soybean seed protein, and

oil concentration
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Joshua Pristolas, Maninder Pal Singh, Peter Kovacs, Michael H, Ostlie, John Fulton, Peter

Kyveryga, and Ignacio A. Ciampitti

Abstract

Seed yield is the main goal for soybean (Glycine max L.) farmers, while soybean meal
with a high protein is the target for the processing industry. Soybean oil, historically considered a
byproduct, is now in higher demand due to growing interest in renewable diesel. Understanding
how environmental variables influence soybean yield and quality (seed oil and protein
concentration) in different regions is essential for developing a more diverse production chain
and strong industry. This study aims to 1) assess the importance of environmental factors in
predicting seed oil and protein concentration and reported yields, ii) identify regions with
different yield and seed quality levels, and iii) explore key factors linked to these variables across
regions. A standardized protocol was implemented to collect seed and soil samples from 235
fields in 13 US states during 2022 and 2023. We collected yield and crop management data via
survey and retrieved crop phenological stages using crop growth model simulations (DSSAT) to
summarize weather data during vegetative, reproductive pre seed-filling, and reproductive seed-

filling stages. Weather, soil, and seasonal variables predicted yield and seed oil concentration
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with better accuracy (R? 0.56 and 0.39, respectively) than for seed protein concentration (R?
0.09). Greater seed protein concentration in the northern region (39.5 %) compared to the Corn
Belt region (38.2 %) is consistent with recent studies showing improved quality in northern
soybeans. In the north, low temperatures during seed fill, linked to late planting dates or long-
maturity groups, constrained yield and seed oil concentration. While in the south, high
temperatures in the early season significantly limited yield where late sowing (after June 1)
shortened the total season length. This study offers new insights into the variation of on-farm
seed quality (seed protein and oil concentrations), utilizing a large dataset from 235 fields in 13
US states during 2022 and 2023 growing seasons. The findings of this study reveal regional
differences in soybean quality, with greater seed protein concentration, but lower seed oil
concentration in the north relative to the other regions and offers insights on environmental
factors associated. These findings serve as a reference for on-farm seed quality variation, aiding
price determination and decision-making to enhance yield and seed quality across US soybean

regions.

4.1 Introduction
The United States (US) produced 39% of the global soybeans (397 million Mg) in 2023,
with a record volume of seed crushed (55% of the production) and exported as soybean meal
(13.2 million Mg). Additionally, the production capacity of renewable diesel is expected to grow
from 2.6 to 22 billion L year™! between 2022 and 2025 (EIA, 2023; USDA FAS, 2024). The US
soybean meal, although with less protein concentration, has nutritional advantages over Brazil
and Argentina (Thakur and Hurburgh, 2007; USSEC, 2021) due to a better amino acid profile

and increased carbohydrates. However, the high regional variability in protein levels presents a
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challenge for price differentiation among farmers and merchandisers. Regional and international
beliefs and perceptions about quality ultimately define market requirements and price
differentials received by farmers (Bullock et al., 2024; Hertsgaard et al., 2019; William et al.,
2020).

Historical data indicates that the southern US states exhibit greater protein concentrations
(Assefa et al., 2018; Hurburgh et al., 1990; Rotundo et al., 2016) and higher price differentials
(Hertsgaard et al., 2019) than in the Corn Belt and northern regions. However, in the northern
region, protein levels are not consistently lower than the Corn Belt with a high year-to-year
variability (Cerrudo et al., 2023; Rotundo et al., 2016), which highlights the challenge of
generalizing a seed quality level and the need to define regional differences more accurately. The
availability of quantitative information on regional and intra-regional quality variation could
prove beneficial for informed decision-making and develop a more structured soybean pricing
formation. Indeed, a substantial body of research pointed to the need to integrate weather, soil,
and crop management data to further understand and predict more accurately the composition of
soybean seeds at a regional level (Assefa et al., 2019; Borja Reis et al., 2022b; Rotundo et al.,
2016).

Environmental factors modulate the regional variation in seed composition due to water
availability, temperature, and soil nutrients for a given genotype. Drought stress during the seed
filling period usually leads to higher seed protein concentration due to reduced seed size and less
detrimental effect on seed protein relative to oil and carbohydrate accumulation (Rotundo and
Westgate, 2009b). Similarly, heat stress has been observed to increase protein concentration,
though this phenomenon is not directly related to increased protein synthesis (Egli and Bruening,

2004; Pipolo et al., 2004; Rotundo and Westgate, 2010, 2009b). Oil accumulation is highly

45



dependent on current photoassimilates and is therefore negatively affected by heat and drought
stress (Rotundo and Westgate, 2009b), which shortens the seed fill duration. Soil nutrients
availability, particularly nitrogen (N) during the seed-filling period can restrict protein
concentration when the N from biological fixation and mineralization are unable to meet the
plant N demand (Cafaro La Menza et al., 2020, 2017; Carciochi et al., 2023b; Moro Rosso et al.,
2023). The impact of environmental factors has been examined in controlled studies at limited
regional scales. However, significant variability exists between farms, and the assessment of
changes in seed quality at the regional scale remains a challenging and ongoing area of research
(Hernandez et al., 2023).

Our research gathered data on farmer fields across 13 US states during the 2022 and 2023
growing seasons. We followed a standardized protocol across all farms to collect representative
seed and soil samples in-situ for analysis. In addition, we retrieved relevant crop management
and yield data via surveys and linked all the data with seasonal weather variables to develop a
large on-farm database, which included a total of 235 soybean fields. Following this rationale,
our objectives were to 1) assess the importance of environmental factors in predicting seed oil
and protein concentration and reported yields, i) identify regions with different yield and seed
quality levels, and iii) explore key environmental factors linked to these variables across regions
to further understand seed oil and protein concentration differences across defined geographical
regions.

4.2 Material and Methods
4.2.1 On-farm database on soybean yield, management practices, soil, and seed quality
Two years (2022 and 2023) of data were collected from 235 farmer fields across 13 US

states in collaboration with local universities including North Dakota, South Dakota, Michigan,

46



Ohio, Iowa Soybean Association, Nebraska, Kansas, Missouri, Illinois, Indiana, Louisiana,
Mississippi, and Alabama. We collected data on location, soybean yield (reported at 130 g kg™!
moisture), crop management (i.e., sowing date, harvest date, seeding rate, row spacing, maturity
group (MQ), irrigation), and factors limiting yield (i.e. diseases, late planting date, flood) via
online surveys. Field size ranged from 2.8 to 455 ha with a median field size of 24.3 ha.
Additionally, we collected in-situ soil and seed samples through a standardized protocol and
analyzed them in a single lab at Kansas State University. Before harvest, we selected between 6
to 12 sampling points distributed across the whole field for collecting the plants within 54 cm of
one row and forming a representative seed sample per field. Seed protein and oil concentration

0™ near-infrared

(reported on a dry basis) were analyzed in whole seed samples using a DA 725
spectroscopy (NIRS) analyzer (Perten Instruments, Hagersten, Sweden). We calculated the
median of oil and protein from all seed samples to characterize each field. For soil samples, we
took four cores (0-60 cm depth) at each sampling point, mixed homogeneously, and obtained one
composite soil sample per field. Lastly, we analyzed soil samples for texture (sand, silt, clay, %),
organic matter (OM, %), cation exchange capacity (CEC, meq 100 g soil""), pH, NO3~ (mg kg™!),
and P (mg kg™!).

4.2.2 Weather and crop modelling

We retrieved daily weather data on precipitation, temperature, and radiation from the

Iowa Environmental Mesonet (https://mesonet.agron.iastate.edu/request/coop/fe.phtml). We used

the nearest weather station to each field at a distance less than 40 km. We gathered relative

humidity from the NASA-POWER project (https://power.larc.nasa.gov). We calculated vapor

pressure deficit as a proxy for drought stress and reported precipitation plus irrigation (mm) for

irrigated fields. The Decision Support System for Agrotechnology Transfer (DSSAT) model
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(Hoogenboom et al., 2019; Jones et al., 2003) was used to estimate the growth stages (Fehr and
Caviness, 1977) from VE (emergence) to R7 (physiological maturity) based on site-specific
weather, soil, and management. The observed season length presented an adequate level of
agreement (MAE = 9.7 days) compared to the season length derived from DSSAT model
(Appendix Fig. C.1). We used the simulated phenology to summarize weather variables for the
periods: vegetative (v, from VE to beginning of flowering [R1]), reproductive pre-seed filling (r,
from R1 to full pod [R5]), and reproductive seed filling (s, from RS to R7). In addition, we
calculated the date of the year (doy) of R1, RS, and R7 for their reported correlation with seed
quality (Salmerodn et al., 2022). Finally, we calculated the number of days during seed fill (s)
with maximum temperatures above 30°C as in (Rotundo and Westgate, 2010) and, similarly,
with minimum temperatures below 15°C to account for heat and cold stress, respectively.

4.2.3 Data analysis

4.2.3.1 Variable importance assessment

We explored the association between seasonal characteristics, weather, and soil variables
with the response variables (yield, oil, and protein concentration) using the tree-boosting system
XGBoost (Chen and Guestrin, 2016). We chose XGBoost due to its ability to capture non-linear
relationships, capture complex interactions, and ranking the importance of each predictor adds
interpretability to the model. We excluded highly correlated covariates with similar meaning that
did not convey extra information using the Pearson’s correlation coefficient (r) (|r| > 0.75)
(Appendix Fig. C.2). For instance, sand, silt, and clay were all highly correlated, and we kept
only the latter for its affinity to CEC (also dropped) and influence on fertility. Similarly, MG,
planting date, radiation, and season length were highly correlated, hence, we only kept MG and

season length due to its easier interpretation and comparison. Weather variables in the periods v,
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r, and s, although correlated, were not dropped since we wanted to explore their association with
the response variables. We did not consider the nutrient fertilizer applied (N, P, K, S) due to an
unbalanced number of observations in each class. We also dropped NOs- due to its high in-
season natural dynamic and late sampling date (harvest). We selected 21 continuous variables
and presented a complete overview of soil, season characteristics, and weather variables for each
state in Table 4.1.

We generated 13 stratified random samples for model evaluation at the year and state
level (n=25, 11% for testing), with the remaining data reserved for model fitting (n=210, 89% for
training). For each training set, we performed a grid search to find the best combination of
hyperparameters. The hyperparameters optimized were: 1) nrounds, the number of boosted
decision trees; i1) eta, the learning rate or step size shrinkage; iii) maxdepth, the maximum depth
of a tree, where greater depth increases complexity; and iv) subsample, the ratio of training
instances used per tree. We fixed gamma (the minimum loss reduction required for further
partitioning on a tree node) to 0 and colsample_bytree at 0.7 (70% of features randomly selected)
while leaving other parameters at their default. We evaluated the model performance across the
13 testing sets using the concordance correlation coefficient (CCC), mean absolute error (MAE),
and coefficient of determination (R?). We selected the optimal hyperparameter combination
based on the highest CCC, which reflects precision and accuracy. Finally, we calculated the
feature importance on each training set as the average gain in prediction across all splits the
feature is used in (Chen and Guestrin, 2016). For an intuitive explanation of how the feature
importance is calculated, we refer the reader to Chen & Guestrin, 2016, and XGBoost tutorials

(XGBoost Developers, 2022). We ran the model with the function xgbhoost and obtained the
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feature importance with xgb.importance from the package xgboost (Chen et al., 2014) in R
Studio (Posit team, 2023).

4.2.3.2 Regional influence and relationships

We aimed to identify the most important variables for predicting yield, protein, and oil in
soybean, exploring a region spanning latitudes 30.5°N to 47.7°N, and longitudes 101.2°W to
82.4°W. This region exhibits considerable variability in growing conditions related to soil,
weather, and season characteristics, with many variables highly correlated to latitude and
longitude (Supplementary Fig. 2). To capture this regional variability, we applied the spatial
fuzzy c-means (SFCM) clustering algorithm (Cai et al., 2007) using total radiation (MJ m?) and
precipitation (mm), median vapor pressure deficit (VPD, kPa) and temperature (°C) during the
growing season, yield (kg ha!), protein and oil (%). We chose SFCM because it allows each
observation to have a probability of belonging to a cluster rather than a fixed assignment and
incorporates a spatial constraint for better space segmentation. We set the number of clusters to
three based on the Silhouette (Rousseeuw, 1987), the Xie and Benni indexes (Xie and Beni,
1991), and experts criteria to allow for meaningful regional interpretation. We used the
SFCMeans function from the geocmeans package (Jérémy Gelb, 2021) with 10 nearest
neighbors, a fuzziness coefficient of 1.5, and alpha (influence of spatial autocorrelation) of 1.5.

Finally, we explored the relationship between the three most important variables
predicting yield, oil, and protein, using the clusters to detect regional effects and derive more
interpretable results. We fit generalized additive models as flexible smoothed effects via thin-
plate regression splines using a Gaussian distribution and calculated 95% confidence interval
around the estimated expected values. We used the function gam from the mgcv R package

(Wood, 2017, 2003) and evaluated the model performance using R? and MAE. All the

50



visualizations were made using ggplot2 (Hadley Wickham, 2016) and ggpubr (Alboukadel
Kassambara, 2023) in R Studio (R Core Team, 2024).

4.3 Results

A total of 235 farmer fields were included in the database, comprising yield, seed protein

and oil concentrations, soil, and crop management data. We collected 43% of the fields in 2022
and 57% in 2023 (Fig. 1). The distribution of values for yield, seed oil and protein concentrations
were similar in both years. Overall, yield resulted in a median of 4.04 Mg ha"! ranging between
1.88 and 5.38 Mg ha! as defined by the 95" percentile (P2.5 and P97.5). Oil concentration
ranged between 17.9 and 22.9% with a median of 20.8%. Protein concentration had a median of
38.6% and ranged between 35.5 and 41.8%. A complete overview of weather, soil, and season

characteristics for each state is presented in Table 1.
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Table 4.1 Summary of season characteristics, soil, and management variables for each state

showing the median and range of observations for each variable.

sayieom
soyieom
sayieom
sayeam
sayieam
soyieam
Joqieom

1ayieom

Jo10e4

[0z ‘61 6L
[vL 9] ‘01
lz1'g0) 01
lo8z'922) ‘282
(oL 2Ll 'g6L
[z21 28] 'YL
[91vZL
[g1e'c0el ‘01E
[00z ‘821 ‘8L
l1eL 'ov) 's¢
lz1'gol ot
ls'0e '952) 782
[e8L vl 2oL
[suL ‘o8] 's8
w'slz
lee'gsl've
loe'0z) Lz
(82 51 '9z
Wz
[ov "1€] ‘98
lze 12) ‘9z
(v 'ie) e

as

[9g ‘0] ‘8L
lev'2l'e
lot ‘g0l 20
(sve '622) '0L2
sz zul ‘6L
CETRVARTTY
[80°90] 20
[vie 'c9z) vz
[50z 2’511 '06L
[ssL ‘82 ‘08
(80°90) 20
[90g 'z12) 'g82
[o6L'gvLl oL
(862 ‘vl Lt
(89 el ‘1€
iz'osl 't9
v'ezlee
lov ‘91 9z
v'el'e
[vv ‘ov] 2y
ezl 2z
(e9'21) '8y

HO

[og ‘0] ‘0z
log sl 've
levva'st

[zze L6zl 'vie

ez 'zulval

[zz1's1) '8y

[B111'sL
[zve ‘g6l T2E
[z6L'vsu ‘9L
fozy ‘22l ‘oc
l91'g0] 21
loze '0zz) vaz
CETRCFTV RS
[2¢2'08) ‘zeL
[es ‘21 ‘6L
[z8'91'89
[ '60) 'v'Z
[se ‘9]z
vel'e
[ev ‘9zl ‘98
lee 'v2) '8z
lo9'8e) 1t

an

“L¥SSQ YU PAIEINWS dJam sa6e1s UMoI9 ,

) saneiaban

9Z1/8WILINS SEM JOGIEOM |
P sAep Jo Jaquinu '(QdA) ouap anssaud joden

[er'ol't gL>Y™yshegs

[9v ‘511 ‘87 0g<**1skeqs

lo1'80] '60
[e'ee '8'82) ‘G0
lezz g9l ‘90z
[zve '68) Lot
[v1'gol 01
[ose ‘501 '62¢
ez ‘081l ‘22
(992 2] 'veL
[s1'50] 01
lose ‘e'52) 's1e
lozz ‘621l 'v6L
vz ‘el LeL
[0g€ 1] '69
lc9'vel'gs
[0s'80)'sZ
(95 8] ‘8L
l£vl's
fos ‘€] 1y
lee ‘szl 'se
(09 's¢] '8¢

W

(ed) adAs
(0) X418
(00) "ys
(ww) sa1ds
(ed) adn
(06) **ipa
() “41a
(ww) 2auds
(edX) adan
[CRRIT
(90) MaA
(ww) 22194
2 (wdd) 4
Hd

(%) Wo
(%) Aeo
oW

sheqgs
sheqs
shega

“(s) Buny (1) Buyy paas-axd :
(GL>UN | sARQS) 'DeGL > SBINEIAAWE) WNWILILL YUM 1 P 40 JBqUInU '(0£<** |SKeqs) 'D.0€ < WNWIXEW i [l paas Bul
X pue Uy wnwixew pue i ‘(334d) "(On) dnaub Aunmew ‘(Ajaandadsal 'shegs pue ‘sAeq) 'skeqa) L4-G4 PUe 'SY-LY 'LY-3A usamiaq shep Jo Jaquiny

[9g vzl ‘8T 3’01’0 lez'0l'zL [8€ ‘0] ‘52 z'ol'o [9z 'v] 'vL e el ez ezun |CIANES
eL'vl’s [ov 'sz] ‘6¢ [ty 'o1] ‘0z ve'a'y (55 '62] ‘ov [ve vi) ‘v l9z2)'9 [se 'v] 'L [ov ‘9l €L
(01 '80) 60 rrgolit  lerzol'or  u'sol'9o  [L'gol'go  [gL'zU'sL  [60'901'80  [60°'90]'80 [g1z0) 01
[z2z'e9z) ‘0tz [vve'vie) 'e2e [8ee'Lee) voz [sve'sez)'oor [Lve vie) vee [Lve'osz) 'Ole [962'962) vez [e2e ‘0Lzl 's8e (Lee'eLz) ‘2oL
levi'sol ozt ez o6l '0zz [e2z'gell v [0€z'gol Tyl [8€2'022) ‘0ez [s8L'oel)'ssL [z6l'gzl) 2ol [£0z'zsl viL (812'vvl)'ZsL
[Ba'6lly leze'osl'z6L  [o6L'sel'all  [zeL'ovl'0oL [o6e'zul'9oe  [esi'eel’zy  [8aL'oslizi  [esi'vzl'06  [612 ‘28] 'voL
1’90l ‘60 [ELvdye  izol'ol (21’90’80 [e1'60] 11 [BL'cr [eo'90l'80  (i'gol’s0  [vi'golTL
lo6z 92) ‘61z [6ve ‘s2€l ‘eve [T'se 's'62] ‘91€ [9ve '0uz) ‘98z [£'5€ Tzel ‘Bee [vse '01e] vve (916 '8'92] ‘682 [cve '262] ‘90¢ [8ve '062] o
[ez1'0zu) 'geL (562 '802) vz [viz'oml'o0z [S1z'evi]'vol [£e2e12] '0ee [01z'szul'vel [coz'evil'ou [622'0c1l'96L (912 Lol ‘6L
les‘ol'ee  [eoz'sd'zor  lese'oll've  [vzL'ogl'zz  [vsi'svl'ooL  [90L'sz]'9e  [89etv) ‘2oL (982 '88) 'Sz [seL'e) vy
(eozol'go  [ov'golzo  loL'volzo  [go'gol'oo  [i'sol'so  [61'g0l'vt  [60'solz0  [60'90)20  [11'90)'80
vez'vezl 'viz live'seel 'eoe (28 ‘ove) 6Lz (62’292l 'tz (Lve vez) vze [g'se ezl ‘oee [90e'e9zl ‘g8z [eee 1zl ‘o8z [1ie 'vor) 612
lost'oul'eeL [gzz'esll'osL (Loz'ez'eoL (98l 'zl 'eel (vez'eal 2oz [vizval)l'voz [gu'sell’est (01z2Tvll'oor [88L'e2ul 'vsL
[ser'osl'se  [voe'scl'est sz 'esd'siL (222 'z9)'s0L [seL'iol’eg  loze'szl'opt  [vvz'szlloL  [s6L'0z'su (682 ‘89] ‘9L
(96 '8 '95 [z8 ‘61 ‘Ov loo'ul'zz  [68L'e1l ‘Ov [vs'sl ‘2z 6s'su mz'vlze lozL ) 'og (2661 '8
e'solie  Ive'gs)'s9 le'vvl'ze  Lz'osl've [8'6vl'99 [e8'6vl9 (698129 599519 le'zs)'e9
loszel'se  leevel'ez  lee'ol'sl  wy'olrz  (gz'ou'st  Le'gol'sz  [6v'suez  [eseUve  [26'vel'oe
[se ‘21l ‘0z (8201 ‘ov 'z vz lz'9l'n (6 '8l ‘8L [zv'2) ‘62 [8z'el'sL [se el ‘81 les 11l '8z
L'ol’o 9'sl's 52 2 l9'lg 5]y vae v'el'y vae
[8€ '82] 's€ log "1€] vy [os ‘vel 'ev [ev ‘0€] ‘6 l6s'oel ey [vy'ezl've (v ‘98] W [sv ‘ov] 'ev [vv 'vel ‘6
lez'gu'ze lev 22) '8e (8 'sz] 've l6z12)'9z (1 '1€] 'ee lee 22l v e 've) 'z (98 '92] 'z¢ lee 61l 62
(v '92) 'ze lov ‘z€) '8¢ (¥9'62) 28 el (95 '62) 've (95 ‘9g] 'zt (85 '9g] ‘st (65 've] '8t [e9'02) ‘ov

an SN oW ] V1 S NI U vl

ajeis

52



of

°
0'.0 o & o8
L3 IL(13) ° Y

L 2 n =235

I o®

B ll_,—LL
—LI_I_L ) J_P|I gy Year
) 2022
| jj 2023
- - Tle—
0 2 4 6 15 20 25 35 40 45
Yield (Mg ha™) Seed il (%) Seed protein (%)

Figure 4.1. Location of the surveyed farmer fields (circles) in the US during the 2022 and 2023
growing seasons, showing the total per state (A). Histogram displaying yield (Mg ha™!), seed oil
and protein concentrations (%) in both 2022 and 2023 growing seasons (B).

The xgboost algorithm demonstrated superior accuracy in predicting yield and oil
concentration (R? of 0.56 and 0.39, respectively) compared to protein (R? of 0.09)
(Supplementary fig. 3). The predicted expected value exhibited a MAE of 0.52 Mg ha"! for yield,
0.91% for oil, and 1.29% for protein. The variable importance (feature gain) was important to
assess the relative contribution of each variable to the overall accuracy obtained by the xgboost
algorithm (Fig. 2). In general, weather variables were found to be important for prediction,

although the specific timing of their influence varied depending on the response variable under
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consideration. For instance, yield was primarily affected by Tmax during early-season, maturity
group, and vapor pressure deficit (VPD) during seed filling. In contrast, seed oil concentration
was mainly influenced by minimum temperatures throughout the reproductive phase and by the
duration of the early reproductive phase (R1-R5). Protein concentration, despite exhibiting
relatively low predictive power, was related to precipitation throughout the entire growing
season.

We have identified three main regions via clustering as the south, center (Corn Belt), and
north of the US soybean producing regions (Fig. 3). Yield, as expected, was ~0.82 Mg ha"!
(22%) greater in the Corn Belt (4.44 Mg ha™!) relative to the northern and southern regions (3.58
and 3.67 Mg ha'l, respectively), although more variability was observed in the south. Oil
concentration was greater in the Corn Belt and the south both presenting a median of 21.1%, and,
as usually reported, lower in the north (19.0%). Protein concentration was lowest in the Corn
Belt (38.2%) where higher yields were observed, compared to the northern and southern regions
with a median of 39.5 and 39.4%, respectively. We further calculated the performance metrics
from the xgboost algorithm by region. Yield was best predicted in the Corn Belt region (R? 0.67,
CCC 0.79) followed by the northern (R? 0.35, CCC 0.58), and with low performance in the
southern (R? 0.06, CCC 0.23) region. Oil prediction performance was highest in the north (R?
0.34, CCC 0.53), followed by the Corn Belt (R? 0.18, CCC 0.39) and lowest in the south (R?
0.09, CCC 0.29). Lastly, the prediction performance of protein was low with better metrics for
the south (R? 0.05, CCC 0.20) than for the north and center (R? 0.03 and 0.02, CCC 0.18 and
0.12, respectively). A complete overview of the season, soil, and weather by cluster is described

in Table 2.
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Figure 4.2. Variable importance (feature gain) of XGBoost model to predict yield (Mg ha-
1. A), oil (%, B), and protein (%, C) concentration based on each of the thirteen-training
sets (each point). Shaded areas indicate the .25, .5, .75, and .95 quantiles. Maximum
and minmum temperature (Tmax and Tmin, respectively), maturity group (MG),
precipitation (Prec), vapor pressure deficit (VPD), number of days during seed fill with
maximum temperatures > 30°C (sDaysTmax>30), soil organic matter (OM). Weather was
summarized for the vegetative (v), reproductive pre-seed filling (r), and reproductive
seed filling (s) periods. Crop growth stages were simulated with the Decission the
Support System for Agrotechnology Transfer (DSSAT) model.
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Table 4.2 Summary of season characteristics, weather, and soil variables for each cluster
showing the median and the range (between brackets) of observations for each variable.

Cluster
North Center South Factor

vDays 40, 13, 71] 47,12, 64] 38, [20, 60] Season
rDays 25, [18, 32] 29, [21, 38] 33, [19, 42] Season
sDays 36, [28, 43] 41, [26, 50] 39, [29, 59] Season
MG 2, [0, 4] 3,[2,5] 5,[2,7] Season
Clay (%) 17, [6, 35) 25, [3, 41] 27,[2,78) Soil

OM (%) 3.1, 1.6, 5.0] 2.8,[09,5.3] 2.5,[0.8,5.2] Soil

pH 6.6, [5.6, 8.1] 6.3, [4.4,8.2] 6.4, [4.9,8.2) Soil

P (ppm) 33, [5, 189] 25, [6, 211] 40, [8, 350] Soil
vPrec (mm)"’ 97, (56, 227) 143, [28, 298] 137, [28, 326) Weather
VTmin (°C) 14.0, [11.0, 18.6] 15.5, [10.5, 21.0] 20.0, [12.9, 23.4] Weather
VTmax (°C) 27.4, [25.2, 29.6] 28.4, [24.0, 33.3] 31.4, [25.3, 35.5] Weather
VVPD (kPa) 0.8, [0.6, 1.1] 0.8, [0.4, 1.6] 1.0, [0.5,1.9] Weather
rPrec (mm) 60, (10, 131] 82, [3, 368] 80, [25, 266) Weather
Tmin (°C) 16.1, [12.0, 21.5] 18.2, [14.6, 22.9] 21.8, [17.5, 23.7] Weather
fTmax (°C) 28.5, [26.7, 34.6] 30.6, [26.8, 35.2] 33.8, [30.5, 35.6] Weather
rVPD (kPa) 0.8, [0.6, 1.3] 1.0, [0.6, 1.8] 1.4, 0.8, 1.8] Weather
sPrec (mm) 86, [9, 192] 100, [15, 190] 128, [33, 390] Weather
STmin (°C) 14.0, [10.3, 23.0] 15.8, [11.5, 23.5] 20.6, [13.0, 23.8] Weather
STmax (°C) 26.9, [22.9, 34.5] 28.8, [24.1, 34.5) 321, [28.6, 34.7] Weather
SVPD (kPa) 0.8, [0.5,1.1] 1.0, [0.6, 1.7] 1.0, [0.6, 1.8] Weather
sDaysTmax>30 7, (2, 34] 15, [2, 42] 32, [14, 55] Weather
sDaysTin<15 26, [0, 38] 18, [0, 36] 2, [0, 26] Weather

Number of days between VE-R1, R1-R5, and R5-R7 (vDays, rDays, and sDays, respectively), maturity group (MG), Precipitation (Prec), minimum
and maximum temperature (Tpin and Tp,ay, respectively), vapor pressure deficit (VPD), number of days during seed fill with maximum
temperatures > 30°C, (sDaysT4,>30), number of days during seed fill with minimum temperatures < 15°C, (sDaysT ,<15).

" Weather was summarized in vegetative (v), reproductive pre-seed filling (r), and reproductive seed filling (s).
? Growth stages were simulated with DSSAT.

56



© North (n =51)

—
L «\> Cluster
J — G — /{\7 } @ Center (n=122)

{ Ll gee O sumese
' “ d © outh (n =
EEI
| % —t n=235

0 2 4 6 16 20 24 35 40 45
Yield (Mg ha™) Seed oil (%) Seed protein (%)

Figure 4.3 Location of the surveyed farmer fields (circles) colored according to the cluster
classification, showing the total per cluster (A). Histogram displaying yield (Mg ha™!), protein,
and oil concentration (%) for each cluster (B).

Yield, oil and protein concentrations were significantly correlated with key variables
influencing prediction accuracy (Fig. 2), with some of these variables exhibiting a strong link to
regional differences (Fig. 4). High temperatures during early vegetative stages significantly
limited yield, particularly in the southern region (Fig. 4A) where late planted soybeans (after
June 1%) exacerbated a shortening of the total season length (Supplementary Fig. 4). The

maturity group showed a regional pattern; with a positive yield response to longer crop maturity
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(and longer seasons) in the northern region, whereas in the southern region, the tendency was for

higher yields with shorter crop maturity (MG 4) (Fig. 4B). No discernible correlation was

identified between yield and VPD during seed fill (Fig. 4C). Regarding oil, a positive correlation

was observed with increasing minimum temperatures during the pre-seed-fill and seed-fill

periods and a northern-to-southern trend. Higher minimum temperatures in pre-seed-fill were

linked to an extended R1-R5 period, which was also positively associated with oil concentration

(Fig. 4 D - F). Lastly, a positive association, albeit weak, was observed between protein

concentration and precipitation in late reproductive stages (Fig. 4 G, H, I).
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Figure 4.4. Soybean yield in relation to maximum temperature in VE-R1 (A), maturity group
(B), and vapor pressure deficit (VPD, kPa) between R5-R7 (C). Additionally, soybean oil
concentration in relation to minimum temperature between R5-R7 (D), number of days between
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R1-R5 (E), and minimum temperature between R1-R5 (F). Lastly, protein concentration in
relation to precipitation (mm) between R1-R5 (G), VE-R1 (H), and R5-R7 (I). The colors
represent three clustered regions: North (green), Center (Corn Belt, purple), and South (yellow).
Growth stages were simulated with DSSAT. The relationships were fitted using generalized
additive models. The coefficient of determination (R?) and mean absolute error (MAE) are
shown.

4.4 Discussion

Our study encompasses a broad range of soil, weather, and crop management scenarios
from 235 soybean fields spanning 13 US states, collectively accounting for over three-fourths of
the country’s production (85 million Mg) (USDA, NASS, 2023). The sampling protocol for seed
and soil employed in this study ensured consistency in the characterization of each field through
a representative sample (n = 6—12 within each farmer field). This approach represents a novel
and unique method for capturing regional variations in seed quality parameters. Although our
sample size may not capture every US soybean-producing region, this study is, to our
knowledge, among the first to fuse field-derived data on yield, seed quality, and soil with
weather information to identify the main factors driving variability in soybean crop. This is
relevant to farmers and the soybean crushing industry, whose primary objectives are yield and
protein concentration, respectively, as well as to the oil industry, where an unparalleled surge in
demand is projected to result in a ninefold increase in renewable diesel production in the US to
22 billion L in 2024 (Egli, 2024; EIA, 2023).

Environmental variables (weather and soil) play a key role defining soybean yield and oil
and protein concentrations, as evidenced by our study, which categorized different regions across
the north, center (Corn Belt), and south of the US. Lower protein in the Corn Belt region have
been widely documented although with high variability (Hurburgh, 1994; Rotundo et al., 2016).

These protein levels have been attributed to higher overall yields (Assefa et al., 2018; Brumm
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and Hurburgh, 2006), although high technification (irrigation and N management) is narrowing
the yield/protein trade-off (Carciochi et al., 2023b). Conversely, the higher protein concentration
observed in the northern regions compared to the Corn Belt is consistent with recent findings
(Bullock et al., 2024; Cerrudo et al., 2023; Seth L. Naeve, 2023) showing a smaller difference in
quality than usually reported in the past decades (Hurburgh, 1994; Hurburgh et al., 1990). This
has significant implications for the price penalties that are typically applied (Bullock et al., 2024;
William et al., 2020) to northern soybeans. In the southern region, elevated protein levels are
commonly observed (Assefa et al., 2019; Rotundo et al., 2016), although with considerable
heterogeneity and interannual variability. Regional variation is related to environmental variables
that influence crop performance, including temperature, radiation, precipitation (Rotundo and
Westgate, 2009b), and soil nutrients (De Borja Reis et al., 2021). Our study encompassed a broad
area with diverse environmental gradients, enabling us to identify relationships that might not be
discernible in smaller study regions.

The relationships observed between yield, oil, protein, and environmental descriptors
were strongly influenced by regional gradients. High temperatures during the vegetative stages
can accelerate development to reproductive stages, thereby reducing vegetative growth and
shortening the overall season length, which directly impacts yield (Board and Modali, 2005).
This effect is particularly evident in the south, where delayed planting dates have been shown to
negatively affect soybean yield to a greater extent than in the central US region (Egli and
Cornelius, 2009; Salmeron et al., 2016), likely related to higher temperatures. For oil
concentration, low temperatures during reproductive stages often result from late planting dates
and the selection of longer maturity groups, which shift the seed set and filling to environments

with reduced solar radiation (Salmeron et al., 2022). Additionally, nearly 50% of vegetative
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growth occurs between R1 and R5 (Egli and Leggett, 1973), further compromising seed filling
for yield and oil synthesis. Consequently, selecting an appropriate crop maturity to ensure that
reproductive growth aligns with optimal environmental conditions is crucial for yield and oil
determination particularly in northern US regions (Egli and Cornelius, 2009; Salmerén et al.,
2022). Protein, however, largely depends on N remobilization from vegetative biomass, N
fixation, and mineral absorption during seed fill (Moro Rosso et al., 2023). Therefore, the
environmental descriptors utilized in this study do not reflect the formation process for protein.
In this regard, low precipitation or heat stress during reproductive stages can result in low yields
and high protein (Rotundo and Westgate, 2009b). Conversely, high precipitation can prolong leaf
area duration and photosynthesis, thereby sustaining N fixation and N remobilization (Kehoe et
al., 2022) leading to an increase in protein levels (Carciochi et al., 2023b; Ergo et al., 2024b) as
we observed in the southern region.

In summary, longer growing seasons with optimal planting dates were positively
associated to increases in yield and oil concentration. The earlier planting of soybeans in the US
can be hampered by erratic wet and/or cold springs as evidenced during the last decades (Deines
et al., 2023). Hence, there is an opportunity to refine the planting date and maturity selection not
only for yield (Mourtzinis et al., 2019; Siler and Singh, 2022), but also for oil productivity. Some
limitations of our study are linked to the lack of 1) in-season biomass data to understand
physiological changes in crop growth and seed quality formation, ii) field-variability in seed
quality and soil variables (instead of using the average), iii) temporal variation of soil N supply
to investigate the impact on crop seed quality, and iv) more locally based weather stations.
Further steps are required to account for the correlation between the environmental descriptors

we employed with space such as in Rotundo et al., (2016), and also including topography and
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within-field variability (Kravchenko and Bullock, 2002). Future studies might focus on
understanding spatial variation within a farmer's field on these main soybean seed quality
attributes. However, in order to do so, high-resolution spatial data will be required from both
weather (at the local level) and soil parameters (Carroll et al., 2024). Finally, this work
demonstrates the value of multi-institutional collaboration in gathering in-situ data with a

consistent protocol and allowing for inference and comparison.

4.5 Conclusion

We used a robust protocol to collect representative seed, soil samples, and management
data in 235 soybean farmer fields across 13 US states. We combined growth model simulations
to summarize weather data during key crop phenological stages. The prediction of yield and oil
concentration exhibited greater accuracy than that of protein concentration when seasonal
variables related to weather, soil, and crop growth were considered. Yield, protein, and oil levels
were within the ranges usually reported for soybean in the regions explored. However, higher
protein levels in the north suggest a narrowing in the quality gap of soybeans between this region
and the Corn Belt. The southern US yield might be limited by delayed planting dates that expose
early stages to high temperatures and shorten the season length. In the northern regions, yield
and oil are mainly limited by low temperatures during seed set and seed filling, which occur

primarily with long maturity groups or late planting dates.
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Chapter 5 - Soybean seed protein and oil concentration prediction in

the US during 2022 and 2023
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Reis, Aaron Prestholt, Joshua McDanel, Matthew Carroll, Shaun N. Casteel, Randall Pearson,
Maninder Pal Singh, Peter Kovécs, Michael H, Ostlie, John Fulton, Peter Kyveryga, and Ignacio

A. Ciampitti®

Abstract

Soybean seed oil and protein concentration are important traits on driving the market demand for
human consumption, biofuels, and animal feed. Yet, the strong influence of the environment
(i.e., weather, soil), management (i.e., planting date), and genotype (i.e., maturity group)
challenge the prediction and classification of seed quality across and within regions. In this
study, we aimed at integrating satellite data and ground-truth seed samples to build a predictive
model of soybean seed oil and protein concentration. We collected 1972 seed samples across 235
fields in 13 US states during 2022 and 2023 growing seasons. We modelled the green
chlorophyll vegetation index (GCVI) derived from Sentinel-2 satellite, during the growing
season and calculated the start of the season (emergence), the peak (around beginning of seed
formation), and end of the growing season. We gathered soil data (organic matter, pH, and clay
content), and summarized GCVI and weather (radiation, precipitation, minimum and maximum
temperature) during three periods. We used these variables for training the XGBoost algorithm to

predict seed protein and oil concentration. The final model for oil concentration explained 57%
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of the variation (R?) with a mean absolute error (MAE) of 0.76%, while the prediction of protein
concentration explained 47% of the variation with a MAE of 1.10%. Lastly, we implemented the
model in all fields of the US during the same growing seasons using the USDA soybean crop
data layer to mask the predictors at a 30 m spatial resolution. This represents the first attempt on
soybean at predicting seed quality over a large area and providing insights on weather, soil, and

crop seasonal characteristics derived from satellite data (GCVI).

5.1 Introduction

The demand for soybeans has been predominantly driven by their use in animal feed,
with a significant emphasis on enhancing protein concentration to achieve higher yields of
soybean meal. Soybean oil, traditionally used for human consumption (Ritchie, 2021), is now
receiving an increased attention due to recent policies promoting the use of biodiesel from
vegetable oils in the transportation sector (Egli, 2024; EIA, 2023). The increasing demand for
biofuel has intensified the debate surrounding the competing interests of food versus fuel,
particularly as policies are implemented to phase out key crops such as palm oil (European
Union, 2018). Accurately predicting seed quality within and across regions is therefore crucial to
meet evolving market demands, diversify the oilseed production where possible, and leverage the
competition for crop land use between food and fuel.

The quality of soybeans exhibits considerable variation both within and between regions,
resulting from the complex interplay of genetic, environmental, and management factors
(GxExM). During the seed filling phase, oil synthesis is predominantly influenced by weather
conditions (e.g., temperature and drought stress), which directly impact current photosynthesis.

In contrast, protein synthesis is more susceptible to the dynamics of nitrogen fixation and
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remobilization from plant tissues. Although the impact of GXExM on soybean quality has been
extensively investigated in controlled experiments and at the local scale, the challenge remains to
translate this knowledge into large-scale regional predictions. In this context, satellite data
present promising opportunities for leveraging the high spatial resolution in soil, weather, and
crop growth through the use of vegetation indices (Hernandez et al., 2023; Sarkar et al., 2023).

The prediction of soybean quality using satellite data can provide crucial insights for
inference, particularly if we can discern the ecophysiological processes that drive variation. For
example, time series of vegetation indices, such as the green chlorophyll vegetation index
(GCVI), have been demonstrated to predict protein and oil concentration during the peak at late
reproductive stages (i.e., seed fill) (Hernandez et al., 2023; Sarkar et al., 2024, 2023). Time series
of vegetation indices inform about crop phenology and vegetation dynamics thereby enhancing
our understanding of seasonal weather and environmental variations (Gao and Zhang, 2021; Lou
et al., 2023; Shen et al., 2022). Moreover, the incorporation of weather covariates has been
demonstrated to enhance the prediction of planting dates for corn and soybeans relative to the
use of vegetation indices alone (Deines et al., 2023). However, the foundation of a scalable
model hinges on the acquisition of extensive ground-truth data from production-scale fields,
capturing the spatial variability. Consequently, there is a necessity and an opportunity to
capitalize on the high temporal and spatial resolution of satellite data to refine the prediction of
soybean oil and protein concentration.

In this study, we developed a robust model to predict soybean oil and protein
concentration using 1972 seed samples collected over 235 farmer fields in 13 US states during
2022 and 2023 growing seasons. We used GCVI time series obtained from Sentinel-2 to derive

the peak and length of the growing season. We summarized weather and GCVI data across three
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stages during the growing season and combined soil variables to optimize the X GBoost
algorithm to predict soybean protein and oil concentration. Finally, we used the crop data layer
(CDL) (Boryan et al., 2011) to extend the predictions of seed quality to all soybean fields across

the US.

5.2 Material and methods

5.2.1 On-farm database on soybean yield, management practices, soil, and seed
quality

Two years (2022 and 2023) of data were collected from 235 farmer fields across 13 U.S.
states in collaboration with local universities: North Dakota, South Dakota, Michigan, Ohio,
Iowa, Nebraska, Kansas, Missouri, Illinois, Indiana, Louisiana, Mississippi, and Alabama. We
collected data on location, sowing date, harvest date, seeding rate, row spacing, and maturity
group (MQG) via online surveys. Field size ranged from 2.8 to 455 ha with a median field size of
24.3 ha. For sampling seeds, we selected between 6 to 12 sampling points distributed across the
extension of each field and collected the plants within 54 cm of one row to form a representative
seed sample per field. Seed protein and oil concentration (reported on a dry basis) were analyzed
in whole seeds using a DA 7250™ near-infrared spectroscopy (NIRS) analyzer (Perten
Instruments, Higersten, Sweeden). We collected a total of 1972 seed samples across 235 fields
that formed our ground truth data for model training. We then used the model to predict quality
in all soybean fields of the US during 2022 and 2023. We present an overview of the workflow

implemented from data collection to model prediction in Figure 5.1.
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Figure 5.1. Workflow overview. Green Chlorophyll Vegetation Index (GCV]I), soil organic
matter (OM), minimum and maximum temperature (Tmin & Tmax), beginning of pod (R3) and full
seed (R6) phenological stages obtained from CROPGRO simulation model, coefficient of
determination (R?), concordance correlation coefficient (CCC), mean absolute error (MAE), crop

data layer (CDL).

5.2.2 Satellite data

We downloaded soybean polygons from the USDA’s Crop-land Data Layer (CDL)

(Boryan et al., 2011) defined at 30 m resolution for 2022 and 2023. We used the CDL to mask all

the raster data to the region of interest.

From Sentinel-2 satellite mission (ESA, 2021) we downloaded images with a resolution

of 10 m for near infrared band (NIR, B8) and green (B3) with a 5-day revisit frequency. We filter

cloudy observations using XX. We downloaded observations from April 1 until October 10 in

2022 and 2023, and calculated the Green Chlorophyll Vegetation Index (GCVI) (Gitelson et al.,

2005, 2003) defined as:

GCVI = NIR/GREEN -1

We used GCVI to monitor crop greenness during the growing season because does not saturate

Equation 5.1

as the Normalized Difference Vegetation Index (Vifa et al., 2011) and characterizes crop
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phenology and productivity in soybeans. We smoothed the time series observations for each

pixel using a harmonic regression defined as:

f(®) = c+Yi_,[arcos2rwkt) + bysin(2nwkt)] Equation 5.2
Where f is the response variable (GCVI) as a function of ¢, the day of the year, we set the

number of harmonic terms k to 2, and w to 2. Examples of a fitted harmonic curve can be found
in Appendix fig D.1.

For each pixel, the fitted harmonic regression was employed to extract the day of the maximum
GCVI (peak) and the minimum preceding and succeeding the peak. The peak of GCVI is closely
correlated with the maximum leaf area index and the onset of seed formation (RS). The
minimum and maximum values were employed to indicate the start (emergence) and conclusion
(harvest time) of the season (SOS and EOS, respectively). The overall agreement between the
estimated dates of emergence, peak (RS), and harvest time obtained with the Decision Support
System for Agrotechnology Transfer (DSSAT) and those obtained with GCVI is illustrated in
Appendix Fig. D.2. The mean interval between the R3 and R6 stages as estimated by DSSAT
was 30 days, with a range of approximately 22 days prior to (SD = 12 days) and 8 days after (SD
= 12 days) the peak determined by GCVI. Accordingly, this range was employed to delineate
three stages throughout the season: between the SOS and 22 days prior to the peak (Stage 1), 22
days prior until 8 days after the peak (Stage 2, aimed at capturing the critical period for yield
determination), and the remaining period until EOS (Stage 3).

We retrieved daily weather data on precipitation, maximum and minimum temperature,
and radiation from Daymet (Thornton et al., 2022) with a 1 km x 1 km resolution using Google
Earth Engine. For each pixel, we summarized the accumulated precipitation and radiation, and
the median of temperature and GCVI during the Stage 1, 2, and 3. To retrieve soil data, we used

Polaris to obtain a 30 m resolution probabilistic map on soil organic matter (%), clay (%), and
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pH (Chaney et al., 2019) summarizing each at 30 cm depth. We calculated a total of 18
continuous predictors and summarized those for each state of data collection in Table 5.1.

5.2.3 Model Evaluation and prediction

We obtained all predictors of GCVI, weather, and soil at the sampling point locations
(n=1972) in Google Earth Engine. We then worked in R (R Core Team, 2024) to implement and
train the XGBoost algorithm (Chen and Guestrin, 2016) to predict soybean oil and protein
concentration. For model training, we implemented a 10-fold cross-validation sampling at the
state-year level and evaluated its performance on the held-out data. We optimized the
hyperparameters: (i) nrounds, the number of boosted decision trees; (ii) eta, the learning rate or
step size shrinkage; (ii1) maxdepth, the maximum depth of a tree, where greater depth increases
complexity; and (iv) subsample, the ratio of training instances used per tree. The minimum loss
reduction required for further partitioning on a tree node (gamma) was fixed at 0, and the
colsample bytree parameter was set to 0.7 (70% of features randomly selected). All other
parameters were left at their default values. We selected the optimal hyperparameter combination
based on the overall model performance on the 10 held-out (testing) datasets. We used the
concordance correlation coefficient (CCC) to identify the best combination, which reflects
precision and accuracy. Finally, we calculated the feature importance on each training set during
cross-validation as the average gain in prediction across all splits in which the feature was
used.(Chen and Guestrin, 2016).

We used the best combination of hyperparameters to build the final model for predicting
soybean oil and protein concentration. We split the ground truth data in training (70%) and
testing (30%) sampling again at the State-Year level, and evaluated the prediction performance

using CCC, mean absolute error (MAE), and coefficient of determination (R?). We applied this
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model in Google Earth Engine to all pixels classified as soybeans in the US based on the CDL
for 2022 and 2023 growing seasons.
5.3 Results

We collected a total of 1972 seed samples over 235 farmer fields in 13 US states, with
41% and 59% collected during 2022 and 2023, respectively (Figure 5.2). The ranges observed
for oil and protein were similar in 2022 and 2023 (Figure 5.2 B). Soybean oil concentration had
an overall median of 20.7% and ranged between 19.8 and 23.5%, while protein concentration
averaged 38.7% and ranged between 35.1 and 42.9% (95% quantile). A summary of protein, oil,

GCVI, weather, and soil variables is presented in Table 5.1.
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Table 5.1. Summary of season characteristics, soil, and management variables for each state

showing the median and range (between brackets) of observations for each variable.
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Figure 5.2. Location of the farmer fields (circles) in the US during the 2022 and 2023 growing
seasons, showing the total per state (A). Histogram displaying seed oil and protein
concentrations (%) in both 2022 and 2023 growing seasons (B).

The final model predicting soybean oil concentration explained 57% of the variation (R?)
with a MAE of 0.76%, while the prediction of protein concentration explained 47% of the
variation with a MAE of 1.10% (Figure 5.3 A and B). The performance of the best combination
of hyperparameters across the held-out datasets during model training is shown in Appendix Fig.

D.4. The three most significant variables for predicting oil were identified as the minimum

temperature during the critical period surrounding the peak of GCVI (stage 2), radiation in the
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late season (stage 3), and maximum temperature during stage 2 (Figure 5.1-C). In contrast, for

protein, the GCVI during stage 1 and 2, and precipitation in stage 3 were determined to be the

most influential predictors (Figure 5.1-D).
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Figure 5.3. Comparison of observed versus predicted oil (%, A) and protein concentration (%,
B) of soybean on the testing dataset (30%) of the final model. The dots represent observed values
from a farmer field, the dashed line shows the 1:1 relationship, and the solid line denotes the
overall relationship between the observed and predicted data. Coefficient of determination (R?),
root mean square error (RMSE), concordance correlation coefficient (CCC), mean absolute error
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(MAE), percentage lack of accuracy (PLA), and percentage lack of precision (PLP) are shown.
Variable importance (feature gain) of XGBoost model for oil (C) and protein (D) concentration
for each of the 10 training datasets from the cross-validation with the best combination of
hyperparameters. Shaded areas indicate .25, .50, .75, and .95 quantiles.

As an example, we show the prediction of protein and oil in soybean fields close to Manhattan,

Kansas during 2023 in Figure 5.4.

Figure 5.4. Example map showing the prediction of seed oil and protein in soybean fields near
Manbhattan, KS during 2023.

5.4 Discussion
These results mark a significant advancement in predicting soybean seed quality with

high accuracy and inference into the factors driving variability across large regions at fine spatial
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scales. To the best of our knowledge, this is the first study to integrate ground-truth data with
satellite information on weather, soil, and crop growth characterization (i.e., GCVI) to predict
soybean seed quality across a large region. This approach markedly enhances spatial resolution
and prediction accuracy in comparison to previous endeavors employing interpolation of
observations or the utilization of vegetation indices in isolation (Hernandez et al., 2023; Rotundo
et al., 2016; Sarkar et al., 2024, 2023). The observed variability in oil content is similar to other
studies showing a 17.6% of variability around the mean (Assefa et al., 2019; Cerrudo et al.,
2023; Rotundo et al., 2016). However, we explored a wider range of protein variability than is
typically reported, with a mean value of 20.8% and a standard deviation of 17.8% This likely
reflects a broader range of environmental conditions during the growing season. These insights
can assist farmers and merchandisers in optimizing production and supply chains to meet diverse
quality demands. Moreover, the ability to predict oil concentration can directly influence policy
decisions about energy production. As the demand for biofuels continues to grow, soybeans
yields are increasing globally, with no evidence of stagnation in 85% of global areas (Gerber et
al., 2024; Ray et al., 2012). However, challenges remains regarding the expansion and
conversion of land for soybean production (Heimann et al., 2023; Marin et al., 2022; Ritchie,
2021).

In general, oil concentration is primarily influenced by temperature and the duration
(accumulated radiation) of the early reproductive and seed fill period (Rotundo and Westgate,
2009a), while protein concentration is more related to N remobilization from plant tissues and N
fixation during the seed fill period. Vegetation indices, such as GCVI, can be employed to
monitor the phenology and leaf area of soybeans, thereby reflecting crop growth dynamics across

the growing season (Lou et al., 2023). Consequently, GCVI may serve to indicate the nitrogen
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status of the entire crop and assist in the forecasting of seed protein concentration in soybeans
(Hernandez et al., 2023; Sarkar et al., 2023). The integration of weather data with vegetation
indices has consistently demonstrated superior performance in prediction frameworks, exceeding
the accuracy of models that rely on a single data source (Cai et al., 2019; Deines et al., 2023; Li
et al., 2023). Lastly, discrepancies in seed quality between full-season and double-cropped
soybeans are frequently observed (Hernandez et al., 2023), underscoring the necessity to refine
this framework to connect management strategies directed at specific seed quality levels.

A few limitations of our study are linked to the use of harmonic regression to extract
phenology features, which can result in an under- or overestimation of the beginning and end of
the growing season (Beck et al., 2006), and assume a symmetric relationship during the growing
and senescence stages. Future efforts should focus on 1) increasing the ground truth data size
including more observations and years to link temporal variability on protein and oil
concentration, ii) using of historical weather data to predict average regional quality, iii)
combining yield and seed quality predictions to better understand the trade-off between these
two attributes and extrapolate estimates of oil and protein production to county, state, and
national statistics. Similar approaches applied to other oilseed species could help to better assess
the production and diversification of species and end-uses. Coordinated efforts between research
and policymakers is needed (Mehrabi et al., 2022), especially to adapt policies that aim for
sustainability and diversification of the global oilseed production system (Cadillo-Benalcazar et

al., 2021; Tobben et al., 2024).
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5.5 Conclusion

We integrated a comprehensive ground truth dataset of on-farm soybean seed quality
with satellite data on weather, soil, and GCVI to forecast soybean seed protein concentration
across the United States during 2022 and 2023. The resulting predictions exhibited a mean
absolute error (MAE) of 0.76% for oil and 1.10% for protein, representing an improvement over
previous effort. This work illustrates the potential of collaborative research initiatives that
integrate observed data across extensive regions. Future endeavors should extend these
approaches to yield predictions, enabling estimates of seed oil and protein production across
diverse geographical regions. Connecting research and policy efforts will be pivotal to address
sustainability concerns and address shortcomings in both hard and soft infrastructure for

fostering consensus.
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Chapter 6 - Conclusions

Soybean plant arrangement, due to the seeding rate and row spacing combination, lays
the initial configuration for plant growth and development. Appropriate combinations depend on
the genotype and the environments. Continuous advances in high yielding cultivars and
machinery necessitate ongoing reevaluation of basic management strategies affecting growth,
yield, and seed quality. Additionally, understanding the factors that influence soybean protein
and oil concentration is crucial for addressing global market prospects with informed and
science-based decision-making. Our research expands the understanding of soybean growth
plasticity under different seeding rates and row spacing in modern systems. Moreover, our
results set the foundation for exploring seed quality variations within and across regions in
soybeans.

The first objective of this dissertation was to evaluate the effect of plant-to-plant spatial
uniformity on soybean yield across various seeding rate and yield environments. In chapter 2, we
found that non-uniform plant spacing affected yield similar across seeding rates from 100 to 550
seeds m2. Contrary to our hypothesis that plants at lower seeding rates have less compensation
under non-uniform spacing, we found that yield compensation was limited at all seeding rates.
However, non-uniform spacing impacted yield in low- and medium-yield environments (< 3 Mg
ha!), but not in higher yield environments. Moreover, we developed a novel metric that
correlates observed plant spacing with the theoretical spacing (calculated from seeding rate and
row spacing) and demonstrated that this metric has a stronger correlation with yield than the
standard deviation of spacing used in prior research. These results are valuable for managing
soybeans in environments that can limit growth and compensation for yield (i.e., express

phenotypic plasticity).
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The second objective of this dissertation was to assess the impact of different row spacing
and their effects on yield and seed quality, at plant level and also on the overall variation in main
stems and branches for both an old and a modern soybean genotype. In chapter 3, we found that
the yield improvement of the modern variety was greater under narrow rows (<0.76 m) relative
to the already documented gain under wider rows. As anticipated, the yield improvement was
predominantly attributable to an increased number of pods and yield on branches. In addition,
seed protein concentration in the modern genotype was maintained, despite the high yields.
Lastly, we found that in low yielding conditions, protein concentration on branches was lower
than on the main stem, suggesting that photo-assimilate dominance on the main stem limit
protein deposition on branches. These findings reinforce the benefits of narrow row spacing for
improving yield in modern soybean, particularly in high-yielding conditions, without sacrificing
protein concentration.

The third objective was to evaluate the role of weather, soil, and management factors in
predicting soybean oil and protein concentration, and to identify regions associated with distinct
seed quality levels. In chapter 4, we collected in situ seed and soil samples from 235 soybean
fields across 13 US states. We averaged the seed quality of 6 to 12 samples per field allowing for
a representative estimation of the mean. A model of phenology was constructed, and weather
variables were summarized during key stages of soybean growth. The results demonstrated that
weather, soil, and management variables exhibited a greater degree of accuracy in predicting
yield and oil content than protein content. Three main regions were identified -north, center
(Corn Belt) and south, within which seed quality ranges fell within the expected ranges except
for higher protein in the north than in the Corn Belt region suggesting a narrowing of the quality

gap. The yield and oil content in the southern region were constrained by delayed planting dates,
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which exposed the early stages to elevated temperatures and shortened the growing season. In
contrast, the northern regions were limited by low temperatures during seed formation, due to the
long maturity groups or late planting dates. These findings offer important benchmarks for
soybean seed quality across regions and enhance our understanding of how management and
environmental factors influence regional variations.

The fourth objective of this dissertation was to build a robust predictive model for
soybean oil and protein concentration across US soybean fields. In chapter 5, we integrated
satellite data on weather, soil, along with the green chlorophyll vegetation index (GCVI) and
derived the growing season length at a 1 x 1 km resolution. We used the same data from chapter
4 although each seed sample collected was used as an observation allowing for a n=1973. Using
the XGBoost algorithm, we predicted oil with an R? of 0.54 and a MAE of 0.75%, while protein
predictions had a R? of 0.45 and a MAE = 1.13%. Seed quality predictions across all US soybean
fields showed higher protein concentration in northern and southern regions with lower levels on
the Corn Belt. While oil was higher in the Corn Belt and southern region. This effort
substantially improved the spatial resolution and accuracy of prediction compared to existing
remote sensing and interpolation efforts to map seed quality. Finally, this work demonstrates the
potential of multi-institutional collaboration by bringing multiple farmers across all of the main
producing region of the US.

Limitations and Future Research

The main limitations on the finding of our studies can be attributed to the lack of
variation in planting dates, locations, and genotypes for Chapters 2 and 3. For instance, different
planting dates could have introduced substantial variation in environmental conditions affecting

growth and development likely expanding possible recommendations on seeding rate and row
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spacing choice. Similarly, in Chapter 3, only two genotypes were tested over two contrasting
growing seasons, which constrains the inference of our results. Nevertheless, the detailed
measurements collected throughout the season allowed for meaningful interpretations. In
Chapters 4 and 5, limitations were related to the yield data collected via survey rather than in-situ
measurements. In addition, in-season biomass collection could have provided physiological
perspectives of yield and seed quality formation.

Future research efforts on soybean should focus on yield and seed quality improvement
in the context of climate change, the development of tailored varieties to meet current market
demands, and an investigation into the capacity of legumes to fix N2. Recent studies have
demonstrated that elevated COz can increase yield and protein concentration, though oil levels
may decline (Digrado et al., 2024). However, high nodulation and balanced carbon allocation
may offset this effect maintaining oil levels while increasing yield and protein concentration
(Zhong et al., 2024). Additionally, the imperative need to reduce greenhouse gas emissions to
revert catastrophic events due to climate change tackled growing interest in renewable diesel
from vegetable oils. In the near future, developing high oil-low protein, high-yielding cultivars

may become a primary research objective to enhance oil production per unit area (Egli, 2024).
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Appendix Table A.1. Effect of planter type, seeding rate, and their interaction for each of the four US site years. References: Spacing

between plants standard deviation (Spacing sd), percentage of perfectly spaced plants (Perfect), percentage of plants misplaced by

66% (Mis 66), percentage of plants misplaced by 33% (Mis 33), percentage of double plants (Double), percentage of short skips plants
(Short-skip), percentage of long skip plants (Long-skip), percentage of double skips plants (Double-skip), percentage of greater than

double skip plants (> Double-skip), achieved versus targeted evenness index mean and standard deviation (ATEI and ATEI sd,
respectively), and evenness index standard deviation (EI sd).

Yield (Mg ~ Spacing  Perfect ~ Mis66 Mis33  Double  Short ';‘I’(’I"f’ Double ~ >Double .. ATEI - El sd
USIFr9 ha™) sd (cm) (%) (%) (%) (%) skip (%) (%) skip (%) skip (%) sd
Planter' ME 3.01 5.8 142 2.9 a2 1.3 25b 104 a 10.4 10.4 379a 21a 1.0 06a 02b
P) EE 2.88 5.8 10.0 11.2a 10.8 108 a 179a 7.9 6.7 246a 15b 1.0 05a 03a
p-value 0.69 0.975 0.465 0.002  0.879  <0.001 0.009 0.411 0.192 0.004 <0.001  0.825  0.001  <0.001
f’aet‘:ding 161 3.04 5.0 6.67b 10.0 a 1.7 75 13.8 6.3 9.6 34.6 1.9 123a 05a 0.3a
ﬂ;ﬁf‘fg;) 321 2.84 6.6 175a 42a 10.4 5.8 14.6 12.1 75 27.9 17 080a 06a 0.3a
p-value 0.548 0.124 <0.001 0.029  0.649 0.362 0.772 0.055 0.468 0.149 0.05 0.023  0.007  0.016
P x SR 0.726 0.567 0.357 1.000  0.448 0.362 0.246 1.000 0.664 0.857 0.342 0566  0.164  0.012
USDry19
P ME 2.66 6.6 104 a 750 a 13.3 12.2a 9.6a 75 6.3 332a 19a 13 05b 03a
EE 2.45 5.0 272a 2.08a 20.1 25b 189a 8.8 6.7 13.8b 15a 1.0 07a 02b
p-value 0.441 0.226 <0.001 0.006  0.108  <0.001 0.003 0.655 0.882 <0.001 0.006  0.334  <0.001  <0.001
SR 161 291a 6.7 15.8 4.6 17.9 104 a 13.3 7.1 9.2a 21.7 19a 16a 05b 03a
321 221a 5.0 21.8 5.0 15,5 42b 15.1 9.2 38a 25.4 15a 0.6b 06a 02a
p-value 0.01 0.215 0.168 0.831  0.565 0.005 0.461 0.414 0.034 0.313 0.02 0.002  0.001 0.01
P x SR 0.523 0.841 0.006 0.019  0.565 0.042  <0.001  0.141 0.244 0.865 0.378  0.647  0.167  0.161
USIrr20
P ME 4.18 3.9 10.8a 133 a 1.3 6.2a 13.8 75 9.2 279a 1.6 0.7 05b 03a
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EE 4.33 3.0 23.7 a 5.8a 15.4 0.0a 20.8 7.5 9.2 17.5a 1.5 0.6 0.7a 0.2b
p-value 0.441 0.187 0.001 0.013 0.235 <0.001 0.258 1.000 1.000 0.025 0.743 0.363 <0.001 <0.001
SR 161 4.51 44 20.8 7.5 15.0 25 18.3 5.8 ab 10.0 20.0 1.5 0.5 0.6 0.2
215 4.39 37 18.3 10.0 75 5.0 20.8 8.3ab 9.2 20.8 1.6 0.6 0.6 0.2
269 3.96 2.9 13.3 9.2 14.2 0.8 12.5 12.5a 1.7 25.8 1.6 0.6 0.6 0.2
321 4.16 2.8 16.7 1.7 16.7 4.2 17.5 3.3b 5.8 242 1.6 0.7 0.6 0.3
p-value 0.178 0.255 0.496 0.806 0.268 0.356 0.58 0.036 0.313 0.79 0.971 0.865 0.458 0.063
P x SR 0.424 0.455 0.306 0.534 0.43 0.356 0.838 0.731 0.037 0.896 0.616 0.484 0.286 0.031
USDry20
P ME 2.90 2.8 329a 5.0a 16.3 04a 16.7 12.1 5.8 10.8 13a 0.5 0.7a 0.19a
EE 3.09 25 154 a 17.5b 14.2 54a 17.9 8.8 9.6 11.3 12a 0.4 05b 0.25a
p-value 0.575 0.611 0.002 <0.001 0.574 0.008 0.724 0.300 0.083 0.905 0.030 0.535 <0.001 0.001
SR 161 2.79 41a 31.7a 10.0 10.0 3.3 15.8 6.7 8.3 14.2 1.3 0.5 0.6 0.2
215 3.17 2.7 ab 29.2 ab 11.7 14.2 0.8 14.2 16.7 6.7 6.7 1.2 0.4 0.7 0.2
269 2.99 19b 18.3b 13.3 19.2 3.3 15.8 12.5 8.3 9.2 1.2 04 0.6 0.2
321 3.03 19b 175b 10.0 17.5 42 233 5.8 75 14.2 1.3 0.5 0.6 0.2
p-value 0.707 0.009 0.024 0.749 0.310 0.623 0.257 0.056 0.939 0.134 0.440 0.819 0.266 0.227
P x SR 0.85 0.820 0.122 0.276 0.519 0.581 0.611 0.003 0.013 0.363 0.493 0.743 0.749 0.381

'Planter type: Max Emerge® (ME) and Exact Emerge® (EE)

?Letter and ANOVA threshold. Different letters mean significant differences among treatments.
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Appendix Table A.2. ANOVA table of ATEI sd (achieved versus targeted evenness index
standard deviation) and seeding rate (SR) level effects on soybean yield (Mg ha'!). Low,
medium, and high SR levels based on SR lower than 200 seeds m, between 200 and 300 seeds
m2, and greater than 300 seeds m, respectively.

Intercept Slope
SR level (SR level) (ATEI sd)
Low 391 -1.26
Medium 3.86 -0.732
High 4.01 -1.022
Pr(>F) ATEI sd <0.01
SR level 0.83
ATEI sd xSR level 0.26
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Appendix Figure A.1. Effect of site-year on yield, plant density, and all community-scale
metrics of spatial uniformity (ATEI mean, ATEI sd, EI mean, EI sd, Doubles, Mis 33, Mis 66,
Perfect, Short-skip, Long-skip, Double-skip and >Double-skip). Different colors denote site-year
used as training (red) and testing (blue) data sets. Fisher’s LSD pair-wise comparisons was
performed on significative variables. Means followed by the same letter are not significantly
different at P = 0.05. References: ATEI sd = achieved versus targeted evenness index standard
deviation, EI sd = evenness index standard deviation, Double skip = percentage of double skips
plants, Mis 66 = percentage of plants misplaced by 66%, U.S.: United States, Arg: Argentina,
Dry: dryland, Irr: Irrigated, 19 and 20: 2019 and 2020 calendar years.
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Appendix Figure B.1. Density plot of obtained plant density (plants ha') for the evaluated
seeding rates (148 and 445 thousand seeds ha!) in 2020 and 2021. White lines denote the median
of plant density.
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Appendix Figure B.2. Canopy coverage (%) of soybean between 50 and 100 days after sowing
(R2 and R6 phenological stages, respectively) of the old (1980) and modern (2013) genotype at
row spacings of 0.19, 0.38, 0.76, and 1.52 m, in 2020 and 2021. Dashed lines represent 95% of
light interception.
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Appendix Figure B.3. Density distribution of the difference between the modern and old
genotypes for yield (kg ha!) in 2020 and 2021. Lines denote the 95 % quantiles, and the mean.
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Appendix Figure B.4. Density distribution of the difference between the modern and old

genotype for yield in branches (%, top panel) and main stems (kg ha!, bottom panel) in 2020 and
2021. Lines denote the 95 % quantiles, and the mean.
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Appendix Figure B.5. Density distribution of the difference between the modern and old
genotype for the seed protein (top panel) and oil (bottom panel) concentration (%) in 2020 and
2021. Lines denote the 95 % quantile, and the mean.
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Appendix Figure B.6. Density distribution of the difference between the modern and old
genotype for the seed protein (top panel) and oil (bottom panel) concentration (%) in branches
and main stems in 2020 and 2021. Lines denote the 95 % quantile, and the mean.

104



Appendix C - Chapter 4 Supplementary Material

&
@

<€
oI 0|3 »
Yield 6 B ¥ R o
RowSp P P o8 &F

SeedingR 4 (J <f o
MG B DS P
SeasonL Pore P
vDays 4 9 PP S
rDays P R0BDVL
sDays ¢« @B b2 Hp P Y
@ 000 €0
Lon Ao pa S
Radn ¢ Q) 2 DAHBD VI [ |

T > 09 00 @ °0 B 0@ T P o
VPD Qg Pod gY@ )n\\Q

Prec /&P D& DY DRRLID V0

R1 pgadarage@@d ¢ 0 ol
Rs 04 @ > 4 andvi@e® »
R7 449 Bg e 4 QO.Q“ qi\(@ & X
Sowing | Pig g, | ®9 00 CU P G° MDD & <&
sDaysTnw>30 P Q (PO ;” a9 DG PAIDREAGO O P &£
sDaysT,,<15 a4 ¢ @ Q‘ n‘a‘ q‘oq"-"“,&@\
Clay Q9 o noPg ad | ¢
siit [ l> uaa oD Y Bd Pl
Sand K @ H& aa nnaaggaa v 0 g@ S
om 4 gaqa §n agdaq gop 8 &
pH 4 Pgogada ng I 4a ag 9P P Q?*,)
NO™ ) o aan a9
P PP o 449 BD Qg
CEC P @ P o q @ AUpr 2

Appendix Figure C.1. Correlation matrix of environmental descriptors. Pearson's correlation is
displayed with the pie charts, indicating the direction and magnitude of each correlation. Only
variables significantly correlated are displayed (p<0.05). Seed protein and oil (%), yield (kg ha
1, row spacing (RowSp, m), seeding rate (SeedingR, seeds m2), maturity group (MG), Season
length from planting (SeasonL), Latitude (Lat), Longitude (Lon), radiation (Radn, MJ m),
maximum and minimum temperature (Tmax and Tmin, respectively, °C), vapor pressure deficit
(VPD, kPa), precipitation (Prec, mm), beginning of flowering (R1), beginning of seed (R5),
physiological maturity (R7), sowing date (Sowing), number of days during seed fill with
maximum temperature > 30°C (DaysTmax>30), number of days during seed fill with minimum
temperature < 15°C (DaysTmin<15), clay (%), silt (%), sand (%), soil organic matter (OM, %),
pH, soil No- (ppm), soil P (ppm), and cation exchange capacity (CEC, meq 100 g™! soil).
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Appendix Figure C.2. Comparison of observed versus predicted yield (Mg ha!, A), oil
concentration (%, B), and protein concentration (%, C) of soybean. The observed dots represent
the median value for protein and oil, and the reported yield from a farmer field of the U.S. that
was not used during model training, the dashed line shows the 1:1 relationship, and the solid line
denotes the overall relationship between the observed and predicted data. Coefficient of
determination (R?), concordance correlation coefficient (CCC), mean absolute error (MAE),
percentage lack of accuracy (PLA), and percentage lack of precision (PLP) are shown.
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Appendix Figure D.1. Example harmonic fits between day of the year and the Green
Chlorophyll Vegetation Index (GCVI). Dots represent cloud-free observations from Sentinel-2.
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Appendix Figure D.2. Agreement between the start (A), peak (B), and end (C) of the season
obtained with GCVI versus the emergence, beginning of seed formation (R5), and harvest
maturity (R8), respectively, obtained from DSSAT. The coefficient of determination (R?) and
mean absolute error (MAE) are shown.
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Appendix Figure D.3. Correlation matrix of environmental descriptors. Pearson's correlation is
displayed with the pie charts, indicating the direction and magnitude of each correlation. Only
variables significantly correlated are displayed (p<0.05). Soybean seed protein and oil (%),
Latitude (Lat), Longitude (Lon), precipitation (Prec, mm), radiation (Rad, MJ m-?), maximum
and minimum temperature (Tmax and Tmin, respectively, °C), green chlorophyll vegetation index
(GCVI), clay (%), soil organic matter (OM, %), pH.
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Appendix Figure D.4. Comparison of observed versus predicted oil (%, A) and protein
concentration (%, B) of soybean on all held-out datasets from the cross validation with best
combination of hyperparameteres. The dots represent observed values from a farmer field, the
dashed line shows the 1:1 relationship, and the solid line denotes the overall relationship between
the observed and predicted data. Coefficient of determination (R?), root mean square error
(RMSE), concordance correlation coefficient (CCC), mean absolute error (MAE), percentage
lack of accuracy (PLA), and percentage lack of precision (PLP) are shown.
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