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Abstract

Iron deficiency chlorosis (IDC) is a major yield-limiting factor for soybean
[Glycine max (L.)] grown on high pH calcareous soils. In soybean, IDC is caused by a lack
of soluble (Fe?*) iron to the plants, with symptoms characterized by interveinal chlorosis
of the leaves and stunting of the growth. In order to overcome the problem and ensure
profitability, effective and economical solutions are needed. This study examined the
effectiveness and interactive effects between three of the most often used management
strategies for soybean IDC across a range of IDC stress levels: varietal tolerance [highly
tolerant (HT) and moderately tolerant (MT)], iron chelate rates (0, 2.24 and 4.48 kg Fe-
EDDHA ha!) and seeding densities (309,000 and 433,000 seeds ha?). Given that there is
a trade-off in cost and yield relative to the adoption of each of these management strategies,
profitability and economic risk analysis were performed to evaluate the impact of variety
selection, seeding densities, and iron chelate rates on economic returns. Overall, our
findings determined that planting a HT variety, applying Fe-EDDHA in-furrow at planting,
and increasing the seeding rate were all effective at minimizing yield losses due to IDC.
For every one-point increase in IDC severity measured by our environmental index (El),
the HT variety yielded 0.21 Mg ha* more, on average, than the MT variety. A similar trend
was observed with iron chelate application. As IDC became very severe (El of 4, for
example), yield improvements averaging 1.4 and 1.7 Mg ha were observed with soil
applications of 2.24 and 4.48 kg Fe-EDDHA ha'l, respectively, compared to the untreated
plots. Although a smaller effect was observed with increased seeding rates (150 kg hat
yield increase with 433,000 seeds ha™ relative to 309,000 seeds ha''), this effect was
consistent across environments and treatment combinations. For profitability and economic
risk analysis, environments were classified into low-moderate and severe IDC based on
their EI. Our economic risk analysis showed that the best option in terms of risk to reward
for low-moderate IDC conditions was the HT variety with 2.24 kg Fe-EDDHA ha! at
309,000 seeds hat. Conversely, when IDC was severe, the single best alternative for IDC
management considering the amount of risk per unit of reward was the HT variety with
4.48 kg Fe-EDDHA ha! planted at 433,000 seeds ha, which provided a sharpe ratio only

0.02 points lower than the optimum portfolio. Because IDC most frequently occurs in



complex and discontinuous patterns, creating low, moderate, and severe areas interspaced
within a field, growers very often do not know the extent of these areas and amount of yield
loss being caused by this abiotic stress. Thus, this study also investigated the utility of
UAV-based vegetation indices for estimating grain yield of soybean grown under IDC
stress conditions as a tool to aid growers, researchers, industry and policy makers with crop
management, market planning, market research, and policy writing. Results from this study
showed that in-field assessment of IDC symptoms using vegetation indices (VI’s)
generated from UAV imagery is more precise, objective, and efficient than ground-based
methods such as visual chlorosis scores and ground-based canopy sensing tools such as
Crop Circle™. In addition, we found that NDVI provides the highest predictive power for
yield estimation at R1, while NDRE provided the most accurate yield estimations at R5.5.
These two VI’s were then used as explanatory variables for yield prediction model
development using linear regression. Performance analysis showed that NDRE at R5.5 was
more accurate in predicting yield than NDVI at R1, but the overall performance of both
models could have been better when validated with testing data. As such, an alternative
approach was proposed to improve yield forecasting accuracy. A path analysis was
performed to identify the cause-and-effect relationship between VI’s and grain yield, which
indicated NDRE at R5.5, OSAVI at R5.5, and NDVI at R1 as most relevant for yield
estimation. These VI’s were used as predictors in a regression tree algorithm, which was
able to predict soybean yield with a relatively low RMSE (0.53 Mg ha') and MAE (0.45
Mg ha'), while explaining more than 93% of the yield variability. Results from this study
can help soybean growers increase productivity, improve economic returns while
controlling economic risk, and provide an advantage when it comes to agricultural decision

making.
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Chapter 1. Literature Review

1.1 Soybean Production Worldwide and in the USA

Soybean [Glycine max (L.) Merrill] is a leguminous plant in the Fabaceae family
and is extremely valuable for livestock feed and human diets, primarily due to its protein-
rich meal, and as an oilseed crop for many food ingredients and industrial uses (Clemente
and Cahoon, 2009; Vogel et al., 2021). Typically, soybean seeds contain around 36%
protein, 19% oil, 28% carbohydrates, and 4% mineral elements, but the expression of these
contents can vary significantly based on genotype by environment interactions (Gopalan
et al., 1974; SOPA, 2002; Pipolo, 2002). Native to Eastern Asia, soybean domestication
occurred around 5000 years ago from its wild ancestor Glycine soja Sieb. & Zuccc. (Carter
et al., 2004; Hymowitz, 2004; Qiu and Chang 2010). In view of the concerted efforts in
domestication, breeding improvements, and enhanced agronomic practices, soybean has
become the major contributor to the world’s oilseed production (Anderson et al., 2019).

In the 2020/2021 marketing year, soybean alone accounted for 60% of the global
oilseed production (619.2 million metric tons, MMT), while other crops such as rapeseed,
sunflower, and peanut accounted for 11%, 9%, and 8%, respectively (USDA-FAS, 2021).
Currently, soybean is grown on 127.9 million hectares (ha) worldwide, with a total annual
production of 366.2 MMT (USDA-FAS, 2021). Brazil, USA, and Argentina are the leading
countries in soybean production, holding a respective share of 38%, 31%, and 13% of
global production (Table 1-1). Together, these three countries contribute 82% of the annual
soybean production and 70% of the harvested area globally (USDA-FAS, 2021).

Farmers in North America first cultivated soybean as early as 1765, using cultivars
brought by sailors from China (Qiu and Chang, 2010; Gaonkar and Rosentrater, 2019).
Before the early 1950’s, soybean was grown in the US as a soil nitrogen builder and forage
crop (Anderson et al., 2019). Then, two main factors triggered soybean production on an
increasingly large scale in the country: a) an explosion in livestock and poultry production
due to low-cost soybean meal availability, and b) the recognition of its value as a source of
vegetable oil (Brar and Carter, 1993). Between 1970 and 2021, soybean planting in the US

expanded more than 85%, increasing from 17.1 to 33.4 million hectares harvested (USDA-



FAS, 2021). Currently, soybean is the second most relevant US grain crop regarding area
planted with a total market value of US$45.7 billion (Soystats, 2022).

Along with the increase in planted and harvested acreage, a change in the
geography of soybean production occurred. As breeding programs began developing new
varieties that demanded shorter growing periods and were more tolerant of drier conditions,
soybean production expanded northward and westward (“U.S. Soy: International Buyer’s
Guide”, 2006). Presently, the top ten producing states in the US are Illinois, lowa,
Minnesota, Indiana, Nebraska, Missouri, Ohio, South Dakota, North Dakota, and Kansas
(USDA-NASS, 2021). As shown in Table 2-2, more than 80% of the US soybean
production occurs in the midwestern United States.

As soybean has been extensively grown in areas of the Midwest, where high
calcium carbonate content and high pH are intrinsic properties of the soil, significant yield
losses have been reported due to Iron Deficiency Chlorosis (IDC) (Inskeep and Bloom,
1984; Rogovska et al., 2007; Goos and Johnson, 2000; Helms et al., 2010; Hansen et al.,
2003). Using a geographic information system with maps of soil pH, Hansen et al. (2004)
mapped the area where IDC is expected to be a problem in North Central US. The authors
estimated the total area of soybean grown under IDC-prone soils to be approximately 1.8
million hectares in the region encompassing the states of North and South Dakota,
Minnesota, and lowa. In addition, a 160% expansion in soybean acreage was verified
between 1970 and 2002 in this region, which is a clear demonstration of how IDC has

become a major problem for soybean grown in the Upper Midwest (Hansen et al., 2004).

1.2 Soybean Iron Deficiency Chlorosis

Iron (Fe) is the fourth most abundant mineral element in the crust of the Earth, and
in fact, IDC is not associated with a shortage of Fe in the soil (Stucki et al., 1988; Hansen
et al., 2003). The form of iron present in the soil solution is what determines availability
for plant uptake, and consequently, the incidence of IDC (Inskeep and Bloom, 1987;
Marschner and Romheld, 1994). Soybean plants preferentially take up the soluble/reduced
form of iron [Fe?* or ferrous iron] (Kaiser and Bloom, 2018). When iron becomes less
soluble in the soil, i.e. present in its ferric [Fe3*] form, plants cannot absorb it (Naeve,

2004). Without a sufficient supply of iron, the synthesis of chlorophyll, necessary for



photosynthesis, is restricted, resulting in IDC development, a common symptom of iron
deficiency (Goos and Johnson, 2000; Gambel et al., 2014).

In soybean, IDC is characterized by interveinal chlorosis (leaves that are yellow
with dark green veins) and overall stunting of growth (Hansen et al., 2003; Inskeep and
Bloom, 1987). Typically, IDC symptoms appear as early as when the first trifoliate leaf
appears and can persist until maturity if IDC is severe but are most common from V2 to
V4 developmental stages (Inskeep and Bloom, 1987; Caviness and Fehr, 1981; Niebur and
Fehr, 1981). Since iron is not translocated from older to younger tissues, new growth is
most affected in soybean plants (Ham and Dowdy, 1978; Karlen et al., 1982; Sojka et al.,
1986; Sadler et al., 1991; Zhang et al., 1996; Burton et al., 1998). Under extreme
conditions, IDC symptoms can include necrosis which progresses from the edges of the
leaves to the entire leaflets decreasing the amount of leaf tissue available for
photosynthesis, and may even lead to plant death (Wiersma, 2005; Goos and Johnson,
2000; Caliskan, 2008; Rodriguez-Lucena et al., 2009; Liesch et al., 2011; Kandel, 2014).

There are two major mechanisms that plants have developed to increase their ability
to take up iron when Fe bioavailability is low: strategy | and strategy 1l (Marschner et al.,
1986). As a strategy | plant, soybean relies on three adaptive components to maintain
sufficient iron levels in its tissues (Romheld, 1987; Jolley et al., 1996). First, soybean plants
activate a membrane-bound H*-ATPase that releases protons into the rhizosphere to
promote its acidification and thus increase the solubility of ferric chelates (Romheld et al.,
1984; Santi and Schmidt, 2009). Once these Fe3* chelates have been solubilized, ferric iron
is reduced to soluble ferrous iron with the aid of a ferric reductase enzyme, encoded by the
FRO2 (Ferric Reductase Oxidase 2) gene (Beinfait et al., 1985; Tipton and Thowsen,
1983). Following the reduction of insoluble ferric iron to soluble ferrous iron, Fe?* is
imported into epidermal cells via an iron uptake transporter encoded by the IRT1 (Iron-
Regulated Transporter 1) gene (Kim and Guerinot, 2007). After iron has entered the root,
it moves through the xylem chelated with nicotianamine and citrate (Hell and Stephen,
2003). Other reducing agents and organic chemical compounds are also extruded by
soybean roots under iron deficiency and have been reported to be directly involved in iron
acquisition (Clemens and Weber, 2016) yet the biochemical mechanism by which they

influence iron nutrition is not fully understood (Joeng et al., 2017).



However, several soil physical and chemical properties and their interactions can
modify the solubility of Fe in the soil or limit the success of plant-mediated iron reduction
mechanisms by creating an environment that impairs their effectivity (Inskeep and Bloom,
1987; Hansen et al., 2003). Factors such as soluble salt concentration, soil moisture content,
levels of calcium carbonates, soil pH, and residual soil nitrate can significantly influence
the incidence and severity of IDC (Morris et al., 1990; Rogovska et al., 2007; Bloom et al.,
2011; Liesch et al., 2012).

1.3 Environmental Factors that Promote IDC

Different from Strategy Il species that transport insoluble Fe3* into the root cells as
an entire ferrated (Fe®*) phytosiderophore complex [Fe(lI1)-PS], soybean, as a Strategy |
plant, transports soluble Fe?* into the roots (Rohmheld, 1987). In alkaline soils, with pH
ranging from 7.4 to 8.5, iron precipitates as Fe hydroxides [Fe(OH)x], lowering its
solubility. Previous research has shown that the solubility of iron is reduced a thousand-
fold for every unit increment in soil pH (Latimer, 1952; Lucena, 2003). The combination
of high pH with the low solubility of these Fe precipitates significantly reduces iron
availability for plant uptake, promoting deficiencies (Ortiz et al., 2007; Schenkeveld et al.,
2008; Rodriguez et al., 2010; Kobayashi and Nishizawa, 2012; Lucena and Hernandez-
Apaolaza, 2017).

Another soil factor contributing to IDC expression is high concentrations of
calcium carbonates, measured as calcium carbonate equivalent (CCE), in the soil (Bloom,
1987). Calcareous soils are prone to IDC because carbonate, when in the soil solution, acts
as lime, raising the soil pH and oxidizing ferrous iron (Fe?*) to ferric iron (Fe**). In
addition, carbonate also function as a buffer against plant-mediated iron reduction
mechanisms, neutralizing the H* protons and organic acids excreted from the roots, thus
inhibiting the reduction of Fe®* to Fe?* (Kaiser et al., 2011; Hansen et al., 2003). In the soil,
carbonate levels are determined by two major processes: a) dissociation of calcium
carbonates into Ca®* and COs (carbonate) under high soil moisture content, and b) by
extrusion from roots when nitrate is available in excess in the soil (Hansen et al., 2003;
Merry et al., 2021). Therefore, residual nitrate (NO3’) in the soil also exacerbates the
severity of IDC (Silva and Uchida, 2000; Kaiser et al., 2011). When NOs" is excessively



available in the soil, nodule development and N: fixation are reduced and thus N
acquisition relies on mineral soil N absorption (Gibson and Harper, 1985). During NO3s
assimilation, a differential uptake of anions and cations occurs (Aktas and Van Egmond,
1979; Lucena, 2000). Consequently, instead of releasing H* ions, soybean roots extrude
HCOs" into the soil medium to balance intracellular charge (Wiersma, 2010). In the soil,
HCOs also shows a buffering effect, neutralizing the protons released from the roots that
were meant to acidify the rhizosphere and reduce ferric iron to ferrous iron (Inskeep and
Bloom, 1987).

Several factors can influence the amount of nitrate present in the soil, including
carryover from the previous crop, mineralization of organic N, and denitrification (Broom
et al.,, 2011). Denitrification is affected by soil moisture and temperature. Low soil
temperature and low soil moisture content can greatly lower denitrification, resulting in
higher NOs" levels at the time of soybean planting (Hilton et al., 1994). However, if nitrate
carryover from the previous crop is low, soil temperature is relatively high, and early
season soil moisture is substantial, soil nitrate concentrations can be reduced, minimizing
its effect on IDC incidence and severity (Bloom et al., 2011).

The generation of HCOs in the soil is also affected by excess soil moisture. Water
saturated soils are prone to IDC because filling of soil pores reduces the rate of gas
diffusion in the soil medium (Inskeep and Bloom, 1997). This decrease in gas exchange
results in accumulation of CO2 produced through respiration. When trapped in the soil
solution, COz2 is dissolved to carbonic acid (H2COs) and at alkaline pH’s, protons are
donated to H2COs ion exchange sites increasing bicarbonate levels in the soil (Inskeep and
Bloom, 1986). As mentioned above, buffering caused by HCOs™ can limit the conversion
of unavailable ferric iron to readily available ferrous iron, a necessary step in Fe uptake by
soybean plants (Lucena, 2000).

High concentration of soluble salts has also been suggested to have a role in IDC
incidence. Dahiya and Singh (1979) found that an increase in salt levels decreases iron
availability in the soil for plant uptake. The relationship between IDC and soluble salts was
also studied by Franzen and Richardson (2008), who verified that higher amounts of

soluble salts stress the plant and exacerbate IDC.



Iron deficiency chlorosis is a major yield-limiting stress for soybean cultivated in
southwest, south central, west central, and northwest Minnesota (Kaiser and Bloom, 2018).
In these regions, soybean IDC is predominantly found in shallow depressions and on the
rims of potholes, where higher concentrations of calcium carbonates and salts accumulated
because of evaporation of large amounts of water from when the soils were wet prairies
(Naeve, 2004; Kaiser and Bloom, 2018). While soils with a pH higher than 7.5, carbonate
levels higher than 5%, and salt concentrations higher than 1 mmhos/cm are good indicators
of high IDC risk, predicting IDC through soil testing is difficult and imprecise. Therefore,
the best method to predict IDC is from past history (Naeve, 2004).

A study conducted by Hansen et al. (2003) in western Minnesota indicated that IDC
is a common and economically important issue in 99% of farms that responded their
survey. These soybean growers indicated that 24% of their crop was affected by IDC. The
average yield losses in those areas were reported to be 0.8 Mg hat. Similar yield reductions
caused by IDC were also reported by Inskeep and Bloom (1987). Froechlich and Fehr
(1981) evaluated the relationship between agronomic performance and the amount of IDC
that soybean cultivars could sustain when grown on calcareous soils and observed a 20%
yield reduction for every one-point increase in chlorosis scores at the V'3 phenological stage
on a five-point visual severity scoring. In such rating system, a score of 1 indicates zero
chlorosis apparent, a score of 2 indicates slight chlorosis, a score of 3 indicates moderate
chlorosis, a score of 4 indicates intense chlorosis, and a score of 5 indicates severe chlorosis
with some necrosis.

Although the costs associated with yield losses due to IDC can vary substantially
with the value of the crop, the amount of area planted in a given year, and the severity of
IDC symptomology (Merry et al., 2021), it was estimated that IDC costs soybean producers
approximately $260 million a year in the United States (Peiffer et al., 2012). Since even
minor IDC symptoms may result in significant yield reductions, management strategies are
extremely important when it comes to decreasing the severity and duration of symptoms

throughout the growing season (Niebur and Fehr, 1981).



1.4 Management Strategies for Soybean Iron Deficiency Chlorosis

In the same 2002 survey conducted by Hansen et al. (2003), soybean growers in the
Upper Midwest indicated the adoption of the following strategies to manage IDC: variety
selection (90%); seeding management comprising seeding rate, row spacing, and planting
date (42%); artificial drainage (33%); tillage (16%); and fertility management including
foliar and soil applications and seed treatments (11%). Several of these management
practices have been reported to prevent or reduce the drastic losses caused by IDC.

Planting varieties with improved tolerance has long been suggested as the most
important and most practical strategy to manage iron chlorosis (Niebur and Fehr, 1981;
Goos and Johson, 2000; Wiersma, 2005; Naeve and Rehm, 2006; Helms et al., 2010; Kaiser
et al., 2014). Soybean varieties vary widely in how they respond to IDC, with some being
highly susceptible and others being exceptionally tolerant (Dobbles, 2020). Soybean
varieties with high resistance to IDC possess an increased capacity to reduce Fe3* to Fe?*,
enhancing iron uptake (O’Rourke et al., 2007). In a study comparing management
strategies to prevent IDC in soybean, Kaiser et al. (2014) verified that the tolerant variety
outyielded the susceptible variety by 34% when IDC was severe. In addition, the authors
found that in terms of risk, planting the high resistance cultivar alone appeared to be as
good as planting the low resistance cultivar with any of the other IDC treatments tested
(oat as a companion crop and Fe-EDDHA in-furrow).

Fertility management through the application of different sources of Fe to control
IDC has previously been studied, but effectiveness can vary substantially across
environments and cultivars (Wiersma, 2005). Chelated Fe fertilizers are commonly utilized
in IDC-prone fields to alleviate symptoms and avoid losses (Gamble et al., 2014; Goos &
Johnson, 2001; Helms et al., 2010; Kaiser et al., 2014; Wiersma, 2007). Iron chelates are
synthetic or naturally derived products of high stability as Fe fertilizers that make iron
readily available to plants (Wittwer et al., 1965; Lucena-Rodriguez and Apaolaza-
Hernandez, 2010). Chemically, a chelating compound binds the metal ion (cations) through
multiple sites, protecting the nutrient from precipitation, thus maintaining its availability
for a longer period (Augustin, 2019).

The three common chelated forms of iron are Fe-EDTA (ethylene diamine
tetraacetic acid), Fe-DTPA (diethylene triamine phentaacetic acid), and Fe-EDDHA



(ethylenediamine-N,N’-di[(ortho-hydroxyphenyl) acetic acid]), differing in their ability to
hold iron in solution, therefore keeping iron soluble and available in the soil (Lucena et al.,
1992). Nonphenolic chelates, such as Fe-EDTA have been reported to not increase soybean
yield in IDC-prone areas (Lucena, 2003). According to Lindsay (1972), Fe-EDTA becomes
unstable and loses its capacity to maintain Fe availability when applied in calcareous soils
with a pH above 6.5. Therefore, since Fe-EDTA efficiency is significantly lowered under
these conditions, its use is recommended only under mild chlorotic conditions in fertigation
or foliar applications (Abadia et al., 2011; Rodriguez-Lucena et al., 2009).

On the contrary, Fe-EDDHA and Fe-DTPA have been reported to increase grain
yield of soybeans grown in calcareous soils (Lucena, 2003). Kaiser et al. (2014) found that
in-furrow Fe-EDDHA application at a rate of 3.36 kg ha* significantly increased the yield
of a susceptible variety under moderate to severe IDC conditions. Gamble et al. (2014)
evaluated the effectiveness of Fe-EDDHA in controlling IDC in soybean grown in high pH
soils of Alabama and verified that all Fe-EDDHA treatments (2.2, 3.4, and 4.5 kg product
hat) were effective at reducing IDC symptoms under severe conditions. The authors also
verified that the application of 4.5 kg product ha! significantly increased grain yield when
supplied in-furrow or as a foliar spray through a split application at planting and at V3
developmental stage. Soil-applied Fe-EDDHA treatments have also been found to prevent
IDC and increase grain yield in soybeans by Penas et al. (1990) and Schenkeveld et al.
(2007). As opposed to what happens with Fe-EDTA, Fe-EDDHA is stable at pH’s ranging
from 4 to 9, thus it can maintain iron availability for plant uptake under severe IDC
conditions (Lindsay and Schwab, 1982). Soygreen® AST™ is one example of a Fe-
EDDHA product, containing 1.8% Fe in a liquid iron solution (CHS Inc., 2022).

Seed-applied Fe-EDDHA (as a seed coating) has been found to increase soybean
yield under IDC conditions. Wiersma (2007) verified a 15% increase in soybean yield with
seed-applied Fe-EDDHA under mild to moderate iron deficiency. Promising yield
improvement results for Fe-EDDHA applied as a seed coating have also been reported by
Karkosh et al. (1988) and Liesch et al. (2011). Other studies, however, have shown little
or no yield response in soybean with Fe-EDDHA either as a seedcoat (Good and Johnson,
2000) or in-furrow (Wiersma, 2005). The success of iron chelate application is associated

with the rate used and the buffering capacity of the soil (Merry et al., 2021). Under high



buffering conditions, suboptimal iron chelate rates provide only short-term IDC control,
which may result in Fe-deficiency symptoms reappearing and negatively impacting
harvestable grain yield (Wiersma, 2007).

Research using foliar applications of iron has shown varying levels of success.
Goos and Johnson (2000) found a consistent yield increase using foliar iron applications
(two sprays of 1.1 kg ha* of Fe-EDTA, one at V1-V2 and the other at VV4-V/5) on all three
cultivars tested (one more susceptible and two more tolerant to IDC) at one of four sites
studied, with an average yield increment of 300 kg ha™* at the responsive site. In a controlled
environment, Rodriguez-Lucena et al. (2010) compared five synthetic iron chelates and ten
natural complexes for their ability to correct Fe deficiency in Fe-susceptible plants. The
authors observed a significant improvement in chlorophyll synthesis and a reduction in
chlorotic symptoms when all five synthetic chelates were applied through foliar sprays.
Contrarily, foliar Fe treatments have been reported by Chatterjee et al. (2017) to not be
effective in controlling IDC when applied to soybeans grown under severe IDC conditions,
indicating that iron fertilizers supplied in the form of foliar applications might have a
positive effect on symptom recovery but do not significantly increase grain yield. Similar
findings have been reported by Hecht-Bucholz and Ortmann (1982), Franzen et al. (2003),
and Lingenfelser et al. (2005). These inconsistencies in response to foliar applications of
iron may be associated with a physical challenge this management strategy faces. At early
growth stages, soybean leaves are relatively small, resulting in a low leaf area, which
reduces their capacity to absorb the iron for recovery (Merry et al., 2021).

While providing soybean plants with a chelated form of iron may help overcome
the effects of IDC, the cost associated with the product restricts its widespread application
(Dobbles, 2020). Historically, iron chelates such as Fe-EDDHA were considered very
expensive, and thus their application was not cost-effective (Wiersma, 2005). However,
driven by innovations in the manufacturing process of Fe-EDDHA, a new and form of Fe-
EDDHA (Soygreen®, a dry water soluble powder with 6% iron in the form of Fe-EDDHA)
entered the market in 2006, reducing the cost to soybean farmers (Gaspar, 2010; Kaiser et
al., 2014). Applying this type of product as a liquid suspension in-furrow at planting is
considered a practical option to soybean growers in central and western Minnesota due to



the widespread availability of planters equipped with technology for similar applications
on other crops (Kaiser et al., 2014).

Increasing seeding rate (or plant population) also represents a viable option to
minimize the effects of IDC in soybean fields. According to Naeve (2004), more attention
has been given to this management strategy by farmers and researchers after two fortuitous
events occurred in the late 1990’s: a) soybean farmers noticed that a green strip would be
formed throughout the fields where air seeders overlapped, increasing the plant population
in those areas, and b) researchers at North Dakota State University verified that one single
plot had IDC greatly alleviated because of a planting error that ended up doubling the
seeding rate of a susceptible variety (Goos and Johnson, 2001).

To confirm this observation, Goos and Johnson (2001) planted a susceptible variety
at three different seeding rates in 1999: 185,000 (half of the recommended plant population
for soybean grown in 76-cm rows in North Dakota), 370,000 (recommended plant
population), and 740,000 (twice the recommended plant population) seeds ha*. They found
that increasing the seeding rate significantly reduced IDC symptoms and increased grain
yield. Compared to the recommended seeding rate for North Dakota, planting a higher
population of plants led to an average of 586 to 942 kg ha yield increase across sites on
chlorosis-producing soils. In the following year, Goos and Johnson (2001) tested three
varieties (two tolerant to IDC and one susceptible to IDC) at two seeding rates (370,000
and 740,000 seeds ha') and verified that increased seeding rate increased grain yield of all
cultivars in two of the four sites.

Other studies have also found a positive yield effect from increased seeding rate on
soybeans grown in chlorotic areas (Wiersma, 2007; Lingenfelser et al., 2005). Wiersma
(2007) verified that soybean yield increased linearly as seeding densities were increased
for all three varieties tested under severe IDC conditions. However, the author pointed out
that the more susceptible cultivars showed a greater response to higher plant populations
than the tolerant one, indicating that varieties respond differently to increases in plant
population. Naeve (2006) also evaluated the effects of increased seeding rates on
alleviating IDC symptoms and improving yield across chlorosis-prone environments but

reported inconsistent results. While increasing seeding densities from 432,000 to 926,000
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seeds ha! increased yield by 16% on average and decreased IDC scores, these findings
were reported to be small and confounded by environmental interactions.

The mechanism behind the plant population effect is thought to be associated with
the release of H* ions and mobilization of phenolic compounds into the rhizosphere that
occurs when soybeans are grown in Fe-limiting conditions (Naeve, 2004). When the
seeding rate is increased (the number of seeds per unit of row is larger), soybean roots
exploit soil substrate that is occupied by roots of neighboring plants, raising the amount of
root mass per unit volume of soil (Bohm, 1977). This increased rooting of soil volume
results in an increased reductive capacity and acidification of the rhizosphere, enhancing
iron availability and acquisition (Rengel and Marschner, 2005). From a farmer’s
standpoint, the practice of using different plant populations in affected vs. non-affected
areas of a field can be efficiently achieved by mapping the hotspot and non-hotspot areas
in the tractor’s GPS and varying the plant density with variable-rate seeding equipment
(Gaspar, 2010).

Excessive levels of soil NOs and excess soil moisture, as discussed previously,
have been observed to increase the incidence and severity of Fe chlorosis in soybeans
grown in calcareous soils (Aktas and Van Egmond, 1979; Wiersma, 2010; Bloom et al.,
2011). Based on that knowledge, another management strategy that can produce positive
results, both in terms of improving IDC scores and reducing yield losses, is growing a
companion crop to take up excess soil nitrate and avoid bicarbonate buildup by reducing
excess soil moisture (Naeve, 2006; Bloom et al., 2011; Kaiser et al., 2014). Small grains,
such as oat (Avena sativa L.), have been interplanted with soybean as a potential more
economically feasible alternative for IDC mitigation due to their susceptibility to
glyphosate and relative low cost, which enables their termination at the time of early season
weed control (Naeve, 2006; Kaiser etal., 2014). However, the adoption of this management
strategy adds risks related to termination timing, usually targeted at 25 cm for oat (Kaiser
et al., 2011). If terminated too early, the oat will not remove enough nitrate or moisture
from the soil, resulting in a reduced, little lasting positive effect and potentially leading to
chlorotic soybeans after glyphosate application (Naeve, 2006). If terminated beyond the
optimal time, the oat can compete with soybeans for sunlight, nutrients, and water, resulting
in yield reductions (Bloom et al., 2011; Kaiser et al., 2014).
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Reducing other forms of stress to the soybean plant is also important when managing
IDC. Weed control with glyphosate herbicides is less stressful than with some of the
preplant and in-season herbicides because glyphosate can cause less damage to soybean
plants (Kaiser et al., 2011). Potentially damaging soybean cyst nematode levels are widely
distributed across important soybean producing regions and research has indicated that
nematodes are frequently present in greater quantities in soils with high pH (Francl 1993;
Rogovska et al., 2006; Pedersen et al., 2010; Melakeberhan et al., 2013). According to
Dobbles (2020), the likelihood of SCN and IDC co-occurring in a farmer’s field is high,
making symptoms more severe. Other soybean diseases and pests also must be treated
based on recommended thresholds to reduce plant stress as much as possible (Kaiser and
Bloom, 2018).

1.5 Economics of Managing IDC

As discussed previously, various studies have been conducted to evaluate the
effectiveness of different management strategies in controlling IDC in soybean. Few,
however, have assessed the economic feasibility of their approaches. In addition, the
studies that have included grain prices and input costs into their analysis are relatively out-
of-date since grain prices and input costs have significantly changed over time.

Wiersma (2005) evaluated the economic feasibility of managing IDC with varieties
(tolerant vs. susceptible) and with the application of different rates of iron chelates (Fe-
EDDHA) and found that applying increased amounts of Fe-EDDHA was environment- and
cultivar-specific. For the susceptible cultivar in a moderate to severe IDC environment,
significant yield increases were verified for every increase in Fe-EDDHA unit rate. Based
on a regression analysis, the author proposed that soybean growers would have to receive
roughly $0.12 per kilogram of grain to equal the cost of every increment (kg) of applied
Fe-EDDHA costing $24.26 kg™. Therefore, any additional increment of Fe-EDDHA
ranging from 0 to 11.2 kg ha* would at the minimum cover the cost of the product once
the soybean price is greater than $0.12 kg. However, the same yield increases were not
verified for the tolerant variety, suggesting that the soybean price would have to be higher,
approximately $0.33 kg2, to equal the cost of each Fe-EDDHA increment. Based on these
findings, the author concluded that Fe-EDDHA application would not be economically
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feasible for resistant varieties unless extremely harsh IDC conditions prevailed, and that
less costly iron chelates were needed.

Historically, soil applications of chelated forms of iron were very costly, which
economically forbade their use. However, in 2006, a new Fe-EDDHA product termed
Soygreen® was released into the market. Soygreen® is a dry, water-soluble powder that
contains 6% of iron in the form of EDDHA. The price of Soygreen® was previously
reported to be $24.7 ha! ($10.00 acre?) to $34.6 ha' ($14.00 acre) (Gaspar, 2010).
Currently, average grower price for Soygreen® is $16.5 kg, which for a full rate of 3.36
kg hat results in a total of $55.5 ha* (CHS company represtative, personal communication,
2022). Using Soygreen® as the Fe-EDDHA form on the seed at the time of planting, Kaiser
et al. (2014) found that Fe-EDDHA would be economically feasible, in contrast to the
findings reported by Wiersma (2005). At the time of their study, 3.36 kg Fe-EDDHA ha!
cost US$12.20 and the soybean price was US$367 Mg*. Based on these grain prices and
input costs, a 33 kg ha increase in soybean yield would be required for Fe-EDDHA
application to be profitable. Given that all increments in grain yield were 0.1 Mg ha* or
greater, the iron chelate (Soygreen®) used in their research was indicated to be

economically feasible for soybean growers (Kaiser et al., 2014).
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1.6 Tables

Table 1-1. Soybean production (Million Metric Tons), harvested area (Million hectares),
and yield (Megagram per hectare) of the top three producing countries in 2021.

Country Production (MMT)  Harvested area (M ha) Yield (Mg ha')

Brazil 138 38.9 3.55
USA 115 334 3.43
Argentina 46.2 16.5 2.81
Global 366 128 2.86

Data from USDA, FAS, 2021.

Table 1-2. Soybean production (Million Metric Tons), harvested area (Million hectares),
and yield (Megagram per hectare) of the top ten producing states in the USA in 2021.

State Production (MMT) Harvested area (M ha)  Yield (Mg ha?)
Illinois 18.30 4.25 4.30
lowa 16.91 4.06 4.17
Minnesota 9.69 3.07 3.16
Nebraska 9.54 2.25 4.24
Indiana 9.13 2.28 4.00
Missouri 7.53 2.29 3.30
Ohio 7.50 1.97 3.80
South Dakota 5.86 2.18 2.69
Kansas 5.16 1.94 2.66
North Dakota 4.94 2.88 1.71

Data from USDA, FAS, 2021.
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Chapter 2. Soybean Iron Deficiency Chlorosis Management Strategies for High
Yield and Profitability

2.1 Summary

Iron Deficiency Chlorosis (IDC) is a major yield-limiting factor for soybean
[Glycine max (L.) Merr.] grown on the calcareous soils of the US Upper Midwest. During
the 2021 and 2022 growing seasons, ten on-farm, small-plot, research trials were
established on IDC-prone fields in Western Minnesota to evaluate the effectiveness and
profitability of three of the most often used management strategies for IDC from a system’s
approach: variety selection, seeding rates, and iron chelate application. Three Fe-EDDHA
rates (0, 2.24, and 4.48 kg Soygreen® ha) were applied in-furrow at the time of planting
either a highly tolerant (HT) or a moderately tolerant (MT) variety at 309,000 and 433,000
seeds hal. Nitrogen was broadcast above the row to create a range of IDC symptomology.
Visual chlorosis scores (VCS) were assessed as a method for measuring the severity of
symptoms. Iron deficiency chlorosis occurred at all environments, varying in intensity from
low to severe. Planting a HT variety, applying Fe-EDDHA in-furrow at planting, and
increasing the seeding rate were effective at minimizing yield losses due to IDC. Larger
yield responses were found for varieties and Fe-EDDHA rates as chlorosis symptoms
increased, but their utilization tended to increase yields even in environments where IDC
was low to moderate. Although the effects of Fe-EDDHA application were greater for the
MT variety compared to the HT one, Fe-EDDHA application on the HT variety produced
the highest yields. Consistent positive effects on yield (150 kg ha™) with increased seeding
rates across environments and treatment combinations were observed. Profitability and
economic risk analysis showed that the best option for the low-moderate IDC conditions
tested was the HT variety with 2.24 kg Fe-EDDHA ha! at 309,000 seeds ha*. Conversely,
when IDC was severe, a combination of increased management strategies resulted in both
lowest risk and highest risk-to-reward. If using a portfolio of strategies with variable rate
technology is not feasible from a farmer’s standpoint, the HT variety with 4.48 kg Fe-
EDDHA ha'! planted at 433,000 seeds ha is the best single alternative for areas where

IDC is severe.
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Abbreviations: IDC, iron deficiency chlorosis; Fe-EDDHA, ethylene diamine tetraacetic
acid; SOM, soil organic matter; HT, highly tolerant; MT, moderately tolerant; CCE,
calcium carbonate equivalent; EC, electrical conductivity; HCO3?, carbonate; VCS, visual

chlorosis scores.

2.2 Introduction

Iron Deficiency Chlorosis (IDC) is a major nutrient stress and economically
relevant management disorder for soybean [Glycine max (L.)] grown in the calcareous soils
of the North Central United States (Inskeep and Bloom, 1987; Franzen and Richardson,
2000). In this region, the total area of soybean grown on IDC-prone soils has been
estimated to be 1.8 million hectares (Hansen et al., 2004), with associated yield losses
totaling $165 million annually (Atencio et al., 2021). Although the name “Iron Deficiency
Chlorosis” connotates a lack of Fe in the soil, this essential micronutrient is relatively
abundant in all agricultural lands in the US (Stucki, 1988). Rather, iron is quite often
present in a form [Ferric Fe or Fe(ll1)] that soybean plants cannot acquire from the soil
(Stucki, 1988; Naeve, 2004). With a limited mobilization of this micronutrient, chlorophyll
production, needed for photosynthesis, is greatly restricted resulting in IDC development
(Goos and Johnson, 2000; Gambel et al., 2014). In soybean, IDC is characterized by
interveinal yellowing of the leaves and stunting of the growth, both of which lead to
significant yield reductions (Hansen et al., 2003; Inskeep and Bloom, 1987). It has been
reported that even minor symptoms of IDC can decrease yields by up to 20%, and that
severe manifestations could culminate in total crop failure (Froechlich and Fehr, 1981,
Niebur and Fehr, 1981).

There are two major Fe acquisition strategies that plants have developed to increase
their ability to take up iron upon Fe-deficient conditions: Strategy | and Strategy I
(Marschner et al., 1986). As a Strategy | plant, soybean uses a multi-part, reduction-based
mechanism to convert less soluble ferric iron to more soluble ferrous iron [Fe?*]. In such a
mechanism, protons and chelating substances are extruded into the rhizosphere to promote
its acidification and to solubilize ferric chelates. Once solubilized, rhizospheric Fe3* is
reduced by a ferric reductase enzyme (Ferric Reductase Oxidase 2) located at the root’s

cell wall and can then be imported into the roots as Fe?* via an iron uptake transporter
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encoded by the IRT1 gene (lron-Regulated Transporter 1) (Jeong et al., 2017).
Alternatively, Strategy Il plants (such as corn, and other graminaceous monocots) secrete
a phytosiderophore into the rhizosphere that has high affinity to insoluble ferric iron,
forming an iron-siderophore complex [Fe3*-PS] that is entirely transported into the roots
(Marschner and Romheld, 1994).

In the soil, a multitude of factors and their interactions can significantly influence
the expression of IDC by changing the solubility of iron and/or limiting the effectiveness
of plant-mediated iron acquisition mechanisms (Inskeep and Bloom, 1987; Hansen et al.,
2003). Soils with a pH in the range of 7.2 to 8.5 precipitate iron in the form of Fe hydroxides
[Fe(OH)x]. The low solubility of Fe hydroxides in the soil solution leads to a low
bioavailability of iron to the plants (Lindsay, 1979). Carbonates (COs?), found in
calcareous parent materials, impair iron uptake in two ways. One way is acting as a strong
base, increasing the soil pH, and oxidizing Fe?* to Fe3* (Lucena, 2000). Alternatively,
COs? can function as a pH buffer, neutralizing the excreted acids and H* protons that were
meant to acidify the rhizosphere, preventing the reduction of Fe3* to Fe?* (Hansen et al.,
2003). Excessive nitrate (NO3’) availability and high soil moisture also increase IDC
severity because both factors lead to a buildup of bicarbonates (HCO3") in the soil (Silva
and Uchida, 2000; Bloom et al., 2011a). The buffering capacity of HCOs in the rhizosphere
limits the conversion of unavailable ferric iron to readily available ferrous iron, a necessary
step in Fe uptake by soybean plants (Aktas and van Egmond, 1979).

Due to the large impact of IDC on soybean production, growers have adopted
various agronomic practices to avoid yield losses. Among the most widely used
management strategies are cultivar selection, seeding management (comprising seeding
rate and row spacing), and fertilizer application (including foliar and in-furrow application
of iron chelates) (Hansen et al., 2003).

Planting varieties with improved tolerance has long been suggested as the most
important and most practical strategy to manage chlorotic areas (Niebur and Fehr, 1981,
Goos and Johnson, 2000; Wiersma, 2005; Helms et al., 2010). Soybean varieties with high
tolerance to IDC can reduce Fe3* to Fe?* sooner and in larger amounts compared to less
tolerant varieties (Ellsworth et al., 1998; O’Rourke et al., 2007). Even though varietal
selection has generated the most consistent positive results, the most tolerant varieties can
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experience yield reductions when severe IDC conditions prevail (Liesch et al., 2011;
Froechlich and Fehr, 1981). Therefore, the best approach to manage severe IDC may be to
pair tolerant varieties with other management strategies effective at minimizing losses.

Increasing the seeding rate has been proposed as another viable option to minimize
the effects of IDC in soybean fields (Lingenfelser et al., 2005; Naeve, 2006; Wiersma,
2007). A larger number of plants per linear unit of row is presumed to result in an increased
quantity of exudates (H* and organic acids) being released into the soil surrounding the
roots, enhancing their reductive capacity, and converting greater amounts of non-available
iron into a soybean-available form (Rengel and Marschner, 2005). A study by Goos and
Johnson (2001) showed that doubling soybean seeding rate from 370,000 to 740,000 seeds
ha significantly alleviated IDC symptoms and increased grain yield. Wiersma (2007) also
found that grain yield was increased with an increased seeding rate but noted that the more
susceptible cultivars showed a greater response to higher plant populations than the tolerant
one.

The application of chelated sources of Fe has also been effective in controlling IDC
and thus contributing to yield increases in soybean grown under IDC conditions (Ferreira
et al., 2019b; Wiersma, 2007; Schenkeveld et al., 2008; Gamble et al., 2014; Kaiser et al.,
2014). An iron chelate is a compound that binds Fe at multiple sites, protecting it from
precipitation and keeping it readily available for plant uptake (Wittwer et al., 1965; Lucena-
Rodriguez and Apaolaza-Hernandez, 2010). There are different iron chelates available in
the market, including Fe-DTPA, Fe-EDTA, and Fe-EDDHA.. These chelated forms of iron
differ in their physical and chemical components, as well as their performance in delivering
Fe to the plant (Schenkeveld et al., 2008). Under high calcareous soil conditions, Fe-
EDDHA has been proposed as the most stable of these chelates (Reed et al., 1988; Lucena,
2003). Wiersma (2007) attained yield increments of 15% with seed-applied Fe-EDDHA.
Kaiser et al. (2014) reported significant yield increases with in-furrow application of Fe-
EDDHA at a rate of 3.36 kg ha™! for a susceptible variety grown under moderate to severe
IDC conditions.

While producers seek management strategies that mitigate IDC, they are primarily
concerned with inputs that maximize profitability while reducing economic risks. Genetic

resistance is historically acknowledged as the most economical strategy for overcoming
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IDC; however, not every producer has access to highly tolerant and high-yielding soybean
cultivars (Heithold et al., 2003; Caliskan et al., 2008). As soybean seed and Fe-EDDHA
prices have substantially increased in the last decade [soybean seed ~US$58 unit! (USDA-
ERS, 2021), and 3.36 kg Fe-EDDHA ha* = US$22.50 (personal communication, 2022)],
the trade-offs in cost and yield associated with higher seeding densities and the application
of Fe-EDDHA rates greater than needed to maximize yield may reduce net returns
(Wiersma, 2005; Wiersma, 2007).

At the present time, to our knowledge, there is only one study that specifically
evaluated the effect of variety selection, plant population, and iron chelate rates combined
on soybean IDC (Wiersma, 2007). Our study differs from Wiersma (2007) in that it
includes two levels of IDC intensity through supplemental nitrogen to create a range of
IDC symptoms within environments. Furthermore, limited literature exists regarding the
cost-effectiveness of the strategies researched for IDC management. Therefore, the
objectives of this research were (1) to evaluate the impact of variety selection, seeding
densities, and iron chelate rates on soybean grain yield across a range of IDC levels, and
(2) to define optimum combinations of these three management strategies based on

profitability, risk, and expected IDC severity.

2.3 Materials and Methods
2.3.1 Research environments

On-farm paired research trials were established in Western Minnesota at three
locations in 2021 and two locations in 2022. At each location, the same experiment was
planted in two different areas, referred to as sites. One site was planted in the IDC “hotspot”
part of the field (Hotspot Site) where IDC was expected to be most severe, and the other
site was planted in the “non-hotspot” IDC part of the field (non-Hotspot Site) where
symptoms were expected to be lower. The term site, herein, refers to the geographically
unique position of each field trial and its IDC intensity. The term environment is used,
herein, to illustrate the combination of site by year, numbered 1-10. Environments 1-6 and
7-10 refer to environments in 2021 and 2022, respectively. Soils in the area are formed by
a calcium carbonate parent material that make them susceptible to IDC development. Thus,

all ten research environments were expected to have some stress from Fe deficiency and

19



were chosen based on previous soybean IDC histories provided by farmers cooperators.
Descriptions for each environment can be found in Table 2-1.

Each of the ten environments was thoroughly sampled and evaluated for soil
characteristics (Supplemental Table 2-2) and weather conditions (Supplemental Table 2-
1). For the 2021 growing season, weather data, including monthly air temperature and
precipitation, were retrieved from the nearest weather station within a maximum of 30 km
of each location from High Plains Regional Climate Center (HORCC, Lincoln, NE,
https://hprcc.unl.edu/). For the 2022 growing season, remote weather stations (Hobo® U30

Station, Onset Computer Corporation, Bourne, MA) were installed at each location at the
time of planting. Thirty-year normal (1984-2013) air temperatures and rainfall were
collected from HORCC and were used to calculate departure from normal (DN).

Immediately after planting, multiple composite soil samples were collected within
each replication by pulling 8-10 separate soil cores at 0 to 15-cm depth utilizing a manual
3.2-cm diameter soil probe. These soil samples were analyzed for Olsen P (Frank et al.,
1998), ammonium acetate extractant K (Warncke and Brown, 1998), soil pH [1:1 soil/water
suspension (Watson and Brown, 1998)], SOM [loss on ignition (Wang and Anderson,
1998), soluble salts [by electrical conductivity (EC) of a 1:1 soil/water suspension
(Whitney, 1998b)], calcium carbonate equivalency (CCE) measured using the acetic acid
dissolution method (Loeppert et al., 1984; Moore et al., 1987), and DTPA-extractable Fe
(Whitney 1998a).

Weeds were controlled following the standard agronomic practices for soybean
production in western Minnesota with the application of selected herbicides at rates
recommended based on the specific weed species and intensities. Escapes were removed
by hand weeding. Other factors that could affect soybean yield, such as insect pests and
diseases, were either nonexistent or considered inconsequential. Exact emergence dates
and growth stages were recorded following the soybean stage descriptions by Fehr et al.
(1971).

2.3.2 Experimental design, treatments, and measurements

The experiment was designed to test 24 treatments, corresponding to the factorial

combination of four main factors and their levels: two varieties (MT and HT), two seeding
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rates (309,000 and 433,00 seeds hal), three rates of Fe-EDDHA (0, 2.24, and 4.48 kg
Soygreen AST® ha?), and two levels of IDC severity induced by supplemental nitrogen
application (77 kg N ha* and no N). The application of supplemental N is an effective
protocol developed to create a range of IDC symptoms, and it has been successfully used
in previous IDC studies (Bloom et al., 2011; Dobbles, 2020). In this study, nitrogen
fertilizer was manually broadcast above the row at planting as granular CHsN20 (46-0-0)
(Loveland Products, Inc., CO). A complete description of the 24 treatments can be found
in Table 2-2.

Treatment combinations were organized in a randomized complete block factorial
design with split-plot treatment arrangement and four replications. Iron chelate levels were
whole plots and the combination of varieties, seeding rates, and N the subplots. All 96 plots
at each field site were 9 m long x 3 m wide with 4 rows spaced 76 cm apart. This
experimental design was selected to facilitate the logistics involved in the application of
Fe-EDDHA in-furrow as a liquid suspension while sowing the research trials.

The two soybean varieties, AG13XFO rated as highly tolerant, and AG12XF1 rated
as moderately tolerant to IDC are groups 1.3 and 1.2 relative maturity, respectively (Bayer
Crop Science, MO, USA). Based on their maturity groups, the two seeding rates utilized
encompass the boundaries of a practical range that growers use in the region (University
of Minnesota Extension, 2018).

All ten trials were planted at a ground speed of 1.9 mph with a four-row precision
research planter (Almaco Seed Pro 360, Almaco Co., Nevada, IA). Planting and emergence
dates for each environment are given in Table 2-1. The Almaco Seed Pro 360 includes a
high-precision single plate metering unit along with a FieldMap Software that allows for
automatic adjustment of seed counts by the planter throughout the field, enabling the two
different plant populations and varieties to be accurately planted. Plant population maps
corresponding to each treatment’s seeding rate were created in Almaco FieldMap (version
2.1) and loaded into the planter’s system for use at the time of planting.

Given that Soybean Cyst Nematode (Heterodera glycines, SCN) causes yellowing
of the leaves, stunting of the growth, and necrosis if severe, separate soil samples were
evaluated for SCN infestation (egg counts) at the University of Minnesota Nematology

Laboratory (Supplemental Table 2-2). Soil sampling for nematode infestation was
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performed following the same method previously described for common soil chemical
factors.

The chelated iron used in this study was a commercial form of ortho-ortho Fe
EDDHA labeled Soygreen® AST with 1.8% of iron (CHS Inc., Inver Grove Heights, MN).
Soygreen® AST contains 0.35 kg of Soygreen® per liter of product. To ensure proper
application rates, all three iron chelate rates (0, 2.24, and 4.48 kg Soygreen® ha') were
mixed with water (resulting in 0, 94, and 187 L ha' mixture rates, respectively) and
supplied as liquid suspension in-furrow at planting using an in-furrow tubular delivery
system attached to the planter behind the seed tube that drizzles the product directly on the
seed. Plant populations were estimated for each plot by counting the number of emerged

plants from 1 linear meter of the inner two rows at V3-V4 developmental stages.

2.3.3 IDC symptoms assessment and grain yield data

After emergence, the two center rows of each plot were evaluated weekly for IDC
symptomology using a 1 to 5 Visual Chlorosis Scoring (VCS), popularly called greenness
scores (Goos and Johnson, 2000). Exact growth stages also were recorded on the same days
as IDC symptom evaluation. Thus, data were collected on the following growth stages: V2,
V3, V4, R1, R2, R3, R4, R5, and R5.5, except for Environments 7 and 8 (data collected at
V2, R1, R2, R3, R4, R5, and R5.5).

The 1 to 5 visual severity rating has been traditionally used to evaluate IDC
symptoms in soybean. In this system, a rating of “1” indicates no chlorosis, a score of “2”
indicates slight yellowing most likely in the upper part of the canopy where IDC initiates,
a score of “3” indicates chlorosis throughout the canopy with the majority of plants turning
yellow in the plot (but no necrosis apparent), a score of “4” indicates severe chlorosis
(100% of plants yellow) with stunted growth and some necrosis, and a score of *“5”
indicates most severe Fe-deficiency symptoms, with intense necrosis, some plants dying
or entirely dead (Goos and Johnson, 2000). The ratings were completed by an experienced
rater who understands IDC conditions and had no knowledge of the treatments being rated.

The center two rows of each plot were harvested with a small plot combine
equipped with a scale and grain moisture sensor (Almaco SPC40, Almaco, 1A, USA) at

maturity (R8 according to Fehr et al., 1971) to determine yield. The weight of each
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harvested sample (total grain mass plot't) was converted to yield (Mg ha!) and adjusted
for a 130 g kg* moisture basis. For all measurements, the first and fourth rows were
considered border rows, meant to avoid competition effect between rows of different plots,

and were not used for any measurement.

2.3.4 Statistical analysis

In the present study, we included N application as a fourth factor (N was applied as
a method to increase the range of chlorosis symptoms within each of the environments)
and planted the same trial in two different areas within each location to test the effects of
the selected agronomic practices in a wide range of IDC environments. As such, we expect
that the resulting IDC environments evaluated may better represent what farmers may
encounter on their farms. However, because Hotspot and non-Hotspot are not a perfect
measure of IDC severity of individual site-years (that is, IDC severity varies from a non-
Hotspot at Danvers to a non-Hotspot at Foxhome or from a Hotspot at Danvers in 2021 to
a Hotspot at Danvers in 2022), and because N application indeed increased IDC intensity
at almost all environments (Table 2-5), an Environmental Index (EI) was generated to
better account for the variation in IDC symptomology within and across environments.
This index was calculated as the average VCS at R5.5 for the control treatment (MT
variety, 0 Fe-EDDHA, and 309,000 seeds ha!) with or without N application (Treatments
2 and 6, respectively). For example, El calculated for Environment 1 was 3.5 with N
application and 1.25 without N application. Consequently, all other treatment combinations
that included N application were given an El value of 3.5 and treatment combinations that
did not include N application were given an EIl value of 1.25. In other words, El is a
measure of how severe IDC was at R5.5, within environments, based on the VCS of the
control treatment with or without N application. This approach allowed for the evaluation
of the effects of all three management strategies based on a continuous measure of IDC
severity and not only as Hotspot and non-Hotspot conditions.

All statistical analyses were performed with R statistical software version 4.1.2 (R
Core Team, 2020) and considered significant at P < 0.05. The strength of the relationship
between VCS ratings and soybean yields was determined using a Pearson correlation

analysis. Mixed effects models were fitted using restricted maximum likelihood with the
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Imer function from the Ime4 package [version 1.1-31, (Bates et al., 2015)] to analyze
differences between factors for grain yield. All three management strategies (Fe-EDDHA
rates, varieties, and plant populations) and El were treated as fixed effects, while block,
block nested within environment (to account for repeated measures), and the main-plot
treatment nested within block (to account for split-plot randomization) were treated as
random effects. Residual plots were examined to confirm model assumptions of
homogeneity of variances and normality of residuals. For the models in which the four-
way interaction term was not significant, the non-significant terms were eliminated from
the model. Thus, the variation associated with non-significant factors was pooled with the
error variance to assist evaluating the hypothesis of other fixed effects. Pairwise mean
comparisons for the response variable grain yield were performed by calculating the
Tukey’s Honest Significant Difference (HSD) post-hoc test with the cld emmeans function

from the emmeans package (Russel, 2020).

2.3.5 Economic analysis

Partial Budget Analysis (PBA), consistent with Kay et al. (2020) and Rod et al.
(2021a, 2021b), was used to evaluate the net economic return of each of the treatment
combinations. A PBA is commonly used for comparing the financial impact of a partial
change on costs and returns and does not consider the fixed operating expenses or revenues
that are left unchanged (Kay et al., 2020). Accordingly, the partial budgets performed in
this study assessed the net economic return when varieties, seeding densities, Fe-EDDHA
rates, and IDC intensities are changed. The MT variety at 308,000 seeds ha* with 0 Fe-
EDDHA was considered the “base” treatment as this is the control treatment combination.
The remaining treatments were compared to the “base” treatment to evaluate the
profitability of each combination; this was done separately within each of the IDC severity
conditions (EI’s). Significant differences among the partial budgets were determined using
the “Welch’s two sample t-test with unequal variances” analysis in R. Net cost was
considered the change in seed cost for each variety and seeding rate plus the change in iron
chelate cost for each Fe-EDDHA rate. In western Minnesota, retail prices for a seed unit
(140,000 seeds) from Bayer/Asgrow was $49.62 for AG13XFO0 and $51.36 for AG12XF1
in 2022 (Bayer representative, personal communication, 2022). The average grower price
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in 2022 for the Fe-EDDHA used (Soygreen® AST) was $19.85 kg' (CHS Inc.
representative, personal communication, 2022). Net revenue was considered as the change
in revenue from change in grain yield and sale price. The average Minnesota soybean price
for the marketing year of 2022 was $0.558 kg* (USDA-NASS, 2022). The profitability (or
net economic return) was calculated as the difference between the net cost and net revenue.
A positive profitability indicates that farm income would increase due to the change, while
a negative profitability indicates the change would decrease farm income (Kay et al., 2020;
Tigner, 2018), within the assumptions studied here.

The results of each profitability evaluation were also used in a risk assessment
analysis, adapted from Markowitz (1952), named Modern Portfolio Theory (MPT). This
approach reveals how soybean growers can maximize their expected returns for a given
level of risk or mitigate risk for a given level of net return by estimating an efficient frontier
of varieties x Fe-EDDHA rates x seeding densities choices. As such, a soybean grower’s
decision of what strategies to adopt to manage IDC is like an investor’s choice of what
stocks to invest in a stock portfolio and is based on the variability in net economic returns.
In this analysis, the standard deviation of the mean net economic return is a measurement
of variability and represents the risk in the efficient frontier analysis (portfolio standard
deviation = risk). The higher the standard deviation for a particular management strategy
combination (portfolio), the higher the assumed risk. The main goal of constructing an
efficient frontier in the present study was to determine the optimal management
combinations that maximize expected returns, while keeping risk constant, or minimize
risk, while holding profitability constant (Elton & Gruber, 1997). For this, the Add-In

Solver was used in Microsoft Excel 2013 (www.solver.com).

2.4 Results and Discussion
2.4.1 Weather conditions

Total monthly precipitation and average monthly temperature data are summarized
in Supplemental Table 2-1. Precipitation and temperature trends were generally consistent
across locations within a given year. In 2021, rainfall during the first three months of the
growing season (May to July) were considerably below the 30-year normal at all locations,

but after this period, precipitation exceeded normal for the remainder of the growing season
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(August to October). Rainfall totals during the 2021 growing season were 393.7, 622.3,
and 510.5 mm for Foxhome, Danvers, and Graceville, respectively, which were greater
than the normal for Danvers and Graceville (103.9 and 54.6 mm above the 30-year normal),
but lower than the normal for Foxhome (81.3 mm below average). Air temperature in 2021
was higher than normal during the entire growing season for all locations, except for May
at Foxhome and Graceville, which was slightly cooler than average (0.38 and 0.06 °C
below normal).

In contrast, the 2022 growing season was entirely characterized by precipitation
being abnormally dry (except for May at Foxhome), which was accompanied by above
average temperatures during all months except for August at Danvers (0.4 °C below
normal). Whole-season cumulative rainfall in 2022 was 109.5 mm for Foxhome and 125.2
mm for Danvers, resulting in 232.9 and 259 mm less precipitation, respectively, compared
to the 30-year normal. Although periods of intensive drought were experienced at both
locations during the whole growing season, their occurrence was especially impactful from
pod formation (R3 phenological stage) until seed filling (R5.5 phenological stage).
Insufficient precipitation at these locations in 2022 was associated with overall lower yields

compared to the same locations in 2021.

2.4.2 Soil properties and IDC symptom severity

Soil series information for each of the research environments is summarized in
Supplemental Table 2-2. According to current soybean fertilizer guidelines for Minnesota
(Kaiser et al., 2022), all environments had adequate soil phosphorus [(P) ranged from 9 to
80 mg kg by the Olsen P test] and potassium (K), except Environment 10, which had a
low soil test K level (60 mg kg by the ammonium acetate test). Soil organic matter ranged
from 27 to 79.5 g kg™ and SCN egg density averaged 1,880 eggs 1001 CC soil (range 0 to
5,188 eggs 100! CC soil).

Although individual soil factors haven’t provided perfect causal relationship with
soybean yield under IDC conditions, most previous IDC studies have considered pH,
calcium carbonate equivalents (CCE), soluble salts concentration [measured by electrical
conductivity (EC)], and DTPA-extractable Fe (Fe-DTPA) to be determinant in identifying
areas of high IDC risk (Hansen et al., 2003; Naeve & Rehm, 2006). In the present research,
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all environments had pH > 7.9, calcium carbonates ranged from 10.2 to 146 mg kg™, EC
levels ranged from 0.05 to 0.23 S m*, and Fe-DTPA ranged from 3 to 9 mg kg*. A
predictive IDC index developed by Naeve & Rehm (2006) was utilized to forecast IDC
stress severity within and across locations based on CCE, EC, and Fe-DTPA results:

| =0.77—-2.25 x EC - 0.00572 x CCE + 0.0615 x Fe-DTPA

where | = the IDC severity index, EC isin S m™, CCE is in g kg%, and Fe-DTPA is in mg
kg®. An index value greater than 1 would indicate that the environment would not likely
be impacted by IDC, and a value less than 0.5 would indicate that the location is likely to
elicit strong IDC symptoms. The IDC severity index (I) values calculated for all ten
environments are shown in Table 2-5 and the performance of this index in estimating the
severity of IDC will be discussed later.

Chlorosis developed rapidly in almost all environments and its severity varied
greatly. Change in average visual chlorosis scores (VCS) calculated for treatment 6 at each
growth stage indicate temporal variation in visual IDC severity, with symptoms tending to
be most severe at R1 and improving thereafter (Table 2-3). Previous studies have shown
that IDC is often more severe earlier in the growing season, and if environmental conditions
improve as the number of days after planting increase, plants may have the ability to
partially recover (Naeve and Rehm, 2006; Barker and Pilbeam, 2007). Thus, VCS recorded
at R1 indicate that environments 8, 7, 3, 9, 5, and 1 were severely chlorotic (average scores
> 2.5), environments 4, 6, and 10 were moderately chlorotic (average score between 1.5
and 2.5), while IDC severity was low at environment 2 (average score of 1.25) (Kaiser et
al., 2014).

Pearson correlation analysis between | (IDC severity index by Naeve and Rehm,
2006) and mean VCS at R1 for treatment 6 was performed to evaluate the competence of
| to predict the severity of IDC at each of the ten environments (Table 2-4). When
calculated for the current study, | showed a statistically significant and negative
relationship with the degree of visual chlorosis (r = -0.695, P < 0.05). Hence, the three

commonly tested soil chemical properties analyzed in this study (EC, CCE, and Fe-DTPA)
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delivered a good numerical estimation of future IDC intensity of individual locations when
used as inputs in the index model developed by Naeve and Rehm (2006).

Pairwise correlations were also conducted between grain yield and chlorosis scores
taken at each of the nine growth stages as an indicator of cumulative plant growth and
development under IDC stress conditions (Table 2-4). Pearson correlation to yield was
highest and highly significant at R5.5 growth stage for all environments, except for
environment 2, which produced soybeans with uniformly green foliage throughout the
growing season, resulting in no significant linear association between the two variables.
Although the soil at environment 2 had high pH (8.0) and high concentrations of calcium
carbonates expressed as CaCOs equivalent (CCE of 94.00 g kg™), it also had the highest
levels of available iron (Fe-DTPA, 8.97 mg kg™?), likely alleviating chlorosis symptoms.

In IDC-prone soils, excessive NOs- concentrations have been associated with
exacerbated IDC severity and decreased grain yield (Wiersma, 2010; Bloom et al., 2011b).
During NOs- acquisition from the soil, soybean roots exude bicarbonate ions into the
rhizosphere to balance intracellular charge (Wiersma, 2010). These bicarbonates neutralize
the acidity around the roots and limit the conversion of unavailable ferric iron to readily
available ferrous iron, a necessary step in Fe uptake by soybean plants (Aktas and van
Egmond, 1979; Inskeep and Bloom, 1987). Bloom et al. (2011b) showed that N
fertilization, supplied in the form of urea (46-0-0), significantly reduced soybean yield. By
adding urea on the furrow at planting in the present study, the level of chlorosis symptoms
on treatment 6 was increased in seven of the ten environments (average increase in VCS
of 0.96) and grain yield was decreased in nine of the ten environments (average yield
decrease of 0.88 Mg ha* across all environments, ranging from 0.17 to 2.69 Mg ha),
although these effects were only significant in environments 1, 6, and 10 for VCS and in
environments 1 and 6 for grain yield (Table 2-5).

Previous research has evaluated the effect of increases in VCS on soybean grain
yield. Froechlich and Fehr (1981) reported that yield losses increased by an average of 20%
for every one-point increase in chlorosis scores. To examine the relationship between VCS
and grain yield in the present study, VCS at R5.5 were used to regress the relative yield of
the MT variety [the grain yield of the MT variety divided by the grain yield of the HT

variety under the control treatments, with or without N application (treatment 2 / treatment
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1 and treatment 6 / treatment 5)]. This relationship was significant and linear (Figure 2-1).
The average relationship between VCS and grain yield across environments was best
determined by the equation: Relative Yield (Mg ha') = 1.3952 — 0.2684 * X, where X is
the chlorosis score of the MT variety. Thus, yield loss was found to increase by an average

of 26% for each unit increase in VCS.

2.4.3 Management strategies’ effects on soybean grain yield

Analysis of variance (ANOVA) was performed to examine the main effects of
varieties, Fe-EDDHA rates, populations, El, and their corresponding two-, three-, and four-
way interactions. The significance of the fixed effects and their interactions for grain yield
is shown in Table 2-6. The El interacted with varieties and with Fe-EDDHA rates to affect
soybean grain yield, indicating distinct responses to these two management strategies for
different severities of IDC at R5.5.

As IDC severity increases at R5.5, soybean grain yield decreases at differing rates
for each of the varieties tested (different slopes for each regression line with P < 0.05). The

form of the two regression lines for the variety x El interaction are:

3.395 + (—0.272 % EI) = Moderately Tolerant
3.395 + (—0.00197) + (—0.272 + 0.213) * EI = Highly Tolerant

Grain Yield (Mg ha™1) {

where El is the Environmental Index calculated as the average VCS at R5.5 for the
control treatment with or without N application. The results of the equations above show
that, for every one-point increase in El, yield losses of 0.27 Mg ha* and 0.06 Mg ha* are
expected, on average, for the MT and HT varieties, respectively. When both varieties were
grown under severe IDC conditions (El of 4), the HT variety yielded, on average, 37%
(0.85 Mg hat) more than the MT variety. Given the genetic differences in tolerance to IDC,
the HT variety was expected to exceed the MT one in grain yield as IDC severity increased.
A similar soybean yield response for varieties with different levels of IDC tolerance was
observed by Kaiser et al. (2014). The authors reported an average of 34% grain yield
improvement with a more tolerant variety relative to a less tolerant variety when IDC was

severe, and no other management strategy was used. Other studies across the US Midwest
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have also reported differences in grain yield response among cultivars with varying levels
of IDC tolerance (Goos and Johnson, 2000; Naeve and Rehm, 2006; Helms et al., 2010).

As shown in Figure 2-2, even when El was 1, the HT variety tended to yield more
than the MT one. This trend was consistent, with yield differences becoming larger as EI
increased. In our study, a VCS of 1 at R5.5 does not indicate that IDC was not present, IDC
occurred in all environments with different intensities. As noted previously, soybean plants
can partially recover from IDC, and this could result in an average VCS of 1 at R5.5 (Table
2-3). Recovering, however, does not imply that plants will yield the same as they would if
IDC had not occurred. Previous studies have reported that even minor IDC symptoms can
significantly reduce yields and that elimination of yield loss due to IDC requires agronomic
practices that prevent any chlorosis expression (Froechlich and Fehr, 1981; Niebur and
Fehr, 1981). Our result supports previous research that planting a highly tolerant variety is
the most important and practical strategy for IDC management (Goos and Johnson, 2000;
Naeve and Rehm, 2006; Helms et al., 2010).

Although the selection of highly tolerant cultivars has long been proposed as the
best option for managing IDC, previous studies have suggested the practice of planting two
different varieties on different portions of the same field to maximize the yield of the entire
field (Froechlich and Fehr, 1981; Helms et al., 2010; Kaiser et al., 2014). In this case,
variable soybean seeding would be done by planting a less tolerant but high-yielding
cultivar where IDC is low and a more tolerant but not the best-yielding cultivar in areas
where IDC is moderate to severe (Kaiser et al., 2014). In the present study, the only
environment in which IDC was practically non-existent was environment 2. When grain
yield was compared at environment 2, it was found that both varieties yielded nearly the
same [3.91 Mg ha? for the MT variety and 3.96 Mg ha for the HT variety (data not
shown)]. These findings differ from Helms et al. (2010), Liesch et al. (2011), and Kaiser
etal. (2014), who found that the less tolerant genotypes yielded more than the more tolerant
ones when IDC was absent or low. In fact, breeding for Fe-deficiency tolerance oftentimes
selected lower-yielding genotypes for non-hotspot areas, which was previously reported as
yield drag (Helms et al., 2010). Furthermore, although the varietal responses observed
when IDC was almost absent may not be representative of all varieties available for IDC-

prone areas, as we only evaluated a considerably small number of them, the lack of yield
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differences between AG13XF0 and AG12XF1 may be the result of breeding efforts to
select for high tolerance and high yield potential. These findings agree with those of Helms
et al. (2010) in that there is evidence that some varieties have high yields in both the IDC
and non-1DC areas of a field. Because a yield penalty was not observed for the HT variety
in low chlorotic environments, findings from this study suggest that soybean yield can be
maximized by planting a single highly tolerant and high-yielding variety across both hot
and non-hot spots. From a farmer’s standpoint, this approach is more practical than variable
seeding of soybean because it does not require a change in cultivar as the planter proceeds
across a field, and is less risky given that IDC severity can change drastically across small
portions of a field and in response to several soil and environmental factors (Godsey et al.,
2003; Hansen et al., 2003).

The slopes of the linear regression lines were also significantly different (P < 0.05)
for the relationship between EI and Fe-EDDHA rates. The average relationship between
grain yield and IDC severity at R5.5 for each of the Fe-EDDHA rates was best defined by

the equations below:

3.648 + (—0.494 = EI) = 0 kg ha~! FeEDDHA
Yield (Mg ha=1){3.648 + (=0.311) + (=0.494 + 0.435) * EI = 2.24 kg ha~! FeEDDHA
3.648 + (—0.338) + (—0.494 + 0.501) = EI = 4.48 kg ha—! FeEDDHA

According to the equations above, for every one-point increase in El, the yield was
decreased by 16%, on average, when Fe-EDDHA was not supplied. At the same time,
average yield reductions of less than 2% occurred with the application of 2.24 kg Fe-
EDDHA hal. In the present study, soybean grain yield was not negatively affected by
increases in El when Fe-EDDHA was provided at a rate of 4.48 kg ha*. Such positive grain
yield responses indicate that Fe-EDDHA application was highly effective at reducing or
even avoiding yield losses due to IDC (in the case of 4.48 kg Fe-EDDHA ha). Apparently,
higher Fe-EDDHA rates provide adequate iron for an extended time, satisfying the demand
for a sustained supply of this micronutrient as plant development progresses and thus
diminishing the chance of soybean plants developing symptoms that can negatively affect
yield (Goos and Johnson, 2001; Wiersma, 2005). Compared to the untreated plots, yield

improvements averaging 1.4 and 1.7 Mg ha'* were observed with soil applications of 2.24
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and 4.48 kg Fe-EDDHA ha'l, respectively, when severe IDC conditions prevailed (El of
4).

Although the largest yield differences among Fe-EDDHA rates were seen at high
IDC intensities (Figure 2-3), our results indicate that Fe-EDDHA application, regardless
of rate, also increased yield at lower El values (at an EIl of 1, yield increments of 120 and
160 kg ha' were found with the application of 2.24 and 4.48 kg Soygreen® ha*,
respectively). In other words, Fe deficiency limited plant growth and grain yield even at
low to moderate IDC conditions when Fe was not supplied in the soil in the form of Fe-
EDDHA. This result reinforces our previous findings that, even though soybean plants can,
in some cases, effectively overcome IDC towards the end of the growing season, it may
only reduce the yield loss, but it will not eliminate it (Froechlich and Fehr, 1981). Niebur
and Fehr (1981) evaluated the effect of iron chelate application in preventing IDC
symptoms on calcareous soils. They found that a change in VCS from an average of 1 in
the treated plots to an average of 1.5 in the untreated ones significantly decreased soybean
yield by 130 kg hal. As discussed previously, the lack of Fe, resulting in chlorosis
symptoms, represents a more severe alteration of essential metabolic processes and this has
been considered to be the reason why yield reductions occur even when the amount of
yellowing is slight (Niebur and Fehr, 1981). Therefore, results from this study suggest to
soybean growers that using a management strategy that eliminates IDC symptoms entirely
is the key to eliminating yield losses.

Our results, however, do not indicate that Fe-EDDHA should be utilized when IDC
is extremely low or absent. When Fe-EDDHA rates were compared at environment 2 (the
only environment at which VCS was 1.25 at R1), it was found that Fe-EDDHA application
did not result in significant yield increases (data not shown). Consequently, Fe-EDDHA
application having minor to no benefit may not justify the expense of the product to the
producer. Positive results with in-furrow applications of Fe-EDDHA were also reported by
Kaiser et al. (2014). The authors concluded that Fe-EDDHA application in-furrow at
planting presented a relatively low-cost management practice for mitigating the
undesirable effects of IDC. Other studies have also shown yield increases for soybean using
Fe-EDDHA as a soil application (Schenkeveld et al., 2008; Gamble et al., 2014).
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While the positive results for varieties and iron chelate rates were dependent on El,
their interactive effects were similar whether utilized under low, moderate, or severe IDC
conditions. Significantly greater soybean yields were found across varieties for both rates
of Fe-EDDHA compared to the untreated soybeans (Figure 2-4). Applying 4.48 kg
Soygreen® ha! tended to produce the highest yields (3.14 and 3.52 Mg ha! for the MT
and HT varieties, respectively), but they were not statistically higher than using 2.24 kg
Soygreen® ha! (2.95 Mg ha and 3.46 Mg ha* for the MT and HT varieties, respectively).
However, as illustrated by the significant variety x Fe-EDDHA interaction for yield (Table
2-8), the effect of Fe-EDDHA application was greater for the MT variety compared to the
HT one (yield increases of 0.89 and 1.08 Mg ha* for the MT variety vs. 0.65 and 0.72 Mg
ha'! for the HT variety with 2.24 and 4.48 kg Fe-EDDHA hal, respectively). Thus, when
Fe-EDDHA was applied at a rate of 4.48 kg hal, the average yield of the MT variety was
similar to the average yield of the HT variety without Fe-EDDHA application or with 2.24
kg Fe-EDDHA ha. Results from this research comport with those of previous studies as
to the potential benefits of Fe-EDDHA as a soil application (Wiersma, 2005; Gamble et
al., 2014; Kaiser et al., 2014). The larger response from the MT variety is consistent with
findings from Wiersma (2005) and Kaiser et al. (2014) but is in contrast to the findings
reported by Karkosh et al. (1988) where tolerant varieties alone responded to Fe-EDDHA.

Although the response to Fe-EDDHA application was greater for the MT variety
compared to the HT one, the overall highest yields were achieved by providing either of
the two Fe-EDDHA rates to the HT variety (3.46 and 3.52 Mg ha* with 2.24 and 4.48 kg
Soygreen® hal, respectively). Combining the HT variety with 4.48 kg Fe-EDDHA ha!
produced significantly more grain than any other variety by Fe-EDDHA combination,
except for the HT variety with 2.24 kg Fe-EDDHA ha (Figure 2-4). The greatest yield
levels, attained by having a HT variety with in-furrow applications of Fe-EDDHA in the
current research, are consistent with the results found by Wiersma (2005), who reported
that resistant cultivars exceeded susceptible cultivars in grain yield when Fe-EDDHA rates
lower than 6.72 kg ha' were used.

In this study, significant differences in grain yield also were found due to the main
effect of population, suggesting that the seeding rate response is not affected by Fe-
EDDHA rates, varieties, and IDC intensities at R5.5 (El) (Table 2-6). Thus, averaged
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across all other fixed effects, increasing the seeding rate from 309,000 to 433,000 seeds ha
Lsignificantly and positively affected soybean grain yield by 150 kg ha™* (Figure 2-5). Such
consistent yield increases may be attributed to increased Fe acquisition by soybeans under
Fe stress conditions with higher seeding rates. Under normal soybean production
circumstances, higher yields are generally not observed with seeding rates beyond those
required to establish a reasonable stand of plants (Holshouser and Whittaker, 2002;
Wiersma, 2007). However, when grown under Fe-limiting conditions a higher number of
plants per unit of row results in a larger exploitation of the rhizosphere, which along with
the chemically reducing processes activated by Strategy | plants, increases the reductive
capacity of the soil volume immediately surrounding the roots, improving Fe uptake
(Rengel and Marschner, 2005). In the present study, IDC negatively affected soybean yield
at all environments, except environment 2. At this environment, significant yield
differences were not seen with higher seeding rates compared to lower seeding rates (data
not shown).

Similar results with increased seeding rates also were observed by others (Penas et
al., 1990; Goos and Johnson, 2000; Naeve, 2006; Wiersma, 2007). Goos and Johnson
(2000) found that averaged across sites, cultivars, and Fe-EDDHA seed treatments, yields
were 250 kg ha? higher at the higher seeding rate (370,000 vs. 740,000 seeds ha™).
Similarly, Naeve (2006) reported average yield increments of 281 kg ha across seven
chlorotic environments resulting from seeding rates of 370,000 to 740,000 seeds ha* but
highlighted that yield responses to greater seeding rates were relatively small and
inconsistent. While positive results with increased seeding rates also were reported by
Penas et al. (1990) and Wiersma (2007), responses to higher seeding densities were
dependent on the varieties utilized. Penas et al. (1990) found greater responses to increased
seeding rates for more tolerant varieties. Wiersma (2007) observed larger yield increases
with increased seeding densities for less tolerant varieties. In our study, varieties responded
similarly to increasing the seeding rate. However, as referenced above, other varieties may
respond differently. Therefore, knowledge of how a specific variety may perform at
different seeding rates under IDC conditions is needed to obtain maximum grain yields and

reduce costs; the optimum plant density for IDC-prone soils has not been identified. This
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lack of consistent recommendation may be associated with the fact that usually seeding
rates being evaluated vary among studies.

In the current study, the lack of significant interactions involving seeding rates and
the overall small yield enhancement found with an increased plant population may be
explained by lower than desired plant stands. Averaged across all ten environments,
soybean stand counts averaged 252,787 plants ha™! with the 309,000 seeds ha* seeding
rate, and 315,925 plants ha* with the 433,000 seeds ha' (data not shown). Thus, the
population difference between the two seeding rates was only 25%, while the target
difference was 40%. Contrarily, it may simply be that varieties, Fe-EDDHA rates and their
combinations at varying IDC intensities are benefitted similarly by increases in plant

population, preventing the occurrence of significant interactions between these factors.

2.4.4 Net economic returns and risk analysis

Although evaluating the effects of varieties, Fe-EDDHA rates, and seeding
densities on soybean vyield is crucial, it is critically important to determine how these
management strategies, individually and collectively, impact overall economic returns. In
this study, for the purpose of profitability and risk analysis, environments with or without
N application were grouped into three classifications based on their El values. As such,
following an approach by Kaiser et al. (2014), an EI less than 1.5 was considered low IDC,
an El between 1.5 and 2.5 was considered moderate IDC, and an EI greater than 2.5 was
severe IDC. Mean net economic returns were combined across low and moderate IDC
conditions since an ANOVA for grain yield showed that management strategies responded
similarly within these classes (data not shown). This grouping approach resulted in a total
of 11 low-moderate and nine severe IDC environments.

When IDC was low to moderate, only four treatments had a significant (P < 0.05)
positive net benefit compared to the control (“base”) treatment [HT variety + 2.24 kg Fe-
EDDHA ha + 309,000 seeds ha* had a net benefit of $327.85; HT variety + 4.48 kg Fe-
EDDHA ha! + 309,000 seeds ha' had a net benefit of $345.83; HT variety + 0 Fe-EDDHA
+ 433,000 seeds ha! had a net benefit of $365.45; and HT variety + 2.24 kg Fe-EDDHA
ha'l + 433,000 seeds ha' had a net benefit of $332.84 (Figure 2-6)]. Thus, not all
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management strategies that increase yield will create a positive net benefit when Fe-stress
conditions are not severe.

As described above, all four treatments with a significant positive net economic
return included the HT variety with at least one of the other management strategies, either
Fe-EDDHA application or increased seeding rate. This result indicates that planting a HT
variety should be the first line of defense against IDC, both in terms of yield and
profitability. This is because, regardless of the other management strategies used in
combination, planting a MT variety never resulted in significantly higher net economic
returns than the base treatment. These findings suggest that, although Fe-EDDHA
application and increased seeding rates are effective at increasing the yield of the MT
variety, the yield differences were not enough to significantly increase profitability when
low to moderate IDC conditions prevail.

Under severe IDC conditions, all management strategies significantly increased
profitability, except for the combination of a MT variety without Fe-EDDHA application,
planted at a higher seeding rate, in which the net economic return was positive ($72) but
not statistically significant. The greater number of treatment combinations being
significantly more profitable than the control treatment may result from the need for
alternatives to minimize the effects of severe Fe deficiency. Without any management
treatments to restrain symptoms, severe IDC can result in a complete crop failure
(Froechlich and Fehr, 1981). Thus, by adopting at least one management strategy shown
to be effective in minimizing IDC losses, growers can significantly positively affect net
economic returns as environments become less favorable (except by planting the MT
variety at 433,000 seeds ha' without Fe-EDDHA application). Overall, the most
significant net economic return under high Fe-chlorosis stress conditions was provided by
the combination of a HT variety, with 2.24 kg Fe-EDDHA ha!, planted at 433,000 seeds
ha! ($1,333.28). This management combination was the best option across all nine severe
IDC environments because grain yield was increased by 2.54 Mg ha*, on average,
compared to the base treatment, and because this management option is only number six
in total input costs ($197.80, Table 2-7).

Risk Efficient Frontiers, based on the MPT, were performed to find optimum

management strategy combinations that allow soybean growers to enhance profitability
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while controlling the risk or reducing the risk while targeting a desired level of return
(West, 2006). In the present study, this approach is proposed as a decision tool to aid
soybean growers in determining what IDC management strategies to utilize given the
severity of IDC, expected returns, and risk. Tables 2-10 and 2-11 illustrate the efficient
frontier calculated using portfolio expected returns (mean net returns in $ ha?) and
portfolio standard deviation (risk level in $ ha') for low-moderate and severe IDC
conditions.

One of the methods to compare efficient frontiers is through the tangency portfolio,
which analyzes the most efficient or optimal portfolio available (Stevens and Bradley,
2020). In this approach, the goal is to determine which management strategy, or
combination of them, provides the maximum return for a controlled risk (Optimum
Portfolio) or the minimum risk for a level of return (Minimum Variance Choice). In the
tangency portfolio method, the Sharpe Ratio is calculated to compare portfolios, measuring
the risk-to-reward of a portfolio. Therefore, the higher the Sharpe Ratio, the higher the
reward per unit of risk. As such, the Optimum Portfolio is defined as the management
strategy or combination that results in the highest Sharpe Ratio. The Minimum Variance
Choice is defined as the management strategy or combination that results in the lowest risk,
but which may not maximize net economic returns. In the present study, the Sharpe Ratio
was calculated as the portfolio expected return [mean net return for each management
combination ($ ha')] divided by the portfolio standard deviation (risk in $ ha't).

At low-moderate IDC conditions, the optimum portfolio coincided with the
combination of a HT variety with 2.24 kg Fe-EDDHA ha! planted at 309,000 seeds ha™,
yielding a profit of $1723.61 per hectare to a risk of $579.99 ha* and a risk-to-reward of
2.97 (Table 2-8). Compared to the control treatment, this management combination
provides a 58% increase in risk-to-reward. This outcome may be due to the efficacy of iron
chelate application and variety selection on minimizing the effects of IDC on soybean grain
yield and the relatively low cost of this management strategy combination ($154 ha!, data
not shown), resulting in mean net returns that are relatively high at all low-moderate IDC
environments (lower variance, data not shown).

At the same IDC stress levels, the lowest risk ($577.5 ha't) was achieved by having
a portfolio of 50.2% HT variety + 2.24 kg Fe-EDDHA ha! + 309,000 seeds hat; 35% HT
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variety + 4.48 kg Fe-EDDHA ha! + 433,000 seeds ha; and 14.8 % HT variety + 0 Fe-
EDDHA + 309,000 seeds ha* (Table 2-9). For this level of risk, the estimated profit would
be $1676.16 hal, with an associated Sharpe Ratio of 2.90. From these findings, portfolio
theory is beneficial because it provides the lowest risk, which may be what growers prefer.
However, the reduction in risk achieved with such a portfolio is only $2 ha less than the
risk provided by the HT variety with 2.24 kg Fe-EDDHA ha! planted at 309,000 seeds ha-
Lalone. Consequently, from a farmer’s perspective, it may be more practical and profitable
to plant the HT variety with 2.24 kg Fe-EDDHA ha! at 309,000 seeds ha* for a similar
risk.

Under severe Fe-deficiency conditions, all management strategy combinations
delivered a risk-to-reward greater than the control treatment (Table 2-9). Even though the
risk was, in most cases, higher with any treatment combinations evaluated compared to the
control, the expected return was increased by an average of $1444.92 ha! ($72.07 to
1333.29 ha! range), and this explains the greater Sharpe Ratios. However, no management
combination alone coincided with either the Minimum Variance Choice or the Optimum
Portfolio (Table 2-11). The efficient frontier shows that for a level of risk of $542 ha’l, a
producer’s profit could be $1786 ha, maximizing the risk-to-return to 3.29. This is
achieved by planting the following portfolio: 71% of HT variety + 4.48 kg Fe-EDDHA ha’
1+ 433,000 seeds hat, and 29% of HT variety + 2.24 kg Fe-EDDHA ha* + 433,000 seeds
ha'. The difference between the portfolio and the control treatment profit is $1,259.6 ha™,
with a risk that is $30.16 ha lower than the baseline. Again, if making use of a single
management combination is desired by soybean growers, the single treatment combination
that provided the highest profit for every unit of risk was the HT variety + 4.48 kg Fe-
EDDHA ha! + 433,000 seeds hal. The Sharpe Ratio estimated with this management
combination was 3.55 times greater than the control and only 0.02 points lower than the
Optimum Portfolio. The low variance and high net returns observed with the HT variety +
4.48 kg Fe-EDDHA ha? planted at 433,000 seeds ha? indicate that this treatment
combination yields consistently better than the control, resulting in profits that vary less
across severe IDC environments.

If a grower is risk adverse, the lowest risk ($513.51 ha') under severe IDC

intensities was achieved by utilizing different proportions of various management strategy
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combinations: 35% of HT variety + 2.24 kg Fe-EDDHA ha! + 433,000 seeds ha; 25% of
MT variety + 0 Fe-EDDHA + 309,000 seeds hat; 24% of HT variety + 0 Fe-EDDHA +
309,000 seeds hat; and 15% of HT variety + 4.48 kg Fe-EDDHA ha! + 433,000 seeds ha-
L. The lowest risk provided by this portfolio may be explained by the lower variability in
mean net returns observed with the control treatment and its lower cost. The lower
variability, however, does not indicate a consistently satisfactory effect of this management
combination across severe IDC environments. The low variation achieved by having a MT
variety + 0 Fe-EDDHA + 309,000 seeds ha is due to this management combination
providing consistently lower yields and, consequently, lower mean net returns across
severe IDC environments. Therefore, when severe IDC prevails, this management strategy

would not be recommended even when it is part of the optimum portfolio.

2.5 Conclusions

This study evaluated soybean grain yield response to varieties that differ in IDC
tolerance, Fe-EDDHA rates applied in-furrow at planting, and seeding density under field
conditions that were conducive to IDC development and with varying levels of chlorosis
severity brought on by N application. Overall, N application increased Fe-deficiency
symptoms and reduced yield. Thus, special attention must be given to the amount of nitrate
present in the soil at the time of soybean planting. This is because of potential N carryover,
which varies significantly by previous crop, N application rates, and environment during
and after the previous cropping season.

Relative to a base treatment of the MT variety, no Fe-EDDHA application, and lower
seeding density, soybean yield was consistently increased by planting a HT variety,
applying 2.24 or 4.48 kg Fe-EDDHA ha, and increasing the seeding density to 433,000
seeds ha. Yield increases with the most tolerant variety and Fe-EDDHA application were
greater when chlorosis symptoms were severe, but all three management strategies
provided positive results even at low to moderate IDC intensities. Overall, these research
results confirm those found in other studies conducted in the North Central United States
that have demonstrated the effectiveness of variety selection, Fe-EDDHA application, and

increased seeding rates to improve soybean yield on IDC-prone soils. Furthermore, our

39



results agree with previous studies that even minor IDC symptoms can significantly reduce
yield. Thus, IDC symptom development needs to be suppressed for yield loss elimination.

Although greater effects from Fe-EDDHA application were found for the MT
variety, combining a HT variety with Fe-EDDHA supplementation resulted in the highest
yields. This result was further supported by profitability and risk analysis that showed that
applying Fe-EDDHA on the HT variety provides the best Sharpe Ratio of individual
management strategy combinations, regardless of IDC intensity. When IDC was low to
moderate, the combination of a HT variety with 2.24 kg Fe-EDDHA ha'! planted at 309,000
seeds ha* provided a 58% increase in risk-to-reward compared to the control treatment.
When IDC was severe, the best option in terms of profit per unit of risk was the HT variety
+ 4.48 kg Fe-EDDHA ha! + 433,000 seeds ha, with a Sharpe Ratio 3.55 times greater
than the control.

All three management strategies assessed in the present study are practical from a
farmer’s perspective. When deciding which variety to grow, farmers should look for a
cultivar with high tolerance to IDC based on public variety trial reports, seed company
recommendations, or through on-farm assessment of cultivars if possible. Increasing the
plant population can be efficiently done by adjusting the seeding density with a variable-
rate seeder. In-furrow application of an iron chelate as liquid suspension at planting is also
a practical option because many farmers possess planters equipped with such technology

for similar applications on other crops or for the application of other products.
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2.6 Tables

Table 2-1. Environment (Env.), Year, location/county, site, field coordinates, planting date, emergence date, and soil series for ten
environments evaluated in western MN from 2021 to 2022.

Env. Year Location/County Site coolr:(iﬁlndates Plgr;:;ng Emg;g[znce Hg;\{zst
1 2021 Danvers / Swift Hotspot ggf jgfggv'\\'/ 11-May 23-May 19-Oct
2 2021 Danvers / Swift Non-Hotspot ggjjgllggvl\\l/ 11-May 23-May 19-Oct
3 2021 Foxhome / Wilkin Hotspot 366:2153133\,'\\', 10-May 21-May 30-Sep
4 2021 Foxhome / Wilkin Non-Hotspot gg:zlfggjvl\\l/ 10-May 21-May 30-Sep
5 2021 Graceville / Big Stone Hotspot Sg:gjgggvl\\l/ 10-May 22-May 19-Oct
6 2021 Graceville / Big Stone Non-Hotspot ggjzgjggfvl\\l/ 11-May 22-May 19-Oct
7 2022 Danvers / Swift Hotspot 355::153}3;\/[\\]/ 3-Jun 12-Jun 13-Oct
8 2022 Danvers / Swift Non-Hotspot ngjfs?gfv’\\l/ 3-Jun 12-Jun 13-Oct
9 2022 Foxhome / Wilkin Hotspot ggzzgfggvl\\l/ 28-May 9-Jun 29-Sep
10 2022 Foxhome / Wilkin Non-Hotspot gg:zzggggvl\\l/ 28-May 9-Jun 29-Sep
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Table 2-2. The full set of 24 treatments arranged by the factorial combination of four factors
and their levels. The IDC Highly Tolerant (AG13XF0) and IDC Moderately Tolerant
[Mod. Tolerant (AG12XF1)] varieties are both extensively grown in western Minnesota
(DEKALB Asgrow/Bayer Crop Science, MO, USA).

Fe-EDDHA Population

Treatment (kg ha'!) Nitrogen (seeds ha'}) Variety
1 0 Nitrogen 309,000 Highly Tolerant
2 0 Nitrogen 309,000 Moderately Tolerant
3 0 Nitrogen 433,000 Highly Tolerant
4 0 Nitrogen 433,000 Moderately Tolerant
5 0 No Nitrogen 309,000 Highly Tolerant
6 0 No Nitrogen 309,000 Moderately Tolerant
7 0 No Nitrogen 433,000 Highly Tolerant
8 0 No Nitrogen 433,000 Moderately Tolerant
9 2.24 Nitrogen 309,000 Highly Tolerant
10 2.24 Nitrogen 309,000 Moderately Tolerant
11 2.24 Nitrogen 433,000 Highly Tolerant
12 2.24 Nitrogen 433,000 Moderately Tolerant
13 2.24 No Nitrogen 309,000 Highly Tolerant
14 2.24 No Nitrogen 309,000 Moderately Tolerant
15 2.24 No Nitrogen 433,000 Highly Tolerant
16 2.24 No Nitrogen 433,000 Moderately Tolerant
17 4.48 Nitrogen 309,000 Highly Tolerant
18 4.48 Nitrogen 309,000 Moderately Tolerant
19 4.48 Nitrogen 433,000 Highly Tolerant
20 4.48 Nitrogen 433,000 Moderately Tolerant
21 4.48 No Nitrogen 309,000 Highly Tolerant
22 4.48 No Nitrogen 309,000 Moderately Tolerant
23 4.48 No Nitrogen 433,000 Highly Tolerant
24 4.48 No Nitrogen 433,000 Moderately Tolerant
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Table 2-3. Average visual chlorosis scores for the control treatment (MT variety, 0 Fe-
EDDHA, and 309,000 plants ha') without N application at each growth stage evaluated
and IDC severity index (1) calculated for each of the ten environments utilizing the method
developed by Naeve and Rehm (2006).

Environment V2 V3 V4 R1 R2 R3 R4 R5 R55 |

El 225 225 275 3.00 275 225 175 125 125 0.24
E2 1.00 100 100 125 1.00 100 1.00 100 1.00 0.65
E3 1.00 3.00 3.00 400 350 350 350 350 350 0.29
E4 1.00 225 200 225 200 175 175 175 150 0.55
ES 3.00 400 350 375 350 3.00 325 3.00 275 0.32
E6 200 167 167 167 133 1.00 1.00 1.00 1.00 0.41
E7 300 NA NA 400 400 4.00 4.00 4.00 350 0.05
E8 300 NA NA 400 4.00 4.00 4.00 4.00 4.00 0.15
E9 300 3.00 375 375 325 300 225 225 175 0.65
E10 150 200 225 150 150 125 125 100 1.00 1.02
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Table 2-4. Pearson correlations between visual chlorosis scores collected at nine growth stages (V2 to R5.5 according to Fehr et al.,
1971) and grain yield.

Growth Stage

Env. V2 V3 V4 R1 R2 R3 R4 R5 RS5.5 p-valuet
1 -0.571 -0.651 -0.541 -0.636 -0.786 -0.846 -0.852 -0.878 -0.887 <2.2e16
2 -0.155 -0.072 -0.164 -0.178 -0.162 -0.171 NA NA NA NS
3 NA -0.306 -0.410 -0.498 -0.596 -0.656 -0.633 -0.675 -0.720 <2.2e16
4 NA -0.311 -0.428 -0.451 -0.453 -0.517 -0.476 -0.583 -0.623 1.252¢
5 -0.764 -0.854 -0.708 -0.691 -0.723 -0.756 -0.834 -0.897 -0.930 <2.2e16
6 -0.564 -0.659 -0.561 -0.500 -0.598 -0.671 -0.708 -0.732 -0.717 1.39%¢12
7 -0.631 - - -0.752 -0.735 -0.793 -0.843 -0.855 -0.883 <2.2e16
8 -0.688 - - -0.834 -0.849 -0.839 -0.869 -0.892 -0.900 <2.2¢16
9 -0.178 -0.260 -0.461 -0.534 -0.599 -0.601 -0.614 -0.620 -0.651 6.681e13
10 -0.126 -0.275 -0.433 -0.523 -0.443 -0.482 -0.583 -0.586 -0.591 2.22e’10

T P-value for Pearson Correlation at R5.5 growth stage
-, greenness scores not collected

NA, no linear association
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Table 2-5. Environmental Index (EI) calculated as the average VCS at R5.5 and average
grain yield (Mg ha?') for the control treatment (Moderately Tolerant variety + 0 Fe-
EDDHA + 309,000 seeds ha') for each of the ten environments with or without N
application.

Average Yield

Environment Nitrogen El (Mg ha't)
1 Nitrogen 3.50b? 1.29b
1 No Nitrogen  1.25a 3.98a
2 Nitrogen 1.00a 3.85a
2 No Nitrogen  1.00a 4.02a
3 Nitrogen 2.75a 2.25a
3 No Nitrogen  3.50a 0.63a
4 Nitrogen 2.50a 1.73a
4 No Nitrogen  1.50a 3.21a
5 Nitrogen 2.75a 2.40a
5 No Nitrogen  2.75a 2.64a
6 Nitrogen 2.00b 3.01b
6 No Nitrogen  1.00a 5.02a
7 Nitrogen 4.50a 0.10a
7 No Nitrogen  3.50a 0.50a
8 Nitrogen 4.25a 0.16a
8 No Nitrogen  4.00a 0.37a
9 Nitrogen 2.25a 0.73a
9 No Nitrogen  1.75a 1.02a
10 Nitrogen 2.00b 1.38a
10 No Nitrogen  1.00a 1.82a

! Significance letters between N treatments within environments with alpha = 0.05.
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Table 2-6. ANOVA significance of fixed effects [varieties (Variety), Fe-EDDHA rates (Fe-
EDDHA), seeding rates (Population), and Environmental Index (EI)] and their interactions
on soybean grain yield.

Grain Yield
Source of Variation (Mg ha'')

P>F
Fe-EDDHA falaled
Population *x
Variety ik
EI **k*k
Fe-EDDHA x Population 0.0804
Fe-EDDHA x Variety e
Population x Variety 0.1625
Fe-EDDHA x EI falaled
Population x El 0.2371
Variety x El faleka
Fe-EDDHA x Population x Variety 0.0791
Fe-EDDHA x Population x El 0.5718
Fe-EDDHA x Variety x El 0.9038
Population x Variety x El 0.3842
Fe-EDDHA x Population x Variety x El 0.4819

* Significant at the 0.05 probability
level

** Significant at the 0.01 probability level
*** Significant at the 0.001 probability level
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Table 2-7. Net cost ($ ha-1), Average Yield (Avg., Mg ha-1), Average Net Revenue (Avg.,
$ ha-1), and Average Net Benefit (Avg., $ ha-1) for each of the treatment combinations at
low-moderate and severe IDC conditions.

. Avg. Net  Avg. Net

Treatment . Net Cost Avg. Yield .
Combination ~ 'DCSVeMY  “gpany (Mg hat) Fzg‘fgfk‘)e (B$eﬂ::1')t
0-MT - 309 Low-Moderate 113.34 2.70 1509.09  1395.75

0-MT-309 Severe 113.34 1.15 639.78 526.44
2.24 - MT - 309 Low-Moderate 157.84 2.97 1658.37  1500.53
2.24 - MT - 309 Severe 157.84 2.79 1556.89  1399.05
448 - MT -309 Low-Moderate  202.33 3.11 1732.87  1530.53
4.48 - MT - 309 Severe 202.33 3.16 1764.35  1562.02
0-HT-309 Low-Moderate 109.50 3.09 1721.71 161221
0-HT-309 Severe 109.50 2.00 1117.63  1008.13
2.24 - HT - 309 Low-Moderate 154.00 3.36 1877.61 1723.61
2.24 - HT - 309 Severe 154.00 3.17 1770.31 1616.31
4,48 - HT -309 Low-Moderate 198.50 3.48 1940.08  1741.59
4.48 - HT - 309 Severe 198.50 3.64 2030.24  1831.75
0-MT-433 Low-Moderate 158.68 2.68 1495.66  1336.99

0-MT -433 Severe 158.68 1.36 757.19 598.51
2.24 - MT - 433 Low-Moderate  203.17 3.12 1740.53  1537.36
2.24 - MT - 433 Severe 203.17 3.00 1676.07  1472.90
4.48 - MT - 433  Low-Moderate 247.67 3.14 1751.05 1503.38
4.48 - MT - 433 Severe 247.67 3.20 1783.82  1536.15
0-HT-433 Low-Moderate 153.30 3.43 191450 1761.20
0-HT-433 Severe 153.30 2.52 1407.33  1254.03
2.24 - HT - 433  Low-Moderate 197.80 3.45 1926.39  1728.59
2.24 - HT - 433 Severe 197.80 3.69 2057.53  1859.73
4.48 - HT - 433  Low-Moderate 242.30 3.36 1877.27  1634.98
4,48 - HT - 433 Severe 242.30 3.58 1997.83  1755.54
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Table 2-8. Risk ($ ha?), Expected Returns ($ hat), and Sharpe Ratio of management
strategy combinations, portfolio that minimizes risk (Minimum Variance Choice) and
portfolio that maximizes the Sharpe Ratio (Optimum Portfolio) for low-moderate IDC.

Low-Moderate IDC

Variable RISK EXPECTED RETURN SHARPE RATIO

Minimum Variance Choice  577.53 1676.15 2.902
Optimum Portfolio 579.99 1723.61 2.972
0 - MT - 309,000 800.74 1395.75 1.743
2.24 - MT - 309,000 929.87 1500.53 1.614
4.48 - MT - 309,000 868.45 1530.53 1.762
0 - HT - 309,000 631.37 1612.21 2.554
2.24 - HT - 309,000 579.99 1723.61 2.972
4.48 - HT - 309,000 617.74 1741.59 2.819
0 - MT - 433,000 747.41 1336.99 1.789
2.24 - MT - 433,000 890.60 1537.36 1.726
4.48 - MT - 433,000 929.00 1503.38 1.618
0 - HT - 433,000 696.54 1761.20 2.528
2.24 - HT - 433,000 632.50 1728.59 2.733
4.48 - HT - 433,000 590.22 1634.98 2.770
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Table 2-9. Risk ($ ha?), Expected Returns ($ hat), and Sharpe Ratio of management
strategy combinations, portfolio that minimizes risk (Minimum Variance Choice) and
portfolio that maximizes the Sharpe Ratio (Optimum Portfolio) for severe IDC.

Severe IDC
Variable RISK  EXPECTED RETURN SHARPE RATIO

Minimum Variance Choice  513.51 1308.30 2.548
Optimum Portfolio 541.99 1786.05 3.295
0 - MT - 309,000 572.15 526.44 0.920
2.24 - MT - 309,000 797.84 1399.05 1.754
4.48 - MT - 309,000 875.31 1562.02 1.785
0 - HT - 309,000 623.56 1008.13 1.617
2.24 - HT - 309,000 663.38 1616.31 2.436
4.48 - HT - 309,000 575.72 1831.75 3.182
0 - MT - 433,000 635.63 598.51 0.942
2.24 - MT - 433,000 919.44 1472.90 1.602
4.48 - MT - 433,000 886.85 1536.15 1.732
0 - HT - 433,000 729.68 1254.03 1.719
2.24 - HT - 433,000 583.88 1859.73 3.185
4.48 - HT - 433,000 536.33 1755.54 3.273
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Table 2-10. Tangency Portfolio Weights, Expected Returns and Risk for Minimum
Variance Choice and Optimum Portfolio for low-moderate IDC severity.

Portfolio
Efficient Risk Expected Sharpe 0- 2- 4- 0- 2- 4- 0- 2- 4- 0- 2- 4-
Frontier Return Ratio MT- MT- MT- HT- HT- HT- MT- MT- MT- HT- HT- HT-

125 125 125 125 125 125 175 175 175 175 175 175

Minimum
Variance 577.52 1676.14 2902 O 0 0 0.1470502 0 0 0 0 0 0 0.350
Choice
Optimum

. 579.99 172361 2972 O 0 0 0 1 0 0 0 0 0 0 0
Portfolio
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Table 2-11. Tangency Portfolio Weights, Expected Returns and Risk for Minimum
Variance Choice and Optimum Portfolio for severe IDC conditions.

Portfolio
Efficient . Expected Sharpe 0- 2- 4- 0- 2- 4- 0- 2- 4-
Frontier  F°K  Return  Ratio MT- MT- MT- 01;'5”1?;41?; MT- MT- MT- HT- HT- HT-
125 125 125 175 175 175 175 175 175

Minimum

Variance 51351 130830 254 0245 0 O 0244 0 0O O O 0 0 03530158
Choice

Optimum 51199 178605 320 0 0 0 0 0 0 0 0 0 0 02930707
Portfolio

51



Supplemental Table 2-1. Monthly total precipitation and average temperature data at the five location-years studied.

Precipitation data (mm)

May June July August September October
Location-Year  Tot. DN Tot. DN Tot. DN Tot. DN Tot. DN Tot. DN
Foxhome-2021 45.72 -27.94 48.26 -55.88 3556 -63.50 109.22 4572 7112 7.62 8382 1270
Foxhome-2022 33.53 21.34 3277 -71.37 2794 -71.12 9.65 -53.85 557 -57.93 - -
Danvers-2021  35.56 -49.28 68.58 -35.56 83.82 -17.78 165.10 69.34 132.08 62.23 137.16 74.93
Danvers-2022 - - 31.24 -57.15 2413 -77.47 4928 -46.48 1981 -50.04 0.76 -27.94
Graceville-2021 38.10 -33.53 15.24 -80.01 71.12 -29.72 17272 10490 9144 29.72 121.92 63.25
Temperature data (°C)
May June July August September October
Location-Year  Avg. DN  Avg. DN Avg. DN Avg. DN Avg. DN Avg. DN
Foxhome-2021 13.15 -0.38 21.87 253 2321 140 2088 033 1733 160 1047 278
Foxhome-2022 20.63 3.82 2210 277 2279 099 2075 020 16.69 0.97 - -
Danvers-2021 1533 111 2361 356 2344 111 2150 056 1783 139 1200 3.78
Danvers-2022 - - 2335 284 2303 070 2054 -040 1684 040 1820 7.09
Graceville-2021 13.44 -0.06 21.83 2.67 2317 144 2161 1.22 1722 178 1078 294

1 Tot., total monthly precipitation; DN, departure from normal.

1 Avg., average monthly temperature, DN, departure from normal.
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Supplemental Table 2-2. Soil average Olsen soil test P, ammonium acetate K, soil/water pH, DTPA-extractable Fe, electrical
conductivity (EC), calcium carbonate equivalency (CCE), and nematodes (eggs per 100 CC soil) for each of the ten environments
studied. Soil samples were composed of 6 soil cores per replication (4 replications = 24 cores per site) taken at a depth of 0 to 15 cm.

Environment P K Fe SOM CCE ECt pH  Nematodes
_ (mgkg?) (9 kg (sm?) Eggs/.00
1 29 325 7 79.5 118.7 0.13 7.9 2,925
2 28 290 9 76.0 94.0 0.06 8.0 1,125
3 11 173 3 47.0 72.0 0.12 8.2 50
4 9 173 4 47.0 49.0 0.08 8.1 13
5 67 346 7 63.5 115.7 0.11 8.0 0
6 80 394 8 66.2 60.7 0.23 7.9 13
7 16 181 5 57.5 114.0 0.18 7.9 3,931
8 13 146 5 53.2 146.0 0.05 8.2 2,094
9 14 161 4 51.0 26.2 0.10 8.2 3,856
10 12 60 6 27.0 10.2 0.04 8.3 5,188

53



2.7 Figures

Rel. Yield = -0.2684 * (Chlorosis Score) + 1.3952
R?=0.5714,P <005

r=-0755
P <005

GSs

Figure 2-1. Relationship between the relative yield of the MT variety by the yield of the
HT variety without any other management treatment vs visual IDC scores taken at R5.5
growth stage. The red line represents the linear regression with the best fit.
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Variety Effects
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Figure 2-2. Decline in soybean grain yield in response to the interaction between varieties
(MT and HT) and IDC severity measured by EI.

55



Iron Chelate Rate Effects
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Figure 2-3. Soybean grain yield in response to the interaction between Fe-EDDHA rates

(0, 2.24, and 4.48 kg Soygreen® ha) and IDC severity measured by EI.
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Figure 2-4 Distribution of grain yield as related to Fe-EDDHA rates for both varieties.
Numbers inside the boxplots indicate the average grain yield. Black letters on top denote
significant differences in grain yield (P < 0.05) across varieties and Fe-EDDHA rates.
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£-3

Grain Yield (Mg/ha)

309,000 (Low SR) 433,000 (High SR)
Figure 2-5. Distribution of grain yield as related to seeding rates. Numbers inside the

boxplots indicate the average grain yield. Black letters on top denote significant differences
in grain yield (P < 0.05) between seeding rates tested.

58



Mean Net Economic Returns
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Figure 2-6. Mean net economic returns of varieties [Moderately Tolerant (MT) and Highly
Tolerant (HT)], Fe-EDDHA rates [0, 2.24 (2) and 4.48 (4) kg Soygreen® ha] and seeding
rate [309,000 (125) and 433,000 (175) seeds ha') combinations compared to the control
treatment of (MT variety with 0 Fe-EDDHA at 309,000 seeds hat).
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Risk Efficiency Frontier - Low-Moderate IDC
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Figure 2-7. Portfolio Net Return ($ hat) vs. Portfolio Standard Deviation (Risk, $ ha't) for
each of the management strategy combinations (0, 2.24 and 4.48 represent all three iron
chelate rates in kg hat, and 309 and 433 represent both seeding rates in thousand seeds ha-
1) under low-moderate IDC conditions. Risk Efficient Frontier is represented by the black
line. Minimize risk represents the Minimum Variance Choice (or lowest risk) and
Maximize Sharpe Ratio represents the Optimum Portfolio (or highest net return).
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Risk Efficiency Frontier - Severe IDC
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Figure 2-8. Portfolio Net Return ($ hat) vs. Portfolio Standard Deviation (Risk, $ ha't) for
each of the management strategy combinations (0, 2.24 and 4.48 represent all three iron
chelate rates in kg ha, and 309 and 433 represent both seeding rates in thousand seeds ha-
1) under severe IDC conditions. Risk Efficient Frontier is represented by the black line.
Minimize risk represents the Minimum Variance Choice (or lowest risk) and Maximize
Sharpe Ratio represents the Optimum Portfolio (or highest net return).
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Chapter 3. Application of UAV Imagery-Derived Vegetation Indices for
Estimating Soybean Yield Grown Under IDC Stress Conditions

3.1 Summary

Iron deficiency chlorosis (IDC) can significantly limit soybean yield, especially on
calcareous soils, where it usually occurs in complex, discontinuous, and unpredictable
patterns. Given that IDC is a serious management issue for soybean growers in the US
Upper Midwest, accurate yield predictions of soybean cultivated under such stress
conditions could serve as a management, marketing, and policy making tool for farmers,
soybean-related industries, and governmental agencies. The goal of this study was to
develop a model to predict the yield of soybean affected by IDC using UAV-based
vegetation indices as explanatory variables. Five vegetation indices were generated from
UAV-imagery collected at R1 and R5.5 phenological stages from five experiments carried
out at three locations during the 2021 and 2022 growing seasons. Canopy reflectance
measurements were collected using a MicaSense multispectral sensor, mounted on a DJI
Inspire 2 UAV. Main outcomes from this research were: (i) UAV-based VI’s provide a
more precise, objective and efficient assessment of IDC symptom severity compared to
traditional visual scores and ground-based active sensors; (ii) NDVI at R1 and NDRE at
R5.5 are the best VI’s for grain yield forecasting in soybean grown under IDC stress
conditions; (iii) the linear regression model generated with NDRE measurements collected
at R5.5 resulted in better prediction accuracies compared to the model developed with
NDVI data collected at R1, but the overall performance of both models were not
satisfactory when validated with testing data; and (iv) a decision tree using VI’s indicated
through a path analysis as most prominent for yield estimation provided an accurate
(RMSE and MAE of 0.53 and 0.45 Mg ha%, respectively) and intuitive prediction model
that explained 93.5% of the yield variability. Results from this study are promising and
provide a simple and practical tool for soybean yield estimation at the farm level, but which

could be refined and used in a broader scale (e.g., region, country).

Abbreviations: IDC, iron deficiency chlorosis; VI, vegetation index; UAV, unmanned
aerial vehicle; DN, departure from normal; VCS, visual chlorosis scoring; GCP, ground
control point; CRP, calibrated reflectance panel; DLS, downwelling light sensor; AIC,
Akaike Information Criteria; RMSE, root mean square error; MAE, mean absolute error;
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NDVI, normalized difference vegetation index; NDRE, normalized difference red-edge
index; ENDVI, enhanced normalized difference vegetation index; OSAVI, optimized soil
adjusted vegetation index; SAVI, soil adjusted vegetation index; EMS, electromagnetic
spectrum; MSE, mean squared error.

3.2 Introduction

Iron (Fe) is an essential micronutrient required for chlorophyll biosynthesis and
functioning of the photosynthetic apparatus of plants (YYadavalli etal., 2012). Despite being
relatively abundant in agricultural soils, Fe is often present in the oxidized (Fe3*) state that
soybean plants cannot take up (Souri, 2016). In soybean, iron deficiency leads to
interveinal chlorosis and stunting of the growth, both of which severely affect yield
(Inskeep and Bloom, 1987). This nutrient stress is termed Iron Deficiency Chlorosis (IDC).
In the US alone, IDC is estimated to cause yield reductions totaling $260 million annually
(Peiffer et al., 2012).

Selection of varieties with improved tolerance remains the most effective and most
practical strategy to manage IDC (Niebur and Fehr, 1981; Goos and Johnson, 2000; Naeve
and Rehm, 2006; Helms et al., 2010). Consequently, the use of IDC-tolerant varieties is
considered fundamental for profitable production in chlorosis-prone fields (Wiersma,
2005). Increased seeding rates and soil applications of iron chelates also have been studied
and shown to be effective in improving the overall health and final yields of soybean grown
in iron-deficient soils (Penas et al., 1990; Goos and Johnson, 2000; Kaiser et al., 2014).

In the US Upper Midwest, soils formed by a calcium carbonate parent material are
often highly conducive to IDC development (Goos and Johnson, 2001). These soils
commonly have a pH in the range of 7.0 to 8.5, with elevated calcium carbonate and soluble
salt concentrations (Hansen et al., 2003). Although calcareous soils are prone to IDC, the
severity of symptoms is highly dependent on various environmental and edaphic factors,
such as soil moisture and nitrate levels (Godsey et al., 2003; Bloom et al., 2011). The spatial
and temporal variability of these set of variables controlling Fe-chlorosis expression creates
severe, moderate, and low IDC areas interspersed in a landscape (Gamble et al., 2014).
Given that IDC most frequently occurs in complex and discontinuous patterns, soybean
growers often do not know the extent of these areas and amount of yield loss being caused
by this abiotic stress (Rogovska and Blackmer, 2008).
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Considering the importance of soybean as a source of protein and oil and the
escalating demand for food and energy, monitoring and forecasting soybean yield is
essential for food security worldwide (Holzman et al., 2014). Accordingly, early prediction
of soybean yield is of great interest because early information on potential yield reductions
can be a useful instrument to aid crop management and crop marketing planning, project
market behavior, and to support governmental policies (Schwalbert et al., 2020; Zhao et
al., 2020).

Canopy sensing technologies have been proposed as a tool to predict the yield of
various crops (Rehman et al., 2019; Hassan et al., 2019; Dong et al., 2015; Christenson et
al., 2016), as well as to map the distribution of IDC throughout a field (Kyaw and Ferguson,
2008; Rogovska and Blackmer, 2008). Because IDC impacts chlorophyll synthesis,
affecting leaf color, such technologies have been used to quantify plant greenness, an
indirect measure of IDC severity (Hassanijalilian, 2020).

Plant greenness can be quantitatively measured by calculating a series of vegetation
indices (VI’s), which are based on reflectance measurements from optical sensor
(Rasmussen et al., 2015). Vegetation indices can be defined as mathematical models on
light reflected at two or more spectral wavebands and have been recognized as a reliable
way to relate canopy reflectance with crop yield (Christenson, et al., 2016; Schwalbert et
al., 2020; da Silva, et al., 2020). Previous research has shown that VI’s are advantageous
for mapping spatial variability within and across plots and fields (Govaerts et al., 2007;
Mulla, 2013; Merotto et al., 2012; Portz et al., 2012), but selection of the best VI protocol
for a specific crop and issue is critical for the successful development of a yield prediction
algorithm (Samborski et al., 2009, Liu et al., 2017, Bushong et al., 2018).

The NDVI is the most widely used vegetation index, and it is derived by the
combination of reflectance from the red and near-infrared bands (Rouse et al., 1974). The
downside of NDV1 is that this index reaches saturation levels when the crop canopy is fully
developed, deriving unreliable measurements (Schepers, 2008; Sharma et al., 2015). To
overcome this problem, several modifications of NDVI have been proposed, such as the
NDRE and ENDVI. The NDRE and ENDVI are indices based on the red edge and green
spectral bands, respectively, which are more sensitive to moderate to high chlorophyll

content, avoiding saturation as leaves completely cover the row (Kanke et al., 2012). Other
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modifications of NDVI also have been proposed, such as SAVI and OSAVI, but these
indices attempt to minimize the soil background effect. Most ratio-based VI’s that account
for soil background include coefficients that were derived from empirical studies (Hatfield
et al., 2008). The SAVI index includes a constant “L”, which is an adjustment factor for
soil reflectance, and is set based on the vegetation density (Huete, 1988). OSAVI is an
extension of SAVI, having a more specific constant (0.16). In vegetation cover that is
higher than 50%, OSAVI is expected to perform better in decreasing the effect of soil noise
(Rondeaux, 1996).

Studies showing the benefits of remote sensing technologies and VI’s utilization
for yield estimation in soybean are abundant, but there is limited reporting of the use of
UAV-based VI’s in yield prediction of soybean grown under IDC stress conditions. For
growers, mapping the extent and severity of IDC-prone fields and early prediction of grain
yield in these areas could provide an advantage in terms of on-farm management, such as
crop marketing planning. Considering the importance of soybean and IDC in the North
Central United States, soybean yield prediction could support policy decision-making, such
as insurance and other financial decisions. Therefore, the goal of the current research was
to develop a model to predict soybean yield using UAV-based VI’s measurements that is
simple and practical and that could be used by growers, researchers, and industry. The
specific objectives were: 1) compare the performance of different in-field methods of IDC
symptom assessment; 2) identify which UAV-based VI is best for estimating grain yield
of soybean affected by IDC; and 3) test the performance of the best VI’s in forecasting

yield using different prediction approaches.

3.3 Materials and Methods
3.3.1 Research environments

Five of the ten research environments described in Chapter 2 were used in this study
(environments 1, 3, 5, 7, and 9). Environments 1, 3, 5, 7 and 9 will be identified hereafter
as environments 1, 2, 3, 4, and 5, respectively. All five field sites were established in the
“hotspot” IDC part of commercial farmer’s fields, where IDC was expected to be severe.
General soil properties and additional environment and agronomic information for each of

the five environments are presented in Tables 3-1 and 3-2, respectively. All field sites were
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in a corn-soybean rotation, expect for environment 3 that was in a corn-soybean-sugar beet
rotation. At all environments, plots were 9 x 3 meters with four rows spaced 76 cm apart
from each other.

For the 2021 growing season, weather data were retrieved from the nearest weather
station no more than 30 km from a given site from High Plains Regional Climate Center

(HPRCC, Lincoln, NE, https://hprcc.unl.edu/). For the 2022 growing season, remote

weather stations (Hobo® U30 Station, Onset Computer Corporation, Bourne, MA)
installed at each location at the time of planting provided monthly air temperature and
precipitation information. Thirty-year normal (1984-2013) air temperatures and rainfall

also were collected from HORCC and were used to calculate departure from normal (DN).

3.3.2 In-field evaluations of IDC severity and grain yield data

IDC symptom assessment was performed using a 1 to 5 visual chlorosis scoring
(VCS based on Goos and Johnson, 2000), Crop Circle™ model ACS-430 (Holland
Scientific Inc., NE, USA), and high-resolution drone imagery at R1 and R5.5 growth
stages. All in-field evaluations of IDC severity were carried out on the same day between
10:00 and 14:00 h local time to limit shading effects.

The 1 to 5 visual chlorosis scoring, popularly called greenness scores, has been
traditionally used to evaluate IDC symptoms. In this system, 1 = no chlorosis, 2 = slight
chlorosis on the upper leaves, 3 = distinct chlorosis throughout the canopy, 4 = distinct
chlorosis throughout the canopy with stunted growth and some leaf necrosis, and 5 = severe
necrosis with plants dying or dead (Goos and Johnson, 2000). The visual ratings were
performed by the same experienced rater at all dates of data collection. Only the two inner
rows of each plot were rated.

The Crop Circle™ is a ground-based active crop canopy sensor that measures
crop/soil reflectance at 670 nm, 730 nm, and 780 nm, providing NDVI and NDRE
vegetation indices data as well as basic reflectance information. This sensor was manually
carried at walking speed above the second row of each plot (sensor distance above the
canopy was around 1 meter), positioned on a 0° angle relative to the canopy (nadir
position), collecting approximately 50 spectral measurements per experimental unit.

Average NDVI and NDRE readings were calculated for further analysis.
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Drone imagery was acquired with a RedEdge-MX sensor (MicaSense Inc., Seattle,
WA, USA) mounted on a DJI Inspire 2 (DJI Technology Co. Ltd., Shen Zhen, China). This
sensor captures the five following spectral bands at the same time: blue (475 nm x 32 nm),
green (560 nm x 27 nm), red (668 nm x 14 nm), red-edge (717 nm x 12 nm) and near-
infrared (842 nm x 57 nm). The drone was programmed to fly each field autonomously
with the assistance of Pix4D Capture, which remotely controls the Unmanned Aerial
Vehicle (UAV) flight path, desired flight altitude, and image overlap. Thus, the UAV was
flown at a ground speed of 1 m st and at 23m AGL (above ground level). This altitude was
defined to obtain proper ground sample distance (GSD = 1.6 cm pixel-1), and
consequently, high spatial resolution. All images were captured from nadir view with 75%
front and 75% side overlap. On average, approximately 200 images were captured per
flight. A pipeline was created from image capture to image analysis and is shown in Figure
1.

Considering that ambient light conditions may change in the middle of a flight,
images of the RedEdge-MX Calibrated Reflectance Panel (CRP) were obtained before and
after each flight to provide accurate representation of light conditions at each time point of
data collection. The CRP has unique known reflectance values across the visible and near-
infrared light spectrum and are provided by MicaSense to convert the raw pixel values of
an orthomosaic into reflectance. Additionally, a DLS (downwelling light sensor) was also
integrated with the camera onto the drone (the DLS was installed on top of the aircraft,
facing up towards the sky), measuring the solar irradiance throughout each mission. The
irradiance information is embedded within the metadata of each image for each band. In
summary, the CRP and DLS are used in conjunction in post processing to correct for
changing illumination conditions, enabling improved reflectance calibration. Detailed
information about the conversion of raw pixel values to reflectance with the use of CRP
and DLS can be found in the MicaSense Knowledge Base (https://
support.micasense.com/hc/en-us/articles/115000765514-Use- of-Calibrated-Reflectance-
Panels-For-RedEdge-Data).

A total of six ground control points (GCPs, orange bucket lids of 30.5 cm in
diameter with a painted black circle in the center) were placed at the four corners and in

the center of each research trial and remained there for the duration of the growing season.
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A Trimble® GPS unit (Catalyst™ DA2 GNSS receiver, Trimble®, Westminster, CO,
USA) mounted on a survey pole and connect to a smartphone was used to record the
coordinates (known location) of the center of each GCP before the first flight. The
positioning derived had an estimated accuracy averaging 2 cm and was used for geometric
calibration.

Final yields were recorded for every single plot. Yield data was collected by
harvesting the center two rows of each plot with a small plot combine (Almaco SPC40,
Almaco, IA, USA) at maturity stage (R8 according to Caviness and Fehr, 1977). The first
and fourth rows were considered border rows and were not harvested to avoid competition
effect between rows of different plots. The weight of each sample (total grain mass plot)

was converted to yield (Mg hat) and adjusted for a 13% moisture basis (130 g kg™?).

3.3.3 Image processing

The main goal in image processing is to produce a map where the value of each
pixel faithfully indicates the reflectance of the target object. Thus, after image acquisition,
the raw imagery (16-bit TIF format) was processed, mosaicked and orthorectified using
Pix4D mapper (Pix4D SA, Lausanne, Switzerland). Pix4D mapper uses an advanced
structure from motion (SfM) workflow to derive accurate orthomosaics in absolute
reflectance values. The default processing option template, “Ag Multispectral” was
selected for generating the geo-referenced reflectance maps. Although the processing speed
of this template is slow, it provides outputs with high quality and reliability (Pix4D
Support, 2022). The three key steps of reflectance map generation in Pix4D mapper
comprise initial processing (in which geometric and radiometric calibration are performed),
point cloud densification and mesh generation, and creation of a digital surface model,
orthomosaic, and reflectance map. In step 1, the WGS 84 datum was used with a projected
coordinate system of UTM zone 15 N. In addition, all six GCPs were input into each of the
Pix4D projects directly following the initial processing step using the ray cloud editor. In
step 3, the derivation of absolute reflectance values was achieved by Pix4D using both the
CRP images with known reflectance values and the readings from the DLS stored in the

image EXIF. The known reflectance values for each spectral band of the CRP equal to 0.47
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(46.98%), 0.47 (47.19%), 0.47 (47.21%), 0.47 (47.21%) and 0.47 (47.12%) for blue, green,

red, red-edge, and near-infrared bands, respectively.

3.3.4 Vegetation Index (VI) Calculation
QGIS software (QGIS Geographic Information System, http://qgis.osgeo.org) was

used for plot segmentation, index calculation, thresholding, soil-plant masking, and VI
values extraction. The “Create Grid” tool was used to generate polygon shapefile to
delineate each plot and segment the rows of interest (two center rows).

Five vegetation indices were created from the generated reflectance maps using the
“Raster Calculator” plugin in QGIS and were based on the reflectance in the near infrared,
red, red-edge, green, and blue portions of the electromagnetic spectrum: NDVI
(Normalized Difference Vegetation Index), NDRE (Normalized Difference Red Edge
Index), ENDVI (Enhanced Normalized Different Vegetation Index), OSAVI (Optimized
Soil Adjusted Vegetation Index), and SAVI (Soil Adjusted Vegetation Index) (Table 3-4).
Since IDC causes yellowing of the leaves, which is associated with a decrease in
chlorophyll content, these indices were chosen based on their ability to estimate greenness
and chlorophyll levels in leaves (Rasmussen et al., 2013, Gago et al., 2015, Hansen and
Schjoerring, 2003; Jannoura et al., 2014; Huete, 1988; Rondeaux, 1996). As described
previously, the SAVI index includes a soil adjustment constant “L”, defined based on the
vegetation density (Huete, 1988). In the current project, L = 1 was used, which is meant
for very low vegetation.

Thresholding was performed in QGIS using the “raster calculator” tool to separate
the soybean pixels from the soil background due to their simplicity and applicability (Zepp
et al.,, 2021). The threshold value was created by observing the image’s histogram and
selecting the pixel value that included the maximum number of soybean pixels without soil
pixels (Duddu, et al., 2019). Although thresholding was done to eliminate background
noise, SAVI and OSAVI were generated in an attempt to remove the contribution of soil
noise, specifically in the leaf edge pixels, where soil and vegetation information may be
mixed (Barzin, et al., 2020). The masked soybean canopy for each vegetation index was
then used to extract the mean index values of each plot using the “Zonal Statistics” tool in
QGiIS.
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3.3.5 Statistical analysis

Statistical analyses were conducted using R project for statistical computing in
combination with R Studio version 4.1.2 (R Core Team, 2020) and considered significant
at P < 0.05. Pearson correlation was calculated to evaluate the strength of the relationship
between in-field evaluations of IDC severity (VCS, Crop Circle NDVI and NDRE, and
UAV-based VI’s) and soybean grain yield. The Pearson’s correlation coefficient (R) was
computed at R1 and R5.5 for every one of the five environments.

To identify which UAV-based VI is best for predicting grain yield of soybean
affected by IDC, restricted maximum likelihood (REML) linear mixed models were
performed using the Ime4 package (Bates et al, 2014) across all five environments. For
R5.5 estimations, the data was log-transformed to provide a greater goodness of fit with
the exponential response of grain yield and VI’s values. For each growth stage and VI,
models were fitted with mean index values as fixed effect and combinations of independent
intercept and/or slopes for environments and blocks nested within environments as random
effects. For this analysis, 70% of the data was used to fit and 30% of the data was used to
test each of the models. For each of the growth stages, the best VI to predict soybean yield
was chosen based on the Akaike Information Criteria (AIC), where lower values indicate
better fit (Weisberg, 2014). Although the coefficient of determination (R?) is routinely used
to assess goodness of fit, it was calculated to describe the proportion of variance explained
by each of the models only (Weisberg, 2014). The AIC number was preferred over R? to
determine the best VI for yield prediction because it provides a greater test of relative
model fit (is more robust) for comparing mixed effects models. The root mean square error
(RMSE) also was calculated to check the goodness of each of V1 in estimating grain yield.
Residual plots were examined to confirm model assumptions of homogeneity of variances
and normality of residuals.

Linear regression model fit was employed to develop a yield prediction model for
each growth stage using the best VI as features. Different training and validation datasets
were used for model generation and performance evaluation. During the training phase,
data from environments 1, 2, 4, and 5 were used to fit each of the models, while data from

the environment 3 was used to test the model during the validation phase. The same
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procedure was done for R1 and R5.5 development stages. The coefficient of determination
(R?) was used to assess each model’s explanatory abilities for soybean yield variances. In
addition, two metrics were computed to examine the predictive accuracy of each model:
the root mean square error (RMSE), and the mean absolute error (MAE). The formulas for

calculating each of these parameters are expressed as follows:

n n
X — }A’)z 1 1
RP= 1- S2220 S RMSE= |23 (y— 992 ; MAE = = > |y - 3]
S 2 ) i 1 ) l l

Z(yl y) ni=1 n i=1

where n denotes the number of samples, y; the observed yield of sample i, and y;

the predicted yield of sample i.

3.4 Results and Discussion

This study presents a novel approach to estimate yield of soybean grown under IDC
stress conditions using UAV-derived vegetation indices. Four major steps included the
development of a model that can accurately forecast soybean yield: (1) correlation analysis
between different in-field methods of IDC symptom assessment for validation purposes;
(2) linear mixed effects model to evaluate the goodness of fit of each of the VI’s as in-
season soybean yield estimators; (3) use of the indices identified as best in Step 2 in linear
regression algorithms to assess their performance in predicting grain yield; (4)
development of a regression tree using VI’s selected as having the strongest cause-and-
effect relationship with grain yield as an alternative methodology to provide a more

accurate yield prediction model.

3.4.1 Performance of different in-field methods of IDC symptom assessment

In soybean, IDC symptom severity is traditionally accomplished using a 1-5 visual
rating system (VCS) with a score of 1 given to plots showing no symptoms and a score of
5 given to plots displaying severe necrosis, plants dying or even dead (Goos and Johnson,

2000). A visual scorecard of this method is presented in Supplemental Figure 3-1. Although
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the VCS is a simple method, there are two major problems associated with its utilization.
First, human inconsistencies arising from variations in color perception, physical
conditions of the researcher, or even the fluctuation in field illumination conditions can
result in less accurate measurements (Bai et al., 2018). Second, the visual rating system is
laborious and time consuming, which can be a limitation when several plots are to be
evaluated (De Cianzio et al., 1979). The speed of IDC visual rating has been the reason
why symptoms are typically assessed only at one time point during the growing season
(Dobbels and Lorenz, 2019).

Portable crop canopy sensors such as the Crop Circle™ (Crop Circle) represent
another tool to produce information about crop health. The Crop Circle uses a modulated
polychromatic LED array light source and three photodetection channels that
simultaneously measure crop/soil reflectance. Although the Crop Circle provides a less
subjective measurement of IDC symptom severity compared to visual ratings, it is also
somewhat laborious and time consuming. In addition, the reliability of NDVI and NDRE
values generated with the Crop Circle can be negatively affected by soil background
interference when low canopy cover is apparent (Hong et al., 2007). Besides interveinal
chlorosis, IDC causes stunting of the growth, and therefore, soybean plants very often do
not fully close the canopy. Given that the Crop Circle is usually run approximately 1m
above the crop canopy, it may not always only collect information from the crop canopy
but also soil reflectance. Gamble et al. (2014) utilized another active crop canopy sensor
named Greenseeker (Trimble Navigation Limited, Sunnyvale, CA) to generate NDVI
values from soybean fields affected by IDC and the authors reported that NDVI values
were not able to detect differences from untreated soybean most likely due to the minimal
ground cover provided by the soybean crop. Therefore, if VI’s values generated in a more
high-throughput manner using UAV imagery are as good/reliable as the ones obtained with
the crop circle and visual scores, logistics for in-season data collection could be
significantly improved.

Pearson correlation analysis was performed between grain yield and data collected
from each of the three IDC symptom severity assessment methods at R1 and R5.5 (Table
3-5). Highly significant (P < 0.001) negative (for VCS) and positive (for the Crop Circle

and UAV-based VI’s) correlations were observed between IDC symptom severity
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measurements and grain yield at all environments and dates of data collection. The UAV-
based measurements provided the highest correlation coefficient in four of five
environments at R1 and in all environments at R5.5. At R1, changes in grain yield could
be best predicted by changes in UAV-based NDVI at environments 1, 2, 3, and 5 (R =
0.935,0.678, 0.941, and 0.579, respectively). At R1 in environment 4, NDRE derived from
the Crop Circle resulted in the highest correlation coefficient (R = 0.898). At R5.5, UAV-
based NDRE showed the highest correlation coefficient at three out of five environments
(environments 1, 2, and 5, with R = 0.963, 0.945, 0.895, respectively). At R5.5 in
environments 3 and 4, the strongest correlation with yield was achieved with UAV -based
OSAVI and SAVI, respectively (R = 0.965, and 0.943, respectively). Averaged across all
environments, the highest correlation coefficient was obtained with UAV-based NDVI at
R1 (0.801) and UAV-based NDRE at R5.5 (0.934). Compared to measurements acquired
with VCS and the Crop Circle, the correlation coefficient was increased by an average of
0.18- and 0.04-points with UAV-based NDVI at R1 and 0.12- and 0.05-points with UAV-
based NDRE at R5.5. This overall increase in R indicates that the UAV-based VI’s were
more precise than VCS and the Crop Circle. These findings may be explained by the fact
that UAV measurements are less subjective than the visual rating system and contain less
soil background interference caused by the field of view and distance from canopy of the
Crop Circle. Further, relative to both, VCS and Crop Circle, UAV-based measurements are
more efficient and less laborious, which could facilitate logistics for in-season data
collection over larger areas and at a higher frequency in a growing season.

Results from the current study agree with those of Rasmussen et al., (2015) and
Dobbels (2020). Rasmussen, et al. (2015) used two different UAVs and two different
consumer-grade sensors to determine whether UAV-based VI’s were reliable for assessing
experimental plots and found that UAV-acquired VI’s had the same capability to quantify
crop responses to different abiotic and biotic stress as ground-based methods. Dobbels
(2020) collected IDC symptom severity data for ten weeks during the growing season of
nine environments and reported Pearson correlation to yield averaging 0.72 for UAV-based
NDVI, 0.57 for Crop Circle NDVI, and 0.59 for VCS, across all environments and dates

of data collection. Overall, the general stronger correlation between UAV-derived VI’s and
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grain yield was expected, as this was the first hypothesis to be validated towards the use of

VTI’s values for yield prediction in soybean affected by IDC.

3.4.2 Evaluating the ability of different VI’s in estimating soybean yield

In this study, we explored five vegetation indices generated from multispectral
UAYV imagery to compare their ability to estimate grain yield. All five VI’s evaluated are
indicators of plant greenness and have been previously used by researchers for estimating
grain yield of several crops (Sharma et al., 2015; Hassan et al., 2019; Shen et al., 2022;
Johnson et al., 2014; Da Silva et al., 2020; Santana et al., 2022; Schwalbert et al., 2020).

AtR1, all vegetation indices showed a highly significant positive linear relationship
with grain yield (P < 0.001, Table 3-6). At this growth stage, NDVI measurements
provided the highest predictive power for grain yield estimation (AIC = 592.84), followed
by OSAVI (AIC = 655.61), NDRE (AIC = 698.16), ENDVI (AIC = 712.72), and SAVI
(AIC = 727.83). When unseen data was used for validation, the NDVI model at R1
explained 89.3% of the variation, with predictions resulting in a RMSE of 0.545 Mg ha™'.
The strong relationship observed between NDVI and grain yield at R1 is not surprising as
a sensitivity analysis has demonstrated that NDVI has the highest sensitivity to estimate
biophysical parameters of vegetation when the canopy is not fully closed (Ji and Peters,
2007). This increased sensitivity shown by NDVI before canopy closure is mainly due to
a sharp absorption of the red band caused by chlorophyll during photosynthesis and a peak
of reflectance in the near infra-red caused by the cellular structure of the leaves (Silva
Junior et al., 2018). Da Silva et al. (2020) used a path analysis to evaluate the direct
relationship of several VI’s generated from UAV-imagery collected at V4 with soybean
grain yield and reported that NDVI was the most relevant vegetation index for yield
estimation. Kyaw et al. (2008) evaluated vegetation indices derived from aerial imagery
and soil properties such as pH and electrical conductivity as to their potential to delineate
chlorosis management zones in soybean. The authors reported that across five chlorosis-
prone sites, NDVI was the parameter most related to grain yield.

A highly significant positive exponential relationship with soybean yield also was
observed for all VI’s at R5.5 (P <0.001, Table 3-6). However, contrarily to what was found
at R1, NDRE was the VI with the best performance at the seed filling stage (AIC = 321.49),
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delivering a R? of 0.939 and a RMSE of 0.413 Mg ha! when validating the model with
testing data. At R5.5, the inferior performance of NDVI (AIC = 577.67, R? testing = 0.886,
RMSE testing = 0.564 Mg ha') is likely due to saturation at high amounts of green biomass
(i.e., NDVI loses sensitivity at greater values of leaf area index) (Asner et al., 2003; Chen
et al., 2006). Saturation of NDVI occurs when the NIR band continues to increase at the
latest stages of crop development and the red band exhibits a nearly flat response (when
leaf coverage approaches 100%, the amount of red light that can be absorbed by leaves
reaches a peak (Tucker, 1979; Thenkabail et al., 2000). The imbalance between these two
spectral bands results in a change in the NDVI ratio (the denominator has a much larger
impact on the ratio than the numerator), lowering the sensitivity of NDVI to chlorophyll
concentrations (only small changes in NDVI measurements occur at full canopy), and thus
yielding a poorer relationship with biomass (Gitelson et al., 1996). The red edge region of
the electromagnetic spectrum (EMS) is defined as a transition zone between absorption by
pigments and scattering by leaves and canopies (Gitelson and Merzlyak, 1994). Relative
to the red band, the red edge portion of the EMS can penetrate deeper into high biomass
canopies due to a reduced absorption coefficient (Nguy-Robertson et al., 2012). For this
reason, higher values of chlorophyll content and leaf area index are needed to reduce the
sensitivity of red edge at advanced development stages. As such, red-edge-based vegetation
indices can usually overcome the saturation problems reported with NDVI (Van Niel and
McVicar, 2004). Similar findings were reported by Kanke et al. (2012), who compared
NDRE and NDVI for detecting differences in winter wheat N status. Their study showed
that NDVI performed better in detecting plant growth differences at the same N rates at
early growth stages, while REP (Red-Edge Position index) was better at advanced growth
stages and increased N rates, highlighting the potential of red-edge-based VI’s in
overcoming saturation. Results from our study are also in agreement with those of Sharma
et al. (2015), who reported better late-season corn yield predictions with NDRE compared
to NDVI.

The lower predictive power of OSAVI and SAVI (AIC = 655.51 and 727.83 for
OSAVI and SAVI, respectively) compared to NDVI at R1 indicates that thresholding was
performed well enough to minimize soil background interference, and that the soil-

brightness-dependent correction factors included in the mathematical equations of OSAVI,
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and SAVI ended up reducing their ability to capture the changes in leaf reflectance caused
by IDC. The ENDVI measurements had the second lowest predictive power at both growth
stages evaluated (AIC of 712.72 and 524.03 at R1 and R5.5, respectively), indicating that
the inclusion of the green and blue bands didn’t improve grain yield estimation of soybean

affected by IDC.

3.4.3 Prediction model development using the best VI’s and linear regression

The best VI at each growth stage (NDVI at R1 and NDRE at R5.5) was used in a
linear regression model to predict soybean grain yield. Model fit was evaluated by
calculating the coefficient of determination (R?), the root mean square error (RMSE), and
the mean absolute error (MAE). These parameters also were used to evaluate prediction
accuracies of each of the models when testing data was used for validation. Further, in
yield prediction model development using linear regression, the use of data from multiple
years and locations is essential because it ensures that spatial and temporal variability due
environmental conditions (soil and weather) will reflect the predictive boundaries of the
model (Mourtzinis, et al., 2014). In the present research, there was substantial
environmental variation among all four environments used for model fitting (Tables 3-1
and 3-2).

Although both linear regression models were significant (P < 0.05, data not shown),
soybean yield predictability improved as the phenological stage progressed from R1 to
R5.5 (Table 3-7). When each model was validated with testing data, the calculated R?,
RMSE and MAE were 0.88, 1.72 Mg ha't, and 1.63 Mg ha'l, respectively, for the R1 model,
while the model using measurements from R5.5 resulted in a R? of 0.91, a RMSE of 0.92
Mg ha?, and a MAE of 0.82 Mg ha. This is likely because at R5.5, soybeans have
integrated a greater portion of the growing season conditions impacting grain yield, such
as weather conditions and recovery from IDC, if any. Ma et al. (2001) used a hand-held
multispectral radiometer to collect canopy reflectance measurements at multiple growth
stages in soybean and determine optimum development stage at which yield could be
predicted. The authors found that the yield-NDVI relationship was linear at R2 and R4 but
exponential at R5, with NDVI measurements at R2 explaining 29% of the variation in

yield, 59% at R4 and 80% at R5. Both the relationships between VI’s measurements and
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yield and the R? values were similar to what was observed in our study. According to the
same authors, soybean yield potential is set at later phenological stages for varieties that
show indeterminate growth habit, such as the ones grown in shorter grown seasons like in
the US Upper Midwest. As shown in Table 3-2, the 2022 growing season was especially
dry from pod formation (R3) to seed filling (R5.5), and IDC symptoms (data not shown)
tended to improve after R1 at all five environments. Thus, NDVI at R1 solely does not
account for these factors contributing to final yields, which may explain why the fitted
model at R1 only explained 28% of the yield variability compared to 78% with the fitted
model at R5.5, and why predictions using R1 measurements were less precise than
predictions using data from R5.5. Findings from the current study also agree with those of
Schwalbert et al. (2020), who reported that soybean yield prediction models tended to
become less accurate as yield forecasts were performed earlier in the growing season and
tended to become more assertive towards the end of the growing season. This is unfortunate
because the earliest the predictions, the broader the options these yield estimations could
be used to support agricultural decisions. However, R5.5 occurred 55 days before harvest,
on average across all five environments, which indicates that soybean yield could be
forecasted more than a month ahead of harvesting time.

Even though the model developed using NDRE measurements collected at R5.5
presented better performance than the R1 model using NDVI values, the accuracy of
predictions was still not satisfactory as other studies have reported better performance
metrics for soybean yield estimation (Mourtzinis et al., 2014; Kross et al., 2020; Schwalbert
et al., 2020; Christenson et al., 2016). The relatively poor performance of the regression-
based models could be associated with a small number of environments used for model
calibration (environmental variability encountered in environment 3 was not well reflected
in the predictive boundaries of the model) or with the existence of non-linear relationships
between VI’s and yield that simple linear regressions cannot integrate during model
development (Barzin et al., 2020). Further, our findings could also indicate that the use of
NDVI at R1 and NDRE at R5.5 alone did not provide adequate information for accurate
soybean yield prediction. Perhaps the inclusion of ancillary variables would be necessary
for the development of a model with improved predictive performance (Mourtzinis et al.,
2014).
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3.4.4 Improving predictive performance using an alternative approach

Because the linear regression algorithms developed with NDVI at R1 and NDRE
at R5.5 solely did not provide satisfactory yield prediction results, we evaluated an
alternative approach using results from a path analysis as explanatory variables in a
decision tree algorithm, as it has been done by Da Silva et al. (2020). A path analysis aims
to provide estimates of the magnitude and significance of assumed causal relationships
between a set of variables and it has been previously used to partition the relative
contribution of yield components in soybean (Kang, 1994; Board et al., 1997; Shukla et
al., 1999). A path coefficient measures the direct effect of a variable hypothesized to be a
cause on another variable hypothesized to be an effect (Dewey and Lu, 1959). Although a
path coefficient is derived from correlations, it is deemed as more informative and useful
than a simple correlation coefficient (Kang et al., 1983; Gravois and McNew, 1993). In the
present study, a path analysis was used to identify which VI’s were most relevant for
estimating soybean yield. In R Studio, the path analysis was performed using the “cfa”
function from the lavaan package version 0.6-12 (Rosseel, 2012) and the path diagram was
created using the “semPaths” function from the semPlot package version 1.1.6 (Epskamp,
2015). Data from environments 1, 2, 4 and 5 were used in the path analysis and in the
development of the path diagram (Figure 3-4).

Results from the path analysis revealed that NDRE at R5.5 had the strongest
positive direct effect on grain yield (path coefficient = 0.92), followed by OSAVI at R5.5,
and NDVI at R1 (path coefficient = 0.8 and 0.42, respectively) (Figure 3-4). NDRE,
ENDVI, OSAVI and SAVI at R1 and NDVI, ENDVI, and SAVI at R5.5 were not found
to have a prominent positive direct contribution to grain yield (i.e., their direct effects on
yield were either weak when positive or negative). Da Silva et al., (2020) and Santana et
al., (2022) used VI’s derived from UAV-imagery as explanatory variables and grain yield
as the dependent variable in a path analysis and observed that NDVI had the highest direct
effect on soybean yield. In their studies, VI’s were generated from images captured at V4
(Da Silva et al., 2020) and R1 (Santana et al., 2022), which is similar to our findings that
NDVI had the highest direct effect on soybean yield among all VI’s generated at the earlier
growth stage (R1).
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The three VI’s indicated by the path analysis as the most important for yield
estimation were used as independent explanatory variables in a regression tree algorithm
with grain yield as the principal dependent variable. The decision tree is an inverse tree-
like graph with the root node (the variable that best splits the data) on top and terminal
nodes (where the predictions, in this case numerical, are made) at the bottom and is built
by recursively evaluating different features and using, at each decision node, the feature
that best splits the data (Géron, 2017). A decision tree algorithm was selected over other
machine learning models because they are fairly intuitive (not considered a black box) and
are easy to interpret (Hassanijalilian et al., 2020). The decision tree was generated using
the “ctree” function from the partykit package version 1.2-16 (Hothorn et al., 2006). The
decision tree was trained with data from environments 1, 2, 4, and 5 and was validated with
data from environment 3. The performance of the decision tree in predicting soybean yield
also was evaluated by computing the R2, RMSE, and MAE.

Although the path analysis indicated that OSAVI at R5.5 had a stronger direct effect
on yield compared to NDVI at R1, results from the regression tree (Figure 3-5) show that
NDVI at R1 provided a smaller mean squared error (MSE) compared to OSAVI at R5.5
during attribute selection, and this is the reason why NDVI was used as decision nodes
instead of OSAVI (the classification and regression tree algorithm uses MSE-based node
splitting criteria to split nodes and minimize the MSE of the whole tree). The resulting
regression tree is composed of 10 inner nodes and 11 terminal nodes, with NDRE at R5.5
as the most important variable for the prediction model. The regression tree shows that, if
NDRE at R5.5 is lower or equal to 0.521, grain yield is predicted to be lower than 2 Mg
ha! (average of 1.7 Mg ha?). If NDRE values at R5.5 are greater than 0.521, soybean yield
is estimated to range from an average of 2.6 Mg ha to 4.6 Mg ha!, depending on other
NDRE values at R5.5 and NDVI values at R1.

The training step of the decision tree used training data from environments 1, 2, 4,
and 5, and provided a R? of 0.91, a RMSE of 0.43 Mg hal, and a MAE of 0.33 Mg ha™.
The validation step used testing data from environment 3, and highlights that the decision
tree was able to predict grain yield of soybean grown under IDC stress conditions with a
relatively high accuracy (RMSE of 0.53 and MAE of 0.45 Mg ha1), accounting for 93.5%
of the yield variability (Figure 3-6). These results are of great value because they
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demonstrate that the VI’s indicated by the path analysis and used in the regression tree
were able to accurately predict soybean yield. Using a similar approach, Da Silva et al.
(2020) reported soybean yield predictions with a RMSE of 196 kg ha?, and a R? of 0.85.
Similar findings were also reported by Jonshon (2014), who used NDVI and daytime land
surface temperature information as explanatory variables in a decision tree algorithm to
forecast soybean yield in the United States on a county level. Likewise, the average
difference between the predicted and observed yield in the validation phase was 0.42 Mg
ha'l, presenting a R? of 0.71. Decision tree models have also been used for crop yield
estimation in other studies (Fernandes et al., 2011; Marinkov¢ et al., 2009; and Veenadhari
etal., 2014).

Compared to the linear regression models for R1 and R5.5 using NDVI1 and NDRE
measurements alone, combining results from a path analysis and a regression tree algorithm
provided yield predictions that are 3.25 and 1.73 times more accurate in terms of RMSE
for R1 and R5.5, respectively, and 3.62 and 1.81 times more accurate considering MAE at
R1 and R5.5, respectively. The yield prediction improvement observed with the decision
tree relative to the simple linear regression could be explained by two things. First, the
fusion of VI’s measurements from two growth stages that are critical stages of crop
development can better capture cumulative greenness and biomass conditions, providing
improved metrics for soybean yield estimation in comparison with models using NDV1 at
R1 and NDRE at R5.5 solely. Johnson et al. (2016) reported that complementing NDVI
with EVI (enhanced vegetation index) led to a significant improvement in crop yield
forecasting in Canada relative to models utilizing NDVI alone. Second, it could be that
machine learning models are simply more accurate than conventional empirical models
such as linear regression due to their ability to overcome issues related to the spatial and
temporal nonlinear properties of crop yields (Kamir et al., 2020). Advantage of machine
learning models such as decision tree, random forest, and support vector machine over
linear regression models has already been reported (Jiang et al., 2004; Uno et al., 2005).
However, it is important to note that the performance of an algorithm depends on multiple
factors, such as the crop of interest, the predictor variables being used, the environment,
and the quality of the training data, and as such, making assumptions about the performance

of a specific algorithm is extremely difficult (Kamir et al., 2020).

80



3.5 Conclusions

This study compared different UAV-based vegetation indices generated from
imagery collected at R1 and R5.5 growth stages in their ability to estimate grain yield of
soybean grown under IDC stress conditions and evaluated the performance of different
models for yield prediction. Knowing which VI and growth stage is best for yield
estimation is important for precision agriculture applications, such as mapping the extent
and severity of IDC areas. Developing a model that can accurately predict yield has a
practical value as it can be used by growers, researchers, industry, and policy makers to
support agricultural decisions.

Our results show that in-season measurements of IDC using a UAV had the
advantages of objectiveness, efficiency, and precision over ground-based methods. Our
study also revealed that NDVI and NDRE at R1 and R5.5, respectively, provided the
highest predictive power for yield estimation of soybean affected by IDC compared to
ENDVI, OSAVI, and SAVI. Performance of linear regression models using the best VI’s
at each growth stage for grain yield estimation were not as good as hoped, which could be
attributed to a small number of environments used for model fitting, the inability of simple
linear regression in integrating a potential non-linear relationship between VI’s and grain
yield, or the need of ancillary variables to provide other important information associated
with grain yield. Moreover, combining VI’s indicated through a path analysis as most
prominent for yield estimation in a regression tree algorithm suggests that soybean yield
can be predicted with reasonable accuracy (RMSE of 0.53 and MAE of 0.45 Mg ha™?),
while explaining more than 93% of the yield variability. As such, this model has the
potential to be a useful tool to guide soybean management and marketing at the farm level,
as well as aid the projection of market behavior, and provide information to support
governmental policies. Inclusion of data from additional environments, especially from
soybean grown under IDC stress conditions outside of the specified boundaries of the
training dataset used in this study could refine model performance and allow its usage in a

broader scale.
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3.6 Tables

Table 3-1. Soil average Olsen soil test P, ammonium acetate K, soil/water pH, DTPA-extractable Fe, electrical conductivity (EC),
calcium carbonate equivalency (CCE), and nematodes (eggs per 100 CC soil) for each of the ten environments studied. Soil samples
were composed of 6 soil cores per replication (4 replications = 24 cores per site) taken at a depth of 0 to 15 cm.

Environment P K Fe SOM CCE ECt pH  Nematodes
(mg kg?) _ (gkgYh_ (Sm?) Eggs/100 CC
1 29 325 7 79.5 118.7 0.13 7.9 2,525
2 11 173 3 47.0 72.0 0.12 8.2 50
3 67 346 7 63.5 115.7 0.11 8.0 0
4 16 181 5 57.5 114.0 0.18 7.9 3,931
5 14 161 4 51.0 26.2 0.10 8.2 3,856
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Table 3-2. Monthly total precipitation and average temperature data at the five environments studied.

Precipitation data (mm) ¥

May June July August September October
Location-Year Tot. DN Tot. DN Tot. DN Tot. DN Tot. DN Tot. DN
Danvers-2021 3556 -49.28 6858 -3556 83.82 -17.78 165.10 69.34 132.08 62.23 137.16 74.93
Danvers-2022 - - 31.24 -57.15 24.13 -77.47 49.28 -46.48 19.81 -50.04 0.76 -27.94
Foxhome-2021 45.72 -27.94 4826 -55.88 35.56 -63.50 109.22 4572 7112 7.62 83.82 1270
Foxhome-2022 33.53 21.34 3277 -71.37 2794 -71.12 965 -53.85 557 -57.93 - -
Graceville-2021 38.10 -33.53 15.24 -80.01 71.12 -29.72 17272 10490 9144 29.72 12192 63.25
Temperature data (°C) ¥
May June July August September October
Location-Year  Avg. DN Avg. DN Avg. DN Avg. DN Avg. DN Avg. DN
Danvers-2021 1533 111 2361 356 2344 111 2150 0.56 1783 139 1200 3.78
Danvers-2022 - - 2335 284 2303 070 2054 -040 1684 040 1820 7.09
Foxhome-2021 13.15 -0.38 2187 253 2321 140 20.88 0.33 1733 160 1047 278
Foxhome-2022 20.63 3.82 2210 277 2279 099 20.75 0.20 16.69  0.97 - -
Graceville-2021 1344 -0.06 21.83 2.67 23.17 144 2161 1.22 1722 178 10.78 294

T Tot., total monthly precipitation; DN, departure from normal.

i Avg., average monthly temperature, DN, departure from normal.
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Table 3-3. Environment (Env.), year, location/county, site, field coordinates, planting date, emergence date, and soil series for ten
environments evaluated in western MN from 2021 to 2022.

Env. Year Location/County Site Field coordinates Planting Emergence Harvest

date date Date
1 2021 Danvers / Swift Hotspot gg:jglzggvl\\l/ 11-May 23-May 19-Oct
2 2021 Foxhome / Wilkin Hotspot ggzzlggf(?vl\\l/ 10-May 21-May 30-Sep
3 2021 Graceville / Big Stone Hotspot gg:gjggggvl\\l/ 10-May 22-May 19-Oct
4 2022 Danvers / Swift Hotspot gg:jf;ggvl\\l/ 3-Jun 12-Jun 13-Oct
5 2022 Foxhome / Wilkin Hotspot ggzzzgfggvl\\l/ 28-May 9-Jun 29-Sep

84



Table 3-4. Mathematical representation of vegetation indices calculated from spectral reflectance.

Vegetation Index Equation Reference
NDVI (Normalized Difference Vegetation Index) (NIR - Red) / (NIR + Red) Rouse et al., 1974
NDRE (Normalized Difference RedEdge Index) (NIR - RedEdge) / (NIR + RedEdge) Lietal., 2014

ENDVI (Enhanced Normalized Difference Vegetation Index) ((NIR + Green) - (2 x Blue)) / ((NIR + Green) + (2 x Blue)) Rasmussen et al., 2015
OSAVI (Optimized Soil Adjusted Vegetation Index) (NIR - Red) / (NIR + Red + 0.16) Rondeaux et al., 1996

SAVI (Soil Adjusted Vegetation Index) ((NIR - Red) / (NIR + Red + L)) * (1 + L), where L setto 1 Huete, 1988
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Table 3-5. Pearson correlations between grain yield and IDC symptom severity
measurements collected with a 1-5 visual rating system (VCS), an active crop canopy
sensor named Crop CircleTM, and with an unmanned aircraft vehicle (UAV) at R1 and
R5.5.

Environment Method/Sensor-Index R (R1) P (R1) R(R5.5) P (R5.5)
VCS -0.635  3.616e-12 -0.887 <2.2e-16

Crop Circle - NDVI 0.893 <2.2e-16 0.790 <2.2e-16

Crop Circle - NDRE 0.829 <2.2e-16 0.917 <2.2e-16

1 UAV - NDVI 0.935 <2.2e-16 0.917 <2.2e-16
UAV - NDRE 0.861 <2.2e-16 0.963 <2.2e-16

UAV - ENDVI 0.865 <2.2e-16 0.919 <2.2e-16

UAV - OSAVI 0.893 <2.2e-16 0.937 <2.2e-16

UAV - SAVI 0.838 <2.2e-16 0.933 <2.2e-16

VCS -0.498 2.47e-07 -0.720 <2.2e-16

Crop Circle - NDVI 0.610 4.34e-11 0.757 <2.2e-16

Crop Circle - NDRE 0.603 8.19%-11 0.797 <2.2e-16

5 UAV - NDVI 0.678 3.24e-14 0.932 <2.2e-16
UAV - NDRE 0.602 8.52e-11 0.945 <2.2e-16

UAV - ENDVI 0.545 9.12e-09 0.936 <2.2e-16

UAV - OSAVI 0.586 3.46e-10 0.943 <2.2e-16

UAV - SAVI 0.507 1.38e-07 0.941 <2.2e-16

VCS -0.691 6.82e-15 -0.930 <2.2e-16

Crop Circle - NDVI 0.901 <2.2e-16 0.858 <2.2e-16

Crop Circle - NDRE 0.795 <2.2e-16 0.937 <2.2e-16

3 UAV - NDVI 0.941 <2.2e-16 0.938 <2.2e-16
UAV - NDRE 0.832 <2.2e-16 0.957 <2.2e-16

UAV - ENDVI 0.915 <2.2e-16 0.940 <2.2e-16

UAV - OSAVI 0.929 <2.2e-16 0.965 <2.2e-16

UAV - SAVI 0.908 <2.2e-16 0.958 <2.2e-16

VCS -0.752 < 2.2e-16 -0.883 <2.2e-16

Crop Circle - NDVI 0.858 < 2.2e-16 0.874 <2.2e-16

Crop Circle - NDRE 0.898 < 2.2e-16 0.921 <2.2e-16

4 UAV - NDVI 0.871 <2.2e-16 0.848 <2.2e-16
UAV - NDRE 0.896 <2.2e-16 0.910 <2.2e-16

UAYV - ENDVI 0.808 <2.2e-16 0.885 <2.2e-16

UAV - OSAVI 0.862 <2.2e-16 0.922 <2.2e-16

UAV - SAVI 0.827 <2.2e-16 0.943 <2.2e-16

VCS -0.533 2.19e-08 -0.651 6.677e-13

Crop Circle - NDVI 0.530 2.71e-08 0.712 4.074e-16

Crop Circle - NDRE 0.567 1.72e-09 0.832 <2.2e-16

5 UAV - NDVI 0.579 6.30e-10 0.889 <2.2e-16
UAV - NDRE 0.566 1.82e-09 0.895 <2.2e-16

UAYV - ENDVI 0.496 2.68e-07 0.865 <2.2e-16

UAV - OSAVI 0.545 9.48e-09 0.816 <2.2e-16

UAV - SAVI 0.529 3.12e-08 0.795 <2.2e-16

86



Table 3-6. Five site-year mean regression parameters of soybean yield [y (Mg ha!)] and vegetation index values (x) for various
vegetation indices at R1 and R5.5 growth stages.

Vegetation : R? RMSE R? RMSE

Stage Igndex Regression Model AICT P fitted  fitted  testing testing
NDVI y =-10.133 + 17.508x 592.84 <0.001 0915 0477 0.893 0.545

NDRE y =-1.772 + 14.577x 698.16 <0.001 0.889 0546 0.849 0.649

R1 ENDVI y =-17.879 + 28.008x 712.72 <0.001 0.870 0588 0.850 0.645
OSAVI y =-7.557 + 21.041x 655.61 <0.001 0.898 0522 0.873 0.593

SAVI y =-4.853 + 20.207x 72783 <0.001 0875 0578 0.844 0.658

NDVI y = (-0.920 + 2.359x)"(1/0.184) 577.67 <0.001 0926 0445 0.886  0.564

NDRE y = (-0.543 + 3.596x)"(1/0.368) 32149 <0.001 0963 0316 0939 0413

R5.5 ENDVI y = (-1.941 + 3.792x)"(1/0.259) 52403 <0.001 0936 0414 0907 0.508
OSAVI y = (-0.432 + 2.719x)"(1/0.223) 36356 <0.001 0959 0332 0935 0429

SAVI y = (-0.613 + 4.377x)"(1/0.435) 381.07 <0.001 0957 0338 0931 0434

+ Akaike Information Criterion. Lower AIC values indicate better fit.
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Table 3-7. Performance metrics (R? = coefficient of determination, RMSE = root mean square error, MAE = mean absolute error) for
soybean grain yield estimation using linear regression models with different training and testing datasets. RMSE and MAE are reported

in Mg hal. Data from environments 1, 2, 4, and 5 were used to fit the models and data from environment 3 was used to validate the
model.

Growth . Training Testing
Stage VI Equation ) )
9 R RMSE MAE R RMSE MAE
R1 NDVI y =-5.53 + 10.83x 0.28 1.20 1.03 0.88 1.72 1.63
R5.5 NDRE y = (-0.57 + 3.51*x)"(1/0.317) 0.78 0.68 0.55 0.91 0.92 0.82
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Figure 3-1. Pipeline for image capture and analysis for iron deficiency chlorosis
symptomology assessment and use in yield prediction models.
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Supplemental Figure 3-1. IDC symptom severity rating protocol, popularly termed "greenness scores”.
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