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Abstract

Over the past 80 years, advances in plant breeding and crop management have increased
maize (Zea mays L.) grain yield. However, this increase in maize productivity is linked to a high
use of and dependency on nitrogen (N) fertilizers. The high use of N fertilizers can have
undesirable environmental consequences. Therefore, improving the effective use of N in maize is
critical to reduce its environmental footprint while achieving food security in a climate change
context. This dissertation is organized into five chapters (Chapter 1, Introduction, and Chapter 5,
Conclusions) addressing plant breeding and management strategies to improve the effective use
of N in maize and its productivity. Through four field trials across two locations and four years,
Chapters 2 and 3 advance our understanding of how biotechnology-based plant breeding
modified carbon (C) and N dynamics in maize. In Chapter 2, we show the effect of extending the
expression of a maize MADS-box transcription factor (ZmGos2-zmm28, event DP202216,
Corteva Agrisciences) on key physiological and morphological traits associated with C-N
dynamics in this crop. We found that the DP202216 trait increased C and N allocation to the
grains. These increases were supported by higher accumulation of N in leaves and water-soluble
carbohydrates in stems before flowering, along with an improved remobilization after flowering.
In Chapter 3, we identify changes in the maximum limit of C and N partitioning to the grains in
DP202216 maize hybrids at equal plant growth levels. We also determine the main factors
underpinning the mechanisms associated with each observed change in C and N partitioning to
grains. The DP202216 plants showed an increase in the upper boundary of C and N allocation to
reproductive organs. We showed that this increase in C and N allocation was related to a higher
‘relative’ C and N demand by the grains in the DP202216 hybrids. Finally, in Chapter 4, we

analyze different cases of N fertilizer reduction in maize across the United States Corn Belt,



considering the uncertainty of "optimal" N rates. We also economically quantify the
environmental cost savings to society under the most feasible N rate reduction case. We show
that it is feasible to reduce the N fertilizer application while maintaining maize grain yield. This
resulted in an increase in farmers’ profit while reducing the environmental costs of the N
fertilization practices to society. Taken together, the findings reported in this thesis characterize
exciting novel genetic variation for improved N utilization, combined with a practical
management tool that could encourage growers to better manage N applications for optimum

efficiency in maize production.
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Corteva Agrisciences) on key physiological and morphological traits associated with C-N
dynamics in this crop. We found that the DP202216 trait increased C and N allocation to the
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In Chapter 3, we identify changes in the maximum limit of C and N partitioning to the grains in
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underpinning the mechanisms associated with each observed change in C and N partitioning to
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reproductive organs. We showed that this increase in C and N allocation was related to a higher
‘relative’ C and N demand by the grains in the DP202216 hybrids. Finally, in Chapter 4, we

analyze different cases of N fertilizer reduction in maize across the United States Corn Belt,



considering the uncertainty of "optimal" N rates. We also economically quantify the
environmental cost savings to society under the most feasible N rate reduction case. We show
that it is feasible to reduce the N fertilizer application while maintaining maize grain yield. This
resulted in an increase in farmers’ profit while reducing the environmental costs of the N
fertilization practices to society. Taken together, the findings reported in this thesis characterize
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efficiency in maize production.
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Chapter 1 — Introduction

Agriculture faces the challenge of ensuring enough food for nourishing an increasing human
population while reducing environmental costs (Foley et al., 2011; Tilman et al., 2011). This
must be accomplished in a context where extreme climate events, such as drought, high
temperatures, and flooding are becoming more frequent (Jigermeyr et al., 2021). Furthermore, it
has been observed that the rate of yield increase has slowed over the last 40 years (Alston et al.,
2009; Fischer and Edmeades, 2010) or even remained stable in many areas (Ray et al., 2012).
The challenge will be even greater in the future, as global food demand is projected to double by
2050 (Tilman et al., 2011). Since expanding agricultural land has undesirable human and
environmental consequences, future agricultural production gains have to be achieved on
existing cropland (Foley et al., 2011). Under this context, crop management practices and
resource use efficiency is essential to increase crop productivity per unit of area while
minimizing the environmental footprint of agriculture (Chen et al., 2014; Ciampitti and Lemaire,

2022; Zhang et al., 2015a).

The development of high yielding crop varieties and hybrids led to a remarkable increase in
crop production over the last half of the 20th century. This period is known as the Green
Revolution (Evenson and Gollin, 2003). Increases in crop production during the Green
Revolution were mainly observed in cereals such as wheat, rice, and maize (Sinclair and Rutfty,
2012). In maize, particularly, greater grain yield and production were observed due to a
combination of plant breeding and changes in management practices such as nitrogen (N)

fertilization and plant density, among others (Duvick, 2005; Lee and Tollenaar, 2007). Therefore,



maize productivity and its effective use of N can be improved via plant breeding and crop

management practices including N fertilization optimization.

Plant breeding programs can be designed to improve not only maize grain yield but also the
effective use of N, optimizing input conversion to improve yield (Habben et al., 2014; McAllister
et al., 2012). Improving the effective use of N has been the main target in plant breeding
programs (Hirel and Lemaire, 2006) to reduce the environmental impact of N fertilizers
(Ciampitti and Lemaire, 2022; Galloway et al., 2014). Increasing the reproductive partitioning of
N, i.e. N harvest index (NHI), is a promising approach for improving the effective use of N in
grain crops (Lemaire and Ciampitti, 2020). Furthermore, increases in NHI are often associated
with an increase in carbon allocation to grains, i.e. harvest index (HI) (Ciampitti and Lemaire,
2024; Sinclair, 1998). Therefore, both NHI and HI should be included as target traits in
traditional and molecular breeding programs to raise the effective use of N in grain crops
(Ciampitti and Lemaire, 2022), and yield stability under climate change conditions (Berry et al.,

2004; Biradar et al., 2024).

From a crop management standpoint, increasing maize productivity is linked to a high
dependency to N fertilization (Ciampitti and Lemaire, 2022). However, between 50%-70% of the
N applied to the soil is lost to the environment (Cassman et al., 2002; Ladha et al., 2005; Smil,
1999). This inefticiency has undesirable environmental consequences such as groundwater
contamination, loss of biodiversity in lakes, streams, and coastal ecosystems (Galloway et al.,
2008, 2003) tropospheric ozone pollution, and global warming (Krabbe et al., 2015; Reay et al.,
2012). On the other hand, suboptimal N fertilization decreases crop productivity, leading to
reduced food production for human nutrition, soil degradation, and lower farmer profit (Sanchez

and Swaminathan, 2005). The relationship between maize grain yield and N fertilization is



essential for improving N management (van Grinsven et al., 2022), allowing the determination of
N rates that maximize farmers’ profit (economic optimum N rate; EONR). However, there is
considerable uncertainty around the EONR (Correndo et al., 2021; Lobell, 2007; Nigon et al.,
2019) that is usually overlooked in studies that evaluate the environmental and social impacts of
changes in N management in crop production (Goodkind et al., 2023; Gourevitch et al., 2018;
Kanter et al., 2015; Keeler et al., 2016; Kim et al., 2021; Mesbah et al., 2017; Zhang et al.,
2015b). Utilizing the uncertainty of the EONR may allow growers to reduce N fertilizer
application while maintaining maize productivity and increasing the N use efficiency (Congreves
et al., 2021; Kitchen et al., 2022; van Grinsven et al., 2022), leading to a reduction in the
negative environmental impacts of large scale N fertilization in agriculture (Galloway et al.,

2008; Zhang et al., 2015a).

The Green Revolution has demonstrated that plant breeding and crop management are
complementary in boosting crop production (Evenson and Gollin, 2003). The above paragraphs
confirm that plant breeding programs and N fertilization management are still key approaches for
increasing the effective use of N and productivity of maize while reducing the environmental
footprint of its production. Following this rationale, this dissertation has focused on relevant
research topics linked to (i) enhancements of C-N partitioning to grains in DP202216 maize
hybrids, dissecting the main physiological and morphological traits associated to the C-N
dynamics, (ii) changes in the maximum limit of C and N partitioning to the grains at equal plant
growth and characterization of their associated physiological modifications explaining the
changes in transgenic DP202216 maize hybrids, and (iii) analysis of the feasibility of N fertilizer
reduction in maize while accounting for the uncertainty of the EONR, along with an economic

quantification of the savings in environmental costs to society.



By investigating morphological and physiological traits in new transgenic maize hybrids, as
well as N fertilization management strategies, this dissertation sought to provide insights for
enhancing the effective use of N in maize improving crop productivity and yield stability while

reducing the maize production footprint.
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Abstract

The photoassimilates and nitrogen (N) allocation in grain crops can be studied via the harvest
index (HI) and the N harvest index (NHI). These two variables should be considered in breeding
programs seeking more effective use of resources in maize (Zea mays L.) and other grain crops.
Molecular biotechnology has emerged as a complement to improve not only maize grain yield
but also resource utilization efficiency. A recent study reported a beneficial impact of increasing
and extending the expression of a maize MADS-box transcription factor (zmm28) on the NHI.
This research aimed to further identify enhancements of C-N partitioning (HI, NHI) in
DP202216 maize hybrids recognizing the main physiological and morphological traits associated
to the C-N dynamics via in-season intra-canopy measurements. Two DP202216 elite hybrids
were evaluated with their respective wild-type (WT) controls during two field growing seasons
under two N regimes. The N nutrition index (NNI), as crop N status, was quantified to avoid
misinterpretations of the results. The DP202216 trait showed, on average, a ~6% increase in the
HI with a concomitant positive impact of ~9% in the NHI across hybrids, N regimes, and

seasons. Those increases were consistent at different crop NNI. After accounting for the NNI, it
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was shown that the increases in both HI and NHI were supported by the accumulation of more N
in leaves (mainly in both lower and middle sections of the canopy vertical profile) and more
water-soluble carbohydrates (WSC) in stems before flowering, combined with more aggressive
post-anthesis remobilization. In this study, it was shown an increase in the efficient use of crop
resources in DP202216 hybrids with respect to their isogenic WT controls at similar NNI via
increments in C and N partitioning (HI and NHI). This physiological and morphological
understanding of C- and N-related traits addressed the challenge of optimizing the effective use
of resources in maize breeding programs. To better understand traits by management interactions
with yield and yield stability, DP202216 hybrid evaluations across a broad range of

commercially relevant N scenarios would be valuable.

2.1. Introduction

Maize (Zea mays L.) is the first world produced cereal (FAOSTAT, 2022), and as a staple
crop, it faces the challenge of sustaining food and biofuel production for the growing population
(Shiferaw et al., 2011). In the last 70 to 80 years, plant breeding and crop management
advancements have increased maize grain yield (Duvick, 2005; Lee and Tollenaar, 2007).
Molecular biotechnology has emerged as a complement to improve not only maize grain yield
but also resource utilization efficiency, optimizing input conversion to improve yield (Habben et
al., 2014; McAllister et al., 2012). Since nitrogen (N) is the main nutrient limiting maize growth,
improving the effective use of N has been the main target in plant breeding programs (Hirel and
Lemaire, 2006) to reduce the environmental impact of N fertilizers (Ciampitti and Lemaire,
2022; Galloway et al., 2014). To achieve this, increasing the overall intrinsic N uptake (more N

storage per unit of biomass) and its overall reproductive partitioning, N harvest index (NHI,



grain N relative to total shoot N at maturity), should be considered as breeding targets (Lemaire

and Ciampitti, 2020).

In maize, N deficiencies at flowering decrease carbon (C) allocation to reproductive organs
(HI) because of a reduction in plant growth rate and, consequently, in kernel number and yield
(Uhart and Andrade, 1995) along with the concomitant decrease in NHI (Lawn, 1989; Lemaire
and Ciampitti, 2020; Sinclair, 1998). Therefore, breeding progresses in N and C allocation must
be studied considering the N status of the crop. This status can be quantified via the N nutrition
index (NNI, the ratio between the actual crop N concentration and the critical crop N
concentration needed to maximize crop growth rate) as proposed by Lemaire and Gastal (1997).
When NNI is below 1, increments in NNI lead to an increase in grain yield (Ciampitti et al.,
2012; Mueller and Vyn, 2018), determining greater HI (Fan et al., 2017) and NHI (Caviglia et al.,
2014). However, when NNI is above 1, a luxury crop N uptake occurs (Lemaire and Gastal,
1997) without increasing the grain yield. Therefore, the relative N allocation to reproductive
organs (NHI) is expected to be reduced under this condition. Since the critical crop N
concentration does not vary across genotype X environment X management scenarios (Ciampitti
et al., 2021a, 2021b) the NNI can be used to quantify the N status of the crop in a wide range of

conditions.

An increase in the grain HI (linked to photoassimilates allocation) implies more N allocation
from non-grain tissues to grains (greater NHI) (Sinclair, 1998). This greater HI must be
supported by a higher source strength leading to a greater C fixation via photosynthesis (Fischer
et al., 1998). Once stem elongation starts, water soluble carbohydrates (WSC) are stored in maize
stem parenchyma cells as non-structural sugars (Slewinski, 2012; Bihmidine et al., 2013).

During reproductive stages, current photosynthesis, combined with C remobilization of



previously stored WSC provide the assimilates needed for grain filling (Gastal et al., 2015). The
interaction between C and N metabolism (White et al., 2016) was studied in historical maize
hybrids showing a strong link between C and N remobilization during reproductive stages
(Fernandez et al., 2020). This linkage of C and N metabolism is confirmed by the positive
association between HI and NHI in grain crops (Lawn, 1989; Lemaire and Ciampitti, 2020;

Sinclair, 1998).

Understanding the interplay among NHI, HI, and WSC metabolism while accounting for the
N status of the crop (NNI) should provide a basic understanding of the agronomic breeding
process to achieve a more effective use of resources in grain crops. Recently, it has been shown
that increasing and extending the expression of a maize endogenous zmm28 protein (MADS-box
transcription factor) resulted in greater NHI in maize hybrids compared to their isogenic wild-
type (WT) hybrids in field conditions (Fernandez et al., 2022a). Furthermore, Wu et al. (2019)
and Schussler et al. (2022) reported that DP202216 maize hybrids had enhanced different
physiological and morphological traits (greenhouse and field studies), increasing grain yield
across a wide range of environments. The aim of this study was to further identify enhancements
of C-N partitioning (HI-NHI) in DP202216 maize hybrids, recognizing the main physiological
and morphological traits associated to the C-N dynamics via in-season intra-canopy

measurements.

2.2. Materials and Methods

The data used in this study originated from the field experiments already presented by
Fernandez et al. (2022a). Therefore, the materials and methods description reported in this article
is considered to be the minimum information needed to support the comprehension of this study

and readers should refer to Fernandez et al. (2022a) for further details.



2.2.1. Experimental Design and Management

To evaluate the impact of DP202216 maize hybrids in regards to maize C and N parameters,
a field experiment was conducted in York NE, USA, during the 2019 and 2020 growing seasons
(40°53" N, 97°35" W). The soil was a silty clay loam Udic Argiustolls (Soil Survey Staff, 2022).
Soil analyses were performed pre-planting to characterize initial soil conditions. Overall, the soil
properties for 2019 and 2020 were, respectively: 1) at a 15 cm soil depth: organic matter (loss on
ignition), 29.0 and 29.7 g kg™!; pH (water), 6.5 and 6.0; phosphorus (Mehlich-3), 80.2 and 20.0
mg kg'!; potassium (ammonium acetate), 436 and 478 mg kg'!; and ii) at 60 cm depth: N — NO3

and N — NH} (KCl extraction) respectively; 8.9 and 10.5 mg kg™!, 6.5 and 5.8 mg kg™

In 2019, the experiment was conducted under irrigation based on crop water demand, while
in 2020 it was carried out in rainfed conditions. The sowing dates were 14 May (2019) and 1
May (2020), with a target plant density of 82,000 and 70,000 plants ha! in 2019 and 2020,
respectively. The design structure was a split-plot in a randomized complete block with three
repetitions (3 blocks). Nitrogen rates (0 kg ha™! (NO) and 225 kg ha™! (N225)) were randomized at
the main-plot level, while hybrid background (Corteva Agriscience elite hybrids P1421 and
PH11V8W2Z, relative maturity 114 days) and trait status (DP202216 and WT) were randomized
at the subplot level. The details of the transformation and backcrossing procedures implemented
to develop the DP202216 and the isogenic WT hybrids are explained in Wu et al. (2019). For
the 225 kg N ha™! treatment, N was applied two days after planting using 28% urea-ammonium

nitrate (UAN) as the N source.

2.2.2. Field Measurements
Plants were sampled at the seventeenth leaf (V17; 7/17/2019), silking (R1; 7/30/2019 and

7/22/2020), milk stage (R3; 8/19/2019 and 8/5/2020), and physiological maturity (R6;



9/14/2020) (Ritchie and Hanway, 1982). The samples were taken when at least 50% of the plants
achieved the targeted phenological stage (Ritchie and Hanway, 1982). At each sampling time
(V17,R1, and R3, in 2019; and R1, R3, and R6 in 2020), the crop canopy vertical profile was
split into three sections using the ear node leaf as the reference level (node 0). Leaves of the 1)
middle section included the ear node (node 0), +1 node above and -1 node below, ii) upper
section included leaves located in the +2 node and above, and iii) lower section included leaves
situated at node -2 and below. The green leaf area and leaf N per unit leaf area were measured in
each of those sections in three consecutive plants of each plot. The green leaf area was measured
using the LAI-2200C plant canopy analyzer (LI-COR Biosciences Inc.). For the leaf N per unit
leaf area, twelve leaf disks with 15.9 mm diameter were taken in each section in the three
consecutive plants. The twelve discs were obtained per stratum across the 3 plants. All green
leaves in the section were sampled in the mid-part of the blade avoiding the mid-rib. The samples

were dried at 65°C until constant weight, weighed, and analyzed for N concentration.

At each sampling time, five consecutive plants in each experimental unit were cut at the
ground level and separated into leaves (green leaf blades), stem (stem + attached senesced leaves
+ tassel + sheaths + husks), and ear (cob + grain (R3, R6)). All plant organs were dried at 65°C

until constant weight, weighed, and analyzed for N concentration.

2.2.3. Laboratory Analyses and Variable Calculations

The leaf area measurements were used to calculate the leaf area index (LAIL; LAI = m?
leaf/m? soil) using the FV2200 software (version 2.1.1, LI-COR Biosciences Inc.). Leaf area was
measured in leaves whose proportion of green surface was greater than 50%. The N
concentration in the leaf disks and plant organs was analyzed through combustion (Matejovic,

1995). The N content in leaf disks and plant organs was determined by multiplying the N
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concentration by its respective dry matter. The leaf N per unit leaf area (g m™) was calculated as
the ratio between leaf disk N content and the known area of the disk. The leaf N content (g m)
in a given section of the canopy vertical profile was calculated as the product between LAI (m?

m2) and the leaf N per unit leaf area (g m™).

The WSC concentration was analyzed in the stem fraction using the anthrone reagent method
(Galicia et al., 2008). The WSC content (g m™) was calculated as the product between WSC
concentration and its respective stem dry matter. The N and WSC remobilizations were
calculated using the “balance approach”. The leaf N remobilization (g m™) from each vertical
profile section was calculated as the difference between the leaf N at flowering (R1) and the leaf
N at maturity (R6) in the given canopy section. Total leaf N remobilization (g m?) was
calculated as the sum of the leaf N in the three vertical sections at flowering minus the sum of
the leaf N in the three vertical sections at maturity. Stem N and WSC remobilization was
determined as the difference between stem N and WSC content at flowering and at maturity. The
LAI leaf N, and WSC accumulation were calculated as the pooled average of these variables
across V17 and R1 stages to better capture potential differences in C- and N-related parameters
at the end of the vegetative phase and the beginning of the reproductive stages (before kernels

start growing).

At flowering and at maturity, total biomass was calculated by summing the dry matter of
each plant organ. The NNI was calculated at flowering (R1) as the ratio between the actual crop
N concentration and the critical crop N concentration according to Ciampitti et al. (2021a) (N
critical = 3.49 x biomass (t ha')%*®). Furthermore, the HI was determined as the ratio between
grain yield dry matter and total shoot dry matter at maturity, while the NHI was calculated as the

N content in grains divided by the total shoot N at maturity.
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2.2.4. Statistical Analyses

It is common practice to analyze data generated by our experiment using generalized linear
mixed model (GLMMs; Stroup, 2016, 2015). The GLMMs can be specified under a likelihood-
based (frequentists) or Bayesian framework. In our work, we chose a Bayesian framework to
perform probabilistic inference and simultaneously account for the uncertainty in the predictions.
By applying this framework we were able to directly account for the probability of the difference

between experimental treatments (Ruberg, 2021).

For the model specifications in this study, it was assumed that the data model was a normal

distribution:

yilBi u;, @i, 07 ~ N(uy, o),

where the subscript i represents the i’ response variable analyzed in this study. The y; is an
n; x 1 vector of the response variable, where n; is the number of observations. The 61 is the
variance-covariance matrix where i is the variance for the i’ response variable and I is an
n; x n; identity matrix that has ones on the diagonal and zeros elsewhere. The term y; is the

expected value of the i response variable estimated as:
t = XiBi + Zu;.

In the linear predictor, X is an n; x p; design matrix being p; the number of predictor variables
and their interactions at population-level (fixed effects). Z; is a n; x g; design matrix being q; the
number of predictor variables and their interactions at group-level (random effects). Furthermore,

B; and u; are p; x 1 and gq; x 1 vectors of parameters at population-level and group-level,
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respectively (Biirkner, 2018; Gelman and Hill, 2006). In this study, for each of the analyzed
response variables (i), hybrid background, transgenic event, N rate, phenological stage (when
corresponding), and their two, three, and four (when corresponding) interactions were considered
as population-level (parameters present in the ; vector). On the other hand, the year of the
experiment and blocks, and its interaction, were considered as group-level (parameters present in
the u; vector). These models acknowledge the imbalance in the sampled growth stages across
years, while via the group-level structure, they recognize that the intercept of the model varies

between years and blocks nested within years.

For the population-level parameters in the model specification, weakly informative priors

were settled assuming that the p; parameters in the B; vector were normally distributed as follow:
B; ~ N(0, 5e°),

where [3; vector contains the parameters modelling the effect of the predictor variables (or

interactions) on the i observed response variable data.

For the group-level effects, it was assumed that every q; parameter (or interaction) was normally

distributed as follow:

u; ~ N(O, ¢i)9

where u; vector includes the g; grouping-level (random effect) parameters and ¢; represents the
standard deviation of them for the i studied response variable. The parameter ¢; was assumed to

have the following distribution:
¢;~ half — student — t(v;, 7; , @;).
Lastly, for the variance of the response variable, the prior was set as:
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of~ half — student — t(v;, 7 , @;).

In the half—student—t distributions, v;, 7;, and a;, are the parameters controlling the shape, the
location, and the scale of the distributions, respectively. The parametrization of the half —
student — t distributions was: v; = 3, and 7; = 0 for all the models, whereas «; varied between

2.5 and 165.2 depending on the scale of the i response variable in each model.

The model was fitted to obtain the posterior probability distributions of the model parameters
via Hamiltonian Monte Carlo and its extension the No-U-Turn Sampler, an MCMC algorithm.
Four parallel chains were run with 5,000 iterations and a warmup period of 2,500 draws. The
convergence of each chain to the stationary distribution was assessed visually through trace plots

and numerically via the Gelman-Rubin diagnostic (Gelman and Rubin, 1992).

The predictions were obtained from the posterior predictive distribution of the studied
variables implementing the observed data and the observed and unobserved covariates in a given
year. Medians and standard deviations from the posterior predictive distributions were reported
in tables and figures. The probability of difference between DP202216 hybrid and its respective
WT were computed based on the posterior predictive distribution through pairwise comparisons.
These probabilities (values in the interval [0, 1]) for differences were reported in tables and
figures when above 0.65 (weak evidence), 0.75 (moderate evidence), and 0.90 (strong evidence)

(Fernandez et al., 2022a).

All models were fitted to the data using the Stan programming language through the brms
package (Biirkner, 2017) in R program (R Core Team, 2020, version 4.2.1) via RStudio interface

(Posit team, 2023, version 2023.3.0.386).
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2.3. Results

2.3.1. NNI and Total Biomass at Flowering

The NNI and total biomass were computed at flowering stage (R1) to account for direct (soil
N availability) and indirect (soil sulfur, phosphorus, and potassium availability, pH, irrigation,
etc.) effects on the N status and growth of the crop. The NNI did not vary between DP202216
and WT controls for the different N and hybrid combinations, except for hybrid P1421 at NO
where WT control had a weak probability (0.72) of achieving a greater NNI (Figure 2.1A).
Therefore, the DP202216 maize hybrids and the isogenic WT hybrids depicted similar N status at
flowering. The NNI variability was not significant across years (Supp. Figure 2.3). Furthermore,
for the total biomass at R1, just hybrid PH11V8W2Z demonstrated changes among DP202216
and its WT at NO (Pr[WT>DP202216] = 0.69) and N225 (Pr[DP202216>WT] = 0.65), but those
differences were not consistent (Figure 2.1B). The total biomass production at R1 for the
DP202216 hybrids was more stable than the WT controls across years (Supp. Figure 2.3).
Overall, the DP202216 hybrid and their respective WT depicted similar N status and crop growth

at flowering.

2.3.2. Harvest Index, Nitrogen Harvest Index, and Total Biomass at Maturity

The WT plants produced greater total biomass at maturity (between 5% to 11% relative
increment) than the DP202216 maize hybrids with a probability >0.74 in all cases except for the
P1421 hybrid under N225, where the probability of difference was <0.65 (Table 2.1). The total
biomass at maturity increased with the N rate (Table 2.1; Supp. Figure 2.1). Although the HI
values showed different behaviors as biomass increased in both hybrids, the DP202216 hybrids
showed greater HI and stability across different crop N status (Supp. Figure 2.1). Accordingly,
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DP202216 hybrids exhibited a consistently greater (relative to the WT controls) HI for all

hybrids and N rate combinations, with a range of increases ranging from 3% to 11% (Table 2.1).

The DP202216 hybrid typically exhibited higher probabilities (>0.74) of achieving a greater
NHI than their respective WT controls, except for hybrid P1421 at N225 (Table 2.1). The
increase in NHI in transgenic plants mirrored the rise in HI (Table 2.1). The relative increase in
NHI in DP202216 hybrids ranged from 5% to 14%. Although the relative increase of NHI was
slightly greater than the relative increment in HI, in general, those differences showed a lower

consistency and probability (Table 2.1).

Compared to their isogenic WT controls, the DP202216 hybrids presented similar total
biomass at R1 (Figure 2.1B) but lower at maturity (R6) (Table 2.1). This demonstrated that,
during reproductive stages, the DP202216 hybrids prioritized assimilates partitioning to the
grains to a greater extent than the WT controls reflected through a greater HI at maturity (Table

2.1).

2.3.3. Carbon and Nitrogen Dynamics
2.3.3.1. Changes in leaf area index (LAI), leaf N and water-soluble carbohydrates (WSC) up
to flowering

At both N rates, the DP202216 maize hybrids achieved a greater LAI in the lower section
than the WT, with an average increase across N rates of 0.11 m? m™ and 0.09 m?> m™ for hybrid
P1421 and PHI11V8W2Z, respectively (Figure 2.2A). For the LAI in the middle section,
transgenic plants developed a greater LAI than the WT controls at N225 with a probability
>0.82, while no differences were observed at NO (Figure 2.2A). For the NO, the larger LAI
showed by DP202216 maize hybrids in the lower section was compensated by a greater LAI in

the upper section for the WT controls (Figure 2.2A), which led to no differences in the total LAI
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(Supp. Figure 2.2A). Therefore, at NO the LAI differences were based on a redistribution of this
parameter in the canopy vertical profile rather than differences in the total LAI. However,
DP202216 maize hybrids lower section was less variable on LAI than on LAI in the middle and
upper sections across seasons (Supp. Figure 2.3). Overall, these results depict a better N response
(N225) for DP202216 hybrids whose increased canopy LAI (source size) in the middle section
along with a likely increase in light interception may have enhanced C assimilation rate at the

canopy level (source activity).

The greater LAI detected in DP202216 hybrids was translated into an elevated capacity to
store N in both lower and middle canopy sections (Figure 2.2B). This was the case for both
hybrids at N225 and for hybrid PH11V8W2Z at NO, with the highest probability of differences in
the lower (Pr[0.88—0.96]) vs the middle (Pr[0.65—0.78]) canopy section (Figure 2.2B). The WT
control hybrids had significantly less leaf N in the lower section of the canopy under rainfed
conditions (2020), while the DP202216 hybrids were able to maintain it across seasons (Supp.
Figure 2.3). The relative increases in leaf N observed in DP202216 (across hybrids and N rates)
were 31% and 8% in the lower and middle sections, respectively. Therefore, the increase in total
leaf N content for DP202216 hybrids at N255 (Supp. Figure 2.2B) was explained by a greater
leaf N content in the lower and middle sections. Generally, the accumulation of WSC by R1 in
stems was higher in DP202216 hybrids, especially for the PH11V8W2Z background where the
DP202216 hybrid accumulated 7.7 and 39.5 more grams of WSC per m? than the WT at NO and

N225, respectively (Figure 2.3).
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2.3.3.2. Leaf N remobilization for the canopy vertical profile and total N remobilization

The DP202216 maize hybrids were able to increase leaf N storage in both lower and middle
canopy sections. Subsequently, DP202216 hybrids remobilized more leaf N from those sections,
with higher probabilities of a trait effect in the lower (Pr[0.83—0.90]) and middle
(Pr[0.68—0.92]) sections (Figure 2.4A). In addition, the DP202216 hybrids remobilized 41%
(0.58 gm™) and 31% (0.29 g m™?) more leaf N in the lower and middle sections, respectively,
compared to the WT hybrids (across hybrids and N rates). This was reflected in a numerically
higher total leaf N remobilization for the DP202216 hybrids in comparison with the WT controls
in all treatments except for hybrid P1421 at NO (Figure 2.4B). However, the Pr[DP202216>WT]

was greater than 0.65 only at N225 for both hybrids.

2.3.3.3. Stem N and WSC remobilization during the reproductive period

Beyond leaf N remobilization, stem N and stem WSC remobilization were also studied to
examine the interdependency between C and N metabolism. The DP202216 hybrids exhibited
greater stem N and WSC remobilization than the WT controls in all hybrid and N combinations,
although with varying levels of differences (Figure 2.5A and 2.5B). The relative improvement in
DP202216 hybrids was 57% and 72% for the stem N and stem WSC remobilization,
respectively. This response was shown at NO for both hybrids with probabilities >0.66, while at
N225 the probabilities of difference were less consistent across treatments (Figure 2.5A and
2.5B). Furthermore, although stem N and WSC remobilization did not vary significantly across
years, these variables tended to show similar patterns in both years, showing the interdependency
between these variables (Supp. Figure 2.3). Overall, the DP202216 hybrids exhibited an increase
in leaf and stem N, and stem WSC remobilization compared to the WT hybrids, which confirms

the linkage between C and N metabolism in maize plants.
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2.3.3.4. Association between HI-NHI with WSC and total N remobilization

Lastly, the higher HI achieved by the DP202216 hybrids with respect to their isogenic WT
controls was supported by the increase in stem WSC remobilization at similar values of NNI,
that is, after accounting for differences in the N status of the crop (Figure 2.6A). The overall
increase in NHI was promoted by a higher N remobilization from non-reproductive tissues to
grains (Figure 2.6B). Furthermore, the lower NNI data points showed a 4% lower HI and 16%
higher NHI than the higher NNI data points (across hybrids and trait status). Therefore, these
results highlighted an increased efficient use of crop resources in DP202216 hybrids with respect

to their isogenic WT controls.

2.4. Discussion

This study addressed relationships between C- and N-related parameters to derive a
physiological and morphological understanding of the C-N partitioning (HI, NHI) in DP202216
maize hybrids. The NNI was accounted to study the impact of the N status of the crop on C and
N allocation during reproductive stages. We showed that the DP202216 hybrids increased the
partitioning of photoassimilates to grains (higher HI) with a concomitant increase in NHI. These
enhancements in C and N allocation were supported by increased N and WSC storage before
flowering leading to their post-flowering remobilization during grain filling (Gallais and Hirel,
2004; Hume and Campbell, 1972). This highlights the importance of understanding the C and N
interdependencies for improving the effective use of resources in grain crops. The physiology
behind an effective use of N support a complex infrastructure of regulatory genes involved in N-

and C-related processes (Hirel et al., 2007). Thus, quantitative genetics which identifies QTLs
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(quantitative trait loci) related to C and N metabolism may be a powerful tool to increase
resource use efficiency and crop productivity in the upcoming years (Krapp et al., 2005). The
MADS-box transcription factors are involved in different physiological processes in plants
(Becker and Theifen, 2003; Gramzow and Theissen, 2010; Guo et al., 2017). Recently, it has
been shown that increasing and extending the expression of zmm28 (MADS-box transcription
factor) in maize improved the ability of the plants to utilize N under field conditions (Fernandez
et al., 2022a). The results of the current study, and those presented by Fernandez et al. (2022a),
demonstrate that altering the zmm28 gene expression could open new avenues for increasing
yields via a direct target for improving C and N partitioning (via increasing C and N reproductive

remobilization) to grain.

The DP202216 maize hybrids had increased LAI in the lower and middle sections of the
canopy vertical profile (source size). Fernandez et al. (2022a) demonstrated that the DP202216
hybrids achieved higher specific leaf N than the WT controls (V11 to R1). The crop parameter
has been associated with a higher CO» assimilation per unit leaf area in in grain crops (Sinclair
and Horie, 1989). Wu et al. (2019) reported that increasing and extending the zmm28 expression
in maize, improved the photosynthesis rate per unit leaf area. Therefore, DP202216 hybrids in
our studies might have a higher source strength (source size + source activity) in the lower
section of the canopy. Higher source strength may lead to an increase in carbohydrate production
that was stored in the stems as soluble sugars pre-flowering as described by Slewinski, 2012.
Since the plant density was the same in all treatments, the increased LAI in DP202216 hybrids
observed in this study under N225 agrees with the greater leaf area per plant reported by Wu et
al. (2019) at R1 stage in maize field pot experiments. Under adequate N supply, a greater LAI is

positively correlated with N uptake because of an increment in the proportion of tissues with a
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high N concentration (Lemaire et al., 2007). A higher ability to uptake N was reported in
DP202216 maize hybrids grown hydroponically in growth chambers (at V8; Wu et al., 2019) and
in field conditions (between V11 and R1; Fernandez et al., 2022a). Thus, the improved LAI
could increase the N uptake ability of DP202216 hybrids and its storage in the lower and middle
canopy sections at the end of the vegetative phase for post-flowering remobilization during the

reproductive period.

An interdependency between C and N metabolism was described in this study. This was
observed in the positive relationships between HI and NHI (Lawn, 1989; Lemaire and Ciampitti,
2020; Sinclair, 1998) and between leaf N, stem N, and stem WSC remobilization (Fernandez et
al., 2020). A recent report (Ruiz et al., 2023) documented increases in HI across conventional
maize breeding history, but did not focus on NHI. Ciampitti and Vyn (2012), in a historical
review, reported a close relationship between changes in HI and NHI across old and new maize
hybrids. An improvement in the ability of maize to convert N into grains has been reported in
DP202216 maize hybrids due to increased NHI (Fernandez et al., 2022a). In our study, although
the relative increase of NHI was slightly greater relative to HI, the differences in NHI were not
enough to reflect increases in grain N concentration (Fernandez et al., 2022a). Consequently, the
higher ability to convert N into reproductive tissues achieved by the DP202216 maize hybrids
with respect to the WT controls was explained not only by an increase in NHI (Fernandez et al.,
2022a; Sadras, 2006), but more consistently by increases in HI with the concomitant increment
in NHI (Lemaire and Ciampitti, 2020) avoiding grain N concentration dilutions (Fernandez et al.,
2022a). Even though the DP202216 hybrids achieved lower total biomass at maturity, yield was
similar to the WT hybrids (Fernandez et al., 2022a), suggesting the ear demand in DP202216

maize hybrids was higher in relative terms. Therefore, this might have triggered a higher ear N
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and C relative demand after silking, which was satisfied by an increased C and N remobilization

to reproductive organs (HI and NHI) to support yield formation.

We found that DP202216 maize hybrids demonstrated increased HI but also demonstrated
increased leaf N storage before flowering in both lower and middle canopy sections, which is
comparable to previous studies testing modern versus older maize genotypes (DeBruin et al.,
2017; Reyes Ponce, 2016). This increased pre-flowering N storage represents a logical breeding
target to support high HI since increments in this trait require increased N storage to support
relative changes in grain biomass (Sinclair, 1998). The increase of HI was linked to greater WSC
accumulation up to flowering and its remobilization during the reproductive period. These C
physiological traits might have been useful to enhance not only grain yield and HI but also their
stability across environments in DP202216 hybrids with respect to their isogenic WT controls
(Schussler et al., 2022). The physiological and morphological understanding of the
interdependency between C- and N-related traits proposed in this study lays the foundation to
face the challenge of optimizing the effective use of resources, mainly N and water, in maize
breeding programs (Ciampitti et al., 2022; Ciampitti and Lemaire, 2022). Although maize HI
might be approaching theoretical limits (Di Matteo et al., 2016), there is still some room for
improving HI in maize (Hiitsch and Schubert, 2017; Ruiz et al., 2023). While it is necessary to
highlight the intrinsic physiological limits to and intrinsically narrow genetic variation for HI and
NHI, we propose that the DP202216 maize hybrids may contribute to improving the effective use

of crop resources via C-N partitioning.

The impact of N uptake and utilization on yield and yield stability involves a complex
network of mechanisms that continue to be investigated. The implementation of molecular plant

breeding techniques can help to speed up these investigations (Gallais and Hirel, 2004; Hirel et
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al., 2007). N deficiencies around flowering decrease C and N allocation to reproductive organs in
maize (Caviglia et al., 2014; Uhart and Andrade, 1995). In the current study it was shown an
increased efficient use of crop resources in DP202216 hybrids with respect to their isogenic WT
controls at similar NNI via increments in C and N partitioning. Furthermore, this study
demonstrated the importance of considering plants’ N status (NNI) to study breeding progress in
N and C allocation. In order to better understand T (trait) x M (management) interactions with
yield and yield stability, DP202216 hybrid evaluations across a broad range of commercially
relevant N scenarios would be valuable. Additionally, the assimilates provided by the current
photosynthesis and the C stored in cobs are also important to define grain yield in corn (Gastal et
al., 2015; Ning et al., 2018). Therefore, photosynthetic rates and C storage in other plant organs
should be addressed under field conditions to gain knowledge of C dynamics in DP202216 corn
hybrids. Finally, C and N physiological traits in DP202216 hybrids need to be tackled under

abiotic stresses such as drought and limited N conditions.

2.5. Conclusion

This study provides novel information on the plant-level physiological and morphological
mechanisms underlying improvement in C and N partitioning in maize hybrids. The analyses of
the C- and N-related traits addressed in this article provide new guidelines for plant breeding
programs seeking simultaneous improvements in HI and NHI not only in maize but also for other
cereal crops. The overall increase in HI and NHI observed in DP202216 maize hybrids was
supported by higher stem WSC accumulation prior to R1, as well as more effective stem and leaf
N remobilization. The crop’s N status influenced C and N partitioning, which highlights the

importance of considering NNI to further study maize breeding progress in HI and NHI. The
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approaching genetic ceiling for HI should encourage the exploration of other avenues to directly

target N gains in breeding programs.
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Figure 2.1. A) Nitrogen nutrition index (NNI) at flowering (R1) and B) total shoot biomass at
flowering (R1) for DP202216 maize hybrids and their respective wild-type (WT) controls
measured on two different maize hybrids (P1421 and PH11V8W2Z) under 0 kg N ha™! (NO) and
225 kg N ha! (N225). Bars and whiskers represent the medians and standard deviations of the
posterior predictive distribution estimated for the two-year data. The three points around each bar
represent the median of the blocks (replicates) computed from the posterior predictive
distribution estimated for the two-year data. Values above the whiskers are the probability of
difference (values in the interval [0, 1]) between WT and DP202216 at each N by hybrid
combination. Asterisks express moderate (one) or strong (two) evidence for differences.
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Figure 2.2. A) Leaf area index (LAI), B) leaf N content for DP202216 maize hybrids and their
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respective wild-type (WT) controls measured on two different maize hybrids (P1421 and
PH11V8W2Z) under 0 kg N ha! (NO) and 225 kg N ha! (N225). The LAI and leaf N were
calculated as the pooled average across V17 and R1 stages. The bigger points represent the
medians, and the whiskers represent the standard deviations of the posterior predictive

distribution estimated for the two-year data. The three smaller points around the bigger points

represent the median of the blocks (replicates) computed from the posterior predictive

distribution estimated for the two-year data. Values next to the whiskers are the probability of

difference (values in the interval [0, 1]) between WT and DP202216 at each N by hybrid
combination. Asterisks express moderate (one) or strong (two) evidence for differences.
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Figure 2.3. Stem water-soluble carbohydrates (WSC) accumulation for DP202216 maize hybrids
and their respective wild-type (WT) as the pooled average across V17 and R1 stages. controls
measured during V17-R1 on two different maize hybrids (P1421 and PH11V8W2Z) under 0 kg
N ha! (NO) and 225 kg N ha'! (N225). Bars represent the medians, and the whiskers represent the
standard deviations of the posterior predictive distribution estimated for the two-year data. The
three points around each bar represent the median of the blocks (replicates) computed from the
posterior predictive distribution estimated for the two-year data. Values above the whiskers are
the probability of difference (values in the interval [0, 1]) between WT and DP202216 at each N
by hybrid combination. Asterisks express moderate (one) or strong (two) evidence for
differences.
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Figure 2.4. A) Leaf N remobilization calculated at three different levels of the canopy vertical
profile, B) total leaf N remobilization (calculated as the sum of the leaf N remobilization from
each canopy section) for DP202216 hybrids and their respective wild-type (WT) controls
calculated in two different maize hybrids (P1421 and PH11V8W2Z) under 0 kg N ha! (NO) and
225 kg N ha'! (N225). Remobilization was calculated as the difference between the variable's
value at flowering and maturity. The bigger points in A and the bars in B represent the medians,
and the whiskers represent the standard deviations of the posterior predictive distribution
estimated for the two-year data. The three smaller points in A and B represent the median of the
blocks (replicates) computed from the posterior predictive distribution estimated for the two-year
data. Values next to the whiskers are the probability of difference (values in the interval [0, 1])
between WT and DP202216 at each N by hybrid combination. Asterisks express moderate (one)
or strong (two) evidence for differences.
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Figure 2.5. A) Stem N remobilization, and B) stem water-soluble carbohydrates (WSC)
remobilization for DP202216 hybrids and their respective wild-type (WT) controls measured
during V17-R1 on two different maize hybrids (P1421 and PH11V8W2Z) under 0 kg N ha™! (NO)
and 225 kg N ha! (N225). Remobilization was calculated as the difference between the
variable's value at flowering and maturity. Bars represent the medians, and the whiskers
represent the standard deviations of the posterior predictive distribution estimated for the two-
year data. The three points around each bar represent the median of the blocks (replicates)
computed from the posterior predictive distribution estimated for the two-year data. Values above
the whiskers are the probability of difference (values in the interval [0, 1]) between WT and
DP202216 at each N by hybrid combination. Asterisks express moderate (one) or strong (two)
evidence for differences.
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Figure 2.6. A) Harvest index (HI) versus water soluble carbohydrates (WSC) remobilization
during the reproductive period, B) nitrogen harvest index (NHI) versus total N remobilization
during the reproductive period. Total N remobilization was calculated as the difference between
vegetative N at flowering and non-grain tissues at maturity. Stem WSC remobilization was
determined as the difference between stem WSC content at flowering and at maturity. The size of
the symbols represents different values of the nitrogen nutrition index (NNI) calculated at
flowering (R1). Circles and triangles represent the medians of the posterior predictive
distribution estimated for the two-year data. The three smaller points around big points and
triangles represent the median of the blocks (replicates) computed from the posterior predictive
distribution estimated for the two-year data.
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Table 2.1.

Table 2.1. Total shoot biomass at physiological maturity (R6), harvest index (HI) indicating the
proportion of the total biomass that was allocated to the grains at maturity, and N harvest index
(NHI) indicating the proportion of the total N that was allocated to the grains at maturity. Data
are the medians and standard deviations (between parenthesis) of the posterior predictive
distribution using the two-year data for DP202216 maize hybrids and their respective wild-type
(WT) controls for two different maize hybrids (P1421 and PH11V8W2Z) under 0 kg N ha™! (NO)
and 225 kg N ha™! (N225). Asterisks express moderate (one) or strong (two) evidence for
differences.

Total Biomass at

o HI NHI
g m? Probt Probt Probt

NO  P1421 WT 2052.9 (263.6) 0.90** (gzgg) (8:(7)2)
DP202216  1848.0 (333.5) (8:82) 0.87* (8:82) 0.84*

PH11V8W2Z WT 1867.1 (263.9)  0.85* (8182) (8:(7)2)
DP202216  1708.0 (332.9) (8:82) 0.86* (8:(7)2) 0.74

N225 P1421 WT 2503.4 (264.4) (8:82) (gigg)

DP202216  2517.4 (332.2) (8182) 0.71 (8:32)

PH11V8W2Z WT 2045.7 (264.2)  0.74 (8:31) (8:82)
DP202216  1947.9 (333.5) (8182) 0.66 (8:(7);) 0.85*

' Pr is the probability (values in the interval [0, 1]) of difference between DP202216 and WT
control plants at each N by hybrid combination.
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Chapter 3 — DP202216 Maize Hybrids Shift Upper Limit of C and N
Partitioning to Grain

Under review in Frontiers in Plant Science - Crop and Product Physiology

Abstract

Increasing the harvest index (HI) and the nitrogen (N) harvest index (NHI) is a promising
approach for improving the effective use of resources in grain crops. Previous studies on maize
(Zea mays L.) reported increments in different carbon-nitrogen physiological and morphological
traits in DP202216 hybrids (ZmGos2-zmm?28, event DP202216, Corteva Agrisciences). The
objectives of this study were to 1) identify changes in the maximum limit of carbon (C) and N
partitioning to the grains in DP202216 maize hybrids at equal plant growth levels, and ii)
determine the main factors underpinning the mechanisms associated with any observed change in
C and N partitioning to grains. Two DP202216 hybrids were evaluated with their respective
wild-type (WT) controls during two field growing seasons (2022 and 2023) under three N rates
(0kgha!, 150 kg ha'!, and 300 kg ha!). Long-term >N labeling was used to precisely study N
remobilization fluxes. The DP202216 plants showed an increase of 2% and 5% in the upper
boundary of the HI and NHI, respectively. Furthermore, a higher utilization of N absorbed during
vegetative stages was found for DP202216 hybrids, independently of the amount of N uptake.
The DP202216 hybrids had an increased number of grains per unit of plant biomass. Our study
describes improvements on the upper limit of HI and NHI in DP202216 maize hybrids. We

showed that the increase in C and N allocation to the reproductive organs in the DP202216

31



hybrids was related to higher ‘relative’ C and N demand by the grains. DP202216 is a trait that

improves grain yield potential and yield stability via enhanced resource utilization.

3.1. Introduction

Improving resource capture and utilization by crops is crucial to increase crop productivity in
a sustainable way (Fischer and Connor, 2018). Increasing the proportion of nitrogen (N)
allocated to the grains, i.e. N harvest index (NHI), is a promising approach for improving the
effective use of N in grain crops (Lemaire and Ciampitti, 2020). Furthermore, increases in NHI
are often associated with an increase in carbon (C) allocation to grains, i.e. harvest index (HI)
(Ciampitti and Lemaire, 2024; Sinclair, 1998). Therefore, both NHI and HI should be included as
target traits in breeding programs to raise the effective use of resources in grain crops (Ciampitti

and Lemaire, 2022).

In maize (Zea mays L.), there exists a well-known interdependency among C and N
metabolisms during the vegetative period (Gastal et al., 2015). This interrelationship is also
present during the reproductive period for both C and N remobilization (Fernandez et al., 2020).
Therefore, plant dry matter and N uptake influence the allocation of C and N to grains (Caviglia
et al., 2014). Thus, to uncover physiological changes, breeding progress in both HI and NHI
traits must be interpreted considering absolute plant dry matter in the analyses because of

differences in plant growth observed across a range of biomass (Ciampitti et al., 2022).

From an N perspective, the N partitioning in crops can be studied using '°N-labeling
techniques to measure N allocation in different organs. These methods are based on short- or
long-term labeling (Gallais et al., 2006). In maize, when '°N fertilizer is applied before rapid
vegetative growth, leaves and stems are labeled, while grains are labeled only because of N

remobilization (Gallais et al., 2006). Therefore, the application of °N early in the plant cycle
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allows the determination of N remobilization from the stem and leaves to grains (Cliquet et al.,
1990). For long-term '°N labeling, the calculation of the relative '’N-specific allocation (RSA)

can be implemented to study the N remobilization fluxes (Gallais et al., 2006).

Recent studies introduced the impact of the native transcription factor zmm28 (ZmGos2-
zmm?28, event DP202216, Corteva Agrisciences) on different physiological and morphological
traits in maize (Fernandez et al., 2022a; Palmero et al., 2024; Schussler et al., 2022; Wu et al.,
2019) (Figure 3.1). Overall, DP202216 hybrids show higher leaf area and photosynthetic
capacity, which lead to more water-soluble carbohydrate storage in stems before anthesis.
Improved N uptake efficiency leading to a higher N storage in leaves by the end of the vegetative
period was observed in DP202216 maize hybrids. This enhanced accumulation of C and N
before anthesis subsequently supports more aggressive C and N remobilization to the grain,
resulting in higher HI and NHI compared to the wild-type (WT) controls. The enhanced source
activity combined with improved remobilization results in more stable grain yield under key

abiotic stress conditions, i.e. more yield stability (Figure 3.1).

However, previous studies have not determined the maximum C and N that is allocated to
reproductive organs at similar plant growth levels in DP202216 maize hybrids. Doing so, allows
for an estimation of the interdependency between plant growth and the N use efficiency
(Lemaire and Ciampitti, 2020). Also unknown are the main factors underpinning those possible
changes in C and N partitioning. The approach proposed by Milroy et al. (2019) using the
frontier analysis for investigating the relationship between plant traits is applied in this article.
Additionally, we have implemented long-term '*N-labeling to separate newly assimilated N from

the N taken up earlier in the plant cycle, allowing a precise study of the N remobilization process
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(Deleens et al., 1994). The objectives of this study were to: 1) identify changes in the maximum
limit of C and N partitioning to the grains derived from DP202216 maize hybrids at equal plant
growth levels, compared to their WT isogenic hybrids, and i1) determine the main factors

underpinning the mechanisms associated with any observed changes in C and N partitioning to

grains.

3.2. Materials and Methods

3.2.1 Experimental design and crop management

To evaluate the changes in the upper limit of C and N partitioning in DP202216 maize
hybrids, two field experiments were conducted in Wamego, Kansas, USA (39° 13’ N, 96° 17° W),
during 2022 and 2023 growing seasons. The soil was a fine, smectitic, mesic Aquertic
Hapludolls (Soil Survey Staff, 2022). Chemical soil properties were analyzed before planting
each year (Supp. Table 3.1). In 2022, the experiment was conducted under rainfed conditions. In
2023 a pivot sprinkler system was utilized to irrigate with 19 mm and 32 mm at ten (07/30/2023)
and thirty (08/20/2023) days after anthesis (Ritchie and Hanway, 1982), respectively (partial

irrigation).

The sowing dates were 7 June (2022) and 22 May (2023), with a target plant population of
7.8 plants m in both growing seasons. The experimental design structure was a split-plot in a
randomized complete block with five repetitions. Three N rates (0 kg ha™!, 150 kg ha!, and 300
kg ha') and two maize hybrids (Corteva Agriscience hybrids PH1V69/PH26V11 and
PH11V8/PH4HRJ2) were randomized at the main-plot level, and the trait status (DP202216 and

WT) was randomized at the sub-plot level. See Wu et al. (2019) for further details of the
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transformation and backcrossing procedures implemented to obtain the DP202216 and the
isogenic WT hybrids. Each experimental unit was an eight-row plot with a size of 9.5 m long and
6 m wide. The N rates were applied fifteen days after planting using 28% liquid urea ammonia
nitrate (UAN) as the fertilizer N source. The N was applied as side dressing and injected into the

soil through a fertilizer knife attached to a coulter to a depth of 5 cm.

3.2.2 Long-term >N isotopic labeling

The °N-labeled fertilizer was applied to plants at V2 stage (Ritchie and Hanway, 1982) to
minimize the uptake of '°N label after anthesis and promote its distribution in vegetative organs
(stem and leaves) (Gallais et al., 2007). The interval between '°N-labeled fertilizer application
and anthesis was 40 and 42 days in 2022 and 2023, respectively. The '°N isotopic labelling was
done following the protocol employed in Fernandez et al. (2022b). Briefly, the labeled fertilizer
Ca('*NOs), was injected into the soil at the base of five consecutive plants in each experimental
unit. The N concentrations in the fertilizer were 10.15% in 2022, and 98% in 2023. The
injected fertilizer volume was adjusted to the >N concentration to apply the same amount of '°N
per plant in both years. Therefore, each plant received 0.700 g and 0.0725 g of fertilizer in 2022

and 2023, respectively.

3.2.3 Sampling, laboratory analyses, and variable calculations

The three central plants (out of the five) labeled with '°N isotope were harvested at
physiological maturity (R6; (Ritchie and Hanway, 1982)). Each plant was split into stem, leaves,
cob-husks, and grains. Plant samples were dried at 65 °C until constant weight. The number of
grains per plant was determined, and the plant fraction samples were weighed and prepared for N
analyses. For isotopic analyses, the samples were ground through a 0.10 mm sieve, and 3 mg of

tissue were weighed and packed in tin capsules. The total N concentration and the '°N atom-
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excess in the tissue samples were determined by an elemental analyzer (PyroCube — Elementar
Americas) coupled to an isotope ratio mass spectrometer (visION, Elementar Americas,
Ronkonkoma, NY, US) at the Stable Isotope Mass Spectrometry Laboratory at Kansas State

University.

The N content in each plant organ (stem, leaves, cob-husk, grains) was obtained as the
product between N concentration and dry weight. The total plant biomass and N content were

obtained by adding up the dry weight and N content of each organ. The HI was calculated as

N content in grains (g pl™1)
Total N content (g pl~1)

Grain biomass (g pl™1)
Total biomass (g pl~1)’

HI =

and the NHI was computed as NHI =

Finally, as per (Gallais et al., 2006), the relative °N-specific allocation (RSA) was calculated

A% —Ao,%

to quantify the N remobilization flux as RSA; = FYTEIY
f70 =407

. In this equation, A;,% represents

the >N abundance percentage in the i organ, Ap;% represents the natural SN abundance
percentage in the i organ, and A% represents the 5N abundance of the labeled fertilizer. The
RSA for stover (RS Ascwover; stem, leaves, and cob-husk), the whole plant (RS Awhole-plant; Stem,
leaves, cob-husk, and grains), and the grains (RSAgrin) were obtained. Since the A¢% was

different in each experimental year, the RSA was normalized to analyze both years together. The

RSA-minRSA

- , where RSA is the calculated
maxRSA—minRSA

normalization was done as Normalized RSA =

RSA in a given year and minRSA and maxRSA are the minimum and maximum of RSA for a
given year. Normalization or standardization are useful tools for interpreting coefficient

regressions under contrasting values on the model inputs (Gelman, 2008; Oka, 2021).
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3.2.4 Statistical analyses

Quantile regression was conducted to study whether the DP202216 event raised the upper
limit of C and N allocation to grains (Milroy et al., 2019) compared to the WT hybrids. The
quantile regressions allow us to model the relationship between the predictor (x) and response ()
variables at different quantiles of the data distribution. Hence, quantile regression is useful
because it enables deeper inference beyond simple descriptors of a distribution like the expected
value (mean) or median (0.50 quantile). Bayesian inference was implemented in this study to
perform probabilistic inference and simultaneously account for the uncertainty in the parameter

estimation, and easily obtain the credible interval of the predictions.

Different deterministic models were fitted to account for linear and non-linear relationships
between response and predictor variables. The models were selected according to the posterior
predictive distribution and the Widely applicable Bayesian Information Criterion (WBIC)

(Gelman et al., 2014).

In the implemented models it was assumed that the year of the experiment, the N rates, and
hybrids do not influence the upper quantile of the distribution but affect its variance. Therefore,
the models were fitted for the DP202216 and the WT separately, and an intercept only model
(expected value) with random intercept was considered for the variance implementing the year of
the experiment, the N rates, the hybrids, and the blocks as random effects. The selected fitted

models were:

Yijiir~ asymmetric Laplace(q,i, O-jzklr: 7), Equation 3.1
Gz, = Box!™, Equation 3.2a
4 = ax;, or Equation 3.2b
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qr; = W, Equation 3.2¢

O-jzklr — e¢+lpjkl1”_ Equation 3.3

Equation 3.1 determines the likelihood function. The subscript i is the i observation for the
DP202216 event or the WT control, j represents the j year, k is the k& hybrid, / represents the /”
N rate, and r is the " block. The parameter 7 is the 0.95 quantile. The Equations 3.2a — 3.2¢
indicate the deterministic models for the quantile function (instead of the function for the
expected value or mean) presented in Figures 2A and 2B (Equation 3.2a), in Figures 3A, 3B, 4B,
and Supp. Figure 3.2 (Equation 3.2b), and in Figure 3.4A, Supp. Figures 1 and 3 (Equation 3.2¢).
Furthermore, Equation 3.3 indicates the intercept only model for the variance. The ¢ is the
expected value (intercept) of the variance. The symbol 1, represent the random effect of the
year of the experiment, the N rates, the hybrids, and the blocks on the variance intercept. An
exponential function was applied to ensure only positive values in the variance. Since Bayesian
inference was implemented, prior distributions had to be provided for the parameters of each

model. See Supp. Note 3.1 for more details about prior selection and hyperparameters.

The probability of difference between model parameters for DP202216 hybrid and its
respective WT were computed based on the posterior distribution of the parameters for each
model. Only the parameters present in the deterministic part of the model were compared. For

details about programming topics, see Supp. Note 3.1.
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3.3. Results

3.3.1) C and N Partitioning

The relationships between HI or NHI versus plant biomass were implemented to study
changes on the upper limit of C and N allocation at comparable plant growth levels. In measured
DP202216 hybrids, an increase of 2% in the upper boundary of the HI across the studied range of
biomass values was observed (Figure 3.2A). This improvement in HI was mimicked by a 5%

increase in NHI (Figure 3.2B). Therefore, neither increase nor decrease were observed in grain N
concentration relative to the WT controls (Supp. Figure 3.1). In the fitted model, q,, = ﬁoxiﬁ L

no differences were found in the 8, parameters between the DP202216 hybrids and its respective
WT controls. However, in the measured DP202216 hybrids, a higher value (closer to zero) of the
B1 parameter was depicted with a probability of difference of 0.69 for the HI-biomass regression
(Figure 3.2A) and 0.71 for the NHI-biomass regression (Figure 3.2B). The variability of the
response variables (HI and NHI) was not clearly modified by hybrids, N rates, or the year of the
experiment (Supp. Figure 3.4). These results support that lower reduction rate on HI and NHI as
plant growth increased (greater ;) may result in DP202216 hybrids showing higher C and N

allocation, associated with high levels of plant growth.

3.3.2) Relative >N Specific Allocation (RSA)

The relationships between RSAgrain versus RSAwhote-plant and RS Astover were studied to
precisely analyze differences in N allocation to the grains between DP202216 and WT control
hybrids. In the regressions shown in Figure 3, the positive slopes indicate that as x was further
from the minimum value of x (with respect to the range of the explored values in a given year of

the experiment), the values of y were also further from the minimum value of y (with respect to
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the range of the explored values in a given year of the experiment). Although the response and
predictor variables are normalized, the slope of the relationships is still interpreted as changes in

y per unit of change in x.

Under this context, the DP202216 maize hybrids exhibited a higher '°N accumulation in
grains per unit of >N accumulated in the plant (Figure 3.3A). This pattern was also observed
when the changes in '°N accumulation in grains were analyzed relative to changes in the °N
accumulated in the stover (Figure 3.3B). Thus, DP202216 maize hybrids demonstrated a higher
5N accumulation in the grains per unit of °N accumulated in both the plant and the stover with a
probability of 0.98 and 0.87, respectively. These differences were consistently observed across
both years (Supp. Figure 3.2), with no significant variation due to hybrids and N rates (Supp.
Figure 3.4). The RSA analyses confirm an improvement in the upper limit of the N allocation to
the grains in the DP202216 maize hybrids by separating the N taken up early in the plant growth

and development from the N assimilated after anthesis.

3.3.3) Factors underpinning the changes on C and allocation

No differences were found across hybrids in the upper tail of the distribution (0.95 quantile)
of the grain number per plant (Figure 3.4A). Consequently, there were no differences in grain
biomass per plant (Supp. Figure 3.3). However, the DP202216 maize hybrids had an increased

number of grains per unit of plant biomass (Figure 3.4B). This is represented by the slope of the

number of kernels

. A S .
regression (ﬁ = ), which indicates the number of grains that the WT and

g of plant biomass

DP202216 maize hybrids produced per unit of plant biomass. The slope for the DP202216

maize hybrids was 2.26 while for the WT it was 2.08 with a 0.99 probability of difference for
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DP202216 maize hybrids >WT hybrids (Figure 3.4B). This difference indicated the DP202216
maize hybrids could maintain, on average, more grains per unit of biomass than the WT controls.
The inverse of the slope represented the minimum plant growth needed to maintain one grain,
which was 0.44 g grain™ and 0.48 g grain™!, for the DP202216 maize hybrids and WT hybrids,
respectively. The number of grains grown per plant did not vary across years, hybrids, or N rates

(Supp. Figure 3.4).

3.4. Discussion

This study utilized frontier analyses (0.95 quantile) to demonstrate that the DP202216 maize
hybrids showed a higher achievable C and N allocation compared to the WT controls. A
comparison using the plant growth achieved at maturity was considered in the analyses revealing
changes in the effective utilization of resources (Ciampitti and Lemaire, 2022). The number of
grains grown per unit of plant biomass was identified as the main efficiency component driving
these changes. We showed an improved N allocation in grain from DP202216 maize hybrids by
using long-term '*N-labeling, to precisely study N remobilization fluxes in maize (Deleens et al.,
1994; Gallais et al., 2007). Furthermore, the frontier analysis proposed by (Milroy et al., 2019)
was modified by introducing Bayesian statistical inference. This modification allowed us to
introduce biological meaning into the models and to make probabilistic inference while

accounting for the uncertainty in the parameter estimation.

DP202216 maize hybrids achieved increased (0.95 quantile) HI and NHI in maize hybrids
when compared at the same biomass at maturity. In this study, the HI and NHI were 2% and 5%
greater in DP202216 maize hybrid plants with respect to the WT controls, respectively. (Palmero

et al., 2024) reported increments of ~6% in HI and ~9% in NHI in DP202216 maize hybrids
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comparing the expected value of the distributions (~0.5 quantile). Our current study depicts
DP202216 maize hybrids demonstrated increased upper limit of both C and N remobilization

independently of the plant growth, but with a trend of higher values at high biomass.

The higher HI and NHI observed in DP202216 maize hybrids may be associated to an
improved source activity (Wu et al., 2019) leading to higher N and water-soluble carbohydrates
accumulation before anthesis with subsequently more aggressive C and N remobilization during
the grain filling period ( Fernandez et al., 2022a; Palmero et al., 2024). The simultaneous
increase in HI and NHI (Lawn, 1989) demonstrates DP202216 maize hybrids may achieve
(upper limit) a higher resource use efficiency (Ciampitti and Lemaire, 2024) without

compromising the quality of the grains (Fernandez et al., 2022a).

It was shown that DP202216 maize hybrids allocated relatively more N to the grains than the
WT maize hybrids at similar levels of relative allocation to plant or stover. These results indicate
greater reliance on N absorbed during vegetative stages independently of the amount of N uptake
( Fernandez et al., 2022a). Previous research demonstrated higher N remobilization in DP202216
maize hybrids implementing the ‘balance approach’ (Fernandez et al., 2022a; Palmero et al.,
2024). The use of long-term °N-labeling allowed us to study the N remobilization flux with
higher accuracy by calculating the RSA (Gallais et al., 2006), which does not depend on the
amount of N taken up. Therefore, we revealed an improved N allocation to grain in DP202216

hybrids using a more unbiased and robust procedure (Deleens et al., 1994; Gallais et al., 2007).

By applying the '"N-labeled fertilizer at V2, the '°N uptake after anthesis might have been
reduced to only 5% of total seasonal uptake (Gallais et al., 2007). However, the irrigation carried
out ten and thirty days after R1 in the 2023 season could increase the '°N uptake after anthesis

(Gallais et al., 2007). The >N taken up after anthesis may have been incorporated into amino
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acids in vegetative tissues and then remobilized to the grains due to the protein turnover process
(Fernandez et al., 2022b). This could lead to slopes greater than 1 when studying the

relationships between RS Agrains versus RS Awnote-plant 0f RS Astover (Gallais et al., 2007, 2006).

DP202216 maize hybrids grew more grains per gram of plant biomass than the WT maize
hybrids controls. However, no differences were found either in the grain number per plant nor in
grain biomass per plant. At a given plant density, the grain number per plant is the main variable
explaining changes in maize grain yield (Fernandez et al., 2022¢; Ruiz et al., 2022). Two
mechanisms via changes in sink strength (sink size and sink activity) may be involved in the

observed increased C and N partitioning in DP202216 maize hybrids.

These mechanisms are related to the sink size (grain number m™ or pl'!) in ‘absolute’ or
‘relative’ terms and sink activity (rate at which photosynthates are absorbed per unit of grain
biomass). When DP202216 maize hybrids accomplish more grain yield than the WT controls
(Schussler et al., 2022; Wu et al., 2019), the higher sink size and sink activity may result in an
increase in C and N allocation to the reproductive organs (Caviglia et al., 2014). This would
imply changes in C and N allocation in ‘absolute’ terms (i.e. depending on the grain number m™
or pI'"). When DP202216 maize hybrids show equivalent grain yield with the WT isogenic
controls (this study and Fernandez et al., 2022a), DP202216 maize hybrids may grow more
grains per unit of plant biomass, thus would promote a higher HI and NHI. This may result in

changes in C and N allocation in ‘relative’ terms, expressed in plant biomass.

The suggested mechanisms may result in more effective use of resources for the DP202216
maize hybrids over a wide range of environmental conditions (Ciampitti and Lemaire, 2022).
This postulates that the DP202216 maize hybrids may contribute to improvements in both grain

yield and grain yield stability in maize hybrids (Schussler et al., 2022; Wu et al., 2019).
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3.5. Conclusion

The present study introduces insights on the achievable C and N allocation in DP202216
maize hybrids and the main mechanisms driving these changes. Improvements on the upper limit
of HI and NHI were revealed in DP202216 maize hybrids at comparable plant growth levels. A
higher utilization of N absorbed during vegetative stages was reported for DP202216 hybrids,
independently of the amount of N taken up. We showed that the increase in C and N allocation to
the reproductive organs in the DP202216 maize hybrids was related to higher ‘relative’ C and N
demand by the grains. Thus, the increased and extended expression of zmm28 in DP202216
hybrids improve grain yield potential and yield stability in maize hybrids via enhanced

utilization of resources.
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Figure 3.1. Schematic representation, adapted from Fernandez et al. (2022a), showing the
current knowledge of physiological and morphological changes in DP202216 maize hybrids. The
plus (+) symbol indicates improved characteristics. Modifications listed in the vegetative panel
refer to pre-anthesis changes, while those in the reproductive panel indicate changes at anthesis
or post-anthesis. Numbers between parentheses indicate the study in which the change was
reported.
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Figure 3.2. A) Harvest index (HI) versus plant biomass at maturity (R6) and B) nitrogen harvest
index (NHI) versus plant biomass at maturity (R6) for DP202216 maize hybrids and their
respective wild-type (WT). The solid and dashed lines represent the expected value of the
response variable at the 0.95 quantile of the distribution for the DP202216 and the WT,
respectively. The shadow area indicates the 95% credible interval of the posterior predictive
distribution. The estimated model parameters are: in (A) HI; = 0.94x; °12, for the WT control,
and HI; = 0.91x; %% for DP202216; in (B) NHI; = 0.90x;°%7 and NHI; = 0.89x; %% for
the WT and DP202216, respectively.
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Figure 3.3. A) Normalized relative *N-specific allocation to grains (RSAgrains) versus
Normalized relative °N-specific allocation to whole-plant (RSAwhole-plant) at maturity (R6) and B)
Normalized relative ’N-specific allocation to grains (RSAgrins) versus Normalized relative °N-
specific allocation to stover (RSAstover) at maturity (R6) for DP202216 maize hybrids and their
respective wild-type (WT). The solid and dashed lines represent the expected value of the
response variable at the 0.95 quantile of the distribution for DP202216 maize hybrids and the
WT, respectively. The shadow area indicates the 95% credible interval of the posterior predictive
distribution. The estimated model parameters are: in (A) RSA; grqins = 1.07x; for the WT

control, and RSA; grqins = 1.28x; for DP202216; in (B) RSA; grqins = 1.09x; and
RSA; grains = 1.32x; for the WT and DP202216, respectively.
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Figure 3.4. A) Grain number per plant at maturity (R6) and B) grain number per plant versus
plant biomass at maturity (R6) for DP202216 maize hybrids and their respective wild-type (WT).
In (A), the bigger circles represent the expected value of the grain number per plant at the 0.95
quantile obtained from the posterior distribution of the model parameter (intercept only models),
while the whiskers represent the 95% credible interval from the posterior distribution. In (B), the
solid and dashed lines represent the expected value of the response variable at the 0.95 quantile
of the distribution for the DP202216 maize hybrids and the WT maize hybrids, respectively. The
shadow area indicates the 95% credible interval of the posterior predictive distribution. The
estimated model parameters are: in (A) Grain Number pl;! = 522, for the WT hybrids
control, and Grain Number pl;' = 524 for DP202216 maize hybrids; in (B)

Grain Number pl;! = 2.08x; and Grain Number pl;! = 2.26x; for the WT hybrids and
DP202216 maize hybrids, respectively.
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Chapter 4 — Bringing the nitrogen rate recommendation uncertainty
is key to reduce environmental costs while maintaining maize grain
yield

Abstract

Nitrogen (N) rate recommendations for optimum maize production exhibit substantial
uncertainty. This uncertainty is usually overlooked in studies evaluating the environmental and
social impacts of N fertilization management. When the uncertainty in the N rate needed to
obtain optimal production was properly accounted for, we demonstrated that it was possible to
reduce N applications by 4% to 10% while maintaining maize grain yield in the United States
Corn Belt. This reduction in N would on average decrease N>O emissions 4% and N leaching 5%
with a concomitant social benefit of $73 M - $231 M due to improved air and water quality.
Therefore, this study demonstrates that introducing the N rate recommendation uncertainties
should be the first step for any environmental, social, and policy studies analyzing the impact of

N fertilization management in agricultural production systems.

4.1. Introduction

United States (U.S.) maize production accounts for about 30% of the total maize produced
worldwide (USDA, 2024), where the region known as Corn Belt (Illinois, Indiana, Iowa,
Michigan, Minnesota, Missouri, North Dakota, Ohio, Nebraska, and Wisconsin) produces 77%
of the total U.S. maize production (USDA/NASS, 2024). Maize grain yield increased over the
last half of the 20" century in this region (DeBruin et al., 2017; Duvick and Cassman, 1999).

Yield increases resulted from a combination of plant breeding and changes in crop management
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practices such as nitrogen (N) fertilization and plant density, among others practices (Duvick,
2005; Duvick et al., 2004). The invention of the Haber-Bosch process, which converts
atmospheric N into reactive forms of N (Smith et al., 2020), facilitates the use of thousands of
tons of manufactured N fertilizer annually for maize production in the U.S. Corn Belt (USDA
ERS, 2024). Therefore, maize productivity is strongly linked to N fertilization (Ciampitti and
Lemaire, 2022), which makes N fertilization key to nourish the growing human population

(Sinclair and Rufty, 2012).

While N fertilizer application aims to increase crop productivity, 50%-70% of the N applied
to the soil is lost in aqueous form as NOj3 or in gaseous forms as N2O or NH3 (Cassman et al.,
2002; Ladha et al., 2005; Smil, 1999). The inefficiency of the N fertilization practice leads to
undesirable consequences for the ecosystem and human health. The escape of N via NO3
leaching causes groundwater contamination, eutrophication of freshwater, and loss of
biodiversity in lakes, streams, and coastal ecosystems (Galloway et al., 2008, 2003). The N>O is
a potent greenhouse gas (GHG) that diminishes stratospheric ozone, which leads to tropospheric
ozone pollution, global warming, and higher incidence of uv-b radiation (Krabbe et al., 2015;
Reay et al., 2012). Additionally, the Haber-Bosch process utilized for producing N fertilizers
emits a considerable amount of CO,, another GHG (Ghavam et al., 2021). These undesirable
environmental impacts negatively affect human health, crop productivity, food security, and

economic prosperity (Ortiz-Bobea et al., 2021; Turner et al., 2016; Zhang et al., 2015a).

Notwithstanding the negative impact of excessive N fertilization, sub-optimum N fertilizer
application decreases crop productivity, leading to reduced food production for human nutrition,
soil degradation, and lower farmer profit (Sanchez and Swaminathan, 2005). The relationship

between maize grain yield and N fertilization is essential for improving N management with the
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goal of reducing its adverse environmental and human consequences while optimizing crop
performance (van Grinsven et al., 2022). This relationship, along with maize and N fertilizer
prices, determines the N rates that maximize yield (agronomic optimum N rate; AONR) or
farmers’ profit (economic optimum N rate; EONR). However, there is considerable uncertainty
around the AONR and EONR (Correndo et al., 2021; Lobell, 2007; Nigon et al., 2019), which
leads many farmers to over apply N (Sheriff, 2005). This “insurance” N typically results in
application of N at higher rates than the recommended in the U.S. Corn Belt (Good and Beatty,

2011; Goodkind et al., 2023).

The uncertainty of N rate recommendations is usually overlooked in studies that evaluate the
environmental and social impacts of changes in N management in crop production (Goodkind et
al., 2023; Gourevitch et al., 2018; Kanter et al., 2015; Keeler et al., 2016; Kim et al., 2021;
Mesbah et al., 2017; Zhang et al., 2015b). Ignoring the uncertainty of the EONR might lead to
erroneous conclusions about yield losses when the applied N rate is reduced. Therefore, the
uncertainty of the N rate recommendations should be accounted for when studying the societal
and environmental impact of N fertilization reductions in maize. The objectives of this study
were to 1) analyze different cases of N fertilizer reduction in maize across eight U.S. Corn Belt
states (Illinois, Indiana, Iowa, Minnesota, Missouri, Nebraska, North Dakota, and Wisconsin)
while accounting for the uncertainty of "optimal" N rates, and ii) economically quantify the

savings in environmental costs to society under the most feasible case of N rate reduction.
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4.2. Materials and Methods

4.2.1. Database description

In this study we utilized the data from the Performance and Refinement of N Fertilization
Tools (PRNT), a public—industry partnership project. Only the most pertinent information
related to this current study is described hereafter. For additional details, readers are encouraged

to consult Kitchen et al. (2017) and Ransom et al. (2021).

This database contains 49 site-years of plot research studying the maize grain yield response
to N fertilization. The experiments were conducted during the 2014, 2015, and 2016 growing
seasons across 8 states in the U.S. Corn Belt (Iowa, Illinois, Indiana, Minnesota, Missouri, North
Dakota, Nebraska, and Wisconsin). Hereafter, the site-year combinations are referred to as “site”.
The same experimental protocol was carried out at each site. For this study, we filtered the cases
in which the N rates were applied at planting (broadcast in the soil surface). A total of 8 N rates
from 0 to 315 kg ha! were applied in increments of 45 kg ha™!. A randomized complete block
design with four replicates was implemented in each site. For crop sampling, the maize grain
yield (kg ha'') was obtained in each experimental unit, and it was adjusted at 155 g kg™! moisture.
Furthermore, the grain N content (kg ha') was also obtained in each experimental unit by

multiplying the grain N concentration and the grain dry matter.

4.2.2. Conceptual Framework

The grain yield response to N fertilization curves is affected by crop management, soil, and
weather factors. Different curves can be obtained across seasons, even within the same location
(van Grinsven et al., 2022). Therefore, the N recommendation to farmers (i.e. EONR) has
considerable uncertainty (Correndo et al., 2021; Lobell, 2007; Nigon et al., 2019). Our
uncertainty attributed to estimating the response curve, and consequently on the EONR, for a
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specific season in a given site can be represented by the posterior distribution of curves using

Bayesian inference.

We fit a quadratic plateau model to the grain yield response to N fertilization via Bayesian
inference. Therefore, instead of having a point estimation of the model parameters (with its
respective uncertainty on the estimation), we had a probability distribution of the parameters.
This allowed us to obtain a probability distribution of the EONR (Step 1 — Figure 4.1). Then,
four cases of N reduction were created based on the EONR distribution. Furthermore, the
posterior predictive distribution for grain yield was obtained for each case (Step 1 — Figure 4.1).
These distributions were used to compute the probability of losing yield and the expected yield

loss with respect to yield at the EONR in a given curve within a given site (Step 2 — Figure 4.1).

These steps enabled us to evaluate the feasibility of reducing the recommended N rates
considering the EONR uncertainty, i.e. regarding that at planting it is not known which is the

appropriate EONR for a specific season.

Steps 1 and 2 were repeated in each of the studied sites presented in this article. The most
feasible case for N reduction across sites was identified based on the probability of losing yield
and the expected yield loss. After this, we selected representative sites based on the amount (kg
ha!) and the proportion (%) of N reduction. In those sites, we translated the N rate reduction into
savings in air (N20 emissions) and water (N O3 leaching) pollution associated with reductions in
N fertilization (Step 3 — Figure 4.1). Finally, the social impact and the sustainability of the
change in the N fertilization practice were estimated by computing the social benefit and the net

social benefit, respectively (Step 4 — Figure 4.1).
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4.2.3. Statistical analysis
A Bayesian inference was used in this study to perform probabilistic inference while
accounting for the uncertainty in the parameter estimation, and to easily obtain the uncertainty of

model predictions.

A quadratic plateau model was fitted to data for the relationship between maize grain yield
(response variable; y) and N rates (predictor variable; x). This model allowed us to analytically
obtain the AONR by taking the first derivative of the model, equating it to zero, and solving for

x. Then

AONR = 2, Equation 4.1
2B,

where f3; is the slope of the model, and [, is the quadratic term. Following a similar procedure,
but equating the first derivative of the model to the price ratio (PR), the EONR (Step 1 — Figure

4.1) can be obtained as

EONR = BPR Equation 4.2
2,

N price ($/kg)

The PR is calculated as PR = - - ,
maize price ($/kg)

1.e. PR represents the kg of maize needed to pay

for 1 kg of N of a given fertilizer. To include the uncertainty on the PR, we implemented the
approach utilized by Correndo et al., 2021. The maize grain and fertilizer prices were obtained
from the USDA-Economic Research Survey (USDA ERS, 2024; USDA ERS Price Forecast,
2024). For maize grain, the price was considered as future price in April for the time period
2000-2021. For the fertilizers, the price of anhydrous ammonia (82-0-0) and urea (46-0-0) in
April or March was considered for the same time period. The PR was calculated for each year

included in the search. Based on PR mean (5.34 kg maize/kg N) and variance (1.87 kg maize?/kg
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N?), it was assumed that PR ~ gamma(15.2,2.8). Where 15.2 and 2.8 are the shape and the rate
of the distribution, respectively. That is E[PR] = 15.2/2.8, and var(PR) = 15.2/2.82.
Therefore, instead of considering the PR as a fixed known quantity, each time the EONR was

calculated, the PR was sampled from gamma(15.2, 2.8).

The quadratic plateau model fitted to the grain yield and N rate data in this study was:

yij~ normal(u;;, 62), Equation 4.3

g = (o g o, Equation 4.
Bo ~ gamma(ag,, Bg,), Equation 4.5
B1~ gamma(aﬁl,ﬁﬁl), Equation 4.6
By ~ gamma(a’gz, ,8[32), Equation 4.7
7; ~ normal(0, o3), Equation 4.8
op ~ uniform(0,1000), Equation 4.9
Og ~ gamma(a’%, ﬁas), Equation 4.10

where y;; is the grain yield (kg ha™) for the i" observation in the j™ block, x; is the i"
observation of the N rate (predictor variable), u;; is the underlying process, B, (intercept)
represents grain yield when no N is applied, £; (slope) is the parameter modeling the linear
response of maize grain yield to N rate, 3, is the parameter modeling the quadratic effect of the
N rate on maize grain yield. Finally, 7; is the random effect of the j™ block on By, 2}, is the

variance of 7;, and o2 is the variance of maize grain yield. This model was fitted to the data for
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each of the six sites within the selected states. The Equations 4.5 — 4.10 are the prior distribution
of the model parameters, where the Greek letters or numerical values within the parentheses are
called hyperparameters. The values for the hyperparameters were defined for each state. For each
parameter following gamma distribution, the expected value can be obtained as a/f and the

variance as a/f2.

The hyperparameters, except those for g in Equation 4.9, were obtained by fitting a
quadratic plateau model to the data utilized in Correndo et al., 2021 for maize grain yield versus
N rate relationship. The model was fitted to lowa, Illinois, Indiana, Minnesota, Missouri, North
Dakota, Nebraska, and Wisconsin separately. The model was also Bayesian, and the priors were
set as wide uniform distributions to reduce their influence on the posterior distribution of the
model parameters. The same priors were used in each state. Subsequently, the expected value and
the variance of each parameter were obtained from their posterior distributions and utilized to
build the hyperparameters for the model fitted in the current study. Therefore, the
hyperparameters in Equations 4.5 — 4.8 and Equation 4.10 changed according to the states and
those can be found in Suppl. Table 4.1. From Equations 4.1 — 4.10, it can be seen that the AONR
and EONR are functions of the model parameters (; and f3,), which are considered as random
variables in the Bayesian framework. Therefore, the AONR and EONR are derived quantities

and Monte Carlo integration can be used to approximate their probability distributions.

In addition, to estimate the GHG emissions and NO3 leaching at different N rates, it was
necessary to determine the N exported in maize grains at a given N rate (Step 3 — Figure 4.1).
Therefore, a quadratic or quadratic plateau model was fit to the relationship between the grain N

content (kg ha™') and N rates in each site. These models can be written as
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yij~ normal(u;j, o), Equation 4.11
Hij = Po + T + Bix; — Box?, Equation 4.12a

or

wij = IZ:TT];[:C(LI;Z_X; (lg_lx;; (2:%.), Equation 4.12b
2B2 2B2
Bo ~ uniform(0,300), Equation 4.13
By ~ uniform(0,5), Equation 4.14
B2 ~ uniform(0,2), Equation 4.15
7; ~ normal(0, o3), Equation 4.16
op ~uniform(0,1000), Equation 4.17
o, ~uniform(0,1000). Equation 4.18

In this case y;; is the grain N content (kg ha™') for the i observation in the j™ block, x; is the i
observation of the N rate (predictor variable), u;; is the underlying process, S, (intercept)
represents grain N content without N application, ; (slope) is the parameter modeling the linear
effect of the N rate on grain N content, [, is the parameter modeling the quadratic effect of the N
rate on grain N content. Lastly, 7; is the random effect of the j™ block on By, 6 is the variance of
7j, and 02 is the variance of grain N content. Equations 4.13 — 4.18 are the prior distribution for

the model parameters, which were set so that their influence on the posterior distributions was

reduced as much as possible.
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The plots for the models fitted in Equations 4.3 — 4.10 and Equations 4.11 — 4.18 are shown
in Supp. Figure 4.3 and 4.4. The posterior predictive distribution of each model presented in
Equations 4.3 — 4.10 and Equations 4.11 —4.18 was studied to evaluate model performance
(Supp. Figure 4.5 and 4.6). The posterior predictive distribution represents the uncertainty in the
model parameters and the ability of the model to make accurate predictions of the data (Hobbs

and Hooten, 2015).

The models were fitted to the data to obtain the posterior distributions of the parameters
using a MCMC algorithm. Four chains were run in parallel with a total of 60,000 iterations and a
warm-up period of 30,000 iterations. After warm-up, 1 in 10 draws was saved (i.e. thinning = 10)
to reduce autocorrelation among draws before making inference. The convergence of the models
was explored via trace plots and Gelman-Rubin diagnostic (Gelman and Rubin, 1992). The
models were fitted in R program (R Core Team, 2020) (version 4.3.3), using the rjags package
(Plummer, 2023). The code to fit the models is available at

https://github.com/FranciscoPalmero/AONR_EONR_uncertainty/tree/main.

4.2.4. Assessing N reduction feasibility

Assuming that farmers apply N so that their profits are maximized, i.e. EONR, the feasibility
of reducing the N fertilization rate in the U.S. Corn Belt was analyzed by a probabilistic
assessment of different cases. The uncertainty on the EONR and on maize and fertilizer prices

were considered (Step 2 — Figure 4.1).

After fitting the models to the data, the model parameters and EONR (derived quantity)
convergence were analyzed. Furthermore, the EfAONR] was obtained and considered as the
most likely N rate at which yield was maximized in each site. We assumed chain convergence

when chains mixed well in trace plots and Gelman-Rubin diagnostic was between 1 and 1.02
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(Gelman and Rubin, 1992). Sites showing Gelman-Rubin diagnostic > 1.02 were not considered
for further analysis. Additionally, if yield plateau was achieved at a N rate (E[AONR]) greater
than the highest rate implemented in the studies, we assumed that AONR did not exist, and the
site was not considered as selectable. Based on these criteria, 17 out of the 49 sites were regarded
as not reliable sites to make inference, therefore they were removed before further analyses

(Supp. Table 4.2).

In the 32 remaining sites, the probability distribution of the EONR was considered to
represent its uncertainty and used to determine the feasibility of N reductions. Four cases of N
reduction were created based on different quantiles of the EONR distributions (Step 1 — Figure
4.1). For cases 1, 2, 3, and 4, the grain yield posterior predictive distribution at quantiles 0.4, 0.3,
0.2, and 0.1 were obtained, respectively. Since the posterior distribution of the EONR was
symmetric in all sites (not shown), quantile 0.5 =~ EfEONR], then an incremental N reduction
was considered from case 1 to case 4. Afterward, the posterior predictive distributions at each
quantile were implemented to compute the probability of losing yield at each case with respect to
yield at the estimated EONR in a given curve within a given site. The most feasible case for N
fertilization reduction was defined based on the probability of losing yield and the expected yield
loss (Step 2 — Figure 4.1). After this, and assuming that EfEONR] was the recommendation to
farmers (as usual), 6 sites (out of the 32) were selected as the most representative based on the
amount (kg ha!) and the proportion (%) of N reduction with respect to the EfEONR]. The 6

selected sites are referred as “scenarios” from now on.

4.2.5. Environmental and social impact
Since all society would benefit from reducing N rates, the N rate reduction was translated

into a social benefit under the “safest” case of N rate reduction in the selected scenarios (Step 4 —
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Figure 4.1). For calculating the social benefit (SB) it was considered the social cost of N
fertilization associated with GHG emissions and water pollution because of N leaching.

According to Kim et al. (2021), the SB was calculated as:
SB ($ ha™) = (GHGyn,0 + GHGyfere) Perc + ANjeaching Preaching Equation 4.19

where GHGy, o (kg ha!) is the reduced N>O emission linked to the N rate reduction, GHG, Fert
(kg ha™) represents the reduction of the CO, emission associated to fertilizer manufacturing and
transport, Py is the social cost of GHG emissions ($/t CO2), ANjeqcning is the reduction in N
leaching, and Pjqching is the social cost for N leaching ($/kg N). McLellan et al. (2018) and
Eagle et al. (2020) proposed models to estimate N leaching (N O3') and N>O emissions in
agricultural fields based on the relationship between soil N balance with NOj3 leaching and N>O
emissions (Step 3 — Figure 4.1). It was assumed that NO3 leaching and N>O emissions followed
gamma distributions with expected value a/f and variance a/f?%. The models proposed by

McLellan et al. (2018) and Eagle et al. (2020) were implemented to model the expected values as

E[N,0 — N] (kg ha™*) = (0339400047 N balance) Equation 4.20
E[NOE _ N] (kg ha—l) — e(2.459 + 0.0061Nbalance)’ Equation 421
where

N Balance (kg ha™') = total N applied (kg ha™') — grain N content (kg ha™'). Equation

4.22

The total N applied (kg ha!) is the N from mineral fertilizer and other N inputs such as manure,
N-fixing cover crops, irrigation water, etc. Since the other N inputs beyond N from mineral

fertilizer were not present in the experiments considered in this study, total N applied =
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N rate. The grain N content (kg ha™!) is the N removed in maize grains. In this study, we
assumed that EFEONR] was what was recommended to farmers (as usual). The grain N content
was obtained from the posterior predictive distribution of the models for grain N content vs N
rate evaluated at the EfEONR] and at the N rate for the selected case in each of the six scenarios
(i.e. N rate for the 0.3 quantile of the EONR distribution). Then, the N balance, the E[NO; — N]
leaching, and the E[N,0 — N] emissions were estimated for the EF[EONR] and for the selected
case in each of the six scenarios. These estimations were computed for each value in the

posterior predictive distribution of the models for grain N content vs N rate.

The variance for NO3 leaching and N>O emissions in the U.S. Corn Belt were obtained from
a literature review (Supp. Note 4.1; Supp. Table 4.3) and it was assumed fixed over the scenarios.
The E[NO3 — N], the var(NO3; — N), the E[N,0 — N], and the var(N,0 — N) were
implemented to calculate the parameters of the gamma distribution as @’ = E[.]?/var(.) and
B' = E[.]/var(.). The parameters @' and B’ were obtained for each of the calculated values of
E[NO3 — N] leaching and E[N,0 — N]. Then, to introduce the uncertainty on NO3 leaching and
N, O emission estimations, the NO; — N leaching and N,0 — N emission values were sampled
from gamma(a’yo,, ﬁ'N03) and gamma(a'y,,, ﬁ’Nzo), respectively. Finally, in Equation 4.19,
GHGyn,0 = GHGaN,0 at E[EonR] — GHGaN,0 at setected scenario » While ANjeqching =

Nleaching at E[EONR] — Nleaching at selected scenario-

The N2O emission reduction (GH Gy, o) was converted into CO> based on the fact the N2O is

265times more powerful than CO; (Pachauri and Meyer, 2014). Furthermore, for the P;p; in
Equation 4.19, it was assumed a price of 50 $/t CO2 based on Interagency Working Group’s

central estimate (Interagency Working Group, 2016; Revesz et al., 2017). For computing
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GHGpfert, we based on the fact that the Haber-Bosch process is the most commonly utilized

ammonia production method for N fertilization manufacturing (Ghavam et al., 2021; Smith et al.,
2020). It was also considered the fact that the Haber-Bosch process emits 2.16 kg CO? kg NH3™!
(Ghavam et al., 2021). Finally, for the Pioqching in Equation 4.19, it was assumed a price of 18.54

$/kg N (Sobota et al., 2015).
According to Kim et al. (2021), the net social benefit (NSB) can be calculated as

NSB ($ ha_l) = Ayield Pmaize + Afert Pfert + SB, Equation 423

where 4y;¢4 1 the yield loss associated to the N reduction (kg ha), P,,qize is the price of maize
(8/kg), Afere is the N reduction from fertilizer, Pr, is the price of N (§/kg N), and SB is the

social benefit ($/ha). Since under the selected case the probability of losing yield and the

expected yield loss were low enough to be considered negligible, Equation 4.23 was rewritten as
NSB ($ ha™') = Afert Ppore + SB, Equation 4.24

where the 4f,,; is the expected value of the difference between the EONR and N rate at the
selected case. The SB was obtained from Equation 4.19, while, for the Py, we retrieved the
prices of anhydrous ammonia (82-0-0) for the period 2000-2021 at each April or March from the
USDA-Economic Research Survey (USDA ERS, 2024). Based on the mean (0.679 $/kg N) and
variance (0.0481 $%/kg N?) of the price, the values for the Pyere were simulated from
gamma(9.6, 14.1) to incorporate the variability on the fertilizer price into the calculation of the
NSB. The uncertainty on the predictions of grain N content were also considered in the
calculation of the CO; and N leaching reductions, the SB, and the NSB to compute the credible

interval of these quantities (Step 3 — Figure 4.1).
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For the selected case, the N rate reduction, the equivalent CO; reduction, the N leaching
reduction, the SB, and NSB were obtained in terms of kg ha™! or $ ha™! for each scenario. Out of
the 6 selected scenarios, 3 were considered to scale these variables to evaluate potential benefits
at the Corn Belt level. The N rate reduction, the equivalent CO> reduction, the N leaching
reduction, the SB, and NSB were calculated per state by multiplying their values and the area
planted with maize for each of the considered states. We took the average maize planted area in
the last five years (2019-2023) from the USDA-National Agricultural Statistics Service
(USDA/NASS, 2024). Finally, aggregated estimations for the U.S. Corn Belt were obtained by
assuming that the eight studied states followed simultaneously the same maize yield response to
N fertilization. This means that maize planted in the area of the states behaved as each of the
selected scenarios simultaneously. This assumption allowed us to provide potential cases of N
rate reduction, equivalent CO> reduction, N leaching reduction, SB, and NSB in the U.S. Corn

Belt (Step 4 — Figure 4.1).

4.3. Results

4.3.1. Feasibility of N fertilization reductions

The expected yield losses and their corresponding probabilities increased from case 1 to case
4 (quantiles 0.4 and 0.1 of the EONR distribution, respectively) (Supp. Figure 4.1). The expected
yield loss among the different cases substantially changed depending on the maize grain yield
response to N fertilization (scenarios). However, changes in probability among the different

cases were similar regardless of the scenario (Supp. Figure 4.1).
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The combination of the probability of losing yield with the expected yield loss can be
thought of as the risk taken by farmers when reducing the N rate. In all of the scenarios, case 2
was a low risk or the “safest” zone since it implied, on average, 74% chances of expected yield
loss between 39 kg ha™! - 132 kg ha'!. The expected reduction in grain yield under case 2
occurred with an expected grain yield of 16,708 kg ha™! - 8,438 kg ha™! at the expected value of
the EONR (E[EONR]). This means that, under case 2, there was 70% - 79% probability of losing
between 0.45% - 1.1% of grain yield (Supp. Figure 4.1). These numbers highlighted case 2 as a
feasible case for reducing N rates in the U.S. Corn Belt, independently of the maize grain yield

response to N fertilization.

4.3.2. N rate reductions, recommendations, and their uncertainty

Under case 2, considering all the scenarios, the N rate reduction ranged between 4% — 10%
with an average of 6% with respect to EfEONR]. These numbers represented N fertilization rate
reduction between ~6 kg ha™! - 20 kg ha! with an average of ~11 kg ha! (data not shown). The
scenarios S1 (site T5), S2 (site T34), S3 (site T46), S4 (site T6), S6 (site T19), and S6 (site T10)
were selected as representative based on the proportion (%) and the amount (kg ha!) of N
reduction (Figure 4.2A and 4.2B). Scenarios S2 and S1 achieved the lowest proportion and kilos
of N reduction with values of 4% (Figure 4.2A) and 6 kg ha'' and 7 kg ha! (Figure 4.2B),
respectively. Scenarios S3 and S4 were representative of the expected or average N reduction.
Both scenarios showed a reduction of 6% with respect to the EFEONR] (Figure 4.2A), which
represented 11 kg ha! and 12 kg ha! in S4 and S3, respectively (Figure 4.2B). Finally, scenario
S5 depicted the highest proportion of N reduction with 10%, which was not necessarily the

highest amount of N reduction, since scenario S6 achieved a reduction of 19.6 kg ha™!, while S5
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indicated 15.9 kg ha™! (Figure 4.2A and 4.2B). Therefore, the six selected scenarios covered the

entire range of the explored feasible N reduction across the U.S. Corn Belt.

A variety of shapes was found in the grain yield and N fertilization relationship represented
in the six selected scenarios (Figure 4.2C), which determined a range of EONR distributions. The
expected value and the 95% credible intervals for the EONR distribution for the six scenarios are
shown in Figure 4.2D. The E[EONR] ranged from 161 kg ha™ to 232 kg ha'!. The difference
between the 0.025 and 0.975 quantiles (95% credible interval) determines the uncertainty of the
EONR distributions. The uncertainty of the EONR had a minimum of 49 kg ha™! (S2 and S1) and
a maximum of 138 kg ha™! (S6) (Figure 4.2D). Scenarios S1 and S5 depicted the lowest and the
highest uncertainty with respect to their EfEONR], which were 26% and 69%, respectively
(Figure 4.2D). These numbers highlighted a substantial uncertainty for the N rate that maximizes
farmers’ profit in maize production in different regions of the U.S. Corn Belt. Finally, as the
EONR uncertainty increased (Figure 4.2D), the N reduction also increased (Figure 4.2A and
4.2B), indicating that sites with higher uncertainty had greater potential to reduce the N rate

without affecting maize grain yield.

4.3.3. Environmental and social gains

On average, N>O emissions were reduced by ~4%, while the N leaching decreased ~5%
under case 2, compared to the EfEONR] (Table 4.1). The highest N>O emission and N leaching
reductions were observed in scenario S6, where these values were 0.12 kg N>O-N ha™! and ~1.4
kg NO3 — N ha'! representing a reduction of 6% and 8% on N,O-N emissions and NO3 — N
leaching, respectively. The lowest reductions were obtained for scenario S1, whose values were

0.04 kg N2O-N ha'! (2%) and 0.41 kg NO5 — N ha'! (3%) (Table 2).
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These environmental gains were translated into the social benefit (SB) and net social benefit
(NSB). The non-consideration of the EONR uncertainty led to an underestimation of the NSB
due to misleading conclusions about yield losses. This underestimation of the NSB increased as

the EONR uncertainty increased (Supp. Figure 4.3).

For studying the environmental and social benefits of reducing the N rate, the equivalent
COg, N leaching reductions, SB, and NSB were scaled to the eight studied states considering
three out of the six previously selected scenarios (Figure 4.3). For this calculation it was assumed
that the eight studied states in the corn-belt followed simultaneously the same maize yield
response to N fertilization, which is represented in the connection between the corn belt and the
type of response in Figure 4.3. For the studied variables presented in this figure, the grain yield
responses to N fertilization that led to the highest and lowest values for environmental and social
gains were scenarios S6 and S1, respectively. Scenario S3 represented the expected or average

environmental and social gains.

The equivalent CO; reduction achieved a minimum of 663,612 t and a maximum of
1,913,612 t across the eight studied states. Additionally, the reduction on leaching ranged from
2,197 tto 7,348 t of N (Figure 4.3). By assigning a price to the air and water pollution, the
decrease in equivalent CO2 and N leaching were translated into a SB of $73 M — $231 M across
the studied area. After adding farmers’ economic saving on N fertilizers to the SB, a NSB was
obtained with a minimum of $203 M and a maximum of $584 M (Figure 4.3). The
environmental and social gains for any combination of maize grain yield response to N
fertilization (selected scenarios) over the planted area for the data at hand would be inside the
explored range. These results showed the environmental and social benefits of reducing N rates

in maize grain production without affecting grain yield in the U.S. Corn Belt.
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4.4. Discussion

In this study, we analyzed cases of N fertilizer reduction in maize across eight U.S. Corn Belt
states (Illinois, Indiana, lowa, Minnesota, Missouri, Nebraska, North Dakota, and Wisconsin)
while accounting for the uncertainty of the recommended N rates to farmers. The saved
environmental costs to society under the most feasible case of N rate reduction was provided. A
reduction between 4% - 10%, with an average of 6%, in the N rate while maintaining maize
grain yield was observed. This was considered as a “safe” case for reducing N rates in the U.S.
Corn-Belt with a concomitant average reduction of 4% and 5% in N>O emissions and N
leaching, respectively. The NSB was computed without considering economic losses for farmers,
showing that when N fertilization reductions are studied without applying the uncertainty of the
N rate recommendations, the computed NSB would be underestimated. This approach lays the
foundation for establishing Best Management Practices (BMP) for reducing N rates in maize
grain production around the world, maintaining acceptable grain yields for farmers, and
minimizing the undesirable environmental consequences of N fertilization BMP. These analyses
should be the first step setting the basis for any environmental, social, and policy studies

analyzing the risk:benefit ratio of N fertilization in agriculture.

A substantial uncertainty of the EONR was found in this study regardless of the maize grain
yield response to N applications. Therefore, there is a range of N rates where maize grain yield
should be explored to define N rates that support acceptable grain yields for farmers while
reducing the undesirable environmental consequences of the N fertilization practice. The EONR
uncertainty found in this study was between 26% - 69%. The uncertainty of the EONR for maize
was previously reported to be greater than 30% in the U.S. Corn Belt (Correndo et al., 2021;

Hernandez and Mulla, 2008). The weather, soil N supply, and crop N demand are the main
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drivers defining EONR uncertainty (Correndo et al., 2021; Lobell, 2007). Therefore, the N rate
recommendations as a unique value would be an unrealistic simplification of the N management
process even in the same parcel of land on a given farm. Consequently, farmers typically apply
more N than is recommended (EONR) (Goodkind et al., 2023; Sheriff, 2005). In this article we
showed that an opposite behavior is feasible. Assuming that the uncertainty on N rates is
overlooked and the E[EONR] is what is applied as “optimal” rate, it is viable to reduce between
4% - 10% the N rate without losing yield. Furthermore, these N rate reductions will lead to
increases in maize N use efficiency (Kitchen et al., 2022; Sheriff, 2005; van Grinsven et al.,
2022), which is key to reduce the fallout of N fertilization in agriculture (Galloway et al., 2008;

Zhang et al., 2015a).

The decrease in the N applied to maize studied in this article led to 2% - 6% and 3% - 8%
reductions on N2O emission and N leaching, respectively. These values were obtained by
calculating N2O emissions and N leaching at the EONR and for case 2. The estimated mean
annual N>O emission was between 1.60 kg ha™ - 1.89 kg ha™!, while the estimated mean annual N
leaching was between 13.4 kg ha' - 17.1 kg ha™!. These reductions fell within the range of 1.0 kg
ha'- 5.3 kg ha! for the N,O emission, and 5.8 kg ha'! - 58.4 kg ha™! for the N leaching reported
by other studies in the U.S. Corn Belt (Chatterjee, 2020; Ingraham and Salas, 2019; Jin et al.,

2019; Jungers et al., 2019; Kim et al., 2021; Pelton, 2019; Wang et al., 2019).

An expected N rate reduction between 6 kg ha! and ~20 kg ha! was proposed in this study.
This means that, assuming farmers apply anhydrous ammonia, 4 $ ha' to 14 $ ha! can be saved
with no maize grain yield losses (low probability of losing a small amount of yield). Therefore,

the results presented in this article suggest that it is feasible to increase farmers’ profit while
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reducing the environmental cost of the N fertilization practice to society, which was previously

proposed by Goodkind et al. (2023) for the U.S. Corn Belt.

The changes on the N rates analyzed in this article were translated into the SB in the studied
area, showing that a reduction of 4 to 10% in the N rate was associated to $73 M - $231 M gains
because of improved air and water quality. For obtaining the NSB, farmers’ economic losses due
to N rate reductions must be considered (Goodkind et al., 2023; Gourevitch et al., 2018; Kim et
al., 2021), which indicates the sustainability of the N reduction. However, in this article we show
that it is possible to reduce the N rate without economic losses for farmers when the uncertainty
on the N rates recommendations is properly accounted for. If yield losses reduce farmers’ profit
to a greater extent than the SB, then the NSB is negative making the N rate reduction nonviable

(unsustainable) because it is not attractive to farmers (Zhao et al., 2017).

Based on the fact that the NSB can take positive or negative values, this variable can be
implemented to identify regions with positive net benefit, and the higher the NSB the higher is
the potential for N losses mitigation (Goodkind et al., 2023; Kim et al., 2021). If the uncertainty
of the N rate recommendation is not considered before computing the net benefit, an
underestimation of the NSB might occur due to misleading conclusions about yield reduction.
This would finally lead to an underestimation of the potential to mitigate N losses in different
regions. Thus, the societal and environmental impact of N fertilization reductions in maize

should be addressed considering the uncertainty on the N rate recommendations to farmers.

The use of N fertilizers with reactive N has increased since 1970’s in crop production
(Galloway et al., 2008). When N fertilizers are excessively applied, undesirable environmental
consequences occur (Galloway et al., 2008, 2003; Krabbe et al., 2015; Reay et al., 2012).

Accordingly, N reduction assessments in crop production have received considerable attention
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via governing leader resolutions (UNEA-4, 2019; UNEP, 2019). Soil organic C is an important
reservoir of C in croplands (Chen et al., 2023; Smith, 2012) and it is related to crop productivity
(Mathew et al., 2020; Smith et al., 2005). Since crop productivity was not affected by the N rate
reductions proposed in this study, changes in soil organic C are unlikely to occur under this case.
Other alternatives (beyond N rate reductions) to decrease N>O emission and N leaching in maize
production were not explored in this article. The N management practices considering spatial
variability (Snapp et al., 2023) and the right rate, right source, right placement, and right timing
(“4R”) can also be implemented to mitigate N loses without modifying the amount of N applied

to the crop (Nasielski et al., 2020; Venterea et al., 2016).

The environmental consequences of excessive N application in croplands negatively impact
human health, crop productivity, food security, and economic prosperity (Ortiz-Bobea et al.,
2021; Turner et al., 2016; Zhang et al., 2015a). Alternatively, underapplications of N fertilizers
decrease crop productivity, affecting human nutrition, soil degradation, and farmers’ profit
(Sanchez and Swaminathan, 2005). Furthermore, global crises such as the COVID-19 pandemic
and geopolitical conflicts in Eastern Europe have altered the fuel-fertilizer-transportation-food
nexus at a global level. Consequently, N fertilizer prices have increased modifying farmers’
practices in region such as the U.S. Corn Belt where maize:soybean ratio has been altered. This
cascade of events affected commodity prices risking food security worldwide (Alexander et al.,

2023).

These facts demonstrate the role of N management to tackle global food challenges. N
management studies designed to identify BMP to mitigate N losses in agricultural fields should
be addressed by interdisciplinary teams considering the entire process (industrial production

through crop utilization) involved in the N fertilization practice (David R Kanter et al., 2020;
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David R. Kanter et al., 2020). Potential N reductions beyond those proposed in this study can be
attractive from an ecosystem and human health point of view, but unattractive to farmers because
of yield losses, thus making further N reductions unsustainable. Therefore, to effectively tackle
N pollution reductions from croplands, governmental and industry programs should be designed
considering the responsibilities and limitations of all the parties along the food chain (Gu et al.,

2021; David R. Kanter et al., 2020).

4.5. Conclusion

By properly accounting for the uncertainty on the N recommendations to farmers, we
demonstrated that it was possible to reduce N fertilizer applications while maintaining maize
grain yield in the United States Corn Belt. This reduction on the N used would bring
environmental and social benefits. However, N cutbacks beyond those proposed in this study
need to be addressed considering that mitigating nitrogen pollution beyond farm-level is a
benefit for the entire society. Therefore, governments, industrial production, food businesses, and

researchers should work together to effectively tackle N pollution reductions from croplands.
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Figure 4.1. Conceptual framework. Step 1, grey solid lines represent 100 quadratic plateau
models fit to the data of maize grain yield (y) versus nitrogen rate (x) in a given site using
Bayesian inference. In Step 1 and 2, scenarios 1, 2, 3, and 4 represent the 0.4, 0.3, 0.2, and 0.1
quantiles of the EONR probability distribution, respectively. Step 2, the probability of yield loss
and the expected yield loss with respect to yield at the EONR in a given curve (those presented
in Step 1) for each of the four created cases of nitrogen reduction. Step 3, estimation of nitrous
oxide (N20) emissions and nitrate (N O3) leaching using nitrogen balance for the selected case in
Step 2 as a predictor. Step 4, social benefit and net social benefit are computed to estimate the
social impact and the sustainability of the change in N>O emissions and NO3 leaching by
changes in the N fertilization practice.
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Figure 4.2. A) Nitrogen reduction from fertilizers when reducing the nitrogen rate from the
expected value of the EONR to the 0.3 quantile of the EONR proportional to the expected value
of the EONR for each of the selected sites under scenario 2. B) Nitrogen reduction from
fertilizers, in kilos per hectare, when reducing the nitrogen rate from the expected value of the
EONR to the 0.3 quantile of the EONR for each of the selected sites under scenario 2. C)
Relationship between maize grain yield (y) and nitrogen rate (x) in each of the six selected sites.
The solid lines represent the expected grain yield at different nitrogen rates. The shadow areas
indicate the 95% credible interval of the posterior predictive distributions. D) Summary of the
economic optimum nitrogen rate (EONR) for each of the selected sites. Circles indicate the
expected value of the distribution (E[EONR]), the horizontal bars and the values on the right
indicate the 95% credible interval of the EONR.
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Figure 4.3. Sankey plot for potential cases of N reduction from fertilizer, equivalent CO> reduction, N leaching reduction, social

benefit (SB), and Net Social Benefit (NSB) when reducing the nitrogen rate from the economic optimum nitrogen rate (EONR) to the
0.3 quantile of the EONR in the maize planted area in the U.S. Corn Belt (Indiana, Illinois, lowa, Minnesota, Missouri, North Dakota,
Nebraska, Wisconsin). It assumed that the planted area in the eight states simultaneously behaves as one of the types of response (S6,

S3, or S1).
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Table 4.1. Expected value for the N>O emissions at the economic optimum nitrogen rate (EONR-N>O), and at the 0.3 quantile of the
economic optimum nitrogen rate (EONRo.30- N2O), and their difference (Difference-N2O). Expected value for the N leaching at the
economic optimum nitrogen rate (EONR- N leaching), and at the 0.3 quantile of the economic optimum nitrogen rate (EONRo30- N
leaching), and their difference (Difference- N leaching). Proportions of N>O and N leaching reductions when reducing the nitrogen
rate from the EONR to EONRy30. Values inside square brackets are the lower and upper limits of the 95% credible interval, i.e. 0.025
(left) and 0.975 (right) quantiles.

Scenario EONR- EONRQg_30- Difference- EONR- EONR 30-N Difference-N N20O N leaching
N0 N20 N20 N leaching leaching leaching Reduction Reduction
kg N hat kg N ha? %

S6 1.89 1.77 0.12 17.1 15.8 1.38 6.2 8.0
[1.79;1.98] [1.68;1.86] [0.10; 0.14] [16.0; 18.3] [14.8; 16.8] [1.15; 1.63] [5.3; 7.2] [6.8; 9.4]

S5 1.71 1.62 0.10 15.1 14.1 1.10 5.6 7.2
[1.16;1.81] [1.12;1.71] [0.08;0.11] [9.1; 16.2] [8.7; 15.1] [0.76; 1.25] [5.0; 7.2] [6.4; 9.3]

S92 1.65 1.61 0.04 14.4 13.9 0.48 2.6 3.4
[1.57; 1.74] [1.53;1.69] [0.03; 0.05] [13.5; 15.4] [13.0; 14.9] [0.43; 0.56] [2.3; 3.0] [3.0; 3.9]

s3 1.66 1.58 0.07 14.5 13.7 0.83 4.4 5.7
[1.59;1.73] [1.52;1.65] [0.06; 0.08] [13.7; 15.3] [12.9; 14.4] [0.77; 0.89] [4.2; 4.7] [5.4; 6.0]

s1 1.60 1.56 0.04 13.8 13.4 0.41 2.3 3.0
[1.55;1.65] [1.51;1.62] [0.03;0.05] [13.2; 14.4] [12.8; 14.0] [0.39; 0.44] [2.2; 2.4] [2.8; 3.2]

sS4 1.66 1.60 0.06 14.5 13.8 0.72 3.9 5.0
[1.58;1.74] [1.52;1.67] [0.05; 0.07] [13.7; 15.5] [13.0; 14.7] [0.66; 0.80] [3.6; 4.2] [4.7; 5.4]
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Chapter 5 — Conclusions

The identified morphological and physiological traits associated with changes in carbon (C)
and nitrogen (N) partitioning to grains are critical for designing breeding programs that aim to
optimize the effective use of N and yield stability in maize. Furthermore, the knowledge gained
from studying the feasibility of N rate reductions has significant implications for managing N
fertilization in maize. Therefore, the results of this dissertation contribute to laying the
foundation for increasing maize productivity while reducing the associated environmental and

social impacts, via improvements in the effective use of N.

Throughout Chapter 2, this dissertation described that the DP202216 trait increased the
harvest index (HI) with a concomitant positive impact on the N harvest index (NHI) across
hybrids, N regimes, and seasons. These increases were consistent across different crop N status
(i.e. N nutrition index; NNI). It was shown that the increases in both HI and NHI were supported
by the accumulation of more N in leaves and more water-soluble carbohydrates (WSC) in stems
before flowering, combined with more aggressive remobilization after flowering. These results
demonstrated an increase in the efficient use of plant resources in DP202216 hybrids relative to
their isogenic WT controls at similar NNI via increases in C and N partitioning (HI and NHI).
This physiological and morphological understanding of C- and N-related traits addressed the
challenge of optimizing the effective use of N in maize breeding programs. To better understand
traits by management interactions with yield and yield stability, DP202216 hybrid evaluations

across a broad range of commercially relevant N scenarios would be valuable.
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The maximum C and N allocation to reproductive organs at similar plant growth levels in
DP202216 maize hybrids was discussed in Chapter 3. This allowed us to estimate the
interdependency between plant growth and the N use efficiency. Long-term '°N-labeling was
implemented to separate newly assimilated N from the N taken up earlier in the plant cycle,
allowing us to precisely study the N remobilization fluxes. The DP202216 plants showed an
increase in the upper boundary of the HI and NHI. Furthermore, a higher utilization of N
absorbed during vegetative stages was found for DP202216 hybrids, independently of the
amount of N uptake. The increase in C and N allocation to the reproductive organs in the
DP202216 hybrids was related to the sink size (grain number m™ or pl'!) in ‘absolute’ or
‘relative’ terms and sink activity (rate at which photosynthates are absorbed per unit of grain

biomass).

When DP202216 maize hybrids achieve a greater grain yield than the WT controls, the
increased sink size and sink activity may lead to an increase in C and N allocation to the
reproductive organs. This would imply changes in C and N allocation in ‘absolute’ terms (i.e.
depending on the grain number m™ or pl''). When DP202216 maize hybrids show equivalent
grain yield to the WT isogenic controls, DP202216 maize hybrids may grow more grains per unit
of plant biomass, thus promoting higher HI and NHI. This may result in changes in C and N
allocation in ‘relative’ terms, expressed in plant biomass. The suggested mechanisms may result
in more effective use of N for the DP202216 maize hybrids over a wide range of environmental
conditions. This postulates that DP202216 may contribute to improvements in both grain yield

and grain yield stability in maize hybrids.

Beyond plant breeding, N fertilization management is key to maintain or increase maize

production. However, misguided N rate recommendations to farmers might cause undesirable
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social and environmental consequences. Fertilizer N rate recommendations for optimum maize
production exhibit substantial uncertainty, which is usually overlooked across research studies.
In Chapter 4, we showed that when the uncertainty in the N rate needed to obtain optimal
production was properly accounted for, it was possible to reduce N applications by 4% to 10%
while maintaining maize grain yield in the United States Corn Belt. This reduction in N would
decrease N2O emissions by an average of 4% and N leaching by 5%, with an associated social
benefit ranging from $73 to $231 million due to improved air and water quality. Furthermore, we
showed that computing the net social benefit of reduced N applications without accounting for N
rate recommendation uncertainties might lead to an underestimation of the potential to mitigate
N loss in different regions. Therefore, in Chapter 4, we revealed that introducing the N rate
recommendation uncertainties should be the first step for any environmental, social, and policy

studies analyzing the impact of N fertilization management in agricultural production systems.

In Chapters 2 and 3, we showed an increased C and N partition in DP202216 maize hybrids.
In Chapter 2, we demonstrated that this was related to a higher WSC accumulation before
flowering with an associated increment in its remobilization during the reproductive phases. In
Chapter 3, we demonstrated that the driving force for the increased C remobilization was a
higher ‘relative’ or ‘absolute’ demand by grains. However, it still remains elusive how the
increment in WSC accumulation is achieved. Wu et al. (2019) reported higher photosynthetic
rate in DP202216 hybrids under field pot experiments at V11 phenological stage. In Chapter 2
we demonstrated that DP202216 hybrids achieved greater leaf area index, mainly in the middle
and lower sections of the canopy. Future research should study crop traits such as leaf angle
insertion (Duncan et al., 1967), leaf orientation (Maddonni et al., 2002), photosynthetically

active radiation interception (Gifford et al., 1984), and radiation use efficiency (Messina et al.,
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2022) in DP202216 maize hybrids under field conditions. These studies would lead to better
understanding of the improved WSC accumulation before flowering in DP202216 maize hybrids,

which can also be implemented to design future breeding programs.

In Chapter 4, we demonstrated that it was possible to reduce the N rate while maintaining
maize grain yield when the uncertainty of the N rate recommendation was properly accounted
for. There are two main components generating this uncertainty, the soil N supply and the crop N
demand (Lobell, 2007). The N uptake rate of the crop is regulated by the soil N availability but
also is feedback-regulated by plant growth capacity (Briat et al., 2020). The N nutrition index, or
NNI, allows us to determine the in-season N status of the crop, which is defined by soil N supply
and crop demand (Ciampitti et al., 2022). Therefore, the NNI can be used to measure the soil N
availability and the crop N demand, reducing the uncertainty on the N rate needed to maximize
crop yield. This postulates the NNI as an appropriate tool to adjust the N rate recommendations
(Ravier et al., 2017a). Future investigations on N management in maize should focus on
developing frameworks to define N rate recommendations based on in-season measurements of
the N status of the crop (Ravier et al., 2018). The use of sensors (Ravier et al., 2017b) and

satellite images (Fabbri et al., 2020) can be implemented for such measurements.
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Appendix A — Chapter 2 — Supplementary Materials
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Supp. Figure 2.1. Harvest index (HI) versus total shoot biomass at maturity (R6) for transgenic
zmm28 event (DP202216) and their respective wild-type (WT) controls in two different maize
hybrids (P1421 and PH11V8W2Z) under 0 kg N ha™! (NO) and 225 kg N ha™! (N225). The size of
the symbols represents different values of the nitrogen nutrition index (NNI) calculated at
flowering (R1). Circles and triangles represent the medians of the posterior predictive
distribution estimated for the two-year data. The three smaller points around bigger points and
triangles represent the median of the blocks (replicates) computed from the posterior predictive
distribution estimated for the two-year data.
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Supp. Figure 2.2. A) Total leaf area index (LAI) calculated as the sum of the LAI in the three
sections of the canopy vertical profile, and B) total leaf N calculated as the sum of the leaf N
content in each canopy vertical profile section for transgenic zmm28 event (DP202216) and their
respective wild-type (WT) for two different maize hybrids (P1421 and PH11V8W2Z) under 0 kg
N ha! (NO) and 225 kg N ha'! (N225). The total LAI and total leaf N were calculated as the
pooled average across V17 and R1 stages. The three small points around the symbols represent
the median of the blocks (replicates) computed from the posterior predictive distribution
estimated for the two-year data. Symbols and whiskers represent the medians and standard
deviations of the posterior predictive distribution estimated for the two-year data. Values next to
the whiskers are the probability of difference (values in the interval [0, 1]) between WT and
DP202216 at each N by hybrid combination. Asterisks express moderate (one) or strong (two)
evidence for differences.
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Supp. Figure 2.3. Summary of the two seasons (2019 and 2020) effects across DP202216 event
and WT controls. Points and whiskers represent the medians and 95% credible intervals obtained
from the posterior predictive distributions.
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Appendix B — Chapter 3 — Supplementary Materials

Supp. Table 3.1. Chemical soil properties at planting in each of the years of experiment. Values
are the average over blocks.

20 cm depth 60 cm depth
Year pH OM p K N — NO3 N — NH/
% mg kg’! mg kg!
2022 6.1 3.54 53.4 304.0 27.6 6.6
2023 59 3.21 59.5 301.7 9.8 17.4

pH was measured in water (1:2.5); OM (organic matter) technique: loss ignition; P
(phosphorous) technique: Mehlich-3; K (potassium) technique: ammonium acetate;

N — NO3 (nitrogen from nitrates) and N — NHJ (nitrogen from ammonium) techniques: KCI
extraction.

Supp. Note 3.1

The first three parts of the model were presented in the main section of the manuscript. Refer
to that section for more details about the likelihood, deterministic models for the 0.95 quantile,
and the random intercept model for the variance. Below, we describe the prior distributions

implemented for the parameters in each of the fitted models:

Yjkir~ MVN(0,X), Equation 3.3
Bo~ beta(1,1), Equation 3.4
B1~ uniform(—=2,0), Equation 3.5
a ~ gamma(0.08,0.04), Equation 3.6
w ~ gamma(1,0.002), Equation 3.7a
w ~ gamma(0.08,0.04), Equation 3.7b
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w ~ gamma(0.25,0.005) , Equation 3.7¢
02 maom ~ half — student — t(x,n, 0), Equation 3.8
¢ ~ half — student — t(x,n,0). Equation 3.9

In Equation 3.3, the random effect for the variance intercept, ¥ jx;, was assumed to follow a
multivariate normal distribution with expected value zero and covariance matrix X, where X is a
diagonal matrix with diagonal elements 6;2,,,4,m- For the deterministic model in Equation 3.2a,
4, is the value of HI or NHI at the 0.95 quantile and the f, parameter indicates the value of g,

when x; = 1. Therefore, as shown in Equation 3.4, it was assumed B,~ beta(1, 1) because

B, can take values only in [0,1]. Furthermore, based on previous experiences, a negative
relationship was expected between HI or NHI and biomass. Therefore, in Equation 3.5 it was
assumed that f; ~ uniform(—2,0), which provide a wide range of possible values considering
the scale of the predictor and response variables. Moreover, a gamma distribution was assumed
correspond to the only intercept models when grain number, grain N concentration, and grain
yield were the response variables, respectively. Hence, gamma distributions were assumed. In
Equation 3.8 and Equation 3.9, the hyperparameters k and 7, and 6 controls the shape, the
location, and the scale of the distribution, respectively. The parametrization of the half-student-t
distributions was: k = 3, and = 0 for all the models, whereas 8 varied between 2.5 and 68.2

depending on the scale of the response variable in each model.

The posterior distribution of the model parameters was obtained via Hamiltonian Monte
Carlo through the No-U-Turn Sampler (an MCMC algorithm). Four chains were run in parallel

with 7,000 iterations and warmup period of 3,500. After warmup, one in five draws was saved
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(i.e. thinning = 5) to reduce autocorrelation among draws before making inference. The

convergence of the models was explored via trace plots and Gelman-Rubin diagnostic (Gelman

language through the brms package (Biirkner, 2017).
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Supp. Figure 3.1. Grain nitrogen concentration for DP202216 corn hybrids and their respective
wild-type (WT). The bigger circles represent the expected value of the Grain nitrogen
concentration at the 0.95 quantile obtained from the posterior distribution of the model parameter
(intercept only models), while the whiskers represent the 95% credible interval from the
posterior distribution. The estimated model parameters are: Grain Concentration (%); = 1.55
for the WT control, and Grain Concentration (%); = 1.54 for DP202216.
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Supp. Figure 3.2. In (A) and (B), relative ’N-specific allocation to grains (RSAgrins) Versus
relative '*N-specific allocation to whole-plant (RS Awhole-plant) at maturity (R6) in 2022 and in
2023 growing seasons for DP202216 corn hybrids and their respective wild-type (WT). In (C)
and (D), relative '*N-specific allocation to grains (RSAgrins) versus relative '’N-specific
allocation to stover (RS Aswover) at maturity (R6) in 2022 and 2023 growing seasons for DP202216
corn hybrids and their respective wild-type (WT). The solid and dashed lines represent the
expected value of the response variable at the 0.95 quantile of the distribution for the DP202216
and the WT, respectively. The shadow area indicates the 95% credible interval of the posterior
predictive distribution. The dotted black line represents a 1:1 relationship. The estimated model
parameters are: in (A) RSA; grqins = 0.94x;, for the WT control, and RSA; grqins = 0.97x; for
DP202216; in (B) RSA; grqins = 1.04x; and RSA; grqins = 1.15x; for the WT and DP202216,
respectively. In (C) RSA; grqins = 0.92x;, for the WT control, and RSA; grqins = 0.96x; for
DP202216; in (D) RSA; grains = 1.05x; and RSA; grqins = 1.20x; for the WT and DP202216,
respectively. In all the panels (A, B, C, and D), the DP202216 event achieved showed a higher
slope with probability >0.97.
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Supp. Figure 3.3. Grain biomass per plant for DP202216 corn hybrids and their respective wild-
type (WT). The bigger circles represent the expected value of the grain biomass at the 0.95
quantile obtained from the posterior distribution of the model parameter (intercept only models),
while the whiskers represent the 95% credible interval from the posterior distribution. The
estimated model parameters are: Grain Biomass; (g pl™1) = 139, for the WT control, and
Grain Biomass; (g pl™!) = 141 for DP202216.
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Supp. Figure 3.4. Summary of the nitrogen rate, year of experiment, and hybrid effects across
DP202216 event and WT controls. Points and whiskers represent the medians and 95% credible
intervals obtained from the posterior distribution of the parameters.
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Supp. Figure 4.1. Probability of yield loss and expected yield loss with respect to yield at the
EONR in a given quadratic plateau model within each site for each case of nitrogen fertilization
reduction. Cases 1, 2, 3, and 4 represent the 0.4, 0.3, 0.2, and 0.1 quantiles of the EONR
probability distribution, respectively. The label in each plot indicates the number of the
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Supp. Figure 4.2. Net Social Benefit (NSB) considering the economic optimum nitrogen rate
(EONR) uncertainty and without considering the EONR uncertainty. Solid line is the least square
estimation of the regression between the dependent (y) and independent (x) variables in this plot.
r =-0.82 is the correlation coefficient between y and x. The labels S1, S2, S3, S4, S5, and S5
represent the sixed selected scenarios.
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Supp. Table 4.1. Prior probability distributions of the parameters in the quadratic plateau models fitted to
the relationship between grain yield and nitrogen rates. Inside the parenthesis for the hyperparameters
column, the left and the right numbers indicate the shape and the rate of the distribution, respectively.

Probability
State Parameter o Hyperparameters
Distribution

Bo (10.89, 0.0015)

B1 (3.26, 0.0467)
lowa gamma

B, (1.5, 10.00)

O¢ (3.75, 0.0025)

Bo (9.389, 0.0014)

B1 (2.82, 0.043)
lllinois gamma

B, (0.96, 8.00)

O¢ (3.75, 0.0025)

Bo (10.43, 0.0015)

B, (2.64, 0.039)
Indiana gamma

B, (1.22, 8.75)

O¢ (3.75, 0.0025)

Bo (9.041, 0.0015)

B4 (2.16, 0.045)
Minnesota gamma

B, (1.025, 11.39)

O¢ (6.51, 0.0042)

Bo (13.68, 0.0021)

_ _ B1 (1.98, 0.0415)

Missouri gamma

B2 (1.20, 7.083)

O¢ (8.026, 0.0044)
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Supp. Table 4.1 (continued)

Probability

State Parameter o Hyperparameters
Distribution
Bo (13.26, 0.0018)
B1 (0.914, 0.0307)
North Dakota gamma
B2 (0.916, 8.33)
O¢ (9.17, 0.0042)
Bo (20.28, 0.00205)
B1 (1.838, 0.0416)
Nebraska gamma
B2 (0.89, 8.14)
O¢ (8.105, 0.0043)
Bo (20.17, 0.00217)
. . B1 (1.703, 0.0382)
Wisconsin gamma
B (1.071, 7.1428)
O (5.266, 0.00315)
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Supp. Figure 4.3. Relationship between maize grain yield () and nitrogen rate (x) in each of the
studied sites. The solid lines represent the expected grain yield at different nitrogen rates. The
shadow areas indicate the 95% credible interval of the posterior predictive distributions. The
label in each plot indicates the number of the experiment in the original dataset.
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Supp. Figure 4.4. Relationship between grain nitrogen uptake ()) and nitrogen rate (x) in each of
the six selected scenarios (S1, S2, S3, S4, S5, S6). The solid lines represent the expected grain
nitrogen uptake at different nitrogen rates. The shadow areas indicate the 95% credible interval

of the posterior predictive distributions.
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versus nitrogen rate relationship in each of the selected scenarios (S1, S2, S3, S4, S5, S6). The

blue lines are the distribution of the observed values of grain yield. The gray lines are two

hundred curves representing the distribution of 32 “observations” (total number of observations

in each scenario) randomly sampled from the posterior predictive distributions for grain yield.

0.0000

112



0.04{—y

new

0.03

0.01 /_/\ /\/\
0.00
s5

S6

00050 100 150 200 0 50 100 150 200 0 50 100 150 200
Grain N uptake (kg ha™")
Supp. Figure 4.6. Posterior predictive distributions for the models fitted to the grain nitrogen
uptake versus nitrogen rate relationship in each of the selected scenarios (S1, S2, S3, S4, S5, S6).
The blue lines are the distribution of the observed values of grain nitrogen uptake. The gray lines
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Supp. Table 4.2. Reason justifying why the sites in this table were not included to analyze
nitrogen reductions. AONR stands for the agronomic optimum nitrogen rate, EfAONR] is the
expected value of the AONR. N rate represents the nitrogen fertilization rate applied to maize
crop at planting. EONR represents the economic optimum nitrogen rate. R (“R hat”) indicates the
Gelman-Rubin diagnostic. The column site indicates the number of the experiment in the original
dataset.

State Site Reason

lllinois T3 E[AONR] > max(N rate)

Minnesota T39 E[AONR] > max(N rate)

Missouri T25 E[AONR] > max(N rate) and R >1.02 for EONR
Missouri T26 E[AONR] > max(N rate) and R >1.02 for EONR
North Dakota T12 E[AONR] > max(N rate) and R >1.02 for EONR
North Dakota T27 R >1.02 for EONR

North Dakota T28 R >1.02 for EONR

North Dakota T44 R >1.02 for AONR and EONR

North Dakota  T45 R >1.02 for AONR and EONR

Nebraska T13 E[AONR] > max(N rate) and R >1.02 for EONR
Nebraska T29 E[AONR] > max(N rate) and R >1.02 for EONR
Nebraska T30 R >1.02 for AONR and EONR
Nebraska T47 R >1.02 for AONR and EONR

Wisconsin T31 R >1.02 for EONR
Wisconsin T32 E[AONR] > max(N rate) and R >1.02 for EONR
Wisconsin T48 R >1.02 for EONR

Wisconsin T49 R >1.02 for AONR and EONR
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Supp. Note 4.1

We conducted a literature review to retrieve information about N2O emissions and NO3
leaching in the U.S. Corn Belt. The search was conducted through Web of Science®. The 31 of
June 2024 was selected as a cut-off date, after which literature searches were no longer conducted
The implemented keywords were: “fertilizer”, “nitrogen” OR “N*, “agriculture”, “nitrous oxide”,
“emissions”, ‘“nitrate”, and “leaching”. The selection criteria were: (i) the experiment was
conducted in the studied states within the United States of America (Iowa, Illinois, Indiana,
Minnesota, Missouri, North Dakota, Nebraska, and Wisconsin); (ii) the experiments were
performed in field conditions; (iii) only corn-based systems were considered; (iv) the implemented
N rates were between 50 kg N ha'' and 300 kg N ha™! because N>O emissions and NOs leaching
were calculated at the E[EONR] and the 0.3 quantile of the EONR; and (v) manure were not
included because of uncertainty and variability in nutrient composition. Out of the retrieved

articles, a total of 31 studies were considered to summarize N2O emissions and NO3 leaching in

the U.S. Corn Belt (Supp. Table 4.3).
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Supp. Table 4.3. Descriptive statistics for the retrieved studies addressing N2O emissions and NO3 leaching in the United States Corn
Belt. The last column indicates the minimum (Min), 0.25 quantile (Q0.25), the mean, the variance, 0.75 quantile (Q0.75), and the
maximum value of N2O emissions and NO3 leaching across all the studies.

Number N2.O - N N2.O — N

Reference of Obs. State (kg ha") (kg ha'")
Mean Variance Min QO0.25 Mean Variance Q0.75 Max

Adviento-Borbe et al., 2007 10 NE 3.71 5.71
Fujinuma et al., 2011 6 MN 0.90 0.24
Maharjan and Venterea, 2013 3 MN 2.43 0.82
Maharjan et al., 2014 3 MN 0.34 0.01
Parkin and Hatfield, 2010 2 1A 6.14 1.57
Phillips et al., 2009 2 ND 0.48 0.01
Smith et al., 2011 8 IN 2.82 0.22
Venterea et al., 2010 12 MN 1.59 0.65 028 129 393 11.65 5.37 16.26
Hernandez-Ramirez et al., 2009 4 IN 5.65 1.08
Johnson et al., 2010 9 MN 5.29 0.77
Mitchell et al., 2013 4 1A 4.49 1.00
Omonode and Vyn, 2013 8 IN 4.09 29.47
Johnson Il et al., 2024 2 1A 1.01 0.12
Preza-Fontes et al., 2023 9 IL 10.40 3.29
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Supp. Table 4.3. (Continued)

Number NO3-N NO%-N

Reference of Obs.  State (kg ﬁa_1) (kg ﬁa_1)
Mean Variance Min Q0.25 Mean Variance QO0.75 Max

Bakhsh et al., 2007 5 1A 10.1 48
Bakhsh et al., 2010 10 1A 11.4 55
Helmers et al., 2012 28 1A 46.7 403
Jaynes, 2013 6 IA 32.3 127
Jaynes et al., 2001 6 IA 47.5 107
Kucharik and Brye, 2003 10 WiI 56.1 3161
Maharjan et al., 2014 3 MN 25.8 19
Prunty and Greenland, 1997 4 ND 47.2 2822
Randall et al., 2003 24 MN 36.0 1209 0.02 14.0 34.8 1005 47.7 201.1
Randall and Vetsch, 2005 24 MN 17.4 256
Sexton et al., 1996 12 MN 60.0 1831
Walters and Malzer, 1990 24 MN 49.2 1726
Kalita et al., 2006 21 IL 24.8 330
O’Brien et al., 2022 10 1A 14.8 149
Preza-Fontes et al., 2023 3 IL 21.9 24
Johnson |l et al., 2024 2 1A 26.1 283
Gentry et al., 2023 6 IL 27.8 49
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