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Abstract

Fertilizer management is one of the most important aspects of agronomic management,

affecting the system’s sustainability, and relies heavily on the statistical models for nutri-

tional diagnoses. While under-fertilizing may penalize crop yields, excessive fertilization is

linked to negative environmental externalities. It is thus desirable that the fertilizer rates

approximately match the crop nutrient requirements. Because crop nutrient requirements

are usually associated to crop growth, it is convenient to monitor the nutritional status to

determine the amount of nutrient required according to crop growth. With the increase in

computational power of mainstream computers, many popular crop nutrition models are un-

dergoing changes that leverage such advances in technology. This dissertation is organized

in six chapters (Chapter 1, Introduction, and Chapter 6, Final remarks) that revise, re-

think, and expand some of the most popular models applied to crop nutrition management.

Chapters 2-3 are oriented to the statistical inference, and portray methods developments

that may help improve inference from crop nutrition models. Chapter 2 portrays some ad-

vantages enabled by modern statistical computing tools by comparing a standard statistical

framework introduced in the 1990s, versus a modern statistical framework introduced in

2020. Chapter 3 follows up on the findings of Chapter 2 and elaborates the model and

establishes prospects for statistical modeling of crop nutrition models with current statis-

tical tools. Chapters 4-5 are oriented to the practical application of crop nutrition models

and the integration of modern measuring hardware, and portray methods for applications

in phenotyping and plant breeding settings. Chapter 4 compares different metrics for quan-

tifying crop nutritional status for breeding applications in wheat (Triticum aestivum L.).

Chapter 5 identifies avenues for research for further developing methods and measuring de-

vices for crop nutritional status phenotyping. While most of the crop nutrition problems



presented in this dissertation consider nitrogen management, these finding are relevant for

other nutrients as well.

Keywords: Nitrogen; Fertilization; Fertilizer use efficiency; Statistical methods; Bayesian

modeling; Phenotyping.
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Chapter 1

Introduction

Modern agricultural farming systems face major challenges to achieve food security while

minimizing environmental externalities. In particular, the accessibility to nutrients like

nitrogen (N) and phosphorous fertilizers has improved the yield of staple crops (Stewart and

Roberts 2012), but excessive fertilizer applications increase the risk of triggering undesirable

ecosystem disruptions (Davidson et al. 2012). For example, N fertilization of cereal crops

like maize (Zea mays L.) and wheat (Triticum aestivum L.) is considered key for crop success

but can often be a source of air and water pollution, potentially leading to eutrophication,

contamination of groundwater and of the atmosphere (Eickhout et al. 2006). Adequate N

fertilizer management practices are thus crucial for maintaining sustainable gains in food

security over time.

The consensus for improving sustainability, from a nutrient management standpoint,

is to reduce external N inputs as much as possible to reduce the environmental footprint

(Stevens 2019). The ultimate goal is to maintain food security by achieving maximum pro-

ductivity (e.g., grain yield per hectare) with similar quality (e.g., grain protein content)

with the minimum amount of N inputs added to the system. Several efforts during the

past decades have proposed strategies to increase productivity with the minimum amount

of N inputs. Some of the most notable strategies proposed thus far target the crop agro-
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nomic management (e.g., 4Rs, right place, timing, source, and rate for fertilization) or the

crop genetic improvement (e.g., selection of genotypes with a more efficient conversion).

Consequently, large investments have been destined globally to developing technology for

nutritional diagnoses and fertilizer recommendations, as well as sensors and equipment for

determining the crop nutritional status (Kanter et al. 2020).

In order to recommend preferred agricultural practices, scientists create conceptual

frameworks (i.e., models) of agricultural systems for predicting the behaviour of a system

and thus establishing and communicating said ‘best practices’. Models describing nutrient

dynamics and relationships are usually synthesized in mathematical equations, where most

unobserved variables (e.g., describing the relationship between yield and fertilizer rate) are

estimated with statistical methods. It is thus critical to design sound mathematical models

and to use statistical methods that are appropriate for the problem in hand. Both the math-

ematical model and the statistical methods play a central role in estimating which are the

best practices in agriculture and quantifying crop nutrient requirements. For example, the

determination of the best agronomic practices, as well as the selection of the best genotypes

for crop improvement relies heavily on the metrics and the methods considered to estimate

the ranking of the best practices or genotypes.

The technological development that took place during the last decades has expanded the

range of possible tools for aiding crop nutrition management for both the data processing

and the measurement tasks. For example, current equipment has made high-throughput

phenotyping accessible, allowing breeders to explore more traits related to plant N use.

Novel tools and techniques for high-throughput phenotyping are under constant develop-

ment (Pinto et al. 2023), eventually leading towards being able to select crops that make

use available N more efficiently. In addition to new measuring equipment, the processing

power of modern computers has enabled intensive statistical analyses that would not have

been possible with mechanical calculators (Efron and Hastie 2016). The joint development

of high-performing computers with high-throughput phenotyping platforms may create a
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synergistic relationship to make the data interpretable and useful. However, data process-

ing is still considered a bottleneck in plant breeding programs (Araus and Cairns 2014),

demanding updates in the current statistical methods applied to agriculture.

This dissertation thus reflects on the technological transition that occurred over the last

decades and provides a revisionist analysis regarding current conceptual frameworks for

quantifying nutrient use in crop nutrition models. More specifically, the dissertation focuses

on the statistical methods, metrics, equipment, and conceptual (physiological) framework of

current popular crop nutrition models. The global objective of this dissertation is to revise

standard methods, from a perspective that considers recent advances in science and tech-

nology, for obtaining sound inference for providing more trustworthy recommendations to

the agricultural stakeholders. The specific objectives are to: (i) compare statistical frame-

works for estimating a specific crop nutrition model, the nitrogen dilution curve, especially

focusing on the standard framework versus a novel framework that was enabled by modern

statistical computing tools (Chapter 2), (ii) characterize the current status of statistical

framework in applied statistics in agriculture, and establish prospects for developing statis-

tical methods, with a focus on crop nutrition models (Chapter 3), (iii) compare different

metrics for quantifying crop nutritional status for breeding applications in wheat (Chapter

4), and (iv) revisit the current status of the methods for phenotyping crop nutritional status

and provide future prospective (Chapter 5). Last, it is worthwhile mentioning that most

of the crop nutrition problems presented in this dissertation consider only N nutrient, but

these finding are relevant and easily transferable to other macronutrients.

3



Chapter 2

Comparison of statistical methods to

fit critical nitrogen dilution curves

Published in European Journal of Agronomy

Lacasa, J., Makowski, D., Hefley, T., Fernandez, J., van Versendaal, E., Lemaire, G., &

Ciampitti, I. (2023). Comparison of statistical methods to fit critical nitrogen dilution

curves. European Journal of Agronomy, 145, 126770.
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Abstract

The critical nitrogen dilution curve (CNDC) is one of the most important models underpin-

ning diagnostic tools of crop nitrogen (N) status. The CNDC relates plant N content (%N)

to plant biomass under optimal nutritional conditions, using a simple nonlinear function

with two parameters. More precisely, the CNDC estimates the critical %N (%NC) – the

amount of %N needed to achieve maximum biomass at a certain moment. Thus, the com-

parison of a measured %N to %NC diagnoses if a plant is N deficient and if application of

N fertilizer is necessary. Because of the practical importance of the CNDC, its parameters

should be estimated as accurately as possible from field data. Two contrasting frameworks

have been proposed in the literature for parameter estimation of the CNDC. The most

popular approach is a sequential framework that consists of fitting two statistical models

sequentially. Recently, an alternative framework has been introduced to estimate the pa-

rameters in a single step, using a hierarchical Bayesian model (hierarchical framework). In

this study, we compare both methods and evaluate their performances for a large range of

experimental designs. We consider datasets with different numbers of observation times (4,

8, 16), N fertilizer rates (3, 4, 5), and levels of measurement accuracy (low, medium, high).

Our results show that the hierarchical framework outperforms the sequential framework un-

der most scenarios. The sequential framework often resulted in poor statistical properties

of the parameter estimates (e.g., increased bias and poorly calibrated confidence intervals)

and to overestimated %NC values. The estimates for the amount of N needed to sustain N

sufficiency levels were between 30 and 100 kg N ha−1 greater under the sequential frame-

work, compared to the hierarchical framework. Thus, adopting the hierarchical framework

could contribute to decreasing the risk of overfertilization and increasing the sustainability

of agricultural systems.



Keywords: Hierarchical models; Bayesian modeling; N fertilization; fertilizer use effi-

ciency.
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2.1 Introduction

Managing crop nitrogen (N) fertilization is critical to improve on-farm efficiency while reduc-

ing environmental externalities (Cassman et al. 2002). Many N fertilization management

tools were developed based on the minimum N concentration (%N) needed to maximize

crop growth, called the critical N concentration (%NC , Justes et al. 1994). This concept

became popular among agronomists because the difference between the actual %N and the

value of %NC can be used to determine whether a crop is N deficient. This approach is

useful to optimize N application timing and rates, and reduce environmental impact while

improving fertilizer use efficiency (Lemaire and Ciampitti 2020). The critical N concentra-

tion at a given observation time i, %NCi, is related to the maximum crop biomass that

can be achieved at the same time (Wmaxi, in Mg ha−1) by a nonlinear function with two

parameters A1 and A2 defined by Salette and Lemaire (1981):

%NCi = A1 ·W−A2
maxi. (2.1)

The nonlinear function (2.1) is named critical N dilution curve (CNDC) because it describes

the %NC dilution that takes place through crop development. Since values of %NC cannot

be observed directly, they are estimated from biomass and %N measurements collected

at several dates during crop development (further indexed by the subscript i). Normally,

experiments aiming to estimate CNDC have many experimental plots with different levels

of N fertilization (further indexed by the subscript j). To this end, the relationship between

W and %N is commonly modeled with a linear-plus-plateau function (Salette and Lemaire

1981):

Wij =


Wmaxi + Si · (%Nij −%NCi) if %Nij < %NCi

Wmaxi if otherwise

, (2.2)
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where Wij is the biomass of the jth level of N fertilization at the ith observation time, Si

is the increase in biomass per increase of %N (in percentage unit) at the ith observation

time (i.e., the response slope of W versus %N), %NCi is the %NC at the ith observation

time, and Wmaxi is the maximum achievable biomass at this time. By fitting (2.2) to data

collected at different times, it is possible to estimate %NCi for each observation time, and

then to estimate A1 and A2 by using (2.1) and the pairs of %NCi and Wmaxi.

In a systematic review, Fernandez et al. (2022) identified two contrasting frameworks

that are frequently used to estimate A1 and A2 from field data. The main difference between

both frameworks is how they connect Equations 2.1 and 2.2. The oldest and most commonly

used approach (Justes et al. 1994), herein termed “sequential framework”, consists in fitting

two different statistical models sequentially. First, (2.2) is fitted to data observed at different

observation times covering different crop growth stages and biomass levels, obtaining point

estimates of %NC and Wmax for each observation time. Then, (2.1) is fitted to the point

estimates of %NC and Wmax to obtain estimates for A1 and A2. Recently, a new framework,

herein termed “hierarchical framework”, was introduced to fit Eqs. (1-2) simultaneously

using a hierarchical Bayesian model (Makowski et al. 2020). The authors pointed out that

the greatest advantages of the model are linked to (i) accounting for estimation of the

uncertainty of all unknown quantities (e.g., %NC and Wmax) and (ii) easy implementation

to fit the CNDC to field data (Ciampitti et al. 2021; Jégo et al. 2022; Fernandez et al. 2021).

The hierarchical framework is consistently gaining users because of these reasons (Fernandez

et al. 2022).

It is still unclear which statistical approach is more relevant. Characteristics like un-

biasedness and variance of the estimators (i.e., the statistical properties) have never been

formally tested and compared between two CDNC fitting methods. In the statistical sci-

ences, statistical properties must be evaluated using simulation studies, as proposed by

Fernandez et al. (2022) and Makowski et al. (2002) in the field of agronomy. The objectives

of this study are to (i) compare the results of both frameworks using observed field data,
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(ii) assess the ability of both frameworks in estimating A1, A2 and %NC , for a large range

of experimental designs using simulated data, and (iii) assess the consequences in terms of

N fertilizer recommendations of choosing one framework over the other.

2.2 Methods

2.2.1 Analysis of maize and rice data

We used two published datasets for maize (Plénet and Lemaire 2000; Zhao et al. 2018) and

one for rice (Yao et al. 2021) accessible through a large review presenting an open dataset

(Ciampitti et al. 2022). These crops have contrasting photosynthesis metabolisms (maize

as a C4 crop and rice as a C3 crop) and are among the most important crops cultivated

worldwide.

Before analyzing the data, we performed the standard data filtering procedure. Briefly,

this means we discarded the data collected at observation times for which the maximum

biomass value Wmax was not reached. Indeed, in such situations, it was not possible to

obtain reliable estimates ofWmax and %NC , and thus impossible to implement the sequential

framework. To determine if the data reached the biomass plateau Wmax, we fitted two

models and determined which one described the data better. First, we fitted a simple linear

model (without plateau) and a linear-plus-plateau model (Eq. 2) to the biomass and %N

data, collected at each observation time. We fitted the models using ordinary least squares

with the ‘lm’ and ‘nls’ functions in R (R Core Team 2019), and tested both models against

each other at each observation time using AIC. We removed the data collected at a given

observation time when the algorithm used to fit the linear-plateau did not converge for

that time, or when the simple linear model had the lowest AIC score (indicating a better

fit). This approach for data filtering corresponds to the current standard practice for data

curation to fit CNDC. Testing whether this technique is appropriate is beyond the scope

of this paper. After filtering, the three final maize and rice datasets included 14, 8, and
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6 observation times respectively, for which reliable Wmax and %NC estimates could be

obtained.

In order to compare the performance of the two estimation frameworks with datasets

including a smaller number of observation times, we defined smaller datasets including

half the amount of observation times randomly chosen from the original dataset. We thus

obtained 6 datasets; 3 large datasets including 14, 8 and 6 observation times for maize and

rice, and 3 smaller datasets including half the number of observation times only (i.e., 7, 4

and 3).

We used these datasets to estimate the parameters A1 and A2 of the maize and rice

CNDC applying the sequential and hierarchical frameworks, successively. For the sequential

framework, (12.1) was fitted to the values of %NC and Wmax derived from the linear-plus-

plateau model (2.2) at each observation time using the ‘nls’ R function. Equation (2.1) was

fitted to the %NC and Wmax values obtained for each of the six datasets, successively. This

allowed us to estimate A1 and A2 with the large and small datasets. The 95% confidence

intervals (CI) for the parameters A1 and A2 were obtained using the ‘confint’ function in R,

that assumes a normal distribution of the data. This two-step procedure (step 1: estimation

of %NC and Wmax, step 2: estimation of A1 and A2) corresponds to the most commonly

used method to fit CNDC curves (Fernandez et al. 2022). Under the hierarchical framework,

we fitted the Bayesian model defined by Makowski et al. (2020) to the datasets using the

least informative priors proposed in this study (see Makowski et al. 2020). Briefly, the

Bayesian model is fitted to %N and W field data, producing estimated values for %NC ,

Wmax, A1, and A2 directly, in one step. In this way, the uncertainty in the values of %NC

and Wmax is taken into account when estimating A1 and A2. The Bayesian model is fitted

using the R package ‘rjags’ (Plummer et al. 2016). We produced 3 chains of parameter

values in order to check the convergence of the Markov chain Monte Carlo (MCMC) fitting

algorithm implemented by rjags, as commonly done with this type of algorithm. We assumed

chain convergence when Rhat values were between 1 and 1.02 [see Gelman and Rubin
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(1992) for more details]. The posterior means and 95% credible intervals of A1 and A2

were obtained from the posterior samples obtained from the posterior samples obtained

from the MCMC algorithm for each model and data combination (i.e., rice and maize). In

addition, we obtained posterior distributions of %NC for 10 levels of W between 2 and 10

Mg ha−1. For additional information on the code, please consult the GitHub repository

“github.com/jlacasa/CNDC methods comparison”.

Finally, we calculated the difference in estimated %NC according to both frameworks.

Each fitted curve was used to estimate %NC for a range of W from 2 to 10 Mg ha−1. For

a given biomass value W, the difference between the crop critical N uptake under both

frameworks was estimated in

General description

We performed a simulation study to compare the performances of both frameworks to esti-

mate the parameters A1 and A2, for a large range of experimental designs. Data simulation

is a standard approach to compare statistical methods and has been used in various con-

texts in agriculture (Makowski et al. 2007, 2002; Makowski and Wallach 2001; Wallach 2011;

Spilke et al. 2005; Tanaka 2021) and several other fields (Boulesteix et al. 2020; Hefley et al.

2017, 2016, 2014, 2013; Morris et al. 2019). In this approach, data are simulated with previ-

ously defined true parameter values and thus, it is possible to check if an estimation method

is able to obtain parameter estimates that are close to the true values, both in terms of bias

and variance.

Data simulation

Our simulation study was performed based on the CNDC obtained for maize from observed

field data, where A1 = 3.8, and A2 = 0.44. We assumed that this CNDC represents the

true CNDC and we used it to generate 1,000 simulated datasets of different sample sizes.

We defined three amounts of observation times (4, 8, or 16), three levels of N rates (3, 4,
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or 5, equivalent to the number of %N observation per observation time), and three types

of distributions of %N data (very low, low, and medium proportion of %N data greater

than %NC). The distribution of %N is an important factor because it defines the ability

to estimate Wmax correctly. If the data include enough %N values below and above %NC ,

there is a high chance that the plateau will be easily identified. In this case, %N and Wmax

could be accurately estimated. To explore contrasting situations, the proportions of %N

greater than %NC were tuned in order to be able to obtain reliable individual linear-plus-

plateau fits in approximately one-third (for very low proportions of %N ¿ %NC), two-thirds

(for low proportions of %N ¿ %NC) and all (for medium proportions of %N ¿ %NC) of the

observation times. The combination of these design characteristics (i.e., varying number

of observation times, N rates and %N data distribution) led to 333=27 different scenarios.

The following simulation procedure was then implemented 1,000 times for each design type:

1. Generate one pair of Wmax and S for each observation time (by sampling randomly

from the values produced by the individual linear-plus-plateau fits obtained using a

maize dataset),

2. Calculate %NC for each observation time from Wmax and the true values of A1 and

A2 using Eq.(1),

3. Generate 3, 4, or 5 (depending on the design) values of %N from a range of values

specified in order to generate a very low, low, or medium proportion of values greater

than %NC ,

4. Generate 3, 4, or 5 virtual W data by plugging the values of %N generated at the

previous step in Eq.(2) and adding a random Gaussian noise with variance equal to

0.08 (value consistent with variation observed in field data),

5. Fit the CNDC, estimate A1 and A2 using each one of the two frameworks successively

(as explained in 2.1), and compute the 95% confidence (standard framework) and

credible (hierarchical framework) intervals of the estimates of A1 and A2.
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Why do we need a simulation study in agronomy?

First, let us clarify the concept “simulation study”. In agriculture, this term is traditionally

employed when referring to the use of crop growth models and for developing different

scenarios of interactions of field practices under different environments. In this work, we

relate this term to its usage in the statistical sciences. A simulation study is traditionally

implemented to compare statistical methods in terms of their inference properties (e.g., bias

and variance). They are considered a standard practice in statistics because they are a

practical way to characterize the estimator properties. Usually, they are the only existing

technique to compare different statistical methods in these terms. In this approach, data are

simulated with previously defined ‘true’ parameter values and data generating process and

thus, it is possible to check if an estimation method is able to obtain parameter estimates

that are close to the true values. Using field data, one cannot assess the quality of an

estimator due to the before mentioned ‘truth’ is unknown. In agronomy, a simulation

study can be used to determine the bias and mean square error of a specific type of the

estimator of a key parameter of practical interest, considering specific field experiment

designs. Therefore, the utilization of a simulation study is critical to compare statistical

methods and to implement more reliable data assessment to more effectively evaluate the

impacts of experimental designs, treatment effect, and for model testing of the data.

2.2.2 Framework evaluation

At the end of this procedure, we got 1,000 simulated datasets for each scenario. We then

estimated the parameters A1 and A2 of the CNDC from these datasets using the sequential

and hierarchical frameworks successively. Thus, we had 1000 estimates of A1 and A2 for each

of the 27 designs and each framework. Last, we compared the estimates ÂX (X = 1, 2) to
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the true parameters AX by computing the percentage bias error (PBE = 100 ·
1
n
Σn

i=1ÂXi−AX

AX
)

and the relative root mean squared error (RRMSE = 100 ·
√

1
n
Σn

i=1(ÂXi−AX)2

AX
), the lower,

the better. Moreover, we evaluated the confidence and credible intervals for both frame-

works by computing their coverage probabilities. A coverage probability indicates the

proportion of the 1,000 intervals that include the true parameter values. Thus, a value

close to 95% indicates properly calibrated intervals. In addition, we estimated %NC with

W=10, and computed the point estimate bias and root mean squared error (RMSE). Last,

we estimated the difference in estimated %NC as defined in section (2.1.), in order to

identify possible systematic differences between frameworks that may result in changes in

fertilizer recommendations. All the details of the simulation procedure are provided in

github.com/jlacasa/CNDC methods comparison.

2.3 Results

2.3.1 Critical nitrogen dilution curves estimated from the maize

and rice datasets

Overall, the size of the dataset reduced the magnitude of the point estimates and their

associated uncertainty. Maize and rice showed a similar pattern in terms of the response to

increasing number of observation times (Figure 2.2D).

With the large and medium-sized maize datasets (Plénet and Lemaire 2000; Zhao et al.

2018), the estimated values of A1 and A2 were slightly lower with the hierarchical framework

(Figure 2.2D) than with the sequential framework.

Point estimates (95% confidence intervals) obtained for A1 with the sequential framework

were around 3.6 (3.06, 4.18) and 3.4 (3.07, 3.73), versus 3.32 (3.09, 5.82) and 3.2 (2.85, 3.56)

for the hierarchical framework, for the large and medium-sized maize datasets, respectively.

For A2, the estimated values obtained with the sequential framework were 0.39 (0.29, 0.49)
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Figure 2.1: Conceptual framework of the data simulation process for nitrogen (N) con-
centration, %N, and aboveground biomass (W). An example to generate a dataset with five
observation times and five N rates, where maximum biomass, Wmax, is achieved at all times.
A. True reference curve with parameters A1 = 3.80 and A2 = 0.44. B. Values for Wmax.
Each vertical dashed line indicates the Wmax value for an observation time and will be used
to simulate the data. C. Determination of %NC. Points show the values of %NC corre-
sponding to each observation time, obtained using (2.1) and parameters A1, A2 (A), and
Wmax (B). Lines indicate the linear-plus-plateau functions for each observation time, ob-
tained with each set of Wmax, %NC, and S. D. %N data. For a given range of %N , the
simulated values for %N data are obtained at equal intervals minimum and maximum %N .
E. Simulated biomass observations. W values are obtained using (2.2) and parameters Wmax

(B), S (B), %NC (C) and %N data (D), with a Gaussian noise with σ=0.08.
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and 0.29 (0.22, 0.36), versus 0.36 (0.34, 0.63) and 0.26 (0.20, 0.32) for the hierarchical

framework, for the large and medium-sized datasets, respectively. Although relatively small,

the differences between the two frameworks were great enough to have an impact on the

fitted CNDC (Figure 2.2). The estimated values of %NC were lower with the hierarchical

framework compared to the sequential framework. For the medium maize dataset, biomass

lower than 7.3 Mg ha−1 corresponded to %NCsequential ¿ %NChierarchical, and slightly opposite

for W ¿ 7.3 Mg ha−1 (see curve intersection in Figure 2.3). The curve intersection was at

7.4 Mg ha−1 for the large dataset. We found that the estimated N uptake requirements for

W between 2 and 10 Mg ha−1 (computed as the area between both curves in Figure 2.3),

were 9.6 kg ha−1 greater for the sequential framework with the medium maize dataset, and

were 5.9 kg ha−1 with the large dataset.

For the complete rice dataset, the estimated values of A1 and A2 were greater with the

hierarchical than with the sequential framework (Figure 2.2D). Point estimates (95% CIs) of

A1 obtained with the two frameworks were similar [ÂRICESEQUENTIAL
1 = 3.69 (3.38, 4.01)

and Â1RICE HIERARCHICAL = 3.72 (3.27, 4.23)], but the relative difference between the

estimates of A2 provided by the two frameworks was larger [Â2RICE SEQUENTIAL = 0.37

(0.32, 0.41) and Â2RICE HIERARCHICAL = 0.40 (0.34, 0.44)]. Because of the difference

in the estimated values of A2, the CNDC obtained with the hierarchical model was lower

for a large range of biomass values, resulting in lower estimated N requirements. Differences

in critical N (calculated as sequential – hierarchical, expressed as kg N ha−1) ranged from

4.73 kg N ha−1 (for W = 5 Mg ha−1) to 18.7 kg N ha−1 (for W = 15 Mg ha−1) (Figure 2.4).

Total N uptake requirements, computed as the area between both curves (Figure 2.3), were

29.6 kg N ha−1 greater for the sequential framework, for W between 2 and 10 Mg ha−1. For

rice, the credible intervals (corresponding to the hierarchical framework) were wider than the

confidence intervals (corresponding to the sequential framework), while an opposite result

was obtained for maize.

Results obtained with the subsets of the maize and rice data (including half their ob-
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Figure 2.2: Comparison of the values of maximum biomass, Wmax, (Mg ha−1) (A), critical
nitrogen concentration, %NC (B), the slope of biomass versus %N , S (Mg ha−1%−1) (C),
and parameters A1 and A2 (D) estimated with the sequential and hierarchical frameworks,
for both all small-sized and complete maize and rice datasets. The diagonal dashed line in
A, B and C indicates the 1:1 relationship.
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Figure 2.3: Critical nitrogen (N) dilution curves portraying changes in N concentration
(%N) at varying biomass (W) levels, Mg ha−1, for both maize (Zhao et al. 2018) and rice
(Yao et al. 2021) under the sequential (dashed blue lines) and hierarchical (full orange lines)
frameworks (full datasets).

servation times only) revealed that the number of observation times has an impact on the

point estimates and on the level of uncertainty. With only 3, 4, or 7 observation times,

the credibility and confidence intervals were wider compared to those obtained with the

large datasets (Figure 2.2). Point estimates were also different when obtained with smaller

datasets, especially for the rice due to a greater variation in biomass.

A more detailed analysis of the other parameter estimates (Wmax, S and %NC) re-

vealed that stronger differences were found between the two methods for %NC and S than

for Wmax (Figure 2.2). For both crops, estimated values of %NC were higher with the
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Figure 2.4: Differences in estimated critical nitrogen (N) concentration, %NC (calculated
as %Nsequential – %NChierarchical, expressed in kg N ha−1) as a function of crop biomass (W,
Mg ha−1), for both maize (medium dataset) and rice crops. Blue areas indicate positive dif-
ferences (i.e., sequential %NC estimates greater than hierarchical ones), and orange indicate
negative differences.

sequential framework, while the estimated slopes S were higher with the hierarchical frame-

work, especially for rice. These results are consistent with the negative correlation existing

between %NC and S.

2.3.2 Simulation study

The analysis of maize and rice observed field data indicated that %NC tended to be lower

for a large range of biomass values when estimated with the hierarchical model, resulting

in lower estimated N requirements. However, in order to know if these differences are

systematic, and can be generalized to other situations, it is necessary to analyze the results

obtained from the simulated data presented below. Another advantage of using simulated

data is that they allow us to evaluate the accuracy of the estimated values of A1 and A2 and
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the reliability of their confidence intervals, which is not possible with observed field data

because the true values of the parameters are unknown when observed data are used.

The simulation study showed that the hierarchical framework often outperformed the

sequential framework with datasets of low quality, especially when the number of observa-

tion times is low or when the proportion of %N data exceeding %NC is low or very low.

With high quality datasets, both frameworks led to more similar performances, and the

sequential framework could even sometimes lead to slightly less biased estimates than the

Bayesian framework. Considering A1 and A2 together and all scenarios, the bias was lower

in most (18/27) cases with the hierarchical framework, while the RRMSE was lower in all

(27/27) cases with the hierarchical framework (Table 2.1). Moreover, while the hierarchical

framework never failed to converge, the sequential framework failed in roughly 20% of the

simulated datasets, which is an important practical limitation. Lack of convergence of the

sequential framework was more frequent when the size of the dataset was small.

The hierarchical framework clearly outperformed the sequential framework for datasets

including few (4) observation times or a low or very low proportion of %N exceeding %NC

(%N¿%NC). For example, with datasets with only 4 observation times and the high propor-

tion of %N¿%NC , the RRMSE of A1 was reduced from 38.32% (sequential framework) to

10.14% (hierarchical framework) and the bias from 13.49% to -0.06%. This improvement was

even greater when the number of data with %N¿%NC was very low; in this case, RRMSE

of A1 was reduced from 92.30 (sequential framework) to 15.24% (hierarchical framework),

and the bias from -84.57% to -1.2% (Table 2.1). The differences between frameworks were

smaller with large datasets. In fact, the bias was slightly lower with the sequential frame-

work for large datasets and medium proportion of %N¿%NC , but the RRMSE was always

lower with the Bayesian framework, in all scenarios (Table 2.1).

With the sequential framework, roughly 2% to 70% of the observation dates (depending

on the design) were removed on average (Table 2.1), either because the optimization algo-

rithm did not converge trying to fit the linear-plus-plateau (Equation 2.1), or AIC indicated
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that the simple linear model was better. Under the same range of %N data, the simulations

with three N fertilizer rates had the greatest proportion of data removal, i.e., always equal

or greater than 52.7%. Thus, simulations with three N rates had the greatest reductions in

sample size to estimate A1 and A2. The number of observation times had a great impact

on inference properties, because of its effect on sample size. Bias was thus reduced tenfold

by only doubling the number of observation times. Although less influential, higher number

of N rates led to lower RRMSE and bias of A1, A2 and %NC . Increasing from three to four

fertilizer rates led to a stronger reduction of RRMSE and bias than increasing from four to

five N rates (Table 2.1).
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Proportion of %N>%NC Number of observation times Number of N fertilizer rates
NS-H
(kg ha-1)

%NC bias (%) %NC RRMSE (%)
Sequential framework Hierarchical framework Sequential framework Hierarchical framework

Very low
N = 4

3 1.70 (-8.10, 10.02) 1.29 -0.15 1.3 0.21
5 0.88 (-6.68, 9.69) 1.17 -0.09 1.27 0.2

N = 16
3 1.79 (-3.40, 8.74) 0.23 0.02 0.02 0.03
5 0.79 (-3.29, 7.18) 0.05 0.01 0.24 0.03

Medium
N = 4

3 2.37 (-9.94, 11.01) 1.23 -0.08 1.33 0.28
5 -0.57 (-6.95, 6.57) 0.18 -0.01 0.51 0.04

N = 16
3 2.85 (-0.41, 6.48) -0.01 0.02 0.56 0.06
5 0.95 (-1.39, 3.78) 0 0.01 0.01 0.01

Table 2.2: Difference between required kg ha1 N to attain %NC (∆NS − H), estimated

as
%NSEQUENTIAL

C −%NHIERARCHICAL
C

100
· W , and bias and root mean squared error (RMSE) in

%NC estimation (%). The biomass W was set equal to 10 Mg ha1. Results are presented
for contrasted characteristics of simulated datasets.

The sequential framework estimated higher %NC and N requirement values in the simu-

lation study for 22 out of the 27 designs (Figure 2.5, Table 2.2), thus confirming the results

obtained with the real maize and rice datasets. The difference ranged from -0.57 kg plant N

ha-1 up to 2.85 kg plant N ha-1 at a given moment, depending on the dataset characteristics.

At the same time, the estimated values of %NC had larger bias and root mean squared error

(RMSE; Table 2.2). Overall, our simulations showed that the sequential framework led to

higher and less reliable N requirement estimates in most cases.

Compared to the sequential framework, the hierarchical framework had better coverage

probability (i.e., closer to 0.95) with low-quality datasets (Table 2.3). The number of ob-

servation times was always positively related to coverage probability, and designs including

higher proportions of data with %N > %NC showed better coverage probabilities for both

frameworks. The sequential framework was slightly favored over the hierarchical framework

with datasets including the medium proportion of %N¿%NC and at least eight observation

dates. However, the sequential framework showed too low coverage probabilities in all other

the scenarios, especially when the number of observation times was equal to four. In this

case, the coverage probability of the sequential framework was ranging from 0.08 to 0.58,

and was thus much lower than the target value 0.95. Under these scenarios, the hierarchical

framework was able to achieve better coverage probabilities, although sometimes several

points lower than the nominal value (95%), thus showing that coverage was not always

optimal with this framework.
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Figure 2.5: Difference between the two frameworks in the estimated N requirement to attain
%NC between the two frameworks, computed as sequential – hierarchical (kg plant N ha-1),
for a selection of simulated dataset characteristics: very low and medium proportions of
%N > %NC, 4 or 16 observation times (N = 4, N = 16), and three or five N fertilizer rates
(3 Nrates, 5 Nrates). The colored bands indicate the quantiles 0.50, 0.80, and 0.95 of the
simulations. The solid line indicates the median.

Proportion of %N>%NC % removed data Number of observation times
A1 A2
Sequential framework Hierarchical framework Sequential framework Hierarchical framework

Medium
0.17 4 0.58 0.91 0.58 0.92
0.16 8 0.92 0.86 0.95 0.88
0.16 16 0.9 0.77 0.94 0.83

Low
0.49 4 0.19 0.91 0.19 0.92
0.44 8 0.74 0.81 0.77 0.84
0.44 16 0.85 0.9 0.91 0.9

Very low
0.61 4 0.08 0.92 0.08 0.92
0.61 8 0.48 0.85 0.5 0.85
0.62 16 0.82 0.81 0.86 0.84

Table 2.3: Coverage probability of the 95% confidence/credible intervals for A1 and A2

parameters, for the sequential and hierarchical frameworks fitted to simulated datasets with
different experimental designs based on five N fertilization rates.
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2.4 Discussion

The statistical framework selected for CNDC estimation has a strong impact on the es-

timated critical N dilution curves and on the associated estimated crop %NC and N re-

quirements. The implementation of the sequential framework could be a potential source

of inaccurate N diagnosis, economic losses, and negative environmental impacts because

it tends to produce unreliable CNDC parameter estimates and %NC estimates, sometimes

resulting in greater estimations of crop N requirements. These results are supported by our

analyses based on both real field data and simulated data. Thus, we recommend using the

hierarchical framework based on the Bayesian model of (Makowski et al. 2020), or one of

its variants. This framework provides more robust results, especially with small datasets

and/or when the proportion of %N observations exceeding %NC is low. In concordance

with previous studies (Fernandez et al. 2021; Jégo et al. 2022), the implementation of this

approach will tend to estimate lower N requirements. The consequences for fertilizer rate

recommendations are difficult to quantify because they depend on the method of fertilizer

rate calculation and decision support tools used by farmers and their advisors. However,

our results show that the %NC values calculated with the Bayesian framework tend to be

lower in most of the cases considered, which may lead to lower fertilizer rates regardless of

the decision support tool implemented. In fact, the area between both curves, as reported in

the results, can be interpreted as a proxy for the difference in N fertilizer recommendations.

Our estimates for the required amount of N needed for the crop to sustain N sufficiency

levels would increase to about a difference of 30-100 kg N fertilizer ha−1 more under the

sequential framework, considering a fertilizer N use efficiency of 30% in cereals (Raun and

Johnson 1999). The hierarchical framework could thus potentially contribute to increasing

sustainability in agricultural systems.

We found that the sequential framework provides unreliable estimates under low-quality

data scenarios, mainly because of small sample size bias of maximum likelihood estimators

and as a consequence of ignoring uncertainty for %NC and Wmax estimation. The worst sce-
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nario for the sequential framework corresponds to datasets with small sample size (e.g., three

N fertilizer treatments), or with a narrow range of %N that does not allow exploring high

levels of biomass and obtaining reliable estimates for %NC and Wmax. In this scenario, the

sequential framework provides highly biased estimations and very poor coverage probability

(i.e., there is a low probability a 95% confidence interval covers the true value). Perhaps

the major factor causing these issues is the practice of taking point estimates (in this case,

%NC and Wmax) obtained from one statistical model and “plugging” these estimates into

another statistical model, without properly accounting for uncertainty. Even though %NC

and Wmax have an associated estimation uncertainty, they are routinely used as if they were

collected as data in (2.1) (i.e., treated as a known measurable quantity). Consequently,

estimation uncertainty is neglected and this tends to yield ill results (Anupreet and Raftery

2022). The hierarchical framework does not fit the linear-plus-plateau model for each ob-

servation time independently, but finds the best combination of parameter values to fit to

the data as a whole and considers the uncertainty associated to all parameters. Moreover,

the hierarchical model has the advantage of using the Bayesian theorem and can thus inte-

grate previous experts’ knowledge, summarized in the prior distributions that allow to fit

the model even when the data are few. For a long time, Bayesian methods have had the

reputation of being more difficult to apply than classical statistical methods. However, with

the increase in computing power and the development of new R packages, Bayesian methods

can now be easily coded and run in a few seconds with standard computers. Moreover, the

Bayesian framework tested here did not encounter any convergence problem, even with small

datasets, whereas the sequential framework often encountered convergence issues and there-

fore cannot be used in all circumstances. The issues of the sequential framework outlined

here are expected in any other setting that fits two statistical models sequentially, which

is a common, but perhaps poor, practice in agronomy (Pagano and Maddonni 2007; Vega

et al. 2001). In a nutshell, the most important factors that can explain the low performance

of the sequential framework are small sample size bias of maximum likelihood estimators,
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and disregarding the estimation uncertainty.

An additional benefit of the hierarchical framework for the case of the CNDC is that it

does not require removing the data collected at the observation times where Wmax is not

reached. Although the two frameworks were compared here using exactly the same number

of observation times after data filtering, the hierarchical framework could be applied to

unfiltered datasets, given that it does not require to remove the data from those observation

times where Wmax is not reached (Fernandez et al. 2021; Jégo et al. 2022; Makowski et al.

2020). Thus, the adoption of the hierarchical framework may use much larger datasets

than the sequential framework, and consequently reduce estimation uncertainty that could

lead to potentially more accurate results. In fact, in our simulations, a relatively low level

of observation errors was considered to simulate data. Real-world experiments may face

conditions of high variance of observation errors and that can be even more detrimental for

the sequential framework. Thus, our results may be slightly favoring the sequential method.

We expect that the performances reported here for the Bayesian framework are actually

underestimated; the bias and RRMSE and probability coverage could probably be further

improved by applying the hierarchical framework to the full datasets without filtering. This

idea will be explored in future works, as the sole objective of this paper is to revise the

practice of fitting statistical models sequentially in depth.

Further investigations should address questions related to experimental design, data

filtering methods, and further expansions of the model that may help improve inference

possibilities. First, the optimization of the experimental design to increase accuracy in

CNDC is still an open question. Fernandez et al. (2022) point at the best design charac-

teristics featured in the literature, but their optimality still needs to be validated. It is still

unknown how much could be gained using optimal design compared to standard designs.

This is an open question. In addition, optimal designs are likely to be different with a

Bayesian framework than with a sequential framework because the Bayesian approach is

more flexible and can be applied to diverse datasets. Second, as mentioned before, the more
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efficient use of the data with a Bayesian hierarchical model should improve the inference.

Last, the Bayesian model described in Makowski et al. (2020) could be expanded by in-

cluding additional levels that would allow making inference for groups of cultivars, species,

or locations with unbalanced data. This may contribute improving CNDC estimation with

small datasets, especially for rare cultivars or understudied species.

2.5 Conclusions

Although it is very commonly used by agronomists, the sequential framework performs

worse than the more recent hierarchical framework in most cases. The latter has generally

lower root mean squared error and bias and better coverage probability, and should thus

be preferred for estimating critical N dilution curves, especially with small datasets. The

sequential framework may sustain appropriate inference properties for large datasets but,

with small datasets, its use could lead to inaccurate diagnosis of plant N status and overes-

timation of crop N requirements. The hierarchical framework provides more reliable critical

N dilution curve, better estimated values of plant N requirements, and allows for a thorough

analysis of uncertainty.
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Chapter 3

Rethinking statistical practices fitting

nitrogen dilution curves as a case

study for crop nutrition models
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Abstract

Crop nutritional diagnostic models are critical for fertilizer management in sustainable agri-

culture. Usually, nutritional diagnostics rely heavily on the estimates of the statistical

models, which highlights the importance of the statistical methods and the quantification of

uncertainty. This important role of the statistical methods has motivated the recent revision

of widely implemented crop nutrition models, and many users now consider Bayesian statis-

tics an accessible platform for propagating uncertainty. We present the critical nitrogen

(N) dilution curve (CNDC) as a case study of a nutrition model that underwent signifi-

cant changes regarding the application of statistical methods. The quantitative methods

for estimating CNDC have shifted to a Bayesian hierarchical modeling framework, allow-

ing us to re-think the practices that made sense under the traditional framework but may

not anymore. Thus, the objectives of this study were (i) to rethink data pre-processing

techniques, and (ii) to demonstrate the utility of propagating and quantifying estimation

uncertainty in model fitting and interpretation tasks. We show that the standard method

for pre-processing (i.e., cleaning) the data should be avoided because it may lead to risks

of biased estimates and produces wider credible intervals for the parameter estimates. We

conclude saying that we need to build statistical workflows that propagate, quantify, and

communicate uncertainty in statistical models to obtain the best inference possible.

Keywords: NNI; nitrogen nutrition index; Bayesian models.



3.1 Introduction

Crop nutritional diagnostic models are critical for fertilizer management in sustainable agri-

culture. Nutritional diagnostics allow providing enough, yet not excessive, nutrients by al-

lowing to adjust the rate and timing of fertilizer applications according to the crop’s current

requirements. Crop nutrient requirements accompany crop growth (Lemaire et al. 2008) and

thus, current guidelines recommend periodic diagnostics of crop nutritional status (Ravier

et al. 2021). Said recommendation guidelines rely heavily on estimates of statistical mod-

els that provide reference values, expected under conditions of nutritional sufficiency. Any

condition below the expected value for nitrogen (N) sufficient crops is usually considered

deficient and would require agronomic intervention (i.e., fertilizer application). For example,

some reference models represent the allometric relationships between W accumulation and

nutrient uptake and are usually used for determining the crop nutritional status (Plénet

and Lemaire 2000; Justes et al. 1994). Thus, crop nutritional status is usually described by

current biomass (W ) and tissue nutrient content (%N). If the W −%N combination does

not correspond to a N sufficient scenario, that crop is considered deficient.

In this article we focus on one particular reference model used to assist N management:

the critical nitrogen dilution curve (CNDC). The CNDC is used to determine the nitrogen

nutrition index (NNI), one of the most important metrics to describe the crop N status.

Since the first introduction of the CNDC, much of the methods to estimate the model

parameters have changed. Originally, Justes et al. (1994) introduced a methodology that

required fitting two statistical models sequentially, using the estimated parameters of the

first one, as data in the subsequent model. Following, Makowski et al. (2020) introduced a

Bayesian hierarchical model that estimates all parameters in a single step. Specific details

about the CNDC statistical model are explained more in detail below. At this point, it is

worth mentioning that the number of users of the hierarchical model (i.e., Makowski et al.

2020) is increasing steadily, and is replacing the other method (Fernandez et al. 2022).

In this study, we consider the recent paradigm shift is an opportunity to rethink old
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practices for data management and analysis. Our specific objectives include rethinking the

standard workflow to fit CNDC. More specifically, we aim (i) to rethink data pre-processing

techniques, and (ii) to demonstrate the utility of propagating and quantifying estimation

uncertainty in model fitting and interpretation tasks.

3.2 The statistical model behind the nitrogen nutri-

tion index

As mentioned above, the NNI is derived from the CNDC, a model that describes the allo-

metric relationship between W and the N concentration (%N) needed to maximize biomass

(the critical %N , %NC). More specifically, the CNDC describes the %NC of the ith obser-

vation moment as a function of maximum W at the same observation moment (Wmax i).

In this way, the CNDC establishes the reference values for a crop that has sufficient N to

sustain maximum growth:

%NC i = A1 ·W−A2
max i, (3.1)

where A1 and A2 are two parameters that must be estimated with data of biomass and

nitrogen content. The CNDC thus allows finding the %NC for any level of W (i.e., at any

point during vegetative crop growth) by computing %NC i = A1 · W−A2
i . The NNI is the

ratio between the crop actual %N (%Nactual ij) and %NC i, and is used to indicate when

a crop is N deficient (i.e., if Nactual ij < %NC i, then NNI<1 and the crop is considered N

deficient).

The hierarchical model in Makowski et al. (2020) can be conceptualized as the connection

of three simple models (or levels): the data model, the process model and the parameter

model. The data model describes how the data arise in the field, following a linear-plateau
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relationship between W and %NC :

Wij ∼ N(µij, σ
2) (3.2)

µij =


Wmax i if%Nij ≥ %NC i

Wmax i − si · (%Nij −%NC i) if%Nij < %NC i

, (3.3)

where σ2 is the variance and µij (i = 1, ..., J and j = 1, ..., n, where J is the total number of

observation moments and n is the total number of observations) is the expected W of the ith

observation at the j th time. Then, the expected value µij is described with a linear-plateau

model with maximum biomass Wmaxi, slope si and critical %N value %NCi. The process

model describes the non-linear relationship between %NC i and Wmax i (i.e., the CNDC in

(3.1)). Last, the parameter model describes the prior knowledge regarding parameters A1

and A2 in (3.1), Wmax i and si in (3.3), etc. Note the practical importance of correctly

estimating parameters A1 and A2: they will determine N status and thus define the need

for N fertilizer.

The major contribution of Makowski et al. (2020) (i.e., the main difference between the

standard framework and the modern framework) is the correct propagation of uncertainty

in the statistical model. Previously, the standard method in Justes et al. (1994) required

fitting two models sequentially, using the estimates of one model (i.e., %NC i and Wmax i in

(3.3)) as data in another model (i.e., (3.1)). This sequential approach to fitting the CNDC

required filtering out all i observations where %NC i and Wmax i were not clearly detectable.

In contrast, Makowski et al. (2020) connected all the parameters in a single hierarchical

model. It is beyond the scope of this paper to provide an in-depth explanation of the

standard framework and its differences to the modern framework (see Fernandez et al. 2021,

and Lacasa et al. 2023). The hierarchical structure of the model thus provides a framework

to avoid wasting efforts in unnecessary data removal, and increasing the dimensionality of

the statistical model. In what follows, we rethink the standard workflow for fitting CNDC
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and providing nutritional diagnostics.

3.3 Field Data

Some of the following sections include data examples, that are publicly available and con-

tain information on experiments studying critical nitrogen dilution curves for several crops

(Ciampitti et al. 2022). We selected all data on maize (Zea mays L.), and selected only ob-

servations with W > 1, according to Plénet and Lemaire (2000). The data include observed

pairs of Wij and %Nij in (3.1) and (3.2), for each treatment and observation moment.

We divided the maize data into fitting data and testing data. One experiment where

most observation moments clearly reached aWmax plateau (Zhao et al. 2018) was selected for

testing (Figure 3.1b). That specific experiment was selected because, since theWmax plateau

for most observation moments was estimable, it was appropriate to classify treatments as

‘N deficient’ or ‘N sufficient’ for subsequent evaluations. To obtain observations classified

as deficient or non-deficient to use as reference for testing, we fitted a linear-plateau model

(outlined in (3.3)) to each observation moment using the package ‘nls’ in R (R Core Team

2019). Then, we obtained estimates forWmax,j, sj and %NC , j and classified each observation

as N sufficient when Wij ≥ Wmax,j, or N deficient otherwise. These classifications were used

as the ’golden standards’ for evaluating the model fitting techniques.

We examine the influence of standard ‘data pre-processing’ procedures on statistical

inference. We fitted the model described above to the fitting data set twice: first using

traditional data pre-processing methods and then without said step, as proposed above.
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Figure 3.1: Visual description of training data (a) and testing data (b). In the left panel,
each point represents an observation of N concentration (%N) and biomass (W ). Point
color indicates wheter the observation will be dropped in a data pre-processing step. In
the right panel, each subplot represents an observation moment of biomass (W ) and N
concentration (%N) of the testing data. Point shapes indicate whether the observation has
reached maximum W (not deficient) or not (deficient).

3.4 Current methods for pre-processing the data be-

fore model fitting

We review the standard practice of pre-processing the data to demonstrate how Bayesian

hierarchical models are more suitable for applications with low-informative data (i.e., some

observation moments do not have much information about Wmax in (3.2). Recall that the

standard approach for pre-processing the data for CNDC estimation involves removing all

observation times where Wmax,j is not detectable (Fernandez et al. 2022; Fernández et al.

2021). It is worth noting that the previous standard method required such a filtering step

because it needed Wmax and %NC for each observation time to be estimable, since they were

used as the independent variable (i.e., as data) in a different model fitting (3.1). However,

a hierarchical framework does not require the pre-processing data step because information

is shared among different levels of the model.

We demonstrate the difference between two approaches for handling the field data: the

standard criteria pre-processing the data, versus using the complete data. Following the
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standard workflow, we fit two models to the data from each observation moment, and

compared them using the Akaike Information Criterion (AIC). We fit a simple intercept

and slope model, and a linear-plateau model. We removed all data where the linear-plateau

model did not converge or was not preferred according to AIC. Thus, we obtained two

datasets: one filtered and one complete. We estimated A1 and A2 for each data set by

fitting the model described by Makowski et al. (2020), using uninformative priors.

We found that the pre-processing data has a strong influence on both the expected

value and variance of the estimates. The estimates of A1 and A2 were distributed along

greater values for the model fitted using the complete dataset (Figure 3.2). The width of

the credible interval for both parameters was also larger. For A1, we found a mean (95%

credible interval) of 3.70 (3.49, 3.92) for the model fitted to the complete dataset, versus

2.88 (2.56, 3.23) for the filtered dataset. Likewise, for A2, we found 0.43 (0.40, 0.45) for the

model fitted to the complete dataset, versus 0.36 (0.32, 0.40) for the filtered dataset.

Figure 3.2: Effect of data pre-processing on results. (a) Fitted curves using the complete
dataset (left) versus the filtered dataset (right). (c) Posterior distributions of parameters
A1 and A2 of the Critical Nitrogen Dilution Curve for models fitted to the complete dataset
(green) versus the filtered dataset (pink)
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3.5 On the propagation of uncertainty for nutritional

diagnoses and yield predictions

We illustrate the utility of hierarchical models for propagating and quantifying uncertainty

easily. First, we focus on quantifying the uncertainty of crop nutritional status. We then

elaborate the hierarchical model adding an additional grain yield level, to show diagnostics

of having a nutritional deficit with impacts on grain yield.

First, we compare computing a point estimate of NNI, versus the posterior distribution

of NNI. The output of a Bayesian model consists of samples from the marginal posterior

distribution of A1 and A2, and thus a set of probable values of %NC can be easily de-

rived. An essential attribute of the Bayesian model is the propagation and quantification

of uncertainty. In this case, that means NNI with uncertainty incorporates the estimation

uncertainty for providing nutritional diagnostics. We compute the point estimate of NNI

and the posterior distribution of NNI:

• Point estimate of NNI: This is the Bayesian equivalent to the NNI proposed in

Justes et al. (1994). NNIij was calculated as
%Nactual,ij

%̂NC i

. The crop was declared N

deficient if NNI < 1. Note that the denominator, %̂NC i, is the posterior mean of

%NC i|y, the samples from the posterior distribution.

• Posterior distribution of NNI: Samples from the NNI posterior probability distri-

bution were calculated as
%Nactual,ij

%NC i|y
. The crop was declared N deficient if NNIp0.975 < 1.

Note that %Nactual,ij is a single scalar, while %NC i|y are samples from the posterior

distribution.

Our results show that the quantification of uncertainty to estimate NNI provides fairer

estimates to describe N status. For example, about 24% observations that would be classi-

fied as ‘N deficient’ under a deterministic framework fell within the 95% CI that indicates

sufficiency (Figure 3.2).
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In our second example of uncertainty propagation, we include a yield level. Grain yield

is usually the most important outcome for stakeholders, yet it is not present in the CNDC

(only biomass, which is a proxy for yield). To establish a connection between the CNDC

and yield, many studies fit models that use NNI at anthesis for making yield forecasting and

fertilizer prescriptions. The NNI around flowering is usually positively related to yield until

reaching a plateau at NNI values of 0.9 (Ravier et al. 2017). For simplicity, the relationship

between NNI and yield is modeled with a linear-plateau equation (Ziadi et al. 2008). Note

that other NNI thresholds or models may be considered when targeting a combination of

grain yield and quality (Ravier et al. 2017). However, the issue with the NNI-yield models

is that the do not propagate uncertainty and may limit the inference. Thus, we incorporate

yield into the model to demonstrate how uncertainty is automatically propagated by simply

adding a level in a hierarchical model.

Integrating the yield formation components is very relevant for agronomic management

because it enables early assessments of N limitations for yield production, with a realistic

quantification of uncertainty, alowing risk assessment. Early vegetative assessments may

be associated to greater uncertainty than assessments close to flowering (Yao et al. 2023).

Moreover, maintaining the estimations under the same hierarchical model allow the propa-

gation of the uncertainty for a more realistic assessment on the confidence of observing yield

penalties.

The addition of the yield level to the hierarchical model results in a more throughout

propagation of uncertainty. It is no surprise that the uncertainty estimates were relatively

large. Note that the threshold for almost surely no yield loss is close to a NNI of 0.9 (Fig.

3.3).
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Figure 3.3: An assessment of NNI impacts on yield. Point color indicates observed grain
yield (Mg ha−1). This plot represents an example for the probability of yield loss versus NNI
at anthesis for wheat crops.

3.6 Discussion

In our context of a shifting paradigm in statistical modeling, we propose rethinking common

methods in crop science with the final objective of improving the quality of our inference. We

present the case of the CNDC as an example of a model that underwent several methodolog-

ical changes in a narrow time frame, challenging crop scientists to adjust their quantitative

skills. The CNDC is a particularly good example because it consists of several components

connected in a rather complex way (e.g., the connection of (3.2) and (3.3)), tempting users

to take methodological shortcuts (e.g., fitting two models in sequence instead of a hierar-

chical model), yet at the cost of reducing the quality of the statistical inference (Lacasa

et al. 2023). In this article we demonstrate that an honest quantification and reporting of

uncertainty estimates is crucial in crop nutrition models. This means, not only reporting

NNI uncertainty estimates, but also propagating errors properly.

The CNDC is a good example portraying scientific progress as a sequence of reviewing,

improving, and testing a given topic (e.g., methods in crop nutrition). Considering the time

frame since the first development of methods for estimating the CNDC in 1994 (Justes et al.

1994), the increase in computational power of mainstream commercial computers has en-
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abled the development of computationally-intensive analyses. Thus, Makowski et al. (2020)

introduced a Bayesian hierarchical model to estimate CNDC, as a technique to propagate

uncertainty across the estimands. Two years later, Fernandez et al. (2022) reported its

vast application and success. For this reason, Lacasa et al. (2023) compared it to the older

method and showed that the Bayesian model is usually better calibrated, more efficient, and

more robust to noisy data. Later on, Bohman et al. (2023) elaborated the model under a

popular R package, incorporating also further levels. Likewise, in this article, we illustrate

other advantages of estimating CNDC under a hierarchical Bayesian framework.

We demonstrated that the hierarchical model does not require an initial data filtering

step and allows both a more efficient use of field data, and an adequate and straight-forward

framework for propagating uncertainty. In the CNDC, there are several ‘latent variables’

that are not observed, likeWmax andNC . Some data contain more information for estimating

Wmax and NC than other. For example, experiments with more N rates and covering both

areas below and above NCj in (3.2), contain more information for estimating the parameters

in (3.2). Before the hierarchical model in Makowski et al. (2020), these ‘latent variables’

were estimated and then used as data fitting a model with (3.3). That case depended to have

enough information in each observation moment for estimating Wmax and NC , or else all

data from that observation moment had to be discarded. Under a hierarchical framework,

observation moments that are rich in information regarding Wmax and NC (i.e., those that

clearly reach the plateau) improve inference for observation moments lacking information to

detect Wmax and NC (i.e., those that do not reach the plateau), by sharing this information

among levels of the model. The problem in hand can be defined also as a missing data

problem, where the latent variables Wmax and NC in (3.2) are always missing (at random).

Then, the standard method of discarding the data is one way of handling missing data. This

method, however, may waste an important amount of field effort and may introduce bias in

the estimation of A− 1 and A2 in (4.1). The newer method including a Gibbs sampler thus

represents a more efficient way of performing multiple imputation (Little and Rubin 2019).
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The new Bayesian hierarchical framework has provided researchers with a framework for

a straightforward propagation and quantification of uncertainty. For example, we have elab-

orated the Bayesian model with a further level (i.e., yield). As yield response to N is highly

influenced by seasonal weather conditions (Correndo et al. 2021), a Bayesian model provides

a robust framework for quantifying and reporting risk to be considered for management de-

cisions. With the amount of claims for assessing risk in agricultural production, a more

honest quantification of uncertainty allows a more honest risk assessment for stakeholders.

The joint development of a Bayesian framework with an adequate propagation of un-

certainty has paved the way for embracing uncertainty in crop nutrition models. In our

experience, it is uncommon to consider uncertainty for providing nutritional diagnostics.

For example, NNI estimates are usually compared to single points (e.g., a threshold of 0.9,

Ravier et al. 2017). Some experts have suggested the notion of uncertainty in NNI esti-

mation (e.g., Lemaire et al. (2008) stating that values ‘close to 1’ indicate N sufficiency),

yet criteria for evaluating nutritional status does not contemplate this point yet. However,

uncertainty is a core variable in decision theory, especially in the context of agriculture

and the interplay between both the farmer’s background knowledge (Huffman 2020) and

the environmental conditions. Furthermore, recent studies have shown the importance of

considering the probability of failure as the risk in technology adoption (Chavas and Nauges

2020) and how this portrays the need to go beyond mean–variance analysis and to examine

the effects of new technologies on the lower tail of the payoff distribution. This information

is currently lacking, and Bayesian assessments may be powerful tools to help filling this

gap. With the shift of the statistical framework we may be moving towards a workflow that

accounts for this point. Bayesian models provide an accessible framework to quantify uncer-

tainty even in complex processes like the CNDC. We envision methodological developments

taking place in the following years, where not only uncertainty quantification but a correct

propagation of uncertainty will be more relevant.
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3.7 Conclusions

The recent shift of paradigm in statistical methods in crop nutrition has enabled changes that

may help embracing uncertainty in crop nutrition models. We elaborate the main benefits

of a recently introduced model to fit CNDC, that arise from its hierarchical and Bayesian

features. There may exist paths for gaining efficiency in the use of field data. We emphasize

the importance of quantifying and considering uncertainty for statistical inference, but also

showing how propagating uncertainty is fundamental for correct statistical inference.

12



Chapter 4

Revisionist analysis of relevant

metrics for nitrogen phenotyping in

wheat crop
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Abstract

Modern breeding programs aim to increase the effective use of nitrogen (N) in cereal grain

crops such as wheat (Triticum aestivum L.) for reducing the environmental footprint of

agriculture. Metrics for assessing the efficiency in crop N use include N utilization efficiency

(NUtE, grain yield to N uptake ratio) and N nutrition index (NNI, actual to critical N

concentration ratio). Our main objective was comparing NUtE and NNI (determined at

anthesis as a predictive method) to evaluate their performance as phenotyping metrics for

effective use of N in wheat. A dataset from 11 field experiments testing wheat cultivars in

contrasting N environments was explored in this study, including a revisionist analysis with

historical cultivars. Briefly, NUtE has nearly no relationship with yield and is negatively

related to grain protein concentration. Contrastingly, NNI is positively related to yield and

grain number, and is slightly associated to grain protein concentration. The NUtE increased

but NNI at anthesis remained stable over time. Thus, NUtE provides overoptimistic results

on phenotyping and should be replaced by allometric-based metrics like NNI.

Keywords: breeding-driven changes; N anthesis status; N nutrition index; N use effi-

ciency.



4.1 Introduction

The efficient use of nitrogen (N) fertilizer plays a critical role in achieving food security

while minimizing the environmental footprint of agriculture (Eickhout et al. 2006). In-

dustrial N fertilizers have historically enhanced global food security by supplying a major

yield limiting factor (Spiertz 2009). However, inefficient N fertilization increases the risk of

detrimental effects to the environment such as groundwater pollution and greenhouse gas

emissions (Cameron et al. 2013). Thus, reducing N waste has become a major goal for

agricultural stakeholders and researchers are incentivized to study strategies for reducing

N inputs without penalizing crop yields, i.e., increasing the effective use of nutrients (e.g.

Sutton et al. 2021).

Recent studies envision genetic improvement of commercial cultivars as a cost-effective

strategy for achieving sustainable agricultural systems (e.g., Ciampitti et al. 2022; Cormier

et al. 2016; Foulkes et al. 2009). Plant breeders have since started considering evaluating

the genotypes regarding their efficiency in using nutrients like N for grain yield production.

Given that breeders do not receive clear incentives yet, the use of metrics quantifying said

‘nutrient use efficiency’ is still incipient in breeding programs and most are borrowed from

production agriculture. Fertilizer management guidelines in production agriculture have

historically evaluated the efficiency of agricultural systems with a set of metrics that measure

the amount of grain yield obtained per unit of N (Dobermann 2007). For example, one of

the first metrics used to quantify the sustainability of an agricultural system was the N use

efficiency (NUE, crop yield per unit of nitrogen available Moll et al. 1982). The NUE can

be further analyzed by dissecting it into the nitrogen uptake efficiency (NupE; ratio of N

taken up by the crop on N soil plus the fertilizer supply) and the N utilization efficiency

component (NUtE, yield to N uptake ratio), as well as an apparent N recovery efficiency

(AFR or NRE, N uptake to N fertilizer ratio, Foulkes et al. 1998). The NUtE is many

times considered an appropriate metric for genotypic evaluations targeting gains in internal

physiological processes affecting photosynthesis or partitioning (Cormier et al. 2016; Moll
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et al. 1982; Lammerts van Bueren and Struik 2017). Thus, plant breeders have borrowed

the NUtE concept for N phenotyping and screening purposes.

Interestingly, studies in production agriculture have proposed new metrics that are more

robust than NUE-derived metrics (e.g., NUtE) for comparing contrasting scenarios (e.g.

NupE in Cohan et al. 2019). A very relevant model is the critical N dilution curve (Justes

et al. 1994; Lemaire et al. 1998), which disrupted the scientific paradigm for diagnosing

wheat N nutritional status with applications for evaluating the effective use of N. The most

relevant characteristic of the N dilution curve is that it considers the allometry between N

uptake and biomass accumulation (W). This allometry indicates that plant N uptake is co-

regulated both by soil mineral N and by plant growth rate capacity (Devienne-Barret et al.

2000). It is possible to estimate the critical plant N concentration (%NC) as the minimum

plant %N needed to obtain maximum crop W: %NC = A1 · W−A2
max (Lemaire et al. 2008).

The allometric coefficient A2 > 0 thus indicates a decline in plant N concentration (%N) as

crop W increases, leading then to a N dilution curve. These critical N dilution curves can

be used for evaluating crop N status under field conditions as the actual %N relative to the

%NC value corresponding to the actual crop mass: the N nutrition index (NNI, actual to

critical %N ratio) indicates whether the crop is N deficient (NNI<1), N sufficient (NNI=1),

or under luxury consumption of N (NNI>1). The NNI represents a viable alternative to

NUtE for evaluating efficient use of N in agricultural systems (Lemaire and Ciampitti 2020),

but until this point, no study has compared these two N metrics.

Unlike production agriculture, most evaluation criteria in breeding programs are still

based on NUE-derived metrics (e.g., Martre et al. 2023), and thus face the risk of con-

founding effects of N dilution product of crop growth with true N use efficiency (Lemaire

and Ciampitti 2020; Li et al. 2022). Recent studies flag NUE and its derived components

as possibly misleading due to the lack of consideration of the allometric relationship W-N.

In fact, the crop N dilution process leads automatically to an increase in NUtE as lower

plant %N corresponds to a higher crop W per unit of N uptake. Therefore, the NUtE of
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different genotypes must be compared under similar crop W (Lemaire and Ciampitti 2020).

If the comparison is done under different crop W, any apparent difference in NUE must be

analyzed carefully since changes in this N metric can simply be explained by changes in

crop growth capacity (Lemaire and Ciampitti 2020). In consequence, any progress in NUE

driven by increasing crop growth capacity is obtained with lower plant %N that leads to the

well-known trade-off between yield and %N (Lemaire et al. 2021) but also for grain crops like

wheat (Triticum aestivum L.). In fact, historical studies report an apparent improvement

in NUE accompanying historical yield gains (Cormier et al. 2013; Ortiz-MonasterioR et al.

1997; Peng et al. 2022; Sylvester-Bradley and Kindred 2009), mainly reflecting changes in

crop W but without direct impacts on N metabolism. Previous research has pointed out

that breeding programs may be missing insights from analyses based on the N-W allometry

(Ciampitti et al. 2022).

Following this rationale, the aim of this study was to provide a quantitative comparison

for NUtE versus NNI as metrics to evaluate the efficient use of N for grain yield/quality in

breeding programs, with potential for developing new N phenotyping metrics. The specific

objectives were to (i) establish functional relationships between grain yield, grain protein

concentration all associated with NNI or with NUtE, (ii) analyze the use of NNI for crop

phenotyping, and (iii) revise historical changes in NUtE versus NNI to provide insights on

the direct impact of N changes on wheat yield increases over time.

4.2 Materials and Methods

4.2.1 Field experiments

A total of 11 wheat experiments were performed during the seasons 1999/2000, 2000/2001,

2003/2004, 2004/2005, 2006/2007, 2007/2008, and 2008/2009 in six locations in France.

These experiments correspond to previously published studies, namely Cormier et al. (2013),

Laperche et al. (2006), Bogard et al. (2010), and Gaju et al. (2011) and provide large enough
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genetic variability to explore contrasting relationships between N status, yield, and grain

protein concentration (GPC). Cormier et al. (2013) used a set of 228 cultivars released

between 1969 and 2010 to study changes in NUE that may explain yield gains and changes

in grain protein. Laperche et al. (2006) screened a mapping population (n = 235) of French

germplasm for their NUE characteristics. Bogard et al. (2010) studied a set of 30 French and

British modern wheat cultivars, while Gaju et al. (2011) studied 16 modern French cultivars.

All experiments presented at least two N rates (i.e., low and high N), and measured both

W and %N at anthesis and harvest time for wheat crop. Thus, the pairs of actual W and

actual %NC at anthesis allowed the estimation of NNI at this crop growth stage. Further

measurements were grain yield, GPC at harvest (%), grain number per m2 (GN, grains m−2),

and thousand grain weight (TGW, g). Protein Yield (PY, Mg ha−1) was calculated as grain

yield by GPC. A detailed description and further information about the experiments can

be found in Cormier et al. (2013), Laperche et al. (2006), Bogard et al. (2010), and Gaju

et al. (2011) and Table 4.1.

4.2.2 Computations and Statistical Analyses

For the first objective, we investigated the relationships between yield, grain protein, NNI

and NUE via clustering and principal component analyses (PCA). We used the data in

Bogard et al. (2010) and Gaju et al. (2011) corresponding to modern cultivars. First, we

obtained the means of each genotype in each environment. We clustered the genotype-

environment specific data according to the scaled values for grain yield and grain protein

using a k-means algorithm and a set of 23 indices to obtain the optimum number of clus-

ters (Charrad et al. 2014). Then, we performed three PCAs: (1) using data from all N

environments in Bogard et al. (2010) and Gaju et al. (2011) (2) using only high N sup-

ply data, (3) using only low N supply data. In all cases, we considered the scaled values

of the variables grain yield (GY), grain protein concentration (GPC), protein yield (PY),

N utilization efficiency (NUtE), and NNI. We computed NUtE = W/Nupt. In this case,
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Article Number of
site-years

Genotypic
characteris-
tics

N treatments Measurements

Laperche et al.
(2006)

5 (4 in 99/00,
and 3 in 00/01)

Mapping pop-
ulation (n =
235)

High N, Low N N uptake,
Biomass, Grain
Protein Con-
tent, Grain
Yield, Grain
Number

Bogard et al.
(2010)

4 (2 in 03/04,
and 2 in 04/05)

Modern wheat
cultivars (n =
30)

High N, Low N

Gaju et al.
(2011)

8 (4 in 06/07,
and 4 in 07/08)

Modern wheat
cultivars (n =
16)

High N, Low N

Cormier et al.
(2013)

4 (2 in 07/08, 2
in 08/09)

Wheat
cultivars
(1969–2010) (n
= 228)

High N, Low N

Table 4.1: Summary of experiments (article, number of site-years, genotypic charac-
teristics, and fertilizer nitrogen levels, treatments) and measurements. (n = ...) indi-
cates the total number of cultivars tested in the experiment. Units: N uptake (Mg ha−1),
Biomass (Mg ha−1), Grain Protein Concentration (%), Grain Yield (Mg ha−1), Grain num-
ber (grains m−2).

NUtE represents the internal efficiency of producing W per unit of absorbed N (Lemaire

and Ciampitti 2020). For the second objective, we analyzed the relationship between NNI,

the yield components (i.e., grain number and thousand grain weight), and GPC, with an

emphasis on the implications for phenotyping applications. We used the data in Laperche

et al. (2006) to fit a mixed-effects linear model describing yield as a function of grain number

and thousand grain weight:

yijl ∼ N(µijk, σ
2), (4.1)

µijk = β0 + x1,ijkβ1 + x2,ijkβ2 + uj|k + vk, (4.2)

where yijk is yield (in Mg ha−1) for the ith repetition (i = 1, 2, 3) of the jth cultivar (j = 1,

2, . . . , 235) under the kth N environment (k = 1, 2), with expected value µijk and variance
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σ2. The expected value is described as the sum of a global intercept β0, grain number per

m2 of the ith repetition, jth cultivar and kth N environment (x1,ijk) times its effect on

yield β1, thousand grain weight of the ith repetition, jth cultivar and kth N environment

(x2,ijk, in g) times its effect on yield β2, the random effect of the N environment vk and the

random effect of cultivar nested within the N environment uj|k. Moreover, we analyzed the

relationship between relative yield and relative GN in low N and high N environments. For

that, we computed the relative yield of the jth cultivar as ryijk =
yijk

ykmax
, where ryijk is the

expected relative yield of the ith observation of the jth cultivar in environment k, yijk is the

observed yield of the ith observation of the jth cultivar in the kth environment, and ykmax

is the expected maximum yield of a cultivar in the kth environment.

For the third objective, rethinking historical changes in NUE versus NNI, we performed

three regression analyses of NUtE, NNI efficiency (NNIe, yield to NNI ratio), NNI, and the

ratio GN to NNI (i.e., GN ·NNI−1), as a function of the year of release. We fitted the data

in Cormier et al. (2013) to mixed-effects linear models that describe yield as a function of

the year of release (fixed), variety (random), and N environment (random). The models can

be expressed as:

yijk ∼ N(µijk, σ
2), (4.3)

µijk = β0 + x1,ijkβ1 + uj|k + vk, (4.4)

where yijk is NUtE, NNIe, NNI, or GN·NNI−1 for the ith repetition (i = 1, 2, 3) of the jth

cultivar (j = 1, 2, . . . , 235) under the kth N environment (k = 1, 2), with expected value

µijk and variance σ2. The expected value is described as the sum of a global intercept β0,

year of release of the ith repetition, jth cultivar and kth N environment (x1,ijk) times its

effect on yield β1, the random effect of N environment vk and the random effect of cultivar

nested within N environment uj|k. All analyses were performed using R software (R Core

Team 2019), ‘tidyverse’ (Wickham et al. 2019) for data wrangling and package ‘lme4’ (Bates

et al. 2014) for fitting mixed-effects models.
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Cluster Grain yield (Mg ha−1 Protein concentration (%)
High Yield 8.34 (4.77, 11.61) 9.52 (5.80, 13.83)

Medium Yield 8.52 (6.37, 10.52) 10.05 (6.88, 12.84)
Low Yield, High Protein 6.23 (4.36, 9.00) 11.93 (7.52, 16.21)

Table 4.2: Description of 45 wheat cultivars clustered according to their grain yield and
grain protein concentration. The data represent cultivars from Bogard et al. (2010) and
Gaju et al. (2011). Values represent means, brackets include 95% high density intervals.

4.3 Results

4.3.1 NNI is better related to grain yield than NUtE

Three clusters were obtained by dividing the 45 cultivars into the groups ‘high yield’,

‘medium yield’ (both with a wide range of protein levels), and ‘low yield, high protein’

(Table 4.2). The PCA revealed that, in all cases, grain yield and NUtE had near to no re-

lationship (Figure 4.1). Oppositely to NUtE, NNI at anthesis was always positively related

to grain yield. Moreover, there was a positive relationship between NNI and GPC, although

not as strong as the one observed for NNI and yield (Figure 4.1).

For N environment-specific analyses (Figures A.1 and A.2), the relationships between

the variables were similar: the null relationship between NUtE-yield was preserved, as well

as the positive relationship between NNI and yield. However, NNI was not related to GPC

for the environment-specific analyses, suggesting large-scale effects of N status on GPC that

are no longer identified at higher resolution.

4.3.2 Breeding for NNI is breeding for grain number

The NNI at anthesis was positively related to grain number m-2, grain weight, and GPC

(Figure 4.2). Yields were positively associated with grain number [slope = 0.373 (0.369,

0.376) Mg ha−1g1000−1] and grain weight [slope = 0.147 (0.144, 0.149) Mg ha−1g1000grains−1],

although the relationship was stronger for grain number (Figure 4.2a).

The relative performance of the genotypes was similar for both low N and high N envi-
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Figure 4.1: a. Relationship between grain yield (GY), grain protein (GPC%), Nitrogen
Utilization Efficiency (NUtE) and Nitrogen Nutrition Index at anthesis (NNI) on the first
two axes of a principal component (PC) analysis for 45 wheat varieties. b. Relationship be-
tween NNI at anthesis and grain protein content(GPC, in %), grain yield (GY, in Mg ha−1),
and Protein Yield (PY, in Mg ha−1). Point shapes indicate N environment: high N (HN),
or low N (LN). Point colors indicate cluster: ‘high yield’ (154 observations), ‘medium yield’
(474 observations), or ‘low yield, high protein’ (170 observations).

8



Figure 4.2: a. Grain yield components: thousand grain weight (g) and grain number (1000
m-2). Dashed lines indicate isoyield lines (yield indicated in Mg ha−1). Point color indicates
NNI at anthesis. b. Relative yield under high N environments versus Relative yield under low
N environments. Colors indicate grain protein concentration (%). c. Relative grain number
under high N environments versus Relative grain number under low N environments. Colors
indicate grain protein concentration (%). The solid line represents the 1:1 line.
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ronments. While the major factor driving N status (i.e., NNI) was the N environment, the

GW-GN relationship remained similar for the same genotype, across different N environ-

ments (Figure 4.2 b and c). A few genotypes were considered “less desirable” given their

sensitivity to N stress (top left corner in Figure 4.2 b). Otherwise, the regions along the 1:1

line contain similar genotypes, suggesting their similar performance under high N and low

N environments (Figure 4.2 b and c).

4.3.3 Breeding-driven changes in NUtE are not equivalent to changes

in NNI at anthesis

Historical gains in NUtE and NNIe (yield to NNI ratio) over time (Figure 4.3). Overall, the

increase in NUtE was 0.2 g yield g Nupt year−1 (p<0.01), and the increase in NNIe was 0.07

Mg yield NNI−1year−1 (p<0.01), while the absolute value of NNI changed only about -0.001

year−1 (p=0.22). In relative terms, the historical gain estimates were greater for NUtE than

for NNIe. Interestingly, we found that the historical changes followed the same trend under

both low- and high- N environments (p=0.4 for NUtE; p=0.7 for NNI). Moreover, we found

that new varieties were able to produce more grains under a same N status (i.e., NNI) at

anthesis (p<0.01).

We examined historical trends in other variables that have functional relationships with

yield, to better understand changes in NUtE. We found that the increases in NUtE were ac-

companied by increases in grain yield (0.26 Mg ha−1year−1), harvest index (0.00096 year−1),

and dilutions of grain protein concentration (-0.032 %year−1).

4.4 Discussion

This study portraits the benefits of using NNI for quantifying the role of efficient crop N

utilization, especially to avoid misleading conclusions confounding effects between improve-

ments in N use and N dilution with direct impacts on yield gain. Our results show that
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Figure 4.3: Historical changes in NUtE (a) and NNI (b) for 228 wheat varieties registered
between 1969 and 2010. Point colors indicate grain yield (Mg ha−1), and the regression
lines indicate historical trends, significant at p<0.05 (solid line) and non-significant (dashed
line).

using allometric-based criteria avoids confounding true improvements in crop N use for N

dilution driven by the W-N allometry (i.e., greater W, greater N dilution, more apparent

efficiency; Lemaire and Ciampitti 2020). In our revisionist analysis, we found that tradi-

tional NUtE-based analyses overestimate the influence of the efficient use of N associated

to yield gains. In some cases, yield gains may be driven by increased overall biomass or

harvest index (Austin 1999; Hay 1995; Brancourt-Hulmel et al. 2003). In such cases, crops

are expected to maintain their N-W allometry, leading to apparent gains in NUE (Lemaire

and Ciampitti 2020). However, it is possible to expect yield gains at similar N status that

may be related, for example, to the vertical distribution of foliar N (Drouet and Bonhomme

2004) or increases in early vegetative N uptake and late N remobilization (Fernandez et al.

2022) or other processes that increase growth or grain number per unit N (Reynolds et al.

2000). Usually, breeding progress is a product of both driving forces, but detecting real

changes in N use requires directed analyses considering the N-W allometry.

While modern breeding programs are built on the progress obtained by decades of

(mostly) yield-driven advances, there may be some underexploited traits remaining (Brancourt-

Hulmel et al. 2003; Long et al. 2006). Even when the yield-driven approach to genotypic

selection has affected canopy architecture and harvest index (Trethowan et al. 2007), other
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processes for yield formation may remain underexploited due to the difficulty to modify

them without them being intentionally targeted for modifications. For example, retrospec-

tive analyses show that the vegetative:reproductive growing cycle partitioning, and biomass

partitioning, among other traits, have experienced improvements over time (Lopes et al.

2012; Reynolds et al. 2012). Consequently, the additional benefit from improving the same

traits is expected to be relatively low in comparison to other yet ‘underexploited’ traits (Fis-

cher and Edmeades 2010). Some of these ‘underexploited’ traits mentioned in the literature

include photosynthetic metabolic pathways (Austin 1999; Long et al. 2006; Fischer and Ed-

meades 2010), fruiting efficiency (Pretini et al. 2021), N storage capacity for increasing N

remobilization during grain filling (Foulkes et al. 2009; Gaju et al. 2014), and root archi-

tecture for N capture (Lynch 2019). However, complexity and trade-off might be evident

between modifying root N capture and improving crop W (and yield), as highlighted for

maize crop the relationship between root types and W are not proportional and allometric

(York and Lynch 2015). Therefore, the pathway for increasing nutrient capturing is com-

plex due to regulation of genes on root architecture and signals controlling expression of root

types for effective foraging (Jia and von Wirén 2020; Krouk et al. 2010), but recognized as a

key component for boosting crop productivity (Reynolds et al. 2021). More recently, inclu-

sion of biological nitrification inhibition (BNI) to wheat cultivars is a new potential pathway

to reduce N fertilizer use over time for major crop cereals (Subbarao et al. 2021; Subbarao

and Searchinger 2021). To measure the efficacy of modifying these traits, current leading

studies are using NUE-based metrics for evaluating agricultural systems (Martre et al. 2023)

possibly leading, as we mentioned, to misleading conclusions due to unaccounted W-%N al-

lometries. This study clearly demonstrated that an allometric-based metric like NNI may be

a robust metric for genotypic evaluations to better select for traits that can more effectively

increase nutrient capture for yield formation. We have demonstrated this convenience using

NNI as a measure related with N uptake, and GN NNI−1 as related to fruiting efficiency

and general productivity under the same N status.
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Future breeding strategies may benefit from allometric-based phenotyping metrics like

NNI also as a strategy to alleviate screening labor. Phenotyping corresponds to one of

the greatest bottlenecks in breeding programs (Araus and Cairns 2014). In this context,

the adoption of allometric-based phenotyping may relieve labor and monetary resources by

providing an early screening of genotypes for concurrently targeting improvements in both

yield and GPC. We argue that the resources saved may be reallocated towards increasing

the range (i.e., the difference in available N between the extreme-low and extreme-high N

treatments) and resolution (i.e., the number of N treatments) of N scenarios. Allocating

more efforts into exploring contrasting N conditions (instead of the regular two) for an in-

creased range and resolution may help disentangle other crop processes because the economy

of N in the canopy is a complex process. These contrasting N conditions applied to different

genotypes have already shown that the ability to tolerate N deficiency depends on the time

when N deficiency occurs (Ravier et al. 2017). The concept of NNI path along the growing

cycle and tolerable deficiency could be another trait to select more tolerant and efficient

genotypes and to propose combinations of genotypes with different N deficiency strategies

according to the risk of environmental N supply (soil N mineralization reduction, N stress

induced by water stress, etc.). Such analyses may bring insights about mechanics in grain

protein formation under different anthesis and grain filling N conditions. Rapid phenotyp-

ing NNI at anthesis may thus help avoiding indirectly selecting cultivars with the typical

yield-driven protein dilution (Calderini et al. 1995).

The adoption of NNI metrics in breeding programs may be accompanied with remote

sensing techniques borrowed from production agriculture for additional savings in time and

labor devoted to crop phenotyping tasks. Recent efforts have shown practical applications of

remote sensing techniques for both breeding programs (Yang et al. 2020) and for phenotyping

crop N nutritional status Berger et al. (2020). The compatibility of the NNI concept with

remote sensing applications (Lemaire et al. 2008; Zhao et al. 2021; Li et al. 2022) supports

the notion that NNI may represent a very relevant metric deserving further developments
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for breeding applications. Such efforts may be carried out almost exclusively in trans-

disciplinary teams that combine domains including crop physiology, remote sensing, and

sensor engineering. We envision that the products produced by trans-disciplinary teams

for phenotyping N status with remote sensing techniques and allometric-based metrics may

save time, labor, and help target under-exploited traits in plant breeding programs. All

things considered, however, the success of such phenotyping platforms and even the success

of breeding programs considering N-related traits depends on the exploitation of genetic

variability related to N uptake and metabolism. While genetic variability is considered one

of the major bottlenecks in plant breeding (Lopes et al. 2015), other new opportunities

arise to explore new traits more directly linked to N (Wu et al. 2019; Subbarao et al. 2021;

Fernandez et al. 2022) that could provide an alternative for increasing yields via reduction

on the dependency of external N inputs (Ciampitti et al. 2022). Future efforts should

be focused on developing trans-disciplinary plant breeding programs to accelerate high-

throughput phenotyping techniques to sustain future yield gains for reducing dependency

to inputs under varying climate environments.

4.5 Conclusions

Allometric-based (i.e., NNI-based) approach for phenotyping holds great potential to aid

breeding programs. We found that NUtE, one of the most popular metrics used in plant

breeding programs, has little to no relationship with yield and grain protein concentration.

Thus, selection via NNI criteria may help producing higher-yielding cultivars by indirect

selection of greater grain number and protein concentration. Methods borrowed from re-

mote sensing applications in production agriculture may be beneficial to accelerate high-

throughput phenotyping techniques that include sound metrics that quantify the efficiency

in the use of N. Future research will benefit from integrating this N metric into breeding

programs via more directly targeting soil-plant N processes.
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Chapter 5

Challenges in phenotyping crop

nutritional status – a bibliometric

perspective

5.1 Introduction

Reducing the dependency of synthetic fertilizers applied to modern agricultural systems is

one of the major objectives for increasing sustainability. Nitrogen (N) fertilizer application,

especially when in excess to crop N demand, is one of the largest sources of air and water

pollution. To reduce the environmental impact, external N inputs can be reduced via two

major strategies: enhancing agronomic management (e.g., right rate, timing, source, and

placement of external nutrient inputs) and crop genetic selection to produce similar yield

levels under reduced N inputs (Lemaire and Ciampitti 2020). Thus, evaluating the crop

N status is important in both crop production settings (herein referred to as production

agriculture) and pre-commercial breeding programs. Previous studies have reported that

systems including periodic assessments of crop N status are able to adjust their yield ex-

pectations and thus, the amount of fertilizer adequate for the cropping system. However,
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phenotyping the crop N status is still a challenging task, especially at early stages of crop

improvement when hundreds of materials are tested under field conditions, as there is a

trade off between accuracy and labor intensity. This perspective article intends to provide

a summary of the current and prospective techniques available for quantifying the crop N

status. Finally, we aim to convey a strong message regarding possible opportunities for

filling the knowledge gap between production agriculture and plant breeding in terms of the

advances in phenotyping crop nutritional status, and propose future research directions and

opportunities.

5.2 Technology transfer from production agriculture

and pre-commercial breeding stages to early stages

of the plant breeding pipeline

Phenotyping crop traits is one of the most important bottlenecks in plant breeding programs

(Furbank and Tester 2011; Araus and Cairns 2014). Phenotyping is crucial for understanding

plant mechanisms to help breeders improve specific targets for crop traits, like those related

to N metabolism (e.g., N concentration, Feng et al. 2016). However, while some crop traits

may facilitate selection, their measurements can be labor intensive, expensive, and time

consuming (Ghanem et al. 2015). Thus, there is a growing demand for developing novel

low-cost phenotyping methods (Nguyen and Kant 2018), like proximal and remote sensing

techniques that alleviates field labor (Tao et al. 2022).

Studies in production agriculture have demonstrated that the best metrics for describing

crop N status are those considering the allometric relationship between crop growth and N

uptake (Lemaire and Ciampitti 2020). In this context, the nitrogen nutrition index (NNI)

may be considered the golden standard for determining the crop N status. Recent efforts

have pursued the estimation of NNI using proximal and remote sensors (Lemaire et al. 2008).
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The current-state-of-the-art techniques for proximal and remote sensing for determining

crop N status in major field crops can be studied by exploring advantages and limitations

for breeding, including both equipment and metrics (Figure 5.1). In terms of the equip-

ment, the first efforts for proximal sensing crop N status were hand-held sensors, like the

broadly implemented Soil-Plant Analysis Development (SPAD) chlorophyll meters (e.g., Ma

et al. 1996). The SPAD meter was first implemented for measuring chlorophyll content in

production, and then adopted by breeders to better understand plant N distribution (e.g.,

Babar et al. 2006). Even though SPAD reading need a full-N reference (plots with high N

fertilization), it also provides a flexible tool to take measurements with very high spatial

resolution (e.g., characterize the strata of the plant canopy; Silva-Perez et al. 2018) and

highly relevant for genotypic characterization in breeding programs. Currently, proximal

sensing applications are expanding with the use of ground-based robotic applications (e.g.,

rovers; Atefi et al. 2021). For remote sensing, applications for crop N status phenotyping

started with the newest generation of satellites with greater spatial resolution (i.e., 0.5 to 5

m) and hold great expectations for future applications given the low amount of field efforts

required (Pinto et al. 2023). In addition, remote sensing applications expanded with the

introduction of commercial unmanned aerial vehicles (UAV), yielding data with higher spa-

tial resolution than current commercially available satellite imagery. More recently, some

airborne (i.e., airplanes) hyperspectral imagery is being used for remote sensing of crop N

status (Wang et al. 2021). Most remote sensing applications aim to reduce field labor but

face their challenge in the data processing step (Araus and Cairns 2014).

Broadly, there are two general approaches to quantifying crop N status with proximal or

remote sensing: (i) via determination of spectral bands and calculation of a vegetation index

(Prey et al. 2020), or (ii) via measurement of crop physiological parameters (e.g., nitrogen

nutrition index; Mistele and Schmidhalter 2008). For example, sensors placed in both

satellite and UAV obtain spectral bands and permit calculation of vegetation indices such as

the normalized difference vegetation index (NDVI) and the normalized difference vegetation
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Figure 5.1: Overview of current state-of-the-art techniques for proximal and remote sensing
crop N status. Box colors indicate the degree of technological development for crop N status
phenotyping, i.e., more developed (green) to recently introduced (red).
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index on greenness (GNDVI). These indices may be used as a proxy for crop biomass (Xu

et al. 2022), or to estimate chlorophyll content or nitrogen nutrition index (NNI; Chen 2015).

The NNI is thus far the only index that describes the N nutritional status considering the

allometric relationship between N uptake and crop growth (Lemaire and Ciampitti 2020).

On the other hand, proxies for chlorophyll content may be implemented when targeting

a more homogeneous vertical distribution of foliar N along the canopy in crops like corn

(Reyes Ponce 2016).

5.3 Bibliometric characterization of the scientific pro-

duction and opportunities

We performed a bibliometric analysis to describe the scientific production of studies in-

cluding remote sensing applications for crop N status field determinations and shed some

light on the current knowledge gap between production agriculture and plant breeding. We

obtained 1042 peer-reviewed publications from a search of the Web of Science database,

using the terms nitrogen (or N), phenotyping, and crop. The data were analyzed using

the R package ‘bibliometrix’. Recent advances in remote sensing applications for N status

phenotyping in both production agriculture and breeding have been summarized in review

articles (estimation of NNI in Li et al. 2022; N status sensing in Berger et al. 2020; ap-

plications to phenomics in Tao et al. 2022; satellite imagery applications in plant breeding

in Pinto et al. 2023). Note that the reviews on proximal and remote sensing applications

to breeding programs only vaguely mention N status phenotyping. Perhaps because N use

is not fully considered in breeding programs yet, the link between these disciplines is still

incipient (Figure 5.2). Most of the proximal and remote sensing techniques in plant breeding

seem to be somewhat less developed (Figure 5.2a; Chawade et al. 2019), and standing at

least a decade behind to those from production agriculture (Figure 5.2b). In other words,

the technology transfer seems to take about a decade and preserves most original methods.
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Figure 5.2: Scientific production on crop N status phenotyping. Top panel (a) portrays
a network for the keywords from a search of the Web of Science database, using the terms
nitrogen (or N), phenotyping, and crop. Colors indicate the network community (i.e., a
group of highly connected keywords) and is divided into concepts related to genetics (red),
proximal and remote sensing terms(blue), and crop physiology terms (green). Bottom panel
(b) shows the number of publications investigating crop N status phenotyping for applications
in production agriculture (turquoise) or for application in breeding programs (red).

For example, recent efforts for quantifying crop N status (Berger et al. 2020) are considered

promising in breeding scenarios, but there is no clear evidence that they have been applied

yet. Likewise, crop remote sensing using satellite imagery has been around in production

agriculture, but is a novelty for breeding programs, perhaps due to contrasting requirements

in terms of spatial resolution.
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5.4 Prospective views and conclusions

We envision the development of new equipment, traits, and criteria, developed exclusively

for enhancing information for plant breeders that do not necessarily stem for production

agriculture. First, metrics and equipment for quantifying crop N status that are borrowed

from production agriculture should be analyzed carefully for breeding applications (Chawade

et al. 2019). Many of the developments of new low-cost phenotyping methods for production

agriculture need adjustments to be transferred to breeding programs, due to different spatio-

temporal focuses of the research problems. Production agriculture focuses mostly on the

upper leaf strata for N status characterization (Berger et al. 2020), but breeders require

characterizing additional sections of the vertical canopy profile that may be targeted by

crop breeding. For example, corn (Zea mays L.) yield gains are associated to improved

N status of the lower leaf strata (Reyes Ponce 2016; Fernandez et al. 2022) and, in wheat

(Triticum aestivum L.), basal N content is also associated to higher responsiveness to N

fertilization (Nguyen et al. 2016). It is thus worth considering the lower leaf strata for

canopy characterization. New crop N status phenotyping techniques should be developed,

in addition to mainstream technology borrowed from production agriculture. Some examples

for inspiration are present, for example, for phenotyping soluble carbohydrates in the stem

with a spectroradiometer mounted on a 4-wheel drive motorbike (Dreccer et al. 2014).

We have provided a portrait of the current state-of-the-art technologies, available and

missing, for rapid phenotyping crop N status in breeding programs. Most breeding pro-

grams rely heavily on borrowing proximal and remote sensing phenotyping techniques and

metrics from production agriculture. Future research should focus on exploring new sensor

techniques, metrics, timing for determination, aim for phenotyping novel crop traits. Ex-

panding the number of variables for crop phenotyping may lead to a better understanding

of the potential impact for directly targeting yield gains derived from impact on plant N

economy.
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Chapter 6

Final Remarks

This dissertation comprises a set of studies aiming to maximize the utility provided by

crop nutrition models such as the critical nitrogen (N) dilution curve, via rethinking and

revising methods in the workflow associated with said models. The general consensus for

managing crop nutrition is summarized in conceptual frameworks that are expressed as

mathematical models. These models synthesize the current beliefs regarding the relation-

ship between nutrient availability, crop nutrient uptake, and crop growth. Frequently, the

coefficients quantifying the strength of the relationships between variables (e.g., grain yield

and N concentration) are estimated from data using statistical models. Thus, the selection

of the components considered in the general conceptual framework (i.e., the model) matters.

That includes the selection of metrics considered, the equipment to measure those metrics,

and the statistical methods used for obtaining inference. All the factors listed above affect

results, inference, conclusions and ultimately define the course of resource allocation. This

dissertation proposes rethinking some common practices and metrics, considering both sta-

tistical and crop physiology aspects, and indicates future prospects for developing sound

models for determining crop N status for production and breeding applications.

The research presented in this dissertation should convey the notion that the conceptual

frameworks for quantifying N use in agricultural systems relies heavily on the methods
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and metrics implemented. We first showed that the selection of the statistical framework

for analyzing those data is crucial. Chapter 2 shows that the statistical framework can

greatly affect the results and thus ultimately may have an impact on the sustainability of

an agricultural system. Chapter 3 reflects on the selection of certain methods, and proposes

rethinking some common practices in crop nutrition models. The path forward should

include models that are as realistic as possible, with data acquired as reliable as possible,

that adequately account for (i.e., propagate and quantify) the associated uncertainty.

Moreover, the preferred frameworks for measuring nutrient use in agricultural systems

are based on sound crop physiology concepts. Chapter 4 showcases the importance that the

metrics for measuring nutrient use consider the allometric relationship between N uptake

and crop growth. Quite surprisingly, there is quite some room for improvement on the

breeding side in terms of technology adoption and special measuring devices. Chapter 5

reports current advancements, knowledge gaps, and suggests possible ways to move crop N

status phenotyping forward.

All things considered, future research should aim for (i) developing statistical models with

realistic assumptions that can propagate and quantify uncertainty, and (ii) developing new

measurement equipment that explicitly correspond to the target plant traits. Stakeholders

working on both points should hold a tight communication, as the effective impact on

real world problems will depend on a synergistic development of the two aspects of crop

phenotyping. This calls again for the development of trans-disciplinary organizations with

clear goals: the goal in this case is improving sustainability in agriculture while preserving

(or improving) current food security conditions, and calls for teams of physicists, engineers,

crop physiologists, agronomists, statisticians and applied mathematicians.
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Appendix A

Supplementary Figures
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Figure A.1: Relationships between grain yield (GY),grain protein (GP%), Nitrogen Uti-
lization Efficiency (NUtE) and Nitrogen Nutrition Index at anthesis (NNI) on the first two
axes of a principal component (PC) analysis for data of wheat cultivars grown under low-N
environments.
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Figure A.2: Relationships between grain yield (GY),grain protein (GP%), Nitrogen Uti-
lization Efficiency (NUtE) and Nitrogen Nutrition Index at anthesis (NNI) on the first two
axes of a principal component (PC) analysis for data of wheat cultivars grown under high-N
environments.
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