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Abstract
Both the rate and timing of crop fertilizer application play
an important role in agricultural productivity. However,
inefficient fertilizer use can significantly increase produc-
tion costs, water pollution, and greenhouse gas emissions.
To capture both the spatial heterogeneity and dynamic
nature of this problem, we develop a multi-stage network
production model, which links the sequential stages of
crop growth within the overall crop production process.
We use this framework to estimate nitrogen fertilizer
application inefficiency and to determine the optimal rate
and timing of fertilizer application. We apply this frame-
work to wheat production at the field scale, using an agro-
nomic simulation model calibrated to experimental data
from Australia. Our results indicate that it is optimal to
reduce the overall fertilizer application rate and to move
away from the current practice of front-loading fertilizer
in the initial stages of crop growth toward the intermedi-
ate stages. This can be achieved without compromising
yields while also reducing nutrient losses.
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1 | INTRODUCTION

Nitrogen (N) fertilizer remains essential to agricultural production. However, N runoff from excess
N use continues to play a leading role in global water quality problems, including inland area eutro-
phication, coastal area hypoxia, and biodiversity loss (FAO, 2022). Nitrous oxide emissions from N
fertilizer are also one of the main forms of agricultural greenhouse gas (GHG) emissions. This high-
lights the importance of improved N use efficiency (NUE), from both a productivity and an environ-
mental perspective.

N loss to the environment results from excess N fertilizer application, but it also depends on the
timing of application relative to the stages of crop growth and nutrient uptake. Environmental fac-
tors, such as soil and climate conditions, also define the process of N loss (Sinha et al., 2017).
Improving NUE will require a better understanding of both how much and when to apply N fertilizer
to crops.

Recent advances in modeling production processes as a network of separate, but connected
stages of production (Bostian, Färe, Grosskopf, & Lundgren, 2018; Kao, 2017) lend themselves well
to the analysis of dynamic efficiency and optimal timing of input use in staged production activities,
such as agriculture. This network approach allows for better dynamic representation of the produc-
tion technology than more common single-stage methods, which fail to distinguish the timing of
input use and crop growth. Drawing on this approach, we develop a multi-stage network model to
estimate dynamic efficiency for crop production and the optimal timing of N use across the separate
stages of crop growth, considering both production output and environmental objectives. To our
knowledge, we are the first to apply this framework at the agricultural field level.

Previous studies have applied network production models for agriculture at more aggregated
levels, including at the regional level (Kazemi-Matin & Azizi, 2016), across the supply chain (Liu
et al., 2012), and for the sector as a whole (Prieto & Zofio, 2007). In contrast, we consider the explicit
stages of production directly linked to the stages of crop growth, in order to estimate both the opti-
mal quantity and timing of N use over the crop production cycle. The dynamic nature of this prob-
lem is also relevant for other multi-stage production processes, as well as for managerial decisions
related to investment in and growth of production units.

Our micro-level approach has several advantages for management and policy. First, it allows us
to draw findings and recommendations for optimal N application rates at each crop production
stage and for the specific field in question. Second, it allows us to estimate the production technology
at each stage and to better assess potential increases to overall crop yields. Third, this framework
allows us to assess potential reductions to N losses into the environment due to over-application at
different stages of the crop production cycle and under specific environmental conditions. This more
detailed assessment can be used to inform management practices aimed at reducing N pollution
from agriculture along both spatial and temporal dimensions.

We integrate a locally calibrated bio-physical simulation model of crop growth with an economic
network production model to estimate the optimal rate and timing of N use for improved NUE. We
apply this framework to wheat production.

2 | LITERATURE REVIEW

2.1 | Fertilizer application rates and timing

Much of the focus in the agricultural economics literature around fertilizer application pertains to the
determinants of N use by farmers and finding optimal levels of fertilizer input (Tembo et al., 2008;
Tumisiime et al., 2011). This mainly considers fertilizer application as one of many production inputs,
without explicitly considering how efficiently this input is transformed into yield, or the biophysical
processes determining the fate and transport of excess nutrients to surrounding water systems.
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Several studies investigate the potential use of excess fertilizer application as a form of insurance,
in response to the uncertain marginal productivity of fertilizer inputs and more general production
risk. Babcock (1992) finds that farmers use fertilizer as a risk-reducing strategy and incorporate this
into their expected profit maximization calculations. Babcock and Blackmer (1994) test ex-post
whether higher ex-ante optimal N fertilizer application rates are justified if the growing conditions
turn out to be favorable. They do not find statistical support for this but instead find that higher
rates are optimal when more site-specific improvements in growing conditions are considered. Isik
and Khanna (2002) analyze the effect of yield uncertainty on the perceived benefit of site-specific
technology and show that site-specific technology is beneficial.

2.2 | Nitrogen use efficiency (NUE)

Farmers commonly apply fertilizer in excess of agronomic recommendations (Berbel & Martínez-
Dalmau, 2021; Del Rossi et al., 2023; Paulson & Babcock, 2010; Sellers et al., 2020; Sheriff, 2005;
X. Zhang et al., 2015). NUE and the associated N loss to the environment have been studied exten-
sively (Ancev et al., 2023; Barnhart et al., 2016; Lamkowsky et al., 2021; Rabotyagov et al., 2010,
2014; Reinhard et al., 1999, 2000; Reinhard & Thijssen, 2000; Robertson et al., 2009, 2014), both at
the farm level and by using integrated economic production and biophysical models at the watershed
or other larger geographic scale. In general, these studies do not explicitly model the separate stages
of crop production or timing of N application, but instead consider total rates of N use in conjunc-
tion with other management practices, such as tillage and crop rotation.

Several recent studies review the effectiveness of the 4R approach (right source, right rate, right
timing, and right place) for N management (Bergtold et al., 2019; Hou et al., 2017; Yanni
et al., 2018). Fixen (2020) overviews the growing emphasis on environmental stewardship within the
4R N framework for N fertilizer. In one closely related study, De Laporte et al. (2021) extend the 4R
N framework for NUE to consider rate, timing, and application methods jointly. While they do not
explicitly optimize N use, as we do here, they do consider a variety of N rates, as well as alternative
N timing scenarios. They find that while overall N rate reduction plays the greater role in reducing
N emissions and increasing farm profits, changing to fertilizer injection methods and changing the
application timing to later growing stages also reduces N emissions and increases farm profits.

In another closely related study, Kazemi-Matin and Azizi (2016) investigate NUE using a static
network production model at the regional level, but without including environmental objectives or
optimizing N fertilizer application. To our knowledge, we are the first to examine NUE in a dynamic
network production model at the smaller field scale. In addition, we extend this network production
model to include both crop production and environmental objectives, as well as environmental
growing conditions, similar to De Laporte et al. (2021).

2.3 | Network or multi-stage production technologies

There now exists a growing literature related to the use of network or multi-stage production models
that provide more explicit structural representation, particularly in the context of
pollution-generating technologies. This includes work to separate the production technology into
separate subtechnologies for intended production and pollution generation as a byproduct of
pollution-generating inputs (Dakpo & Lansink, 2019; Førsund, 2018a, 2018b; Frisch, 1965; Murty
et al., 2012; Murty & Russell, 2018; Wang et al., 2023); work to incorporate circular agriculture prin-
ciples to the by-production framework (Wang et al., 2023); work to separate the pollution-generating
technology into separate subtechnologies for production, pollution, and subsequent abatement (Färe
et al., 2013; Hampf, 2014); work to model the optimal reallocation of pollution emissions reduction
over time (Bostian, Färe, Grosskopf, Lundgren, & Weber, 2018; Färe et al., 2012); and work to
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separate the abatement technology into separate subtechnologies for pollution prevention and pollu-
tion treatment (Bostian et al., 2022). Bostian, Färe, Grosskopf, and Lundgren (2018) reformulate
both the Murty et al. (2012) by-production model and the Førsund (2018a, 2018b) single good/single
bad output model as network models with multiple subtechnologies.

In another related application to agriculture, Ang and Kerstens (2016) develop a network model
to estimate optimal coordination of activities between crop and livestock production sub-
technologies. Bostian, Färe, Grosskopf, and Lundgren (2018) survey the pollution-generating tech-
nology literature more broadly, with an emphasis on multi-stage approaches. Kao (2017) provides a
more general overview of nonparametric network technology estimation.

Our network approach to track the propagation of N use, crop and soil N uptake, and N loss to
the environment also connects to previous work to impose the materials balance condition for
pollution-generating technologies (Coelli et al., 2007; Førsund, 2018a, 2018b; Hampf, 2014;
Rødseth, 2013, 2017). Rather than imposing the materials balance condition in our production model,
we use a biophysical model for crop growth to explicitly account for these N flows over the crop cycle.

2.4 | Lessons from the literature and contributions of the current study

Persistent N loss to the environment due to over-application of N fertilizer is well established in the
literature. Recent literature, using a variety of modeling techniques and application settings, finds
that the overall reduction of N fertilizer application rates, as well as moving the timing of the appli-
cation toward later stages of crop development, is both economically and environmentally beneficial
(Cai et al., 2023; De Laporte et al., 2021; Hoang & Wilson, 2017). We contribute further evidence
that is consistent with these recent findings for N rate and timing, but using a production theoretical
approach.

More broadly, we contribute to the three strains of literature discussed above in a number of ways.
We estimate optimal fertilizer rates and timing using a production technology-based approach which
models the production process as a network of the stages of crop development. This is particularly
important as the effective use of inputs by crops critically depends on the stage of crop development.
Our interest in the timing of N fertilizer use differs from previous related network applications
(e.g., Ang & Kerstens, 2016; Wang et al., 2023), which connect different production systems (crops,
livestock, and emissions), aggregated to the growing year. Moreover, we apply the network production
model at the field scale, which has not yet been done for network models in the context of NUE. In
addition, our analysis comprises simultaneously both productivity and environmental objectives, all-
owing us to assess the associated trade-offs between crop output and N losses at the field scale.

3 | THE PRODUCTION TECHNOLOGY

We assume a stylized crop production process, in which a single production input, N fertilizer, is
used to produce a single final crop output. This model could be readily expanded to include multiple
inputs and outputs. In addition, we consider pollution resulting from this process, in the form of N
losses to the surrounding environment. We begin by presenting a traditional, single-stage, joint pro-
duction representation of the technology, which we then use as our base model for comparison to
the more structurally explicit network technology.

3.1 | The single-stage joint production technology

We first model the production technology as a single-stage joint production process, as in Chung
et al. (1997), by letting x denote total applied N, y denote final harvested crop yields, and u denote
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total N loss to the environment. In addition to the standard production inputs and outputs, we also
consider environmental conditions, which influence crop production and N fate. This inclusion of
environmental conditions follows Ray (2004), as well as a number of more recent studies to incorpo-
rate weather and climate conditions into the production technology (Ancev et al., 2023; Barnhart
et al., 2023; Chambers et al., 2020; Chambers & Pieralli, 2020; Njuki et al., 2019, 2020;
O’Donnell, 2016). We let the vector w¼w1,…,wL denote the corresponding environmental
conditions.

We define the single-stage joint production technology, TJP, as

TJP ¼ x, y, u;wð Þ : x can produce y andu, givenwf g, ð1Þ

and the corresponding output set, PJP xð Þ, as

PJP x;wð Þ¼ y, uð Þ : x can producey andu, givenwf g, ð2Þ

where again, x represents total N input, y represents final crop yield, and u represents total N loss.
We use the bold notation for the single-stage model variables, which are aggregate values over all of
the production stages, to distinguish them from their separate stage-specific counterparts in the
multi-stage model below. We proceed by breaking apart this single-stage joint production technol-
ogy into the multi-stage network production technology to better consider the underlying structural
processes at different stages of crop growth.

3.2 | The multi-stage network technology

To develop the network technology, we first distinguish the successive stages of crop production,
s¼ 1,…,S. Each stage includes applied N fertilizer inputs, xs, used to produce desirable crop biomass
output, ys, and also generating undesirable N loss, us. We let ws ¼ws

1,…,ws
L denote the

corresponding environmental conditions at each stage.
Crop biomass output for stage s, ys, serves as an intermediate output–input into production in

the next stage, stage sþ1. We also track two additional intermediate output-inputs, the quantity of
N in the soil and in the crop biomass, which allows us to link both crop growth and N losses from
one stage to the next. We use vs ¼ vs1,v

s
2 to denote the additional soil and crop N intermediate

output-inputs, respectively. At the end of the final stage, harvested crop biomass constitutes the
desirable final output.

We note that within a given stage, there can be trade-offs between crop uptake of N and soil
uptake of N, as well as between soil uptake of N and crop biomass, whereas soil and crop uptake of
N from the previous stage serve as inputs to crop biomass for the given stage. We also note that total
biomass may indirectly account for crop uptake of N. In our application, total biomass is measured
in terms of carbon weight, which does not directly account for crop uptake of N. Hence, our inclu-
sion of crop N separately, in order to more explicitly track the propagation of N, in conjunction with
crop biomass, over the stages of crop growth.

In the first stage of crop production, we assume producers begin with an initial level of soil N, to
which they apply an initial level of N fertilizer, x1. This results in ending values of the N in soil and
the crop biomass, v1, initial crop biomass, y1, as well as the undesirable N flux lost to the surround-
ing environment, u1. We define the first stage, P1

NW x1;w1ð Þ, as

P1
NW x1;w1

� �¼ y1, u1
� �

: x1can producey1, v1, andu1, givenw1
� �

, ð3Þ
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where ending crop and soil N from the first stage then serve as intermediate output-inputs into the
second stage, P2

NW y1, v1, x2;w2ð Þ. This general pattern holds over the successive stages of production,
so that for s¼ 2,…,S, we define Ps

NW xs, ys�1, vs�1;wsð Þ as

Ps
NW xs, ys�1, vs�1;ws

� �¼ ys, vs, usð Þ : xsys�1, vs�1andcan produceys, vs, andus, givenws
� �

, ð4Þ

where in the final stage, yS denotes harvested crop biomass, so that yS ¼ y. Figure 1 illustrates the
network production model (represented by the circles and connectors between them) and specific
linkages between individual production stages within the network (represented by the arrows),
nested within the single stage joint-production approach (represented by the rectangle).

3.3 | Empirical approximation of the technology

We employ nonparametric Activity Analysis (Afriat, 1972; Farrell, 1957) or Data Envelopment Anal-
ysis (DEA) methods (Charnes et al., 1978, 1985) to construct a conservative approximation for both
the single and multi-stage production technologies. For a more recent overview of this approach, see
Thanassoulis et al. (2008). Our use of DEA to estimate the production technology is similar to other
recent work related to agricultural productivity and environmental conditions (Ancev et al., 2023;
Barnhart et al., 2023; Chambers et al., 2020; Chambers & Pieralli, 2020), as well as other work related
to multi-stage or network representations of pollution-generating production technologies (Bostian
et al., 2016, 2022; Bostian, Färe, Grosskopf, Lundgren, & Weber, 2018; Färe et al., 2012, 2013;
Hampf, 2014; Murty et al., 2012; Murty & Russell, 2018; Rødseth, 2017). This approach relies on

F I G U R E 1 The general production network technology connecting the S stages of crop production, within the single-
stage joint production technology.
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linear programming methods to construct an outer hull encompassing the observed production
values in the data. We provide the corresponding DEA linear programming problems and their
exposition in the Online Appendix (Section A, Equations A.1–A.3).

4 | OPTIMAL N USE

We can now use the estimated network technology to consider N use efficiency, in terms of both
final crop yield and total N flux losses. The network technology allows us to consider the potential to
improve production outcomes, for both desirable (crop) and undesirable (N loss) outputs, by rea-
llocating applied N fertilizer across the crop production stages, and by varying the total quantity of
N fertilizer applied. Figure 1 shows this potential for reallocating fertilizer application in terms
of both quantity and timing.

The dynamic optimization problem is to choose the optimal quantity of N fertilizer application
at each stage, in order to jointly maximize the desirable and minimize the undesirable output. Our
formulation draws on previous dynamic network production theory and applications (Bostian
et al., 2016, 2022; Bostian, Färe, Grosskopf, Lundgren, & Weber, 2018; Färe et al., 2012; Färe &
Grosskopf, 1996). This optimization over competing objectives is constrained by the production
technology outlined in the previous section, which includes multiple inputs and multiple outputs.1

It is important to note that our use of the term optimal in this case refers to minimizing produc-
tion inefficiency in terms of input and output quantities, including undesirable outputs, rather than
maximizing profits or minimizing costs. We use this production inefficiency framework to model
the physical capacity to both increase yields and decrease N losses to the environment. While this
may not fully align with private producer objectives, this is also not necessarily counter to them. Pro-
ducers also have an incentive to more efficiently use costly fertilizer inputs, particularly if doing so
can also lead to increased crop yields. This framework also aligns with policy goals to reduce fertil-
izer use and loss to the environment without threatening the food supply.

4.1 | Production inefficiency

Distance functions (Shephard, 1953, 1970) can be used to represent production processes with both
multiple inputs and multiple outputs. We use the directional output distance function (Chambers
et al., 1996, 1998) to measure the potential to both increase crop yield and decrease pollution from
N loss, subject to the production technology. These potential (but unrealized) gains constitute pro-
duction inefficiency. We measure that inefficiency as the distance between potential values for N loss
and crop yield at the production frontier and at the actual observed values. A directional distance
value of zero implies efficient production at the frontier, while directional distance values greater
than zero indicate a worsening of efficiency.

Beginning with the single-stage joint production model, similar to Chung et al. (1997), we define
the directional output distance function as

D
!

OJP x, y, u;w, gy, gu

� �
¼ max β : yþβgy, u�βgu

� �
� PJP x;wð Þ

n o
, ð5Þ

1We note that while we use DEA solution methods, there exists a parallel literature on vector optimization, which also considers constrained
multi-objective optimization problems and most commonly uses weighting-based scalarization methods for solving. Pappalardo (2008)
provides an introduction to this literature. Closely related to our use of DEA, Wei et al. (2000) demonstrate the use of inverse DEA solution
methods for multi-objective optimization problems.
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where the directional vector, g
!¼ gy , gu

� �
specifies the simultaneous expansion of final crop output

and contraction of the total N flux. We provide the corresponding DEA LP problem in the Online
Appendix (Equation A.4).

The solution from (A.4) does not take into account the dynamics of N use and flux over the
stages of crop growth, as it represents the single-stage joint production model. To model the optimal
timing of N fertilizer use, we use the N network framework as expressed in (A.2) and (A.3), which
allows for the potential to reallocate applied N fertilizer between production stages. Here, the prob-
lem is to choose the optimal applied N fertilizer at each stage to jointly maximize final crop yields,
yS, and minimize total pollution,

P
s¼1

S
us. Suppressing the stage index notation for parsimony, we

define the directional output distance function for the network technology as

D
!

ONW x, y, v, u;w, gy, gu

� �
¼ max

x
β : yþβgy, u�βgu

� �
� PNW x;wð Þ

n o
: ð6Þ

Applying the N network technology constraints from Equations (A.2) and (A.3), we solve for the
optimal N use at each stage as a single problem, found in Equation (A.5), which also includes
the complete stage index notation for clarity. While we solve for optimal N use as a single problem
in (A.5), we treat the stages of the underlying network technology in (A.2) and (A.3) as separable
subtechnologies. This separability allows the technology to differ across the separate stages of crop
growth, yet still be sequentially connected via the flow of intermediate output-inputs, ys�1, vs�1ð Þ,
from one stage to the next, and the reallocation of N fertilizer, xs, across stages.

For the final stage, S, we add the objective for harvested crop biomass, as well as the reallocation
constraint, that total chosen applied N fertilizer does not exceed original applied N fertilizer. No
additional N fertilizer is applied in the final stage. We note that N use at each stage is a choice vari-
able. The total N use across all stages is restricted to be no greater than the observed total N use.
Thus, any increased N use in one stage reduces the available remaining N to other stages, and vice
versa.

5 | THE DNDC MODEL AND DATA

Having described the analytical framework and the estimation strategy, we now turn to the bio-
physical model of crop growth, which we use to generate the data for estimating both the single-stage
and network technology models.

Several models (e.g., EPIC, AGRIN, DNDC) have been used by previous studies to assess the fate
of nitrogen at various stages of crop development. Among these models, the DeNitrification DeCom-
position (DNDC) model has been widely applied to various crops to simulate nitrogen dynamics,
greenhouse gas emissions, soil organic carbon (SOC) dynamics, and crop yields (Chen et al., 2016;
Cui et al., 2014; Y. Zhang & Niu, 2016). In a survey of practitioners in the field, Gilhesphy et al.
(2014) found that 41% of respondents used DNDC-based models for estimating nitrogenous gas
emissions. Our study employs the DNDC model to simulate wheat crop growth, nitrogen flux, nitro-
gen in the soil, and nitrogen uptake by plants in a wheat-based rotation cropping system.

5.1 | Model calibration

The DNDC model was originally developed for predicting carbon sequestration and trace nitrogen
and greenhouse gas emissions for agricultural lands, simulating the fundamental processes control-
ling the interactions among various ecological drivers, soil environmental factors, and relevant bio-
chemical or geochemical reactions (C. Li et al., 1992, 1994, 1996). The model specifies parameters
for management activities (e.g., crop rotation, tillage, fertilization, manure amendment, irrigation,
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and weeding) and links them to the various affected biogeochemical processes (e.g., crop growth, lit-
ter production, soil water infiltration, decomposition, nitrification, denitrification etc.). The DNDC
model has been used in many agricultural economics studies, including very recently by De Laporte
et al. (2021). A survey of the literature by Gilhesphy et al. (2014) that documents the use of DNDC
in research over a 20-year period cites numerous studies that have used DNDC in an agricultural
economics context (including DNDC Europe, and EFEM-DNDC). While the DNDC model itself
does not incorporate economic behavior, it is capable of quantifying the consequences of such
underlying behavior in terms of soil processes, nutrient cycling, and crop growth. This capability has
led to the use of DNDC in economic studies to model the environmental effects from agricultural
production.

Our study employs the DNDC model to estimate nitrogen dynamics across stages of wheat pro-
duction, and under a variety of climate and soil conditions. We base our model calibration on exper-
imental data collected from trials in Narrabri, New South Wales (NSW), Australia.

5.2 | Study area

Narrabri is one of the most productive agricultural regions in NSW. Major crops in this region
include cotton, wheat, and pulses. Traditionally, winter cereals such as wheat have been the domi-
nant crop in this area, primarily in the form of wheat–canola and wheat–chickpea crop rotations.

We use results from agronomic experiments conducted at the agricultural experimental station
located in Narrabri to parameterize the DNDC model. We use daily rainfall and daily maximum and
minimum temperatures from 2015 to 2017 in this area, collected from the Australian Bureau of
Meteorology. We use the rainfall and temperature values both to calibrate the DNDC model to the
study area, and together with soil pH, as environmental condition variables, w, in our production
technology models. For the production technology models, we aggregate the daily rainfall to the total
rainfall for each crop stage (network models) and the growing season as a whole (single-stage
model). Similarly, we aggregate daily temperature to the average temperature for each crop stage
(network models) and the growing season as a whole (single-stage model).

Initial fertilizer application rates were 100 kg/ha of urea and 10 kg/ha superphosphate for both
years. The initial application times were during sowing and then at tillering. The specified fertilizer
application rate and timing sequences for fertilizer application are based on typical currently rec-
ommended agronomic practices in the region. Application of supplemental irrigation was 65 mm in
2015, while there was no irrigation in 2017 due to sufficient moisture in the soil from rainfall.

5.3 | Nitrogen application scenarios

The DNDC model breaks wheat crop production into seven stages: (1) Tillage to sowing (52 days);
(2) Germination to seedling development (10 days); (3) Tillering to stem elongation (60 days);
(4) Booting to heading (20 days); (5) Flowering to milk (30 days); (6) Dough to ripening (30 days);
(7) Ripening to crop cut (31 days).

We conduct a series of simulations with the DNDC model by altering the N fertilizer application
rate and the timing of application. Specifically, we consider three different scenarios under five alter-
native total N fertilizer application rates (50, 80, 100, 120, and 150 kg/ha of urea). The typical agro-
nomic recommendation for the study area is to apply a total of 100 kg Urea/ha of wheat. This is the
mid-point of the simulated range of urea application rates that were used in the DNDC model.
The other four rates that were used in the simulation intended to represent (a) a more tactical, fine-
tuning of the rate in response to changing growing conditions, given by the variation of 20% up and
down from the mid-point (i.e. the 80 and 120 kg/ha); and (b) a more fundamental shift to fertilizer
management with the 50 kg/ha rate representing an extensive, low-input system, while the 150 kg/
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ha rate representing a more intensive high-input system. Together, this represents a realistic range of
simulation values that cover many possible approaches to fertilizer management.

We ran the DNDC under each of these scenarios to simulate results for both 2015 and 2017 cli-
mate and soil conditions, summarized in Table 1. The scenarios are as follows:

• Scenario 1. Urea application rates (50, 80, 100, 120, and 150 kg/ha) divided in various proportions
between the 1st (sowing) and 3rd (tillering) stages of wheat production;

• Scenario 2. Urea application rates (50, 80, 100, 120, and 150 kg/ha) divided in various proportions
between the 1st and 4th (booting) stages of wheat production;

• Scenario 3. Urea application rates (50, 80, 100, 120, and 150 kg/ha) divided in various proportions
between the 3rd and 4th stages of wheat production.

Our choice of which stages of wheat development to simulate fertilizer application (Stages 1, 3, and
4) coincides with the typical practices in the study area. Other stages are either too late in the crop
development cycle (Stages 5–7) for N fertilization to have an impact on yield, or are too short in
duration (Stage 2) to warrant simulating fertilizer application.

In summary, we ran simulations for 2015 and 2017 climate conditions, for two separate crop
rotations in each year (wheat–canola and wheat–chickpea). Each simulation includes five alternative
total urea application rates (50, 80, 100, 120, and 150 kg/ha) and three urea application timing sce-
narios for each application rate (Stages 1 and 3, Stages 1 and 4, Stages 3 and 4). We also conduct
each simulation for both 6.5 and 7.5 soil pH values. For a given year and crop rotation, we model
40 production units for each of the three scenarios. This yields 120 production units for that crop

T A B L E 1 The alternative N fertilizer rates (Urea kg/ha) in the DNDC scenarios for wheat production.

Total N fertilizer (Urea kg/ha)

Scenario 1 Scenario 2 Scenario 3

Stage 1 Stage 3 Stage 1 Stage 4 Stage 3 Stage 4

50 50 0 50 0 50 0

25 25 25 25 25 25

35 15 35 15 35 15

15 35 15 35 15 35

80 80 0 80 0 80 0

40 40 40 40 40 40

60 20 60 20 60 20

20 60 20 60 20 60

100 100 0 100 0 100 0

50 50 50 50 50 50

75 25 75 25 75 25

25 75 25 75 25 75

120 120 0 120 0 120 0

60 60 60 60 60 60

80 40 80 40 80 40

40 80 40 80 40 80

150 150 0 150 0 150 0

75 75 75 75 75 75

100 50 100 50 100 50

50 100 50 100 50 100

ANCEV and BOSTIAN 865

 14678276, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ajae.70011 by Sw

edish U
niversity O

f A
gricultural Sciences, W

iley O
nline L

ibrary on [28/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



and year, of which 60 are modeled with pH of 6.5 and 60 are modeled with pH of 7.5. Two years
and two crop rotations yield 4 � 120, or 480 simulated production units. Each simulated produc-
tion unit represents a complete wheat production process. We note that each simulation is for a
single hectare plot, so that urea application rates are equivalent to total applied urea at each stage.
We use the observations of these 480 simulations as data points for our DEA estimation of both
the single-stage joint production and the network production models described in the previous
section.

6 | RESULTS

6.1 | Results from the DNDC simulations

Table 2 summarizes the simulation data and results by crop rotation. For each rotation, exogenous
production inputs include N fertilizer applied, initial soil N, soil pH, temperature, rainfall, and irriga-
tion. The DNDC model uses these to simulate uptake of soil N and crop N, N losses in the form of
NH3 flux, and final harvested grain (Grain C), which is measured in units of carbon/ha.

Table 3 tracks the propagation of N stocks and flows through the crop growth cycle, by produc-
tion stage. This includes N applied, soil and crop uptake, and losses to NH3 flux. As expected, we see
that the N application rates and NH3 flux losses occur primarily in the initial crop stages, before crop
uptake begins. Soil N levels increase with the initial application rates, then diminish with crop uptake
in the latter stages.

T A B L E 2 Summary statistics for the Narrabri DNDC simulated crop production data, years 2015 and 2017, wheat–
chickpea and wheat–canola crop rotations (240 obs, each rotation).

Variable Mean Std. dev. Min Max

Wheat–chickpea rotation

N applied (kg) 100.00 34.07 50.00 150.00

Soil N (kg) 5.31 0.61 4.48 5.99

Crop N (kg) 46.42 6.80 31.25 53.86

NH3 flux (kg) 58.38 24.69 19.28 104.89

Grain C (kg) 1451.87 272.86 839.09 1751.76

Soil pH 7.00 0.50 6.50 7.50

Temperature (�C) 15.73 3.93 10.28 23.19

Rainfall (mm) 269.00 92.03 177.00 361.00

Irrigation (mm) 32.50 32.51 0.00 65.01

Wheat–canola rotation

N applied (kg) 100.00 34.07 50.00 150.00

Soil N (kg) 4.01 0.18 3.82 4.30

Crop N (kg) 45.25 7.07 30.69 53.71

NH3 flux (kg) 58.85 24.57 18.59 109.95

Grain C (kg) 1404.83 283.64 816.37 1751.76

Soil pH 7.00 0.50 6.50 7.50

Temperature (�C) 15.73 3.93 10.28 23.19

Rainfall (mm) 269.00 92.03 177.00 361.00

Irrigation (mm) 32.50 32.51 0.00 65.01

Note: Each DNDC simulation observation represents a single-hectare plot.
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6.2 | Inefficiency results

We summarize the obtained inefficiency results for the three alternative fertilization scenarios in
Table 4. For scaling purposes, we weight each of the model variables by its respective sample mean.
We also specify a unit direction vector, setting gy,�gu

� �
¼ 1,�1ð Þ, to facilitate aggregation and

direct comparison of distance values (Färe & Grosskopf, 2003; Zelenyuk, 2002). Our use of mean-
weighting, coupled with the unit direction vector, changes the interpretation of distance values from
levels to percentages. All distance values represent the maximal feasible expansion or contraction of
output as a percentage of the respective sample mean. Using the desirable output final crop
harvested, yk, to explain this relationship for each kth observation, relative to the sample mean, y,

yk

y
þD

!
O

k
¼ yk

�

y
, ð7Þ

and

ykþD
!

O

k
y¼ yk

�
, ð8Þ

so that the distance value for a hypothetical observation at the mean can be interpreted as the per-
cent increase in observed final crop harvested required to reach the corresponding frontier value yk

�
.

The single-stage joint production results represent potential increases to final harvested grain
yields and potential decreases to total NH3 flux, as a percent of observed values. We find, across fer-
tilization scenarios, that mean potential increases to grain yields range from 3.6% to 9.1% for the
wheat–canola rotation and from 3.6% to 9.5% for the wheat–chickpea rotation. The corresponding
mean potential decreases to NH3 flux range from 3.8% to 9.4% and 3.8% to 10.2%. For both crop
rotations, mean inefficiency results for the single-stage joint production model are lowest for Sce-
nario 2 and highest for Scenario 1. In addition, we find higher mean inefficiency values across
scenarios for the wheat–chickpea rotation.

T A B L E 3 Mean N levels (kg/ha) by crop stage for the Narrabri DNDC simulated crop production data, years 2015 and
2017, wheat–chickpea, and wheat–canola crop rotations (240 obs, each rotation).

Crop rotation Stage N applied Soil N Crop N NH3 flux

Wheat–chickpea 1 41.67 6.10 0.00 7.83

2 0.00 22.61 0.00 12.49

3 33.33 16.33 12.29 23.19

4 25.00 17.51 25.09 13.44

5 0.00 5.83 45.28 0.84

6 0.00 1.29 46.42 0.30

7 0.00 1.62 46.42 0.29

Wheat–canola 1 41.67 5.00 0.00 7.78

2 0.00 21.78 0.00 12.44

3 33.33 15.84 12.47 30.69

4 25.00 16.03 25.28 6.69

5 0.00 4.82 43.86 0.68

6 0.00 0.98 45.25 0.28

7 0.00 1.47 45.25 0.29
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Turning to the results from the multi-stage network technology model, the inefficiency values
represent potential increases to final harvested grain yield, as before, and potential decreases to NH3

flux at each production stage, rather than for the overall single-stage joint production process. We
note that on the biophysical side, runoff can and does occur in stages without N application. See
Table 3. For instance, though no fertilizer is applied in stage 2, there is still runoff in Stage 2 resulting
from fertilizer that was previously applied in Stage 1. All distance values are in percent of sample
mean, so that they can be compared across stages. Because runoff levels are already so low in the
final stages, the distance function values for those stages will also be very low, which we see in
the network model results.

These network model results reflect the potential to reallocate N fertilizer application between crop
production Stages 1, 3, and 4 to improve NUE. We find that for both crop rotations, this reallocation
leads to even greater potential reductions to N losses, while maintaining existing yields. For instance,
we find potential total reductions to NH3 flux range from 8.5% to 18.4% for the wheat–canola rotation
and from 20.0% to 25.3% for the wheat–chickpea rotation. The overall N flux inefficiency is the
smallest for Scenario 3, indicating that applying in later stages (Stages 3 and 4) is the least inefficient
approach across the three scenarios. Targeting more efficient N use over the initial stages with an aim
to reduce N losses seems to also restrict potential additional crop uptake of N in the latter stages.

We summarize the results for optimal reallocation of N fertilizer application in Table 5. First,
consistent with our inefficiency results above, we find greater potential decreases to total N use, in
comparing observed application rates to optimal solution values, for the wheat–chickpea rotation.

T A B L E 4 Mean percent inefficiency results by fertilization scenario.

Crop rotation Inefficiency Scenario (1) Scenario (2) Scenario (3) All

Wheat–chickpea JP grain C 0.095 0.036 0.051 0.061

JP NH3 flux 0.102 0.038 0.058 0.066

NW grain C 0.003 0.003 0.009 0.005

NW NH3 flux

1 0.045 0.149 0.000 0.065

2 0.038 0.015 0.000 0.018

3 0.141 0.026 0.132 0.100

4 0.001 0.058 0.051 0.036

5 0.001 0.004 0.015 0.007

6 0.001 0.001 0.001 0.001

7 0.000 0.000 0.000 0.000

Total 0.226 0.253 0.199 0.226

Wheat–canola JP grain C 0.091 0.036 0.044 0.057

JP NH3 flux 0.094 0.038 0.049 0.060

NW grain C 0.006 0.007 0.014 0.009

NW NH3 flux

1 0.041 0.066 0.000 0.036

2 0.013 0.009 0.000 0.007

3 0.040 0.076 0.052 0.056

4 0.001 0.028 0.019 0.016

5 0.001 0.003 0.013 0.006

6 0.001 0.001 0.001 0.001

7 0.000 0.000 0.000 0.000

Total 0.096 0.184 0.085 0.122
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For instance, these values represent approximately 20% reductions to N use under Scenario 1 and
40% under Scenario 2, while at the same time maintaining and even slightly increasing crop yield.
These results correspond to larger potential decreases to total NH3 Flux with N reallocation, as well
as overall N reduction, for the wheat–chickpea rotation across scenarios. However, we find similar
overall increases to yield for both crop rotations. When we shift to the timing of N application, we
generally find larger optimal reductions for Stage 1, versus either lower reductions, or for some sce-
narios, slight increases to N application for Stages 3 and 4. These shifts are more pronounced for the
wheat–chickpea rotation.

It is also important that we qualify these results. First, we apply our production modeling frame-
work to simulated data, rather than empirical observations. The DNDC simulation model was also
calibrated to experimental plot data. Thus, the simulated crop production data that we use for this
application may not fully reflect the heterogeneity of crop production outcomes in practice. Ineffi-
ciency represents a form of residual, as the difference between observed production values and what
we approximate as best possible production values at the production frontier. Given that our approx-
imation of the production technology incorporates the same main variables from the DNDC simula-
tion model, we would expect to find relatively low levels of inefficiency, which we do here. What is
gained by using the DNDC model is that it allows us to decompose the production technology into
the separate stages of crop growth, which is not generally possible with observational data at the field
level, especially outside of experimental settings.

7 | CONCLUSION

Most crops grow and develop in stages. However, the vast majority of agricultural productivity ana-
lyses have traditionally modeled crop production as a single-stage joint production process, without

T A B L E 5 Optimal N reallocation results by fertilization scenario.

Scenario 1 Scenario 2 Scenario 3

Stage Observed Optimal Observed Optimal Observed Optimal

Wheat–chickpea

1 62.50 53.62 62.50 26.20 0.00 0.30

3 37.50 26.69 0.00 1.03 62.50 56.71

4 0.00 0.03 37.50 35.65 37.50 39.38

Total N App. 100.00 80.33 100.00 62.88 100.00 96.39

NH3 Flux 61.25 49.59 56.59 42.79 57.29 46.34

Grain C 1411.07 1414.77 1483.84 1497.65 1460.70 1472.75

Scenario 1 Scenario 2 Scenario 3

Stage Observed Optimal Observed Optimal Observed Optimal

Wheat–canola

1 62.50 58.97 62.50 54.40 0.00 0.18

3 37.50 35.43 0.00 9.35 62.50 63.23

4 0.00 0.00 37.50 33.20 37.50 35.33

Total N app. 100.00 94.40 100.00 96.95 100.00 98.75

NH3 flux 60.83 55.53 57.59 46.95 58.12 53.12

Grain C 1356.56 1364.60 1436.60 1445.52 1421.34 1426.35

Note: All N values are measured in kg urea/ha.
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explicitly taking into account the separate stages of crop development. We bridge this gap by explic-
itly modeling these separate stages of crop development in a network production model. Our
approach is novel, in that it tracks N fertilizer applied, the fate of N in soil and crop uptake of N, as
well as N flux losses to the environment from one stage of crop development to the next. This is par-
ticularly useful for modeling the productivity and environmental consequences of N fertilizer use,
especially for policy and management goals to reduce the use of costly, environmentally damaging
inputs without compromising crop production.

Even more generally, the approach and the findings in this paper point to the possibilities for
modeling production processes that can be characterized by a multi-stage or network technology, as
well as by the use of environmentally sensitive inputs that can result in environmental damages. The
optimal intensity and timing of the use of such inputs, which this paper directly addresses, would be
relevant in many contexts in agriculture and manufacturing where there are substantial environmen-
tal considerations.

We apply the network model to determine the efficiency of N fertilizer use and to derive optimal
N fertilizer application for the case of wheat production in NSW Australia. We find that reallocating
fertilizer across the stages of production and overall lowering of application rates is beneficial in
terms of reducing N loss into the environment, without loss to productivity. Specifically, for the case
study in question, we find that reallocating some of the N fertilizer application from earlier to later
stages of crop development leads to substantial potential reductions to N loss while maintaining exis-
ting crop yields.

It is important that this type of modeling is done at the field scale, as this is the scale that is most
relevant for the evaluation of the environmental effects from excess N fertilizer. We conduct the
modeling at the field scale by utilizing a bio-physical model (DNDC) calibrated on actual experimen-
tal data for a wheat field in Narrabri, NSW, Australia.

By modeling at the field scale, and by explicitly considering the stages of crop development, our
findings reinforce findings from other recent research that lowering N fertilizer application rates,
and shifting the timing to later stages of crop development are sound practices from both an envi-
ronmental and economic perspective. The robustness of these findings across methods, contexts,
scales, and geographies augments their credibility. It is now up to research translation professionals
to develop approaches for wider adoption and implementation of these practices.
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