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ARTICLE INFO ABSTRACT
Keywords: Context: Nitrogen (N) use efficiency (NUE) and N losses in cereal systems are central to achieving the United
N Recovery Efficiency Nations Sustainable Development Goals (SDGs) on food security and environmental sustainability. However,

Legacy Effect

Cereal Crops

Machine Learning
Environmental Impact

global variations in NUE across cereals, regions, and management conditions remain poorly quantified, espe-
cially in relation to the relative roles of synthetic and non-synthetic N inputs.

Objectives: This study aimed to (i) assess global differences in NUE and N losses among maize, rice, and wheat; (ii)
compare efficiencies derived from synthetic versus total N inputs; (iii) evaluate regional and temporal patterns;
and (iv) identify key drivers and management implications to enhance NUE and mitigate losses.

Methods: A global dataset was assembled to calculate NUE indicators including partial factor productivity of N
(PFPN), agronomic efficiency of N (AEN), recovery efficiency of synthetic N (REN-S), recovery efficiency of total
N (REN-T), and the fraction of N derived from non-synthetic sources (Ndfs). Synthetic and total N losses (Nloss-S
and Nloss-T) were estimated. Trends were analyzed by crops, region, and time, and drivers of N loss were
identified in relation to soil and management factors.

Results: Maize showed the highest NUE metrics (PFPN: 56.9 %; AEN: 21.0 %) and REN-S (45.6 %), while rice
recorded the highest REN-T (63.6 %). On average, REN-S was 17 % lower than REN-T, indicating overestimation
of N losses when only synthetic N is considered. Rice exhibited the largest non-synthetic N contribution (Ndfs:
57.1 %) and the strongest legacy effect of synthetic N. Africa achieved the highest PFPN and AEN, largely due to
low synthetic N inputs, and also showed improvements in NUE over time. Non-synthetic N consistently
contributed more to crop uptake than synthetic N across cereals. Key drivers of N loss included synthetic N
application rates, soil texture, and pH, with distinct loss pathways evident across soil types.

Conclusions and Implications: Global differences in NUE and N losses highlight the importance of crop- and region-
specific management. Accounting for both synthetic and non-synthetic N inputs provides a more accurate
assessment of NUE and N losses, avoiding systematic overestimation. Strategies to improve NUE should focus on
optimizing non-synthetic N use, leveraging legacy effects, and tailoring practices to soil and environmental
conditions. Holistic approaches—including improved irrigation and precise N placement—are essential to
enhance productivity while reducing environmental impacts. Future research should prioritize region-specific
solutions and sustainable integration of non-synthetic N sources to support both food security and environ-
mental goals.
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1. Introduction

Nitrogen (N) is indispensable for modern high-yield, intensive agri-
cultural systems. As a vital component of plant proteins, it facilitates the
conversion of solar radiation into carbohydrates, driving plant growth.
Currently, the Haber-Bosch process supplies over 120 Tg of N per year as
synthetic fertilizer, aiming to boost food production (IFA, 2016).
Approximately 50 % of this is applied to three globally significant
cereals—maize (16 %), rice (16 %), and wheat (18 %)—which provide
most human food calories and proteins, either directly as grains or
indirectly through livestock products (Poutanen et al., 2022).

Despite its critical role in global food production, many regions still
suffer from N deficiencies, hindering efforts to achieve food and nutri-
tion security (Alexandratos and Bruinsma, 2012; Ciceri and Allanore,
2019; Ladha et al., 2022). Rapid population growth is expected to in-
crease the demand for cereals by at least 70 % by 2050. Coupled with
shifting dietary preferences, this indicates a significant rise in synthetic
N demand to feed a projected 10 billion population worldwide by
mid-century (Rivas and Nonhebel, 2017; FAO, 2018). Meeting the
anticipated global cereal demand of three billion tons by 2050, with only
a 7 % increase in harvested area, would necessitate an approximately
65 % increase in synthetic fertilizer N application, assuming no
improvement in crop N use efficiency (NUE). This would raise a global
synthetic N use for these cereals from 51.8 Tg in 2010 to 85.4 Tg in 2050
(Ladha et al., 2020).

While synthetic N is pivotal for boosting food production, a signifi-
cant portion escapes into the environment, causing air and water
pollution and contributing to climate change (Phoenix et al., 2006;
Galloway et al., 2008; Schlesinger, 2009; Vitousek et al., 2009). A
50-year (1961-2010) global N budgeting exercise for maize, rice, and
wheat revealed that nearly 52 % of total N output (3190 Tg) was lost to
the environment (Ladha et al., 2016). Of the 1594 Tg synthetic N applied
over this period, 848 Tg entered the environment. Unlike non-reactive
gaseous Ny, reactive forms of N, such as ammonia, nitrate, and nitro-
gen oxides, are released through volatilization, leaching, or emissions,
causing numerous adverse effects on ecosystems and human health
(Sutton et al., 2013; Battye et al., 2017). Experts warn that the sus-
tainable planetary "boundary" for N has already been exceeded (Steffen
et al., 2015), with anthropogenic N emissions rising faster than CO5
emissions in recent decades (Battye et al., 2017).

Hence, N management has emerged as a critical challenge of the
century, closely linked to several Sustainable Development Goals (SDGs)
outlined by the UNDP in 2016 (Ladha et al., 2020). Urgent efforts are
required on two key agroecological fronts: (a) reducing N losses per unit
of crop yield in regions where excessive N use boosts no further pro-
ductivity, and (b) improving N utilization where productivity can still be
enhanced. Case studies have facilitated the geographical characteriza-
tion of these contrasting scenarios (Ladha et al., 2020).

Research on synthetic N use and its efficacy in crop production has
grown markedly in recent years. Two significant studies have published
global datasets on NUE for major cereals cultivated across various
agroclimatic regions (Ladha et al., 2005; Yu et al., 2022). The first
compiled a dataset spanning 20 years (1980-2000), with 300-700 data
points from 93 studies, focusing on agronomic efficiency (AEN), re-
covery efficiency (REN), and physiological efficiency (PEN) of N,
reporting typical values of AEN ~ 18-24 kg grain kg™! N and REN
~ 34-45 %, with 15 N tracer estimates ~7 % lower than
difference-method recoveries. More recently, Yu et al. (2022) conducted
a meta-analysis incorporating 3586 observations of REN from 261
studies worldwide, majority (60 %) of them from China. Yu et al. (2022)
reported a global mean REN = 39 %, with higher values for rice and
wheat (~42 %) than maize (~36 %), and strong influences of fertilizer
type/frequency, temperature, SOC, pH, and clay. Country-level analyses
based on FAO data indicate stagnation or declines in NUE and rising N
surplus, globally (Omara et al., 2019) and in India and China (Sapkota
et al., 2023). However, as FAO aggregates, these are trend indicators
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rather than field-trial or plot-/system-level process measurements. The
EU Nitrogen Expert Panel proposed a mass-balance NUE (output/input)
to be interpreted jointly with N surplus and productivity, with a desir-
able 50-90 % range to avoid pollution at low values and soil N mining at
very high values (EUNEP, 2015). Therefore, the indicator choice mat-
ters. Several other studies have since contributed new insights and
introduced additional NUE indicators (Zhang et al., 2015; EUNEP, 2015;
Quan et al., 2021). Recognizing the need for updating and expanding the
global dataset, we aim to undertake a comprehensive analysis that
co-reports agronomic (REN, AE, PEN, PFPN) and mass-balance (NUE, N
surplus) indicators to generate deeper insights and relate plot-level re-
sponses to broader efficiency and surplus targets. In this study, we
analyze various expressions of NUE, encompassing both synthetic and
total N inputs, alongside grain and straw yields, including their N con-
tents, as outputs. Leveraging close to five decades of published data, we
analyze key NUE indicators to find broad patterns and connections at
global, continental, and national scales. Furthermore, employing a
nuanced approach, we scrutinize micro-level trends across specific
crops, agroclimatic zones, and management practices, using two
selected metrices to evaluate losses associated with synthetic N (Nloss-S)
and total N (Nloss-T). Additionally, we employ machine learning tech-
niques to identify complex, nonlinear relationships and interactions
among environmental and management factors affecting N losses, pat-
terns that traditional statistical methods may overlook.

2. Materials and methods

We analyzed ten NUE expressions, considering both synthetic and
total N sources as inputs, and grain and straw yield (and their N con-
tents) as outputs. A summary of these metrices is provided in Table 1.
Broadly, there are (a) four N efficiency metrices: partial factor produc-
tivity of nitrogen (PFPN), calculated as the grain yield per unit of syn-
thetic N applied; agronomic efficiency of nitrogen (AEN), defined as the
yield increase due to synthetic N application per unit of N applied; re-
covery efficiency of synthetic nitrogen (REN-S), which measures the
amount of synthetic N recovered in harvest (grain+straw) per unit of
synthetic N applied; and recovery efficiency of total nitrogen (REN-T),
expressing the N uptake in the harvest (grain+straw) per unit of total N
input (synthetic plus non synthetic sources), (b) two metrices expressing
fraction of crop N (i) derived from synthetic fertilizer (Ndff) representing
the proportion of N in the harvest (grain+straw) originating from
applied synthetic N, and (ii) fraction of crop N derived from non-
synthetic (soil N) sources (Ndfs) as the remaining percentage of crop N
uptake not attributed to synthetic N (i.e., 100-Ndff), (c) three N loss
metrices (i) percentage of applied synthetic N not recovered in the
harvested crop (Nloss-S), (ii) percentage of total N input that is not
recovered in the harvested crop (Nloss-T), and (iii) Nsurplus - excess
nitrogen remaining after accounting for crop uptake (N surplus), and (d)
the legacy effect of synthetic N (Nleg) from previous seasons (the dif-
ference between REN-T and REN-S, representing the contribution of soil
N to the N uptake by the crop). A conceptual framework for N losses and
balances is presented in Fig. 1.

We employed the complete list of NUE expressions to compare global
and continental averages of three cereal crops and to unveil trends and
correlations. For micro trends, we employed two selected metrices to
assess losses of synthetic (Nloss-S) and total N (Nloss-T) across crops,
agroclimatic conditions, and management practices. To estimate REN-T
and Nloss-T, we used crop N harvest in non-synthetic N plots as proxy of
N inputs from sources other than synthetic N.

2.1. Mining and achieving primary data

Peer-reviewed publications from 1980 to 2019 focusing on maize,
rice, and wheat crops were systematically identified through searches
conducted on Google Scholar (https://scholar.google.com). The search
utilized keywords such as ’maize,” ’rice,” ’wheat,” ’nitrogen use


https://scholar.google.com

Table 1
Crop N use efficiency and N loss metrices used in the present study.
Sl Indicator Formula Unit Focus Interpretation Application Limitations
1. Partial factor Grain yield in plots with synthetic N input (GYs) Per Overall Borad assessment of NUE Comparing Does not consider N
productivity of Amount of synthetic N input (Ns) x 100 cent productivity of N productivity of N recovery
synthetic N (PFPN)
2. Agronomic efficiency Grain yield in plots with synthetic N input (GYs) — Per Agronomic Efficiency of synthetic N Optimizing N Does not account for
of synthetic N (AEN) Grain yield in plots with non synthetic N input (GYns) % 100 cent performance of N input for grain production application N uptake
Amount of synthetic N input (Ns)
3. Recovery efficiency of Crop N harvest (grain + straw) in plots with synthetic N input (HNs)— Per N uptake efficiency  Efficiency of synthetic N Evaluating N Does not consider
synthetic N (REN-S) Crop N harvest (grain + straw) in plots with non synthetic N input (HNns) % 100 cent input for crop N management grain yield per se.
Amount of synthetic N input (Ns) production Require crop N data
4. Recovery efficiency of Crop N harvest (grain + straw) in plots with synthetic N input (HNs) % 100 Per N uptake efficiency  Efficiency of total N input ~ Evaluating N Does not consider
total N (REN-T) Amount of synthetic N input (Ns) + non synthetic N input (Nns) cent (synthetic + non- management yield per se
synthetic) for crop N Require crop N and
production non-synthetic N
input data
5. Fraction of crop N Crop N harvest (grain + straw) in plots with synthetic N input (HNs)— Per Contribution of Proportion of N taken up Optimizing synthetic Does not consider
derived from synthetic Crop N harvest (grain + straw) in plots with non synthetic N input (HNns) « 100 cent synthetic N in crop by crop that originates N use and assessing grain yield per se
N (Ndff) Crop N harvest (grain + straw) in plots with synthetic N input (HNs) production from synthetic N soil N supply Require crop N data
6. Fraction of crop N 100 - (Ndff) Per Contribution of soil ~ Proportion of N taken up Assessing soil N supply ~ Does not consider
derived from non- cent N in crop by crop that originates grain yield per se
synthetic (soil) N production from soil N pool Require crop N data
(Ndfs)
7. N loss-Synthetic 100 - (REN-S) Per N loss Synthetic N loss to the Evaluating Does not consider
(Nloss-S) cent environment environmental impact grain yield per se
and optimizing N use Require crop N
data.
8. N loss-Total (Nloss-T) 100 — (REN-T) Per N loss Total N loss to the Evaluating Does not consider
cent environment environmental impact yield per se
and optimizing N use Require crop N and
non-synthetic N
input data
9. N surplus (Nsur) [Amount of synthetic N input (Ns) + non-synthetic N input (Nns)] — [Crop N harvest kg N loss Total N loss to the Evaluating Does not consider
(grain + straw) in plots with synthetic N input (HNns)] ha™! environment environmental impact grain yield per se
and optimizing N use Require crop N and
non-synthetic N
input data.
10. N legacy (Nleg) (REN-T) - (REN-S) Per Legacy effect of Residual synthetic N in Assessing effect of Does not
cent synthetic N soil residual synthetic N differentiate

synthetic and non-
synthetic N
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Synthetic N input

Part taken up by crop
(Grain + Straw)
Measured as REN-S and REN-T

N

Nloss-S Nloss-T
(100-REN-S) (100-REN-T)

| Non-Synthetic N input

N-Surplus
(Remainingin soil
or lost to environment)

N-Legacy
(REN-T minus REN-S)
(Contribution from soil)

Fig. 1. Conceptual framework illustrating N flows and recovery efficiency
metrices in cereals. Synthetic N and non-synthetic (soil) N inputs contribute to
crop N uptake. The portion of synthetic N not recovered in harvested crop
(grain + straw) is defined as synthetic N loss (Nloss-S = 100 — REN-S). The
portion of total N inputs (synthetic + non-synthetic) not recovered is termed
total N loss (Nloss-T = 100 — REN-T). The difference between total N input and
crop N uptake reflects nitrogen surplus (N-surplus), representing potential
environmental losses or soil retention. Nitrogen legacy (N-legacy) is defined as
the difference between total N recovery (REN-T) and synthetic N recovery
(REN-S), indicating the contribution of soil-N to crop uptake.

efficiency,” and * N fertilizer’ within the article abstracts. The selected

nitrogen use efficiencies (NUEs) included: (a) partial factor productivity

of N (PFPN), (b) agronomic efficiency of N (AEN), (c) recovery efficiency

of N (REN). The N-difference method was employed throughout the

search process for the archival and computation of NUEs. Conference

proceedings and non-English language publications were excluded.
Studies were selected based on the following criteria:

® 58-117
® 118-19

- e
e
===
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1. Field experiments that included plots with or without synthetic N
input and a synthetic fertilizer N rate treatment, with yields and crop
N harvest or uptake by grain and straw measured at maturity.

2. Field experiments that incorporated at least one of the NUE expres-
sions (see Table 1).

3. Papers that, despite not explicitly reporting any of the NUEs, pro-
vided data on grain and straw yields and their N uptake from plots
with or without synthetic N input.

4. Short-term studies, spanning single or multiple seasons, were
included, while long-term experimental data were excluded.

For each observation (biomass and N uptake by grain and straw), we
recorded the source, amount, and frequency of synthetic N application.
When studies reported NUE expressions, those were used. The location
of each observation (region and country), site characteristics (soil
texture, pH, organic C, available and total soil N, annual rainfall, and
annual temperature), and relevant soil and crop management data were
recorded. Missing data points were left blank and were not included in
analyses requiring those specific variables. Geographical coordinates
(latitude and longitude) of study locations were either obtained directly
from the papers or extracted using Google Maps. These coordinates are
visually represented on a global map (Fig. 2).

Data presented in the form of figures (not tables) in the published
literature were retrieved using WebPlotDigitizer ver. 3.12 (Rohatgi,
2016). A comprehensive total of 210, 299, and 353 studies yielded 3068,
4409, and 6464 data points for maize, rice, and wheat crops,
respectively.

2.2. Data compilation and processing

Climatic zones (tropical, arid, warm temperate, continental, and
polar) were identified using the R package “kgc,” which is based on the
Koppen-Geiger climatic classification system (Rubel et al., 2017). The
aridity index (the ratio of total precipitation to potential evapotranspi-
ration) for each location was extracted from the “Global Aridity Index
and Potential Evapotranspiration Database - Version 3” (Global--
AL PET v3). This database provides high-resolution (30 arc-seconds)
global hydro-climatic data, averaged monthly and yearly from 1970 to
2000, based on the FAO Penman-Monteith Reference Evapotranspira-
tion (ET() equation (Zomer et al., 2022).

In cases where soil textural classes were not explicitly mentioned,
they were determined using the texture triangle with the NRCS USDA
Texture Calculator (www.nrcs.usda.gov). The textural classes were then
grouped into three categories: clayey (including sandy clay, silty clay,

]

Fig. 2. Map showing locations of studies used in the analysis. Circle size represents number of observations in each location.
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and clay), loamy (including silty clay loam, clay loam, silt, silty loam,
and loam), and sandy (including sandy loam, sandy clay loam, loamy
sand, and sand). Organic matter values were converted to organic C
using a conversion factor of 1.724.

For rice crops, additional data were compiled for various parameters
including season (dry and wet), crop establishment methods (trans-
planting and direct-seeding), ecosystem type (irrigated and rainfed),
irrigation water management techniques (such as flooding and other
water-saving methods), and fertilizer application methods (broadcast
and other techniques such as band placement, soil incorporation, and
broadcast with deep placement).

For maize and wheat crops, ecosystem type (irrigated and rainfed),
fertilizer application methods (broadcast and localized application such
as band and deep placement), tillage practices (conventional and
reduced/zero tillage), and residue management (retained/incorporated
or removed) were considered as categorical agronomy variables.

2.3. Machine learning model training and evaluation

In this study, various machine learning models were trained and
evaluated to predict N loss (Nloss-S and Nloss-T) for maize, rice, and
wheat crops (see Supplementary Information for details). The models
used included elastic net (ELNET), support vector machine regression
(SVMR), Gaussian process regression (GPR), multivariate adaptive
regression spline (MARS), partial least square regression (PLSR),
random forest regression (RFR), k-nearest neighbors (KNN), extreme
gradient boosting (XGB), and Cubist. These models utilized independent
variables such as soil texture (sand and clay), pH, soil organic C (SOC),
total soil N, aridity index, synthetic N rate, and the number of N appli-
cations (splits). The dataset was split into training (70 %) and testing
(30 %) sets using ‘createDataPartition()’ function from the caret pack-
age, with hyperparameters optimized using five-fold cross-validation
and three repetitions (e.g., Gholamy et al., 2018; Sivakumar et al.,
2024). Since the number of predictors was relatively small, and corre-
lation analysis showed that no pair of variables exhibited an absolute
correlation > 0.7 (a common threshold for multicollinearity; Dormann
et al., 2013), all selected variables were retained for model develop-
ment. We performed hyperparameter tuning using a grid search
approach implemented through the caret package in R, with a ‘tune-
Length’ of 10 (Supplementary Table S1). This setting explores a pre-
defined range of values for each model’s hyperparameters using the
package’s default search grid. The optimization was based on mini-
mizing RMSE through repeated cross-validation (Supplementary
Table S2).

The models were evaluated using several performance metrics,
including the coefficient of determination (R?), d-index, mean absolute
error (MAE), Nash-Sutcliffe efficiency (NSE), root mean square error
(RMSE), and the ratio of performance to inter-quartile distance (RPIQ).
Due to the complexity of selecting the best model based on multiple
criteria, the standardized ranking performance index (sRPI) was
employed (Aschonitis et al., 2019). This index simplifies comparison by
translating various statistical criteria into a standardized range, with
scores ranging from zero to one where “1” indicates the best-performing
model.

Explainable Artificial Intelligence (XAI) techniques were also applied
to interpret the models. Accumulated Local Effects (ALE) was used to
assess the global impact of individual features on model predictions
which is not impacted by feature intercorrelations (Molnar et al., 2020).
SHAP (SHapley Additive exPlanations) was utilized to provide global
explanations by analyzing the contributions of individual features based
on cooperative game theory (Li et al., 2024). These tools helped in un-
derstanding the influence of different features on model predictions,
enhancing the interpretability of complex machine learning models.
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2.4. Data analysis

We selected four NUE metrices (PFPN, AEN, REN-S, and REN-T), on a
global scale and across various continents, countries, soil textural clas-
ses, and agronomic management factors (categorical variables) for
maize, rice, and wheat. The changes in crop-specific NUEs over time
(1980-2019) were explored for different countries and continents using
non-parametric Sen’s slope as the data violates the assumptions of linear
regressions (Sen, 1968). The temporal analysis was done to examine
whether NUE metrices, which reflect N losses, have changed over the
past four decades at global, continental, and national scales for these
cereal crops. Additionally, crop-specific relationships were developed
between crop N harvest in synthetic N plots versus non-synthetic N plots,
as well as between N legacy and crop N harvest in non-synthetic N plots.

All our analyses were done in R software version 4.3.3 (R Core Team,
2024) and the figures were plotted by ‘ggplot2’ R package (Wickham,
2016).

3. Results
3.1. Global variances in crop NUE and N losses

In addition to the detailed summary provided in Table 2, Fig. 3a
provides a visual comparison of NUE metrices across maize, rice, and
wheat. Globally, the three cereals displayed notable differences in PFPN,
ranging from 42.6 % to 56.9 %, and AEN, ranging from 15.1 % to
21.0 %, with maize exhibiting the highest values, followed by rice and
wheat. Among these cereals, maize recorded the highest REN-S at
45.6 % (CI 44.5 %-46.8 %), while there was no statistical difference
between rice and wheat, both standing at 43 %. However, REN-T was
the highest in rice (63.6 %; CI 62.8 %-64.4 %), followed by maize, and
lowest in wheat (57.4 %; CI 56.7 %-58.1 %).

It’s noteworthy that, on average, REN-S was 17 % lower than that of
REN-T. In other words, losses of synthetic N to the environment (Nloss-
S) were 17 % higher than when calculated for total N (Nloss-T). The N
surplus was highest in maize (90.2kgha™! CI 85.6-94.9 kgha™!),
which was 20 % and 14 % lower in rice and wheat, respectively
(Table 2).

Continent-wise cereal averages revealed the highest PFPN (55.5 %;
CI 53.5 %-57.4 %) and AEN (22.7 %; CI 21.7 %-23.7 %) in Africa fol-
lowed by America + Europe (PFPN 49.8 %; CI 48.0 %- 51.6 %, AEN
17.3 % CI 16.6 %-18.0 %) and Asia (PFPN 45.7 %; CI 44.7 %-46.8 %,
AEN 16.2 %; CI 15.8 %-16.6 %). However, REN-S, REN-T, Nloss-S,
Nloss-T did not vary significantly (Fig. 4). A comparison between
China and India illustrated similar PFPN but lower AEN in the former
(13.7 %; CI 13.4 %-14.0 %) than the later (18.7 %; CI 18.3 %-19.2 %).
Synthetic N losses consistently exceeded total N losses (54.4-56.0 %
compared to 37.8-39.5 %), and although continental averages did not
differ significantly, India exhibited lower losses than China for both
synthetic and total N. Overall, a combination of environmental, tech-
nological, infrastructural, policy, and management factors likely ex-
plains the differences in cereal production in different continents, but
much lower rates of synthetic N would also result in higher PFPN and
AEN in Africa compared to America and Asia (Ladha et al., 2020; Zhang
et al., 2015; Sapkota et al., 2023).

The fraction of crop N derived from non-synthetic N (Ndfs, referred
to as soil N) consistently outweighed the fraction derived from synthetic
N (Ndff), with Ndfs ranging from 50.5 % to 57.1 % across all three ce-
reals, while Ndff ranged from 42.9 % to 49.5 % (Table 2, Fig. 3b). Rice
had the highest Ndfs of 57.1 % and wheat the lowest of 50.5 %. Maize
exhibited wide variations in Ndff and Ndfs and were similar to rice.
Among the three continents, Africa had the highest Ndff but no differ-
ence between China and India. The Ndfs were similar in Africa and Asia
but it was higher in China than India.

The legacy effect, which is the difference between REN-T and REN-S
indicating carryover of synthetic N from previous seasons, rice displayed
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Table 2
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Global averages® of partial factor productivity (PFPN) and agronomic efficiency (AEN) of synthetic N, recovery efficiency of synthetic (REN-S) and total (REN-T) N,
fraction of crop N derived from synthetic (Ndff) and non-synthetic (soil) N (Ndfs), loss of synthetic (Nloss-S) and total (Nloss-T) N, N surplus (Nsur) and N legacy (Nleg)
in maize, rice, and wheat crops [all values in % except Nsur, which is in kg ha~!; CI and N are confidence intervals and number of data points, respectively].

Crop PFPN AEN REN-S REN-T Ndff
Mean CI Mean CI Mean CI Mean CI Mean CI
Maize 56.9 A 55.6-58.2 21.0A 20.4-21.6 45.6 A 44.5-46.8 60.7 B 59.5-62.0 45.0 B 43.7-46.3
Rice 539B 52.7-54.5 18.0B 17.6-18.3 42.8 B 42.1-43.5 63.6 A 62.8-64.4 429B 42.0-43.7
Wheat 42.6 C 41.9-43.2 151 C 14.8-15.3 43.0 B 42.2-43.8 57.4C 56.7-58.1 495 A 48.5-50.4
Crop Ndfs Nloss-S Nloss-T Nsur Nleg
Mean CI Mean CI Mean CI Mean CI Mean CI
Maize 549 A 53.7-56.4 54.4B 53.3-55.6 39.3B 38.1-40.5 90.2 A 85.6-94.9 185B 17.8-19.2
Rice 57.1A 56.3-57.9 57.1A 56.5-57.9 36.4C 35.6-37.2 72.3C 69.8-74.6 21.2A 20.6-21.7
Wheat 50.5B 49.6-51.5 57.0A 56.3-57.8 42.6 A 41.9-43.3 77.8 B 74.8-80.7 17.8B 17.1-18.4
1 Refer to Table 1 for definition of metrices
_ S (p = 0.02), and wheat had a decreasing trend in PFPN and increasing
(@) Lo, trends in AEN and REN-T (p < 0.01) and no trend in REN-S. Likewise,
N legacy AEN

N surplus REN-S
Nloss—T REN-T
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Fig. 3. Spider chart comparing N use efficiency and N loss metrics across (a)
cereals and (b) regions. Each axis represents a metric, and lines represent the
mean percentile values for maize, rice, and wheat.

the highest at 21.2 %, followed by maize at 18.5 %, and wheat at 17.8 %
(Table 1). Among the continents, Africa had the lowest legacy effect at
14.9 %, while America+Europe had the highest at 17.5 % (Fig. 4).

3.2. Time trends and relationships among various NUE expressions

Although all the NUE metrices reported from 1980 to 2019 exhibited
considerable variations, none of them showed strong trends over time
(see Supplementary Table S3). The time trends of maize had negative
trends in three NUE metrices except PFPN (no trend), rice showed
positive trends in AEN and REN-T (p < 0.01) but negative trend in REN-

across continents/countries, the trends remained stable except Africa
where all the four NUE metrices had significant increase with time
(p < 0.01) (data not shown).

The NUE values varied widely, ranging from negative to positive,
and showed consistent patterns across the years for all three cereals.
Notably, up to 6 % of the values surpassed 100 % efficiency for PFPN
(6 %), AEN (negligible), REN-S (0.5 %), and REN-T (1.4 %). These four
efficiency metrices displayed similar behaviors in their relationships
with each other and other metrices, indicating that any one of them
could effectively represent the overall efficiency of an agroecosystem.
PFPN, AEN, REN-S, and REN-T were negatively correlated with N input
and N loss metrices (Nloss-S and Nloss-T) (Supplementary Figs. S1 & S2).
This suggests that, without judicious management of N, excessive N
application reduces efficiency by increasing losses.

Crop N harvest in synthetic N plots exhibited a positive (p < 0.001)
correlation with crop N harvest in plots with no synthetic N (Fig. 5),
indicating the importance of soil N and possibly an added N interaction.
Increased synthetic N stimulates soil N mineralization and likely
replenishment from biological nitrogen fixation (Ladha et al., 2011,
2022).

The legacy effect of synthetic N was positively correlated (p < 0.001)
with (a) crop N harvest in plots with no synthetic N, (b) Ndfs, and (c)
synthetic N loss (Fig. 6). This suggests that the past application of syn-
thetic N leaves a residual impact on subsequent crop N uptake, as re-
flected by soil N supply measured from plots where no additional
synthetic N was applied. The positive relationship between synthetic N
legacy and synthetic N loss implies that N losses are overestimated in
REN-S calculations. There were negative values of N legacy (6 % in
maize, 4 % in rice and 12 % in wheat) which typically indicates that
there is either mining of soil N or the soil is not retaining N effectively.

3.3. Comparative performance of machine learning models for predicting
N loss in maize, rice, and wheat

The optimum hyperparameters identified through cross validation
are presented in Supplementary Table S2. The performance of different
ML models for predicting Nloss-S and Nloss-T varied by crop and loss
types (Supplementary Tables S4 & S5). Overall, tree-based and rule-
based ensemble models, particularly RFR and Cubist consistently
emerged as high-performance models, while linear models (PLSR and
ELNET) showed poor prediction, reflecting the non-linear nature of the
relationships in the dataset.

For maize, RFR showed the highest accuracy for predicting Nloss-S,
achieving the best performance across metrices (R? = 0.648, RMSE =
12.35 %, RPQ = 2.21), closely followed by XGB and Cubist. In contrast,
SVMR performed the best for Nloss-T in maize (R?> = 0.736, d-index =
0.921, and NSE = 0.667), indicating that kernel-based methods may
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Fig. 5. Relationship between crop N harvest in synthetic N fertilizer plots vs
crop N harvest in non-synthetic N plots in maize, rice and wheat.

better capture the broader N dynamics reflected in total loss.

In rice, RFR and Cubist delivered comparable and reliable results for
Nloss-S with R* = 0.611, NSE ~ 0.61, RMSE ~ 11 %, and RPIQ ~ 1.94,
while Cubist slightly outperformed other models for Noss-T (R? = 0.716,
d-index = 0.916, NSE = 0.710). SVMR also demonstrated strong pre-
dictive performance suggesting complementarity between rule-based
and kernel-based models.

In wheat, all models showed limited ability to predict Nloss-S (R? and
NSE < 0.5, RMSE > 15 %), suggesting unexplained variability or un-
measured factors in the dataset. However, Nloss-T in wheat was pre-
dicted with greater accuracy, with Cubist achieving the best overall

performance (SRPI = 1). RFR and other nonlinear models like XGB, GPR,
SVMR, and MARS also performed well, highlighting their capacity for
modeling more integrated N loss, taking account of sources other than
synthetic N.

Across all crops, predictions of Nloss-T were more accurate than
Nloss-S, possibly due to more cumulative and integrated nature of total
loss. In contrast to the strong performance of ensemble-based and kernel
models, linear models such as PLSR and ELNET underperformed
consistently across all crops and N loss types, highlighting the inability
of linear models to capture the complex, nonlinear interactions between
soil, climate, crop, and management variables in the global dataset.
These models yielded R? and NSE values below 0.5 in most cases, along
with higher RMSE and lower RPIQ values.

Based on these results, models were ranked using standardized
Ranking Performance Index (sRPI) values for both Nloss-S and Nloss-T.
Observed vs predicted plots for the best performing models are pre-
sented in Fig. 7, and detailed performance metrices and optimal
hyperparameters are presented in Supplementary Tables S3 to S5.
Subsequently, the best performing models were used for explainable Al
(XAI) analysis.

3.4. Key determinants of N loss in maize, rice, and wheat: role of soil
properties and application strategies

Synthetic N loss (Nloss-S) in maize was primarily driven by N
application rate, with minimal losses at around 150 kg N ha™! and
increasing losses beyond this threhshold (Fig. 8; Supplementary
Figs. S3a). Soil N and sand content were also influential; N loss increased
with soil N up to ~1 g kg~! before plateauing. Sand content reduced
losses up to ~37 % but increased thereafter. Lower organic C (<0.75 %)
and increase in soil pH intensified N loss in maize, whereas increasing N
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Fig. 7. Observed vs predicted plots of synthetic N loss (N loss-S) and total N loss (N loss-T) for the best performing models. R? = coefficient of determination, MAE
= mean absolute error, RMSE = root mean square error, RPIQ = ratio of performance to inter-quartile distance.

applications (splits) and clay content (20-30 %) mitigated it. Nloss-S
also increased with a higher aridity index in maize.

In rice, Nloss-S was most affected by sand content, N rate, and soil pH
(Fig. 8). Losses were lowest, below 20 % sand and increased until sta-
bilizing after 35 % (Supplementary Fig. S3b). Application rate near
100 kg N ha! minimized losses, which increased afterwards. Soil pH
around pH 6.0 minimized Nloss-S, with higher losses at higher or lower
pH levels. Clay, organic C, total soil N and aridity had smaller but
consistent effects over their range of values, while three or more splits
appeared to reduce Nloss-S.

For wheat, sand had the highest impact on Nloss-S, with sharp in-
creases beyond 25 % (Fig. 8, Supplementary Fig. S3c). Higher clay
(>25 %) also elevated losses. Aridity index below 0.4 reduced Nloss-S,
while organic C showed mixed effects, reducing loss only at a higher

(>2 %) level. Synthetic N rate, pH, and N splits had moderate effects.
Losses enhanced above 150 kg ha~! and in alkaline soils (pH > 8.0),
while more frequent N applications decreased Nloss-S in wheat.

Regarding total N loss (Nloss-T), synthetic N rate dominated in rice,
whereas sand was the most influential in maize and wheat (Fig. 8). In
maize and wheat, Nloss-T decreased with sand up to 45 % and 35 %,
respectively, but increased beyond these points (Supplementary
Figs. S4a and S4c). Application rate showed minimal losses near
140-150 kg ha™! (maize and wheat), and 110-120 kg ha! (rice),
increasing at higher rates. Soil pH affected Nloss-T in rice non-linearly,
highest loss at pH 5.0, decreasing near pH 7.8, and again rising beyond
that (Supplementary Fig. S4b). Clay content showed mitigating impact,
up to 25 %, in wheat.

Aridity was the third most important factor in maize and rice, fourth
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nitrogen application splits.

in wheat, generally promoting Nloss-T above certain threshold (0.45 in
maize, 0.35 in wheat, 1.2 in rice). Soil organic C had mixed effects —
negligible or positive in maize and rice up to 1.5-2.0 %, but consistently
reduced Nloss-T in wheat. Soil N content limited Nloss-T until certain
levels (~2 g kg ™! in maize and ~1 g kg™ in rice and wheat). N appli-
cation splits has the least impact on Nloss-T across all crops. Increasing
splits lowered losses in maize (after two splits) and wheat (notably from
one or two splits), while rice showed a complex pattern.

3.5. Impact of management practices on N losses

The impact of various management practices on Nloss-S and Nloss-T
showed highly variable results across three cereals (Supplementary
Table S6). Among the practices evaluated, improved irrigation consis-
tently demonstrated a more significant reduction in N losses compared
to other practices. Specifically, improved irrigation reduced both Nloss-
S and Nloss-T by 1-6 % across all cases, except for Nloss-T in wheat,
where the reduction was not statistically significant.

The strategic placement of synthetic fertilizer N also proved effective
in reducing N losses, though the degree of effectiveness varied by crop.
In rice, this practice led to the most substantial reductions, with Nloss-S
and Nloss-T decreasing by 28 % and 38 %, respectively. For maize and
wheat, the reduction was observed primarily in Nloss-T @16 %.

Interestingly, the number of synthetic N splits did not exhibit sig-
nificant or consistent trends in either Nloss-S or Nloss-T across all three
cereals, as shown in Supplementary Fig. S5. This outcome is contrary to

expectations, possibly due to the lack of uniformly distributed data of N
splits across varying N application rates. Tillage and residue manage-
ment also showed inconsistent effects on N loss across sites, likely due to
variability in management intensity and reporting. Therefore, it was
excluded from reporting.

3.6. Impact of soil texture on N losses

Compared to clayey soil, sandy soil exhibited the highest N losses in
maize and wheat. Specifically, in maize, N losses were 1.1-3.4 % higher
in sandy soil, while in wheat, the losses were most pronounced in Nloss-
T, reaching 4.4 % (Supplementary Table S7). Conversely, in rice, clayey
soil experienced 5-7 % higher N losses than sandy soil.

4. Discussion
4.1. Reframing nitrogen use efficiency

Nitrogen use efficiency (NUE) serves as a comprehensive metric for
assessing both N use and losses, integrating components of N budgeting,
both inputs and outputs, and is often represented as a ratio (Ladha et al.,
2005, 2022). While synthetic N fertilizers are a major input, other
sources such as soil organic matter, atmospheric deposition, and bio-
logical nitrogen fixation, collectively referred to as the soil N pool, are
equally significant (Ladha et al., 2016; Yan et al., 2020).

Nitrogen outputs include the harvested products (grain and straw,
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either as biomass or N content), environmental losses (via leaching,
volatilization, denitrification), and a portion that remains in the soil.
These components form the basis for various NUE metrices, often
selected based on ease of measurement and data availability. Synthetic
N, although expensive and with environmental consequences, is
commonly used in calculating NUE due to its traceability. However,
with growing recognition of the importance of soil N in crop nutrition,
there is an increasing emphasis on integrating soil N dynamics into NUE
metrics (Ladha et al., 2016; EUNEP, 2015; Yan et al., 2020; Congreves
et al., 2021; Tamagno et al., 2024).

Although synthetic N input data are readily accessible, quantifying
non-synthetic sources (like BNF, organics) remains a challenge (Ladha
et al., 2022). Likewise, NUE output is often calculated using grain yield
alone, assuming crop residues are uniformly returned to the soil. How-
ever, global assessments indicate that significant portions of crop resi-
dues are removed for animal feed, fuel, or burned (Smerald et al., 2023).
We argue that a more comprehensive NUE should include total above-
ground biomass to better capture true crop N recovery.

4.2. Comparing NUE metrices across crops and NUE time trends

Drawing from 40 years of global data on N usage in maize, rice, and
wheat, we evaluated various NUE metrices. Our findings reveal that the
four widely used NUE metrices (PFPN, AEN, REN-S, REN-T) are closely
interrelated. This suggests that any one of them can reasonably repre-
sent short-term N responses in a crop and cropping system. This is sig-
nificant given the high cost of measurements and often impractical data
demands of many NUE metrices. Among non-synthetic N sources, inputs
from biological N fixation and deposition at the plot or system level are
not readily accessible. Often, estimates are used from published litera-
ture (Quan et al., 2021). We propose that for routine comparisons, PFPN
serves the purpose well since the required data are readily available.

Globally, the average synthetic N recovery efficiency (REN-S) for the
three cereals was 44.0 %, aligning closely with previously reported
figures (Yu et al., 2022; Quan et al., 2021; Yan et al., 2020), except for a
roughly 10 % higher value reported by Ladha et al. (2005). Ladha et al.
(2005) used a smaller dataset primarily from the USA pre-2000, likely
overestimated REN-S due to limited geographic scope. This reaffirms
that REN-S and corresponding synthetic N loss (Nloss-S) have remained
consistently around 50 % each. When considering metrics such as REN-T
and Nloss-T, which incorporate total N inputs (both synthetic and
non-synthetic), they demonstrate higher NUE (60.6 %) and lower losses
(39.4 %). Given the significance of other N sources, REN-T and Nloss-T
are more pertinent for assessing the environmental impact of N. Our
global average REN-T closely aligns with the estimate of 62 % reported
by Quan et al. (2021) based on FAO global data (Zhang et al., 2015).

Additionally, our long-term analysis (1980-present) indicates that
global NUE (REN-S) trends in cereals have slow decline or remain
relatively stable over time. In maize, three of four NUE metrices
declined, except PFPN (no change). Rice and wheat showed improve-
ments in AEN and REN-T (p < 0.01), with either stable or declining
trends for PFPN and REN-S. Likewise, across continents/countries, NUE
remained stable except Africa where all the four NUE indicators showed
significant increases with time (p < 0.01). Earlier Yu et al. (2022) re-
ported rising REN values in maize and rice but no change in wheat
(p = 0.9, n = 885). In case of Yu et al. (2022) there were several lower
values in rice between 1980 and 1990 which might have increased the
REN. Importantly, earlier conclusions indicating a sharp global decline
in NUE starting 1960s often relied on macro-scale FAO data rather than
experimental data (Ladha et al., 2005; Sapkota et al., 2023; Tilman et al.,
2002). However, even in these estimates (for example, in cases of China
and India), although the NUE showed a sharp decline from 1960 to
1980, the trend appears to be stable thereafter (Sapkota et al., 2023). A
possible reason for the sharp decline in 1960s could most likely be much
lower doses of synthetic N application.
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4.3. Understanding the legacy effect and unaccounted N sources

Our global calculations highlight a significant short-term legacy ef-
fect of N from previous seasons, averaging 19.2 % across cereals,
peaking at 21.2 % in rice. This is slightly lower than the 21 % legacy N
reported in China by Quan et al. (2021). Based on data from
non-synthetic plots, this translates to ~66 kg N ha~! (data not shown). A
lower REN-S in rice indicates reduced immediate recovey of applied
synthetic N under flooded conditions, consistent with higher gaseous
losses via volatilization and temporary retention of N in reduced,
NHZ-dominated soils (De Datta and Buresh, 1989). In contrast, the
higher REN-T suggests that rice systems are more effective utilizing re-
sidual N over time and/or deriving N from non-synthetic sources. Paddy
soils are known to favor BNF and improve N retention (Ladha et al.,
1996) Together, these factors explain why rice systems tend to exhibit a
higher N legacy compared to maize and wheat (Ladha et al., 2022). We
also observed a positive correlation between legacy N and crop N har-
vest in plots receiving no synthetic N. This suggests that prior synthetic
N applications leave a measurable residual impact on subsequent crop N
recovery, as reflected in soil N supply where no synthetic N was applied.
Since no synthetic N plots were established only short-term to estimate
NUE, a carryover effect of N from the previous season cannot be dis-
counted. This observation aligns well with °N tracer studies showing
that 6.5 % of synthetic N can be recovered by subsequent crops over five
growing seasons (Krupnik et al., 2004). By explicitly linking hydrology,
N speciation, and recovery metrics, these results directly address why
rice exhibits stronger N legacy than upland cereals, offering a mecha-
nistic explanation grounded in prior evidence (De Datta and Buresh,
1989; Ladha et al., 1996, 2022).

Collectively, these findings suggest that the N loss and associated
environmental impact might actually be lower when the legacy effect of
N is considered. However, caution is warranted. Other unmeasured in-
puts such as BNF and deposition (Ladha et al., 2022), or a potential
confounding effect of added N interaction or priming effects (Jenkinson
et al., 1985), could also contribute to apparent N legacy. The added N
interaction refers to the immediate effects of synthetic N addition on
organic matter mineralization, resulting in greater short-term N avail-
ability. In contrast, N legacy effects reflect a relatively longer-term
impact of past N management on soil fertility and ecosystem dynamics
(Vonk et al., 2022; Zhao et al., 2024). Both processes complicate the
attribution of current N uptake to specific sources, highlighting the need
for more comprehensive tracking of N cycling in agricultural systems
and guiding sustainable nutrient management practices.

The positive relationship between N legacy and synthetic N loss
(Nloss-S) suggests a complex interplay of factors influencing N dynamics
in the soil system. The calculation of synthetic N loss involves the
assumption that all unaccounted N is lost and no or negligible N remains
residual in the soil N pool. However, this assumption is not entirely
accurate, as indicated by our calculations in this study and earlier
research (Quan et al., 2021; Zhao et al., 2024).

4.4. Patterns of N loss across maize, rice and wheat

We used machine learning models to analyze complex, nonlinear
relationships among variables influencing N loss, including explainable
Al tools such as ALE and SHAP plots. These revealed crop-specific but
interpretable relationships between N losses and soil, climate and
management variables. Random Forest Regression (RFR) and Cubist
models consistently outperformed others in predicting Nloss-S and
Nloss-T across crops, while Support Vector Machine Regression (SVMR)
was particularly superior for Nloss-T in maize. Linear models (PLSR and
ELNET) performed poorly, highlighting the need for nonlinear models
when dealing with complex data (Nayak et al., 2022; Zhou et al., 2022,
2019; Ransom et al., 2019). To our knowledge, this is among the first
studies to apply machine learning models with explainable Al tech-
niques to examine how environmental factors shape N losses across
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major cereal crops.

Although Nloss-S and Nloss-T were influenced by similar factors, the
later was more reliably predicted, likely due to its integrative nature.
Nloss-S predictions, on the contrary, were more variable and sensitive to
specific soil properties and environmental conditions. The most impor-
tant factors influencing nitrogen loss across all three crops were the
synthetic N application rate, soil sand content, soil pH, and the aridity
index. Nitrogen losses were generally lowest when the application rate
was between 120 and 150 kg N ha’l, while optimizing crop yields, and
more frequent N applications generally reduced N loss. Sand content had
a strong, crop-specific effect on N loss, generally increasing losses
beyond crop-specific thresholds. Losses increase in more acidic or
alkaline pH ranges, likely reflecting reduced REN, as suboptimal pH
conditions can impair plant uptake and increase the risk of N loss. The
aridity index has strong influence on losses in maize and wheat, but
showed a weaker relationship in rice, likely due to the more uniform
environments in which rice is typically grown.

The accuracy of ML models depends on high-quality covariates
(Zhang and Ling, 2018; Wu et al., 2023). These factors interacted
differently across crops, hence XAI must be interpreted carefully.
Acquiring more accurate crop and management covariates would
improve model precision in identifying dominant factors affecting N
losses (Wadoux et al., 2023). For example, more frequent N applications
generally reduced N losses, but the effect plateaued or reversed at high
application frequencies. However, due to limited data on high-frequency
application (> 4 times), these effects should be interpreted cautiously.

4.5. Limitations

This study relied on a study-level observational dataset in which soil
and climate conditions were consistent within invidual studies, while
variations mainly restricted from differences in synthetic N applications.
The machine learning models did not account for this hierarchical
(nested) structure of the data, which may have led to pseudoreplication
and biased estimates. Although stratified sampling was used, a grouped
validation approach (e.g., leave-one-study-out) would have been
appropriate to address within-study dependence. Additionally, the ML
models are empirical in nature-they are effective to detect complex,
nonlinear relationships but do not infer causality. Consequently, the
explainable AI results should be interpreted within a sound agronomic
context.

5. Conclusions

In exploring diverse N use efficiency (NUE) metrics, the integration
of both synthetic and non-synthetic N inputs presents a holistic approach
to assessing N efficiency and losses in agricultural systems. While
traditional NUE metrics have predominantly focused on synthetic N due
to its significant environmental impact and ease of measurement, there
is an increasing recognition of the crucial role played by non-synthetic
sources such as soil organic matter, biological nitrogen fixation, and
atmospheric deposition. These non-synthetic inputs, though challenging
to quantify, are integral to a comprehensive understanding of NUE. Our
study underscores the importance of incorporating these factors into
NUE metrics, as doing so provides a more accurate reflection of N dy-
namics within cropping systems. Moreover, given the prevalent practice
of straw removal in many regions, we included straw as a constituent of
harvested N.

Our analysis of global data over the past 40 years reveals that NUE,
particularly synthetic N recovery efficiency (REN-S), has remained
relatively stable across major cereal crops, with some regional varia-
tions. This stability suggests that the environmental impact of synthetic
N, in terms of losses, has not worsened significantly, contrary to earlier
projections. Additionally, our findings highlight the significant legacy
effect of N from previous seasons, which plays a critical role in current
crop N uptake. This legacy effect, coupled with the complex interactions
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of soil properties and environmental conditions, suggests that N losses
and their environmental impacts might be lower than previous estimats
when these factors are taken into account. The use of advanced machine
learning models in our study further elucidated the non-linear re-
lationships and interactions influencing N loss, pointing to the need for
nuanced and data-driven approaches in predicting and managing N use
in agriculture.

Funding sources

The study is supported by the CIMMYT programme, Transforming
Agrifood Systems in South Asia (TAFSSA).

CRediT authorship contribution statement

Debashis Chakraborty: Writing — review & editing, Writing —
original draft, Methodology, Investigation, Formal analysis, Data cura-
tion, Conceptualization. Timothy J Krupnik: Writing — review & edit-
ing, Resources, Project administration, Conceptualization. Mangi Lal
Jat: Writing — review & editing, Resources. Dharamvir Singh Rana:
Methodology, Formal analysis, Data curation. Mahesh Kumar Gathala:
Writing — review & editing. Jagdish Kumar Ladha: Writing — review &
editing, Supervision, Conceptualization. Bappa Das: Writing — original
draft, Visualization, Validation, Formal analysis.

Declaration of Generative Al and Al-assisted technologies in the
writing process

During the preparation of this work, the author(s) used ChatGPT
solely to enhance the readability and language of the manuscript. After
using this tool/service, the authors reviewed and edited the content as
needed and take full responsibility for the content of the published
article.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

This work was supported by the CGIAR Transforming Agrifood
Systems in South Asia (TAFSSA) and Fragility to Resilience in Centeral
and West Asia and North Africa (F2R-CWANA) Initiatives supoorted by
funders who contribute to the CGIAR Trust Fund.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.fcr.2025.110138.

Data availability
Data will be made available on request.

References

Alexandratos, N., Bruinsma, J., 2012. World agriculture towards 2030/2050: the 2012
revision. https://doi.org/10.22004/ag.econ.288998.

Aschonitis, V.G., Lekakis, E., Tziachris, P., Doulgeris, C., Papadopoulos, F.,
Papadopoulos, A., Papamichai, D., 2019. A ranking system for comparing models’
performance combining multiple statistical criteria and scenarios: the case of
reference evapotranspiration models. Environ. Model. Softw. 114, 98-111. https://
doi.org/10.1016/j.envsoft.2019.01.005.

Battye, W., Aneja, V.P., Schlesinger, W.H., 2017. Is nitrogen the next carbon? Earth’S.
Futur 5, 894-904. https://doi.org/10.1002/2017EF000592.


https://doi.org/10.1016/j.fcr.2025.110138
https://doi.org/10.22004/ag.econ.288998
https://doi.org/10.1016/j.envsoft.2019.01.005
https://doi.org/10.1016/j.envsoft.2019.01.005
https://doi.org/10.1002/2017EF000592

D. Chakraborty et al.

Ciceri, D., Allanore, A., 2019. Local fertilizers to achieve food self-sufficiency in Africa.

Sci. Total Environ. 648, 669-680. https://doi.org/10.1016/j.scitotenv.2018.08.154.

Congreves, K.A., Otchere, O., Ferland, D., Farzadfar, S., Williams, S., Arcand, M.M.,

2021. Nitrogen use efficiency definitions of today and tomorrow. Front. Plant Sci.
12. https://doi.org/10.3389/fpls.2021.637108.

De Datta, S.K., Buresh, R.J., 1989. Integrated nitrogen management in irrigated rice. In:

Stewart, B.A. (Ed.), Adv. Soil Sci., 10, pp. 143-169. https://doi.org/10.1007/978-1-
4613-8847-0_4.

Dormann, C.F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., Marquéz, J.R.G.,

Gruber, B., Lafourcade, B., Leitao, P.J., Miinkemiiller, T., 2013. Collinearity: a
review of methods to deal with it and a simulation study evaluating their
performance. Ecography 36 (1), 27-46.

EUNEP, 2015. EUropean union nitrogen expert panel. Nitrogen use efficiency (NUE).

Indic. Util. Nitrogen Agric. Food Syst.

FAO., 2018. The future of food and agriculture-Alternative pathways to 2050. Summery

version. Rome. 60 pp. Licence: CC BY-NC-SA 3.0 IGO.

Galloway, J.N., Townsend, A.R., Erisman, J.W., Bekunda, M., Cai, Z., Freney, J.R.,

Martinelli, L.A., Seitzinger, S.P., Sutton, M.A., 2008. Transformation of the nitrogen
cycle: recent trends, questions, and potential solutions. Science 320, 889-892.
https://doi.org/10.1126/science.1136674. PMID: 18487183.

Gholamy, A., Kreinovich, V., Kosheleva, O., 2018. Why 70 / 30 or 80 / 20 relation

between training and testing sets: a pedagogical. Dep. Tech. Rep. 1209 1-6.

IFA, 2016. Nitrogen fertilizer consumption data. International Fertilizer Industry

Association, Paris, France.

Jenkinson, D.S., Fox, R.H., Rayner, J.H., 1985. Interactions between fertilizer nitrogen

and soil nitrogen—the so-called ‘priming’ effect. J. Soil Sci. 36, 425-444. https://
doi.org/10.1111/j.1365-2389.1985.tb00348.x.

Krupnik, T.J., Six, J., Ladha, J.K., Paine, M.J., van Kessel, C., 2004. Assess. Fertil.

Nitrogen Recovery Effic. grain Crops 193-207. (https://www.cabdirect.org/cabdire
ct/abstract/20053034489).

Ladha, J.K., Kundu, D.K., Angelo-Van Coppenolle, M.G., Carangal, V.R., Peoples, M.B.,

Dart, P.J., 1996. Legume productivity and soil nitrogen dynamics in lowland rice-
based cropping systems. Soil Sci. Soc. Am. J. 60, 183-192.

Ladha, J.K., Pathak, H., Krupnik, T.J., Six, J., van Kessel, C., 2005. Efficiency of fertilizer

nitrogen in cereal production: retrospects and prospects. Adv. Agron. 87, 85-156.
https://doi.org/10.1016/50065-2113(05)87003-8.

Ladha, J.K., Reddy, C.K., Padre, A.T., van Kessel, C., 2011. Role of nitrogen fertilization

in sustaining organic matter in cultivated soils. J. Environ. Qual. 40, 1756-1766.
https://doi.org/10.2134/jeq2011.0064.

Ladha, J.K., Tirol-Padre, A., Reddy, C.K., Cassman, K.G., Verma, S., Powlson, D.S., van

Kessel, C., de B Richter, D., Chakraborty, D., Pathak, H., 2016. Global nitrogen
budgets in cereals: a 50-year assessment for maize, rice and wheat production
systems. Sci. Rep. 6, 19355. https://doi.org/10.1038/srep19355.

Ladha, J.K., Jat, M.L., Stirling, C.M., Chakraborty, Debashis, Pradhan, Prajal,

Krupnik, Timothy J., Sapkota, Tek B., Pathak, H., Rana, Dharamvir S.,

Tesfaye, Kindie, Gerard, Bruno, 2020. Achieving the sustainable development goals
in agriculture: the crucial role of nitrogen in cereal-based systems. Adv. Agron. 163,
39-116. https://doi.org/10.1016/bs.agron.2020.05.006.

Ladha, J.K., Peoples, M.B., Reddy, P.M., Biswas, J.C., Bennett, A., Jat, M.L., Krupnik, T.J.,

2022. Biological nitrogen fixation and prospects for ecological intensification in
cereal-based cropping systems. Field Crops Res 283, 108541. https://doi.org/
10.1016/j.fcr.2022.10854.

Li, X., Chen, J., Chen, Z., Lan, Y., LIng, M., Huang, Q., Li, H., Han, X., Yi, S., 2024.

Explainable machine learning-based fractional vegetation cover inversion and
performance optimization — a case study of an alpine grassland on the Qinghai-Tibet
plateau. Ecol. Inf.,, 102768 https://doi.org/10.1016/j.ecoinf.2024.102768.

Molnar, C., 2020. Interpretable Machine Learning: A Guide for Making Black Box Models

Explainable. Lulu. com. Licience, (http://creativecommons.org/licenses/by-nc-s
a/4.0/).

Nayak, H.S., Sllva, J.V., Parihar, C.M., Krupnik, T.J., Sena, D.R., Kakraliya, S.K., Jat, H.

S., Sidhu, H.S., Sharma, P.C., Lat, M.L., Sapkota, Tek B., 2022. Interpretable machine
learning methods to explain on-farm yield variability of high productivity wheat in
northwest India. Field Crops Res 287. https://doi.org/10.1016/j.fcr.2022.108640.

Omara, P., Aula, L., Oyebiyi, F., Raun, W.R., 2019. World cereal nitrogen use efficiency

trends: review and current knowledge. Agrosys. Geosci. Environ. 2, 1-8. https://doi.
org/10.2134/age2018.10.0045.

Phoenix, G.K., Hicks, W.K., Cinderby, S., Kuylenstierna, J.C., Stock, W.D., Dentener, F.J.,

Giller, K.E., Austin, A.T., Lefroy, E.D.B., Gimeno, B.S., Ashmore, M.R., Ineson, P.,
2006. Atmospheric nitrogen deposition in world biodiversity hotspots: the need for a
greater global perspective in assessing n deposition impacts. Glob. Chang. Biol. 12,
470-476. https://doi.org/10.1111/j.1365-2486.2006.01104.x.

Poutanen, K.S., Karlund, A.O., Gémez-Gallego, C., Johansson, D.P., Scheers, N.M.,

Marklinder, I.M., Eriksen, A.K., Silventoinen, P.C., Nordlund, E., Sozer, N.,
Hanhineva, K., J., Kolehmainen, M., Landberg, R., 2022. Grains - a major source of
sustainable protein for health. Nutr. Rev. 80, 1648-1663. https://doi.org/10.1093/
nutrit/nuab084.

Quan, Z., Zhang, X., Fang, Y., Davidson, E.A., 2021. Different quantification approaches

for nitrogen use efficiency lead to divergent estimates with varying advantages. Nat.
Food 2, 241-245. https://doi.org/10.1038/543016-021-00263-3.

R Core Team, 2024. R: A Language and Environment for Statistical Computing. at

(https://www.r-project.org/).

Ransom, C.J., Kitchen, N.R., Camberato, J.J., Carter, P.R., Ferguson, R.B., Fernandez, F.

G., Franzen, D.W., Laboski, C.A.M., Myers, D.B., Nafziger, E.D., Sawyer, J.E.,
Shanahan, J.F., 2019. Statistical and machine learning methods evaluated for
incorporating soil and weather into corn nitrogen recommendations. Comput.
Electron. Agric. 164, 104872. https://doi.org/10.1016/j.compag.2019.104872.

12

Field Crops Research 334 (2025) 110138

Rivas, M.J.I,, Nonhebel, S., 2017. Estimating future global needs for nitrogen based on
regional changes of food demand. Agric. Res. Technol. Open Access J. 8, 39-46.
https://doi.org/10.19080/artoaj.2017.08.555635.

Rohatgi, A., 2016. Web Plot Digitizer version 3.10. Available: (https://automeris.io/).

Rubel, F., Brugger, K., Haslinger, K., Auer, 1., 2017. The climate of the european Alps:
shift of very high resolution Képpen-Geiger climate zones 1800-2100. Meteorol. Z.
26, 115-125. https://doi.org/10.1127/metz/2016/0816.

Sapkota, T.B., Bijay-Singh, Takele, R., 2023. Improving nitrogen use efficiency and
reducing nitrogen surplus through best fertilizer nitrogen management in cereal
production: the case of India and China. Adv. Agron. 178, 233-294. https://doi.org/
10.1016/bs.agron.2022.11.006.

Schlesinger, W.H., 2009. On the fate of anthropogenic nitrogen. Proc. Natl. Acad. Sci.
106, 203-208. https://doi.org/10.1073/pnas.0810193105.

Sen, P.K., 1968. Estimates of the regression coefficient based on Kendall’s tau. J. Am.
Stat. Assoc. 63, 1379-1389. https://doi.org/10.1080/01621459.1968.10480934.

Sivakumar, M., Parthasarathy, S., Padmapriya, T., 2024. Trade-off between training and
testing ratio in machine learning for medical image processing. PeerJ Comput. Sci.
10, e2245. https://doi.org/10.7717/peerj-cs.2245.

Smerald, A., Kraus, D., Rahimi, J., Kuchs, K., Kiese, R., Butterbach-Bahl, K., Scheer, C.,
2023. A redistribution of nitrogen fertiliser across global croplands can help achieve
food security within environmental boundaries. Commun. Earth Environ. 4, 315.
https://doi.org/10.1038/s43247-023-00970-8.

Steffen, W., Richardson, K., Rockstrom, J., Cornell, S.E., Fetzer, 1., Bennett, E.M.,
Biggs, R., Carpenter, S.R., De Vries, W., De Wit, C.A., Floke, C., Gerten, D.,
Heinke, J., Mace, G.M., Persson, L.M., Ramanathan, V., Reyers, B., Sorlin, S., 2015.
Planetary boundaries: guiding human development on a changing planet. Science
347, 1259855. https://doi.org/10.1126/science.1259855.

Sutton M.A., Bleeker A., Howard C.M., Bekunda M., Grizzetti B., de Vries W., van
Grinsven H.J.M., Abrol Y.P., Adhya T.K., Billen G.,. Davidson E.A., Datta A., Diaz R.,
Erisman J.W., Liu X.J., Oenema O., Palm C., Raghuram N., Reis S., Scholz R.W., Sims
T., Westhoek H. & Zhang F.S., with contributions from Ayyappan S., Bouwman A.F.,
Bustamante M., Fowler D., Galloway J.N., Gavito M.E., Garnier J., Greenwood S.,
Hellums D.T., Holland M., Hoysall C., Jaramillo V.J., Klimont Z., Ometto J.P., Pathak
H., Plocq Fichelet V., Powlson D., Ramakrishna K., Roy A., Sanders K., Sharma C.,
Singh B., Singh U., Yan X.Y. & Zhang Y., 2013. Our Nutrient World. The Challenge to
Produce More Food & Energy with Less Pollution. Global Overview of Nutrient
Management. Centre for Ecology and Hydrology, Edinburgh on behalf of the Global
Partnership on Nutrient Management and the International Nitrogen Initiative.

Tamagno, S., Maaz, T.Mc.Clellan, van Kessel, C., Linquist, B.A., Ladha, J.K., Lundy, M.E.,
Maureira, F., Pittelkow, C.M., 2024. Critical assessment of nitrogen use efficiency
indicators: bridging new and old paradigms to improve sustainable nitrogen
management. Eur. J. Agron. 159, 127231. https://doi.org/10.1016/j.
eja.2024.127231.

Tilman, D., Cassman, K.G., Matson, P.A., Naylor, R., Polasky, S., 2002. Agricultural
sustainability and intensive production practices. Nature 418, 671-677. https://doi.
org/10.1038/nature01014.

Vitousek, P.M., Maylor, R., Crews, T., David, M.B., Drinkwater, L.E., Holland, E.,
Johnes, P.J., Katzenberger, J., Martimelli, L.A., Matson, P.A., Nziguheba, G.,
Ojima, D., Palm, C.A., Robertson, G.P., Sanchez, P.A., Townsend, A.R., Zhang, F.S.,
2009. Nutrient imbalances in agricultural development. Science 324, 1519-1520.
https://doi.org/10.1126/science.1170261.

Vonk, W.J., Hijbeek, m R., Glendining, M.J., Powlson, D.S., Bhogel, A., Merbach, I.,
Silva, J.V., Poffenbarger, H.J., Dhillon, J., Sieling, K., tenBerge, H.F.M., 2022. The
legacy effect of synthetic n fertiliser. Eur. J. Soil Sci. 73. https://doi.org/10.1111/
€jss.13238.

Wadoux, A.M.J.-C., Saby, N.P.A., Martin, M.P., 2023. Shapley values reveal the drivers of
soil organic carbon stock prediction. SOIL 9, 21-38.

Wickham, H., 2016. Ggplot2: Elegant Graphics for Data Analysis, 2016. Springer
International Publishing, Cham. https://doi.org/10.1007/978-3-319-24277-4.

Wu, Q., Wang, J., He, Y., Liu, Y., Jiang, Q., 2023. Quantitative assessment and mitigation
strategies of greenhouse gas emissions from rice fields in China: a data-driven
approach based on machine learning and statistical modeling. Comput. Electron.
Agric. 210, 107929. https://doi.org/10.1016/j.compag.2023.107929.

Yan, M., Pan, G., Lavallee, J.M., Conant, R.T., 2020. Rethinking sources of nitrogen to
cereal crops. Glob. Chang. Biol. 26, 191-199. https://doi.org/10.1111/gcb.14908.

Yu, X., Keitel, C., Zhang, Y., Wangeci, A.N., Dijkstra, F.A., 2022. Global meta-analysis of
nitrogen fertilizer use efficiency in rice, wheat and maize. Agric. Ecosyst. Environ.
338, 108089. https://doi.org/10.1016/j.agee.2022.108089.

Zhang, X., Davidson, E.A., Mauzerall, D.L., Searchinger, T.D., Dumas, P., Shen, Y., 2015.
Managing nitrogen for sustainable development. Nature 528, 51-59. https://doi.
org/10.1038/naturel15743.

Zhang, Y., Ling, C., 2018. A strategy to apply machine learning to small datasets in
materials science. npj Comput. Mater. 4, 28-33. https://doi.org/10.1038/s41524-
018-0081-z.

Zhao, X., Wang, Y., Cai, S., Ladha, J.K., Castellano, M.J., Xia, L., Xie, Y., Xiong, Z., Gu, B.,
Xing, G., Yan, X., 2024. Legacy nitrogen fertilizer in a rice-wheat cropping system
flows to crops more than the environment. Sci. Bull. 69, 1212-1216. https://doi.org/
10.1016/j.scib.2024.02.027.


https://doi.org/10.1016/j.scitotenv.2018.08.154
https://doi.org/10.3389/fpls.2021.637108
https://doi.org/10.1007/978-1-4613-8847-0_4
https://doi.org/10.1007/978-1-4613-8847-0_4
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref6
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref6
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref6
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref6
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref7
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref7
https://doi.org/10.1126/science.1136674
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref9
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref9
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref10
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref10
https://doi.org/10.1111/j.1365-2389.1985.tb00348.x
https://doi.org/10.1111/j.1365-2389.1985.tb00348.x
https://www.cabdirect.org/cabdirect/abstract/20053034489
https://www.cabdirect.org/cabdirect/abstract/20053034489
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref13
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref13
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref13
https://doi.org/10.1016/S0065-2113(05)87003-8
https://doi.org/10.2134/jeq2011.0064
https://doi.org/10.1038/srep19355
https://doi.org/10.1016/bs.agron.2020.05.006
https://doi.org/10.1016/j.fcr.2022.10854
https://doi.org/10.1016/j.fcr.2022.10854
https://doi.org/10.1016/j.ecoinf.2024.102768
http://creativecommons.org/licenses/by-nc-sa/4.0/
http://creativecommons.org/licenses/by-nc-sa/4.0/
https://doi.org/10.1016/j.fcr.2022.108640
https://doi.org/10.2134/age2018.10.0045
https://doi.org/10.2134/age2018.10.0045
https://doi.org/10.1111/j.1365-2486.2006.01104.x
https://doi.org/10.1093/nutrit/nuab084
https://doi.org/10.1093/nutrit/nuab084
https://doi.org/10.1038/s43016-021-00263-3
https://www.r-project.org/
https://doi.org/10.1016/j.compag.2019.104872
https://doi.org/10.19080/artoaj.2017.08.555635
https://automeris.io/
https://doi.org/10.1127/metz/2016/0816
https://doi.org/10.1016/bs.agron.2022.11.006
https://doi.org/10.1016/bs.agron.2022.11.006
https://doi.org/10.1073/pnas.0810193105
https://doi.org/10.1080/01621459.1968.10480934
https://doi.org/10.7717/peerj-cs.2245
https://doi.org/10.1038/s43247-023-00970-8
https://doi.org/10.1126/science.1259855
https://doi.org/10.1016/j.eja.2024.127231
https://doi.org/10.1016/j.eja.2024.127231
https://doi.org/10.1038/nature01014
https://doi.org/10.1038/nature01014
https://doi.org/10.1126/science.1170261
https://doi.org/10.1111/ejss.13238
https://doi.org/10.1111/ejss.13238
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref38
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref38
https://doi.org/10.1007/978-3-319-24277-4
https://doi.org/10.1016/j.compag.2023.107929
https://doi.org/10.1111/gcb.14908
https://doi.org/10.1016/j.agee.2022.108089
https://doi.org/10.1038/nature15743
https://doi.org/10.1038/nature15743
https://doi.org/10.1038/s41524-018-0081-z
https://doi.org/10.1038/s41524-018-0081-z
https://doi.org/10.1016/j.scib.2024.02.027
https://doi.org/10.1016/j.scib.2024.02.027

D. Chakraborty et al. Field Crops Research 334 (2025) 110138

Zhou, J., Li, E., Wei, H., Li, C., Qiao, Q., Armaghani, D.J., 2019. Random forests and Zomer, R.J., Xu, J., Trabucco, A., 2022. Version 3 of the global aridity index and
cubist algorithms for predicting shear strengths of rockfill materials. Appl. Sci. 9, potential evapotranspiration database. Sci. Data 9, 409. https://doi.org/10.1038/
1621. https://doi.org/10.3390/app9081621. s41597-022-01493-1.

Zhou, Y., Zhao, X., Guo, X., Li, Y., 2022. Mapping of soil organic carbon using machine
learning models: combination of optical and radar remote sensing data. Soil Sci. Soc.
Am. J. 86, 293-310.

13


https://doi.org/10.3390/app9081621
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref47
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref47
http://refhub.elsevier.com/S0378-4290(25)00403-4/sbref47
https://doi.org/10.1038/s41597-022-01493-1
https://doi.org/10.1038/s41597-022-01493-1

	Global insights into nitrogen losses and efficiency in rice, wheat, and maize cultivation
	1 Introduction
	2 Materials and methods
	2.1 Mining and achieving primary data
	2.2 Data compilation and processing
	2.3 Machine learning model training and evaluation
	2.4 Data analysis

	3 Results
	3.1 Global variances in crop NUE and N losses
	3.2 Time trends and relationships among various NUE expressions
	3.3 Comparative performance of machine learning models for predicting N loss in maize, rice, and wheat
	3.4 Key determinants of N loss in maize, rice, and wheat: role of soil properties and application strategies
	3.5 Impact of management practices on N losses
	3.6 Impact of soil texture on N losses

	4 Discussion
	4.1 Reframing nitrogen use efficiency
	4.2 Comparing NUE metrices across crops and NUE time trends
	4.3 Understanding the legacy effect and unaccounted N sources
	4.4 Patterns of N loss across maize, rice and wheat
	4.5 Limitations

	5 Conclusions
	Funding sources
	CRediT authorship contribution statement
	Declaration of Generative AI and AI-assisted technologies in the writing process
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Supporting information
	Data availability
	References




