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A large number of studies related to agricultural nitrogen (N) losses have been conducted in recent
decades worldwide. However, determining if speciﬁc N loss pathways are under-researched or overresearched for different country-crop combinations still remains uncertain. The objective of this study
was to provide an estimate of crop-speciﬁc research deﬁcits or excesses for global cropland ammonia
volatilization, nitrous oxide emission, and N leaching from 2001 to 2015 from simulations with the
DeNitriﬁcation-DeComposition (DNDC) model and zero-inﬂated Poisson model integrated with bibliometric metrics (i.e., numbers of publications and researchers). In addition, some major inﬂuencing factors affecting cropland N loss patterns were also evaluated. Our analysis showed that corn, wheat, rice,
and legumes have received substantially more research focus than other crops due to their greater N
losses. Greater amounts of research were always evident in China, the United States, and Australia for
cereals; in China, India, the United States, and Japan for rice; and in the United States, Brazil, China,
Argentina, and India for legumes. These countries are major crop producers that spend large monetary
sums on research and development. Some country-crop combinations, such as millet across the globe,
cassava and sorghum in tropical countries, and legumes in Europe, show greater research deﬁcits due to
the lower level of economic development or due to agricultural policies in the countries where these
crops are produced. Tillage method is sometimes considered the most sensitive driver for various N loss
pathways. However, the amount of tillage research tended to be slightly lower than research on climate
factors and fertilization. Our results support the urgent need for prioritizing the allocation of agricultural
research focus and resources not only with regard to country-crop combinations but also with respect to
measures for mitigating N loss in order to enhance environmental and agricultural sustainability.
© 2020 Elsevier Ltd. All rights reserved.
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1. Introduction
Although nitrogen (N) is a necessary input for crop growth and
production, over-application of fertilizer makes agricultural N loss a
huge challenge for climate change, environmental well-being, and
human health at local, regional, and global scales (Erisman et al.,
2013; Bowles et al., 2018; McLellan et al., 2018). Agricultural N
loss decreases water quality and biodiversity in terrestrial, aquatic,
and marine ecosystems, and increases greenhouse gas emissions
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[especially nitrous oxide (N2O)] (Erisman et al., 2013; Zhang et al.,
2015). Some typical pathways for N loss are ammonia (NH3) volatilization, denitriﬁcation, and leaching (Walsh and Belmont, 2015).
NH3 volatilization losses are produced from urea-based N fertilizers
by urease enzymes in the soil and plant residues. Denitriﬁcation
can result in N losses as gaseous forms of N (primarily NOx and N2
emissions) being released to the atmosphere. Leaching is the
downward movement of N with water through the soil (Walsh and
Belmont, 2015). Several factors account for these N losses in agroecosystems, including soil N mineralization, low capacity for soil N
retention, and spatial and temporal mismatches between fertilizer
application and crop N demand (Liu et al., 2010; Bowles et al., 2018).
Agricultural N loss is highly variable both spatially and temporally, which makes estimating and mitigating N loss particularly
difﬁcult under changing climatic conditions and different cropping
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systems (McLellan et al., 2018; Myrgiotis et al., 2019). For this
reason, empirical models and process-oriented biogeochemical
models have been developed and are widely used, to provide
support for the global or regional study of agricultural N loss
simulation (e.g., Gerber et al., 2016; Tian et al., 2018). These models
can help us understand the processes underlying potential N responses to agricultural management and identify effective mitigation strategies (Bowles et al., 2018). Over the past several decades,
there has been a large increase in the number of published articles
and researchers involved in the study of N loss and related models
(Padilla et al., 2018; Yang et al., 2018). Given these wide-ranging
changes, agricultural N loss research should prioritize investments in and policies related to research based on a wide
perspective (Manners and van Etten, 2018). The current related
research intensity (i.e., if N loss in different countries/regions is
under-researched or over-researched) and priority (if major drivers
of N loss are more researched than others) are worthy of further
examination with respect to enabling the slowing down or mitigation of global warming.
In this study, we try to answer questions related to N loss
mechanisms and the amount of research devoted to understanding
and quantifying N loss by integrating a process-based biogeochemical model and bibliometric analysis. Of the existing mechanistic models, the DeNitriﬁcation-DeComposition (DNDC) model
has been widely validated and applied. This model has high predictive capability and can accurately describe carbon and nitrogen
biogeochemistry cycles, greenhouse gas emissions, and crop
growth and production in agroecosystems under different climate
conditions and management practices (Li et al., 1992; Zhang and
Niu, 2016). It has been mainly used to simulate N2O emissions
and N leaching at regional scales in current agriculture-related
studies (e.g., Perlman et al., 2013; Yu et al., 2019). Perlman et al.
(2013) used the DNDC model to estimate N2O emissions for large
geographic areas of maize production in the United States, and
indicated that results between “site” and “regional” modes can
differ greatly. Beach et al. (2015) built a gridded database to estimate greenhouse gas ﬂuxes and crop yields from global paddy rice
cultivation systems. To illustrate the critical role of N input on crop
production and water quality, Yu et al. (2019) used the DNDC model
to simulate major grain crops and found ~45% of grain yields can be
attributed to the use of synthetic N fertilizers. DNDC has also been
used to estimate provincial N discharge into an inland aquatic
environment in association with other N balance models (Yu et al.,
2019).
Bibliometric analysis is an innovative and objective method that
assesses scientiﬁc literature quantitatively and provides statistics to
describe characteristics and dynamics of bibliometric data within a
speciﬁc topic (Pritchar, 1969). Padilla et al. (2018) analyzed global
trends in nitrate leaching research by the bibliometric method and
reported an increasing number of studies conducted for maize,
wheat, and grasses from 1990 onwards that involved nitrate
leaching research. Yang et al. (2018) used a bibliometric approach
for the assessment of greenhouse gas research trends on a global
scale, and reported that the seven most developed industrialized
countries had played a predominant role in greenhouse gas
research.
In this study, we use these distinct methods to gather the global
agricultural N loss (by NH3 volatilization, N2O emission, and N
leaching) from cropping systems and corresponding numbers of
publications and researchers of three main categories of food crops:
upland starches [corn (Zea mays L.), wheat (Triticum aestivum L.),
barley (Hordeum vulgare L.), rye (Secale cereale L.), millet [pearl
millet (Pennisetum glaucum L.), foxtail millet (Setaria italica L.), and
common millet (Panicum miliaceum L.)], sorghum (Sorghum bicolor
L.), rainfed rice (Oryza sativa L.), potatoes (Solanum tuberosum L.),

and cassava (Manihot esculenta Crantz)], paddy rice, and legumes
[soybeans (Glycine max (Linn.) Merr.) and pulses] from 2001 to
2015. Crop categories might affect NH3 volatilization, N2O emissions, and N leaching in contrasting ways by inﬂuencing cropland
management practices and abiotic and biotic soil factors (Basche
et al., 2014). These crops globally constitute the largest fraction of
cropland and are produced, traded, and consumed more than any
other crops (http://data.stats.gov.cn). Their cropping practices are
typically the major source of N loss (Del Grosso et al., 2009). Our
objectives were to: (1) evaluate the applicability of the DNDC
model for simulating global agricultural NH3 volatilization, N2O
emission, and N leaching from cropping systems in regional mode,
(2) estimate whether NH3 volatilization, N2O emission, and N
leaching has been under-researched or over-researched according
to the numbers of publication and related researchers for countrycrop combinations by using bibliometric analysis, and (3) determine the main N loss inﬂuencing factors and prioritize relevant N
loss research topics through sensitivity analysis of DNDC under
different climatic and agronomic management conditions. This
results of this study should provide further insight into both past
and future research emphasis regarding agricultural N loss, especially through NH3 volatilization, N2O emission, and N leaching.
2. Data and methods
2.1. DNDC model overview and simulations in regional mode
DNDC (version 9.5; University of New Hampshire; http://www.
dndc.sr.unh.edu) was ﬁrst described by Li et al. (1992) to estimate
N2O emissions for agro-ecosystems through the combination of
three sub-models: a thermal-hydraulic model, a decomposition
model, and a denitriﬁcation model (Giltrap et al., 2010; Gilhespy
et al., 2014). The model has been subsequently modiﬁed to
include the addition of a fermentation sub-model, a crop growth
sub-model, and the separation of soil layers into aerobic and
anaerobic compartments (Li, 2000; Zhang et al., 2002; Li et al.,
2004a). Currently, the DNDC model consists of two overarching
components. The ﬁrst component integrates climate, soil, crop, and
management factors, and then simulates the state of the soil-plant
system via three submodels: soil-climate, crop growth, and
decomposition. The second component, comprised of nitriﬁcation,
denitriﬁcation, and fermentation submodels, uses simulated soil
conditions to predict trace gas emissions via biochemical processes
(Zhang et al., 2016; Zhang and Niu, 2016). DNDC is capable of
simulating at both site and regional scales. Global-scale DNDC
simulations in regional mode can be divided into three major steps
(described in sections 2.1.1, 2.1.2, and 2.1.3):
2.1.1. Acquisition and formatting of model input data
In this study, we compiled a spatial database to set up DNDC in
the regional mode by using global datasets as inputs, mainly those
shown in Table 1 and Supplemental Text S1 in the Supporting Information section. Please see Supplemental Fig. S1 in the Supporting Information section for details of the spatial distribution of
the mean values of the data driving the DNDC model from 2001 to
2015.
2.1.2. Global cropping simulations and validation of DNDC
In regional simulations of NH3 volatilization, N2O emissions, and
N leaching, DNDC was set to continuously run four times by using
the means of inputs during the deﬁned period of 2001e2015 for
each cropping system in each grid cell. These simulations were run
under both full irrigation and non-irrigated conditions combined
with maximum and minimum values of the most sensitive soil
factors to achieve the simulation results and to quantify

Y. Zhang, Q. Yu / Journal of Cleaner Production 276 (2020) 123308

3

Table 1
List of inputs required for regional simulation with the DeNitriﬁcation-DeComposition model.
Data (unit required)
Spatial information
Soil surface slope (0e90 )
Climate parameters
Daily maximum/minimum
temperature ( C)
Daily rainfall (cm)
N concentration in precipitation (mg
kg1)
Atmospheric CO2 concentration
(ppm)
Soil parameters
Maximum/minimum SOC content
(kg C kg¡1)
Maximum/minimum soil clay
fraction
Maximum/minimum soil pH
Maximum/minimum soil bulk
density (g cm¡3)
Soil salinity index (0e100)
Initial snow pack (mm)
Crop parameters
Maximum yield (kg C ha¡1)
Accumulative temperature ( C d)
Water requirement (kg water kg dry
matter¡1)
Fraction of above-ground crop
residue incorporated
Management parameters
Tillage method
Gridded crop area (ha)
Irrigation area for upland crops (%)
Planting and harvesting dates
(Julian day)
Fertilizer application (kg N ha¡1)
Manure application (kg N ha¡1)

Period, spatio-temporal resolution, and data unit

Sources and references

One time; 0.083 ;

https://www.earthenv.org/topography; Amatulli et al. (2018)



1901e2018; monthly; 0.5 ;  C and mm mon1

https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.03/; Harris et al. (2014)

1860e2016; monthly; 0.5 ; g N m2 mon1

https://www.isimip.org/gettingstarted/details/24/; Tian et al. (2018)

1765e2005 and 2005e2500; annually; W m2

http://www.pik-potsdam.de/~mmalte/rcps/; Meinshausen et al. (2011)

One time; 0.083 ; t ha1, % of weight, 1 101, and g http://globalchange.bnu.edu.cn/research/soilw; Shangguan et al. (2014)
cm3 102, respectively

1958e2018; monthly; 0.042 ; mm

Set to 0; Li (2012)
http://www.climatologylab.org/terraclimate.html; Abatzoglou et al. (2018)
Set to defaults; Li (2012)

Refer and revise the “Shangrila” GIS data ﬁles provided with the DNDC; Li
(2012)
Around 2005; one time; 0.083
Around 2000; one time; 0.5 ; ha
One time; 0.5 ; Julian day
1961e2013; annually; 0.5 ; g N m2 yr1
1860e2014; annually; 0.083 ; kg N km2 yr1

uncertainties using the most sensitive factor (MSF) method (Li
et al., 2004b; Li, 2012). The most sensitive soil factors were automatically determined by DNDC depending on the user-deﬁned
major concern (NH3, N2O, and N leaching in this study). This MSF
method obtained the most sensitive factors derived from a large
number of sensitivity tests to prioritize the environmental factors,
and had been validated against the Monte Carlo method during the
development of DNDC (Li et al., 2004b). Pairs of N losses (NH3, N2O,
and N leaching) were produced during this uncertainty simulation,
producing a range that included the “real” N loss with a high
probability. Please see Supplemental Text S2 in the Supporting Information section for details of the assumptions made in the
simulation of DNDC.
DNDC was validated by comparing the available global NH3
volatilization, N2O emissions, and N leaching inventories with the
estimates obtained in this study. Those inventories included the
Emissions Database for Global Atmospheric Research (EDGARv4.3.2) for NH3 volatilization validation (https://edgar.jrc.ec.
europa.eu/gallery.php?release¼v432_AP&substance¼NH3&sector
¼AGS; Crippa et al., 2018), EDGARv5.0 for N2O emission validation
(https://edgar.jrc.ec.europa.eu/gallery.php?
release¼v50&substance¼N2O&sector¼AGS; Janssens-Maenhout
et al., 2019), and some recent published articles (e.g., Gerber
et al., 2016; Nevison et al., 2016; Zhang et al., 2018; Tian et al.,
2019). Differences between estimated and tabulated values were
calculated to quantitatively assess the performance of the DNDC
model for NH3 volatilization, N2O emissions, and N leaching
simulation.

http://dataservices.gfz-potsdam.de/pik/showshort.php?id¼escidoc:4085894;
Porwollik et al. (2019)
http://www.uni-frankfurt.de/45218031/data_download?; Portmann et al.
(2010)
https://nelson.wisc.edu/sage/data-and-models/crop-calendar-dataset/
netCDF0-5degree.php; Sacks et al. (2010)
https://doi.pangaea.de/10.1594/PANGAEA.863323; Lu and Tian (2017)
https://doi.pangaea.de/10.1594/PANGAEA.871980; Zhang et al. (2017)

2.1.3. Sensitivity analysis
Sensitivity analysis of DNDC was performed to investigate
alternative climate and management conditions in order to identify
the key factors controlling model outputs and potential measures
to mitigate N loss (Qin et al., 2016). In this study, fractional changes
were introduced to one input variable at a time while keeping all
others constant (Zhuo et al., 2014). Even though this method does
not consider the interaction and nonlinear relationship between
input and output parameters, this sensitivity analysis method has
been commonly applied because of fewer computations and easy
operation (Wang et al., 2016; Qin et al., 2016). Due to the reliability
of the data sources and the exact effects on N loss of climate change
and intensive agricultural management, the sensitivity analysis was
carried out with consideration of only climate variables (temperature, precipitation, and CO2 concentration) and agricultural management practices (fertilizer application rate, manure application
rate, and tillage method) varying within a certain range to reduce
NH3 volatilization, N2O emissions, and N leaching for all countries/
regions from 2001 to 2015 (Snyder et al., 2009; Bowles et al., 2018).
An uncertainty of ±20% was used in this study by varying climate
and agricultural management estimates, based on some reviews
and assumptions (Snyder et al., 2009; Bowles et al., 2018). Then the
N loss responses for speciﬁc countries/regions were recorded
(Table 2). In order to quantitatively evaluate results, relative
sensitivity index (SI) was calculated (Wang et al., 2016):


SI ¼ max

Oalter;1  Obase
Oalter;n  Obase
; …;
Obase
Obase
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where Oalter,1, …, Oalter,n indicate the model outputs corresponding
to each alternative of a selected input parameter, and Obase indicates
the model output corresponding to the baseline scenario. Higher
values of SI indicate greater impacts of the input parameters on the
output results.
2.2. Linking DNDC outputs with bibliometric data
In this study, data were collected on 28 November 2019 from the
Scopus
database
(https://www.scopus.com/search/form.uri?
display¼basic). This database offers standardized and high-quality
academic publication information. For NH3 volatilization, 333, 75,
and 110 English-language papers (journal articles or reviews) published from 2001 to 2015 were obtained to compile the bibliometric
datasets for upland starches, paddy rice, and legumes, respectively,
with the topic ﬁeld search (TS) of article title, abstract, and keywords:
TSuplandstarches ¼ ((“ammonia” OR “NH3”) AND (“maize$” OR “corn$”
OR “wheat$” OR “barley$” OR “sorghum$” OR “rye$” OR “millet$” OR
“rainfed W/3 rice$” OR “upland W/3 rice$” OR “dry W/3 rice$” OR
“dryland W/3 rice$” OR “potato*” OR “cassava$” OR “cassawa$”));
TSpaddy rice ¼ ((“ammonia” OR “NH3”) AND (“paddy rice$” OR “irrigat*
W/3 rice$” OR “lowland W/3 rice$” OR “wetland W/3 rice$”)); and
TSlegumes ¼ ((“ammonia” OR “NH3”) AND (“soy$bean$” OR “soy$” OR
“bean$” OR “pulses” OR “legume$” OR “leguminous” OR “*pea$” OR
“groundnut$” OR “lentil$” OR “lupin$”)). For N2O emission, there
were 960, 275, and 483 papers obtained for upland starches, paddy
rice, and legumes, respectively, with “nitrous oxide” or “N2O” used in
the search strings. And for N leaching, there were 1280, 110, and 512
papers obtained for upland starches, paddy rice, and legumes,
respectively, with “nitrogen W/3 leach*” or “N W/3 leach*” or
“ammoni* W/3 leach*” or “NH4* W/3 leach*” or “nitrate W/3 leach*”
or “NO3* W/3 leach*” used in the search strings. To avoid publications with less relevance to our goal, the indexed subjects were
limited to the agricultural and biological sciences, environmental
science, earth and planetary sciences, and energy. These papers were
also manually checked to remove the articles that clearly did not
address the research topic under consideration (e.g., NH3 volatilization in pasture; peanuts as legumes) mainly based on information in
their abstracts. Research studies focused on subcontinents, continents, and the entire globe were excluded from the study, due to the
absence of observational and validation data for some countries/regions included in these studies. To link countries with bibliometric
data, the name of the countries or regions was searched for in the
article title, abstract, keywords, corresponding author addresses, and
text to determine the country or region which the publication
focused on. These bibliometric details were also used to accurately
deﬁne crop type (e.g., whether spring wheat or winter wheat was
studied when only “wheat” was mentioned). Articles were counted
more than once if they corresponded to more than one country/region or crop. Two elementary bibliometric metrics (i.e., numbers of
publications and related researchers) were selected for assessing
research quantity and impact for speciﬁc country-crop combinations
and climate and management factors (Zhang and Yu, 2020). An
author name disambiguation method was adopted which integrated
the Scopus Author Identiﬁer provided by Scopus with manual

disambiguation procedures to obtain accurate numbers of related
researchers (Zhang and Yu, 2020).
In this study, for the research topics of global agricultural NH3
volatilization, N2O emissions, and N leaching simulated by DNDC,
the numbers of publications and related researchers (researchers
who published his/her articles focused on speciﬁc country/region
in this time period) were used to estimate the current research
intensity for each country-crop combination from 2001 to 2015. As
with Manners and van Etten (2018), a zero-inﬂated Poisson
generalized linear model was used to examine the global relationship between log(NH3 volatilization/N2O emission/N
leaching þ 1) (as the explanatory variables) and number of publications or related researchers (as the response variable) for each
crop category (i.e., upland starches, paddy rice, and legumes). Data
for country-crop combinations were excluded where no cropland
distribution area was available. The research topic was considered
under-researched (or over-researched) when the deviation between the actual numbers of publications (and related researchers)
and the regression line (as the benchmark) for a particular countrycrop combination was negative (or positive). As referred to by
Manners and van Etten (2018), in this study, research intensity (i.e.,
being under-researched and over-researched) was categorized as
half-below and half-above the benchmark for both the number of
publications and the number of related researchers (Manners and
van Etten, 2018). The zero-inﬂated Poisson model was selected
because the publication level for a certain country-crop combination may often be zero in the absence of speciﬁc research programs.
Additionally, the zero-inﬂated Poisson model was superior to the
corresponding ordinary Poisson model, having higher Akaike Information Criterion (Manners and van Etten, 2018). Considering the
main sensitivity factors of N loss, the major inﬂuencing factor was
identiﬁed by sensitivity analysis using the aggregated results for a
speciﬁc country/region. Then the occurrences of these inﬂuencing
factors in publications were recorded to indicate the related
research gap, with “manure$” or “organic W/3 fertili$er$” or
“compost$” used in the search strings of article title, abstract, and
keywords, taking manure for instance.
For these calculation procedures, R statistical software (version
3.5.1; Statistics Department of the University of Auckland, https://
www.r-project.org/) was used to process all input datasets to the
required units, spatial resolution of 1.0 , and spatio-temporal
extent to meet the requirements of the DNDC model and to
conduct bibliometric analysis and statistical analysis. The R packages mainly used in this study were: “raster” and “ncdf4” for spatial
data processing; “stringr” for text manipulation; “pscl”, “car”, and
“performance” for statistical analysis; and “ggpubr”, “pheatmap”,
and “rworldmap” for visualization.
3. Results
3.1. Spatial patterns of global NH3 volatilization, N2O emissions,
and N leaching rates simulated by the DNDC model
Global N loss rate and its three dominant pathways (NH3 volatilization, N2O emissions, and N leaching rates), were quantiﬁed

Table 2
Alternative climate and agricultural management factors for sensitivity analysis of the DeNitriﬁcation-DeComposition (DNDC) model.
Variable

Baseline

Temperature
Precipitation
Atmospheric carbon dioxide concentration
Fertilizer application rate
Manure application rate
Tillage method

According
According
According
According
According
According

Alternative
to
to
to
to
to
to

input
input
input
input
input
input

ﬁle
ﬁle
ﬁle
ﬁle
ﬁle
ﬁle

of
of
of
of
of
of

DNDC
DNDC
DNDC
DNDC
DNDC
DNDC

2  C, 1  C, þ1  C, þ2  C
20%, 10%, þ10%, þ20%
20%, 10%, þ10%, þ20%
20%, 10%, þ10%, þ20%
20%, 15%, 10%, 5%
Conventional tillage, reduced till, no-till
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from croplands from 2001 to 2015. The magnitude of the emission
rates for these three N loss pathways differed greatly across
countries and regions. The spatial distribution of N loss rate (Fig. 1a)
was mainly inﬂuenced by the NH3 volatilization rate (Fig. 1b). High
rates of NH3 volatilization (>120 kg N ha1 yr1) were observed in
the Nile River Delta in Egypt, and in the North China Plain and
Northeast Plain in China. Other major emission regions were India,
western Europe, and the United States. Upland starches were the
main crop category responsible for high NH3 volatilization rates in
these regions (Supplemental Fig. S2a). The magnitude of N2O
emission rates was less than the NH3 volatilization rates (Fig. 1c).
The highest N2O emission rates were found in southern China,
southeast Asia, parts of India, and the Nile River Delta. The highest
N2O emission rates (>4 kg N ha1 yr1) occurred in Sri Lanka, the
Philippines, and some parts of China (e.g., Shanghai). Cultivation of
paddy rice is likely responsible for the locations of these high N2O
emission rates (Supplemental Fig. S2e). Regions with high N
leaching rates (>5 kg N ha1 yr1; Fig. 1d) were concentrated in
eastern China as a result of production of upland starches and
paddy rice (Supplemental Figs. S2g and S2h), and in the eastern
United States and western Europe as a result of production of upland starches and legumes (Supplemental Figs. S2g and S2i).
3.2. Relationships between bibliometric metrics and NH3
volatilization, N2O emissions, and N leaching simulated by the
DNDC model
Overall, there were positive relationships between numbers of
related researchers (and publications) and the amounts of NH3
volatilization (Fig. 2a and b), N2O emissions (Fig. 3a and b), and N
leaching (Fig. 4a and b) for country-crop combinations from 2001 to
2015. The regression lines used as benchmarks were observed to
have very similar slopes and intercepts for upland starches, paddy
rice, and legumes, indicating no obvious disparity in bibliometric
metrics due to crop category. These results demonstrated the
considerable N losses and insufﬁcient research for these three crop
categories, shown by the grouping of country-crop combinations
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below the regression lines. Moreover, there were a very large
number of datapoints representing 0 researchers and publications
(lower portions of panels a and b in all three ﬁgures) for many
countries/regions for particular crops, even though those crops had
been grown in those countries/regions.
Based on these regression lines, the research intensities of 13
crops were deﬁned as under-researched or over-researched for NH3
volatilization, N2O emissions, and N leaching. Results showed high
research intensity for China, India, the United States, and some
European countries. In contrast were the countries located in
central and southeast Asia, eastern Europe, western south America,
and Africa which showed relatively low research interest. Among
the top 50 countries/regions with the largest amounts of NH3
volatilization (Fig. 2c), the United States gave the most research
attention to the upland starch crop of corn (over 47 publications
and 270 researchers more than the baselines). Most of the other
countries/regions were short of research attention given to upland
starches. China, Germany, and Japan were the countries demonstrating the greatest research attention given to ammonia volatilization in paddy rice (83 publications and 346 researchers more
than the baselines for China). Substantial over-research of
ammonia volatilization in legumes only occurred in United States.
There were more countries/regions from eastern and southeast
Asia than other regions among the top 50 countries/regions with
the largest amounts of N2O emissions (Fig. 3c). China showed overresearch for corn, winter wheat, rainfed and paddy rice, and beans.
The United States showed no research deﬁcits for N2O emissions
research relative to any crop, and four crops were clearly overresearched (corn, paddy rice, soybean, and beans). Germany, the
United Kingdom, and Canada were found to have under-researched
millet and sorghum with regards to N2O emissions.
There were more countries/regions from western and northern
Europe among the top 50 countries/regions with the largest N
leaching amounts (Fig. 4c). The United States and Germany showed
no research deﬁcits for any crop. Denmark exhibited a research deﬁcit
only for soybean (below the baselines of ﬁve publications and ﬁve
researchers). From a crop-type perspective, most crops were over-

Fig. 1. Simulated global (a) nitrogen loss, (b) ammonia volatilization, (c) nitrous oxide emission, and (d) nitrogen leaching rates by the DeNitriﬁcation-DeComposition model at a
spatial resolution of 1.0 by 1.0 during the 2001e2015 period.
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Fig. 2. Relationships between simulated ammonia volatilization and the number of (a) related researchers and (b) publications for each country-crop combination, and (c) research
intensity for all crops in the top 50 countries/regions with the largest amounts of ammonia volatilization during the 2001e2015 period. The red, yellow, and blue lines in panels (a)
and (b) indicate the values predicted by the zero-inﬂated Poisson model for upland starch crops, paddy rice, and legumes, respectively. In panel (c), research intensity is categorized
as over-researched (∧) and under-researched (∨) by half-above and half-below the respective regression lines. Grey cells represent country-crop combinations without data. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)

researched for the major countries/regions with the largest N
leaching amounts, although in comparatively far smaller levels
compared to their research deﬁcits. Only corn, winter wheat, rainfed
and paddy rice, soybean, and beans showed over-research for the
major countries/regions experiencing substantial N loss. For rice, the
over-research on N leaching was mainly concentrated in Asia,
including China, India, and Japan. In the case of soybean and beans,
over-research was seen in far more regions, and countries with overresearch distributed across distinct regions, including the United
States, Brazil, China, Argentina, and India. In contrast, cassava and
millet always had the largest overall research deﬁcits spread across
the globe. Additionally, cassava was identiﬁed to be under-researched
even in tropical regions where it is largely grown and produced.
3.3. Main inﬂuencing factors simulated by the DNDC model and
relevant research priority derived from the bibliometric analysis for
NH3 volatilization, N2O emissions, and N leaching
The climate and agricultural management factors affecting N loss
which deserve to be adequately researched are presented in Figs. 5
and 6. These factors have already attracted some attention in

studies that have highlighted varying impacts on each of the N loss
pathways for different crop types grown in different countries/regions. Five climate and agricultural management factors (i.e., temperature, precipitation, carbon dioxide concentration, fertilizer
application, and tillage method) were important for inﬂuencing N
loss (Fig. 5). For N2O emissions and N leaching, similar spatial patterns were observed for the most sensitive factor across crop categories. Fertilizer application dominated N2O emissions and N
leaching in most of the agricultural production areas, while temperature played an important role in other countries. Tillage method
affected NH3 volatilization for upland starches in North America,
Africa, Europe, Asia, and Australia. However, fertilizer application and
temperature inﬂuenced NH3 volatilization for paddy rice and legumes to a greater extent than tillage method. For all four crop types,
N2O emissions and N leaching were dominated by fertilizer application and temperature across countries, whereas NH3 volatilization
was primarily inﬂuenced by tillage method. There were only small
differences in the spatial patterns of the dominant factor inﬂuencing
N loss and NH3 volatilization across crops. The ﬁve climate and
agricultural management factors noted above were often the subjects
of N loss research publications (Fig. 6). Most countries have
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Fig. 3. Relationships between simulated nitrous oxide emissions and the number of (a) related researchers and (b) publications for each country-crop combination, and (c) research
intensity for all crops in the top 50 countries/regions with the largest amounts of nitrous oxide emissions during the 2001e2015 period. The red, yellow, and blue lines in the panels
(a) and (b) indicate the values predicted by the zero-inﬂated Poisson model for upland starch crops, paddy rice, and legumes, respectively. In panel (c), research intensity is
categorized as over-researched (∧) or under-researched (∨) by half-above and half-below the respective regression lines. Grey cells represent country-crop combinations without
data. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)

conducted research on the relationship between N loss pathways and
fertilizer application for upland starches. Fertilizer application has
also been researched for paddy rice more than other factors across
the globe. Manure application and tillage method were researched
much more in Canada and Brazil, respectively, with respect to paddy
rice. For legumes, temperature was considered much more in Russia,
China, India, and several other countries. However, when considering
all crops across the globe, research has been focused on fertilizer
application more than the four other factors. In general, although
various climate and agricultural management factors (mainly fertilizer application, tillage method, and temperature) have been recognized as having dominant inﬂuences on N loss pathways across crops
and countries, current global agricultural research has mainly been
focused on fertilizer application (Figs. 5 and 6).
4. Discussion
4.1. Comparisons to previous estimates of N loss from global
croplands
Spatial distributions of NH3 volatilization, N2O emission, and N
leaching from this study were compared with EDGAR and some

recently published studies. Compared with the global emission
inventory database from EDGAR for the agricultural soil sector
which is based on international statistics and region-speciﬁc
emission factors, this study overestimated NH3 volatilization in
eastern China, western Europe, and the United State (Crippa et al.,
2018). These differences could be explained by the assumptions of
urea application adopted in the simulations by DNDC. Fertilizers
applied as urea may produce greater NH3 volatilization losses than
most of other types of N fertilizer, especially urea that is surfaceapplied or not incorporated deeply (Harrison and Webb, 2001).
For existing research, Xu et al. (2019) studied global NH3 emissions
from synthetic N fertilizer applications associated with detailed
fertilization timings for 10 crop types by a process-based Dynamic
Land Ecosystem Model and found that southern Asia, including
China and India, and North America and Europe dominated the
total global NH3 emissions. They also reported that the North China
Plain had the highest emission rate, which agreed well with the
results from our study. Moreover, several studies have estimated
NH3 volatilization from some warm regions (e.g., China). Areas of
high agricultural NH3 emissions (>80 kg N ha1 yr1) in China for
the year 2008 were identiﬁed as being evenly distributed across the
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Fig. 4. Relationships between simulated nitrogen leaching and the number of (a) related researchers and (b) publications for each country-crop combination, and (c) research
intensity for all crops in the top 50 countries/regions with the largest amounts of nitrogen leaching during the 2001e2015 period. The red, yellow, and blue lines in panels (a) and
(b) indicate the values predicted by the zero-inﬂated Poisson model for upland starch crops, paddy rice, and legumes, respectively. In panel (c), research intensity is categorized as
over-researched (∧) and under-researched (∨) by half-above and half-below the respective regression lines. Grey cells represent country-crop combinations without data. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)

North China Plain, parts of the Northeast Plain of China, and
Sichuan Basin by several studies using various approaches (Zhou
et al., 2016; Zhang et al., 2018). These results demonstrated excellent quantitative consistency with our estimated emissions. Xu
et al. (2019) also indicated that rice ﬁelds were the largest
contributor to east, south, and southeast Asian NH3 volatilization.
Their ﬁnding was a result of rice being the major crop cultivated in
these regions, and the large amount of fertilizer consumed for rice
production in these subtropical and tropical regions, which supported the results obtained in the current study (Supplemental
Fig. S2b; FAO/IFA, 2001).
Compared with N2O emissions from EDGAR for the agricultural
soil sector, this study overestimated N2O emissions in some major
paddy rice-producing regions (e.g., southern China, the Philippines,
and Sri Lanka), and slightly underestimated emissions in some
major upland crop-producing regions (e.g., northern China,
northern India, western Europe, and the United States) (JanssensMaenhout et al., 2019). These results could also be attributed to
the assumptions adopted in the simulation by DNDC (i.e., urea
application at four times over the growing season and midseason

drainage for rice irrigation; see Supplemental Text S1). For paddy
rice, mid-season drainage may greatly increase N2O emissions (Liu
et al., 2019). Kritee et al. (2018) also indicated mid-season drainage
included multiple aeration events leading to higher pulsed microbial activity to form of N2O than continuous ﬂooding condition by
enhanced mineralization and nitriﬁcationedenitriﬁcation. Therefore, paddy rice was treated as the major source of N2O emissions in
this study, even though Gerber et al. (2016) reported that paddy
rice contributed little to N2O emissions despite it being a leading
consumer of N fertilizer. For upland crops, N2O emissions may
decrease when fertilizer is split-applied in two or more applications
per year rather than applied only once (Shcherbak et al., 2014).
Gerber et al. (2016) applied a super-linear emissions response
model to crop-speciﬁc synthetic fertilizer and manure N inputs to
provide global N2O emissions from croplands around the year
2000. They found that N2O emissions varied widely across countries and were highly concentrated, with 50% of emissions coming
from 13% of the harvested area, with the greatest emissions coming
from China, India, and the United States. Some countries within
small emission regions in western Europe, east Asia, and Egypt
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Fig. 5. Variability in the dominant factors inﬂuencing nitrogen loss (i.e., ammonia volatilization, nitrous oxide emission, and nitrogen leaching) simulated by the DeNitriﬁcationDeComposition model for upland starches, paddy rice, and legumes across countries/regions where crops were grown during the 2001e2015 period. Climate and agricultural
management factors considered were temperature, precipitation, carbon dioxide concentration, fertilizer application, manure application, and tillage method.

(especially the Nile River Delta) had very high emission intensities.
In contrast, extremely low N application rates throughout most of
sub-Saharan Africa, eastern Europe, and Latin America led to small
values of N2O emissions (Gerber et al., 2016). Tian et al. (2019) also
assessed global soil N2O emissions from 2007 to 2016 using a
standard simulation protocol with seven process-based terrestrial
biosphere models and indicated that the eastern United States,
western Europe, and southeast Asia had high cropland N2O emissions densities. In addition, China and India had high N2O emission
densities, indicating that regions expanded from the forest regions
to cropland-dominant regions (Tian et al., 2019).These ﬁndings
were generally consistent with emission rates reported in the
current study. Both of these two studies estimated that the North
China Plain had the highest N2O emission rate in China (Gerber
et al., 2016; Tian et al., 2019). However, Ito et al. (2018) employed
a process-based terrestrial ecosystem model to simulate N2O
emissions from the soils of east Asia from 2000 to 2009, and
revealed areas of high agricultural N2O emissions from the central
to southern parts of China, western South Korea, and parts of Japan.
This estimated spatial pattern of emissions from croplands was
closer to the estimates obtained in this study.
Our estimates of N leaching were compared with the ﬁndings of
Nevison et al. (2016), which coupled N leaching from the Community Land Model to the River Transport Model. Around 2000,
Nevison et al. (2016) predicted larger and more widespread N
leaching that occurred mainly in agricultural areas, including
eastern China, India, eastern Europe, and the eastern United States,
which was in line with the results simulated by the DNDC model in
this study. However, some simulated value discrepancies occurred,

which could be partly attributed to the combined results of N
leaching and runoff reported by Nevison et al. (2016). A relatively
lower N leaching rate in countries with high N loss was observed in
southern China, southern India, and southeast Asia, where paddy
rice was a major contributor to N leaching (Fig. 1d and
Supplemental Fig. S2h). This was because much lower N leaching
occurred during the growing season for rice than for the other main
crop types due to the lower nitriﬁcation capacity of paddy soil
(Wang et al., 2019). Agricultural drainage systems also increased
the aeration status of the soil, which kept more nitrogen in the form
of nitrate and thus increased N leaching loss (Cameron et al., 2013).
Thus, for N loss in cropland, similar spatial distributions were
observed for previous estimates and estimates from this study, but
distinct value divergences were seen, primarily resulting from
differences in model mechanisms and input datasets. These differences highlighted the large uncertainties and the possible caveats associated with these estimates.
4.2. Causes of research intensity variations for crops and countries/
regions
Cereal and legume crops could be an important source of plant
proteins for human food and animal feed, and help to meet the
increasing demand for bioenergy (Voisin et al., 2014). In addition,
legumes can ﬁx atmospheric nitrogen and, in turn, provide “green”
(i.e., non-synthetic) N fertilizers (Voisin et al., 2014). However, relationships between bibliometric metrics and N loss pathways
showed various patterns because the publication level for a certain
country-crop combination often dropped to zero in the absence of
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Fig. 6. Variability in the most often researched factors inﬂuencing nitrogen loss (i.e., ammonia volatilization, nitrous oxide emission, and nitrogen leaching) from the bibliometric
dataset for upland starches, paddy rice, and legumes across countries/regions where publications are currently present during the 2001e2015 period. Climate and agricultural
management factors considered were temperature, precipitation, carbon dioxide concentration, fertilizer application, manure application, and tillage method.

pertinent research programs (Manners and van Etten, 2018).
Funding availability has been identiﬁed as the most important
factor inﬂuencing research productivity (Jung et al., 2015). Moreover, it has generally been assumed that economic factors such as a
nation’s gross domestic product was related to that nation’s
research performance (Jung et al., 2015). An association has also
been identiﬁed between spending on research and development
(R&D), number of universities, number of indexed scientiﬁc journals, and research outcomes (Meo et al., 2013). These studies
explained the higher numbers of publications and researchers and
fewer research deﬁcits for crops in eastern Asia, India, Australia,
North America, and western Europe (http://uis.unesco.org/apps/
visualisations/research-and-development-spending/).
Most
research deﬁcits were observed in countries in central Asia and
Africa. Anwar and Abu Baker (1997) reported that most of the Arab
world countries lack researchers and scientists. Additionally, a large
number of the research scholars from Asian countries have
migrated to other continents including North America, Europe, and
Australia (van Noorden, 2012).
There were obvious spatial variations in the major N loss
pathways in cropland across crops and countries. Some countrycrop combinations produced particularly high N losses
(Supplemental Fig. S3). Yang et al. (2018) found the G7 countries,
China and Australia had played a predominant role in greenhouse
gas research in the last 15 years. In this study, nitrogen gaseous
losses had high values in southeast Asia and China, where rice was
widely planted (Liu et al., 2010; Xu et al., 2019). Corn and wheat
cultivation in the United States and China was responsible for
nearly one-quarter of the total global N2O emissions (Gerber et al.,

2016). High N leaching generally occurred in China, the United
States, and several countries in western Europe where cereal
cultivation employs large fertilizer inputs (Liu et al., 2010). These
countries or regions were generally characterized as overresearched for N leaching with these upland starch crops. Padilla
et al. (2018) also indicated the similar views and found a rising
relevance of research conducted with maize and wheat using the
bibliometric method in nitrate leaching research. For legumes,
over-research was mainly identiﬁed for ﬁve countries: United
States, Brazil, China, Argentina, and India (these countries produce
over 90% of the world’s soybeans according to Masuda and
Goldsmith, 2009). Legumes are important to culture and cuisine
in India so that they play predominant roles in agriculture research
from India (Kane et al., 2016). Under-research of N loss with legumes was identiﬁed in Europe despite high R&D investment. This
was because the land area devoted to legume production is very
low in European farming systems due to the combined effects of
political support for cereal production and the intensiﬁcation of
livestock farming (Voisin et al., 2014). Consequently, most European soybean requirements are met through massive imports
(Voisin et al., 2014). However, under-research was identiﬁed for all
crop types in most countries. Millet, which is grown in diverse
environments and is considered to be drought- and heat-tolerant,
was identiﬁed as under-researched in most countries, spanning
regions with both high and low R&D investments (Manners and
van Etten, 2018). Cassava is highly suitable for planting in tropical
regions (especially Africa and South America). However, cassava is
under-researched in those areas because of low R&D investments.
Sorghum also received comparatively less attention and was under-
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researched because it is primarily grown in the tropics (Kane et al.,
2016). Some crops including rye, millet, sorghum, and some kinds
of beans have been identiﬁed as potential climate change winners,
showing great potential for increased cultivation and production
under climatic change (Manners and van Etten, 2018). Optimizing
and reallocating research investments to deal with understanding
and quantifying N loss pathways for speciﬁc crops would
contribute to ensuring environment and food security.
4.3. Climate and management effects on mitigation of N loss
Through bibliometric analysis, Padilla et al. (2018) and Yang
et al. (2018) indicated an overall dominance of the temperature
and fertilizer use as the main keywords in agriculture N loss issues,
which was in accordance with the results from this study (Fig. 6).
Compared with fertilizer application, tillage practice had no signiﬁcant effects on crop yield, which may cause the limited research
level. These were identiﬁed as major factors affecting on agricultural N loss. For example, Tian et al. (2019) indicated that changes in
temperature and precipitation and fertilizer application contributed 24% and 54% of the global N2O emission increase, respectively,
in the recent decade. Generally speaking, rising ambient temperature was a dominant climate factor that promoted NH3 emissions,
while precipitation changes may have had a small negative impact
on increasing NH3 emissions (Xu et al., 2019). Under ﬁeld conditions, NH3 volatilization increased with increasing temperature by
inﬂuencing both the hydrolysis rate and the NH3 transfer rate from
the soil solution into the atmosphere (Cameron et al., 2013; Zhou
et al., 2016). Precipitation affects soil moisture content and thus
NH3 emissions (Zhou et al., 2016). Low soil moisture contents
promote high solution concentrations of NH3/ammonium, resulting
in high NH3 volatilization loss (Cameron et al., 2013). Soil N2O
emissions from cropping systems were found to be positively
correlated with temperature and precipitation, but negatively
correlated with CO2 concentration (Ito et al., 2018; Tian et al., 2019).
This was because the denitrifying bacteria community may adapt to
higher temperatures and produce more N2O as temperature increases (Cameron et al., 2013; Tian et al., 2019). Because precipitation affects soil moisture content, it thereby affects soil aeration
status, microbial processes and N dynamics, and can initiate
considerable N2O emission pulses through soil drying and wetting
cycles (Cameron et al., 2013; Tian et al., 2019). Denitriﬁcation is
more closely related to precipitation and soil water-holding capacity than is nitriﬁcation in the N2O production process (Ito et al.,
2018). A signiﬁcant increase in the denitriﬁcation rate has been
noted when soil moisture content is greater than ﬁeld capacity
(Cameron et al., 2013). Moreover, the negative CO2 effect is caused
by the increased soil N uptake and vegetation N use efﬁciency (Tian
et al., 2019). Cropland soils which remain wet or moist for most of
the year can result in a high level of N leaching (Liu et al., 2010). At
this point, precipitation is the primary climatic control on N
leaching (Nevison et al., 2016; Eagle et al., 2017; Wang et al., 2019).
Temperature has been reported to be a less reliable predictor of N
leaching than rainfall (Nevison et al., 2016).
Agricultural management measures produced dynamic and
quite variable effects on N loss, interacting with soil and weather
conditions, and N management practices (Wang and Li, 2019). In
most cases, N loss responses to agricultural management practices
were directionally similar (Eagle et al., 2017). The increase of agricultural N inputs from fertilizer and manure primarily contributed
to the increase of NH3 (especially sourced from urea) and N2O
emissions and N leaching by providing the source of total soil NHx

(i.e., NH3eN þ NHþ
4 -N) and NO3 -N availability to enhance denitriﬁcation and leaching (Zhou et al., 2016; Ito et al., 2018; Wang and Li,
2019). Some studies had found that reduced and no-till practices
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reduced N2O emissions as compared with conventional tillage,
while other studies had shown the reverse (FAO/IFA, 2001;
Venterea et al., 2012). If N2O emission was increased by no tillage,
this practice may sometimes relate to higher denitriﬁcation activity
and lead to decreased N leaching (Gao and Bian, 2017; Wang and Li,
2019; Omara et al., 2019). As one of conservation tillage practices,
no-till has been increasingly adopted around the world, which may
promote NH3 volatilization compared with conventional tillage due
to the improvement of soil urease activity and the accumulation of
crop residues at the soil surface (Rochette et al., 2009). In no-till
systems, nitrogen fertilizer is often broadcast at the soil surface in
many areas worldwide.
N loss was inﬂuenced by crop type, which also associated with
different soil properties and management practices. For upland and
paddy soils, the most important factors controlling NH3 volatilization were ﬁrst water input and then N application rate. Zhou et al.
(2016) illustrated that water input can explain nearly 80% of the
spatial variation of NH3 volatilization for upland soils, while N
application rate accounted for over 50% of NH3 volatilization for
paddy soils. Much greater attention should be given in this regard
to production systems for upland starches because upland soils
þ
have a low capacity to transform NH3 to NHþ
4 and to adsorb NH4 -N
onto soil particle surfaces, thereby leading to considerable NH3
emissions (Ti et al., 2019). For paddy rice, denitriﬁcation is the
major N2O production pathway due to the oxygen-limited environment (Omara et al., 2019). Additionally, agricultural water
management
for
paddy
rice
is
dominated
by
the
ﬂoodingmidseason drainagefrequent water logging that occurs
with intermittent irrigation, which also increases the soil N loss as
leaching or runoff but decreases potential NH3 emissions accordingly (Zhou et al., 2016). Compared with other crop types, legumes
ﬁx large amounts of N and thus reduce the risk of N loss as there is
less need for N fertilizer (Cameron et al., 2013). However, leguminous crops may show the same level of N2O emissions as those of
fertilized non-leguminous crops (Supplemental Fig. S2f; FAO/IFA,
2001).
The contributions of various factors to changes in cropland N
loss also vary across regions. Tian et al. (2019) illustrated that the
impacts of temperature, precipitation, and CO2 were uniformly
distributed across the globe. In regions of Canada, Russia, and subSaharan Africa with less intensive human management activities,
temperature and precipitation were the dominant factors affecting
soil N2O emissions (Tian et al., 2019). Countries in African region
face hindrances to agricultural production due to the lack of
regional transport capacity and storage facilities, as well as the
exorbitant costs for wide use of fertilizers (Liu et al., 2010). The
reduction in soil N2O emissions in response to rising atmospheric
CO2 concentrations has been observed over most of the globe, but
especially in the tropics (Tian et al., 2019). In contrast, fertilizer and
manure applications were the key factors in enhancing soil N2O
emissions between the latitudes of 5 N and 50 N, particularly in
the United States, Europe, China, southern Asia, and southeast Asia
(Tian et al., 2019).
4.4. Limitations and future work
We acknowledge several limitations of this study. First, existing
citation databases such as Scopus have limitations in coverage and
depth for most national journals published in developing countries
and for non-English language journals (Jung et al., 2015). This may
lead to underestimation of the research intensity for non-English
speaking countries/regions. Second, this study used a single
process-based biogeochemical model (i.e., DNDC) for all crops,
climates, and management practices and is therefore susceptible to
model-speciﬁc bias. Crop rotation is not included with the DNDC
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reginal simulation, which leading to miscalculation of soil residue N
and overestimation of N loss. Also, the impacts of weeds, insect and
disease controls, and ecosystem disturbances (e.g., wildﬁres, hurricanes, logging, etc.) have not yet been parameterized in the DNDC
model (Zhang and Niu, 2016). More robust benchmark settings and
outcomes are likely to be provided by multi-model ensemble
simulations or meta-analysis (e.g., Tian et al., 2019). Especially the
meta-analysis, which can obtain the number of publications and
researchers and the amount of N loss from the same data source, is
expected to be applied to improve the method provided by this
study in the future. Moreover, this study focused only on crops for
which global census data were available. There are a number of
other crops that have been neglected by current agricultural
research and are not included in national statistics despite their
local importance (Manners and van Etten, 2018). Third, there are
still uncertainties in the DNDC model setup and input data used.
Overlapping multiple spatial datasets are required in this study,
which can produce errors wherever any individual map has its own
errors and discrepancies versus others. Crop properties and crop
management are important controls on the processes of N loss from
soils, yet our method did not integrally account for some of that
variation (Tian et al., 2019). As indicated by Nishina et al. (2017),

obvious spatiotemporal differences in fertilizer form and NHþ
4 /NO3
ratio for fertilizer inputs have occurred since 1961. Additionally,
fertilizer use rate varies considerably among major crop types
across the globe (Mueller et al., 2012). Thus, this study may overestimate N losses from legumes due to the excess N inputs allocated
to these leguminous crops that ﬁx much of their own N and have
lower N fertilizer needs (Shcherbak et al., 2014; Gerber et al., 2016).
Xu et al. (2019) stated that global fertilizer applications occurred
one to four times per year for various crop types (based on ﬁeld
experiments and literature review). And delayed nitrogen application is more popular around the world, which increasing
importance of consideration of the ratio of base fertilizer and
topdressing in actual agricultural production. In addition, irrigation
water requirement for crops is affected by climate change and can
be dynamically estimated by the PenmaneMonteith equation and
the crop coefﬁcient approach recommended by FAO (Zhang et al.,
2019). However, the DNDC model can only run under full irrigation or non-irrigated conditions in regional mode, without
consideration of climate-dependent irrigation water requirement
and available irrigation water for crops. Improved spatially explicit
data sets and more reﬁned analyses (as mentioned above) to
distinguish fertilizer application method (such as fertilizer type,
frequency, timing, and crop-speciﬁc application rate), and other
factors which are regarded as constant in model simulation processes will likely become more available to address these limitations. Last but not least, the numbers of publications and
researchers which used to measure research intensity are somewhat insufﬁcient. Research intensity may affected by some factors
including not only the fund support, scientiﬁc research pressures,
and difﬁculties of publishing articles, but also the quality of
research articles and intensity of scientiﬁc cooperation. Moreover,
some research ﬁndings are presented as the forms of report, conference paper, dissertation, and patent (Zhang and Yu, 2020). How
to develop a comprehensive indicator to provide a more profound
assessment of research intensity is deserved to explore in future
studies. Moreover, we speciﬁed that topics were classiﬁed as being
under-researched and over-researched based on the numbers of
publications and researchers being half-below and half-above,
respectively, the zero-inﬂated Poisson regression (Manners and
van Etten, 2018). This classiﬁcation condition was somewhat subjective, but did provide a rough estimate of research intensity
across country-crop combinations on a global scale.
Knowledge gaps currently still exist regarding the impacts of

climate change and agricultural management on soil N loss. Many
of the important crop-producing regions appear to lack adequate
studies regarding the form of N loss. Likewise, the effects of many
management practices on N loss have received only limited
attention in ﬁeld studies (Eagle et al., 2017). Future research
emphasis should increasingly move towards investigating the effects of tillage methods on N losses while moving away from the
well-researched effects of temperature and fertilizer application in
certain regions that has been the result of the widespread interest
in the impacts of climate change and food security. Moreover,
previously published studies often lack concurrent measurements
of NH3, N2O, and NO3 losses (Liu et al., 2010; Eagle et al., 2017).
Observational data from such integrated experiments could be
used to validate model performance in large-scale simulations.
More robust model studies will be encouraged that will promote
efﬁcient data assimilation, data spatial downscaling, and datamodel integration technologies. Continuous updated global
climate, land use, and agricultural data with more precise regional
patterns should be implemented in future research. Additionally
climate and agricultural production policies should be established
that will achieve sustainable climate and agricultural production
targets while mitigating agricultural N loss (Zhang et al., 2015;
Gerber et al., 2016; Ito et al., 2018). Greater efforts should be made
to target food security and environmental costs in order to achieve
environmental beneﬁts through sensible, sustainable agricultural
production practices in the future.
5. Conclusions
In this study, a new comprehensive global analysis was conducted using the DNDC regional simulation mode. A spatially
explicit and comprehensive dataset was compiled to support DNDC
using several global observation databases and survey-based reconstructions. Bibliometric metrics regarding the three major N
loss pathways combined with a zero-inﬂated Poisson model were
used to classify the amount of research for country-crop combinations as under-researched or over-researched. To conclude,
redirection of research focus and resources away from overresearched crops will be necessary for meeting the twin challenges of ensuring food production while reducing N pollution.
Further consideration should give to under-researched crops which
caused considerable N loss. In addition, mitigation of N losses by
optimization of agricultural practices in light of climate change is
also suggested by the results of this study. The current research
focus should not only shift from major staple crops to other crops,
but should also shift from temperature and fertilizer application
rate to tillage methods in certain regions. More policy adjusting is
needed for shifting from resource conservation to environmental
beneﬁts and increasing national effective crop diversity and
reasonable allocation of research funds (Renard and Tilman, 2019).
Some climate change-resistant non-main crops should be further
researched for countries with more scientiﬁc research funds (e.g.,
China and the United States). For other countries, research starting
point should be carefully chosen to make up the deﬁciency of
current research to the greatest extent. Further studies will still be
required to compile high-resolution datasets to drive biogeochemical models, and to elucidate the interactions between agricultural research investments, crop management, and the
biogeochemical processes involved in N dynamics.
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