
Glob Change Biol. 2021;00:1–18.	﻿�   | 1wileyonlinelibrary.com/journal/gcb

1  |  INTRODUC TION

Nitrogen (N) is an essential nutrient in crop production that sup-
ports current and future human population. With the advent of the 

“Green Revolution” in the 1960s, crop yields—especially for cereals—
increased substantially to support rising global food demand. This 
increased production was made possible through the introduction 
of high yielding crop varieties, accompanied by the availability and 
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Abstract
Improved nitrogen (N) use is key to future food security and environmental sustaina-
bility. While many regions still experience N shortages, agriculture is the leading global 
emitter of N2O due to losses exacerbated by N surpluses in other regions. In order to 
sustainably maintain or increase food production, farmers and their advisors need a 
comprehensive and actionable understanding of how nutrient management affects 
both yield and N2O emissions, particularly in tropical and subtropical agroecosystems. 
We performed a meta-analysis to determine the effect of N management and other 
factors on N2O emissions, plant N uptake, and yield. Our analysis demonstrates that 
performance indicators—partial N balance and partial factor productivity—predicted 
N2O emissions as well as or better than N rate. While we observed consistent pro-
duction and environmental benefits with enhanced-efficiency fertilizers, we noted 
potential trade-offs between yield and N2O emissions for fertilizer placement. 
Furthermore, we observed confounding effects due to management dynamics that 
co-vary with nutrient application practices, thus challenging the interpretation of the 
effect of specific practices such as fertilization frequency. Therefore, rather than pro-
viding universally prescriptive management for N2O emission reduction, our evidence 
supports mitigation strategies based upon tailored nutrient management approaches 
that keep N balances within safe limits, so as to minimize N2O emissions while still 
achieving high crop yields. The limited evidence available suggests that these relation-
ships hold for temperate, tropical, and subtropical regions, but given the potential for 
expansion of N use in crop production, further N2O data collection should be prior-
itized in under-represented regions such as Sub-Saharan Africa.
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use of inorganic fertilizer, irrigation, and advanced mechanization 
(Zhang et al., 2015). For example, the world's population increased 
from 3 to 7.5 billion during 1960–2016, and fertilizer N consumption 
during this period increased by almost 10-fold to an annual average 
of approximately 110 Tg N year−1 (Battye et al., 2017; Benbi, 2017). 
By 2008, inorganic N fertilizers fed up to 50% of the world's popu-
lation (Erisman et al., 2008). Although N fertilizers have immensely 
contributed to human dietary needs, large areas of global cropland 
still lack sufficient available N for food and nutrition security (Ciceri 
& Allanore, 2019). Furthermore, with limited land available for agri-
cultural expansion, more than 90% of future production growth is 
expected to come from higher yields and increased cropping inten-
sity (FAO, 2009). With population pressure and increasing demand 
for animal-based protein, future demand for N is expected to grow 
substantially to ensure sufficient food for more than 9.7 billion peo-
ple by the middle of the 21st century (FAO, 2017).

This large addition of reactive N to the global ecosystem comes, 
however, with unintended environmental consequences since only 
about half of the global N fertilizer inputs are recovered in harvested 
yield (Lassaletta et al., 2014; Martinez-Feria et al., 2018). The other 
half of the fertilizer N applied to crops remains in the environment, 
where it can contribute to climate change and water quality issues 
along with other environmental and human health externalities 
(Lassaletta et al., 2016). Surplus N may be lost from the soil-plant 
system by denitrification in the form of dinitrogen (N2), nitrous oxide 
(N2O), and nitric oxide (NO), by ammonia (NH3) volatilization, or via 
nitrate (NO−

3
) leaching and runoff (Bouwman et al., 2013). Of these, 

N2O emissions are of particular concern as it is an important green-
house gas with global warming potential 265–298 times higher than 
that of CO2 in a 100 year-time horizon, and it also influences strato-
spheric chemistry, depleting the ozone layer (IPCC, 2013; Yue et al., 
2018). Agriculture is responsible for approximately 78% of global 
anthropogenic N2O emissions (Mbow et al., 2017), correspond-
ing to 5%–6% of global greenhouse emissions (Smith et al., 2007). 
Projections of growing population and food demand, particularly in 
regions with current N shortages that will require greater N supply, 
suggest that without significant changes in the agriculture and the 
food system, agricultural emissions of N2O will continue to increase 
(FAO, 2017). A world kept within livable limits thus depends on sci-
entists, farmers, and their partners to solve this challenge.

Numerous studies have shown that N2O emissions from agricul-
tural soils increase with the application of N (Bouwman et al., 2002; 
Halvorson et al., 2011; Hoben et al., 2011). Excessive N fertilization 
reduces nitrogen use efficiency (NUE), as defined by N removed 
per unit of N applied, where the increase in surplus N is one of the 
most important causal factors for increased N losses (Billen et al., 
2013; Bouwman et al., 2013). Fertilizer management practices such 
as the “right” source, timing, and placement (referred to collectively 
with the “right” rate as the “4Rs”) play a varied role in improving 
NUE—and reducing fertilizer-induced N2O emissions (Fixen, 2020). 
Meta-analyses of multiple field studies find that optimizing fertilizer 
N rate, source, and timing can reduce N2O emissions in maize (Zea 
mays) systems by up to 50% (Eagle et al., 2017). However, weather, 

soil, and other factors affect complex N cycling dynamics—which 
limit the evidence for consistent functional relationships among 
management practices, NUE, and N2O. For this reason, incentive 
programs and protocols for N2O emission reductions have generally 
focused on rate adjustments alone (Casellas et al., 2009; Eve et al., 
2014; Millar et al., 2010; Niles et al., 2019). Prescriptive fertilizer rate 
reductions may not, however, maintain or improve productivity for 
field crops of high yield potential; acknowledge individual field and 
farm differences in climate, soil, equipment, and other resources; or 
encourage creative nutrient management problem-solving by pro-
ducers and their advisors.

Assuming steady-state conditions in soil organic matter, a par-
tial N balance (PNB) has been proposed as a robust proxy for the 
amount of N at risk of loss to the environment (McLellan et al., 
2018). This PNB can be calculated from the same components as 
NUE (i.e., N outputs and N inputs), using basic yield and fertilizer 
data well known to producers. Reductions in excessive N balances 
can be achieved by rate adjustments or yield improvements that de-
pend on good nutrient management. For example, Omonode et al. 
(2017) reported that optimal rate and timing of N fertilizer applica-
tions reduced N2O emissions most consistently under management 
that led to lower N balances through an increase in plant N uptake 
and grain N removal in North American maize-based systems. 
Therefore, gains in plant N uptake or recovery efficiency will reduce 
the N balance, increase NUE, and contribute to reduced N2O emis-
sion during crop production (Omonode et al., 2017). On the other 
hand, the global increase in N inputs in crop production has been 
mostly coupled with a decrease in NUE, and a growing population 
and food demand in Asian and African regions with historically low 
input use and crop yields provide impetus to ensuring that future 
production gains simultaneously minimize negative environmental 
impacts (Zhang et al., 2015). While individual studies have observed 
improved yield, N recovery efficiency, and NUE with optimized N 
placement and timing in subtropical wheat (Triticum aestivum) and 
rice (Oryza sativa) cropping systems (Bijay-Singh et al., 2015; Singh 
et al., 2014; Yadvinder-Singh et al., 2015), evidence for optimal 4R 
management is particularly scanty and scattered for tropical and 
subtropical agroecosystems of Asia and Africa. Therefore, research 
efforts are needed to synthesize data on N management, metrics, 
and environmental outcomes to inform intervention for the cropping 
systems of these regions.

Our research objectives were to (i) relate changes in fertilizer 
management practices to yield and plant N uptake and (ii) then link 
these outcomes to N2O emissions from cereal and vegetable crop 
systems. Using up-to-date peer-reviewed research evidence for Asia 
and Sub-Saharan Africa, we examined the relationships among N 
management strategies, crop yields, and N2O emissions. We used a 
multilevel regression approach to model yield and N2O observations 
coming from different cropping systems, soil regimes, 4R manage-
ment, and climates (Eagle et al., 2017). From these functional rela-
tionships, we calculated increases in yields as well as reductions in 
seasonal N2O emissions due to adjustments in fertilizer manage-
ment and/or enhanced NUE. The results establish that performance 
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indicators such as PNB and partial factor productivity (PFP) are ro-
bust, integrative, and relevant to management of N2O emission in 
programs of crop yield improvements in under-represented regions 
such as Sub-Saharan Africa, South Asia, and Southeast Asia.

2  |  METHODS

We based our analysis on two databases. The first was a publicly 
available N2O database (https://sampl​es.ccafs.cgiar.org/n2o-
dashb​oard/) that underpins other previous analyses (Albanito 
et al., 2017; Yue et al., 2018). This first dataset is primarily focused 
on N2O emissions and has a global geographic extent, but it is lim-
ited in (i) yield and plant or grain N data and (ii) its representation 
in tropical and subtropical Asia and Africa. To fill these research 
gaps concurrently, we conducted a systematic review for this re-
gion prioritizing fertilizer management, yield, and N uptake data 
with and without measured N2O emissions. We then utilized the 
global dataset as a reference to assess the generalizability of our 
interpretations of climate, edaphic, and management impacts on 
N2O emissions which was important considering not all N man-
agement studies measure emissions (e.g., the degree to which the 
results of our study can be applied to a broader sample assembled 
independently).

2.1  |  Data compilation

Following the approach outlined by previous meta-analyses (Eagle 
et al., 2017; 2020), we conducted advanced literature searches in 
the Web of Science database to identify soil science and agricul-
tural articles related to N fertilization (using search terms for “ag-
ricult*,” “nitrogen,” and “fertili*). Specifically, we aimed to identify 
articles summarizing the findings from studies conducted in Asia 
and Sub-Saharan Africa published from 2000 until August 2019. 
In this broad search, we retrieved 2895 publications. We then re-
fined our search function to narrow down the list of papers using 
three approaches. In the first approach, we filtered sub-searches 
for studies with “nitrous oxide” and “yield” topics from papers 
published from an exhaustive list of countries falling within Asia 
and Sub-Saharan Africa. Second, not restricting studies to those 
reporting N2O emissions, we refined the search results to fertilizer 
management factors, including the “rate,” “time,” “place,” “source,” 
“form,” “4R,” “split application,” “basal,” “timing,” “top-dress,” “side-
dress,” “subsurface,” “surface,” “broadcast,” “injected,” “fertilizer 
pattern,” “incorporation,” “fertilizer schedule,” “fall application,” 
“spring application”, and “NUE.” In our final approach, we refined 
the search to “N2O” and agronomic terms but did not restrict the 
search results to the exhaustive list of countries, and instead in-
spected the abstracts individually. In total, we imported 757 unique 
papers into an EndNote (Clarivate, Philadelphia, PA) library, from 
which we assessed the titles and abstracts. We discarded 394 pa-
pers that (i) did not contain original research (e.g., literature review); 

(ii) were not field-based (e.g., greenhouse experiments, model sim-
ulations); (iii) did not pertain to N fertilizer management (e.g., no 
comparisons of rate, source, timing, or placement of fertilizer); or 
(iv) were not conducted in Asia or Africa. We then further exam-
ined the experimental design and the data for the remaining 363 
papers. We compiled data from 160 studies that met the following 
criteria: (i) reported seasonal crop yield, crop N uptake, or cumula-
tive direct N2O-N emissions; (ii) included at least one comparison 
across treatments; (iii) reported application rates of inorganic and/
or organic N; (iv) did not average across years unless the statistics 
indicated a lack of treatment and time interaction; and (v) did not 
sum multiple crops. Nitrogen input from biological N fixation was 
omitted due to being beyond the scope of the study. Additionally, 
N deposition was excluded as an input due to its lack of data re-
porting. Finally, we manually transcribed the data from tables or 
digitally retrieved values from graphs using the WebPlotDigitizer 
4.0.0 software (Rohangi, 2020).

2.2  |  Database description

In total, we gathered 2661 data points/observations from 160 pub-
lications. We refer to this data from Asia and Sub-Saharan Africa as 
the “Asia-Africa” dataset (Table S1). The Asia-Africa dataset has 133 
unique locations (Figure 1), where a single location may serve as the 
site for more than one publication as indicated by the reported loca-
tion or latitudinal and longitudinal coordinates. Certain publications 
also reported these data from more than one geographic location. In 
total, our final Asia-Africa dataset contained 181 unique publication–
location combinations, and 224 unique publication–location–crop 
“clusters”. Of these, the majority (67.4%) of the clusters were located 
in China. The rest were located in South Asia (22.3%), Sub-Saharan 
Africa (6.3%), Southeast Asia (2.7%), and remainder in Japan, Iran, 
or Syria (1.3%). The majority of the clusters were located in the sub-
tropics (54%), followed by those in the tropics (13%) and temperate 
regions (32%). Experimental years, if reported, ranged from 1998 
to 2017, and more than half of the observations were collected be-
tween 2009 and 2014.

In all, 31 studies (41 clusters, 350 observations) reported dry 
matter yield, plant N uptake (above-ground), and cumulative N2O 
emissions. The remaining 129 studies did not report one or more 
of these three variables. Almost all studies reported yields (155 
publications, 217 clusters, and 2462 observations). Of these stud-
ies, nine publications only reported fresh vegetable yields but not 
dry matter equivalents (nine clusters, 133 observations). In all, 100 
studies reported cumulative seasonal N2O emissions (138 clusters 
and 1380 observations—not including six observations that only 
reported annual losses for dual crops), with the vast majority also 
reporting yield (95 studies, 125 clusters, and 1212 observations). 
Fewer studies reported plant N uptake (69 publications, 96 clus-
ters, and 1052 observations), of which only 31 studies (42 clusters 
and 362 observations) also reported both plant N uptake and N2O 
emissions. Fewer reported data for harvested N (26 publications, 

https://samples.ccafs.cgiar.org/n2o-dashboard/
https://samples.ccafs.cgiar.org/n2o-dashboard/
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34 clusters, and 291 observations), with only 15 clusters including 
both harvested N and N2O. Nitrous oxide emission data were con-
centrated in China (>76% of clusters) and very limited outside of 
China (<24% of the clusters). It is also important to note that only 
one of the 31 studies reporting all three variables (i.e., N2O, dry 
matter yield, and N uptake) was conducted in Sub-Saharan Africa, 
representing a large regional data gap.

We recorded additional metadata (when available) pertaining to 
crop, edaphic, climatic, management, and methodological factors. 
The crop factors included crop type, previous crop, residue man-
agement, and rotation. Edaphic factors (typically sampled within a 
30 cm depth) included soil texture, soil pH, soil organic carbon (SOC) 
concentration, and total soil N concentration. Climatic factors in-
cluded mean annual temperature (MAT), mean annual precipitation 
(MAP), seasonal experimental mean temperature, and seasonal ex-
perimental precipitation. Management factors included irrigation, 
tillage practices, and fertilizer management. For fertilizer manage-
ment, we transcribed the N source (e.g., inorganic and/or organic; 
microbial inhibitors), timing (e.g., number and timing of applications), 
and placement (e.g., method of application). Urea was the primary 
source of synthetic fertilizer for more than 86% of observations, and 
so inorganic fertilizer categories were not disaggregated further. 
We also recorded the application rates of N fertilizer from synthetic 
sources as well as N rates associated with organic sources. Finally, 
we also noted methodological factors, such as replication, plot size, 
as well as N2O measurement method, duration, frequency, place-
ment, and area.

2.3  |  Data gap filling and categorization

We only included studies in the database in which researchers ex-
plicitly defined and observed all data with the following exceptions: 
First, we estimated missing longitudinal and latitudinal coordinates 
based on location descriptions. Second, we extracted long-term 
MAP and MAT and other bioclim data for specific location coordi-
nates from the WorldClim database (Fick & Hijmans, 2017) using the 
Raster and sp packages in R (R Core Team, 2020). Third, we con-
verted soil organic matter concentrations to SOC by dividing the 
former by the conversion factor of 1.72 (Van Bemmelen, 1890) and 
added 0.75 to adjust pH values measured in CaCl2 instead of water 
(Sanchez, 2019; Weil & Brady, 2017). Finally, we assumed yields 
were reported on a dry matter basis if the moisture content was not 
specified.

After filling in missing data, we grouped the observational-level 
data into categories of crop, edaphic, climatic, management, and 
methodological factors (Supporting Information 1 part A, S1-A). 
After categorization, we undertook data cleaning steps. First, we 
categorized one banana (Musa acuminata) study with “other row 
crops” because it did not fall within cereal or vegetable categories. 
We also removed two studies that reported the average of maize 
and wheat yields. In addition, we removed four unusual outliers with 
negative cumulative N2O emissions reported in a single study, con-
sidering that negative emissions were extremely rare in the dataset 
and likely attributable to instrumental noise rather than microbial 
processes (Cowan et al., 2014). Finally, we removed one study after 

F I G U R E  1  Crop yield (a) and N2O emissions (b) across specific study locations in the Asia-Africa dataset and the Global N2O dataset (c)
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geographic coordinates revealed that the study was conducted in 
Australia, which was outside our regional scope.

2.4  |  Generalizability and global reference dataset

One limitation to the generalizability of the Asia-Africa database 
compiled from peer-reviewed literature is a bias toward cropping 
systems in China and the subtropics. To overcome such a limitation, 
we accessed a publicly available global N2O database (https://sampl​
es.ccafs.cgiar.org/n2o-dashb​oard/) to compare and contrast our 
model results, which draws from multiple sources and may help to 
reduce this bias. We call this data the “Global N2O” dataset (Table S2).  
We did not perform the systematic review of the literature nor data 
entry, and search criteria and filtering protocol are found elsewhere 
(Albanito et al., 2017; Yue et al., 2018). First, we filtered this data-
set to select only row-crops, cereals (including rice), and vegetable 
crops grown in mineral soils with additions of fertilizer not exceeding 
1200 kg N ha−1 year−1. Next, we performed the same data catego-
rization and cleaning steps as previously discussed for Asia-Africa 
dataset. In total, the Global N2O dataset contained 2247 annual 
(rather than seasonal) N2O observations from 259 studies (296 
unique publication–crop–location clusters). More than half of the 
clusters (55%) were located within Asia and Africa, predominantly in 
China (42% vs. 13% from Africa and other Asian countries). The rest 
were located in Europe (22%), North America (18%), South America 
(2.7%), and remainder in Australia (2%). The majority of the study 
sites were located in temperate regions (58%), followed by those 
in the subtropics (32%) and tropics (8%). Papers reported yield for 
less than 37% of clusters, and plant N uptake in even fewer clusters 
(7%). Experimental years, if reported, ranged from 1974 to 2015, and 
more than half of the observations were collected between 2007 
and 2015. The Global N2O dataset included 37 studies in the Asia-
Africa dataset (Table S2), which resulted in an overlap for 39% of the 
clusters reporting N2O emissions in the Asia-Africa dataset and an 
overlap for 23% of the clusters in the Global N2O dataset. Notably, 
our systematic review did not capture two suitable studies (both 
conducted in China) resulting in a 95% recovery rate.

2.5  |  Statistical analysis

We utilized a multilevel regression modeling approach to assess 
the impact of crop, edaphic, and management variables on the 
observed biological responses (e.g., N2O emissions, plant N up-
take, or yield). Multilevel regressions are mixed-effect models, 
which enable researchers to examine observations derived from 
different cropping systems, soil regimes, management, and cli-
mates (Eagle et al., 2017; Qian et al., 2010). At the observational 
level (i.e., level 1), the model can analyze the biological response 
to multiple continuous and/or categorical independent variables 
(i.e., predictors). Multilevel models also allow for random effects, 
permitting practitioners to cluster observations (i.e., level 2) for a 

given study that would otherwise violate the assumption of inde-
pendence (Qian, 2017). Simply, we used a multilevel regression to 
allow for varying y-intercepts among clusters, and then to quan-
tify the coefficients for each predictor assuming a constant slope 
among clusters based on similar response functions at individual 
sites (Supporting Information 1-B). Multilevel models can also han-
dle unbalanced data (e.g., varying observations among clusters) 
by adjusting the the weight of clusters to account for variance or 
sample size.

A multilevel model can also include predictors at the observa-
tional level (level 1) and cluster level (level 2). The crop, soil, and 
climatic data generally vary among rather than within sites and 
studies (i.e., clusters, level 2). This distinction is important for man-
agement factors, which can vary both within and among studies. 
Therefore, we undertook additional categorization steps to dis-
tinguish between fertilizer management factors within a cluster 
(level 1, i.e., “treatments” or “within subject”) and among clusters 
(level 2, i.e., “fixed experimental elements” or “between subject”) 
to properly interpret the model coefficients. In all of the analyses, 
we confirmed with the intraclass correlation statistic that multi-
level modeling is a valid and appropriate approach (Supporting 
Information 2-1).

We designed our statistical procedure to address three 
main objectives, detailed in an analytical flowchart (Supporting 
Information 1-C). Our first objective was to identify important cli-
mate, soil, and management factors to predict N2O. We performed 
all analyses on natural-log transformed N2O data to satisfy the 
assumptions of a linear regression, which was evidenced by the 
large difference between the mean and median values. We did 
not mean center predictors given that we were not interpreting 
y-intercepts in our analysis. We performed a backwards selection 
procedure using the step function in the lmerTest package (R Core 
Team, 2020) to identify significant level 1 or level 2 predictors 
for N2O emissions, yield, and plant N uptake. Predictors included 
crop type, latitude, MAT, MAP, irrigation, tillage, soil texture, clay 
percentage, soil pH, SOC content, measurement period (i.e., time-
frame over which measurements were collected), and frequency 
of N2O measurements. We selected MAP as the predictor for 
precipitation because our preliminary indicated the other bioclim 
variables such as precipitation in the driest month, wettest month, 
coefficient of variation, wettest quarter, driest quarter, warmest 
quarter, and coldest quarter did not provide additional clarity to 
the model (Supporting Information 2-1). We visually inspected 
each significant predictor in the final model always controlling for 
N rate (Supporting Information 2-1).

When we evaluated the model, we observed non-normal residu-
als and heteroscedasticity that violate the assumptions of a regres-
sion analysis. Therefore, we present data modeled with the rlmer 
function in the robustlmm package in R (R Core Team, 2020). This 
function is similar to the lmer function (lme4 package), but provides 
less biased estimates for skewed variables in order to overcome 
observed issues in our response variables such as long-tailedness 
(Tanadini & Mehrabi, 2017). For robustness testing, we compared 

https://samples.ccafs.cgiar.org/n2o-dashboard/
https://samples.ccafs.cgiar.org/n2o-dashboard/
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the rlmer modeling results with an lme (nlme package) function that 
allows for unequal variance across clusters to account for potential 
issues related to heteroscedasticity, but we settled on the rlmer ap-
proach because of the long-tailedness of the residuals. We reran the 
final backwards-selected model (Supporting Information 2-1) to con-
firm that all selected predictors were significant in the robust model 
(i.e., rlmer).

Once we developed our base model, our second objective was to 
assess the response of seasonal N2O emissions (kg N ha−1 season−1) 
to inorganic and/or organic N application rate (kg N ha−1 season−1), 
PNB (kg N ha−1 season−1), or PFP of N (kg yield kg N−1 season−1). PNB 
can be expressed as a difference (Eagle et al., 2020) or index (Fixen 
et al., 2015) of crop N output from or to fertilizer inputs, which 
may or may not include straw N (EU Nitrogen Expert Panel, 2015; 
Omonode et al., 2017). In this study, we defined PNB as Equation 
(1), which has been used to estimate N surplus (van Groenigen et al., 
2010) and factors in plant N uptake at harvest (as either reported 
by authors or calculated from stated above-ground biomass and N 
concentration). We defined PFP by Equation (2) (Fixen et al., 2015). 
We compared the models by assessing marginal pseudo-R2 (mR2), 
or variance explained by fixed effects; and conditional pseudo-R2 
(cR2), or the variance explained by both the fixed and random effects 
(Nakagawa & Schielzeth, 2013). Because the robust model does not 
correspond to likelihood, criteria to compare models such as Akaike 
information criterion are unavailable (Supporting Information 2-2).

We further tested the effect of fertilizer management factors on 
N2O emission and crop productivity (Supporting Information 2-3). 
Due to the diversity of experimental designs, and therefore missing 
data, we assessed fertilizer management factors individually on data 
subsets. Specifically, we tested the effects of fertilizer additives (i.e., 
enhanced efficiency fertilizer or EEF), the addition of organic fer-
tilizers (i.e., animal manure or compost) with or without synthetic 
fertilizers, fertilizer placement (broadcasted or incorporated), and 
fertilization frequency (number of applications) on natural log trans-
formed N2O emissions, crop yield, and plant N uptake. We then uti-
lized the robust linear mixed model (rlmer) to assess the interactive 
effect of crop yield, N rate, and crop type on the natural log trans-
formed N2O emissions. Finally, we regressed the predicted yield 
against the predicted N2O emissions controlling for N rate. However, 
we interpreted this last relationship as conceptual given missing N2O 
data in some studies.

For ease of interpretation, N2O emissions and modeled parame-
ters were back-transformed for the Figures (Supporting Information 
1-D). Because the raw data did not follow a normal distribution, 
we used the Smearing estimate formula provided by Tanadini and 
Mehrabi (2017). Accurately back-transforming is critical given the 
large size of the datasets yet small number of large emission events 

that are nonetheless very important to identify and control. All anal-
yses were performed in R (version 3.6.2) utilizing the R Studio inter-
face (version 1.0.153).

3  |  RESULTS

3.1  |  Few soil, crop, or climatic factors consistently 
predicted N2O

Predictors such as site-level factors (i.e., soil, crop, or climate charac-
teristics) and N rate (or its derivatives of PNB and PFP) failed to ex-
plain the majority of the variance in N2O emissions, with mR2 values 
of 46% or less (Figure 2). In contrast, experimental clusters (i.e., our 
random effect) explained 43%–58% of the variance due to unquanti-
fied or random differences between studies and sites, resulting in cR2 
ranging from 88% to 95%. Of the 11 site-level predictors, only crop 
system type (i.e., paddy rice) and SOC were consistently significant 
in increasing N2O emissions while controlling for N rate, in the Asia-
Africa dataset (Figure 2a) and the Global N2O dataset (Figure 2b). In 
the Asia-Africa dataset, rice systems had 71% lower N2O emissions 
than maize systems while emissions increased by almost 5% per unit 
increase in SOC (%) for a given N rate. Comparatively, rice systems 
had 57% lower emissions than other cereals in the Global N2O data-
set while emissions increased by 19% per unit increase in SOC (%). 
Each dataset also had factors that were significant but not generaliz-
able. MAT and MAP were significant in the Asia-Africa dataset but 
were positively and negatively correlated with emissions, respec-
tively (Figure 2a). In contrast, absolute latitude and study duration 
(e.g., N2O measurement period) were significant predictors for the 
Global N2O emissions that were also positively and negatively cor-
related with emissions, respectively (Figure 2b).

3.2  |  PNB predicted N2O emissions as well as or 
better than N rate

Fertilizer N rate was a significant predictor of N2O emissions, which 
had similar impacts on N2O emissions in both the Asia-Africa and 
Global N2O datasets (Figure 2a,b). Our analysis estimated that N2O 
emissions increased by approximately 0.4% for each additional 1 kg 
of N ha−1. Our comparisons between N rate versus PNB (Figure 2c,d) 
and N rate versus PFP metrics (Figure 2e,f) in the Asia-Africa data-
set indicated that these metrics were also significant factors and 
performed as well or better as N rate at predicting N2O emissions. 
Specifically, N2O emissions increased with increasing PNB but de-
creasing PFP. More N2O variance was explained by models that in-
cluded PNB (mR2 = 46%) or PFP (mR2 = 42%) as fixed factors rather 
than N rate (mR2 = 44% and 37%, respectively). However, this ad-
vantage did not persist when including random effects (cR2). Of par-
ticular interest, the predicted regression models for PNB and N2O 
emissions were more similar among vegetables, maize, and wheat 
crops (Figure 3b) than estimates based on N rate (Figure 3a), which 

(1)Partial N balance (PNB) = N application − Plant N uptake,

(2)Partial factor productivity of N (PFP) =
Yield

N application
.
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may provide an opportunity to apply a common equation relating 
the PNB and N2O losses across multiple crop types. In contrast, PFP 
was a performance indicator that differentiated among crop types 
(Figure 3c).

3.3  |  Fertilizer management affects N2O emissions

Predictors such as fertilizer management significantly impacted N2O 
emissions when controlling for N rate and other significant factors. 
We examined fertilizer management on the observational-level 
(level 1, i.e., management varied within clusters) and site-level fac-
tors (level 2, i.e., management varied between clusters). Fertilizer 
management was only consistently significant on the observational 
level (Supporting Information 2-3), and so we present data for our 
level 1 analysis. EEFs decreased N2O emissions by 24% for a given N 
rate in the Asia-Africa (Figure 4a) across maize, rice, vegetable, and 
wheat season (Figure 4b). These results were also observed in the 

Global N2O dataset (Figure 4c) for annual cropping of rice, other ce-
reals, row crops, and vegetables (Figure 4d). The addition of organic 
or integration of organic/mineral fertilizers (largely through the ap-
plication of manure) resulted in a significant 7.5% increase in N2O 
emissions in the Asia-Africa dataset (Figure 5a) compared to mineral 
fertilizers alone, but this effect was small in magnitude (Figure 5b) 
with no differences detected in Global N2O emissions (Figure 5c) 
across the various cropping systems (Figure 5d). Non-surface place-
ment did not have a significant effect in the Asia-Africa dataset but 
increased N2O emissions in the Global N2O dataset (data not shown, 
Supporting Information 2-5).

3.4  |  Fertilizer management is dynamic and 
potentially confounded

Nitrous oxide emissions increased with increasing number of fer-
tilizer applications in the Asia-Africa dataset (Figure 6a). Upon 

F I G U R E  2  Donut charts illustrating the percentage of variance explained by fixed factors (predictors, mR2) and random effects (clusters, 
cR2 minus mR2) for (a) Asia-Africa dataset (ASSA), (b) global N2O dataset; partial N balance (PNB) subset predicted by (c) N rate or (d) PNB; 
and partial factor productivity (PFP) subset predicted by (e) N rate or (f) PFP. Sample size (n) and cluster numbers are specified for each 
underlying analysis. The effect of significant factors is presented to the left of each chart, where percentages represent the change in N2O 
emissions per unit increase in each factor (e.g., % change in N2O emissions per 1 kg per ha, per °C of mean annual temperature [MAT], 
per mm of mean annual precipitation [MAP], per % of soil organic carbon [SOC], per day of the duration of N2O measurement period, per 
absolute degree latitude, or for rice cropping instead of maize). Factors in orange increase N2O emissions, whereas those in gray decrease 
emissions. Fertilizer N rate, rice cropping, and SOC were the only generalizable factors, and the effect of MAP and N2O measurement period were 
counter to theory
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further inspection of the experimental data, we noted that the 
fertilizer source and number of applications were often con-
founded (i.e., fewer number of applications of fertilizer treated 
with EEFs or organic amendments; Figure 6b). Fertilization 
frequency had little to no effect on emissions when the same 
type of fertilizer was added more frequently in both datasets 
(Figure 6c). Thus, only when the frequency of applications and 
type of fertilizer were confounded, N2O emissions significantly 
increased with more frequent applications of largely untreated N 
fertilizers or synthetic fertilizers alone (Figure 6d). We observed 
the same patterns in the global dataset (Figure 7a–d). These find-
ings are particularly salient in our efforts to isolate the impact 
of 4R management and highlight the need for meta-analyses to 
specify whether (i) management comparisons co-varied rate, 
timing, source, and/or placement; and (ii) 4R management dif-
fered within studies or among studies when assessing impact of 
management on N2O emissions (i.e., observational level or site 
level).

3.5  |  Fertilizer management affects crop 
productivity sometimes differently than N2O

Due to data limitations in the Global N2O dataset, our productiv-
ity analysis was restricted to the Asia-Africa dataset. Based on the 

nonlinear relationship between N rate and productivity (Supporting 
Information 2-4), we selected a quadratic function to fit the data. 
We found that crop yields and plant N uptake increased with EEFs, 
N rate, and more frequent fertilization (Figure 8) as well as non-
surface placement (data not shown) until reaching a maximum prior 
to a potential decline. Thus, our analysis highlights potential syn-
ergies and trade-offs between N2O emissions and crop produc-
tivity. We observed co-benefits for the use of EEFs, where N2O 
emissions decreased (Figure 4) while increasing yields (Figure 8a) 
and N uptake (Figure 8c), thereby reducing PNB. In contrast, we 
observed little co-benefits—or even potential trade-offs—for the 
number of applications (Figure 8b,d). Specifically, more frequent 
applications of fertilizer had a very small but significantly posi-
tive effect on yields and plant N uptake, which did not correspond 
with reductions in N2O emissions (Figures 6 and 7). Furthermore, 
non-surface placement of fertilizer also increased yields and plant 
N uptake (Supporting Information 2-4) despite having inconsist-
ent and largely insignificant effect on N2O emissions (Supporting 
Information 2-3). These findings highlight the challenges to teasing 
out overarching impacts of narrowly focused fertilizer management 
decisions (i.e., focus only on a single “R”) and may even expose po-
tential trade-offs related to pollution swapping if reductions in N2O 
emissions are not coupled with an increase in N uptake by plants 
through a holistic, adaptive 4R management approach that target 
multiple loss pathways.

F I G U R E  3  Cumulative N2O emissions predicted by crop type and (a) fertilizer N rate, (b) partial N balance, and (c) partial factor 
productivity of N. Lines represent predicted values from fixed effects in multilevel regression models (ignoring random effects), and shaded 
gray areas represent 95% confidence intervals in observational level predictions also considering the uncertainty in the variance parameters. 
Data points represent observed values in Asia-Africa dataset
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3.6  |  Crop productivity and N2O emissions interact

We observed a significant interaction between N rate and pro-
ductivity on N2O emissions in the Asia-Africa dataset (Supporting 
Information 2-4). In the model that allowed for the interaction be-
tween crop and N rate, higher yields were associated with a lesser 
N2O losses for a given rate of fertilizer, as N2O emissions increased 
with N rate (Figure 9, n = 967, 96 clusters). This is particularly appar-
ent at higher N rates (>200 kg N ha−1 season−1), which for lower yield-
ing cereal crops likely represent excessive fertilization. The tension 
between N management and productivity on N2O emissions is con-
ceptually illustrated in Figure 10, where we regress predicted yields 
and predicted emissions using the model coefficients from the N2O 
(Figure 4) and yield (Figure 8) models based on significant predictors 
(allowing for missing N2O emission data). The predicted N2O emis-
sions increased exponentially as yields approach their maxima. With 
regard to N rate, this relationship implies that emissions increased as 
yield gains declined with each incremental increase in N input due to 

growing inefficiencies of N use. However, in this range, EEFs appear 
to “shift” the curve to achieve greater yields and lower emissions 
than crops fertilized with non-EEFs (Figure 10 insets). Importantly, 
the exponential increase in N2O emissions is driven by excessive N 
rates; however, better efficiencies may lead to greater yield gains 
under lower N2O emissions for crops fertilized with EEFs.

4  |  DISCUSSION

4.1  |  Lack of consistency among site-level N2O 
predictors

A wealth of literature indicates that N2O emissions vary widely de-
pending on edaphic factors such as texture, pH, water filled pore 
space, soil ammonium or nitrate levels, SOC; environmental con-
ditions such as climate type, temperature, and precipitation; as 
well as management and experimental factors such as crop type, 

F I G U R E  4  The effect of soil and climatic factors and various fertilizer management with (+EFF) and without enhanced efficiency 
fertilizers (−EFF) on (a) the percentage of variance explained by fixed factors (predictors) and random effects (clusters) in the Asia-
Africa dataset, (b) across maize, rice, vegetable, and wheat cropping seasons in the Asia-Africa dataset, (c) the percentage of variance 
explained by fixed factors (predictors) and random effects (clusters) in the global dataset, and (d) across other cereals, rice, row crops, and 
vegetables in the global dataset. Sample size (n) and cluster numbers are specified for each underlying analysis. The effect of significant 
factors are presented to the left of each chart, where percentages represent the change in N2O emissions per unit increase in each factor 
(e.g., % change in N2O emissions per kg of N applied, for rice crops instead of maize, application of an EEF, and day of the experimental 
duration). Factors in orange increase N2O emissions, whereas those in gray decrease emissions. Data points represent observed values in 
bothdatasets, and shaded gray areas represent 95% confidence intervals in observational level predictions also considering the uncertainty 
in the variance parameters. The effect of N2O measurement period was counter to theory
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irrigation, and timeframe of N2O observations (Albanito et al., 
2017; Cayuela et al., 2017; Eagle et al., 2020; van Lent et al., 2015;   
Liu et al., 2017; Rochette et al., 2018; Sapkota et al., 2020; Stehfest 
& Bouwman, 2006). Other than N rate, some of these previous stud-
ies identified that fertilizer source also influences N2O emissions. In 
our analysis, N rate (and its derivatives), crop type, and SOC were 
the only generalizable factors to consistently explain the variance 
in N2O emissions. These findings were expected (Eagle et al., 2020). 
For instance, NH3 (and methane) emissions are a greater concern in 
flooded systems given that urea or manure (or another ammonium-
based nutrient source) is the preferred for plant uptake (Wang et al., 
1993) in environments with slow rates of nitrification and higher risk 
of denitrification losses in anaerobic zones.

Although additional factors were important in other studies 
(Eagle et al., 2020; Liu et al., 2017; Stehfast & Bouwman, 2006), the 
effects of other factors were at times not significant, not general-
izable, or even unexpected according to theory. Furthermore, we 
also found no clear agreement on other minimal parameters needed 
to explain the majority of variance in N2O emissions. Instead, we 

attributed the majority of the variation in emissions to undetermined 
randomness associated with experimental-location differences. This 
lack of consistency among predictors is common in the literature, 
highlighting the difficulties to adequately account for variability of 
N2O emissions across contrasting locations and systems in our mod-
els (Albanito et al., 2017).

Given that climate and soil factors impact N2O emissions, 
such discrepancies expose the limitations of global and inter-
continental datasets based on hundreds of studies to develop 
localized estimates. First, it is possible that the quality of the 
predictor data, as well as differences across studies, may impact 
the variance explained by these predictors. For instance, we used 
MAP in the analysis to fill missing data and standardize across 
sites. However, predictors that incorporate seasonal precipitation 
quantities and intensity relative to N2O measurements, or even an 
indicator for nitrate intensity coupled with the duration of anaer-
obic conditions, would likely explain more variance. Furthermore, 
the negative correlation between MAP and N2O in the Asia-Africa 
dataset is theoretically unexpected, and we were unable to tease 

F I G U R E  5  The effect of soil and climatic factors and various fertilizer management with organic N sources or mixture of organic and 
synthetic sources (+Org/Mix) or synthetic sources (−Org/Mix) on (a) the percentage of variance explained by fixed factors (predictors) and 
random effects (clusters) in the Asia-Africa dataset, (b) across maize, rice, vegetable, and wheat cropping seasons in the Asia-Africa dataset, 
(c) the percentage of variance explained by fixed factors (predictors) and random effects (clusters) in the Global N2O dataset, and (d) across 
other cereals, rice, row crops, and vegetable cropping years in the global dataset. Sample size (n) and cluster numbers are specified for each 
underlying analysis. The effect of significant factors is presented to the left of each chart, where percentages represent the change in N2O 
emissions per unit increase in each factor (e.g., % change in N2O emissions per kg of N applied, for rice crops instead of maize, application 
of an Org/Mix, and day of the experimental duration, per °C of mean annual temperature [MAT], and per degree latitude). Factors in orange 
increase N2O emissions, whereas those in gray decrease emissions. Data points represent observed values in the datasets, and shaded gray 
areas represent 95% confidence intervals in observational level predictions also considering the uncertainty in the variance parameters. The 
effect of N2O measurement period was counter to theory
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out any interactions with other factors such as irrigation or crop 
(Supporting Information 2-1).

Second, databases may include differences in the length of 
measurement periods for cumulative flux estimates within a 
season or even a year. For instance, we collected seasonal data 
in the Asia-Africa dataset, whereas the data in the Global N2O 
dataset were annualized. This may have important implications 
for double-cropped systems or those with prolonged fallow. 
Furthermore, both datasets included studies that collected N2O 
data only partly within a crop season and studies that continued 
data collection during fallow periods. However, also contrary to 
theory, the length of N2O measurement periods was negatively 
correlated with emissions in the Global N2O dataset. While we 
were unable to explain this unexpected relationship, it seems to be 
possibly driven by interactions with cropping systems (Supporting 
Information 2-5).

Third, because of the large geographic scale of the datasets, we 
may have inconsistent interactions between the measured parame-
ters and the true parameters of interest, which limits our ability to 

explain variance. In other words, correlations among variables may 
not be consistent across contrasting environments. Management 
may confound environmental variables, where the high use of irri-
gation in the Asia-Africa studies may mask or confound effects of 
climate variables such as rainfall. Therefore, to be meaningful, our 
study supports broader effort to incorporate soil and climate factors 
in regionally focused Intergovernmental Panel on Climate Change 
(IPCC) Tier 3 protocols with efforts to thoroughly record meta-data 
and key factors.

4.2  |  An integrative approach is needed

Many countries within tropical and subtropical regions rely on the 
IPCC Tier I protocol for N2O inventory which assumes that N2O 
emissions increase by 0.01 kg N2O-N per kg of N fertilizer applied. 
While this is the dominant paradigm, our findings demonstrate that 
a PNB indicator performs as well or better than N rate when pre-
dicting N2O emissions in a wide assemblage of agroecosystems. 

F I G U R E  6  The effect of soil and climatic factors and various number of fertilizer application in the Asia-Africa dataset on (a) N2O 
emissions in maize, rice, vegetable, and wheat cropping seasons, (b) boxplots for differences in the number of fertilizer additions 
between non-enhanced efficiency fertilizer (EEF) fertilizer and EEF-treated fertilizers (p < 0.001), (c) the percentage of variance 
explained by fixed factors (predictors) and random effects (clusters) with number of applications unfounded by source, (d) the 
percentage of variance explained by fixed factors (predictors) and random effects (clusters) with number of application confounded by 
source. Sample size (n) and cluster numbers are specified for each underlying analysis. The effect of significant factors is presented to 
the left of each chart, where percentages represent the change in N2O emissions per unit increase in each factor (e.g., % change in N2O 
emissions per kg of N applied, for rice crops instead of maize, number of applications, per °C of mean annual temperature [MAT], per 
mm of mean annual precipitation [MAP], and per % soil organic carbon [SOC]). Factors in orange increase N2O emissions, whereas those 
in gray decrease emissions. Data points represent observed values in the Global N2O dataset, and shaded gray areas represent 95% 
confidence intervals in observational level predictions also considering the uncertainty in the variance parameters. The effect of MAP 
was counter to theory
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Importantly, the N balance approach incorporates productivity, 
and our analysis provides new evidence that increasing N uptake is 
associated with reducing N2O emissions for a given N rate. This is 
likely because greater plant N recovery decreases the amounts of 
inorganic N available to nitrifying and denitrifying bacteria. The N 
balance approach may act as an integrating metric to evaluate suites 
of adaptive 4R practices that work together to tighten the N cycle 
in a cropping system—certainly including but not exclusive to N rate 
adjustments. We recommend the broader use of this metric beyond 
North America and in other production systems of other regions. 
However, we acknowledge one caveat to this approach is the avail-
ability of the information with which farmers have to calculate their 
application rates, yields, and N concentration. Despite PNB being the 
predictor of N2O emissions, only 31 of the 100 N2O studies provided 
enough data to calculate PNB based on N uptake (and even less for 
harvested N). In the absence of plant or grain N data, PFP may be a 
more widely measurable indicator. Second, while a relatively lower 
PNB or higher PFP is indicative of better agronomic performance, 
a negative N balance is undesirable to prevent soil nutrient mining. 

Thus, PNB and PFP must be interpreted within the context of inputs 
and yield.

4.3  |  4R fertilizer management considers potential 
trade-offs or confounding effects

An alternative approach may be to assign N2O emission reduction 
coefficients to specific 4R nutrient management practices. Aside 
from N rate, fertilizer source is often considered an important pre-
dictor of N2O emissions (Albanito et al., 2017). However, a clear un-
derstanding of other fertilizer management considerations, such as 
timing and placement, has yet to emerge from the literature. Given 
that urea was the predominant fertilizer source in the Asia-Africa 
dataset, we examined the effects of EEFs and organic inputs. In con-
firmation with previous reports in the literature, we found the use of 
EEFs (e.g., urease inhibitors, nitrification inhibitors, neem, or polymer 
coated urea) reduced N2O emissions. The current finding of a reduc-
tion of 24% falls within the range reported by other meta-analyses, 

F I G U R E  7  The effect of soil and climatic factors and various number of fertilizer application in the global dataset on (a) N2O emissions 
in other cereal, rice, row crop, and vegetable cropping years, (b) boxplots for differences in the number of fertilizer additions between 
non-enhanced efficiency fertilizer (−EEF) fertilizer and EEF-treated fertilizers (+EEF) (p < 0.001), (c) the percentage of variance explained by 
fixed factors (predictors) and random effects (clusters) with number of applications unconfounded by source, (d) the percentage of variance 
explained by fixed factors (predictors) and random effects (clusters) with number of application confounded by source. Sample size (n) and 
cluster numbers are specified for each underlying analysis. The effect of significant factors is presented to the left of each chart, where 
percentages represent the change in N2O emissions per unit increase in each factor (e.g., % change in N2O emissions per kg of N applied, 
for rice crops instead of other cereals, number of applications, per % soil organic carbon [SOC], per day of the experimental duration, and 
per degree latitude). Factors in orange increase N2O emissions, whereas those in gray decrease emissions. Data points represent observed 
values in the Global N2O dataset, and shaded gray areas represent 95% confidence intervals in observational level predictions also 
considering the uncertainty in the variance parameters. The effect of N2O measurement period was counter to theory
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where nitrification inhibitors alone or combined with urease inhibi-
tors reduced N2O emissions by 8%–100% (Eagle et al., 2017; Lam 
et al., 2017; Li et al., 2018; Qiao et al., 2015; Snyder et al., 2009; 
Thapa et al., 2016; Xia et al., 2017). Unlike other predictors, EEFs 
appear to have a consistent effect under a range of conditions and 
thus generalizable. For example, Li et al. (2018) reported that EEFs 

consistently decreased emissions across different land uses, climatic 
conditions, and for a range of soil texture and pH; while Thapa et al. 
(2016) found reductions in corn and wheat systems across a range 
of soil pH and texture, under rainfed or irrigated conditions; when 
broadcasted or banded; and under tilled and no-tilled conditions. 
However, we must acknowledge that urease inhibitors alone may 

F I G U R E  8  Effect of fertilizer management on yield (a, b) and plant N uptake (c, d) in the Asia-Africa dataset. Fertilizer management 
strategies included increasing N rate with the use of enhanced efficiency fertilizers, or EEFs (a, c), or more frequent application (b, d). Lines 
represent predicted values from fixed effects in multilevel regression models (ignoring random effects). Data points represent observed 
values, and shaded gray areas represent 95% confidence intervals in observational level predictions also considering the uncertainty in the 
variance parameters.

F I G U R E  9  Examining the impact of 
improved agronomic performance (e.g., 
higher yields) on N2O emissions for a 
given level of N application (n = 967, 96 
clusters). Lines represent predicted values 
from fixed effects in multilevel regression 
models (ignoring random effects) for 
the Asia-Africa dataset, and shaded area 
represents 95% confidence bands
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not be always effective at reducing N2O emissions (Akiyama et al., 
2010; Li et al., 2018; Thapa et al., 2016).

With regard to organic fertilizer inputs, we found that the in-
clusion of organic sources (mostly from manure) with or without 
synthetic fertilizers slightly increased N2O emissions relative to min-
eral fertilizers when controlling for N rate in the Asia-Africa data-
set but not in the Global N2O analysis. While Decock (2014) also 
found higher emissions associated with manure additions, the most 
recent IPCC (2019) refinements assigned similar emission factors to 
synthetic and mixed fertilizers but lower emission factors to organic 
amendments alone (IPCC, 2019). Another meta-analysis determined 
that substituting manure for synthetic fertilizer had no impact on 
N2O emissions (Xia et al., 2017), while a third study measured no 
impact of manure on emissions at the same N balance (defined as 
N fertilizer minus grain N offtake) when controlling for SOC (Eagle 
et al., 2020). Therefore, our analysis adds more complexity to the 
literature, and questions the generalizability of specific emission fac-
tors based on organic versus synthetic sources.

The impacts of fertilizer timing and placement on N2O emissions 
remain inconclusive in our analysis, and thus we cannot recom-
mend universally prescriptive timing and placement for N2O emis-
sion reduction. This finding underscores that 4R management is an 
adaptive management framework that considers the site-specific ef-
ficacy of the selected practices for a range of relevant sustainability 
outcomes, and thus should not be reduced to specific timing and 
placement options (Fixen, 2020). While we found that increasing the 
number of fertilizer applications (controlling for N rate) did not nec-
essarily reduce N2O emissions despite small but significant improve-
ments in yield, we also identified a major caveat in 4R meta-analyses. 
Many of the experiments in both datasets were not designed to iso-
late the impacts of timing, and treatment designs often confounded 
source and timing. For instance, researchers often apply polymer 
coated urea once versus a split application of urea. We found that 

more frequent applications of mineral fertilizers (i.e., removing ob-
servations confounded by EEF or integrated with organic N additions 
mostly from animal manure) had little to no significant effect on N2O 
emissions both within and across locations. Conceivably, from a crop 
management perspective, frequent applications are more feasible 
on sandier soils to reduce leaching losses in fields that are accessible 
by equipment (i.e., less saturated soils). While texture was not an im-
portant factor in our analysis, studies in Canada indicate very strong 
effects of soil texture on N2O emission (Liang et al., 2020; Rochette 
et al., 2018). Alternatively, Huang et al. (2016) reported increases 
in yield and reductions in NH3 volatilization with split applications, 
which may contribute to pollution swapping if crop recovery is low. 
In their meta-analysis, Fernandez et al. (2020) reported that later 
applications of fertilizer in maize improved yields only for plants with 
heightened N uptake during the reproductive stages. While Eagle 
et al. (2017) determined that a side-dress application in corn systems 
decreased N2O emissions, Omonode et al. (2017) found that emis-
sions were higher with later side-dress applications. Thus, rather 
than focus on specific fertilizer management strategies, we can in-
stead select from a suite of practices that reduce high N balances 
(Omonode et al., 2017).

Our results highlight the need to consider potential trade-offs 
among N loss pathways. In our analysis, subsurface placement of 
fertilizer did not mitigate N2O emissions in agreement with obser-
vations in North American maize-based systems (Eagle et al., 2017). 
This finding may be surprising because subsurface application in-
creased yields and is generally considered a best management prac-
tice (Nkebiwe et al., 2016). Thus, this further highlights the need to 
acknowledge that the isolated fertilizer management impacts on N2O 
emissions and yield are not always necessarily negatively correlated 
and thus an integrated approach is needed. While the mechanism for 
this trade-off has not been systematically explored, it is possible that 
pollution swapping between NH3 volatilization and N2O emissions 

F I G U R E  1 0  Conceptual productivity 
thresholds for N2O emissions with 
effects of enhanced efficiency fertilizers, 
or EEFs (insets) for maize (a), rice (b), 
and wheat (c). Lines represent predicted 
values (0–350 kg N applied ha−1 season−1)  
from fixed effects in multilevel 
regression models (ignoring random 
effects). Light gray data points represent 
observed values
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may also be driving these observed relationships (Drury et al., 2017), 
especially considering that a previous meta-analysis reported that 
deep placement of fertilizer reduced NH3 volatilization (Huang 
et al., 2016). This pathway may be particularly important in the 
Asia-Africa dataset given that urea was the primary fertilizer source. 
Furthermore, trade-offs between these two loss pathways have also 
been observed with the use of nitrification inhibitors despite consis-
tent yield improvements (Li et al., 2018; Pan et al., 2016; Qiao et al., 
2015). Presumably, a reduction of NH3 volatilization could lead to 
greater N2O emissions (or other downstream losses if the inorganic 
N is not immobilized by microbes or plants), particularly if rates are 
not adjusted in response to increased N use efficiencies.

4.4  |  Improved productivity plays an important role 
in high input systems

A novel aspect of our study is that we explored the relationships 
between N2O emissions and yield with increasing N rate, which is 
largely lacking in the literature. Our findings support the develop-
ment of locally adapted suites of 4R practices that reduce PNB (and 
reduce losses). We found that (i) N rate reduction and (ii) the use 
of EEFs are both critical 4R strategies to optimize PNB. This is be-
cause any N applied in excess of crop removal is at risk of loss, with 
greater risk associated with high N balances. While we provide clear 
evidence supporting optimal N inputs and the use of EEFs, we rec-
ommend that any N rate reduction strategy also factors in yields. In 
regions already characterized by excessive N use without likely yield 
improvements through better agronomy, reducing N rate is clearly 
the best option to mitigate N2O losses assuming other yield limiting 
factors must be resolved (e.g., non-nitrogen-related growth limita-
tions). While a high N balance—with high N2O emissions—is miti-
gated by reducing N application rates, doing so without sacrificing 
yield may be only possible with other management changes that bet-
ter synchronize N availability with plant demand. On-farm data from 

the USA Corn Belt have shown that neighboring fields in the same 
soil-climate zone, at the same N rate, experience wide yield variabil-
ity in a given year (McLellan et al., 2018). Therefore, understanding 
the management differences could help growers identify changes 
that may improve productivity and fine-tune N rates on a field or 
sub-field scale while also reducing N balances. In other words, we 
should aim for reducing N balance either by reducing N rate with 
the same yield level or by increasing the yield with the same N rate.

In regions with low N use, negative N balances, and high yield 
gaps due to imbalanced fertilization, we recommend holistic strat-
egies that improve yields but prevent high N balances (and N2O 
losses) with system improvements that must include increasing N in-
puts. The avoidance of excess N is critical given that increasing fertil-
izer N rates from 50 to 150 kg ha−1 season−1 is projected to increase 
N2O emissions in the tropics by 30% (Huddell et al., 2020) and by as 
much as 55% in our regional assessment of Asia and Sub-Saharan 
Africa. Ultimately, in the N-limited scenario, optimization of N rate 
relative to yield and fertilizer management is critical. Conceptually, 
N2O emissions increase exponentially once some productivity 
threshold is attained (Figure 11). This finding is in accordance with 
the law of diminishing returns, where N2O emissions increased as 
yield gains declined with each incremental increase in N inputs. In 
this conceptual model, the application of EEFs increased yields (and 
N uptake, data not shown) but decreased N2O emissions. In lower 
yielding systems, EEFs resulted in lower N2O emissions for a given 
level of productivity. As productivity increased, yield gains contin-
ued under lower N2O emissions for crops fertilized with EEFs, thus 
“shifting” the exponential increase in N2O emissions to higher yield 
levels. Further yield gains through crop selection and irrigation can 
continue to “shift” and improve NUE in higher yielding systems via 
concomitant increases in both yields and NUE (Zhang et al., 2015). 
Therefore, we conclude that fertilizer management strategies that 
increase NUE, and thus optimize N balance, will be particularly crit-
ical to abate or even avoid the exponential increases in N2O emis-
sions as yields approach optimization with adequate N supply. This 

F I G U R E  11  “Shifting” the 
productivity–pollution curve through 
the use of enhanced efficiency fertilizers 
(EEFs). Lines represent predicted values 
(0–350 kg N ha−1 season−1) from fixed 
effects in multilevel regression models 
(ignoring random effects). Light gray data 
points represent observed values
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concept may even extend to agronomic practices with potential 
trade-offs, such as increased frequency of fertilizer applications, 
where more rapid plant growth may partially reduce excessive levels 
of inorganic N in soil available for microbial transformation to N2O in 
higher-producing systems. Therefore, we recommend adopting an N 
balance approach toward selecting a combination of fertilizer man-
agement practice and technology packages (e.g., breeding, fertilizer, 
irrigation, etc.) to increase food production while minimizing pollu-
tion (Pingali, 2012) such as N2O emissions.

5  |  CONCLUSIONS

Across a range of fertilizer management factors in different soils, 
climates, and cropping systems, we observed a significant relation-
ship between N2O emissions and PNB or PFP—a function of both 
N rate and productivity. Not only does a performance indicator ap-
proach explain a significant amount of variation in N2O emissions, 
it also integrates the productivity that we link to further emission 
mitigation. This approach is preferable over assigning N2O reduction 
coefficients to isolated 4R management practices that may have in-
consistent effects on emissions and productivity. For instance, while 
we observed co-benefits for EEFs, we found trade-offs between 
N2O emissions and yield for N rate and placement. Furthermore, 
suites of 4R practices often co-vary with management practices, 
thereby confounding our interpretation of singular effects such as 
fertilization frequency. Thus, we recommend tailoring suites of 4R 
practices to reduce PNB or increase PFP, where better agronomic 
performance—particularly in systems closing yield gaps—can miti-
gate emissions for a given N rate. Given that most soil and climate 
factors were not consistently significant global predictors of N2O 
emissions, the incorporation of soil and climate factors may need to 
be regionally focused. To safely feed the projected 9.7 billion peo-
ple by 2100, balancing 4R fertilizer management to achieve multiple, 
and at times divergent, goals is essential to sustainable intensifica-
tion. Adoption of technological packages that couple best manage-
ment practices for increasing crop yields with proper monitoring to 
mitigate emissions is expected to create opportunities for win–win 
scenarios.
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