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Abstract

Croplands account for ~1/3 of global anthropogenic nitrous oxide (N20O) emissions. A
number of recent field experiments found substantial fallow-period N.O emissions,
which have been neglected for decades. However, the global contribution of the fallow-
period emissions and the associated drivers remain unclear. Based on 360 observations
across global agroecosystems, we simulated the ratio of the fallow to the whole-year
N20 emissions (Rraiow) by developing a mixed-effect model and compiling cropping-
system-specific input data. Our results revealed that the mean global gridded Reaiow Was
44% (15-75%, 95% confidence interval), with hotspots mainly in the northern high
latitudes. For most cropping systems, soil pH was the dominant driver of global
variation in Rrow. Global cropland emission factors (i.e., the percentage of fertilizer N
emitted as N2O, EFs) in EF-based models doubled to 1.9% when the fallow-period N2O
emissions were included in our simulation, similar to EFs estimated by process-based
and atmospheric inversion models (1.8-2.3%). Overall, our study highlights the
importance of fallow-period N2O emissions in annual totals, especially for single
cropping systems and croplands in acidic areas. To accurately estimate N>O emissions
for national greenhouse gas inventories, it is crucial to update current EFs with full
consideration of the fallow-period N2O emissions in the Intergovernmental Panel on
Climate Change (IPCC) Tier 1 method.

Keywords: nitrous oxide, greenhouse gas, non-growing season, spatial variation,

cropping system, simulation, inventory
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1 Introduction

N20 is one of the major agricultural greenhouse gases (GHGs) and the most significant
atmospheric ozone-depleting substance (Ravishankara et al., 2009). Most countries in
the world are requested by the United Nations Framework Convention on Climate
Change (UNFCCC) to compile and report their national GHG and N2O inventories
(Deng et al., 2022). About one-third of anthropogenic N>O emissions are derived from
croplands (Tian et al., 2020). Cropland N2O emissions are mainly from microbial
processes in soils (Butterbach-Bahl et al., 2013), such as nitrification and denitrification,
contributing to N loss from the management-driven climate-soil-crop systems.
Management practices, such as N fertilizer inputs, cropping period and cropping system
selection, play important roles in the cropland N2O emissions (Cui et al., 2021).
Therefore, accurate estimates of regional cropland N>O emissions are crucial for
developing and adjusting agricultural management strategies aimed at mitigating both

climate change and ozone depletion.

Cropland N20O emission can be estimated through different methodologies (e.g., EF-
based, atmospheric inversion, and process-based models) with large discrepancies. One
potential factor for the underestimation of N2O emissions in GHG inventories is the
omission of emissions during fallow (non-growing) periods (Shang et al., 2020). Most
N20 emission fluxes used for building the EF-based inventories are measured during
growing seasons rather than whole years (Cui et al., 2021; Shang et al., 2020), since the

fallow periods usually come with cold weather and limited residual N. However, field
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observations suggest that fallow-period N2O emissions accounted for 36% on average
of the annual emissions for wheat and maize in Canada (Ekwunife et al., 2022; Pelster
et al., 2022), and even more for rice paddies in Asia. Since the soil condition in fallow
rice paddies after harvest drainage is usually moist but non-waterlogged, it can
stimulate N2O production and inhibit the reduction of N2O to N2 in denitrification
(Shang et al., 2020). To convert growing-season emissions to annual emissions, a
limited number of correction factors are currently available for a few cropping systems,
or are restricted for application in specific regions (Pelster et al., 2022). Therefore, it is
critical to quantify the contribution of fallow-period N2O emissions to the annual total

emissions at global scale, and to provide reliable correction factors.

The contribution of the fallow period to annual total N2.O emissions varies with
management practices, soil properties and climatic conditions. The type of cropping
system is an integrated indicator of the specific crops cultivated within a year,
management practices and the surrounding environmental conditions. For example, the
single rice cropping system, which is generally adopted in humid high-altitude regions,
has a longer and cooler fallow period compared to double rice cropping in humid low-
altitude regions. In contrast, rice-wheat and maize-wheat systems have the shortest
fallow periods in all cropping setups, ranging from two to three months. A recent study
revealed that precipitation and temperature are key driving factors for fallow-period
N20 emissions in the US Midwest (Yang et al., 2023). In a previous study, we revealed
the role of factors like crop types, annual precipitation, soil pH, and soil organic carbon

in determining the difference in N.O EF caused by the omissions of fallow period
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(Shang et al., 2020). However, the global pattern of the contribution of fallow-period
N20 emissions and the associated drivers remain unclear. This is mainly due to the lack
of a quantitative model and a fallow calendar for different cropping systems. It hinders
our understanding of the importance of fallow-period N2O emissions and our ability to

accurately estimate national and global N>O emissions in GHG inventories.

To address these gaps, we quantified the ratio of fallow to whole-year emissions (Rraiiow)
using a mixed-effect model that connected crop-specific Rraow Variations to climate,
soil and agricultural management practices. We conducted our analysis using 360
chamber-based field observations, spanning 53 sites globally. By combining the spatial
datasets of the physical areas of multiple cropping systems, crop calendar and crop-
specific fertilizer N inputs (including synthetic fertilizers, manure, and crop residues),
we compiled datasets of gridded N input and the duration of fallow period for each
cropping system. Using the datasets with management and environmental variables,
and the model constrained by the global observations, we mapped crop-specific Rfaliow
at the spatial resolution of five-arcminute and identified the key drivers of spatial
variations in Rrow. Finally, we converted growing-season N2O emissions to whole-
year emissions at global scale, aiming to reconcile the discrepancies in cropland N2O

emissions estimated by different methodologies.
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2 Data and Methods

2.1 Observations for quantifying Rraiiow

We compiled a global observation dataset consisting of 360 Rraiow Values from
currently available literature databases and online data repositories (Supplementary
Text 1). The observed Rraow Values were calculated based on fallow and annual N.O
emissions for different single (i.e., legumes, maize, wheat, rice, and others) or double
cropping systems (i.e., rice-rice, rice-upland, upland-upland). Triple cropping systems
(e.g., rice-rice-rapeseed) are very rare in modern global food production (Waha et al.,
2020), and their fallow-period N2O emission measurements are rather limited. Thus,
these systems were excluded from the analysis. Studies with the following
measurements were further excluded: (i) experiments conducted in laboratories, pots or
greenhouses, (ii) measurements conducted in organic (peaty) soils where N2O are much
higher than those in mineral soils (IPCC, 2006), and (iii) measurements with the use of
controlled-release fertilizers, nitrification inhibitors, or urease inhibitors. The full
dataset is a combination of data from 57 sites globally and 49 peer-reviewed papers and
dissertations, including 71 observations for rice-rice, 25 for rice-upland, 20 for upland-
upland systems, 25 for legumes, 49 for maize, 75 for wheat, 60 for rice, and 35 for other

single cropping systems (Fig. S1 and Table S1).

For each record, four categories of information were collected: (i) N2O emissions, (ii)
climatic conditions, (iii) soil properties, (iv) management practices, and (v) sampling

information. The N2O emissions for the whole year and fallow period were obtained
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from the studies identified to calculate the ratios. The fallow period was defined as the
period between harvesting crop and sowing or transplanting the next crop. Climatic
conditions include mean annual air temperature (MAT) and mean annual precipitation
(MAP), fallow-period mean air temperature (FT) and precipitation (FP). Soil properties
contain soil organic carbon content (SOC), pH, bulk density (BD), and clay and sand
content. Along with climatic conditions, these soil properties influence the substrate
availability and soil aeration and determine the rates of microbial processes underlying
N20 emissions (Bouwman et al., 2013; Butterbach-Bahl et al., 2013). Management
practices include cropping system type, N fertilizer application rate and fallow duration.
These practices are significant due to their known impacts on agroecosystem C and N
cycling and fallow period emissions (Cui et al., 2021; Shang et al., 2020). Sampling
information include mean sampling interval during fallow period, and whether
sampling frequency is intensified at N>O flux peaks when the mean interval during
fallow period is greater than 7 days (Supplementary Text 2 and Fig. S2). Most
information was obtained from the original papers; values not reported in the original
papers were obtained from climate and soil databases (Supplementary Text 1). The
definition and unit of each variable and related information can be found in

Supplementary Table S2.

The representativeness of the observations in terms of a per-pixel representation of the
relative proportion of interpolation, was assessed according to the method van den
Hoogen et al. (2019). To investigate how well our compiled observation dataset spread

throughout the full multivariate covariate space (for all soil, climate and management
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practice-related variables in the model), we performed a principal component analysis
(PCA)-based approach. Firstly, we utilised the centring values, scaling values, and
eigenvectors to transform the composite image into the same PCA space. Subsequently,
we generated convex hulls for each of the bivariate combinations from the first seven
principal components, which collectively accounted for over 90% of the sample space
variation. Based on the coordinates of these convex hulls, we classified each pixel as
falling within or outside of them, that is a per-pixel representation of the relative
proportion of interpolation and extrapolation. The relative percentage of interpolation
reflects how adequately our dataset captured the multivariate covariate space of the

global layers.

2.2 Linear mixed-effect model for Rtaliow

We developed a linear mixed-effect (LME) model to generate an interpretable
regression of Rraow in response to various environmental and management-related
factors. The LME is capable of capturing the fixed effects quantified by the key factors
and identifying the random effects for N2O emissions, which can be represented by the
sites (Cui et al., 2021). First, to enhance the ability of model to capture the variance,
Rraow Was converted from the original range of 0 to 1 (11 negative values were
excluded) to an infinite range with normal distribution using equation E1, and

independent variables were re-scaled using “scale” function in R v.4.2.2.

Second, partial correlation and a generalized boosted regression mode (GBM) were

used to determine the key variables for the model. GBM was performed using the “gbm”
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package in R v.4.2.2. GBM is an ensemble tree-based method that combines multiple
weak models to form a single strong model, based on the prior trees, to quantify the
relative importance of each variable. Third, the Akaike information criterion (AIC) was
implemented by adding variables based on the priority order and the most relevant
variables for the LME model were selected to avoid over-fitting (Table S3). Fourth, we
checked for interactions among variables. An analysis of variance (ANOVA) test
indicated that the model with an interaction between cropping system type and N
fertilization rate outperformed other models. Eventually, the LME model included
cropping system type, soil pH, N fertilization rate, and fallow duration as fixed-effect
terms. Additionally, the model incorporated the site identity in the intercept as a
random-effect term (Equation E2). The interaction between the cropping system and N
application rate was considered in the LME model through distinguishing slopes
corresponding to different cropping systems and N fertilization rates. Rsaiow for each

cropping system was then quantified as follows:

Rfallowi = eJ’i/(l + %), El

yi=(a@+ ;) + (B +6;) Nrate; +y-pH + § - D; + (1]|Site) + ¢;, E2

where y is the mediator between Rrow and driving variables selected to facilitate the
normal distribution of Rraiow; i1 denotes the type of eight cropping systems mentioned
above; Nrate is nitrogen (N) fertilizer application rate (kg N ha*); pH is soil pH; D is
the duration of a fallow period in days; Site means the location of the observational

field experiments; «, S, vy, 8, @, and 6 are variable coefficients; ¢ is the residual
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term. (a+ ;) + (B +6;) - Nrate represents the interactive effect between N
fertilizer application rate and cropping system, allowing for the eight different cropping
systems in our analysis to vary in their response (i.e., slope and intercept) to changes in
N application rate; 1|Site represents the random-effect term in the mixed-effect
model. All the model parameters were quantified using the “Imer” function in the R

package “Ime4”.

The model was trained and tested on a tenfold cross-validation repeated ten times.
Cross-validation has been widely used in many studies (Viscarra Rossel et al., 2019;
Bo et al., 2022; Malakouti, 2023). The tenfold cross-validation involves splitting all the
observations into 10 equal parts, training the model on 9 parts, and testing it on the
remaining part. This process is repeated 10 times, with each part used as the test set
exactly once. To avoid bias due to subsets randomly divided, we repeated the above
steps by 10 times for possible subdivisions. The advantage of cross-validation is that it
provides a more reliable estimate of model performance compared to a single train-test
split. By averaging the results of different test sets, it reduces the variability of a single
partition and provides a more accurate assessment of how the model is likely to perform
on unseen data. The coefficients of the model based on 100 trainings were stored for
spatial prediction. The performance and robustness of the model were evaluated by
comparing simulated and observed Rraiow by cropping system, using the 1:1 line, R? of
fixed effect (R%c), R? of mixed effect (R?m), slope and root mean square error (RMSE).
Additionally, the responses of Rraiow t0 the key variables selected were estimated for

each cropping system in the sensitivity tests, with the uncertainty of one standard error
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using the “sjPlot” package in R. The ranges of the key variables in the sensitivity tests

were constrained by those of the observations.

2.3 Global prediction of Rrailow

The global patterns of Rraow for each cropping system were simulated using the
“predict” function in the LME model at a spatial resolution of 5-arcminutes, which were
driven by the duration of the fallow period, the N application rate, and the soil pH. Soil
pH was derived directly from the HWSD v1.2 at a resolution of 30-arc-second. Data
regarding the spatial distribution of the eight cropping systems, the duration of the
fallow period, and the N application rate for each cropping system were specifically

compiled for this study.

Physical areas of cropping systems were derived from Waha et al. (2020), which
reported multiple attributes including cropping intensity (single, double, or triple),
types of crops grown in the system (out of a pool of 26 crops from MIRCA2000
(Monfreda et al., 2008)). Crops without planting and harvesting calendars (e.g., citrus
and grapes) were excluded from this study. In the end, 45 out of the initial 70 cropping
systems were identified and obtained for this study. The global gridded physical areas
for these 45 cropping systems were first resampled from 30730 resolution to a 5>&~
resolution using the nearest resampling method, then directly summed to obtain the
physical area for each of the eight cropping systems. We grouped the double cropping
systems into rice-rice, rice-upland, and upland-upland systems, the single cropping

systems into legumes, maize, wheat, rice, and the remaining falling under the other
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cropping system, producing a total of 8 cropping systems. We did not distinguish

between rain-fed and irrigated systems.

Crop planting and harvesting dates from Sacks et al. (2010) were used as the reference
to establish the duration of the fallow period for each cropping system. We firstly
classified each of the obtained 45 cropping system layers as either a single or double
cropping. For single cropping systems, the duration of the fallow period in each grid
cell was calculated as the interval between the harvesting (H) and planting (P) dates of

the corresponding crop, as provided by Sacks et al. (2010) (Equation E3).

E3
P j—H P ;> H;

FDSL'J':{ L

Where FDs;; represents the duration of the fallow period for cropping system i in grid
cell j; Hij and P;;correspond to the harvesting date and planting date, respectively, for

crop i in grid cell j.

For double cropping systems, the duration of the fallow period was calculated as the
period without a crop actively growing within a calendar year. For each grid cell, the
planting and harvesting dates for both the initial and subsequent crops in the rotation
were identified. The duration of the fallow period for each double cropping system was

then calculated accordingly by equation E4, as shown below.

Pi2,j - Hil:j + 365 - Hiz:j + Pi1:j’ Pil,j < Hil,j,P‘ i < Hl

i2,] 2.J
FDs;; = Pi,;j—Hi ;+ Py j—H,; Pij<HjP,;>H,; E4
Py, j—Hyj+ Py j—Hi,j Py;>H P, <H;
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Where FDs;; represents the duration of the fallow period for double cropping system i

in grid cell j; H P, i, Hy,j, and P ; correspond to the harvesting date and

ilrj’
planting date for the first crop i; in cropping system i in grid cell j, harvesting date
and planting date for the second crop i, incropping systemiin grid cell j, respectively.

Lastly, the average duration of the fallow period for the eight cropping systems was

obtained by weighting the physical areas of the different cropping systems.

Crop-specific N application rates per unit of harvested area and total N inputs from
Adalibieke et al. (2023) were used to calculate the N application rates per unit of
physical area for the eight cropping systems in our study. Firstly, we re-organized the
abovementioned physical areas of the 45 cropping systems into 15 crop groups (without
accounting for differences in cropping frequency) out of 21 crops from Adalibieke et
al. (2023). To address the differences in the physical area reported by Waha et al. (2020)
and Adalibieke et al. (2023), missing N application rates for some specific physical
areas in 2000 were imputed from nationally averaged N application rates, with the sum
of N inputs for a crop and a country kept consistent as the original dataset (Adalibieke
et al., 2023). N application rates per physical hectare were calculated for the 45
cropping systems. For a single cropping system, it was set to be the N application rate
per harvested hectare of the corresponding crop, while for a double cropping system,
the rate was equal to the sum of N application rates per harvested hectare for the
corresponding first and second crops. Next, total N application inputs for the eight
cropping systems investigated at each grid were aggregated by summing the products

of the corresponding physical areas and N application rates from 45 cropping systems.
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Lastly, the N application rate per unit of physical area for each cropping system was
generated by dividing the total N input by the corresponding physical area. The
maximum N application rates were capped at 1,000 and 2,000 kg N ha™* for single and

double cropping systems to avoid extremes, respectively.

We conducted 100 simulations of global Rraow With the 100 sets of coefficients from
the tenfold cross-validation repeated ten times, and then obtained the global prediction
by averaging the predictions from the 100 simulations (Viscarra Rossel et al., 2019).
To calculate the weighted Rraiow for all cropping systems, we firstly calculated the
mediator y for each cropping system, and then averaged them based on their
corresponding areas to get the weighted y. Finally, we transformed the weighted y to
weighted Rraiow according to Equation E1. In this case, we prefer to weight y rather than
Rraiow, because y is more sensitive to small differences among cropping systems with
its infinite range. For the global prediction of Rraiow, their results are quite comparable
(Fig. S3) with almost the same mean values (mean + standard error of the mean:
44.65+0.23% and 44.03+0.24% for weighted Rraon-based and weighted y-based

methods respectively).

For the attribution of spatial variation in Raiow, the dominant driver was defined as the
factor with the largest absolute value of the partial correlation coefficient (par) in each
grid cell, where par between Rriow and predictors is done for 3.75<by-3.75°moving
windows (Beer etal., 2010; Cui etal., 2021; Peng et al., 2014). To identify the dominant

driver for all cropping systems, we multiplied the area percentage of each cropping



274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

system (i.e., the ratio of area for single rice to the area for all cropping systems) and the
par of each factor for that system. Then, the factor with the largest absolute value of par
across all cropping systems, was regarded as the most important variable determining

the variation of Rsalow.

3 Results and Discussion

3.1 Modelling performance and response functions

Soil pH, cropping system type, N application rate and fallow duration were identified
as the most important determinants of Rriow than the environmental factors (i.e., soil
sand and clay content, BD, SOC, MAP, MAT, FP and FT) included in our analysis (Fig.
1a, Fig. S4 and Table S7). The repeated tenfold cross-validation results indicate that
LME model, with the four most important factors as fixed effects and site as a random
effect, captured 63% of the observed variation in Rraiow (Fig. 1b). The combination of
the four key fixed effects, i.e., soil pH, cropping system, N application rate and fallow
duration, explained 41% of the observed variation in Riow. This means that the fixed
effect in the model developed explained more variation in Riow than the random effect
did (Supplementary Text 3). The slope between simulated and observed Rfaiiow is 0.73.
These results are comparable with those using all the observations for both training and
testing (Table S4). The representativeness analysis shows that the observations used for
model development covered the vast majority of global variations, with 76% of global
pixel values falling within the sampled range of at least 90% of all bands (Fig. S5).

Together, the results indicate that our model is effective and robust (Cui et al., 2021;
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Philibert et al., 2012). The corresponding means and standard errors of the model

coefficients are listed in Table S5.

Among the eight cropping systems included in our analysis, the results show that the
single rice system had the largest Rraow at 53+6% (mean + 95% confidence interval of
the mean), followed by double rice-rice (46+7%), single other crops (39+7%), legumes
(38+9%), wheat (37+5%), rice-upland (30+8%), upland-upland (21+8%), and single
maize cropping systems (16+5%) (Fig. 1c). Single-cropping systems generally showed
greater Rraow than double-cropping systems. Rice-dominated cropping systems (i.e.,

single rice and double rice-rice) exhibited larger Rraow than the other systems.

Cropping system type is an integrated indicator representing local management
practices and environmental conditions. Its influence can be largely attributed to factors
such as MAT, MAP, and fallow duration, which collectively captured 50-99% of the
variations observed for all cropping systems (Table S6). For instance, the single rice
system in temperate and subtropical climate areas had the longest fallow duration (223
days for single rice compared to 159 days for the remainder systems). The associated
moisture soil conditions after harvest drainage in this extended fallow period are
favourable for N2O emissions (Shang et al., 2020). In contrast, upland-upland and rice-
upland cropping systems, which have the shortest fallow durations (62 and 114 days on
average, respectively) and relatively lower soil moisture levels, which limits N2O

emissions during the fallow period.
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Sensitivity tests indicated that Rriow Was negatively correlated with soil pH (Fig. 1d)
but positively correlated with the fallow duration (Fig. 1f). Specifically, Raow in double
rice-rice, rice-upland, and wheat cropping systems responded more strongly to
variations in soil pH and fallow duration than other cropping systems, while the single
maize appeared at the lower end of all response curves (Fig. 1d and f). The results
indicate that Rrow for rice-related cropping systems was more sensitive to N
application rate than the other cropping systems, especially at N application rates <400
kg N ha® (Fig. 1€). This is probably because rice-related cropping systems had higher
initial Rraow (Without N fertilization) than other cropping systems, due to the moist soil
conditions during fallow period promoting N2O emissions. Fertilizer N additions
further increased growing-season N2O emissions, which contributed the most to annual
emissions, thereby reducing Rrow. Together, these results suggest that the
underestimation of cropland N2O emission inventory based on EF methodologies, due
to the omission of fallow-period N2O emissions, can be potentially exaggerated for rice-

related systems, especially at low levels of N fertilizer inputs.

3.2 Spatial pattern of Rrailow

It is estimated that global average value of Rraow (i.€., weighted by areas of global
cropping systems and expressed as a percentage) was 44.0%, with a 95% confidence
interval (CI) ranging from 14.5 to 74.6% (Table 1). The highest Raiow Was 56.6%
(28.3-81.1%) for single wheat cropping, followed by 52.3% (14.1-79.7%) for rice,

48.8% (27.0-71.6%) for legumes, and 44.9% (23.6-68.7%) for others, 34.6% (8.5—
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65.4%) for maize, 26.2% (1.3-61.5%) for double rice-rice, 12.4% (1.9-30.2%) for rice-
upland crops, and 10.5% (1.6-24.1%) for upland-upland crops (Table 1). The hotspots
of high Rraiow (>60%) estimated were concentrated in northern high-altitude areas, the
Amazon Plain, and Southeast Asia (e.g., Myanmar, Thailand and Laos), while low
Rraow (<13%) areas were mainly located in southern high-altitude areas (e.g., Southern
Africa, America and Australia), the North China Plain, Mexico and the Southwestern
U.S. The areas with high Rraiow Were dominated by single wheat or rice-related
cropping systems, those with low Rraow Were mostly covered by other upland crops

(Sacks et al., 2010; Waha et al., 2020).

We found high Rraiew Was concentrated in northern high-altitude areas. These areas
generally have lower soil pH and more areas of single cropping systems (e.g., wheat,
maize and other crops) (Fig. S6). Based on partial correlation of observations, lower
soil pH is significantly related to greater Rfaiow (r=-0.36, p<0.001, Table S7).
Additionally, pH was strongly and negatively related to simulated Rfaiow across all
cropping systems at global scale (Fig. S7), and was identified as the dominant driver of
simulated Rraiow OVer other factors in major high-altitude areas (Fig. 3). Single cropping
system in northern high-altitude areas generally have longer fallow period and greater

Rraiow than double cropping systems.

The results indicate that cropping systems showed distinctive spatial variations in Rfaliow
(Fig. 2b-1). The Rraiow estimated for double rice-upland and upland-upland crops (mean

=+ standard error of the mean: 12.4+0.2 and 10.5+0.1%, respectively) were only a
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quarter of the Rraow Observed for other cropping systems (46.440.3%), especially in
regions such as the North China Plain, Northeastern China, the Indus Plain, Turkey,
and Mexico. In contrast, Rraiow for single rice and wheat systems (52.3+0.3 and 56.6
+0.2%, respectively) were significantly greater than the average of all other systems
(39.8£0.3%), with hotspots mainly in regions with tropical and sub-tropical croplands
(e.g., Southeastern Asia and Amazon Plain) for single rice, and North high-altitude
areas for single wheat. The intrinsic variation in Rrow for these cropping systems can
also been found in the observations included in our dataset (Fig. 1c). Single legumes,
maize and other systems showed similar spatial variations in Rraiow as the area-weighted

averages of all systems (Fig. 2a).

3.3 Attribution of the spatial variation in Rfallow

Soil pH was identified as the most important driver of spatial variation in Rfaliow in 72%
of the total global cropping area (Fig. 3a). For all cropping systems other than single
rice, soil pH was the most important driver in most (>=59%) of their individual global
cropping area (Fig. 3b-i). These results likely reflect that low soil pH inhibit the activity
of N20 reductase in denitrification, and reduce the precursor concentration of N2O
formation (i.e., NH2.OH and NO) in nitrification, thereby stimulating N.O emissions
(Barton et al., 2013; Qin et al., 2014; Russenes et al., 2016; Wang et al., 2021).
Consistent with these findings, low soil pH values are associated with greater fallow-
period N2O emissions across the observations included in our dataset (Correlation

coefficient=-0.31, p<0.001), leading to the increasing Rraiow Values with decreasing soil
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pH. This is probably because lower temperature during the fallow period (e.g., winter
season) further inhibits the N2O reductase activity (Qin et al., 2014). Additionally,
lower pH levels are correlated with more precipitation in fallow periods in our dataset
(Correlation coefficient=-0.1, p<0.05). High precipitation rates may stimulate fallow-
period N2O emissions when low soil water content is the limiting factor for N.O
emissions especially in arid areas (Shang et al., 2020). Since about 50% of global arable
soils are acidic, liming has been suggested as a potential practice to increase crop yield
(Dai et al., 2017; Wang et al., 2021). In this case, soil liming can decrease the
contribution of fallow-period to whole-year N2O emissions in severely acidic area
(pH<5.5) concentrated in Eastern US, Northern Germany and Poland, Southern China,
and Southeastern Brazil (Wang et al., 2021), and hence influence the growing-season

to whole-year N2O correction factors for these areas.

Fallow duration was identified as the most important driver for Rraow in single rice
cropping systems and the second most important factor in most other single cropping
systems accounting for 20—34% of the variations in their cropping areas, especially in
North America, Northern South America, and Northern China (Fig. 3e-i). A longer
fallow period directly results in more N.O emissions during this fallow period,
confirmed by the positive relationships between duration and Rfaiow across our dataset
(Fig. 1f). Compared to double cropping systems, single cropping systems generally
have a longer and more variable fallow period that is constrained by local climates. For
example, single rice systems have a longer fallow period (1-2 months more) in

Northeastern compared to Southern China. These single rice systems in Southern China



400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

are usually transformed from double rice systems due to labour shortage (Han et al.,
2022), although the light, temperature and rainfall there are favourable for double rice
growth. In contrast, the double cropping systems, such as maize-wheat and rice-wheat
in Turkey, Northern and Eastern China, generally have a much shorter fallow period,
ranging from two to three months. This relatively short fallow period likely explains
the negligible effect of fallow duration on the spatial variation in Rsaiow for double

cropping systems (Fig. 3b-d).

The results indicate N application rate was the most important driver in 11-32% of
global cropping areas for both double cropping systems and single rice and maize
systems (Fig. 3). Rraiow estimated generally decreases with increased N application rates
(Fig. 1e). This is because fertilizer-induced N2O emissions mostly occurred during the
crop growing seasons when crops need intensive N fertilizer inputs, with limited
fertilizer N residues for NoO emissions during the fallow seasons. MAT was identified
as a key factor only in limited areas for double upland crops. However, it emerged as
the dominant driver for the variation weighted by cropping systems in Africa, South

America, and Southeast Asia.

3.4 Implications for updating N2O emission inventories

We converted N>O emissions during the growing season to cover the whole-year
emissions (Table 2), based on the estimated area-weighted Rraiow, the growing-season
dominated default EFs from the IPCC Tier 1 method and our high-resolution cropping-

system-specific N application rate developed in this study. Estimated global fertilizer
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N-induced cropland N2O emissions in 2000 substantially increased from 1.0 to 2.1 Tg
N, implying a global Rraow 0f ~53%. Emission hotspots were located in several
countries such as China, France, Germany, the U.S. and the U.K. (Fig. S8). Accordingly,
the EF more than doubled from 0.9% (based on IPCC Tierl defaults of 0.4% for paddy
rice and 1.0% for upland crops) to 1.9% (0.6% for paddy rice and 2.1% for upland
crops). High adjusted EFs (i.e., >2%) were concentrated in regions like Brazil, Middle
Africa, Southeast Asia and high-altitude regions in Europe (Fig. 4a). The adjusted
global EF is more than twice as large as those from EF-based models based on growing-
season N2O observations (Table 2), and is consistent with results from an ensemble of
process-based models (1.8, 1.2-2.3%, Tian et al., 2020) and a recent top-down
inversion model (2.3%, Thompson et al., 2019). The process-based models considered
the legacy effect from historical soil N accumulation (Tian et al., 2019, 2020), which is
the main source of N2O emissions during the fallow period without fertilization. Since
the inversion model estimates EFs based on observed changes in atmospheric N2>O
concentrations, it accounts for both direct and indirect emissions. Indirect emissions
were not included in our study but account for about one-third of total cropland N2O
emissions (Harris et al., 2022). Comparing our findings with the IPCC Tierl defaults,
significant increases in EFs were found in Russia, Myanmar and some areas dominated
with acidic soils and single cropping systems (e.g., wheat and maize) (Fig. 4b), while
the increase was trivial in East India and Pakistan, probably due to the vast expansion
of double cropping systems (e.g., rice-upland crops and upland-upland crops) with

shorter fallow durations (Sacks et al., 2010; Waha et al., 2020), alongside the
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prevalence of alkaline soils in Pakistan. The consistency between the estimates of our
corrected EF-based model and other independent models strongly suggests that most of
the discrepancies between the models were caused by the omission of fallow-period
N20 emissions. Our findings are also in alignment with previous findings that the global
EF for cropland N2O emissions is significantly higher than the IPCC default (Thompson
et al., 2019; Tian et al., 2020). Thus, to improve estimates of N2O inventories, we
suggest that fallow-period N2O emissions should be included in the EF-based models.
For the datasets reporting growing-season N>O emissions only, without considering
fallow-period emissions, they should not be further considered in the calculation of

IPCC N2O EFs. IPCC should update the relevant EFs.

3.5 Limitations and future perspective

Although our approach considers the influences of various important factors, some
limitations should be noted. First, to improve our estimation for various cropping
systems (e.g., double rice-rice, single rice, and single wheat systems), more field
measurements of fallow-period N2O emissions are needed for double rice-upland crops,
upland-upland crops, and single legume systems. About 81% of the observations are
based on averaged or intensified sampling intervals of no more than 7 days during
fallow period (Supplementary Text 2), however, future field studies should ensure
frequent fallow-period measurements especially during N2>O peak-flux periods (e.g.,
spring thawing and tillage) to improve data reliability. Second, site-specific microscale

variables were less recorded and their effects on local N2O emissions were not fully
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quantified due to limited understanding of the mechanisms of microbial N2O
productions (Cui et al., 2021; Kravchenko et al., 2017). These can lead to some
uncertainties in the global simulation, however, the fixed effect in the model developed
explained more variation in Rraiow than the random effect (represented by site identity)
did. Other uncertainties come from recently introduced or highly-localized practices in
fallow periods, such as winter cover cropping, tillage and continuous flooding for water
storage in hilly rice paddies. Although tillage showed an insignificant impact on
growing-season or whole-year N2O emissions based on meta-analyses (van Kessel et
al., 2013; Shang et al., 2021), it can increase fallow-period N2O emissions due to the
favourable soil aeration and water content for N2O productions in field experiments
(Mosier et al., 2006; Zhang et al., 2016). Similarly, the return of crop residue or green
manure can increase fallow-period N2O emissions in the fields through providing more
C and N substrates for nitrification and denitrification processes (Liu et al., 2015; Li et
al., 2021). As indicated in the field studies above, fallow tillage and return of crop
residue or green manure generally have a more positive impact on fallow-period over
growing-season N2O emissions, and hence increase the value of Rraiow. However, these
effects may vary with time (e.g., beginning or end of fallow period) and type of practice
(e.g., straw mulching or incorporation, and residue composition), which needs more
information and deserves further investigation. Constrained by the availability of crop-
specific spatial data, the global Rrow Was estimated using the spatial distribution of
cropping systems in 2000. Some single cropping systems have evolved to double

cropping systems and vice versa over the last 20 years (Han et al., 2022), which might
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slightly affect the contribution of fallow period emission in recent years. However, our
model is not restricted to specific years and sites, and it can be applied universally based
on essential factors such as soil properties and management practices, regardless of time

and space.

N20 emissions in fallow period have been ignored when calculating the whole-year
emissions for decades, even though this will lead to the underestimation of N.O
emission inventories. One major objective of our study was to understand the degree to
which cropland N2O emissions have been underestimated in the EF-based models.
Here we demonstrate that the inclusion of fallow-period N2O emissions is crucial for
compiling accurate cropland whole-year N2O emission inventories. In particular, single
wheat and other single cropping systems dominate most global fallow emissions,
contributing up to 89% of their whole-year emissions. Overall, our estimates of the
global average EF more than doubled from 0.9 to 1.9% when the emissions during the
fallow periods were considered, with variations in Rriow mainly driven by soil pH and
management practices (i.e., cropping system type, N fertilizer application rate, and
fallow duration). Current EF-based models systemically underestimate N2O fluxes
without the corresponding adjustment for the fallow period. Additionally, process-
based models are barely capable of calibrating and validating against the measurements
of fallow-period N>O emissions, due to the limitation of available fallow emission
measurements. Hence, a sharing platform of global fallow-period N>.O emission
measurements is needed to gather more comprehensive data on fallow-period N2O

emissions. Further research is required to check if historical trends and future
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projections of national cropland N2O emissions would be impacted by the inclusion of
fallow period. Additionally, research on potential mitigation practices specific to
reducing N2O emissions during fallow periods is needed, especially for single or rice-
related cropping systems. Overall, our study extends our understanding of the
contribution of fallow-period N2O emissions — the global magnitude, spatial variation,
and their environmental and anthropogenic drivers. We hope our approach can be used
to improve future N2O inventories and to inform mitigation efforts to reduce cropland

N2O emissions.
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Fig. 1 Relative importance of selected variables (a), model performance (b) and
the sensitivity of variable (e-f) for Rranow. The four most important variables (i.e., soil
pH, cropping system type, N application rate and fallow duration) were identified by
partial correlation and generalized boosted regression mode, and selected in the mixed-
effect model based on model AIC. The model was evaluated by R? of fixed effect (R%),
R? of mixed effect (R?n) and root mean square error (RMSE) based on a repeated
tenfold cross-validation. The mean and error bar of 95% confidence interval were
generated by bootstrapping resampling. The shade of sensitivity curve represents one

standard error. Color indicates cropping system type for a whole year.
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Fig. 2 Global patterns of Rraiow. (a) ratios weighted by areas of different cropping
systems, including the double (rice-rice (b), rice-upland crops (c) and upland-upland
crops (d)) and single (legumes (e), maize (f), others (g), rice (h) and wheat (i)). Ratios
were predicted with a linear mixed-effect model. Values are shown only where the
proportion of harvested area within the grid cell is greater than 0.5%. Map lines

delineate study areas and do not necessarily depict accepted national boundaries.
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Fig. 3 Distribution of dominant drivers regulating variation in Rraiow. (2) ratios
weighted by areas of different cropping systems, including the double (rice-rice (b),
rice-upland crops (c) and upland-upland crops (d)) and single (legumes (e), maize (f),
others (g), rice (h) and wheat (i)). The dominant driver is defined as the factor with the
largest absolute value of the partial correlation coefficient (par) in each grid cell, where
par between Rrow and predictors is done for 3.75<by-3.75< moving windows.

Significant correlations (p<0.05) are shown. Values are shown only where the
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proportion of harvested area within the grid cell is greater than 0.5%. The inset pie plots
represent the ratio (%) of harvested areas for which Raiow variation is regulated by the
dominant drivers. MAP: mean annual precipitation; MAT: mean annual temperature;
Nrate: N application rate. Map lines delineate study areas and do not necessarily depict

accepted national boundaries.
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Fig. 4 Spatial variation of cropland N20 EF estimated in this study (a) and based
on IPCC tier 1 EF defaults (b). The Rraiow used was the area-weighted of all cropping

systems. Map lines delineate study areas and do not necessarily depict accepted national

boundaries.



769  Table 1 Mean and 95% confidence interval (Cl) for the stimulated Rfaiow by

770  cropping system.

Category Cropping system Mean (%) 95% CI (%)
Wheat 56.5 28.3-81.1
Rice 52.3 14.1-79.7
Single Legumes 48.8 27.0-71.6
Others 44.9 23.6-68.7
Maize 34.6 8.5-65.4
Rice-rice 26.2 1.3-61.5
Double Rice-upland crops 12.4 1.9-30.2
Upland-upland crops 10.5 1.6-24.1
Global 44.0 14.5-74.6
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Table 2 Cropland fertilizer-induced N20 emissions and emission factor from main

approaches.
Methodology Year Emission (Tg N) EF(%) Citation
This study 2000 2.1 1.9 This study
Emission factor-based model 2000 1.0-14 0.9-1.0
FAO? 2000 1.3 0.9 FAOSTAT, 2022
EDGAR? 2000 15 0.9 Crippaetal., 2021
GAINS? 2000 1.4 0.9 Winiwarter et al., 2018
SRNM 2000 1.1 1.0 Wang et al., 2020
LME 2000 1.0 0.9 Cuietal, 2021
Process-based model ensemble 2000s 2(1.3-34)° 1.8(1.2-2.3) Tianetal., 2020
Atmospheric inversion® 1998-2016 - 2.330.6 Thompson et al., 2019

aFAOSTAT and GAINS were normalized by removing the contribution from synthetic fertilizers applied

to pasture; the EDGAR version 4.3.2 by excluding the contributions from synthetic fertilizers applied to

pasture and soil mineralization.

®The emission from the ensemble of process-based models includes cropland and pasture N,O emissions.

¢The inversion model includes direct and indirect NoO emissions.
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Figure Legends

Fig. 1 Relative importance of selected variables (a), model performance (b) and
the sensitivity of variable (e-f) for Rranow. The four most important variables (i.e., soil
pH, cropping system type, N application rate and fallow duration) were identified by
partial correlation and generalized boosted regression mode, and selected in the mixed-
effect model based on model AIC. The model was evaluated by R? of fixed effect (R%),
R? of mixed effect (R?n) and root mean square error (RMSE) based on a repeated
tenfold cross-validation. The mean and error bar of 95% confidence interval were
generated by bootstrapping resampling. The shade of sensitivity curve represents one
standard error. Color indicates cropping system type for a whole year.

Fig. 2 Global patterns of Rraiow. () ratios weighted by areas of different cropping
systems, including the double (rice-rice (b), rice-upland crops (c) and upland-upland
crops (d)) and single (legumes (e), maize (f), others (g), rice (h) and wheat (i)). Ratios
were predicted with a linear mixed-effect model. Values are shown only where the
proportion of harvested area within the grid cell is greater than 0.5%. Map lines
delineate study areas and do not necessarily depict accepted national boundaries.

Fig. 3 Distribution of dominant drivers regulating variation in Rfaiow. (2) ratios
weighted by areas of different cropping systems, including the double (rice-rice (b),
rice-upland crops (c) and upland-upland crops (d)) and single (legumes (e), maize (f),
others (g), rice (h) and wheat (i)). The dominant driver is defined as the factor with the
largest absolute value of the partial correlation coefficient (par) in each grid cell, where
par between Rraow and predictors is done for 3.75<by-3.75< moving windows.
Significant correlations (p<0.05) are shown. Values are shown only where the
proportion of harvested area within the grid cell is greater than 0.5%. The inset pie plots
represent the ratio (%) of harvested areas for which Raiow variation is regulated by the
dominant drivers. MAP: mean annual precipitation; MAT: mean annual temperature;
Nrate: N application rate. Map lines delineate study areas and do not necessarily depict
accepted national boundaries.

Fig. 4 Spatial variation of cropland N20O EF estimated in this study (a) and based
on IPCC tier 1 EF defaults (b). The Rraiow used was the area-weighted of all cropping
systems. Map lines delineate study areas and do not necessarily depict accepted national
boundaries.



