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Jinyang Wang,9,10 Wen Zhang,6 Lijun Yu,6 Shihua Li,1 Xinqing Lu,1 Tingting Li,2,3,4,11,* and Zhangcai Qin1,3,4

SUMMARY

Rice cultivation constitutes a significant anthropogenic methane (CH4) source and a crucial target for CH4

mitigation. However, global and regional emissions remain poorly constrained. In this study, we validated
a global-process-based methane model for rice paddies (CH4MOD), analyzed the sensitivity of major
emission drivers, and simulated management scenarios involving four water regimes and three organic
matter amendments. CH4MOD simulations achieved a correlation coefficient of 0.76 across 986 CH4

flux observations globally, demonstrating its capability under different environmental conditions and
management practices. The sensitivity analysis revealed water regime as the primary driver, followed
by organicmatter amendment and temperature. Under different cropmanagement, CH4 emissions varied
significantly from 8 to 78 Tg CH4/yr. This wide range of emissions demonstrates the need to use and
improve rice-specific emission models and spatiotemporal data on rice distribution, water, and residue
management for accurately assessing local to global emissions and their climate mitigation potential.

INTRODUCTION

Methane (CH4) ranks second to carbon dioxide in contributing to global warming, accounting for 25% of the total impact.1 Rapid reduction in

CH4 emissions could provide the most effective strategy to mitigate near-term global warming, according to the Global Methane Pledge

signed at the 26th meeting of the Conference of the Parties of the UN Framework Convention on Climate Change.2,3 Agriculture represents

the leading anthropogenic CH4 source, contributing 44% to the global anthropogenic CH4 emissions,4 and rice fields constitute the most

important agricultural source.5 Global CH4 emissions originating from rice fields over the 2000–2009 period were revised from 36 (33–40)

Tg CH4/yr in the Fifth Assessment Report (AR5)6 of the Intergovernmental Panel on Climate Change (IPCC) to 29 (25–37) Tg CH4/yr in the

AR67 document.8

CH4 emissions originating from rice fields can be estimated using field measurements, emission factors, atmospheric inversions, data-

driven methods, and process-based models.9–11,34 Field measurement is a robust approach, but measurements are costly, time-consuming,

and difficult to perform at large spatial scales.12,13 Owing to its simplicity, the emission factor method recommended in IPCC Guidelines is

widely used worldwide.5,9,14 However, the accuracy is low given that emission factors generally represent mean values for large regions with

divergent environmental conditions and management practices.18 Atmospheric inversion methods for quantifying CH4 emissions based on

transport models and atmospheric CH4 concentration observations15 are attractive because they rely on observed atmospheric CH4 concen-

trations to constrain estimates, but the limited availability of atmospheric observations, the poor performance of transport models in the tro-

pics16 as well as the uncertainties in prior inventories17 restrict these estimates, especially for sector sources. Data-driven methods, such as

machine learning and statistical models, can identify patterns and make predictions based on large datasets. These methods are particularly

useful for regions with limited process-basedmodel inputs or abundant empirical data.18 However, they are also limited by the availability and

frequency of data and lack the ability to provide mechanistic explanations.
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Figure 1. Comparison of the modeled and observed seasonal patterns of CH4 emissions for single-rice cultivation

Water regime = F: (A) Bangladesh_2017,74 (B) Vietnam_2013,75 (C) India_2017–2018,76 (D) Italy_2009,77 (E) Indonesia_1994,78 (F) Brazil_2002,79

(G) Thailand_1992,80 (H) USA_1992,81 (I) South Korea_2008,82 (J) India_1993,83 (K) India_2011,84 (L) India_199585; water regime = FDF: (M) India_2017,76 (N)
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Most of the aforementioned approaches cannot fully account for the environmental and agricultural controls on rice paddy CH4 emissions,

such as temperature,19 soil properties,20,21 water management practice,22–24 organic matter (OM) amendment,25,74 and rice varieties,26,27 or

simulate potential CH4 emissions under different climate conditions and management policies. Process-based models capture the mecha-

nisms of CH4 production, oxidation, and emission in rice paddies, incorporating the combined effects of the above controlling factors, which

could be a promising approach for highly accurate regional-scale simulations. Furthermore, process-based models can consider climate fac-

tors and their evolution over time, rendering them themost comprehensive approach for assessing the potential for CH4mitigation in the rice

sector. However, complete validation is an essential precondition for global application and mitigation prediction.

Current process-based models include the physical geochemical model DeNitrification-DeComposition (DNDC),28 the ecosystemmodel

DayCent,29 the Dynamic Land Ecosystem Model (DLEM),30 and the rice paddy CH4 emission model CH4MOD.13 Studies based on these

models have focused on simulating CH4 emissions originating from rice fields at regional scales, but limited validation may induce uncer-

tainties when applied to global rice paddies with divergent agricultural management practices.31–35 Moreover, non-continuous flooding

and straw removal strategies are regarded as effective and low-cost mitigation strategies.8,57 It is vital to evaluate the mitigation potential

by adjusting combined management practices through a well-performing process-based model.

The CH4MOD model13 exhibits the advantages of simple inputs and full consideration of primary human management. The model has

been validated for CH4 emissions originating from continuously flooded rice paddies across China, Italy, Indonesia, the Philippines, and

the United States.13 Furthermore, after incorporating a water regime module, this model has been comprehensively validated in China.33

This study aimed to (1) incorporate different watermanagement types and refine the parameterization of rice varieties in the CH4MODmodel

on a global scale and evaluate its performance in simulating CH4 emissions stemming from rice fields in different agro-climatic zones with

divergent management practices and (2) use it to conduct a scenario-basedmodeling experiment to estimate the impact of two primary con-

trolling factors, e.g., the water regime andOM amendment. The goal was to better understand the significance and obtain insights for devel-

oping global strategies to mitigate CH4 emissions stemming from rice paddies.

RESULTS
Global validation

Validation of the seasonal CH4 variations

A comparison between the modeled and observed seasonal variations at single-rice cropping observations is shown in Figure 1. At the ob-

servations with continuous flooding (F), the CH4MOD model exhibited a unimodal pattern (Figures 1A–1L), in which the peaks were deter-

mined by themaximumbiomass, highest temperature, and time of OM amendment. The peak corresponds to the plant growth peak without

OM amendment (Figure 1A). OM amendment during the transplanting period advanced to the peak (Figures 1G–1I). The model also

captured seasonal variations at the observations with different drainage practices (Figures 1M–1W), indicating its ability to describe the con-

trol of the water regime on CH4 emissions. For example, it captured the bimodal patterns at FDF observations (Figures 1M and 1N). It also

captured the low CH4 emissions due to intermittent irrigation at the late growing stage (FDFM, Figure 1P; FM, Figures 1Q and 1R; FDM,

Figure 1. Continued

South Korea_2008,86 (O) Japan_201025; water regime = FDFM: (P) China_201487; water regime = FM: (Q) China_2008,88 (R) China_201189; water regime = FDM: (S)

China_2004,90 (T) China_2006,91 (U) Cambodia_201192; water regime = M: (V) Japan_2003,93 (W) India_201694; water regime = RFW: (X) Indonesia_199595.

Figure 2. Comparison of the modeled and observed seasonal patterns of CH4 fluxes for double-rice cultivation and triple-rice cultivation

Double-rice cultivation: (A) Philippines_1996,96 (B)Vietnam_2017,62 (C) China_2014,97 (D) Indonesia_1995,98 (E) China_2007.99 Triple-rice cultivation: (F)

Vietnam_2015.100
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Figures 1S–1U) and during the whole growing season (M, Figures 1V and 1W). Overall, the CH4MODmodel could generally capture the sea-

sonal patterns of CH4 emissions under different climatic conditions and soil environments with varying agricultural management practices

under single-rice cultivation, except for some overestimation at Indian sites (Figures 1J–1l).

Figure 2 shows a comparison of the modeled and observed seasonal variations for double-/triple-cropped rice. With a gap of 1 to 2 months

between the two seasons, double-cropped rice exhibited more similar behavior to that observed for two independent single-cropped rice sea-

sons. Flooding and drainage controlled the peaks andminimum values, respectively. Themodel accurately simulated two peaks corresponding

to ricematurity at continuous flooding observations (Figures 2A and 2D). The model also performedwell in capturing the four peaks (Figures 2B

and 2C) and three peaks (Figure 2E) due to mid-season drainage. Rice residue of the first season may enhance the peak value of the second

season, e.g., Figures 2B and 2E, which themodel could capture well. In Figure 2C, the first-seasonpeak is higher because noOM is added during

the second season. Overall, the CH4MODmodel performed well in simulating the seasonal CH4 variations in both double- and triple-rice fields.

Validation of the seasonal total CH4 emissions

Globally, the observed seasonal emissions ranged from 1.01 to 177.18 g m�2, with an average value of 23.32 g m�2. Consistent with the ob-

servations, the model simulations yielded an average value of 25.4 g m�2, with a range from 1.58 to 155.16 g m�2. The regression of the

modeled values against the observed seasonal total emissions (Figure 3A) yielded an R2 value of 0.78, with a slope of 0.85 and an intercept

of 5.57 (n = 986, p < 0.001). The RMSE, MAE, and EF values were 11.64, 7.85, and 0.78, respectively (Table 1). The EF value indicated that the

model performs excellently globally.

Regression analysis indicated that the model performed well in simulating the total seasonal CH4 emissions at observations inside

(Figure 3B) and outside Asia (Figure 3C). The correlation coefficients were 0.77 and 0.76, respectively, with slopes of 0.81 and 0.97, respectively

(Figures 3B and 3C, respectively). The statistical analysis results revealed better model performance at Asian observations than outside Asia,

with lower RMSE and MAE and higher EF values (Table 1). Among the Asian observations, the model performance was good in China and

India (EF = 0.71 and 0.63, respectively) and excellent in the other Asian countries (Table 1). The Chinese locations exhibited a correlation co-

efficient of 0.72 and a slope of 0.77 (Figure 3D). In India, the regression of the modeled values against the observed seasonal total emissions

(Figure 3E) yielded an R2 value of 0.68, with a slope of 0.93 and an intercept of 3.77 (n = 192, p < 0.001). Moreover, the regression was

Figure 3. Comparison of the observed and modeled seasonal total CH4 fluxes

(A) Global, (B) Asia, (C) continents other than Asia, (D) China, (E) India, (F) other Asian countries except China and India. The red solid lines are the regression lines

indicating the relationship between observed and modeled seasonal total CH4 fluxes. The F-test was used to test whether the regression model was statistically

significant overall. N is the total number of observations in the region.
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characterized by the lowest RMSE andMAE values, at 8.99 and 5.63, respectively (Table 1). The highest R2 and EF values of the simulations, at

0.82, were observed in the other Asian countries (Table 1).

Sensitivity analysis

Human activities significantly influence CH4 emissions from rice paddies. CH4 flux was most sensitive to irrigation practices (IRRI), followed by

organic matter input (OM). Globally, CF led to a 56% increase in CH4 emissions, whereas FDF resulted in a 25% increase in emissions (Figure

4A). Conversely, multiple drainages could reduce CH4 emissions by 30% under FDFM, followed by FM (37%), FDM, and M (approximately

60%). At the Chinese sites, due to the more commonly used water regimes, such as FDFM and FDM, CF and FDF resulted in higher CH4 var-

iations, increasing by 76% and 48%, respectively, whereas FDFM decreased CH4 emissions by only 7% (Figure 4B). In India, where multiple

intermittent drying events are common, CF led to a significant increase in emissions of up to 114% (Figure 4C). Regarding OM input, an in-

crease of 50 g/m2 (equivalent to a 9% increase in straw retention at the current global average yield of 460 g/m2) corresponded to a 16%

increase in CH4 emissions originating from rice fields. Increases of 100 and 200 g/m2 in OM led to CH4 emission increases of 29% and

55%, respectively (Figure 4A). The lower impact of OM reduction could be attributed to the convention of treating negative OM values as

zero. The impact of OM percentage changes in China was greater than that in India due to the higher baseline. When OM was increased

Table 1. Model performance with site observations in different regions

Global Asia Othera China India Other Asiab

RMSE 11.64 10.80 17.76 11.29 8.99 11.23

MAE 7.85 7.26 13.42 8.10 5.63 7.55

R2 0.76 0.77 0.76 0.72 0.68 0.82

EF 0.78 0.81 0.52 0.71 0.63 0.82

RMSE, Root-mean-square error; MAE, Mean absolute error; R2, Model coefficient of determination; EF, Model efficiency.
aOther continents except Asia.
bOther Asian countries except China and India.

Figure 4. Sensitivity of the CH4 emissions to the model inputs

(A) Global, (B) China, (C) India. For MD, the average values of FDFM, FDM, FM, and M are considered, with the gray bars denoting the maximum and minimum

values.
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by 20%, the CH4 emissions increased by 9% (Figure 4B). In contrast, there was lessOM amendment in India, and a 20% increase inOM resulted

in only a 4% increase in CH4 emissions.

Environmental factors, such as temperature and soil properties, also play a crucial role in determining CH4 emissions from rice fields. An

increase of 10%or 20% in T could result in the CH4 fluxes increasing by 23% and 45%, respectively, with a slightly lower sensitivity to a decrease

in T. Within the actual range of T variation, a fluctuation of 2�C corresponded to a CH4 emission change of 16% (Figure 4A). In addition, a 20%

change in the global SAND andGY values led to CH4 emission variations of 13% and 11%, respectively. However, the higher baseline of SAND

in India caused higher sensitivity (Figure 4C).

Scenario-based global rice CH4 emissions

The global simulations indicated that the annual mean global rice CH4 emissions varied between 8 and 78 Tg CH4/yr under the 12 scenarios,

with an average of 45 Tg CH4/yr (Figure 5A). Spatially, Asian countries, including China (9.10 Tg CH4/yr), India (11.84 Tg CH4/yr), Thailand

(3.69 Tg CH4/yr), Bangladesh (3.2 Tg CH4/yr), Vietnam (2.6 Tg CH4/yr), and Indonesia (3.11 Tg CH4/yr), collectively contributed 74.57% to

the global emissions (Figure 5B). The emission hotspots were predominantly located in southeastern China, the Indian Ganges Plain and

southeastern areas, southern Myanmar, Bangladesh, Thailand, and Java Island (Indonesia).

The wide range indicated that the global CH4 emissions highly depended on the OM amendments and water regimes, but emission hot-

spots are still primarily determined by cultivation area. The three highest global emissions resulted from RF50_CF (78 Tg CH4/yr), RF50_SD

(70 Tg CH4/yr), and RF30_CF (69 Tg CH4/yr). RF0 combined with RATIO, SD, and MD resulted in the lowest global emissions, at 22, 21, and 8

Tg CH4/yr, respectively. Under the same straw retention rate, CH4 emissions were highest under the CF regime and 2.2–5 times lower under

theMD regime. Globally, the average CV between the scenarios was 46%, ranging from 31% to 72% (Figure 5C). The greatest range occurred

in Japan (61%), followed by China (53%), Bangladesh (53%), and India (49%).

The spatial distributions of the differences in CH4 emissions normalized by the average values among the 12 scenarios are shown in Fig-

ures 6 and 7. The differences varied with respect to straw retention fraction changes (Figure 6). The difference between RF0 and RF30 was

disproportionately greater than that between RF50 and RF30 under the same water regimes, even exceeding a factor of two. On a global

Figure 5. Scenario-based global rice CH4 emissions simulations

(A) Boxplots comparing the global total CH4 emissions for the 12 scenarios and comparison with other studies. The five solid lines of the boxplot correspond to

the maximum, upper quartile, median, lower quartile, and minimum (from top to bottom).

(B) Spatial distribution of the annual mean CH4 emissions from 2008 to 2017 for the average of the 12 scenarios.

(C) Spatial distribution of the coefficient of variations, which was introduced to evaluate the discrepancies between different scenarios.

ll
OPEN ACCESS

6 iScience 27, 111237, November 15, 2024

iScience
Article



scale, the CH4 emissions decreased by 57%, 74%, 56%, and 40% when RF30 was changed to RF0 under CF (Figure 6B), SD (Figure 6D), RATIO

(Figure 6F), andMD (Figure 6H), respectively.WhenRF50was changed to RF30, theCH4 emissions decreased by only 18%, 18%, 16%, and 12%

under CF (Figure 6A), SD (Figure 6C), RATIO (Figure 6E), and MD (Figure 6G), respectively. On a global scale, the differences in China and

India were slightly greater than those in the other regions, especially between RF30_SD and RF0_SD, with a difference of approximately 88%.

The differences also varied between water regime changes under the same straw retention conditions (Figure 7). The CH4 emissions

decreased by changing CF to SD, with a maximum reduction of 42% under RF0 (Figure 7A), followed by 25% under RF30 (Figure 7B) and

RF50 (Figure 7C). The differences between SD and RATIO exhibited varying spatial distributions globally (Figures 7D–7F). The CH4 emissions

under the RF0_SD scenario were higher than those under the RF0_RATIO scenario in China, Bangladesh, and northern Japan, but the oppo-

site was true in the other regions (Figure 7D). However, when exogenousOMwas added, SD resulted in higher emissions than RATIOglobally,

Figure 6. Spatial distribution of the differences in the global rice field CH4 emissions under varying straw retention rates with the same water regime

The differences are normalized by the average of the 12 scenarios.
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except in Vietnam (Figures 7E and 7F). This was primarily due to Vietnam encompassing all flooding conditions under RATIO, whereas China,

Japan, and Bangladesh now mainly employed MD. Therefore, the difference between RATIO and MD was smaller in China, Japan, and

Bangladesh but larger in Vietnam (Figures 7G–7I). Under RF0, the average relative difference between RATIO and MD was 35% (Figure 7G),

whereas under RF30 and RF50, it was 50% and 54%, respectively (Figures 7H and 7I).

DISCUSSION

The global simulations in this study indicated that the annual mean global rice CH4 emissions vary between 8 and 78 Tg CH4/yr under the

12 management scenarios, with an average of 45 Tg CH4/yr (Figure 5A). The use of different input data within the same simulation method

resulted in variations in methane emissions across management scenarios, underscoring the importance of the water regime and organic fer-

tilizer application for global CH4 emissions in rice paddies. The results also revealed the emission reduction potential of the different man-

agement approaches. Non-continuous flooding and straw removal strategies are effective mitigation strategies, as previously reported.8,36,57

Current research on these mitigation strategies focuses on a single measure53,59 or is conducted at the site or small regional scale.37,60

Our simulations showed that the emission reduction effectiveness varies among the different management combinations and regions (Fig-

ures 6 and 7), demonstrating the necessity of comprehensive estimates by considering combined strategies at the national or global scale.

Recent reduction strategies have also included improving rice varieties38,39 and applying biochar.40 However, these strategies necessitate

improved quantifications and reduced costs.41–43

Moreover, emission reduction must be considered comprehensively, accounting for food security, ecological sustainability, and regional

characteristics. Under the MD scenario, the CH4 emissions were the lowest, demonstrating the greatest potential for emission reduction

through changes in the water regime. However, MD requires comprehensive consideration of the optimal timing and duration of mid-season

drainage tomaintain rice production. Previous studies have suggested that straw removal can reduce CH4 emissions, which is consistent with

our simulations (Figure 6). However, this approach may hinder the increase in soil fertility and rice yield.60,61 Future research should compre-

hensively consider soil organic carbon, rice yield, and CH4 emissions to determine the optimal balance for food security and climate

mitigation.

Current global estimates of CH4 emissions stemming from rice paddies aremainly based on ground and satellite inversionmethods. These

include GOAST inversion estimate of 43 Tg CH4/yr (2010–2017),
44 the Tier 1 method of the IPCC guidelines, e.g., EDGAR estimate of 37 Tg

CH4/yr (2007–2018),
45 FAO estimate of 24 Tg CH4/yr (2007–2018),

46 Global Methane Budget (2007–2018) estimate of 30 Tg CH4/yr,
4 and

Figure 7. Spatial distribution of the differences in the global rice field CH4 emissions under varying water regimes with the same straw retention rates

The differences are normalized by the average of the 12 scenarios.
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statistical model estimate of 27 Tg CH4/yr (2007–2018),
8 and the results fall within the range of the 12 scenarios analyzed in this study (Fig-

ure 5A). The process-based model approach of our study provides the unique capacity to attribute fluxes to actual driving processes,

including climate change andmanagement, while allowing us to estimate the potential for emission reduction. However, sufficient validations

under different climate and soil conditions as well as management practices are indispensable for regional and global applications. Process-

based models that can simulate CH4 emissions stemming from rice paddies include DNDC,28 DLEM,30 and CH4MOD. DNDC and DLEM are

comprehensive biogeochemical models, which describe carbon and nitrogen dynamics in croplands and focus on CO2, CH4, andN2O green-

house gases emissions. Therefore, the complicated processes require more inputs and complex parameterizations when extrapolating to a

large scale. For example, ammonium, nitrate, urea, and anhydrous ammonia and their depth of application are needed as the inputs in the

DNDCmodel,28 which are hard to obtain on a global scale. TheCH4MODmodel, with its simplified processes, only focuses onCH4 emissions,

requiring fewer parameters, which is advantageous for both site-specific validation and CH4 estimation on a global scale.33 In this study, a

large and comprehensive database of observations encompassing all major areas of rice paddies in the world was compiled, and global vali-

dation of the CH4MOD model was performed. The results indicated its effectiveness in simulating CH4 emissions in rice paddies under

various climate, soil, and agricultural management conditions.

Although our process-based model approach offers unique insights into the driving mechanisms of CH4 emissions, acknowledging and

addressing these uncertainties is essential for improving the accuracy and applicability of global rice fieldCH4 emission estimates. Someother

aspects can be improved for both modeling and global application. Regarding CH4MODmodel, one of the advantages is its simplified pro-

cesses and fewer required parameters, but this also introduces some limitations. It simplifies the rice growth process with yield data as input

and does not simulate net primary productivity (NPP), which can introduce uncertainties if future yield data are unavailable or unreliable. For

example, field experiments show significant impacts of rice varieties and rainfed conditions on methane emissions.47,48 However, due to the

diversity of rice varieties and complex rainfall patterns, the model currently uses default values for parameters related to rice varieties (such as

VI and r) and Eh under rainfed conditions. More experimental data are needed to compare the methane emission potential of different rice

varieties and dynamically measure Eh under rainfall conditions. Additionally, nitrogen fertilization affects the activity of methanogens and

methanotrophs, soil organic matter, and redox potential.49 The impact of nitrogen fertilization on methane emissions remains controversial

due to varying soil conditions, microbial community responses, and environmental factors.50 The amount, timing, and type of nitrogen fer-

tilizer all significantly influence methane emissions.51–53 Given these complexities and the current lack of specific nitrogen fertilizer data,

CH4MOD does not currently account for nitrogen fertilizer effects but could be improved in the future.

To assess ‘‘real-world’’ rather than scenario-based CH4 emissions, the areal change and global spatial distribution of rice, agricultural man-

agement, and region-specific validation should be explicitly examined. Significant changes, such as the rapid expansion of rice areas in some

African countries54 and changes in the spatial pattern of rice planting areas in China,55 could affect regional simulation. Changes in crop rota-

tion practices,56 water management methods,57–59 and straw incorporation rates60,61 can also significantly impact methane emissions. For

instance, over the past few decades, multiple cropping has developed rapidly in China, but since the year 2000, the increase of cash crops

led to reduced rice rotation intensity, e.g., from triple- to double-cropping or fromdouble- to single-cropping in some areas.55 Globally, there

is a growing emphasis on water-saving irrigation and maximizing straw utilization.25,62 However, these practices are often not well docu-

mented, adding to the uncertainty of global and regional estimation. Moreover, high-quality observational data from regions like Africa

and India are particularly limited but desired.More robust data collection efforts in these regions are necessary to improve regionalmodeling

feasibility.

Limitations of this study

Despite great efforts for global model validation, there is still room for further improvement in terms of mechanistic understanding (e.g., car-

bon-nitrogen dynamics), regional representativeness (e.g., emerging rice in Africa), and global validation. For real-world estimation of global

methane emissions, large data gaps should be filled to replace the scenario-based assessment regardingworldwidemanagement practice. In

particular, global spatially explicit data should be further acquired, including crop rotation, crop yield, rice area change and spatial distribu-

tion, water management by time and location (or at least region), and organic matter amendment by type and amount. Future collaborations

in both data and modeling could be beneficial for understanding rice methane emissions and potential reduction.
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CH4MOD model

Overview

CH4MOD is a process-based model that can be used to simulate CH4 production, oxidation, and emissions in rice paddies under various

environmental conditions and agricultural management practices.13,33,63 The rationale of this model is that CH4 production rates are deter-

mined by the availability of methanogenic substrates and the influences of environmental factors, e.g., soil temperature, soil texture, and soil

redox potential (Eh). Methanogenic substrates are mainly derived from the rice root exudation and added OM (including crop residues and

organic fertilizers). CH4 is transported via rice aerenchyma and ebullition. CH4 oxidation occurs during plant transport and increases as

plants grow.

The CH4MOD model runs on a daily time step. Model inputs include air temperature, percentage of sand (0.2–2 mm) (SAND), rice grain

yield (GY), type and amount ofOMamendment (OM), and type of water regime used for rice irrigation (IRRI). OMapplied in rice fields includes

animal manure, green manure, biogas residue, and crop straw. Crop roots and stubble (approximately 10% of the aboveground biomass) of

the previous season are considered buried in the soil as an OM amendment. The initial nonstructural (OMN) and structural (OMS) fractions of

the different types of OM are summarized in Table S1. Currently, the classification of water regimes in this model primarily involves three

states: F for flooding, D for draining, and M for intermittent irrigation. Each state determines the Eh changes. Under flooding conditions,

the Eh value continually decreases and promotes CH4 production, while this process sharply decreases due to the high Eh values under

drainage conditions. Intermittent irrigation always occurs at the end of the growth stage, and Eh remains nearly constant. The combination

of these three states results in five distinct water regimes, i.e., F, FDFM, FDM, FM, andM, considered in the originalmodel.More details on the

model are described in previous studies.13,33,64,65

In this study, we followed the overall model framework and calibration but made a few modifications to fit the global validation. Firstly,

since the model was calibrated and validated in most countries without India, the country with the largest distribution of rice paddies in

the world, we recalibrated the rice variety index (VI) for India. In addition, a new water regime, FDF, is included, accounting for the water

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Global rice field

observation dataset

Google Scholar Supplementary Excel

Ratio of various

water regimes

Yan et al.14 https://doi.org/10.1029/2008GB003299

Air temperature EAR5 https://cds.climate.copernicus.eu/cdsapp#!/dataset/

reanalysis-era5-single-levels?tab=overview

Soil sand fraction HWSD http://webarchive.iiasa.ac.at/Research/LUC/

External-World-soil-database/HTML/HWSD_Data.html?sb=4

Rice harvested

area distribution

EarthStat http://www.Earthstat.org/

Rice harvested

area statistics

FAO https://www.fao.org/faostat/en/#data/

Rice yield distribution EarthStat http://www.Earthstat.org/

Rice yield distribution FAO https://www.fao.org/faostat/en/#data/

Rice rotation Waha et al.104 https://doi.org/10.25919/5f1f7bb3270bb

Rice phenology RiceAtlas https://doi.org/10.7910/DVN/JE6R2R

Software and algorithms

ArcGIS ESRI https://www.esri.com/en-us/arcgis/about-arcgis/overview

Origin OriginLab https://www.originlab.com/

MATLAB MathWorks https://www.mathworks.com/products/matlab.html

Microsoft Excel Microsoft https://www.microsoft.com/en-us/microsoft-365/excel
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regime in the USA, Philippines, Vietnam, etc.66–68 Table S2 provides a detailed description of the six water regimes. The specific mechanistic

equations and model variables are provided in supplement S1, Table S3 and S4.

Site information and data sources

Site-level CH4 flux observations from rice paddies worldwide were used to parameterize and validate the CH4MOD model. The dataset of

Wang et al.10 was updated and expanded to incorporate CH4 emission observational data from rice fields available worldwide. Recent rele-

vant studies have included variables such as site location, yield, aboveground biomass, soil sand content, rice phenology, variety, and straw

return rate. In this study, published CH4 field measurement studies up to 2022 were comprehensively searched. The studies were ranked by

relevance based on the following: (1) observations covering the entire cultivation period from sowing/transplanting to harvesting; (2) infor-

mation including location, crop (yield, biomass, variety, and rotation), and management practice (water regime and fertilization); and (3)

only experiments in rice fields were considered, while other experiments such as incubation in the laboratory were excluded. A total of

141 publications with 1288 CH4 flux observations covering 97 sites in rice fields were obtained (Table S5 in the Excel Supplement). The

new datasets contain field measurements covering the main rice cultivation regions across the world, including China, India, Bangladesh,

Brazil, Cambodia, Indonesia, Italy, Japan, the Philippines, South Korea, Spain, Thailand, Uruguay, the USA, and Vietnam, spanning the

1990 to 2019 period (below figure). The measurements also covered different water regimes, OM amendments, rice varieties, and rice crop-

ping systems.

For each study, the metadata (year published and last name of the first author), time (year and date), and location (longitude and latitude)

of the field experiments; rice characteristics (variety, yield, biomass, length of the cultivation period, transplant and harvest dates, and rota-

tion); soil sand percentage; agricultural management practices (water regime during and before the rice-growing season and types and

amount of OM amendment); and average CH4 flux during the rice-growing season as well as the seasonal total CH4 fluxes were compiled.

Finally, 986 CH4 flux observations with complete information were retained. Data contained in tables and the text were extracted by transcrip-

tion, while the graphically presented data were extracted using GetData Graph Digitizer software.69

Missing soil sand percentage values at a few sites were acquired from the 3000 3 3000 resolutionHWSDglobal soil dataset within the 0–30 cm

range based on the latitude and longitude.70 Air temperature data for the experimental observations was largely unavailable. Therefore, loca-

tion data and time information were used to extract data from the ERA5 global daily dataset at a resolution of 0.25�.71

MODEL PARAMETERIZATION

There are a number of constant, management-specific, or crop-specific parameters in the CH4MODmodel (Tables S3 and S4). In this study,

the values of most parameters remained unchanged since the model was primarily parameterized and validated across China and the United

States in previous studies,13,33 as well as sporadic validations performed in Italy, Indonesia, and the Philippines for flooded rice paddies

without OM amendments. However, the CH4MOD model has not been parametrized and validated for India, which is the leading rice-har-

vesting area in the world.

The variety index (VI) represents the relative difference in the CH4 production capability among rice cultivars. Huang et al. (1997)64 calcu-

lated its value based on site observations in China, Italy, Indonesia, the Philippines, and the United States. Considering the differences in

yields and rice varieties, the VI parameter in India was recalculated in this study. Following Huang et al. (1997),64 the VI parameter can be

defined as follows:

VI =
ðE=GY Þ=SI
RRATIO

(Equation 1)

Rice paddy site distribution

The size of the red dots reflects the number of experiments conducted at that site. The basemap shows the average fractional proportion of the harvested area to

the grid area from 1997 to 200372.
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where E denotes the seasonal CH4 flux (g/m
2),GY is the grain yield (g/m2), and SI is the soil index (dimensionless) calculated by the soil sand

percentage (Equation S11). RRATIO is the average value of (E/GY)/SI_avg, which denotes the reference value of E/GY under the mean soil

sand percentage in India. This calculation was based on 46 cases (noted in Table S5) with continuous flooding and without OM amendment

in India, amongwhich 15 cases (representing approximately themean soil sand percentage) were used to calculate RRATIO. The calculated VI

value is 0.78, indicating a lower capability than that in other countries (1.0). Figure S1 compares the simulation results before and after this

adjustment. It should be noted that we did not exclude these 70 cases in the validation process since this calculation process is independent

of themodel. Further, we used geographic information systems (GIS) technology to assign a uniformVI value to all grid points within a country.

MODEL VALIDATION

The CH4MOD model was then validated by comparing the daily CH4 fluxes for 30 representative observations and the seasonal total CH4

emissions for 986 observations globally between the observations and simulations. The total observed and simulated seasonal CH4 fluxes

were determined as the summation of daily values. Missing daily observed CH4 fluxes were calculated via linear interpolation between

two adjacent fluxes. Thirty representative observations (below table) covering different climate and soil conditions, water regimes, OM

amendments, and rice cropping systemswere selected for validating the seasonal variations in CH4 fluxes. Four quantitative statistical metrics

were used to evaluate themodel performance, including the root-mean-square error (RMSE),mean absolute error (MAE),model coefficient of

determination (R2), and model efficiency (EF).73,108 A detailed description and equations used to calculate these statistics are provided in

quantification and statistical analysis section.

Summary of the site observations used for validating the seasonal variations in CH4MOD

Country Location

Observation

year

PlantD/

MatureD IRRI OM

SAND

(%)

GY

(g/m2)

Tavg
(Tmin-Tmax)

(�C)

CH4

(observe/

simulate)

(g/m2) Reference

Single rice cultivation

Bangladesh 24.43�N, 91.37ºE 2017 7.1/11.13 F no 37 273 28.3(22–32) 23.90/23.89 Haque et al.74

Vietnam 20.93�N, 105.85ºE 2013 2.23/5.31 F 5 t/ha FYM 22 602 25.6(17–33) 35.30/33.27 Pandey et al.75

India 11�N, 79.5ºE 2017–2018 10.6/1.9 F 1.1 t/ha rice

straw

13.6 626 26.8(24–31) 35.93/34.43 Oo et al.76

Italy 45.07�N, 8.72ºE 2009 4.30/9.20 F no 47 701 23.5(16–30) 41.46/40.58 Meijide et al.77

Indonesia 4.62�S, 105.51ºE 1994–1995 12.28/3.29 F 2.5 t/ha rice

straw

51 572 26.3(25–27) 51.30/50.73 Nugroho et al.78

Brazil 29.9�S, 51.1ºW 2002–2003 12.10/4.5 F 3 t/ha green

manure

46 731 23.1(17–26) 49.32/53.18 Bayer et al.79

Thailand 13.54�N, 99.82ºE 1992 8.14/11.26 F 6 t/ha green

manure

34 390 26.9(21–29) 78.53/75.84 Jermsawatdipong

et al.80

USA 38.56�N, 121.5ºW 1992 6.20/10.6 F 10 t/ha rice

straw

29 945 23.2(18–28) 88.00/83.86 Lauren et al.81

South

Korea

36.60�N, 128.75ºE 2008 6.5/10.4 F 14 t/ha green

manure

42 765 23.4(13–30) 137.67/138.99 Lee et al.82

India 28.66�N, 77.2ºE 1993 7.15/10.27 F 3 t/ha FYM 66 285 28.5(22–34) 4.94/45.73 Debnath et al.83

India 20.2�N, 86.5ºE 2011 6.16/10.14 F 1.5 t/ha green

manure

67 504 28.6(26–30) 11.95/73.99 Datta et al.84

India 25.3�N, 83.02ºE 1995 7.17/11.14 F 1 t/ha FYM 47 478 27.4(19–31) 22.74/39.8 Singh et al.85

India 11�N, 79.5ºE 2017 6.16/9.21 FDF no 13.6 561 30.9(27–34) 5.96/5.49 Oo et al.76

South

Korea

37.25�N, 126.98ºE 2008 5.25/10.13 FDF 2.5 t/ha rice

straw

37 631 22.6(12–29) 30.09/27.47 Kim et al.86

Japan 37.11�N, 138.27ºE 2010 5.14/9.16 FDF 4.55 t/ha FYM 39 502 21.9(9–28) 35.60/34.78 Takakai et al.25

China 31.56�N, 120.70ºE 2014 6.15/10.25 FDFM 2.88 t/ha wheat

straw

32 591 24.4(14–31) 30.72/29.48 Xia et al.87

China 31.95�N, 119.16ºE 2008 6.22/11.2 FM 3.75 t/ha wheat

straw

17 736 24.3(14–31) 23.89/19.84 Li et al.88

(Continued on next page)
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ANALYSIS OF THE SENSITIVITY

A model sensitivity analysis was conducted for changes in the five inputs of the seasonal CH4 fluxes using baseline experimental data. Var-

iations ofG10% andG20% in the air temperature (T),OM,GY, and SANDwere considered to analyze themodel sensitivity, while the IRRIwas

used as a categorical quantity to analyze the sensitivity of the model to irrigation methods by varying the type. In addition, the sensitivity to

absolute changes in OM and T was analyzed by considering the actual change range of each variable. Specifically, six assumptions for OM

were set, ranging fromG50 toG100 toG200 g/m2. This corresponds to an increase or decrease of 9–36% in the straw return rate based on

the current global average yield of 460 g/m2. T variations were examined under four scenarios, encompassing the most concerning climate

changes ofG1 andG2�C. The sensitivity of a given factor to the model output was quantified as the ratio of the change in the seasonal CH4

emissions (DCH4 = CH4 – CH4baseline) to the change in the baseline CH4 emissions (CH4baseline).

GLOBAL SCENARIO MODELING

Management scenarios

The CH4MODmodel was applied globally under different agricultural management scenarios to focus on the sensitivity of CH4 emissions to

different combinations of management practices in different countries and to provide a model foundation and knowledge for predicting the

CH4 mitigation potential. The scenarios were combined by considering different types of water regimes and fractions of straw incorporation,

which are common in major rice cultivation regions worldwide. The straw incorporation fraction was set to RF0 (no straw incorporation), RF30

(30% straw incorporation), and RF50 (50% straw incorporation), approximately corresponding to the current global range ofmajor straw return

rates.61 To enable comparison, water regime scenarios based on the IPCC classification were established. The IPCC has provided a coarse

water regime classification at the global scale, which includes continuous flooding (CF), single drainage (SD), andmultiple drainage (MD). The

Continued

Country Location

Observation

year

PlantD/

MatureD IRRI OM

SAND

(%)

GY

(g/m2)

Tavg
(Tmin-Tmax)

(�C)

CH4

(observe/

simulate)

(g/m2) Reference

China 29.85�N, 115.55ºE 2011 7.6/10.13 FM 9 t/h rice straw 34 733 25.4(15–33) 54.20/61.19 Zhang et al.89

China 31.28�N, 119.90ºE 2004 6.11/10.2 FDM no 29 556 27.2(17–33) 5.16/5.26 Ma et al.90

China 31.97�N, 119.30ºE 2006 6.27/10.31 FDM 4.8 t/ha wheat

straw

17 668 25.1(14–32) 18.5/18.35 Ma et al.91

Cambodia 11.51�N, 104.58ºE 2011 9.21/12.7 FDM 5.5 t/ha FYM 78 521 27.1(24–29) 21.37/24.91 Ly et al.92

Japan 35.9�N, 140.3�E 2003 5.6/9.17 M no 37 461 22.6(13–29) 6.51/6.32 Minamikawa

and Sakai93

India 26.41�N, 92.50ºE 2016–2017 10.5/1.18 M 1 t/ha rice straw 13.6 609 28.6(26–31) 11.95/10.17 Oo et al.94

Indonesia 6.76�S, 111.17ºE 1995–1996 10.27/2.18 RFW no 29 480 26.4(25–29) 5.60/6.73 Setyanto

et al.95

Double rice cultivation

Philippines 15.67�N, 120.99ºE 1996 1.15/4.22

7.6/10.14

F

F

1 t/ha FYM

1 t/ha rice straw

+1 t/ha FYM

5.6 741

535

25.1(20–28)

26.1(23–27)

17.8/13.41

35.3/20.89

Corton et al.96

Vietnam 21.3�N, 106.02�E 2017 2.24/5.30

6.9/9.2

FM

FM

1 t/ha FYM

1 t/ha FYM

28 589

458

24.2(15–30)

29.0(26–32)

7.99/7.53

14.47/14.14

Hung et al.62

China 28.25�N, 116.92ºE 2010 4.23/7.11

7.16/11.2

FDFM

FDFM

1.75 t/ha rice

straw

no

29 582

683

25.9(15–33)

26.1(16–33)

8.49/9.25

17.96/19.79

Zhang et al.97

Indonesia 4.62�S, 105.51ºE 1994–1995 12.28/3.29

5.2/8.7

F

F

no

no

51 592

503

26.3(25–27)

26.9(25–28)

39.80/38.38

29.50/33.12

Nugroho et al.98

China 28.91�N, 111.49ºE 2007 4.29/7.15

7.19/10.14

F

FDF

3 t/ha rice straw

3 t/ha rice straw

16.7 626

540

26.6(18–34)

25.9(17–32)

25.37/26.24

53.94/50.40

Shang et al.99

Triple rice cultivation

Vietnam 10.47�N, 105.3�E 2015–2016 4.22/7.29

8.2/11.24

12.10/3.21

FDM

FDM

FDM

no 39 782

817

850

29.4(26–32)

28.1(26–29)

27.8(22–29)

10.7/10.27

12.3/13.43

13.4/14.12

Uno et al.100
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MD scenario represents multiple dry periods, including FDFM, FDM, FM, andM, so the average simulations for the above four water regimes

were used to represent the CH4 emissions under theMD scenario (Table S2). In this study, the three scenarios designed assumed that CF, SD,

and MD were the only water regimes across the world. The sensible water regime of RATIO,14 which is a combination of CF, SD, and MD in

different countries (below table), was designed as the last scenario.

In total, 12 management scenarios (below table) were established based on the combination of four water management methods and

three straw utilization rates. To explain the uncertainty in the scenarios, the coefficient of variation (CV) was introduced102:

CV =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

PN
i = 1 ðXi � XÞ2

r

X
3 100% (Equation 2)

where Xi denotes the CH4 emissions simulated under each scenario, X is the mean value of all the scenarios, and N is the total number of

scenarios.

SCENARIO-BASED GLOBAL MODELING

The CH4MODmodel was run at a daily step and a spatial resolution of 0.5� 3 0.5� to simulate the CH4 fluxes stemming from global rice pad-

dies under the above scenarios (table). The fluxes weremultiplied by the rice area in each grid to obtain the CH4 emissions in each grid. Then,

the global annual CH4 emissions were obtained by aggregating the gridded values. The simulations were conducted separately for single-

and double-rice systems. The study period of 2008–2017 was chosen to compare our results to the latest Global Methane Budget.4

Spatially explicit data for the daily air temperature, soil sand fraction, rice harvested area, rice yield, rice rotation, phenology, and man-

agement scenarios were established. Daily air temperature data was acquired from the ERA5 dataset.71 The top 0–30 cm soil layer soil

sand fraction was obtained from the Harmonized World Soil Database (HWSD) (version 1.21).70 Gridded rice yield and harvested area

from 2008 to 2017 were established based on national-scale statistical rice harvested area and yield data of the FAO,103 as well as

EarthStat, which provides spatial distribution data for the rice harvested area in approximately 2000.72 The FAO data were used as standard

data to calibrate the EarthStat data, and it was assumed that the rice field distribution remained unchanged from 2008 to 2017. The spatial

distribution data were scaled proportionally to the statistical data to obtain the global spatial distribution of the rice harvested area and yield

from 2008 to 2017 (Figure S2) (Equations 3 and 4).

HarvAreagrid;i;j = HarvAreagrid;earthstat;i;j 3
HarvAreaFAO;i

HarvAreaearthstat;i
(Equation 3)

Yieldgrid;i;j = Yieldgrid;earthstat;i;j 3
YieldFAO;i

Yieldearthstat;i
(Equation 4)

Water regimes under the RATIO scenario for major rice-producing countries

Country CF SD MD Source

China 0.2 0 0.8 Li et al.101

India 0.3 0.44 0.26 ALGAS reporta

Indonesia 0.43 0.22 0.35 ALGAS reporta

Vietnam 1 0 0 ALGAS reporta

Japan, Republic of Korea, and Bangladesh 0.2 0 0.8 Assumed to be the same as that in China

Other monsoon Asian countries 0.43 0.22 0.35 Assumed to be the same as that in Indonesia

Other countries 0.3 0.44 0.26 Assumed to be the same as that in India

aALGAS, Asia Least-Cost Greenhouse Gas Abatement Strategy. Reports were downloaded from the Website of the Asian Development Bank. The regime clas-

sification includes continuous flooding (CF), single drainage (SD), and multiple drainage (MD), with values showing a share of each type.

Twelve scenarios used in the global modeling, with different combinations of straw incorporation and water regime

Scenariosa CF SD MD RATIO

RF0 RF0_CF RF0_SD RF0_MD RF0_RATIO

RF30 RF30_CF RF30_SD RF30_MD RF30_RATIO

RF50 RF50_CF RF50_SD RF50_MD RF50_RATIO

aRF0, RF30, and RF50 indicate 0%, 30%, and 50% straw incorporation. CF, SD, MD, and RATIO show continuous flooding, single drainage, multiple drainage, and

RATIO scenario in table.
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whereHarvAreagrid;i;j denotes the final gridded area distribution, i denotes a specific country, and j denotes a particular grid within that coun-

try. Moreover, HarvAreagrid;earthstat;i;j denotes the gridded area distribution from the EarthStat data for a specific country, HarvAreaFAO;i de-

notes the total rice harvested area in a certain country from the FAO data, and HarvAreaearthstat;i corresponds to the total rice harvested

area in that country from the EarthStat data. The yield was calculated in the same manner.

Single- and double-rice distributions were generated based on global multiple-crop planting system data fromWaha104 (Figure S2). Since

triple-cropped rice fields are extremely rare, they were considered double-cropped rice fields in this study.Figure S2shows the spatial distri-

bution of themean harvested area and yield from 2008 to 2017 for single- and double-cropped rice fields. Rice phenology data were obtained

from the province-level phenological data of RiceAtlas.105 We utilize geographic information systems (GIS) to align the provincial-scale

phenological data with the 0.5� spatial grid. In cases where there are differences between RiceAtlas and Waha et al. (2020)104 in identifying

single- or double-rice varieties, the latter was used to match the phenological information in neighboring regions. The matching order prior-

itized adjacent provinces at the same latitude, followed by other neighboring provinces, and finally provinces with a similar topography within

the country. If not available, phenological information from the closest location in terms of the relative distance was selected. Figure S3 shows

the global spatial distribution of the phenology of single- and double-rice varieties. The global data drivers for the CH4MODmodel are sum-

marized in below table. All of the data were resampled to a 0.5� 3 0.5� spatial resolution to facilitate constructing models at the global scale.

QUANTIFICATION AND STATISTICAL ANALYSIS

A simple linear regression was applied to assess the correlation between observed and modeled seasonal total CH₄ fluxes (Figure 3;

Figure S1), where N represents the total number of observations in the region. The F-test was used to test whether the regression model

was statistically significant overall.

Four quantitative statistical metrics were used to evaluate the model performance with site observations in different regions (Table 1),

including the root-mean-square error (RMSE), mean absolute error (MAE), model coefficient of determination (R2), and model efficiency

(EF). The RMSE and MAE represent the deviation between the observed and simulated values, with smaller values indicating better simula-

tion. The R2measures themodel’s capture of the trend. The EF representsmodel performance in relation to the observedmean.106–108Model

performance rating ranges are: 0.25% EF < 0.5 (satisfactory), 0.5% EF < 0.75 (good), and EFR 0.75 (excellent or very good).109 The specific

formulas were calculated as follows:

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN

i = 1
ðfi � yiÞ2

r
(Equation 5)

MAE =
1

N

XN

i = 1
jfi � yij (Equation 6)

R2 =

0
B@

PN
i = 1ðyi � yÞðfi � f ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i = 1 ðyi � yÞ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i = 1 ðfi � f Þ2
q

1
CA

2

(Equation 7)

EF = 1 �
PN

i = 1 ðfi � yiÞ2PN
i = 1 ðy � yiÞ2

(Equation 8)

where yi, y, fi and f are observed CH4, mean observed CH4, simulated CH4, and mean simulated CH4, respectively, N represents the total

number of observations.

Datasets used for global modeling with CH4MOD

Driving data Source Spatial resolution Temporal resolution Data access

Air temperature ERA571 0.25� Hourly https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-

era5-single-levels?tab=overview

Soil sand fraction HWSD V1.2170 3000 – http://webarchive.iiasa.ac.at/Research/LUC/External-World-

soil-database/HTML/HWSD_Data.html?sb=4

Harvested area EarthStat,72

FAO103

50 Annually http://www.Earthstat.org/

https://www.fao.org/faostat/en/#data/

Yield EarthStat,72

FAO103

50 Annually http://www.Earthstat.org/

https://www.fao.org/faostat/en/#data/

Rotation Waha et al. (2020)104 0.5� – https://doi.org/10.25919/5f1f7bb3270bb

Phenology RiceAtlas105 Province – https://doi.org/10.7910/DVN/JE6R2R
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https://cds.climate.copernicus.eu/cdsapp
https://cds.climate.copernicus.eu/cdsapp
http://webarchive.iiasa.ac.at/Research/LUC/External-World-soil-database/HTML/HWSD_Data.html?sb=4
http://webarchive.iiasa.ac.at/Research/LUC/External-World-soil-database/HTML/HWSD_Data.html?sb=4
http://www.earthstat.org/
https://www.fao.org/faostat/en/
http://www.earthstat.org/
https://www.fao.org/faostat/en/
https://doi.org/10.25919/5f1f7bb3270bb
https://doi.org/10.7910/DVN/JE6R2R


Coefficient of variation102 was introduced to evaluate the discrepancies between different scenarios (Figure 5C):

CV =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

PN
i = 1 ðXi � XÞ2

r

X
3 100% (Equation 9)

where Xi denotes the CH4 emissions simulated under each scenario, X is the mean value of all the scenarios, and N is the total number of

scenarios.

Software programs used for all statistical analysis are shown in key resources table section.
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