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[bookmark: _Toc37816950]List of Acronyms
EDGAR        	        	Emission Database for Global Atmospheric Research
WOLF2017		Agricultural CH4 sources includes Inventories for Livestock CH4 from Wolf et al., (2017) and Rice and Waste sectors from EDGARv4.3.2
GAINS			GHG-Air pollution INteraction and Synergies model (GAINS)
SCH150		Industrial Fossil Fuel inventories from Schwietzke et al., (2016)
LPJ              	        	Lund-Potsdam-Jena Dynamic Global Vegetation Model
CRU             	Wetland CH4 estimate using meteorological forcing from Climate Research Unit, representing small increases in wetland CH4 due to changing climate
REN                              Wetland CH4 estimate using an ensemble of meteorological forcing from Reanalysis, representing step increases in wetland CH4 due to enhanced precipitation and rising temperature
BB4CMIP           	Historic global biomass burning emissions for CMIP6
GFED			Global Fire Emissions Database
IAV              	        	Interannual Variability
MCF	        	        	Methyl chloroform
IFFCH4          	        	Industrial Fossil Fuel CH4 emissions
COACH4                                	Coal CH4 emissions
GASCH4                                 	Natural Gas/Oil CH4 emissions
AGWCH4                   	Agriculture and Waste CH4 emissions
RICCH4                                  	Agricultural Rice CH4 emissions
WASCH4                               	Waste/Landfill CH4 emissions
LIVCH4                                   	Livestock CH4 emissions
BBCH4           	        	Biomass Burning CH4 emissions
WETCH4                   	Wetland CH4 emissions
GEOCH4                                	Geological CH4 emissions
OH               	        	Hydroxyl Radical
δ13C-CH4                    13C/12C-ratio in CH4 
ɛ			Isotopic fractionation factor


[bookmark: _Toc37816957]1. Modeling strategy

The model was first run for 1980-2017 in inverse mode with CH4 emissions, emission-weighted average δ13C-CH4 values for the sources, and atmospheric CH4 and δ13C-CH4 observations [1,2] to derive historic time series of global OH for northern and southern hemisphere and a constant fractionation factor ε for each run of the specific emission scenarios. In this inverse mode, the fractionation factor  was adjusted to match the source δ13C-CH4 values for each run, with the optimized δ13C-CH4 value at the onset of the study period (i.e., 1992) using a bisection method, yielding the so-called baseline runs. The derived time series of OH and fractionation factor  were then used for the perturbation runs in the forward mode. Note that the OH time series were calculated by balancing the sources with observations, which were not optimized by observational constraints (e.g., MCF) nor constrained by any mechanical processes. 

For the baseline runs, the box model can, by design, reproduce the atmospheric history in both CH4 concentration and δ13C-CH4 value for each run of the emission scenarios. For the perturbation runs, to examine the study period, the source δ13C-CH4 values calculated from Monte Carlo calculations of corresponding emission scenarios were used as inputs. The resulting modeled δ13C-CH4 value was evaluated against the observed δ13C-CH4 value to quantify the biases in the emission scenarios. The assumption for our modeling design is that, due to the large uncertainty and limited understanding of the IAV in OH, the year-to-year changes in atmospheric CH4 for most of the prior assumptions of the total CH4 source can be explained by any prescribed variations in the methane removal rate. 

The bias in the simulated δ13C-CH4 value may come from a single source type or a combination of concurring or compensating sources. The approach of generating a large ensemble of emission scenarios based on different bottom-up estimates implicitly covers the uncertainty in the CH4 source signature and emission magnitudes. This provides explanations based on mechanisms for attributing the changes in CH4 sources. The box model was first initialized in 1700 and for the period of 1700-1980 with prescribed anthropogenic emissions and climatology of natural emissions [3] as the first spin-up phase. The simulations were then run with emission scenario-specific sources for the 1980-1992 period for a second spin-up. The study period is from 1993-2017. These choices avoid the artificial shift in δ13C-CH4 value due to spin-up and remove disruptions by the Mt. Pinatubo eruption. 

Table S1 provides a summary of the data sources used in generating CH4 source emission scenarios. The time series of hemispheric δ13C-CH4 values is calculated as the emission-weighted average δ13C-CH4 of all CH4 sectors with a consideration of the spatial variability in δ13C-CH4 values for major CH4 sectors. The spatial distributions of δ13C-CH4 values were generated at the subcategory level (Table S1). The annual total hemispheric emissions were calculated as the sum of each CH4 source category. For simplification, we assume constant CH4 emissions from the other natural sources, including freshwater systems, wild animals, termites, geological sources, and other minor natural sources over the study period.

[bookmark: _Toc37816959]2. Processing of CH4 sources

Industrial fossil fuels. We use global IFFCH4 estimates from four datasets, EDGARv4.2, EDGARv4.3.2, GAINS Eclipse v6, and SCH150. EDGAR is a bottom-up inventory dataset based on the energy balance statistics of International Energy Agency reports, while SCH150 was a gridded anthropogenic CH4 emission dataset derived from an atmospheric inversion model simulation [4] in which IFFCH4 was approximately assumed to be in the upward-revised percentile range (~ 150 Tg CH4 yr-1 in total) using coal, natural gas/oil, and other industrial sources [5] in an atmospheric transport model TM5 simulation. The IFFCH4 in this study comprises the CH4 emissions from the energy, fugitive, and industrial process categories, which do not distinguish between shale gas and conventional natural gas. Here, EDGARv.4.2 represents a harmonized gridded time series merging the original EDGARv4.2, an extended gridded product EDGARv4.2FT2010, and an extended time series EDGARv.4.2FT2012. We assume that the yearly gridded emissions have a small IAV in spatial variability during 2010-2012 and that the increase in IFFCH4 is proportional to the increases in total anthropogenic CH4 emissions. The CH4 emissions after 2010 are set up using the spatial distribution of the mean EDGARv4.2 over 2008-2010. The yearly gridded maps for 2011 and 2012 were calculated by scaling the mean of 2008-2010 to match EDGARv4.2FT2012 (gridded map times the ratio between total emissions in EDGARv4.2FT2012 and total emissions in EDGARv4.2). EDGARv4.3.2 suggests that IFFCH4 declined in the 1970s and then stabilized in the 1980s and 1990s, while EDGARv4.2 shows a constant increase during the 1990s and 2000s. We treated EDGARv4.2 and EDGARv4.3.2 as separate datasets, as the temporal pattern of IFFCH4 in the new version EDGARv4.3.2 was largely revised due to updated emission factors and statistical methodology, thus reflecting different hypotheses for explaining the changes in IFFCH4 during the 1980s and 1990s. The GAINS model [6] of the International Institute for Applied Systems Analysis (IIASA) is a multipollutant emission estimation model with bottom-up emissions estimates and future mitigation potentials for any externally given energy sector scenario. For this particular exercise, the global energy balance statistics of the International Energy Agency were used. It makes use of country-specific information on associated petroleum gas generation, recovery and venting/flaring rates, with the latter calibrated to satellite image estimates of volumes of gas flared.

[bookmark: _Toc37816960]Agriculture and waste. EDGARv4.2, EDGARv4.3.2, and WOLF2017 all use a bottom-up methodology that summarizes the livestock population, country-specific statistics, and emission factors. WOLF2017 represents the sum of livestock CH4 emissions from [7] and rice and landfill/waste emissions from EDGARv4.3.2. WOLF2017 estimates systematically higher livestock emissions based on updated emission factors due to reported recent changes in animal body mass, feed quality and quantity, and management of livestock and manure. Livestock emissions are the largest source in the AGWCH4 categories, contributing an average of 57% to the total across the three livestock inventories over the study period, while the rice and landfill/waste sectors contribute 21% and 22%, respectively. In addition, the total AGWCH4 increased from 181 Tg CH4 yr-1 to 202 Tg CH4 yr-1 from 2000-2006 to 2007-2017, with livestock, rice agriculture, and landfills/waste contributing 50%, 19%, and 31% of the total increase, respectively (Fig. 1C). Changes in livestock populations play a large role in the magnitude of CH4 fluxes associated with livestock. Given the similar trend in AGWCH4 in both versions of EDGAR estimates, the trend from EDGARv4.3.2 was scaled to match WOLF2017 in 2000 to derive the time series of the study period for WOLF2017.

[bookmark: _Toc37816961]Wetlands. We use the land surface model LPJ-wsl to simulate the spatiotemporal patterns of wetland CH4 emissions. LPJ-wsl is a process-based dynamic global vegetation model developed for carbon cycle applications, which includes water/carbon processes, vegetation demography and dynamics that are represented by plant functional types (PFTs). The CH4 emissions are modeled as a function of wetland area, heterotrophic respiration (Rh), and scaling factors that represent soil temperature and moisture effects on methane production in different biomes.
The wetland area and dynamics were simulated using a topography-based hydrological model (TOPMODEL) with a prescribed high-resolution topographic index product, hydrological data and maps based on global SHuttle Elevation Derivatives at multiple Scales (HydroSHEDS) [8]. The CH4 emissions simulated by LPJ-wsl have been validated against observations at the regional and global scales[9,10].

To take into account the uncertainty in estimated wetland CH4 emissions from climate variables, we applied four wetland CH4 estimates based on LPJ simulations forced by four climate datasets: one observational geostatistical dataset from the Climate Research Unit (CRU) and three state-of-the-art meteorological reanalysis datasets, including 1-hourly reanalysis Modern-Era Retrospective analysis for Research and Applications Version 2 (MERRA2) from the NASA Global Modeling and Assimilation Office, 6-hourly ERA-Interim from the European Centre for Medium-Range Weather Forecasts data assimilation system, and 6-hourly Japanese 55-year Reanalysis (JRA-55) from the Japan Meteorological Agency. The ensemble mean of CH4 emissions from simulations with reanalyses was applied in this study (denoted REN). Both of the wetland CH4 estimates cover the 1980-2017 period [11].

In general, LPJ-wsl suggests a step increase in CH4 emissions by 7.3±1.6 Tg CH4 yr-1 during 2007-2017 relative to the period of 2000-2006 when using the meteorological reanalysis, while the CRU-based simulation found a minor increase in CH4 emissions between these two periods. This step increase is mainly caused by the expanding wetland areas in the tropics due to enhanced precipitation, with a positive trend of 0.8 Tg CH4 yr-1 yr-1 for 2000-2017. This positive trend found in the tropics is generally larger than the WetCHARTs estimates but lower than the recent atmospheric inversions [12–14] of GOSAT data, which suggest a positive trend of 1.5-2.1 Tg CH4 yr-1 yr-1 in the region for 2010-2018.

[bookmark: _Toc37816962]Biofuel and biomass burning. Two datasets were applied to represent hypotheses for BBCH4: GFED (version 4.1s) [15] and a satellite-based estimate [16] (denoted Worden2017). GFED represents the conventional view that has been widely applied in atmospheric models. Worden2017 is one recent estimate based on inversion modeling of the Terra Measurement of Pollution in the Troposphere (MOPITT) satellite observations and inventories. Worden2017 is a revised BBCH4 dataset that uses the same burned area from GFED v4.1 but uses CO flux estimates based on MOPITT retrievals and the atmospheric transport model GEOS-CHEM to constrain the CH4 emission factors, which showed a higher decrease in BBCH4 than BB4CMIP during 2000-2012. Both datasets are subject to uncertainty in the estimates of the burned area as a proxy for biomass burning. We use BB4CMIP, which applies the GFED mapped burned area with a fractional contribution of different fire types from terrestrial ecosystem fires, agricultural waste burning (e.g. crop waste fires), and deforestation and degradation with estimates starting from 1750, to complete the full-time series for years before 1997 for Worden2017. Biofuel emissions from EDGARv4.2 are applied to generate GFED-based and Worden2017-based BBCH4 scenarios to make them consistent with the setup in [16] (see Table S1).

[bookmark: _Toc37816963]Geological sources. Geological sources include onshore and offshore CH4 emissions. We tested two hypotheses for geological CH4 emissions based on recent debates [17,18] regarding geological methane: one scenario hypothesizes that natural geologic sources account for a substantial component of the atmospheric methane budget [19], and the other hypothesizes that contemporary natural GEOCH4 emissions are overestimated according to paleoradiocarbon evidence [17]. In the former scenario, GEOCH4 is estimated to have a mean value of 52 Tg CH4 yr-1, while in the latter scenario, GEOCH4 is assumed to be 15 Tg CH4 yr-1, which is a conservative value with 95% confidence of the estimate [17]. Note that this hypothesis suggests that the contemporary geologic source is likely less than 15 Tg CH4 yr-1 due to more erosion associated with the lower sea level in the late glacial period. The deducted GEOCH4 in the latter hypothesis was added to the gas/oil sector of IFFCH4 by scaling IFFCH4 with a factor to balance the methane budget. This treatment was made based on evidence from several recent studies, which suggest that the current natural fossil fuel CH4 emissions (i.e., geological seepages) are overestimated, and industrial fossil fuels are underestimated [4,17,20]. The GEOCH4 in both scenarios is set to be constant with values of 52 Tg CH4 yr-1 and 15 Tg CH4 yr-1 for the former and latter attribution scenarios, respectively, in this study, assuming that GEOCH4 has no IAV during the time period, as suggested by previous studies [1,21]. The hemispheric total of GEOCH4 is calculated based on a gridded map of geological methane emissions [22].

[bookmark: _Toc37816964]Other sources. The other sources include freshwater ecosystems, termites, oceanic hydrate sources, wild animals, permafrost, and potential vegetation sources. In recent syntheses [23,24], the estimate for freshwater systems has been revised to a range of 99-272 Tg CH4 yr-1 (mean of 185 Tg CH4 yr-1). However, this is likely an overestimate, as there is generally double-counting in bottom-up estimates of freshwater systems (e.g. lakes, rivers, and ponds) and global wetlands and an overestimation in other sources, such as vegetation. Double counting occurs because, for freshwater ecosystems, the prior estimates used for parameter calibration are usually derived from the inversion model, which does not distinguish freshwater systems and wetlands. The use of inversion models is necessitated in part by the large uncertainties associated with regional upscaling of site-level observations of highly variable CH4 fluxes. In addition, the inland freshwater distribution (e.g. lake, ponds, and rivers) applied in the upscaling [25,26] are potentially overlapped with the distribution in the wetland CH4 estimates due to the difficulty in accurate splitting between wetland and freshwater extent [27]. Here, we assume that the total CH4 emissions from freshwater systems, wild animals, and other residual natural sources are constant at 61 Tg CH4 yr-1 (with a value of 9 Tg CH4 yr-1 from termites, 40 Tg CH4 yr-1 from freshwater, 10 Tg CH4 yr-1 from wild animals and 2 Tg CH4 yr-1 from permafrost) for the purpose of balancing the global CH4 budget and simplification.

[bookmark: _Toc37816965]Extrapolations of bottom-up estimates. As this study aimed to investigate the variation in atmospheric CH4 from 1993-2017, we built extrapolated estimates for EDGARv4.2, WOLF2017, SCH150, and Worden2017 applied in this study up to 2017 using two statistical datasets: i) FAOSTAT emissions for the CH4 sectors of enteric fermentation, manure management and rice cultivation and ii) BP statistical review of fossil fuel production and consumption (http://www.bp.com, last access Aug. 28 2019) for the CH4 sectors of coal, oil, and gas. The extrapolation follows the data-driven approach applied in [28], and we use the same extrapolated datasets EDGARv4.3.2 and GAINS inventories from a recent synthesis [24]. For CH4 sectors in EDGARv4.2 (i.e., COAL, OIL, GAS, RIC, MNM (Manure), and ENF (Enteric)), WOLF2017 (MNM and ENF), SCH150 (COAL, OIL, and GAS), where FAO and BP statistics have estimates, the methane emissions for year t are set up to equal the emissions in 2012 times the ratio between the emissions of the reference dataset (i.e., 0.5 FAOSTAT/BP) in year t (EREF) and the emissions of the reference dataset in 2012. For each emission sector i, the region-specific emissions using a region map defined in Regional Carbon Cycle Assessment and Processes (RECCAP) for the extrapolated inventories (EEXT) in year t are estimated as follows:
                                               (1)
For CH4 sectors (i.e., ENE (energy), FFF (fossil fuel fires), TNR (transport), TRO (road transport), IND (industry), SWD (solid waste), WWT (wastewater), RCOP (biofuel), and AWB (agricultural waste burning)) in EDGARv4.2 where the FAO and BP datasets do not exist, we calculate the ratio between the regional totals of the reference year (i.e., 2012) and the last 3 years of data (2010-2012) and then linearly propagate the ratios for 2013-2017. For the biomass burning sector, we use the burned area from GFED4.1 and the CH4/CO ratio from the last three years of data (2010-2012) in the Worden2017 dataset to extend Worden2017 up to 2017 assuming a linear trend in the CH4/CO ratio.

3. Processing of δ13C-CH4 in source

[bookmark: _Toc37816967]Industrial fossil fuel δ13C-CH4. The calculation of the coal δ13C-CH4 value was made using country-level coal values from a database [29], which provides coal isotopic values from 13 countries based on 1402 empirical samples, by averaging available measurements from coal mines in those countries. For the regions that do not have measurements available, we applied the mean coal values calculated from [4]. We use the country-level natural gas/oil δ13C-CH4 values from [29] and [4] to include the consideration of spatial variability in δ13C-CH4 values. The isotopic value map is based on measurements from 43 countries, accounting for ~ 70% of natural gas/oil emissions from 2000-2010. We applied the global mean calculated by [4] wherever data were unavailable.

[bookmark: _Toc37816968]Livestock δ13C-CH4. We use the C3/C4 fraction map [30] to calculate regional livestock values. We assume that livestock animals graze or are fed vegetation that corresponds to the local resources and thus ignore the impact of the feedlots and imported fodder on the calculation of livestock δ13C-CH4 values. From the studies compiled by [29], the mean isotopic values of CH4 emitted by C3- and C4-fed livestock are -68.4‰ and -54.5‰, respectively. By weighting these two endmember signatures by the C3 and C4 fractions, we determined the spatial distribution of livestock δ13C-CH4 values [31].

[bookmark: _Toc37816969]Wetland δ13C-CH4. The source signature map for wetlands was derived from [32], which was generated based on the literature for different wetland subtypes (e.g., bog, fen, and mineral wetlands with C3/C4 pathways). The signature map was evaluated against wetland signatures derived from atmospheric observations. See [32] for more details.

[bookmark: _Toc37816970]Biomass burning δ13C-CH4. We assigned C3 and C4 biomass burning source values of -26.7‰ and -12.5‰ according to [29], based on the measurement of 965 plant material samples. We used the spatial distribution of the C3/C4 vegetation fraction to determine the locally mixed value and generated an isotopic map of biomass burning. Note that a recent study [33] suggests that samples of C4 are critically lacking and that the C4 signature should be revised to -17.9‰ given recent new measurements. We compared these two values with the emission estimate (Fig. S10), which suggests that applying the revised C4 value would yield a systematic shift in the BBCH4 source signature by ~0.4‰ in the negative direction. The results show that it does not affect the interannual variations in the emission-weighted signature of BBCH4 and thus has no impact on our conclusions.

[bookmark: _Toc37816971]Other sources. The other sources using a constant value in the isotopic signature calculation include landfills/waste, rice agriculture, freshwater systems, termites, wild animals, and permafrost and oceanic sources. These sources were treated in this way because there were either insufficient measurements to represent spatial distributions (e.g., freshwater systems and wild animals) or they did not have strong spatial variability due to the low heterogeneity in the CH4-generating environments (e.g., rice and termites). Given the similar underlying methanogenic processes and potential overlap in spatial distribution between freshwater systems and wetlands, the unweighted δ13C-CH4 values for freshwater systems were set to -61.5‰ as the global mean of wetland δ13C-CH4 values from [29]. The δ13C-CH4 values of other sources are listed in Table S2.

[bookmark: _Toc37816972]Uncertainty maps. The spatial distribution of uncertainty in wetland δ13C-CH4 values was generated based on four wetland types: boreal bog, fen, and mineral C3/C4 wetlands, where each type has an average signature and 1- uncertainty derived from [29]. The latitudinal gradients of wetland δ13C-CH4 values (Fig. S5) are broadly consistent with those of previous studies [34,35]. Each pixel is sampled with a given standard deviation assuming a Gaussian distribution. To calculate the C3/C4 mineral wetland signature, a climatology of wetland fraction map [36] and a C3 and C4 vegetation distribution map [30] were used to determine the distribution of wetland types and to calculate the average value.

For the uncertainty in the coal isotopic signature map, we used country-based estimates for the standard deviation given by [29]. The standard deviations in each country’s isotopic signature were calculated by [29], representing the spread of compiled in situ measurements. For all areas outside of the 13 countries where data are available, we apply the standard deviation of the global mean coal value (0.9‰). Similarly, for the natural gas isotopic signature map, we use the standard deviations for the 43 countries where measurements are available. Elsewhere, the standard deviation is set to the global natural gas isotopic signature standard deviation (0.6‰).
The livestock and biomass burning signature maps were both calculated using the weighted average of two endmember signatures and the C3 and C4 fractions from [30]. We neglected the uncertainty in the C4 fraction map, which excludes the effect of imported fodder on the C4 fraction map due to a lack of available datasets. We obtain isotopic signature uncertainty maps by propagating the standard deviation in the C3 and C4 isotopic endmembers, which is given by [29]. The following equation can be used to calculate the isotopic standard deviation (σi13C) in a certain grid box i, with fiC4 representing the C4 fraction in a certain grid box, fiC3 representing the C3 fraction, and σC4 and σC3 representing the isotopic values of the endmembers.

                                                   (2)

[bookmark: _Toc37816976]4. Evaluation metrics

Taylor diagrams [37] were used to visually evaluate the relative skill based on model-data fit by comparing the linear correlation, coefficient, RMSE, and the standard deviation in a polar coordinate plot. Additionally, to provide a single metric that evaluates the relative skill in reproducing the observations, the MSD was used to quantitatively rank the model performance. MSD is an integrated metric that describes the linear sum of the squared bias (SB), squared difference between model and observed standard deviations (SDSD), and the lack of correlation weighted by standard deviation (LCS). The MSD is the linear combination as follow:
                                                             (3)
The SB is the difference between model (x) and observation mean (y):
                                                                                (4)
The SDSD is the difference between the model (SDm) and observation (SDs) standard deviations, and a large value indicates that the model fails to simulate the amplitude of IAV:
                                                                  (5)
The LCS term reflects the lack of correlation (r) between observations and models and is weighted by standard deviations:
                                                                  (6)
We carried out a sensitivity test for the selection of the subset of the emission scenarios that have the lowest bias relative to the observations by the thresholds of the 1st, 5th, and 10th MSD percentiles. The probability density distributions of MSD at different thresholds are presented with the counting of box model runs for specific scenarios in Fig. S3, Fig. S11 and Fig. S12. The subset of emission scenarios within the 1st percentile has better agreement with the observed declines in δ13C-CH4 values for the post-2007 period and less bias with the OH time series from [38] than the full ensembles (Fig. S7). The results suggest that selecting the 1st percentile can generate a significant improvement in simulating δ13C-CH4 values and in discriminating the scenarios for all emission categories for coal, natural gas and oil, livestock, and biomass burning, whereas EDGARv4.2 is excluded in the 1st and 5th percentile emission scenarios. The uncertainty ranges in Fig. 5 were calculated based on the uncertainty in individual sources and the uncertainty in the proportion of individual sources to the total source using error propagation equations.


Datasets Used: All the datasets used are publicly available. CH4 observations are from National Oceanic and Atmospheric Administration’s Earth System Research Laboratory (NOAA/ESRL) at ftp://aftp.cmdl.noaa.gov/data/trace_gases/ch4/flask/. ẟ13C-CH4 observations are from NOAA/ESRL at ftp://aftp.cmdl.noaa.gov/data/trace_gases/ch4c13/flask/, University of Washington, Seattle; University of Heidelberg at http://www.iup.uni-heidelberg.de/institut/forschung/groups/kk/Data_html; and University of California, Irvine, CA. The anthropogenic CH4 emissions EDGAR (v4.2 and v4.3.2) used in this study are available at https://edgar.jrc.ec.europa.eu/. The CH4 inventory datasets GAINS and SCH150 are included in the published articles by Höglund-Isaksson et al. (2017), Höglund-Isaksson et al. (2020) and Schwietzke et al. (2016). The revised livestock CH4 dataset from Wolf et al. (2017) is available at https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1329. The GFED datasets are publicly available from the GFED website at https://www.globalfiredata.org/. The BB4CMIP dataset is available at http://www.globalfiredata.org/ar6historic.html. The ẟ13C-CH4 source signature databases are available at https://www.esrl.noaa.gov/gmd/ccgg/arc/?id=123 and https://www.esrl.noaa.gov/gmd/ccgg/arc/index.php?id=130. The coal production data are available from International Energy Agency at https://www.iea.org/topics/coal/statistics/. The FAOSTAT data on the populations of major livestock species are available from the FAO website at http://www.fao.org/faostat/en/#data. Additional ancillary data are available from the corresponding author upon request.
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Fig. S1. Inferred anomaly of tropospheric annual mean OH concentration by running the box model in inverse mode. The black line shows the medians, and the shaded area shows ±1 sigma from methylchloroform (MCF)-based box model estimates[34]. The OH anomaly is calculated relative to a global mean concentration of 1e6 molecules (molec)/cm3. The dashed line represents an optimized box model estimate with bias corrections on constraints on OH[35]. In contrast to our study and the MCF-based estimates using the box model, the OH computed by a set of atmospheric chemistry models from the Chemistry Climate Model Initiative (CCMI) experiment[36] shows low interannual variability and low year-to-year fluctuation on the order of 1%.
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Fig. S2. Performance of emission scenarios in simulating OH. Taylor diagram illustrating the normalized standard deviation and Pearson’s correlation coefficient for the comparison of the OH anomaly (%) of different emission scenarios grouped by IFFCH4 with (A) the medians of OH anomalies inferred from the MCF-based estimates[36] and (B) means from an optimized box model estimate [37] (denoted ‘Ref’).
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Fig. S3. The histogram of the 1st percentile of the lowest mean squared difference (MSD) between simulated δ13C-CH4 values and observations. The runs were grouped by bottom-up estimates with different colors for major CH4 source categories. The number of runs grouped by different CH4 source categories is listed in the legend.
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Fig. S4. Hovmöller diagrams of the change rate of zonal annual CH4 emission anomalies for major CH4 sources (Table S1). The annual change rate for equal latitudinal areas is calculated as the time derivative of the CH4 anomaly relative to its 2000 level. Note that the sine latitude is approximately equal to the latitudes at the right axis (sin. lat of 0.75 roughly equal to Lat. 45°N). IFF, AGW, WET, and BB represent industrial fossil fuel, agricultural and waste, wetlands, and biomass burning sectors, respectively. The CH4 source estimates for IFF and AGW are from the inventories EDGAR4.2, EDGAR.4.3.2, GAINS, SCH150, and WOLF2017. REN and CRU are two wetland CH4 estimates from wetland model LPJ-wsl, whereas GFED is a bottom-up biomass burning dataset.
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Fig. S5. Latitudinal gradients (north: positive, south: negative) of weighted average wetland δ13C-CH4 values. The 1000 spatial maps were calculated using Monte Carlo techniques following a normal distribution.
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Fig. S6. Comparison of the mean fractionation factor  in the sink processes between this study and literature studies. The mean fractionation factor and 1 sigma range for the full ensemble and most likely scenarios (1st percentile of lowest MSD) are calculated by fitting with specific emission scenarios using parameter estimation. For Warwick2016, which does not explicitly show , the sink-weighted average fractionation factor was calculated based on individual sink values from Lassey2007, where the sink values of OH oxidation in the troposphere, soil removal, stratospheric loss and Cl sink are set to -4.65‰, -20‰, -3‰, and -60‰, respectively.
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Fig. S7. Same as Fig. 5 (bottom) but including a bar plot calculated using the full ensemble (top, N=96,000) of the box model simulations.
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Fig. S8. Same as Fig. S1 but for the OH time series of the most likely scenarios (N=960) that are within the 1st percentile of lowest MSD.
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Fig. S9. Probability distribution for the global tropospheric chemical lifetime of CH4 over 96,000 box model runs. Solid and dashed lines are the mean and median, respectively.
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Fig. S10. Time series of emission-weighted δ13C-CH4 signatures for biomass burning using GFED and Worden2017 estimates. NH and SH represent the Northern Hemisphere and Southern Hemisphere, respectively. ‘Old’ and ‘New’ represent the emission-weighted signature using -12.5‰ and -17.9‰ for C4 biomass burning, respectively.
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Fig. S11. Same as Fig. S3 but using a threshold of 5th percentile.
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Fig. S12. (Continued) Same as Fig. S3 but using a threshold of 10th percentile.
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Table S1 | List of data sources for CH4 emissions and sinks.
	Category
	Sub-Category
	Source Name
	Time period
	Resolution
	Isotopic Calculation
	Time step

	IFFCH4
	Coal, Natural Gas/Oil
	EDGARv4.2a
	1970-2012
	0.1°
	by grid
	Annual

	
	
	EDGARv4.3.2
	1970-2012
	0.1°
	by grid
	Annual

	
	
	GAINS
	1980-2012
	0.5
	by grid
	Annual

	
	
	SCH150
	1980-2011
	1°
	by grid
	Annual

	AGWCH4
	Livestock, Rice, Landfill/Waste
	EDGARv4.2a
	1970-2012
	0.1°
	by grid
	Annual

	
	
	EDGARv4.3.2
	1970-2012
	0.1°
	by grid
	Annual

	
	
	WOLF2017b
	2000-2013
	0.05°
	by grid
	Annual

	BBCH4
	N/A
	GFED
	1980-2017
	0.25°
	by grid
	Monthly

	
	
	Worden2017
	2001-2013
	4°×5°
	by grid
	Annual

	WETCH4
	N/A
	LPJ with CRU
	1980-2017
	0.5°
	by grid
	Monthly

	
	
	LPJ with Reanalyses
	1980-2017
	0.5°
	by grid
	Monthly

	GEOCH4
	N/A
	Etiope et al., (2018)
	Climatology
	1°
	by grid
	Constant

	
	
	Petreko et al., (2017)
	Constant
	Single Value
	N/A
	N/A

	Soil Sink
	N/A
	Murguia-Flores et al.,  (2017)
	Climatology
	0.25°
	NA
	Constant


Notes: a EDGARv.4.2 represents a harmonized dataset merging EDGARv4.2 that covers 1970-2008 and EDGARv4.2FT2010 and EDGARv4.2FT2012 that extends the time series to 2012. bWOLF2017 represents the sum of livestock CH4 emissions from Wolf et al. (2017) and rice and landfill/waste emissions from EDGAR 4.3.2.


Table S2| Statistics of key variables (Unit: head) for major CH4 sources. The Coal production is from IEA database (https://www.iea.org/data-and-statistics/charts/world-total-coal-production-1971-2020, Last Access Sep. 23th 2019). The average of 2000-2006 and 2007-2017 are derived from FAOSTAT database (http://www.fao.org/faostat, Last Access Sep. 23th 2019). The world urban population is from UNFCCC (2021).

	Year
	Coal production (Mt) 
	Livestock stock (103 head) 
	Urban Population (billion)

	1993
	4327
	3,219,548
	2.442

	1994
	4402
	3,252,508
	2.499

	1995
	4557
	3,261,377
	2.559

	1996
	4622
	3,283,479
	2.617

	1997
	4621
	3,230,847
	2.675

	1998
	4569
	3,260,497
	2.734

	1999
	4499
	3,295,301
	2.794

	2000
	4638
	3,325,152
	2.854

	2001
	4860
	3,319,481
	2.919

	2002
	4914
	3,339,462
	2.988

	2003
	5263
	3,380,498
	3.057

	2004
	5663
	3,451,552
	3.128

	2005
	6022
	3,526,145
	3.201

	2006
	6367
	3,553,065
	3.274

	2007
	6644
	3,608,346
	3.346

	2008
	6842
	3,630,842
	3.422

	2009
	6968
	3,642,222
	3.498

	2010
	7354
	3,644,759
	3.475

	2011
	7833
	3,683,766
	3.645

	2012
	7936
	3,731,191
	3.724

	2013
	7976
	3,779,367
	3.800

	2014
	7939
	3,796,950
	3.877

	2015
	7699
	3,863,463
	3.956

	2016
	7293
	3,924,322
	4.036

	2017
	7545
	3,962,268
	4.116

	
	
	
	





Table S3| Correlation matrix for Coal, Livestock, and Waste CH4 emissions with corresponding inventory statistics from Table S2.  

	Dataset
	Coal production
	Livestock stock
	Urban population

	EDGAR4.2
	0.994
	0.982
	0.971

	EDGAR4.3.2
	0.988
	0.991
	0.999

	GAINS
	0.985
	N/A
	N/A

	SCH150
	0.997
	N/A
	N/A

	Wolf2017
	N/A
	0.961
	N/A




Table S4 | Unweighted global mean in isotopic signature and corresponding uncertainty (1-) used in the Monte Carlo estimation for source categories.

	Source type
	δ13C-CH4 (‰)
	Reference

	Coal*
	-43.73.8
	[29,31]

	Natural Gas & Oil*
	-44.74.5
	[29,31]

	Livestock*
	-65.53.3
	[29,31]

	Rice
	-62.23.8
	[29]

	Landfill/Waste
	-56.07.1
	[29]

	Biomass Burning*
	-24.62.2
	[29,31]

	Wetlands*
	-61.65.3
	[32]

	Geological Source
	-42.57.0
	[29]

	Termites
	-63.45.7
	[29]

	Freshwater
	-61.55.0
	[29]

	Wild Animal
	-65.42.8
	[29]

	Others
	-44.82.0
	[29]


*Mean value of the spatial distribution
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