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Abstract Wetland methane (CH,) emissions have a significant impact on the global climate system.
However, the current estimation of wetland CH, emissions at the global scale still has large uncertainties. Here
we developed six distinct bottom-up machine learning (ML) models using in situ CH, fluxes from both chamber
measurements and the Fluxnet-CH, network. To reduce uncertainties, we adopted a multi-model ensemble
(MME) approach to estimate CH, emissions. Precipitation, air temperature, soil properties, wetland types, and
climate types are considered in developing the models. The MME is then extrapolated to the global scale to
estimate CH, emissions from 1979 to 2099. We found that the annual wetland CH, emissions are

146.6 + 12.2 Tg CH, yr~' (1 Tg = 10'? g) from 1979 to 2022. Future emissions will reach 165.8 + 11.6,
185.6 + 15.0, and 193.6 + 17.2 Tg CH,, yr~ " in the last two decades of the 21st century under SSP126, SSP370,
and SSP585 scenarios, respectively. Northern Europe and near-equatorial areas are the current emission
hotspots. To further constrain the quantification uncertainty, research priorities should be directed to
comprehensive CH, measurements and better characterization of spatial dynamics of wetland areas. Our data-
driven ML-based global wetland CH, emission products for both the contemporary and the 21st century shall
facilitate future global CH, cycle studies.

Plain Language Summary Wetland CH, emissions have a significant impact on the global climate
system. However, the current estimation of wetland emissions at the global scale still has large uncertainties.
This study developed a multi-model ensemble (MME) estimate of the emissions using six distinct machine-
learning models and in situ CH, fluxes from both chamber measurements and the Fluxnet-CH, network to
reduce uncertainties. Precipitation, air temperature, soil properties, wetland type, and climate type were
considered in developing the six models. The MME was then extrapolated to the global scale to estimate
emissions from 1979 to 2099. We found that the annual wetland emissions will increase significantly by the last
two decades of the 21st century. Northern Europe and near-equatorial areas are the emission hotspots. Global
CH, has high emissions in the summer while low emissions in the winter. The spatial and temporal variations
can be mainly explained by temperature, elevation, soil organic matter, and surface downward solar radiation.
The uncertainties mainly come from in situ data with uneven spatial distribution and unchanged assumptions of
the wetland area data.

1. Introduction

Methane (CH,), the second most important greenhouse gas following carbon dioxide (CO,), has been responsible
for 20% of the observed warming since pre-industrial times (Ciais et al., 2013). According to the IPCC Sixth
Assessment Report, the global warming potential of CH, from non-fossil fuel sources is 27.2 times that of CO, in
the 100-year time period (Calvin et al., 2023). Notably, the atmospheric CH, concentration has increased from
700 ppb in the pre-industrial period to 1,920 ppb in 2023 (Lan et al., 2022). The dynamics of atmospheric CH,
concentration have a high variability. It increased rapidly in the early 1980s, slowed down between 1999 and
2006, and has been rising again since 2007 and became one of the highest ever observed in 2021 (Dlugokencky
et al., 2009; Nisbet et al., 2014; Saunois et al., 2016, pp. 2000-2012; Schaefer et al., 2016; Z. Zhang et al., 2018).
This variability in atmospheric CH, concentration is influenced by the climatic sensitivity of wetlands which
contribute 30%—-40% of total CH, emissions and this significant role is expected to continue into the future (Koffi
et al., 2020; Z. Zhang et al., 2017). Thus, it is vital to understand the dynamics of wetland CH, emissions.
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Currently, there have been three popular approaches employed to estimate CH, emissions from wetlands across
various scales: (a) bottom-up approaches, which use in situ CH, measurement and process-based models to
quantify CH, emissions, (b) top-down approaches, which estimate CH, emissions by measuring atmospheric
concentrations and then using inverse modeling to trace these concentrations back to their sources and (c) data-
driven approaches, which leverage extensive data sets to empirical models and predict methane emissions based
on observed patterns and correlations (Anderson et al., 2010; Arneth et al., 2010; Kirschke et al., 2013; Saunois
etal., 2020; Q. Zhu et al., 2014). Bottom-up and top-down approaches have been developed previously to quantify
wetland CH, emissions (Cao et al., 1996; Li, 2000; Meng et al., 2012; Saunois et al., 2020, pp. 2000-2017; Y.
Zhang et al., 2002; Z. Zhang et al., 2017; Zhuang et al., 2004; Q. Zhu et al., 2014). However, bottom-up ap-
proaches are usually constrained by the complex parameter optimization process, the need for detailed local data,
and the challenge of accurately extrapolating these data to larger scales. On the other hand, top-down approaches
usually struggle with accurately pinpointing specific emission sources due to the diffuse nature of atmospheric
methane.

In contrast, data-driven approaches can efficiently handle large volumes of data from various sources, including
flux measurements, climate data, and remote sensing observations, and capture the complex nonlinear rela-
tionship between flux measurements and environmental variables (Bomers et al., 2019; Delon et al., 2007;
Dupont et al., 2008; S. Liu et al., 2016, 2016; X. Zhu et al., 2013). In recent years, the use of ML models to predict
CH, emission has become increasingly popular (Irvin et al., 2021; Kim et al., 2020; Luo et al., 2023; Yuan
et al., 2022). For example, Yuan et al. developed a causality-enabled machine-learning model for CH, emission
across global wetlands (Yuan et al., 2022). A recent study upscaled eddy covariance methane fluxes to a global
scale using data from 43 FLUXNET-CH, measurement sites and a random forest model (McNicol et al., 2023).
However, it only adopted eddy covariance (EC) flux data without using the chamber measurement data. At
present, besides the accumulated eddy covariance flux measurements through FLUXNET, many chamber-based
measurements have also been accumulated in the published literature. The combination of chamber and tower
flux data provides opportunities for ML models to better estimate global wetland methane emissions (Bansal
et al., 2023; Kuhn et al., 2021; McNicol et al., 2023; Turetsky et al., 2014). Making use of all available data
measured using both methods increases the input data space to better capture the inherent patch-scale effects (K.
Xu et al., 2017) and extends the temporal representativeness of flux data (Chu et al., 2017). Moreover, there are
only a few future projection studies of wetland methane emissions (Bansal et al., 2023; Z. Zhang et al., 2017).

In addition, current quantifications on global natural wetland CH, emissions still have large uncertainties. The
global estimates of CH, emissions from natural wetlands during 2000-2017 range from 100 to 217 Tg CH,, yr™"
when using different approaches and have a larger uncertainty in comparison with anthropogenic emissions (L.
Liu et al., 2020; Saunois et al., 2020). The Wetland CH, Inter-Comparison of Models Project (WETCHIMP)
(Melton et al., 2013) and Atmospheric Chemistry and Transport modeling (WetCHARTS) (Bloom et al., 2017)
projects have provided insights into uncertainty in bottom-up and top-down models, respectively. The uncertainty
in these estimates results from many sources including model structures, assumptions, and parameterization
(McNicol et al., 2023; Saunois et al., 2020). As an emerging method, there are currently few studies on evaluating
and reducing the uncertainty of estimates from different machine learning models. Fortunately, the multi-model
ensemble (MME) approach is a promising approach to reducing model uncertainty and has been considered as an
effective method to minimize uncertainty in climate change simulation in climate change research in other fields
(Rosenzweig et al., 2014).

In this study, we have developed an MME approach integrating six advanced ML models, chamber and EC flux
tower data, and climate forcing to estimate global wetland methane emissions in contemporary and future sce-
narios. Specifically: (a) We organized in situ CH, flux of 35 chamber sites and 47 eddy covariance sites of various
wetland ecosystems around the globe from 1988 to 2019; (b) We have developed an MME approach integrating
six advanced ML models, including decision tree (DT), random forest (RF), extreme gradient boosting (XGB),
artificial neural network (ANN), Gated Recurrent Units (GRU) and Long Short-Term Memory (LSTM), to
capture nonlinear relation between CH, fluxes and key environmental variables; (c) The developed MME was
extrapolated to estimate global wetland CH, emissions during the historical and future periods, driven by the
spatially explicit data of climate, hydrology, and soil properties; (d) We have also conducted rigorous analysis on
methane emission responses to environmental variables to help understand the mechanisms controlling the spatial
and temporal patterns of CH, emissions. This study represents the first intercomparison of advanced ML models
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Figure 1. Schematic diagram of upscaling wetland methane emission from site level to global scale. Machine learning
methods include decision tree (DT); random forest (RF); extreme gradient boosting (XGB); artificial neural network (ANN);
Gated Recurrent Units (GRU); and Long Short-Term Memory (LSTM). PDP refers to partial dependency plot. MF map
refers to static inundation area fraction from Matthews and Fung (1987). WAD2M map refers to WAD2M transient wetland
inundation area fraction data. GLWD-SWAMPS map refers to GLWD-SWAMPS transient wetland inundation area fraction
data. MME refers to multiple model ensembles. ERAS refers to historical climate data from the European Centre for
Medium-Range Weather Forecasts (ECMWF) Reanalysis v5 (Hersbach et al., 2020). ISIMIP3b refers to the future climate
data of 5 CMIP6 GCMs bias-corrected and spatial-downscaled by Inter-Sectoral Impact Model Intercomparison Project
phase 3b (Lange, 2019).
applied to wetland emission modeling and will shed light on the next-generation global methane budget esti-
mations leveraging recent ML techniques properly.
2. Materials and Methods
2.1. Overview
We first organized in situ CH, flux data from 35 chamber sites and 47 eddy covariance sites of various wetland
ecosystems around the globe from 1988 to 2019. The data were used to train six ML models to estimate CH, flux.
We then developed the MME based on six ML models and extrapolated it to the global scale using gridded climate
data, soil properties, elevation, wetland types, climate types, and wetland inundation area to estimate natural
wetland methane emissions during 1979-2022 (Figure 1). We have also conducted the uncertainty analysis and
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Figure 2. Location, wetland type, and size of 82 globally distributed wetland sites. Symbol sizes represent the number of CH,
emission samples in each site. Symbol colors represent the wetland type. The wetland fraction was derived from the MF
static wetland distribution map.

analyzed how methane emission responds to environmental variables for this period. Finally, we used the multi-
model ensemble (MME) models to predict future wetland methane emissions during 2015-2100.

2.2. Data

Site-level CH, flux data were obtained from 35 chamber sites and 47 eddy covariance sites of various wetland
ecosystems around the globe from 1988 to 2019 (Figure 2). Among them, 10 sites are from the tropics (23.4°S—
23.4°N). The eddy covariance measurements are collected from FLUXNET-CH, (Delwiche et al., 2021) while
chamber measurements are collected from peer-reviewed literature (Table S1 in Supporting Information S1). The
raw CH, flux data were recorded at different time scales, varying from half-hourly to monthly. They were unified
into monthly values by averaging non-monthly data within a month and aggregating them into monthly values.

Environmental variables include climate data, soil properties, elevation, wetland types, and climate types. Climate
data, especially temperature and precipitation, have proven to be important predictors of CH, emissions in
previous studies (L. Liu et al., 2020; McNicol et al., 2023; Yuan et al., 2022). Soil properties and elevation were
also selected due to their significant influence on wetland hydrology and soil microbial activity. For example, soil
pH and the availability of nutrients like nitrogen and phosphorus can affect microbial communities and their
metabolic pathways, including those involved in methanogenesis and CH, oxidation.

Dynamic climate data includes precipitation (PREC), surface air temperature (TAIR), surface downward solar
radiation (SOLAR), and relative humidity (RH). Site-level climate data were first collected from their original site
records if available. Otherwise, the missing climate data of each site were complemented using the ERAS
reanalysis climatic data set (Hersbach et al., 2020). Gridded historical climate data were obtained from the ERAS
monthly averaged data set (Hersbach et al., 2020). They were provided as monthly values at 0.25° X 0.25° spatial
resolution from 1940 to the present. In this research, we extracted the data from 1979 to 2022 and resampled them
to 0.5° X 0.5° spatial resolution. Gridded future projection of climate data was obtained from the Inter-Sectoral
Impact Model Inter-comparison Project phase 3b (ISIMIP3b) (Lange, 2019). ISIMIP3b provided the bias-
corrected and spatial-downscaled climatic data of GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-
ESM2-0, and UKESM1-0-LL, which participated in Coupled Model Inter-comparison Project Phase 6
(CMIP6). ISIMIP3b climatic data were provided as daily values at 0.5° X 0.5° spatial resolution from 1850 to
2100 (Lange, 2019). In this research, we extracted the data from 1995 to 2100 and further resampled them to
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monthly values. The historical and future climate type data were obtained from Koppen-Geiger climate classi-
fication maps (Beck et al., 2023).

Soil properties, elevation, and wetland type are static variables. They were assumed to be constant over time in
model development, historical simulation, and future projection. Soil properties include the bulk density of the
soil (BULK), soil C/N ratio (CNRT), soil organic carbon content (ORGC), soil pH (PHAQ), soil sand (SDTO),
and silt content (STPC). Site-level soil properties were first collected from their original site records if available.
Otherwise, the missing soil properties of each site were complemented using the International Soil Reference and
Information Centre World Inventory of Soil Emission Potentials spatial soil database (WISE30sec)
(Batjes, 2016). WISE30sec provided gridded soil properties of 7 layers for depths 0-200 cm, layers D1-D5 each
represent 20 cm (0-100 cm), and layers D6-D7 each represent 50 cm (100-200 cm). We calculated the average
soil properties of all layers. Take BULK as an example,

BULK_D1 #20cm + BULK_D2 % 20cm + BULK_D3 % 20cm + ... + BULK_D6 * 50cm + BULK_D7 s 50cm

BULK =
(20 + 20 + 20 + 20 + 20 + 50 + 50) cm

The site-level elevation (clelev) was first collected from their original site records if available. Otherwise, missing
clelev was complemented using the Global 1 arc second Digital Elevation Model (GDEM) (Toutin, 2002). The
gridded soil properties from WISE30sec and clelev from GDEM were resampled to 0.5° X 0.5° spatial resolution
and used as input in historical simulation and future projection. Site-level wetland types were determined by the
site description and the classification (Matthews & Fung, 1987). Wetland types were categorized to forested bog,
forested swamps, non-forested bogs, non-forested swamps and alluvial formations (Figure 2). Gridded wetland
types were generated similarly by vegetation distribution and wetland distribution (Matthews & Fung, 1987;
Melillo et al., 1993).

2.3. Model Development

The in situ CH, data was paired with site-level climate data, soil properties, elevation, wetland types, and climate
types used for ML model development. We applied decision tree (DT), random forest (RF), extreme gradient
boosting (XGB), artificial neural network (ANN), Gated Recurrent Units (GRU), and Long Short-Term Memory
(LSTM) to establish the non-linear relationship between environmental variables and CH, fluxes.

DT, RF, and XGB are all tree-based (TB) models. DT is a non-parametric supervised learning method capable of
deriving decision rules from a series of data characterized by features and labels (Breiman et al., 1984). These
rules are presented in a tree-like graphical structure, utilized to address classification and regression problems. RF
and XGB are ensemble algorithms, which consider the modeling results of multiple evaluators (trees) and obtain a
comprehensive result after aggregating the result from each tree. They thereby achieved better regression per-
formance compared to a single tree. RF constructs multiple independent evaluators and then determines the result
of the ensemble evaluator based on an average or majority voting principle (Breiman, 2001). XGBoost employs a
boosting methodology, where it sequentially constructs decision trees, with each subsequent tree designed to
rectify the errors of its predecessor (T. Chen & Guestrin, 2016).

ANN, GRU, and LSTM models are all neural network (NN) models. NN models imitate the neural networks
present in the human brain. It usually consists of interconnected nodes (neurons), an input layer, hidden layers,
and an output layer. The connections between neurons have their own weights, which are adjusted during the
learning process. Both GRU and LSTM are recurrent neural networks. They are designed to learn long-term
dependencies in time-series data and remember information for prolonged periods of time (Hochreiter &
Schmidhuber, 1997). Recurrent neural networks may do better than other ML models for time series prediction
because time-series features have temporal dependencies, which signifies the influence that past observations
have on future ones. Recurrent neural networks are able to retain the memory of past inputs, capturing temporal
dependencies more effectively than other machine learning models. Generally, the GRU cell has 2 gates (reset and
update gates) while the LSTM cell has three gates (forget, input, and output gates). These gates control the in-
formation flow and decide which information to proceed and which to forget.

We used the grid search method on a set of hyperparameters to determine the optimal ML model structures (Table
S2 in Supporting Information S1). As a result, for DT, the maximum depth of the tree (max_depth) was set to 15,
and the minimum number of samples required to split an internal node (min_samples_split) was set to 12. To
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prevent overfitting in the trained DT, the maximum of levels of nodes for a tree to grow is 15 and if the number of
samples in the split leaf nodes is less than 12, the growth will also stop. For RF, the number of estimators
(n_estimators) was set to 50, max_depth was set to 10 and min_samples_split was set to 6. Besides max_depth
and min_samples_split, setting n_estimators to 50 also helps avoid overfitting because the ensemble model will
only consist of 50 individual decision trees. For XGB, n_estimators were set to 50, max_depth was set to none,
and the learning rate (learning_rate) was set to 0.05. The relatively smaller learning rate (0.05) can contribute to
better generalization. For NN models, the best-performing ANN model has 4 hidden layers and each has 256, 128,
64, and 32 neurons with 1,000 epochs. The GRU model has 3 hidden layers and each has 256, 128, and 64 neurons
with 2000 epochs. The LSTM model has 2 hidden layers and each has 256 and 128 neurons with 2,000 epochs.
The Rectified Linear Unit (ReLU) was used as the activation function for three NN models.

We used the 10-fold cross-validation method to validate the model performance. Specifically, the entire data set
was partitioned into 10 equal subsets; throughout the validation process, the model was trained on 9 subsets (or
folds) and validated on the remaining one. This process was iterated 10 times, with each fold serving once as the
validation set. After the 10 iterations, the average validation accuracy was calculated. This method facilitates a
comprehensive assessment of the model's performance, minimizing both bias and variance and ensuring a more
generalized model that can provide reliable predictions on unseen data. The coefficient of determination (R>),

ZL (yi__oi)z
Zl] (_\3 )2

dicted (;) methane flux were calculated to assess the predictive accuracy.

root-mean-square error (RMSE), and relative RMSE (rRMSE = ) between observed (y;) and pre-

We used the leave-one-year-out method to evaluate the interannual variability and seasonal cycles. Specifically,
we trained the models on data from all years except one, which is held out as the test set, and repeated this process
such that each year serves as the test set exactly once. For interannual variability, we compared the standard
deviation (STD) of MME-predicted and field-measured monthly methane emissions within the testing year, using
R?, RMSE, and relative RMSE. For seasonal cycles, we plotted the time series of MME predicted and measured
methane emissions for every testing year.

In addition, we used the permutation feature importance approach on 6 ML models to analyze the contribution of
each environmental variable in predicting the CH, emission (Breiman, 2001; Gromping, 2009). The partial
dependence plots (PDP) were used to analyze the response of the methane emission to each predictor variable (S.
Chen et al., 2022; P. Zhu et al., 2021).

After validation, we developed the multi-model ensemble (MME) by averaging the estimates of six ML models
trained by the full set of data to upscale CH, emissions. MME can cancel out the noise and errors in individual
models and deliver more robust estimates (Feng et al., 2020). Before conducting historical and future simulations,
we evaluated the representativeness of training data by calculating the ratio of wetland grids in historical and
future climate forcing that exceeded the range of climatic variables in the training data. The training data set can
fully cover the variable space of TAIR, PREC, SOLAR, and RH within global wetlands in the historical period
(1979-2022). For the future period (2015-2100), it can fully cover the variable space of PREC, SOLAR, and RH
as well as more than 97% of TAIR in the 5 GCMs (Tables S3 and S4 in Supporting Information S1).

2.4. Historical Simulation

To study the spatial distribution and temporal dynamics of historical CH, emission at the global scale, the gridded
ERAS climate data, WISE30sec soil properties, GDEM elevation data, wetland types, and climate types were
used to drive the MME to conduct historical simulation on CH, flux at 0.5° X 0.5° spatial resolution from 1979 to
2022. The results were masked by the static wetland distribution map (Matthews & Fung, 1987). The estimated
CH, flux was further aggregated to annual total emissions and summarized by latitude zones. To compare the
differences in results driven by transient and static wetland inundation areas, we set up another experiment. With
other settings unchanged, we used two transient wetland inundation area fraction data, named GLWD-SWAMPS
(Poulter et al., 2017) and WAD2M Version 2.0 (Z. Zhang et al., 2021). GLWD-SWAMPS provided monthly
wetland inundation areas from 2000 to 2012 and were sourced from Surface WAter Microwave Product Series
(SWAMPS) (Schroeder et al., 2015) and Global Lakes and Wetlands Database (GLWD) (Lehner & Doll, 2004).
The Wetland Area and Dynamics for Methane Modeling (WAD2M) Version 2.0 provided monthly wetland
inundation areas from 2000 to 2020 and was developed based on SWAMPS (Z. Zhang et al., 2021). It was used in
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the Global Carbon Project (GCP) bottom-up model ensemble (Saunois et al., 2020) and the only current ML-
based global wetland methane emission upscaling product (McNicol et al., 2023). MF static wetland map in-
dicates a larger area of high wetland fraction in the West of the Ural Mountains than GLWD-SWAMPS and
WAD2M (Figure S1 in Supporting Information S1). GLWD-SWAMPS presented a larger wetland fraction in the
Saharan regions than MF and WAD2M. MF static wetland map is overall closer to WAD2M than GLWD-
SWAMPS.

To quantify the biases caused by the static wetland map assumptions, we calculated the difference in the annual
wetland emissions between the one masked by the transient wetland inundation map (dynamic,) and the one
masked by the static wetland inundation map (static,) during the overlapping years:

years
Bias = —— static, — dynamic
years IZ:; ( Ty )

where years is the amount of overlapping years and 7 is the specific year.

2.5. Future Projection

To study the spatial distribution and temporal dynamics of future CH, emission at the global scale, the gridded
ISIMIP3b climate data, WISE30sec soil properties, GDEM elevation data, wetland types, and climate types were
used to drive the MME to conduct projection on CH, flux at 0.5° X 0.5° spatial resolution from 1995 to 2100,
divided into baseline (1995-2014) and future period (2015-2100). Specifically, five GCMs from ISIMIP3b were
used to drive the MME. We chose ISIMIP3b because it bias-adjusted and statistically downscaled (BASD)
historic and future climate data from the latest GCMs (CMIP6). Also, ISIMIP3b has been widely used in other
related studies (D. Xu et al., 2024), which will further enable intercomparison. Before BASD, ISIMIP3b eval-
uated the performance of more than 20 candidate CMIP6 GCMs and found climate variables including air
temperature, precipitation, relative humidity, and short-wave radiant in GFDL-ESM4, MPI-ESM1-2-HR, MRI-
ESM2-0, IPSL-CM6A-LR, and UKESM1-0-LL outperform the other GCMs in the historical period. After
BASD, these five selected GCMs matched historical observation better and preserved the original warming signal
in CMIP6 (Lange, 2021). They can well represent the whole range of GCM ensemble simulation as GFDL-ESM4,
MPI-ESM1-2-HR, and MRI-ESM2-0 are low climate sensitivity while [PSL-CM6A-LR and UKESM1-0-LL are
high climate sensitivity (Lange, 2019). Then, we conducted future projections on future periods under SSP126,
SSP370, and SSP585 scenarios. SSP126 depicts a sustainable world with low emissions and a 1.8°C temperature
rise by 2100. SSP370 depicts higher emissions with regional conflicts, leading to a 2.6-4.7°C temperature in-
crease. SSP585 depicts a fossil-fuel-reliant world, resulting in a significant temperature rise of 3.3-5.7°C by 2100
(O’Neill et al., 2016).

To evaluate the spatial and temporal change of future CH, emissions, we calculated the spatial difference between
the 20-year average of the last 2 decades of this century (2080-2099) and the baseline (1995-2014). Then we
summarized the annual CH, emissions from 1995 to 2100 under SSP126, SSP370, and SSP585 scenarios and
presented spatial maps of future trends of CH, and the associated uncertainties by different MLs and different
GCMs. Specifically, we quantitatively assessed the temporal trend of annual methane emissions for each grid cell
by applying linear regression analysis: y = f, + f§; X Year, + ¢,. Here, y is the annual methane emissions in year ¢,
By is the intercept of the linear model, /3, is the slope, representing the trend in methane emissions over time, Year,
is the year at time ¢, and ¢, and ¢, is the error term. The ML model uncertainty was calculated from the STD of
methane emissions generated from different ML models while GCMs uncertainty was calculated from the STD of
methane emissions driven by different GCM climate forcing.

3. Results
3.1. Predictive Modeling
3.1.1. Model Performance

The median R? of six ML models ranged from 0.54 (DT) to 0.7 (RF) in the validation set (Figure 3). Tree-based
models have an overall higher average R?, smaller RMSE, and smaller rRMSE than neural networks-based
models. Within tree-based models, RF had a higher accuracy, with a median R? at 0.7, an RMSE at
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Figure 3. The comparisons of overall prediction accuracy from 10-fold cross-validation for methane emissions. The upper and bottom lines of the box represent the 25th
and 75th percentile of the R>, RMSE, and relative RMSE of 10 folds while the orange line represents the median.

72.3 mg CH, m~? day™" and a rRMSE at 43%. In terms of neural networks-based models, ANN has a higher
accuracy, with an R* at 0.62, RMSE at 78.5 mg CH, m~> day ', and rRMSE at 48%.

For the interannual variability, the median R* of standard deviation within a year of six ML models ranged from
0.55 (ANN) to 0.7 (RF and XGB) in the test set (Figure S2 in Supporting Information S1). Our models could well
capture the seasonal cycles of the field measurements in most sites (e.g., CA-SCB), except in some very low
methane emission sites like FR-LGT and US-NGC (Figure S3 in Supporting Information S1).

3.1.2. Methane Emission Response to Climatic and Environmental Variables

Dynamic climate variables account for 57% of feature importance on the average of 6 ML models. TAIR is the
most important feature overall: the average feature importance of TAIR in the 6 ML models is 23%. As shown in
Figure S4 of Supporting Information S1, except XGBoost, TAIR is assigned the highest feature importance by
DT, RF, ANN, GRU, and LSTM. RH is assigned the second highest feature importance by DT and the third by
RF. For the static variables, clelev and ORGC are the most important, accounting for 14.3% and 11.2% on the
average of 6 ML models, respectively. clelev is the second most important in RF, ANN, GRU, and LSTM while
fourth important in DT and XGB (Figure S4 in Supporting Information S1). ORGC is the third most important in
ANN, GRU, and LSTM. Also, it is noted that DT and RF assign large importance to a single feature (TAIR) while
XGB and NN-based models assign the feature importance more uniformly. It indicates that all six models can
capture important features (i.e., TAIR and clelev) but assign different importance to them. As a result, an
ensemble of these models can avoid overemphasizing any of the features, thus leading to more accurate results.

Also, partial dependent plots (PDPs) were used to investigate the nonlinear responses of wetland methane flux to
input variables. Only the PDPs derived from the RF model are shown in Figure 4 because six ML models show
similar responses and RF shows relatively better model performance. The increase in TAIR will lead to an in-
crease in methane emissions. The response curve of methane emissions to TAIR is nearly a straight line. After
exceeding 45%, methane emissions increase as the relative humidity increases. As surface downward solar ra-
diation (SOLAR) increased, methane emissions decreased. The higher elevation (clelev) is generally associated
with lower methane emissions. Methane emission increased as elevation increased after 250 m but the observed
samples are relatively sparse. Soil bulk density (BULK) has less impact on methane emission until it reaches
2.23 g cm™. After that, the increase in bulk will lead to an increase in methane emissions. Before reaching
40 g kg™', the increase in soil organic carbon content (ORGC) leads to a decrease in methane emissions, while
methane emissions will increase as ORGC becomes larger than 40 g kg™".

To show the marginal interaction effect of dynamic variables on methane emission, we plotted the 2-D partial
dependent plots (Figure 5). As air temperature (TAIR) increased, the surface downward solar radiation (SOLAR)
tended to influence methane emissions more significantly (Figure 5a). There is a notable hotspot in the plot where
SOLAR is smaller than 200 W m ™~ and (TAIR) is larger than 22°C, suggesting the optimal condition for methane
emissions. Similarly, as TAIR increased, the effect of relative humidity (RH) on methane emission became more
noticeable (Figure 5b). Higher relative humidity (larger than 80%) had a higher impact on methane emission when
the air temperature was larger than 22°C. The interaction between air temperature (TAIR) and precipitation
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Figure 4. Feature importance of input variables (left panel) and partial dependent plots (right panel) of random forest model. The vertical lines of x-axis represent the

density of in situ data.

(PREC) (Figure 5c) was less pronounced compared to SOLAR and RH. The PREC at less than 50 mm month ™
and TAIR larger than 22°C could be the optimal condition for methane emission.

3.2. Historical Global CH, Emissions

3.2.1. Temporal and Spatial Variations

From 2000 to 2012, GLWD-SWAMP transient wetland inundation data was used for multi-model ensemble
simulation. Areas near the equator especially the Amazon Basin, Central Africa, and the Arabian Peninsula are the

hotspots for wetland CH, emissions (Figure 6a). There is a noticeable increase in methane emissions from

(a) TAIR vs SOLAR 5 (b) TAIR vs RH

SOLAR

=30

-20 -10 0 10 20 30

TAIR

-30

-20 -10 0

TAIR

Figure 5. The 2-D partial dependent plots of two variables on methane emission (unit: mg CH, m~2 day™").

(c) TAIR vs PREC
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(a) With the transient wetland inundation map (GLWD-SWAMP)
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(b) With the transient wetland inundation map (WAD2M)
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(c) With the static wetland inundation map (MF)
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Figure 6. MME simulated global CH, wetland emissions with the (a) GLWD-SWAMP transient wetland inundation map
from 2000 to 2012 (b) WAD2M transient wetland inundation map from 2000 to 2020 and (c) MF static wetland inundation
map from 1979 to 2022.
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Figure 7. MME simulated global annual wetland emission trends with the GLWD-SWAMP transient wetland inundation map from 2000 to 2012 (in pink), WAD2M
transient wetland inundation map from 2000 to 2020 (in blue), and MF static wetland inundation map from 1979 to 2022 (in gray).

166.5+20.2 Tg CH, yr~' in 2000 to a peak of 176.7 +20.9 Tg CH, yr™" in 2003 (Figure 7). After reaching a peak in
2003, the trend is characterized by initial stabilization followed by fluctuating declines and a slight rebound in 2012
(Figure 7). The average global methane emission across all models is approximately 171.5 £ 19.9 Tg CH, yr!
(Table 1). The region of 0-30°N contributes the most emission of 75.5 # 8 Tg CH, yr™', accounting for 42% of the
global total wetland emissions.

From 2000 to 2020, WAD2M transient wetland inundation data indicated hotspots for wetland CH, emissions in
the near-equatorial areas including the Amazon and Sub-Saharan Africa (Figure 6b). It presented methane
emissions increased from 131.7 + 13.0 Tg CH, yr™' in 2000 to 146.1 + 12.3 Tg CH, yr™' in 2020. The average
global methane emission across all models is approximately 144.7 + 11.9 Tg CH, yr™"' (Table 2). Most methane
emissions are concentrated between regions 30°S—0° and 0-30°N, with average emissions of 56.6 = 4.9 and
55.9 + 4.3 Tg CH, yr™!, respectively.

From 1979 to 2022, MF static wetland map was used for multi-model ensemble simulation. Northern Europe and
near-equatorial areas (e.g., the center of South America and central Africa) are the hotspots for wetland methane
emissions (Figure 6¢). From an initial level of approximately 143.9 + 17.6 Tg CH, yr~' in 1979, the emissions
appear to trend upward to 148.5 + 12.9 Tg CH, yr™' in 2022, albeit with some variabilities (Figure 7). The peak
value is 154.3 + 11.7 Tg CH, yr~' (2015), and the trough value is 140.6 + 11.5 Tg CH, yr™' (1992). The average
global methane emission across all models is 146.6 + 12.2 Tg CH, yr~' (Table 3). Most methane emissions
appear to be concentrated between latitudes 30°S—0° and 0-30°N, with average emissions of 53.7 = 4 and
49.1 + 4.1 Tg CH, yr™ ', respectively. This suggests that equatorial regions might play significant contributors to
global methane emissions. On the other hand, the latitudinal range 60°N-90°N shows the lowest average methane
emissions at 13.4 + 3.3 Tg CH, yr~", suggesting less methane-producing activity in these regions.

Overall, there was a larger ML model uncertainty in the tropical regions (30°N-30°S) while smaller uncertainties
in temperate regions (>30°N) (Figure S5 in Supporting Information S1). Wetland CH, emissions estimated by the

Table 1
Historical Methane Emissions (Tg CH yr~!) With the ML Models From 2000 to 2012 Using the GLWD-SWAMP Transient
Wetland Inundation Map

Global 60°S-30°S 30°S-0° 0-30°N 30°N-60°N 60°N-90°N
DT 206.1 10.9 58.7 88.1 44.5 4
RF 182.7 8.5 56.3 79.7 34.1 4
XGB 158.1 7.5 48.6 68.5 29.7 39
ANN 142.1 2.7 443 63.6 26.1 5.4
GRU 172 4.7 52.8 79.5 29.4 5.6
LSTM 168.1 3.8 51.3 73.8 31.9 7.4
Average 171.5 6.3 52 75.5 32.6 5.1
STD 19.9 2.9 4.8 8 5.8 1.3
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Table 2
Historical Methane Emissions (Tg CH yr~!) With the ML Models From 2000 to 2020 Using the WAD2M Transient Wetland
Inundation Map
Global 60°S-30°S 30°S-0° 0-30°N 30°N-60°N 60°N-90°N
DT 159.4 10.4 61.7 57 27.2 3.1
RF 157.7 8.7 61.4 60.2 243 3.1
XGB 132.7 7.7 51.4 50.5 20.3 2.8
ANN 129.4 2.8 49.7 54.3 18.3 43
GRU 151.3 4.5 60.8 62.1 194 4.5
LSTM 138.1 34 54.5 514 22.1 6.6
Average 144.7 6.2 56.6 55.9 21.9 4.1
STD 11.9 2.8 4.9 43 3.1 1.3
WAD2M transient wetland inundation map and MF static wetland map presented a similar spatial distribution
except in Northern Europe (Figures 6b and 6c¢). They are also close for the perspective of the global annual
average: 144.7 + 11.9 Tg CH,, yr™"' for WAD2M maps and 146.6 + 12.2 Tg CH, yr~"' for MF maps. However, the
GLWD-SWAMP transient wetland inundation map estimated a higher annual average CH, emissions
(171.5 + 19.9 Tg CH, yr™!). Especially in region 0-30°N, models driven by GLWD-SWAMPS maps show
substantially higher average emissions of 75.5 + 8 Tg CH, yr~", as opposed to 55.9 + 4.3 Tg CH, yr~" in models
using WAD2M wetland distribution maps and 49.1 + 4.1 Tg CH, yr™" in models using MF wetland distribution
maps. This is because GLWD-SWAMPS indicated a large wetland proportion in the Sahara region while
WAD2M and MF do not.
If using MF static wetland maps for future projection, the biases caused by this assumption are
—3.7 + 0.7 Tg CH, yr~' compared with WAD2M wetland maps and 24.7 + 8.5 Tg CH, yr~' compared with
GLWD-SWAMP wetland maps.
3.2.2. Seasonality
The wetland methane emissions using transient and static wetland maps show generally similar seasonality
(Figure 8). Global CH, emissions are higher during JJA (June, July, and August; summer) and lower during DJF
(December, January, and February; winter) and have a higher uncertainty during JJA. The global peak methane
emission that occurred in the JJA at the global scale mainly corresponds with the warmer soil temperatures and
peak productivity at northern high latitudes. From a regional perspective, the 60°S—30°S region has the opposite
seasonality compared to global results. The 30°S—0 region has a two-peak shape. The 30°N—60°N and 60°N-
90°N regions are very similar to global results, with a peak at JJA. The wetland methane emissions using transient
and static wetland maps show differences in the region 0-30°N. The wetland methane emissions using the
Table 3
Historical Methane Emissions (Tg CH yr~!) Estimated With the ML Models During the Period 1979-2022 Using MF
Wetland Area
Global 60°S-30°S 30°8-0° 0-30°N 30°N-60°N 60°N-90°N
DT 160.1 9.3 57.7 54.7 26.8 11.5
RF 155.4 8.5 58.3 53.1 24.6 10.9
XGB 134.8 7.4 50.8 46.1 20.7 9.8
ANN 126.5 2.5 46.8 42.8 20.5 13.9
GRU 147.2 3.9 55.6 50.7 224 14.7
LSTM 155.7 33 52.8 47.1 32.6 19.9
Average 146.6 5.8 53.7 49.1 24.6 13.4
STD 12.2 2.7 4 4.1 4.2 33
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Figure 8. The mean seasonal cycle of model-predicted CH, flux (Tg CH, month™") with the (a) GLWD-SWAMP transient wetland inundation map from 2000 to 2012,
(b) WAD2M transient wetland inundation map from 2000 to 2020 and (c) MF static wetland inundation map from 1979 to 2022. The solid black line represents the
average of different ML models. The gray shadow represents the standard deviations.
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transient wetland map show a peak in the JJA while the wetland methane emissions using the static wetland map
show a peak in the MAM (March, April, and May; Spring).

3.3. Upscaling Future Global Methane Emissions
3.3.1. Spatial Distribution of CH, Emissions

The methane emissions will reach 165.8 + 11.6, 185.6 + 15.0, and 193.6 + 17.2 Tg CH, yr™" during the last two
decades of the 21st century under SSP126, SSP370, and SSP 585 scenarios, respectively. Our model simulations
during 2080-2099 under SSP126, SSP370, and SSP585 were compared with a baseline simulation (1995-2014)
(Figure 9). With the existing high methane emissions in the tropical area, the emission in the arctic and temperate
areas will significantly increase in the future largely due to temperature increase-induced melting of ice and snow
(Figure 9). Under the SSP126 scenario (Figure 9a), emission increases will be primarily from the La Plata Basin in
South America. Under the SSP370 scenario, the increase in methane emission will be larger in the La Plata Basin
and the increased areas will expand to western Siberia, Canadian lowlands, and Northern Europe (Figure 9b).
Under the SSP585, the emissions from wetlands in western Siberia and Canadian lowlands may increase by more
than 15 mg CH, m~> day™" (Figure 9c).

3.3.2. Temporal Trends of CH, Dynamics

Mean global annual CH, emissions from natural wetlands were projected to increase from 152 + 9.5 Tg CH,, yr™"
in 1995 to 165 + 11.2 Tg CH, yr! (SSP126), 193 + 17.3 Tg CH, yr' (SSP370), and 200 + 16.7 Tg CH, yr*
(SSP585) by 2100 (Figure 10). In the sustainability scenario (SSP126 scenario), which aims to keep the radiative
forcing to 2.6 W/m? by the year 2100, wetland CH, emissions are projected to peak around the 2060s, with an
average of ~167 Tg CH, yr™', and stay stable thereafter (Figure 10a). In the regional rivalry scenario (SSP370),
where countries emphasize energy security and access to resources rather than environmental concerns, methane
emissions will increase to ~190 Tg CH,, yr~' by the end of the century. In the fossil-fueled development Scenario
(SSP585), where the global economy grows rapidly and emphasis on fossil fuel use, the increase of methane
emission is significant, reaching 200 Tg CH, yr~! by the end of this century (Figure 10a).

In the future, methane emissions are projected to increase globally, with the hotspots in the temperate and arctic
regions and scatter distribution in South America (Figure S6 in Supporting Information S1). Regions 30°S—0° and
0-30°N contributed the most to the global methane emission (Figure 10a). The region of 30°S—0° increased
significantly under the SSP370 and SSP585 scenarios by the 2090s, which was agreed upon by most ML models.
However, there are some disagreements for 0-30°N. RF predicted methane emissions will increase by
1 Tg CH, yr™' and then slightly decrease by 0.5 Tg CH, yr~' (Figure 10b). However, LSTM predicted an
increasing trend of methane emission in the region 0—30°N (Figure 10c). The uncertainty of using ML models is
slightly larger than using different GCM climate forcing (Figures S7 and S8 in Supporting Information S1). The
hotspots with larger ML model uncertainty are the West of the Ural Mountains, South America, and Africa
(Figure S7 in Supporting Information S1) while the hotspots with larger GCM uncertainty are South America and
the West of the Ural Mountains (Figure S8 in Supporting Information S1).

4. Discussion
4.1. Performance of Various Machine Learning Models

In terms of individual model performance, RF and XGB have slightly higher accuracies than NN models. This is
due to the training samples being insufficient to well train the NN models in all regions. In terms of NN models,
ANN model has slightly better performance than the GRU and LSTM since both of them are designed for the
time-series feature variables while the input feature is not time series in this study. Therefore, due to the coarse
temporal resolution of the climate features, the performance of GRU and LSTM is limited. Also, models have
predicted different magnitudes of global annual mean methane emission. Specifically, ANN gave the lowest
emission estimates at 126.5 Tg CH, yr~' during 1979-2022 while DT gave the highest estimation at
160.1 Tg CH, yr™' (Table 3). We also examined the variations in the estimated trends of methane emissions in
2000-2099 by each model (Figure 6). These models have similar predictions regarding the trends of global
methane emissions. The high agreement is also observed in regions including northern mid- and high-latitude
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Figure 9. Multi-model ensemble (MME) future predictions of global mean wetland CH, emission distribution during 2081—
2099 comparing with baseline estimates during 1995-2014.
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Figure 10. Model future predictions of annual wetland emissions of different regions: The solid lines represent the average methane emissions driven by 5 GCMs. The
shaded areas represent the 1o range of the estimates from 5 GCMs. The green, blue, and orange colors represent model predictions driven by SSP126, SSP370, and
SSP585.
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regions. However, some disagreement occurs in the equatorial regions. For example, RF predicted a stagnation
pattern while LSTM predicted an increasing trend of methane emission in 0-30°N (Figure 10).

NN models show overall lower emissions than TB models. This is because most of the training samples are from
boreal regions, which corresponds to lower methane emissions compared to the other regions. Those samples
would contribute more to the model training. NN models are characterized by inherent complexity and the ca-
pacity to capture intricate patterns in big data. The limited availability of methane observation may limit the
generalization of NN models from boreal regions to tropical regions. Thus, NN tends to give lower-than-average
emission estimation. To balance the advantages and disadvantages of different models, we combined these six
machine learning models to develop the MME model estimates in this research. Future direction can include the
process-based model generated synthetic data as training samples to enrich the data set for NN models to fully
leverage the power of NN (L. Liu et al., 2022; Ma et al., 2024).

4.2. Effects of Input Variables on the Inventory

The spatial and temporal extent of anoxia, temperature, and substrate availability are the most essential factors
that contribute to wetland methane production (Saunois et al., 2020, pp. 2000-2017; Valentine et al., 1994; Wania
et al., 2010; Whalen, 2005). The related variables presented high importance in our model training process
(Figure 4 left panel).

Among all variables, climate variables, especially temperature, are the most important input features (Figure 4 left
panel). Methanogens predominantly exhibit mesophilic characteristics, typically favoring a temperature range of
3040°C for optimal growth (Whalen, 2005; Zinder, 1993). The higher temperature can accelerate methane
emission by enhancing microbial activity and the decomposition of organic matter in wetlands because methane is
primarily produced as a byproduct of anaerobic decomposition in wetlands. Precipitation has nonlinear effects on
methane emissions (Turetsky et al., 2014). The increase in precipitation enhances the methane emissions from
wetlands as it increases the formation of waterlogged soils, creating anoxic conditions for methanogens. How-
ever, excessive rainfall could constrain the methane flux because the diffusion through water will be constrained.
At the same time there may be also a decrease in plant carbon inputs to soils due to flooding or enhanced
availability of oxygen and other electron acceptors in flowing water (Turetsky et al., 2014). But at the same time,
temperature also plays a role and causes contrasting effects. Higher temperatures can enhance gross primary
productivity and lead to greater carbon allocation to root systems belowground as well as improve methane
diffusion. Higher solar radiation can promote plant growth, which is a source of organic matter. When they are
decomposed by microbes in anaerobic conditions, they will produce methane as a byproduct. However, beyond a
certain threshold, the higher solar radiation may be associated with dry months when the water table drops and
then reduces the methane emission.

Topography and soil also have a large impact on methane emissions (Figure 4 left panel). Higher elevations often
have better drainage which can lead to drier soil conditions, and in turn, can inhibit the activity of methanogenic
microbes that produce methane in waterlogged anaerobic conditions. For the soil properties, higher organic
carbon content in the soil potentially leads to an increase in methane emission because it can provide more
substrate for the microbes. Previous research found that steady-state fermentation and methanogenesis were
proportional to peat carbon, suggesting soil carbon is a strong predictor for methane production under long-term
anaerobic conditions (Blodau, 2011; Bonaiuti et al., 2017, 2020).

4.3. Effects of Various Wetland Distribution Data on the Inventory

The estimation of regional CH, emissions may be greatly affected by the choice of wetland data set being used.
The use of GLWD-SWAMPS, WAD2M, and MF wetland distribution maps resulted in different regional dis-
tributions of methane fluxes (Figure 6). MF static wetland map indicates a larger area of high wetland fraction in
the West of the Ural Mountains than GLWD-SWAMPS and WAD2M (Figure S1 in Supporting Information S1).
GLWD-SWAMPS presented a larger wetland fraction in the Saharan regions than MF and WAD2M. MF static
wetland map is overall closer to WAD2M than GLWD-SWAMPS. Also, GLWD-SWAMPS showed an
increasing trend while MF showed a decreasing trend (Figure 7). This is because the GLWD-SWAMPS considers
the impact of changes in wetland area on methane emissions, while the MF assumes that the wetland area remains
unchanged and only considers the impact of climate change. This finding was consistent with a previous study,
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which suggested that the increasing global wetland CH, emissions were mainly related to temperature and
changing global wetland area (Z. Zhang et al., 2017).

It is worth noting that the future projection is based on a static wetland map and may not capture the impacts of
global hydrological change on wetland distribution, especially in tropical/monsoon regions. The biases caused by
the static wetland assumption are —3.7 + 0.7 Tg CH, yr ' compared with WAD2M wetland maps and
24.7 + 8.5 Tg CH, yr~' compared with GLWD-SWAMP wetland maps. WAD2M could be a better reference to
quantify the biases caused by the static wetland map assumptions than GLWD-SWAMP. WAD2M is developed
based on GLWD-SWAMP. Compared with GLWD-SWAMP, (a) WAD2M used the updated inundated area
fraction derived from microwave remote sensing data set, SWAMPS v3.2; (b) WAD2M used multiple static
wetland maps as mergers while SWAMPS-GWLD only used GLWD; (c) WAD2M removed the lakes, ponds,
rivers, streams, and irrigated rice paddies and used a globally consistent ocean land mask (Z. Zhang et al., 2021).

4.4. Comparisons With Existing Estimates

Global wetland CH,, emissions and overall uncertainties of our MME simulation were 171.5 + 19.9 Tg CH, yr™*

during 2000-2012 using GLWD-SWAMP transient wetland area, 144.7 + 11.9 Tg CH, yr~' during 2000-2020
using WAD2M V2 transient wetland map, and 146.6 + 12.2 Tg CH, yr~' during 1979-2022 using MF static
wetland area. Our result (144.7 + 11.9 Tg CH, yr~', WAD2M) agrees with the only current ML-based global
upscaling product (McNicol et al., 2023), which was generated from the random forest model and reported an
average of 146 + 42,7 Tg CH, yr™" using climate variables from MERRA-2 reanalysis, remote sensing data, and
WAD2M wetland area (McNicol et al., 2023). Our GLWD-SWAMP results (171.5 £ 19.9 Tg CH, yr_') are close
to our past estimates using the process-based Terrestrial Ecosystem Model (TEM) model, which indicated that the
global wetland emissions ranged from 186 to 212 CH, year™' during 2000-2012 (L. Liu et al., 2020). Compared
with some other studies, our results also fall within the given range. For example, recent intra-model comparison
studies reported a mean value of 183 Tg CH, yr~! with a range of 151-222 Tg CH, yr~! from 2000 to 2012
(Saunois et al., 2016) and a range of 102-200 Tg CH, yr~" from 2000 to 2017 (Saunois et al., 2020). Kirschke
et al. reported a mean value of 217 Tg CH, yr~' with a range of 177-284 Tg CH, yr™", which is slightly higher
than ours (Kirschke et al., 2013).

Spatially, our results suggested that the tropics are a major emission source (Figure 6). This is consistent with
previous findings from inversion and observational studies in the Amazon Basin, indicating the region is a
substantial source of methane (Devol et al., 1988; Pangala et al., 2017). Specifically, our estimates are
118.7 Tg CH, yr~" in 60°S=30°N from 2000 to 2020 using the WAD2M V2 map and 108.6 Tg CH,, yr~' from
1979 to 2022 using the MF map. Comparatively, the methane emissions presented in previous studies were
118 Tg CH, yr~' (McNicol et al., 2023), which is close to our estimates. Saunois et al. estimated that 71—
155 Tg CH, yr™" in 30°S—-0°, 11-44 Tg CH, yr~" in 30°N-60°N and 2-18 Tg CH, yr" in 60°N-90°N (Saunois
et al., 2020). Our estimates fall within the ranges (Tables 1-3).

Our MME projected that wetland methane emission would increase by 13.1% (SSP126), 26.6% (SSP370), and
32.0% (SSP585) by 2080-2099. It was projected to increase from 152 + 9.5 Tg CH, yr™' in 1995 to
165 + 11.2 Tg CH, yr™' (SSP126), 193 + 17.3 Tg CH, yr™' (S§SP370), and 200 + 16.7 Tg CH, yr™' (SSP585) by
2100 (Figure 10). The existing future projections based on process-based models are larger than our projections.
Shindell et al. (2013) used the GISS climate model (GISS—E?2) in support of Coupled Model Intercomparison
Project Phase 5 (CMIPS5) and projected future wetland methane will increase by 20% under RCP 8.5 until 2100
(Shindell et al., 2013). Specifically, they predicted that it will increase from around 195 Tg CH, yr™' in 2005 to
202 (RCP 2.6) and 236 (RCP 8.5) Tg CH, yr! in 2100. Koffi et al. (2020) developed an atmospheric inverse
model of CH, fluxes based on observed temperature and precipitation and then projected current emissions will
increase from 175 Tg CH, yr™' to 190 (RCP2.6) and 290 (RCP8.5) Tg CH, yr' in 2100 using CMIP5 climate
forcing (Koffi et al., 2020). Its estimates of RCP2.6 are similar to our result, but there is a significant difference in
the estimates of RCP8.5 (238 + 27 vs. 290 Tg CH,, yr"). Z. Zhang et al. (2017) used LPJ-wsl driven by CMIP5
climate forcing and show the mean global annual methane emissions from natural wetlands will increase from
172 + 12 Tg CH, yr" in 2000 to 221.6 + 15 (RCP2.6), and 338 + 28 Tg CH, yr™' (RCP8.5) in 2100 (Z. Zhang
et al., 2017, 2023), which are overall higher than our results and there are also large differences in RCP8.5. They
used a larger wetland distribution map and considered the change of wetland area over time, which could explain
the higher values. It is worth mentioning that another recent study using MPI-ESM and CMIP6 projected around
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280 (SSP126), 450 (SSP370), and 500 (SSP585) Tg CH, yr' in 2100, which is significantly larger than all the
above projections (Kleinen et al., 2021).

4.5. Uncertainty and Limitations

Some uncertainties and limitations in this research need to be considered. First, wetland area maps can be the
major uncertainty source, as also identified in previous studies (L. Liu et al., 2020; McNicol et al., 2023; Melton
et al., 2013; Z. Zhang et al., 2017). Minor inaccuracies in the determination of wetland areas and their classifi-
cation can result in considerable disparities in the estimation of methane flux at the regional level (Tian
et al., 2015). Second, input variables derived from different general climate models (GCMs) also introduce
uncertainty. This study finds that the uncertainty originating from various GCMs is relatively minimal during
historical periods but tends to increase over time (Figures 10b and 10c). Third, the uncertainties can be from the
ML models. The uncertainty associated with different ML models is found to be greater than that of GCMs in this
study (Figures S7 and S8 in Supporting Information S1). The model uncertainties can be attributed to the different
model structures and the black-box nature of current ML approaches, which causes large uncertainty in
extrapolation or out-of-sample projections (Hutson, 2022). Future direction can be incorporating scientific
knowledge into the ML models to guide the projection (Irrgang et al., 2021; Reichstein et al., 2019; Willard
et al., 2022). Fourthly, WISE30sec soil properties database used in the study is generated from ~21,000 soil
profiles and designed for broad-scale modeling (Batjes, 2016). Although it was widely used as reference data in
wetland-related literature (Qiu et al., 2019), wetland soils are often minority cover types at the landscape scale.
Using wetland-specific soil properties databases will further improve the accuracy of our future research. Lastly,
the limitation of in situ data also introduced uncertainties. Methane emissions from tropical areas contribute
significantly to the global sum. Although the sites used in this research cover the sites used in McNicol
et al. (2023), data available from these regions are considerably less abundant than from other regions. This
imbalance in data availability, coupled with insufficient data for training machine learning models, hampers the
overall performance and accuracy of these models.

5. Conclusions

This study quantifies the global wetland methane emissions in contemporary and future periods by integrating a
machine learning-based MME approach, wetland CH, flux measurements from both chamber and EC flux tower,
and their associated environmental data. We find that global mean annual wetland CH, emissions are
171.5 Tg CH, yr—" with an uncertainty range of 142.1-206.1 Tg CH,, yr~" during 2000-2012 using the transient
wetland inundation data. By using the static wetland distribution data, the emissions are estimated to be
146.6 + 12.2 Tg CH, yr~" during 1979-2022 but have large differences in regional distributions. The estimated
emissions will reach 165.8 £ 11.6, 185.6 + 15.0, and 193.6 £ 17.2 Tg CH, yr~!in the last two decades of the 21st
century when using the SSP126, SSP370, and SSP585, respectively. Among the six models tested, RF has the best
performance in the validation set, with an RMSE at 72.3 mg CH, m~2 day™". In contrast, DT has the lowest
accuracy, with an RMSE of 90.1 mg CH, m™~> day ™. Northern Europe and near-equatorial areas are the hotspots
of wetland methane emissions. The global wetland CH, emissions are most sensitive to changes in temperature,
soil organic matter, elevation, and relative humidity. This study has provided valuable insights into methane
emission from a data-driven perspective and called for the need for comprehensive CH, measurements, especially
in arid and tropical regions, and better characterization of variations of wetlands to improve future inventorying of
wetland CH, emissions at the global scale.

Data Availability Statement

The ERAS climate data are available in Hersbach et al. (2023). The ISIMIP3b climate data are available in Lange
and Biichner (2021). The site-level CH, flux data obtained from 35 chamber sites and 47 eddy covariance sites are
available in S. Chen et al. (2024b). The generated CH, emissions data are available in S. Chen et al. (2024a).

References

Anderson, B., Bartlett, K. B., Frolking, S., Hayhoe, K., Jenkins, J. C., & Salas, W. A. (2010). Methane and nitrous oxide emissions from natural
sources.

Arneth, A., Sitch, S., Bondeau, A., Butterbach-Bahl, K., Foster, P., Gedney, N., et al. (2010). From biota to chemistry and climate: Towards a
comprehensive description of trace gas exchange between the biosphere and atmosphere.

RIGHTS L | M Hdz

19 of 24

85U8017 SUOLLILLIOD 3A (810 3|deol|dde a3 Aq pausenob ae ssolie VO ‘@SN Jo Sa|nJ 1oy Afeiq) 3ulUO 8|1 UO (SUORIPUOD-pUR-SUB) D" A3 1M Akeiq 1 Bul[UO//SANY) SUORIPUOD PUe SWB | 8L 885 *[7202/TT/20] U0 A%iqi 8ulluo A8|IM ‘0EEF0043€202/620T OT/I0pW00 Ao im" Areiqijpuliuosqndnfe//:sdny wouy papeojumoa ‘TT ‘7202 ‘LL278282


https://agupubs.onlinelibrary.wiley.com/action/rightsLink?doi=10.1029%2F2023EF004330&mode=

ADVANCING EARTH

AND SPACE SCIENCES

Earth's Future 10.1029/2023EF004330

Bansal, S., Post van der Burg, M., Fern, R. R., Jones, J. W., Lo, R., McKenna, O. P., et al. (2023). Large increases in methane emissions expected
from North America’s largest wetland complex. Science Advances, 9(9), eade1112. https://doi.org/10.1126/sciadv.ade1112

Batjes, N. H. (2016). Harmonized soil property values for broad-scale modelling (WISE30sec) with estimates of global soil carbon stocks.
Geoderma, 269, 61-68. https://doi.org/10.1016/j.geoderma.2016.01.034

Beck, H. E., McVicar, T. R., Vergopolan, N., Berg, A., Lutsko, N. J., Dufour, A., et al. (2023). High-resolution (1 km) Képpen-Geiger maps for
1901-2099 based on constrained CMIP6 projections. Scientific Data, 10(1), 724. https://doi.org/10.1038/s41597-023-02549-6

Blodau, C. (2011). Thermodynamic control on terminal electron transfer and methanogenesis. In Aquatic redox chemistry (Vol. 1071, pp. 65-83).
American Chemical Society. https://doi.org/10.1021/bk-2011-1071.ch004

Bloom, A. A., Bowman, K. W., Lee, M., Turner, A. J., Schroeder, R., Worden, J. R., et al. (2017). A global wetland methane emissions and
uncertainty dataset for atmospheric chemical transport models (WetCHARTS version 1.0). Geoscientific Model Development, 10(6), 2141—
2156. https://doi.org/10.5194/gmd-10-2141-2017

Bomers, A., van der Meulen, B., Schielen, R. M. J., & Hulscher, S.J. M. H. (2019). Historic flood reconstruction with the use of an artificial neural
network. Water Resources Research, 55(11), 9673-9688. https://doi.org/10.1029/2019WR025656

Bonaiuti, S., Blodau, C., & Knorr, K.-H. (2017). Transport, anoxia and end-product accumulation control carbon dioxide and methane production
and release in peat soils. Biogeochemistry, 133(2), 219-239. https://doi.org/10.1007/s10533-017-0328-7

Bonaiuti, S., Blodau, C., & Knorr, K.-H. (2020). Evaluating biogeochemical indicators of methanogenic conditions and thermodynamic con-
straints in peat. Applied Geochemistry, 114, 104471. https://doi.org/10.1016/j.apgeochem.2019.104471

Breiman, L. (2001). Random forests. Machine Learning, 45(1), 5-32. https://doi.org/10.1023/A:1010933404324

Breiman, L., Friedman, J., Stone, C. J., & Olshen, R. A. (1984). Classification and regression trees. CRC Press.

Calvin, K., Dasgupta, D., Krinner, G., Mukherji, A., Thorne, P. W., Trisos, C., et al. (2023). IPCC, 2023: Climate change 2023: Synthesis Report.
In Core Writing Team, H. Lee, & J. Romero (Eds.), Contribution of working groups I, II and III to the sixth assessment report of the inter-
governmental panel on climate change, IPCC. Intergovernmental Panel on Climate Change (IPCC). (First). https://doi.org/10.59327/IPCC/
AR6-9789291691647

Cao, M., Marshall, S., & Gregson, K. (1996). Global carbon exchange and methane emissions from natural wetlands: Application of a process-
based model. Journal of Geophysical Research, 101(D9), 14399-14414. https://doi.org/10.1029/96JD00219

Chen, S., Liu, L., Ma, Y., Zhuang, Q., & Shurpali, N. (2024a). Historical and future global wetland methane emissions from 1979 to 2100
[Dataset]. Zenodo. https://doi.org/10.5281/zenodo.12696383

Chen, S., Liu, L., Ma, Y., Zhuang, Q., & Shurpali, N. (2024b). Site-level CH, flux data obtained from 35 chamber sites and 47 eddy covariance
sites [Dataset]. Zenodo. https://doi.org/10.5281/zenodo.11002229

Chen, S., Liu, W., Feng, P., Ye, T., Ma, Y., & Zhang, Z. (2022). Improving spatial disaggregation of crop yield by incorporating machine learning
with multisource data: A case study of Chinese maize yield. Remote Sensing, 14(10), 2340. https://doi.org/10.3390/rs14102340

Chen, T., & Guestrin, C. (2016). XGBoost: A scalable tree boosting system. In Proceedings of the 22nd ACM SIGKDD international conference
on knowledge discovery and data mining (pp. 785-794). https://doi.org/10.1145/2939672.2939785

Chu, H., Baldocchi, D. D., John, R., Wolf, S., & Reichstein, M. (2017). Fluxes all of the time? A primer on the temporal representativeness of
FLUXNET. Journal of Geophysical Research: Biogeosciences, 122(2), 289-307. https://doi.org/10.1002/2016JG003576

Ciais, P., Sabine, C., Bala, G., Bopp, L., Brovkin, V., Canadell, J., et al. (2013). Carbon and other biogeochemical cycles. In Climate change 2013:
The physical science basis. Contribution of working group I to the fifth assessment report of the intergovernmental panel on climate change.

Delon, C., Serca, D., Boissard, C., Dupont, R., Dutot, A., Laville, P., et al. (2007). Soil NO emissions modelling using artificial neural network.
Tellus B: Chemical and Physical Meteorology, 59(3), 502-513. https://doi.org/10.1111/j.1600-0889.2007.00254.x

Delwiche, K. B., Knox, S. H., Malhotra, A., Fluet-Chouinard, E., McNicol, G., Feron, S., et al. (2021). FLUXNET-CH,: A global, multi-
ecosystem dataset and analysis of methane seasonality from freshwater wetlands. Earth System Science Data, 13(7), 3607-3689. https://
doi.org/10.5194/essd-13-3607-2021

Devol, A. H., Richey, J. E., Clark, W. A,, King, S. L., & Martinelli, L. A. (1988). Methane emissions to the troposphere from the Amazon
floodplain. Journal of Geophysical Research, 93(D2), 1583-1592. https://doi.org/10.1029/JD093iD02p01583

Dlugokencky, E. J., Bruhwiler, L., White, J. W. C., Emmons, L. K., Novelli, P. C., Montzka, S. A., et al. (2009). Observational constraints on
recent increases in the atmospheric CH, burden. Geophysical Research Letters, 36(18), L18803. https://doi.org/10.1029/2009GL039780

Dupont, R., Butterbach-Bahl, K., Delon, C., Bruggemann, N., & Serca, D. (2008). Neural network treatment of 4 years long NO measurement in
temperate spruce and beech forests. Journal of Geophysical Research, 113(G4), G04001. https://doi.org/10.1029/2007JG000665

Feng, L., Zhang, Z., Ma, Y., Du, Q., Williams, P., Drewry, J., & Luck, B. (2020). Alfalfa yield prediction using UAV-based hyperspectral imagery
and ensemble learning. Remote Sensing, 12(12), 2028. https://doi.org/10.3390/rs12122028

Gromping, U. (2009). Variable importance assessment in regression: Linear regression versus random forest. The American Statistician, 63(4),
308-319. https://doi.org/10.1198/tast.2009.08199

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Hordnyi, A., Mufioz Sabater, J., et al. (2023). ERAS monthly averaged data on single levels from
1940 to present [Dataset]. Copernicus Climate Change Service (C3S) Climate Data Store (CDS). https://doi.org/10.24381/cds.f17050d7

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horanyi, A., Mufioz-Sabater, J., et al. (2020). The ERAS global reanalysis. Quarterly Journal
of the Royal Meteorological Society, 146(730), 1999-2049. https://doi.org/10.1002/qj.3803

Hochreiter, S., & Schmidhuber, J. (1997). Long short-term memory. Neural Computation, 98), 1735-1780. https://doi.org/10.1162/neco0.1997.9.
8.1735

Hutson, M. (2022). Taught to the test. Science (New York, NY), 376(6593), 570-573. https://doi.org/10.1126/science.abq7833

Irrgang, C., Boers, N., Sonnewald, M., Barnes, E. A., Kadow, C., Staneva, J., & Saynisch-Wagner, J. (2021). Towards neural Earth system
modelling by integrating artificial intelligence in Earth system science. Nature Machine Intelligence, 3(8), 667-674. https://doi.org/10.1038/
$42256-021-00374-3

Irvin, J., Zhou, S., McNicol, G., Lu, F., Liu, V., Fluet-Chouinard, E., et al. (2021). Gap-filling eddy covariance methane fluxes: Comparison of
machine learning model predictions and uncertainties at FLUXNET-CH, wetlands. Agricultural and Forest Meteorology, 308-309, 108528.
https://doi.org/10.1016/j.agrformet.2021.108528

Kim, Y., Johnson, M. S., Knox, S. H., Black, T. A., Dalmagro, H. J., Kang, M., et al. (2020). Gap-filling approaches for eddy covariance methane
fluxes: A comparison of three machine learning algorithms and a traditional method with principal component analysis. Global Change
Biology, 26(3), 1499-1518. https://doi.org/10.1111/gcb.14845

Kirschke, S., Bousquet, P., Ciais, P., Saunois, M., Canadell, J. G., Dlugokencky, E. J., et al. (2013). Three decades of global methane sources and
sinks. Nature Geoscience, 6(10), 813—-823. https://doi.org/10.1038/ngeo1955

Kleinen, T., Gromov, S., Steil, B., & Brovkin, V. (2021). Atmospheric methane underestimated in future climate projections. Environmental
Research Letters, 16(9), 094006. https://doi.org/10.1088/1748-9326/ac1814

RIGHTS

A |

20 of 24

85U8017 SUOLIWOD aAER.D) 8|edljdde ay) Ag peussnob afe sejoile YO ‘8sn JO Sa|nJ 4o} Akl 8UIjUO A8|IA\ UO (SUONIPUOD-pUe-SLLB)W0Y A 1M Arelq Ul juo//Sdny) SUoNIpUOD pue swis 1 8u1 88S *[y202/TT/20] uo Ariqiauliuo A8|IM ‘0EEP0043E202/620T 0T/10p/W0d As 1M Arelqipuluo sgndnfe//:sdny wouy pepeojumod ‘TT ‘¥202 'LLZ¥82ET


https://doi.org/10.1126/sciadv.ade1112
https://doi.org/10.1016/j.geoderma.2016.01.034
https://doi.org/10.1038/s41597-023-02549-6
https://doi.org/10.1021/bk-2011-1071.ch004
https://doi.org/10.5194/gmd-10-2141-2017
https://doi.org/10.1029/2019WR025656
https://doi.org/10.1007/s10533-017-0328-7
https://doi.org/10.1016/j.apgeochem.2019.104471
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.59327/IPCC/AR6-9789291691647
https://doi.org/10.59327/IPCC/AR6-9789291691647
https://doi.org/10.1029/96JD00219
https://doi.org/10.5281/zenodo.12696383
https://doi.org/10.5281/zenodo.11002229
https://doi.org/10.3390/rs14102340
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1002/2016JG003576
https://doi.org/10.1111/j.1600-0889.2007.00254.x
https://doi.org/10.5194/essd-13-3607-2021
https://doi.org/10.5194/essd-13-3607-2021
https://doi.org/10.1029/JD093iD02p01583
https://doi.org/10.1029/2009GL039780
https://doi.org/10.1029/2007JG000665
https://doi.org/10.3390/rs12122028
https://doi.org/10.1198/tast.2009.08199
https://doi.org/10.24381/cds.f17050d7
https://doi.org/10.1002/qj.3803
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1126/science.abq7833
https://doi.org/10.1038/s42256-021-00374-3
https://doi.org/10.1038/s42256-021-00374-3
https://doi.org/10.1016/j.agrformet.2021.108528
https://doi.org/10.1111/gcb.14845
https://doi.org/10.1038/ngeo1955
https://doi.org/10.1088/1748-9326/ac1814
https://agupubs.onlinelibrary.wiley.com/action/rightsLink?doi=10.1029%2F2023EF004330&mode=

ADVANCING EARTH

AND SPACE SCIENCES

Earth's Future 10.1029/2023EF004330

Koffi, E. N., Bergamaschi, P., Alkama, R., & Cescatti, A. (2020). An observation-constrained assessment of the climate sensitivity and future
trajectories of wetland methane emissions. Science Advances, 6(15), eaay4444. https://doi.org/10.1126/sciadv.aay4444

Kuhn, M. A., Varner, R. K., Bastviken, D., Crill, P., MacIntyre, S., Turetsky, M., et al. (2021). BAWLD-CH,: A comprehensive dataset of
methane fluxes from boreal and arctic ecosystems. Earth System Science Data, 13(11), 5151-5189. https://doi.org/10.5194/essd-13-5151-2021

Lan, X., Thoning, K. W., & Dlugokencky, E. J. (2022). Trends in globally-averaged CH,, N,O, and SF determined from NOAA Global
Monitoring Laboratory measurements. Version 2023-11. https://doi.org/10.15138/P8XG-AA10

Lange, S. (2019). Trend-preserving bias adjustment and statistical downscaling with ISIMIP3BASD (v1.0). Geoscientific Model Development,
12(7), 3055-3070. https://doi.org/10.5194/gmd-12-3055-2019

Lange, S. (2021). ISIMIP3b bias adjustment fact sheet. Retrieved from https://www.isimip.org/gettingstarted/isimip3b-bias-adjustment/

Lange, S., & Biichner, M. (2021). ISIMIP3b bias-adjusted atmospheric climate input data (version 1.1) [Dataset]. ISIMIP Repository. https://doi.
org/10.48364/ISIMIP.842396.1

Lehner, B., & Doll, P. (2004). Development and validation of a global database of lakes, reservoirs and wetlands. Journal of Hydrology, 296(1), 1—
22. https://doi.org/10.1016/j.jhydrol.2004.03.028

Li, C. S. (2000). Modeling trace gas emissions from agricultural ecosystems. In R. Wassmann, R. S. Lantin, & H.-U. Neue (Eds.), Methane
emissions from major rice ecosystems in Asia (pp. 259-276). Springer Netherlands. https://doi.org/10.1007/978-94-010-0898-3_20

Liu, L., Xu, S., Tang, J., Guan, K., Griffis, T. J., Erickson, M. D., et al. (2022). KGML-ag: A modeling framework of knowledge-guided machine
learning to simulate agroecosystems: A case study of estimating N,O emission using data from mesocosm experiments. Geoscientific Model
Development, 15(7), 2839-2858. https://doi.org/10.5194/gmd-15-2839-2022

Liu, L., Zhuang, Q., Oh, Y., Shurpali, N. J., Kim, S., & Poulter, B. (2020). Uncertainty quantification of global net methane emissions from
terrestrial ecosystems using a mechanistically based biogeochemistry model. Journal of Geophysical Research: Biogeosciences, 125(6),
€2019JG005428. https://doi.org/10.1029/20191G005428

Liu, S., Zhuang, Q., He, Y., Noormets, A., Chen, J., & Gu, L. (2016). Evaluating atmospheric CO, effects on gross primary productivity and net
ecosystem exchanges of terrestrial ecosystems in the conterminous United States using the AmeriFlux data and an artificial neural network
approach. Agricultural and Forest Meteorology, 220, 38-49. https://doi.org/10.1016/j.agrformet.2016.01.007

Luo, R., Wang, J., & Gates, 1. (2023). Machine learning for accurate methane concentration predictions: Short-term training, long-term results.
Environmental Research Communications, 5(8), 081003. https://doi.org/10.1088/2515-7620/acf0a3

Ma, Y., Chen, S., Ermon, S., & Lobell, D. B. (2024). Transfer learning in environmental remote sensing. Remote Sensing of Environment, 301,
113924. https://doi.org/10.1016/j.rse.2023.113924

Matthews, E., & Fung, I. (1987). Methane emission from natural wetlands: Global distribution, area, and environmental characteristics of sources.
Global Biogeochemical Cycles, 1(1), 61-86. https://doi.org/10.1029/gb001i001p00061

McNicol, G., Fluet-Chouinard, E., Ouyang, Z., Knox, S., Zhang, Z., Aalto, T., et al. (2023). Upscaling wetland methane emissions from the
FLUXNET-CH,, eddy covariance network (UpCH4 v1.0): Model development, network assessment, and budget comparison. AGU Advances,
4(5), €2023AV000956. https://doi.org/10.1029/2023AV000956

Melillo, J. M., McGuire, A. D., Kicklighter, D. W., Moore, B., Vorosmarty, C. J., & Schloss, A. L. (1993). Global climate change and terrestrial
net primary production. Nature, 363(6426), 234-240. https://doi.org/10.1038/363234a0

Melton, J. R., Wania, R., Hodson, E. L., Poulter, B., Ringeval, B., Spahni, R., et al. (2013). Present state of global wetland extent and wetland
methane modelling: Conclusions from a model inter-comparison project (WETCHIMP). Biogeosciences, 10(2), 753-788. https://doi.org/10.
5194/bg-10-753-2013

Meng, L., Hess, P. G. M., Mahowald, N. M., Yavitt, J. B., Riley, W. J., Subin, Z. M., et al. (2012). Sensitivity of wetland methane emissions to
model assumptions: Application and model testing against site observations. Biogeosciences, X7), 2793-2819. https://doi.org/10.5194/bg-9-
2793-2012

Nisbet, E. G., Dlugokencky, E. J., & Bousquet, P. (2014). Methane on the rise—Again. Science, 343(6170), 493—495. https://doi.org/10.1126/
science.1247828

O’Neill, B. C., Tebaldi, C., Van Vuuren, D. P, Eyring, V., Friedlingstein, P., Hurtt, G., et al. (2016). The scenario model intercomparison project
(ScenarioMIP) for CMIP6. Geoscientific Model Development, 99), 3461-3482. https://doi.org/10.5194/gmd-9-3461-2016

Pangala, S. R., Enrich-Prast, A., Basso, L. S., Peixoto, R. B., Bastviken, D., Hornibrook, E. R. C., et al. (2017). Large emissions from floodplain
trees close the Amazon methane budget. Nature, 552(7684), 230-234. https://doi.org/10.1038/nature24639

Poulter, B., Bousquet, P., Canadell, J. G., Ciais, P., Peregon, A., Saunois, M., et al. (2017). Global wetland contribution to 2000-2012 atmospheric
methane growth rate dynamics. Environmental Research Letters, 12(9), 094013. https://doi.org/10.1088/1748-9326/aa8391

Qiu, C., Zhu, D., Ciais, P., Guenet, B., Peng, S., Krinner, G., et al. (2019). Modelling northern peatland area and carbon dynamics since the
Holocene with the ORCHIDEE-PEAT land surface model (SVN r5488). Geoscientific Model Development, 12(7), 2961-2982. https://doi.org/
10.5194/gmd-12-2961-2019

Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., Carvalhais, N., & Prabhat, F. (2019). Deep learning and process under-
standing for data-driven Earth system science. Nature, 566(7743), 195-204. https://doi.org/10.1038/s41586-019-0912-1

Rosenzweig, C., Elliott, J., Deryng, D., Ruane, A. C., Miiller, C., Arneth, A., et al. (2014). Assessing agricultural risks of climate change in the 21st
century in a global gridded crop model intercomparison. Proceedings of the National Academy of Sciences of the United States of America,
111(9), 3268-3273. https://doi.org/10.1073/pnas.1222463110

Saunois, M., Bousquet, P., Poulter, B., Peregon, A., Ciais, P., Canadell, J. G., et al. (2016). The global methane budget 2000-2012. Earth System
Science Data, 8(2), 697-751. https://doi.org/10.5194/essd-8-697-2016

Saunois, M., Stavert, A. R., Poulter, B., Bousquet, P., Canadell, J. G., Jackson, R. B., et al. (2020). The global methane budget 2000-2017. Earth
System Science Data, 12(3), 1561-1623. https://doi.org/10.5194/essd-12-1561-2020

Schaefer, H., Fletcher, S. E. M., Veidt, C., Lassey, K. R., Brailsford, G. W., Bromley, T. M., et al. (2016). A 21st-century shift from fossil-fuel to
biogenic methane emissions indicated by ]3CH4. Science, 352(6281), 80-84. https://doi.org/10.1126/science.aad2705

Schroeder, R., McDonald, K. C., Chapman, B. D., Jensen, K., Podest, E., Tessler, Z. D., et al. (2015). Development and evaluation of a multi-year
fractional surface water data set derived from active/passive microwave remote sensing data. Remote Sensing, 7(12), 16688—16732. https://doi.
org/10.3390/rs71215843

Shindell, D. T., Pechony, O., Voulgarakis, A., Faluvegi, G., Nazarenko, L., Lamarque, J.-F., et al. (2013). Interactive ozone and methane
chemistry in GISS-E2 historical and future climate simulations. Atmospheric Chemistry and Physics, 13(5), 2653-2689. https://doi.org/10.
5194/acp-13-2653-2013

Tian, H., Chen, G., Lu, C., Xu, X., Ren, W., Zhang, B., et al. (2015). Global methane and nitrous oxide emissions from terrestrial ecosystems due
to multiple environmental changes. Ecosystem Health and Sustainability, 1(1), 1-20. https://doi.org/10.1890/EHS14-0015.1

RIGHTS

A |

21 of 24

85U8017 SUOLIWOD aAER.D) 8|edljdde ay) Ag peussnob afe sejoile YO ‘8sn JO Sa|nJ 4o} Akl 8UIjUO A8|IA\ UO (SUONIPUOD-pUe-SLLB)W0Y A 1M Arelq Ul juo//Sdny) SUoNIpUOD pue swis 1 8u1 88S *[y202/TT/20] uo Ariqiauliuo A8|IM ‘0EEP0043E202/620T 0T/10p/W0d As 1M Arelqipuluo sgndnfe//:sdny wouy pepeojumod ‘TT ‘¥202 'LLZ¥82ET


https://doi.org/10.1126/sciadv.aay4444
https://doi.org/10.5194/essd-13-5151-2021
https://doi.org/10.15138/P8XG-AA10
https://doi.org/10.5194/gmd-12-3055-2019
https://www.isimip.org/gettingstarted/isimip3b-bias-adjustment/
https://doi.org/10.48364/ISIMIP.842396.1
https://doi.org/10.48364/ISIMIP.842396.1
https://doi.org/10.1016/j.jhydrol.2004.03.028
https://doi.org/10.1007/978-94-010-0898-3_20
https://doi.org/10.5194/gmd-15-2839-2022
https://doi.org/10.1029/2019JG005428
https://doi.org/10.1016/j.agrformet.2016.01.007
https://doi.org/10.1088/2515-7620/acf0a3
https://doi.org/10.1016/j.rse.2023.113924
https://doi.org/10.1029/gb001i001p00061
https://doi.org/10.1029/2023AV000956
https://doi.org/10.1038/363234a0
https://doi.org/10.5194/bg-10-753-2013
https://doi.org/10.5194/bg-10-753-2013
https://doi.org/10.5194/bg-9-2793-2012
https://doi.org/10.5194/bg-9-2793-2012
https://doi.org/10.1126/science.1247828
https://doi.org/10.1126/science.1247828
https://doi.org/10.5194/gmd-9-3461-2016
https://doi.org/10.1038/nature24639
https://doi.org/10.1088/1748-9326/aa8391
https://doi.org/10.5194/gmd-12-2961-2019
https://doi.org/10.5194/gmd-12-2961-2019
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1073/pnas.1222463110
https://doi.org/10.5194/essd-8-697-2016
https://doi.org/10.5194/essd-12-1561-2020
https://doi.org/10.1126/science.aad2705
https://doi.org/10.3390/rs71215843
https://doi.org/10.3390/rs71215843
https://doi.org/10.5194/acp-13-2653-2013
https://doi.org/10.5194/acp-13-2653-2013
https://doi.org/10.1890/EHS14-0015.1
https://agupubs.onlinelibrary.wiley.com/action/rightsLink?doi=10.1029%2F2023EF004330&mode=

ADVANCING EARTH

AND SPACE SCIENCES

Earth's Future 10.1029/2023EF004330

Toutin, T. (2002). Three-dimensional topographic mapping with ASTER stereo data in rugged topography. IEEE Transactions on Geoscience and
Remote Sensing, 40(10), 2241-2247. https://doi.org/10.1109/tgrs.2002.802878

Turetsky, M. R., Kotowska, A., Bubier, J., Dise, N. B., Crill, P., Hornibrook, E. R. C., et al. (2014). A synthesis of methane emissions from 71
northern, temperate, and subtropical wetlands. Global Change Biology, 20(7), 2183-2197. https://doi.org/10.1111/gcb.12580

Valentine, D. W., Holland, E. A., & Schimel, D. S. (1994). Ecosystem and physiological controls over methane production in northern wetlands.
Journal of Geophysical Research, 99(D1), 1563—1571. https://doi.org/10.1029/93JD00391

Wania, R., Ross, I., & Prentice, I. C. (2010). Implementation and evaluation of a new methane model within a dynamic global vegetation model:
LPJ-WHyMe v1.3.1. Geoscientific Model Development, 3(2), 565-584. https://doi.org/10.5194/gmd-3-565-2010

Whalen, S. C. (2005). Biogeochemistry of methane exchange between natural wetlands and the atmosphere. Environmental Engineering Science,
22(1), 73-94. https://doi.org/10.1089/ees.2005.22.73

Willard, J., Jia, X., Xu, S., Steinbach, M., & Kumar, V. (2022). Integrating scientific knowledge with machine learning for engineering and
environmental systems. ACM Computing Surveys, 55(4), 1-37. https://doi.org/10.1145/3514228

Xu, D., Bisht, G., Tan, Z., Sinha, E., Di Vittorio, A. V., Zhou, T., et al. (2024). Climate change will reduce North American inland wetland areas
and disrupt their seasonal regimes. Nature Communications, 15(1), 2438. https://doi.org/10.1038/s41467-024-45286-z

Xu, K., Metzger, S., & Desai, A. R. (2017). Upscaling tower-observed turbulent exchange at fine spatio-temporal resolution using environmental
response functions. Agricultural and Forest Meteorology, 232, 10-22. https://doi.org/10.1016/j.agrformet.2016.07.019

Yuan, K., Zhu, Q., Li, F., Riley, W. J., Torn, M., Chu, H., et al. (2022). Causality guided machine learning model on wetland CH, emissions across
global wetlands. Agricultural and Forest Meteorology, 324, 109115. https://doi.org/10.1016/j.agrformet.2022.109115

Zhang, Y., Li, C., Trettin, C. C., Li, H., & Sun, G. (2002). An integrated model of soil, hydrology, and vegetation for carbon dynamics in wetland
ecosystems. Global Biogeochemical Cycles, 16(4), 9-1-9-17. https://doi.org/10.1029/2001gb001838

Zhang, Z., Fluet-Chouinard, E., Jensen, K., McDonald, K., Hugelius, G., Gumbricht, T., et al. (2021). Development of the global dataset of
Wetland Area and Dynamics for Methane Modeling (WAD2M). Earth System Science Data, 13(5), 2001-2023. https://doi.org/10.5194/essd-
13-2001-2021

Zhang, Z., Poulter, B., Feldman, A. F., Ying, Q., Ciais, P., Peng, S., & Li, X. (2023). Recent intensification of wetland methane feedback. Nature
Climate Change, 13(5), 430-433. https://doi.org/10.1038/s41558-023-01629-0

Zhang, Z., Zimmermann, N. E., Calle, L., Hurtt, G., Chatterjee, A., & Poulter, B. (2018). Enhanced response of global wetland methane emissions
to the 2015-2016 El Nifo-Southern Oscillation event. Environmental Research Letters, 13(7), 074009. https://doi.org/10.1088/1748-9326/
aac939

Zhang, Z., Zimmermann, N. E., Stenke, A., Li, X., Hodson, E. L., Zhu, G., et al. (2017). Emerging role of wetland methane emissions in driving
21st century climate change. Proceedings of the National Academy of Sciences of the United States of America, 114(36), 9647-9652. https://
doi.org/10.1073/pnas.1618765114

Zhu, P., Abramoff, R., Makowski, D., & Ciais, P. (2021). Uncovering the past and future climate drivers of wheat yield shocks in Europe with
machine learning. Earth’s Future, 9(5). https://doi.org/10.1029/2020EF001815

Zhu, Q., Liu, J., Peng, C., Chen, H., Fang, X., Jiang, H., et al. (2014). Modelling methane emissions from natural wetlands by development and
application of the TRIPLEX-GHG model. Geoscientific Model Development, 7(3), 981-999. https://doi.org/10.5194/gmd-7-981-2014

Zhu, X., Zhuang, Q., Qin, Z., Glagolev, M., & Song, L. (2013). Estimating wetland methane emissions from the northern high latitudes from 1990
to 2009 using artificial neural networks. Global Biogeochemical Cycles, 27(2), 592—604. https://doi.org/10.1002/gbc.20052

Zhuang, Q., Melillo, J. M., Kicklighter, D. W., Prinn, R. G., McGuire, A. D., Steudler, P. A., et al. (2004). Methane fluxes between terrestrial
ecosystems and the atmosphere at northern high latitudes during the past century: A retrospective analysis with a process-based biogeo-
chemistry model. Global Biogeochemical Cycles, 18(3). https://doi.org/10.1029/2004GB002239

Zinder, S. H. (1993). Physiological ecology of methanogens. InJ. G. Ferry (Ed.), Methanogenesis: Ecology, physiology, biochemistry & genetics
(pp. 128-206). Springer. https://doi.org/10.1007/978-1-4615-2391-8_4

References From the Supporting Information

Belger, L., Forsberg, B. R., & Melack, J. M. (2011). Carbon dioxide and methane emissions from interfluvial wetlands in the upper Negro River
basin, Brazil. Biogeochemistry, 105(1), 171-183. https://doi.org/10.1007/s10533-010-9536-0

Billesbach, D., & Sullivan, R. (20192a). AmeriFlux US-A03 ARM-AMF3-Oliktok [Dataset]. https://doi.org/10.17190/AMF/1498752

Billesbach, D., & Sullivan, R. (2019b). AmeriFlux US-A10 ARM-NSA-Barrow [Dataset]. https://doi.org/10.17190/AMF/1498753

Bohrer, G. (2016). AmeriFlux US-ORv Olentangy River wetland research park [Dataset]. https://doi.org/10.17190/AMF/1246135

Bohrer, G., & Kerns, J. (2018). AmeriFlux US-OWC old woman creek [Dataset]. https://doi.org/10.17190/AMF/1418679

Boon, P. I., & Mitchell, A. (1995). Methanogenesis in the sediments of an Australian freshwater wetland: Comparison with aerobic decay, and
factors controlling methanogenesis. FEMS Microbiology Ecology, 18(3), 175-190. https://doi.org/10.1111/j.1574-6941.1995.tb00175.x

Campbell, D., & Goodrich, J. (2020). FLUXNET-CH4 NZ-Kop Kopuatai, New Zealand, FLUXNET-CH4 Community Product [Dataset]. https://
doi.org/10.18140/FLX/1669652

Chen, J., & Chu, H. (2016). AmeriFlux US-WPT Winous Point North Marsh [Dataset]. https://doi.org/10.17190/AMF/1246155

Clement, R. J., Verma, S. B., & Verry, E. S. (1995). Relating chamber measurements to eddy correlation measurements of methane flux. Journal
of Geophysical Research, 100(D10), 21047-21056. https://doi.org/10.1029/95JD02196

Cui, B. (1997). Estimation of CH, emission from Sanjiang plain. Scientia Geographica Sinica, 17, 93-95.

Desai, A. (2016). AmeriFlux US-Los lost creek [Dataset]. https://doi.org/10.17190/AMF/1246071

Ding, W., Cai, Z., & Wang, D. (2004). Preliminary budget of methane emissions from natural wetlands in China. Atmospheric Environment, 38(5),
751-759. https://doi.org/10.1016/j.atmosenv.2003.10.016

Dise, N. B. (1993). Methane emission from Minnesota peatlands: Spatial and seasonal variability. Global Biogeochemical Cycles, 7(1), 123-142.
https://doi.org/10.1029/92GB02299

Dolman, H., Maximov, T., Parmentier, F., Budishev, A., & Marchesini, L. B. (2020). FLUXNET-CH4 RU-Cok Chokurdakh, Russian Federation,
FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669656

Eichelmann, E., Knox, S., Rey Sanchez, C., Valach, A., Sturtevant, C., Szutu, D., et al. (2020). FLUXNET-CH4 US-Tw4 Twitchell East End
Wetland, United States, FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669698

Euskirchen, E., Bret-Harte, M., & Edgar, C. (2020). FLUXNET-CH4 US-ICs Imnavait Creek Watershed Wet Sedge Tundra, United States,
FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669678

RIGHTS

A |

22 of 24

85U8017 SUOLIWOD aAER.D) 8|edljdde ay) Ag peussnob afe sejoile YO ‘8sn JO Sa|nJ 4o} Akl 8UIjUO A8|IA\ UO (SUONIPUOD-pUe-SLLB)W0Y A 1M Arelq Ul juo//Sdny) SUoNIpUOD pue swis 1 8u1 88S *[y202/TT/20] uo Ariqiauliuo A8|IM ‘0EEP0043E202/620T 0T/10p/W0d As 1M Arelqipuluo sgndnfe//:sdny wouy pepeojumod ‘TT ‘¥202 'LLZ¥82ET


https://doi.org/10.1109/tgrs.2002.802878
https://doi.org/10.1111/gcb.12580
https://doi.org/10.1029/93JD00391
https://doi.org/10.5194/gmd-3-565-2010
https://doi.org/10.1089/ees.2005.22.73
https://doi.org/10.1145/3514228
https://doi.org/10.1038/s41467-024-45286-z
https://doi.org/10.1016/j.agrformet.2016.07.019
https://doi.org/10.1016/j.agrformet.2022.109115
https://doi.org/10.1029/2001gb001838
https://doi.org/10.5194/essd-13-2001-2021
https://doi.org/10.5194/essd-13-2001-2021
https://doi.org/10.1038/s41558-023-01629-0
https://doi.org/10.1088/1748-9326/aac939
https://doi.org/10.1088/1748-9326/aac939
https://doi.org/10.1073/pnas.1618765114
https://doi.org/10.1073/pnas.1618765114
https://doi.org/10.1029/2020EF001815
https://doi.org/10.5194/gmd-7-981-2014
https://doi.org/10.1002/gbc.20052
https://doi.org/10.1029/2004GB002239
https://doi.org/10.1007/978-1-4615-2391-8_4
https://doi.org/10.1007/s10533-010-9536-0
https://doi.org/10.17190/AMF/1498752
https://doi.org/10.17190/AMF/1498753
https://doi.org/10.17190/AMF/1246135
https://doi.org/10.17190/AMF/1418679
https://doi.org/10.1111/j.1574-6941.1995.tb00175.x
https://doi.org/10.18140/FLX/1669652
https://doi.org/10.18140/FLX/1669652
https://doi.org/10.17190/AMF/1246155
https://doi.org/10.1029/95JD02196
https://doi.org/10.17190/AMF/1246071
https://doi.org/10.1016/j.atmosenv.2003.10.016
https://doi.org/10.1029/92GB02299
https://doi.org/10.18140/FLX/1669656
https://doi.org/10.18140/FLX/1669698
https://doi.org/10.18140/FLX/1669678
https://agupubs.onlinelibrary.wiley.com/action/rightsLink?doi=10.1029%2F2023EF004330&mode=

ADVANCING EARTH

AND SPACE SCIENCES

Earth's Future 10.1029/2023EF004330

Euskirchen, E., & Edgar, C. (2020a). FLUXNET-CH4 US-BZB Bonanza Creek Thermokarst Bog, United States, FLUXNET-CH4 Community
Product [Dataset]. https://doi.org/10.18140/FLX/1669668

Euskirchen, E., & Edgar, C. (2020b). FLUXNET-CH4 US-BZF Bonanza Creek Rich Fen, United States, FLUXNET-CH4 Community Product
[Dataset]. https://doi.org/10.18140/FLX/1669669

Glagolev, M., Kleptsova, 1., Filippov, 1., Maksyutov, S., & Machida, T. (2011). Regional methane emission from West Siberia mire landscapes.
Environmental Research Letters, 6(4), 045214. https://doi.org/10.1088/1748-9326/6/4/045214

Goeckede, M. (2020). FLUXNET-CH4 RU-Ch2 Chersky reference, Russian Federation [Dataset]. FLUXNET-CH4 Community Product. https://
doi.org/10.18140/FLX/1669654

Granberg, G., Ottosson-Lofvenius, M., Grip, H., Sundh, I., & Nilsson, M. (2001). Effect of climatic variability from 1980 to 1997 on simulated
methane emission from a boreal mixed mire in northern Sweden. Global Biogeochemical Cycles, 15(4), 977-991. https://doi.org/10.1029/
2000GB001356

Helfter, C. (2020a). FLUXNET-CH4 BW-Gum Guma, Botswana, FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/
FLX/1669370

Helfter, C. (2020b). FLUXNET-CH4 BW-Nxr Nxaraga, Botswana, FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/
FLX/1669518

Hinkle, C. R. (2016). AmeriFlux US-DPW disney wilderness preserve wetland [Dataset]. https://doi.org/10.17190/AMF/1562387

Huang, Y., Sun, W., Zhang, W., Yu, Y., Su, Y., & Song, C. (2010). Marshland conversion to cropland in northeast China from 1950 to 2000
reduced the greenhouse effect. Global Change Biology, 16(2), 680—695. https://doi.org/10.1111/j.1365-2486.2009.01976.x

Jackowicz-Korczyniski, M., Christensen, T. R., Bickstrand, K., Crill, P., Friborg, T., Mastepanov, M., & Strém, L. (2010). Annual cycle of
methane emission from a subarctic peatland. Journal of Geophysical Research, 115(G2), G02009. https://doi.org/10.1029/2008JG000913

Jacotot, A., Gogo, S., & Laggoun-Défarge, F. (2020). FLUXNET-CH4 FR-LGt La Guette, France, FLUXNET-CH4 Community Product
[Dataset]. https://doi.org/10.18140/FLX/1669641

Koebsch, F., & Jurasinski, G. (2020). FLUXNET-CH4 DE-Hte Huetelmoor, Germany, FLUXNET-CH4 Community Product [Dataset]. https://
doi.org/10.18140/FLX/1669634

Krauss, K. (2019). AmeriFlux US-LA2 Salvador WMA freshwater marsh [Dataset]. https://doi.org/10.17190/AMF/1543387

Lohila, A., Aurela, M., Tuovinen, J.-P., Laurila, T., Hatakka, J., Rainne, J., & Mikeld, T. (2020). FLUXNET-CH4 FI-Lom Lompolojankka,
Finland, FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669638

Matthes, J. H., Sturtevant, C., Oikawa, P., Chamberlain, S. D., Szutu, D., Arias-Ortiz, A., et al. (2016). AmeriFlux US-Myb Mayberry wetland
[Dataset]. https://doi.org/10.17190/AMF/1246139

Moore, T. R., De Young, A., Bubier, J. L., Humphreys, E. R., Lafleur, P. M., & Roulet, N. T. (2011). A multi-year record of methane flux at the
Mer Bleue Bog, southern Canada. Ecosystems, 14(4), 646—-657. https://doi.org/10.1007/s10021-011-9435-9

Nahlik, A. M., & Mitsch, W. J. (2011). Methane emissions from tropical freshwater wetlands located in different climatic zones of Costa Rica.
Global Change Biology, 17(3), 1321-1334. https://doi.org/10.1111/j.1365-2486.2010.02190.x

Nilsson, M. B., & Peichl, M. (2020). FLUXNET-CH4 SE-Deg Degero, Sweden, FLUXNET-CH4 Community Product [Dataset]. https://doi.org/
10.18140/FLX/1669659

Oikawa, P. (2016). AmeriFlux US-EDN Eden landing ecological reserve [Dataset]. https://doi.org/10.17190/AMF/1543381

Pelletier, L., Moore, T. R., Roulet, N. T., Garneau, M., & Beaulieu-Audy, V. (2007). Methane fluxes from three peatlands in the La Grande Riviere
watershed, James Bay lowland, Canada. Journal of Geophysical Research, 112(G1), GO1018. https://doi.org/10.1029/2006JG000216

Rinne, J., Riutta, T., Pihlatie, M., Aurela, M., Haapanala, S., Tuovinen, J.-P., et al. (2007). Annual cycle of methane emission from a boreal fen
measured by the eddy covariance technique. Tellus B: Chemical and Physical Meteorology, 59(3), 449-457. https://doi.org/10.1111/j.1600-
0889.2007.00261.x

Saarnio, S., Alm, J., Silvola, J., Lohila, A., Nykinen, H., & Martikainen, P. J. (1997). Seasonal variation in CH, emissions and production and
oxidation potentials at microsites on an oligotrophic pine fen. Oecologia, 110(3), 414-422. https://doi.org/10.1007/s004420050176

Sachs, T., Wille, C., Larmanou, E., & Franz, D. (2020). FLUXNET-CH4 DE-Zrk Zarnekow, Germany [Dataset]. FLUXNET-CH4 Community
Product. https://doi.org/10.18140/FLX/1669636

Sakabe, A., Itoh, M., Hirano, T., & Kusin, K. (2020). FLUXNET-CH4 ID-Pag Palangkaraya undrained forest, Indonesia, FLUXNET-CH4
Community Product [Dataset]. https://doi.org/10.18140/FLX/1669643

Schmid, H. P., & Klatt, J. (2020). FLUXNET-CH4 DE-SfN Schechenfilz Nord, Germany, FLUXNET-CH4 Community Product [Dataset].
https://doi.org/10.18140/FLX/1669635

Schuur, T. (2018). AmeriFlux US-EML eight mile lake permafrost thaw gradient [Dataset]. Healy Alaska. https://doi.org/10.17190/AMF/
1418678

Sellers, P.J., Hall, F. G., Kelly, R. D., Black, A., Baldocchi, D., Berry, J., et al. (1997). BOREAS in 1997: Experiment overview, scientific results,
and future directions. Journal of Geophysical Research, 102(D24), 28731-28769. https://doi.org/10.1029/97JD03300

Shannon, R. D., & White, J. R. (1994). A three-year study of controls on methane emissions from two Michigan peatlands. Biogeochemistry,
27(1), 35-60. https://doi.org/10.1007/bf00002570

Shortt, R., Hemes, K., Szutu, D., Verfaillie, J., & Baldocchi, D. (2020). FLUXNET-CH4 US-Sne Sherman Island Restored Wetland, United
States, FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669693

Shurpali, N.J., & Verma, S. B. (1998). Micrometeorological measurements of methane flux in a Minnesota peatland during two growing seasons.
Biogeochemistry, 40(1), 1-15. https://doi.org/10.1023/A:1005875307146

Shurpali, N.J., Verma, S. B., Clement, R. J., & Billesbach, D. P. (1993). Seasonal distribution of methane flux in a Minnesota peatland measured
by eddy correlation. Journal of Geophysical Research, 98(D11), 20649-20655. https://doi.org/10.1029/931D02181

Song, C., Xu, X., Tian, H., & Wang, Y. (2009). Ecosystem—-atmosphere exchange of CH, and N,O and ecosystem respiration in wetlands in the
Sanjiang Plain, northeastern China. Global Change Biology, 15(3), 692-705. https://doi.org/10.1111/j.1365-2486.2008.01821.x

Sonnentag, O., & Helbig, M. (2020a). FLUXNET-CH4 CA-SCB Scotty Creek Bog, Canada, FLUXNET-CH4 Community Product [Dataset].
https://doi.org/10.18140/FLX/1669613

Sonnentag, O., & Helbig, M. (2020b). FLUXNET-CH4 CA-SCC Scotty Creek Landscape, Canada, FLUXNET-CH4 Community Product
[Dataset]. https://doi.org/10.18140/FLX/1669628

Svensson, B. H., Christensen, T. R., Johansson, E., & C)quisl, M. (1999). Interdecadal changes in CO, and CH, fluxes of a subarctic mire:
Stordalen revisited after 20 years. Oikos, 85(1), 22-30. https://doi.org/10.2307/3546788

Torn, M., & Dengel, S. (2018). AmeriFlux US-NGB NGEE barrow [Dataset]. https://doi.org/10.17190/AMF/1436326

Torn, M., & Dengel, S. (2020). FLUXNET-CH4 US-NGC NGEE Arctic Council, United States, FLUXNET-CH4 Community Product [Dataset].
https://doi.org/10.18140/FLX/1669688

RIGHTS

A |

23 of 24

85U8017 SUOLIWOD aAER.D) 8|edljdde ay) Ag peussnob afe sejoile YO ‘8sn JO Sa|nJ 4o} Akl 8UIjUO A8|IA\ UO (SUONIPUOD-pUe-SLLB)W0Y A 1M Arelq Ul juo//Sdny) SUoNIpUOD pue swis 1 8u1 88S *[y202/TT/20] uo Ariqiauliuo A8|IM ‘0EEP0043E202/620T 0T/10p/W0d As 1M Arelqipuluo sgndnfe//:sdny wouy pepeojumod ‘TT ‘¥202 'LLZ¥82ET


https://doi.org/10.18140/FLX/1669668
https://doi.org/10.18140/FLX/1669669
https://doi.org/10.1088/1748-9326/6/4/045214
https://doi.org/10.18140/FLX/1669654
https://doi.org/10.18140/FLX/1669654
https://doi.org/10.1029/2000GB001356
https://doi.org/10.1029/2000GB001356
https://doi.org/10.18140/FLX/1669370
https://doi.org/10.18140/FLX/1669370
https://doi.org/10.18140/FLX/1669518
https://doi.org/10.18140/FLX/1669518
https://doi.org/10.17190/AMF/1562387
https://doi.org/10.1111/j.1365-2486.2009.01976.x
https://doi.org/10.1029/2008JG000913
https://doi.org/10.18140/FLX/1669641
https://doi.org/10.18140/FLX/1669634
https://doi.org/10.18140/FLX/1669634
https://doi.org/10.17190/AMF/1543387
https://doi.org/10.18140/FLX/1669638
https://doi.org/10.17190/AMF/1246139
https://doi.org/10.1007/s10021-011-9435-9
https://doi.org/10.1111/j.1365-2486.2010.02190.x
https://doi.org/10.18140/FLX/1669659
https://doi.org/10.18140/FLX/1669659
https://doi.org/10.17190/AMF/1543381
https://doi.org/10.1029/2006JG000216
https://doi.org/10.1111/j.1600-0889.2007.00261.x
https://doi.org/10.1111/j.1600-0889.2007.00261.x
https://doi.org/10.1007/s004420050176
https://doi.org/10.18140/FLX/1669636
https://doi.org/10.18140/FLX/1669643
https://doi.org/10.18140/FLX/1669635
https://doi.org/10.17190/AMF/1418678
https://doi.org/10.17190/AMF/1418678
https://doi.org/10.1029/97JD03300
https://doi.org/10.1007/bf00002570
https://doi.org/10.18140/FLX/1669693
https://doi.org/10.1023/A:1005875307146
https://doi.org/10.1029/93JD02181
https://doi.org/10.1111/j.1365-2486.2008.01821.x
https://doi.org/10.18140/FLX/1669613
https://doi.org/10.18140/FLX/1669628
https://doi.org/10.2307/3546788
https://doi.org/10.17190/AMF/1436326
https://doi.org/10.18140/FLX/1669688
https://agupubs.onlinelibrary.wiley.com/action/rightsLink?doi=10.1029%2F2023EF004330&mode=

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2023EF004330

Ueyama, M., Hirano, T., & Kominami, Y. (2020). FLUXNET-CH4 JP-BBY Bibai bog, Japan, FLUXNET-CH4 Community Product [Dataset].
https://doi.org/10.18 140/FLX/1669646

Ueyama, M., Iwata, H., & Harazono, Y. (2018). AmeriFlux US-Uaf University of Alaska, Fairbanks [Dataset]. https://doi.org/10.17190/AMF/
1480322

Valach, A., Kasak, K., Szutu, D., Verfaillie, J., & Baldocchi, D. (2020). FLUXNET-CH4 US-Tw5 East Pond Wetland, United States, FLUXNET-
CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669699

Valach, A., Shortt, R., Szutu, D., Eichelmann, E., Knox, S., Hemes, K., et al. (2016). AmeriFlux US-Tw1 Twitchell wetland west pond [Dataset].
https://doi.org/10.17190/AMF/1246147

Vesala, T., Tuittila, E.-S., Mammarella, 1., & Alekseychik, P. (2020). FLUXNET-CH4 FI-Si2 Siikaneva-2 Bog, Finland, FLUXNET-CH4
Community Product [Dataset]. https://doi.org/10.18140/FLX/1669639

Vourlitis, G., Dalmagro, H., de Nogueira, J. S., Johnson, M., & Arruda, P. (2020). FLUXNET-CH4 BR-Npw Northern Pantanal Wetland, Brazil,
FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669368

Wang, D., Lu, X., Ding, W., Cai, Z., & Wang, Y. (2002). Comparison of methane emission from marsh and paddy field in Sanjiang Plain. Scientia
Geographica Sinica, 22(4), 500-503.

Wickland, K. P., Striegl, R. G., Mast, M. A., & Clow, D. W. (2001). Carbon gas exchange at a southern Rocky Mountain wetland, 1996-1998.
Global Biogeochemical Cycles, 15(2), 321-335. https://doi.org/10.1029/2000GB001325

Wong, G. X., Melling, L., Tang, A. C. I., Aeries, E. B., Waili, J. W., Musin, K. K., et al. (2020). FLUXNET-CH4 MY-MLM Maludam National
Park, Malaysia, FLUXNET-CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669650

Yang, J.-S., Liu, J.-S., Wang, J.-D., Yu, J.-B., Sun, Z.-G., & Li, X.-H. (2006). Emissions of CH, and N,O from a wetland in the Sanjiang Plain.
Chinese Journal of Plant Ecology, 30(3), 432—440. https://doi.org/10.17521/cjpe.2006.0058

Zhuang, Q., & Crill, P. (2008). NCEAS 10645: Toward an adequate quantification of CH , emissions from land ecosystems: Integrating field and
in-situ observations, satellite data, and modeling. Sallies Fen NH CH, Flux 1994-2001. National Center for Ecological Analysis and Synthesis
and Stockholm University.

Zona, D., & Oechel, W. (2016). AmeriFlux US-Ivo Ivotuk [Dataset]. https://doi.org/10.17190/AMF/1246067

Zona, D., & Oechel, W. C. (2020a). FLUXNET-CH4 US-Atq Atqasuk, United States, FLUXNET-CH4 Community Product [Dataset]. https://doi.
org/10.18140/FLX/1669663

Zona, D., & Oechel, W. C. (2020b). FLUXNET-CH4 US-Beo Barrow Environmental Observatory (BEO) tower, United States, FLUXNET-CH4
Community Product [Dataset]. https://doi.org/10.18140/FLX/1669664

Zona, D., & Oechel, W. C. (2020c). FLUXNET-CH4 US-Bes Barrow-Bes (Biocomplexity Experiment South tower), United States, FLUXNET-
CH4 Community Product [Dataset]. https://doi.org/10.18140/FLX/1669665

RIGHTS LI M Hiy

24 of 24

85U8017 SUOLIWOD aAER.D) 8|edljdde ay) Ag peussnob afe sejoile YO ‘8sn JO Sa|nJ 4o} Akl 8UIjUO A8|IA\ UO (SUONIPUOD-pUe-SLLB)W0Y A 1M Arelq Ul juo//Sdny) SUoNIpUOD pue swis 1 8u1 88S *[y202/TT/20] uo Ariqiauliuo A8|IM ‘0EEP0043E202/620T 0T/10p/W0d As 1M Arelqipuluo sgndnfe//:sdny wouy pepeojumod ‘TT ‘¥202 'LLZ¥82ET


https://doi.org/10.18140/FLX/1669646
https://doi.org/10.17190/AMF/1480322
https://doi.org/10.17190/AMF/1480322
https://doi.org/10.18140/FLX/1669699
https://doi.org/10.17190/AMF/1246147
https://doi.org/10.18140/FLX/1669639
https://doi.org/10.18140/FLX/1669368
https://doi.org/10.1029/2000GB001325
https://doi.org/10.18140/FLX/1669650
https://doi.org/10.17521/cjpe.2006.0058
https://doi.org/10.17190/AMF/1246067
https://doi.org/10.18140/FLX/1669663
https://doi.org/10.18140/FLX/1669663
https://doi.org/10.18140/FLX/1669664
https://doi.org/10.18140/FLX/1669665
https://agupubs.onlinelibrary.wiley.com/action/rightsLink?doi=10.1029%2F2023EF004330&mode=

	description
	Quantifying Global Wetland Methane Emissions With In Situ Methane Flux Data and Machine Learning Approaches
	1. Introduction
	2. Materials and Methods
	2.1. Overview
	2.2. Data
	2.3. Model Development
	2.4. Historical Simulation
	2.5. Future Projection

	3. Results
	3.1. Predictive Modeling
	3.1.1. Model Performance
	3.1.2. Methane Emission Response to Climatic and Environmental Variables

	3.2. Historical Global CH4 Emissions
	3.2.1. Temporal and Spatial Variations
	3.2.2. Seasonality

	3.3. Upscaling Future Global Methane Emissions
	3.3.1. Spatial Distribution of CH4 Emissions
	3.3.2. Temporal Trends of CH4 Dynamics


	4. Discussion
	4.1. Performance of Various Machine Learning Models
	4.2. Effects of Input Variables on the Inventory
	4.3. Effects of Various Wetland Distribution Data on the Inventory
	4.4. Comparisons With Existing Estimates
	4.5. Uncertainty and Limitations

	5. Conclusions
	Data Availability Statement



