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Abstract Wetlands are the largest and most climate‐sensitive natural sources of methane. Accurately
estimating wetland methane emissions involves reconciling inversion (“top‐down”) and process‐based
(“bottom‐up”) models within the global methane budget. However, estimates from these two model types are
inherently interdependent and often reveal substantial discrepancies. To enhance the reliability of both
approaches, we need a comprehensive understanding of wetland methane emissions and an independent high‐
resolution long‐term flux data set. Here, we employed a data‐driven random forest approach to identify key
variables influencing methane emissions from subtropical freshwater wetlands in the Southeastern United
States. The model‐estimated monthly mean methane fluxes fit well with measured methane fluxes (R2= 0.67) at
four representative FLUXNET‐CH4 wetland sites across the region. Variable importance analysis highlighted
the sensitivity of subtropical freshwater wetland methane emissions to variations in both temperature and water
levels. High temperatures facilitate methanogenesis by enhancing microbial activities, while elevated water
levels maintain anaerobic conditions necessary for methane production. Notably, the response of methane
emissions to water level fluctuations is contingent on temperature conditions, and vice versa. Moreover, we
constructed the first high‐spatial‐resolution (∼1 km × 1 km) and long‐term (1982–2010) gridded regional
wetland methane flux product for the Southeastern United States, estimating annual methane emissions from
subtropical freshwater wetlands in the region at 4.93 ± 0.11 Tg CH4 yr

− 1 for 1982–2010. This new benchmark
product holds promise for validating and parameterizing uncertain wetland methane emission processes in
bottom‐up models and provides improved prior information for top‐down models.

1. Introduction
Methane (CH4) ranks as the second most impactful greenhouse gas (GHG) after carbon dioxide (CO2). The
greenhouse effect of CH4 is about 28 times that of CO2 on a 100‐year time horizon (IPCC, 2021). In recent years,
the concentration of methane in the atmosphere has nearly tripled since preindustrial times (preindustrial level
∼700 ppb), reaching over 1,930 ppb (Lan et al., 2024), which contributes 20%–30% of climate warming since the
Industrial Revolution.

Of the various methane sources, wetlands stand out as the largest and most climate‐sensitive natural source
(Bartlett & Harriss, 1993; Huang et al., 2021; Wuebbles & Hayhoe, 2002; Zhu et al., 2013), contributing about
20%–30% to global methane emissions (Reddy & DeLaune, 2008; Saunois et al., 2020). The quantity of CH4

released from wetland soils is dictated by the interplay of complex and competing processes, methane production
and oxidation, which are primarily controlled by climatic and hydrological regimes (Bloom et al., 2010; Dai
et al., 2012; Richardson et al., 2022, 2023; Saunois et al., 2020). Dramatic hydroclimatic changes, such as rising
sea levels, increasing temperatures, and changing rainfall patterns, directly impact the microbial communities
involved in methane production and consumption (Andersen et al., 2013; Mohanty et al., 2007; Yvon‐Durocher
et al., 2014; Zinder et al., 1984), influencing wetland CH4 emissions in both magnitude and temporal fluctuations
(Friborg et al., 1997; Whalen & Reeburgh, 1992; Zhu et al., 2013; Zimov et al., 2006). For example, rising sea
levels drown coastal freshwater wetlands (He et al., 2022; Schuerch et al., 2018; Thorne et al., 2018), resulting in
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oxygen depletion and facilitating methanogenesis. Meanwhile, higher temperatures can not only increase the rate
of methane production but also enhance methane oxidation (Bansal et al., 2018; Rinne et al., 2018; L. Zhang
et al., 2020). Therefore, determining the hydroclimatic controls on wetland CH4 emissions is critical for
improving our understanding and modeling of these emissions.

Existing estimates of wetland CH4 emissions are primarily derived using either process‐based models (“bottom‐
up”) (e.g., Andronova & Karol, 1993; Cao et al., 1996; Dai et al., 2012; Walter et al., 2001; H. Wang et al., 2023;
Zhuang et al., 2004) or inversion models (“top‐down”) (e.g., Bloom et al., 2017; Y. Zhang et al., 2021). However,
the complex impacts of environmental variables, such as climate and hydrology, on wetland ecosystems introduce
substantial uncertainty in estimating CH4 fluxes (Chang et al., 2019). For example, using an ensemble of
physically based land surface models, Saunois et al. (2020) quantified global wetland CH4 emissions for 2008–
2017 to be 149 Tg CH4 yr

− 1, with an uncertainty range of 102–182 Tg CH4 yr
− 1. In contrast, inversion models

estimated emissions for the same period to be 181 Tg CH4 yr
− 1 (range 159–200 Tg CH4 yr

− 1). This discrepancy
between bottom‐up and top‐down estimates, along with extensive variability, manifests the considerable un-
certainty inherent in the present estimation of wetland CH4 emissions (Peltola et al., 2019). This uncertainty stems
from the fact that top‐down inversion models rely on a priori information from bottom‐up physics‐based land
surface models, which, in turn, require detailed knowledge of CH4 production, consumption, and transportation
processes, as well as an accurate representation of landscape heterogeneity (Bloom et al., 2017; Saunois
et al., 2017). Despite growing comprehension of the environmental factors influencing wetland CH4 fluxes
(Bridgham et al., 2013; Chang et al., 2020, 2021; Keller et al., 2023; Knox et al., 2021), there persists a critical gap
in understanding wetland methane emissions specific to climate zones, notably in subtropical regions. Addi-
tionally, the size and distribution of wetlands vary widely across landscapes, influencing methane emission
dynamics, yet are often inadequately captured in process‐based and inversion models. Consequently, gaining an
enhanced understanding of wetland methane emissions and the pivotal environmental factors governing them in
subtropical regions, along with developing an observation‐based high‐spatial‐resolution wetland CH4 flux
product that accounts for these landscape‐level variations, is crucial for addressing these gaps. This will improve
the spatial representation and refine the parameterization of both bottom‐up and top‐down models.

The Southeastern (SE) United States (US) is home to nearly half of the total wetlands in the contiguous US
(Dahl, 2011; Trettin et al., 2020). More importantly, based on the remotely sensed CH4 product, Carbon
Monitoring System (CMS) Methane Flux for North America, subtropical wetlands in the SE US, especially in
Florida and Louisiana, are hot spots for methane emissions within the conterminous US (Figure S1 in Supporting
Information S2). However, compared to high‐latitude peatlands (e.g., Peltola et al., 2019; Zhu et al., 2013), our
understanding of the key environmental factors governing CH4 emissions from subtropical wetlands in the SE
US, as well as estimates of these emissions, especially high‐resolution spatial estimates, remains relatively
limited. The lack of systematic, high‐spatial‐resolution, and long‐term CH4 flux estimations has hampered our
ability to accurately constrain CH4 emissions from the dynamic subtropical wetland ecosystems across the SE US.

Over the last two decades, there has been a growing prevalence of eddy covariance (EC) measurements of wetland
CH4 emissions with the rapid advancement in sensor technology (e.g., Peltola et al., 2014). EC towers can
continuously record CH4 flux measurements along with meteorological variables such as air temperature, pre-
cipitation, vapor pressure deficit, incoming shortwave radiation, and wind speed. The emergence of global EC
measurement networks such as FLUXNET and FLUXNET‐CH4 makes EC flux synthesis studies possible
(Baldocchi, 2014; Baldocchi et al., 2001; Delwiche et al., 2021; McNicol et al., 2023; Pastorello et al., 2020). For
example, machine learning (ML) models have been employed to scale up FLUXNET observations for modeling
terrestrial carbon dioxide budgets (Beer et al., 2010; Jung et al., 2010, 2011, 2017). The knowledge learned from
these studies, including factors affecting terrestrial ecosystem CO2 production and emissions and the spatial
distribution of CO2 fluxes, are extensively utilized by the modeling community to assess the performance of
process‐based models (e.g., Wu et al., 2017) and to validate carbon products inversely derived from satellite
observations (e.g., Sun et al., 2017; Y. Zhang et al., 2017).

Given these facts, we opt to use an ML approach to develop an observation‐based high‐spatial‐resolution
(0.0083° × 0.0083°, approximately 1 km × 1 km at the Equator) gridded data product of subtropical fresh-
water wetland CH4 fluxes across the entire SE US from 1982 to 2010. Specifically, we aim first to use random
forest (RF) regression models and FLUXNET‐CH4 measurements to identify the optimal relationships between
subtropical freshwater wetland CH4 fluxes and environmental factors. Driven by spatially explicit data of the
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dominant environmental variables, the developed RF regression model is then extrapolated to the entire SE US to
estimate subtropical freshwater wetland CH4 emissions in the region. To the best of our knowledge, this newly
developed data set is the first high‐spatial‐resolution (∼1 km × 1 km) and long‐term (29 years from 1982 to 2010)
gridded subtropical freshwater wetland CH4 flux product for the SE US. The insights obtained from this study,
including the identified key environmental control factors affecting subtropical freshwater wetland methane
emissions, the spatial patterns of these emissions, and the characteristics of wetland methane flux variations at
seasonal and annual scales, can improve our comprehension of the complex interplay among climate, hydrology,
and wetland ecosystems. Additionally, these insights will aid in the development and refinement of process‐based
and inversion models for future wetland CH4 flux upscaling studies.

2. Data and Methods
2.1. Study Area

This study focuses on subtropical freshwater wetland ecosystems in the SE US (Figure 1). The SE US, consisting
of 11 states and spanning from the Appalachian Mountains to the Atlantic Ocean, is a unique region with
extensive floodplains, wide coastal plains, and abundant rainfall, resulting in pervasive wetlands, particularly in
the Mississippi Delta and the Everglades (Figure 1) (Hefner et al., 1994). Within this 1.52 million square kilo-
meters region, about 9.4% (0.14 million km2) is subtropical freshwater wetlands. According to the National
Wetlands Inventory (NWI), common freshwater wetland types in the SE US include freshwater forested/shrub
wetlands (84.5%) and freshwater emergent wetlands (15.5%) (Dahl, 2011; Dahl & Stedman, 2013; Tiner, 1997;
Wilen & Bates, 1995). These wetlands are mainly located along the Atlantic coast, the Mississippi River, and the
Gulf of Mexico.

The climate conditions in the SE US are relatively uniform according to the Köppen‐Geiger Climate Classifi-
cations (Beck et al., 2018, 2023; Kottek et al., 2006; Kriticos et al., 2012; Peel et al., 2007). Almost the entire SE
US is classified as “Cfa” (Humid Subtropical: mild with no dry season, hot summer), except for a few parts of FL
that are classified as “Cwa” (Humid Subtropical: dry winter, hot summer). Given that variations in wetland
methane emissions are primarily determined by climatic and hydrological regimes (Bloom et al., 2010; Saunois

Figure 1. Spatial distribution of freshwater wetlands over (a) the Southeastern (SE) United States (US), (b) the Mississippi Delta, and (c) the Everglades, overlaid by four
representative CH4 flux observation sites (FLUXNET‐CH4 sites) used in this study and state boundaries. The wetland percentages at a spatial resolution of
0.0083° × 0.0083° were calculated from the National Wetlands Inventory (NWI).
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et al., 2020), the hydroclimatic controls on methane emissions should be similar across all subtropical freshwater
wetlands in the SE US.

2.2. Data Organization for Random Forest Model Development

Wetland methane flux measurements used in this study are from the FLUXNET‐CH4 Community Product, a
global methane flux database compiled by standardizing and post‐processing (i.e., partitioning and gap‐filling)
available Eddy Covariance (EC) CH4 flux measurements (Delwiche et al., 2021; Knox et al., 2019). Within the SE
US, four freshwater wetland sites (US‐DPW, US‐LA2, US‐MAC, and US‐NC4) exist (Figure 1 and Table 1).
These sites cover common freshwater wetland types in the study area, including freshwater forested/shrub
wetlands (US‐NC4) and freshwater emergent wetlands (US‐DPW, US‐LA2, and US‐MAC). The climatological
means of air temperature and precipitation at these sites nearly span the range, as determined with a 95% con-
fidence level, of air temperature (14.5–24.0°C) and precipitation (1,130–1,600 mm) observed in wetlands
(wetland percentage >5%, Figure 1) within the SE US, respectively (Table 1). Consequently, these four sites
represent the SE US subtropical freshwater wetlands reasonably well to create an upscaled subtropical freshwater
wetland CH4 flux product over the region based on EC data (see more discussion in Section 4.1).

The daily CH4 fluxes used in this study were calculated as the means of gap‐filled half‐hourly observations
collected at the four sites. Daily fluxes were retained only when at least 10 half‐hourly (∼20%) CH4 observations
were available. This gap‐filling threshold was selected to retain as much data as possible while minimizing errors
associated with filling long gaps (Dengel et al., 2013; McNicol et al., 2023; Peltola et al., 2019). The duration of
daily CH4 flux data varied across sites, ranging from a minimum of 433 days (US‐LA2) to a maximum of
1,012 days (US‐DPW). The data sets spanned between 2011 and 2017 (Figures S2–S5 in Supporting
Information S2).

Fourteen explanatory variables, namely, air temperature (Tair), precipitation (P), vapor pressure deficit (VPD),
incoming shortwave radiation (SW_IN), wind speed (WS), latent heat flux (LE), sensible heat flux (H), Palmer
Drought Severity Index (PDSI), water level (WTL), leaf area index (LAI), the fraction of absorbed photosyn-
thetically active radiation (fAPAR), gross primary productivity (GPP), net ecosystem exchange (NEE), and
season were considered as potential drivers in our analysis (Table S1). These variables were chosen due to their
anticipated direct or indirect impacts on wetland methane fluxes (Text S1 in Supporting Information S1; Chen
et al., 2019; Huang et al., 2021; Knox et al., 2021; Oertel et al., 2016; Peltola et al., 2019; Sanches et al., 2019;
Saunois et al., 2020; Savi et al., 2016; Zhu et al., 2013).

Among these variables, daily Tair, P, VPD, SW_IN, WS, LE, H, GPP, and NEE were derived from half‐hourly
measurements recorded at the flux towers. Daily WTL was collected from different sources based on the co-
ordinates of the sites. Specifically, WTL for US‐DPW was obtained from a nearby groundwater monitoring well
(POF‐22 managed by the South Florida Water Management District Environmental Monitoring program) and
adjusted to the site's specific elevation using NAVD88 as the vertical reference. WTL for US‐LA2 were retrieved
from the Coastwide Reference Monitoring System (co‐located monitoring well CRMS2825‐H01). WTL at US‐
MAC and US‐NC4 were monitored on‐site using ultrasonic water level dataloggers (Infinities, Port Orange, FL,
USA; Aguilos et al., 2020, 2022). Monthly LAI and fAPAR were derived from the NOAA Climate Data Record
(CDR) of Advanced Very High Resolution Radiometer (AVHRR) Surface Reflectance. Since “season” is a
categorical variable, we used one‐hot encoding to convert it into binary numerical variables to be used in the RF
model (Davis, 2010; O’Grady & Medoff, 1988; Pedhazur & Kerlinger, 1982).

After collecting these 14 explanatory variables, we converted them all to a daily scale to resolve discrepancies in
temporal resolutions among them (Table S1). Specifically, for monthly variables (PDSI, LAI, and fAPAR), we
repeated the individual monthly values for each day of the month. Likewise, for the seasonal variable (season),
each day within the same season was assigned the same value. Finally, we paired daily CH4 fluxes with the
corresponding daily values of the 14 potential drivers by time and location.

2.3. Random Forest Regression Models

Random forest (RF) regression models were set up in this study to establish the relationships between the
explanatory variables (a.k.a. predictors) and subtropical freshwater wetland CH4 fluxes (the response variable).
The RF regression model, a type of bagging (Bootstrap AGgregation) algorithm, leverages ensemble learning
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techniques (Altman & Krzywinski, 2017; Prasad et al., 2006). It constructs multiple decision trees, each trained
on a random subset of the input training data and a random subset of explanatory variables. To make predictions,
each decision tree independently generates a value, and the final prediction is the average of these individual
values (Breiman, 2001). In flux upscaling studies, the accuracy of RF is superior to or par with other ML al-
gorithms (Bodesheim et al., 2018; Tramontana et al., 2015; Xu et al., 2018). Additionally, RF models are
interpretable, allowing us to rank the importance of each environmental variable based on its contribution to
estimating wetland methane fluxes (He et al., 2023; Sulova & Jokar Arsanjani, 2020). Furthermore, the RF
regression model is capable of mining the underlying relationships between explanatory variables and the
response variable without requiring prior knowledge of these relationships. This is achieved by calculating the
partial dependence (PD) between each predictor and the response variable after averaging out the effects of the
other predictors (Friedman, 2001; Hastie et al., 2001):

f (Xi) =
1
n
∑
n

k=1
RF( xk1, ...,x

k
i , ...,x

k
m) (1)

where xki represents the kth sample of the ith independent predictor, m represents the number of predictors, n
represents the number of samples, and RF(·) represents the trained RF regression model. By plotting the PD
against each key predictor, responses of wetland methane emissions to changes in the dominant predictors can be
visualized (He et al., 2023; Zeng et al., 2017). Thus, the RF regression model is an appropriate data‐driven model
for reproducing the intricate dynamics between subtropical freshwater wetland CH4 fluxes and their dominant
environmental factors (Sturtevant et al., 2016). This is particularly relevant in cases where precise prior
knowledge of the links between subtropical freshwater wetland CH4 emissions and environmental factors is
usually lacking.

To determine the optimal subset of predictors from the 14 candidate explanatory variables (see Section 2.2 and
Table S1) and evaluate the performance of the RF regression model, we employed a forward feature selection
approach combined with leave‐one‐group‐out cross‐validation (LOGOCV) (McNicol et al., 2023; Peltola
et al., 2019). This method involves sequentially adding explanatory variables to the model one at a time and
assessing model performance based on the highest average R2 (coefficient of determination) and the lowest
average MAE (mean absolute error) achieved through LOGOCV. LOGOCV, previously used in the global/
regional upscaling of CO2, CH4, and energy fluxes, is well‐suited for making spatio‐temporal predictions from
spatially sparse time series data (McNicol et al., 2023; Peltola et al., 2019; Roberts et al., 2017; Tramontana
et al., 2016). Specifically, we constructed four individual RF models for each predictor set, training on data from
three wetland sites and testing on the left‐out site. This process was repeated iteratively with different subsets of
predictors. Ultimately, the inclusion of SW_IN, VPD, Tair, P, WS, WTL, and season as predictors resulted in the
best‐performing RF models, with the highest average R2 and lowest average MAE across the four models. After
determining the optimal predictor subset, we fitted a final RF model using the complete data set from all four
freshwater sites (totaling 3,105 site‐days with complete CH4 fluxes and seven predictors) (Kuhn & Johnson, 2013;
Roberts et al., 2017).

2.4. Regional Extrapolation

We employed the developed RF regression model to map subtropical freshwater wetland CH4 emissions across
the SE US at a spatial resolution of 0.0083° × 0.0083° (∼1 km × 1 km) for the period 1982–2010. The chosen
spatial resolution aligns with the footprint of eddy covariance (EC) flux towers, which typically range from
hundreds to thousands of meters in radius (Chu et al., 2021; Krauss et al., 2016). To extrapolate the RF model, we
prepared spatially explicit gridded data for seven selected predictors. Climatic data, including daily SW_IN, VPD,
Tair, and P, were extracted and/or calculated from the Daymet data set (Thornton et al., 1997). These climatic data
were originally in the spatial resolution of 1 km × 1 km. Daily WS data, with a spatial resolution of
0.0625° × 0.0625°, was sourced from Livenh et al. (2013). The monthly WTL for each 0.083° grid cell was
obtained from simulations of a hydrological model developed by de Graaf et al. (2019). The regional extrapo-
lation was constrained to 1982–2010 due to data availability, particularly the WTL data—only available through
2010 (de Graaf et al., 2019)—which restricted our ability to estimate CH4 emissions across the entire region
beyond 2010.
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To ensure consistent spatial (0.0083° × 0.0083°) and temporal (daily) resolutions, the climatic data from Daymet
(SW_IN, VPD, Tair, and P) were projected onto the “GCS_WGS_1984” coordinate system with a spatial reso-
lution of 0.0083° × 0.0083° using the “Project Raster” function (Resampling Technique: NEAREST) under the
“Data Management” Tool in ArcMap 10.5.1 (ArcGIS, 2016). As for the WS data, it was downscaled to
0.0083° × 0.0083° following Equations 5 and 6 as detailed in Y. Zhang et al. (2020). Lastly, the monthly WTL
data were first spatially downscaled utilizing the following equation, and then the individual monthly WTL f

values were repeated to represent each day within the corresponding month:

WTL f =WTLc − (DEM f − DEM) (2)

whereWTL f is the downscaled fine‐resolution (0.0083° × 0.0083°) WTL,WTLc is the original coarse‐resolution
(0.083° × 0.083°) WTL, DEM f is the digital elevation model (DEM) value derived from the high‐resolution 30
arcsec (0.0083°) HydroSHED (Lehner et al., 2008), and DEM is the mean DEM value of 100 fine‐resolution
(0.0083° × 0.0083°) grids within the coarse‐resolution (0.083° × 0.083°) grid where the targeted fine‐
resolution grid is located in.

After assembling the spatially explicit daily climatic, hydrological, and seasonality data, we used the developed
RF regression model to estimate daily subtropical freshwater wetland methane fluxes across the entire SE US at
the 0.0083° × 0.0083° spatial resolution. The daily subtropical freshwater wetland methane flux at each grid
across the entire SE US was calculated as follows:

Fluxi = Fluxi,RF ×Wetlandi (3)

where Fluxi is the estimated methane flux at grid i, Fluxi,RF is the RF model estimated methane fluxes at grid i if
the whole grid is 100% covered by freshwater wetlands. Wetlandi is the percentage of freshwater wetlands within
the grid i.

To analyze seasonal and interannual dynamics of CH4 emissions in SE US subtropical freshwater wetlands, we
calculated the monthly and annual means of the daily upscaled data sets. Additionally, the standard deviation of
the daily data sets for each month was used to quantify the variability in monthly CH4 emissions. This approach
enabled us to capture both the mean trends and the variability in CH4 emissions over time.

2.5. Comparison With Top‐Down and Bottom‐Up Products

To validate our high‐resolution, spatially distributed estimates of subtropical freshwater wetland methane fluxes
across the SE US, we compared them with two existing methane flux products: the top‐down Carbon Monitoring
System (CMS) Methane Flux for North America product (0.5° × 0.667°, Turner et al., 2015) and the bottom‐up
Global Wetland Methane Emissions derived from FLUXNET and the UpCH4 Model (UpCH4, 0.25° × 0.25°,
McNicol et al., 2023). Further details on these comparisons are provided in Text S2 in Supporting Information S1.

3. Results
3.1. Model Performance at the Observation Sites

The RF regression models, constructed using seven predictors (SW_IN, VPD, Tair, P, WS, WTL, and season) and
with 500 trees, most effectively reproduced the monthly mean CH4 fluxes measured by the EC towers during
leave‐one‐group‐out cross‐validation (LOGOCV). For the testing sites excluded from training, the average MAE
and R2 between the simulated and measured monthly mean wetland CH4 fluxes were 51.98 nmol m− 2 s− 1 and
0.67 (p < 0.0001), respectively (Figures 2a–2d and Figure S6 in Supporting Information S2). Across the four
individual RF models (each trained on data from three sites and tested on the left‐out site), R2 varied from 0.59
(US‐MAC, Figure 2c) to 0.77 (US‐LA2, Figure 2b), while MAE ranged from 48.16 nmol m− 2 s− 1 (US‐LA2,
Figure 2b) to 53.96 nmol m− 2 s− 1 (US‐DPW, Figure 2a). Detailed comparisons between the estimated and
measured wetland CH4 fluxes at the daily scale for the four sites can be found in Figures S7 and S8 in Supporting
Information S2. Overall, the RF regression models captured the observed CH4 fluxes well at both daily and
monthly scales across the four FLUXNET‐CH4 sites (Figures 2a–2d and Figures S6–S8 in Supporting
Information S2).
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Figure 2.
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After determining the optimal predictors (SW_IN, VPD, Tair, P, WS, WTL, and season) and fine‐tuning the
hyperparameters of the RF regression models (500 trees), we proceeded to train a final RF regression model using
all available data from the four sites. All results presented in the subsequent sections were derived from this final
RF model.

3.2. Key Variables Affecting Wetland Methane Fluxes

Figure 2e ranks the importance of each variable in estimating subtropical freshwater wetland methane emissions
based on Gini importance values. The variable with the highest Gini importance value for subtropical freshwater
wetland methane fluxes was Tair (0.40), followed by WTL (0.24). These high Gini importance values indicated
that methane emissions from SEUS subtropical freshwater wetlands were primarily influenced by air temperature
(Tair) and water levels (WTL). To further elucidate how dominant predictors, Tair and WTL, impacted subtropical
freshwater wetland methane emissions, we plotted the partial dependence (PD) of wetland methane fluxes on Tair,
WTL, and Tair and WTL combined, separately (Figures 2f–2h).

Figure 2f reveals a sigmoidal response of wetland methane fluxes to Tair, with 24°C and 28°C marking the lower
and upper thresholds, respectively. Within this range, an increase in Tair leads to a disproportionate enhancement
of wetland CH4 emissions.

Figure 2g shows the influence of WTL on wetland CH4 emissions. Generally, wetland CH4 fluxes increase with
increasing WTL. When WTL is below − 0.7 m, CH4 fluxes remain low (≤37 nmol m− 2 s− 1). As WTL rises from
− 0.7 to 0.1 m, the wetland transits from being very dry to wet and even inundation conditions, resulting in a
steady increase in CH4 fluxes from 37 nmol m− 2 s− 1 (corresponding to WTL of − 0.7 m) to 150 nmol m− 2 s− 1

(WTL of 0.1 m). However, as WTL continues to rise to 0.3 m, CH4 fluxes decrease to 125 nmol m− 2 s− 1, before
rising again to around 150 nmol m− 2 s− 1 at WTL of 0.6 m or higher.

Figures 2f and 2g illustrate the individual impacts of Tair andWTL on wetland CH4 emissions, respectively, while
Figure 2h demonstrates their combined effects. It shows that subtropical freshwater wetland CH4 fluxes generally
increase with both Tair and WTL. Moreover, it highlights the synergistic effects of Tair and WTL: when WTL is
below − 0.7 m, Tair has minimal impact on CH4 fluxes; when WTL ranges from − 0.7 and 0.1 m, CH4 fluxes only
increase with Tair when it exceeds 24°C; however, when WTL surpasses 0.1 m, CH4 fluxes become more
responsive to changes in Tair, particularly when Tair rises above 24°C.

Additionally, we used SHAP (SHapley Additive exPlanations) values to identify and quantify key variables
influencing subtropical freshwater wetland methane fluxes (Text S3 in Supporting Information S1 and Figure S9
in Supporting Information S2). These results are consistent with the findings obtained from Gini importance
values, as demonstrated here.

3.3. Regional Estimations of Subtropical Freshwater Wetland CH4 Emissions

The upscaled climatological mean of subtropical freshwater wetland CH4 emissions, at a high spatial resolution of
0.0083° × 0.0083° (∼1 km × 1 km) and weighted by the National Wetlands Inventory (NWI) freshwater wetland
percentage per pixel (following Equation 3), revealed that CH4 emissions from the SE US subtropical freshwater
wetlands ranged from 0 to 163.06 nmol m− 2 s− 1 during 1982–2010. Intense CH4 fluxes (>30 nmolCH4 m

− 2 s− 1)
were notably present in the coastal areas, the Everglades, the Mobile‐Tensaw River Delta, and the Mississippi
Delta (Figure 3a), consistent with the dense distribution of wetland ecosystems within these regions (Figure 1).
The variability in CH4 fluxes (Figure 3b) closely follows the climatological mean (Figure 3a), with high emission
hotspots corresponding to areas of high variability. The unweighted and the Wetland Area and Dynamics for
Methane Modeling (WAD2M)‐weighted (Z. Zhang et al., 2021) climatological means and variability of monthly

Figure 2. Random forest (RF) model estimated (y‐axis) versus measured (x‐axis) monthly mean wetland CH4 fluxes for sites: (a) US‐DPW, (b) US‐LA2, (c) US‐MAC,
and (d) US‐NC4. The black line is the 1:1 line, and the red line is the best‐fit line between the simulated and measured wetland CH4 fluxes. R

2 represents the coefficient
of determination, while MAE denotes the mean absolute error (unit: nmol m− 2 s− 1). (e) Variable importance analysis in the RF model based on Gini importance values.
The x‐axis lists explanatory variables ranked in descending order of importance: air temperature (Tair), water level (WTL), wind speed (WS), fall (Fall), incoming
shortwave radiation (SW_IN), vapor pressure deficit (VPD), summer (Summer), precipitation (P), spring (Spring), and winter (Winter). The y‐axis shows the relative
importance of these variables in estimating wetland methane fluxes. Partial dependence of wetland CH4 fluxes (y‐axis) on dominant predictors (x‐axis), (f) Tair,
(g) WTL, and (h) Tair and WTL combined. The dots in (f–h) are eddy covariance tower measurements from the four FLUXNET‐CH4 sites.
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subtropical freshwater wetland CH4 emissions are present in Figures S10 and S11 in Supporting Information S2,
respectively, showing similar patterns to the NWI‐weighted CH4 emissions depicted in Figures 3a and 3b.

On an inter‐annual scale, annual CH4 emissions from subtropical freshwater wetland ecosystems in the SE US
exhibited substantial variability (Figure 3c). The annual mean CH4 emission was approximately 4.93 ± 0.11 Tg
CH4 yr

− 1, ranging from 4.76 Tg CH4 yr
− 1 in 1992 to 5.14 Tg CH4 yr

− 1 in 1998. This variability was strongly
correlated with the variations in Tair, with a correlation coefficient (r) of 0.92 (p = 1.92 × 10− 5, Figure S12a in
Supporting Information S2). Conversely, the variability in annual WTL had a lesser impact on annual CH4

emissions (p = 0.259). Furthermore, an increasing trend (p = 0.007) in annual subtropical freshwater wetland
CH4 emissions was detected from 1982 to 2010 (Figure 3c), indicating an increase of ∼0.006 Tg CH4 yr

− 1 since
1982.

The monthly mean CH4 emissions from subtropical freshwater wetland ecosystems in the SE US exhibited a clear
seasonal pattern, with weak emissions occurring fromDecember through February and strong emissions observed
in June, July, and August. The highest CH4 emission occurred in July (0.70 Tg CH4 month− 1), while the lowest
occurred in December (0.18 Tg CH4 month− 1) (Figure 3d). This seasonal disparity was primarily driven by
differences in Tair between winter and summer. In summer, the average Tair across the region was approximately
25°C (Figure S12b in Supporting Information S2), resulting in high CH4 fluxes (∼116 nmol m− 2 s− 1, Figure 2f),
whereas Tair dropped to around 8°C during winter (Figure S12b in Supporting Information S2), leading to much

Figure 3. (a) Climatological mean and (b) variability of subtropical freshwater wetland CH4 emissions. CH4 flux variability
in (b) was calculated as one standard deviation of the monthly CH4 emissions across subtropical freshwater wetlands in the
SE US during 1982–2010 at a high spatial resolution of 0.0083° × 0.0083° (∼1 km × 1 km). These estimates were generated
using the RF regression model and based on the NWI freshwater wetland percentage data. (c) Interannual and (d) monthly
variations of CH4 emissions from SE US subtropical freshwater wetlands. The red line in (c) represents the best‐fit linear
regression line between the simulated CH4 emissions and the year. The bars in (d) indicate one standard deviation of monthly
emissions during 1982–2010.
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lower CH4 fluxes (∼51 nmol m− 2 s− 1, Figure 2f). A transitional period with a lower emission plateau was
observed from March to May, followed by a sharp increase in June.

Interestingly, the variability in monthly wetland CH4 emissions also differed seasonally. The standard deviations
of monthly wetland CH4 emissions were higher during summer months (June, July, August, and September) and
lower in winter months (December, January, and February) (Figure 3d). These phenomena can be attributed to the
sigmoidal relationship between wetland methane fluxes and Tair: CH4 fluxes were more sensitive to Tair within the
range of 24–28°C. While the standard deviations of Tair in summer were only 0.84°C, smaller than those in winter
(1.92°C, Figure S12b in Supporting Information S2), even slight fluctuations in Tair around 25°C could cause
disproportionate changes in CH4 emissions during the summer months. In contrast, changes in CH4 emissions
were relatively minor when Tair ranged from 4°C to 10°C during the winter months (Figure 2f).

3.4. Comparison of Regional Subtropical Freshwater Wetland CH4 Flux Estimates

To further evaluate the regional subtropical freshwater wetland CH4 fluxes (1982–2010) estimated from the RF
regression model in Section 3.3, we compared them with the CH4 fluxes derived from the “Wetlands” sector of
the top‐down CMS Methane Flux for North America (only available for 2010 and 2011, Turner et al., 2015) for
the overlapping year 2010 (Figure 4) and the bottom‐up Global Wetland Methane Emissions derived from
FLUXNET and the UpCH4 Model (UpCH4, McNicol et al., 2023) for their overlapping period 2001–2010
(Figure S13 in Supporting Information S2). As the CMS Methane Flux and UpCH4 products have spatial res-
olutions of 0.5° × 0.667° and 0.25° × 0.25°, respectively, the RF regression model estimated subtropical
freshwater wetland CH4 fluxes (0.0083° × 0.0083°) were first resampled to 0.5° × 0.667° and 0.25° × 0.25° to
match the spatial resolution of the CMS Methane Flux and UpCH4 products before comparison, respectively.
This was achieved using the “Resample” function (Resampling Technique: NEAREST) within the “Data
Management” Tool in ArcMap 10.5.1 (ArcGIS, 2016).

Linear regressions between the RF regression model estimates and those derived from the “Wetlands” sector of
the CMS Methane Flux product within each 0.5° × 0.667° grid closely approached the 1:1 line on both monthly
and annual scales, with R2 values of 0.39 and 0.48 (p < 0.0001) and MAE values of 7.02 nmol m− 2 s− 1 and
5.91 nmol m− 2 s− 1, respectively (Figures 4a and 4c). Additionally, we compared the distributions of the RF‐
simulated and the CMS Methane Flux product‐derived CH4 fluxes on monthly and annual scales in 2010
(Figures 4b and 4d). Statistically, there was no significant difference between the CMS Methane Flux product‐
derived and RF regression model‐estimated wetland CH4 fluxes, with paired p‐values of 0.42 and 0.13 at the
monthly and annual scales, separately. Furthermore, our spatial correlation analysis demonstrated significant
positive correlations between the two data sets (Figure 4e). Collectively, these results suggest good consistency
between the wetland CH4 fluxes estimated by our RF regression model and those derived from the “Wetlands”
sector of the CMS Methane Flux product on regional scales.

Comparison results of our developed subtropical freshwater wetland CH4 flux estimates over the SE US against
the bottom‐up UpCH4‐WAD2M product (UpCH4 weighted by the Wetland Area and Dynamics for Methane
Modeling (WAD2M) (Z. Zhang et al., 2021)) can be found in Text S4 in Supporting Information S1.

4. Discussion
4.1. Development of Random Forest Regression Models Using FLUXNET‐CH4 Measurements

In this study, we developed RF regression models using measurements from four FLUXNET‐CH4 wetland sites
to estimate subtropical freshwater wetland CH4 fluxes across the Southeastern United States from 1982 to 2010.
We acknowledge the relatively small number of EC sites used in our model development. Some previous studies
on upscaling wetland CH4 or CO2 fluxes incorporated chamber‐based flux measurements collected from the
literature (e.g., Huang et al., 2021; Yuan et al., 2024; Zhu et al., 2013; Zou et al., 2022). However, quite large
discrepancies have been documented between chamber‐based and EC measurements of wetland CH4 emissions
(Deshmukh et al., 2023; Krauss et al., 2016; Meijide et al., 2011). For example, Krauss et al. (2016) reported that
chamber‐measured wetland CH4 fluxes were 2–4 times higher than EC fluxes measured at about the same
location. Such differences stem from the dramatically different spatial footprint of EC towers (a radius of the
order of hundreds to thousands of meters) and chambers (a sub‐meter radius or side length), as well as the timing
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Figure 4.
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of the data collection (EC towers record measurements every 30 min, 48 times per day, while chambers typically
collect during daytime when CH4 fluxes are inherently higher).

We also sought to enhance our data set for model development by collecting field‐measured wetland CH4 flux
data (most measured by chambers) within the SE US through literature searches on the Web of Science (https://
www.webofscience.com/wos/woscc/basic‐search). However, large differences were found between chamber‐
based wetland CH4 flux measurements and those from the FLUXNET‐CH4 product, our RF regression model
estimates, the top‐down CMSMethane Flux product, and the bottom‐up UpCH4 product (not shown). Therefore,
we decided not to incorporate chamber‐based wetland CH4 flux measurements. Instead, we used all publicly
available EC measurements (3,105 site‐days) within freshwater wetland ecosystems in the SE US.

To assess the representativeness of the four FLUXNET‐CH4 sites, we conducted a principal component analysis
(PCA), comparing environmental variables across all 0.0083° × 0.0083° grids with those at the four EC sites
(Figure S14a in Supporting Information S2). While the sites do not capture all environmental variability, they
cluster within the central PCA feature space, overlapping substantially with the broader regional environmental
distribution. Additionally, we mapped the four EC sites onto a two‐dimensional feature space of key environ-
mental variables—Tair and WTL—for all 0.0083° × 0.0083° wetland grid cells (Figure S14b in Supporting In-
formation S2). The Tair and WTL at these EC sites span critical ranges of Tair (10–30°C) and WTL (− 1.5–0.7 m),
capturing key thresholds for CH4 fluxes, particularly Tair between 24 and 28°C andWTL between − 0.7 and 0.1 m.
This extensive coverage enables us to employ a time‐for‐space substitution approach, utilizing the 3,105 site‐day
measurements from the four sites as representative samples for the entire SE US. This representativeness is further
supported by the site constituency representativeness analysis illustrated in Figure S12 of McNicol et al. (2023).

Despite the limited number of EC sites in our study, these sites feature long‐term continuous CH4 flux mea-
surements and represent predominant subtropical freshwater wetland types in the SE US, including freshwater
forested/shrub wetlands (US‐NC4) and freshwater emergent wetlands (US‐DPW, US‐LA2, and US‐MAC). Our
RF regression models demonstrated strong performance across all four sites, achieving an average R2 of 0.67
during leave‐one‐group‐out cross‐validation (LOGOCV) at the monthly scale (Figures 2a–2d). This satisfactory
performance underscores the broad regional applicability of our RF regression model for subtropical freshwater
wetlands in the SE US.

In summary, it is reasonable to extrapolate the RF regression model developed using all available EC data to
estimate subtropical freshwater wetland CH4 fluxes over the entire SE US. This approach, utilizing several
representative sites to characterize a region with relatively homogeneous hydroclimatic conditions, offers a viable
strategy for addressing the global wetland methane budget, particularly given the limited number of EC sites
available worldwide. When additional in situ EC sites are available, future studies should incorporate them into
the analysis to further enhance the model's representativeness of the SE US.

4.2. Environmental Predictors of Subtropical Freshwater Wetland Methane Emissions

This study examined 14 potential explanatory variables affecting subtropical freshwater wetland CH4 emissions
in the SE US. These predictors reflect the impacts of climate (Tair, P, VPD, SW_IN, WS, LE, and H), hydrology
(WTL), vegetation (LAI, fAPAR, GPP, and NEE), and seasonality (season) on wetland CH4 fluxes. Conse-
quently, including SW_IN, VPD, Tair, P, WS, WTL, and season as predictors resulted in the best‐performing RF
model, exhibiting a performance (R2 = 0.67) comparable to previous studies using ML models to estimate
wetland methane emissions (e.g., Huang et al., 2021; McNicol et al., 2023; Peltola et al., 2019). Our study's
appreciable R2 between the simulated and measured wetland CH4 fluxes demonstrated that the RF regression
model effectively captured the relationship between environmental variables and subtropical freshwater wetland
CH4 fluxes, providing an accurate estimation of these emissions. Among the environmental predictors examined,

Figure 4. Linear regressions between the CMS Methane Flux product‐derived and the RF regression model‐estimated subtropical freshwater wetland CH4 fluxes on
(a) monthly and (c) annual scales in 2010. The black line is the 1:1 line, while the red line is the best‐fit line. Boxplots of paired t‐test results comparing the CMS
Methane Flux product‐derived and the RF regression model‐estimated CH4 fluxes at the (b) monthly and (d) annual scales in 2010. The red solid horizontal line, box,
and whisker ends indicate the median, 25th and 75th percentiles, and the 10th and 90th percentiles, respectively. The data points outside the ranges are shown by the red
plus (+) sign. (e) Spatial correlations between the CMSMethane Flux product‐derived and the RF regression model‐estimated wetland CH4 fluxes on a monthly scale in
2010. Significant correlations at the 5% significance level are stippled.
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Tair and WTL emerged as the most important predictors in estimating methane fluxes from the SE US subtropical
freshwater wetlands (Figure 2e).

4.2.1. Temperature Effects on Subtropical Freshwater Wetland Methane Emissions

Temperature has been widely recognized as a significant factor influencing CH4 fluxes across a range of
temperate and boreal wetland ecosystems (Bridgham & Richardson, 1992; McNicol et al., 2023; Turetsky
et al., 2014; Yvon‐Durocher et al., 2014; Zhu et al., 2013). The positive relationship between wetland CH4 fluxes
and Tair detected in this study (Figures 2f and 5) is expected due to the stimulation of microbial activity by higher
temperature without water limitation (Keller et al., 2023; Knox et al., 2021; Yvon‐Durocher et al., 2014), aligning
with both laboratory studies (e.g., Whalen & Reeburgh, 1996) and field observations (e.g., Bellisario et al., 1999;
Christensen et al., 2003). Furthermore, the critical temperature range of 24–28°C identified in this study
(Figure 2f) is consistent with the optimal temperature for methanogens documented in previous research (Deng
et al., 2019; Metje & Frenzel, 2005; Nozhevnikova et al., 2001).

The relationship between temperature and wetland CH4 emissions explains the observed interannual variability
(Figure 3c) and seasonal (summer vs. winter) differences (Figure 3d) in wetland CH4 emissions across the SE US.
With increasing trends (p < 0.05) in the number of days experiencing air temperatures exceeding the lower
threshold (24°C) of the critical temperature range (Figure S12c in Supporting Information S2), wetlands in the SE
US are poised to experience substantial boosts in CH4 emissions due to the disproportionate enhancement of
wetland CH4 emissions once air temperatures surpass 24°C.

Although Tair also affects methane oxidation (Segers, 1998; Z.Wang et al., 1996; L. Zhang et al., 2020), its effects
on methanogenesis outperform those on methane oxidation at the studied sites, leading to an increase in net CH4

emissions with rising temperature, as shown in Figure 2f. This is consistent with the findings of Dunfield
et al. (1993) and Le Mer and Roger (2001).

We acknowledged that soil temperature may exert a more direct and immediate influence on wetland methane
emissions compared with air temperature (Hanis et al., 2013; Rinne et al., 2018; Yuan et al., 2022). While soil
temperature can diverge from air temperature in certain situations (Watts, 1975), air temperature and surface soil

Figure 5. Conceptual model illustrating the effects of air temperature (Tair) and water level (WTL) on methane emissions in
subtropical freshwater wetlands. Under the sameWTL conditions, (left panel) lower temperatures (below the lower bound of
the critical Tair range, which is 24°C) result in less wetland CH4 emissions compared to (right panel) higher temperatures.
Within each panel, once WTL surpasses the WTL threshold (0.1 m in low‐temperature conditions and − 0.7 m in high‐
temperature conditions), wetland CH4 emissions increase (indicated by more and larger bubbles and red arrows) along the
gradients of WTL.
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temperature are generally well correlated. Additionally, it is essential to note that comprehensive soil temperature
data are not consistently accessible across all FLUXNET‐CH4 sites. In cases where such data are available,
variations in measurement depth may exist (Chang et al., 2021).

4.2.2. Water Level Effects on Subtropical Freshwater Wetland Methane Emissions

Subtropical freshwater wetlands experience fluctuations in water levels (WTL) throughout the year (Davidson
et al., 2012). These fluctuations regulate redox conditions within the soil column, thereby controlling meth-
anogenesis (Bridgham & Richardson, 1992; Goodrich et al., 2015; Huang et al., 2021; Ise et al., 2008; Olefeldt
et al., 2017). Higher WTL leads to prolonged inundation, which prevents oxygen from reaching the wetland
substrate and maintains anaerobic conditions that facilitate CH4 production (Bansal et al., 2018; Gao et al., 2014;
Oertel et al., 2016; Smith et al., 2003). Conversely, lower WTL allows oxygen to penetrate the substrate, creating
aerobic conditions that suppress methanogenesis and simultaneously enhance CH4 oxidation due to increased
oxygen availability in the overlaying zones above WTL (Olefeldt et al., 2017; J. Yang et al., 2013). Our findings
support these mechanisms, showing elevated wetland methane fluxes during high WTL periods (WTL > 0.1 m)
and consistently low fluxes during low WTL periods (WTL < − 0.7 m) (Figures 2g and 5).

WTL dynamics are affected by precipitation, which is modulated by climate variability and changes (Murguia‐
Flores et al., 2023; van der Valk, 2012). Future projections indicate more intense and frequent rainfall extremes in
the SEUS (Kunkel et al., 2013), potentially leading to increased flooding events and significant methane hotspots.
Moreover, human activities can modify WTL dynamics. For example, lowering WTL in managed wetlands has
been shown to reduce CH4 emissions. Evans et al. (2021) observed a significant reduction in CH4 emissions with
each 10 cm decrease in WTL in peatlands drained for agriculture. Therefore, optimal management practices for
natural wetlands should prioritize maintaining appropriate WTL.

4.2.3. Combined Effects of Temperature and Water Levels on Subtropical Freshwater Wetland Methane
Emissions

In tropical regions, where temperature is generally not a limiting factor due to consistently high Tair and minimal
year‐round variations (Murguia‐Flores et al., 2023), several studies have highlighted the importance of water
levels (WTL) as the primary determinant of methane emissions in tropical wetlands (Bloom et al., 2012; Z. Zhang
et al., 2017). For example, Luta et al. (2021) demonstrated that fluctuations in WTL at the soil‐water interface
regulate CH4 emissions in a tropical peatland in Malaysia. In contrast, in temperate and boreal regions, WTL does
not appear as an important predictor as it often remains above the surface or exhibits small variations (Song
et al., 2011; Strachan et al., 2015; Yuan et al., 2024). Instead, temperature is emphasized as the primary deter-
minant of methane emissions in these high‐latitude regions, as evidenced by Yuan et al. (2024), who showed that
temperature primarily governs the trend and variability of CH4 emissions in the Boreal‐Arctic region. However, in
subtropical regions such as the SE US, our study reveals that CH4 emissions from freshwater wetlands are
sensitive to variations in both Tair and WTL (Figures 2e–2h and 5), differentiating them from their high‐latitude
and tropical counterparts. This underscores the priority of refining CH4 emission responses to Tair and WTL
processes in bottom‐up models tailored to different climatic zones.

In subtropical freshwater wetlands, Tair and WTL collectively regulate methane emissions. The combined effects
of Tair and WTL on wetland CH4 emissions (Figure 2h) illustrate that the response of CH4 emissions to variations
in WTL depends on Tair conditions, and vice versa. Concentrating exclusively on the impact of either Tair or WTL
on wetland CH4 emissions might result in an incomplete comprehension of wetland CH4 emissions. For instance,
at Tair below 24°C, it might be inferred that the threshold for WTL is around 0.1 m above the land surface, below
which CH4 emissions are consistently low. However, when Tair exceeds 24°C, the WTL threshold shifts to
approximately 0.7 m below the land surface, representing a huge deviation from low‐temperature conditions. This
temperature‐dependent shift in WTL thresholds and their impact on CH4 emissions is consistently supported by
observational data across all sites (Figure S15 in Supporting Information S2). Additionally, we observed an
unexpected drop in methane emissions when the WTL ranged from 0.1 to 0.3 m (Figure 2g). This decline is not a
result of increased WTL but rather stems from the average temperatures associated with this WTL range being
lower than those corresponding to WTL between 0 and 0.1 m, based on the EC flux measurements from the four
sites used to develop the RF regression model (Figure S16 in Supporting Information S2). Since these average
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temperatures fall within or near the critical ranges of Tair (24–28°C), the lower Tair results in much weaker CH4

fluxes, even at higher WTL.

The synergistic effects of Tair and WTL on wetland CH4 emissions also elucidate the low emission plateau during
March and May observed in the seasonal cycle of CH4 emissions from SE US wetlands (Figure 3d). If we solely
consider the impact of Tair on CH4 emissions, we would expect CH4 fluxes to increase continuously from spring to
summer as Tair rises (Figure S12b in Supporting Information S2). However, there is a noticeable plateau in CH4

emissions during March and May (Figure 3d). This plateau is primarily influenced by low WTL during these
months. When WTL is lower than the critical WTL threshold of 0.1 m (corresponding to Tair below 24°C), the
sensitivity of CH4 fluxes to Tair diminishes, resulting in reduced CH4 emissions despite rising Tair. However, the
limitation on CH4 fluxes due to WTL is only evident when Tair is below the critical threshold of 24°C. Once Tair

exceeds 24°C, as in June, although WTL remains low—similar to levels in April and May—and is above the
critical threshold of − 0.7 m (corresponding to Tair is above 24°C), CH4 emissions boost. This interplay between
Tair and WTL aligns with seasonal wetland CH4 flux patterns observed at most eddy‐covariance flux tower sites
(Text S5 in Supporting Information S1), emphasizing the critical role of both factors in regulating CH4 emissions.

Besides the benefit of a more comprehensive view of wetland CH4 emissions, understanding the combined impact
of Tair and WTL helps refine the regional upscaling of wetland CH4 emissions, especially in subtropical regions
such as the SE US. The comparison of the monthly time series of our wetland CH4 emission estimates with those
from UpCH4‐WAD2M (Figure S13d in Supporting Information S2) indicates some discrepancies between the
two data sets. One reason for these discrepancies is that most sites used in McNicol et al. (2023) are located in
high‐latitude regions. Given the significant spatial variability in how wetland methane emissions respond to
temperature across climatic zones—showing a declining trend in favorable temperatures from low to high lati-
tudes (Bohdalkova et al., 2014; Inglett et al., 2012; Turetsky et al., 2014)—the optimal Tair detected in McNicol
et al. (2023), approximately 10°C (Figure S6c in McNicol et al., 2023), is considerably lower than the critical
threshold of 24°C found in our study. Thus, the model trained by McNicol et al. (2023) is skewed toward high‐
latitude regions and may not be suitable for subtropical regions. Another reason contributing to the discrepancy
lies in the omission of WTL as a predictor in their model. As demonstrated in our study, WTL is a significant
limiting factor for wetland CH4 emissions (Figure 2h). Without incorporating WTL, the upscaling model may
overestimate wetland CH4 emissions, particularly in areas whereWTL is substantially below the land surface. We
recognize the limited availability of WTL measurements at EC tower sites. In such cases, additional hydrological
variables highly correlated withWTL should be considered, such as soil water content and certain drought indices
(e.g., Palmer Drought Severity Index).

4.2.4. Limitations in Temporal Lags and Missing Predictors

Although the RF regression model demonstrated reasonable performance with an average R2 value of 0.67 be-
tween the monthly mean wetland CH4 fluxes estimated by the model and the actual measurements at testing sites,
it is important to acknowledge that this analysis did not account for temporal lags between environmental var-
iables and CH4 fluxes, nor did it encompass all potential drivers responsible for inter‐ and intra‐site variability in
wetland CH4 emissions. As a result, the model failed to account for all sources of variability within the data.

For example, recent flux synthesis using EC data sets (e.g., Knox et al., 2021) highlights GPP as a dominant
predictor of CH4 emissions. However, the inclusion of GPP as an explanatory variable in our RF model did not
improve model performance, and the relative importance of GPP was low. This could be attributed to the fact that
our model did not account for the temporal lags between environmental variables and CH4 fluxes. Previous
studies have shown that CH4 fluxes typically lag behind GPP by ∼13 ± 23 days, reflecting the time required for
labile organic carbon inputs from plants—such as exudates or fresh detritus—to be processed into CH4 emissions
(Knox et al., 2021; Megonigal et al., 2004). Future studies could explore the use of deep learning models, such as
Long Short‐Term Memory (LSTM) neural networks, which are adept at learning and capturing temporal de-
pendencies, to improve CH4 upscaling.

Additional environmental variables, such as soil properties (e.g., pH, phenolics, total nitrogen, organic carbon
content, ferric iron concentration, and the availability of substrates), may also influence wetland CH4 emissions
(Cheng et al., 2021; Christensen et al., 2003; Gutenberg et al., 2019; Huang et al., 2021; Laanbroek, 2010; Peltola
et al., 2019; Richardson et al., 2023; Sutton‐Grier & Megonigal, 2011; H. Wang et al., 2015, 2021; Yvon‐
Durocher et al., 2014; Zhu et al., 2013). For example, studies (Gutenberg et al., 2019; Richardson et al., 2023;
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H. Wang et al., 2015, 2021) have shown that methane emissions from pocosins (wetland bogs with peat soil and
woody shrubs) are negligible due to high phenolic concentrations in the pocosin soils, which inhibit CH4

emissions (Miao et al., 2012; Ward et al., 2013; Ye et al., 2012). However, none of the four sites analyzed in this
study are located in pocosins with deep peats (Table 1). Thus, the RF regression model developed in this study
may not account for the inhibitory effects of phenolics on wetland CH4 emissions, potentially leading to an
overestimation of CH4 emissions from pocosins.

Additionally, soil properties such as substrate availability, the iron cycle, and soil pH are also suggested to impact
CH4 production (Christensen et al., 2003; DeLaune et al., 1986; Laanbroek, 2010). However, the spatial distri-
butions of these variables are either unavailable or only available as static data sets, such as those provided by the
Soil Survey Geographic Database (SSURGO) and the International Soil Reference and Information Centre‐World
Inventory of Soil Emission Potentials (ISRIC‐WISE). Incorporating these static soil variables into the RF
regression model did not improve the performance of the model or even degrade it (not shown). Nonetheless, it is
worthwhile for future studies to investigate the impact of soil properties on regulating wetland CH4 emissions as
more soil properties are surveyed and dynamic soil data become available.

4.3. Increasing Trends in Annual Subtropical Freshwater Wetland Methane Emissions

From 1982 to 2010, annual methane fluxes from SE US subtropical freshwater wetlands exhibited an increasing
trend, with emissions rising by ∼0.006 Tg CH4 per year (p = 0.007, Figure 3c). This trend, based on the static
NWI wetland area, underscores the critical role of temperature increases in driving methane emissions. A strong
positive correlation (r = 0.92, p = 1.92 × 10− 5; Figure S12a in Supporting Information S2) highlights how
elevated temperatures stimulate microbial methanogenesis in anaerobic wetland soils (Bridgham et al., 2013;
Turetsky et al., 2014). A similar increasing trend was observed in the UpCH4‐WAD2M flux product, which
incorporates dynamic wetland areas from the WAD2M data set (Figure S20 in Supporting Information S2).
Notably, this trend is strongly correlated with an increase in wetland areas identified by WAD2M (r = 0.56,
p = 0.016), suggesting that wetland expansion has also contributed to rising methane emissions.

The dual influence of temperature and wetland area dynamics highlights the complexity of methane flux trends in
the SE US. Climate warming will likely continue to enhance methane emissions by stimulating microbial activity
and by expanding wetland inundation due to altered precipitation regimes (Z. Zhang et al., 2021). However,
localized factors, such as urbanization and sea‐level rise, may lead to wetland loss and potentially offset these
trends locally (Nicholls & Cazenave, 2010).

To better understand and predict wetland CH4 emissions, future studies should prioritize developing high‐
resolution, long‐term, dynamic wetland maps and disentangling the relative contributions of wetland area
changes and climate variability. Investigating the impacts of wetland management and restoration on methane
flux trends under future climate scenarios will also be critical. Such integrated analyses will enhance our un-
derstanding of regional and global wetland CH4 budgets and inform strategies for effective climate mitigation.

4.4. Uncertainties in Regional CH4 Flux Estimates

Despite the satisfactory agreement between the RF regression model estimated and the top‐down (CMS Methane
Flux) and bottom‐up (UpCH4) model‐derived monthly average wetland CH4 fluxes shown in Section 3.4, some
uncertainties persist in estimating subtropical freshwater wetland methane emissions. The main uncertainty may
arise from the wetland extent and gridded water level data used in regional‐scale estimates (Zhu et al., 2011,
2013). In this study, both fixed and dynamic wetland percentages for each grid were employed based on the NWI
and the WAD2M data sets, respectively. For the estimation of subtropical freshwater wetland CH4 emissions
weighted by NWI over the SE US during 1982–2010, wetland degradation/migration/conversion/expansion over
the years was not taken into account. As a result, our estimates of methane emissions may be overestimated for
wetlands experiencing degradation, while they may be underestimated for expanding wetland areas (He
et al., 2022; White et al., 2021). Meanwhile, for the estimation of wetland CH4 emissions weighted by WAD2M
over the SE US during 2000–2010, although WAD2M incorporates temporal variations in wetland areas, its
spatial resolution is considerably coarser (0.25° × 0.25°), and it only covers data back to the year 2000.
Furthermore, the total freshwater wetland areas estimated by the NWI are nearly three times larger than those
estimated by WAD2M across the SE US (Figure S21 in Supporting Information S2), highlighting the uncertainty
associated with the total emissions attributed to the chosen wetland map.
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To explore the impact of WTL uncertainty on CH4 flux estimates, we compared in situ daily WTL measurements
from 61 monitoring wells within freshwater wetlands to model‐simulated WTL data from de Graaf et al. (2019).
The comparison yielded a median correlation coefficient (r) of 0.39 and a median mean error of − 1.24 m (Figure
S22 in Supporting Information S2), reflecting reasonable agreement with previous studies (e.g., Bolaños Cha-
varría et al., 2022; Reinecke et al., 2020). To quantify the effect of this uncertainty, we added 1.24 m to the
simulated WTL (“WTL+1.24 m” scenario) and re‐estimated CH4 emissions for the SE US. Weighted by NMI
freshwater wetland percentage, emissions under the “WTL+1.24 m” scenario were consistently higher than those
under the original WTL scenario, with regional‐scale median interannual and monthly percentage differences of
10.6% and 9.7%, respectively (Figure S23 in Supporting Information S2). Despite discrepancies, to the best of our
knowledge, the monthly gridded WTL product developed by de Graaf et al. (2019) remains the best available
high‐resolution (0.083° × 0.083°) spatial WTL data set for CH4 modeling. This highlights the critical need for
more accurate, long‐term, and high‐spatial‐resolution water level data to improve CH4 flux estimates and reduce
uncertainties.

5. Conclusions
Based on FLUXNET‐CH4 flux measurements from wetlands and associated climatic, hydrological, and sea-
sonality data, we developed random forest regression models to understand how environmental variables affect
CH4 emissions from subtropical freshwater wetlands and further created the first high‐spatial‐resolution
(0.0083° × 0.0083°, approximately 1 km × 1 km at the Equator) and long‐term (29 years from 1982 to 2010)
gridded CH4 flux product for subtropical freshwater wetlands in the Southeastern (SE) United States (US).

CH4 emissions from subtropical freshwater wetlands are particularly sensitive to variations in both air temper-
ature (Tair) and water levels (WTL), different from high‐latitude peatlands (sensitive to Tair) and tropical wetlands
(sensitive toWTL). Understanding the synergistic effects of Tair andWTL onmethane emissions from subtropical
freshwater wetlands not only helps refine the regional and global upscaling of wetland CH4 emissions but also
deepens our comprehension of the mechanisms behind these emissions.

Our high‐spatial‐resolution CH4 flux estimates for subtropical freshwater wetlands in the SE US exhibit strong
agreement with the top‐down Carbon Monitoring System methane product and the bottom‐up UpCH4 estimates,
confirming their reliability. The climatological mean of monthly CH4 emissions from subtropical freshwater
wetlands displayed large spatial variability, varying from 0 to 163.06 nmol m− 2 s− 1, with coastal areas, the
Mississippi Delta, the Mobile‐Tensaw River Delta, and the Everglades being predominant sources. The annual
mean CH4 emission from SE US freshwater wetlands was estimated to be 4.93± 0.11 Tg CH4 yr

− 1, ranging from
4.76 Tg CH4 yr

− 1 in 1992 to 5.14 Tg CH4 yr
− 1 in 1998. Our analysis also revealed a distinct seasonal pattern, with

weaker emissions from December to February, contrasted by stronger emissions from June to August.

The high spatial resolution (∼1 km × 1 km) achieved in this study marks a notable advancement over existing
upscaled CH4 flux products. This fine resolution provides a more detailed representation of spatial variability in
methane emissions, capturing heterogeneities often lost in coarser‐scale products. It also enables the identification
of CH4 emission hotspots that may be obscured at coarser scales, facilitating more targeted monitoring and
mitigation efforts. By offering granular insights into the spatial dynamics and variability of CH4 emissions, this
product serves as a valuable constraint for estimating subtropical freshwater wetland methane emissions in the SE
US. Additionally, it supports the validation and parameterization of highly uncertain biogeochemical processes
associated with wetland CH4 emissions in bottom‐up process‐based models, paving the way for future CH4 flux
upscaling studies in the SE US. Furthermore, the upscaled data set provides improved prior information for top‐
down transport inversion models, enabling a more dependable differentiation between natural and anthropogenic
effects on atmospheric CH4 concentrations.

Data Availability Statement
Flux tower measurements, climate data, vegetation indices, wind speed, water level, remotely sensed CH4

product, and static and dynamic wetland maps were sourced from the FLUXNET‐CH4 Community Product
(https://fluxnet.org/data/fluxnet‐ch4‐community‐product/), the Daymet data set (https://daac.ornl.gov/cgi‐bin/
dsviewer.pl?ds_id=2129), NOAA Climate Data Record (https://www.ncei.noaa.gov/access/metadata/landing‐
page/bin/iso?id=gov.noaa.ncdc:C00898), NOAA Physical Sciences Laboratory (https://psl.noaa.gov/data/
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gridded/data.livneh.html), de Graaf et al. (2019), Carbon Monitoring System Project (https://disc.gsfc.nasa.gov/
datasets/CMS_CH4_FLX_NAD_1/summary), National Wetlands Inventory (https://fwsprimary.wim.usgs.gov/
wetlands/apps/wetlands‐mapper/), and Wetland Area and Dynamics for Methane Modeling (WAD2M, https://
zenodo.org/records/3998454), respectively. The high‐spatial‐resolution (0.0083° × 0.0083°) and long‐term
(1982–2010) gridded wetland CH4 flux product for the Southeastern United States developed in our study are
available via ZENODO (https://zenodo.org/records/14602319; He & Li, 2025).
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