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ABSTRACT

Measurement of methane fluxes (FCH,) from natural systems, such as wetlands, has lagged far behind carbon dioxide fluxes.
Short and fragmented wetland FCH, data limit our ability to assess its long-term dynamics and potential climate feedbacks.
Extrapolating short-term FCH, records to recent decades remains challenging for both process-based models and data-driven
machine learning (ML) approaches. Here, we develop a knowledge-guided ML framework that integrates eddy covariance (EC)
FCH, observations, field warming experiments, and biogeochemical knowledge to reconstruct the long-term FCH, budgets and
trends. Focusing on the 11 longest EC monitoring sites in the AmeriFlux network, we found considerable variability in multi-
decadal trends of wetland FCH,,, with increases up to 14% per decade from 2000 to 2024. We also found that the strength of these
increasing trends declines from high to low latitudes, highlighting the vulnerability of northern wetlands. This work presents
novel and robust reconstructions of long-term wetland FCH,, offering critical benchmark datasets for bottom-up ecosystem mod-
els and advancing fundamental understanding of wetland biogeochemistry.

1 | Introduction et al. 2021) offers harmonized, gap-filled FCH, time series for
79 sites, emphasizing data quality through robust QA/QC,
friction velocity filtering, and innovative gap-filling methods

(Knox et al. 2019), aiming to enhance the accuracy of monthly

Eddy-covariance (EC) observations (Baldocchi 2014) deliver
high-frequency measurements of ecosystem-scale CH, fluxes

(FCH,), and the EC network has significantly expanded
FCH, measurements in recent decades (Knox et al. 2019).
Currently, the FLUXNET-CH, community product (Delwiche

and annual budget estimates. These EC sites represent diverse
wetland habitats from arctic to tropical regions, facilitating
comprehensive analyses of FCH, drivers (Knox et al. 2021),
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spatial representativeness (Watts et al. 2026; Zhu et al. 2024),
upscaling (McNicol et al. 2023; Yuan et al. 2024), and large-
scale model-data comparisons (Chang et al. 2023). Recent
studies have also leveraged these datasets to refine bottom-up
global wetland FCH, estimates over seasonal to decadal scales
(Chen et al. 2025; Chinta et al. 2024; Yazbeck et al. 2025; Zhu
et al. 2025).

Nevertheless, existing FCH, records from EC measurements face
important limitations from short temporal coverage. Many wet-
land EC sites are characterized by short deployment durations
(months to a few years), intermittent operation, and substantial
data gaps due to instrument failures or low turbulence conditions
(Delwiche et al. 2021; Knox et al. 2019). The limited temporal
extent of most EC records (often <5years) poses challenges for
characterizing long-term dynamics and detecting climate-driven
trends in wetland CH, emissions. Short and discontinuous EC
data require approaches that introduce robust out-of-sample ex-
trapolation. As a result, while EC observations are valuable for
quantifying ecosystem-scale wetland FCH,, their limited tempo-
ral coverage constrains their ability to understand long-term dy-
namics under changing environmental conditions.

Multi-decadal knowledge of wetland FCH, is essential for under-
standing the role of wetlands in the global carbon cycle and their
responses and feedbacks to long-term (> 20years) climate change
(Ciais et al. 2026). As the largest natural source of CH,, wetland
FCH, is strongly regulated by temperature, hydrology, and veg-
etation dynamics. Reconstructing site-level long-term wetland
FCH, budgets enables us to quantify interannual-to-decadal vari-
ability, assess responses to past climate conditions, and improve
predictions of future feedbacks under warming scenarios (Nisbet
et al. 2019; Saunois et al. 2020). Here, we define “reconstruct”
to be a hindcast of long-term daily in situ FCH, using a model
trained on sparse EC data.

These reconstructions also provide benchmarks for evaluating
bottom-up and top-down models, reducing uncertainties in large-
scale CH, cycling across wetland types and climatic regions.
Multi-decadal datasets are also crucial for informing mitigation
strategies. Accurately characterizing the timing, magnitude, and
spatial patterns of emissions can help design targeted interven-
tions, assess the effectiveness of wetland conservation and resto-
ration activities (Ma et al. 2024; Schuster et al. 2024).

Traditional modeling approaches for wetland FCH, face sev-
eral critical challenges for long-term reconstruction. Bottom-up
process-based models often mechanistically capture the func-
tional response of FCH, to environmental changes; however, they
struggle to accurately capture the magnitude and variability at the
site level due to incomplete representations of mechanisms and
biases when applied across diverse wetland ecosystems (Zhang
et al. 2025), particularly when underdetermined location-specific
parameters are used (Chang et al. 2023).

Similarly, conventional machine learning (ML) models can achieve
high predictive accuracy, but their performance is often limited to
the training window. They generally struggle to extrapolate to out-
of-sample conditions, such as responding realistically to climate-
driven changes (Beucler et al. 2024). Due to their black-box nature,
these models often lack physical consistency (Feron et al. 2024)

and struggle to account for environmental changes that may not
have been represented in the limited training data. As a result, the
lack of a physical basis in traditional ML models makes it difficult
to trust their outputs for long-term predictions (Yuan et al. 2022).
There is a growing need for models that combine predictive power
with physical consistency and interpretability, enabling reliable
estimation of site-level emissions, a mechanistic understanding
of environmental controls, and robust long-term reconstructions
under changing climate conditions (Liu et al. 2024).

The objective of this research is to develop a knowledge-guided
machine learning framework for reconstructing multi-decadal
(2000-2024) site-level wetland FCH,. This approach integrates
in situ EC observations, field warming experiments, remote sens-
ing, and mechanistic knowledge to produce robust reconstruc-
tions of FCH, across diverse wetland ecosystems. The study is
driven by three key scientific questions: (1) How have wetland
FCH, evolved over the past two decades across different climatic
regions and ecosystem types? (2) Are there statistically significant
long-term trends, breakpoints, or shifts in emission intensity? (3)
What are the dominant environmental and biological drivers that
control long-term trends in wetland FCH,? By addressing these
questions, we aim to improve the mechanistic understanding
and predictive capacity of wetland biogeochemistry models and
provide critical information for climate mitigation and wetland
management strategies.

2 | Methodology
2.1 | Flux Measurements and Supporting Data

We compiled eddy-covariance (EC) site measurements of wet-
land FCH, from the AmeriFlux database (Table 1, last accessed
08/01/2025), focusing on natural and unmanaged wetlands. We
chose the top 11 longest records of FCH, for the current analysis
to ensure robust long-term coverage and enable temporal analysis
from annual to decadal scales. As a result, sites with more than
8years of FCH, observations were included. The flux data were
further processed following FLUXNET protocols, including de-
spiking, friction velocity (u*) filtering, and comprehensive quality
assurance/quality control (QA/QC) procedures to remove unreli-
able or low-turbulence measurements (Delwiche et al. 2021), re-
sulting in processed daily variables of FCH,, Gross Primary
Productivity (GPP), air temperature, precipitation, incident short-
wave radiation, wind speed, relative humidity, and air pressure.

Soil thermal and hydrological properties (i.e., soil temperature
and water table depth) are not always available at EC sites.
As a result, we used 3, 7, and 30-day moving averages of air
temperature as a proxy for the dynamics of soil temperature,
which may be lagged from air temperature (Feron et al. 2024).
This approach aligns with a global analysis showing air tem-
perature and soil temperature are tightly coupled and ex-
plain similar variability in soil respiration (Jian et al. 2022).
Similarly, we used 3, 7, and 30-day cumulative precipitation as
proxies for soil water conditions (Feron et al. 2024). We also
utilized MODIS surface reflectance data (Red, Green, Blue,
NIR1, NIR2, SWIR1, and SWIR?2) to consider possible distur-
bance and land cover changes at the EC tower locations (Wang
et al. 2018).
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TABLE1 | Selected EC sites of natural freshwater wetlands (see locations in Figure 2).

MAT MAP
Site Name Type Lat Lon Years °C) (mm) References
US-ICs Imnavait Creek Wet tundra  68.60  —149.31  2007-2024 -9.2 496 Euskirchen
Watershed Wet et al. (2025)
Sedge Tundra
US-NGB NGEE-Arctic Barrow  Wet tundra  71.28  —156.61 2012-2019 -8.9 262 Torn and
Dengel (2023)
US-BZB Bonanza Creek Bog 64.69 —148.32  2011-2024 -1.7 417 Euskirchen (2025a)
Thermokarst Bog
US-BZF Bonanza Creek Fen 64.70  —148.31 2011-2024 -1.7 417 Euskirchen (2025b)
Rich Fen
US-MBP?  Marcell Bog Lake Fen Fen 47.50 —-93.48 2009-2024 5.1 791 Roman et al. (2025)
US-Los Lost Creek Fen 46.08 —89.97 2000-2024 5.6 900 Desai (2025)
US-ALQ Allequash Creek Site Fen 46.03 —89.60 2015-2024 5.6 900 Olson (2025)
US-OWC Old Woman Creek Marsh 41.37 —82.51 2015-2024 10.8 1090 Bohrer and
McMurray (2025)
US-NC4# NC Alligator River Swamp 35.78 —75.90 2009-2025 17.3 1233 Noormets
et al. (2024)
US-LA2 Salvador WMA Marsh 29.85 —90.28 2011-2023 21 1452 Ward et al. (2025)
Freshwater Marsh
US-Elm Everglades (long Marsh 25.55 —-80.78  2008-2024 24.3 1359 Starr and
hydroperiod marsh) Oberbauer (2025)

2Did not pass the Augmented Dickey-Fuller (ADF) stability test for the site’s NDVI time series, indicating disturbances during the study period.

Further, we calculated NDVI (Normalized Difference Vegetation
Index) using MODIS reflectance at each site and employed the
Augmented Dickey-Fuller (ADF) test to determine whether the
mean and variance of the NDVI time series are stationary or
non-stationary over time. As highlighted in Table 1, US-MBP
and US-NC4 did not pass the stability test, indicating that their
non-stationarity is likely due to significant disturbances, such
as drought or land use changes. Since we included the original
MODIS reflectance as predictors, such non-stationary changes
are expected to have been accounted.

2.2 | Development of a Knowledge-Guided
Machine Learning Framework

To reconstruct multi-decadal wetland FCH,, we developed a
knowledge-guided machine learning (KGML) framework that
integrated EC flux measurements and process-based knowledge.
The model architecture combined conventional ML algorithms (a
neural network, see Table S1 for configuration) with knowledge
constraints (through the loss function) derived from process un-
derstanding of how wetland FCH, responds to environmental and
biological drivers (Jin et al. 2026).

The neural network architecture consists of an input layer that
accommodates 19 features, followed by multiple hidden layers,
which can vary in number between 5 and 10 layers, depending

on model hyperparameter tuning. Each hidden layer has either
64 or 128 neurons and employs the ReLU (Rectified Linear Unit)
activation function to introduce non-linearity into the model.
The network is fully-connected and linked to the output layer
that generates the final predictions of FCH,. To enhance the
model's performance and prevent overfitting, we incorporate
dropout layers and batch normalization throughout the archi-
tecture. The number of hidden layers and neurons in each layer
is treated as a hyperparameter, allowing for optimization during
the model training process to achieve the best predictability.
Overall, this architecture is designed to effectively capture the
complex relationships within the dataset while maintaining
physical robustness via knowledge constraints (Section 2.2.1)
and producing realistic responses under varying environmental
conditions.

2.2.1 | Knowledge Constraints

Key knowledge constraints were derived from process-based
models. We surveyed governing equations of FCH,, in terms
of their temperature response and substrate control, based on
bottom-up wetland models in the GCP-CH, project (Saunois
et al. 2024; Zhang et al. 2025). In total, 16 GCP-CH, models were
studied, and models with similar process representations were
merged. As a result, Table 2 summarizes 4 representative types
of models.
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From these models, we synthesized two key knowledge met-
rics: (1) direct and positive control of substrate availability
on FCH,; (2) Q10 (a measurable biogeochemistry parame-
ter), as an essential metric to reflect how FCH, responds to
temperature.

First, the GCP-CH, project's models used different variables
as proxies of substrate availability, including soil labile carbon
availability (C,,,,, by DLEM), net primary productivity (NPP
by TEM), or soil heterotrophic respiration (RH by ELM), be-
cause direct estimates of substrate availability (e.g., acetate) are
not made in current-generation large-scale wetland models. In
practice, the utilization of these proxy variables was well sup-
ported by empirical knowledge. For example, higher NPP could
increase root exudates and labile carbon inputs, thereby en-
hancing methanogenesis (Helfter et al. 2022; Zhou et al. 2021).
Similarly, we used GPP as a proxy for NPP, since NPP is not
available at EC sites, and importantly, GPP and NPP are highly
related (Wang et al. 2025).

Second, Q10 represents the temperature sensitivity of FCH,,
which is quantified using the (R2/R1)!(T2-TD_ R2 and R1 are
FCH, under warmed (T2) temperature versus control (T1)
temperature. In practice, Q10 can be derived from observed
flux-temperature relationships in field measurements or from ma-
nipulative warming experiments (Hu et al. 2026). Incorporating a
realistic range of Q10 into the KGML framework during training
could ensure biologically consistent responses of FCH, to tem-
perature changes. Thus, we surveyed existing literature through
Google Scholar using relevant keywords (wetland, CH,, warming,

Q10) for extratropical wetland ecosystems. Several studies directly
reported Q10 values and were summarized in Table 3. By incorpo-
rating constraints from field observations and experimental ma-
nipulations, the KGML model can better account for temperature
sensitivity, resulting in more biologically consistent reconstruc-
tions of multi-decadal FCH,.

2.2.2 | Modeling Framework

The KGML framework has two stages: training and reconstruc-
tion (Figure 1). During the training stage, inputs to the KGML
model included daily EC tower-based GPP, air temperature, pre-
cipitation, radiation, wind speed, humidity, and air pressure, as
well as the 3/7/30-day moving means of air temperature and cu-
mulative precipitation, and MODIS reflectance at EC sites. The
output was the EC tower measured daily sum FCH,.

We trained and tested one KGML model at each site, with
80%/20% randomly split data for testing. The loss function con-
sidered root mean square error (RMSE) and two knowledge
constraint terms (Section 2.2.1): (1) positive control of sub-
strate availability on FCH,, so that the derivative of FCH, to
GPP (0FCH,/0GPP) is positive; (2) Q10 ranged from 1.4 to 5.8
(Table 3). While 0FCH,/0GPP can be automatically provided by
the neural network, Q10 estimation requires mathematical ap-
proximation. First, we used the Arrhenius equation to approx-
imate FCH, (R):

R=Axe P/&

TABLE 2 | Key knowledge derived from representative process-based models in the GCP-CH, project (Saunois et al. 2024).

Governing equation Substrate
Model name (see footnote details) Temperature response control References
DLM F=C,,;ie X f(pH) xf(T)- O Q10(T-T0/10 Clabile Tian et al. (2011)
ELM F=RHxf(pH)Xf(T)- 0 Q10(T-T0)/10 RH Riley et al. (2011)
LPJ-WSL F=RHXT 0 X oosys Through temperature- RH Zhang et al. (2017)
dependent ry, - and
fecosyS scaling terms
TEM-MDM F=NPPxf(pH)xf(T)- O Q10(T-T0)/10 NPP Zhuang et al. (2004)

Abbreviations: C,,,.. soil labile carbon pool; f, ¢ ..

scaling terms for each ecosystem type; NPP, net primary productivity; O, oxidation consumption rate of CH, within

the soil column; r¢yy,.., ratio of CH, to CO, emissions; RH, soil heterotrophic respiration.

TABLE 3 | Independently measured Q10 for wetland FCH,, compiled from the literature.

Site Latitude Longitude Wetland type Warm (°C) Q10 References

Stordalen 68.35 18.82 Bog 4-24 1.9-5.8 Lupascu et al. (2012)

SPRUCE 48.98 -93.45 Bog 4.5 1.73-2.57 Gill et al. (2017)

BCMCA 27.68 80.7 Marsh 10-30 1.4-3.6 Inglett et al. (2012)

Shanyutan 26 119.57 Marsh — 2.8-5.78 Wang et al. (2015)

Loch More 58.4 -3.7 Bog 5-15 2.2-3.0 MacDonald et al. (1998)

Aapa Mire 63.73 20.1 Fen 2-20 1.4-4.4 Bergman et al. (1998)

Copenhagen 55.8 12.57 Swamp 0-25 3.8-5.4 Westermann and Ahring (1987)
40f 14 Global Change Biology, 2026
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Step 1: Model training and testing using eddy covariance data
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FIGURE1 | Technical workflow of the Knowledge-Guided Machine Learning (KGML) reconstruction. The KGML framework involves a training
stage using EC observations and meteorological and satellite inputs to learn FCH, emissions, guided by knowledge constraints (positive GPP influ-
ence and realistic temperature sensitivity). In the reconstruction stage, the trained models are applied to long-term satellite and reanalysis datasets
(2000-2024) to generate daily wetland FCH, for analyzing trends, budgets, and environmental drivers across ecosystems.

where Ea is the activation energy, A is the pre-exponential rate
constant, k is the Boltzmann constant, and T is the temperature.
Taking the derivative of R to T, and replacing A x e "/KT by R gives:

dR/dT = A x e7%/XT % Ea /kT?
dR/dT =R x Ea/KkT?

Ea/k=dR/dT/R x T?

Then, calculate Q10 by dividing R at 10 degree warming con-
dition (R(T +10)) by R at control condition (R(T)), and then re-
place Ea/k by dR/dt/Rx T2

R(T +10) = A x e /KT+10
R(T) = A x e B/KT

Q10 = R(T + 10) /R(T) = eBa/k (1/T=1/(T+10)
Q10= dR/dT/RX10T/(T+10) _ odFCH, /dT/FCH,x10T/(T+10)

Now, all terms within the Q10 approximation function (FCH,,
dFCH,/dT, T) can automatically be provided by the neural
network.

During the reconstruction stage, inputs to the KGML model
included 2000 to 2024 GOSIFF-GPP (Li and Xiao 2019); ERAS
(Hersbach et al. 2020) air temperature, precipitation, radiation,
wind speed, humidity, and air pressure; 3, 7, and 30-day moving
averages of air temperature; and 3, 7, and 30-day cumulative pre-
cipitation. MODIS reflectance data were also used. The model's

goal is to predict daily FCH, from 2000 to 2024. Such recon-
structions provide a comprehensive, knowledge-constrained,
and long-term record of wetland FCH, emissions across diverse
ecosystems, enabling analysis of long-term budgets, trends, and
their environmental controls.

3 | Results
3.1 | Reconstructed Wetland FCH, Budget

Training and testing the KGML model with EC FCH, data,
along with knowledge constraints, yielded a very accurate
model (Figure S1). For example, the coefficient of determination
(R?) ranged from 0.66 to 0.96 for the testing dataset. Note that
the KGML model performed relatively worse at two sites due to
some extreme data samples (abnormally high CH, emission ob-
servations at US-Los and US-Elm).

Additionally, we conducted temporal cross-validation by dividing
the time series data into three continuous segments, reserving one-
third for validation. This method allows us to effectively test the
model’s capability on unseen data, as the validation dataset com-
prises entirely different years compared to the training datasets.
Our findings reveal that the model is robust across most sites, with
testing R? values ranging from 0.5~0.92, compared to R? values of
0.66~0.96 observed with random sampling across all the sites. An
exception was observed at the US-LA2 site, where the R? declined
from 0.84 in the training phase to 0.26 in the test phase, indicating
significant overfitting during temporal extrapolation. This decline
can be attributed to the fact that 82% of daily data points during the
observational period are missing. A significant data gap challenges

Global Change Biology, 2026
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the model's effectiveness. Therefore, we acknowledge that tempo-
ral cross-validation is a more stringent test of the model's ability to
generalize across years and conditions not present in the training
dataset. Overall, our results remain robust, with 10 out of 11 sites
validating the major conclusions of our study.

Across all sites, substantial environmental changes occurred
over the past two decades, as evidenced by the normalized
mean annual temperature (MAT) showing significant in-
creases (Figure 2). However, most of the EC tower data were
only available during the recent decade (after 2015; Table 1;
Figure 2), making it challenging to extrapolate the learned
relationships between environmental drivers and FCH, back
to the earlier decade, when environmental conditions dif-
fered substantially due to widespread warming and greening
(Lian et al. 2022). Biogeochemical knowledge (Table 2) sug-
gested that the colder climate and lower GPP during the past
decade likely led to reduced FCH,. By incorporating such
knowledge constraints on how FCH, should respond to envi-
ronmental changes, the KGML approach reduced the risk of
misattributing the FCH,-temperature-GPP relationship to
other covariates, thereby enabling more robust reconstructions.

The reconstructed mean annual wetland FCH, budgets
(Figure 3) ranged from 1.6+0.1~52.1+7.1gCH, m™2year
across the 11 sites. The highest emissions occurred at US-
LA2, a sub-tropical freshwater marsh site, which was rela-
tively warm (MAT ~16°C) and received the highest amount
of rainfall (MAP ~1500 mmyear~!) across the sites (Table 1).
Similarly, the lowest emissions occurred at the UC-ICs Arctic
site, which had the coldest MAT (—9.2°C) and a short snow-
free season. Variations exist at most sites due to different
hyperparameters (configuration parameters) of the KGML
reconstruction, and the percentage changes of annual budget
(standard deviation divided by mean annual FCH,) were as
high as 19% (US-BZF subarctic fen site), indicating relatively
large uncertainty.

3.2 | Reconstructed Wetland FCH, Trend

The reconstructed annual FCH, from 2000 to 2024 showed sig-
nificant long-term trends at all four cold sites (US-BZB, US-BZF,
US-ICs, US-NGB), whose MAT was below 0°C (Figure 4a). These
four sites represented a wide range of wetland types, including
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FIGURE2 | The shiftin mean annual temperature over the past two decades overlaps with the existence of the EC tower observational sites. The

Inset Map is of EC site locations used in this study.
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KGML reconstructions with the top 10 best-performing models.
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FIGURE 4 | (a) Fractional change in FCH,, at the 11 EC sites. The legend includes the slope (unit % change per decade) and corresponding p-
values in parentheses; the shaded area represents the uncertainties from the ensemble KGML reconstructions with the top 10 best-performing KGML

models. (b) Relationship between reconstructed trends versus latitude.

thermokarst bog (US-BZB), fen over a thick layer of peat (US-BZF),
and wet tundra sites (US-ICs, US-NGB). Their annual FCH, bud-
gets increased by between 6.4% and 13.8% per decade, with the
largest trend at the US-BZF site. This site differs markedly from
other sub-Arctic sites, primarily in vegetation composition and hy-
drology. US-BZF is a rich fen in the Tanana River floodplain dom-
inated by vascular species (e.g., Equisetum, Carex, and Potentilla),
which facilitate the upward transport of CH, (Euskirchen
et al. 2020). This site is also underlain by a thick peat layer (~1m)
(Thayamkottu et al. 2024) that provides abundant organic carbon

substrates and therefore exhibits both the highest emission rate
and decadal trend among the four cold sites.

Across relatively warmer sites (US-MBP, US-ALQ, US-Los), whose
MATSs were between 0°C and 10°C (Table 1), US-MBP and US-
ALQ exhibited more moderate but statistically significant trends
of 6%-7% changes per decade. However, US-Los showed a weaker
trend (3.5% per decade) that was not statistically significant (p-
value=0.15). At the hottest sites, where MATs were between
10°C and 25°C, trends were all non-significant. Furthermore, the
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second-hottest but also the wettest site, US-LA2 (MAT 21°C, MAP
1452mm), showed a statistically non-significant (p-value=0.27)
negative trend of —4.8% per decade.

Importantly, the decadal trends in FCH, correlated well with
latitudes; specifically, the decadal trend significantly declined
from high to low latitudes (Figure 4b). This correlation led to
the hypothesis that relatively cold northern wetlands tended
to respond more dramatically to environmental changes,
regardless of the wetland type (i.e., bog, fen, wet tundra).
However, we acknowledged that reconstructions at more
EC sites are needed to provide further support for this hypoth-
esis, given that only 11 sites were used to infer the latitudinal
relationship.

3.3 | Comparison With Other Bottom-Up
Estimates

The most recent GCP-CH, budget (Saunois et al. 2024) provided
modeled bottom-up estimates of FCH, across global wetlands,
serving as a scientific foundation for climate assessment and mit-
igation activities. As the largest natural source of FCH,, accurate
quantification of wetland FCH, has prominent impacts on cli-
mate policy. This study provided a critical long-term benchmark
dataset of wetland FCH, at targeted locations. To compare, we

first extracted the GCP-CH, grid-cell total emissions at the EC
site locations and scaled them by GCP-CH, wetland inundation
fraction to obtain the wetland CH, emission intensity (FCH,:
gCH, m~2year™).

We found that GCP-CH, overestimated FCH, at 10 out of 11
EC wetland sites (the exception was US-OWC) by between
9gCH, m~2year~' (US-LA2) and 68gCH, m~2year~! (US-Elm)
(Figure 5). The overestimation of FCH, by GCP-CH, does not
necessarily suggest overestimation of total wetland FCH, be-
cause the inundation area also plays a role (Bernard et al. 2025;
Zhang et al. 2021), though this is out of the scope for this study.
However, the overestimation by the GCP-CH, models suggests an
urgent need to improve model parameterizations and reduce the
discrepancy against EC observed FCH, (Ito et al. 2023; Zhang,
Bansal, et al. 2023).

Similarly, we found a large mismatch in decadal trends esti-
mated by GCP-CH, bottom-up models versus the KGML recon-
structions. GCP-CH,'s estimates were overestimated in six out
of 11 sites and underestimated in the other five sites, resulting
in a much larger range of decadal trends in GCP-CH, estimates
(=12% to 28% changes per decade). The overestimation and un-
derestimation would likely cancel out when aggregating total
CH, emissions over a large-scale region, which may explain
why a limited long-term trend has been identified in GCP-CH,’s
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FIGURE 5 | Comparison between reconstructed EC FCH, (this study) and GCP-CH, FCH, (Saunois et al. 2024) at 11 sites. Linked symbols rep-
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estimates, for example, over the boreal Arctic region (Yuan
et al. 2024).

3.4 | Attributions of the FCH, Trend

To quantify the contribution of different driving factors (i.e., tem-
perature, water, vegetation, and other interactive effects), we con-
ducted a step-wise attribution analysis. We sequentially removed
the long-term trends and only used the repeated annual cycle of
relevant variables for temperature (air temperature, 3/7/30-day
moving average air temperature), water (precipitation, 3/7/30-day
cumulative precipitation), and vegetation (GPP). The resultant
changes in FCH, trends driven by detrended forcings inform the
contributions of each factor to the decadal trend in FCH,,.

We found that temperature had a widespread positive contribution
to the FCH, decadal trends (Figure 6), regardless of the climate
zones or wetland types. Such responses were ensured by incor-
porating the Q10 temperature constraints during the training of
the KGML model, thereby improving the robustness of the recon-
struction not only for FCH, magnitude but, more importantly, for
the functional response of FCH, to temperature.

The second widespread contributor was the interaction terms
that could not be solely explained by temperature, water, or
vegetation dynamics. The contributions from interactions com-
prised both the direct interactive effects (among temperature,
water, and GPP) and indirect effects. The indirect effects were
partly due to the limited number of input variables (predictor
variables) used for the KGML model, which was necessary for
the decadal reconstruction from 2000 to 2024. Many potential
variables, such as water table depth and nutrient availability
(Yazbeck et al. 2025; Yang et al. 2025), were not available across
the sites. Therefore, when these variables may have played an
important role in driving long-term trends in FCH, at specific
sites, the KGML would attempt to represent this missing in-
formation by embedding known variables in a high-order non-
linear manner.

4 | Discussion

4.1 | Have Wetland FCH, Increased Over the Past
Decades?

Evidence for observed multi-decadal and sustained changes in
wetland FCH, is generally lacking in the literature, largely due to
the short duration of eddy covariance (EC) records, which were
mostly less than 8years (Delwiche et al. 2021). In addition, ob-
served FCH, at EC sites often shows strong interannual variabil-
ity, making it difficult to isolate relatively small long-term trends
(Knox et al. 2019). While ecosystem modeling and atmospheric
inversion studies often suggest increasing CH, fluxes at the global
scale (Peng et al. 2022), site-level observation-based evidence re-
mains unclear. Previous efforts to reconstruct long-term FCH,
at EC sites have applied gradient boosting decision trees (GBDT)
to link site-specific drivers with FCH,, yielding valuable insights
(Feron et al. 2024). However, these reconstructions were limited
by the short records from the FLUXNET-CH4 version 1 dataset.
Also, GBDT's limited performance and weak extrapolation abil-
ity restricted its application for long-term reconstructions. For
example, at two sites included in both Feron et al. (2024) and this
study (US-NC4 and US-Los), the coefficients of determination
(R?) for testing datasets were substantially higher in this study
(0.68 at US-Los, compared with 0.26 in Feron et al.; and 0.78 at
US-NC4, compared with 0.53 in Feron et al.). Such differences in
testing R? directly reflect how well models generalize to unob-
served conditions.

This work addressed the short temporal coverage of FCH, mea-
surements at EC sites by providing robust, multi-decadal re-
constructions and assessments (Figure 4 ; Figure S2). We found
consistent and significant increases in FCH, across northern
cold wetland sites, providing compelling site-level evidence that
cold wetlands might be experiencing strong positive interac-
tions with environmental changes, regardless of differences in
wetland type (bog, fen, wet tundra). By contrast, such increas-
ing trends diminished or became non-significant at warmer,
lower-latitude sites (e.g., US-LA2, US-Elm), suggesting that
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FIGURE 6 | Attribution of decadal changes of FCH, to temperature (air temperature, 3/7/30-day moving average air temperature), water (precip-
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FCH, sensitivity to climate warming is lower in warmer envi-
ronments. These findings advance understanding of which wet-
land regions are most likely to drive long-term changes in the
regional FCH, budget.

We note that this study quantifies wetland FCH, emission inten-
sity (CH, emissions per unit wetland area). To quantify wetland
contributions to the global atmospheric CH, budget, estimates of
wetland inundation area (Bernard et al. 2025; Zhang et al. 2021)
are required to scale FCH, to total emissions. However, large
uncertainties in mapping global wetland inundation area and
its long-term dynamics remain a major challenge (Zhang, Liu,
et al. 2023), highlighting the urgent need for synergistic improve-
ments in both research domains.

4.2 | How Do FCH, Emissions Budgets and Trends
Differ Across Wetland Types?

This study covered five major wetland ecosystems: two wet tun-
dra sites (US-ICs, US-NGB), one bog (US-BZB), four fens (US-
BZF, US-MBP, US-Los, US-ALQ), three marshes (US-OWC,
US-LA2, US-Elm), and one swamp (US-NC4). These ecosystems
are fundamentally different in hydrology, nutrient availability,
vegetation composition, soil carbon density, and other charac-
teristics (Zedler and Kercher 2005). Below, we evaluate wetland-
type-specific hypotheses using the reconstructed FCH, budgets
and trends across wetland types.

First, we hypothesized that fens exhibit stronger long-term
FCH, trends than bogs because their groundwater-fed hydrol-
ogy sustains greater plant productivity and thus greater sub-
strate availability. Fens also typically have higher and more
stable water tables and thus more stable anaerobic conditions
compared with nutrient-poor, rain-fed bogs. We examined a
paired bog-fen comparison (US-BZB versus US-BZF), where
climate conditions are similar (Table 1), since comparing US-
BZB with fen sites in much warmer environments (US-MBP,
US-ALQ, US-Los) is not informative. We found that US-BZF
(fen) exhibited significantly higher annual FCH, (Figure 3)
and decadal trends (Figure 4) than US-BZB (bog), thus sup-
porting this hypothesis. Although nutrient availability and
water tables were not explicitly included in the KGML model
as predictors, the distinctions in nutrient and hydrological con-
ditions at the two sites were likely encoded indirectly by using
combinations of other available input variables from KGML's
learned patterns.

Second, we hypothesized that marshes and swamps operate near
optimal conditions (e.g., temperature, hydrology, substrate avail-
ability), such that further environmental changes (e.g., warming,
greening, wetting) have only marginal impacts on FCH,, com-
pared with high-latitude tundra, bog, and fen wetlands. Our re-
sults supported this hypothesis, showing that marsh and swamp
sites exhibited significantly higher annual FCH, emissions than
bog, fen, and wet tundra sites (Figure 3). Furthermore, none of
the marsh and swamp sites showed statistically significant long-
term trends (Figure 4). We note, however, that this pattern does
not necessarily imply a limited contribution of FCH, from marsh
and swamp wetlands to regional and global budgets, since total
emissions are the product of FCH, and wetland inundation area.

The latter could substantially change due to regional wetting or
drying (Lu et al. 2024).

4.3 | Has FCH, Exhibited Long-Term Seasonal
Shifts?

To better understand the long-term seasonal changes in wetland
FCH, and how they contribute to the trend in annual FCH,, we
grouped the daily FCH, into summer months (June, July, August)
and fall months (September, October, November) and quantified
the decadal trends for each season (Figure S3).

All high latitude bogs and fens sites (US-BZB, US-BZF, US-ICs,
US-NGB) maintained similar or higher decadal trends in sum-
mer months compared with all seasons. With the US-BZF fen
site being the most prominent site. Its FCH, trend increased
from 14% (annual) to 19% (summer-only) per decade, suggest-
ing this high-emission fen site experienced the shift of annual
emissions towards summer months. Furthermore, no signifi-
cant trend was detected during fall months for US-BZF, further
supporting this point. This suggests that the window of FCH,
at US-BZF is increasingly concentrated in the summer season,
when warming, sustained water tables, and maximum plant
productivity coincide to create optimal conditions for microbial
methanogenesis and transport.

At warmer fen, marsh, and swamp sites (US-OWC, US-Los,
US-Elm, US-NC4, US-LA2), where all-seasons decadal trends
in FCH, were not statistically significant, their summer months
still did not show significant decadal trends. However, a few sites
showed significant decadal increases during fall months. For ex-
ample, the US-Elm and US-OWC sites both showed about a 10%—
11% increase in FCH, per decade during fall months only. This
pattern suggests that at warmer sites during the summer season,
microbial activity and plant-mediated transport might be near
saturation, thereby limiting further sensitivity to environmental
and vegetation changes. In contrast, the pronounced fall increase
at US-OWC and US-Elm sites suggests that off-peak FCH, in the
fall months has become more favorable for methane production
and plant-mediated release.

4.4 | Traditional ML Versus KGML

If we remove the knowledge constraints and conduct the same
training, testing, and reconstruction, how would such a pure ML
approach compare to KGML? The comparative performance of
the pure ML and KGML models demonstrates the superiority of
KGML in both interpolation and extrapolation capabilities.

When the datasets were randomly sampled, the pure ML model
achieved a training R? of 0.75+0.2 and a testing R? of 0.65+0.2,
while the KGML model outperformed it with a training R? of
0.86+0.1 and a testing R? of 0.75+0.1, highlighting KGMLSs su-
periority in interpolation. When selecting datasets sequentially for
testing, the pure ML model's performance dropped significantly,
reaching a training R? of 0.46+0.3 and a testing R? of 0.25+0.6,
compared to KGMLSs training R? of 0.73+0.1 and testing R? of
0.60+0.2, indicating KGMLs better extrapolation capabilities
as well.
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Additionally, an examination of temperature response functions
showed a more stable response learned by the KGML model. For
example, at the US-BZB site, where both pure ML and KGML
models achieved a testing accuracy of R?=0.82. However, the pure
ML model had an unstable temperature response, either declining
then rising, with substantial uncertainty at lower temperatures.
In contrast, the KGML model had a stable and reliable positive
response function to temperature, demonstrating enhanced
robustness.

Although KGML does not explicitly resolve each individual bio-
geochemical process of the target system, its knowledge-guided
architecture and loss functions constrain the model to learn re-
lationships that are consistent with established process under-
standing (Liu et al. 2024). Specifically for wetland CH, emissions,
although the model is trained on eddy covariance FCH, mea-
surements that represent the net balance of methane production,
oxidation, and transport processes, KGML enables the model to
implicitly learn process-consistent representations of these latent
components. For example, the temperature sensitivity learned
by the model reflects the combined temperature dependence of
microbial methanogenesis and methanotrophic oxidation. In ad-
dition, both methanogenesis and methanotroph are strongly regu-
lated by soil water availability. Therefore, variability in the model's
temperature sensitivity under fluctuating hydrological conditions
(e.g., precipitation and soil inundation) and shifts in anaerobic con-
ditions could inform changes in methane transport pathways, in-
cluding episodic ebullition and plant-mediated transport (Le Mer
and Roger 2001).

4.5 | Limitations and Future Directions

A critical limitation of our analysis is the lack of EC sites with
continuous records spanning the study period (2000-2024),
which prevents rigorous validation of the reconstructed FCH,
trends. While the integration of warming experiment data to
infer Q10 values and the use of knowledge-based constraints
improve the model's ability to extrapolate beyond the observa-
tional period (Liu et al. 2024; Yuan et al. 2022), direct validation
against long-term flux records is needed.

Another limitation arises from the uncertainties and scale dis-
crepancies between environmental forcings and EC flux measure-
ments. For example, ERAS5 reanalysis climate variables, GOSIF
gross primary productivity, and MODIS reflectance products used
in this study all operate at different spatial resolutions and tem-
poral aggregations than EC tower footprints. These mismatches
introduce additional uncertainty into both the model training and
the reconstructed fluxes, particularly in heterogeneous landscapes
where small-scale processes may not be well captured by coarse-
scale forcing data. Future work should focus on the robust down-
scaling of coarse-resolution datasets (e.g., ERAS forcings) and the
improvement of harmonization between environmental datasets
and wetland FCH, observations.

This study relies on 11 AmeriFlux sites, thus limiting the gen-
erality of our findings. Expanding the network to include more
sites is critically important, particularly in underrepresented re-
gions (Malone et al. 2022; Pallandt et al. 2024). The ongoing syn-
thesis of FLUXNET-CH,, (version 2) will provide unprecedented

opportunities to improve the understanding of wetland FCH,
across a much wider range of wetland ecosystems. For example,
tropical wetlands are known to be major CH, sources (Chang
et al. 2023; Murguia-Flores et al. 2023), but are not represented in
this study. Incorporating EC data from tropical wetland systems
will be essential to provide insights into long-term global wetland
FCH, dynamics (Zhu et al. 2024).

We acknowledge that changes in plant community composition
represent an important source of uncertainty in long-term wet-
land FCH, reconstructions. Although our analysis using NDVI
suggests general system stability over time, NDVI does not fully
capture shifts in species identity. Previous studies have shown
that methane flux can vary significantly among different plant
communities due to differences in vegetation biomass and func-
tional characteristics that are not resolved by vegetation indices
(Jarvi-Laturi et al. 2025).

Moreover, wetland plant species can differ in their influence on
methane production, oxidation, and transport (Goud et al. 2017;
Maiittd and Malhotra 2024). For example, species with aerenchy-
matous tissue can facilitate greater methane transport than spe-
cies without aerenchyma. Because NDVI primarily reflects overall
vegetation “greenness” rather than trait-based differences such
as aerenchyma, using NDVTI as a predictor could overlook spe-
cies compositional shifts that alter methane emission pathways.
Nevertheless, we included MODIS surface reflectance in model
predictors, which provided compounded information on the plant
traits that could reflect the spectral change due to the changes in
the structure and composition of vegetation. Future work could
incorporate species-level or functional trait datasets, as well as
emerging remote sensing products capable of distinguishing wet-
land vegetation composition, to improve the long-term wetland
FCH, reconstructions.

4.6 | Implications for Targeted Interventions
and Sustainable Land Management Solutions

This study tackled critical challenges in characterizing trends in
CH, emissions within wetland ecosystems, which exhibited vary-
ing sensitivities to unidentified drivers (Figure 6). Aside from dif-
ferences in climate and vegetation, between-site variation in the
size and effect of interactions likely resulted from factors previ-
ously shown to influence ecosystem structure and function, such
as nutrient levels, water quality, lateral fluxes, and disturbances.
The variation in unexplained interactions may also have import-
ant implications for resource management strategies that support
nature-based solutions (Keesstra et al. 2018), as wetlands often
provide a multitude of ecosystem services of significant economic
and environmental value. The capacity of wetlands to capture and
sequester carbon for extended time periods is particularly relevant
(Were et al. 2019). Due to concerns about the positive feedback
of wetland FCH, to global change (Zhang et al. 2017), studying
wetlands where FCH, have reached saturation or where water
management can be used as a tool for mitigation is important.
To enhance existing models and data, it is essential to integrate
landscape position, disturbances, and resource management ac-
tivities in the development of high-resolution emission models.
This work highlights the need for advancements in measurement
infrastructure that will enable the design of targeted interventions
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and facilitate the practical assessment of wetland conservation and
restoration efforts.

5 | Conclusions

In this study, we developed and applied a novel Knowledge-
Guided Machine Learning (KGML) framework that integrated
eddy-covariance (EC) flux measurements with key biogeo-
chemical knowledge, such as the Q10 temperature sensitivity.
We addressed the critical temporal limitation of EC flux mea-
surements by reconstructing FCH, from 2000 to 2024 across 11
diverse wetland sites and revealed a significant decadal increase
in annual FCH, at high-latitude sites (6% to 14% increase per de-
cade), a trend that diminished sharply moving toward warmer,
lower-latitude sites. Therefore, the results underscored the fact
that northern wetlands have been highly sensitive to environ-
mental change and pose a potentially positive feedback to the
climate system. Attribution analysis further confirmed that
temperature was the most widespread positive contributor to the
observed decadal FCH, trends. The prominent interaction terms
were identified as proxies for unaccounted interactions and un-
used environmental drivers, such as water table dynamics and
complex soil characteristics, whose effects the non-linear KGML
framework captures. Additionally, our reconstructed long-term
FCH, time series can serve as a benchmark dataset for bot-
tom-up biogeochemistry models. Compared with the GCP-CH,
bottom-up model estimates, we found a persistent overestima-
tion of FCH, magnitude and poor correspondence for long-term
trends, indicating the need to improve model parameterizations
related to FCH, and its responses to changes in environmen-
tal conditions to aid the development of effective mitigation
strategies.
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ries of CH, emissions. Figure S3: Fractional changes of FCH, at 11
sites during summer (June, July, August) and fall (September, October,
November) months. Table S1: Neural Network architecture defined by
hyperparameters.
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