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Abstract. Wetlands are the largest natural source of atmospheric methane, yet bottom-up estimates of their emissions remain

highly uncertain due to structural differences, parametric uncertainties among process-based models and strong environmental

heterogeneity. In addition, most wetland emission models are not systematically calibrated against methane flux measurements,

limiting their ability to capture realistic spatial and temporal dynamics. The increasing availability of eddy-covariance towers

measuring CH4 fluxes across diverse wetland types now offers new opportunities to evaluate and constrain model ensembles5

using observational data. Multi-model ensembles are commonly used to quantify uncertainty, but the widespread use of simple

model averaging implicitly assumes that all models contribute equally and optimally across sites, an assumption that is rarely

justified. Here, we present a data-driven framework that moves beyond the simple mean to derive site-adaptive ensemble

estimates and to characterize spatial patterns of model disagreement, and how they are reshaped by ensemble weighting, in

wetland CH4 emissions.10

Using flux observations from a global network of 44 wetland sites, ranging from boreal arctic to tropical wetland ecosystems,

and simulations from sixteen global wetland biogeochemistry models, we estimate site-specific optimal ensemble weights via

a Bayesian model averaging framework fitted by Expectation–Maximization (EM-BMA). To improve robustness, weights

are stabilized through resampling, and sites are clustered based on their stabilized weight signatures in compositional space,

yielding groups of locations with similar model skill structures. Within each cluster, we perform cross-validated predictions15

and compare EM-BMA against simple model averaging (SMA) using standard performance metrics (R2, normalized RMSE,

and mean bias).
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To interpret these clusters and to delineate the conditions under which different model combinations are best fitting the site

measurements, we relate cluster membership to environmental predictors. We characterize cluster-specific validity domains

in predictor space using low-dimensional projections and geometric and probabilistic envelopes, and we identify the most20

influential predictors using a machine-learning classifier with back-projected feature importance.

We show that optimal model combinations vary across sites and that Bayesian model averaging outperforms simple model

averaging in cross-validation. When propagated beyond the measurement sites using environmental predictors and applied

to model diagnostic outputs, the resulting global wetland CH4 emission estimates differ only slightly from those obtained

with simple averaging (less than 5%). However, substantial differences emerge at local and regional scales, highlighting the25

importance of accounting for spatial heterogeneity in model skill. This framework therefore provides a transparent and repro-

ducible alternative to equal-weight ensemble means for improving bottom-up wetland CH4 estimates across heterogeneous

environments.

1 Introduction

Atmospheric methane (CH4) is a potent greenhouse gas whose concentration continues to rise, contributing substantially to30

near-term climate warming (Canadell et al., 2021). Wetlands are the largest natural source of atmospheric methane, yet their

emissions remain among the most uncertain components of the global methane budget (Saunois et al., 2025). This uncertainty

reflects both the strong environmental heterogeneity of wetland systems and substantial structural differences among process-

based models used to simulate methane production, oxidation, and transport. Reducing uncertainty in wetland methane emis-

sions is therefore a central challenge for understanding the global methane cycle, attributing observed trends, and anticipating35

climate–carbon feedbacks (Zhang et al., 2023; Ciais et al., 2026).

Over the past decade, considerable progress has been made in constraining methane emissions using atmospheric observa-

tions and inverse modeling frameworks (e.g., Bloom et al., 2017; Zhang et al., 2017b; Koffi et al., 2020; Peng et al., 2022;

Zhang et al., 2023). However, their ability to reduce uncertainties in natural emissions, particularly from wetlands, remains

limited. This is largely due to the sparse coverage of atmospheric measurements in key regions such as the tropics and high40

latitudes, where wetland emissions are most uncertain. As a result, large discrepancies persist between top-down and bottom-

up estimates, and wetland methane emissions continue to represent one of the dominant sources of uncertainty in the global

methane budget (Saunois et al., 2025). Recent syntheses further emphasize that this uncertainty limits trend detection and at-

tribution, especially in the tropics and high latitudes, and that progress will require better integration of observations, models,

and ensemble-based uncertainty characterization (Zhu et al., 2024; Forbrich et al., 2024; Zhu et al., 2025; Zhang et al., 2025;45

Ciais et al., 2026).

Bottom-up estimates of wetland methane emissions are typically derived from ensembles of land surface models, dynamic

global vegetation models, and ecosystem biogeochemical models (Saunois et al., 2025). Multi-model ensembles are widely

used to represent structural uncertainty and to provide a more robust estimate than any single model. Large-scale intercom-

parison efforts, such as the Wetland and Wetland CH4 Intercomparison of Models Project (WETCHIMP; Wania et al., 2013;50
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Melton et al., 2013), have demonstrated substantial spread among wetland methane simulations, highlighting both structural

diversity and differences in hydrological and biogeochemical parameterizations across models.

In practice, ensemble means are most often computed using simple model averaging, implicitly assuming that all models

contribute equally and optimally across regions and environmental conditions. This assumption is rarely justified. Models

differ in their representation of wetland extent, hydrology, soil biogeochemistry, and methane transport pathways, and their55

relative performance can vary strongly across sites and climatic regimes. Moreover, participating models are typically not

calibrated against a common and recent set of site-level methane flux observations, further contributing to ensemble spread.

As a result, equal-weight ensemble means may mask systematic regional strengths and weaknesses and may fail to exploit the

complementary skill of different models.

Several studies have explored alternative ways to combine model information or to benchmark model ensembles against60

observations, including skill-based weighting and hybrid top-down/bottom-up approaches (e.g., Bloom et al., 2017; Koffi

et al., 2020; Peng et al., 2022). At the same time, the increasing availability of eddy-covariance measurements of wetland CH4

fluxes across diverse climatic zones now offers new opportunities to evaluate ensemble performance at the process scale. Yet,

most existing ensemble approaches either operate at coarse spatial scales, focus primarily on atmospheric constraints, or apply

globally uniform weighting schemes. There remains a need for frameworks that (i) operate at the site scale where process65

understanding and evaluation are most direct, (ii) explicitly account for spatial heterogeneity in model skill, and (iii) provide

transparent and reproducible uncertainty characterization that can inform both bottom-up modeling and observational network

design (Forbrich et al., 2024; Ciais et al., 2026).

Here, we aim at addressing this gap by proposing a data-driven, site-adaptive ensemble framework for wetland methane

emissions that moves beyond simple model averaging. Using observations from a global network of wetland sites (Delwiche70

et al., 2021; Kuhn et al., 2021) and simulations from sixteen process-based methane models, we estimate site-specific ensemble

weights using a Bayesian model averaging approach fitted by Expectation–Maximization (EM-BMA) (Raftery et al., 2005;

Besic et al., 2025; Picard et al., 2025). This allows the relative contribution of each model to vary across sites, reflecting

differences in local performance and structural adequacy. To improve robustness, the inferred weights are stabilized through

resampling, and sites are subsequently clustered in the resulting compositional weight space, deriving groups of locations that75

share similar model skill structures.

Building on this clustering, we perform cross-validated predictions within clusters and systematically compare the perfor-

mance of EM-BMA against simple model averaging using standard evaluation metrics. Beyond this predictive assessment, we

aim to interpret and generalize the site-level patterns of model skill identified by the clustering. To this end, we relate cluster

membership to environmental predictors describing vegetation productivity, climate, and soil properties, delineate cluster-80

specific validity domains in predictor space using low-dimensional projections and geometric and probabilistic envelopes, and

identify the most influential predictors using a supervised machine-learning classifier. This second step enables the spatial

extrapolation of cluster membership beyond measurement sites and provides a pathway toward identifying where different

combinations of models are expected to perform best.
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Figure 1. Overview of the study workflow and main processing steps.

The overall workflow of the study is summarized in Fig. 1. In brief, we combine observational site level flux constraints85

from FLUXNET-CH4 v1 and BAWLD (Delwiche et al., 2021; Kuhn et al., 2021; Olefeldt et al., 2021; Virkkala et al., 2025)

with multi-model simulations to derive site-specific ensemble weights using Bayesian model averaging, stabilize these weights

through resampling, and cluster sites based on similarities in their weight signatures. The resulting clusters are then linked to

environmental predictors to obtain spatially explicit validity domains and to predict cluster membership across global wetlands.

Finally, the inferred cluster-specific model mixtures are applied to the diagnostic outputs of the participating models in order90

to map spatially constrained wetland methane emissions and to assess their implications for regional and global budgets.

By explicitly accounting for spatial heterogeneity in model performance, this framework provides a transparent and re-

producible alternative to equal-weight ensemble means. More broadly, it offers a practical way to characterize structural dif-

ferences among models and to support the integration of observations and process-based simulations for improved methane

budget assessment and monitoring (Bloom et al., 2017; Peng et al., 2022; Zhang et al., 2023; Ciais et al., 2026).95

2 Data description

2.1 Models

We analyze methane (CH4) emissions simulated by sixteen process-based terrestrial ecosystem and land-surface models. These

models, presented in Table 1 differ in their representation of wetland extent, hydrology, soil biogeochemistry, and methane

production, oxidation, and transport processes, collectively spanning a broad range of structural assumptions and complexities.100

Although these models share the common goal of representing wetland methane emissions, they differ substantially in

their underlying process formulations, spatial and temporal resolutions, and treatment of hydrology and soil biogeochemistry,

motivating the ensemble-based and site-adaptive analysis developed in this study.

4

https://doi.org/10.5194/egusphere-2026-2604
Preprint. Discussion started: 29 June 2026
c© Author(s) 2026. CC BY 4.0 License.



Model Description Reference

CH4MOD Simulates methane emissions from wetlands by representing methanogenic substrate

supply and processes of production, oxidation, and emission under varying soil and

climate conditions.

Li et al. (2010).

CLASSIC Simulates surface energy, water, carbon, and nutrient fluxes; wetland methane emis-

sions are parameterized within its biogeochemical component.

Melton et al. (2020).

DLEM Represents coupled carbon, nitrogen, and water cycles, including a wetland methane

module for greenhouse gas fluxes.

Zhang et al. (2017a).

ELM Includes vertically resolved soil biogeochemistry and methane processes for wetland

environments.

Huang et al. (2025).

ISAM Simulates terrestrial carbon and nitrogen dynamics with methane emissions sensitive

to soil hydrology and temperature.

Shu et al. (2020).

JSBACH Represents terrestrial carbon and water fluxes with parameterizations for wetland

methane emissions.

Kaiser et al. (2017).

JULES Simulates land–atmosphere exchanges of energy, water, and carbon, including

process-based wetland methane emissions.

Best et al. (2011).

LPJ-GUESS Represents vegetation dynamics at individual/cohort level with explicit wetland

methane processes.

Kallingal et al. (2024).

LPJ-MPI Simulates vegetation dynamics and terrestrial carbon cycling, extended to include

wetland methane emissions.

Sitch et al. (2003).

LPJ-WSL Variant of LPJ with methane module coupled to soil carbon and hydrology. Zhang et al. (2017a).

LPX-Bern Represents vegetation, carbon cycling, and wetland methane emissions with focus

on long-term carbon–climate interactions.

Stocker et al. (2014).

ORCHIDEE Simulates coupled energy, water, and carbon fluxes with process-based wetland

methane emissions.

Salmon et al. (2022).

SDGVM Represents vegetation dynamics and terrestrial carbon cycling, applied to wetland

methane simulations.

Ringeval et al. (2013).

TEM-MDM Couples carbon, nitrogen, and methane processes to simulate wetland methane pro-

duction, oxidation, and emission.

Zhuang et al. (2004).

TRIPLEX-GHG Simulates carbon, nitrogen, and greenhouse gas fluxes, including wetland methane

emissions.

Zhu et al. (2014).

VISIT Simulates carbon cycling and trace gas exchanges, including wetland methane emis-

sions under varying environmental conditions.

Ito and Inatomi (2012).

Table 1. Overview of wetland methane models used in this study.

5

https://doi.org/10.5194/egusphere-2026-2604
Preprint. Discussion started: 29 June 2026
c© Author(s) 2026. CC BY 4.0 License.



The simulations analyzed here follow a common protocol established within recent wetland methane model intercomparison

efforts (Zhang et al., 2025). The ensemble provides monthly methane fluxes at the global scale over the period 2000–2020,105

based on harmonized environmental forcings and standardized experimental setups.

A key source of structural diversity within the ensemble arises from the representation of wetland extent. Some models

simulate wetland dynamics prognostically, using internal hydrological schemes to determine inundation extent as a function of

climate and soil conditions, while others rely on externally prescribed wetland extent derived from remote sensing products.

This distinction contributes to differences in both the spatial distribution and temporal variability of methane emissions across110

models, and constitutes an important component of between-model uncertainty explored in this study.

In our analysis, we further restrict the dataset by excluding all site–month observations with zero measured CH4 emissions.

This choice ensures that the evaluation focuses on conditions where methane production is observed, and avoids penalizing

models for predicting emissions in situations where no flux is detected. As a consequence, the framework emphasizes the ability

of models to reproduce variability in active emitting conditions rather than their performance in predicting the occurrence of115

zero-flux events.

For the methodological development and evaluation presented throughout this study, we primarily use simulations driven

by the CRU climate forcing dataset (Harris et al., 2020). These simulations are used to estimate model weights, perform

clustering, and illustrate the proposed framework. To assess the implications of the approach for large-scale emission estimates,

we additionally analyze simulations driven by both CRU and GSWP3 climate forcings (Dirmeyer et al., 2006). This allows120

us to examine how the regime-dependent ensemble weighting affects global wetland methane emission estimates under two

commonly used meteorological forcing datasets.

We used the Wetland Area Dynamics for Methane modeling (WAD2M) (Zhang et al., 2021) dataset to derive a common

wetland mask for all model outputs. Specifically, we reprojected the mean WAD2M wetland fraction over 2000–2018 onto the

target 0.5◦ grid and classified as wetlands all pixels with mean fractional wetland cover Fw ≥ 0.01. Since the model outputs125

already account for wetland fractional area in their annual gridded emissions, WAD2M was not used to rescale emissions.

Instead, it was used solely to define a harmonized wetland domain and to replace missing annual values by zero within wetland

pixels prior to temporal averaging. This ensured consistency across models when deriving mean annual emissions and when

later applying the two ensemble-weighting approaches, SMA and BMA.

2.2 Measurement sites130

Observational constraints on wetland methane (CH4) emissions were compiled from two complementary sources: the FLUXNET-

CH4 network and the Boreal–Arctic Wetland and Lake Dataset (BAWLD). Eddy-covariance methane flux measurements from

FLUXNET-CH4 provide site-level, continuous observations across a range of wetland ecosystems and climatic conditions

(Delwiche et al., 2021). These data are complemented by site-based and regionally representative flux information from the

BAWLD synthesis, which integrates observations across boreal and Arctic wetlands and inland water systems (Kuhn et al.,135

2021; Olefeldt et al., 2021).
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The site network comprises 44 wetland flux sites (36 FLUXNET-CH4 and 8 BAWLD-CH4 sites), including 26 located in

boreal regions (|Lat|> 50◦), 14 in temperate regions (23.5◦ ≤ |Lat| ≤ 50◦), and 4 in tropical regions (|Lat|< 23.5◦).

For consistency with model outputs and to reduce the influence of high-frequency variability and data gaps, all observational

methane fluxes were aggregated to the monthly timescale prior to analysis. The resulting dataset provides a harmonized set140

of site-level monthly methane emission estimates used to evaluate model performance and to derive site-adaptive ensemble

weights.

Methane fluxes were originally expressed in mg m−2 s−1. For numerical conditioning of the covariance estimation within

the expectation–maximization framework, fluxes were linearly rescaled by a constant factor. This scaling does not affect sta-

tistical relationships or model weights.145

2.3 Predictors

To interpret the spatial structure of model skill and to enable the upscaling of site clusters - defined as groups of sites with

similar weight signatures - we assembled a set of environmental predictors describing vegetation productivity, climate, and

soil properties. All predictors were expressed as long-term means over the period 2003–2022, in order to emphasize persistent

environmental controls and to ensure consistency with the climatological nature of the cluster-based analysis.150

Vegetation productivity was characterized using gross primary production (GPP) from the GOSIF dataset (Li and Xiao,

2019), which provides proxies of methane emissions linked to vegetation activities such as substrate availability and plant-

mediated transport (Knox et al., 2021; Yuan et al., 2022, 2024; Li et al., 2026). Climate conditions were represented by

near-surface air temperature (TA), precipitation (Prcp), and soil water content (SWC) from the ERA5 reanalysis (Hersbach

et al., 2020), capturing key thermal and hydrological controls on wetland methane production, oxidation, and transport.155

Soil properties were described using the Harmonized World Soil Database (HWSD) version 2.0 (Nachtergaele et al., 2023).

From this dataset, we extracted soil texture information expressed as fractional proportions of the main texture classes (clay,

silt, sand, and gravel) as well as soil pH, which together provide first-order constraints on soil physical and biogeochemical

conditions relevant for methane cycling (Le Mer and Pierre Roger, 2001; Li et al., 2026).

All predictors were spatially collocated with the observation sites and compiled into a single predictor dataset. This predictor160

set was subsequently used to (i) relate cluster membership to environmental conditions, (ii) delineate cluster-specific validity

domains in predictor space, and (iii) support the spatial extrapolation of cluster membership and ensemble configurations.

3 Method description

Our methodological framework is organized into two main parts (Fig. 1). Part A focuses on deriving site-adaptive ensemble

estimates from multi-model simulations using Bayesian model averaging (BMA), stabilizing the resulting weights, clustering165

sites based on their weight signatures, and evaluating predictive performance against simple model averaging (SMA). Part B

aims to interpret and generalize these clusters in environmental space by linking them to predictors, delineating cluster-specific

validity domains, and training a classifier to enable spatial upscaling.
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3.1 Part A: Site-adaptive Bayesian model averaging, stabilization, clustering, and evaluation

3.1.1 Bayesian model averaging with Expectation–Maximization170

Let Y denote the wetland methane flux at a given site and time i, and let mk(xi) be the corresponding simulation from model

Mk, with k = 1, . . . ,K and K = 16, and the input data xi. We assume that observations are generated from a Bayesian model

averaging mixture over the K candidate models, such that the conditional distribution of Y given the observations Y can be

written as

f(Yi | Y) =

K∑

k=1

wkϕ(Yi;mk(xi),σk) , (1)175

where wk = Pr(Mk | Y) are non-negative model weights that sum to one, ϕ(·) denotes the Gaussian probability density func-

tion, and σ2
k are model-specific error variances (Besic et al., 2025).

For each site, the weights w = (w1, . . . ,wK) and variances σ = (σ1, . . . ,σK) are estimated by maximizing the log-likelihood

of the observed time series using an Expectation–Maximization (EM) algorithm. In the expectation step (E), posterior responsi-

bilities are computed for each model component given current parameters. In the maximization step (M), weights and variances180

are updated from these responsibilities, subject to numerical regularization floors on weights, variances, and likelihood denom-

inators to ensure stability. Iteration continues until convergence of the log-likelihood or a maximum number of iterations is

reached (Picard et al., 2012).

Given a fitted weight vector w, the BMA prediction at time i is given by the conditional expectation of the mixture distribu-

tion,185

Ŷ BMA
i = E(Yi | Y) =

K∑

k=1

w̃ikmk(xi), (2)

where w̃ik are renormalized weights accounting for missing model values at time i. For comparison, the simple model average

(SMA) prediction is defined as the unweighted mean of the available model simulations.

3.1.2 Stabilization of site-level weights

Because site-level datasets can be limited in length and may contain gaps, raw EM-BMA weights are sensitive to sampling190

variability. To improve robustness, we stabilize the estimated weights using a resampling strategy. At each site, we generate

multiple resampled datasets either by bootstrap resampling with replacement or by subsampling without replacement. The

EM-BMA procedure is applied independently to each replicate, yielding an ensemble of weight vectors.

From this ensemble, we compute the mean stabilized weight vector w̄, which is subsequently used as the site’s representative

weight signature, and the standard deviation of weights, which provides a diagnostic of weight stability. If too few valid data195

points are available in a resample to fit the EM model, that replicate is discarded. If no valid replicate can be fitted, weights are

estimated from the full dataset.
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3.1.3 Clustering of sites in weight space

To identify groups of sites that share similar model skill structures, we cluster sites based on their stabilized weight signatures.

Because the weights are compositional data (non-negative and summing to one), we first apply a centered log-ratio (CLR)200

transform:

CLR(wk) = log(wk)−
1

K

K∑

j=1

log(wj), (3)

with a small numerical offset applied to avoid taking the logarithm of zero (Egozcue et al., 2003).

The transformed weight vectors are then clustered using agglomerative hierarchical clustering with Ward’s linkage (Kaufman

and Rousseeuw, 1990). The number of clusters is chosen using the elbow criterion, subject to the constraint that no cluster205

contains only a single site. Cluster centroids are computed in the original weight space for interpretability, and cluster-level

summaries of weight stability are derived from the corresponding standard deviations.

3.1.4 Cross-validation and performance metrics

To evaluate predictive performance, we perform a K-fold cross-validation within each cluster. For each fold and each cluster,

the EM-BMA model is fitted on the training subset of fluxes, and predictions are generated for the validation subset using both210

BMA and SMA. This ensures that model weights are always estimated independently of the validation data.

Performance is assessed using the coefficient of determination (R2), the normalized root-mean-square error (NRMSE, nor-

malized by the standard deviation of observations), and the mean bias error (MBE). In addition, bootstrap resampling stratified

by cluster is used to derive confidence intervals for global performance metrics.

3.1.5 Variance decomposition215

Beyond the mean prediction, the predictive variance of the BMA ensemble can be decomposed following Raftery (1993) as

Var(Yi | Y) = σ2
bm +σ2

wm =

=

K∑

k=1

wk

(
mk(xi)−

K∑

l=1

wlml(xi)

)2

+

K∑

k=1

wk σ
2
k, (4)

where the first term represents the between-model variance (σ2
bm), i.e. the weighted spread of individual model predictions220

around the BMA mean, and the second term represents the within-model variance (σ2
wm), i.e. the weighted average of the

model-specific error variances.

The between-model component quantifies structural disagreement among models, and becomes large when models with

comparable weights produce contrasted predictions. The within-model component reflects the typical model–data mismatch

captured by the Gaussian error terms. This decomposition provides a natural way to distinguish uncertainty arising from model225
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structural spread from uncertainty associated with residual errors (the need for such a separation is discussed in Ciais et al.

(2026)), and forms the basis for the cluster-level variance analysis presented in Sect. 4.

3.2 Part B: Linking clusters of sites in weight space to environmental predictors and spatial generalization

3.2.1 Preparation of predictor matrix

As evoked in Sec. 2.3, environmental predictors describing vegetation productivity, climate, and soil properties are assembled230

at each site and expressed as long-term means over 2003–2022. The predictor matrix is merged with cluster labels derived in

Part A. Missing predictor values are imputed using median imputation, and all predictors are standardized to zero mean and

unit variance prior to multivariate analysis.

3.2.2 Dimensionality reduction and validity domains

To visualize and characterize the distribution of clusters in predictor space, we apply principal component analysis (PCA)235

to the standardized predictor matrix and retain the first three components. These components are used to construct pairwise

two-dimensional projections.

For each cluster and each projection, we delineate validity domains using two complementary approaches: (i) the convex hull

of the projected points, which provides a geometric envelope of occupied predictor space (Preparata and Shamos, 1985), and

(ii) a Mahalanobis-distance-based ellipse derived from the cluster covariance matrix, corresponding to a prescribed confidence240

level (Johnson and Wichern, 2007). These envelopes provide an interpretable representation of the environmental conditions

under which each cluster is supported by observations.

3.2.3 Supervised classification of cluster membership

To enable prediction of cluster membership from environmental predictors, we train a supervised classifier using a pipeline

consisting of median imputation, standardization, PCA with a tunable number of components, and a random forest classifier245

(Pedregosa et al., 2011). Hyperparameters, including the number of retained PCA components and random forest settings,

are optimized using randomized search with stratified cross-validation. To avoid unstable behavior, clusters with fewer than a

minimum number of sites can be excluded from the training set.

Model performance is evaluated using cross-validated predictions and standard classification metrics, including overall ac-

curacy, balanced accuracy, macro-averaged F1 score, and the confusion matrix. Feature importance scores from the trained250

random forest are back-projected onto the original predictor space using the PCA loadings to identify the most influential

environmental controls on cluster membership.

3.2.4 Towards spatial upscaling

The trained classifier provides a practical pathway to predict cluster membership in regions without direct flux observations,

based solely on environmental predictors. Combined with the cluster-specific ensemble configurations derived in Part A, this255
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enables spatial mapping of dominant model combinations and associated validity domains, thereby supporting the generaliza-

tion of site-level results to larger spatial scales.

4 Results

4.1 Site-level EM-BMA behavior and comparison with simple averaging

We first examine the behavior of the EM-BMA framework at the site level using representative examples spanning contrasting260

environmental conditions and flux regimes (Fig. 2). For each site, EM-BMA yields a distinct set of model weights, reflecting

differences in local model skill, and produces ensemble predictions that track observed variability more closely than the simple

model average (SMA) in most cases.

Across the illustrated sites, the inferred weights are typically sparse, with a limited subset of models receiving most of

the weight, while others contribute marginally. This behavior highlights that model skill is strongly site dependent and that265

uniform weighting is rarely optimal. In the time series and scatter comparisons, BMA predictions generally show reduced bias

and improved alignment with observations compared to SMA, although the magnitude of improvement varies across sites and

regimes.

4.2 Cluster structure in weight space and global performance

Clustering the stabilized site-level weight signatures reveals four distinct clusters of sites characterized by different dominant270

model combinations (Fig. 3a). The cluster centroids show distinct weight patterns, indicating that different subsets of models

tend to perform best in different groups of sites. The corresponding mean weight standard deviations (Fig. 3b) are generally

small, indicating that the stabilization procedure yields robust cluster-level weight structures.

When aggregating predictions across all sites, EM-BMA outperforms SMA (Fig. 3c). The global scatter plot shows that

BMA achieves a higher coefficient of determination and a lower normalized RMSE and bias than SMA, which exhibits both275

larger dispersion and stronger systematic deviations from the one-to-one line. This confirms that allowing site-adaptive weights

leads to an overall improvement compared to uniform model averaging.

4.3 Within- and between-model variance across clusters

The cross-validated variance decomposition further highlights structural differences between clusters (Fig. 4a). For some clus-

ters, the within-model component (i.e., the weighted sum of model-specific error variances) dominates, indicating that un-280

certainty is primarily driven by model–data mismatch. In other clusters, the between-model component (i.e., the ensemble

spread around the weighted mean) is comparable to or larger than the within-model term, pointing to substantial structural

disagreement among models in those regimes.
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(a)

(b)

(c)

(d)

(e)

Figure 2. Examples of site-level EM-BMA fits at wetland sites: (a) BWNXR (Botswana), (b) CASCC (Canada), (c) DEZRK (Germany), (d)

SEDEG (Sweden), and (e) USLOS (USA). For each site, the left panel shows the inferred model weights (with stabilization uncertainty), the

middle panel presents the corresponding time series, and the right panel displays the observation–prediction comparison for BMA and SMA.
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(a)

(b)

(c)

Figure 3. (a) Cluster centroid weights in the original model space, (b) mean standard deviation of stabilized weights per cluster (as a measure

of weight stability), and (c) global scatter comparison between observations and predictions from EM-BMA and simple model averaging

(SMA). Reported metrics summarize overall performance across all sites.
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(a) (b)

(c)

Figure 4. (a) Cross-validated decomposition of BMA predictive variance by cluster into within-model (weighted error variance) and between-

model (ensemble spread on validation data) components. (b) PCA of stabilized BMA weight signatures across sites - points represent sites,

coloured by cluster and labelled by their dominant model. (c) Geographic distribution of measurement sites colored by cluster membership,

showing the spatial organization of model-skill regimes. Darker gray areas in the background indicate wetlands according to the Wetland

Area Dynamics for Methane modeling (WAD2M) (Zhang et al., 2021).

These contrasts show that uncertainty is not only heterogeneous in magnitude across sites, but also in nature: some environ-

ments are characterized by relatively consistent but biased models, whereas others exhibit large structural spread among model285

simulations.
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4.4 Ordination of model-weight signatures

To investigate whether the clusters reflect distinct regimes of model performance, we performed a principal component analysis

(PCA) on the stabilized BMA weight signatures across sites. The first two principal components explain 17.1% and 14.5% of

the variance, respectively (Fig. 4b).290

The ordination reveals a clear separation of sites into four groups consistent with the clusters identified previously. In

particular, the first axis primarily separates Cluster 1 from Cluster 2, while the second axis distinguishes Cluster 3 from Cluster

0, indicating that clusters correspond to distinct configurations of model weights rather than arbitrary partitions.

When labeling sites by their dominant model (i.e. the model receiving the highest BMA weight), distinct regions of the

ordination space are associated with different models. While no single model dominates globally, specific models or model295

families tend to prevail within particular regions of the space. This confirmes that model performance varies systematically

across sites, with different models receiving stronger support depending on the site-specific conditions.

4.5 Spatial distribution of clusters

Projecting cluster membership onto the global map reveals a geographically structured pattern (Fig. 4c). The four clusters

are not randomly distributed but tend to group in broad regions, with certain clusters dominating in specific climatic and300

biogeographical zones. This spatial organization suggests that the differences in model skill captured by the clustering are

linked to large-scale environmental controls rather than being purely site-specific artifacts.

4.6 Validity domains in environmental predictor space

To interpret these spatial patterns, we analyze the distribution of clusters in environmental predictor space using a PCA-based

representation (Fig. 5 and A1). In the first three principal components, clusters occupy partially overlapping but distinct305

regions. The convex hulls and Mahalanobis envelopes provide complementary views of these domains: the hulls delineate the

outer bounds of observed conditions for each cluster, while the ellipses summarize their core distribution at a given confidence

level.

Although overlap exists, especially in transitional regions of predictor space, each cluster exhibits a characteristic environ-

mental signature, supporting the idea that different model combinations are preferentially suited to different combinations of310

productivity, climate, and soil conditions.

4.7 Predictability of cluster membership and dominant controls

Finally, we assess to what extent cluster membership can be predicted from environmental predictors alone. The random

forest classifier trained on PCA-reduced predictors achieves a moderate but meaningful performance (Fig. 6a), with an overall

accuracy of about 0.70 and a balanced accuracy of about 0.66 (macro f1-score: 0.68, k=5). Most misclassifications occur315

between neighboring clusters in predictor space, consistent with the partial overlap seen in the validity domains.
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Figure 5. Validity domains of clusters in environmental predictor space using the first three principal components (PCA3) - Convex hulls.

(a) (b)

Figure 6. (a) Confusion matrix of the random forest classifier predicting cluster membership from environmental predictors (trained on

PCA-reduced features), and (b) back-projected feature importances identifying the most influential predictors.

The back-projected feature importance analysis (Fig. 6b) indicates that soil properties (e.g., clay content, bulk density,

and soil pH), and key climatic and hydrological variables (including precipitation, air temperature, and soil water content)

are among the most influential predictors of cluster membership. This confirms that both biotic and abiotic controls jointly

structure the regimes in which different model combinations perform best.320
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4.8 Synthesis and spatial prediction

Taken together, these results show that (i) optimal model combinations vary across sites, (ii) accounting for this heterogeneity

through EM-BMA improves predictive performance relative to simple model averaging, and (iii) the resulting clusters of

model weights exhibit structure in both geographic and environmental space. This provides the basis for extending the site-

level analysis to a spatially explicit framework.325

Using the environmental predictors identified in the previous section, cluster membership was predicted across global wet-

lands (Fig. 7 and B1). The resulting maps reveal spatially coherent patterns in the predicted clusters. Cluster 3, which cor-

responds to weight configurations close to simple averaging, dominates large portions of boreal and tropical wetlands. Other

clusters occur in more spatially restricted regions, including parts of tropical floodplains and temperate wetlands.

The predicted clusters were then used to propagate cluster-specific ensemble weights to the outputs of the participating330

models. Figures 8 (CRU climate forcing) and C1 (GSWP3 climate forcing) show the resulting differences between emissions

estimated using EM-BMA and those obtained using simple model averaging. At the global scale, the total wetland methane

emissions derived from the two approaches differ only slightly, with changes below 5%. However, the spatial distribution of

emissions differs locally, with relative differences exceeding several tens of percent in some regions.

Panel (b) of Figs. 8 and C1 shows the relative difference in between-model variance between the BMA and SMA ensembles,335

providing a comparison of the ensemble spread associated with the two approaches. These variances represent the spread

among model simulations only and therefore do not include the residual noise or internal uncertainty associated with individual

models. Under both climate forcings, the between-model spread associated with the BMA ensemble is comparable to that of

the SMA ensemble, with no systematic reduction in ensemble variance. However, substantial local differences are observed,

indicating that the BMA framework primarily redistributes structural uncertainty across regions rather than reducing it.340

Regional time series extracted from selected wetland systems further illustrate these differences (Figs. 8c–d and C1c–d).

While the temporal variability of emissions remains broadly consistent between the two approaches, the magnitude of emissions

differs between BMA and SMA in several regions.

5 Discussion

5.1 Spatial regimes of model skill and implications for emission estimates345

The spatial extrapolation of cluster membership (Fig. 7) reveals that the regimes of model skill identified at flux tower sites are

not randomly distributed but exhibit coherent geographic structure across global wetlands. In particular, the dominant cluster

occupies large portions of boreal and tropical wetlands, whereas other clusters occur in more spatially confined regions such as

tropical floodplains and parts of temperate wetlands. This spatial organization suggests that similarities in model performance

are linked to broad environmental gradients captured by the predictor variables.350

Interestingly, the dominant cluster corresponds to weight configurations close to simple model averaging. This indicates that,

for a large fraction of wetland environments, the optimal ensemble mixture does not depart strongly from equal weighting. In
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Figure 7. Predicted clusters. Lighter gray areas in the background indicate no wetlands according to the Wetland Area Dynamics for Methane

modeling (WAD2M) (Zhang et al., 2021).

this sense, the proposed framework identifies where simple averaging is an adequate approximation and where alternative

model combinations are statistically supported by the observations.

When these cluster-specific mixtures are applied to the outputs of the participating models (Figs. 8 and C1), the result-355

ing global wetland methane emissions differ only marginally from those obtained using simple model averaging. The total

emissions change by less than five percent, indicating that the proposed framework preserves the overall magnitude of global

bottom-up estimates. However, the spatial distribution of emissions differs substantially in some regions, with localized devi-

ations reaching several tens of percent. These differences exhibit a clear dependence on cluster membership (Figs. 7 and 8),

with distinct clusters associated with characteristic ranges and signs of relative deviations, reflecting differences in the degree360

of model agreement across cluster-defined regimes.

The between-model variance shown in panel (b) of Figs. 8 and C1 provides an additional perspective on ensemble uncer-

tainty. Because this quantity represents only the spread among model simulations, it isolates the structural variability of the

ensemble without including the residual noise associated with individual models. In our results, the BMA-based ensemble

does not substantially reduce the overall magnitude of between-model variability, but instead redistributes it across regions in365

a manner consistent with the identified regimes of model performance.

While the overall magnitude of ensemble spread remains comparable to that obtained with simple model averaging, the

framework represents a structural advancement in how uncertainty is characterized. Rather than relying on simple min–max

envelopes across models, as commonly done in global methane budget assessments (Saunois et al., 2025; Ciais et al., 2026),
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(a)

(b)

(c)

(d)

Figure 8. (a) - Relative difference between BMA and SMA wetland methane emissions. (b) - Relative difference between BMA and SMA

between variances. (c) and (d) - Comparison of yearly emissions from SMA and BMA, with envelopes showing the between-model variance.

Models are driven by CRU climate forcing. Employed regional rectangles as defined in Lin et al. (2024).
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the proposed approach provides spatially explicit ensemble mixtures constrained by site-level observations. This enables un-370

certainty to be interpreted in terms of regimes of model performance, rather than solely through the range of model outputs.

At the same time, the spatial prediction of clusters relies on a limited set of environmental predictors and on the current dis-

tribution of observational sites. Although the resulting spatial patterns are coherent, uncertainties remain in regions where ob-

servational coverage is sparse, particularly in tropical wetlands. Improving the spatial representativeness of flux measurements

and incorporating additional predictors describing wetland hydrology or wetland type may further refine the identification of375

model skill regimes and the extrapolation of ensemble weights.

Overall, the spatial cluster prediction and ensemble mapping illustrate how site-level observational constraints can be trans-

lated into spatially explicit information about model performance and emission estimates. This provides a complementary

perspective to traditional ensemble averaging approaches and contributes to ongoing efforts to reduce uncertainty in bottom-up

wetland methane budgets.380

5.2 Between- versus within-model uncertainty and structural spread

The variance decomposition further provides insight into the nature of uncertainty across clusters. In particular, we observe

that, for several clusters - and especially for C3 - the between-model variance exceeds the within-model variance. This implies

that structural disagreement among models contributes more to predictive uncertainty than model-data mismatch alone.

In practical terms, this suggests that in regimes where SMA-like behavior dominates, the ensemble may consist of models385

that are structurally too dissimilar to be meaningfully averaged without careful weighting (Mo et al., 2023). The dominance

of between-model variance in the principal cluster therefore raises the question of whether simple averaging implicitly blends

models that respond differently to environmental drivers, potentially obscuring regime-specific process controls.

5.3 Implications for model performance regimes

The ordination of BMA weight signatures provides a complementary perspective on the clustering by revealing how model390

performance organizes across sites. The clear separation of clusters in the ordination space suggests that the inferred groups

correspond to distinct regimes of model agreement and disagreement.

Importantly, these regimes are not driven by a single model but rather by shifts in the relative contribution of multiple models.

This indicates that differences in model performance arise from structural differences in how models represent key processes,

rather than from isolated model behaviour.395

The fact that different models dominate in different regions of the ordination space suggests that no single model performs

best across all conditions, but instead that model skill is context-dependent. This supports the use of adaptive ensemble ap-

proaches such as BMA, which allow the contribution of individual models to vary across space.

At the same time, the absence of a simple one-to-one correspondence between individual models and the main axes of

variability highlights the difficulty of attributing performance differences to specific processes. Instead, the results point toward400

complex interactions between model structure and environmental conditions, which are only partially captured by the available

predictors.
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5.4 Influence of heterogeneous calibration datasets

An additional factor contributing to structural spread is the fact that the participating models were not calibrated using identical

observational datasets or site selections. Differences in calibration sites, temporal coverage, and process parameterizations405

inevitably propagate into ensemble spread. As a result, part of the between-model variance likely reflects differences in training

data rather than purely structural contrasts. This highlights a broader issue in multi-model intercomparison: ensemble diversity

combines both epistemic uncertainty (structural assumptions) and differences in calibration strategy.

5.5 Methodological considerations and potential dependence

The EM-BMA framework is effectively used twice in this study: first, to derive site-level weight signatures that define clusters,410

and second, to evaluate predictive skill within those clusters through cross-validation. While the cross-validation procedure

ensures that predictions are generated from weights estimated independently of validation data, the clustering itself is derived

from the same underlying weight structures.

This introduces a potential, albeit limited, dependence between cluster definition and within-cluster evaluation. The clusters

represent higher-order statistical summaries of model performance, and the subsequent predictive assessment tests the consis-415

tency of these summaries. Nevertheless, future extensions could explore fully nested or external clustering strategies to further

decouple structural identification from predictive evaluation.

5.6 Data limitations and the need for expanded observations

The robustness of any site-adaptive ensemble framework ultimately depends on the availability of high-quality observations.

Although the FLUXNET and BAWLD datasets provide valuable constraints, spatial coverage remains uneven, with limited420

representation in several tropical and high-latitude regions (Knox et al., 2019). Temporal coverage is also heterogeneous, with

varying record lengths across sites.

Expanding both the spatial and temporal extent of methane flux observations is therefore essential for improving ensemble

calibration and for more reliably identifying regime-dependent model mixtures. This need is consistent with broader calls for

enhanced observing systems to reduce uncertainty in natural methane sources and improve trend detection at regional scales425

(Ciais et al., 2026).

5.7 Toward improved environmental predictors

The environmental predictors used to interpret and upscale cluster membership capture broad controls related to productivity,

climate, and soil properties. However, the moderate classification performance indicates that these variables do not fully explain

the observed heterogeneity in model skill. Incorporating additional predictors, such as explicit wetland type classifications,430

hydrogeomorphic setting, inundation dynamics, or more explicit substrate availability proxies, may provide a more process-

informed basis for distinguishing regimes.
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In particular, wetland functional types or dynamic wetland extent products could help bridge the gap between structural

model assumptions and observed flux variability, thereby improving the interpretability and transferability of cluster-based

ensemble configurations.435

5.8 Proof of concept and operational perspectives

The framework presented here should be viewed as a proof of concept demonstrating that site-adaptive ensemble weighting and

regime identification can improve predictive skill relative to simple averaging. While the improvements are statistically robust,

operational deployment for large-scale methane budgeting would require additional data, systematic tuning, and potentially

harmonized model calibration protocols.440

Future work should aim to integrate expanded observational constraints, refine predictor selection, and test the framework

under fully independent validation datasets. Such developments would strengthen the applicability of site-adaptive ensemble

approaches for regional and global methane budget assessments.

6 Conclusions

We presented a site-adaptive ensemble framework for wetland methane (CH4) emissions that moves beyond simple model445

averaging by estimating model weights using Bayesian model averaging (EM-BMA), stabilizing these weights through re-

sampling, and clustering sites based on their weight signatures. This approach allows ensemble configurations to vary across

environmental regimes rather than assuming uniform model contributions everywhere.

Our results show that optimal model combinations differ across sites and that EM-BMA improves predictive performance

relative to simple model averaging. At the same time, the principal cluster exhibits near-uniform weights, suggesting that450

equal-weight averaging can emerge as a limiting case when models perform comparably. The variance decomposition fur-

ther highlights that structural spread among models often dominates residual error, underscoring the importance of explicitly

accounting for between-model uncertainty.

By linking cluster membership to environmental predictors, we demonstrate a pathway toward the spatial generalization of

ensemble regimes. The predicted clusters reveal coherent geographic patterns across global wetlands and allow the propagation455

of cluster-specific model mixtures to the diagnostic outputs of the participating models. When applied globally, the resulting

Bayesian model averaged emissions differ only marginally from simple model averaging at the global scale, while producing

more pronounced regional differences in the spatial distribution of emissions.

Overall, this study provides a transparent and reproducible proof of concept for regime-dependent ensemble weighting in

bottom-up wetland methane modeling. With additional data, refined environmental predictors, and improved observational cov-460

erage across wetland types, such approaches could contribute to more robust regional and global methane budget assessments

and complement ongoing efforts to reduce uncertainty in natural methane sources.
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Figure A1. Validity domains of clusters in environmental predictor space using the first three principal components (PCA3) - Mahalanobis

envelopes (95% level) shown for pairwise PCA projections.

Code and data availability. The code and the data allowing to reproduce all the results presented in the article are publicly accessible at the

following link: https://doi.org/10.5281/zenodo.20043618 (Besic and Ciais, 2026).

Appendix A: Validity domains of clusters465

This appendix primarily complements Sec. 3.2.2 and 4.6.

Appendix B: Predicted clusters probability

This appendix primarily complements Sec. 4.8.

Appendix C: Results with GSWP3 climate forcing

This appendix primarily complements Sec. 4.8 and 5.1.470
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Figure B1. Predicted clusters probability (confidence). Lighter gray areas in the background indicate no wetlands according to the Wetland

Area Dynamics for Methane modeling (WAD2M) (Zhang et al., 2021).
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(a)

(b)

(c)

(d)

Figure C1. (a) - Relative difference between BMA and SMA wetland methane emissions. (b) - Relative difference between BMA and SMA

between variances. (c) and (d) - Comparison of yearly emissions from SMA and BMA, with envelopes showing the between-model variance.

Models are driven by GSWP3 climate forcing. Employed regional rectangles as defined in Lin et al. (2024).
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