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Abstract Methane (CH,) oxidation by microbes is the largest biological sink of global methane, yet its
magnitude and long-term variability remain uncertain. Here, we combined process-based (PB), machine-
learning (ML), and atmospheric inversion approaches to evaluate the global methane soil sinks and its
implication for the atmospheric CH, budget in this study. Both PB and ML approaches estimated annual global
methane soil sink to be 40-45 Tg CH, yr™', 30%-50% larger than conventional estimates. Although the two
approaches agreed on total magnitude, they differ in their representation of variability. PB models simulate
stronger spatial heterogeneity, seasonality, and long-term increases in CH, uptake because environmental
sensitivities are explicitly represented through mechanistic equations. In contrast, ML models reproduce site-
level observations more closely but exhibit muted spatial and temporal variability due to their limited
environmental sensitivities from sparse and discrete observations used for model training. Atmospheric
inversions further indicate that incorporating the larger soil sink improves agreement with observed atmospheric
CH, and its stable carbon isotope changes and requires larger microbial CH, emissions. Together, these results
suggest that the global methane soil sink may have been underestimated and demonstrate the value of integrating
PB and ML modeling, and atmospheric constraints to improve understanding of global methane cycling.

Plain Language Summary Methane is a powerful greenhouse gas, and upland soils remove methane
from the atmosphere through methane-oxidizing bacteria, known as methanotrophs. However, the magnitude
and long-term changes of this soil methane sink remain uncertain. In this study, we combined process-based,
machine-learning, and atmospheric inversion modeling to better quantify global methane uptake by soils. We
find that upland soils remove about 40—45 gigatons of methane per year, more than previously estimated. While
process-based and machine-learning models produce similar global totals, they differ in how they represent

changes across regions and through time. Process-based models simulate stronger spatial and temporal patterns,
whereas machine-learning models produce smoother patterns. The larger soil methane sinks are more consistent
with large-scale atmospheric methane and carbon isotope patterns from our atmospheric inversion modeling.
Together, these results show that soil methane uptake may be more significant than previously recognized, and
that combining multiple approaches has improved our understanding of its spatial and temporal variability.

1. Introduction

Methane (CH,) oxidation by microbes is the largest biological sink of global CH,, but its importance may have
been underestimated (Conrad, 2009; Tveit et al., 2019). Studies found overlooked CH, soil sinks in diverse
terrestrial ecosystems, such as alpine tundra, forest, grasslands, tropical savanna, and the Antarctic, thought to be
due to high-affinity methanotrophs (HAM; Gauci, 2025; Kato et al., 2011; Lau et al., 2015; Ortiz et al., 2021). In
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dry mineral soils, the dominant CH, oxidizers, HAM, survive and grow at the low concentrations (~2 ppm) of
CH, observed in the atmosphere (Baani & Liesack, 2008), and are highly temperature-sensitive compared to low-
affinity methanotrophs (LAM; He et al., 2023; Juncher Jgrgensen et al., 2015; Lau et al., 2015). After considering
the microbial dynamics of HAM and methanogens, soil sinks could be twice the current estimate at the pan-Arctic
scale and may continue to increase in the future (Oh et al., 2020).

The under-estimated global CH, soil sinks may partly compensate for the well-known discrepancy in the global
CH, budgets estimated by bottom-up process-based models and top-down atmospheric inversions (Saunois
et al., 2020, 2025). The bottom-up process-based models estimate CH, budgets that are ~100 Tg CH, yr™" larger
than those from top-down inversions, primarily due to high emissions from natural wetlands and inland fresh-
waters estimated by bottom-up approaches (Saunois et al., 2025). The current estimation of the global CH, soil
sink is ~30 Tg CH, yr™", but with a huge uncertainty (7 to >100 Tg CH, yr~") from data-driven meta-analyses
(Dutaur & Verchot, 2007; Smith et al., 2000).

Furthermore, there are contradicting studies on long-term trends in global CH, soil sinks. A measurement and
meta-analysis study showed that CH, uptake from global forest soils decreased by 77% from 1988 to 2015, driven
by increases in precipitation (Ni & Groffman, 2018). In contrast, another meta-analysis found that the relationship
between CH, oxidation and precipitation is ecosystem-specific, with higher CH, oxidation increasing with
precipitation in temperate and sub-tropical systems (Gatica et al., 2020), reflecting competing controls of soil and
meteorological drivers on microbial activity and biogeochemical processes that differ across ecosystems.
Additionally, process-based models exhibit a long-term increasing trend, driven by rising temperatures and at-
mospheric CH, levels (Murguia-Flores et al., 2021; Zhuang et al., 2013). These contrasting estimates highlight
substantial uncertainties in both the magnitude and long-term variability of the global CH, soil sink.

Process-based (PB) and machine-learning (ML) approaches offer complementary strengths for addressing these
uncertainties but may produce different estimates due to their distinct representations of CH, oxidation processes.
PB models explicitly represent microbial and biogeochemical mechanisms and therefore exhibit explicit sensi-
tivity to environmental drivers that are highly sensitive to the parameterization and governing equations (Mur-
guia-Flores et al., 2021; Zhuang et al., 2013). In contrast, ML models leverage observational data to capture
complex nonlinear relationships but may exhibit muted spatial and temporal variability and limited extrapolation
if the training data is sparse and discrete (Feron et al., 2024).

We therefore address three key scientific questions: (a) How big is the global CH, soil sink? (b) How do PB and
ML approaches differ in their representation of spatial and temporal variability? and (c) Can revised soil sink
estimates help reconcile discrepancies between bottom-up and top-down approaches? We further hypothesize that
the global CH, soil sink is larger than the previous estimate of ~30 Tg CH, yr™', that PB models will exhibit a
stronger response to environmental parameters, and that incorporating a larger soil sink will improve agreement
with atmospheric constraints.

To test the hypotheses, we combined PB, ML, and atmospheric inversion approaches to evaluate the spatial and
temporal variability of global CH, soil sinks. For PB modeling, we used a model that incorporates microbial
dynamics of methanogens and methanotrophs based on the Terrestrial Ecosystem Model (TEM; Oh et al., 2020;
Zhuang et al., 2004). For the ML approach, we collected ~12,000 data points of observed global monthly CH,
uptake rates from the literature (Figure 1) and ran multiple ML models to better represent the global CH, soil
sinks. To compare our revised estimates from PB and ML models with atmospheric observations, we used them as
inputs to the CarbonTracker-CH, atmospheric inversion systems, which optimizes CH, flux based on atmo-
spheric measurements of CH, and its stable carbon isotopes (denoted 8'*C-CH,; Oh et al., 2023, 2026). Note that
our estimates of PB and ML models in this study represent CH, uptake by soils rather than net CH, soil fluxes.

2. Method
2.1. Process-Based (PB) Modeling of the Global CH, Soil Sink

As our reference PB models, we presented the Methanotrophy Model (“MeMo” scenario; Murguia-Flores
et al., 2018) and the Terrestrial Ecosystem Model (“TEM” scenario; Zhuang et al., 2013). These models differ
in their representation of ecosystem complexity (Xu et al., 2016). Compared to the MeMo model, the TEM model
provides a more detailed representation of methanotrophic responses to environmental changes. Specifically,
TEM reveals ecosystem-specific parameters for the Michaelis-Menten function, as well as temperature and soil
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Figure 1. (a) Spatial distribution of site-level CH, soil uptake observations compiled for this study. Each circle represents an individual measurement site, with circle size
and color indicating the number of observations available at that site. The inset shows the distribution of samples across major vegetation types. (b) Temporal
distribution of observations from 1984 to 2020.

moisture-sensitivities (Table Sla in Supporting Information S1; Bender & Conrad, 1993). In contrast, MeMo
applies a universal function and fixed parameters for temperature and soil moisture sensitivities, showing a Q,, of
~1.95 and a maximum soil moisture threshold of ~0.2 v/v, without using a Michaelis—Menten function (Table
S1b in Supporting Information S1). The Michaelis—Menten formulation that MeMo does not use is important for
capturing microbial responses to atmospheric CH, concentrations, and TEM's half-saturation constant values
(1015 pmol L™") represent microbial dynamics of LAM (Baani & Liesack, 2008).

To incorporate HAM into the global CH, soil sink estimation, we extended the model XPTEM-XHAM that we
developed for the pan-Arctic study (Oh et al., 2020; “HAM” scenario). XPTEM-XHAM represents more detailed
microbial dynamics than TEM, as it explicitly simulates the microbial biomass changes and the physiology of
methanogens and methanotrophs. To capture the capacity of HAM to oxidize CH, at low concentrations, this
model set the half-saturation constant of the Michaelis-Menten function to 0.11 pmolL™' (Baani & Lie-
sack, 2008). We further optimized parameters related to CH, oxidation processes using observations from regions
with 8 different vegetation types to represent HAM (Table S2 and Figure S1 in Supporting Information S1;
Borken et al., 2006; Castaldi & Fierro, 2005; Castro et al., 1995; Crill, 1991; Davidson et al., 2008; D'Imperio
et al., 2017; Dinsmore et al., 2017; Ishizuka et al., 2000; Supporting Information S1). Our optimization results
show that XPTEM-XHAM captures the magnitude and seasonality of observed CH, soil uptake fluxes, with a
mean bias of <0.15 mgCH, m~2 day™" across ecosystem type (Figure S2 in Supporting Information S1).

The model is then extrapolated globally using spatially and temporally explicit data sets of land cover, meteo-
rology, and soil properties. We then applied the spatial resolution of 0.5° latitude by 0.5° longitude globally for
global upland ecosystems with an hourly time-step for microbial dynamics and a daily time-step for other pro-
cesses and modules during 1984 to 2020. Five years of spin-up were used for biomass equilibrium in soils for
XPTEM-XHAM. Uncertainty in model parameters was estimated from ensemble simulations. We excluded CH,
uptake from hyper-arid areas based on Zomer et al. (2022) (Figure S3b in Supporting Information S1), as
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microbes in these regions find it hard to form their community due to unstable soil conditions (More details in
Section 4.1).

Lastly, since HAM prefer low soil organic carbon (SOC) upland conditions and may not dominate across all
global upland soils (Conrad, 2007), we conducted sensitivity tests by varying the SOC threshold to adjust the
relative dominance of HAM and LAM regions (“HAMLAM” scenario). Because there is limited literature
describing ecosystem-specific distributions of HAM and LAM (Ho et al., 2013; Knief, 2015), we adopted the
general definition of upland soils (<5 kg Cm™%; Jobbagy & Jackson, 2000) as the default criterion for the
HAMLAM scenario using topsoil total carbon from the Harmonized World Soil Database (Figure S3c in Sup-
porting Information S1; Wieder et al., 2014). More details on PB optimization and upscaling can be found in the
Text S1 in Supporting Information S1.

2.2. Data Collection

For the ML estimation of the global CH, soil sink, we collected extensive global CH, soil uptake data sets from
previously published articles (Figure 1). We searched articles published between 1989 and 2022 using the
keyword (CH, uptake or CH, sink) AND (forest OR grassland OR Shrubland OR woodland OR tundra) in Web of
Science, Elsevier's Scopus academic database, and Google Scholar. Reported monthly CH, uptake rates, the date
of measurement, and the coordinates of the study site were extracted from each paper. When the data were
presented in the form of figures, they were extracted by Webplotdigitizer (Version 4.5, Pacifica, CA, USA). In the
case of field manipulation experiments such as warming, elevated carbon dioxide, and fertilizer addition, the CH,
uptake rates from only the control plot were collected. This includes data from Ni and Groffman (2018), but we
further screen the data to remove manipulated and incorrect data sets.

From the screened data, we compiled two sets of data for model training and comparison. First, for ML model
training, we collected ~12,000 data points of monthly CH, soil uptake rates derived from observations across 260
study sites reported in 164 papers (Figure 1). Second, to compare the spatial representation of PB and ML models,
we derived 260 site-averaged CH, uptake rates from the above database following the same data compilation
procedure based on (Lee et al., 2023), with additional inclusion of non-forested ecosystems.

2.3. Machine-Learning (ML) Modeling of the Global CH, Soil Sink

We tested multiple tree-based models, including Decision Tree (DT), Random Forest (RF), Gradient Boosting
(GB), and Extreme Gradient Boosting (XGB), with different hyperparameter settings, and chose the RF model
due to its highest R and lowest root mean square error (RMSE; Figures S4 and S5 in Supporting Information S1).
To ensure a balanced and representative training data set across vegetation types, we divided the data separately
for each vegetation category. Within each type, 80% of the samples were randomly assigned for model training
and the remaining 20% for testing. This stratified split preserved the proportional distribution of vegetation types
in both subsets, preventing model bias toward ecosystems with larger sample sizes (Figure S3a in Supporting
Information S1). To quantify model uncertainty, we implemented a 5-fold stratified cross-validation framework
with 5 random seeds (25 experiments total). For each fold, we repeated the training with 5 different random seeds
to account for model stochasticity, and performed global upscaling from 1984 to 2020 for each of the 25 ex-
periments independently. The total uncertainty was further decomposed into data partition (fold) uncertainty and
model stochasticity (seed) uncertainty. Input parameters include vegetation types, air temperature, precipitation,
soil moisture, soil carbon, pH, and bulk density for both site-level training and global upscaling (Abatzoglou
et al., 2018; Carter & Scholes, 2000; Harris et al., 2014; Myneni et al., 2002; Wieder et al., 2014; Zhuang
et al., 2003; Figure S6 in Supporting Information S1). Similar to the PB modeling setup, we excluded CH, uptake
from hyper-arid regions (Figure S3b in Supporting Information S1; Zomer et al., 2022).

To elucidate the sensitivity of ML models for different environmental parameters, we used the RF-generated
impurity-based metric to analyze the contribution of each environmental variable in predicting CH, uptake
(Breiman, 2001; Gromping, 2009). The partial dependence plots (PDP) were also used to analyze the response of
CH, uptake to each predictor variable (Chen et al., 2022; Zhu et al., 2021). More details on ML data pre-
processing, model configuration, experiment setup, and additional ML analysis results can be found in the Text
S2 in Supporting Information S1.
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2.4. Top-Down Atmospheric Inversion of Global CH, Budgets With Revised Global CH, Soil Sink

We used NOAA's atmospheric CH, inversion system, the CarbonTracker-CH,, for this study (Oh et al., 2023,
2025, 2026). This system provides quantitative estimates of global CH, emissions from microbial, fossil, and
pyrogenic sources consistent with observed patterns of atmospheric CH, and its stable carbon isotopes (8"c-
CH,; Basu et al., 2022).

There are 5 scenarios that we compare in this paper. For the baseline scenario (“CTCH,” scenario), the optimized
flux and simulation of CarbonTracker-CH, v2023 were used (Oh et al., 2023). From here, we revised the input for
the global CH, soil sink using estimations from both the PB and ML approaches. Since the revised soil sink is
larger than the previous input of the soil sink (Zhuang et al., 2013), we increased the prior emissions from
wetlands accordingly to retain agreement with observed atmospheric CH, growth. Based on these updated priors,
the atmospheric inversion subsequently optimizes fluxes by redistributing emissions from microbial, fossil, and
pyrogenic sources to best match atmospheric observations. The baseline CarbonTracker-CH, uses 21%o for the
fractionation factor during the CH, uptake by methanotrophs; thus, our new scenarios use the same fractionation
factor (“PB 21” and “ML 21” scenarios). However, the values have a significant uncertainty (15%0—21%o; King
etal., 1989). To test the impact of fractionation on optimized CH, emissions and atmospheric CH, and the isotope
changes, we tested two more scenarios that use the fractionation factor of 18%o (“PB 18” and “ML 18” scenarios).
The atmospheric inversion using four new scenarios was conducted during 2000-2019 and analyzed based on
optimized emissions and atmospheric CH, and (513C-CH4 changes.

For data assimilation and validation, we use the comprehensive data set of atmospheric CH, measurements from
~350 sites and 8'*C-CH, measurements from ~70 sites through collaboration with 30 laboratories worldwide
(Lan et al., 2023). All data were rigorously quality-checked and intercompared across laboratories, then converted
to common calibration scales (Umezawa et al., 2018). A subset of the network air sampling sites predominantly
influenced by well-mixed background air is used to construct Marine Boundary Layer (MBL) zonally averaged
surfaces using methods developed by Masarie and Tans (1995). For model-observation comparisons, we sampled
model results from the same set of MBL sites to compare the global mean, latitude, and seasonal gradient of
atmospheric CH, and §'*C-CH,.

3. Results
3.1. Process-Based (PB) Modeling of the Global CH, Soil Sink

Our reference PB models (MeMo and TEM scenarios) estimate the global CH,, soil sink to be 28-35 Tg CH, yr™"
between 1984 and 2020 (Figures 2a and 2b and green and yellow in Figure 3). Because of its more detailed
parameterization and process representation, TEM produces greater spatial variability than MeMo. Relative to
MeMo, TEM simulates larger uptake in temperate forests, reflecting its higher temperature sensitivity (Table S1
in Supporting Information S1), but produces smaller fluxes in grasslands (Table S3 in Supporting Informa-
tion S1). When HAM was incorporated (HAM scenario), our revised estimates of the CH, soil uptake increased to
45-60 Tg CH, yr~" during 1984-2020 (Figure 2c and purple in Figure 3). Boreal forests, in particular, show
higher total uptake due to a stronger temperature sensitivity (Q,q of ~3.5; Juncher Jgrgensen et al., 2015), ac-
counting for approximately 10 Tg CH, yr~' of CH, uptake (Table S3 in Supporting Information S1). Lastly, the
hybrid approach, incorporating both HAM and LAM contributions (HAMLAM scenario), results in a global CH,
uptake of 4045 Tg CH, yr~" during 1984-2020, about 30%—50% higher than our reference estimates (Figure 2d
and blue in Figure 3). Compared to the TEM scenario, boreal and grassland regions still exhibit stronger uptake,
while temperate and tropical regions remain comparable (Table S3 in Supporting Information S1).

Although PB models differ significantly in their estimates of total magnitude and spatial variability, they
consistently show strong annual increases and pronounced seasonality (Figure 3 and Figures S7, S8 in Supporting
Information S1). Both TEM and MeMo scenarios simulate large increases in soil uptake (200% and 150%,
respectively, from 1950 to 2000) driven by rising atmospheric CH, concentrations and temperature (Murguia-
Flores et al., 2021; Zhuang et al., 2013). This is consistent with our new estimates from HAM and HAMLAM
scenarios that showed long-term increases from 1984 to 2020 (Figure 3). All PB models also capture strong
seasonality in temperate and polar regions, with peak CH, uptake in July-August (Figure S8 in Supporting In-
formation S1), driven by higher temperatures, lower soil moisture, and the absence of winter snow cover. In
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Figure 2. Annual mean CH, uptake rate (mg m~2 day™") from process-based models during 1990-2010: (a) MeMo, (b) TEM,
(c) HAM (revised TEM with HAM), and (d) HAMLAM (revised TEM with both HAM and LAM) scenarios.

contrast, tropical forests, shrublands, and woodlands exhibit relatively small seasonality, as they lack such
physical constraints. For the comparison with ML models in the following sections, we used the HAMLAM
scenario as our default “PB” model (Figure 2d and blue in Figure 3).

TEM
HAM &
HAMLAM

| | 1 | . | I
1985 1990 1995 2000 2005 2010 2015 2020
year

Figure 3. Long-term annual changes in the global CH, soil sink in
TgCH, yr~! from process-based models during 1984-2020: MeMo (green),
TEM (yellow), HAM (purple), and HAMLAM (blue) scenarios. Shaded
regions of TEM, HAM, and HAMLAM scenarios represent uncertainty
derived from one standard deviation of ensemble simulations that account
for parameter uncertainty. Shaded regions of the MeMo scenario represent
uncertainty from the Monte Carlo approach described in Murguia-Flores
et al. (2021).

3.2. Machine-Learning (ML) Modeling and Model-Data Comparison of
the Global CH, Soil Sink

Our ML models estimate a global CH,, soil sink of 41.9 + 0.5 Tg CH, yr™",
comparable in magnitude to our HAMLAM scenario, but with substantially
lower spatial and temporal variability (Figure 4). Data partition (fold) un-
certainty (0.5 Tg CH, yr™") is ~2.5 times larger than model stochasticity
uncertainty (0.2 Tg CH, yr™"), indicating that the choice of training data has a
greater impact on predictions than random initialization. Because the ML
model is trained on limited observational data (Figure 1; see Section 4), it
reproduces muted spatial heterogeneity compared to the PB scenario (Figures
S9 and S10 in Supporting Information S1). The mean CH, soil uptake rate
from the ML model was ~0.78 mgCH, m~> day~' and exhibited less vari-
ation among ecosystem types than the PB estimates (Table S3 in Supporting
Information S1). This muted variability is also reflected in the temporal
domain, with relatively stable long-term changes and seasonality from 1984
to 2020 (Figure 4c and Figures S9, S10 in Supporting Information S1).
Despite this muted variability, the ML model simulated a minor increase in
the global annual CH, soil sink from 1984 to 2020 (red line in Figure 4),
rather than the pronounced long-term decline reported by Ni and
Groffman (2018).

To compare how PB and ML models represent the spatial variability of ob-
servations, we used ~260 aggregated CH, soil uptake data points described in
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Figure 4. Spatial variability and long-term changes in the CH, soil sink from
process-based (PB) and machine-learning (ML) models. (a, b) Annual mean
CH, uptake (mg m~2 day_l) from (a) PB model (HAMLAM scenario) and

(b) ML model. (c) Long-term changes in the global CH, soil sink in

TgCH, yr_1 during 1984-2020 from the PB (blue) and the ML (red) model.
Shaded regions represent uncertainty derived from one standard deviation of
ensemble simulations for the PB model and from a five-fold sampling

strategy for the ML model.

Section 2.2 (Figures Sl1la and S11b in Supporting Information S1).
Compared to observations, the ML model showed smaller RMSE (average of
1.00 mgCH,m 2day™") because the ML model constrain fluxes within a
narrow range (0-3 mgCH,m 2day™ "), whereas PB models vary more widely
(0-8 mgCH,m%day™!), resulting in larger RMSE (average of
1.32 mgCH,m2day™"). The linear fit between model and observation shows
that the PB model generally over-estimates the CH,, uptake (slope of 0.54, R
of 0.45), whereas the ML model under-estimates the uptake (slope of 1.38, R?
of 0.38) compared to observations (Figures S11a and S11b in Supporting
Information S1). Consistent with this spatial comparison, site-level season-
ality analyses across Arctic, temperate, and tropical regions indicate that PB
models better capture observed seasonal variability, while ML models show
muted seasonality but more accurately reproduce mean uptake, particularly in
regions with weak seasonality (Figures S11c—S11e in Supporting Informa-
tion S1). Overall, PB and ML approaches produced similar totals of the global
CH, soil sink but differed substantially in their representation of spatial and
temporal variability.

3.3. Comparison With Atmospheric CH, and 6'*C-CH, With Revised
Inputs of Global CH, Soil Sinks From PB and ML Approaches

The atmospheric inversion scenarios show that revised CH, soil sinks and
associated fractionation factors substantially affect optimized CH, emissions
and the partitioning of microbial, fossil, and pyrogenic sources (Figure 5).

(a) Total flux (b) Microbial flux (c) Fossil flux
(TgCH, yr') (TgCH, yr') (TgCH, yr)
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Figure 5. (a) Total and source-specific annual CH, emissions from (b) microbial and (c) fossil fluxes in TgCH, yr_l, shown globally (top row) and for three latitudinal
bands (90°S-30°S, 30°S-30°N, and 30°N-90°N; second—fourth rows) during 2000-2019. Results are shown from five atmospheric inversion scenarios with different
soil sink estimates: PB model with isotopic fractionation of 21%o (blue solid) and 18%o (blue dashed), ML model with isotopic fractionation of 21%e (red solid) and
18%o (red dashed), and the estimates from the baseline CarbonTracker-CH, 2023 (Green solid; Oh et al., 2023, 2026). Shaded regions represent uncertainty derived
from one standard deviation of ensemble simulations that account for input uncertainty from observation and prior fluxes.
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Figure 6. Latitudinal gradients of global (a) atmospheric CH, and (b) § 13C—CH4 at marine boundary layer (MBL) sites from
observations (black) and five atmospheric inversion scenarios: PB model with isotopic fractionation of 21%o (blue solid) and
18%o (blue dashed), ML model with isotopic fractionation of 21%o (red solid) and 18%o (red dashed), and the estimates from
the baseline CarbonTracker-CH, 2023 (Green solid; Oh et al., 2023, 2026). The top panels show simulated and observed
atmospheric CH, and §'*C-CH,, while the bottom panels show differences relative to the value at the sine latitude of

—1 (90°S).

Globally, the simulation with revised soil sinks from PB and ML approaches (Blue and red lines in Figure 5) yield
larger total and microbial emissions compared to our baseline scenario (green line in Figure 5), as larger soil sinks
increase emissions from lighter microbial sources such as wetland emissions. Larger fractionation (21%o) for the
soil sink causes a greater increase in microbial emissions (solid red and blue lines in Figure 5) compared to smaller
fractionation (18%o; dashed red and blue lines in Figure 5), as the larger sink-weighted fractionation factor causes
atmospheric §'*C-CH, to be heavier. Tropical regions showed the largest increase in microbial emissions (region
—30 to +30 in Figure 5) when the revised soil sinks were applied, due to the region's largest contribution to global
microbial emissions (Table S3 in Supporting Information S1).

These emission adjustments influence the model's ability to reproduce observed atmospheric CH, and 5'>C-CH,,
variations (Figure 6 and Figures S12, S13 in Supporting Information S1). Because both PB- and ML-based soil
sinks require larger microbial emissions (Figure 5), the resulting increase in simulated CH, seasonality improves
agreement with observed seasonal cycles (blue and red lines in Figure S13 in Supporting Information S1). For the
latitudinal gradients of CH,, all scenarios reproduce the observed gradient of ~+130 ppb from —90° to +90°, as
atmospheric inversions constrain model-observation biases (Figure 6a). In contrast, 613C-CH4 gradients are not
fully constrained, making them a useful diagnostic for distinguishing scenarios. The latitudinal gradients show
that the larger heterogeneity in the soil sink of PB models helps reproduce the latitudinal gradients of 5'*C-CH,,
(Figure 6b). In contrast, ML scenarios underestimate the gradients (red in Figure 6b, respectively), reflecting their
muted spatial distribution of soil sinks (Figure 4).

4. Discussion
4.1. Revised Magnitude and Atmospheric Implications of the Global CH, Soil Sink

Both our PB and ML approaches estimate the total global CH, soil sink at 40-45 Tg CH, yr™~', approximately
30%-50% higher than previous estimates (Figure 4; Murguia-Flores et al., 2018). Despite substantial differences
in model structure and representation of CH, oxidation processes, the agreement of the total magnitude of PB and
ML estimates suggests that CH, uptake by upland ecosystems may have been underestimated. This larger soil
sink estimation is also consistent with recently published data-driven analysis of global CH, soil sink (Jiang
et al., 2025).
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Our atmospheric inversions further provide independent evidence supporting a larger global CH, soil sink
(Figures 5 and 6 and Figure S13 in Supporting Information S1). Incorporating the revised soil sink estimates into
atmospheric inversions resulted in larger optimized microbial CH, emissions while improving agreement with
atmospheric CH, and '>C-CH, observations. The improved representation of atmospheric CH, seasonality
across both PB and ML scenarios further suggests that a stronger CH, sink is more consistent with observed
atmospheric variability (Figure S13 in Supporting Information S1). This adjustment could partly compensate for
the over-estimation of natural CH, emissions by bottom-up CH, budgets compared to the top-down estimates
(Saunois et al., 2025).

Nevertheless, substantial uncertainties remain in the magnitudes of global biological CH, sinks. First, more
studies are necessary to distinguish the optimal soil, vegetation, and climate conditions for HAM to be dominant
in terrestrial ecosystems, which remains one of the most uncertain parameters in our PB modeling (Figures 2 and
3). Second, we excluded potential CH, uptake from hyper-arid regions due to large uncertainties (Figure S3b in
Supporting Information S1). However, several studies have reported unexpected uptake rates in these extreme
environments, such as the Sahara Desert, the Tibetan Plateau, Inner Mongolia, and Antarctica (Ortiz et al., 2021;
Striegl et al., 1992; Wang et al., 2011; Yue et al., 2022), which should be further examined. Finally, recent
observations indicate large CH, sinks from tree stems (Gauci, 2025; Gauci et al., 2024), suggesting that current
estimates of terrestrial CH, consumption may still be incomplete. Together, these uncertainties indicate that the
global biological CH, sink needs to be investigated more for accurate CH, budget estimations and realistic
climate mitigation strategies (He et al., 2023; Lim et al., 2024; Rani et al., 2024).

4.2. Why PB and ML Models Produce Different Spatial and Temporal Variability

Another key insight from our study is the representation of spatial and temporal variability in PB and ML models.
All PB models reproduce substantial long-term decadal increasing trends and strong seasonality and spatial
variability (Figures 2 and 3 and Figures S7, S8 in Supporting Information S1), whereas the ML model generates
muted variability (Figure 4 and Figures S9, S10 in Supporting Information S1). This contrast is consistent with
our hypothesis that PB and ML approaches represent environmental controls on CH, oxidation differently.

The stronger spatial and temporal variability in PB models is primarily driven by their explicit representation of
environmental sensitivity such as temperature. In the PB models, CH, oxidation responds directly to environ-
mental changes through mechanistic equations (Oh et al., 2020), resulting in pronounced increases in CH, uptake
under long-term warming and strong seasonality and spatial patterns. In contrast, the muted temporal variability
in the ML-based estimate, compared with the PB models, reflects a fundamentally weaker learned environmental
sensitivity. For example, the effective Q;, of the RF model ranges from 1.01 to 1.23 across vegetation types
(Table S4 in Supporting Information S1), compared with 1.25-3.50 in the HAM model and 0.80-5.50 in TEM
(Tables S1 and S2 in Supporting Information S1). The spatially pervasive low Q;, (global mean 1.11 + 0.13;
Figure S14 in Supporting Information S1) confirms that the ML model has learned a nearly flat temperature
response. This limitation arises because the RF model must infer temperature sensitivity entirely from obser-
vational co-variation, whereas PB models prescribe it through mechanistic equations.

This weak temperature sensitivity of ML model likely reflects the limitations of discrete and sparse observations
used for model training (Figures S15-S17 in Supporting Information S1). Most sites in our data set have very
short temporal records: 357 of 468 sites (76%) have fewer than 10 continuous monthly measurements (Figure
S15a in Supporting Information S1), limiting the model's ability to learn long-term trends from these discrete
samples. The temporal estimates from ecosystem-specific RF models remained consistent with the global RF
prediction, suggesting that the muted long-term trends are not driven by ecosystem-level confounding (Figures
S18 and S19 in Supporting Information S1). In addition, chamber data do not fully capture long-term environ-
mental changes, particularly temperature (Figures S15b—S15g in Supporting Information S1). The sampled
temperatures show large year-to-year variability and are biased high in tundra and boreal ecosystems. The
discontinuous training data and scale mismatch between 0.5° gridded inputs and point-scale chamber measure-
ments further constrain the model's ability to capture long-term warming-driven trends.

Despite the muted variability, the ML model properly identifies key controls on CH, uptake, with soil moisture,
precipitation, and temperature as the strongest predictors (Figure S20 in Supporting Information S1). It also
showed that uptake generally increases with temperature and precipitation but decreases with higher soil mois-
ture, thereby preserving realistic sensitivities even when variability is muted (Figure S21 in Supporting
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Information S1). These findings suggest that current observational data sets are sufficient to constrain the mean
spatial distribution of CH, uptake but remain inadequate for robustly constraining its large spatial and temporal
dynamics.

4.3. Limitations of Current PB and ML Models and Future Opportunities

This study showed that PB models provide an open-box framework that explicitly represents the biogeochemical
processes underlying CH, oxidation. Yet many environmental factors and processes remain poorly constrained
from current formulations, for instance, the Michaelis-Menten function for substrate interactions for CH, uptake.
Another limitation arises from the parameterization strategy. PB models rely on parameter sets calibrated to
specific experimental data sets, which may not be globally representative, introducing systematic bias when
scaled to regional or global levels (Figures 2 and 3). ML approaches, by contrast, offer flexibility and high ef-
ficiency in capturing nonlinear relationships between CH, fluxes and environmental drivers. However, ML
models remain heavily dependent on the size, coverage, and quality of the training data (Figure 1). Despite
extensive data collection, CH, uptake data sets remain sparse compared to other flux data sets, such as wetland
CH, emissions (Delwiche et al., 2021). Furthermore, ML models are inherently black-box approaches (Hut-
son, 2022). While they may reproduce mean fluxes well, their mechanistic interpretations are complex and often
limited to capture spatial and temporal variability.

Given the complementary strengths and weaknesses of PB and ML models, a promising path forward lies in
hybrid approaches, particularly Knowledge-Guide Machine Learning (KGML; Liu et al., 2024; Reichstein
et al., 2019). KGML integrates mechanistic understanding into ML frameworks, combining the interpretability
and process fidelity of PB models with the flexibility and data-driven strengths of ML. In the context of CH, soil
uptake, KGML could, for example, constrain ML training with mechanistic equations for enzyme kinetics and
temperature sensitivities, while allowing data-driven algorithms to refine parameter values or identify missing
environmental predictors. This approach could reduce biases from narrow parameterization data sets, address the
black-box nature of ML, and improve predictive power under out-of-sample climate conditions. Moreover, hybrid
models could maximize the value of limited observational data by leveraging both mechanistic priors and sta-
tistical generalization. This is especially critical for CH, uptake, where observational coverage is sparse, and
large-scale atmospheric implications hinge on small-scale microbial processes. The development and evaluation
of KGML models, however, are beyond the scope of this study and represent an important direction for future
research.

5. Conclusion

This study provides a comprehensive assessment of the global CH, soil sink by integrating PB, ML, and at-
mospheric inversion approaches. Both PB and ML approaches estimate a global CH, soil sink of 40-45 Tg
CH, yr' during 1984-2020, ~30%-50% larger than previous estimates, supporting the hypothesis that CH,
uptake by upland ecosystems may have been underestimated. Although PB and ML approaches agree on a similar
global magnitude, they differ substantially in their representation of spatial and temporal variability. PB models
simulate stronger spatial heterogeneity, seasonality, and long-term variability because they explicitly represent
environmental sensitivities through mechanistic equations. In contrast, the ML model exhibits comparatively
muted variability because sparse and discrete observations limit its ability to represent environmental sensitiv-
ities. Atmospheric inversions provide independent support for larger CH, soil sinks. Incorporating the revised
sink estimates requires larger microbial CH, emissions while maintaining consistency with atmospheric CH, and
5'3C-CH, observations. These results demonstrate that uncertainties in CH, soil sinks directly influence estimates
of CH,, emissions and atmospheric CH, and §'*C-CH,,. Future efforts combining the mechanistic representation
of PB models with the observational constraints of ML approaches may improve estimates of spatial and temporal
variability of the global CH, soil sink.
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