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S1 Additional methods

S1.1 Stable carbon isotope reference scale

All δ13C–CH4 values reported in this study are expressed relative to the Vienna Pee Dee Belemnite (VPDB) standard, the

internationally accepted reference for stable carbon isotope ratios. Historically, earlier atmospheric δ13C–CH4 simulations

used the Pee Dee Belemnite (PDB) reference scale defined by Craig (1957), where RPDB = 1.12372× 10−2 is the standard5
13C/12C ratio. The current VPDB scale adopts a slightly different value, RVPDB = 0.011113± 0.000022 (95% confidence

level; Camin et al. 2025).

To assess the consistency between these reference scales, we repeated our model calculations using the updated VPDB

standard. The resulting differences in δ13C–CH4 outputs were negligible, with a mean offset of less than -6e-5‰ over the

24-year simulation period. This confirms that the choice of reference standard does not materially affect the results presented10

in this work.

S1.2 Method for aggregating isotopic signatures from sub-sectors into sectors

The aggregation of isotopic signatures from sub-sectors into sectoral values was performed using a mass-weighted approach

based on the underlying carbon isotopic ratios. When fluxes are provided in mass units rather than moles, appropriate molar

mass ratios are applied to ensure consistency. The procedure is as follows:15

For each sub-sector i:

1. The isotopic signature δ13Ci is first converted to the corresponding isotopic ratio Ri relative to the VPDB standard:

Ri =

(
1+

δ13Ci

1000

)
RPDB,

where RPDB is the reference 13C/12C ratio of the Pee Dee Belemnite (PDB) standard.

2. The partial fluxes of 12CH4 and 13CH4 for each sub-sector are then calculated as:20

F12,i =
Ftotal,iM12C/MCH4

1+Ri
F13,i =

Ftotal,iRiM13C/MCH4

1+Ri
,
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where Ftotal,i is the total methane flux for subcategory i (in mass units), andM12C,M13C andMCH4
are the molar masses

of 12C, 13C and CH4, respectively.

3. The fluxes are then summed over all subcategories within a given sector s:

F s
12 =

∑
i

F12,i, F s
13 =

∑
i

F13,i.25

4. The aggregated isotopic ratio for the sector is calculated as:

Rs =
F s
13

F s
12

.

5. Finally, the aggregated isotopic signature for the sector is computed as:

δ13Cs =

[
Rs

RPDB

M12C

M13C
− 1

]
× 1000.

This approach ensures that the aggregated isotopic signature is correctly weighted by the contribution of each subsector to30

the total flux of the sector.
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S2 Supplementary tables

S2.1 List of acronyms and datasets used in this study

Table S1. List of acronyms used in this study.

Acronym Definition / Source

CIF Community Inversion Framework

VPDB Vienna Pee Dee Belemnite (standard for stable carbon isotope ratios)

KIE Kinetic Isotope Effect

FFG Fossil Fuel exploitation and Geological sources

AGW Agriculture and Waste

BB Biomass and Biofuel Burning

WET Wetlands

NAT Other Natural Sources

EDGARv8 Emissions Database for Global Atmospheric Research (Crippa et al.,

2023)

GFED4s Global Fire Emissions Database (van Wees et al., 2022)

GMB Global Methane Budget (Martinez et al., 2024; Saunois et al., 2025)

EMID European Methane Isotope Database (Menoud et al., 2024)

GFEIv2 Global Fuel Exploitation Inventory (Scarpelli et al., 2022)

CEDSv2021 Community Emissions Data System (O’Rourke et al., 2021)

GAINSv4 Greenhouse Gas and Air Pollution Interactions and Synergies model

(Höglund-Isaksson et al., 2020)

RSD Relative Standard Deviation

SD Standard Deviation
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S2.2 European fossil-fuels isotopic signature aggregation

Table S2. Country-level weighted mean δ13C-CH4 values (‰) for oil & gas and coal emissions in Europe, derived from data compiled by

Lan et al. (2021) and Menoud et al. (2022). N indicates the number of individual measurements contributing to each dataset. A weighted

mean is calculated when data from both sources are available.

Country δ13C-CH4 (Lan et al., 2021) (‰) / N δ13C-CH4 (Menoud et al., 2022) (‰) / N Weighted mean (‰)

Oil & Gas

France -44.0 / 28 -44.8 / 30 -44.4

United Kingdom -39.2 / 13 -40.2 / 135 -40.1

Germany -43.8 / 176 -39.3 / 29 -43.2

Poland -47.0 / 57 -44.9 / 27 -46.3

Romania -48.3 / – -37.7 / 143 -37.7

Netherlands – -44.8 / 11 -44.8

Coal

United Kingdom -40.1 / 23 -48.8 / 4 -41.2

Germany -43.1 / 90 -44.7 / 3 -43.2

Poland -49.5 / 64 -49.2 / 64 -49.4

S2.3 Monte Carlo ensemble simulations of isotopic source signatures35

Table S3. Parameters used for the Monte Carlo ensemble simulations of isotopic source signatures. For each of the five main source sectors,

normal distributions were defined based on literature-derived mean and standard deviation values (see Section 4.1.3). Five ensemble members

were drawn per sector to represent the uncertainty in δ13CH4 source signatures. The table includes sector-specific mean isotopic signatures

and their variability, with spatial granularity used for Monte Carlo: 110 countries (Natural Earth dataset, free vector and raster map data at

naturalearthdata.com) for anthropogenic sectors (FFG, AGW) reflecting country-level variability, and 18 GCP regions (Saunois et al., 2020)

for natural sectors (BB, WET, NAT) reflecting coarser regional variability.

Sector Mean signature [‰] Standard deviation (1σ) [%] Spatial granularity

Fossil Fuel & Geological (FFG) −44.2 13.9 110 countries

Agriculture and Waste (AGW) −60.2 5.5 110 countries

Biomass & Biofuel Burning (BB) −24.3 24.9 18 GCP regions

Wetlands (WET) −58.6 12.8 18 GCP regions

Other Natural (NAT) −51.9 10.4 18 GCP regions
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S3 Supplementary figures

S3.1 Detailed sub-sectors δ13C-CH4 source signature maps

Figure S1. Maps of δ13C-CH4 subcategories, showing isotopic signatures by source subcategory. Sources for sector isotopic signatures are:

Biomass – Biofuels Burning (Lan et al., 2021), Geological (Etiope et al., 2019), Livestock (Lan et al., 2021), Oil and Gas (Lan et al., 2021;

Menoud et al., 2022), Coal (Lan et al., 2021; Menoud et al., 2022), and Wetlands (Oh et al., 2022).
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S3.2 Detailed sub-sectors CH4 emissions maps

Figure S2. Mean methane emissions (1998–2022) for each sub-sector contributing to the five main CH4 source sectors, expressed in

mgCH4 m−2 day−1. Each panel shows the spatial distribution of the average flux over the 1998–2022 period, with the total subcategory

emission (in Tg yr−1) indicated. Anthropogenic emissions (e.g., RICE, LANDFILLS, LIVESTOCK, WASTEWATER, AGRICULTURAL

WASTE, BIOFUELS, COAL, OIL AND GAS) are from EDGARv8.0 (Crippa et al., 2023). Biomass burning emissions (BIOMASS) are

derived from GFED4s (van Wees et al., 2022). Wetland emissions correspond to the climatological mean of 11 process-based models from

the Global Methane Budget (GMB) (Martinez et al., 2024). Freshwater emissions are based on CH4 flux maps from Stavert et al. (2022),

with spatial rescaling following Martinez et al. (2024). Geological, termite, and oceanic emissions follow the GMB prior dataset, based re-

spectively on Etiope et al. (2019), the S. Castaldi model for termites (Martinez et al., 2024), and oceanic emissions from Weber et al. (2019).

All datasets were harmonised to a common 1◦ × 1◦ grid.
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S3.3 Sensitivity analysis
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Figure S3. (a) RSD (in %) of the fluxes among different prior datasets (GAINSv4, CEDSv2021, GFEIv2, EDGARv8) (over 2016–2020) at

surface level. Values are only displayed when the associated CH4 flux is higher than 0.2 mgCH4·m−2·day−1, for aggregated categories. (b)

RSD of the resulting δ13C-CH4 source signature by aggregated category. (c) RSD of the δ13C-CH4 signals from the forward model outputs

at surface level. Coloured circles indicate RSD of observed δ13C-CH4 values at each surface station over the study period.
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Figure S4. Difference maps between the NO_AGGREG (14 categories) and the reference OH_INCA simulation (5 categories) averaged

over 2016–2020 at the surface level for ∆δ13C-CH4 (‰).
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Figure S6. RSD (in %) of fluxes included in anthropogenics sector of annual mean CH4 fluxes across four inventories (EDGARv8, CEDS,

GAINS, GFEI) over (over 2016–2020), shown by emission sub-sector. Values are only displayed when the associated CH4 flux is higher than

0.2 mgCH4·m-2·day-1

Sub-sector grouping used in this figure:

AGRICULTURE: LIVESTOCK, RICE

WASTE: AGRICULTURAL_WASTE, LANDFILLS, WASTE_WATER

FOSSIL FUELS: COAL, OILGASIND

BIOFUELS: BIOFUELS
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Figure S7. SD (in kg .m−2 .s−1) of fluxes included in the anthropogenic sector of annual mean CH4 fluxes across four inventories

(EDGARv8, CEDS, GAINS, GFEI) over 2016–2020, shown by emission sub-sector. Values are only displayed when the associated CH4

flux is higher than 0.2 mgCH4·m-2·day-1.

Sub-sector grouping used in this figure:

AGRICULTURE: LIVESTOCK, RICE

WASTE: AGRICULTURAL_WASTE, LANDFILLS, WASTE_WATER

FOSSIL FUELS: COAL, OILGASIND

BIOFUELS: BIOFUELS
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OH fields KIE Aggregation fluxes
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Figure S9. Relative contribution (in %) of each parameter to the total variance of simulated atmospheric δ13C-CH4 at each model grid cell.

Each panel represents one sensitivity parameter tested. Colors indicate the percentage contribution of the squared standard deviation of each

parameter to the total variance across all parameters. Values are calculated independently at each grid cell.
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Figure S10. Relative contribution (in %) of each parameter to the total variance of simulated atmospheric CH4 at each model grid cell.

Each panel represents one sensitivity parameter tested. Colors indicate the percentage contribution of the squared standard deviation of each

parameter to the total variance across all parameters. Values are calculated independently at each grid cell.
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S4 Model-observation comparison40

S4.1 Globally averaged time series of the sensitivity simulations
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Figure S11. Globally averaged surface time series (1998–2022) of δ13C-CH4 signal (top row, ‰ vs V-PDB) and CH4 mole fraction (bottom

row, ppm) for all forward sensitivity simulations described in Table 3 of the main text, grouped by perturbation category: Fluxes (left), Chem-

istry (middle) and Aggregation (right). Black solid line: NOAA-INSTAAR globally averaged observations (Michel et al., 2024; Schuldt et al.,

2025); grey shading: ±1σ observational uncertainty. Coloured lines correspond to the individual simulations (see legends for configuration

details). Simulations based on GAINS and GFEI inventories end in 2020 due to data availability.

Figure S11 presents the globally averaged surface time series (1998–2022) of CH4 mole fractions (bottom row) and δ13C-CH4

signals (top row) for all forward sensitivity simulations listed in Table 3 of the main text, grouped by perturbation category:

Fluxes (left column), Chemistry (middle column), and Aggregation (right column). The black solid line shows the NOAA-

INSTAAR globally averaged observations (Michel et al., 2024; Schuldt et al., 2025), and the grey shaded envelope represents45

the ±1σ observational uncertainty. Observations are provided here as a plausibility reference rather than a validation target:

the simulations use prescribed fluxes and source signatures rather than posterior estimates from an inversion.

The inter-simulation spread is category-dependent. Aggregation simulations cluster tightly around a common trajectory

for both CH4 and δ13C-CH4, consistent with the limited impact of aggregation choices reported in Sect. 4.2.1 of the main

text. Chemistry simulations split into two groups in δ13C-CH4: the KIE_CANTRELL run remains systematically enriched50

compared to the KIE_SAUERESSIG, consistent with the dominant sensitivity of the modeled isotopic signal to the OH-KIE
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value (Table 6 of the main text); the OH_INCA_2024 run departs from the other OH configurations in CH4, reflecting the

higher prescribed OH concentrations. Flux simulations display the widest spread overall, in particular ANTHROPO_GFEI

progressively diverging upward in CH4 after 2008.

Most simulations remain within the observational envelope over the full period, supporting the realism of the prescribed input55

datasets for mainstream configurations. The outlier behaviour of KIE_CANTRELL, OH_INCA_2024 and ANTHROPO_GFEI

illustrates that individual parameter choices, rather than the overall modeling framework, drive discrepancies with observations.

The inter-simulation spread nonetheless reaches ∼1.5 ‰ in δ13C-CH4 and ∼300 ppb in CH4 by the end of the period, con-

firming that forward simulations alone cannot reproduce observations without joint optimization of fluxes and isotopic source

signatures within an inversion framework.60

The model–observation offset is largest during the early simulation period and progressively stabilizes after approximately

2010–2015. This spin-up drift, particularly visible in δ13C-CH4 (Tans, 1997), and confirms that restricting the sensitivity anal-

ysis to the 2016–2020 window ensures a stationary regime across all simulations, isolating the effect of perturbed parameters

from residual spin-up artifacts.

S4.2 Inter-hemispheric gradient diagnostic65

As a complementary first-order diagnostic of the realism of the modeled fields, Figure S12 compares the inter-hemispheric

gradient (NH–SH, computed as the difference between the latitudinally averaged Northern and Southern Hemisphere surface

signals) for both CH4 and δ13C-CH4, averaged over the analysis window 2016–2019. The inter-hemispheric gradient is a par-

ticularly stringent test as it isolates the joint contribution of the spatial distribution of sources, inter-hemispheric transport and

oxidation chemistry, while being insensitive to absolute calibration offsets and to long-term spin-up drift. NOAA-INSTAAR70

observations (Michel et al., 2024; Schuldt et al., 2025) are processed identically to the simulations, using the same set of surface

stations.

For CH4, the observed gradient (∼0.117 ppb) falls well within the spread of simulations (0.10–0.14 ppb). The reference

configuration (OH_INCA / KIE_SAUERESSIG / EDGAR / GMB_Mean) reproduces the observed value to within ∼5 %,

supporting the realism of the prescribed flux distribution at hemispheric scale. The strongest deviations are found for AN-75

THROPO_GFEI (low gradient, consistent with its underestimated NH emissions) and FLUX_FRESH (higher gradient, reflect-

ing the addition of freshwater fluxes predominantly located in the Northern Hemisphere).

For δ13C-CH4, all simulations systematically underestimate the magnitude of the observed gradient (−0.32 ‰ observed vs.

−0.15 to −0.25 ‰ simulated). This residual bias is fully consistent with the dominant uncertainty drivers identified in our

sensitivity analysis: the OH kinetic isotope effect and the agriculture and waste source signatures (Sect. 4.3.1 of the main80

text), which jointly control the partitioning of 13C between the two hemispheres. The ranking of simulations also matches

expectations: WET_GMB_NO_CLIMATO and WET_SAT_WET_CH4 produce the most negative gradients (closest to ob-

servations) thanks to a stronger seasonal contribution from boreal wetlands, while the NO_AGGREG, AGGREG_GFEI and

ANTHROPO_EDGAR runs produce the weakest gradients. This residual bias does not undermine the realism of the dataset,

but rather reinforces the methodological recommendations formulated in Sect. 4.3.2: in isotopic inversions, OH-KIE and AGW85
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source signatures must be either explicitly optimized or sampled within an ensemble framework, since their prescribed values

drive a systematic structural bias in the modeled inter-hemispheric isotopic gradient.

We emphasize that this diagnostic is a plausibility reference rather than a formal validation. Forward simulations alone

cannot disentangle biases on fluxes from biases on isotopic source signatures, and only joint optimization within an inversion

framework would allow rigorous validation. The diagnostics provided in Figures S11 and S12 therefore demonstrate that90

the dataset produces a realistic mean state and inter-hemispheric structure for CH4, while explicitly identifying where the

remaining work is needed for δ13C-CH4. Inversion-based validation will be the subject of a follow-up study.

17



OBS

WET
_G

MB_N
O_CLIM

ATO

WET
_SA

T_W
ET

_CH4

FLU
X_FR

ES
H

KIE
_CANTR

ELL

OH_IA
V

OH_M
CFC

AL

OH_IN
CA_20

24

ANTH
ROPO

_G
FE

I

ANTH
ROPO

_CED
S

WET
_LP

J

AGGREG
_G

AINS

AGGREG
_CED

S

ANTH
ROPO

_G
AINS

KIE
_SA

UER
ES

SIG

FLU
X_N

O_FR
ES

H

OH_IN
CA

WET
_G

MB

AGGREG
_ED

GAR

ANTH
ROPO

_ED
GAR

AGGREG
_G

FE
I

NO_AGGREG

0.3

0.25

0.2

0.15

0.1

0.05

0
Gr

ad
ie

nt

13C CH4 NH SH ( )
(2016 2019)

ANTH
ROPO

_G
FE

I

NO_AGGREG

AGGREG
_G

AINS

AGGREG
_ED

GAR

WET
_G

MB

ANTH
ROPO

_ED
GAR

OH_IN
CA

FLU
X_N

O_FR
ES

H

KIE
_SA

UER
ES

SIG

AGGREG
_CED

S

AGGREG
_G

FE
I

KIE
_CANTR

ELL

ANTH
ROPO

_CED
S

OBS

WET
_LP

J

OH_IN
CA_20

24

ANTH
ROPO

_G
AINS

WET
_G

MB_N
O_CLIM

ATO

WET
_SA

T_W
ET

_CH4

OH_M
CFC

AL

OH_IA
V

FLU
X_FR

ES
H

0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

Gr
ad

ie
nt

CH4 NH SH (ppb)
(2016 2019)

Figure S12. Inter-hemispheric gradient (NH–SH) of δ13C-CH4 (top, ‰ vs V-PDB) and CH4 (bottom, ppb) averaged over 2016–2019, for

all forward sensitivity simulations described in Table 3 of the main text and for NOAA-INSTAAR observations (Michel et al., 2024; Schuldt

et al., 2025) (black bar). Simulations are sorted by increasing gradient. The NH–SH gradient is computed from monthly surface fields,

taking the difference between the latitudinally averaged Northern Hemisphere (0°–90°N) and Southern Hemisphere (90°S–0°) signals at the

locations of NOAA-INSTAAR surface stations, and then averaged over 2016–2019.
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