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S1 Workflow and data processing details

S1.1 Consolidation of Enverus oil and gas production data at the well

level

We detail here how we construct a national well-level dataset for all available years using

Enverus DrillingInfo. Four datasets are available for download:

• Producing Entity Header: Contains information about the producing entity.

• Well Header: Contains information on individual wells.

• Producing Entity Production: Contains production data at the producing entity level.

• Well Production: Contains production data at the well level.

If all production data were reported at the well level, the process would be straightforward.

However, production is sometimes reported at di!erent levels.

Completion-level reporting

For wells with multiple completions, the Well Header dataset classifies the well as ”MUL-

TIPLE” in the Producing Entity Type field, with a corresponding Producing Entity ID listing

completions. The Production Header dataset contains multiple rows corresponding to each com-

pletion (each Entity ID) and Entity Type is ‘COM’. The Producing Entity Production dataset

reports production at the completion level, with one row per completion. The Well Production

dataset consolidates total production across completions into a single row per well.

For wells with a single completion, both datasets align, and production values match.

Lease-level reporting

In states where production is reported at the lease level, the Well Header dataset lists

individual wells within a lease but does not provide producing entity details. The Producing

Entity Header dataset provides coordinates for a representative well. The Producing Entity

Production dataset includes an ”API/UWI List” field, linking all wells within a lease. The Well

Production dataset contains no data.

Resolving reporting inconsistencies

Some entities switch between WELL, UNIT, and LEASE types over time, leading to potential

duplicate production records. To mitigate this, we do as follows.

When both WELL and LEASE production are reported for the same API/UWI and Entity

ID, we retain only WELL-level production.

If only lease-level data are available, we allocate the production to the representative well.

We could also allocate proportionally to each well in the lease, but in practice we computed that

the average number of wells by lease is 5 and most wells are clustered spatially (only 1 case in

Kansas with 2 wells separated by 188 miles).

We exclude entities such as SWD, waste plants, and drip points, as they are not directly

related to individual wells.
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S1.2 Gas composition prediction workflow summary

In Figure S1 we present the overall methodological workflow for estimating gas composition

at specific production locations and times. It summarizes the integration of the di!erent data

sources, the neural network training and validation process, and the combination of predictions

from spatio-temporal kriging and from using the neural network. The equation numbers shown

in the diagram refer to the corresponding equations detailed in Section 4.2.

S2 Empirical support for study design

S2.1 Consistency of data reported to the GHGRP with proprietary

data

Proprietary full gas composition data from inlet flows to three processing facilities were

provided for this work by an anonymous industry partner. For a preliminary validation of

GHGRP-reported methane (C1) fractions, proprietary data were aggregated into annual averages

to match the temporal resolution of the GHGRP dataset. Each dataset was grouped by year to

facilitate comparison.

The Mean Absolute Error (MAE) was computed to quantify the di!erence between propri-

etary data and GHGRP reporting:

MAE =
1

Y

Y∑

y=1

∣∣∣xprop

C1,annual(y)→ xGHGRP

C1,annual(y)
∣∣∣ ,

where, Y denotes the number of years for which data are available, xprop

C1,annual(y) is the annual

mean methane fraction in the proprietary dataset for year y, xGHGRP

C1,annual(y) is the annual mean

methane fraction reported in the GHGRP dataset for year y.

For one facility (Facility A), proprietary methane composition was available from three

separate inlet streams: main, low-pressure (LP), and high-pressure (HP).

To obtain a representative methane fraction for the entire facility, a molar-weighted average

was computed to account for di!erences in gas volume and composition. The proprietary datasets

were first merged by date to align corresponding measurements. The total inlet gas volume at

each time step was computed as Vtotal(t) = Vmain(t) + VLP(t) + VHP(t), where Vs(t) represents

the gas volume (MCF) for stream s ↑ {main,LP,HP} at time t. Since methane fractions are

expressed in molar terms, the total number of moles from each inlet was estimated as ns(t) =
ds(t)·Vs(t)∑
i Mixi,s(t)

, where ds(t) is the specific gravity, Mi is the molar mass of component i, and xi,s(t)

is the mole fraction of component i in stream s. The total molar inflow was then computed as

ntotal(t) = nmain(t) + nLP(t) + nHP(t).

The overall methane fraction was obtained as follows:

xCH4(t) =

∑
s ns(t)xCH4,s(t)

ntotal(t)
.

4



To determine which inlet best represents the GHGRP-reported methane fraction, the annual

averages of each inlet were compared against GHGRP data using MAE. The main inlet exhibited

the closest agreement with the reported values.

For another one (Facility B, see below), only high-pressure (HP) inlet data were available

in the proprietary dataset. This limitation likely explains the greater discrepancy (MAE of 2%)

between the proprietary values and the GHGRP values (see Fig. S2).

Overall, we see close agreement between data reported to the GHGRP and high-resolution

operational data supplied by our industry partner. This agreement bolsters confidence in gas

processing facility gas composition data reported to the GHGRP.

S2.2 Correlation analysis between Gas-to-Oil Ratio (GOR) and

component fractions

Due to the limited availability of direct gas composition measurements and gaps in data cov-

erage across key areas, we explored the gas-to-oil ratio (GOR) as an auxiliary variable to help

infer gas composition. GOR is routinely reported and reflects underlying hydrocarbon produc-

tion characteristics, making it a promising proxy. We computed Pearson correlation coe”cients

between the log-transformed GOR and individual gas component fractions using USGS data (all

basins), observing a positive correlation for methane (C1) and negative correlations for heavier

hydrocarbons (see Fig. S3 and Table S1). These correlations suggest that GOR contains informa-

tion about gas composition, though the relationships are not strictly linear. This means that a

model that incorporates gas and oil production volumes directly may well capture this potentially

non-linear dependence.

S3 Intermediate steps in the gas composition prediction

workflow

S3.1 Anisentropy parameter characterization

As described in Section 4.2.4, spatio-temporal kriging requires defining an appropriate distance

metric, which is adjusted using an anisotropy factor ω to account for di!ering rates of spatial and

temporal variations in gas composition. We show the impact of di!erent ω values Fig. S4, where

methane fraction di!erences exhibit a temporal pattern when ω = 1.0 and a spatial pattern when

ω = 40.0.

The optimal anisotropy factor, ω→ = 6.3, is determined by minimizing the root mean square

error (RMSE) in the spatial variogram fit, as shown in Fig. S5. This value results in approximately

isotropic gas composition variations.

S3.2 Component fractions before and after quantile transformation

To ensure a more Gaussian-like distribution before applying kriging, a Quantile Transformer

with nquantiles = 500 was applied to the raw gas component data. This transformation preserves

rank order while mapping the original data onto a nearly standard normal distribution. Fig. S6

presents Kernel Density Estimation (KDE) plots comparing the distributions of gas component
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fractions before and after transformation for two datasets: USGS data and GHGRP production

data.

S3.3 Variogram results

We present the estimated variograms used for kriging across basins and gas components.

Figure S7 shows example variograms for methane (C1) in three basins—Anadarko, Per-

mian, and Gulf Coast—based on USGS (panel a) and GHGRP production data (panel b). Each

plot displays the empirical variogram along with the fitted exponential model, including the

corresponding sill and range parameters.

Figures S9 and S8 display the default variograms used in cases where basin-level estimation

is not feasible due to limited data. These models were computed by concatenating data from all

basins with su”cient sample size (at least 50 points), with variogram calculations restricted to

within-basin distances.

Tables Table S2–Table S7 summarize the estimated variogram parameters (sill and range) for

all basins and components. Entries marked as N/A indicate that a basin had too few samples for

reliable variogram fitting. In such cases, the default variograms from Figures S9 and S8 are used

instead.

S4 Assessment of methods robustness

S4.1 Ablation study and comparison to simple baselines

In order to validate the benefit of using gas and oil production as auxiliary variables, we

performed an ablation study that consisted in removing the non-linear model and only relying

on kriging. To confirm the importance of kriging, we compared our method to a much simpler

interpolation method (nearest neighbor). We used 4-fold cross-validation on each basin to compute

the accuracy of each method. Results are shown in Figure S10.

To illustrate the structure of the holdout test sets used in this evaluation, Figure S12 presents

illustrative examples of holdout set selection for three basins — Anadarko, Permian, and Gulf

Coast. For each basin, one of the four holdout regions is shown. As detailed in Section 4.5.1,

this procedure is applied consistently across all basins, where holdout sets are defined as circular

regions, and the centers of these regions are determined using k-means clustering (k = 4) to

ensure a spatially structured and representative layout.

In absolute terms, the results indicate that our method achieves a Mean Absolute Error

(MAE) of 5.8 mol% for C1 using USGS data, 5.0% using GHGRP data, and 2.3 mol% for C2

using USGS data.

In relative terms, our method reduces the Mean Absolute Error (MAE) by 15% compared

to the kriging-only approach, when applying it to USGS C1 data. Compared to the nearest-

neighbor method, this relative improvement reaches 39% on average. For USGS C2 data, while

the improvement over kriging is limited to less than 1%, our method achieves a substantial 20%

reduction in MAE compared to nearest-neighbor interpolation. For GHGRP C1, we achieve 1%

improvment compared to kriging alone, and 10% compared to neares-neighbor.
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Accuracy was also analyzed as a function of the distance to the nearest point in the dataset

used for kriging. The relative accuracy of our method, compared to the kriging-only approach,

increases with this distance At the farthest distances, the relative improvement reaches 30% for

C1 and 5% for C2 using USGS data and 17% for C1 using GHGRP data. This highlights the

value added by the auxiliary variable in data-sparse regions.

Beyond predictive accuracy, we evaluate the reliability of using gas and oil production as

auxiliary variables by comparing the non-linear model’s uncertainty — defined as its optimal

weighting factor in the variance combination (see Section 4.2.6) — to the standard deviation

from kriging. The results are shown in Figure S11. For C1 using USGS data, the two uncertainty

estimates are closely aligned. In contrast, for C1 using GHGRP data and C2 using USGS data,

the non-linear model tends to exhibit higher uncertainty on average.

S4.2 Sensitivity of gas composition to well selection criteria

To assess the sensitivity of our method to the definition of oil and gas wells, we apply it

to a filtered version of the USGS dataset that excludes samples with high proportions of non-

hydrocarbon components. This allows us to examine how gas composition estimates change

when redefining what qualifies as a typical production well — e.g., one that predominantly pro-

duces hydrocarbons such as methane. Following this filtering, methane (C1) content decreases

from 87.5% to 86.2%. Other hydrocarbons, including ethane (C2), propane (C3), butanes (N-

C4, I-C4), pentanes (N-C5, I-C5), and heavier components (C6+), exhibit slight decreases. In

contrast, non-hydrocarbon components such as H2S, nitrogen (N2) and carbon dioxide (CO2)

increase significantly. Minor species like hydrogen (H2) show inconsistent trends within the range

of uncertainty.

S5 Supplementary basin-level results

S5.1 Spatial distribution of full gas composition within the Anadarko

Basin

To illustrate the output of our gas composition mapping approach beyond methane alone

(shown in Section 2), Figure S14 presents the estimated molar fractions of the 15 gas components

in the Anadarko Basin, based on USGS data.

S5.2 Temporal variation in methane fraction

To illustrate how our method captures temporal changes in gas composition, we plot the

production-weighted average molar fractions of methane (C1), heavier hydrocarbons (C2+), and

non-hydrocarbon components in two example basins. As shown in Fig. S15, the Permian Basin

exhibits an increasing share of heavier hydrocarbons over time, while the Uinta Basin displays

the opposite trend. This contrast may reflect a shift in the type of production within the Permian

toward more oil-rich reservoirs.
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S5.3 Spatial distribution of methane fraction in multiple basins

To illustrate the basin-level outputs of our method beyond the Anadarko example shown

in Section 2, Figure S16 presents our estimates for methane molar fractions for the 13 basins

discussed in the Section 2 section, using GHGRP production data.
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S6 Supplementary Figures

Fig. S1: Workflow for estimating gas composition and updating production-
normalized methane loss rates. (a) Main steps: Integrates data from Enverus DrillingInfo,
USGS, and GHGRP production into GOR-enhanced spatio-temporal kriging, aggregates com-
ponents per basin, and updates fractional loss. (b) Details on training the neural network and
finding ε: the initial set of gas composition samples is separated into a training set, test set and
validation set. (c) GOR-enhanced spatio-temporal kriging: Combines kriging and neural net-
work predictions, using the optimal weighting factor for the combination (ε). Arrows indicate
data flows: gas & oil volumes (pink), gas component fractions (blue), uncertainties (grey), coor-
dinates (green), and measured methane emissions (turquoise). The equation numbers refer to the
equations presented in 4
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Fig. S2: Comparison of proprietary and GHGRP-reported methane (C1) fractions
for three facilities. (a) Annual average methane fractions for Facility A (i), Facility B (ii), and
Facility C (iii). In (a.i), methane fractions are reported separately for the main, low-pressure
(LP), and high-pressure (HP) inlets, with the GHGRP data aligning most closely with the main
inlet. (a.ii) and (a.iii) compare the proprietary and GHGRP annual averages for Facilities B
and C, respectively, with mean absolute errors (MAE) indicated. (b) Time series of raw methane
fraction data for Facility A (i), Facility B (ii), and Facility C (iii).

Component C1 C2 C3 N-C4 I-C4 N-C5 I-C5 C6+ HE CO2 H2 N2 H2S AR O2

Pearson r 0.42 -0.44 -0.38 -0.34 -0.34 -0.25 -0.22 -0.21 -0.14 -0.07 -0.04 -0.11 -0.31 -0.09 0.05

Table S1: Pearson correlation coe”cients between the logarithm of the Gas-to-Oil Ratio (Log
GOR) and hydrocarbon component fractions.

Fig. S3: Scatter plots illustrating the correlation between Log GOR and hydrocar-
bon components. The black lines represent linear regression fits, and the Pearson correlation
coe”cients (r) are displayed in each subplot.
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Fig. S4: Contour maps of mean di!erence in methane fraction (C1) as a function
of binned temporal and rescaled spatial lags for di!erent anisotropy factors ω. The
analysis was made using C1 fraction data from USGS. The spatial lag is rescaled using the factor
ω (indicated in each subplot). In (a), where ω = 1.0, the di!erence primarily varies with time,
showing horizontal contour lines, indicating minimal spatial dependence. In (b), with ω = 6.3,
the di!erence exhibits approximately isotropic behavior in space and time, as seen from diagonal
contour lines. In (c), where ω = 40.0, the di!erence primarily varies with spatial distance, leading
to vertical contour lines, implying minimal temporal dependence.

Fig. S5: Empirical spatial variogram and temporal model fit for di!erent anisotropy
factors ω. The spatial semivariance ϑS(h)—defined as half the average squared di!erence in gas
composition between pairs of observations separated by spatial distance h—is shown for various
values of the anisotropy factor ω. The curves are compared to the temporal variogram model
ϖ0 + ϖ1 · DS

ω , where ϖ0 and ϖ1 are coe”cients obtained by fitting a linear model to the temporal
variogram at short lags (see Section 4.2.4). This model expresses how temporal variation is
rescaled onto space using ω. (b) shows the optimal fit obtained for ω→ = 6.3 m/day by minimizing
the root mean square error (RMSE) between the empirical spatial variogram and the temporal
model (Eq. (2)). Panels (a) and (c) illustrate less optimal fits for ω = 1.0 and ω = 40.0, which
yield larger RMSE values.
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Fig. S6: E!ect of quantile transformation on gas component distributions. Kernel
Density Estimation (KDE) plots show the distribution of each gas component before (left panel
of each pair) and after (right panel) quantile transformation. Each row corresponds to a di!erent
set of components, with 5 rows and 3 columns covering the 15 components: C1, C2, C3, N-C4,
I-C4, N-C5, I-C5, C6+, CO2, H2, N2, H2S, AR, O2, and HE.
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Fig. S7: Isotropic variogram analysis for methane (C1) in three selected basins. Panel
(a) presents variograms derived from USGS data for the Anadarko Basin (a.i), Permian Basin
(a.ii), and Gulf Coast Basin (LA, TX) (a.iii). Panel (b) shows corresponding results using
GHGRP production data: Anadarko (b.i), Permian (b.ii), and Gulf Coast (b.iii). Each plot
compares the experimental variogram (blue points) with the fitted exponential model (black
curve), and reports the estimated sill and range values. While only these three basins are shown,
accompanying tables (Table S2, Table S3, Table S4, Table S5, Table S6, Table S7) provide vari-
ogram parameters for all studied basins.

Fig. S8: Default isotropic variograms for GHGRP production data. Combined experi-
mental and fitted exponential variograms for C1 and CO2 using GHGRP production data across
selected basins: Appalachian Basin, Appalachian Basin (Eastern Overthrust Area), Permian
Basin, Arkla Basin, Anadarko Basin, Denver Basin, Green River Basin, Arkoma Basin, Gulf
Coast Basin (LA, TX), and East Texas Basin. The empirical variogram (scatter points) and the
fitted exponential model (solid line) illustrate the spatial correlation structure, with sill and range
values provided for each component.
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Fig. S9: Default isotropic variograms for USGS data. Combined experimental and fitted
exponential variograms for gas component fractions using USGS data across selected basins:
Appalachian Basin, Appalachian Basin (Eastern Overthrust Area), Permian Basin, Arkla Basin,
Anadarko Basin, Denver Basin, Green River Basin, Arkoma Basin, Gulf Coast Basin (LA, TX),
and East Texas Basin. Each subplot represents a di!erent gas component, showing the empirical
variogram (scatter points) and the fitted exponential model (solid line). The sill and range values
for each component are indicated within the plots.
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Fig. S10: Comparison of interpolation methods for predicting C1 and C2 fractions
as a function of distance. Panels (a), (b), and (c) show results using USGS C1 data, USGS
C2 data, and GHGRP C1 data, respectively. In each panel, subfigure (i) presents the absolute
di!erence in mean absolute error (MAE) between methods, while subfigure (ii) shows the relative
improvement in MAE of our method compared to ordinary kriging. Each distance bin contains
729 points for USGS (panels a and b) and 23470 points for GHGRP (panel c); error bars indicate
the standard error of the mean.
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Fig. S11:Comparison of uncertainty estimates from kriging and the non-linear model.
Panels (a), (b), and (c) show the distribution of kriging standard deviations for GHGRP C1, USGS
C1, and USGS C2 data, respectively. Vertical lines indicate the average uncertainty of the non-
linear model, defined as its optimal weighting factor in the combined variance (see Section 4.2.6).

Fig. S12: Spatial distribution of observed data and holdout sets in three basins. The
figure shows the locations of observed gas composition data in the USGS database (blue) used
to fit the kriging model and train the neural network. Orange points represent locations held out
from model fitting in three example basins: Anadarko, Permian, and Gulf Coast. These holdout
sets are used to estimate the optimal parameter ε that combines kriging and neural network
predictions. An analogous holdout procedure is applied to separate test sets used to evaluate final
model performance.
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Fig. S13:E!ect of filtering thresholds on interpolated average gas composition (USGS
data). Shown are average component fractions predicted by our spatio-temporal interpolation
model, weighted by gas production and grouped by filtering threshold. Thresholds correspond to
the maximum allowed proportion of non-hydrocarbon gases in the original USGS samples (HE,
CO2, H2, N2, H2S, AR, O2). A threshold of 100% indicates no filtering. Shaded areas show 95%
confidence intervals, estimated using standard errors from the simulation procedure described in
Section 4.4.1.
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Fig. S14: Molar fractions of 15 gas components in the Anadarko Basin from USGS
data. The figure shows the estimated molar fractions of major gas components, including
methane, ethane, propane, and heavier hydrocarbons, as well as non-hydrocarbon species. These
values are obtained using our spatio-temporal interpolation approach applied to USGS well sam-
ple data.
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Fig. S15: Temporal evolution of methane (C1) and heavier hydrocarbon (HC ¿ C1)
molar fractions in natural gas from the Uinta and Permian Basins. Each panel shows
production-weighted mean values with associated standard errors. In the Permian Basin, methane
content has declined over time, while heavier hydrocarbons increased—potentially reflecting a
shift toward more liquids-rich production. In contrast, the Uinta Basin shows the opposite trend,
with increasing methane and decreasing heavier hydrocarbons.
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Fig. S16: Methane molar fractions estimated using GHGRP production data. Results
are shown for 13 basins, with values predicted using our interpolation method.
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Component Metric East Texas Gulf Coast (LA, TX) Denver South Oklahoma Folded Belt Permian Uinta Appalachian (Eastern Overthrust Area) Bend Arch

AR
Sill N/A 5.4 N/A N/A 3.8 N/A N/A N/A
Range [km] N/A 14.8 N/A N/A 28.3 N/A N/A N/A

C1
Sill 0.9 1.2 0.4 1.7 1.0 0.8 1.1 1.5
Range [km] 54.0 49.6 80.0 80.0 78.2 24.5 80.0 59.7

C2
Sill 1.2 1.0 0.5 2.2 1.0 1.1 1.0 1.6
Range [km] 80.0 61.8 66.9 80.0 80.0 80.0 80.0 80.0

C3
Sill 2.3 1.1 0.6 2.2 0.9 1.0 1.3 1.6
Range [km] 39.6 71.4 0.0 79.6 80.0 14.6 80.0 51.7

C6+
Sill 1.1 0.9 0.8 1.8 1.1 1.4 N/A 4.8
Range [km] 64.9 33.6 0.1 0.4 78.0 45.6 N/A 29.6

CO2
Sill 1.1 1.0 1.1 1.9 0.8 0.9 2.0 4.6
Range [km] 29.7 80.0 67.5 79.6 10.0 15.8 80.0 44.1

H2
Sill 0.8 0.8 4.5 N/A 4.3 N/A N/A N/A
Range [km] 79.8 0.1 16.7 N/A 0.4 N/A N/A N/A

H2S
Sill N/A N/A N/A N/A 1.0 N/A N/A N/A
Range [km] N/A N/A N/A N/A 52.0 N/A N/A N/A

HE
Sill 0.9 0.8 0.6 3.1 0.5 1.0 2.9 1.4
Range [km] 76.6 80.0 54.3 0.4 67.5 18.0 80.0 49.1

I-C4
Sill 3.5 1.0 0.8 2.1 1.1 1.0 1.2 2.2
Range [km] 66.2 38.4 0.2 79.6 70.1 21.5 0.8 34.5

I-C5
Sill 1.3 1.0 0.9 2.3 1.1 1.5 N/A 1.6
Range [km] 80.0 20.8 65.9 0.8 75.9 80.0 N/A 56.2

N-C4
Sill 2.9 1.0 0.8 2.0 1.0 0.9 1.6 1.5
Range [km] 35.0 48.2 56.5 80.0 80.0 15.9 80.0 39.6

N-C5
Sill 5.6 0.8 1.3 N/A 1.2 1.2 N/A 2.4
Range [km] 10.0 25.1 80.0 N/A 80.0 75.2 N/A 32.4

N2
Sill 1.3 1.0 0.7 1.6 0.9 1.2 1.0 1.3
Range [km] 60.0 20.6 80.0 50.6 63.3 27.4 74.4 76.0

O2
Sill 1.6 1.4 N/A N/A 0.8 N/A N/A N/A
Range [km] 23.3 21.0 N/A N/A 13.5 N/A N/A N/A

Table S2: Variogram parameters (Sill [sq. mol %] and Range [km]) per component and basin
[USGS data, Part 1/3]
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Component Metric Green River Chautauqua Platform Palo Duro San Juan Fort Worth Syncline Las Animas Arch Anadarko Arkoma

AR
Sill 2.9 N/A N/A N/A N/A N/A 1.8 3.9
Range [km] 79.9 N/A N/A N/A N/A N/A 80.0 9.9

C1
Sill 1.2 0.9 1.7 1.1 1.4 1.4 0.6 1.1
Range [km] 52.7 0.0 73.0 48.3 80.0 80.0 65.1 9.9

C2
Sill 2.3 1.0 1.2 1.1 1.3 2.0 1.1 1.0
Range [km] 18.6 39.0 63.7 32.9 21.2 63.0 59.4 0.1

C3
Sill 1.3 1.1 1.1 1.2 1.3 2.0 0.9 0.8
Range [km] 55.0 45.9 51.7 34.1 61.1 24.2 57.6 14.3

C6+
Sill 1.3 1.4 1.2 1.2 1.5 2.2 0.9 N/A
Range [km] 12.0 21.0 0.1 12.7 8.7 44.5 58.3 N/A

CO2
Sill 1.1 1.1 1.4 1.2 1.0 2.2 0.6 0.9
Range [km] 22.4 80.0 23.8 61.9 80.0 0.0 56.1 31.9

H2
Sill N/A N/A N/A 5.1 N/A N/A 3.0 1.9
Range [km] N/A N/A N/A 80.0 N/A N/A 80.0 33.6

H2S
Sill N/A N/A N/A N/A N/A N/A N/A N/A
Range [km] N/A N/A N/A N/A N/A N/A N/A N/A

HE
Sill 1.8 1.1 1.7 1.1 0.9 1.6 0.5 1.1
Range [km] 80.0 55.6 41.4 46.4 0.0 19.3 61.2 72.5

I-C4
Sill 1.3 1.2 1.4 1.0 1.4 2.1 1.0 N/A
Range [km] 49.9 27.8 77.0 21.9 15.0 23.3 57.1 N/A

I-C5
Sill 1.4 1.2 1.2 1.1 1.5 3.2 1.0 1.5
Range [km] 21.2 19.1 38.7 24.4 0.3 21.5 52.9 16.4

N-C4
Sill 1.2 1.1 1.3 1.1 1.4 2.0 0.9 N/A
Range [km] 27.1 15.7 75.0 24.4 0.0 33.6 59.5 N/A

N-C5
Sill 1.7 1.2 1.0 1.3 2.3 2.4 1.0 N/A
Range [km] 38.7 12.7 0.9 9.7 26.7 30.5 57.9 N/A

N2
Sill 1.4 1.2 1.9 1.0 1.5 1.4 0.5 1.1
Range [km] 80.0 19.7 0.4 49.2 80.0 80.0 66.8 22.2

O2
Sill 1.9 2.4 N/A 1.9 N/A N/A 1.4 1.3
Range [km] 29.7 0.3 N/A 53.4 N/A N/A 15.1 16.1

Table S3: Variogram parameters (Sill [sq. mol %] and Range [km]) per component and basin
[USGS data, Part 2/3]

Component Metric Paradox Arkla Piceance Williston Appalachian Powder River Wind River San Joaquin

AR
Sill 3.2 N/A 5.7 N/A N/A N/A N/A N/A
Range [km] 46.2 N/A 80.0 N/A N/A N/A N/A N/A

C1
Sill 1.6 1.1 1.1 1.1 2.4 N/A N/A N/A
Range [km] 79.9 63.9 80.0 79.8 79.4 N/A N/A N/A

C2
Sill 1.5 3.0 1.2 0.8 1.9 N/A N/A N/A
Range [km] 79.9 80.0 62.9 79.8 58.3 N/A N/A N/A

C3
Sill 0.9 1.2 1.2 1.5 1.5 N/A N/A N/A
Range [km] 79.9 39.9 70.1 76.8 79.4 N/A N/A N/A

C6+
Sill 1.0 1.4 1.3 N/A N/A N/A N/A N/A
Range [km] 19.2 35.2 65.2 N/A N/A N/A N/A N/A

CO2
Sill 1.6 2.4 1.3 0.8 N/A N/A N/A N/A
Range [km] 79.9 40.7 80.0 54.6 N/A N/A N/A N/A

H2
Sill 8.4 N/A 8.8 N/A N/A N/A N/A N/A
Range [km] 58.8 N/A 57.3 N/A N/A N/A N/A N/A

H2S
Sill N/A N/A N/A N/A N/A N/A N/A N/A
Range [km] N/A N/A N/A N/A N/A N/A N/A N/A

HE
Sill 2.7 1.4 1.2 1.5 2.1 N/A N/A N/A
Range [km] 79.9 40.7 80.0 79.8 79.4 N/A N/A N/A

I-C4
Sill 1.1 1.3 1.1 N/A N/A N/A N/A N/A
Range [km] 35.3 46.2 33.2 N/A N/A N/A N/A N/A

I-C5
Sill 1.0 2.0 1.0 N/A N/A N/A N/A N/A
Range [km] 21.3 52.2 32.3 N/A N/A N/A N/A N/A

N-C4
Sill 0.7 1.7 1.5 N/A N/A N/A N/A N/A
Range [km] 13.0 80.0 79.0 N/A N/A N/A N/A N/A

N-C5
Sill 1.0 1.8 1.5 N/A N/A N/A N/A N/A
Range [km] 17.8 70.2 52.8 N/A N/A N/A N/A N/A

N2
Sill 1.2 2.1 1.0 2.2 2.4 N/A N/A N/A
Range [km] 0.2 28.6 80.0 79.8 79.4 N/A N/A N/A

O2
Sill N/A N/A 3.5 N/A N/A N/A N/A N/A
Range [km] N/A N/A 0.0 N/A N/A N/A N/A N/A

Table S4: Variogram parameters (Sill [sq. mol %] and Range [km]) per component and basin
[USGS data, Part 3/3]
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Component Metric Las Animas Arch Paradox Green River Arkoma San Joaquin Powder River East Texas Williston

C1
Sill 21.7 10.2 0.9 0.6 1.2 1.1 1.1 0.6
Range [km] 66.5 23.8 80.0 80.0 33.3 40.6 80.0 58.0

CO2
Sill 21.7 10.2 0.6 0.9 1.0 1.2 1.0 0.5
Range [km] 66.5 23.9 55.7 76.7 30.9 49.1 51.9 44.8

Table S5: Variogram parameters (Sill [sq. mol %] and Range [km]) per component and basin
[GHGRP Production data, Part 1/3]

Component Metric Fort Worth Syncline Wind River Gulf Coast (LA, TX) San Juan Palo Duro Appalachian (Eastern Overthrust Area) Chautauqua Platform Appalachian

C1
Sill 1.3 2.0 0.6 1.1 1.7 0.7 1.0 1.0
Range [km] 80.0 80.0 66.0 80.0 61.2 80.0 80.0 80.0

CO2
Sill 1.6 3.0 0.7 1.0 7.6 0.7 1.2 0.9
Range [km] 80.0 80.0 55.3 80.0 37.5 58.2 0.4 52.5

Table S6: Variogram parameters (Sill [sq. mol %] and Range [km]) per component and basin
[GHGRP Production data, Part 2/3]

Component Metric Permian Uinta Denver Anadarko South Oklahoma Folded Belt Piceance Arkla Bend Arch

C1
Sill 0.7 1.4 0.9 0.7 1.1 1.2 1.0 N/A
Range [km] 45.8 80.0 44.8 54.6 58.2 80.0 80.0 N/A

CO2
Sill 0.9 1.0 0.8 0.6 1.2 1.3 1.0 N/A
Range [km] 54.6 70.0 80.0 71.2 46.0 80.0 80.0 N/A

Table S7: Variogram parameters (Sill [sq. mol %] and Range [km]) per component and basin
[GHGRP Production data, Part 3/3]
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