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High-resolution national mapping of natural
gas composition substantially updates
methane leakage impacts

Methane is emitted from oil and gas operations alongside heavier hydro-
carbons and non-hydrocarbon gases, shaping emissions management deci-
sion-making, including air quality impacts. Yet,most assessments assumefixed
gas composition, overlooking significant spatial and temporal variations.Here,
we generate a high-resolution, data-driven map of natural gas composition
across the United States, reconstructing methane, heavier hydrocarbons, and
non-hydrocarbon species using spatio-temporal interpolation and oil-and-gas
production patterns. Our approach is able to reduce composition prediction
errors by 39% in terms of Mean Absolute Error (MAE) compared to standard
techniques and reveals that methane loss rates have been underestimated by
more than 50% in some regions. Beyond methane, we uncover substantial
variability in co-emitted gases, exposing blind spots in current emissions
inventories and emissions management frameworks. Our work enables more
accurate emissions assessments, guides targetedmeasurement strategies, and
informs emissions management decision-making. It also provides a general
framework for prediction in environmental applications that integrate sparse
measurements with auxiliary variables.

Methane is a potent greenhouse gas, with a global warming potential
(GWP) over a 100-year period that is 28–36 times that of carbon
dioxide (CO2)

1. Consequently, methane emissions from oil and gas
operations have been extensively studied due to their large contribu-
tion to anthropogenic climate forcing2–5. According to theWorld Bank,
emissions from venting, leakage, and flaring in the oil and gas sector
account for roughly 25% of global anthropogenic methane emissions6.

While methane is the primary component of natural gas,
upstream gas streams often contain substantial quantities of heavier
hydrocarbons, such as ethane, propane, and butane, as well as non-
hydrocarbon constituents including CO2 and N2. These components
are progressively removed or transformed during processing and
transport, resulting in substantial variation in gas composition along

the supply chain. Emissions from oil and gas systems therefore release
not onlymethane, but also co-emitted species with distinct climate, air
quality, and health impacts. For instance, heavier hydrocarbons con-
tribute to radiative forcing and tropospheric ozone formation, while
non-methane volatile organic compounds (NMVOCs) are associated
with adverse health outcomes.

The produced gas refers here to the gas obtained immediately
after separation from liquid. Its composition is a key quantity that was
shown to correlate with the composition of emissions and flash
emissions factors7 and is involved in the computation of the
production-normalizedmethane loss rate (ρ), a widely usedmetric for
emissions intensity. This rate is typically defined as the mass of
methane emitted (m) divided by the estimated mass of methane
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produced, approximated as the product of the mass of metered pro-
duced gas production (p) andmethanemass fraction in the gas (x), i.e.,
ρ =m/(px). Because ρ is inversely proportional to x, if x is over-
estimated by a factor of two, ρ is underestimated by half.

While this composition varies substantially across regions, within
basins, and over time, many studies rely on simplified assumptions,
such as a fixed national methane fraction (e.g., x = 90% in ref. 5) or
single representative values per basin4. Methane contents reported in
the literature range from as low as 47% in the Bakken8 to 97% in the
Fayetteville Shale9, highlighting the limitations of uniform assump-
tions. Even recent basin-level improvements9 fail to capture intrabasin
variability and temporal dynamics.

Given this variability, assessing the climate and health impacts of
emissions requires produced gas composition data that are both
spatially localized and densely sampled in space and time. Localized
data enable evaluation of air quality impacts at specific sites or regions
directly affected by emissions. Dense spatial sampling ensures that
high-production areas, which disproportionately influence regional or
national emissions estimates, are adequately represented. Temporal
resolution is similarly essential for tracking changes due to reservoir
depletion, operational shifts, or infrastructure development.

Several datasets, somepublicly available, offer partial information
on gas composition but remain sparse and incomplete. The United
States Geological Survey (USGS) has compiled a dataset of 17,661 gas
well samples collected between 1918 and 201410. The U.S. EPA’s
Greenhouse Gas Reporting Program (GHGRP) aggregates methane
content data by county and facility11, and state-level databases, such as
those maintained by the Texas Railroad Commission12, provide addi-
tional information. However, these datasets are fragmented and
inconsistent in space and time, limiting their utility for national-scale
compositional mapping.

Interpolation techniques, such as kriging, leverage the spatial
continuity of the geochemical composition of extracted natural gas,
which is influenced by reservoir characteristics and hydrocarbon
source materials13. For example, Barkley et al.9 applied kriging to
interpolate methane fractions from the USGS database, generating a
map at a resolution of 0.25 degrees latitude by 0.25 degrees longitude
(~28 km by 28 km). While spatial correlations were effectively utilized,
this analysisprimarily served as aprior for inferringmethaneemissions
from ethane measurements and did not evaluate the impact of
methane fraction on the production-normalized loss rate ρ or account
for associated uncertainties. Furthermore, temporal variations and
secondary informative variables, such as the gas-to-oil ratio (GOR)—an
operational parameter shown to help inform estimates of produced
gas composition7—were not incorporated.

Here, we introduce a method to estimate spatial and temporal
variations in produced gas composition across the US by combining
spatio-temporal kriging with a non-linear model taking gas and oil
productions as inputs. By applying our method to publicly available
datasets, we generate maps of produced gas composition at a 2-by-
2 km spatial resolution and 5-year temporal intervals. We make the
assumption that the produced gas, immediately after gas-liquid
separation, is equivalent to the gas compositions reported in the

available datasets (e.g., USGS, GHGRP). With our current data sources,
we cannot quantify potential discrepancies between the trueproduced
gas composition and the reported values, such as those arising from
changes in reservoir temperature and pressure over time relative to
initial sampling. We validate our method using rigorous train/test
splits and compare our results to simpler interpolation methods and
ablated versions of this work (see Supplementary Section 4.1). Using
our framework, wedemonstrate that production-normalized loss rates
have likely been underestimated in previous studies by 7–54%.
Importantly, this study provides a systematic reconciliation of the
disparate datasets to which ourmethod is applied. Our results provide
a basis for analyzing the environmental impact of higher hydrocarbons
emitted alongside methane, as well as the human health implications
of other co-emitted components, andmotivate new samplings. Finally,
as ourmethod includes uncertainty estimates, it can be used to design
measurement processes that maximize information gain.

Results
Available data on the produced gas composition
The datasets used as inputs for this work are described in Table 1
and below.

At the national level in the United States, themost comprehensive
publicly available produced gas composition databases are: (1) a
database released by the USGS in 202110, and (2) gas production and
gas processing data reported to the GHGRP between 2015 and 202111.
GHGRP data have the advantage of being updated yearly under the
required reporting from operators.

The USGS database aggregates analyses of 17,661 gas well
samples performed by the Bureau of Land Management’s Federal
Helium Program, the Bureau of Mines, and the USGS from 1918 to
201410. The gas samples were characterized employing chromato-
graphic or mass spectrometric techniques. The dataset records
molar percentages of various gases, including multiple hydro-
carbons, helium, carbon dioxide, hydrogen, and nitrogen. The gas
composition is accompanied by detailed information such as the
well’s American Petroleum Institute (API) number, geographic
coordinates, and collection dates.

Under GHGRP’s Subpart W, facilities emitting over 25,000 metric
tons of carbon dioxide equivalent annually must report not only their
greenhouse gas emissions but also specific operational data. This
includes methane and carbon dioxide molar fractions in natural gas at
both the production and processing stages. Data from 750 onshore
production facilities and 599 processing facilities covering 2015 to
2021 are available at the county and facility levels.Weconducted a spot
check on three processing facilities by comparing GHGRP-reported
data to proprietary operational data, finding close agreement; see
Supplementary Section S2.1 for details. For production operations, a
“facility” as defined by GHGRP is all wells owned by a given operator in
a particular county, grouped into one large aggregate facility. As a
result, a single “facility” can contain hundreds of wells. Data linking
individual wells to GHGRP facilities is available,14 making it possible to
estimate methane and carbon dioxide fractions at the well level for
those wells linked to reporting production facilities.

Table 1 | Description of the datasets and how they are analyzed

Data source Temporal range Components Database size Continuous output Weighting variable

United States Geological Sur-
vey (USGS)

1918–2014 C1, C2, C3, N-C4, I-C4, N-C5, I-C5, C6+, He,
CO2, H2, N2, H2S, Ar, O2

17,661 samples ✓ Gas production
volume

GHGRP (production facilities) 2015–2021 C1, CO2 750 facilities ✓ Gas production
volume

GHGRP (processing facilities) 2015–2021 C1, CO2 599 facilities ✗ Plant gas flow

The “Continuous output" column indicateswhether spatial interpolation is applied. The components predictedby the non-linearmodel are underlined.GreenhouseGas ReportingProgram (GHGRP)
data reported by processing facilities are not interpolated, as they represent facility-level measurements without geographic correlation.
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These two datasets have somewhat different characteristics.
GHGRP data are more recent and reported more consistently. USGS
data, on the other hand, are reported for each well individually, and
therefore have somewhat higher spatial resolution, given that GHGRP
data are reported for all wells in a county. Therefore, thesedatasets can
be considered as complementary.

Additionally, oil and gas production data were extracted from
Enverus DrillingInfo15, available at the well level, dating back to 1916.
These data were aligned with the gas composition data (see
Section 4.1).

Spatio-temporal prediction of produced gas composition
Given these local measurements, we developed a method based on
kriging to interpolate the composition of natural gas across onshore
regions of theUnited States and reveal intra- and inter-basin variations.
In particular, our method can be applied to estimate the produced gas
composition at production sites, allowing the refinement of
production-normalized methane loss rates and CO2 equivalent emis-
sions. At production sites, we use gas and oil production as additional
variables, as the GOR (in scf bbl−1, based on reported production
volumes) correlates with light hydrocarbon fractions16.

Because this relationship between GOR and light hydrocarbon
fractions does not have to be linear, we use a non-linearmodelwith gas
and oil production as inputs to improve estimation accuracy (see
Supplementary Table S1 and Supplementary Fig. S3).

Produced gas composition estimates obtained from kriging and
from our non-linear model are combined using a weighted average,
minimizing errors on a held-out dataset. Lastly, we normalize our
predictions to ensure that component fractions sum to one. For
components with weak correlations with our auxiliary variables (all
components except C1 and C2), our method exclusively relies on kri-
ging. Importantly, our method provides uncertainty estimates at the
local level and confidence intervals at the aggregate level, facilitating
robust comparisons of estimates across data sources. Our method is
visually described in Fig. 1, and further methodological details are
provided in Section 4.2 and Supplementary Fig. S1.

To assess the added value of our kriging-based method as well as
the benefit of incorporating auxiliary variables, we compared our
method to a naive baseline (nearest-neighbor) and conducted an
ablation study removing the non-linear model, relying solely on kri-
ging. Using four-fold cross-validation (See Supplementary Sec-
tion S4.1), our method achieves a Mean Absolute Error (MAE) of
5.8mol% applied to USGS C1 data, representing a 15% reduction rela-
tive to ordinary kriging and 39% relative to nearest-neighbor. In data-
sparse regions, the improvement obtained using the auxiliary variable

reaches ~25% on USGS C1 data, 15% on GHGRP C1 data reported by
production facilities, and 4% on USGS C2 data (Supplementary
Fig. S10).

National US maps of produced gas composition
The results of our interpolation method for the period 2016–2021 are
shown in Fig. 2. When applying our method to USGS and GHGRP data
reported by production facilities, we show the estimated means and
standard deviations of the methane fraction in regions where pro-
duction data are available. The basin-level aggregates are then com-
puted as a production-weighted mean, and the standard error (SE) of
the new estimate can be derived from the local standard deviations.
Basin borders are defined according to the American Association of
Petroleum Geologists (AAPG) geologic provinces17. For GHGRP pro-
cessing facilities, the map displays the already-available facility-level
methane fractions in the input gas. Final estimates are computed as
plant-flow-weighted averages by basin. Because processing plants
receive gas from multiple production sites, this processing-site-
oriented map presents a different perspective on methane distribu-
tion than the maps that show estimates at specific locations.

Due to the sparse and temporally-scattered nature of USGS data,
our estimates using USGS data generally exhibit higher standard
deviations, except in regions where initial samples are available. Our
estimates usingGHGRP production facility data exhibit lower standard
deviations, likely due to the dataset’s higher density and more recent
coverage. Additionally, each GHGRP datapoint represents an average
across multiple wells within a county for a given operator—potentially
aggregating data from hundreds of wells. This averaging inherently
reduces variability. Our approach assigns facility-wide average
methane and CO2 fractions to wells (see Section 4.1); we note that
incorporating uncertainties in this assignment could increase the
standard deviation estimates of the GHGRP-based analysis.

Additional zoomed-in maps of our estimates for all gas compo-
nents from USGS data for the Anadarko Basin over the same time
period areprovided in Supplementary Fig. S14, and zoomed-inmapsof
methane fraction estimates from GHGRP production facility data in 13
major basins are shown in Supplementary Fig. S16.

Basin-level produced gas composition estimates
In order to estimate the molar fraction of a component in the gas
produced across an entire basin, we computed a weighted spatial
average of the molar fraction estimated by our method across pro-
duction sites. The weights in this average were given by the gas pro-
duction volumes at each production site. Based on USGS and GHGRP
data reported by production facilities, we applied this method to

Fig. 1 | Schematic overviewofour spatio-temporal interpolation framework for
estimating natural gas component fractions. Produced gas composition esti-
mates are derived by integrating production data with available measurements,
combining neural network outputs and kriging interpolation. The resulting

spatially resolved produced gas compositionmaps informmethane loss estimates,
greenhouse gas impacts, and air quality assessments. O& G refers to oil and gas
operations. FiguremadeusingMatplotlib (see SupplementarySectionS6 for details
and references on all software tools used in this study).

Article

Nature Communications |        (2025) 16:11297 3



determine basin-level averages of C1 and CO2 fractions in different
basins. For GHGRP data reported by processing facilities, we com-
puted a weighted average of all reported fractions, with processing
plant flows as weights.

To quantify uncertainty in these basin-level estimates, for meth-
ods relying on spatio-temporal interpolation, we simulated multiple
plausible distributions of produced gas composition that account for
spatio-temporal dependencies. This ensures that confidence intervals
for basin-level values account for both local uncertainties and their
aggregation. For GHGRP data reported by processing facilities, where
individual uncertainties are not available, we used a resampling
method. See Section 4.4 for more details on how uncertainties are
computed. These confidence intervals allow for consistent compar-
isons between basins and data sources.

Results of these basin-level estimates and their uncertainties for
the period 2016–2021 are presented in Fig. 3. Additionally, as illus-
trative examples, temporal trends in methane fraction estimates for
the Permian and Uinta basins, derived from USGS data, are presented
in Supplementary Fig. S15.

The methane fractions reported by GHGRP processing facilities
are, inmany cases, higher than those fromproduction facilities (e.g., in
the Denver, East Texas, Gulf Coast, Powder River, San Joaquin, Uinta,
and Williston basins), suggesting the influence of processing steps or
heavier hydrocarbon condensation, either ofwhichwould alter the gas
composition before it is delivered. Notably, almost all estimates pre-
sented here have mean values below the 90% assumed in refs. 4,5,
except for those from GHGRP processing facilities in the Uinta Basin.
Themethane fractions in the San Joaquin Basin are significantly lower,

Fig. 2 | Interpolated methane (C1) molar fraction from different input data
sources. a United States Geological Survey (USGS), b Greenhouse Gas Reporting
Program (GHGRP) production facilities, and c GHGRP processing facilities. The
maps represent estimated average produced gas composition for the 2016–2021
period (see Section 4.3 for details on temporal selection). The left column shows
thenational-scale spatial distributionof predictedC1 fractions across all basins. The
right panels provide a zoomed-in view of the Anadarko Basin, showing C1 estimates
(blue-green colormap), associated standard deviations (dark blue/gray colormap),

and the weighting variable used in the interpolation (brownish colormap). Basin-
level aggregates are computed as weighted averages, visually synthesizing infor-
mation from these threemaps. ForGHGRPprocessing facilities (c), raw facility-level
data from2015 to 2021 are shown insteadof interpolated values. Figuremadeusing
Matplotlib, Seaborn, GeoPandas and Shapely, with shapefiles from ref. 23 (see
Supplementary Section S6 for details and references on all software tools used in
this study).
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which is consistent with previously reported highmethane loss rates in
this area. Estimates for the Williston Basin exceed the values reported
in ref. 8, although they fall within the uncertainty bounds. Importantly,
the overlap of 95% confidence intervals between methane and CO2

fractions in USGS and GHGRP data reported by production facilities
indicates statistical consistency. This means that these datasets can be
meaningfully integrated to obtain a complete representation of pro-
duced gas composition. This is particularly valuable because GHGRP
data are updated annually, while USGS data capture the full range of
gas components.

Integrated estimates of full produced gas composition
To obtain a unified basin-level produced gas composition by com-
bining available datasets, we relied on our basin-level estimates for
each component and each basin based on USGS data, except for
methane and carbon dioxide, for which we relied on our estimates
from GHGRP data reported by production facilities, which have more
complete data. We then summed and normalized the remaining
component fractions so that all components add to 100%, keeping the
methane and carbon dioxide values unchanged. Results are summar-
ized in Table 2. We plan to release a national unified gridded spatial
produced gas composition map constructed using the same combi-
nation logic (see Section 4.3).

The results reveal substantial regional variation in methane frac-
tions, ranging from <60% in the Williston and San Joaquin basins to
more than 90% in the Arkla basin. Beyond methane, minor gas com-
ponents further differentiate regional compositions. Carbon dioxide
(CO2) fractions are particularly elevated in the San Joaquin Basin
(8.94%) and San Juan Basin (4.24%), while they remain below 1% in the
Appalachian andAnadarko basins. Nitrogen content also varies widely,
with the Williston Basin reaching 10.89% and Anadarko at 7.94%,
compared to under 1.5% in Arkla and East Texas. H2S levels range from

negligible in basins such as the Appalachian and San Joaquin basins, to
6.19% in the Williston and 5.99% in East Texas. These compositional
differences reflect distinct geochemical signatures across basins.

We also computed the average produced gas composition across
the United States. On average, methane (C1) constitutes 80.42%
(±7.36%) of the gas mixture. Other major components include ethane
(C2, 8.58% ± 3.28%), propane (C3, 3.64% ± 2.16%), nitrogen (N2,
3.25%± 2.94%), and carbon dioxide (CO2, 1.99% ± 1.42%). All other
components, including hydrogen, hydrogen sulfide, and heavier
hydrocarbons (C4+), occur at concentrations below 1%.

While these values allow us to report a U.S. average produced gas
composition, it is important to note that individual basins can differ
substantially from this national average. For example, methane con-
tent ranges from over 93% in the Arkla Basin to under 60% in the
Williston and San Joaquin basins.

Updates on recent methane loss rate estimates
To evaluate the impact of our updated produced gas composition
estimates, we examined how basin-specific methane fractions alter
inferred production-normalized methane loss rates compared to the
conventional assumption of a fixed methane fraction. Specifically, we
updated the methane loss rates reported by Sherwin et al.5 by repla-
cing their fixed 90% methane molar fraction with our basin-specific
methane compositions. The methane loss rate ρ is defined as ρ= m

p× x
where m is the emitted methane mass, p is the total mass of metered
produced gas, and x is themethanemass fraction in the produced gas.
We use the same emissions and production datasets as in ref. 5; the
only difference is that we substitute their fixed methane fraction with
our basin-specific methane mass fractions. These mass fractions are
computed by converting our estimated molar compositions of pro-
duced gas to a mass basis using molecular weights (see Section 4.5).
Because our composition estimates represent the produced gas

Fig. 3 | Basin-level aggregatedmethane (C1) and carbon dioxide (CO2) fractions
for the 2016–2021 period. a Weighted average CO2 (left) and C1 (right) molar
fractions acrossmultiple basins, comparing data from the United States Geological
Survey (USGS), Greenhouse Gas Reporting Program (GHGRP) production facilities,
and GHGRP processing facilities. Error bars represent 95% confidence intervals (2
standard errors, computed as described in Section 4.4). The number of input data
points (all years considered, for each basin) used to derive the reported average is

displayed in gray above the bars. The dashed line in the C1 plot represents the
default 90 mol% assumption for C1 made in refs. 4,5. The label “Appalachian Basin
(EOA)” refers to the AAPG Appalachian Basin (Eastern Overthrust Area). Note that
the y axis scales differ between the CO2 and C1 plots; this should be considered
when visually comparing values across the two panels. b Weighted cumulative
distribution functions (CDFs) of C1 molar fractions for three selected basins: Ana-
darko, Permian, and Williston.
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immediately after separation, they provide an accurate basis for esti-
mating methane content in metered production.

As shown in Fig. 4, incorporating basin-specific compositions can
substantially alter inferred methane loss rates, particularly in regions
where actual methane fractions differ significantly from 90%. In the
Permian, the revised methane loss rate is 26% [23%, 28%] higher than
the previous estimate, while in the San Joaquin Basin, the adjustment
leads to a 54% [40%, 67%] increase. While most basins show increased
loss rates due to methane fractions below 90%, the adjustment can
also reduce loss estimates in cases where actual methane content
exceeds 90%, as in the Arkla Basin.

Discussion
In this paper, we fill a critical gap in assessing the environmental,
human health, and economic impacts of emissions along the natural
gas supply chain, all of which depend on the composition of the pro-
duced gas, including methane and other co-emitted species. We
introduce an interpolation method that combines spatio-temporal
kriging with a non-linear model incorporating gas and oil production
data to provide detailed estimates of produced gas composition
across the continental United States. The result is a granular, data-
driven, national time series of onshore natural gas composition,
including methane, heavier hydrocarbons, and non-hydrocarbon
species.

We show that our interpolation and production-weighted aver-
aging, leveraging three different data sources (USGS, GHGRP pro-
duction, GHGRP processing), lead to consistent estimates when
applied to the three data sources. In particular, this highlights the value
of gas composition reporting to the GHGRP for both production and
gas processing.

Combining our updated per-basin produced gas composition
estimates with methane emissions measurement data reveals that
production-normalized loss rates ρ are likely underestimated in most
basins, with a relative increase ranging from 7% to 54%.

Our findings, therefore, emphasize the need for incorporating
high-quality gas composition data when computing methane loss
estimates from oil and gas operations.

Importantly, our method estimates the composition of produced
natural gas, not that of emissions along the oil and gas supply chain.
Becauseproducedgas is alteredduringprocessing, emissions from the
gas phase can have compositions that vary by processing stage, and
because additional emissions arise from processes such as flash eva-
poration from the liquid phase, emission composition can differ sub-
stantially from that of produced gas (see 4.5). To bridge the gap
between the composition of produced gas and that of the emissions,
these processes and associated phase changes need to be modeled.
This constitutes an interesting and rich avenue for future work.

In this study, we found substantial variability in the non-methane
composition of produced gas, both across andwithin basins. Although
not quantified in this paper, these variations are likely to impact the
composition of emitted natural gas, with important implications for
climate and air quality. NMVOCs are recognized pollutants by agencies
such as the US Environmental Protection Agency (EPA) due to their
adversehealth effects, including respiratory irritationandneurological
damage11. NMVOCs also act as precursors to ozone, extend methane’s
atmospheric lifetime, and ultimately oxidize to CO2. Themagnitude of
these effects on climate is an active area of research, with multiple
studies employing atmospheric modeling to quantify their impact18–20,
and the IPCC recommends accounting for NMVOC oxidation to CO2 in
total carbon emissions from fugitive sources21. Furthermore, current
greenhouse gas reporting frameworks, such as the Greenhouse Gas
Inventory (GHGI) and the GHGRP, primarily account only for methane
and, in some cases, CO2, in CO2-equivalent emissions. Our estimates of
producedgas composition, therefore, offer a foundation forextending
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emissions assessments to include non-methane species, accounting
for their variable abundance and associated impacts.

Because of the heterogeneous nature of the publicly available data
on gas composition, our work made different simplifying assumptions
depending on the data source. Although USGS wellstream data may
theoretically be the most relevant for geospatial interpolation analysis,
in practice, not all sampled wells necessarily contribute to marketed
natural gas. To address this, we assessed the impact of filtering based on
non-hydrocarbon fractions (see Section S7) and found a ≈2 mol% rela-
tive difference between the unfiltered data and the most restrictive fil-
tering approach. For GHGRP data reported by production facilities,
differences between produced and wellstream gas composition due to
separation are not accounted for, potentially limiting the validity of
kriging, which assumes geological continuity.

Regarding our spatio-temporal interpolation method, while we
focused here on the surface variations of gas composition, integrating
depth as an auxiliary variable or an additional dimension would be an
interesting extension of this work. Additionally, other well character-
istics could be incorporated into our non-linearmodel to further refine
the estimates. Accounting for measurement uncertainties could also
improve robustness and is inherently compatible with the kriging
framework.

Finally, since our method is partly based on kriging, it provides
local estimates of uncertainty (with a higher uncertainty further from
measurements). This property allows for targeted improvements in
data collection: optimizing future measurement campaigns by prior-
itizing sampling in regions with both high uncertainty and high gas
production could maximize information gain under physical and
financial constraints. Developing such applications, drawing from
Bayesian optimization frameworks, is a promising direction for future
research. Newmeasurement campaigns would provide additional and
more recent data, helping to improve our estimates.

By capturing variability in produced gas composition, our
approach improves methane loss estimates and reveals the broader
climate and health relevance of non-methane constituents. It pro-
vides a foundation for more accurate inventories and targeted
measurements.

Methods
Data pre-processing
Shapefiles for states and counties in the US were acquired from the US
Census bureau22, and geologic basin boundaries used by EPA’s GHGRP
were acquired from the US EPA23. The coordinate reference system
(CRS) was transformed to “EPSG:26914" (Projected coordinate system
for North America).

We used Enverus DrillingInfo15 to retrieve well-level monthly oil
and gas productiondata in theUS (1916–2023). Inmost states,weused
well-level production data directly. However, there were states where
productionwas reported only at the lease level (Kansas andMichigan).
In these cases, we used the representative well by lease. A detailed
description of the different reporting levels and resolution of dis-
crepancies is provided in Supplementary Section S1.1. The Production
values were then summed by year, and only the American Petroleum
Institute (API14) well number, latitude, longitude, gas production, oil
production, and production year data columns were retained. Data
were converted into geometry points using latitude and longitude
values, and the CRS was transformed to “EPSG:26914" (Projected
coordinate system for North America). The well production was then
spatially joined with the basins to assign the basin names to each well.
In Enverus data, oil volumes are reported in barrels (bbl), with one bbl
equal to 42 U.S. gallons or approximately 0.159 cubic meters. Natural
gas volumes are reported in standard cubic feet (scf), measured at
60°F and 14.73 psi as defined by the AmericanGasAssociation (AGA)24.

The US Geological Survey (USGS) data were sourced from a CSV
file from ref. 10 and processed to remove entries withmissing latitude,
longitude, or sampling date values. Invalid dates (e.g., the month or
day being zero) were manually corrected (removing them when not
clear, or e.g., replacing 0 by 1). Geometry points in “EPSG:26914" were
created and spatially joined with county shapefiles. Null API14 values
were removed, and the filtered data was merged with well production
data based on API14 and year. The GORs (scf bbl−1) were calculated as
the ratio of reported gas production (in standard cubic feet) to oil
production (in barrels).

Data from GHGRP in Subpart W were retrieved from the Query
Builder14 and filtered to include only onshore petroleum and natural gas

Fig. 4 | Updates of production-normalized methane loss. Methane loss (%) by
region and time period, comparing estimates based on a fixed 90% C1 assumption
from ref. 5 with our composition-adjusted values, which use our average produced
gas composition estimates for the period 2016–2021 by basins. The 2018–2020

Insight M campaign in the Permian was conducted only in New Mexico; for con-
sistency, we apply our Permian-wide average estimate. CM denotes Carbon Map-
per. DJ denotes the Denver-Julesburg basin, for which we apply our Denver basin
estimate.
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production facilities. Facilitieswhere themethanemole fractionwas zero
or lower than the carbon dioxide mole fraction were removed as likely
enhanced oil recovery wells or CO2 production operations. Well-to-
facilitydata (files namedEF_W_ONSHORE_WELLS)were sourced fromthe
GHGRP Query Builder for the years 2016 to 2023. The column WELL_-
ID_NUMBER contained a variety of formats that needed standardization.
A custom function was implemented to convert these values to stan-
dardized API14 numbers using county and state numeric codes and the
API14 number definition25. The county number and state abbreviations
were extracted from the SUB_BASIN field, and state abbreviations were
mapped to their respective numeric codes. A well-to-facility was then
created, associatingeachwell API14number to the corresponding facility
ID. Enverus well production data from 2015 to 2022 were merged with
GHGRPdatabasedon facility IDusingourwell-to-facility dictionary, year,
and sub-basin identifier, and further spatially joined with basin data. The
GORs (scf bbl−1) were calculated as the ratio of reported gas production
(in standard cubic feet) to oil production (in barrels).

Subpart W GHGRP data for processing facilities was retrieved
from the Query Builder14 and filtered to include only onshore natural
gas processing facilities. Latitude and longitude coordinates of the
plants were obtained from the Query Builder26 and merged with Sub-
part W data based on facility ID. Facilities where the methane mole
fraction was zero or less than the carbon dioxide mole fraction were
removed. Processing capacity and plant flow data were taken from the
US Energy Information Administration (EIA) Natural Gas Processing
Plants dataset27, whichwas saved as a structured table containing plant
capacity (MMcfd) and flow rates. These data were matched to GHGRP
facilities using a nearest-neighbor approach based on spatial proxi-
mity. Facilities related to CO2 recovery were excluded. The clean
dataset was then spatially joined with counties and basins.

Prediction of gas composition
In this study, gas composition is predicted on a spatio-temporal grid
for each basin and each database, including USGS data and data
reported by production facilities to the GHGRP. The USGS gas com-
position data contain 15 gas component fractions (including 'C6+’),
while the GHGRP (production) data include only methane and carbon
dioxide fractions. Gas and oil production data are used as secondary
variables to enhance predictions derived from spatio-temporal inter-
polation of known gas composition samples, effectively incorporating
the GOR in the modeling process.

For each basin and each database, two sets of predictions are
obtained: one from spatio-temporal kriging using known gas compo-
nent fractions as inputs, and another from a non-linear model using
gas and oil production volumes as inputs. These two sets are then
combined. A visual description of the method is available in Supple-
mentary Fig. S1.

The initial dataset is divided into training, validation, and testing
subsets (See 4.6). First, spatio-temporal kriging is applied to the
training set, while a non-linear model is trained on the same subset
using gas and oil production volumes as inputs. The outputs of the two
methods are then combined linearly, with inverse-variance weighting.
The uncertainty of the prediction coming from the non-linearmodel is
estimated by minimizing the MAE on a validation set (Section 4.2).
Second, the training and validation sets are merged, and the two
models (kriging and non-linear model) are re-optimized on the com-
bined data. Finally, themethod is evaluated on the held-out testing set.

We first recall the theoretical basis of ordinary kriging.
Ordinary kriging is a linear interpolation technique that provides

unbiased estimates of minimal variance at unsampled points. In this
study, we use spatio-temporal ordinary kriging to estimate gas com-
ponent fractions. At the core of the kriging method is a tool called the
“variogram”, which essentially characterizes how correlated a pair of
observations is, depending on their relative position. In dimension n,

the variogram γ(h) is defined as:

γðhÞ= 1
2
Var Z ðxÞ � Z ðx +hÞ� �

, ð1Þ

where h 2 Rn is the spatial lag vector, Z(x) is the value of the (sto-
chastic) process Z at location x 2 Rn. The variogram is estimated from
observed data on a discrete set of lag vectors and interpolated using a
mathematical model. Commonmodels include spherical, exponential,
and Gaussian models. In this work, we use an exponential model to
ensure positive definiteness. The obtained variogram is noted γ̂ðhÞ.

Following the classical assumptions of ordinary kriging, we con-
sider the stochastic process Z to be Gaussian, stationary (i.e., its sta-
tistical properties such as mean and variance are constant over the
spatio-temporal domain) and isotropic (i.e., the variogram only
depends on h, the norm of h).

Given these assumptions, the kriging prediction Ẑ ðxÞ is defined as
the “best” linear unbiased estimate of the true value at a location x,
meaning the linear and unbiased estimate with minimal variance.

We note the set of observed locations fxigi= 1, ...,n. Let λ = fλigi= 1, ...,n
be the kriging weights, i.e.,

Ẑ ðxÞ=
Xn
i = 1

λiZ ðxiÞ: ð2Þ

We can show thatminimizing the variance of Ẑ ðxÞ is equivalent to
solving the following linear system of equations:

8i 2 f1, . . . ,ng, γðxi,xÞ=μ+
Xn
j = 1

λj γðxi,xjÞ,

Xn
i = 1

λi = 1:

ð3Þ

which can be solved efficiently with a linear solver. μ 2 R is a Lagrange
multiplier coming from the unbiasedness constraint.

The kriging variance, which provides ameasure of the uncertainty
associated with the prediction, is then given by

σ2ðxÞ= γðx,xÞ �
Xn
i = 1

λiγðx,xiÞ � μ, ð4Þ

where σ2
K ðxÞ is the kriging variance at location x. This variance quan-

tifies the expected squared difference between the predicted and
actual values, taking into account the spatial correlation structure
described by the variogram.

We next describe our implementation of ordinary kriging.
In this work, we rely on the source code of the GStatSim package

from ref. 28. We modify the source code to extend its functionality
from two to three dimensions (two spatial and one temporal).

We construct a 3D spatio-temporal grid for each production
basin, with a 2 km× 2 km spatial resolution and 5-year temporal inter-
vals. The grid extent is defined by the spatial and temporal distribution
of oil and gas production data. Gas composition samples from USGS
and GHGRP are then aggregated onto this grid, and interpolation is
then performed at the grid-cell level.

To ensure that the quantities we interpolate follow Gaussian dis-
tributions, we apply a quantile transformer (with 500 quantiles) to the
gas component fractions within each basin prior to interpolation. This
transformation is monotonic while mapping the original data to a
nearly standard normal distribution. The effect of this transformation
is illustrated in Supplementary Fig. S6.

For each data source (USGS andGHGRPproduction), an empirical
variogram is computed separately for each gas component and each
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basin using the scikit-gstat29 library (as implemented in ref. 28).
The variogrammodel parameters (azimuth, nugget, range, and sill) are
extracted for each case. If the computation fails, default parameters
from stored average variograms are used (see Supplementary
Section S3.3).

We now define the spatio-temporal scaling required to perform
kriging.

To perform spatio-temporal kriging, we need to define a norm in
space-time. We use the Euclidean norm and scale space with an “ani-
sotropy factor” α. Given spatial coordinates (x1, y1) and (x2, y2), and
temporal coordinates t1 and t2, the spatio-temporal Euclidean distance
scaled with α is defined as:

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx2 � x1Þ2 + ðy2 � y1Þ2

q
α

0
@

1
A

2

+ ðt2 � t1Þ2

vuuuut ð5Þ

To determine the optimal anisotropy factor α*, we follow the
method described in ref. 30 (implemented in R). We first estimate the
temporal variogram γtby considering all pairs ofmeasuresmade at the
same location at different times. We linearly approximate this vario-
gram around Δt = 0. The coefficients of the linear approximation, β0
and β1, are obtained by solving a least-squares problem:

β0,β1 = argminb0, b1

X
i, j

ðb0 + b1 � jti � tjjÞ � γtðjti � tj jÞ
� �2

, ð6Þ

where the sum is taken over the pair of observationsmade at the same
spatial location. The optimal anisotropy factor α* is then defined as:

α* = argminα

X
i, j

β0 +β1 �
k xi � xj k

α

� �
� γsðk xi � xj kÞ

� �2

, ð7Þ

where the sum is taken over the pair of observationsmade at the same
time, and γs is the spatial variogram associated with these measures.

The data used to compute the optimal value of the α* are C1 molar
fraction from the USGS data, which are considered the most repre-
sentative as they aremorenumerous and are directlyderived fromwell
samples.

A value of α* = 6.3m/day is obtained.
The optimal anisotropy factor is determined by minimizing the

rootmean square error (RMSE) in the spatial variogramfit, as shown in
Supplementary Fig. S5. This value results in approximately isotropic
gas composition variations.

The impact of different α values is shown in Supplementary
Fig. S5,wheremethane fractiondifferences primarily followa temporal
trend when α = 1.0, indicating weak spatial dependence, while at
α = 40.0, the differences are dominated by spatial variation, with
minimal temporal correlation. We also show in Supplementary Fig. S4
the difference between the spatial variogram and its linear approx-
imation using α, for different α values.

Thenon-linearmodel used to complement the kriging estimates is
described below.

Our non-linear model uses gas and oil production volumes to
provide a second estimate of the component fractions. We implement
a multilayer perceptron (MLP) in PyTorch31. The input features to the
MLP include logarithmically-transformed gas and oil production
values, as well as the GOR. The model architecture consists of three
hidden layers, each containing 16 neurons, with ReLU activation
functions. We use a sigmoid activation function at the output layer.

The model is optimized using the Adam32 optimizer with a batch
size of 128, a learning rate of 10−4 for methane (C1) and 10−5 for ethane
(C2). The number of training epochs depends on the dataset, with 2000
epochs forUSGSdata and 100epochs forGHGRPdata. The loss function

minimized during training is the mean squared error (MSE). Additional
subsurface or operational variables, such as formation depth, could also
be incorporated when available. These may help capture geological
influences on gas composition and further refine local estimates.

We explain below how the two predictions are combined using
inverse-variance weighting.

The twopredictions (Ẑ from ordinary kriging, Ẑnn from the neural
network) are combined by inverse-variance weighting. The combined
prediction Ẑcombined is therefore given by

ẐcombinedðxÞ=
Ẑ ðxÞ=σ2ðxÞ+ ẐnnðxÞ=σ2

nn
1=σ2ðxÞ+ 1=σ2

nn
ð8Þ

The variance for the kriging estimate, σ2(x), is provided by Equa-
tion (4). The variance of the neural network estimate, σ2

nn , is esti-
matedbyminimizing theMAEon the validation set. The resulting value
of σnn provides information on the uncertainty associated with the
neural network predictions, with higher values indicating lower con-
fidence in neural network estimates relative to kriging predictions.

Unified gas composition dataset
To support estimation of recent methane leak impacts, we construct a
unified gas composition dataset representing the 2016–2021 period.
We collapse our 3D spatio-temporal prediction grid (two spatial
dimensions and one temporal dimension) into a 2D spatial grid by
selecting, for each location and gas component, the prediction from
the 5-year grid cell whose final year matches the most recent available
data—2014 for the USGS dataset, and 2021 for data reported by pro-
duction facility to the GHGRP. Methane and carbon dioxide fractions,
alongwith their associated SEs, are taken fromGHGRP results andused
to replace the corresponding values from USGS data. The remaining
component fractions are summed and normalized so that all compo-
nents add to 100%, keeping the C1 and CO2 values unchanged.
Uncertainties are propagated using SE propagation formulas.

The interpolated composition map corresponding to this time
period underlies the methane loss estimates and basin-wide averages
presented in Section 2. We will release this recommended dataset.

Basin aggregates and uncertainties
For each basin and data source, an aggregate value of each component
fraction is computed by calculating a weighted average within the
basin. The weighting variable for USGS and GHGRP production is the
gas production volumes. For GHGRP processing, it is the plant flow
obtained from ref. 27.

For USGS and GHGRP production data, uncertainties are esti-
mated using Monte Carlo sampling.

The aggregate prediction across a basin b can be expressed as

Ẑ b =
X
i

wiẐ ðxi, tiÞ ð9Þ

where the sum is taken over all known production sites in the basin b.
Since the predictions Ẑ ðxi, tiÞ are derived from kriging, they are spa-
tially and temporally correlated. Treating their variances as indepen-
dent would underestimate the uncertainty by neglecting the
covariance terms.

To accurately capture the spatio-temporal correlations in our
uncertainty estimation, we useMonte Carlo sampling, i.e., we simulate
multiple realizations from the Gaussian process. By construction,
these simulations incorporate the covariance structure. The variance
of the aggregate on the basin b is then given by:

Var ðẐ bÞ=
1

n� 1

Xn
i= 1

Ẑ
ðiÞ
b � �Zb

� �2
, where �Zb =

1
n

Xn
i = 1

Ẑ
ðiÞ
b : ð10Þ
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and the sum is taken over the n simulations. This approach provides an
unbiased estimate of the SE for the aggregate:

SE ðẐ bÞ=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var ðẐ bÞ

q
ffiffiffi
n

p ð11Þ

For GHGRP processing data, since we do not make use of the
kriging method, standard deviations for individual reported compo-
nent fractions are not available. The uncertainties of the aggregated
component fractions are estimated using the bootstrap method. This
method is a resampling technique that approximates the distribution
of an estimator by repeatedly sampling the data with replacement.

Theprocess for computing uncertainties using bootstrap involves
generating n bootstrap samples from the original dataset. We choose
n = 1000 to ensure a stable estimate of the SE. Each bootstrap sample is
created by randomly sampling with replacement Ẑ j from fẐ ig, where
each bootstrap sample has the same size as the original dataset. This
ensures that each resample reflects the full variability of the original
data. For each bootstrap sample, the weighted mean Ẑ

ðiÞ
b of the com-

ponent fraction for the basin is computed using the weights w:

Ẑ
ðiÞ
b =

X
j

wjẐ j : ð12Þ

The SE is then given by:

SE ðẐ bÞ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
nðn� 1Þ

Xn
i= 1

Ẑ
ðiÞ
b � �Zb

� �2vuut , where �Zb =
1
n

Xn
i= 1

Ẑ
ðiÞ
b : ð13Þ

Basin-level production-normalized methane loss rate
We compute a dimensionless metric, the production-normalized
methane loss rate ρ, to quantify how much of the methane extracted
from the ground is ultimately lost to the atmosphere through fugitive
emissions, venting, or incomplete flare combustion. Because direct
measurements of extracted methane mass are not available, the stan-
dard approach—used in prior studies such as Sherwin et al.5—relies on
two inputs: the volume of gas metered at the production site and
independent measurements of methane emissions. These studies typi-
cally lack information on the composition of the produced gas, which is
required to convert volumetric gas production intomethanemass. This
is the gap our analysis addresses. Fig. 5 shows where and how our
composition estimates are applied. We emphasize that our estimates of
produced gas composition are not suitable for estimating the full cli-
mate or air quality impacts of emissions: such assessments would
require modeling how gas composition evolves along the supply chain

Fig. 5 | Context for interpreting our estimates of natural gas composition and
their application to methane loss rate calculation. a Schematic of gas-phase
emission sources along the oil and gas supply chain, including venting, fugitives,
flash gas, and flaring. Combustion-relatedCO2 emissions from fully combusted fuel
are not included. We show the location in the supply chain (the separator outlet)
where our method estimates the produced gas composition. This estimate differs
from the composition of emitted gases (e.g., flash gas, fugitives) and from that of

processed gas transmitted to end users. b Definition and computation of the
production-normalized methane loss rate, based on the ratio of emitted C1 to
produced C1. The input quantities shown in (a) are expressed in different physical
bases: the produced gas flow rate is volumetric (scf/h), the gas composition is
estimated as amolar fraction, and the emittedmethane rate is inmass units (kg/h).
For the loss rate calculation shown in (b), all quantities are converted to a con-
sistent mass basis.
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and how thermodynamic processes (e.g., flashing from the liquid phase)
alter the composition of emission streams. These additional assump-
tions are outside the scope of our methane loss rate calculation.

For each basin studied in ref. 5, we compute the production-
normalized methane loss rate as the ratio of aggregate methane

emissions to themethane contained inproducedgas: ρ̂ = ÊC1
PC1

, where ÊC1

is the estimated aggregate methane emissions (kg h−1) and PC1 is the
methane production rate (kg h−1). Writing the methane share of total

produced gas on a molar basis gives PC1
Ptotal

= MC1 ẐC1P
i
Mi Ẑ i

, where Mi is the

molar mass of component i (kgmol−1) and Ẑ i its estimated molar
fraction. Substituting yields

ρ̂ =
ÊC1

Ptotal � MC1 ẐC1P
i
Mi Ẑ i

: ð14Þ

Note that MC1 �ẐC1P
i
Mi �Ẑ ið Þ is the mass fraction of C1, not its molar fraction.

The uncertainty in ρ̂, denoted as SEρ, is calculated by propagating
the uncertainties in ÊC1, ẐC1, and Ẑ i:

SEρ = ρ̂ �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
SEÊC1
ÊC1

 !2

+
SEẐC1

ẐC1

 !2

+
X

i

SEẐ i

Ẑ i

 !2
vuut : ð15Þ

Evaluation method
For each data source (USGS and GHGRP production), a disjoint pair of
validation and testing sets is constructed per basin. To define these
sets, we apply k-means clustering among the measurement locations,
with k = 4. Each centroid is then used to define a cluster of points. For
each centroid xk (k = 1,…, 4), we consider the set of points located, at
most, at a distance r of xk, where

r = κ × minðxrange, yrangeÞ: ð16Þ

xrange and yrange represent the spatial extent of the dataset, and κ is a
parameter set to 0.15. To maximize separation, we first choose a vali-
dation cluster and then select the farthest available cluster for testing.

This approach follows the standard machine learning practice of
block cross-validation, which reduces data leakage and provides a
more realistic evaluation of model generalization to unseen spatial
regions. Using cylindrical rather than fully spherical (3D ball) held-out
regions ensures that distances to the nearest training points retain a
meaningful physical interpretation. In particular, the spatial distance
to the closest training point can be directly used to assess extrapola-
tion performance, without introducing artificial distortions from
temporal scaling effects.

To evaluate our method, we calculate two performance metrics:
MAE and RMSE on the testing set. Thesemetrics are computed for both
our method and baseline approaches, including ordinary kriging only
and the nearest-neighbor algorithm. When comparing our method to
the ordinary kriging baseline, we evalute the improvement brought by
theprocessingof gas andoil data by thenon-linearmodel.Wedefine the
relative improvement by X�Y

Y , whereX is the error obtainedwith the non-
linear model and Y the error obtained without. We also evaluate the
uncertainty of our evaluation by reporting SEs.

Data availability
The processed datasets generated in this study have been deposited in
Zenodo under accession code33. The interactive online tool—Inter-
active U.S. map of produced gas composition—is publicly available at
ref. 34. Raw gas composition datasets used in this study were obtained
frompublicly available sources (USGS and EPAGHGRP) as described in

theMethods. The raw Enverus oil and gas production data used in this
study are available under restricted access due to commercial license
restrictions. Access can be obtained through a paid subscription from
Enverus, and equivalent well-level production data are also available
from state regulatory agencies.

Code availability
The code used to process raw datasets, perform geostatistical mod-
eling, and generate figures in this study has been deposited in Zenodo
under accession code35.
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