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Methane (CH,) isa potent greenhouse gas and its concentrations have tripled in the
atmosphere since the industrial revolution. There is evidence that global warming has
increased CH, emissions from freshwater ecosystems'?, providing positive feedback
to the global climate. Yet for rivers and streams, the controls and the magnitude of
CH, emissions remain highly uncertain®*. Here we report a spatially explicit global
estimate of CH, emissions from running waters, accounting for 27.9 (16.7-39.7)

Tg CH, per year and roughly equal in magnitude to those of other freshwater systems>®,
Riverine CH, emissions are not strongly temperature dependent, with low average
activation energy (E,, = 0.14 eV) compared with that of lakes and wetlands (E,,= 0.96 eV)".
By contrast, global patterns of emissions are characterized by large fluxes in high- and

low-latitude settings as well as in human-dominated environments. These patterns
are explained by edaphic and climate features that are linked to anoxiain and near
fluvial habitats, including a high supply of organic matter and water saturation in
hydrologically connected soils. Our results highlight the importance of land-water
connectionsin regulating CH, supply to running waters, which is vulnerable not
only to direct human modifications but also to several climate change responses

onland.

Freshwater ecosystems are responsible for nearly half of global CH,
emissions to the atmosphere*’. Yet, among freshwaters, the role of
rivers and streams in the global CH, cycle remains unclear although
currentbest estimates of global fluvial emissions®* are similar in magni-
tudeto otherimportant CH, sources suchasbiomass burningandrice
cultivation®. Fluvial ecosystems play key parts in connecting terrestrial,
marine and atmospheric carbon pools®, and are unique in their poten-
tial to produce CH, internally, while also receiving and emitting large
amounts of CH, generated externally in adjacent soils and wetlands®*°.
Thus, global CH, emissions from streams and rivers may be regulated
by multiple environmental factors that operate across land-water
boundaries. Resolving these controls should improve our predictions
of riverine CH, emissions and our broader understanding of how run-
ning waters process and deliver carbon to downstream ecosystemsin
response to climate warming and other global environmental changes.

Despite their potential as an important atmospheric source, cur-
rentsyntheses of riverine CH, emissions highlight extreme spatial and
temporal variability, with measured rates spanning seven orders of
magnitude**, as well as strong fine-scale controls over CH, dynamics'®™,
Thus, efforts to generate global estimates have been based onasimple
averaging of measured CH, emissions, which has resulted in massive
uncertainty®>*”?, unknown global patterns® and large discrepancies
between bottom-up inventories and top-down estimates*’. Further
complications arise fromthe fact that aquatic CH, emissions occur by

diffusionand by the even-more variable process of ebullition, in which
CH,-richbubbles are released from sediments. To address these uncer-
tainties and advance our understanding of CH, dynamics in running
waters, we leveraged a CH, database® (Global River Methane database
(GRiMeDB)) containing more than 24,000 observations of CH, con-
centration and more than 8,000 observations of CH, fluxes (Extended
DataFig.1) to model CH, concentrations globally using random forest
machine-learning models. From these models, we can explain a sub-
stantial fraction of the total variability in CH, concentrations (R* from
log-transformed modelled versus withheld observations of 0.45-0.68;
Extended Data Fig. 2) and produce a seasonally and spatially explicit
global estimate of CH, emissions fromrivers and streams. More impor-
tantly, using this database and model outputs, we are able to identify
the main drivers of CH, concentrations and fluxes from running waters
across the globe.

Global CH, patterns inrivers

Global patterns of CH, concentration inrivers and streams (Fig.1aand
Extended Data Fig. 3) highlight the influence of multiple factors that
regulate theinsitu production and/or supply from surrounding catch-
ments. The highest concentrations occur in tropical biomes, which
reflect elevated CH, reported in Southeast Asia", the Congo Basin®
and the floodplains of the Pantanal and Amazon rivers'®. However,
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Fig.1|Global patterns of CH,inrivers and streams. a,b, Modelled yearly
average CH, concentrations (a) and emissions (b) inriversand streams. Data
have beenaggregated in hexagonal bins, and the size of each hexagonisrescaled
withrunoff, tobetter visualize patternsin areas with high coverage of running
waters. Areas withrunoffgreater than1,500 mm per year have full-sized

concentrations are also relatively highin Arcticand boreal biomes, with
some of the highest global values reported from Fennoscandia, Alaska
in the USA and Eastern Siberia'. This seemingly counterintuitive pat-
tern—with elevated concentrations in both warm and cold regions—is
consistent with our understanding of CH, production and supply in
running waters®, which is maximized when large stores of soil organic
matter intersect with water-saturated environments to create anoxic
conditions. In the tropics, these conditions are supported by high rates
of terrestrial above-ground primary production, soil respiration and
precipitation, combined with strong connectivity to adjacent wetlands’.
Inour model, all of these variables emerge asimportant predictors for
CH, concentration from running waters (Fig. 2a). At high latitudes, CH,
productionisinstead fuelled by large soil organic carbon stocks, exten-
sive peatland cover and shallow groundwater tables—all variables that
were alsoimportantinthe model (Fig. 2a). Taken together, these results
show how multiple combinations of climate and edaphic features can
create the conditions for soil or sediment methanogenesis that shape
global patterns of riverine CH, concentrations and emissions.
Despite clear patterns in CH, concentrations at the global scale,
the mostimportant variables in our random forest models reflect the
physical template of the local landscape (Fig. 2a). Physical catchment
variables such as river slope, elevation and gas-transfer velocity all
have negative effects on modelled CH, concentrations. These effects
areexpected giventhat a higher slope and gas-transfer velocity favour

hexagons; hexagonsinareas with runoff of 500 mm per year have beenreduced
by 10%; and hexagons witha runoffless than 50 mm per year have been reduced
by 50%. The model could not be applied in Greenland and Antarctica, which are

shownindarkgrey.

gas exchange between the water and the atmosphere, preventing
the build-up of aquatic carbon gasses’®*. Elevation may similarly
capture the turbulent nature of mountain streams but also probably
signifies reduced catchment productivity or organic matter stocks
in high-elevation areas'®. The influence of these geomorphological
variables in shaping CH, concentrations in rivers further highlights
connections between fluvial ecosystems and anoxic environments
with a high potential to generate CH, (ref. 3), as well as the turbulent
nature of running waters that promotes emissions to the atmosphere.
Collectively, our results suggest a set of climatic and biological vari-
ables that regulate the production and availability of CH, in running
waters at global scales, with a second set of geomorphological and
physical variables that regulate concentrations at river-reach scales.
Importantly, individual studies highlight an even finer scale of spatial
and temporal variability than is considered here'®"?°, arising from
patchiness in groundwater inputs'®and in sediment properties”, from
fluctuationsinriver discharge?, and even diel variability in factors that
regulate the balance of CH, production, oxidation and flux?. These
local controls are not captured by our model, which is based on rela-
tively coarse spatial predictors applied to monthly aggregated CH,
concentrations. Such controls probably drive the substantial fraction
of unexplained variability in our model (Extended Data Figs. 2and 4),
indicating an unresolved discrepancy between global models and
reach-scale field studies.
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Fig.2|Maindrivers of CH, concentrations instreams.a, The 20 most
importantvariablesinthe random forest model. The x axis shows the median
importance across all monthly models (n=12), witherror lines representing
standard deviation (s.d.); note the square-root transformation of the x axis.
Thelineinside eachbaris the partial dependence, which represents the marginal
effect of agiven feature (xaxis) on predicted CH, concentrations (yaxis). These
linesare asimplification of amore detailed version (Supplementary Information).

Global patterns of diffusive CH, emissions were similar to the pat-
terns of concentrations (Fig. 1b), but upscaled fluxes are sensitive to
the water-air gas-transfer-rate corrections performed a posteriori,
particularly in mountain areas (Methods and Extended Data Fig. 5).
Regardless, owing to high CH, concentrations and extensive riverine
area, the tropics (10° S-10° N) account for the largest share of global
emissions (37%), with temporal patterns that reflect shifts between
wet and dry seasons (Fig. 3). However, Arctic and northern boreal
areas (latitude > 50° N), despite being ice-covered during a large part
of the year, contribute almost equally (17%) to the annual CH, emis-
sions astemperate and subtropicallatitudinal bands (15%) (30-50° N)
(Fig. 3). There is also marked seasonality at high latitudes because of
differences in open water-surface area and hydrological connectivity
between winter and summer (Extended Data Fig. 3), and because our
estimate assumes that ice or snow cover prevents riverine CH, emis-
sions (Extended Data Fig. 1). This assumption is probably conserva-
tive, as CH, concentrations build up under ice, leading to high rates
of evasionin places where channels are open or during ice break-up®.
Importantly, in these high-latitude landscapes, rapid climate change
has the potential to further increase riverine CH, emissions, given
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b, CH, concentrations of some site categories from GRiMeDB" were excluded
fromthe model asthey were not captured inthe hydrological model or were
targeted observations not representative of catchment properties (Methods).
Theunderlyingjittered points representall other observationsin GRiMeDB,
withthe dashedlinerepresenting the average. Each category is colour-coded,
withtheblackdotandalinerepresentingthe mean +s.d.

ongoing decreasesinriverice cover thatislengthening the open water
season**and a projected increase in precipitation® that could enhance
the flooded fraction of landscapes and flush CH, and other carbon
compounds downstream. Furthermore, the thawing of frozen soils
canresultin high CH, losses to streams®, which we detect in elevated
stream CH, concentrations observed below the thaw slumps (Fig. 2b).
Although northern biomes may be particularly vulnerable to such
climate changes, shifts towards drier or wetter conditions are likely
to alter the landscape-scale production and supply of CH, in riverine
systems in any regional setting. In any case, the latitudinal patternsin
emissions shown here highlight not only tropical streams and rivers
asimportant emitters of CH, to the atmosphere but also the potential
for northern ecosystems to have increasing contributions as a result
of global climate change.

Role of temperature and humans

Elevated CH, concentrations and emissions in both warm and cold
regions arein apparent disagreement with the universal temperature
dependence of CH, emissions observed among freshwater systems’.
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Aquatic methanogenesis is consistently and strongly regulated by
temperature, with high activation energies (£,,) observed in culture
(Ey=11eV) and sediment incubations (£, = 0.93 eV)}, including from
fluvialenvironments (E,, = 1.1 eV)?. Across aquatic ecosystems and wet-
lands, this temperature dependence can translate into quantitatively
similar thermal scaling for emissions to the atmosphere (E,,= 0.96 eV)".
Yet, the apparent temperature sensitivity of diffusive emissions from
global rivers is markedly lower than these values when considered
across the whole dataset (£, = 0.17 eV), inindividual sites (Fig. 4a) and
for ebullitionlosses (Extended Data Fig. 6). Synthesis of our site-specific
E, for rivers shows significantly lower values (median £y, = 0.14 eV;
interquartile range = -0.16 to 0.51) compared with lakes, wetlands and
rice paddies' (P< 0.001, Wilcoxon rank-sum test; Fig. 4b). We attribute
these low £y, estimates to the fundamentally open nature of running
waters, in which external inputs not only account for alarge fraction of
carbon gases evaded to the atmosphere® but also fuel aquatic metabolic
processes through terrestrial organic matter supply®. These strong
external sources and controls dampen strict thermal sensitivity of
emissions in running waters®, particularly when compared with lakes
and wetlands where metabolic processes are often more internally
regulated. Furthermore, the lack of a strong thermal influence could
reflect parallelincreasesin CH, oxidation as temperatures increases®,
as well as the potential for methanogens in groundwater to adapt to
thermal stability and thus be less responsive to temperature changes®.
Inany case, although temperature is among the important predictors
in our model and can be important in individual rivers®**%, it does not
operate as a first-order control over global patterns of emissions. In
fact, despite much focus on the temperature dependence of aquatic
methanogenesis'?, we suggest that the most important effects of
climate change for riverine CH, emissions will probably occur through
the indirect influences of warming and precipitation change on the

capacity of soils and wetlands to generate CH,, on the strength of
hydrological connections between these sources and river channels,
and ondirectloading of organic matter and nutrients that can enhance
near-channel and/or internal CH, production.

Besides climatic, biological and physical drivers, human population
density also positively influenced CH, concentrations in our model.
Humans affect multiple facets of fluvial ecosystems, many of which
have the potential to enhance CH, production and/or emissions. For
instance,impoundments can produce and exportlarge masses of CH,
downstream?’; agricultural areas are sources of fine sediments, organic
carbon and nutrients that promote internal CH, production?; and
polluted waters in urbanized areas are often hotspots of CH, produc-
tion*, Critically, we excluded observations from the most highly
modified systems from our models because these sites are not repre-
sented by the spatial predictors used (Methods). However, CH, concen-
trations were often elevated in streams directly affected by wastewater
treatment plants (point sources), inforest and agricultural ditches, in
urban canals and in rivers affected by natural gas extraction (Fig. 2b).
Itis also important to note that CH, emissions from reservoirs and
impoundments are not included in this study because they are usually
classified aslentic waters. Nonetheless, these habitats represent human
alterations of river networks and account for alarge share (about 10%)
of freshwater emissions*. Overall, these results indicate an increas-
ing role of human activities in enhancing riverine CH, emissions and
understanding and reducing such losses represents an opportunity
to mitigate climate change.

Global magnitude of riverine CH, emissions

Our estimate of annual diffusive CH, emissions to the atmosphere
accounts for 13.4 (10.1-16.8) Tg CH, per year (parenthetical values
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Fig.4|Temperature dependence of diffusive CH, emissions. a, The
relationship of water temperature with measured diffusive CH, emissionsin
GRiMeDB" coloured by latitude. The solid coloured lines are linear fits for sites
that have more than 20 observations and the black solid lineis the linear model
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represent the 10th-90th percentiles from Monte Carlo simulations).
However, in other freshwater systems, ebullitive CH, fluxes are often
the largest pathway for emissions>¢. The data compiled in GRiMeDB"
highlight the paucity of ebullitive measurements from running waters
and show a large range in flux rates (Extended Data Fig. 7). Literature
observations similarly show extreme spatial and temporal variability
in bubble-mediated CH, fluxes?, indicating that further measure-
ments of ebullitive emissions of CH, could support a more robust
global quantification (Supplementary Information). Regardless,
the dataset shows that diffusive and ebullitive fluxes in rivers are of
the same magnitude, with a median of 0.157 mmol m~ per day and
0.128 mmol m~ per day, respectively, are linearly related and close to
thel:1line (log-transformed data; Extended Data Fig. 7). This similarity
suggests that diffusive and ebullitive pathways share acommon source
orcommons et of drivers. Thus, using the linear model in Extended Data
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Fig.7 asaninitial estimate, we expect CH, emissions by ebullitionin riv-
erstoaccountfor14.5(6.6-22.9) Tg CH, per year tothe atmosphere, in
total contributing to about 27.9 (16.7-39.7) Tg CH, per year. This overall
annual estimate is at the higher end of previous estimates of riverine
CH, emissions that ranged from 1.5 Tg CH, per year to 31 Tg CH, per year
(refs. 3,4,7,12), and is similar in magnitude to lakes and reservoirs®®.
Our spatially and temporally explicit estimate of CH, emissions has
substantially less uncertainty than past efforts (Extended Data Fig. 8)
asitis based on orders of magnitude more data, making it more suit-
able for inclusion in the global CH, budget’.

Our analysis of the GRiMeDB database™ shows that CH, emissions
from streams and rivers are globally important but are influenced
by fundamentally different sets of drivers when compared with
other freshwater ecosystems. For instance, temperature is usually a
first-order control on aquatic CH, production and is used as a main
parameter in process-based models predicting emissions from wet-
lands®* and lakes™® and projecting future emissions under climate
change. By contrast, for running waters, the lateral inputs of CH, from
wetlands and soils seem substantial, and thus the indirect effects of
global change operating beyond conventional aquatic ecosystem
boundaries seem to regulate emissions much more strongly than the
direct, internal effects. Therefore, future process-based models that
attempttorepresent riverine CH, emissions may be improved by focus-
ing on the processes behind the landscape and hydrological drivers
suggested in this study. Furthermore, this dependence on external
processes, together with observations from the most highly modified
aquatic ecosystems, highlights the potential for humans to influence
CH, emissions from running waters, enabling concrete measures for
climate mitigation that could reduce emissions of such animportant
greenhouse gas.
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Methods

Underlying global hydrology

To upscale global riverine CH, emissions, we estimated the river sur-
face area and the gas transfer velocity across the global river network
followingref. 36. In brief, we used the Global Reach-Scale A Priori Dis-
charge Estimates (GRADES), which represents the global river drainage
network with modelled daily discharge since 1979 (ref. 37). GRADES
contains around 2.9 millionriver reaches, with amedianreach length
of 6.8 km (Supplementary Table 1). To capture seasonal patterns in
river hydrology, we summarized monthly average discharge Q and
its coefficient of variation CV for each river reach. Using this monthly
discharge, we estimated the velocity V (ms™) and width W (m) from
established scaling relationships following ref. 36. We could then
estimate river surface area for every reach and month as the product
of the seasonally varying Wand reach length. The river surface area
was further corrected for periods whenrivers are either dry or covered
by ice, with procedures described in ref. 36. Here we assumed that
those conditions prevent rivers from emitting CH, to the atmosphere.
Thisisaconservative assumption given thatice cover inriversis often
discontinuous and CH, may still be emitted during cold seasons®,
and dry riverbeds can emit CH,, albeit typically at lower rates than
when water is present®. To estimate the gas-transfer velocity (kg,,) we
used equation 5 of ref. 17—whichis used in ref. 36 and in other scaling
studies—as this provides reasonable estimates across ranges of slope
and water velocity. The equationis

keoo=Sx Vx2,841+107 +2.02+0.209 @

where S (mm™) is the river-reach slope obtained from GRADES, and
the coefficients are mean + s.d.

Channelinitiationinthe GRADES network begins at a catchment size
of approximately 25 km? which resultsin average widths for first-order
streams of around 4 m, and thus misses the smallest channels in most
drainage systems. For the smallest streams not captured by GRADES,
we extrapolated the stream length and width to calculate the extrapo-
latedriver area. To accurately extrapolate river network properties, it
isimportant to first group basins with similar properties in terms of
climate, and we followed the same procedure asin ref. 36 using 78 basins
that share acommon set of hydroclimatic properties. The extrapolation
was done from the smallest streamorder available up to stream widths
of 0.3 m, whichis the median stream width of the smallest streams meas-
ured across multiple catchments*°. For those streams not captured in
GRADES, we assigned the k¢, and CH, concentration of the first-order
streams of the basin to estimate CH, emissions.

CH, concentrations

The measured riverine CH, concentrations were obtained from the
GRiMeDB"; data are available at the Environmental Data Initiative*.
GRiMeDB contains 24,024 observations of CH, concentrations from
5,037 sites distributed globally (Extended Data Fig. 1), as well as 8,129
direct observations of CH, diffusive flux and 620 observations of ebul-
litive flux. Observations from targeted sites (that is, locations affected
by fracking, below dams and below wastewater treatment plants) or
locations not captured in the hydrological dataset used (for example,
ditches or glacial termini) were excluded from the modelling, result-
ingin19,440 observationsinour analysis. The reason to exclude those
sites is that the measured CH, concentrations are heavily affected by
those features, but those features are not captured in the catchment
properties used for the model. All sites in GRiMeDB were snapped to
the closest river reach in GRADES. Several reaches in GRADES had a
large number of assigned GRiMeDB observations, occurring in areas
with long time series or intensive spatial surveys. In those cases, the
average CH, concentration of all sites was used to represent a single
GRADES river reach. Because data aggregation can introduce bias in

estimates, we use median values instead of means to dampen the influ-
ence of extreme values. For sites where observations spanned multiple
years, data were aggregated monthly using the average value. After
thistemporal and spatial aggregation, we had 6,503 observations that
were used for the modelling. We are aware that this data aggregation
procedure canresultinrelationships at large spatial scales that may be
different when assessing the samerelationships at finer spatial scales,
the so-called ecological fallacy, but this was anecessary step to quantify
and understand river emissions at global scales.

Predictor variables

We used anarray of spatially explicit global datasets to predict riverine
CH, concentrations. Variables include multiple aspects of the surface
properties of Earth, including physical (slope, elevation), climatic
(temperature, precipitation), land cover and soil properties, as well
as potential humanimpacts (Supplementary Table 2). As we aimed to
characterize the seasonal dynamics of CH, emissions, predictors with
seasonal variability were used at amonthly time scale. We assigned all
of those predictors to the corresponding GRADES reach. Most pre-
dictors were at a 1-km spatial resolution, and for those variables, we
calculated the average value for the sub-catchment of each GRADES
reach. Coarser predictors (spatial resolution of 10-55 km) were simply
assigned tothe underlying GRADES reach. For modelling purposes, we
used the subset of GRADES that had a corresponding observationin
GRiMeDB. For time-varying predictors (Supplementary Table 2), we
assigned the monthly value for the month when the CH, observation
was taken. Some variables that were highly skewed (Supplementary
Table 2) were log transformed before modelling.

Random forest modelling

We used random forest models to predict CH, concentrations and to
understand the maindrivers (but other machine-learning models such
as XGBoostand aneural network were also explored; see Supplementary
Information). Modelling was performed using the ranger package of
R (v.0.13.1)*under the tidymodels environment (v.0.1.4)*. To capture
seasonal patterns, we constructed a different random forest model
foreach month, but first we explored all data together to find the opti-
mal modelstructure. To do this, we first removed severalindependent
variables that were highly correlated with others (Pearson’s r > 0.95).
We retained the variable that best captured the whole ecosystem
status or processes. Variables removed were as follows: gross primary
production, because it was closely related to net primary production;
heterotrophicand autotrophic respiration, because these were strongly
related to total soil respiration; and nitrogen load from agriculture,
aquaculture and point sources, because these were closely related
to phosphorus inputs. Soil properties used also contained a value for
the top and bottom soil layers, which were highly related, and so we
retained only the top soil properties for modelling.

We then proceeded to find the best model structure by tuning the
model. Random forests depend largely onthree parameters: the num-
ber of variables to use ineachsplit (mtry), the number of trees (n_trees)
and the minimum size of data points before splitting a tree (min_n).
This tuning was performed by first doing a grid search, in which com-
binations of a broad range of min_n (0-40), mtry (0-50) and n_trees
(500-2,000) values were explored to find the best-performing model,
implemented in a10-fold cross-validation. After the initial broad grid
search was performed, this process was repeated with anarrower range
of values with which the model performed better. Once the best com-
bination of min_n and mtry was found, a third search was performed
to find the optimal n_trees parameter. The hyperparameters finally
selected are mtry =13, min_n=8 and n_trees =1,200.

A model for each month was then constructed with the selected
hyperparameters. For each model, we used observations fromagiven
month as well as the adjacent months (for example, for February
we used data collected in January, February and March). We used this



approachto havealarger number of observations, as well as to guaran-
teeastronger coherence among models, given that the spatial coverage
also varies across months (Extended Data Fig. 1), while still capturing
any seasonal patterns. For each model, 80% of the observations were
used for training and 20% were withheld for testing. The model perfor-
mance was then assessed with the training data using R and root mean
squared error as performance metrics. Here, the R?* ranged from 0.45
t00.68, and the root mean squared error ranged from 1.75 mmol m*to
2.23 mmol m? (Extended Data Fig. 1). Model residuals against predic-
tions were also assessed visually and in some months there was a weak
tendency to overestimate concentrations at high values (Extended
DataFig.2).

Modelresults were further explored by assessing the importance of
different variables and the partial dependence of these variables on
the predicted CH, concentrations. Variableimportance intherandom
forest models was estimated using the mean decreaseinaccuracy using
thevip package inR (v.0.3.2)*. This was performed for every monthly
modelandis summarizedinFig.2 asthe median and standard error of
the mean decrease in accuracy using these 12 models. To explore the
marginal effect of each variable on the modelled CH, concentrations,
we created partial-dependence plots using the DALEX package in R
(v.2.3.0)*. This was done on the basis of yearly averages for each site
instead of monthly averages to obtain one plot per variable. Those
plots are found in the Supplementary Information, but an abstracted
version that just captures the shape of the relationship is also shown
inFig. 2 (inset bars).

We thenused these random forest models to upscale CH, concentra-
tions globally. This was done by using the monthly models to predict
CH, concentrations for each GRADES river reach. We also quantified the
spatially explicit uncertainty using the infinitesimal jackknife method*®
implemented in ranger*?, which produces ans.d. of the mean for each
river reach and month. The maps of monthly modelled concentrations
areshownin Extended DataFig. 3 and the average map of the modelled
s.d.is shown in Extended Data Fig. 4. We also assessed whether the
dataset of observationsis representative of the globe, or whether there
are locations where the model is extrapolating outside the observed
domain. This was performed following procedures described inref. 47,
with a detailed explanation in GRiMeDB". In this case, the procedure
was repeated for every month (Extended Data Fig. 1, red polygons).

Upscaling diffusive CH, fluxes

CH, emissions from a given reach are the product of the river-reach
area and the CH, flux rate to the atmosphere. Diffusive CH, flux rates
were estimated using Fick’s law as the product of the gas-transfer
velocity (kqo0) and the excess of CH, concentration in water following
ref. 36. First, the modelled k4, standardized for aSchmidt number of
600, was converted to k¢ (for the corresponding Schmidt number of
CH, and modelled water temperature) using the equation and tables
inref. 17. Water temperature was modelled from air temperature for
eachriver reach and month following ref. 17. Excess CH, in the water
was estimated as the difference in concentration of the modelled CH,
concentration and the expected CH, concentrationif the water wasin
equilibrium with the atmosphere. We used an atmospheric CH, con-
centration of 1.83 ppm by volume, which is the average of the period
2010-2020 in the global mean CH, atmospheric concentration (data
from the National Oceanic and Atmospheric Administration*®) when
more than 74% of the samples in GRiMeDB were taken. This partial pres-
sure of CH, was converted to mmol CH, m~ using the modelled water
temperature as well as the corresponding atmospheric pressure derived
fromsite elevation. Monthly CH, emissions were then calculated as the
product of the CH, flux rate and the effective river areafor each reach.

Uncertainty and refinement of the estimate
We quantified the uncertainty in the CH, flux estimate using Monte
Carlo simulations, including uncertainty from the three main drivers

of the flux: the k.o, the modelled CH, concentration and the estimated
river surface area. For koo, we used the s.d. from the model in ref. 17
(equation (1)). For CH,, we used the s.d. of the mean estimated for each
GRADES reach using the procedure described above (Extended Data
Fig.4).Forriverarea, we used the uncertainty inriver discharge for each
reach, whichisthe CV of the daily discharge values from GRADES. Given
that width was estimated from discharge, the CV from discharge was
assumed to bevery similar to the CV of width. The Monte Carlo proce-
dure was performed for each river reach, using normal distributions
with the parameters described above and repeated 1,000 times. We
reportuncertainty from the Monte Carlo model as the 5th-95th percen-
tiles of the resulting flux distribution. We also assessed the importance
of each of the three parameters by performing a one-at-a-time Monte
Carlo sensitivity analysis. This was done by increasing or decreasing
1s.d. of the mean value of a given parameter in each river reach. We
repeated the experiment six times, one for each parameter, and for
each parameter with anincrease and a decrease of 1s.d. Results of the
sensitivity analysis are summarized in Extended Data Fig. 8.

When initially calculating fluxes, global patterns were character-
ized by extremely high fluxes for streams in mountainous landscapes
(Extended DataFig. 9a). However, rivers with high turbulence and thus
high k should have low CH, concentrations, virtually close to atmos-
pheric equilibrium as the gas fluxes in these areas are limited by the
source’®”, This reality is shown in the global model, which highlights
the strongimportance of river slope and kas drivers of concentration
(Fig.2), whichresultsinlow modelled CH, concentrations in mountain
regions (Fig. 1a). Despite this relationship, when calculating fluxes to the
atmosphere, mountain areas had markedly higher rates than the rest of
theworld, as well as higher values than are reported in the literature for
these regions’*, These high values indicate amodelling artefact that
occurs when estimating fluxes at large scales as the product of excess
CH, concentrations measured locally but applied to a k value obtained
atalarger scale, resulting in a total flux to the atmosphere larger than
thestock availablein the water. Thismismatchinscale cancreate asitu-
ationinwhich, even at low CH, concentrations, water-to-atmosphere
fluxes seemto be driven by extremely high reaerationrates (thatis, are
transfer limited), whichisinconsistent with our empirical understand-
ing of carbon gas emissions from streams'®*,

We applied three separate approaches in an effort to minimize this
artefactin our estimates of global CH, emissions (Extended Data Fig. 5):
(1) we capped k at 35 m day?, a threshold at which bubble-mediated
fluxes begin to dominate emissions®’; (2) we eliminated the most
extreme emission values by capping fluxes above 2 s.d. of the mean;
and (3) wereduced kin specific river reaches in such a way that fluxes
were regulated by supply (that is, the CH, concentration) rather than
reaeration. The results of the three options are shown in Extended
DataFig. 5.

To implement option 3, we first estimated the 95% gas footprint
length for each river reach—that is, the distance upstream in which
95% of the CH, would evade because of advection and transportin the
absence of other inputs. This footprint length F, (m) is estimated as

R=GxV)/K @

following ref. 51, where K'is the gas reaeration coefficient (per day),
calculated as K= k/D (where Dis theriver depth). Weinterpret aresult of
F, <R, (whereR, isthereachlengthinm)toindicate that the modelled
CH, concentration cannot be maintained for the whole reach because
of the high exchange with the atmosphere, resulting in a modelled flux
thatis larger than the pool size available for evasion. The correction
for this involved decreasing k such that F, =R,, so that within a given
reach, theentire pool of CH, canbe evaded to the atmosphere, but not
more. This correction isimplemented by rearranging equation (2) as

k=(3xVxD)/R, 3)
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Note that Vand D are estimated using the scaling relationships with
discharge asgiveninref. 17,and vary from month to month foragiven
reach because of the changes in discharge. This correction affected
20% of the river reaches and preferentially targets mountain reaches
with high channel slopes. Furthermore, it produces a global map that
more closely resembles the patterns in concentrations and is more
consistent with our mechanistic understanding of gas evasion and
principles of mass balance. We compared the relationship between CH,
concentrations and fluxes from these three options with the empirical
flux observations in the GRiMeDB database (Extended Data Fig. 5).In
this comparison, the uncorrected flux calculations, as well as correc-
tionsfrom options1and2, produce high fluxes at low concentrations,
which lie outside the distribution of empirical observations. By con-
trast, the third correction better captures the relationship observed
in the empirical observations. Thus, we used this final (third) correc-
tionwhenreporting the main results; however, we also note that large
uncertainties remain when upscaling gas fluxes from river networks.

Finally, the approaches described above address only the diffusive
CH, emissions, but CH, canalso be emitted directly through ebullitive
fluxes. However, ebullition measurements are scarce and more variable,
makingithard to develop arobust estimate®. To provide an assessment
of ebullitive CH, emissions from running waters, we explored patterns
of CH, ebullition rates available in GRiMeDB. We assessed the magni-
tude and relationship between ebullitive and diffusive CH, fluxes by
selecting observations from studies that contained both estimates.
Those observations were filtered by excluding negligible and uncertain
fluxes that were below 0.0001 mmol m™ per day, as well as excluding
observationsin which the k,,, was modelled using hydraulic relation-
ships, which were more uncertain for local conditions and could sub-
stantially bias diffusive CH, estimates. We used the linear relationship
between diffusive and ebullitive fluxes (in log-space; Extended Data
Fig. 7) to preliminarily quantify uncertainty in ebullition. To do this,
we used the regression model to represent the overall uncertainty: this
included the uncertainty not only in the diffusive estimate itselfbut also
intherelationship between diffusive and ebullitive fluxes derived from
the predictioninterval of the regression. Specifically, we calculated the
predictioninterval of the 2.5th and 97.5th percentiles of the diffusive
estimate from the Monte Carlo simulation. We then selected the lower
bound of the predictioninterval of the 2.5th percentile and the higher
bound of the 97.5th percentile as the overall uncertainty interval of the
ebullitive estimate.

Validation of modelled fluxes

Modelled diffusive fluxes were validated with directly measured CH,
fluxes available in GRiMeDB. GRiMeDB includes about 7,300 diffusive
flux measurements, and we selected observations that overlapped
theriver reaches present in GRADES (distance from the sampling site
to theriver reach is below 500 m) and compared the measured and
modelled fluxes. For this exercise, we excluded the unclear methods
used for k4, estimation (k method in GRiMeDB indicated as ‘other’ or
‘not determined’). We also aggregated observations for agiven reach
of GRADES using mean valuesif multiple empirical observations were
available, and we matched the monthly estimate to the month of the
sampling date. This analysis (Extended Data Fig. 9a) shows that the
modelled flux estimates fall within a similar magnitude as measured
fluxes but were less variable and weakly related. Specifically, meas-
ured fluxes spanned seven orders of magnitude, whereas modelled
fluxes were more constrained (two orders of magnitude). But both
the modelled and measured fluxes are not entirely comparable. On
the one hand, measured fluxes are often performed using chambers
that have a small footprint (<10 m?) or using hydraulic equations with
measured local slope and velocity, both of which capture local hydro-
logical processes on a given day. On the other hand, modelled fluxes
rely on modelled average monthly discharge as well as river slope along
alongreach (4-6 km) to obtain a k4, together with the modelled CH,

concentrations to calculate the flux. A fairer comparison would be
to select occasions when the k¢, is similar for a given reach. When
we compare measured and modelled fluxes for a given site for which
the k¢, are comparable (modelled K, is between 0.5 and 1.5 times
the measured kqo; Extended Data Fig. 9b, black points), the relation-
ship between the two flux estimates is evident (R*= 0.63). The slope
of this regression equation is 0.51 (Extended Data Fig. 9b, equation
in the panel), indicating that the model overestimates fluxes at low
values and underestimates fluxes at high values, but with a strong and
notable relationship.

Software used for the analysis

All data analysis, geographic information system processing, statistics
and visualization were done using the R statistical software® (v.4.1.1).
Packages used were dplyr (v.1.0.7) for datawrangling®’, ggplot2 (v.3.3.5)
forvisualization®, lubridate (v.1.7.10) for temporal data®, corr (v.0.4.3)
toassess correlationsin the data®, ggtext (v.0.1.1) for labelling figures®,
ggpubr (v.0.4.0)*® and patchwork (v.1.1.1)*’ for composing multipaneled
figures, sf (v.1.0.3) for spatial analysis of vector data®, terra (v.1.4.11)
for spatial analysis of raster data® and rnaturalearth (v.0.1.0) for global
base layers of rivers and oceans®.

Dataavailability

Global gridded and monthly maps of riverine CH, concentrations
and emissions are available in the Zenodo repository (https://doi.
org/10.5281/zenodo.7733577). Raw data to reproduce the analy-
sis are available in the Zenodo repository (https://doi.org/10.5281/
zenodo.7733604).

Code availability

The code to reproduce the analysis, results and figures is found in
GitHub (https://github.com/rocher-ros/RiverMethaneFlux).
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Extended DataFig.1| Observations in GRiMeDB" and their spatial each month, after aggregating temporal data for each subcatchmentin
representativeness. Map of the globle showing the location of methane GRADES. Light blue shows the snow or ice cover, and red polygons represent
concentration observationsin the database for each month (black points). areas where the monthly modelis extrapolating predictions (See section

Thenumberineach paneldenotates the total number of observations available ~ “Random forest modelling”in the main text for further explanation).
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Extended DataFig. 2 | Performance of therandom forest model. (a) Predicted  R*ofthelinear regression and the root mean square error (RMSE). (b) Residuals
versus observed methane (CH,) concentrations of the test dataset for each oftherandom forest model for predicted methane (CH,) concentrations of the
month, with the black solid line showing the 1:1line. Inside the plotis shown the test dataset for each month. The black solid lineis the x axis fory =0.
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Extended DataFig. 3 | Monthly global patterns of methane (CH,) Themodelwasnotappliedin Greenland (indark grey) and Antarctica (not shown)
concentrations. Predicted CH, concentrations for the globe, usingarandom duetolack of data coverage for many predictors.
forest model for each month. Light blue areas indicate snow or ice cover.
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Extended DataFig. 4 |Uncertainty inriver methane (CH,) prediction. Map of the standard deviation (SD) of the modelled CH, concentrations. The SD was
obtained for each month and presented as a yearly average for this map. The model was not applied in Greenland (shownin dark grey) and Antarctica (not shown).
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Extended DataFig. 5| See next page for caption.
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Extended DataFig. 5| The effect of different correction methods for
modeling methane (CH,) concentration ~ flux relationships. Uncorrected
model estimates resultinalarge number of flux observations which are larger
than observations reported in the empirical dataset. Plotsin theleft column
provideacomparison between modelled and actual (observed) flux-
concentrationrelationships. Red contours represent the density of modelled
fluxes and concentrations, while grey contours represent the density of
empirical observations available in GRiMeDB" (n = 4,052), with the lowest
contours containing 95% of values. The mapsin theright columnillustrate
modelled fluxes, with mountain areas highlighted as light grey, hollow polygons

(fromref. 63); note the different scales for each row. Ideally, the modelled and
empirical obervations of the concentration - flux relationship should overlap,
butdonot,asseenin (a), leading us to explore multiple corrections. Capping
gas transfer velocity (k) (c,d) at 35 m per day does little to correct this artefact,
nor does capping flux estimates above 2 standard deviations of the global
population (e,f).In contrast, theriver reach footprint correction avoids
particularly the high fluxes atlow concentrations and better represents the
distribution of empirical observations (g, h). See methods section “Uncertainty
andrefinement of the estimate” for adetailed discussion of thisissue and the
approachselected.
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Extended DataFig. 6 | Temperature relationship of ebullitive methane and T,is 15 °C (average water temperature in GRiMeDB). The total number of
(CH,) fluxes. Relationship between ebullitive CH, fluxes and temperaturein observations and model fit are shownin the figure, although the model s

GRiMeDB". Here kis the Boltzmann constant, T is water temperature in Kelvin, non-significant.
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Extended DataFig.7| Assessment of ebullitive methane (CH,) emissions.

Simultaneous observations of diffusive and ebullitive emissions from
GRiMeDB" were measured simultaneously. (a) illustrates the overall
magnitude of the emissions, with the density plots (dark and light blue)
showing the distribution and dot plots showing each observation. The large
black dot represents the median value (n =296). (b) shows the relationship
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betweendiffusive and ebullitive emissions, where each site with more than one
measurement has a unique categorical color (number of sites =93). The solid
lineisalinear model fit (model fit and statistics reported in the upper left
corner of the plot) with the shaded polygon representing the 95% prediction
interval, and the dashed linerepresents the1:1ratio.
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Extended DataFig. 8| Sensitivity analysis of the global methane (CH,) with therectangles decreasingin size showing the 50,75 and 95 % percentiles.
diffusive estimate. The dark grey vertical lineillustrates the mean estimate of Thinvertical lines show the individual replicates of the Monte Carlo simulation
global emissions, with lighter shades representing the 50, 75and 95 % quantiles  for each experimentas well as for the main estimate (grey, bottom). Note that
of the Monte Carlo simulation. The sensitivity analysis was performed for each the uncertainty of the Monte Carlo simulation is highly sensitive to the

flux parameter (gas transfer velocity, CH, concentration, river area) by uncertainty considered for each parameter, and thus it may change if other
increasing (blue) or decreasing (red) aparameter by 1SD, thenre-running the modelsare used.

Monte Carlo simulation. Vertical coloured central lines show the mean values,
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Extended DataFig. 9| Comparison of modelled versus directly measured
diffusive methane (CH,) emissions. (a) Modelled diffusive CH, fluxesin
GRADESreaches where an empirical measurementis available in GRiMeDB.
Measured fluxes spanseven orders of magnitude while modelled fluxes are
more constrained (2 orders of magnitude). One potential source of thediscrepancy
isthe difference ingas transfer velocities (k) between the measured and
predicted values, given that the vast majority of flux observations in GRiMeDB
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modelled fluxes use monthly modelled discharge averages along along river
reach (4-6 km). When selecting pairs of observations with comparable k
values, indicating that the hydrological conditions between the modelled
and observed value are similar (predicted kisbetween 0.5and 1.5 times the
measured k; black pointsin (b)), the relationship between modelled and
measured fluxesis evident. Dashed lineinboth panelsis the1:1line, and note
thechangeintheaxisin panel (b).
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