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Abstract. There is growing interest in developing spatially resolved methane (CH4) isotopic source signatures to aid in 8 

geographic source attribution of CH4 emissions. CH4 hydrogen isotope measurements (δ2H-CH4) have the potential to be a 9 

powerful tool for spatial resolution of CH4 emissions from freshwater environments, as well as other microbial sources. This 10 

is because microbial δ2H-CH4 values are partially dependent on the δ2H of environmental water (δ2H-H2O), which exhibits 11 

large and well-characterized spatial variability globally. We compiled a comprehensive global dataset of paired CH4 δ2H and 12 

δ13C measurements from freshwater environments, including wetlands, inland waters, and rice paddies, comprising a total of 13 

131 different ecosystems, and compared these with measurements and estimates of δ2H-H2O. We found that the estimated 14 

δ2H of annual precipitation (δ2Hp) explained approximately 35% of the observed variation in δ2H-CH4, and that the 15 

relationship between δ2H-CH4 and δ2Hp led to significant differences in the distribution of freshwater δ2H-CH4 between the 16 

northern high latitudes (60-90 ºN) relative to other global regions. Residual variability in δ2H-CH4 is partially explained by 17 

differences in the dominant methanogenic pathway and CH4 oxidation, as inferred from carbon isotope fractionation between 18 

CH4 and carbon dioxide (αC). Our results imply that hydrogenotrophic methanogenesis is characterized by a steeper slope of 19 

δ2H-CH4 vs. δ2Hp than acetoclastic methanogenesis, a pattern that is consistent with previous predictions.  Biogeochemical 20 

sources of variability in δ2H-CH4 are reflected in apparent differences between different freshwater ecosystems, with 21 

relatively high values in rivers and bogs, and low values in fens and rice paddies, although more data is needed to verify 22 

whether these differences are significant. To estimate how changes in the spatial distribution of freshwater emissions would 23 

influence global atmospheric CH4 isotopic measurements, we developed a ‘bottom-up’ mixing model of global CH4 δ2H and 24 

δ13C sources, including spatially resolved signatures for freshwater CH4 sources. This model implies that changes in high-25 

latitude freshwater CH4 emissions would have an especially strong influence on global source δ2H-CH4. We estimate that 26 

global CH4 emissions sources have a combined δ2H value of -277±8‰, which is consistent with ‘top-down’ estimates based 27 

on atmospheric measurements. In contrast our estimated δ13C value of -56.4±1.4‰ is not consistent with atmospheric 28 

measurements, suggesting possible errors in either emissions inventories or estimates of sink fluxes and isotopic 29 

fractionations. Overall our results emphasize the value of δ2H-CH4 measurements to help constrain atmospheric CH4 30 

budgets. 31 
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1 Introduction 32 

Methane (CH4) is an important greenhouse gas that accounts for approximately 25% of current anthropogenic global 33 

warming, but we do not have a complete understanding of the current relative or absolute fluxes of different CH4 sources to 34 

the atmosphere (Saunois et al., 2020; Schwietzke et al., 2016), nor is there consensus on the causes of recent decadal-scale 35 

changes in the rate of increase in atmospheric CH4 (Turner et al., 2019; Pison et al., 2013; Schaefer et al., 2016; Kai et al., 36 

2011; Rice et al., 2016). Freshwater ecosystems are an integral component of the global CH4 budget. They are one of the 37 

largest sources of atmospheric CH4 and are clearly the largest natural, or non-anthropogenic, source (Saunois et al., 2020; 38 

Bastviken et al., 2011). At the same time the geographic distribution of freshwater CH4 emissions, changes in the strength of 39 

this source through time, and the relative importance of wetland versus inland water CH4 emissions all remain highly 40 

uncertain (Saunois et al., 2020; Turner et al., 2019; Ganesan et al., 2018; Pison et al., 2013; Schaefer et al., 2016). Gaining a 41 

better understanding of freshwater CH4 emissions on a global scale is of great importance for understanding potential future 42 

climate feedbacks related to CH4 emissions from these ecosystems (Koven et al., 2011; Yvon-Durocher et al., 2014; Zhang 43 

et al., 2017; Bastviken et al., 2011). It is also necessary in order to better constrain the quantity and rate of change of other 44 

CH4 emissions sources, including anthropogenic sources from fossil fuels, agriculture, and waste (Kai et al., 2011; Pison et 45 

al., 2013; Schaefer et al., 2016). 46 

 Isotopic tracers, particularly δ13C, have proven to be very useful in constraining global CH4 sources and sinks 47 

(Schwietzke et al., 2016; Kai et al., 2011; Rice et al., 2016; Schaefer et al., 2016). However, δ13C source signatures cannot 48 

fully differentiate CH4 sources, leaving residual ambiguity in source apportionment (Turner et al., 2019; Schaefer et al., 49 

2016). Applying additional isotopic tracers to atmospheric CH4 monitoring has the potential to greatly improve our 50 

understanding of CH4 sources and sinks (Turner et al., 2019; Saunois et al., 2019). In particular, recent technological 51 

developments have the potential to make atmospheric δ2H-CH4 measurements more practical at higher spatial and temporal 52 

resolution (Yacovitch et al., 2020; Chen et al., 2016; Röckmann et al., 2016; Townsend-Small et al., 2016).  δ2H-CH4 53 

measurements have proven useful in understanding past CH4 sources in ice-core records (Bock et al., 2010; Whiticar and 54 

Schaefer, 2007; Bock et al., 2017; Mischler et al., 2009), but have seen only limited use in modern atmospheric CH4 budgets 55 

(Rice et al., 2016; Kai et al., 2011), in part because of loosely constrained source terms, as well as relatively sparse 56 

atmospheric measurements. 57 

 δ2H-CH4 measurements could prove especially useful in understanding freshwater CH4 emissions. Freshwater δ2H-58 

CH4 is thought to be highly dependent on δ2H-H2O (Waldron et al., 1999b; Chanton et al., 2006; Whiticar, 1999). Since δ2H-59 

H2O exhibits large geographic variation as a function of temperature and fractional precipitation (Bowen and Revenaugh, 60 

2003; Rozanski et al., 1993), δ2H-CH4 measurements have the potential to differentiate freshwater CH4 sources by latitude. 61 

This approach has been applied in some ice core studies (Bock et al., 2010; Whiticar and Schaefer, 2007), but geographic 62 

source signals remain poorly constrained, in part because of small datasets and because of incompletely understood 63 
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relationships between δ2H-H2O and δ2H-CH4. In contrast, recent studies of modern atmospheric CH4 δ2H have not accounted 64 

for geographic variation in freshwater CH4 sources (Rice et al., 2016; Kai et al., 2011). 65 

 Freshwater δ2H-CH4 is also thought to vary as a function of biogeochemical variables, including the biochemical 66 

pathway of methanogenesis and the extent of CH4 oxidation (Whiticar, 1999; Chanton et al., 2006). These influences on 67 

δ2H-CH4 have the potential to complicate geographic signals, but also provide the potential to differentiate ecosystem 68 

sources if specific ecosystems are characterized by differing methanogenic pathways and rates of CH4 oxidation. A recent 69 

study proposed that freshwater δ13C-CH4 could be differentiated geographically based on ecosystem differences in 70 

methanogenic pathways and carbon sources, in addition to the geographic distribution of wetland ecosystems (Ganesan et 71 

al., 2018). δ2H-CH4 measurements have the potential to complement this approach by providing an additional isotopic 72 

parameter for defining ecosystem and geographic CH4 source signatures. 73 

 In order to use δ2H-CH4 as an indicator of freshwater ecosystem contributions to global and regional CH4 emissions 74 

budgets, a clearer understanding of freshwater δ2H source signals, and how they vary by geographic location, ecosystem 75 

type, and other variables is needed. In order to address this need we have assembled and analyzed a dataset of 967 δ2H-CH4 76 

measurements from 131 individual ecosystems, or sites, derived from 38 publications (Alstad and Whiticar, 2011; Bellisario 77 

et al., 1999; Bergamaschi, 1997; Bouchard et al., 2015; Brosius et al., 2012; Burke and Sackett, 1986; Burke et al., 1988, 78 

1992; Burke, 1992; Cadieux et al., 2016; Chanton et al., 1997; Chanton et al., 2006; Chasar et al., 2000; Douglas et al., 2016; 79 

Happell et al., 1993; Happell et al., 1994; Hornibrook et al., 1997; Lansdown, 1994; Lansdown et al., 1992; Lecher et al., 80 

2017; Levin et al., 1993; Marik et al., 2002; Martens et al., 1992; Nakagawa et al., 2002a; Nakagawa et al., 2002b; Popp et 81 

al., 1999; Sakagami et al., 2012; Schoell, 1983; Stolper et al., 2015; Thompson et al., 2016; Tyler et al., 1997; Wahlen, 1994; 82 

Waldron et al., 1999a; Walter et al., 2006; Walter et al., 2008; Wang et al., 2015; Wassmann et al., 1992; Whiticar et al., 83 

1986; Woltemate et al., 1984; Zimov et al., 1997). While previous studies have assembled datasets of freshwater δ2H-CH4 84 

(Waldron et al., 1999b; Sherwood et al., 2017; Whiticar et al., 1986), this dataset represents an advance relative to those 85 

studies in four key attributes: 1) it is significantly larger than previous datasets, with 83 additional sites relative to Waldron 86 

et al., (1999); 2) paired δ13C-CH4 data is available for all sites, δ13C-CO2 data is available for 50% of sites, and δ2H-H2O 87 

data is available for 47% of sites; 3) all sites are geo-located, providing the potential to perform spatial analyses and compare 88 

with gridded isotopic datasets of precipitation isotopic composition; and 4) we classify all sites by ecosystem and sample 89 

type (dissolved vs. gas samples), allowing for a clearer differentiation of how these variables influence δ2H-CH4.  90 

 Using this data set we then applied statistical analyses to address key questions surrounding the global distribution 91 

of freshwater δ2H-CH4, the variables that control this distribution, and its potential implications for atmospheric δ2H-CH4. 92 

Specifically, we investigated the nature of the global dependence of δ2H-CH4 on δ2H-H2O, and whether this relationship 93 

results in significant differences in freshwater δ2H-CH4 by latitude. We also assessed whether variability in methanogenic 94 

pathways and methane oxidation, as inferred from δ13C-CH4, δ13C-CO2, and αC, induce significant variability in δ2H-CH4, 95 

and whether this resulted in significant differences in δ2H-CH4 between different ecosystem and sample types. Finally, we 96 
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used our dataset, combined with other isotopic datasets (Sherwood et al., 2017) and flux estimates (Saunois et al., 2020), to 97 

estimate the global δ2H-CH4  and δ13C-CH4 of global emissions sources, compared this with estimates based on atmospheric 98 

measurements (Rice et al., 2016), and assessed the sensitivity of atmospheric δ2H-CH4 to differences in the latitudinal 99 

distribution of freshwater emissions. 100 

2 Methods 101 

2.1 Isotope Nomenclature 102 

We use a wide range of isotope notation in this study, which is briefly introduced here. Hydrogen and carbon isotope ratios 103 

are primarily discussed as delta values, using the generalized formula: 104 

δ =
Rsample − Rstandard( )

Rstandard
         (1) 105 

Where R is the ratio of the heavy isotope to the light isotope, and the standard is Vienna Standard Mean Ocean Water 106 

(VSMOW) for δ2H and Vienna Pee Dee Belemnite (VPDB) for δ13C. δ values are expressed in per mil (‰) notation. 107 

 We also refer to the isotopic fractionation factor between two phases, or α, which is defined as:  108 

αa−b =
Ra
Rb

=
δa +1000
δb +1000

         (2) 109 

Specifically, we discuss carbon isotope fractionation between CO2 and CH4 (αC) and hydrogen isotope fractionation between 110 

H2O and CH4 (αH). 111 

 For δ2H-H2O we differentiate between measured water samples (δ2H-H2Om) and the modelled isotopic composition 112 

of annual precipitation at a given location (δ2Hp), as is discussed further in Sect. 2.2.3. To account for the effects of δ2H-H2O 113 

on δ2H-CH4, we introduce the term δ2H-CH4,W0, which is the estimated δ2H-CH4 of a sample if it had formed in an 114 

environment where δ2H-H2O = 0‰. This is defined by the equation:  115 

δ 2H-CH4,W0 = δ
2H-CH4 − b×δ

2H p( )       (3) 116 

Where b is the slope of the regression relationship of δ2Hp vs. δ2H-CH4 for the entire dataset, as reported in Sect. 3.3. We use 117 

this value instead of αH because, as discussed in Sect. 3.4, the global relationship between δ2Hp vs. δ2H-CH4 does not 118 

correspond to a constant value of αH, and therefore deviations from this empirical relationship are more clearly expressed as 119 

a residual as opposed to a fractionation factor. 120 

 121 

 122 
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2.2 Dataset Compilation  123 

2.2.1 Literature Survey  124 

To identify datasets we used a set of search terms (methane OR CH4 AND freshwater OR wetland OR peatland OR swamp 125 

OR marsh OR lake OR pond OR ‘inland water’ AND ‘hydrogen isotope’ OR ‘δD’ OR ‘δ2H’ in Google Scholar to find 126 

published papers that discussed this measurement. We also identified original publications using previously compiled 127 

datasets (Sherwood et al., 2017; Waldron et al., 1999b). Data for 90% of sites were from peer-reviewed publications. Data 128 

from 13 sites were from a masters thesis (Lansdown, 1994). 129 

2.2.2 Dataset structure 130 

Most samples were associated with geographic coordinates in data tables or text documentation, or with specific geographic 131 

locations such as the name of a town or city. In a few cases we identified approximate geographic locations based on text 132 

descriptions of sampling sites, with the aid of Google Earth software. Sampling sites were defined as individual water bodies 133 

or wetlands as identified in the relevant study. In some cases where a number of small ponds were sampled from the same 134 

location we grouped ponds of a given type as a single site (Bouchard et al., 2015).  We divided sampling sites into five 135 

ecosystem categories: lakes and ponds (hereafter lakes), rivers and floodplains (hereafter rivers), bogs, fens, swamps and 136 

marshes, and rice paddies. Swamps and marshes were combined as one category because of a small number of sites, and 137 

because there is no clear indication of biogeochemical differences between these ecosystems. To make these categorizations 138 

we relied on site descriptions in the data source publications. We also analyzed data in two larger environment types, inland 139 

waters (lakes and rivers) and wetlands (bogs, fens, swamps and marshes, and rice paddies). While rice paddies are an 140 

anthropogenic ecosystem, they are wetlands where microbial methanogenesis occurs under generally similar conditions to 141 

natural wetlands, and therefore we included them in our analysis. In some cases the type of wetland was not specified. We 142 

did not differentiate between ombrotrophic and minerotrophic peatlands since most publications did not specify this 143 

difference, although it has been inferred to be important for δ13C-CH4 distributions (Hornibrook, 2009). 144 

 We also categorized samples by the form in which CH4 was sampled, differentiating between dissolved CH4 and 145 

CH4 emitted through diffusive fluxes, which we group as dissolved CH4, and gas-phase samples, including bubbles sampled 146 

either by disturbing sediments or by collecting natural ebullition fluxes. In some cases the sampling method or type of 147 

sample was not specified, or samples were a mix of both categories, which we did not attempt to differentiate. 148 

 Where possible (78% of sites), δ2H-CH4 and δ13C-CH4 values, as well as δ13C-CO2 and δ2H-H2O, were gathered 149 

from data files or published tables. In a number of publications, representing 22% of sites, data were only available 150 

graphically. For these studies we used Webplot Digitizer (https://automeris.io/WebPlotDigitizer/) software to extract data for 151 

these parameters. Previous studies have shown that user errors from Webplot Digitizer are typically small (Drevon et al., 152 

2017). Studies where data was derived from graphs are identified in Supplementary Table S1 (Douglas et al., 2020). 153 
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2.2.3 Estimated Isotopic Composition of Precipitation 154 

To compare δ2H-CH4 and δ2H-H2O measurements with estimates of δ2Hp, we used the Online Isotopes in Precipitation 155 

Calculator v.3.1 (OIPC; www.waterisotopes.org; (Bowen and Revenaugh, 2003;Bowen and Wilkinson, 2002;Bowen et al., 156 

2005). Inputs for δ2Hp estimates are latitude, longitude, and elevation. We estimated elevation for each site surface elevation 157 

at the site’s geographic coordinates reported by Google Earth. We tabulated estimates of annual precipitation δ2Hp, under the 158 

assumption that this is generally the best estimate of freshwater ecosystem δ2H (See Sect. 3.2). 159 

2.3 Statistical analyses 160 

2.3.1 Site level mean values and uncertainties 161 

For all statistical analyses we use site-level mean isotopic values. This avoids biasing our analyses towards sites with large 162 

numbers of measurements. There are large differences in the number of samples analyzed per site (n ranges from 66 to 1). 163 

To generalize uncertainty in δ2H-CH4 across different studies, we calculated a pooled standard deviation for all studies with 164 

multiple measurements, following a modification of the methods recommended by Polissar and D’Andrea (2013) for 165 

molecular δ2H measurements, using the following equation:  166 

SDpooled =
n1 −1( ) s12 + n2 −1( ) s22 + ...+ nk −1( ) sk2

n1 + n2 + ...nk − k
    (4) 167 

Where n is the number of samples measured per site, s is the site-level standard deviation, and k is the total number 168 

of sites with multiple sample measurements. We then estimated the standard error of the mean for each site, including sites 169 

with only one measurement, using the following calculation: 170 

SEpooled =
SDpooled

n
        (5) 171 

2.3.2 Regression analyses 172 

We perform a set of simple and multiple linear regression analyses CH4 δ2H against other isotopic variables, in 173 

addition to latitude. All statistical analyses were performed in Matlab. We performed weighted regression to account for 174 

differences in uncertainty between sites, with weighting equal to 1/SEpooled. For regression analyses we considered a 175 

relationship to be statistically significant when the p < 0.05. 176 

 δ2H-CH4 is predicted to be a non-linear function of δ13C-CH4, δ13C-CO2, and αC. This is because variation in 177 

methanogenic pathway is predicted to result in negative co-variation between δ2H-CH4 and δ13C-CH4, and positive co-178 

variation between δ2H-CH4 and δ13C-CO2 and αC. Conversely, methane oxidation is predicted to result in positive co-179 
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variation between δ2H-CH4 and δ13C-CH4, and negative co-variation between δ2H-CH4 and δ13C-CO2 and αC (Chanton et al., 180 

2006; Whiticar, 1999). To test for this non-linear co-variation we applied a piece-wise linear regression approach (Bailer, 181 

2020), with the goal of identifying at what value for the independent variable the linear relationship between the two 182 

variables changed. We used the Shape Language Modeling package in Matlab to perform this analysis. We compared our 183 

results with predicted co-variation between these variables based on isotopic fractionation factors and empirical 184 

classification of isotopic signatures presented by Whiticar (1999), as shown in Supplementary Table S2 (Douglas et al., 185 

2020). Specifically, predictions of δ13C-CH4, δ13C-CO2, and αC are derived from Figure 8 in Whiticar (1999), and 186 

predictions of δ2H-CH4,W0 are derived from Figures 5 and 10 in Whiticar (1999). These figures are used widely to interpret 187 

environmental isotopic data related to CH4 cycling.  188 

2.3.3 Sample set comparison tests 189 

To compare isotopic data (δ2H-CH4 and δ13C-CH4) between groups (i.e. latitudinal bands, ecosystem types, sample types) we 190 

used non-parametric statistical tests to test whether the groups were from different distributions. We used non-parametric 191 

tests because some sample groups were not normally distributed, as determined by a Shapiro-Wilk test (Shapiro and Wilk, 192 

1965). For comparing the distributions of two groups we used the Mann-Whitney U-test (Mann and Whitney, 1947), 193 

whereas when comparing more than two groups we used the Kruskal-Wallis H-test (Kruskal and Wallis, 1952), combined 194 

with Dunn’s test to compare specific sample group pairs (Dunn, 1964). We considered p < 0.05 to be the threshold for 195 

identifying groups with significantly different distributions. 196 

2.4 Estimation of global atmospheric CH4 δ2H and δ13C source values  197 

To better understand how latitudinal differences in wetland isotopic source signatures influence atmospheric δ2H-CH4 and 198 

δ13C-CH4, we calculated a ‘bottom-up’ mixing model of δ2H-CH4 and δ13C-CH4. For this calculation we ascribed all CH4 199 

sources a flux and δ2H and δ13C value, and calculated the global atmospheric source value using an isotopic mixing model. 200 

Because of non-linearity when mixing δ2H values, we performed the mixing equation using isotopic ratios (see Sect. 2.1). 201 

The mixing equation is as follows: 202 

 203 

Rmix = f1R1 + f2R2 + ...+ fnRn          (6) 204 

 205 

Where fn is the fractional flux for each source term (i.e. the ratio of the source flux to total flux), and Rn is the isotope ratio 206 

for each source term.  207 

Values for the flux, δ2H, and δ13C applied for each source term are shown in Table 1. We used bottom-up source 208 

fluxes from Saunois et al. (2020) for the period 2008-2017. Because other natural sources are not differentiated for the 209 
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period 2008-2017, we calculated the proportional contribution of each category of other natural sources for the period 2000-210 

2009 (Saunois et al., 2020), and applied this to the total flux from other natural sources for 2008-2017. For categories other 211 

than wetlands, inland waters, and rice paddies, we used global fluxes and δ2H values, since geographically resolved δ2H 212 

estimates are not available. For these sources we used δ2H values published by Sherwood et al. (2017), using the mean value 213 

for each source term. For wetlands, inland waters, and rice paddies, we used geographically resolved (60-90 ºN; 30-60 ºN, 214 

90º S-30ºN) fluxes derived from Saunois et al. (2019) for the period 2008-2017, and mean δ2H for these latitudinal bands 215 

from this study. Inland waters and rice paddies do not have geographically resolved fluxes reported in Saunois et al. (2019). 216 

Therefore, we calculated the proportion of other natural sources attributed to inland waters from 2000-2009 (71%), and 217 

applied this proportion to the geographically resolved fluxes of other natural sources. Similarly, we calculated the 218 

proportion of agricultural and waste sources that attributed to rice agriculture from 2008-2017 (15%), and applied this to the 219 

geographically resolved fluxes of agricultural and waste fluxes.  220 

To estimate uncertainty in the modelled total source δ2H and δ13C values we conducted Monte Carlo analyses 221 

(Thompson et al., 1992). We first estimated the uncertainty for each flux, δ2H, and δ13C term. Flux uncertainties were 222 

defined as one half of the range of estimates provided by Saunois et al., (2020). For sources where fluxes were calculated as 223 

a proportion of a larger flux, we applied the same proportional approach to estimate uncertainties. In cases where one half of 224 

the range of reported studies was larger than the flux estimate, we set the uncertainty to be equal to the flux estimate to avoid 225 

negative fluxes in the mixing model. Isotopic source signal uncertainties were defined as the 95% confidence interval of the 226 

mean value for a given source category. For some sources there is insufficient data to calculate a 95% confidence interval, 227 

and we applied a conservative estimate of uncertainty for these sources, as detailed in Table 1. We then recalculated the δ2H 228 

and δ13C mixing models 10,000 times, each time sampling inputs from the uncertainty distribution for each variable. We 229 

assumed all uncertainties were normally distributed. We interpret the standard deviation of the resulting Monte Carlo 230 

distributions as an estimate of the uncertainty of our total atmospheric CH4 source isotopic values. To examine how the 231 

Monte Carlo analyses were specifically influenced by uncertainty in isotopic source signatures versus flux estimates, we 232 

conducted sensitivity tests where we set the uncertainty in either isotopic source signatures or flux estimates to zero.  233 

To estimate the sensitivity of atmospheric CH4 isotopic measurements to changes in freshwater fluxes by latitude 234 

we calculated the incremental change in the total atmospheric source δ2H-CH4 and δ13C-CH4 under idealized scenarios of 235 

increasing freshwater emissions from the low-latitudes, mid-latitudes, and high-latitudes up to an increase of 40 Tg/yr, with 236 

all other emissions sources remaining constant. 40 Tg/yr was chosen since it is within the range of estimates of the possible 237 

CH4 emissions feedbacks to global warming from both high-latitude and low-latitude freshwater environments (Koven et al., 238 

2011; Zhang et al., 2017). We performed a similar analysis for total fossil fuel and biomass burning emissions. Finally, we 239 

compared these predicted patterns of isotopic variation with estimates of changes in global source δ2H-CH4 and δ13C-CH4 240 

between 1977 and 2005 based on atmospheric CH4 isotopic measurements combined with estimates of sink fluxes and 241 
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isotopic fractionations (Rice et al., 2016). We refer to the estimates of global source signatures from Rice et al., (2016) as 242 

‘top-down’ estimates, in contrast to our ‘bottom-up’ estimates of global source δ2H-CH4 and δ13C-CH4.  243 

 244 

Table 1: Estimates of source-specific fluxes, δ2H-CH4, and δ13C-CH4, and their uncertainties, used in mixing models and 

Monte Carlo analyses 

Category 

Flux 

(Tg/Yr) Uncertainty 

δ2H signature 

(‰, VSMOW) Uncertainty 

δ13C signature 

(‰, VPDB) Uncertainty 

Wetlands (<30N) 115 37.5 -301 15 -64.9 1.7 

Wetlands (30-60N) 25 16.5 -319 14 -62.6 2.5 

Wetlands (>60N) 9 8.0 -373 10 -61.8 2.5 

Inland Waters (<30N) 80 39.4 -293 24 -56.4 4.8 

Inland Waters (30-60N) 64 31.9 -308 18 -61.6 5.3 

Inland Waters (>60N) 16 7.5 -347 9 -65.0 2.2 

Geological (onshore)a 38 13.0 -189 44 -43.8 10.0 

Wild animalsb 2 2.0 -316 28 -65.4 3.5 

Termitesc 9 6.0 -343 50 -63.4 3.5 

Permafrost soils (direct)d 1 0.5 -373 15 -64.2 1.7 

Geological (offshore)a 7 7.0 -189 44 -43.8 10.0 

Biogenic open and coastale 6 3.0 -200 50 -80.0 20.0 

Enteric fermentation and manure 111 5.0 -308 28 -65.4 3.5 

Landfills and waste 65 4.5 -297 6 -56.0 4.9 

Rice cultivation (<30N) 19 1.2 -324 8 -54.0 4.9 

Rice cultivation (30-60N) 12 0.5 -325 8 -59.1 4.9 

Coal mining 42 15.5 -232 5 -49.5 1.0 

Oil and gas 79 13.0 -189 2 -43.8 0.5 

Industryf 3 3.0 -189 2 -43.8 0.5 

Transportf 4 4.0 -189 2 -43.8 0.5 

Biomass burningg 17 6.0 -211 15 -26.2 2.0 

Biofuel burningg 12 2.0 -211 15 -26.2 2.0 

a-No specific isotopic measurements in database. We applied the mean isotopic values for oil and gas, and applied the standard 
deviation of these values as the uncertainty 
b-No specific isotopic measurements in database. We used the isotopic values and uncertainties from livestock 
c-Only one δ2H measurement in database. We applied 50‰ as a conservative uncertainty estimate. 
d- No specific isotopic measurement in database. We used the isotopic values and uncertainties for high-latitude wetlands 
e- No specific isotopic measurements in database. We applied approximate isotopic values based on Whiticar, (1999), and 
conservatively large uncertainty estimates. 
f-No specific isotopic measurements in database. We used the isotopic values and uncertainties for oil and gas. 
g-We applied all isotopic measurements of biomass burning to both the biomass burning and biofuel burning categories 
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3 Results 245 

3.1 Dataset distribution  246 

The dataset is primarily concentrated in the northern hemisphere (Fig. 1A), but is distributed across a wide range of 247 

latitudes between 3 ºS to 73 ºN (Figure 1B). The majority of sampled sites are from North America, but there are numerous 248 

sites from Eurasia (Fig. 1A). A much smaller number of sites are from South America and Africa. We define three latitudinal 249 

bands for describing geographic trends: low latitudes (3 ºS to 30 ºN); mid-latitudes (30 ºto 60 ºN); and high- 250 

latitudes; (60º to 90º N). This definition was used primarily because it corresponds with a commonly applied geographic 251 

classification of CH4 fluxes (Saunois et al., 2020).  252 

 253 
Figure 1: Global distribution of data shown; A) on a world map, with site mean CH4-δ2H values indicated in relation to a color 254 
bar; and B) as a histogram of sites by latitude, differentiated between wetlands and inland waters. Dashed lines in (B) indicate 255 
divisions between low-latitude, mid-latitude, and high-latitude sites. 256 

 76 of 131 sites are classified as inland waters, primarily lakes (n = 67), with a smaller number from rivers (n = 9). 257 

To our knowledge, all of the inland water sites are natural ecosystems and do not include reservoirs. 55 sites are classified as 258 

wetlands, including 16 bogs, 14 swamps and marshes, 12 fens, and 8 rice paddies. For the majority of sites (n =84) gas 259 

samples were measured, whereas studies at 36 sites measured dissolved CH4 or diffusive fluxes. 260 

3.2 Use of δ2Hp as an estimator for freshwater δ2H-H2O 261 

As discussed in Sect. 2.2.3, we estimated δ2H-H2O using modelled precipitation δ2Hp. Identifying the relationship between 262 

modelled δ2Hp and δ2H-CH4 is of value because global distributions of δ2Hp are routinely estimated using isotope enabled 263 

Earth system models (Zhu et al., 2017), and could potentially be used to predict the distribution of δ2H-CH4 under past and 264 

future global climates. In addition, this approach allows us to examine co-variation of δ2H-CH4 and δ2H-H2O at sites where 265 

δ2H-H2O was not measured. However, modelled annual δ2Hp is not a perfect estimator of δ2H-H2O in freshwater 266 

environments. Comparing modelled δ2Hp with measured δ2H-H2O for 62 sites indicates generally good agreement at low and 267 

high values of δ2Hp, but also that δ2H-H2O is generally higher than predicted at intermediate values of δ2Hp (Fig. 2). We infer 268 
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that this is because in our dataset wetlands are concentrated in the mid-latitudes (Fig. 1B), and because wetlands could be 269 

more likely to experience changes in δ2H-H2O on a seasonal basis because of overall smaller water volumes than lakes (Clay 270 

et al., 2004). However, the root mean square error (RMSE) for the 1:1 line (23‰) is not substantially larger than the RMSE 271 

for the best-fit linear relationship shown in Fig. 2 (19‰). Based on this, and on the rationale for analyzing δ2H-CH4 in terms 272 

of δ2Hp as described above, we proceed with this analysis. However, we also examine how the relationship between δ2Hp vs. 273 

δ2H-CH4 differs from that for δ2H-H2Om vs. δ2H-CH4 (Sect. 3.3). 274 

 275 
Figure 2: Scatter plot of δ2H-H2Om vs. δ2Hp for 62 sites with δ2H-H2O measurements. The red line indicates the best fit, with a 276 
95% confidence interval (gray envelope), and the dashed black line is a 1:1 relationship. 277 

3.3 Relationship between δ2H-H2O and δ2H-CH4 278 

δ2H-CH4 is significantly positively correlated with both δ2Hp and δ2H-H2Om (Fig. 3a). The slope of δ2H-CH4 vs. δ2H-H2Om 279 

(0.45±0.18) is steeper than that for δ2H-CH4 vs. δ2Hp (0.38±0.09), but the two regression slopes have overlapping confidence 280 

intervals across their entire range. Given the regression parameters, and the similar RMSE for these two relationships (33‰ 281 

vs. 29‰), we infer that using δ2Hp to predict δ2H-CH4 does not result in substantial error. Both relationships result in a large 282 

amount of unexplained residual variability, implying the importance of other variables in controlling δ2H-CH4. Both slopes 283 

are flatter than the regression relationship found by Waldron et al. (1999b) using a smaller dataset (0.68±0.1). The regression 284 

relationship of Waldron et al. (1999b) overlaps with the confidence intervals of our results at more positive values of δ2H-285 

H2O (>~60‰), but implies more negative values of δ2H-CH4 when δ2H-H2O is lower. The intercepts of all three regression 286 

relationships are within error of one another. 287 
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When the data are disaggregated by environment type, we observe significant positive relationships between δ2Hp 288 

vs. δ2H-CH4 for both wetlands and inland waters (Fig. 3b). The regression equation for wetlands has a steeper slope 289 

(0.56±13) than that for inland waters (0.32±.12). The confidence intervals for these regression equations are clearly different 290 

for low values of δ2Hp, below about -120‰. The wetland relationship is closer to, but still flatter than, that of Waldron et al. 291 

(1999b). 292 

 293 
Figure 3: (A) Scatter plot of δ2H-CH4 vs. both δ2H-H2Om and δ2Hp for all data. (B) Scatter plot of δ2H-CH4 vs. δ2Hp with data 294 
disaggregated by environment type. Envelopes indicate 95% confidence intervals for regression lines. The relationship of Waldron 295 
et al., (1999) is indicated by a red dashed line. Error bars indicate pooled standard error for δ2H-CH4 as described in Sect. 2.3.1. 296 

Given that δ2Hp is strongly influenced by latitude, although it is also influenced by other geographic and climatic 297 

variables, we examined whether δ2H-CH4 is also significantly correlated with latitude. There is indeed a significant, but 298 

weak negative relationship between latitude and δ2H-CH4, indicating an approximate decrease of 0.9‰/ º latitude (Fig. 4). 299 

The slope is significantly flatter than that for latitude vs. δ2Hp in this dataset (-2.3 ‰/ º latitude), which is consistent with the 300 

relatively flat slope for δ2Hp vs. δ2H-CH4. 301 

 302 

 303 
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 304 

Figure 4: Scatter plots of δ2H-CH4, δ2H-H2Om, and δ2Hp vs. latitude. Envelopes indicate 95% confidence intervals for regression 305 
lines. 306 

3.4 Relationship of δ2H-CH4 with δ13C-CH4, δ13C-CO2, and αC  307 

We do not find evidence for a piece-wise linear relationship between δ13C-CH4 and δ2H-CH4,W0 (Fig. 5a), nor did we find a 308 

significant simple linear correlation between these variables. This is true both for the dataset as a whole, and for the subset of 309 

sites with δ13C-CO2 values, which we analyzed for the sake of comparability. In contrast we did find evidence for a piece-310 

wise linear relationships between δ2H-CH4,W0 and both αC and δ13C-CO2 that is broadly consistent with predictions (Fig. 311 

5b,c). This analysis suggests that the breakpoint, or the point at which variation in δ2H-CH4,W0 shifts from being controlled 312 

by variation in methanogenesis pathway to being controlled by CH4 oxidation, is approximately αC = 1.036 and δ13C-CO2 = -313 

16‰. αC is a better predictor of variation in δ2H-CH4,W0 overall, and especially for variation related to CH4 oxidation, for 314 

which we do not observe a significant linear relationship with δ13C-CO2. We also observe similar piece-wise linear 315 

relationships between these two variables and raw δ2H-CH4 values, although the R2 values are for the most part lower.  316 

 Based on the results shown in Fig. 5b, we classified samples into three categories based on αC values: oxidation 317 

influenced (αC < 1.036); dominantly fermentation (1.036 <αC < 1.055); and dominantly hydrogenotrophy (αC ≥ 1.055).  The 318 

definition of oxidation-influenced samples is based on the breakpoint discussed above. The division between the dominantly 319 
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fermentation and dominantly hydrogenotrophy categories is based on the median αC value, excluding sites where CH4 320 

oxidation is inferred. We note that an αC value of 1.055 corresponds to previous divisions between methanogenesis pathways 321 

(Whiticar, 1999).  322 

 323 
Figure 5: Scatter plots of δ2H-CH4,w0 vs. (A) δ13C-CH4, (B) α c, and (C) δ13C-CO2. Predicted variation for variation in 324 
methanogenic pathway and CH4 oxidation are shown by colored parallelograms, with details on predicted values in 325 
Supplementary Table 2 (Douglas et al., 2020). Significant (p < 0.05) piece-wise regression relationships are shown in (B) and (C), 326 
with breakpoints shown by dashed lines. No significant relationships were observed in (A). Grey envelopes indicate 95% 327 
confidence intervals for regression lines. Error bars indicate pooled standard error for δ2H-CH4. 328 

 We then performed linear regression analyses between δ2H-CH4 and δ2Hp within these two groups to examine 329 

whether methanogenic pathway influenced this relationship (Fig. 6). For the high αC category (dominantly hydrogenotrophy) 330 

there is a positive correlation with a relatively steep slope (0.68±0.18). This regression line is within error of the line 331 

predicted by an αH of 1.35 (Fig. 6). In contrast, for the intermediate αC group (dominantly fermentation) the slope is lower 332 

(0.39±0.13), similar to that for the dataset as a whole. This relationship does not agree consistently with a constant value of 333 

αH. The confidence intervals for these two regression relationships do not overlap for values of δ2Hp greater than -110‰. If 334 

sites where oxidation is inferred are excluded, a multivariate linear regression analysis finds a significant dependence of δ2H-335 

CH4 on both δ2Hp and αC (adjusted R2 = 0.67; RMSE = 22‰). The multivariate regression equation is:  336 

 337 

δ2H-CH4 = 0.52δ2Hp + 1194αC -1546     (7) 338 
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 339 
Figure 6: Scatter plot of δ2H-CH4 vs. δ2Hp with data disaggregated between sites with high and intermediate α c values. Regression 340 
lines and error envelopes for these two groups are shown. Lines of constant αH and a compiled trend from incubation experiments 341 
(Waldron et al., 1999) are shown for comparison. Available data from analyses of cow rumen and landfill gas are also shown 342 
(Supplemental Table S3; Douglas et al., 2020). 343 

3.4 Differences in δ2H-CH4 and δ13C-CH4 between site categories 344 

3.4.1 Differences by latitude 345 

Kruskal-Wallis tests found a significant difference in the distribution of δ2H-CH4 between high-latitude sites 346 

(median: -362‰) and both low (median: -296‰) and mid-latitude sites (median: -316 ‰) (Fig. 7a). However, it did not find 347 

a significant difference in the distribution of low- and mid-latitude sites. A similar pattern was found when the data were 348 

disaggregated into wetland and inland water sites.  349 

 We also found that the distribution of δ13C-CH4 for low latitude sites (median: -61.3‰) was significantly higher 350 

than for high latitude sites (median –63.0‰), but that mid-latitude sites (median: -60.8‰) were not significantly different 351 

from the other two latitudinal zones. The observed difference by latitudinal zone in δ13C-CH4 appears to be driven primarily 352 

by latitudinal differences between inland water sites, where a similar pattern is found. In wetland sites we found no 353 

significant differences in the distribution of δ13C-CH4 by latitude. 354 

 Using resolved fluxes by latitudinal band from Saunois et al. (2020), as listed in Table 1, we calculated a flux-355 

weighted δ2H-CH4 signature for freshwater environments of -307‰ (Fig. 7a). Similarly, we calculated a flux-weighted 356 

freshwater δ13C-CH4 signature of -61.5‰ (Fig. 7b). 357 
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 358 
Figure 7: Boxplots of (A) δ2H-CH4 and (B) δ13C-CH4 for sites differentiated by latitude, for all data, wetlands, and inland waters. 359 
Numbers in parentheses indicate the number of sites for each category. Red lines indicate medians, boxes indicate 25th and 75th 360 
percentiles, whiskers indicate 95th and 5th percentiles, and outliers are shown as red crosses. Notches indicate the 95% confidence 361 
intervals of the median value; where notches overlap the edges of the box this indicates the confidence interval exceeds the 75th or 362 
25th percentile. Red dashed lines indicate the estimated flux-weighted medians for global freshwater CH4, as described in Sect. 363 
3.4.1. Asterisks in (A) indicate that high-latitude sites have significantly different distributions from other latitudinal bands. 364 
Asterisks in (B) indicate groups that have significantly different distributions from one another, within a specific environmental 365 
category. One extremely high outlier (-171‰, low latitude inland water) is not shown in (A). Two extremely low outliers (<-84‰; 366 
high latitude wetland and inland water) are not shown in (B). 367 

3.4.2 Differences by ecosystem 368 

When comparing ecosystems, we analyze δ2H-CH4,W0 values to account for variability related to differences in δ2H-H2O. 369 

Ecosystem types are not evenly distributed by latitude, and therefore have different distributions of δ2H-H2O values. There 370 

are differences in the median values by ecosystem, with rivers (-296‰), bogs (-292‰), and swamps/marshes (-290‰) 371 

exhibiting relatively enriched median δ2H-CH4,W0, and fens (-309‰) and rice paddies (-310‰) exhibiting relatively low 372 

median values. However, given the small sample sizes and large variance in most of these categories, these differences in 373 

distributions are not significant based on a Kruskal-Wallis test. Comparing the broader categories of inland waters and 374 

wetlands with a Mann-Whitney U-test we do find a significant difference, with inland waters showing a more enriched 375 

distribution (median: -295‰) than wetlands (median: -307‰).  376 

Similarly, we did not observe any significant differences in δ13C-CH4 values between wetland ecosystems in this 377 

dataset based on a Kruskal-Wallis test, nor between inland waters and wetlands based on a U-test. However, a U-test did 378 

indicate a significantly more enriched δ13C-CH4 distribution in rivers (median: -60.1‰) relative to lakes (median: -62.7‰). 379 
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 380 
Figure 8: Boxplots of (A) δ2H-CH4,w0 and (B) δ13C-CH4 for sites differentiated by ecosystem type. Boxplots parameters are as in 381 
Fig. 7. Red dashed lines indicate the median values for all sites. One extremely high outlier (-160‰, river) is not shown in (A). Two 382 
extremely low outliers (<-84‰; lake and fen) are not shown in (B). IW- Inland Waters; WL- Wetlands; S/M- Swamps and 383 
marshes. 384 

3.4.3 Differences by sample type 385 

As with comparing ecosystems, when comparing sample types we analyze δ2H-CH4,W0 values to normalize for variability 386 

related to differences in δ2H-H2O, since sample types are not distributed evenly by latitude. When comparing sample types, 387 

dissolved CH4 samples do not have a significantly different δ2H-CH4,W0 distribution for the dataset as a whole, nor is there a 388 

significant difference between these groups in wetland sites (Fig. 9). There is, however, a significant difference in inland 389 

water sites, with dissolved CH4 samples having a more enriched distribution (median: -267‰) vs. gas samples (median: -390 

299‰) 391 

 We did not observe a significant difference in the distribution of δ13C between dissolved and gas-phase CH4 392 

samples, either for the dataset as a whole or when the dataset was disaggregated into wetlands and inland waters. 393 

3.5 Estimates of global emissions source δ2H-CH4 and δ13C-CH4 394 

Our mixing model and Monte Carlo analyses estimate a global source δ2H-CH4 of -277±8‰, and a global source δ13C-CH4 395 

of -56.4±1.4‰ (Fig. 10). Monte Carlo sensitivity tests suggest that greater uncertainty is associated with isotopic source 396 

signatures (6‰ for δ2H; 1.2‰ for δ13C) than with flux estimates (4‰ for δ2H; 0.7‰ for δ13C). 397 

 398 

 399 

 400 
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 401 
Figure 9: Boxplots of (A) δ2H-CH4,w0 and (B) δ13C-CH4 for sites differentiated by sample type. Boxplots parameters are as in Fig. 402 
7. Red dashed lines indicate the median values for all sites. One extremely high outlier (-160‰, gas inland water) is not shown in 403 
(A). Two extremely low outliers (<-84‰; dissolved wetland and gas inland water) are not shown in (B). 404 

 405 

 406 
Figure 10: Bottom-up estimates of global source δ2H-CH4 (A), δ13C-CH4 (B), and dual isotope signatures (C). Histograms in (A) 407 
and (B) show probability distributions from Monte-Carlo analyses. Colored lines indicate estimated isotopic trends for increasing 408 
emissions from specific sources, with all other emissions sources remaining constant. Colored vectors in (C) indicate the dual-409 
isotope trend for increasing emissions fluxes from specific sources by 40 Tg/yr, with all other emissions sources remaining 410 
constant. Gray lines and points indicate top-down estimates of emissions source isotopic signatures from 1977 to 2005 (Rice et al., 411 
2016). Selected individual years are indicated. In (A) and (B) top-down flux change estimates were normalized to the first year of 412 
the time series (1977) to facilitate comparison with the bottom-up estimates. 413 
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Our calculations imply that changes in high-latitude freshwater CH4 emissions fluxes have a larger effect on global 414 

source δ2H-CH4 (-0.1‰/Tg/yr) than changes in mid-latitude (-0.04‰/Tg/yr) and low-latitude (-0.03‰/Tg/yr) CH4 emissions 415 

(Fig. 10a). There are smaller differences in the effects of increasing emissions from different latitudes on δ13C values, with -416 

0.01‰/Tg/yr for high-latitude emissions, -.007‰/Tg/yr for mid-latitude emissions, and -.006‰/Tg/yr for low-latitude 417 

emissions (Fig. 10b). These trends lead to different slopes in a δ2H vs. δ13C bi-plot for increased freshwater emissions from 418 

these latitudinal bands (Fig. 10C): -11 for increasing high-latitude emissions, -6 for increasing mid-latitude emissions, and -4 419 

for increasing low-latitude emissions. Increasing fossil fuel emissions results in a slope of +7, and increasing biomass 420 

burning emissions results in a slope of +2. 421 

4 Discussion 422 

4.1 The global dependence of δ2H-CH4 on δ2H-H2O 423 

Our analysis confirms, using an expanded dataset, previous inferences that δ2H-H2O is an important predictor of global 424 

freshwater δ2H-CH4 (Waldron et al., 1999b; Whiticar, 1999; Chanton et al., 2006). In this study we found that modeled δ2Hp 425 

is roughly as strong of a predictor of δ2H-CH4 as δ2H-H2Om (Fig. 3A). This implies that isotope-enabled Earth Systems 426 

models (ESMs) could be used to predict the distribution of freshwater δ2H-CH4 under past and future climates. The southern 427 

hemisphere remains highly underrepresented in available δ2H-CH4 data. However, the mechanisms linking δ2H-CH4 with 428 

H2O-δ2H should not differ significantly in the southern hemisphere, and we argue that the relationships observed in this 429 

study are suitable to predict southern hemisphere freshwater δ2H-CH4. 430 

  Our analysis found an overall weaker and flatter regression relationship between these variables than the most 431 

recent comprehensive analysis of this topic (Waldron et al., 1999). This difference is probably partially the result of the 432 

much larger proportion of inland water sites (58%) in our dataset versus that of Waldron (25%). Bottom-up emissions 433 

estimates for the period 2000-2009 implied that inland waters represent 48% of total freshwater emissions (Saunois et al., 434 

2020), although this proportion is highly uncertain. As shown in Fig. 3b, inland water sites have a lower slope for δ2H-CH4 435 

vs. δ2Hp than wetland sites, and the wetland specific regression relationship is more similar to the relationship reported by 436 

Waldron et al. (1999). However, even our wetland regression relationship has a flatter slope than reported in Waldron et al. 437 

(1999).   438 

  The different regression relationships by environment type imply that understanding the relative balance of emissions from 439 

wetlands and inland waters could be important in accurately estimating global freshwater δ2H-CH4. The difference in δ2H-440 

CH4 between these environments is especially pronounced at high latitudes. A logical next step in predicting global 441 

freshwater δ2H-CH4 source signatures would be to combine high-resolution mapping of wetlands and inland waters, maps of 442 
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the global distribution of δ2Hp, and regression relationships between δ2H-CH4 vs. δ2Hp. When applying such an approach it 443 

may be prudent to use the environment specific regression relationships shown in Fig. 3b. 444 

4.2 Latitudinal differences in δ2H-CH4 445 

The dependence of δ2H-CH4 on δ2Hp translates directly into latitudinal variation in δ2H-CH4 (Fig. 4), and our results indicate 446 

that there are significant differences in the distribution of freshwater δ2H-CH4 values between high-latitude sites and mid- 447 

and low-latitude sites (Fig. 7A). The mean δ2H-CH4 for mid-latitude sites is 2H-depleted relative to low-latitude sites, but we 448 

cannot confirm they form different distributions. It is noteworthy that based on our analysis high-latitude sites can be 449 

distinguished from both mid- and low-latitude sites, given that the northern mid-latitudes are estimated to represent a 450 

relatively large fraction of total natural CH4 emissions based on bottom-up estimates (~30%; Saunois et al., 2020). 451 

Latitudinal differentiation of δ2H-CH4 has the potential to aid in geographic discrimination of freshwater methane sources, 452 

both because it is based on a clear mechanistic linkage with δ2H-H2O, and because geographic variation in δ2H-H2O is well 453 

understood. However, recent studies of atmospheric δ2H-CH4 variation have not accounted for geographic variation in source 454 

signals. As an example, Rice et al., (2016) apply a constant δ2H-CH4 of -322‰ for both low-latitude (0-30º N) and high 455 

latitude (30- 90º N) wetland emissions. Based on our dataset this estimate is an inaccurate representation of freshwater δ2H-456 

CH4 for either 0-30º N (median: -296‰) or 30-90º N (median: -340‰), and is substantially lower than our global flux-457 

weighted mean δ2H-CH4 for freshwater environments (-307‰). Studies of ice core data have more frequently applied 458 

different freshwater δ2H-CH4 values as a function of latitude. For example, Bock et al., (2010) differentiated δ2H-CH4 459 

between tropical (-320‰) and boreal (-370‰) wetlands. These values are lower than our estimates for freshwater 460 

environments on the whole (Fig. 7a), although the boreal wetland estimate of Bock et al., (2010) is similar to our median 461 

value for high-latitude wetlands (-378‰). Overall, our results imply that accounting for latitudinal variation in freshwater 462 

δ2H-CH4, along with latitudinal flux estimates, is important for developing accurate estimates of global δ2H-CH4 source 463 

signatures. 464 

4.2.1 Comparison with latitudinal differences in δ13C-CH4 465 

Our analysis indicates significant differences in the distribution of freshwater δ13C-CH4 between the low- and high-latitudes, 466 

but mid-latitude sites cannot be differentiated. Furthermore our results do not indicate significant latitudinal differences in 467 

δ13C-CH4 for wetland sites in particular, whereas we do observe significant differences between the low- and high-latitudes 468 

for inland water sites. This is in contrast to previous studies that have inferred significant differences in wetland δ13C-CH4 by 469 

latitude (Ganesan et al., 2018; Bock et al., 2010; Rice et al., 2016). An important caveat is that we have not analyzed a 470 

comprehensive dataset of freshwater δ13C-CH4, for which there is much more published data than for δ2H-CH4, although to 471 

our knowledge this is the largest compiled dataset of freshwater δ13C-CH4 to date. In addition, we do not take into account 472 
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the geographic distribution of different ecosystem types, although our analysis also does not find significant differences in 473 

δ13C-CH4 between ecosystem types (Fig. 8; Sect. 3.4.2; Sect. 4.4). Latitudinal differences in δ13C-CH4 inferred by Ganesan et 474 

al. (2018) were based on two key mechanisms: (1) differences in methanogenic pathway between different types of 475 

wetlands, especially between minerotrophic fens and ombrotrophic bogs; and (2) differential inputs of organic carbon from 476 

C3 and C4 plants. Because inferred latitudinal differences in δ13C-CH4 and δ2H-CH4 are caused by different mechanisms, 477 

they could be highly complementary in validating estimates of freshwater emissions by latitude. It is also important to note 478 

that previous assessments of latitudinal differences in δ13C-CH4 have not included inland water environments. A benefit of 479 

geographic discrimination based on δ2H-CH4 is that the same causal mechanism applies to total freshwater emissions, 480 

including both wetlands and inland waters. 481 

4.2.2 Potential for geographic discrimination of other microbial methane sources 482 

We speculate that latitudinal differences in δ2H-CH4 should also be observed in other fluxes of microbial methane from 483 

terrestrial environments, including enteric fermentation in livestock and wild animals, manure ponds, landfills, and termites. 484 

This is because microbial methanogenesis in all of these environments will incorporate hydrogen from environmental water, 485 

and therefore will be influenced by variation in precipitation δ2H. There is limited data currently available to test this 486 

prediction, but δ2H-CH4 data from cow rumen and landfills that are available with either specified locations or δ2H-H2O 487 

(Liptay et al., 1998; Levin et al., 1993; Teasdale et al., 2019; Bilek et al., 2001; Wang et al., 2015; Burke, 1993) plot in a 488 

range that is consistent with the δ2H-CH4 vs. δ2H-H2O relationships for freshwater CH4 (Fig. 6). Landfill data are only 489 

available for a very small range of δ2Hp, making it impossible to assess for geographic variation, but the available data plot 490 

in a range spanning our regression relationships for inferred hydrogenotrophic and acetoclastic methanogenesis. δ2H-CH4 491 

data from cow rumen span a much wider range, and express substantial variation that is independent of δ2H-H2O. However, 492 

the cow rumen data do imply hydrogen isotope apparent fractionation that is similar to the range observed in freshwater 493 

environments. Based on these limited data, we suggest that both landfill and cow rumen δ2H-CH4 likely vary geographically 494 

as a function of δ2H-H2O, and that this variation could be used to distinguish these CH4 sources geographically, although 495 

they are likely to be substantially influenced by other variables as well. More data is clearly needed to test this conjecture, 496 

and it will also be important to evaluate how closely δ2Hp corresponds to environmental δ2H-H2O in both landfills and cow 497 

rumen. 498 

4.3 Influence of methanogenic pathways and methane oxidation on δ2H-CH4 499 

The observed co-variation between δ2H-CH4,W0 and αC (Fig. 5b) is consistent with previous inferences that methanogenic 500 

pathways and methane oxidation have a significant effect on freshwater δ2H-CH4 (Chanton et al., 2006; Whiticar, 1999). Our 501 

analysis implies that methane oxidation in particular can have a large effect on δ2H-CH4 in freshwater environments, 502 
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corresponding to variability on the order of 130‰. However, we note that of the 66 sites with δ13C-CO2 data, only 6 had 503 

δ2H-CH4 values that were evidently influenced by methane oxidation (Fig. 5b). Of these, four sites were from the Amazon 504 

River (Lansdown, 1994). Inferred δ2H-CH4 variability related to differing methanogenic pathways is also pronounced, on the 505 

order of 60‰. This source of variation influences a much larger proportion of the sites in our dataset, making up 90% of 506 

sites with δ13C-CO2 measurements. Multivariate regression suggests that, when sites with apparent methane oxidation are 507 

excluded, 65% of variability in δ2H-CH4 can be explained jointly by δ2H-H2O and αC. This multivariate relationship could 508 

potentially be used to improve spatial predictions of δ2H-CH4, although geographic variation in αC is not well defined.  509 

It is important to note that other biogeochemical variables have the potential to influence both αC and CH4-δ2H, and 510 

could be partly responsible for the variation observed in Fig. 5b. In particular, some studies have suggested that αH varies as 511 

a function of the reversibility of methanogenesis (Valentine et al., 2004b; Stolper et al., 2015), which potentially scales with 512 

rates of methane production. The influence of the reversibility of methanogenesis on αH is supported by a correlation 513 

between this variable and measurements of multiply substituted, or clumped, isotopologues of CH4, which are also predicted 514 

to vary as a function of methanogenesis reversibility (Stolper et al., 2015; Douglas et al., 2017; Douglas et al., 2016). 515 

Enzymatic reversibility of methanogenesis has also been inferred to influence αC (Valentine et al., 2004b; Penning et al., 516 

2005), although the relative importance of this mechanism versus methanogenic pathway in natural environments remains 517 

unclear. 518 

 It is intriguing that δ13C-CO2 also exhibits a piece-wise linear relationship with δ2H-CH4,W0 (Fig. 5c), which is 519 

consistent with the predicted influence of methane oxidation and methanogenic pathways, but that δ13C-CH4 does not (Fig. 520 

5a). This is unexpected, both because δ13C-CH4 is typically thought to be significantly influenced by both methane oxidation 521 

and methanogenic pathways (Whiticar, 1999), and because in freshwater environments it is probable that a wide range of 522 

biotic and abiotic processes unrelated to methane cycling influence δ13C-CO2. Our observations are partially explained by 523 

the greater overlap in the predicted fields for methanogenic pathway dependent variability and methane-oxidation dependent 524 

variability in the plot of δ13C-CH4 vs. δ2H-CH4,W0 (Fig. 5a) than δ13C-CO2 vs. δ2H-CH4,W0 (Fig. 5c). Second, we speculate 525 

that variability in organic matter δ13C could be an important factor influencing δ13C-CH4 that does not affect δ2H-CH4,W0. 526 

This has been previously inferred in terms of δ13C differences between wetlands dominated by C3 vs. C4 plants (Ganesan et 527 

al., 2018). It could also be important in inland water environments, where sedimentary organic matter can vary widely in 528 

δ13C (Conrad et al., 2011), in part as a function of the relative abundance of terrigenous and autochthonous organic matter 529 

(France, 1995). Third, given the large difference in δ13C between CO2 and CH4, even small changes in CO2 concentrations 530 

resulting from hydrogenotrophic methanogenesis or CH4 oxidation can have a disproportionate isotopic fractionation on 531 

δ13C-CO2. While not definitive, our results are consistent with other studies implying that there are complications in using 532 

δ13C-CH4 as an unambiguous proxy for methanogenic pathway (Penning et al., 2005; Penning et al., 2006; Conrad et al., 533 

2011). We argue that, where possible, combined measurements of δ13C-CH4, δ13C-CO2, δ2H-CH4, and δ2H-H2O will provide 534 
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the greatest specificity in identifying methanogenic pathways and the extent of methane oxidation within a specific 535 

environment. 536 

4.3.1 Influence of methanogenic pathway on the δ2H-CH4 vs. δ2H-H2O relationship 537 

Our results imply a difference in the δ2H-CH4 vs. δ2H-H2O relationship for samples with high αC values and intermediate αC 538 

values (Fig. 6). This is consistent with predicted differences in this relationship between hydrogenotrophic methanogenesis 539 

(high αC) and acetoclastic methanogenesis (intermediate αC) (Chanton et al., 2006;Whiticar, 1999). Previous research 540 

predicted that hydrogenotrophic methanogenesis should express a δ2H-CH4 vs. δ2H-H2O slope of 1 (Whiticar, 1999), but 541 

constant hydrogen isotope fractionation between H2O and CH4 would result in a flatter slope, ranging from 0.8 to 0.69 for αH 542 

values between 1.25 and 1.45 (Fig. 6). The regression relationship for sites with high αC (hydrogenotrophic methanogenesis) 543 

is consistent with the slope and intercept for αH of 1.35. It is likely that αH for hydrogenotrophic methanogenesis in fact 544 

varies widely in natural environments (Chanton et al., 2006; Douglas et al., 2016; Douglas et al., 2017), but this agreement 545 

suggests that 1.35 could be a representative mean αH for this process in freshwater ecosystems.  546 

The intermediate αC (acetoclastic methanogenesis) regression relationship has a much flatter slope (0.39±.13) that is 547 

not consistent with a constant αH value (Fig. 6). The slope of this relationship is within error of the slope for methanogenesis 548 

incubation experiments reported by Waldron et al. (1999b) (0.44±0.03), although the intercept is higher (-309‰ vs. -321‰). 549 

We argue that this agreement implies that the incubation experiment regression relationship is a good approximation for the 550 

δ2H-CH4 vs. δ2H-H2O relationship in natural environments dominated by acetoclastic methanogenesis.  551 

Previous work predicted a slope of 0.25 for acetoclastic methanogenesis (Whiticar, 1999), and pure culture experiments have 552 

also found a relatively flat slope of approximately 0.15 (Gruen et al., 2018). However, this prediction does not take into 553 

account that the δ2H of acetate methyl hydrogen is probably also influenced by environmental δ2H-H2O, and therefore likely 554 

varies geographically as a function of δ2Hp. To our knowledge there are no measurements of acetate or acetate-methyl δ2H 555 

from natural environments with which to test this idea. In general, variability in the δ2H of environmental organic molecules, 556 

including fatty acids and cellulose, is largely controlled by δ2H-H2O (Huang et al., 2002;Sachse et al., 2012;Mora and 557 

Zanazzi, 2017), albeit with widely varying fractionation factors. We argue therefore that the δ2H of acetate derived from 558 

fermentation would be partly controlled by environmental δ2H-H2O. Furthermore, culture experiments with acetogenic 559 

bacteria imply that there is rapid isotopic exchange between H2 and H2O during chemoautotrophic acetogenesis (Valentine et 560 

al., 2004a), implying that the δ2H of  chemoautotrophic acetate is also influenced by environmental δ2H-H2O. Incubation 561 

experiments, such as those synthesized by Waldron et al. (1999b), are likely to contain acetate δ2H that is partially controlled 562 

by ambient δ2H-H2O, given that the acetate inthese incubation experiments was probably actively produced by fermentation 563 

and/or acetogenesis during the course of the experiment. This differs from pure cultures of methanogens, where acetate is 564 
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provided in the culture medium and therefore would not vary in its δ2H value, unless this was explicitly controlled in the 565 

experiment. 566 

4.4 Isotopic differences in CH4 between ecosystems 567 

The absence of significant differences in δ2H-CH4,W0 distributions between specific ecosystem types could be the result of 568 

small samples sizes for most ecosystems. We do observe large apparent differences in median δ2H-CH4,W0 between some 569 

ecosystem categories (Fig. 8a), and further studies could be targeted towards verifying these differences. Specifically, rice 570 

paddies and fens have low median δ2H-CH4,W0, which could reflect a greater proportion of acetoclastic methanogenesis in 571 

these ecosystems (Ganesan et al., 2018; Hornibrook, 2009; Conrad and Klose, 1999). In contrast, relatively high median 572 

δ2H-CH4,W0 for bogs and marshes/swamps could be related to a greater degree of hydrogenotrophic methanogenesis in these 573 

environments (Ganesan et al., 2018; Hornibrook, 2009). However, bogs especially express a very high degree of variability 574 

in δ2H-CH4,W0, suggesting that methanogenic pathways may be highly variable between different bogs, as has been 575 

previously inferred in studies of δ13C-CH4 (Hornibrook, 2009). High median values in river ecosystems, in contrast, are 576 

likely a function of greater rates of oxidation, given that these environments are also characterized by relatively high δ13C-577 

CH4 (Fig. 8b). As noted above (Sect. 4.3), these sites also tend to have low values for αc. We suggest that greater oxidation in 578 

fluvial environments could be a result of reduced stratification compared to other inland water environments, and therefore 579 

greater dissolved oxygen and potential for aerobic oxidation in the water column and sediments. However, our river dataset 580 

is highly biased towards the Amazon river basin, and drawing firm conclusions will require a larger and more widely 581 

distributed dataset. There is a significant difference in the distribution of δ2H-CH4,W0 between the broader categories of 582 

inland waters and wetlands. This difference is primarily a result of the difference in δ2H-CH4 between these environments in 583 

the high latitudes (Fig. 3b). We are unsure of the mechanism causing this difference, though it may be partly related to a 584 

greater overall prevalence of CH4 oxidation in inland waters, as discussed above and in Sect. 4.5.  585 

In our dataset differences in δ13C-CH4 distributions between ecosystem types are also generally not significant, and 586 

are less pronounced than for δ2H-CH4,W0 (Fig. 8b). The one exception to this is significantly higher δ13C-CH4 in rivers 587 

relative to lakes, which is consistent with greater CH4 oxidation in rivers. Among wetlands, rice paddies have somewhat 588 

higher median δ13C-CH4, and bogs have somewhat lower median δ13C-CH4, but the uncertainty in these median values 589 

overlaps the median for the dataset as a whole. This is in contrast to previous studies that have suggested that fens and bogs 590 

in particular have distinctive δ13C-CH4 (Ganesan et al., 2018). As noted above, this result should be interpreted with caution 591 

given that our dataset is not a comprehensive compilation of published δ13C-CH4 data. However, we argue that differences in 592 

δ13C-CH4 between wetland ecosystem categories require further verification before being inferred confidently. 593 

 594 

 595 
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4.5 Isotopic differences between dissolved and gas-phase CH4  596 

In general we do not observe significant, or even apparent, differences in CH4 isotopic composition between sites where 597 

dissolved and gas-phase samples were analyzed. The one exception to this is high δ2H-CH4,W0 in dissolved samples relative 598 

to gas samples from inland water environments. We suggest this could be a result of generally greater oxidation of dissolved 599 

CH4 in inland water environments, potentially as a result of longer exposure to aerobic conditions in lake or river water 600 

columns. This is in contrast to wetlands, where aerobic conditions are generally limited to the uppermost layers of wetlands 601 

proximate to the water table. However, our dataset for inland water dissolved CH4 is quite small (n=9), and more data is 602 

needed to test this hypothesis. No difference between dissolved and gas-phase samples are clearly apparent for δ13C, either 603 

for inland waters or wetlands. 604 

Overall, our data imply that isotopic differences between dissolved and gas phase methane are relatively minor on a 605 

global basis, and therefore that the relative balance of diffusive vs. ebullition gas fluxes should not have a large effect on the 606 

isotopic composition of freshwater CH4 emissions. However, our study does not specifically account for isotopic 607 

fractionation occurring during diffusive or plant-mediated transport (Hornibrook, 2009), and most of our dissolved sample 608 

data are of in-situ dissolved CH4 and not diffusive fluxes. More isotopic data specifically focused on diffusive methane 609 

emissions, for example using measurements of gas sampled from chambers, would help to resolve this question. 610 

4.6 Implications for atmospheric CH4 isotopic composition  611 

Our bottom-up estimate of global atmospheric source δ2H-CH4, -277±8‰, is within the range of top-down estimates from 612 

1977-2005 (-258 to -289‰) (Rice et al., 2016). In contrast our estimate is significantly higher than a previous bottom-up 613 

estimate of modern global atmospheric source δ2H-CH4 (-295‰) (Whiticar and Schaefer, 2007). We suggest this difference 614 

is due to the use of much more depleted δ2H-CH4 source signatures for tropical and boreal wetlands by Whiticar and 615 

Schaefer (2007). 616 

Our bottom-up estimate of global atmospheric source δ13C-CH4 (-56.4±1.4‰) is significantly lower than the range 617 

of top-down estimates from 1977-2005 (-51.7 to -53‰) (Rice et al., 2016). This discrepancy in δ13C-CH4 estimates could be 618 

the result of one or more of the following: (1) errors in the sink fluxes or fractionation factors applied by Rice et al. (2016); 619 

(2) biases in our applied δ13C-CH4 source signatures towards δ13C enriched values; or (3) biases in the bottom-up flux 620 

estimates of Saunois et al. (2020) towards 13C enriched sources. Our estimate is also more depleted than the modern bottom-621 

up estimate of Whiticar and Schaefer (2007), -54.2‰.  622 

One plausible bias in our source signatures is that we have not included high δ13C-CH4 values from tropical 623 

wetlands dominated by C4 plants (Ganesan et al., 2018). However our global flux weighted δ13C-CH4 for freshwater 624 

environments (-61.5‰) is higher than that of Ganesan et al. (2018), -62‰. Furthermore, changing the tropical wetland δ13C-625 
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CH4 signature source signature in our mixing model to the average tropical signature inferred by Ganesan et al. (2018) (-626 

56.7‰) only increases our estimated global δ13C-CH4 to -55.1±1.4‰, which is still inconsistent with top-down estimates. 627 

Another plausible cause of the observed discrepancy between bottom-up and top-down δ13C-CH4 estimates is that 628 

emissions inventories underestimate fossil-fuel emissions and overestimate microbial emissions (Schwietzke et al., 2016). 629 

We examined this scenario by increasing fossil fuel emissions in our mixing model by a factor of two, and decreased all 630 

microbial sources by a factor of two. In this scenario bottom-up δ13C-CH4 is -52±1.6‰, which is within the range of top-631 

down estimates. However, this also results in a much greater bottom-up δ2H-CH4 of -250±9‰, which is not consistent with 632 

most top-down estimates from 1977-2005 (Fig. 10). 633 

A final scenario that could potentially reconcile bottom-up and top-down estimates of both δ13C-CH4 and δ2H-CH4 634 

is a large increase in biomass burning emissions (Fig. 10C). We examined this scenario by increasing biomass burning 635 

emissions by a factor of 4, and decreasing all other emissions sources by 10%. This results in δ13C-CH4 of -52.8±1.64‰ and 636 

δ2H-CH4 of -269±7‰, which are both consistent with the range of top-down estimates. However, we are uncertain whether 637 

such a large increase of biomass burning emissions is plausible. 638 

Another interesting result of comparing our bottom-up estimates with top-down estimates from 1977-2005 is that 639 

the top-down estimates, taken at face value, imply very large changes in global source δ2H-CH4 on interannual timescales. 640 

As shown in Fig. 10A, these changes generally have a steep positive slope in terms of δ2H-CH4 vs. changes in CH4 flux. This 641 

suggests that inter-annual variability during this period was primarily driven by changes in fossil fuel or biomass burning 642 

emissions. However, the slopes of interannual variability shown in in Fig. 10A are too steep to be caused by changes in these 643 

emissions sources alone. We suggest they require either (1) concomitant changes in microbial sources of an opposite sign 644 

(e.g. an increase in fossil fuel emissions combined with a decrease in freshwater emissions); or (2) changes in the sink fluxes 645 

or isotopic fractionations that are not accounted for in the model of Rice et al. (2016). In contrast the trend towards lower 646 

δ2H-CH4 between 2002-2005 likely involved an increase in microbial emissions, but based on the trends shown in Fig. 10A 647 

would have required concomitant reductions in fossil fuel or biomass burning emissions.  648 

Ultimately, fully accounting for variability in atmospheric δ2H-CH4 is beyond the scope of this paper and will 649 

require more in-depth models of source and sink processes. However, based on the analysis above, we argue that the large 650 

variability in atmospheric δ2H-CH4 is an important constraint on global CH4 budgets that has been under-utilized, but that 651 

has strong potential to complement δ13C-CH4 measurements and modeling. This is especially true now that advances in 652 

measurement technology are making an expansion of both atmospheric and source δ2H-CH4 measurements increasingly 653 

practical (Chen et al., 2016; Röckmann et al., 2016; Yacovitch et al., 2020). Based on our dataset and analysis, atmospheric 654 

δ2H-CH4 measurements could be especially valuable in identifying increasing high-latitude freshwater CH4 emissions 655 

resulting from permafrost thaw (Koven et al., 2011). 656 
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5 Conclusions 657 

Our analysis of an expanded isotopic dataset for freshwater CH4 confirms previous assertions that δ2H-H2O is a primary 658 

determinant of δ2H-CH4 on a global scale (Whiticar, 1999; Chanton et al., 2006; Waldron et al., 1999b), but also finds that 659 

the slope of this relationship is flatter than was inferred in previous studies (Fig. 3a). This flatter slope may be the result of 660 

the inclusion of a greater proportion of inland water sites in our dataset. Our analysis also indicates that modeled δ2Hp is a 661 

good proxy for the effects of δ2H-H2O on δ2H-CH4, implying that isotope-enabled climate models could be used to predict 662 

the distribution of δ2H-CH4 in past and future climates. We find that residual variability in δ2H-CH4 is related to variance in 663 

methanogenic pathway and CH4 oxidation, as reflected by αc values (Fig. 5b). In contrast, δ13C-CH4 is not a significant 664 

predictor of δ2H-CH4 variability (Fig. 5a). Together δ2H-H2O and αc account for about 67% of variability in δ2H-CH4, when 665 

excluding sites with inferred methane oxidation. By using αc to classify sites on the basis of the dominant methanogenic 666 

pathway, we find that sites dominated by hydrogenotrophic methanogenesis express a relatively steep δ2H-H2O vs. δ2H-CH4 667 

slope that is consistent with a constant αH value of approximately 1.35 (Fig. 6). In contrast, sites dominated by acetoclastic 668 

methanogenesis express a flatter δ2H-H2O vs. δ2H-CH4 slope that is not consistent with a uniform αH value, but is similar to 669 

the slope observed in incubation experiments (Waldron et al., 1999b). 670 

The dependence of δ2H-CH4 on δ2H-H2O leads to clear latitudinal differences in δ2H-CH4, with particularly low 671 

values from high latitude sites (Fig. 7a). This implies that atmospheric δ2H-CH4 could be a valuable tracer for the geographic 672 

distribution of freshwater CH4 emissions, and potentially other microbial CH4 sources as well. The mechanism for latitudinal 673 

differences in δ2H-CH4 is distinct from proposed mechanisms for latitudinal differences in δ13C-CH4 (Ganesan et al., 2018), 674 

implying that these two isotopic tracers are complementary in validating geographic emissions sources. Atmospheric δ2H-675 

CH4 is especially sensitive to changes in high-latitude freshwater emissions, and could be valuable in constraining future 676 

methane emissions from thawing permafrost (Fig. 10A). We estimate a global flux-weighted δ2H-CH4 signature from 677 

freshwater environments of -307‰, which is significantly enriched relative to values used in previous source apportionment 678 

studies (Rice et al., 2016; Bock et al., 2017). Even when the effects of δ2H-H2O are accounted for we do not observe 679 

significant differences in δ2H-CH4 between ecosystem types or sample types (Fig. 8 and 9), with the exception of higher 680 

values in dissolved samples relative to gas samples in inland water environments. However, there are apparent differences 681 

between some wetland ecosystems that could be verified with larger datasets. 682 

Our bottom-up estimate of the global δ2H-CH4 source signature, -277±8‰, is consistent with top-down estimates 683 

based on atmospheric measurements between 1977 and 2005 (Rice et al., 2016), but our bottom-up estimate of global δ13C-684 

CH4, -56.4±1.4‰, is not consistent with these top-down estimates. We suggest that this discrepancy is likely the result of 685 

either (1) error in estimated sink fluxes or fractionations; or (2) a bias in inventory estimates towards microbial CH4 sources. 686 

Increased biomass burning emissions is one scenario that could reconcile bottom-up and top-down emissions estimates in 687 

terms of both δ13C-CH4 and δ2H-CH4. During the 1977-2005 period there were large interannual changes in estimated source 688 
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δ2H-CH4 that cannot be accounted for by changes in a single source term alone. In general, the large variability observed in 689 

atmospheric δ2H-CH4, combined with its distinctive source and sink signatures and new measurement technologies, suggest 690 

this measurement has strong potential as a tool to help resolve atmospheric methane budgets. 691 
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