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Hydroclimate and landscape diversity drive 
highly variable greenhouse gas emissions 
from tropical and subtropical inland waters
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(Sub)tropical inland waters are important greenhouse gas (GHG) sources, 
yet limited observations have long hindered broad analyses of GHG 
variability across this diverse region. Here, through a meta-analysis, we  
have examined the rates and drivers of GHG emissions from !owing and 
standing (sub)tropical inland waters. We "nd considerable spatial variation 
in !uxes, largely related to di#erences in hydroclimate, geo morphology, 
land cover and human disturbance. Flowing waters emit more carbon 
dioxide (3,3872,121

5,702$TgCO2$yr%1, expressing median                         ), methane  
(10.60.1

28.8$TgCH4$yr%1) and nitrous oxide (0.620.35
1.10$TgN2O$yr%1) than standing  

waters (11473
219 TgCO2$yr%1, 5.42.1

9.1$TgCH4$yr%1 and 0.030.02
0.05$TgN2O$yr%1, respectively).  

(Sub)tropical inland waters release 4,2382473
7375$TgCO2-equivalents annually, 

with "rst- to third-order streams contributing 75% of riverine emissions and 
lakes larger than 100$km2 contributing 59% of standing water emissions. 
Our results suggest emissions from (sub)tropical waters are 29–72% lower 
than earlier estimates, a downward revision with important implications for 
global GHG budgets.

Inland waters, including streams, rivers, lakes, ponds and reservoirs, 
are active biogeochemical reactors that receive, store, transport and 
process terrestrial carbon (C) and nitrogen (N). These reactions gener-
ate substantial amounts of greenhouse gases (GHGs), such as carbon 
dioxide (CO2), methane (CH4) and nitrous oxide (N2O), which are sub-
sequently emitted into the atmosphere1–8. Estimates of GHG emissions 
from global inland waters have been revised upwards in recent years, 
and evidence indicates that these emissions have changed considerably 

over the past centuries due to human activities4,5,9. However, estimat-
ing the current flux at both regional and global scales remains highly 
uncertain, with challenges arising from strong variability in time and 
space across multiple scales, limited observations in certain regions 
of the world and large uncertainties regarding the spatial extent of 
inland waters6,10.

Despite these remaining uncertainties, the importance of tropi-
cal inland waters in global GHG emissions has become increasingly 
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(2) wet-dry tropics (also referred to as savanna tropics or seasonally 
dry tropics), (3) arid and semi-arid (sub)tropics, (4) humid subtropics 
and (5) highland (or mountain) (sub)tropics (Extended Data Fig. 2). 
We explored the differences in GHG concentrations and fluxes across 
these five climate zones for both flowing (that is, streams and rivers) 
and standing (that is, lakes, reservoirs and ponds) waterbodies. We 
based our meta-analysis on over 500 peer-reviewed articles, with the 
majority (65%) of the data collected in the past 10$years (see Methods 
and Extended Data Fig. 1). Spatial coverage was uneven across the (sub)
tropics (Fig. 1a,b, Extended Data Fig. 3 and Supplementary Figs. 4–7), 
with the highest density of measurements in the highland tropics, 
southeastern China (which covers much of the humid subtropics) and, 
to a lesser extent, the Amazon and Congo basins (which cover much 
of the humid tropics). In contrast, (semi)arid regions had notably less 
observations. The distribution of surface areas across size classes and 
climate zones (Fig. 1c,d) revealed that standing waterbodies larger than 
100$km2 accounted for the majority (70%) of the total surface area, 
with a particularly large share located in the wet-dry tropics (26%). 
For flowing waters, first- to third-order streams contributed the most 
to the total surface area (51%), with the majority (32%) located in the 
humid and wet-dry tropics combined.

The concentrations and fluxes of CO2 were both consistently 
higher than those of CH4 (considered in its diffusive form unless other-
wise specified) and N2O across both flowing and standing waterbodies 
(Fig. 1e,f). For rivers, CO2 and CH4 emissions showed similar patterns 
across climate zones, with the highest area-weighted fluxes observed in 
the humid, wet-dry and highland tropics, while N2O emissions peaked 
in the highland tropics. Low-order streams had significantly higher 
GHG fluxes than high-order rivers, consistent with recent global stud-
ies on all three GHGs4,7,9,14,16. In standing waterbodies, the CO2 and CH4 
concentrations tended to decrease with increasing surface area, but 
differences were rarely significant. While previous work reported 
decreasing CO2 and CH4 fluxes with larger surface area2,28–30, our data-
set did not show consistent size-related patterns in fluxes due to high 
within-group variability. Cross-climate differences in standing waters 
were generally weak, except for N2O, which was higher in the humid 
subtropics and lower in the wet-dry tropics than in other climate zones.

Humid and wet-dry tropics dominate riverine 
emissions
Our upscaling approach suggests that (sub)tropical streams and 
rivers emitted 3,387           $TgCO2$yr%1 (representing median                          ),
10.60.1

28.8$TgCH4$yr%1 and 0.620.35
1.10$TgN2O$yr%1 (Table 1). Despite representing 

~62% of the wetted river surface area of the (sub)tropics, the combined 
humid and wet-dry tropical zones accounted for 77%, 81% and 67%  
of the (sub)tropical riverine CO2, CH4 and N2O fluxes, respectively.  
In contrast, the arid and semi-arid (sub)tropics contributed 11%, 9%  
and 14% to the riverine CO2, CH4 and N2O fluxes, despite hosting a larger 
proportion (~20%) of the total wetted river surface area. The remaining 

apparent2,7,11–14. Recent modelling suggests that approximately 56% 
and 52% of riverine CO2 and CH4 emissions, respectively, originate 
from the tropics, which make up only about 43% of the global river 
surface area7,14. Tropical and subtropical lakes contribute roughly half 
of global lake CH4 emissions, despite representing only 13% of total lake 
surface area15. While N2O fluxes remain poorly constrained globally10, 
major river networks in the (sub)tropics, such as the Amazon, Ganges, 
Niger and Yangtze, have been identified as potential key contributors 
to global riverine N2O emissions4,16, although some large near-pristine 
rivers, such as those within the Congo River network, seem to be mod-
est N2O sources13. The N2O emissions from tropical lakes, in contrast, 
can be marginal17,18.

One limitation to the prevailing assumption that the tropics are 
hotspots for inland water GHG emissions is that it may omit the nuances 
and complexity of this vast region. The tropics encompass a myriad 
of subclimates, landforms, vegetation types and varying degrees of 
human disturbance, but this diversity has not been reflected in global 
datasets, which until recently were based primarily on observations 
from the Amazon basin2,19,20. Due to limited spatial coverage and a lack 
of consistent seasonal sampling, the tropics have often been treated as 
a constant and homogeneous hotspot of GHG emissions, with global 
studies overlooking the potentially wide range of GHG concentrations 
and fluxes across diverse (sub)tropical inland waters2,19,20. Over the past 
10$years, research on tropical GHG emissions has expanded substan-
tially (Extended Data Fig. 1), leading to a much more detailed represen-
tation of tropical ecosystems and their contribution to global inland 
water emissions. New studies have highlighted tropical heterogeneity 
at regional or continental scales12,18,21, yet a global synthesis integrating 
emissions from all three GHGs and both flowing and standing inland 
waters is still lacking.

In this study, we aimed to develop a nuanced understanding of the 
patterns and drivers of tropical inland water GHG emission variability. 
We leveraged the growing number of measurements across the trop-
ics, which now offer better spatial coverage and more representative 
seasonal sampling, together with recent improvements in geospatial 
datasets of inland water surface areas22–25, to provide an updated esti-
mate of these emissions. We also examined geographical disparities 
and drivers of GHG emissions, and identified regions and ecosystems 
that still have substantial observation gaps. Given the ongoing climate 
change in temperate and subtropical ecosystems26, we adopted a broad 
spatial coverage that includes subtropical inland waters to anticipate 
future scenarios of GHG emissions. As such, we refer to the tropics 
and subtropics collectively as the ‘(sub)tropics’, with cut-off latitudes 
of 34°$S and 34°$N.

Geographic coverage and patterns of GHG data
We partitioned the (sub)tropics into five climate zones based on a 
simplified version of the updated Köppen–Geiger classification27: (1) 
humid tropics (sometimes called rainforest tropics or wet tropics), 

Fig. 1 | Spatial distribution and characteristics of GHG concentration and 
flux measurements across (sub)tropical climate zones. a,b, Locations of 
measurements in flowing (a) and standing (b) waterbodies. Each marker 
corresponds to a site with any GHG concentration and/or flux measurement. 
c,d, Estimated wetted surface areas of (sub)tropical flowing (c) and standing 
(d) waters across climate zones. e,f, Distributions of CO2, diffusive CH4 and N2O 
concentrations and fluxes from flowing (e) and standing (f) waters, shown as a 
function of stream order and lake/reservoir surface area, respectively. The y-axis 
labels in e and f reflect log-transformed values (for example, %3$=$10%3). Fluxes 
that were estimated as the product of concentration measurements, and gas 
transfer velocity estimates (see Methods) are included in the plots. Coloured 
markers represent the median value for each stream order or lake size class. 
Letters indicate significant differences between the medians of each climate 
zone based on two-sided Kruskal–Wallis and pairwise Wilcoxon rank-sum post 
hoc tests (p$<$0.01). Asterisks indicate significant differences across stream 

orders or size classes within a climate zone based on two-sided Kruskal–Wallis 
tests (*p$<$0.05 and **p$<$0.01; see Methods and Supplementary Tables 11–16). For 
flowing waters, a constant of 0.1 was added to the N2O fluxes to visualize the 6.2% 
(number of observations n_obs$=$41) negative values on a log scale. No constant 
was added to the CO2 and CH4 fluxes; 2.2% (n_obs$=$60) and 0.6% (n_obs$=$12) of 
the CO2 and CH4 flux values are negative and not shown in the plots. For standing 
waters, constants were added to the CO2 (+100) and N2O (+0.01) fluxes to 
visualize the 21% (n_obs$=$56; CO2) and 36% (n_obs$=$35; N2O) negative values on a 
log scale. No constant was added to the CH4 fluxes; 0.9% (n_obs$=$3) of the CH4 flux 
values are negative and not shown in the plots. Dashed horizontal lines indicate 
the actual zero threshold. Some stream orders and size classes were merged 
for visual clarity. Humid, humid tropics; Wet-dry, wet-dry tropics; Arid, (semi)
arid tropics and subtropics; Humid sub., humid subtropics; Highland, highland 
tropics and subtropics (see Extended Data Fig. 2 for the geographic coverage of 
each climate zone). Here we consider the latitudes between 34°$S and 34°$N.
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contributions were from the humid subtropics (9%, 6% and 14% of the 
riverine CO2, CH4 and N2O fluxes) and the highland (sub)tropics (3%, 
4% and 5% of the riverine CO2, CH4 and N2O fluxes).

To assess the contributions of each GHG to the total modelled emis-
sion flux in terms of their radiative forcing, we derived CO2-equivalent 
fluxes based on the global warming potential of CH4 and N2O over 
100$years (Fig. 2). The CO2 flux was the largest component, contribut-
ing 91% of the total riverine CO2-equivalent emissions, while the total 
(diffusive$+$ebullitive) CH4 and N2O fluxes represented 4% and 5% of 
this total, respectively. The CO2 and total CH4 emissions showed similar 
differences across climate zones, with dominant contributions from 
the humid and wet-dry tropics, whereas N2O emissions were highest in 
the wet-dry tropics, and almost as high in (semi)arid areas and humid 
subtropics as in the humid tropics.

Our scaled GHG emission estimates from flowing waters differ sub-
stantially from previous estimates. Considering the same cut-off lati-
tudes as ours, our median CO2 emission flux estimate (3,387$TgCO2$yr%1) 
is 29% lower than that from Liu et al.14 (4,792$TgCO2$yr%1), whereas the 
median estimate of Tian et al.9 (~1,100$TgCO2$yr%1) is much lower than 
ours. For the same latitude range, our median total CH4 emission 
estimate (10.6$TgCH4$yr%1) is 45% lower than that of Rocher-Ros et al.7 
(19.1$TgCH4$yr%1). Our median N2O estimate (0.62$TgN2O$yr%1) repre-
sents 67–78% of modelled estimates for the entire world4,8 (0.92 and 
0.80$TgN2O$yr%1, respectively) but is higher than the estimate from 
another global study16 (0.23$TgN2O$yr%1). The discrepancies with previ-
ous CO2 and CH4 estimates are unlikely to result from differences in river 
surface area, but instead might reflect our lower gas transfer velocity 
estimates as we used finer channel slope estimates24 than previous 
studies7,14 (Supplementary Discussion$4). Discrepancies are also likely 
to reflect differences in upscaling approaches—meta-analysis versus 
network modelling—and the larger number of empirical measurements 
included in our synthesis. Compared with earlier work7,14, we drew on 
2.6 times more CO2 sites and 1.5 times more CH4 sites, with a stronger 
emphasis on direct observations rather than modelled values. We are 
therefore confident that our values are better constrained than previ-
ous estimates (Supplementary Discussion$3).

Drivers of riverine emissions differ among GHGs
The humid tropics were the largest emitters of CO2 and CH4 (p$<$0.01; 
Fig. 2), driven by their extensive wetted surface area (the largest among 
all climate zones; Supplementary Table 8) and high dissolved GHG con-
centrations that led to high area-weighted emissions despite relatively 
low gas transfer velocities (Fig. 1 and Supplementary Tables$9, 10 and 
12). The wet-dry tropics ranked second (p$<$0.01; Fig. 2), with wetted 
areas and GHG inputs nearly as high as those in the humid tropics and 
higher gas transfer velocities (Supplementary Table 12b). Wet-dry tropi-
cal streams had the highest N2O emissions (p$<$0.01; Fig. 2), largely due 
to high concentrations in low-order streams (Supplementary Table 10). 
Despite occupying only 3% of the (sub)tropical wetted river surface 
area (Fig. 1 and Supplementary Table 8) and having low GHG con-
centrations (Supplementary Table 12b), highland tropical rivers had 

among the highest area-weighted GHG fluxes (p$<$0.01; Fig. 1e and 
Supplementary Table 12a), a result of their higher gas transfer velocities 
(Supplementary Table 12b), in line with previous studies31,32. Conversely, 
the (semi)arid tropics contributed less, likely due to lower GHG con-
centrations (Supplementary Table 12a) reflecting limited terrestrial–
aquatic connectivity and lower wetland extent33. Across all climate 
zones, low-order streams were key emitters, combining large wetted 
areas with high GHG inputs (Fig. 1 and Supplementary Tables 8, 9 and 
11b). When considered alone, first- to third-order streams accounted 
for 75% of the total riverine GHG emissions from the entire (sub)trop-
ics, consistent with earlier findings, highlighting the disproportionate 
role of low-order streams in emissions4,9,14,16.

To understand the drivers of riverine GHG fluxes at finer spatial 
scales, we examined the interplay between climate, hydrological and 
landscape variables. Given the relatively limited number of direct flux 
measurements, especially for N2O, we used concentration data instead 
(see Methods). The positive relationship between flux and concentra-
tion across sites (Extended Data Fig. 4) suggests that gas content is 
a strong control for emissions, which allowed us to assume that the 
drivers identified for concentrations are similarly relevant for fluxes.

Using a range of catchment predictors, we were able to explain 
35%46% of the variance (R2) in measured GHG concentrations (Fig. 3). 
While the importance of specific predictors varied across the three 
GHGs, a common finding was the role of hydrological variables 
(light-red bars in Fig. 3). Hydrology was at least as important as land-
scape (pink bars) and climate (purple bars) variables in explaining GHG 
variations. Discharge, which in this analysis reflects spatial variation 
across sites (and thus scales positively with stream order) rather than 
temporal variations within sites, accounted for much of the variability 
in all GHGs, with higher discharge (that is, larger rivers) leading to 
lower concentrations. This inverse relationship with discharge is well 
established for CO2 (refs. 9,34–36) and has occasionally been reported 
for CH4 and N2O (refs. 37,38). Groundwater depth had a strong nega-
tive effect on CO2 and CH4 concentrations, confirming the key role of 
hydrological connectivity and lateral inputs (that is, low groundwater 
depths) in supplying terrestrial C to tropical streams and rivers39–42.

Rainfall seasonality negatively correlated with CO2, supporting our 
observation that productive regions with a more stable rainfall regime 
throughout the year (such as the humid tropics) had higher CO2 inputs. 
This relationship was also strong for N2O, but weaker and slightly posi-
tive for CH4. Human footprint43 was the strongest predictor of N2O and a 
relatively important driver of CH4, with high human disturbance related 
to high GHG concentrations. Previous studies have linked increases in riv-
erine GHG emissions to human alteration7,30,44,45, an effect that is greater 
in lower- to middle-income countries46, which are prevalent across the 
(sub)tropics, especially in the wet-dry tropics and humid subtropics.

Peatland extent was a strong predictor of CH4 and, to a lesser 
extent, of CO2, with greater peatland cover associated with higher 
GHG concentrations. In large, lowland tropical rivers, CO2 and CH4 
concentrations are often closely linked to wetland extent across 
the drainage area11–13,47. Temperature also influenced riverine CH4 

Table 1 | Total median riverine GHG emissions for each climate zone of the (sub)tropics

Climate zone CO2 "lux (TgCO2!yr#1) CH4 di$usive "lux (TgCH4!yr#1) CH4 ebullitive "lux (TgCH4!yr#1) N2O "lux (TgN2O!yr#1)

Humid tropics 1,353 (854–2,325) 2.20 (1.31–3.40) 2.51 (0.08–6.58) 0.100 (0.054–0.198)

Wet-dry tropics 1,257 (763–2,272) 1.88 (0.95–3.55) 2.03 (#0.06–6.06) 0.316 (0.187–0.589)

(Semi)arid (sub)tropics 363 (239–497) 0.43 (0.27–0.61) 0.50 (0.04–1.22) 0.085 (0.044–0.134)

Humid subtropics 309 (197–440) 0.26 (0.17–0.38) 0.32 (0.03–0.80) 0.084 (0.046–0.132)

Highland (sub)tropics 105 (68–168) 0.21 (0.10–0.33) 0.24 (#0.02–0.63) 0.031 (0.016–0.049)

Total 3,387 (2,121–5,702) 4.98 (2.80–8.27) 5.59 (0.06–15.28) 0.615 (0.346–1.102)
Values are based on a bootstrapping approach (see Methods) and the lower and upper bounds in parentheses correspond to the !irst (Q1) and third (Q3) quartiles, respectively. The CH4 
ebullitive !luxes were estimated from the CH4 diffusive !lux for each site in the database based on the relationship outlined in Rocher-Ros et al.7. Further details on the distribution of surface 
areas per stream order and climate zone are available in Supplementary Table 8.
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concentrations, consistent with the strong temperature dependency 
of methanogenesis48,49. In contrast, temperature showed a weak nega-
tive relation with CO2. This likely reflects complex interactions between 
biological and physical drivers, and is not inconsistent with the obser-
vation that net heterotrophy in tropical streams is largely independ-
ent of temperature variability21. In sum, we found that river size and 
groundwater depth were strongly associated with concentrations 
(and presumably fluxes) across all GHGs, while peatland extent, human 
footprint, rainfall seasonality and temperature had gas-specific effects.

Lakes dominate CH4 emissions, reservoirs a larger 
source of CO2 and N2O
Our upscaling approach suggests that, together, the standing water-
bodies of the (sub)tropics released 11473

219$TgCO2$yr%1, 5.42.1
9.1$TgCH4$yr%1 

and 0.030.02
0.05$TgN2O$yr%1 (Table 2). Scaled total CH4 fluxes were twice 

as high in lakes as in reservoirs, whereas scaled CO2 and N2O fluxes 
were 1.7 and 10 times higher in reservoirs, respectively. Lakes and 
reservoirs larger than 100$km2 (that is, our two largest size classes) 
represented 52%, 40% and 70% of the CO2, total CH4 and N2O emis-
sions, respectively. In contrast, lakes and reservoirs smaller than 
1$km2 (that is, our two smallest size classes) represented only 14%, 
29% and 10% of these emissions. This pattern is due to the relatively 
small surface area occupied by waterbodies smaller than 1$km2 
(8% of the total surface area; Supplementary Table 13) compared 
with the larger share for waterbodies larger than 100$km2 (70% of 
the total surface area; Supplementary Table 13), and despite the 
slightly higher area-weighted emission rates in small waterbodies 
(Supplementary Table 14).

Comparing the CO2-equivalent contributions of each GHG with 
the total emission flux (Fig. 4), the CO2 flux was the largest component 
for reservoirs (p$<$0.01), contributing 53% of the total CO2-equivalent 
emissions, with the remaining contributed by total CH4 (41%) and N2O 
(6%). For lakes, in contrast, the total CH4 emissions were the high-
est (p$<$0.01) and contributed 75% of the CO2-equivalent lake emis-
sions, with CO2 (24%) and N2O (1%) contributing the remaining. The 
wet-dry tropics had the highest fluxes across all GHGs and system 
types, alongside the (semi)arid regions for lakes and followed by the 
humid subtropics for reservoirs (p$<$0.01; Fig. 4). This partly reflects 
the wet-dry tropics’ largest surface areas for both lakes and reservoirs 
(Supplementary Table 13).

Our median total CH4 flux estimate of 5.4$TgCH4$yr%1 was 3.5 times 
smaller than the 18.8$TgCH4$yr%1 from (sub)tropical lakes reported 
by Johnson et al.15, who used a smaller total surface area than us 
(371$&$103$km2 versus 616$&$103$km2). This discrepancy is not due to 
substantial differences in diffusive fluxes between the two studies 
(Supplementary Table 7), but rather to the upscaling method: Johnson 
et al.15 extrapolated mean fluxes, whereas we used medians in our boot-
strapping, which we consider more robust to outliers30 (Supplementary 
Discussion 3 and Supplementary Table 7). That previous study also 
included floodplain lakes (excluded here) and applied lower ebulli-
tion rates only in systems larger than 5,000$km2, while we used a more 
conservative threshold of 1,000$km2, based on the assumption that 
ebullition from deeper areas is likely to be negligible (undetectable at 
depths >5$m (refs. 50,51)). Using medians for our ebullition estimates 
may not fully capture rare, high-magnitude events. This choice was 
intentional to provide a conservative estimate, given the current data 
limitations, and we acknowledge that the actual flux could be higher. 
Indeed, using mean CH4 ebullitive fluxes instead of medians, as in the 
case of Johnson et al.15, would increase the total CH4 flux estimate to 
974.9$TgCH4$yr%1, an 180-fold difference compared with our estimate, 
highlighting how strongly the choice of central tendency (mean versus 
median) influences upscaling results30. Beyond collecting more ebul-
lition data, there is a clear need for more transparent and comparable 
approaches to upscaling. Our downward revision is further supported 
by a recent assessment using a mechanistic model52, which reported 
global CH4 emissions from lakes that are roughly 50% lower than previ-
ous estimates15,30. Overall, our work represents a step towards reducing 
the large uncertainties that remain regarding global lake and reservoir 
CH4 emissions53 (Supplementary Discussion 3).

Our scaled CO2 and N2O estimates for standing waterbodies can-
not be directly compared with previous work28 as fluxes have not been 
specifically reported for the (sub)tropics. However, it is likely that 
our lake CO2 emission estimates are lower than those from earlier 
studies, consistent with a recent analysis suggesting that CO2 con-
centrations in African lakes and resulting emissions have previously 
been overestimated by an order of magnitude18. Our N2O estimate of 
0.03$TgN2O$yr%1 amounts to only 15% of previous global estimates8,17 
(both 0.20$TgN2O$yr%1), supporting the view that the bulk of lake N2O 
emissions is unlikely to originate from the (sub)tropics8,18.
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rank-sum post hoc comparisons with Benjamini–Hochberg correction (p$<$0.01), 
applied to bootstrapped flux distributions.
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Diverging size effects on lake and reservoir  
GHG emissions
Previous work has shown that CO2 and CH4 emissions from lakes 
and reservoirs tend to decrease with larger surface areas2,28–30. Our 
data revealed similar trends for both lakes and reservoirs, although 
not always significant (Fig. 5b,d,f and Supplementary Table 14). 
The decreasing pattern did not hold in large reservoirs (>10$km2), 
which had significantly higher CO2 and CH4 fluxes than similarly 
sized lakes. Decreasing fluxes with increasing area may arise from 
small systems receiving high organic matter inputs and being more 
influenced by sediments and littoral zones54, which together raise 
CO2 and CH4 levels55. In contrast, larger systems experience higher 
gas transfer velocities (Supplementary Table 15) due to greater 
fetch56 and more stable seasonal stratification57, which, together, 
reduce surface CO2 and CH4 levels (Supplementary Table 15). This 
reduction in larger systems is likely due to a combination of reduced 

inputs from the hypolimnion and increased sinks in the mixed layer 
(such as degassing for both gases, primary production for CO2 and 
microbial oxidation for CH4).

N2O fluxes in lakes also varied consistently with lake size, but 
in the opposite direction, with the majority of systems smaller than 
10$km2 acting as sinks of atmospheric N2O while larger systems were 
weak sources (Fig. 5f and Supplementary Table 14). In waterbodies 
with low dissolved inorganic nitrogen levels, such as the relatively 
pristine lakes of the humid tropics, N2O levels are generally low due to 
removal through soil denitrification, resulting in limited inputs from 
groundwater, and further removal via sedimentary denitrification18. 
Unlike for lakes, we found consistently positive N2O emissions across 
reservoir sizes, with no clear size effect (Fig. 5f). Increased N inputs 
from agricultural sources and flooded soils may explain these higher 
reservoir N2O concentrations and emissions (Supplementary Tables 14 
and 15). Nearly all (97%) our reservoir N2O data came from southeast 

Table 2 | Total median GHG emissions for lakes and reservoirs for each climate zone of the (sub)tropics

Climate zone CO2 "lux (TgCO2!yr#1) CH4 di$usive "lux (TgCH4!yr#1) CH4 ebullitive "lux (TgCH4!yr#1) N2O "lux (TgN2O!yr#1)

Lakes

Humid tropics 8.8 (3.8–18.7) 0.20 (0.10–0.33) 0.63 (0.20–1.09) 0.001 (0.000–0.003)

Wet-dry tropics 11.6 (5.2–26.4) 0.23 (0.13–0.35) 0.76 (0.25–1.22) 0.001 (0.000–0.004)

(Semi)arid (sub)tropics 11.1 (5.1–18.5) 0.22 (0.10–0.41) 0.84 (0.35–1.38) 0.001 (#0.000–0.004)

Humid subtropics 8.4 (3.9–13.6) 0.11 (0.07–0.21) 0.51 (0.17–0.88) 0.000 (#0.000–0.002)

Highland (sub)tropics 3.1 (1.6–5.4) 0.06 (0.03–0.10) 0.22 (0.09–0.35) 0.000 (#0.000–0.001)

Total lakes 42.9 (19.6–82.6) 0.82 (0.42–1.41) 2.96 (1.06–4.93) 0.003 (#0.000–0.013)

Reservoirs

Humid tropics 9.0 (6.8–16.7) 0.04 (0.02–0.05) 0.15 (0.05–0.26) 0.003 (0.003–0.005)

Wet-dry tropics 24.3 (18.6–51.8) 0.10 (0.07–0.18) 0.45 (0.14–0.77) 0.010 (0.007–0.013)

(Semi)arid (sub)tropics 15.2 (11.4–26.1) 0.06 (0.04–0.11) 0.25 (0.09–0.41) 0.006 (0.005–0.008)

Humid subtropics 20.6 (15.2–38.0) 0.09 (0.06–0.15) 0.45 (0.15–0.74) 0.008 (0.006–0.011)

Highland (sub)tropics 2.4 (1.7–3.4) 0.01 (0.01–0.02) 0.05 (0.02–0.10) 0.001 (0.001–0.001)

Total reservoirs 71.4 (53.6–136.0) 0.30 (0.20–0.50) 1.35 (0.44–2.27) 0.028 (0.021–0.039)

Grand total 114.4 (73.2–218.6) 1.12 (0.62–1.91) 4.31 (1.51–7.20) 0.032 (0.021–0.052)
Values are based on a bootstrapping approach (see Methods) and the lower and upper bounds in parentheses correspond to Q1 and Q3, respectively. Surface areas were obtained using the 
SWOT Prior Lake Database25 for systems larger than 0.01"km2. The CH4 ebullitive !luxes were estimated on the basis of the median !lux from 286 observations scaled to the total surface area 
regardless of system size (see Methods). Further details on the distribution of surface areas per size class and climate zone are available in Supplementary Table 13.
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Fig. 3 | Importance of ten catchment attributes in predicting GHG 
concentrations in streams and rivers. Catchment attributes can explain the 
variability in measured CO2, CH4 and N2O concentrations. Attributes include 
hydrological, landscape and climate variables. All ten catchment attributes 
were used as predictors in random forest models (see Methods). The R2 values 
above each plot indicate the proportion of variance in GHG concentrations 
explained by the models. Bars represent median feature importance across 20 

optimization runs of the models. Error bars indicate the interquartile range from 
these runs. The + and % signs on each bar indicate the direction of influence for 
each predictor; the absence of a sign indicates unclear or weak influences. Partial 
dependence plots provide further information on how each predictor influences 
GHG concentrations and are available in Supplementary Figs. 9–11. Analyses are 
based on n$=$2,471 (CO2), n$=$2,027 (CH4) and n$=$644 (N2O) independent site-level 
observations compiled from the database.
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China and India, where high levels of human alteration and eutrophica-
tion may explain the high fluxes58–60.

We did not observe a strong or consistent effect of climate on 
median GHG fluxes, although CO2 and CH4 emissions tended to be 
higher in the humid tropics, and N2O emissions were higher in the 
humid tropics and subtropics, as well as in the arid (sub)tropics (Fig. 5a,c 
and Supplementary Tables 16a,b). High CO2 fluxes in the humid trop-
ics may be linked to high terrestrial productivity in this region61 and 
increased lake heterotrophy18, whereas eutrophic waterbodies can be 
weak sources, or even sinks, of CO2 (refs. 62,63). The drivers of GHG 
concentrations in lakes are multifaceted (for example, depth, surface 
area, productivity, connectivity with rivers and human disturbance) and 
while our dataset provides new insights, this complexity, combined with 
limited observations, remains an impediment to upscaling efforts10,28,29.

Addressing observation gaps and future 
directions
Reducing uncertainties in key parameters such as surface area esti-
mates, gas exchange rates and CH4 ebullition will be essential to improve 
our estimates of (sub)tropical inland water emissions (Supplementary 
Discussion 4). Achieving this will also require the observation gaps 
that we identified across the (sub)tropics to be addressed. Despite 
new research adding valuable data, the coverage for both flowing and 
standing waters remains skewed towards the humid (sub)tropics, 
leaving gaps in more seasonal and (semi)arid environments (Fig. 1, 
Extended Data Fig. 3 and Supplementary Figs. 4–7). The scarcity of 
waterbodies in these drier areas cannot fully explain this pattern as 
we controlled for seasonal intermittency in river surface areas (see 
Methods). Low measurement density in drier regions may be related to 
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the historically limited focus on seasonal and intermittent waterbodies, 
despite emissions during dry periods being potentially important64,65. 
While our analysis suggests that emission rates are lower in drier, less 
productive regions than in the humid tropics, additional observations 
are needed to reduce uncertainty in global upscaling efforts.

Low-order streams are less represented than high-order rivers 
(Extended Data Fig. 3). For example, first- and second-order streams 
have 2.4 sites per 103$km2 of wetted river surface area, whereas seventh- 
to tenth-order rivers have 11.6 sites per 103$km2 of wetted river surface 
area. This discrepancy is noteworthy given the significance of GHG 
emissions from low-order streams14,35,36,66,67. Their under-representation 
in our dataset, combined with the high uncertainty in gas transfer 
velocity estimates for small streams (Supplementary Discussion 4), 
likely resulted in greater uncertainties in our emission estimates for 
these systems. In addition, there are few observations in larger lakes 
and reservoirs across all climate zones (Extended Data Fig. 3). The 
shortage of measurements in large systems, their disproportionate 
share of the global standing water surface area25,68 and their substantial 
contribution to GHG emissions (Fig. 4) warrants the need for further 
observation efforts in waterbodies larger than 100$km2.

The numerous drainage canals in peatlands of southeast Asia, 
which were not explicitly included in our analysis, are likely hot-
spots of GHG emissions69 and represent an area of uncertainty. Using 
the estimated surface area of these canals70 (157$&$103$km2) and the 
median areal GHG fluxes from our meta-analysis (humid tropics; 
Supplementary Table 9), we estimated hypothetical emissions of 
approximately 785$TgCO2$yr%1, 2.4$TgCH4$yr%1 and 0.06$TgN2O$yr%1, a 
23% increase on our CO2-equivalent riverine estimates. While some of 
this flux is likely to have been captured in our analysis as canals overlap 
with the natural drainage network, these estimates are probably con-
servative as peatland cover tends to boost riverine emissions (Fig. 3). 
Given the expected expansion of drainage canals, more measurements 
in these systems and a better representation of their surface area in 
global river network products are needed.

The impact of human activities on GHGs in (sub)tropical inland  
waters also needs further scrutiny. The tropics are undergoing  
widespread land use changes due to agricultural and urban 
development71,72, often alongside dam construction73,74. These 
changes are altering flow regimes75 and the productivity of both 
terrestrial72 and aquatic76 ecosystems, with consequences for inland 
water GHG emissions6,62,77. The urban rivers of lower-income coun-
tries, for example, represent a large, potentially under-reported GHG 
source46. Our analysis illustrates the effect of human disturbance on 
N2O emissions78, yet predicting the response of inland waters to land 
use changes is hindered by limited GHG data, particularly for N2O. 
Our database has fewer N2O measurements than CO2 and CH4 across 
all climate zones and waterbodies (Extended Data Fig. 3), which con-
tributed to greater uncertainties in our N2O emission estimates. Our 
finding of substantial N2O emission rates in (sub)tropical reservoirs 
calls for more detailed investigation.

Tropical rivers operate under very dynamic, flood-pulse-driven 
flow regimes, where a limited number of high flow events can account 
for the bulk of annual GHG emissions79–81, particularly in seasonally 
dry areas. In lakes, mixing events triggered by storms can increase 
GHG emissions owing to weaker vertical density gradients compared 
with higher latitude systems82. Capturing these short-term, as well as 
seasonal and interannual, variations characteristic of (sub)tropical 
hydroclimates will require long-term data at high temporal resolu-
tion83. High-frequency in situ measurements of GHGs will also be key 
to capture differences in daytime and night-time emissions84–87. This 
temporal focus will contribute to a more holistic approach to the study 
of C and N cycles in the tropics, complementing efforts to integrate 
spatial connectivity across riparian wetlands, rivers and reservoirs88–90. 
In addition to the collection of new, preferably coordinated datasets, 
improving data accessibility will be pivotal to refine future estimates91.

Conclusions
The (sub)tropics are incredibly diverse in terms of climate, landforms, 
vegetation and levels of human alteration. We have shown that this 
diversity translates into distinct differences in GHG concentrations 
and fluxes from inland waters across the region. Despite the lower 
total surface area occupied by flowing waters compared with standing 
waters (471$&$103$km2 versus 616$&$103$km2), flowing waters released 
30 times more CO2 (3,387$TgCO2$yr%1 versus 114$TgCO2$yr%1), twice as 
much CH4 (10.6$TgCH4$yr%1 versus 5.4$TgCH4$yr%1) and 20 times more 
N2O (0.62$TgN2O$yr%1 versus 0.03$TgN2O$yr%1) than standing waters. Total 
emissions amounted to 4,238$TgCO2e$yr%1, 93% of which were emitted 
by streams and rivers. The differences between flowing and standing 
waters were driven by large variations in areal flux rates between sys-
tems (Supplementary Tables 10 and 14).

The humid tropics and, to a lesser extent, the wet-dry tropics 
contributed the most to CO2-equivalent emissions across the (sub)
tropics. Our data also indicate that small headwater streams and large 
lakes and reservoirs were strong GHG emitters throughout the (sub)
tropics, with first- to third-order streams contributing 75% of riverine 
CO2-equivalent emissions and lakes and reservoirs larger than 100$km2 
contributing 55% of standing water CO2-equivalent emissions.

While (sub)tropical regions account for 58% (flowing waters) 
and 20% (standing waters) of global wetted surface area, their con-
tributions to global inland water GHG emissions based on the most 
recent global estimates7,8,14,15,28 were only 46% and 8%, respectively 
(Extended Data Table 1). We attribute this downward revision of (sub)
tropical fluxes to our use of a more extensive dataset, improved geo-
spatial products and different upscaling approaches. Our lower CH4 
emission estimates compared with recent studies7,15,30 may contribute 
to closing the gap between top-down and bottom-up estimates of 
global CH4 emissions53. Nonetheless, our results suggest that (sub)
tropical inland waters still released nearly three times the GHG emis-
sions of inland waters of the northern cryosphere92 at 1,500$TgCO2e$yr%1 
(for a 100-year warming potential).

(Sub)tropical inland waters play a crucial role in global C and N 
budgets. Rising temperatures and increasing human disturbances in 
the (sub)tropics, both of which drive inland water GHG emissions, are 
expected to increase the contribution of these waters to global emis-
sions. In this context, further efforts to monitor GHG emissions from 
(sub)tropical inland waters will be key to better understand and predict 
their role in global C and N budgets.

Methods
Literature data extraction
In our literature review, we used a hybrid approach, combining our 
a priori knowledge with an objective literature search. We first cre-
ated a curated library of publications that included GHG data (CO2, 
CH4 and/or N2O) from (sub)tropical inland waters. The curated library 
was aggregated over several weeks and discussed among the group of 
authors. It included Chinese-language university theses and publica-
tions available to the Chinese speakers within the group. This curated 
library was supplemented with a traditional literature review con-
ducted in Web of Science, for which we used the following boolean 
query ‘(CH4 OR methane OR CO2 OR ‘carbon dioxide’ OR ‘greenhouse 
gas*’ OR N2O OR nitrous) AND (aquatic OR stream* OR creek* OR lake* 
OR reservoir* OR floodplain OR river* OR wetland* OR freshwater OR 
‘inland water*’ OR pond* OR swamp*) AND (tropic* OR subtropic* OR 
(monsoon* NOT temperate))’. We excluded papers that did not fit the 
scope of this work and the last search was conducted during the revi-
sion of this paper in April 2025.

Our meta-analysis was based on a total of 517 peer-reviewed arti-
cles and 14 theses reporting GHG observations from across the (sub)
tropical region. Our database contained 22,502 concentration and 
11,129 flux measurements for flowing waterbodies, and 4,324 con-
centration and 5,404 flux measurements for standing waterbodies 
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(Supplementary Figs. 1–3). We assembled a total of 23,080, 14,550 
and 5,297 measurements (flux and concentration) for CO2, diffusive 
CH4 and N2O, respectively, as well as 432 ebullitive CH4 flux measure-
ments (146 and 286 for standing and flowing waters, respectively). 
The majority (66%) of these data were collected in the past 10$years 
(Extended Data Fig. 1). Our database was substantially larger than 
recent data compilations, for example, Johnson et al.15 included CH4 
measurements from 80 standing waterbodies within latitudes between 
34°$S and 34°$N, while we have data from 402 standing waterbodies 
(that is, 5 times more). Liu et al.14 used CO2 concentration data from 
1,075 river sites between 34°$S and 34°$N, while we included 2,471 river 
sites (that is, 2.5 times more).

We carefully checked all of the published data and excluded 
observations with unclear methodology, apparent unit inconsisten-
cies that we could not confidently resolve or data showing obvious 
outliers without justification. We then extracted data on GHG concen-
trations, fluxes and gas transfer velocities, as well as information on 
the methods used to obtain concentration (for example, sensor, gas 
chromatograph, indirect CO2 estimates from pH and alkalinity) and 
flux (for example, floating chamber, eddy covariance and indirect via 
an empirical model of gas transfer velocity) measurements. Details on 
the proportion of direct versus indirect flux estimates and an assess-
ment of method-related differences are provided in Supplementary 
Discussion 1. For references reporting CH4 data, we noted whether the 
CH4 flux was measured as diffusion, ebullition or both.

We also extracted ancillary data, including geographic coordi-
nates, elevation, ecosystem type, stream order, discharge, lake sur-
face area and any other reported physicochemical parameter (for 
example, temperature, pH, conductivity and dissolved organic/inor-
ganic carbon). For each stream or river site, we reviewed the reported 
coordinates using Google Earth (https://earth.google.com/) and, if 
necessary, corrected them. We also manually extracted an estimate of 
channel width based on Google Earth. For observations collected from 
on-the-run river surveys, we accounted for potential spatial autocor-
relation due to closely spaced measurements by applying a cluster-
ing algorithm to group nearby sampling points. We used the dbscan 
function in MATLAB (https://www.mathworks.com/products/matlab.
html) to merge all sampling locations within 5$km of one another for 
river orders higher than 7. As our focus was on freshwater ecosystems, 
we excluded coastal and estuarine ecosystems based on salinity and 
tidal influence. We also excluded data from volcanic lakes with active 
magmatic activity as these lakes are characterized by CO2 emissions 
several orders of magnitude higher than other lakes93 but represent a 
very small fraction of crater lakes. To assess the spatiotemporal cov-
erage of the data, we recorded the frequency of measurements and 
categorized each site according to its temporal resolution of sampling 
(from high-frequency observations to daily, weekly, monthly, seasonal, 
annual or single measurements). We further discuss the temporal reso-
lution and seasonal coverage in Supplementary Discussion 2.

For each site, we extracted the climate class based on the latest 
iteration of the Köppen–Geiger classification27. We grouped the classes 
into five broad climate zones: humid tropics (tropical rainforest, Af 
and tropical monsoon, Am), wet-dry tropics (tropical savanna, Aw), 
(semi)arid (sub)tropics (desert hot, BWh; desert cold, BWk; steppe 
hot, BSh; steppe cold, BSk), humid subtropics (subtropical monsoon, 
Cwa and subtropical humid, Cfa) and highland (sub)tropics (subtropi-
cal highland monsoon, Cwb; humid oceanic, Cfb; humid continen-
tal warm, Dwb; humid continental cool, Dwc; frost, EF; tundra, ET; 
Extended Data Fig. 2). Because concentrations and flux measurements 
were reported in a wide range of units, we converted and homogenized 
all units to µmol$l%1 (concentrations) and mmol$m%2$d%1 (fluxes). To do 
this, we used known conversion factors and temperature-dependent 
Henry’s constants for the three GHGs94–96. We also conducted sev-
eral quality control steps, where each contributor reviewed and 
revised the data extractions of others. To assess differences in fluxes, 

concentrations and gas transfer velocities across stream orders, 
lake size classes, system types and climate zones, we conducted 
non-parametric analyses on medians using MATLAB. Due to deviations 
from normality, we used the Kruskal–Wallis test (kruskalwallis) for 
overall group comparisons, followed by pairwise Wilcoxon rank-sum 
post hoc tests (ranksum) with Benjamini–Hochberg correction. When 
comparing lakes and reservoirs within the same size class, we applied 
two-sample Kolmogorov–Smirnov tests (kstest2).

Riverine GHG flux upscaling
For each stream and river site in the database, we extracted catch-
ment properties from a range of existing geospatial products. We used 
Hydrography90m24, which includes headwater streams with a minimal 
upstream contributing area of 0.05$km2, to obtain catchment area, 
stream order, channel slope and elevation. We used BasinATLAS97 for 
attributes such as average air temperature, average rainfall, soil organic 
carbon content and human footprint43 (a metric that includes direct 
and indirect human pressures such as population density, agricultural 
land and built environment). We used other products to compile annual 
net primary productivity98 and peatland extent99 as per Rocher-Ros 
et al.7. Peatland extent was chosen over the wetland extent variable 
available in BasinATLAS due to its higher spatial resolution. Lastly, we 
computed a rainfall seasonality index as per Feng et al.100 using monthly 
rainfall values from BasinATLAS.

We used our refined coordinates and channel width estimates to 
accurately snap the sites onto the Hydrography90m river network and 
performed quality control by comparing reported catchment areas 
with those derived from Hydrography90m. We estimated the total 
river surface area covered by each stream order and for each climate 
zone based on the Global Reach-Level A priori Discharge Estimates 
for SWOT (GRADES) dataset22 (Supplementary Table 8). Because of 
the resolution of GRADES, this approach did not capture first-order 
streams, which we estimated by extrapolating width and length using 
scaling relationships, as described by Liu et al.14. Lastly, to account 
for flow intermittency and the drying periods of river networks101, we 
adjusted the total wetted river surface area by applying a weighting fac-
tor specific to each climate zone, following the procedure developed by 
Liu et al.14 (Supplementary Table 8). GRADES was also used to estimate 
the mean annual run-off for each site in the database.

To avoid any location bias in our upscaling approach, where one 
site is over-represented due to repeated measurements, we first com-
puted mean concentration and flux values for each site. We chose to 
use means rather than medians to preserve temporal variability at 
individual sites as medians could underestimate values by artificially 
flattening seasonal fluctuations. To expand the dataset of GHG fluxes, 
we then estimated fluxes at sites where only concentration data were 
available. To do this, we estimated the flow velocity using the relation-
ship with discharge14. We calculated Schmidt numbers for each GHG56 
and used model 5 from Raymond et al.102, which provided better fits 
than the piecewise approach used in previous work14. To evaluate how 
well this model reproduced measured fluxes, we compared modelled 
fluxes (based on the aforementioned model 5) to directly measure the 
fluxes obtained using floating chambers or gas tracers. When combin-
ing data across all three gases, a power-law regression yielded a coef-
ficient of determination (R2) of 0.73 (Supplementary Fig. 2).

The next step involved using a bootstrap approach to calculate 
medians and uncertainties for flux estimates across different sub-
groups of stream orders and climate zones. In this step, medians were 
preferred over means due to the small sample sizes in several sub-
groups, where mean-based bootstrapping would be highly sensitive to 
outliers and could produce unrealistically high estimates. We used the 
bootstrp function in MATLAB, drawing 1,000 bootstrap samples with 
replacement. For stream order and climate zone combinations with 
fewer than ten flux values, we applied the median flux value calculated 
for that stream order across all climate zones.
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Uncertainties in total flux estimates account for uncertainties 
in both flux and surface area. Flux uncertainties were derived using 
MATLAB’s bootci function with the ‘bias-corrected and accelerated’ 
method to extract Q1 and Q3. The resulting bootstrapped flux values 
were multiplied by the surface area corresponding to each stream order 
and climate zone combination. We considered uncertainties of ±30% in 
surface area estimates, higher than those commonly reported in global 
river maps103, because we aimed to account for the greater uncertainty 
associated with the surface area of low-order streams (Supplementary 
Discussion 4). For each climate zone and stream order combination, we 
scaled the upper bound of the flux estimate using the upper range of the 
area estimate and the lower bound of the flux estimate using the lower 
range of the area estimate. To propagate uncertainties, we summed 
the upper and lower bounds of each climate zone and stream order. 
We have reported uncertainties as ranges based on these propagated 
upper and lower bounds.

Few studies have quantified ebullitive CH4 fluxes (n_obs$=$146 
ebullitive flux estimates versus n_obs$=$3,711 diffusive flux estimates 
in our riverine database). This imbalance has also been observed in 
global CH4 databases and analyses30,38. In our case, the ebullitive and 
diffusive components of CH4 fluxes were positively related on a log–log 
scale across flowing and standing waterbodies (R2$=$0.36, p$<$0.0001; 
Supplementary Fig. 12). While previous studies7 have used this relation-
ship to upscale ebullitive fluxes from diffusive fluxes, the limited num-
ber of ebullitive measurements in our case was insufficient to derive a 
reliable estimate. Instead, we applied the more robust, river-specific 
relationship reported by Rocher-Ros et al.7 to estimate riverine ebulli-
tive CH4 fluxes. We used the goodness of fit from that study (R2$=$0.34) 
to estimate uncertainties.

Random forest modelling
We applied random forest models to explain the variability in GHG 
concentrations in our database. While we initially intended to assess the 
drivers of GHG fluxes, the number of direct flux measurements (particu-
larly for N2O) was too limited for a meaningful analysis. Because higher 
concentrations are associated with higher fluxes (Extended Data Fig. 4), 
we can reasonably assume that the drivers identified for concentra-
tions are also relevant for fluxes. Ten predictor variables were selected 
and grouped into three categories, namely, climate (mean rainfall, 
mean temperature and seasonality index), landscape (channel slope, 
human footprint, peatland extent, net primary productivity and soil 
organic carbon) and hydrological (mean discharge and groundwater 
depth) variables. Stream order and catchment area were excluded 
due to their strong correlations with run-off, with Spearman’s rank 
correlation coefficients of 0.91 and 0.98, respectively. No other pre-
dictors had correlation coefficients higher than 0.7 or lower than %0.7 
(Supplementary Fig. 8), suggesting that the individual contributions 
of each predictor can be distinguished.

Before modelling, both predictor and response variables were 
log-transformed if non-normally distributed, and predictors were 
normalized to zero mean and unit variance. A random forest model 
(MATLAB function fitrensemble) was then trained using a built-in 
Bayesian hyperparameter optimization with 25 evaluations and a 
5-fold cross-validation. This optimization step was repeated over 
20 runs to ensure robust feature importance. Four key parameters 
were adjusted, including the number of learning cycles (range of 
300–1,600), the minimum leaf size (range of 2–25), the maximum 
number of splits (range of 10–100) and the number of predictors 
sampled at each split (range of 1–10). Feature importance (MATLAB 
function predictorImportance) and the partial dependence of each 
variable (MATLAB function partialDependence) were used to assess 
the influence of individual predictors on GHG concentrations. The 
uncertainties in the models’ outputs were determined by extracting 
the interquartile range for each feature importance value based on 
20 optimization runs.

Standing waterbody flux upscaling
Standing waterbodies were classified as either natural (lakes and natu-
ral ponds, referred to as ‘lakes’) or artificial (reservoirs and man-made 
ponds, referred to as ‘reservoirs’) based on the description given in each 
paper. Because of the difficulty in assessing their surface area and the 
high spatiotemporal variability in GHG emissions104, we excluded (sub)
tropical wetlands from our analysis (Supplementary Discussion 5). We 
used the HydroLAKES database105 to estimate the surface area of each 
standing waterbody in the database. For waterbodies not included in 
HydroLAKES (168 out of 395), we extracted their surface areas directly 
from the reference or, in some cases, manually digitized them using 
Google Earth. Similar to the approach used for streams and rivers, we 
computed mean concentration and flux values for individual water-
bodies to avoid any location bias in the data and preserve temporal 
dynamics across systems30.

We estimated the total surface area covered by standing waterbod-
ies for each climate zone using the SWOT Prior Lake Database25, which 
maps waterbodies down to 0.01$km2. We used the Global Dam Watch 
database23 to classify the waterbodies as either lakes or reservoirs 
(Supplementary Table 13). One exception was Lake Victoria, which we 
assigned to the ‘lake’ class. For sites where only GHG concentrations 
were reported, we estimated fluxes using gas transfer velocity param-
eterizations and the annual average wind speed data from the World-
Clim 2 database106. While annual averages may not capture short-term 
fluctuations or extreme wind events, the seasonal variability of wind 
speed is relatively low in the tropics compared with mid-latitudes. 
We took the mean of fluxes based on the two empirical models107,108 
that provided the best fits between modelled and measured fluxes 
(Supplementary Fig. 3). We then upscaled diffusive GHG fluxes sepa-
rately for lakes and reservoirs using six logarithmic surface area bins 
(0.01–0.1, 0.1–1, 1–10, 10–100, 100–1,000 and >1,000$km2), a common 
approach in global scaling studies30. Because of the low number or 
absence of observations when separating flux data by size class and 
climate zone (Fig. 5), we binned the data independently of climate. 
The variability of our upscaled GHG fluxes accounts for differences 
in surface areas between climate zones, rather than capturing the 
variability in flux data across these zones. While this approach may 
underestimate fluxes from warmer climate zones such as the humid 
and wet-dry tropics, it reduces the influence of potential outliers due 
to low sample size (Supplementary Discussion 3).

For reservoirs larger than 1,000$km2, given the high uncertainty 
associated with the small number of systems (n_systems$=$5) and the 
potential for overestimation caused by their higher median values 
(see text and Fig. 5), we combined the flux values from this class with 
those from the next lower size class (100–1,000$km2). This approach 
makes our estimates more conservative and might not fully capture the 
potentially high fluxes from large, newly commissioned reservoirs. At 
the other end of the size range, there are limited GHG flux observations 
for small size classes, but these systems, albeit numerous, represent 
a low contribution to the total surface area of reservoirs. Due to the 
smaller number of systems with N2O data, we used broader surface 
area bins (<$0.1, 0.1–10, >10$km2) for this gas, allowing for larger sample 
sizes per bin (7$<$n_system$<$17) and thus improving the robustness of 
our upscaled estimates.

Similar to our approach for rivers, we computed median fluxes 
and Q1 and Q3 across the different size bins using the bootstrp and 
bootci functions in MATLAB, with 1,000 bootstrap samples drawn 
with replacement. We then multiplied the bootstrapped values by the 
cumulative surface area of each bin and climate zone combination. 
We considered uncertainties of ±10% in lake/reservoir surface area 
estimates, reflecting the difference between estimates from the Prior 
Lake Database25 and other global products105,109. Uncertainties were 
propagated the same way as for rivers.

To estimate ebullitive CH4 fluxes, we did not group the data by  
size class due to limited data availability. Instead, we applied the  
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overall median flux from our dataset of 286 measurements 
(2.0114.64

0.04

$mmol$m%2$d%1) uniformly across the entire surface area of lakes 
and reservoirs, regardless of size. Following a similar approach to 
Johnson et al.15, we adjusted fluxes for large systems (>1,000$km2) by 
applying 10% of the median flux value, assuming that ebullition is 
negligible in the deep areas of larger systems50,51. We estimated uncer-
tainties in the total ebullitive flux using a bootstrapping procedure 
(1,000 samples drawn with replacement) considering ±100% variability 
around the median flux and ±10% uncertainty in surface area estimates.

We did not use random forest models to assess the drivers of GHG 
concentrations in lakes and reservoirs because a large portion (44%) 
of waterbodies, including nearly all those smaller than 0.1$km2, were 
not included in HydroLAKES, making it difficult to extract catchment 
attributes. While factors such as reservoir age can explain some of the 
variability in GHG measurements, with fluxes often strongly decreas-
ing over time after commissioning110–112, we were not able to assess this 
effect due to the lack of available data.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The dataset generated as part of this paper is available via Github 
at https://github.com/ClementDuvert/GHG.flux.tropics/tree/main/Data.

Code availability
The code used in the analyses is available via Github at https://github.
com/ClementDuvert/GHG.flux.tropics.
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Extended Data Fig. 1 | Cumulative number of concentration and flux 
measurements through time. All measurements, including repeated 
measurements at single sites, are considered here. In total, 67% of the riverine 
data and 61% of the lake data were collected in the past ten years (that is since 

2014). For rivers, these percentages per gas and measurement are 72, 59, and 60% 
for CO2, CH4 and N2O concentrations, and 70, 65, and 90% for CO2, CH4 and N2O 
fluxes, respectively. For lakes, percentages are 63, 54, and 33% for CO2, CH4 and 
N2O concentrations, and 66, 65, and 75% for CO2, CH4 and N2O fluxes, respectively.
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Extended Data Fig. 2 | Simplified Köppen-Geiger (sub)tropical climate zones. Simplified Köppen-Geiger climate zones as used in this study. The cut-off latitudes are 
34°S and 34°N. Figure adapted from ref. 27 under a Creative Commons license CC BY 4.0.
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Extended Data Fig. 3 | Number of sites and systems with at least one 
measurement across gases, size classes and climate zones. Number of sites 
(flowing waters, left panel) and systems (standing waters, right panel) with at least 

one measurement of CO2 concentration (a,c) and flux (b,d), CH4 concentration 
(e,g) and flux (f,h), and N2O concentration (i,k) and flux (j,l). Further details on 
spatial and temporal data coverage are available in Discussion S2.
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Extended Data Fig. 4 | Relationship between CO2, diffusive CH4, and N2O 
fluxes and concentrations in flowing waters. Data points representing all flux 
estimates (both direct and indirect, see Discussion S1) are shown in light grey, 
while the green points correspond to direct flux estimates only. The grey and 
green lines represent power-law regressions fitted to the respective datasets. The 
positive relationships observed for CO2 and CH4 indicate that gas concentration 

is a strong control on emissions. Although no clear relationship is evident for 
direct N2O measurements (likely due to the low sample size; n_sites=12), the 
indirect N2O data suggest a similar behaviour to the other two GHGs. Reported 
p-values correspond to two-sided tests of the null hypothesis that the regression 
slope equals zero. No adjustments were made for multiple comparisons.
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Extended Data Table 1 | Comparison of median (sub)tropical inland water GHG emission estimates from this study with 
global inland water GHG emissions reported in the literature

Comparison of median (sub)tropical inland water GHG emission estimates from this study with global inland water GHG emissions reported in the literature. The total CO2-equivalent 
emissions were obtained considering a 100-yr global warming potential. Percentages in parentheses correspond to the assumed percent contribution of (sub)tropical inland waters to global 
emissions.
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