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Abstract

The Yangtze River, the third largest river around the globe, has been heavily
engineered with a series of hydroelectric dams. Meanwhile, it receives elevated organic
matter and nutrient loads from its densely populated catchment, subsequently altering
dissolved greenhouse gas (GHG) concentrations along the river. However, the large-
scale longitudinal patterns and drivers of GHG concentrations in the Yangtze River
remain poorly understood. Using longitudinal sampling design in a 2400 km section, we
report dissolved carbon dioxide, methane, and nitrous oxide concentrations along the
Yangtze River at 145 sites. We observe significant spatial clustering with higher carbon
dioxide and nitrous oxide concentrations in the middle reach of the Yangtze River. The
results of nonlinear regression reveal that riverine GHGs are high when wetland
coverage is high and dissolved oxygen is low. Wetlands and oxygen, not the Three
Gorges Dam and tributaries, are the primary correlates of spatial variations of CO, and
CH,4 concentrations, respectively. N,O is surprisingly well predicted by CO,, implying
their common drivers or sources. We strongly recommend that wetland contribution to
GHG budgets and its sensitivity to environmental change be considered when
estimating riverine GHGs in the Yangtze River. In light of our study, future control of
GHG emissions from large rivers may largely depend on how external inputs and
internal metabolism are regulated by decreasing nutrient loading.

Keywords

Greenhouse gases, Yangtze River, dissolved concentrations, spatial pattern, wetland,
oxygen
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1 Introduction

Rivers are important players in the global budgets of long-lived greenhouse gases
(GHGs), acting as an active pipe responsible for a disproportionately large amount of
carbon and nitrogen processing, emission, and export from land to ocean (Bernhardt et
al., 2022; Cole et al., 2007; Kroeze et al., 2005, Stanley et al., 2022). 1t is estimated
that aquatic carbon can offset 12-590% of the terrestrial net ecosystem productivity
among different types of ecosystems (Webb et al., 2019). Global rivers are estimated
to produce 0.18%-0.28% of the emitted N,O globally (Maavara et al., 2019) with
higher N,O emission fluxes in temperate and subtropical rivers (Hu et al., 2016).
Omitting aquatic components in large scale GHG budgets may overestimate the
magnitude of carbon and nitrogen storage in terrestrial ecosystems (Beaulieu et al.,
2011; Crawford et al., 2014); however, the estimates of GHG emissions from rivers are
extremely uncertain due to the highly skewed spatial distributions of the river datasets
(Liu et al., 2022; Maavara et al., 2019; Stanley et al., 2022).

Large rivers in (sub)tropical regions are recognized as important contributors of
GHGs due to large surface area and higher rate of emissions per unit area compared to
temperate ecosystems (Borges et al., 2015b; Hu et al., 2016; Raymond et al., 2013).
These large rivers are, however, still under-represented in global datasets, particularly
with respect to direct measurements of concentrations and fluxes (Borges et al., 2015a;
Raymond et al., 2013; Regnier et al., 2013). Rivers in agricultural and urban area
generally have higher GHG emissions (Beaulieu et al., 2011; Borges et al., 2018; Hu et
al., 2016; Wang et al., 2017). Given the great importance of (sub)tropical rivers in the
global river surface area, these rivers are presumably vital in the global GHG budgets,
but the origins and controls over the fate of these GHGs are still poorly understood.

The paucity of available data, coupled with poor ecological understanding of the
underlying processes, precludes us from predicting GHG spatial variability across the
large river scale (Bussmann et al., 2022; Crawford et al., 2017a). Active gas transfer,
low solubility, and elusive origins are responsible for the uncertainty of GHG
concentrations and emissions from river networks (Marzadri et al., 2021; Stanley et al.,
2016). Identifying the role of large rivers in regional and global GHG budgets
necessarily necessitates an understanding of the linkages between riverine GHGs and
catchment characteristics, since the rivers are fueled by C production and stocks from
upland terrestrial and wetland (Borges et al., 2015b; Hotchkiss et al., 2015), in
particular given that approximately half of the global surface area of wetlands is located
in the (sub)tropics (Rivera-Monroy et al., 2011). Mobilized nutrients and organic matter
potentially enhance the breakdown of terrestrially-derived organic carbon (OC) by
heterotrophic river microbes (Ward et al., 2016). Meanwhile, in a highly disturbed large
river, gross primary production (GPP) may exceed aerobic respiration, leading to CO,
deficient (Crawford et al., 2016). CH,4 is considered to be modulated by different
biophysical controls than CO, (Rovelli et al., 2022). Although it is clear that excess N
inputs from fertilizer and wastewater treatment plants clearly prompted N,O
concentrations, the controls of the biogeochemical processes producing N,O in lotic
systems are still not well understood.

In this study, we selected the Yangtze River to investigate the large-scale spatial
patterns of dissolved GHGs along the river. The Yangtze River is the world’s largest
subtropical river confronting intensive human activities during recent decades. It has
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received widespread attention with respect to GHGs in Three Gorges Dam (TGD) at
various spatial and temporal scales (Zhang et al., 2020; Zhao et al., 2013) and fluvial
carbon export from the estuary (Wu et al., 2007; Zhang et al., 2008). Yet studies that
addressed how hydrological and biological controls shift through the length of the
Yangtze River with consequences of GHG variations are lacking. The river, which flows
from the Tibetan Plateau into the sea, is characterized by a large gradient in
hydromorphological and biogeochemical configuration, which provides an ideal system
to disentangle the mechanisms regulating large-scale patterns. Accordingly, we asked:
what are the patterns and controls of dissolved GHGs throughout the Yangtze River? To
answer this, we conducted a sampling campaign in the Yangtze River to collect
measurements of GHG concentrations and supporting water chemistry parameters, and
integrated the results with hydromorphological attributes across the upper, middle, and
lower reaches. We address our question by (1) generating a spatial dataset of dissolved
GHG concentrations, (2) examining the relationships between GHG concentrations and
potential drivers to understand and predict spatial trends of GHGs, and (3) gaining
insights into the role of different sources of GHGs at the large-river scale.

2 Material and Methods
2.1 Study area and sampling overview

The Yangtze (Changjiang) River Basin is located in a subtropical zone with an
average annual precipitation of 1100 mm. Precipitation between May and October
accounts for 70-90% of the annual total. The Yangtze River is a large river that rises in
the Qinghai-Tibetan plateau and flows through the Sichuan Basin, the Three Gorges
Reservoir, and the Middle-Lower Yangtze Plains into the East China Sea (total length
6300 km, catchment area ~1.8 x 10 km?2, average annual discharge 960 km3 yr-1
entering the sea). According to the topographic settings, the mainstem of the Yangtze
River can be divided into three reaches: the reach upstream of Yichang, the reach
between Yichang and Hukou, and the reach downstream of Hukou flowing through the
low-gradient Yangtze Plain (Figure 1a). The catchment is densely populated and the
river serves as the water resource for one-third of China’s population. Throughout the
catchment, there is a conversion of land cover from forest to urban and grassland
(Figure 1b). Major city clusters along water courses are Chongging, Wuhan, and
Nanjing, which are located in the upstream, midstream, and downstream of the
Yangtze River, respectively. Fluvial export of water, sediment, carbon, and dissolved
solutes has been affected by human disturbance and climate change. The discharge of
Yangtze River is monitored at 13 gauging stations by the Yangtze River Conservancy
Commission, Ministry of Water Resources, China. Water discharge of large tributaries
flowing into the Yangtze River was also monitored at gauging stations.

Our study was conducted in the mainstem and tributaries of the Yangtze River. The
samples were taken downstream from October 17t to November 4t 2020 using a
synoptic survey approach in which geomorphological characteristics, land cover
information, and water physical and chemical parameters were acquired. 145 samples
were selected from the upper, middle, and lower reaches of Yangtze River Basin with 76
sites from the mainstem and 69 sites from tributaries. The sampling locations were
mainly accessed by bridges and boats, otherwise by the shore in the situation of no
bridge and cruise. To examine the effect of tributaries, the sample sites were assigned



134
135

136

137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154

155
156
157
158
159
160
161
162
163
164
165
166
167
168
169

170

171
172
173
174
175
176
177
178
179

at the outlets of tributaries and up- and downstream in the mainstem. The downstream
sampling sites were located where tributaries and mainstem were well mixed.

2.2 Water chemistry and gas concentration analysis

In situ water temperature, specific conductivity, pH, and dissolved oxygen were
determined using a multi-parameter portable meter (Hach H40d, USA). Water samples
were collected in duplicate and filtered on site using 0.45 pm filters in 50 mL
polyprophylene bottles for laboratory measurement. Samples for nitrate (NO5-),
ammonium (NH4*), and dissolved total phosphorus (DTP) concentrations were stored at
4 °C for later lab analysis. Alkalinity was determined by titrating 50 mL filtered water
with 0.01 M H,S0, solution after sampling at a precision of 6% within 24 h. NOs~ and
NH4* were determined using the ion chromatography method (Dionex ICS 900; Dionex,
USA) and the automated phenate method, respectively. Calibration curves were
produced using reference samples according to quality control standards and were then
applied to evaluate data from each set of samples. Reagents, procedural blanks, and
samples were measured twice in parallel, with average values reported. The relative
standard deviations of replicates were calculated for all samples and found to be less
than 5.0%. NOs- and NH4* concentrations were measured at precisions of 2.6% and
8.6%, respectively. DTP was determined by ICP-OES (Worsfold et al., 2016) at
precisions of 3.4%. Sample were analyzed at the Center for Physical and Chemical
Analysis of the Institute of Geographic Sciences and Natural Resources Research
(Beijing, China).

Aquatic CO,, CHy4, and N,O concentrations were measured in duplicate using the
headspace method. 100 mL headspace was created with ambient air in a 250 mL glass
reagent bottle filled with bubble-free water. Headspace gas samples were then
transferred to gas bag by a syringe and transported to our lab for measurement. We
analyzed our samples using cavity ring-down spectroscopy (CRDS) (Picarro-G2508,
Picarro, USA). Certified calibration gases of 300, 600, and 1000 ppm CO5 in N, were
used for calibration. For CH4 and N,O, we used the purified N, (99.99%) for zeroing
check. The replicate measurements were within 6% of the accepted standard for all
three gases. The CO,, CH,4, and N,O concentrations were measured at precisions of 300
ppb, 7 ppb, and 10 ppb, respectively. The detection limits of CRDS technology were
reported by Brannon et al. (2016) using minimum detectable slopes. The original GHG
concentrations were then calculated according to the headspace ratio and equilibration
temperature, respectively. We corrected CO, headspace results using measured
alkalinity considering chemical equilibration of the carbonate system in the sample vials
(Koschorreck et al., 2021) (details in SI Text S1).

2.3 Hydrology and geography delineation

Discharge (Q) data for the study period were collected from the Water Resources
Monitoring Report released by the Yangtze River Conservancy Commission in October
and November of 2021. Elevation of the sampling sites was recorded with GPS during
sampling. We delineated the basin boundary using the HydroATLAS data (Linke et al.,
2019). Sub-basins at level of 7 were extracted to determine the variations of land
covers along the Yangtze River. For the analyses of percentages of land covers, we
used the land cover information provided by the dataset of Copernius Global Land
Service in 2019 (https://land.copernicus.eu/global/products/Ic). Land cover in our
study area was classified into forest, shrubs, herbaceous vegetation, cropland,
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urban/built-up (referred to as “urban” hereafter), bare/sparse vegetation, inland water
bodies, and herbaceous wetland (referred to as “wetland” hereafter). The geodata maps
were generated using QGIS 3.18 (QGIS Development Team, 2021).

2.4 Statistical techniques

We firstly considered the spatial variability among upstream, midstream, and
downstream by applying analysis of covariance (ANOVA). To analyze the relationship
between CO, and O, saturation, we calculated the excess saturation calculated from
Henry’s law corrected for temperature with the rMR package (Moulton, 2018).

To assess whether the available set of variables offers reasonable predictions of
GHGs, we calculated linear correlations of GHG concentrations with water
physiochemical variables as well as hydromorphological factors in the mainstream
samples. The generated predictors of GHG concentrations had significant
multicollinearity (Figure S1) and such multicollinearity violates a key assumption of
multiple regression models. Stepwise linear regressions were performed to identify key
explanatory variables. Stepwise regressions can reduce the number of predictors to
generate the most parsimonious linear regression models and avoid the effects of
multicollinearity on model results. Log-transformation was applied to the data to fulfill
the requirement of normalized distribution.

In natural systems, input predictors and outcome response are often nonlinearly
correlated and predictors interact with each other, resulting in weak explanation by
simple linear regression. To understand whether the potential nonlinear model can
improve our ability to predict GHGs over linear regression in the Yangtze River,
regression tree analysis of GHGs was performed with the rpart package (Therneau et
al., 2019). Regression tree, as a non-linear regression method, is able to explore the
original data without prior assumption. Regression tree uses a tree-like graph to map
the observed predictor data to draw conclusions about the target response value. The
model iteratively divides data into two subgroups based on a threshold, which distinctly
makes two subgroups as different as possible by minimizing the variation (sum of
squares) of the response variable within two groups (De'ath and Fabricius, 2000). We
applied a 10-fold cross-validation procedure to evaluate the performance on the
datasets. The most parsimonious regression tree was selected by pruning the tree when
a split happens only if it decreases the error metric by a cost complexity factor of
0.001. We report the percent variation (R square) which was calculated as 1 minus the
relative error (Venkiteswaran et al., 2014) to describe the fit of the tree. All statistical
analyses were performed with R version 3.14.0 (R Core Team, 2021). The data that
support the findings of this study are available from the corresponding author upon
request.

3 Results
3.1 River characteristics

The datasets contain a large range of flow distance (the distance from estuary, 0-
2576 km) and elevations (0-261 m, Figure 1). Land covers changed remarkably with
more urban land and less forest towards downstream. Most sub-catchments have more
than 40% of cropland. The midstream reach had more wetlands than the other reaches
(Table 1).
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Water temperature during the sampling period averaged 19.4°C with very limited
variation (18.8-20.1 °C). Specific conductivity ranged from 239 uS cm-1! in the lower
reach (corresponding to high discharge) to 407 uS cm-! in the upper reach
(corresponding to low discharge). 85% of observations were undersaturated in O,
(overall range: 6.65-9.51 mg L%, i.e., 76-105% of the saturation level). O,, NOs~, and
DTP concentrations have significant differences among three river reaches (Figure 2)
with higher values in the lower reach of Yangtze River. Due to relatively constant water
temperature, no significant correlation between water temperature and other water
chemical parameters was found (Figure S1).

3.2 GHGs and the spatial extent in the Yangtze River and its tributaries

We observed consistent supersaturation of three GHGs with respect to the
atmosphere. Consequently, the river was net sources of GHGs. The median
concentrations of dissolved CO,, CH4, and N>O were 67 umol L1, 0.25 ymol L1, and 59
nmol L1, respectively. CO, and N,O varied among different river sections with higher
values in the middle reach. CO, and N,O shared similar spatial distributions, such that
upper and lower reaches had significant difference from the middle reach while there
was no significant difference between the upper and lower reaches (Figure 3). For CO,
and N,O, the highest variability was found in the middle reaches. In contrast, CH4
variability was not significantly different between river reaches. Compared to the
mainstem, tributaries had higher GHG concentrations, which fluctuated in a wider range
(Figure 3, Table S1).

3.3 Predictability of GHGs

No significant correlations emerged between river lengths and GHG concentrations
(ANOVA, p > 0.3 for all gases, Table S2). However, the flow significantly predicted CO,
and N,O at our sampling sites. Wetland and urban land among all land covers affected
CO, and N,O with higher CO; and N,O concentrations in sub-catchments that had
higher percentages of wetland and urban areas. O,, NO3~, and DTP were negatively
correlated to CO, and N,O. Compared to CO, and N,O, we only found EC and DTP as
explanatory variables for CH, with weak explanatory power. CO, and O, saturation
varied considerably among different river sites. All mainstream samples varied between
over- and under-saturation of O, with constant CO, supersaturation. The river showed
an offset relative to the 1:1 line (Figure 2), indicating that there was an external source
of CO, uncoupled from O..

In the regression tree model, the percentage of wetland coverage (wetland%) was
identified as the strongest predictor of CO, as wetland was the first and primary branch.
The tree has higher explanatory power (R2 = 0.49, Figure 4a) compared to stepwise
linear regression with O,, NOs~, and wetland as predictors (R2 = 0.32, p < 0.001, Table
S3). Extremely high CO, concentrations occurred when wetland% exceeded 5.9%,
where sampling sites were mostly distributed in the middle reach. Wetland% entered
the regression tree a second time, predicting higher CO, concentration at more than
2.2% of wetland percentage. Low wetland% and low O, had the lowest CO,
concentrations.

CH4 concentrations were moderately predicted by O, and CO, (R? = 0.31, Figure
4b). O, explains much of the variability in CH4, which was high when O, < 8.3 mg L.
Above 8.3 mg Lt of O,, CH4 could be further split by CO, (98 pmol L1) in the tree
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regression model. High CH4 was correlated with the combination of lower O, (< 8.3 mg
L-1) and higher CO, (= 98 umol L-1). Regression tree analysis improved the explanatory
power compared to the multiple linear regression (R2 = 0.19, p < 0.001, Table S3).

CO;, and DTP were chosen as predictors of N,O concentrations in the regression tree
model, which could explain 68% of the total variation (Figure 4c¢). CO, marked the first
and second split in the regression tree, reflecting the important role of CO, on N,O.
Here the performance of stepwise linear model is similar to the nonlinear regression
(Table S3). In linear correlations, N,O concentrations were significantly correlated to
CO, with high explanatory power (R2 = 0.59, p < 0.001, Table S3).

4 Discussion
4.1 Spatial variation in GHG concentrations

The magnitudes of our measured CO, concentrations are comparable to previous
reported annual average ranges in the Yangtze River (1235 and 1463 patm) from Liu et
al. (2016) and Ran et al. (2017), which were calculated from alkalinity and pH. Those
are also at the same magnitude as for high-order rivers in the US and the global
average estimate (Lauerwald et al., 2015; Liu and Raymond, 2018). Observed CH,4 and
N>O concentrations were two and three orders of magnitude lower than CO,,
respectively. CH4 concentrations in the mainstream were lower than the values reported
by the small-scale studies at the Yangtze River Estuary (Wang et al., 2009) and Three
Gorges Reservoir (Bai et al., 2022) likely due to stronger microbial activities at
reservoirs and estuaries.

Unlike other findings (Liu et al., 2016), we did not observe a continuous gradient of
increase or decrease of GHGs along the Yangtze River. In contrast, CO, and N,O
concentrations were higher in the middle reach than in the upper and lower reaches.
This is consistent with previous historical calculated CO, data, which did not show a
longitudinal trend along the mainstem of the Yangtze River (Ran et al., 2017). Decline
patterns of GHGs along rivers could be due to lower relative land-water connection than
a large volume of the downstream reach (Crawford et al., 2013; Hotchkiss et al.,
2015). Higher CO, and N,O, in fact, are significantly linked to larger wetland coverage
in the sub-catchments of the middle reach of the Yangtze River (Figure 4). The finding
is in concert with many studies, which concluded that riparian wetland is one of the
major contributors of riverine GHGs (Borges et al., 2019; Leng et al., 2021; Mwanake
et al., 2019; Teodoru et al., 2015).

Gases from the upstream would have a limited effect on the downstream reach
because GHG outgassing is usually fast compared to downstream transport (Crawford
et al., 2014). According to the gas transfer coefficient (averaged kgoo from chamber
measurements of 9.1 m d-?, Liu et al. (2017)) and channel hydraulic geometry
(averaged river depth of 5.2 m, averaged flow velocity of 1.71 m s71) in the Yangtze
River, ~95% of CO, in a given parcel of water would outgas within 84 km downstream.
With longer water residence time, aquatic CH4 can be oxidized by methanotrophic
bacteria, leading to less CH, downstream. In large rivers, the rapidly overturned water
transport limited CH4 downstream due to outgassing and CH4 oxidation (Sawakuchi et
al., 2016). Compared to other gases, CH,4 varied without clear large-scale spatial
patterns. It is likely that CH4 is majorly derived from point sources that were subjected
to strong localized control. Variance in CH,4 at smaller spatial scales therefore may
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overwhelm any larger scale pattern (Crawford et al., 2014). Accordingly, we could also
infer that TGD is likely not the cause of higher GHGs in the middle reach since the
effect of TGD can hardly be detected from the sites in the middle reach, which are 40-
790 km downstream (Figure S2).

4.2 Controls of spatial pattern of GHGs

Our results on GHGs concentrations from regression trees imply both nonlinear
effects and complex interactions among variables. In our case, GHGs were better
predicted using nonlinear regression trees than linear regressions (Figure 4 and Table
S3), suggesting the non-linear model is capable of improving the predictive ability of
the GHG concentrations. Land cover and dissolved oxygen appear to be key factors
influencing spatial trends of dissolved GHGs in the Yangtze River.

The regression tree of CO, concentrations shows that the prediction of CO, relies on
the combination of wetland coverage and O,. High wetland coverage was clearly
associated with highest CO,, which suggests that direct or indirect inputs of CO, from
adjacent wetland probably support a large part of riverine CO, (Abril et al., 2013). Good
hydrologic connectivity of wetland therefore facilitates the contribution from terrestrial
inputs. During our sampling period, the discharge was ~1.25 times higher than the
annual average discharge. Thus, we assume that the river channel was well connected
to riparian wetlands. This is also supported by the positive correlation between CO, and
discharge, indicating high discharge promotes the inputs of GHGs. Although many
studies have shown that agricultural land significantly contributes to aquatic GHGs due
to elevated organic matter, nutrients, and sediments (Borges et al., 2018; Crawford et
al., 2017b; Peacock et al., 2019; Romeijn et al., 2019), we did not observe the effect of
agricultural land use on riverine GHGs. It is likely due to relatively constant agricultural
land use along the river (Table 1). Given the evidence that urban land was positively
correlated to GHGs, we speculate that urban land contributes to riverine GHGs via
increasing inputs from point sources (NO3~ and DTP) (Figure S1). Previous studies
suggest urban rivers have 2-4 times higher CO, fluxes and can be CH4 hotspots due to
elevated sedimentation and nutrients (Wang et al., 2018; Wang et al., 2017; Zhang et
al., 2021).

Oversaturated CO; in the Yangtze River is sustained by not only external, but also
internal sources. The negative relationships between CO, and O, in the linear
correlation analysis suggest control of riverine GHGs by metabolic linkage. Previous
study found similar correlations, which were primarily attributed to heterotrophic
respiration of river organic carbon as an essential CO, contributor (Liu et al., 2016). It
should be noted, however, that the correlations do not necessarily imply in-stream
metabolic activity, as external input derived from terrestrial soil respiration or
groundwater can also provide the signhal of low O, and high CO, (Bernal et al., 2022).
While due to rapid gas exchange and modest contribution relative to huge river
discharge, the input from groundwater can rarely shape the CO,-0, correlations in large
rivers independent of in-stream metabolism (Liu et al., 2021; Vachon et al., 2020). The
contributions of internal production to riverine CO, varied among different studies. Liu
et al. (2016) stated that heterotrophic respiration constitutes 8-22% of excess pCO. in
the Yangtze River. Riverine internal respiration has been shown to account for ~39% of
the CO, emissions in large rivers of United States (Hotchkiss et al., 2015). The strong
negative relationship between O, and CO, is indicative of the interaction between
respiration and primary production that may occur in water column and adjacent

10
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wetland (Figure 4) (Borges et al., 2015b; Hotchkiss et al., 2015). The molar ratio
(~1.2) shown in Figure 2 represents the expected relationship between O, and CO,
when aerobic reaction is responsible for much of the spatial variability in CO»
concentrations. Our data generally fall to the right of this 1:1 line, implying that there
are additional sources of CO, beyond aerobic respiration. This decoupling between CO,
and O, can be attributed to (1) the external CO, sources (i.e. groundwater input and
riparian wetland respiration) (Bernal et al., 2022), (2) anaerobic processes (for
example, denitrification and methanogenesis may also contribute to additional
production of CO,) (Aho et al., 2021; Chen et al., 2015; Crawford et al., 2014; Herreid
et al., 2021), and (3) carbonate buffering by conversion toward CO, from ionized forms
(HCO3~ and CO32") (Stets et al., 2017). Our results show that O,, as a proxy of carbon
processing and transporting, is well representing CO, dynamics in rivers (Stets et al.,
2017).

CH4 concentrations were surprisingly poorly predicted by water chemical variables
and land covers. Even though CH4 was able to be split by O, and CO, in the regression
tree analysis (Figure 4b), these proxies of internal production and external inputs had
weak explanatory power, suggesting a complex combination of factors governing CHa.
However, all the interactions between O, and CO, in the nonlinear model (Figure 4b)
point to the conditions of ecosystem respiration (ER) as a determinant of CH, in the
Yangtze River. The conditions that determine overall ER (including CO, production) also
determine CH4 production (Stanley et al., 2016). Another explanation for the unclear
large-scale spatial pattern is that fluctuation in CH4 concentrations can be subjected to
strong localized control (Leng et al., 2021). Bussmann et al. (2022) highlighted that
river morphology and structures determine the variability of dissolved CH,4 in large
rivers. Besides this, our data showed CH4 had no relationship with CO, or N,O. Positive
correlations between CO, and CH4 would indicate both gases are largely controlled by
organic matter degradation (Zhang et al., 2021). Positive correlation between CH4 and
N,O was observed due to large inputs of untreated human waste (Zhang et al., 2021).
Further, negative correlation between both was reported in Smith and Béhlke (2019)
because both gases respond differently to biogeochemical controls (different response
to NOs7). Our results are perhaps not surprising as the contribution of anaerobic
metabolism and biogeochemical controls shifts over space and time. CO, derived from
metabolism might probably happen in water column and surrounding wetland, while
CH,4 production might be supported by fine organic matter-rich sediments (Wilcock and
Sorrell, 2008). Nutrient enrichment can change the relative contributions of different
respiratory pathways within fluvial systems, as well as net GHG emissions, resulting in
unclear ratios among three gases (Stanley et al., 2016).

Interestingly, we found N,O concentrations were most strongly predicted by CO, in
the mainstem of the Yangtze River, explaining 59% of its variation (Table S2). Our
positive relationship between CO, and N,O is in accordance with Laini et al. (2011) in
lowland springs, Leng et al. (2022) in the river network of the North China Plain, and
Venkiteswaran et al. (2014) in agricultural streams, but opposite to other studies that
concluded with negative correlations (Teodoru et al., 2015). The negative correlations
were resulted from N,O removed by denitrification, which was intensified by organic
matter degradation in the sediments, simultaneously producing CO, (Teodoru et al.,
2015). We infer our positive correlation between N,O and CO, is mainly due to
processes favored by similar environmental conditions, rather than the direct
dependence of N,O on CO,. The strong correlation of both gases is possibly the
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consequence of simultaneous transportation, production, and consumption of both
gases. Both gases share common environmental predictors with similar explanatory
power (e.g., O,, wetland, discharge in Table S2). Spatial patterns of CO, and N,O in
rivers are believed to be attributed to the connectivity with wetlands (Borges et al.,
2019). One of the evidences is the dominance of wetlands in N,O variations when CO,
is excluded from the predictors of N,O, indicating wetlands are playing a significant role
in regulating riverine N,O (Table S4). In addition to the wetland inputs, the production
of N»O, as the same as CO,, occurs in the hyporheic zone along groundwater flow paths
and in the water column where O, is low (Mwanake et al., 2019; Yang and Lei, 2018).
Respiration, particularly at locations that receive large amounts of organic matter, may
deplete O, and produce CO,, facilitating denitrification in the hyporheic zone and
contributing to the accumulation of excess GHGs in the water column. Similar
relationships between CO, and N,O were observed in Mwanake et al. (2019) and Dai et
al. (2008), being explained by nitrification via ammonium oxidizing bacteria producing
CO, through H* production. It is reasonable that both nitrification and denitrification are
contributing to N,O production through a coupled nitrification-denitrification process,
which is favorable under suboxic conditions (Wrage et al., 2001). In this process,
denitrifiers reduced NOs~ produced by aerobic nitrification, leading to N,O production
(Maavara et al., 2019; Quick et al., 2019). In addition, the optimum for a net N,O
production by nitrification, nitrifier denitrification, and denitrification lies between a pH
of 7-7.5 (Blum et al., 2018), implying the net N,O production could be moderate in the
river because of higher pH in our system (Table 1).

We speculate there is no N limitation in our systems. Dissolved inorganic nitrogen
(NO5~ and NH4*) was at high levels comparable to some agricultural rivers (Borges et
al., 2018). That could be the explanation for our weak negative correlation between
N>O and NOs-, which is opposite to a series of studies that reported strong positive
relationships between N>,O and NOs~ (Beaulieu et al., 2011; Turner et al., 2016).
Previous studies reported that N>O flux (Turner et al., 2016) or yield (Silvennoinen et
al., 2008) increased with nitrate up to a certain point, and then leveled off. Insignificant
relationship between NO3~ and N,O was also observed in 9 of 12 African river (Borges
et al., 2015b) and nitrogen-enriched rivers in the Chaohu Lake Basin (Yang and Lei,
2018). Of note is that the model proposed by Intergovernmental Panel on Climate
Change (IPCC), which predicts riverine N,O flux by NOs~ with a single linear function is
not sufficient. The equation derived from average NOs7/N,O ratios (default value of
0.0025) in shallow groundwater is widely applied to estimate the riverine N,O flux
(Nevison, 2000; Syakila and Kroeze, 2011). Thus, we argue that the linear equation
from the IPCC methodology to estimate riverine N,O needs to be applied with caution
(Maavara et al., 2019; Venkiteswaran et al., 2014; Webb et al., 2021). We recommend
an improvement of the IPCC model by using a saturation model, instead of flux model
as the gas transfer process is not included.

Apart from terrestrial inputs and in-stream processing, we considered TGD and
tributaries had little effect on spatial patterns of GHGs in the mainstem of the Yangtze
River. We have demonstrated that outgassing is a rapid process, resulting in a profound
effect limited to the vicinity of the reservoir (Figure S2). Another evidence for the minor
influence of the dam is the low relative importance of dam (6-28%, Table S4) on spatial
variations of GHGs compared to other predictors (wetlands and O,) from the results of
nonlinear regressions. Ni et al. (2022) reported the longitudinal variation before and
after TGR with a finer spatial resolution, where the GHG concentrations were increased
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by the reservoir itself and decreased by habitat modification downstream of the dam
within tens of kilometers. Our closest sampling site downstream of TGD is 35 km away,
therefore TGD might have little impact from there on. As a result, the net change in
GHG emissions directly caused by the TGR is unable to alter the overall GHG trends
from the perspective of the entire Yangtze River. The dam has altered the riverine
habitats downstream, leading to essential changes in river topology and biogeochemical
cycles. The floodplain erosion is most potent after the Three Gorges Dam and declines
gradually downstream (Sun et al., 2020). As a result, the large wetland coverage in the
middle reach could be an indirect effect of damming. Consequently, the effect of
damming on GHGs can be masked behind the information from wetland coverages. The
budgets of dissolved GHGs from tributaries were generally much lower than the budget
of GHGs in the mainstem (Bussmann et al., 2022). We modeled GHG budgets at the
inflow of tributaries, upstream and downstream across different river sections assuming
conservative mixing (Text S2), and found the expected dilution of tributaries was lower
than the measured budgets downstream (Figure S3 and Table S5). It suggests that
GHG import from tributaries is insufficient to remarkably affect the mainstream. Even
though GHG concentrations in tributaries were higher, considering lower relative
discharge of the tributaries than that of the Yangtze River, tributaries only marginally
affect the GHG concentrations. The minor effect of tributaries to dissolved GHGs can
also apply to other point sources with low-volume high-GHG inputs. It also explains the
unclear large-scale pattern of CH4 since CH,4 is mostly locally controlled.

5 Conclusions and implications

Our study provides the first systematic estimate of the longitudinal variability of
greenhouse gases (GHGs) along the Yangtze River and land cover and water
biogeochemical impacts on three GHGs. There are no continuous longitudinal gradients
for GHGs. The spatial trend of CO, was similar to that of N,O, with higher values in the
middle reach of Yangtze River. Regression tree approach improves explanatory power
over simple linear regression, and is a step towards better integration and
understanding of environmental predictors of riverine GHGs. Our results show that
wetland and O, drive the responses of CO, and CH4, meanwhile, CO, is the best
predictor of N,O concentration in the system, which underscores the importance of
identifying the correlations between GHGs and understanding the nature of such
correlations for future prediction of GHGs. We demonstrate that instead of the direct
effect of Three Gorges Dam and tributaries, terrestrial influence and in-stream
metabolization dominate the spatial variations of GHGs.

The Yangtze River is currently confronted by increase in precipitation and
temperature (Birkinshaw et al., 2017), with increased discharge and mobilization of OC
in soils (Li et al., 2018). These changes are altering the functioning of riverine
ecosystems and appearing to have larger contribution of wetland ecosystem on CO, and
N>O suggested by our study. As suggested by Richey et al. (2002) that river and
floodplain waters in the Amazon basin maintain high CO, and constitute an important
carbon loss, we recommend to include wetland contribution in riverine GHG budgets
and its response to environmental change (eutrophication, droughts, etc.) for the
estimates of riverine GHGs. The Yangtze River can play an important role of CH,4
processes with more terrestrial inputs of organic carbon, while the relationship between
water temperature and CH4 concentration in streams and rivers is ambiguous (Stanley
et al., 2016). Thus, three gases may respond uniquely to global change, and the
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variability needs to be captured in future studies. By reduction of direct organic and
nutrient inputs from wastewater treatment plants and farming management, controlling
eutrophication, which is the key factor in regulating the organic matter cycling in the
Yangtze floodplain lakes (Zeng et al., 2022), can help decrease aquatic CH; and N,O
emissions in such human-dominated landscapes.

We acknowledge that our results are biased toward high flow conditions, which may
lead to an overestimation of dissolved GHG concentrations. In the future, repeated
measurements over time (time scale ranging from sub-daily to seasonal) are necessary
to elucidate how spatial patterns in fluvial systems change. It is a challenge to match
the scales of observations to the scales of the drivers of GHG emissions. The Yangtze
River is large and diverse, with variations in C export and metabolism. As such, further
detailed investigations on internal metabolism and gas transfer measurement are
needed to capture the variability of multiple processes to obtain a more holistic
understanding of GHG emissions in this important large river system. We recommend
to carefully account for the contribution of GHG emissions from large river systems
considering the importance of large river feedback on climate change and the linkage of
catchment land-atmosphere and land-ocean carbon exchange.
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Figure 1 (a) The Yangtze River system with sampling sites (n = 145) located in the upstream reach,
midstream reach, and downstream reach, respectively. The blue lines represent the river network
within the Yangtze River Catchment. (b) The percentages of different land covers along the Yangtze
River. The river kilometer represents the river length from the estuary. When river kilometer is zero, it
is the outlet of the Yangtze River Catchment. The land cover information is derived from the
Copernicus Global Land Service from 2019. Red arrow refers to the location of the Three Gorges Dam
(TGD). (c) The relative location of the Yangtze River Basin in China.
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Figure 2 Boxplot of (a) the percentage of wetland, (b) the percentage of urban land, (c) dissolved
oxygen (0O;) concentrations, (d) nitrate (NOs~) concentrations, (e) ammonium (NH4*) concentrations,
and (f) dissolved total phosphorous (DTP) concentrations in the mainstem of Yangtze River classified
by upper reach (U), middle reach (M), and lower reach (L), respectively. The box represents the first
and third quartile, the horizontal line corresponds to the median. The ANOVA (analysis of variance)
results were denoted to show the significant differences of the three mainstem reaches. (g)
Relationship between dissolved CO, and O,. Excess CO, or O, was calculated as the difference
between measured concentrations and equilibrium concentrations expected if the stream water was in
equilibrium with the atmosphere (100% saturation). The dashed 1:1 line represents the expected
relationship between O, and CO, under the assumption that aerobic metabolism accounts for the
measured CO, concentrations. The black dashed line represents the linear regression between O, and
CO;, across sites (R2=0.37, p <0.0001).
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Figure 3 (a-c) Boxplots of carbon dioxide (CO,), methane (CH4), and nitrous oxide (N,O) in molar
concentrations in the mainstem and tributaries of the Yangtze River classified by upper reach, middle
reach, and lower reach in October-November 2020, respectively. The box represents the first and third
quartile, the horizontal line corresponds to the median. The ANOVA (analysis of variance) results were
denoted to show the significant differences of the three mainstem reaches. (d-f) Map of concentrations
of CO,, CH,4, and N,O observed in the mainstem of Yangtze River, respectively.
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Figure 4 Groups of sampling sites illustrating the relationships among parameters predicting GHG
concentrations in the mainstem of Yangtze River. (I) Regression tree of predictors influencing GHG
concentrations. Parameters entering the models were the percentage of wetland in watershed
(wetland, %), dissolved oxygen (O,, mg L1), dissolved total phosphorous (DTP, mg L™1), and carbon
dioxide (CO,, pmol L 1). Values at the end of each terminal node indicate the mean concentrations of
CO;, (pmol L1), CH,4 (umol L-1), and N,O (nmol L-1) with the percentage of observations below. Letters
refer to the different terminal nodes (groups), where the density and spatial distribution about each
group about is provided below. Violin plots under each terminal node show the median and distribution
of the GHG concentrations within each regression tree leaf. (II) Spatial representation of sampling
sites within each terminal node, showing that sampling sites that have similar GHG concentrations
share the predictors along the Yangtze River. Cross-validated root mean squared error was 13.5, 0.13,
0.20 and R2 was 0.49, 0.31, and 0.68 for CO,, CH,4, and N,O, respectively.
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Table 1 Characteristics of the geographic characteristics, catchment landcover, and water physical
and chemical information among the upper reach, middle reach, and lower reach of the mainstem of
Yangtze River (n = 76). The statistic information is shown as median values with the interquartile
range in parentheses.

Variable Abbr. Unit Upper Middle Lower
River characterization

River length Length km 2187 (2055-2379) 1087 (875-1381) 42 (0-144)

Number of Sampling 32 26 18

Elevation Ele m 175 (158-215) 24 (19-33) 0 (0-3)

Discharge Q 103 m3 st 9.7 (7.9-12.8) 26.3 (22.2-30.4) 29.6 (29.6-29.7)
Catchment landcover

Wetland - % 0.8 (0.5-1.4) 5.3 (2.5-6.8) 3.7 (3.3-4.3)

Cropland - % 42.5 (40.2-54.5) 50.7 (38.8-63.5) 44.8 (42.5-47.1)

Urban - % 3.9 (2.1-12.2) 9.9 (7.2-10.8) 37.3 (25.6-37.3)

Forest - % 41.8 (33.1-51.2) 20.5 (7.9-33.6) 6.7 (6.7-16.2)

Water temperature

Specific
conductivity

pH

Dissolved oxygen

Alkalinity

WT

EC

0

Alk

Water chemical and physical parameters

°C

MS cm-!

Unitless

mg Lt

mmol L1

19.3 (18.9-19.6)

356 (351-364)

7.9 (7.8-7.9)

8.6 (8.5-8.7)

1.20 (1.10-1.21)

20.3 (19.8-20.9)

346 (339-360)

7.7 (7.6-7.8)

8.7 (8.4-8.8)

1.20 (1.13-1.30)

18.6 (18.2-19.3)

306 (296-318)

7.8 (7.6-7.8)

8.9 (8.8-9.2)

1.00 (1.00-1.01)
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Ammonium

Nitrate

Dissolved total
phosphorous

Carbon dioxide

Methane

Nitrous oxide

NH,4*

NO3_

DTP

CO;

CH.

N.O

mg Lt

mg Lt

pg Lt

pmol Lt

pmol L-t

nmol Lt

0.03 (0.01-0.07)

6.0 (5.4-6.6)

21.2 (14.2-32.4)

67 (57-72)

0.26 (0.23-0.39)

53 (49-58)

0.11 (0.07-0.14)

5.7 (4.5-8.7)

12.7 (7.4-16.4)

87 (79-101)

0.21 (0.19-0.32)

75 (68-84)

0.05 (0.04-0.09)

7.4 (7.0-7.7)

86.1 (74.2-93.3)

69 (65-73)

0.37 (0.18-0.53)

58 (55-60)
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802

g8o3  Highlights:

804 ¢ Longitudinal changes of GHGs were measured with high resolution in Yangtze
805 River

806 e CO; and N,O concentrations were highest in the middle reach of mainstem.
807 e Spatial trends of GHG concentrations depend on wetland coverage and

808 oxygen

809 e Three Gorges Dam and tributaries did not obviously affect responses of GHGs
810 e CO, is the best predictor of N,O concentrations

811

812

813 Table 1 Characteristics of the geographic characteristics, catchment landcover, and water physical
814 and chemical information among the upper reach, middle reach, and lower reach of the mainstem of
815 Yangtze River (n = 76). The statistic information is shown as median values with the interquartile
816 range in parentheses.

Variable Abbr. Unit Upper Middle Lower

River characterization

River length Length km 2187 (2055-2379) 1087 (875-1381) 42 (0-144)
Number of Sampling 32 26 18
Elevation Ele m 175 (158-215) 24 (19-33) 0 (0-3)
Discharge Q 103 m3 st 9.7 (7.9-12.8) 26.3 (22.2-30.4) 29.6 (29.6-29.7)

Catchment landcover

Wetland - % 0.8 (0.5-1.4) 5.3 (2.5-6.8) 3.7 (3.3-4.3)

Cropland - % 42.5 (40.2-54.5) 50.7 (38.8-63.5) 44.8 (42.5-47.1)
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817

818

Urban

Forest

Water temperature

Specific
conductivity

pH

Dissolved oxygen

Alkalinity

Ammonium

Nitrate

Dissolved total
phosphorous

Carbon dioxide

Methane

Nitrous oxide

WT

EC

0

Alk

NH,*

NO3_

DTP

CO,

CH.,

Nzo

%

3.9 (2.1-12.2)

41.8 (33.1-51.2)

9.9 (7.2-10.8)

20.5 (7.9-33.6)

Water chemical and physical parameters

°C

pS cm-!

Unitless

mg Lt

mmol L1

mg Lt

mg Lt

pg L

pmol L-t

pmol L-t

nmol Lt

19.3 (18.9-19.6)

356 (351-364)

7.9 (7.8-7.9)

8.6 (8.5-8.7)

1.20 (1.10-1.21)

0.03 (0.01-0.07)

6.0 (5.4-6.6)

21.2 (14.2-32.4)

67 (57-72)

0.26 (0.23-0.39)

53 (49-58)

20.3 (19.8-20.9)

346 (339-360)

7.7 (7.6-7.8)

8.7 (8.4-8.8)

1.20 (1.13-1.30)

0.11 (0.07-0.14)

5.7 (4.5-8.7)

12.7 (7.4-16.4)

87 (79-101)

0.21 (0.19-0.32)

75 (68-84)

37.3 (25.6-37.3)

6.7 (6.7-16.2)

18.6 (18.2-19.3)

306 (296-318)

7.8 (7.6-7.8)

8.9 (8.8-9.2)

1.00 (1.00-1.01)

0.05 (0.04-0.09)

7.4 (7.0-7.7)

86.1 (74.2-93.3)

69 (65-73)

0.37 (0.18-0.53)

58 (55-60)
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