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• Conversion of land type in wetland indi-
rectly drives difference of GHG fluxes.

• Reclamation in wetland increased cumu-
lative CO2 and N2O emissions.

• Soil C, N andmoisture mainly drive differ-
ences of bacterial community and GHG
flux.

• Gas chromatography was applied to char-
acterize GHG fluxes.

• Soil microbial community was detected
by high-throughput sequencing of 16S
rRNA.
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The mechanism and extent of changes in greenhouse gas (GHG) emissions from seasonal river-floodplain wet-
lands subjected to land-type conversion are unknown. We monitored GHG fluxes and characterized soil micro-
bial communities in four types of wetland (Riverside lower-beach wetland (RLW), Riverside higher-beach
wetland (RHW), Cultivated wetland (CW), Mesophytic wetland (MW)) in the Yellow River flood land. Results
revealed that land reclamation activities altered the distribution patterns of carbon (C) and nitrogen (N) in soil,
as well as the structure and activities of microbial communities, leading to changes in the GHG emissions.
Cumulative CO2 and N2O emissions were highest in CW, which were 2.10–10.71 times and 3.19–8.61 times
greater than the other three wetlands, respectively, whereas cumulative CH4 emissions were highest in RLW
(1850.192 mg·m−2). CW exhibited the highest 100-years-scale Global Warming Potential (GWP100-CO2-eq)
(81.175 t CO2-eq·ha−1), which was 9.93, 3.12, and 2.11 times greater than RLW, RHW, and MW. Moreover,
reclaiming riverside wetland as farmland will increase CO2 and N2O emission fluxes by
54.546–72.684 t·ha−1 and 2.615–2.988 kg·ha−1, respectively. 16S rRNA high throughput sequencing revealed
that bacterial community composition changed significantly overtime and seasons. GHG fluxes showed a sig-
nificant positive linear correlation with bacterial OTUs (y = 0.71x–319.4, R2 = 0.304) and Shannon index
(y = 228.62x–796.6, R2 = 0.336). Structure equation models indicated that soil C, N and moisture content
were the primary factors influencing bacterial community evolution, which had an impact on GHG fluxes.
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Actinomycetes were significantly affected by total carbon (TC) content, dissolved organic carbon (DOC), and
C/N, while ammonia oxidizing and nitrifying bacteria were greatly influenced by NO3

−-N rather than TN and
NH4

+-N content. Opportunities exist to reduce GHG emissions and mitigate climate change by maintaining
the original state of riverside wetland or restoring cultivated land to wetland in the Yellow River floodplain
wetland.
1. Introduction

Climate change is a global issue that has emerged as one of the signifi-
cant barrier to sustainable development. Global climate change and its eco-
logical repercussions have gained special attention as human activities have
become more intensive since the industrial revolution (IPCC, 2013; Hong
et al., 2021). The concentration of greenhouse gases (GHGs) in the atmo-
sphere has risen to the highest levels in the past 8 × 105 years as a conse-
quence of anthropogenic activities (Chavaillaz et al., 2016). The
dominant source of CO2 in the atmosphere is combustion of fossil fuels,
while CH4 and N2O are predominantly emitted from wetlands, energy sec-
tor and agricultural activities (Podgrajsek et al., 2016; Wang et al., 2020).
Among GHGs, CH4 and N2O are prevalent in the atmosphere at lower con-
centrations than CO2, but their climate forcing effects are 25 and 298 times
higher than CO2, respectively (IPCC, 2013). Climatic factors (light, temper-
ature, and water) and agricultural activities (land use, tillage, fertilization,
and irrigation) not only affect vegetation growth (Manzoni et al., 2012;
Kaiser et al., 2015), but also the soil environment (soil texture, microbial
biomass, organic matter (OM), temperature, humidity, and pH), which
drives and regulates GHG emissions (Yvon-Durocher et al., 2014; Tian
et al., 2019; Jansson and Hofmockel, 2020).

Changes in land-use/land-cover (converting wetlands to farmed land)
have an impact GHG dynamics because transforming wetlands for agricul-
ture affects both the local soil carbon budget and the global carbon cycle
(Tan et al., 2020). Changes in soil type, for example, accelerate the miner-
alization of soil organicmatter (SOM), whichmay results in a loss of carbon
(C) and nitrogen (N) inwetland soils (Mitsch et al., 2013) and an increase in
the N2O emissions. It was reported that annual N2O emissions from crop-
land increased by an average of 11.2 Gg N/year2 between 1990 and 2003
(Shang et al., 2019). In addition, the source of N2O in China increased
with N-fertilizer applications, accounting for over 20% of global
cropland-N2O emissions according to IPCC Tier 1 inventories (Janssens-
Maenhout et al., 2017). Furthermore, rising water table levels in wetland
have decreased soil CO2 emissions, while increased CH4 emissions (Zhao
et al., 2020b). Moreover, the periodic or intermittent accumulation of
water in the riparian wetland makes the biogeochemical activities more
complex (Jansson and Hofmockel, 2020). Wetlands have been extensively
developed and utilized for agricultural activities around the world (Chi
et al., 2018), changing soil habitat andmodifying the physical and chemical
composition of soil. Conversion of seasonal river floodplain for agricultural
purpose leads to shift in soil respiration and emission of GHGs. At present,
themechanism and extent of changes in GHG emissions fromwetlands sub-
ject to land-type conversion remain unclear.

Microbes are the primary drivers of the nutrient cycles and participate
in the mineralization and decomposition of C and N compounds (Noah,
2017;Marcel et al., 2018) inwetland ecosystem thusmaintaining soil struc-
ture, fertility, and GHG emissions (Xiang et al., 2017; Ricardo et al., 2019).
Although it was documented that microbes were primarily responsible for
the production and consumption of CH4 and N2O (Stein, 2020; Cox et al.,
2020), but how the soil microbial community structure and diversity linked
with GHGs emissions was rarely the focus of climate change research (Shen
and He, 2011; Zhao et al., 2020a).

Floodplain wetlands are a unique ecosystem that performs important
ecological and hydrological functions, such as serving sink of C and N,
but excessive human activities have transformed these wetlands into the
source of GHG emissions (Wang et al., 2018; Tan et al., 2020). Approxi-
mately 550 Pg C was stored in the wetland soil, accounting for 20%–30%
of the terrestrial soil C pool (Mitsch et al., 2013), but due to reclamation
2

and development of infrastructure, the global wetland area has decreased
by 50% over the last 100 years, significantly weakening its ecological func-
tions (Mitsch et al., 2013; Chi et al., 2018; McInnes et al., 2020). The natu-
ral and semi-natural ecosystems of the Yellow River Basin have become
vulnerable due to the pressure imposed by harsh ecological conditions
and economic development (Zhang et al., 2020a). A significant source of
CH4 pollution in the atmosphere is the anaerobic decomposition of SOC
in wetlands, accounting for about 25% of the total annual CH4 emissions
(Valenzuela et al., 2017). Many studies have estimated the GHG fluxes
caused by wetland reduction or reclamation (Mitsch et al., 2013; Baah-
Acheamfour et al., 2016; Wang et al., 2018), but the research on key pro-
cesses and their sources/sinks is very limited. In recent times, the response
of soil microorganisms to the development of tidal flats has become an issue
of concern in the field of climate change andmicrobial ecology (Valenzuela
et al., 2017). Therefore, emphasis needs to be placed on the influence of
wetland utilization for agricultural activities.

The YellowRiver basin is amajor economic zone and ecological shelters
in China. Wetlands in the middle and lower reaches of the Yellow River
contribute greatly to ecological security, conservation of water resources
and regional climate stability (Xie et al., 2019). However, the area of natu-
ral wetlands in this area has gradually decreased in recent years owing to
agriculture and infrastructure development (He et al., 2020), accounting
for more than 50% of the total area of the reserve. The disturbance caused
by anthropogenic activities has seriously affected the ecological security of
the Yellow River basin. Therefore, fragile ecological environment, current
situation of water resources, and habitat fragmentation (Zhang et al.,
2020a) deserve attention. Numerous areas of the Yellow River tidal plain
have been subjected to continuous processes of inundation, exhumation,
drought, and reflooding as a result of storage and drainage of Xiaolangdi
reservoir and the seasonal precipitation, resulting in diverse soil types of
soil suitable for reclamation and cultivating riparian wetland. Modification
in wetland habitats and land use patterns affect not only the physical and
chemical properties of soil, but also the growth, development, and spatial
pattern of vegetation, as well as the structure of microbial communities,
leading to the migration, transformation, and circulation of C and N mate-
rials in the region (Li et al., 2018; Huang et al., 2019; Tan et al., 2020).
However, few studies on the characteristics of GHGs emissions and their
microbial driving mechanism in the Yellow River tidal flat have been
reported.

In the present study, four types of wetlands in the lower Yellow River
were selected as study sites aiming to (1) investigate the characteristics of
GHG emissions and their variations due to land type conversion, (2) study
the soil microbial community composition, particularly those involved in
C and N cycles, and (3) find out how the difference in GHG emissions are
related to soil microbial and physio-chemical properties. These findings
provide scientific evidence of wetland degradation and the increasing
GHG emissions, which may offer policy/decision makers and riverside
communities with scientific references for the conservation of tidal flats
in the Yellow River.

2. Material and method

2.1. Research area description

The present study was performed in the Yellow River Wetland Birds
National Nature Reserve (114°13′ 53″–114°52′ 30″ E, 34°53′ 13″–35°06′
21″ N), which is located in Fengqiu and Changyuan counties in the east
of Xinxiang, Henan province. The total area of study was 22,780 hm2,
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which has a continental monsoon climate with an average annual temper-
ature of 13.5 °C and an average annual precipitation of 656.3 mm, of
which more than 70% rainfall occurred between June and September
(Huang et al., 2015). As a result of flooding in the Yellow River, experimen-
tal wetlands were created, which mainly constitute the floodplain wetland
and farmland with sandy clay loam soil types. Approximately, greater than
60% of the floodplain wetland was developed by agricultural reclamation.

2.2. The experiment design

This study was conducted from January 2019 to May 2021. Based on
land type, elevation, and soil moisture content, four sites were selected: ri-
parian lower-beach wetland (RLW) along the Yellow River (E114°34′ 37″,
N34°55′ 33″), riparian higher-beach wetland (RHW) (E114°34′ 43″,
N34°55′ 31″), cultivated wetland (CW) of the second beach (E113°53′
44″, N35°18′ 54″), and mesophytic wetland (MW) outside the Yellow
River embankment (E114°35′ 35″, N34°57′ 16″) (Fig. 1). Riparian lower-
beach wetland and riparian higher-beach wetland were subjected to pro-
cess of inundation, outburst, drought and re-flooding every year due to
the construction of Xiaolangdi Reservoir in October 1999. Mesophytic wet-
land located adjacent to the Qinglonghu Lake, which was generated by the
Yellow River flowing via a gap of the dike in the Caogang township
260 years ago, and currently connected to the groundwater of the Yellow
River.

The CWwas cultivated with winter-wheat and maize rotation on flood-
plain wetlands developed 30 years ago, which was not flooded during the
experimental period. However, CW undergone flooded irrigation during
early-March to early-April (winter wheat jointing - heading stage), late-
June to mid-July (maize jointing - tasseling stage), and mid-August to
late-August (maize tasseling - milk ripening stage). The N-fertilizer applica-
tions to wheat were divided into two phases, basal application at sowing
Fig. 1. Sampling sites set sample points in the Yellow River
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and topdressing stage (Mid-late March; compound fertilizer, 12 kg
N/acre) and foliar application at flowering stage (Early-mid May; Urea,
10 kg N/acre). The total quantity of N-fertilizer applied per acre was
about 18–20 kg. The maize crop received basal fertilizer one time (early
July, compound fertilizer, 12 kg (N)/acre) and once during the trumpet
phase (Late July–early August, Urea, 10 kg N/acre).

The experiment was carried out in triplicates, so 12 plots of 25 m2 were
chosen. The details about habitat, physical and chemical properties of each
sampling site are presented in Table 1 and Appendix Table 1.

Gas samples were collected manually in a closed dark-chamber (inner φ
60 cm, H 38.5 cm) 2–3 times every month (Wang et al., 2018; Zhao et al.,
2020b) from January 2019 to May 2021 (Gas sampling was interrupted
from February to June 2020 due to the COVID-19 outbreak). During sam-
pling, the dark-chambers were positioned in the grooves of pre-installed
stainless steel frames. The grooves were completely sealed by using water
between the chambers, and the steel frames with soil between the grounds.
Gas samplingwas conducted at 9:00–11:00 am in parallel bymanual collec-
tion. Gas samples were extracted with a 50 mL syringe and carefully
injected into 50 mL pre-evacuated gas sampling bags with metal valve
(Delin gas packing Co., LTD., Dalian, China) for every 0, 10, 20 and
30 min after the chamber was sealed for each land type. To measure the
temperature within the gas chamber, a digital display thermometer was
used, with the probe inside the chamber with display visible from outside.
Gas chromatography (Agilent 7890A, USA) was used in the lab to quantify
the fluxes of CO2, CH4 and N2O.

Surface soil samples (intact cores) were collected at a depth of 20 cm
using a single column soil collector (steel-made, inner φ 5 cm). Prior to
soil collection, the sampling devices were cleaned and disinfected with al-
cohol cottons to avoid any contamination. The soil samples were collected
in sterile sealed plastic bags, stored temporarily in foam ice chamber
(0.4 m × 0.3 m × 0.3 m) with drikold, and sent to Beijing Baimaike
wetland birds national nature reserve, Xinxiang, Henan.



Table 1
The introduction of habitat, physical and chemical properties of each sample plot (different letters indicate significant differences (P< 0.05) among the four types ofwetlands.
Data represent means ± .E. n = 16.) (Detail data in the Appendix Table 1).

Site Habitat The flood
time

Dominant
vegetation

TN
(mg·kg−1)

NH4
+-N

(mg·kg−1)
NO3

—N
(mg·kg−1)

TC
(mg·g−1)

DOC
(mg·kg−1)

Conductivity
(μs·cm−1)

Bulk
density
(g·cm−3)

Moisture
content
(%)

RLW Seasonal flooded June, July, August,
September

No 1005.5
± 84.5 a

18.5
± 5.9 a

19.7 ± 4.3
a

14.0
± 0.3 a

76.5 ± 5.1
a

363.5
± 42.9 b

1.5
± 0.02 b

40.7
± 3.0 bc

RHW Seasonal flooded June, July, August Phragmites
communis, Cyperus
glomeratus L.
Aster subulatus
Michx.

2306.5
± 389.4 b

24.8
± 8.9 ab

38.0 ± 8.9
a

21.2
± 1.9 b

97.0 ± 5.2
b

527.1
± 59.4 c

1.4
± 0.06 ab

43.2
± 3.6 c

CW Watered and
irrigated due to
agricultural
activities

No Wheat, corn 3185.9
± 195.2 c

21.1
± 3.0 ab

144.1
± 10.6 b

20.3
± 0.5 b

138.7
± 9.2 c

146.4
± 18.1 a

1.3
± 0.04 a

18.9
± 2.8 a

MW Mesophytic
wetland

June, July or not Phragmites
communis, Conyza
canadensis L.,
Imperata cylindrica
L. Beauv.

5270.1
± 246.5 d

40.2
± 6.7 b

40.4 ± 4.0
a

31.9
± 1.1 c

168.8
± 11.5 d

278.2
± 16.4 b

1.3
± 0.03 a

33.8
± 2.0 b
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Biology Co., Ltd. for Illumina Miseq high-throughput sequencing of 16S
rRNA gene (Huang et al., 2019). Soil samples were collected in in January,
April, July and November to reflect the four seasons of winter, spring, sum-
mer and autumn. Samples of the four seasons in RLW, RHW, CW and MW
were presented as Winter-RLW, Winter-RHW, Winter-CW, Winter-MW,
Spring-RLW, Spring-RHW, Spring-CW, Spring-MW, Summer-RLW,
Summer-RHW, Summer-CW, Summer-MW, Autumn-RLW, Autumn-RHW,
Autumn-CW, and Autumn-MW, respectively.

Additional soil samples were collected from each site using the same
method for the determination of soil physical and chemical properties.
Soil moisture content and temperature were monitored directly at the sam-
pling site using Field Scout TDR 300 Probe (Spectrum Technologies, Inc.
USA) and Digital Thermometer (JM 624), respectively. Electrical conduc-
tivity, pH and salinity of soils were determined using portable instrument
(HSTL-TRDDYF-4, Beijing). Bulk density (BD) was measured by cutting-
ring collection and dried-weighed method (Romano and Santini, 2002).
The contents of total nitrogen (TN), NH4

+-N, NO3
−-N, total carbon (TC), dis-

solved total carbon (DTC) and dissolved organic carbon (DOC) of soil sam-
ples were determined in the laboratory. TN and TC were measured by
elemental analyzer (Vario EL III, Germany), and NH4

+-N and NO3
−-N con-

tent were determined by 2 mol·L−1 KCl leaching-Indophenol blue colori-
metric method (HJ 634-2012) using KCl extraction and
spectrophotometry (GB/T 32737-2016). DOC and DTC were measured
using total organic carbon instrument (Shimazu 5000A, Japan).

2.3. High-throughput sequencing of the 16S rRNA gene on soil microbial commu-
nity

Total DNA from soil samples was extracted using the OMEGA Soil DNA
Kit (200). PCR amplification was performed on bacterial 16S rRNA gene
V3-V4 hypervariable region (Bio-Rad MyCycler PCR machine) based on
the primer sequence 343F-798R via HiFi Hot Start Ready Mix kit (Liu
et al., 2020b). The reaction system was: 2 × HiFi Hot Start Ready Mix
15 μL, P1 1 μL, P2 1 μL, DNA 50 ng, ddH2O 13 μL, T: 30 μL. The amplifica-
tion reaction procedure was as follows: pre-denaturation at 94 °C for 5min,
30 cycles (94 °C 30 s, 56 °C 30 s, 72 °C 30 s), 72 °C for 7 min (Delgado-
Baquerizo et al., 2016).

The sequencing data were quality-filtered to remove ambiguous and
low-quality reads using the Trimmomatic software (Version 0.33) with pa-
rameter setting SLIDINGWINDOW 50 bp and MINLEN>20 (Bolger et al.,
2014). Cutadapt (Version 1.9.1) software was used to identify and remove
the primer sequences (Martin, 2011). The double-ended reads were then
spliced using USEARCH (Version 10) (Edgar, 2013), and the chimeric se-
quences were removed using UCHIME (Version 8.1) (Edgar et al., 2011),
and high-quality effective sequences number (Effective Tags) were
4

obtained for further analysis according to the method of Huang et al.
(2019). Usearch software was used to cluster Tags at 97% similarity level
to obtain OTU (Operational taxonomic units), and taxonomy annotation
of OTU was made based on Silva (bacteria) and UNITE (fungi) taxonomic
databases. And species annotations were combined with OTUs to obtain
the results of OTUs and classification genealogy of each sample. Compari-
sons with the Greengenes database (Version 13.5, http://greengenes.
secondgenome.com/) lead to phylogenetic tree and OTU classification ta-
bles, which were then use to analyze diversity. MOTHUR 1.41.0. was
used to analyze the diversity of microbial community, including Shannon
index, Simpson index and Chao1 richness.

2.4. Calculation of greenhouse gases

The calculation formula of gas emission flux F is as follows:

F ¼ C2 � V �M0 � 273=T2
−C1 � V �M0 � 273=T1

A� t2−t1ð Þ � 22:4

where, F is the gas emission flux (mg·m−2·h−1); A is the sampling box bot-
tom area (m2); V is volume (m3); M0 is the molecular weight of the gas; C1

and C2 are the concentration of greenhouse gas in the chamber when the
measuring chamber is closed and before the opening of the measuring
chamber is (mol·mol); T1 and T2 are the temperature (K) in the chamber
when the measuring chamber is closed and before the opening of the mea-
suring chamber. t1 and t2 are the time (h) when the measurement begins
and ends.

The formula for calculating the cumulative emissions of CO2, CH4 and
N2O gases during the whole phase of the experimental study (Excludes
the time interval due to COVID-19 from February to June 2020) is as fol-
lows:

M ¼ ∑ FNþ1 þ FNð Þ � 0:5� tNþ1−tNð Þ � 24� 10−2

where, M is the cumulative gas emission during the whole study period
(kg·ha−1), F is the gas emission flux (mg·m−2·h−1), N is the number of sam-
pling times, t is the sampling time, namely the number of days from the ini-
tial sampling.

Further, all aggregate GHG emissions were converted into CO2-
equivalents (CO2-eq) by Global Warming Potentials (GWPs) with a 100-yr
time scale (GWP100) (IPCC, 2013), using a conversion factor of 1 for CO2

from heterotrophic respiration, 25 for CH4, and 298 for N2O (Hong et al.,
2021).

http://greengenes.secondgenome.com/
http://greengenes.secondgenome.com/
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GWP100-CO2-eq was calculated according to following equation:

GWP100−CO2−eq ¼ MCO2 þMCH4 � 25þMN2O � 298

where, GWP100-CO2-eq is the CO2-equivalents emissions including CO2,
CH4 and N2O gases (t CO2-eq·ha−1),MCO2, MCH4 andMN2O are the cumula-
tive emissions of CO2, CH4 and N2O respectively.

2.5. Data analysis

Initially the data was tested for normality and homogeneity. One-way
analysis of variance (ANOVA) followed by Tukey's HSD (honestly signifi-
cant difference) test (P< 0.05)was performed using SPSS 20.0 to determine
the level of significance between different parameters (soil properties, GHG
emissions, alpha diversity (species number, OTUs number, Shannon index
and Chao 1)) at different sites and seasons. ANOSIM (analysis of similari-
ties) and PERMANOVA (permutational MANOVA) were used to analyze
the similarities and significant differences in β-diversity across samples
from different groups. A cluster heat-map analysis was performed to reflect
the similarities and differences in community composition of samples. Pear-
son correlation analysis was conducted to analyze the correlation between
relative abundance of bacteria and GHG fluxes, as well as soil temperature,
C and N content. Principal coordinate analysis (PCoA) was conducted using
Mothur 1.41.0 to examine the disparity of bacterial communities among
samples (Huang et al., 2019). Linear regression analysis was performed be-
tween GWP100 CO2-eq fluxes with bacterial OTU and Shannon index using
SPSS 20.0. Redundancy analysis (RDA) was conducted using Canoco 5.0 to
examine the relationship between soil bacterial community structure and
contributing factors. AMOS software (IBM SPSS AMOS 20.0.0) was used
-300
0

300
600
900

1200
1500
1800
2100
2400
2700

CO
2

flu
x

(m
g/

(m
2 .h

))

RLW RHW
CW MW

2019 year 2020 ye(A)

-300

0

300

600

900

1200

1500

1800

CH
4

flu
x

( �
g/

(m
2 .h

))

RLW
RHW
CW
MW

2019 year 2020 ye(B)

Ja
n.

24
Fe

b.
21

Fe
b.

28
M

ar
.1

4
M

ar
.2

6
Ap

r.1
2

Ap
r.2

6
M

ay
.1

4
M

ay
.2

3
M

ay
.3

1
Ju

n.
13

Ju
n.

23
Ju

l.1
8

Ju
l. 3

0
A u

g.
16

A u
g.

28
Se

p.
10

Se
p.

24
Se

p.
29

O
ct

. 1
7

O
ct

. 2
9

No
v.

15
No

v .
29

De
c .

17
De

c .
30

Ja
n .

10
Ju

l. 3
0

Au
g.

27
Se

p.
16

Se
p.

29
O

ct
. 1

6
O

ct
.2

8
No

v.
16

-0.1

0.0

0.1

0.2

Sampling date (month. day)

N 2
O

flu
x

(m
g/

(m
2 .h

)) RLW
RHW
CW
MW

2019 year 2020 yea(C)

Fig. 2.Greenhouse gas fluxes (CO2 (A), CH4 (B), N2O (C)) and cumulative emissions of g
(Different letters indicate significant differences (P < 0.05) among the four types of wet

5

to perform structural equation modelling (SEM) (Zhao et al., 2019) to eval-
uate the impact of soil moisture, C and N content, and microbial communi-
ties on the GHG emissions from C and N path, respectively. In all statistical
analysis, a significance level of P < 0.05 was used.

3. Results and discussion

3.1. Greenhouse gas emissions characteristics

In the present study, GHG fluxes differed significantly between seasons
and wetland types owing to the hydrological differences, land use/cover
change, and soil conditions, as well as the variations in soil microbial com-
munity composition.

3.1.1. CO2 emissions
CO2 emissions varied significantly between seasons, with the highest

levels (in CW 2.171 × 104 kg·ha−1) in spring and lowest (in RLW
0.637 × 103 kg·ha−1) in winter (Fig. S.1). Due to regional temperature
and moisture content, CO2 flux in CW was 1344.33 mg·m−2·h−1 on 23rd
May (late spring) and 1366.25 mg·m−2·h−1 on 18th July (summer) (see
Appendix Table 1), whereas it was further reduced during thewinter. In ad-
dition, CO2 fluxeswere significantly different across the fourwetland types,
with the highest values in CWand the lowest in RLWduring the years 2020
and year 2021 (Fig. 2A). It was documented that soil saturation with water
may alter the oxygen levels and the activity of soil microorganisms, thus ac-
celerating anaerobic respiration and affecting soil CO2 emissions (Mitsch
et al., 2013; Chen et al., 2014). In the present study, seasonal flooding in
RLW and RHW was ascribed to the variations in the soil moisture levels,
which had caused periodic fluctuations in soil CO2 emissions. In addition,
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wetlands plowing for agriculture enhanced air permeability and aerobic
soil respiration, resulting in the highest cumulative CO2 emissions in CW
(P < 0.05), followed by MW. Furthermore, conventional farming practices
and continuous resource consumption in wetland may lead to a decrease
in the C sink-function and an increase in CO2 emissions into the atmosphere
as SOM decays (Piovanelli et al., 2006).

3.1.2. CH4 emissions
The CH4 fluxes from RLW and RHW increased significantly in June and

July, and then declined gradually (Fig. 2B). Notably, the CH4 fluxes in RLW
and RHW increased with an increase in the moisture content (Fig. S.3) for
two reasons. First, water logging in the Yellow River tidal flats created an-
aerobic conditions that promotedmethanogen activity (Zhao et al., 2020b).
Secondly, flood plains supplied a large quantity of organic matter (OM) to
RLW and RHW, and when it decomposed under anaerobic conditions, it
may have produced substantial amount of CH4 (Podgrajsek et al., 2016;
Valenzuela et al., 2017). Although RLW and RHW were transformed into
amajor natural source of atmospheric CH4, but it was found that its concen-
tration was high from June to August, with occasional increase in January
and November. These results were consistent with Yvon-Durocher et al.
(2014) but contradict with (Chen et al., 2020), who found that the mass-
specific CH4 methanogen respiration rate decreased with warming and in-
creased with cooling. It might be due to the fact that CH4 emissions were
not only affected by temperature, but also closely related to the anaerobic
conditions caused by flooding. In addition, it was also noted that the CH4

fluxes in CWwere highest on August 16, perhaps owing to irrigation activ-
ities or relatively more precipitation in summer (July–August). The impact
of rising water levels onGHG emissions depends on the dynamics of the soil
microbial community, availability of soil organic carbon (SOC) and elec-
tron acceptors between C and nutrient storage (Jansson and Hofmockel,
2020). On the other hand,MWacted as a CH4 sink because litter had depos-
ited and decayed here for several years. Additionally, seasonal flooding and
subterranean water supply from adjacent Qinglong Lake hindered Cminer-
alization, leading to DOC accumulation (Stevenson, 1986; Li et al., 2018).
Moreover, vigorous plant growth and roots development in soil presented
an aerobic environment that was not conducive for the production and re-
lease of CH4 (Valenzuela et al., 2017) in MW.

3.1.3. N2O emissions
Nitrifying bacteria convert ammonium-N to nitrate-N, while

denitrifying bacteria transformed nitrate-N into various states of N-oxides.
Soil nitrification and denitrification processes account for more than half
of the global N2O emissions (Bowen et al., 2020). The N2O fluxes of RLW
and RHW showed a unimodal fluctuating trend (Fig. 2C). In RLW, N2O
fluxes increased gradually with increasing soil temperature (r = 0.688,
P < 0.01), while in RHW, N2O fluxes were negatively correlated with soil
temperature (r = −0.342, P > 0.05) (Appendix Table 2). Although the
soil temperatures were comparable across the two sites, but changes in
soil moisture content due to flooding caused variations in aeration condi-
tions, which had increased microbial respiration and metabolism (Jin,
2008; Jansson andHofmockel, 2020). In addition, there were no significant
differences in cumulative N2O emissions in RLW and RHW throughout
spring, autumn and winter (Fig. S.1C). However, the highest N2O fluxes
were emitted from June to August with the maximum value of
0.0494 mg·m−2·h−1. Overall, RLW had a weak N2O sink in September
(−1.786 μg·m−2·h−1) and November (−2.740 μg·m−2·h−1), whereas
RHW had a negative N2O emissions value in autumn (−13.702 mg·m−2)
and winter (−10.501 mg·m−2). In contrast to RLW and RHW, N2O fluxes
exhibited variations in CW during different seasons and crop growing pe-
riods, with the highest peak (0.193 mg·m−2·h−1) in June 2019. As a
whole, N2O fluxes showed upward trend in CW from February 28 to
March 26 (coupling stage of wheat-coupling stage), May 31 to June 23
(coupling stage of maize-coupling stage), and from August 16 to 28 (tassel-
ing stage of maize - Suckling stage) owing to fertilization and irrigation of
wheat and maize at that time (Liu et al., 2020b). In addition, there were
more fluctuations in N2O emissions in RHW and CW in the second half of
6

year 2020 and first half of 2021 compared to 2019, which may be attrib-
uted to increased grazing and trampling on vegetation, soil destruction,
and human tilling activities. The highest N2O emissions in CW may be as-
cribed to the large amount of N source brought by the application of N-
fertilizer in agricultural activities. However, if soil moisture is too low, it
may restrict diffusion of N substrates, microbial growth and their activity
(Manzoni et al., 2012). As a result, under appropriate soil moisture condi-
tions and within a specific temperature range, N2O emissions increases
with the rise in temperature, just like it did in CW in the present study.

3.1.4. Cumulative emissions
Cumulative CO2 (8.017 × 104 kg CO2-eq·ha−1) and N2O emissions

(1.007 × 103 kg CO2-eq·ha−1) in CW, while cumulative CH4 emissions in
RLW (469.3 kg CO2-eq·ha−1) were significantly higher than the other wet-
land types in the Yellow River flood land (P < 0.05) (Fig. 2D, F). The cumu-
lated CO2 emissions from CW were 2.10, 3.13, 10.71 times higher than in
MW, RHW and RLW, respectively. And N2O emissions from CW were
3.19, 4.41, and 8.61 times greater than in MW, RLW and RHW, respec-
tively. On the basis of seasons, inconsistent variations in cumulative
GHGs fluxes were observed among four tidal flats, especially in summer
(Fig. S.1). In CW, the cumulative CO2 fluxes in spring and summer, while
the cumulative N2O fluxes in summer were significantly higher than the
other three wetlands (P < 0.05). These results corroborated the findings
of Danevcic et al. (2010). On the other hand, the cumulative CH4 fluxes
from RHW in summer and that of RLW in winter were significantly higher
compared to other wetland types (P < 0.05). In terms of GHGs accumula-
tion, during this study period (January 2019 to May 2021), CO2 and N2O
emissions would rise by 54.546–72.684 t CO2-eq·ha−1 and
779.27–890.424 kg CO2-eq·ha−1, respectively, if riverside wetlands (RLW
and RHW) reclaimed as farmland (CW). Schaufler et al. (2010) also demon-
strated that reclamation of wetland as agriculture land will increase CO2

and N2O emissions. In addition, the 100-year-scale Global Warming Poten-
tial (GWP100-CO2-eq) of CO2 in CW was the highest (81.175 t CO2-
eq·ha−1), which was 9.93 times greater than RLW (8.178 t CO2-eq·ha−1),
3.12 times higher than RHW(25.987 t CO2-eq·ha−1), and 2.11 times higher
than MW (38.390 t CO2-eq·ha−1). Previously it was also documented that
artificial wetland generate higher GWP100-CO2-eq (15.150 t CO2-eq·ha−1)
than natural wetland (12.484 t CO2-eq·ha−1) (Wang et al., 2018). There-
fore, conserving Yellow River wetland as the primitive riverside wetland
provides the greatest mitigating impact on greenhouse effect. Moreover,
Tan et al. (2020) revealed that natural wetlands exhibit more capacity to
mitigate greenhouse effects, although there were negative comprehensive
GWPs (−0.9 to−8.7 t CO2-eq·ha−1·yr−1) owing to unique environmental
conditions of riverside wetlands. Previous studies have shown that the dy-
namics of GHGs were sensitive to small changes in climate, vegetation,
amount andmineralization rate of SOM, the number and activity of soil mi-
crobial groups (Jansson and Hofmockel, 2020). Plowing agricultural soil
can loosen the soil and promotes the increase of CO2 emissions from respi-
ration (Chi et al., 2018). Similarly, root respiration is another factor which
can release a large amount of CO2 when agriculture activity will be carried
out. Apart from that uniform biomass and crop planting provide a C supply
to soil in the form of straw, which also contributed to the emissions of CO2

(Wang et al., 2021).

3.2. Soil microbial community structure

The abundance and diversity of soil microbial community in wetland
ecosystem may be influenced by various biological and non-biological fac-
tors such as soil type (physi-chemical properties, hydrothermal conditions),
vegetation and climate (rainfall, soil moisture and temperature) (Ricardo
et al., 2019; Liu et al., 2020b). Analysis of similarities (ANOSIM) indicated
the structure and composition of bacteria at the phylum level varied signif-
icantly between different sites (R = 0.302, P = 0.011) and seasons (R =
0.749, P = 0.001). Permutational analysis of variance (PERMANOVA)
showed that the seasonal grouping (R2 = 0.651, P = 0.001) explained
the difference better than the sample grouping (R2 = 0.178, P = 0.019).
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Fig. 3. Distribution of soil microbial community at phylum level (A); soil bacteria species number (B); bacteria OTU richness (C); bacteria Chao 1 diversity (D); bacterial
Shannon index (E); bacteria Simpson index (F). Different letters above columns indicate significant differences (P < 0.05) among the four types of wetlands. Data
represent means ± S.E. n = 3.)
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These significant differences in the structure and composition of different
types of soil functional microbes were due to differences in water content
and vegetation caused by the changes in flood and precipitation patterns.
Previously, it was also documented that differences in vegetation cover
and growth can change the composition and structure of soil microorgan-
isms by affecting soil moisture content, aeration, temperature, pH value
and other factors (Jansson and Hofmockel, 2020). Waid (1999) also ex-
plained that vegetation type, quantity and chemical composition were the
main driving forces of soil biodiversity change.

On the other hand, species number and bacterial diversity, including
OTU abundance, Chao 1 and Shannon index, Simpson index, were signifi-
cantly variable in different seasons and wetland types (P < 0.05, Fig. 3), ex-
cept for few samples from summer season. Results revealed that species
number and OTUs were highest (470.333–488.333, 1116.667–1158.333)
in summer for four wetland types and lowest in spring for the RLW
(190.000, 307.333), while soil microbial Shannon index was highest in
CW followed by MWwith lowest values in RLW (Fig. 3B, C). Based on sea-
sons, the highest Shannon index of 6.239±0.093 and 6.181±0.040were
observed in samples of winter and spring from CW, while the lowest
(3.185 ± 0.743) was observed in autumn from RHW (Fig. 3E). No unique
OTUs were found in CW, while shared OTUs existed in CW and other wet-
lands (Fig. S.2) suggesting that the farmland in CW was originated from
wetland reclamation, and the original bacteria were still present but their
abundance was decreased.

It was noted that the relative abundance of aerobic bacteria, faculta-
tively anaerobic bacteria, potentially pathogenic bacteria and stress toler-
ant bacteria were lowest in CW in contrast to RLW (Fig. S2). Similarly,
the relative abundance of anaerobic bacteria was lowest in MW. These re-
sults indicated that the structure and functional activities of bacteria may
be inhibited by long-term agricultural activities, monoculture and N-
fertilization. It was evident from the literature that tillage practices regulate
soil structure, temperature, moisture, heat and ventilation (Chi et al., 2018;
7

Huang et al., 2019), but soil microbial community structure and diversity
were affected depending on the tillage depth (Rincon-Florez et al., 2020).
The Yellow River beach land was mainly sandy soil and acidic in nature
(pH 5.45 ± 0.24). Shallow tillage (<30 cm), lack of nutrients, extensive
use of N-fertilizer and long-term rotation of wheat and corn in CW signifi-
cantly stimulated the total number of bacteria but decreased the abundance
of functional bacteria. Previously, it was also reported by Sarathchandra
et al. (2001) that functional diversity of soil microorganisms decreased
when urea was added. In addition to human interference, availability of
N, SOC content, temperature, and redox statuswere the key factors thatme-
diate soil bacterial community structure (Noah, 2017). As mentioned ear-
lier in the present study that the highest Shannon indexes and the lowest
Simpson indexes (except for that in summer) were observed in CW
(Fig. 3E, F) that indicated higher species diversity of bacteria, which con-
firmed the findings of previous study (Grice et al., 2009). However, these
results contradicted the findings of Lupwayi et al. (2001), who reported
that traditional tillage exerted no significant effects on bacterial diversity
in whole soils. This contradiction between present study and Lupwayi
et al. (2001) may be attributed to variations in soil physio-chemical proper-
ties and tillage history.

Proteobacteria such as ammonia-oxidizing Nitrosomonas play impor-
tant role in N-cycle by oxidizing ammonia into nitrite. In this study,
Proteobacteria was most abundant during winter (34.421–43.260%) and
spring (35.399–44.567%), while Firmicutes (43.580–46.675%) and
Epsilonbacteraeota (23.757–45.158%) were most abundant during sum-
mer and autumn in four types of wetlands (Fig. 3A). It was reported in
the previous study that the abundance of denitrifiers and community com-
position linked to denitrification activity in agricultural and wetland soil
(Bowen et al., 2020). Nitrogen inputs can indirectly affect N-cycling mi-
crobes and their activities by reducing soil pH (Zhang et al., 2020b). Simi-
larly in the present study, it was noted that reclamation, N-fertilization, and
the community composition in the CW varied significantly among the
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riparian wetland types (Fig. S.2), as well as between seasons. Additionally,
N2O emissions in CWwere positively correlatedwith the higher abundance
of Nitrosomonas, comparing to other three wetlands.

The relative abundance of species showed similarity between winter
and spring, summer and autumn. However, greater resemblance was ob-
served between summer and autumn due to comparable climatic condi-
tions such as temperature and precipitation. In addition, microbial species
compositionwas similar betweenRLWandRHW, betweenCWandMW, in-
dicating that bacterial community has changed with land types. The distri-
bution of bacterial community compositionwasmore similar betweenRLW
and RHW because of similar soil characteristics and developmental histo-
ries. Cluster analysis also showed the highest coefficients of similarity be-
tween the abundance of Nitrospirae and Acidobacteria, Latescibacteria
and Planctomycetes, GAL 15 and Dadabacteria, Epsilonbacteraeota and
Spirochaetes (Fig. 4A). The contribution of the first and second principal
components to the sample differencewas 40.28% and 26.93%, respectively
(Fig. 4B).

3.3. Biological and non-biological factors affect greenhouse gas emissions

GHG emissions varied significantly in four types of wetlands due to
variations in soil characteristics resulted from different land use pat-
tern. Linear regression analysis showed a significant linear correlation
between GWP100 CO2-eq fluxes and alpha diversity of soil bacteria (Ob-
served OTU and Shannon index) (Fig. 5A, B). In contrast to CW, the
other three types of wetland showed higher similarity in seasonal ag-
gregation patterns (Fig. 5C), which showed the alteration in soil physi-
cochemical properties and microbial composition after the natural
wetlands being artificially reclaimed. Pearson correlation analysis re-
vealed that significant positive relationship existed between CO2 fluxes
with Nitrobacteria (r = 0.409, P < 0.01), Nitrospirae (r = 0.397,
P < 0.01), soil DOC (r = 0.556, P < 0.01) and TN contents (r =
0.374, P < 0.01), as well as between CH4 fluxes with C/N (r = 0.279,
P < 0.05), and N2O fluxes with NO3

−-N content (r = 0.292, P < 0.05).
Besides, Proteobacteria and Actinobacteria were affected by soil TN,
TC, NH4

+-N, while Nitrospirae was influenced by NO3
−-N and DOC. On

the other hand, redundancy analysis showed that there was positive
Fig. 4.Heatmap based on species abundance clustering, the horizontal clustering was sam
on the left is the species cluster tree, and the cluster tree on the top is the sample cluste
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relationship between CO2 fluxes with TC, DTC, DOC (Fig. 5D), as well
as between CH4 fluxes with C/N, moisture, and unit weight (Fig. 5E),
while N2O fluxes were positively correlated with NH4

+-N, TN, NO3
−-N,

Proteobacteria and Actinobacteria, Rhizobium abundance (Fig. 5F).
Previously it was documented that soil temperature and moisture con-
tent had significant positive relationship with CO2, N2O, CH4 emission
fluxes, with SOC, pH, salinity, NH4

+-N, and NO3
−-N being the main

influencing factors (Wang et al., 2018). Moreover, CH4 fluxes had sig-
nificant negative relationship with urease (137.479–193.345 U/g)
and dehydrogenase (3.270–15.332 U/g) activity (Fig. 5D and E),
while N2O fluxes was negatively correlated with Firmicutes and air
temperature (Fig. 5F). Because this study area belongs to the continen-
tal monsoon climate, the moisture content of wetlands also increased
during the period of rising temperature, and even the riverside wetland
and MW were flooded, then the soil moisture became a limiting factor.

Soil microbes, especially methanogens andmethane-oxidizing bacteria,
play an important role in emission, flux and stabilization of CH4 concentra-
tion (Sakai et al., 2007). The soil N2O emissions were directly related to
denitrifying bacteria (Salles et al., 2009) or ammonia oxidation process
by ammonia-oxidizing bacteria (Wrage et al., 2005). Dynamics of GHGs
with microbial community were vulnerable to declines in wetland water
levels and changes in soil nutrient content (Tian et al., 2015; Wu et al.,
2015b). In the present study, when the tidal flats in RLWwere submerged,
the activity and function of aerobic bacteria were inhibited (Manzoni et al.,
2012). This showed that the oxidative decomposition of SOC may also be
inhibited, resulting in net C absorption. In addition, microbes can transform
N-compounds to reactive and toxic nitric oxide or as inert and harmless
dinitrogen gas (Marcel et al., 2018). In this study, Nitrosomonas, Nitrospira,
and Nitrosospira, accounting for 9.72% of total bacteria abundance, most
likely participating in the process of N2O production. On the other hand,
ammonia-oxidizing and denitrifying microbial communities may also be
greatly affected by soil moisture as reported previously (Wu et al., 2016).
In the RLW and RHW, decaying-resistant synthetic substances (insecticides,
fungicides and herbicides) from upstream inhibited microbial decomposi-
tion, and water saturation restricted oxygen exchange and promoted the
growth of anaerobes and release of CH4 as reported previously (Hodgkins
et al., 2018).
ple information and the vertical clusteringwas species information. The cluster tree
r tree. In the middle is a Heatmap (A), Principal component analysis (B).



Fig. 5. Linear correlation analysis of greenhouse gas flux and microbial community composition (OTUs (A) and Shannon diversity index (B)); redundancy analysis of test
samples (C); redundancy analysis of soil bacterial community composition, environmental factors and greenhouse gases fluxes (CO2 (D), CH4 (E), N2O (F)), AT: air
temperature, ST: soil temperature, M: moisture, BD: bulk density, TN: total nitrogen, TC: total carbon, DTC: dissolved total carbon, DOC: dissolved organic carbon, C/N:
carbon/nitrogen, CD: conductivity, S: salinity, OTUN: OTU number, SN: sequence number, NA: nitrobacteria abundance, NBA: nitrite bacteria abundance, RA: Rhizobium
abundance, PSN: Proteobacteria sequence number, FSN: Firmicutes sequence number, ASN: Actinobacteria sequence number, NSN: Nitrospirae sequence number, DH:
dehydrogenase, U: urease, CL: cellulase).
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Vegetation was a major biological factor interacting with soil and
affecting N2O emissions (Baah-Acheamfour et al., 2016). In contrast
to MW, N2O fluxes were highest in CW, perhaps owing to seasonally
grown crops and use of N-based fertilizer, which promoted N2O emis-
sions. Here are the few possible reasons: (i) organic compounds se-
creted by plant roots can increase denitrifying bacteria activity, (ii)
plants can absorb water from the rhizosphere and transport N2O
contained in water into the atmosphere through transpiration, and
(iii) vegetation growth and metabolism can also produce N2O, which
is equivalent to the emissions of soil in quantity (Chang et al., 1998).
In addition, the increased N2O in CWmay be attributed to increased ni-
trification, as ammonium-based fertilizers (urea) stimulate ammonia
oxidation, which produces N2O.

Water levels are major determinant of CO2 and CH4 fluxes (Hoyos-
Santillan et al., 2019), and enzyme activity associated with the conversion
of C also increased rapidly after waterlogging (Zhao et al., 2016). A positive
correlation betweenCH4 fluxeswith soilmoisture in present studywas con-
sistent with the findings of Li et al. (2017) and Zhao et al. (2020b). Besides,
changes in water level and crop harvesting affect the growth of
methanogens in soil by influencing the diffusion rates of oxygen and
redox potential, as well as reducing the input of soil carbon sources
(Szukics et al., 2010). Lower soil moisture may favor nitrifiers as these
chemolithoautotrophs obtain energy by oxidizing NH4

+ (Marcel et al.,
2018), while high soil moisture may favor denitrifiers resulting in the re-
lease of N2O (Szukics et al., 2010).

Temperature indirectly affects themetabolic activity of soilmicroorgan-
isms (nitrifying bacteria and denitrifying bacteria) and change soil N2O
9

emissions (Liu et al., 2020a). Itwas reported that the activity of soilmicrobe
increased with the rise in temperature (Wu et al., 2015a). In this study,
higher N2O emissions were observed from June to August in CW, which
may be attributed to relative higher temperature and N-based fertilizer ap-
plication (compound fertilizer and urea), which enact on N-cycling mi-
crobes (Liu et al., 2020b) through enhancing N availability (Sainju et al.,
2021), driving plant growth (Xiong et al., 2016), increased evapotranspira-
tion (Auyeung et al., 2013), and changing soil moisture. Addition of N
shifted the process of N dissolution, utilization and transformation, and
drove bacterial communities toward more putatively copiotrophic taxa
(Liu et al., 2020b). Qu et al. (2021) also confirmed that CO2 and N2O fluxes
increased and CH4 uptake decreased under N application.

Structure equation models (SEM) was successfully fitted to our seasonal
data and the goodness of fit metrics were satisfied (RMSEA ≤ 0.040,
CFI ≥ 0.996), indicating that soil moisture and C, N content primarily
drove bacterial communities, which eventually synergistically affected
GHG fluxes (Fig. 6). Soil moisture had a significantly negative impact on
TC (r = −0.26), DOC (r = −0.34), and positive effect on C/N (r =
0.54). For the soil bacteria communities indexes (Fig. 6A, B), TC (r =
−0.68) and DOC (r=1.02) have stronger effects on the OTU number, act-
ing as more important regulating factors in CO2 (r = 0.44) and CH4 emis-
sions (r = 0.49). Effective sequence number of bacteria sample was
influenced by DOC (r = −0.65) more strongly than C/N (r = −0.28),
and positively (r = 0.38) promoted CH4. On the other hand, Shannon
index was positively affected by NH4

+-N (r = 0.37) and NO3
−-N (r =

0.48), while N2O was positively influenced by NO3
−-N (r= 58) and bacte-

rial Shannon index (r = 0.28).



Fig. 6. Structural equation model (SEM) analysis examining the effects of bacteria indexes, C, N contents and moisture content on the N2O, CO2 and CH4 fluxes (A, C: carbon
path; B, D: nitrogen path). Square boxes represent the measured variables. Results of the model fitting were P > 0.05, CFI > 0.90, RMSEA < 0.05, SRMR< 0.10, and n=64.
Red and blue solid arrows connecting the boxes represent significant positive and negative effects (significance level: **P< 0.01, *P< 0.05), respectively. Pathwayswithout a
significant effect are indicated by broken lines (P > 0.05). Values associated with the arrows represent standardized path coefficients. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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Moreover, DOC (r=0.31),moisture (r=0.20) and C/N (r=0.37) pos-
itively affected CH4 fluxes, while DOC positively (r=0.43) and C/N nega-
tively (r = −0.51) influenced CO2 fluxes (Fig. 6C). Actinomycetes were
significantly affected by TC, DOC content and C/N (Fig. 6C), while
Firmicutes played a positive role in CH4 flux. Ammonia-oxidizing and Nitri-
fying bacteria were affected strongly by NO3

−-N compared to TN and NH4
+-

N content (Fig. 6D), and ammonia-oxidizing positively (r= 0.23) affected
N2O flux.

Soil structure and moisture contents influence the creation of microbial
habitats and niches (Schimel and Schaeffer, 2012)with cascading effects on
C, N and nutrient transformations. As a result, distribution, interactions and
metabolism of soil microbial communities greatly influenced the GHG
emissions (Cordero and Datta, 2016). In the current study, soil moisture
was a strong predictor of CH4 emissions: reduced precipitation enhanced
O2 availability, promotedOMdecomposition, increased CO2 release and re-
duced CH4 emissions, whereas increased precipitation resulted in more an-
aerobic conditions which favor CH4 production (Jansson and Hofmockel,
2020). In the four land types, the combined influence of vegetation, soil
bulk density, as well as changes in C, N content, temperature and fluctuat-
ing soil moisture made the soil environment highly dynamic, thus lead to
the variations in GHG fluxes.

N2O is generated in both processes of nitrification and denitrification as
reported previously (Bowen et al., 2020). Hence, N2O emissions are a dy-
namic process generated as a result of continuous transformation of NH4

+-
N, NO3

−-N and NO2
−-N. This process also varies according to environmental

factors (such as oxygen conditions, moisture, temperature, microbe, etc.).
Therefore, a higher TN content in MW does not necessarily caused a higher
10
N2O emissions, and the specific nitrogen form (NH4
+-N or NO3

−-N) and con-
tent may play a significant role in N2O fluxes.

4. Conclusion

Anthropogenic reclamation activities in the lower reaches of the Yellow
River have changed the land use type, affected the distribution pattern of
soil C and N contents, and the activity of soil microbial community, thus
driving the change of C and N process between soil and atmosphere. Due
to fertilization, NO3

−-N content in cultivated wetland (CW) soil was higher
than in natural wetlands. Cumulative CO2 and N2O emissions were de-
tected significantly higher in CW than those in natural wetlands. Cumula-
tive CH4 emissions peaked in RLW, while MW and CW presented one sink
of CH4. On the other hand, the soil microbial diversity of natural wetlands
increased after artificial reclamation. Soil bacteria composition varied sig-
nificantly among different sites and seasons. Hydrologic conditions and
soil properties affect soil aerobic/anaerobic conditions, thereby affecting
microbial catabolism and mineralization of C and N. GHG fluxes were pos-
itively correlated with OTUs and Shannon indexes. Soil C and N content in-
fluenced bacteria communities, then acted synergistically on the GHG
emissions. Soil moisture and temperature were the key factors affecting
N2O emissions.

CO2 and N2O emission fluxes would rise markedly, if riverside wetland
was reclaimed as farmland. The GWP100-CO2-eq was calculated highest in
cultivated wetlands area, being significantly higher than those in riverside
wetlands and mesophytic wetlands. Therefore, opportunities exist to re-
duce GHG emissions and mitigate climate change by maintaining the
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original state of riverside wetland or restoring cultivated land to wetland in
the Yellow River floodplain wetland. Reclamation on the floodplain wet-
land should be prohibited, and human disturbance activities should be con-
trolled.

CRediT authorship contribution statement

Qingwei Lin: Conceptualization, Methodology, Investigation, Field re-
search, Analysis, Writing and Editing.

Shishi Wang, Yingchen Li: Field research, Laboratory Experiment, Data
analysis, Software.

Jianmin Ma, Fei Yu: Conceptualization, Methodology, Supervision.
Fei Yu: Resources of reagents, Materials, Analysis tools.
Jianmin Ma, Shijie Han: Project administration.
Luqman Riaz, Qingxiang Yang: Reviewing and Editing.

Declaration of competing interest

The authors declare no conflict of interest.

Acknowledgement

This study was supported by Key Project of National Natural Science
Foundation of China (41930643), Youth fund of Natural Science Foundation
of Henan Province (202300410228), China Postdoctoral Science Foundation
funded project (2019M662498) and the Key Project of National Natural
Science Foundation of China-Henan Joint Fund (U1904205). We thank
Huixia Dong, Dongdong Qian, Guangxuan Yan, Cuicui Hou from Henan
Normal University, for samples measurement, and thank Xue Peng from
Institute of Hydrobiology, Chinese Academy of Sciences, for data analysis.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2021.152406.

References

Auyeung, D.S.N., Suseela, V., Dukes, J.S., 2013. Warming and drought reduce temperature
sensitivity of nitrogen transformations. Glob. Chang. Biol. 19 (2), 662–676. https://doi.
org/10.1111/gcb.12063.

Baah-Acheamfour, M., Carlyle, C.N., Lim, S.S., Bork, E.W., Chang, S.X., 2016. Forest and grass-
land cover types reduce net greenhouse gas emissions from agricultural soils. Sci. Total
Environ. 571, 1115–1127. https://doi.org/10.1016/j.scitotenv.2016.07.106.

Bolger, A.M., Lohse, M., Usadel, B., 2014. Trimmomatic: a flexible trimmer for illumina se-
quence data. Bioinformatics 30 (15), 2114–2120.

Bowen, H., Maul, J.E., Cavigelli, M.A., Yarwood, S., 2020. Denitrifier abundance and commu-
nity composition linked to denitrification activity in an agricultural and wetland soil.
Appl. Soil Ecol. 151, 103521. https://doi.org/10.1016/j.apsoil.2020.103521.

Chang, C., Janzen, H.H., Nakonechny, E.M., Cho, C.M., 1998. Nitrous oxide emission through
plants. Soil Sci. Soc. Am. J. 62 (1), 35–38. https://doi.org/10.2136/sssaj1998.
03615995006200010005x.

Chavaillaz, Y., Joussaume, S., Dehecq, A., Braconnot, P., Vautard, R., 2016. Investigating the
pace of temperature change and its implication over the twenty-first century. Clim.
Chang. 137 (1–2), 187–200. https://doi.org/10.1007/s10584-016-1659-4.

Chen, L., Zhang, J.B., Zhao, B.Z., et al., 2014. Carbon mineralization and microbial attributes
in straw-amended soils as affected by moisture levels.1. Pedosphere 24 (2), 167–177.

Chen, H., Zhu, T., Li, B., Fang, C., Nie, M., 2020. The thermal response of soil microbial
methanogenesis decreases in magnitude with changing temperature. Nature Communica-
tions 11, 5733. https://www.nature.com/articles/s41467-020-19549-4.

Chi, Y., Shi, H., Zheng, W., Sun, J., Fu, Z., 2018. Spatiotemporal characteristics and ecological
effects of the human interference index of the Yellow River Delta in the last 30 years.
Ecol. Indic. 89, 880–892. https://doi.org/10.1016/j.ecolind.2017.12.025.

Cordero, O.X., Datta, M.S., 2016. Microbial interactions and community assembly at micro-
scales. Curr. Opin. Microbiol. 31, 227–234.

Cox, A.H., Wigginton, S.K., Amador, J.A., 2020. Structure of greenhouse gas-consuming mi-
crobial communities in surface soils of a nitrogen-removing experimental drainfield.
Sci. Total Environ. 739, 140362. https://doi.org/10.1016/j.scitotenv.2020.140362.

Danevcic, T., Mandic-Mulec, I., Stres, B., Stopar, D., Hacin, J., 2010. Emissions of CO2, CH4
and N2O from southern european peatlands. Soil Biol. Biochem. 42 (9), 1437–1446.
https://doi.org/10.1016/j.soilbio.2010.05.004.

Delgado-Baquerizo, M., Maestre, F.T., Reich, P.B., Jeffries, T.C., Gaitan, J.J., Encinar, D.,
Singh, B.K., 2016. Microbial diversity drives multifunctionality in terrestrial ecosystems.
Nature Communication. 7, 10541. https://www.nature.com/articles/ncomms10541.
11
Edgar, R.C., 2013. UPARSE: highly accurate OTU sequences from microbial amplicon reads.
Nat. Methods 10 (10), 996–998.

Edgar, R.C., Haas, B.J., Clemente, J.C., Quince, C., Knight, R., 2011. UCHIME improves sensi-
tivity and speed of chimera detection. Bioinformatics 27 (16), 2194–2200.

Grice, E.A., Kong, H.H., Conlan, S., Deming, C.B., Davis, J., Young, A.C., Segre, J.A., 2009. To-
pographical and temporal diversity of the human skin microbiome. Science 324 (5931),
1190–1192.

He, H., Miao, Y., Gan, Y., Wei, S., Tan, S., Rask, K.A., Ekelund, F., 2020. Soil bacterial commu-
nity response to long-term land use conversion in Yellow River Delta. Appl. Soil Ecol.
156, 103709. https://doi.org/10.1016/j.apsoil.2020.103709.

Hodgkins, S.B., Richardson, C.J., Dommain, R.,Wang, H., Glaser, P.H., Verbeke, B., Chanton, J.P.,
2018. Tropical peatland carbon storage linked to global latitudinal trends in peat recalci-
trance. Nature Communication 9, 3640. https://doi.org/10.1038/s41467-018-06050-2.

Hong, C.P., Burney, J.A., Pongratz, J., Nabel, J.E.M.S., Mueller, N.D., Jackson, R.B., Davis,
S.J., 2021. Global and regional drivers of land-use emissions in 1961–2017. Nature
589, 554–561. https://doi.org/10.1038/s41586 -020-03138-y.

Hoyos-Santillan, J., Lomax, B.H., Large, D., Turner, B.L., Lopez, O.R., Boom, A., Sepulveda-
Jauregui, A., Sjogersten, S., 2019. Evaluation of vegetation communities, water table,
and peat composition as drivers of greenhouse gas emissions in lowland tropical
peatlands. Sci. Total Environ. 688, 1193–1204. https://doi.org/10.1016/j.scitotenv.
2019.06.366.

Huang, S., Huang, Q., Chang, J., Zhu, Y., Leng, G., Xing, L., 2015. Drought structure based on
a nonparametric multivariate standardized drought index across the Yellow River basin,
China. J. Hydrol. 530, 127–136. https://doi.org/10.1016/j.jhydrol.2015.09.042.

Huang, L., Hu, W., Tao, J., Liu, Y., Kong, Z., Wu, L., 2019. Soil bacterial community structure
and extracellular enzyme activities under different land use types in a long-term
reclaimed wetland. J. Soils Sediments 19, 2543–2557. https://doi.org/10.1007/
s11368-019-02262-1.

Janssens-Maenhout, G., Crippa, M., Guizzardi, D., Muntean, M., Schaaf, E., Dentener, F.,
Petrescu, A.M.R., 2017. EDGAR v4.3.2 Global Atlas of the three major Greenhouse Gas
Emissions for the period 1970-2012. https://doi.org/10.5194/essd-2017-79.

Jansson, J.K., Hofmockel, K.S., 2020. Soil microbiomes and climate change. Nat. Rev.
Microbiol. 18 (1), 35–46. https://www.nature.com/articles/s41579-019-0265-7.

Jin, C., 2008. Biodiversity dynamics of freshwater wetland ecosystems affected by secondary
salinisation and seasonal hydrology variation: a model-based study. Hydrobiologia 598,
257–270. https://doi.org/10.1007/s10750-007-9161-7.

Kaiser, M., Kleber, M., Berhe, A.A., 2015. How air-drying and rewetting modify soil organic
matter characteristics: an assessment to improve data interpretation and inference. Soil
Biol. Biochem. 80, 324–340. https://doi.org/10.1016/j.soilbio.2014.10.018.

Li, Y., Ge, J., Peng, F., Zhou, Y., Li, J., Wu, X., Zhang, Z., 2017. Characteristics of methane flux
and their effect factors on Dajiuhu peatland of Shennongjia. Earth Sci. 42 (5), 832–842.
https://doi.org/10.3799/dqkx.2017.071.

Li, S.Q., Zheng, X.H., Liu, C.Y., Yao, Z.S., Zhang, W., Han, S.H., 2018. Influences of observa-
tion method, season, soil depth, land use and management practice on soil dissolvable or-
ganic carbon concentrations: a meta-analysis. Sci. Total Environ. 631–632, 105–114.
https://doi.org/10.1016/j.scitotenv.2018.02.238.

Liu, S., Zheng, Y., Ma, R., Yu, K., Han, Z., Xiao, S., Zou, J., 2020. Increased soil release of
greenhouse gases shrinks terrestrial carbon uptake enhancement under warming. Glob.
Chang. Biol. 26, 4601–4613. https://doi.org/10.1111/gcb.15156.

Liu, W., Jiang, L., Yang, S., Wang, Z., Tian, R., Peng, Z., Liu, L., 2020. Critical transition of soil
bacterial diversity and composition triggered by nitrogen enrichment. Ecology 101 (8),
e03053. https://doi.org/10.1002/ecy.3053.

Lupwayi, N.Z., Arshad, M.A., Rice, W.A., Clayton, G.W., 2001. Bacterial diversity in water-
stable aggregates of soils under conventional and zero tillage management. Appl. Soil
Ecol. 16, 251–261. https://doi.org/10.1016/S0929-1393(00) 00123-2.

Manzoni, S., Schimel, J.P., Porporato, A., 2012. Responses of soil microbial communities to
water stress: results from a meta-analysis. Ecology 93 (4), 930–938. https://doi.org/10.
1890/11-0026.1.

Marcel, M.M.K., Hannah, K.M., Boran, K., 2018. The microbial nitrogen-cycling network. Nat.
Rev. Microbiol. 16, 263–276. https://www.nature.com/articles/nrmicro.2018.9.

Martin, M., 2011. Cut adapt removes adapter sequences from high-throughput sequencing
reads. EMBnet J. 17 (1), 10–12.

McInnes, R.J., Davidson, N.C., Rostron, C.P., Simpson, M., Finlayson, C.M., 2020. A citizen sci-
ence state of the World's wetlands survey. Wetlands 40 (5), 1577–1593. https://doi.org/
10.1007/s13157-020-01267-8.

Mitsch, W.J., Bernal, B., Nahlik, A.M., Mander, U., Zhang, L., Anderson, C.J., Brix, H., 2013.
Wetlands, carbon, and climate change. Landscape Ecology 28 (4), 583–597. https://
doi.org/10.1007/s10980-012-9758-8.

Noah, F., 2017. Embracing the unknown: disentangling the complexities of the soil
microbiome. Nat. Rev. Microbiol. 15, 579–590. https://doi.org/10.1038/nrmicro.2017.
87.

Piovanelli, C., Gamba, C., Brandi, G., Simoncini, S., Batistoni, E., 2006. Tillage choices affect
biochemical properties in the soil profile. Soil Tillage Res. 90, 84–92. https://doi.org/10.
1016/j.still.2005.08.013.

Podgrajsek, E., Sahlée, E., Bastviken, D., Natchimuthu, S., Kljun, N., Chmiel, H.E.,
Rutgersson, A., 2016. Methane fluxes from a small boreal lake measured with the
eddy covariance method. Limnol. Oceanogr. 61 (S1), S41–S50. https://doi.org/10.
1002/lno.10245.

Qu, S., Ri, X., Yu, J., Li, F., Wei, D., Borjigidai, A., 2021. Nitrogen deposition accelerates green-
house gas emissions at an alpine steppe site on the Tibetan Plateau. Sci. Total Environ.
765, 144277. https://doi.org/10.1016/j.scitotenv.2020.144277.

Ricardo, C., William, J.R., Kenneth, N.T., Faroop, A., Lars, R.B., Matthew, B., Nicole, S.W.,
2019. Scientists’ warning to humanity: microorganisms and climate change. Nature Re-
views Microbiology 17, 569–586. https://doi.org/10.1038/s41579-019-0222-5.

Rincon-Florez, V.A., Carvalhais, L.C., Dang, Y.P., Crawford, M.H., Schenk, P.M., Dennis, P.G.,
2020. Significant effects on soil microbial communities were not detected after strategic

https://doi.org/10.1016/j.scitotenv.2021.152406
https://doi.org/10.1016/j.scitotenv.2021.152406
https://doi.org/10.1111/gcb.12063
https://doi.org/10.1111/gcb.12063
https://doi.org/10.1016/j.scitotenv.2016.07.106
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704075819
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704075819
https://doi.org/10.1016/j.apsoil.2020.103521
https://doi.org/10.2136/sssaj1998.03615995006200010005x
https://doi.org/10.2136/sssaj1998.03615995006200010005x
https://doi.org/10.1007/s10584-016-1659-4
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704107904
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704107904
https://www.nature.com/articles/s41467-020-19549-4
https://doi.org/10.1016/j.ecolind.2017.12.025
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704117985
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704117985
https://doi.org/10.1016/j.scitotenv.2020.140362
https://doi.org/10.1016/j.soilbio.2010.05.004
https://www.nature.com/articles/ncomms10541
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704199036
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704199036
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704198879
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704198879
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110626396436
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110626396436
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110626396436
https://doi.org/10.1016/j.apsoil.2020.103709
https://doi.org/10.1038/s41467-018-06050-2
https://doi.org/10.1038/s41586 -020-03138-y
https://doi.org/10.1016/j.scitotenv.2019.06.366
https://doi.org/10.1016/j.scitotenv.2019.06.366
https://doi.org/10.1016/j.jhydrol.2015.09.042
https://doi.org/10.1007/s11368-019-02262-1
https://doi.org/10.1007/s11368-019-02262-1
https://doi.org/10.5194/essd-2017-79
https://www.nature.com/articles/s41579-019-0265-7
https://doi.org/10.1007/s10750-007-9161-7
https://doi.org/10.1016/j.soilbio.2014.10.018
https://doi.org/10.3799/dqkx.2017.071
https://doi.org/10.1016/j.scitotenv.2018.02.238
https://doi.org/10.1111/gcb.15156
https://doi.org/10.1002/ecy.3053
https://doi.org/10.1016/S0929-1393(00) 
https://doi.org/10.1890/11-0026.1
https://doi.org/10.1890/11-0026.1
https://www.nature.com/articles/nrmicro.2018.9
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110640188897
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110640188897
https://doi.org/10.1007/s13157-020-01267-8
https://doi.org/10.1007/s13157-020-01267-8
https://doi.org/10.1007/s10980-012-9758-8
https://doi.org/10.1007/s10980-012-9758-8
https://doi.org/10.1038/nrmicro.2017.87
https://doi.org/10.1038/nrmicro.2017.87
https://doi.org/10.1016/j.still.2005.08.013
https://doi.org/10.1016/j.still.2005.08.013
https://doi.org/10.1002/lno.10245
https://doi.org/10.1002/lno.10245
https://doi.org/10.1016/j.scitotenv.2020.144277
https://doi.org/10.1038/s41579-019-0222-5


Q. Lin et al. Science of the Total Environment 813 (2022) 152406
tillage following 44 years of conventional or no-tillage management. Pedobiologia 80.
https://doi.org/10.1016/j.pedobi.2020.150640.

Romano, N., Santini, A., 2002. Methods of soil analysis: part 4 physical methods. In: Dane H.,
Jacob, Topp Clarke, G. (Eds.), Soil Science Society of America Book Series. Soil Science
Society of America, Inc., Madison, Wisconsin, USA, pp. 201–289.

Sainju, U.M., Ghimire, R., Dangi, S., 2021. Soil carbon dioxide and methane emissions and
carbon balance with crop rotation and nitrogen fertilization. Sci. Total Environ. 775,
145902. https://doi.org/10.1016/j.scitotenv.2021.145902.

Sakai, S., Imachi, H., Sekiguchi, Y., Ohashi, A., Harada, H., Kamagata, Y., 2007. Isolation of key
methanogens for global methane emission from rice paddy fields: a novel isolate affiliated
with the clone cluster rice cluster I. Appl. Environ. Microbiol. 73 (13), 4326–4331.

Salles, J.F., Poly, F., Schmid, B., Le, R.X., 2009. Community niche predicts the functioning of
denitrifying bacterial assemblages. Ecology 90 (12), 3324–3332.

Sarathchandra, S.U., Ghani, A., Yeates, G.W., Burch, G., Cox, N.R., 2001. Effects of nitrogen
and phosphate fertilisers on microbial and nematode diversity in pasture soils. Soil
Biol. Biochem. 33, 953–964. https://doi.org/10.1016/S0038-0717(00)00245-5.

Schaufler, G., Kitzler, B., Schindlbacher, A., Skiba, U., Sutton, M.A., Zechmeister-Boltenstern,
S., 2010. Greenhouse gas emission from european soils under different land use: effects of
soil moisture and temperature. Eur. J. Soil Sci. 61, 683–696. https://doi.org/10.1111/j.
1365-2389.2010.01277.x.

Schimel, J., Schaeffer, S., 2012. Microbial control over carbon cycling in soil. Front. Microbiol.
3, 348.

Shang, Z., Zhou, F., Smith, P., Saikawa, E., Ciais, P., Chang, J., Sabbatini, S., 2019. Weakened
growth of cropland-N2O emissions in China associated with nationwide policy inter-
ventions. Glob. Chang. Biol. 25 (11), 3706–3719. https://doi.org/10.1111/gcb.14741.

Shen, J., He, J., 2011. Responses of microbes-mediated carbon and nitrogen cycles to global
climate change. Acta Ecol. Sin. 31 (11), 2957–2967. https://doi.org/10.3724/SP.J.
1011.2011.00462.

Stein, L.Y., 2020. The long-term relationship between microbial metabolism and greenhouse
gases. Trends Microbiol. 28 (6), 500–511. https://doi.org/10.1016/j.tim.2020.01.006.

Stevenson, F.J., 1986. Cycles of soil carbon, nitrogen, phosphorus, sulfur, micronutrients.
John Wiley & Sons, pp. 1–44.

Szukics, U., Abell, G.C., Hödl, V., Mitter, B., Sessitsch, A., Hackl, E., Zechmeister-Boltenstern,
S., 2010. Nitrifiers and denitrifiers respond rapidly to changed moisture and increasing
temperature in a pristine forest soil. FEMS Microbiol. Ecol. 72, 395–406. https://doi.
org/10.1111/j.1574-6941.2010.00853.x.

Tan, L., Ge, Z., Zhou, X., Li, S., Li, X., Tang, J., 2020. Conversion of coastal wetlands, riparian
wetlands, and peatlands increases greenhouse gas emissions: a global meta-analysis.
Glob. Chang. Biol. 26 (3), 1638–1653. https://doi.org/10.1111/gcb.14933.

The Intergovernmental Panel on Climate Change (IPCC), 2013. Climate Change 2013: The
Physical Science Basis. Contributions of Working Group I to the Fifth Assessment Report
of the Intergovernmental Panel on Climate Change. New York, NY.

Tian, J., Shu, C., Chen, H., Qiao, Y., Yang, G., 2015. Response of archaeal communities to
water regimes under simulated warming and drought conditions in tibetan plateau wet-
lands. J. Soil Sed. 15 (1), 179–188. https://doi.org/10.1007/s11368-014-0978-1.

Tian, W., Wang, H., Xiang, X., Wang, R., Xu, Y., 2019. Structural variations of bacterial com-
munity driven by sphagnum microhabitat differentiation in a subalpine peatland. Front.
Microbiol. 10, 1661. https://doi.org/10.3389/fmicb.2019.01661.

Valenzuela, E.I., Prieto-Davo, A., Lopez-Lozano, N.E., Hernandez-Eligio, A., Cervantes, F.J., 2017.
Anaerobic methane oxidation driven by microbial reduction of natural organic matter in a
tropical wetland. 83 (11), e00645-17. https://doi.org/10.1128/AEM.00645-17.

Waid, J.S., 1999. Does soil biodiversity depend uponmetabiotic activity and influences? Appl.
Soil Ecol. 13, 151–158. https://doi.org/10.1016/S0929-1393(99)00030-X.

Wang, J., Li, Y., Li, F., 2018. Emission fluxes of CO2, CH4 and N2O from artificial and natural
reed wetlands in Bosten Lake, China. Acta Ecol. Sin. 38 (2), 668–677. https://doi.org/10.
5846/stxb201610302213.
12
Wang, Q., Zhou, F., Shang, Z., Philippe, C., Wilfried, W., Jackson, R.B., Tao, S., 2020. Data-
driven estimates of global nitrous oxide emissions from croplands. National Science Re-
view 7 (2), 441–452. https://doi.org/10.1093/nsr/nwz087.

Wang, X., He, C., Cheng, H., et al., 2021. Responses of greenhouse gas emissions to residue
returning in China's croplands and influential factors: a meta-analysis. J. Environ.
Manag. 289, 112486.

Wrage, N., van Groenigen, J.W., Oenema, O., Baggs, E.M., 2005. A novel dual-isotope label-
ling method for distinguishing between soil sources of N2O. Rapid Commun. Mass
Spectrom. 19 (22), 3298–3306.

Wu, J.F., Xiong, J.B., Zhang, D.M., 2015a. Temperature sensitivity of soil bacterial community
along contrasting warming gradient. Appl. Soil Ecol. 94, 40–48. https://doi.org/10.
1016/j.apsoil.2015.04.018.

Wu, L., Feng, S., Nie, Y., Zhou, J., Yang, Z., Zhang, J., 2015b. Soil cellulase activity and fungal
community responses to wetland degradation in the Zoige Plateau, China. J. Mt. Sci. 12
(2), 471–482. https://doi.org/10.1007/s11629-014-3183-1.

Wu, L., Nie, Y., Yang, Z., Zhang, J., 2016. Responses of soil inhabiting nitrogen-cycling micro-
bial communities to wetland degradation on the Zoige Plateau, China. J. Mt. Sci. 13 (12),
2192–2204. https://doi.org/10.1007/s11629-016-4004-5.

Xiang, X., Wang, R., Wang, H., Gong, L., Man, B., Xu, Y., 2017. Distribution of bathyarchaeota
communities across different terrestrial settings and their potential ecological functions.
Sci. Rep. 7, 45028. https://doi.org/10.1038/srep45028. DOI: 10.1038/srep45028.

Xie, J., Xu, Y., Wang, Y., Gu, H., Wang, F., Pan, S., 2019. Influences of climatic variability and
human activities on terrestrial water storage variations across the Yellow River basin in
the recent decade. J. Hydrol. 579, 124218. https://doi.org/10.1016/j.jhydrol.2019.
124218.

Xiong, Q., Pan, K., Zhang, L., Wang, Y., Li, W., He, X., Luo, H., 2016. Warming and nitrogen
deposition are interactive in shaping surface soil microbial communities near the alpine
timberline zone on the eastern Qinghai-Tibet Plateau, southwestern China. Appl. Soil
Ecol. 101, 72–83. https://doi.org/10.1016/j.apsoil.2016. 01.011.

Yvon-Durocher, G., Allen, A.P., Bastviken, D., Conrad, R., Gudasz, C., Stpierre, A., del Giorgio,
P.A., 2014. Methane fluxes show consistent temperature dependence across microbial to
ecosystem scales. Nature 507, 488–491. https://doi.org/10.1038/nature13164.

Zhang, Y., Lu, X., Liu, B., Wu, D., Fu, G., Zhao, Y., Sun, P., 2020a. Spatial relationships be-
tween ecosystem services and socioecological drivers across a large-scale region: a case
study in the Yellow River Basin. Sci. Total Environ. 766, 142480. https://doi.org/10.
1016/j.scitotenv.2020.142480.

Zhang, Y., Zhang, N., Yin, J., Yang, F., Zhao, Y., Jiang, Z., Hu, S., 2020. Combination of
warming and N inputs increases the temperature sensitivity of soil N2O emission in a Ti-
betan alpine meadow. Science of the Total Environment 704 (5), 135450. https://doi.
org/10.1016/j.scitotenv.2019.135450.

Zhao, S., Li, K., Zhou, W., Qiu, S., Huang, S., He, P., 2016. Changes in soil microbial commu-
nity, enzyme activity and organic matter fractions under long-term straw return in north-
Central China. Agric. Ecosyst. Environ. 216, 82–88. https://doi.org/10.1016/j.agee.
2015.09.028.

Zhao, W., Zhang, R., Cao, H., Tan, W.F., 2019. Factor contribution to soil organic and inor-
ganic carbon accumulation in the Loess Plateau: structural equation modeling. Geoderma
352, 116–125. https://doi.org/10.1016/j.geoderma. 2019.06.005.

Zhao, M., Han, G., Li, J., Song, W., Qu, W., Eller, F., Jiang, C., 2020. Response of soil CO2 and
CH4 emissions to changing water table level in a coastal wetland. J. Clean. Prod. 269,
122316. https://doi.org/10.1016/j.jclepro.2020.122316.

Zhao, Z., He, J., Quan, Z., Wu, C., Sheng, R., Zhang, L., Gelsen, S., 2020a. Fertilization changes
soil microbiome functioning, especially phagotrophic protists. Soil Biol. Biochem. 148,
107863. https://doi.org/10.1016/j.soilbio.2020.107863.

https://doi.org/10.1016/j.pedobi.2020.150640
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf5000
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf5000
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf5000
https://doi.org/10.1016/j.scitotenv.2021.145902
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704421700
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704421700
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110704421700
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110649532208
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110649532208
https://doi.org/10.1016/S0038-0717(00)00245-5
https://doi.org/10.1111/j.1365-2389.2010.01277.x
https://doi.org/10.1111/j.1365-2389.2010.01277.x
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110650046234
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110650046234
https://doi.org/10.1111/gcb.14741
https://doi.org/10.3724/SP.J.1011.2011.00462
https://doi.org/10.3724/SP.J.1011.2011.00462
https://doi.org/10.1016/j.tim.2020.01.006
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110650458329
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110650458329
https://doi.org/10.1111/j.1574-6941.2010.00853.x
https://doi.org/10.1111/j.1574-6941.2010.00853.x
https://doi.org/10.1111/gcb.14933
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110629291430
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110629291430
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110629291430
https://doi.org/10.1007/s11368-014-0978-1
https://doi.org/10.3389/fmicb.2019.01661
https://doi.org/10.1128/AEM.00645-17
https://doi.org/10.1016/S0929-1393(99)00030-X
https://doi.org/10.5846/stxb201610302213
https://doi.org/10.5846/stxb201610302213
https://doi.org/10.1093/nsr/nwz087
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110652073911
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110652073911
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110652073911
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110652087035
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110652087035
http://refhub.elsevier.com/S0048-9697(21)07484-2/rf202112110652087035
https://doi.org/10.1016/j.apsoil.2015.04.018
https://doi.org/10.1016/j.apsoil.2015.04.018
https://doi.org/10.1007/s11629-014-3183-1
https://doi.org/10.1007/s11629-016-4004-5
https://doi.org/10.1038/srep45028. DOI: 10.1038/srep45028
https://doi.org/10.1016/j.jhydrol.2019.124218
https://doi.org/10.1016/j.jhydrol.2019.124218
https://doi.org/10.1016/j.apsoil.2016. 01.011
https://doi.org/10.1038/nature13164
https://doi.org/10.1016/j.scitotenv.2020.142480
https://doi.org/10.1016/j.scitotenv.2020.142480
https://doi.org/10.1016/j.scitotenv.2019.135450
https://doi.org/10.1016/j.scitotenv.2019.135450
https://doi.org/10.1016/j.agee.2015.09.028
https://doi.org/10.1016/j.agee.2015.09.028
https://doi.org/10.1016/j.geoderma. 2019.06.005
https://doi.org/10.1016/j.jclepro.2020.122316
https://doi.org/10.1016/j.soilbio.2020.107863

	Effects and mechanisms of land-�types conversion on greenhouse gas emissions in the Yellow River floodplain wetland
	1. Introduction
	2. Material and method
	2.1. Research area description
	2.2. The experiment design
	2.3. High-throughput sequencing of the 16S rRNA gene on soil microbial community
	2.4. Calculation of greenhouse gases
	2.5. Data analysis

	3. Results and discussion
	3.1. Greenhouse gas emissions characteristics
	3.1.1. CO2 emissions
	3.1.2. CH4 emissions
	3.1.3. N2O emissions
	3.1.4. Cumulative emissions

	3.2. Soil microbial community structure
	3.3. Biological and non-biological factors affect greenhouse gas emissions

	4. Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	section19
	Acknowledgement
	Appendix A. Supplementary data
	References




