
OR I G I N A L A R T I C L E

Spatial distribution and stoichiometry of soil carbon, nitrogen
and phosphorus along an elevation gradient in a wetland
in China

Cong Hu1,2,3 | Feng Li1,2,4 | Yonghong Xie1,2 | Zhengmiao Deng1,2 |
Zhiyong Hou1,2 | Xu Li1,2

1Key Laboratory of Agro-ecological
Processes in the Subtropical Region, The
Chinese Academy of Sciences, Changsha,
China
2Dongting Lake Station for Wetland
Ecosystem Research, Institute of Subtropical
Agriculture, The Chinese Academy of
Sciences, Changsha, China
3University of Chinese Academy of
Sciences, Beijing, China
4Key Laboratory of Aquatic Botany and
Watershed Ecology, the Chinese Academy
of Sciences, Wuhan Botanical Garden,
Wuhan, China

Correspondence
Feng Li and Yonghong Xie, Institute of
Subtropical Agriculture, Chinese Academy
of Sciences, Changsha, China 410125.
Email: changshalifeng@163.com (F.L.) and
yonghongxie@163.com (Y.X.)

Funding information
Key Research Program of the Chinese
Academy of Sciences, Grant/Award
Number: KFZD-SW-318; Open Funding
Project of the Key Laboratory of Aquatic
Botany and Watershed Ecology, Chinese
Academy of Sciences, Grant/Award
Number: Y752701s02; Youth Innovation
Promotion Association, Grant/Award
Number: 2014337; Chinese Academy of
Sciences, Grant/Award Numbers: KFZD-
SW-318, Y752701s02; National Natural
Science Foundation of China, Grant/Award
Number: 31570431

Abstract
Despite extensive studies on how environmental factors influence plant nutrient

distribution and stoichiometry, it remains unclear how elevation affects soil distri-

bution and stoichiometry. Here, patterns of the spatial distribution and stoichiome-

try of soil carbon (C), nitrogen (N) and phosphorus (P) were studied (with 123 soil

samples) along a small-scale elevation gradient in the wetland of East Dongting

Lake, China. Plant nutrient concentrations (C, N and P), soil stoichiometry (C:N,

C:P and N:P ratios) and their relations with other soil properties were analysed. In

addition, the spatial distributions of plant nutrient concentrations and stoichiometry

were evaluated geostatistically with regression kriging, entailing estimation of

regression parameters by generalized least squares and ordinary kriging of the

residuals. Soil C, N and P concentrations and stoichiometry had moderate to strong

spatial dependence, and the ratios of C:P and N:P had similar patterns of distribu-

tion to soil organic carbon (SOC) and total nitrogen (TN). The SOC, TN, C:N, C:P

and N:P ratios increased with increasing elevation, whereas total phosphorus

(TP) showed no marked change. Furthermore, SOC, TN, C:N, C:P and N:P

decreased considerably with increasing duration of submergence, soil moisture and

pH. Therefore, elevation appeared to influence the distribution of plant nutrients

and stoichiometry as a result of changing soil moisture and duration of

submergence.

Highlights

• Study showed how elevation influences plant nutrient distribution and
stoichiometry.

• Regression kriging was used to map soil properties.
• Plant nutrients and stoichiometry decreased with increasing duration of

submergence.
• Elevation affected nutrient distribution because of soil moisture and water regime.
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1 | INTRODUCTION

Ecological stoichiometry is used to study the relations
between the balance of several chemical elements and
energy in ecological interactions (Elser, 2000). Existing
studies have indicated that soil carbon (C), nitrogen (N) and
phosphorus (P) are the three most important chemical ele-
ments in ecosystems (Nave et al., 2017). The circulation
of C, N and P is inextricably linked with the ecological
structure of ecosystems, including their processes and func-
tioning. Consequently, the dynamic ratios of C, N and P
(e.g. C:N, C:P and N:P) might reflect ecosystem characteris-
tics (Pastor & Post, 1986).

Soil is characterized by spatial heterogeneity, structural
complexity and biological diversity (Tian, Chen, Zhang,
Melillo, & Hall, 2010; Zhang, Lu, Song, Guo, & Xue,
2012). Horizontal and vertical nutrient characteristics are
both influenced by a variety of environmental factors such
as hydrology, topography, climate and soil parent materials
(Zhu, Castellano, & Yang, 2018). In wetland ecosystems,
hydrological regimes (e.g. duration of submergence, sedi-
mentation and water-table fluctuations) alter the composi-
tion, structure and functioning of wetland ecosystems by
influencing nutrient concentrations, aeration conditions and
the size of substrate particles (Richter, Baumgartner, Pow-
ell, & Braun, 1996). Moreover, hydrological regimes differ
markedly across different wetland types, leading to different
key factors influencing soil distribution and stoichiometry.
For example, salinity, together with the duration and
frequency of flooding, influence the distribution of nutrients
in coastal wetlands (Liu et al., 2017). In comparison, fluctua-
tions in soil temperature and the water table affect the trans-
formation and mobility of nutrients in peat wetlands (Gao,
Hua, Xu, Zhou, & Zhang, 2009). Even though soil stoichi-
ometry has been studied extensively in a variety of wetlands,
the characteristics of soil C, N and P stoichiometry in fresh-
water wetlands have yet to be described fully.

In some typical wetlands, such as river-connected lakes
and floodplains, changes to hydrology regimes
(e.g. flooding time, frequency, water level and soil moisture)
are strongly linked to elevation (Xie, Zhang, & Jiang, 2014).
Consequently, these characteristics cause marked changes to
the stoichiometry and distribution of plant nutrients. For
example, nitrate transforms into gaseous N in long-term
flooded anaerobic soils (Sabater et al., 2003). However, the
dynamics of soil C, N and P stoichiometry (e.g. C:N, C:P
and N:P) have yet to be clarified together with small-scale
changes in elevation gradients in such wetlands.

This study aimed to advance our understanding of the
pattern of spatial distribution and stoichiometry of soil C, N
and P along a small-scale elevation gradient in East Dong-
ting Lake. We also explored how soil stoichiometry is

correlated with other soil properties. A total of 123 soil sam-
ples were collected and used to: (a) analyse plant nutrient
concentrations (C, N and P), soil stoichiometry (the ratios of
C:N, C:P and N:P) and their spatial distribution along an ele-
vation gradient, and (b) investigate how these properties
were correlated with others, such as elevation, duration of
submergence, soil moisture and pH. Our results are expected
to provide new insights into how elevation affects the soil
characteristics of wetland areas surrounding freshwater
lakes.

2 | MATERIALS AND METHODS

2.1 | Study area

This study was carried out in the wetland of East Dongting
Lake (28�280–29�350N, 112�190–113�050E; Figure 1), which
covers an area of 1,328 km2. Dongting Lake is the second
largest freshwater lake in China, and is divided into three
parts, namely, East, South and West Dongting Lake. The
lake has seven water inlets, including three channels of the
Yangtze River (Songzi, Taiping and Ouchi) and four rivers
(Xiangjiang, Zishui, Yuanjiang and Lishui River). The lake
has only one outlet, which discharges from East Dongting
Lake into the Yangtze River at Chenglingji (Xie et al.,
2014). The dominant plant communities around this lake are
distributed along an elevation gradient, with Miscanthus
sacchariflorus (Maxim.) Franch and Phragmites australis
(Cav.) Trin. ex Steud. being the dominant high-elevation
species, Carex brevicuspis C. B. Clarke and Artemisia
selengensis Turcz. ex Bess. being the dominant mid-
elevation species, and Phalaris arundinacea L. being the
dominant species at low elevation.

The study area has a continental subtropical monsoon
humid climate, and the average annual rainfall is
1,200–1,300 mm. The annual frost-free period is about
285 days, with more than 60% of the precipitation falling
between April and August. The annual fluctuation in water
levels of the lake is approximately 12–14 m. Maximum and
minimum water levels occur in August and from January to
February, respectively. The mean annual temperature is
16.4–17.0�C, and the coldest and hottest months are January
(3.9–4.5�C) and July (28.6–29.1�C), respectively (Chen
et al., 2014).

2.2 | Sampling method

Before in-situ sampling, we designated the sampling points
on a map on a grid with 2-km intervals (Figure 1a). How-
ever, some of the designated points were not accessible on
foot or by boat because of the limitations of some environ-
mental conditions, such as water level, dense vegetation and
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human disturbance. For example, the middle section of East
Dongting Lake contains large areas of a privately managed
Miscanthus sacchariflorus community (prohibited areas)
that was not harvested and was too dense to enter in
December 2013. Therefore, the samples were collected at
the edge of this community. The normalized difference veg-
etation image (NDVI, derived from a Landsat 8 image in
December 2013; Figure 1b) with a 30-m spatial resolution
showed that this inaccessible region had quite similar values
of NDVI to those of the samples at the edge of this region.
This suggested that the soil chemical properties had a rela-
tively uniform distribution. In addition, the range of NDVI
values (Figure 1b) of the sampling points corresponds with
the range of values (−0.15 to 0.39) in the NDVI image, indi-
cating that we implemented a reasonable sampling scheme
to represent the nutrient concentrations of the study region,
even though these might slightly underestimate nutrient

concentrations in the inaccessible region. Finally, 123 sam-
pling points were selected, with 118 sampled in December
2013 and five sampled in June 2014 (Figure 1a). The latter
five sampling points could not be reached on foot or by boat
in December 2013; they were inundated almost year-round.

The coordinates of the sampling sites were recorded
with a hand-held global positioning system (GPS). Eleva-
tion was derived from a digital elevation model (DEM,
1:10,000) of Dongting Lake, which had an accuracy of 1 m
(the Changjiang Water Resources Commission, China,
1995). At each sampling site (1-m wide × 1-m
long × 0.2-m depth), five surface soil samples (0–20-cm
soil depth) were taken with a soil auger (length and diame-
ter were 0.3 and 0.1 m, respectively) at the centre and the
four corners of the square. A second sample was also col-
lected from each site with a cutting ring to measure surface
soil moisture. All the soil samples were placed in

FIGURE 1 (a) Map of soil sample
locations in East Dongting Lake and
(b) frequency of normalized difference
vegetation image (NDVI) from the Landsat
8 image and sampling points
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polyethylene bags and transported to the Key Laboratory of
Agro-ecological Processes in the Subtropical Region, Chi-
nese Academy of Sciences, for analysis. All the soil sam-
ples were stored at 4�C until analysis.

2.3 | Measurement of soil properties and the
hydrological regime

The air-dried soil samples were sieved (0.25 mm) before
analysis. The soil samples used to determine soil moisture
content were oven dried at 105�C for 24 h. The pH values
were determined using a pH meter (Delta 320, Mettler-
Toledo, Greifensee, Switzerland; soil:distilled water ratio
of 1:2.5). Soil organic carbon (SOC) concentration was
measured by the K2Cr2O7–H2SO4 oxidation method
(Pansu & Gautheyrou, 2006). Total soil nitrogen
(TN) concentration was measured with a Carlo Erba CNS
Analyzer (Carlo Erba, Milan, Italy). Total soil phosphorus
(TP) concentration was determined by perchloric acid
digestion and a UV-2450 spectrophotometer (Shimadzu
Scientific Instruments, Tokyo, Japan). The units (g kg−1)
of SOC, TN and TP concentration were transformed to
mol kg−1. The C:N, C:P and N:P ratios of each soil sam-
ple were then calculated as molar ratios (atomic ratio)
with the SOC:TN, SOC:TP and TN:TP ratios. In this
study, the duration of submergence (day) of each

sampling point was obtained from the elevation data (m),
using the water-level ranking method, and was calculated
from the daily water level (08:00) at Chenglingji hydro-
logical gauging station in 2013.

2.4 | Variogram analysis

The variogram is used to quantify the spatial structure of
regionalized variables. First, an experimental variogram is
computed and then fitted by a suitable model. The parame-
ters of the model together with the data are then used for pre-
diction by kriging. The main steps in variogram analysis are
as follows: (a) identify outliers and non-normality using
box-plots and if there are only one or two outliers they can
be removed from the data after checking their validity
(Figure 2), (b) summarize the statistical characteristics of the
data by the minimum, maximum, mean, median, standard
deviation and skewness coefficient (Table 1), and (c) com-
pute an experimental variogram, fit a suitable function and
examine the nugget and sill variances, and the range of spa-
tial dependence for the different variables. The data with the
outliers removed were not transformed, because the skew-
ness coefficients were between −1 and 1. The semivariance
γ(h) was calculated by the following formula (Webster &
Oliver, 2000):

FIGURE 2 Box-plots derived from C, N and P concentrations and stoichiometry. soil organic carbon (SOC), total nitrogen (TN), total
phosphorus (TP) variables were expressed as g kg−1 soil. (a) With outliers present and (b) with outliers removed
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γ hð Þ= 1
2m hð Þ

Xm hð Þ

i=1

z xið Þ−z xi + hð Þf g2, ð1Þ

where h is the lag distance, m(h) is the number of pairs of
sampling points of the variable Z in the interval h, and
z(xi) and z(xi + h) are the values of Z at position xi
and xi + h.

Several theoretical variogram models (exponential,
spherical and linear models) were fitted to the experimental
variogram, and the best model was selected based on the
smallest residual sum of squares (RSS). The resulting
variogram models were used to characterize the spatial vari-
ation of the plant nutrients. The model provides the follow-
ing parameters: nugget variance, sill variance of the spatially
dependent component and the range of spatial dependence
(Webster & Oliver, 2000). The nugget variance (c0) repre-
sents the unresolved variance at distances less than the sam-
pling interval or lag distance; it is obtained from the value at
which the fitted model intercepts the ordinate at a positive
value. The sill variance (c0 + c) comprises the correlated
component of the variation (c) and the nugget variance (c0).
If the nugget variance is a large proportion of the sill, a large
amount of the variation remains unresolved. The range of
spatial dependence is the distance at which the sill is reached
for bounded models. For models such as the exponential, the
sill does not reach a finite limit and an effective of range of
3a is used. The range represents in essence the sphere of
influence of a sample (Liu, Shao, & Wang, 2013). The

exponential model provided the best fit to the experimental
variograms of SOC, TN, C:P and N:P, whereas the spherical
model provided the best fit to those of TP and C:N. The
equations for the exponential (Equation (2)) and spherical
models (Equation (3)) are given by:

γ hð Þ= c0 + c 1−exp −
h
a

� �� �
, for 0 < h, ð2Þ

γ hð Þ= c0 + c
3h
2r

−
1
2

h
r

� �3
( )

, for 0 < h≤ r, ð3Þ

where h is the lag distance, c0 is the nugget variance, c is the
sill of the spatially dependent component and a is a distance
parameter of the exponential function. The range for the
spherical model is r (Oliver & Webster, 2014). All related
geostatistical analyses were performed with GS + 7.0
software.

2.5 | Kriging

Ordinary kriging is a univariate method of prediction that
depends on the observations of the target variables, their
spatial positions and parameters of the fitted variogram to
these data. It is used to predict unknown values at places, x0,
with the weighted values of neighbouring observations z(xi)
and the weight λi (Equation (4)). Ordinary kriging is based
on the assumption that we do not know the mean. The equa-
tion for kriging at a point is given by:

TABLE 1 Summary statistics of soil properties

Variables Number of data Minimum Maximum Mean Median SD Skewness

Original data DS/day 123 45.00 360.0 188.5 171.0 76.68 0.88

SM/% 123 15.40 95.00 62.11 48.92 27.16 0.07

pH 123 4.81 8.43 7.48 7.89 0.88 −1.54

SOC/g kg−1 123 2.65 45.97 18.14 16.38 10.50 0.75

TN/g kg−1 123 0.34 5.50 1.82 1.61 0.94 1.11

TP/g kg−1 123 0.45 1.70 0.92 0.90 0.18 1.45

C:N 123 3.52 29.33 11.48 11.66 3.15 1.34

C:P 123 7.61 124.4 51.30 44.41 28.89 0.69

N:P 123 0.82 15.22 4.47 3.88 2.38 1.33

Removed outliers SOC/g kg−1 – – – – – – –

TN/g kg−1 119 0.34 3.75 1.73 1.60 0.79 0.59

TP/g kg−1 115 0.55 1.25 0.89 0.90 0.12 0.34

C:N 120 3.52 15.98 11.20 11.62 2.51 −0.55

C:P – – – – – – –

N:P 120 0.82 9.40 4.27 3.81 2.03 0.72

Note: – indicates that the data were not calculated because soil organic carbon (SOC) and C:P have no outliers.
SD: standard deviation; DS: duration of submergence; SM: soil moisture; TN: total nitrogen; TP: total phosphorus.

1132 HU ET AL.



Ẑ x0ð Þ=
Xn
i=1

λiz xið Þ, i=1,…,n, ð4Þ

where λi are derived from the spatial autocorrelation struc-
ture of the target variable. To ensure that the estimate is
unbiased the weights must sum to 1 (Equation (5)):

Xn
i=1

λi =1, ð5Þ

and the expected error is given by:

E Ẑ x0ð Þ−Z x0ð Þ� �
=0: ð6Þ

The estimation variance (Equation (7)) is given by:

var Ẑ x0ð Þ� �
=E Ẑ x0ð Þ−Z x0ð Þ� 	2

h i
=2

XN
i=1

λiγ xi,x0ð Þ

−
XN
i=1

XN
j=1

λiλjγ xi,xj

 �

,

ð7Þ

where γ(xi, xj) is the semivariance of Z between the data
points xi and xj, and γ(xi, x0) is the semivariance between
the ith data point and the point to be predicted. The accuracy
of prediction depends on the spatial dependence expressed
by the variogram model (Webster & Oliver, 2000). In this
study, ordinary kriging was used to produce the maps of
duration of submergence, soil moisture and pH.

Regression kriging is another way of predicting the target
variables at the unknown positions by developing regression
models with the auxiliary variables. Regression kriging com-
bines a regression model with ordinary kriging. The regres-
sion model, such as generalized least squares (GLS)
regression between target variables and auxiliary variables,
can be used, and then ordinary kriging is used to predict the
residuals from the regression model (Hengl, Heuvelink, &
Rossiter, 2007; Kravchenko & Robertson, 2007; Zhu & Lin,

2010). Prediction by regression kriging (ẐRK) consists of the
deterministic part and residuals (Pham, Kappas, Van
Huynh, & Nguyen, 2019):

ẐRK s0ð Þ= m̂ s0ð Þ+ ê s0ð Þ, ð8Þ

ẐRK s0ð Þ=
Xp
k=0

β̂kqk s0ð Þ+
Xn
i=1

wi s0ð Þe sið Þ;q0 s0ð Þ=1;i=1,…,n,

ð9Þ

where ẐRK s0ð Þ is the predicted value at location s0, m̂ s0ð Þ is
the deterministic component, ê s0ð Þ is the interpolated

residual, β̂k are predicted model coefficients, k is the number
of the auxiliary variables, qk(s0) are the predictors, wi(s0) are
the kriging weights determined from the model fitted to the
variogram of the residuals γe, and e(si) are the regression

residuals at location si. The β̂k are estimated optimally by
generalized least squares (GLS) to account for the spatial
correlation of residuals (Cressie, 1993):

β̂GLS = QTC−1Q

 �−1

QTC−1z, ð10Þ

where β̂GLS is the vector of predicted model coefficients,
C is the covariance matrix of residuals, Q is the matrix of
predictors at the sampling locations and z is the vector of
measured values of the target variable.

Regression kriging can improve the prediction accuracy of
the soil variables with the use of auxiliary variables (such as
land surface properties and remote sensing data) (Hengl et al.,
2007). In addition, regression kriging is suitable for spatial
prediction in relatively uniform environments (Pham et al.,
2019). In this study, we used regression kriging to relate the
soil properties (SOC, TN, TP, and the ratios of C:N, C:P and
N:P) to the DEM and NDVI data. First, regression models
were developed by the GLS method based on the soil proper-
ties, DEM and NDVI at the sampling points. We obtained the
regression residuals at the sampling points from the regression
model. The regression models were then used to predict the
values of SOC, TN, TP, C:N, C:P and N:P with the DEM and
NDVI data at new locations. Ordinary kriging was then used
to predict values from regression residuals at the target
unsampled points to obtain regional maps of the residuals.
The regression model was developed using Matlab 2016a and
kriging was performed with ArcMap 10.3.

2.6 | Correlation coefficients

Pearson's correlation analyses were used to determine the
positive or negative relations between soil C, N and P con-
centrations and stoichiometry, and other properties such as
elevation, duration of submergence, soil moisture and pH
(Diane, Vernhar, & Berthelot, 2014). All of the statistical
analyses were carried out with a significance level of 0.05
using SPSS 19.0 software (SPSS Inc., Chicago, IL, USA).
The figures were created using Origin 8.0 software (Origin
Labs Corporation, Northampton, MA, USA).

3 | RESULTS

3.1 | Descriptive statistics

The shortest and longest duration of submergence were
45 and 360 days, respectively (Table 1). Soil moisture
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ranged from 15.4 to 95% and pH ranged from 4.81 to 8.43.
The SOC concentrations ranged from 2.65 to 45.97 g kg−1

and soil TN values ranged from 0.34 to 3.75 g kg−1. Soil TP
values were stable and ranged from 0.55 to 1.25 g kg−1. The
soil C:N ratio ranged from 3.52 to 15.98 and the soil N:P
ratio ranged from 0.82 to 9.4. The recorded soil C:P ratio
had the widest range, from 7.61 to 124.4.

3.2 | Geostatistical analysis of soil C, N and P
concentrations and stoichiometry

The experimental variograms of SOC, TN, C:P and N:P
were fitted by exponential models, and those of TP and C:N
were fitted by spherical models (Figure 3a). Table 2 shows
that the nugget variances range from 0.002 to 50.1 for SOC,
TN and TP concentrations and from 0.5 to 404.0 for soil C,
N and P stoichiometry. The sill values vary from 0.013 to
110.1 for SOC, TN and TP concentrations and from 4.682 to
860.4 for the stoichiometry. The nugget-to-sill ratios range
from 8.23 to 47.57%, revealing that the unresolved variation
was weak to moderate. The effective ranges of spatial depen-
dence vary from 2,330 to 18,000 m for SOC, TN and TP

concentrations and from 2,520 to 22,200 m for the stoichi-
ometry. The SOC, TN, C:P and N:P variograms have similar
nugget-to-sill ratios and ranges, and the differences between
TP and C:N are small (Table 2).

3.3 | Regression kriging

Equations for the regression models are given in Table 3.
The coefficients of determination (R2) of SOC, TN, TP and
stoichiometry (C:N, C:P, N:P) ranged from 0.04 to 0.2 with
the GLS method. Figure 3b shows the experimental
variograms of the residuals from the regression models and
the fitted exponential and spherical models. Table 4 gives
the model parameters; the nugget variances range from
0.002 to 50 for SOC, TN and TP residuals and from 0.5 to
426 for soil C, N and P stoichiometry residuals. The sill
values range from 0.013 to 95 for SOC, TN and TP residuals
and from 4.509 to 763.8 for the stoichiometry residuals. The
nugget-to-sill ratios vary from 9.04 to 55.77%, indicating
that the unresolved variation was weak to moderate. The
effective variogram ranges vary from 2,390 to 23,170 m for
SOC, TN and TP residuals and from 2,860 to 22,258 m for
stoichiometry residuals. Similar to Table 2, the nugget-to-sill

FIGURE 3 (a) The best fitting
variogram models for soil C, N and P
concentrations and stoichiometry in
East Dongting Lake and (b) the best
fitting variogram models to the
regression residuals
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ratios and variogram ranges of the residuals of SOC, TN, C:
P and N:P are similar, and those of TP and C:N residuals are
also similar (Table 4).

3.4 | Characterization of soil spatial variation

Figure 4 shows the maps of C, N and P concentrations and of
stoichiometry based on regression kriging. The concentrations

of SOC and TN have similar patterns of spatial distribution.
The largest SOC and TN concentrations are in the southwestern
area of East Dongting Lake and part of the northwestern area
of the lake, whereas the smallest SOC and TN concentrations
are in the central and northeastern areas of East Dongting Lake.
The TP concentrations are largest in the northeastern and south-
eastern parts of East Dongting Lake. The C:P and N:P ratios
have patterns of spatial distribution that are similar to those of
SOC and TN. The C:N ratio, however, is relatively homoge-
neous throughout East Dongting Lake (Figure 4).

Figure 5 shows maps of the residuals of C, N and P con-
centrations and stoichiometry based on ordinary kriging.
The residuals of concentrations of SOC and TN have similar
patterns of spatial distribution. The largest residuals of SOC
and TN are mainly in the southwest and central areas of East
Dongting Lake. The largest residuals of C:P and N:P are
mainly in the southwest and southeast areas of East Dong-
ting Lake, whereas the residuals of TP concentration and C:
N have a patchy distribution.

3.5 | Relations between soil C, N and P
stoichiometry and other soil properties

Figure 6 shows the DEM and the kriged maps of the dura-
tion of submergence (DS), soil moisture (SM) and pH in
East Dongting Lake based on ordinary kriging. Table 5
gives the correlation coefficients between SOC, TN, TP, C:
N, C:P, N:P and elevation, duration of submergence, soil

TABLE 2 Models and their parameters fitted to the experimental variograms of soil C, N and P concentrations and stoichiometry

Number
of sites Nugget (c0) Sill (c0 + c)

Nugget-to-sill/%
(c0/ c0 + c)

Effective range
or range/m Model type

SOC 123 50.1 110.1 45.50 11,500 Exponential

TN 119 0.304 0.639 47.57 18,000 Exponential

TP 115 0.002 0.013 15.38 2,330 Spherical

C:N 120 0.5 6.077 8.23 2,520 Spherical

C:P 123 404.0 860.4 46.95 15,300 Exponential

N:P 120 2.009 4.682 42.91 22,200 Exponential

Note: Soil organic carbon (SOC), total nitrogen (TN), total phosphorus (TP), C:N, C:P and N:P were not transformed.

TABLE 3 Fitting coefficients based on generalized least squares
(GLS) regression

Properties R2 Equation

SOC 0.20 y = 0.7312 × DEM + 0.0014 × NDVI –
1.3789

TN 0.14 y = 0.0134 × DEM + 0.0001 × NDVI
+1.3075

TP 0.04 y = −5.9624 × DEM + 0.0000 × NDVI
+0.9770

C:N 0.08 y = 0.2063 × DEM + 0.0003 × NDVI
+5.8386

C:P 0.19 y = 1.6215 × DEM + 0.0018 × NDVI
+9.2667

N:P 0.14 y = 0.0061 × DEM + 0.0000 × NDVI
+4.1947

Note: Normalized difference vegetation image (NDVI) (0–10,000) for
calculation is equal to the actual NDVI value (0–1) multiplied by 10,000. R2 is
determination coefficient for the equation. SOC: soil organic carbon; TN: total
nitrogen; TP: total phosphorus.

TABLE 4 Parameters fitted to the experimental variograms of residuals

Number of sites Nugget (c0) Sill (c0 + c)
Nugget-to-sill/%
(c0 / c0 + c)

Effective range
or range/m Model type

SOC 123 50 95 52.63 11,410 Exponential

TN 119 0.316 0.632 49.92 23,170 Exponential

TP 115 0.002 0.013 9.37 2,390 Spherical

C:N 120 0.510 5.637 9.04 2,860 Spherical

C:P 123 426 763.8 55.77 22,258 Exponential

N:P 120 2 4.509 44.36 17,094 Exponential

Note: Soil organic carbon (SOC), total nitrogen (TN), total phosphorus (TP), C:N, C:P and N:P were not transformed.
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moisture and PH at sampling points. The concentrations of
SOC and TN are positively, albeit weakly, correlated with
elevation (Table 5, Figures 4a,b and 6a), but are negatively
correlated with duration of submergence, soil moisture and
pH (p < 0.05) (Table 5, Figures 4a,b and 6b–d). However,
Table 5 shows that TP is not correlated with elevation, dura-
tion of submergence, soil moisture and pH (p > 0.05). The
C:N, C:P and N:P ratios are positively correlated with eleva-
tion and negatively correlated with duration of submergence,
soil moisture and pH (p < 0.05) (Table 5, Figure 4d–f and
6a–d).

4 | DISCUSSION

The SOC concentration at our study site was much smaller
than the mean SOC for China (Tian et al., 2010). This differ-
ence might be explained by the large seasonal variation in
the water level at Dongting Lake, which results in plant litter
being washed away, thus inhibiting soil C accumulation and
storage (Zhang et al., 2018). The TN concentration was con-
sistent with the mean TN for the whole of China, whereas
TP concentration was marginally larger than the mean TP
for China. Seasonal flooding in Dongting Lake might

promote mineral accumulation (such as Fe) in the saturated
zone, which might in turn inhibit the release of soil P, which
accords with previous studies (Bai et al., 2017; Steinman,
Ogdahl, Weinert, & Uzarski, 2014). The C:N, C:P and N:P
ratios recorded in this study were larger than those obtained
in the Yellow River Delta (Zhang, Song, Lu, & Xue, 2013).
However, the C:N ratio was consistent with the mean C:N
ratio for the whole of China (Tian et al., 2010). Zhang et al.
(2012) also suggested that the C:N ratio might be relatively
stable at large spatial scales. The C:P and N:P ratios were
smaller than the mean values for China, possibly because of
the larger P concentration at our study lake.

There was considerable spatial heterogeneity in the distri-
bution of SOC and TN concentrations in the wetlands of
East Dongting Lake. Pearson correlation analysis also
showed that the distribution and stoichiometry of SOC and
TN were positively correlated with elevation (Table 5). The
SOC concentrations were generally small at low elevations
because these locations tend to flood frequently, leading to
considerable erosion, which is not conducive to the deposi-
tion of soil particles with a large nutrient status (Diane et al.,
2014). In our study, the soil at low elevation sites contained
larger proportions of sand particles, which limited the

FIGURE 4 Maps of (a) soil organic carbon (SOC), (b) total nitrogen (TN), (c) total phosphorus (TP), (d) C:N, (e) C:P and (f) N:P in East
Dongting Lake by regression kriging
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capacity for nutrient storage (Pan, Zhang, Li, & Xie, 2016).
In addition, long-term flooding promoted the movement of
plant litter, leading to subsequent reduction in nutrient input
at low elevations (Zhao, Bai, Liu, Gao, & Wang, 2014). The
relatively larger SOC concentrations at intermediate and
high elevations may be attributed to strong plant productiv-
ity. In Dongting Lake, C. brevicuspis and M. sacchariflorus
grew at intermediate and high elevations (Chen et al., 2014),
whereas the mudflats and sporadically submerged plants
occurred primarily at low elevations (Pan, Xie, Deng,
Tang, & Pan, 2014). Some studies have shown that plant lit-
ter and organic compounds from plant roots enhance organic
matter in the surface soil (Bai et al., 2005; Pan et al., 2016).
Therefore, plants with greater productivity might lead to
larger SOC concentrations at higher elevations.

The TN concentrations increased with increasing eleva-
tion, similarly to SOC (Table 5, Figures 4a,b and 6a),
supporting previous studies (Noe, Hupp, & Rybicki, 2013;
Pan et al., 2016). This might have been because of the differ-
ent capacity for selective absorption and retention of ele-
ments between different plants leading to major differences
in soil nitrogen concentrations (Bai et al., 2005; Kang, Kang,
Ko, & Lee, 2002). Moreover, in low elevation soils, NO3

−

(nitrate ions)-N might be denitrified and in gaseous form
under anaerobic conditions, leading to N loss (Zhu et al.,
2018). However, the soil TP concentrations showed no mar-
ked difference along the elevation gradient and had a patchy
pattern of distribution. The largest TP values occurred in
areas adjacent to the Xiangjiang River, indicating that indus-
trial, agricultural and residential wastewater discharges into
the Xiangjiang River may be the main sources of P (Zhang
et al., 2010).

The C:N ratio serves as an indicator of the degree of
decomposition and quality of organic matter, reflecting the
C balance and the process of C and N transformation
(Spohn, Babka, & Giani, 2013). In our study, the C:N ratio
showed a gradual increase with increasing elevation
(Table 5, Figures 4d and 6a), possibly because of the
increase in soil clay content with increasing elevation (Pan
et al., 2016). Jobbágy and Jackson (2008) reported that
increasing clay content can reduce C loss through its stabi-
lizing effect on SOC. Like the C:N ratio, the C:P and N:P
ratios increased considerably with increasing elevation
(Table 5, Figures 4e,f and 6a). This result might have been
related to the larger SOC and TN concentrations observed in
the soils at higher elevations and the relatively stable pattern

FIGURE 5 Maps of the residuals of (a) soil organic carbon (SOC), (b) total nitrogen (TN), (c) total phosphorus (TP), (d) C:N, (e) C:P and (f)
N:P in East Dongting Lake by ordinary kriging
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of distribution of soil P (Müller, Oelmann, Schickhoff,
Böhner, & Scholten, 2017).

Table 5 shows the negative correlations between the
nutrient concentrations (SOC and TN) and environmental
factors (duration of submergence, soil moisture and pH) in
East Dongting Lake, and Figures 4a,b and 6b–d also show
the negative relations in spatial distribution. Large soil mois-
ture content and long duration of submergence in soils at
low elevations enhance anaerobic conditions and influence
microbial activity, as well as many other biochemical pro-
cesses such as mineralization, nitrification and denitrification

(Wang et al., 2015). Consequently, smaller N concentrations
were detected at lower elevations, consistent with those
reported in other studies (Liu et al., 2015; Zhang et al.,
2015). Similarly, Di, Cameron, Podolyan, and Robinson
(2014) observed that larger soil moisture contents led to a
considerable increase in N2O (nitrous oxide) emissions in
grassland soil, which the authors attributed to the growth of
ammonia oxidizing and denitrifying communities. Zhu et al.
(2018) also showed that increased soil water content can
lead to large N2O emissions through denitrification. More-
over, soil pH was negatively correlated with nutrient

FIGURE 6 Maps of (a) the
digital elevation model (DEM),
(b) duration of submergence (DS),
(c) soil moisture (SM) and (d) pH
in East Dongting Lake by
ordinary kriging

1138 HU ET AL.



concentrations in our study. Soil pH might even influence
the spatial distribution and stoichiometry of C, N and P
through changes in soil microbial activity (Bai et al., 2005).
For example, high pH favours NO2

− (nitrite ion) accumula-
tion and stimulates N2O emissions (Nambu, Van Hees,
Jones, Vinogradoff, & Lundström, 2008), leading to smaller
soil TN concentrations at high pH levels.

5 | CONCLUSIONS

This study examined the concentrations of SOC, TN and TP,
and C:N, C:P and N:P ratios in 123 samples along a small-scale
elevation gradient in the wetland of East Dongting Lake, China.
Pearson correlation analyses confirmed that the concentrations of
SOC and TN, and C:N, C:P and N:P ratios increased with
increasing elevation and decreased considerably with increasing
duration of submergence, soil moisture and pH. The concentra-
tion of TP, however, showed no marked change with elevation.
In addition, this study also showed that elevation affected soil
stoichiometry, mainly because of changes in soil moisture and
duration of submergence. Our findings are expected to advance
the study of soil ecological stoichiometry in freshwater wetlands.
However, they were based primarily on a field investigation, and
further studies are needed to investigate how water regimes and
soil water conditions influence soil stoichiometry characteristics
using controlled incubation experiments.
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