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Identifying sediment phosphorus sources in river-lake coupled system is a question in developing preferential
control strategies for phosphorus. As sediments adsorbed phosphorus and microbes would be transported with
changing hydrodynamic, the phosphorus source-specific microbial community fingerprints shed light on deter
mining the major sediment phosphorus sources. However, the identification of microbial community fingerprints
is a challenge because both microbial succession and hydrological characteristics of river-lake systems would
affect the stability of fingerprints. Therefore, this study provided a framework for optimizing phosphorus sourcespecific microbial community fingerprints, and attempted to identify the major sources of sediment phosphorus
in river-lake coupled ecosystem. Meiliang Lake is one of the highly eutrophic area in Taihu Lake, where the
sediments, bacterial communities, and phosphorus had a close relationship. Through analyzing the connectivity
of microbes along water continuum, a microbial fingerprints candidate database was constructed. The
phosphorus-related bacterial communities were screened and optimized by comparing the difference of predicted
results between upstream and downstream, forming the stable microbial community fingerprints which consisted
of Bacteroidia, Bacilli, Clostridia, and other species at the class level. SourceTracker results that based on the
optimized phosphorus source-specific microbial community fingerprints indicated that the major sediment
phosphorus sources to Meiliang Lake were Liangxi River, Wujingang River, and Donghuandi River, with the
relative standard deviations ranging from 2.59% to 27.56%. The accuracy of phosphorus source apportionments
was further confirmed based on the composite pollution index and hydrodynamic condition. This study put
forward suggestions on how to improve the stability of microbial community fingerprints, and would help to
improve the understanding of applying microbial source tracking method to identify the sources of abiotic
pollution like sediment phosphorus.

1. Introduction
Phosphorus, playing a critical role in algal growth, has been regarded
as the primary limiting factor for eutrophication (Lin et al., 2021). As the
sink or source of phosphorus for water column, sediments are one of the
key factors in determining the phosphorus behaviors (Xu et al., 2018).
Phosphorus which was fixed by sediments, serves as the long-term

source of phosphorus supply for algae in the lake (Fang et al., 2013;
Huang et al., 2015). The migration and transformation of sediment
phosphorus are affected by various environmental factors and meteo
rological conditions, resulting in the concentrations and fractions of
phosphorus changeable and complex (Zhang et al., 2019; Ribeiro et al.,
2014; Yao et al., 2016). Therefore, it is necessary to systematically
analyze the dynamics of sediment phosphorus in river-lake coupled
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Fig. 1. Locations of 18 sampling sites in Meiliang Lake and its inflow rivers in November 2020. Red triangles represent lake sites and yellow circles represent inflow
river sites. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

identify phosphorus sources in the river-lake coupled system is deficient
and defective. Therefore, it is necessary to explore a more powerful
method to identify the main sources of sediment phosphorus along the
hydrologic continuum.
SourceTracker, a representative microbial source tracking (MST)
method, first proposed by Knights (Knights et al., 2011), has now been
widely used. Since each potential source has unique microbial com
munity fingerprints, MST could quantify the source contributions to the
sink through comparing microbial community fingerprints (Baral et al.,
2018). Compared to other methods, MST could increase the discrimi
nation of potential sources based on the abundant data obtained by
high-throughput sequencing technology (Gu et al., 2020). Source
Tracker, uses a Bayesian approach to identifying sources and estimating
the proportions of contaminants in the given community that come from
possible source environments. The presentation of SourceTracker has
improved the accuracy and efficiency of MST, and promote the devel
opment of MST (Brown et al., 2019; McCarthy et al., 2017). Consider
able attention has been paid to applying MST to identify sources of fecal
contamination, antibiotic resistance genes, and tap water bacterial
communities, and the accuracy and practicability of this analysis for
tracing biocontamination has been verified (O’Dea et al., 2019; Chen
et al., 2019; Han et al., 2020). However, seldom attention has been paid
to abiotic pollution, such as sediment phosphorus contamination. This
might be due to the fact that the identification of microbial community
fingerprints which could reflect the characteristics of different abiotic
pollution sources is difficult and challenging. Under the comprehensive
action of different pollution levels and land use conditions, the charac
teristics of sediment phosphorus and microbial community composi
tions are different in different regions (Bi et al., 2021; LeBrun et al.,
2018), which leads to the unique microbial community fingerprint
characteristics in each region. These unique microbial community fin
gerprints (phosphorus source-specific microbial community finger
prints) might shed light on determining the dominant sediment
phosphorus sources by using MST. However, how to accurately
construct the phosphorus source-specific microbial community finger
prints is a challenge, because such fingerprints are influenced by the
connectivity of microbes along the water continuum from upstream via
downstream to lake (Johnson et al., 2014; Comte et al., 2018). External

system. Tracking the fate of sediment phosphorus could help to control
and prevent the eutrophication.
Phosphorus in lake sediments come from a wide array of diffuse
sources (Wong et al., 2018). Where sediment phosphorus come from is
important. Prior work has demonstrated that inflow rivers are the major
phosphorus sources of lake sediments (Xu et al., 2019). The inflow
rivers, in part, serve as the intermediary between the land and lake, that
is, the inflow rivers are both sinks of phosphorus pollution from land,
and the sources of phosphorus of the lake (Johnson et al., 2014). The
continuous and excessive phosphorus loads imported from inflow rivers
could degrade lake water quality, and even, intensify eutrophication. It
is noted that different forms of phosphorus have the different influence
on lake eutrophication, as not all the phosphorus fractions have similar
bioavailability. The predominant fraction, Fe or Al-bound phosphorus
(Fe/Al–P) are identified as bioavailable phosphorus, which could be
easily released from the sediment into the water under the certain
conditions (Pu et al., 2020). Thus, a better understanding of how
phosphorus fractions change along the hydrologic continuum, especially
bioavailable phosphorus fractions, is needed. Also, understanding the
relative sediment phosphorus contributions of each inflow river (po
tential source) to lake (sink) in the river-lake coupled ecosystem is
necessary. However, the relevant research is not sufficient.
Prior study has put forward many methods to identify phosphorus
source, including the methods based on pollution load estimation (i.e.,
SWAT, SPARROW) (Domagalski and Saleh, 2015; Cheng et al., 2021),
and the methods based on phosphorus characteristics of source-sink (i.
e., isotopic, sediment fingerprints) (Yuan et al., 2019; Walling et al.,
2008). However, there are some deficiencies in these existing methods
so that make it difficult to identify the major sediment phosphorus
sources effectively. For example, SWAT method requires collecting a
large amount of basic data like Digital Elevation Model (DEM), meteo
rological data, and land use data (Bauwe et al., 2019; Muenich et al.,
2016). However, these data are difficult to collect, and the accuracy and
precision of the collected data has a great impact on the results of the
model (Zhang et al., 2014a, 2014b). Also, the phosphorus source reso
lution method based on phosphate oxygen isotopes has been limited due
to the isotopic fractionation and the overlapping of the range of isotopes
(Jaisi et al., 2017; Liu et al., 2019). The application of these methods to
2
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environmental factors also affect the characteristic of microbial com
munity, which play an important role in the stability of phosphorus
source-specific microbial community fingerprints. Hence, it is particu
larly important to understand the spatial variability of community fin
gerprints and to establish a stable and phosphorus source-specific
community fingerprints.
Therefore, the objectives of this study were to (1) analyze the
feasibility of using SourceTracker method for identifying the sediment
phosphorus sources in river-lake coupled system; (2) identify the key
factors influencing the construction of phosphorus source-specific mi
crobial community fingerprints and optimize the fingerprints; (3)
determine the major sediment phosphorus sources using MST method
based on phosphorus source-specific microbial community fingerprints.
To achieve these purposes, Meiliang Lake was chosen as the study area
as it is one of the serious eutrophication areas of Taihu Lake, and has
many inflow rivers. The Standards, Measurements and Testing (SMT)
harmonized procedure for phosphorus fractionation (SMT protocol) was
used to determine different phosphorus fractions. Next-generation 16S
rRNA gene sequencing was used to identify sediment bacterial com
munities and provide sufficient data for MST. SourceTracker analysis
was applied to estimate the relative contributions of the different sedi
ment phosphorus sources to the lake. This study provided a new insight
into identifying sediment phosphorus sources using microbial commu
nity fingerprints, and could help managers identify external phosphorus
inputs for developing effective eutrophication management plans.

phosphorus (DTP), and particulate phosphorus (PP) were selected as
physicochemical parameters of water samples. The concentration of Chla was measured by spectrophotometric method published by the Min
istry of Ecology and Environment of the People’s Republic of China (HJ
897–2017). The concentrations of TN, NO3− -N, NH4+-N, TP, and DTP
were defined following the Environmental Quality Standards for Surface
Water in China (Wu et al., 2017). The concentrations of PP were
calculated by calculating the difference between TP and DTP. Three
replicates were conducted for each measured parameter.
The sediment parameters included NO3− -N, NH4+-N, TN, total
organic carbon (TOC), particle size, TP, Fe/Al–P, inorganic phosphorus
(IP), organic phosphorus (OP), and Ca-bound phosphorus (Ca–P).
Selected sediment parameters NO3− -N and NH4+-N were measured by
extraction with potassium chloride solution-spectrophotometric
methods published by the Ministry of Ecology and Environment of the
People’s Republic of China (HJ 634–2012). TN contents of sediment
samples were determined by using a continuous-flow automated
analyzer (San++, Skalar Analytical, Breda, the Netherlands) after being
digested with H2SO4–H2O2, and TOC contents were measured according
to the H2SO4–K2Cr2O7 thermodilution method (Li et al., 2019). Particle
size were analyzed by Mastersizer 2000 laser particle size analyzer
(Malvern Panalytical, Britain).
The concentrations of TP, IP, OP, Ca–P, and Fe/Al–P in sediments
were analyzed under the frame of SMT protocol. SMT protocol has been
widely used in phosphorus fractionation (Medeiros et al., 2005), and can
be help to assess the risk of phosphorus release from sediments. The SMT
phosphorus sequential extraction method includes three extraction
procedures applied to separate subsamples (0.2 g). The sediment sam
ples for phosphorus speciation were divided into three parts. The first
aliquot was used to measure TP, the second one was used for IP and OP,
and the third one was used to determine Ca–P and Fe/Al–P. The con
centrations of TP, IP, OP, Ca–P, and Fe/Al–P in the extracts were
measured by using the molybdenum antimony anti-spectrophotometric
method. Three replicates were conducted for each measured parameter.

2. Materials and methods
2.1. Study area and sample collection
Meiliang Lake, one of the highly eutrophic lakes, is in the north of
Taihu Lake (latitude 31◦ 24.0643′ -31◦ 33.0522′ N, longitude
120◦ 7.3522′ -120◦ 13.8767′ E). The area of Meiliang Lake is about 163
km2, the mean depth is 2 m. As the main water source of Wuxi city,
Meiliang Lake has been eutrophicated since the 1980s, and a large
amount of money has been invested to control eutrophication (Chuai
et al., 2011; Xue et al., 2020). Up to now, there has no point source
pollution in this area. The main external pollution comes from inflow
rivers (Zhang et al., 2014a, 2014b; Wang et al., 2017). There are many
inflow rivers in the west of Meiliang Lake, while in the north and east
parts only a little. The excessive phosphorus loads imported from inflow
rivers might increase phosphorus content of lake, causing serious
eutrophication.
Surface water and sediment samples were collected from Meiliang
Lake (Wuxi, Jiangsu province, China) and its main inflow rivers in
November 2020 after the flood season in Taihu Basin. According to the
distribution pattern of inflow rivers, 8 rivers were chosen as the main
inflow rivers, and 6 sites were set up in the different areas of the lake due
to the complex circulation. A total of 18 sampling sites were set up,
including 12 inflow river sites, and 6 lake sites (Fig. 1, Tables S1 and S8).
At each sampling site, samples of surface water and sediments were
collected in triplicate. Water samples were collected in pre-cleaned
polyethylene bottles and immediately stored at 4 ◦ C. Surface sediment
samples (0–5 cm in depth) were collected with a grab sampler
(XDB0201, Pusen, China), and then sealed in sterile sample bags, stored
in an ice box at − 80 ◦ C until DNA isolation and physicochemical
analysis.

2.3. DNA extraction, PCR amplification, and sequencing analysis
Microbial genomic DNA was extracted from 0.5 g of each sediment
sample using the FastDNA spin kit for soil (Q-BIOgene, Carlsbad, CA,
USA), following the manufacturer’s instructions. The extracted DNA
quality was detected by 2% agarose gel electrophoresis, and all the DNA
samples were stored at − 20 ◦ C for the further analysis. The extracted
DNA was sent to Shanghai Biozeron Bio-Pharm Technology Co., Ltd.
(Shanghai, China) for PCR amplification and Illumina Miseq sequencing
on the Illumina MiSeq PE250 platforms (Illumina, San Diego, CA). Using
341F
(5′ -CCTAYGGGRBGCASCAG-3′ )
and
806R
(5′ -GGAC
TACHVGGGTWTCTAAT-3′ ) as primers (Caporaso et al., 2012), the
V3–V4 region of 16s rRNA gene was amplified. Operational taxonomic
units (OTUs) were defined by a 97% sequence similarity cut-off. The raw
sequence data was deposited into NCBI Sequence Read Archive (htt
p://www.ncbi.nlm.nih.gov/sra/) under the project reference
PRJNA758889.
2.4. Statistical analysis
To investigate the characteristics of sediments along the hydrologic
continuum, sediment grain size and four grain size parameters were
analyzed and calculated. Sediment grain size is the most fundamental
property of sediment particles which reflect their entrainment, trans
port, and deposition (Yuan et al., 2020). Mean grain size, Sorting coef
ficient, Skewness and Kurtosis are common analyzed parameters. The
above four grain size parameters were calculated followed by Blott
(Blott and Pye, 2001). To reflect the degree of water pollution,
single-factor pollution index (Pi) and composite pollution index (P) was
calculated based on the standards of surface water according to Son (Son

2.2. Physicochemical analysis
Temperature (T), the concentration of dissolved oxygen (DO), pH,
and electric conductivity (Cond) were measured in situ using a HACH
HQ30d portable meter (HACH Company, Loveland, Co, USA). Turbidity
was determined by using a TB100 portable turbidimeter (BANTE Com
pany, China). Chlorophyll-a (Chl-a), total nitrogen (TN), nitrate (NO3− N), ammonia nitrogen (NH4+-N), total phosphorus (TP), dissolved total
3
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Fig. 2. The phosphorus fractionations according to the SMT extraction protocol in sediments among different sampling sites. (a) Absolute content of phosphorus
fractionation. (b) Relative content of phosphorus fractionation.

et al., 2020).
To explore microbial community composition and diversity in riverlake coupled system, alpha diversity and relative abundance were
calculated by using QIIME v1.9.0 (Caporaso et al., 2010). To analyze the
correlations between microbial community composition and phos
phorus form components, spearman correlation analysis and network
analysis were displayed. In order to screen the microorganisms with
strong correlations with the different phosphorus fractions, the
spearman rank correlations were performed. Only when the spearman’s
correlation coefficient was greater than 0.6 and the corresponding
p-value was less than 0.05, the taxa was then selected. The network
analysis was conducted with Cytoscape V3. The habitats at different
sites of inflow rivers and lake were quite different, resulting in the
different phosphorus source-specific microbial community fingerprints.
The shared and unique OTUs among different sites were shown in Venn
diagrams and Upset diagram. Also, a principal coordinate analysis
(PCoA) based on Bray-Curtis distance was conducted to explore the
microbial similarities among the different habitats. QIIME v1.9.0, SPSS
v20.0, RStudio v4.0.3, R v4.0.3 were used.

Based on software R v4.0.3, SourceTracker analysis was performed
using R package SourceTracker 1.0.1. The default parameters were set
with a rarefaction depth of 1000, burn-in 100, restart 10, alpha 0.001,
and beta 0.01. For each analysis, five independent runs were conducted
to reduce the effect of false predictions, and the averaged source pro
portions and the relative standard deviation (RSD) values were also
calculated (Staley et al., 2018). The formula for calculating RSD was
shown in Eq. (1):
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
̅
∑
n

SD
RSD =
× 100% =
x

i=1

(xi − x)2

n− 1

x

× 100%

(1)

where SD refers to the standard deviation of the contribution proportion
of source to sink, n refers to the run times, xi refers to contribution
proportion at each run time, and x refers to the average value.
3. Results and discussion
3.1. Physicochemical properties
Physiochemical properties including surface water parameters and
sediment parameters of sampling sites were summarized in Tables S2
and S3, respectively. The results showed that the concentrations of TP
and TN in water samples in Meiliang Lake were excessive, with the mean
of 0.22 mg/L and 2.92 mg/L, respectively. The TP concentrations of
inflow rivers ranged from 0.05 to 0.74 mg/L with an average of 0.19
mg/L, while the TN concentrations ranged from 2.39 to 4.91 mg/L with
an average of 3.88 mg/L. The average of DTP concentrations in water
samples of inflow rivers was 0.07 mg/L while the average of lake was
0.06 mg/L. Compared with Meiliang Lake, the nutrient contents of
inflow rivers were higher due to the complicated land use and the
confluence of tributaries. This phenomenon indicated that the inflow
rivers needed to be paid more attention to for the purpose of controlling
the eutrophication of Meiliang Lake.
To evaluate the risk of phosphorus release from sediments, SMT
protocol was used. Based on the sediment physiochemical properties
data (Fig. 2 and Table S3), the contents of IP and OP were in good
agreement with the TP fraction, and the Ca–P and Fe/Al–P fractions
were also consistent with IP fraction. The above results indicated that
the accuracy of the SMT protocol was good in this study. The average
content of TP of lake sediments was 1.175 g/kg while 2.132 g/kg of
inflow rivers. The IP was the dominant phosphorus fraction in lake ac
counting for about 68.5% of the TP, and this was also true in inflow
rivers, accounting for 71.1%. In addition, the Ca–P fraction accounted
for 49.18% of TP in lake while 42.93% of inflow rivers, Fe/Al–P fraction

2.5. MST by SourceTracker
To identify the sources and proportions of sediment phosphorus
along the river-lake continuum, the Bayesian-based SourceTracker
approach was applied. By analyzing the respective similarities between
the given sink communities and the potential source environments,
SourceTracker can quantify the relative contribution of each potential
source to sink (Knights et al., 2011). Also, this method allows unknown
source assignments to accumulate when part of a sink sample is unlike
any of the known potential sources.
In this study, SourceTracker was applied in two scenarios according
to different research purposes. In the first scenario, to identify the key
factors which influenced the stability of phosphorus source-specific
microbial community fingerprints, the differences of SourceTracker re
sults on different gradients were compared. The northwest of Meiliang
Lake was chosen as the independent study area because the inflow rivers
in this area were dense. The first gradient referred to the sites at the
downstream of inflow rivers, while the second gradient referred to the
sites at the upstream of inflow rivers. The upstream and downstream
sites of each inflow river was defined as potential sources, respectively,
and the site in the northwest of Meiliang Lake was considered as sink. In
the second scenario, to determine the major sediment phosphorus
sources in actual application, the whole Meiliang Lake was chosen as the
study area. The downstream sites of the inflow rivers were treated as
potential sources and the sites in Meiliang Lake were identified as sinks.
4
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in lake sediments (an average of 0.103 g/kg) were significantly different
with Fe/Al–P contents in sediments of inflow rivers (an average of 0.296
g/kg), indicating that the inflow rivers had a great phosphorus release
risks from sediments.
The eutrophication of Meiliang Lake was serious with sediment
phosphorus acting as one of the primary limiting factors. Meanwhile, the
quality of inflow rivers was poor, especially, the contents of Fe/Al–P
fraction of inflow rivers were higher than that of lake with a great risk of
phosphorus release, suggesting that the management measures needed
to be taken as a priority for inflow rivers. Thus, quantifying the phos
phorus relative contribution of each inflow river to lake was necessary
for developing a priority management strategy related to the sediment
phosphorus sources.
3.2. Feasibility analysis of using SourceTracker for identifying sediment
phosphorus sources in river-lake coupled system
SourceTracker method can quantify the relative contribution of each
source to sink, determining which sources are contributing the most in
the region of interest. However, few studies have used SourceTracker to
estimate the main sources of sediment phosphorus, whether Source
Tracker could be used to identify sediment phosphorus sources are still
contentious issues. To fill this gap, the feasibility of utilizing Source
Tracker to identify sediment phosphorus sources was explored.
Sediments serve as an important carrier of phosphorus as sediment
particles have a strong affinity to phosphorus and bacterial communities
(Withers and Jarvie, 2008; Meng et al., 2014). The delivery of phos
phorus is carried by sediments and influenced by changing hydrody
namic and environmental conditions (Zhang et al., 2019; Ribeiro et al.,

Fig. 3. Triangulation of sediments grain size in river-lake coupled system.

accounted for 8.78% and 13.86% of TP of lake and inflow rivers,
respectively, which indicated that the contents of Ca–P fractions were
higher than Fe/Al–P both in lake and inflow rivers. The results of MannWhitney U test (p < 0.05) showed that the contents of Fe/Al–P fraction

Fig. 4. Correlations between sediments (four grain
size parameters, including Mean grain size, Sorting
coefficient, Skewness, and Kurtosis), phosphorus (TP,
IP, OP, Ca–P, Fe/Al–P, wTP, DTP, and PP), and bac
terial communities (OTU, Taxa_S, Simpson, Shannon,
Evenness, Chao1, and Margalef) in Meiliang Lake and
its inflow rivers. This plot leaves blank on no signif
icant coefficient (P > 0.05). In particular, the TP in
water body was expressed in terms of wTP. OTU
referred to the number of OTUs.
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Fig. 5. PCoA analysis based on Bray-Curtis distance in the northwest part of Meiliang Lake.

2014). To evaluate whether the inflow river sediments had a good
migration capacity, particle size analysis was conducted. The grain size
compositions of sediments and four grain size parameters (Mean grain
size, Sorting coefficient, Skewness, and Kurtosis) were shown in
Table S4, Table S5, and Fig. 3. According to the results of particle size
analysis, the Mean grain size of the sediments of inflow rivers ranged
from 4.41 to 7.00, and average grain mass fractions of 26.68% for clay
(<2 μm), 49.62% for silt (2–50 μm), and 23.70% for sand (>50 μm),
respectively. Mean grain size of lake sediments ranged from 5.45 to
7.29. In addition, the values of Skewness were less than zero at most
sampling sites of inflow rivers, suggesting that the sediment samples
were dominated by fine components, which was consistent with the
results of grain size distribution. It was reported that fine particles were
more likely to migrate with surface runoff and enter the downstream
water body (Zhu et al., 2008; Topping et al., 2021; Ma et al., 2020; Wang
et al., 2021). In this study, the sediments of inflow rivers were mainly
composed of clay and silt particles of which the grain size was smaller
than 50 μm, indicating that the sediments of inflow rivers had strong
migration ability and could migrate the downstream.
To recognize whether there was a close relationship between sedi
ments, phosphorus, and bacterial communities, Spearman correlation
analysis (P < 0.05) was conducted. According to the results (Fig. 4), the
Mean grain size was positively correlated with wTP (R2 = 0.519, P <
0.05) and PP (R2 = 0.466, P < 0.05), while Sorting coefficient was
negatively correlated with wTP (R2 = − 0.808, P < 0.05) and PP (R2 =
− 0.768, P < 0.05). Also, there had a negative correlation between Mean
grain size and three sediment phosphorus forms (TP, IP, and Ca–P).
Sorting coefficient and Kurtosis were positively correlated with TP, IP,
OP, Ca–P, and Fe/Al–P. Sediment parameters were significantly corre
lated with various phosphorus forms, denoting that phosphorus would
adsorb on the sediments and transport with sediments. As described in
Fig. 4, there had a negative correlation between Mean grain size and
OTUs (R2 = − 0.455, P < 0.05) while Skewness was positively correlated
with OTUs (R2 = 0.583, P < 0.05), suggesting that bacterial commu
nities were closely associated with sediments. Different phosphorus
forms were also significantly correlated with bacterial communities. The
index of Simpson, Shannon, and Evenness were negatively correlated
with five sediment phosphorus forms (TP, IP, OP, Ca–P, and Fe/Al–P),
while the index of Simpson, Evenness were also positively correlated
with wTP and PP. From what had been discussed above, there was a
close relationship between sediments, bacterial communities, and
phosphorus in the study area.

Overall, in this study area, sediments were dominated by fine par
ticles and had a better ability to adsorb phosphorus. The adsorbed
phosphorus could be transported with changing hydrodynamic. Bacte
rial communities had a close correlation with sediments and different
phosphorus forms. Through screening specific bacterial communities
and forming the phosphorus source-specific microbial community fin
gerprints, SourceTracker method could be applied to identify the sour
ces of sediment phosphorus. However, how to construct stable
phosphorus source-specific microbial community fingerprints required
to be further investigated.
3.3. Identification of factors influencing the stability of phosphorus
source-specific microbial community fingerprints
To identify the key factors affecting the stability of phosphorus
source-specific microbial community fingerprints, the northwest part of
Meiliang Lake was chosen as object (Fig. 1). The connectivity of mi
crobes along the water continuum from upstream via downstream to
lake was first investigated. The microbial similarities and shared OTUs
among different habitats were explored, respectively. As shown in Fig. 5,
there was a clear separation between the upstream and downstream sites
of WJ river, indicating a high variability in bacterial communities be
tween upstream and downstream sites of WJ river. Nevertheless, the
bacterial communities in the sites of DHD and BHD rivers tended to
cluster more closely together, indicating that the community composi
tions were similar.
Although sediment bacterial communities exhibited clear different
compositions between river sites and lake sites, the different sites shared
a certain number of OTUs (Fig. 6). For BHD, DHD, WJ, and ZH river, the
shared OTUs among upstream, downstream, and lake habitats accoun
ted for 40.22%, 41.05%, 30.90%, and 38.18% of the total OTUs,
respectively. Nearly 40% of taxa were shared along the water continuum
from upstream via downstream to lake, showing that many taxa origi
nating from upstream of inflow rivers could remain in the active frac
tions of downstream microbiomes. Except for the WJ river, the shared
OTUs between the upstream and downstream habitats of inflow rivers
were up to 50%. The upstream site of BHD river had 47.04% of OTUs
shared with the lake, while the downstream of it had 45.78% of OTUs
shared with the lake, indicating that the proportion of OTUs shared by
upstream and lake was higher than that shared by downstream and lake.
A similar pattern was observed in other rivers.
During the construction of phosphorus source-specific microbial
6
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Fig. 6. Venn diagrams and Upset diagrams in the northwest part of Meiliang Lake.
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water continuum from upstream via downstream to lake. When the
bacterial community structures in upstream and downstream were
similar, the inflow river points with larger proportions of shared OTUs
with sink and the points of lake might be selected as the sources of
microbial data. When the upstream and downstream community struc
tures are different, the upstream and downstream points of inflow river
and the lake points should be selected as the sources of microbial data to
increase the amount of microbial fingerprints candidate database and to
increase the representativeness and stability of fingerprints.
As for the northwest part of Meiliang Lake, the upstream and
downstream habitats had different microbial assemblage, with nearly
40% of taxa shared along the water continuum. So, the construction of
microbial fingerprints candidate database of this study area was based
on the comprehensive consideration of the upstream, downstream, and
lake points. After determining the microbial fingerprints candidate
database, the phosphorus source-specific microbial community finger
prints were formed. Microorganisms significantly correlated with
different phosphorus fractionations were screened (rspearman > 0.6, p <
0.05), and combined to form the phosphorus source-specific microbial
community fingerprints which included 35 bacterial communities.
Then, SourceTracker approach was applied. The upstream and down
stream sites of each inflow river in the northwest part were defined as
potential sources, respectively, and the site in Meiliang Lake (ML-L) was
considered as sink. The averaged source proportions and the RSD were

Table 1
The averaged source proportions and relative standard deviations (RSD) of the
potential sources in the northwest part of Meiliang Lake calculated by
SourceTracker.
ML-L
Upstream

ML-L
Downstream

Source

Proportion (%)

RSD (%)

BHD-2
DHD-2
WJ-2
ZH-2
unknown

9.41
15.44
21.04
13.97
40.14

12.87
5.38
13.72
12.74
6.92

BHD-1
DHD-1
WJ-1
ZH-1
unknown

12.96
20.61
12.25
10.98
43.20

14.87
12.78
4.53
17.89
6.89

community fingerprints, the first step was to determine the sources of
microbial data. The composition of microbial data would affect the
screened fingerprints. In other words, a microbial fingerprints candidate
database which composed of different sources of microbial data was
firstly constructed. And then, the phosphorus source-specific microbial
community fingerprints were selected from it. The selection of sources of
microbial data depended on the characteristics of the microbes along the

Fig. 7. Results of SourceTracker approach showing the relative contributions of the sediment phosphorus of the inflow rivers sites (upstream and downstream,
respectively) to the northwest part of Meiliang Lake (ML-L).

Fig. 8. Stacked bar chart of bacterial communities related to phosphorus.
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Fig. 9. Network analysis showing the strong correlations (rspearman > 0.6, p < 0.05) between 35 bacterial communities at class level (represented by circle) and 8
different phosphorus forms (represented by triangle). The TP in water was expressed in terms of wTP.

summarized in Table 1. The visual display of averaged source pro
portions was shown in Fig. 7. When the upstream sites (BHD-2, DHD-2,
WJ-2, ZH-2) were taken as potential sources, the SourceTracker results
showed that WJ river was the major source contributor to ML-L, fol
lowed by DHD, ZH, and BHD river, with the averaged source proportions
of 21.04%, 15.44%, 13.97%, and 9.41%, respectively. Nevertheless,
when the downstream sites (BHD-1, DHD-1, WJ-1, ZH-1) were identified
as potential sources, it turned out that the dominant contributors to MLL were DHD (20.61%), BHD (12.96%), WJ (12.25%), and ZH river
(10.98%), with the RSD ranging from 4.53% to 17.89%. According to
the results, there were great differences in source proportions in the
northwest part when upstream and downstream sites were taken as
source sites, respectively. The formed phosphorus source-specific mi
crobial community fingerprints were influenced by the external envi
ronment during the process of migration from upstream to downstream,
which leaded to an unstable state of the fingerprints, affecting the ac
curacy of SourceTracker results.
To identify the factors which influenced the stability of phosphorus
source-specific microbial community fingerprints, the changes of mi
crobial community fingerprints along the hydrological continuum were
analyzed (Fig. 8). The compositions of bacterial communities related to
different phosphorus fractionations in the upstream and downstream of
DHD and BHD river were similar, while the species compositions in the
upstream and downstream of WJ and ZH river were different. The
relative abundance of phosphorus-related bacterial communities varied
at different sites, especially, in the upstream and downstream of WJ
river, indicating that the formed phosphorus source-specific microbial
community fingerprints were unstable along the hydrological contin
uum. As bacterial communities were susceptible to surrounding envi
ronment, during the process of screening phosphorus source-specific

microbial community fingerprints, not only should we consider the
species which were strongly associated with phosphorus fractionations
and simultaneously existed in both source and sink sites, but also need to
exclude species that were vulnerable to environmental disturbance to
increase stability of microbial community fingerprints.
To improve the stability of microbial community fingerprints, this
study tried to optimize the selection of phosphorus source-specific mi
crobial community fingerprints. Firstly, identify the key environmental
factors affecting phosphorus-related bacterial community. Secondly,
exclude the species associated with key environmental factors. Thirdly,
perform the SourceTracker analysis again in the northwest part of
Meiliang Lake. Spearman correlation analysis was carried out among the
upstream and downstream SourceTracker results, the physical and
chemical properties of water and sediment samples, particle size pa
rameters, and shared OTUs. According to the results, OP, wTN, wTP,
Sorting coefficient, and shared OTUs were identified as the key factors.
The specific microorganisms which were significantly related with OP
and wTP were screened and excluded in the microbial fingerprints.
According to the SourceTracker results based on the new microbial
fingerprints, we found that the proportions of unknown sources
decreased, and the RSD values at most sites decreased before and after
optimization, with the contribution trend of each inflow river remained
unchanged (Table S6). When the selection of phosphorus-related bac
terial communities was properly optimized, the accuracy of Source
Tracker results was improved.
Above all, the selection of sources of microbial data which combined
the microbial fingerprints candidate database, and the selection of
bacterial communities related to phosphorus fractionations were the key
factors influencing the stability of phosphorus source-specific microbial
community fingerprints, which should be paid more attention to when
9
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the study area. The phosphorus source-specific microbial community
fingerprints were formed based on the strategy of optimizing community
fingerprints proposed in Section 3.3. SourceTracker was conducted to
identify the relative sediment phosphorus contributions of inflow rivers
to lake.
Firstly, the microbial community fingerprints were formed. As the
bacterial community structures in upstream and downstream of inflow
rivers were dissimilar, and the surrounding environment were complex,
the construction of microbial fingerprint candidate database was then
based on the microbial data of the upstream, downstream, and lake
points. Secondly, the specific microorganisms which were significantly
related with different phosphorus fractionations were screened. There
was a significant correlation (rspearman > 0.6, p < 0.05) between 35
bacterial communities at class level and eight different phosphorus
fractionations, including TP, OP, IP, Fe/Al–P, Ca–P in sediments and TP,
DTP, PP in water (Fig. 9). Fe/Al–P was strongly correlated with 26
species at class, followed by TP, which had a strong correlation with 19
species at class. Bacteroidia was positively correlated with five phos
phorus fractionations (TP, OP, IP, Fe/Al–P, and Ca–P), while Bacilli,
Caldilineae, Clostridia and other nine species were only associated with
one form of phosphorus. Betaproteobacteria, Gemmatimonadetes, Sparto
bacteria and other seven species were related with three phosphorus
forms. These selected microorganisms were closely related to phos
phorus. For example, Bacilli is one of the primary taxa influencing the
dynamics of phosphorus (Tian et al., 2020). Gemmatimonadetes plays a
crucial role in the cycling of phosphorus element as the related genes
involved in phosphorus cycling were mostly included in the
metagenome-assembled genome of Gemmatimonadetes (Wang et al.,
2020). Thirdly, the community fingerprints were optimized by
excluding species which were vulnerable to the key environmental
factors to increase stability of microbial community fingerprints. The
remaining microorganisms were formed the phosphorus source-specific
microbial community fingerprints.
Then, the Bayesian-based SourceTracker approach (SourceTracker
v1.0.1 program) was applied to identify the major input sources of
sediment phosphorus-related bacterial communities in Meiliang Lake.
The downstream sites of inflow rivers were treated as potential sources,
and the sites in Meiliang Lake were identified as sinks. The averaged
source proportions and the RSD were summarized in Table 2. The visual
display of averaged source proportions was shown in Fig. 10. Source
Tracker results showed that the dominant sediment phosphorus con
tributors to ML-C were WJ (8.72%), DHD (7.10%) and LX river (7.04%),
with the RSD was 10.82%, 12.60%, 11.32%, respectively. LX river was
the dominant source contributor to ML-E, ML-L, ML-M, and ML-S, with
the averaged source proportions of 13.89%, 14.70%, 12.44%, and
14.29%, respectively. BHD river was the main contributor of sediment
phosphorus to ML-X of which the averaged source proportion was 7.47%
and RSD was 7.20%, followed by DHD river (the averaged source pro
portions of 7.44%, RSD of 7.94%). The proportions of unknown sources
to six different lake sites were large, ranging from 35.75% to 50.85%.
To evaluate the accuracy of the predicted results of SourceTracker in
identifying sediment phosphorus sources in Meiliang Lake, single-factor
pollution index (Pi) and composite pollution index (P) were calculated.
The values of Pi and P of potential sediment phosphorus sources were
summarized in Table S7. According to the results, the highest value of P
was 1.82 in HSHD, while the lowest value was 0.79 in LJ river. The P
value from large to small was HSHD, WJ, ZH, HSHB, DHD, BHD, LX, and
LJ, successively. The higher the P value, the greater the water pollution
(Son et al., 2020). From the perspective of water quality, the P value of
DHD was larger than that of BHD, while the P value of ZH was smaller
than that of WJ, which was basically consistent with the result of
SourceTracker at most sites in Meiliang Lake. Meiliang Lake was
dominated by clockwise circulation, and there were several small
counterclockwise circulations in this region, especially in the north (Wu
et al., 2010). From the perspective of lake circulation, LX river was

Table 2
The averaged source proportions and relative standard deviations (RSD) of the
potential sources in Meiliang Lake calculated by SourceTracker.
Sink

Source

Proportion (%)

RSD (%)

ML-C

BHD-1
DHD-1
HSHB
HSHD
LJ
LX
WJ-1
ZH-1
unknown
BHD-1
DHD-1
HSHB
HSHD
LJ
LX
WJ-1
ZH-1
unknown
BHD-1
DHD-1
HSHB
HSHD
LJ
LX
WJ-1
ZH-1
unknown
BHD-1
DHD-1
HSHB
HSHD
LJ
LX
WJ-1
ZH-1
unknown
BHD-1
DHD-1
HSHB
HSHD
LJ
LX
WJ-1
ZH-1
unknown
BHD-1
DHD-1
HSHB
HSHD
LJ
LX
WJ-1
ZH-1
unknown

6.36
7.10
3.89
5.34
5.43
7.04
8.72
5.27
50.85
6.33
7.23
4.17
6.27
5.53
13.89
9.40
5.44
41.73
6.68
8.36
4.92
6.86
7.49
14.70
8.71
6.52
35.75
6.38
7.27
4.30
6.75
5.58
12.44
11.31
6.28
39.68
7.47
7.44
4.99
6.31
6.71
7.18
5.86
6.67
47.36
6.32
7.14
4.20
6.52
6.02
14.29
8.32
6.40
40.79

17.39
12.60
6.42
16.75
9.49
11.32
10.82
11.93
3.58
11.05
19.87
14.49
15.98
8.93
25.98
27.56
4.91
7.77
12.91
14.43
19.93
10.74
18.71
18.28
21.49
9.82
3.94
10.06
12.63
13.60
20.36
16.30
12.96
13.83
12.72
6.84
7.20
7.94
14.31
20.66
21.01
16.48
9.43
14.40
6.98
11.34
17.31
20.98
14.41
14.46
10.68
20.22
4.25
2.59

ML-E

ML-L

ML-M

ML-X

ML-S

using MST to identify the sediment phosphorus sources. On the one
hand, the selection of sources of microbial data should be carried out
under the condition of comprehensive consideration of the character
istics of the microbes along the water continuum from upstream via
downstream to lake as well as external disturbance. On the other hand,
not only should we consider the species which were strongly associated
with phosphorus fractionations and simultaneously existed in both
source and sink sites, but also need to exclude species that are vulnerable
to environmental disturbance.
3.4. Determining the major sediment phosphorus sources using
SourceTracker
To determine the major sediment phosphorus sources in river-lake
coupled system, Meiliang Lake and its inflow rivers were chosen as
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Fig. 10. Results of SourceTracker approach showing the relative contributions of the sediment phosphorus of the different inflow rivers (potential phosphorus
sources) to Meiliang Lake (phosphorus sinks).

identified as the major inflow river contributing to the sediment phos
phorus of ML-L and ML-S, which might be explained by the counter
clockwise circulation in the north part (Liu et al., 2018; Wu et al., 2010).
BHD river was the dominant source contributor to ML-X followed by
DHD river according to the predicted results of SourceTracker, which
might be due to the interaction of the complex lake circulation and the
contamination transfer at the water-sediment interface (Pu et al., 2017).
Previous studies also indicated that the fate of contaminant was influ
enced by both hydrodynamic and wind, and the quality of inflow rivers
had an important influence on lake (Schimmelpfennig et al., 2012; Xu
et al., 2019; Yi et al., 2017), which were consistent with our results.
The degree of inflow river pollution, lake circulation, geographic
distance, and other factors were combined and act together, resulting in
the different relative contributions of sediment phosphorus of inflow
rivers to lake. The proportions of unknown sources were relatively large
because we only considered the inflow rivers which might contribute to
sediment phosphorus of lake, whereas the endogenous release of lake
was ignored. Although the endogenous phosphorus release of lake was
important, the core of this study was to identify external phosphorus
inputs and to help develop priority external control measures. So, the
large proportions of unknown sources were also acceptable. In a word,
the results of SourceTracker for sediment phosphorus source tracking
were acceptable.

candidate database, and the selection of bacterial communities related
to phosphorus fractionations were two key factors influencing the sta
bility of microbial community fingerprints in identifying sediment
phosphorus, which needed to be taken into consideration thoroughly. By
properly optimizing the microbial community fingerprints, the stability
of community fingerprints was increased, and thus, the accuracy of
SourceTracker results was improved. According to the SourceTracker
predicted results, the dominant inflow rivers of sediment phosphorus
sources to Meiliang Lake were LX River, WJ River, and DHD River. This
study provided a new insight into identifying the sources of sediment
phosphorus using microbial community fingerprints, and try to improve
the stability of microbial community fingerprints in sediment phos
phorus sources identification. An improved understanding of identifying
sediment phosphorus sources through SourceTracker could help man
agers develop effective eutrophication management plans.

4. Conclusions
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sediment phosphorus sources using MST method. However, unlike the
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