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a b s t r a c t

Anthropogenic activity-mediated nutrient pollution, especially nitrogen enrichment, poses one of the
major threats to river ecosystems. However, it remains unclear how and to which extent it affects aquatic
microbial communities, especially in heavily polluted rivers. In this study, a significant environmental
gradient, particularly nitrogen gradient, was observed along a wastewater receiving river, the North
Canal River (NCR). The pollution level was highest, moderate, and lowest in the up-, middle, and down-
streams, respectively. The community composition of bacterioplankton transitioned from being Beta-
proteobacteria-dominated upstream to Gammaproteobacteria-dominated downstream. Copiotrophic
groups, such as Polynucleobacter (Betaproteobacteria) and Hydrogenophaga (Betaproteobacteria), were
dominant in the upstream. Multiple statistical analyses indicated that total nitrogen (TN) was the most
important factor driving the adaptive shifts of community structure. Analyses of co-occurrence networks
showed that the complexity of networks was disrupted in the up- and middle streams, while enhanced
in the downstream. Our findings here suggested that microbial interactions were reduced in response to
the aggravation of nutrient pollution. Similar to these changes, we observed significant dissimilarity of
composition of functional groups, with highest abundance of nitrogen metabolism members under the
highest level of nitrogen enrichment. Further analyses indicated that most of these functional groups
belonged to Betaproteobacteria, suggesting the potential coupling of community composition and
function diversity. In summary, adaptive shifts of bacterioplankton community composition, as well as
species interactions, occurred in response to nutrient pollution in highly polluted water bodies.

© 2018 Elsevier Ltd. All rights reserved.
1. Introduction

In the past half century, anthropogenic activities have markedly
altered the biogeochemical recycles of nitrogen, phosphorous and
other nutrients in terrestrial, atmospheric, and aquatic ecosystems,
leading to severe ecological consequences (Camargo and Alonso,
2006; He et al., 2011). For example, in disturbed aquatic ecosys-
tems, nutrient enrichment has caused diverse ecological effects,
including toxic algal blooms, oxygen depletion, and biodiversity
loss (Dudgeon et al., 2006; Woodward et al., 2012). Being a crucial
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component of aquatic ecosystems, aquatic biology communities
play important roles in ecosystem functioning while being directly
or indirectly impacted by nutrient pollution. However, it remains
largely unexploited on ecological mechanisms that affect the as-
sembly of aquatic communities in respect to rapid changes of
complex environmental factors.

In aquatic ecosystems and their food webs, microbes play
important roles in nutrient cycles, energy flow, as well as pollutant
degradation (Azam and Malfatti, 2007). This significance has
attracted tremendous interests to investigate patterns of their
composition and distribution, as well as associated mechanisms
(Read et al., 2015; Jeffries et al., 2016; Ni~no-García et al., 2016;Wang
et al., 2017). Pioneering investigations on riverine microbes have
confirmed the non-random distribution of microbial community
composition, with inconsistent predictors being identified for
different rivers ( Jones et al., 2012; Zinger et al., 2012; Zeglin, 2015).
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In less polluted rivers, water physicochemical parameters are
frequently identified, including water temperature (Crump and
Hobbie, 2005), water residence time (Read et al., 2015), and
transparency (Liu et al., 2013). While in polluted rivers, nutrients
(nitrogen, phosphorous and many others) and hypoxia are usually
identified as most important influential factors (Ibekwe et al., 2016;
Jeffries et al., 2016; Ma et al., 2016; Wang et al., 2017). In addition,
copiotrophic groups are often abundant in nutrient-enriched river
segments (Jeffries et al., 2016; Ma et al., 2016). Therefore, the spatial
distribution and diversity of bacterial communities could reflect
their ecological functions, as well as riverine ecosystem func-
tioning. However, current conclusions are inconsistent on the fac-
tors responsible for community assembly and controversial on the
relationship between community structure and functioning (Zinger
et al., 2012; Freimann et al., 2013; Zeglin, 2015). Besides, abiotic
factors alone are frequently incomplete to predict the dynamics of
community assembly, implying the necessity to incorporate biotic
factors, such as species-species interactions (Louca et al., 2016).
Thus, further investigations on these themes could improve our
understanding of the response and adaptation of microbes to
nutrient enrichment.

Microbial community, which is often described as a black box, is
not just the physical assembly of diverse species (Faust and Raes,
2012; Cardona et al., 2016). In a given habitat, diverse microbial
assemblages interact and form complex networks through various
types of interactions, such as competition and/or mutualism (Faust
and Raes, 2012; Ghoul and Mitri, 2016). Consequently, microbial
interactions can influence the performance and functioning of
bacterial communities, even the functioning of an entire ecosystem
(Deng et al., 2016; Morri€en et al., 2017; Li et al., 2017). For instance,
laboratory experiments have successfully proven that microbial
interactions contributed to rapid successions of microbial com-
munities (Datta et al., 2016). The complexity of species interactions,
such as network size and average clustering coefficient, is supposed
to provide useful indices for evaluating the stability of microbial
communities (Faust and Raes, 2012). Stressful state such as lower
precipitation led to unstable and relatively simple interaction net-
works in desert ecosystem (Wang et al., 2018). Similarly, heavy
eutrophication of coastal ecosystems witnessed disrupted inter-
specific interactions (Dai et al., 2017). However, to the best of our
knowledge, few studies analyzed to what extent that the
complexity of microbial interactions is altered under nutrient
enrichment in riverine ecosystems. Deep analysis of microbial in-
teractions could provide complementary investigations on the
response and adaptation of bacterial communities to nutrient
pollution.

The North Canal River (NCR), which runs through megacities
such as Beijing and Tianjin, provides a good model system to
investigate adaptive shifts of microbial communities to nutrient
enrichment. Diverse organic and inorganic pollutants have been
released into NCR, including pharmaceuticals and personal care
products (PPCPs), nutrient pollutants, heavy metals, and pesticides
(Heeb et al., 2012). Nutrient pollution, especially the enrichment of
nitrogen and phosphorous, has intensified massively in the past
four decades (Pernet-Coudrier et al., 2012; Shan et al., 2012). Ac-
cording to previous research, water quality of NCR displays signif-
icant spatial and seasonal heterogeneity (Ma et al., 2016; Yang et al.,
2018), mainly owing to different sources of pollution. The upstream
of NCR is mainly influenced by effluents of wastewater treatment
plants (WWTPs) scattering in Beijing (Guo et al., 2012). The middle
stream is dominated by agricultural areas, with 90% of irrigation
water deriving from the discharge of upstream (Pernet-Coudrier
et al., 2012). Water quality is therefore impacted by both up-
stream residuals and agricultural diffuse pollution. The down-
stream mainly receives discharges from upstream rivers and
industrial wastewater from Tianjin (Heeb et al., 2012). The potential
environmental gradient can exert selective pressures on microbial
communities. For instance, pioneering studies have found that
spatial distribution and community composition of bacter-
ioplankton in the upstream of NCR was mainly influenced by total
phosphorous (Yu et al., 2012), while by total nitrogen in the
downstream (Ma et al., 2016). However, none of these studies about
NCR investigated community-level functional changes of microbial
communities under severe pollution, nor did they provide in-
vestigations on changes of microbial interactions caused by
nutrient pollution.

In this study, we sampled bacterioplankton from NCR to inves-
tigate the response of microbial communities and interspecific in-
teractions to heavy nutrient pollution. With a significant
environmental gradient (mainly the nitrogen gradient), we aim to
address: (i) the influence of eutrophication (especially nitrogen
enrichment) on the spatial patterns of bacterioplankton commu-
nities, (ii) the alternation of bacterial functions in response to
environmental changes, (iii) the relationship between the strength
of microbial interactions (i.e., the complexity of networks) and
eutrophication (especially nitrogen enrichment).

2. Materials and methods

2.1. Sample collection and physicochemical measurements

Water samples were collected from 39 sites of NCR (Fig. 1) in
March 2017. Water samples (0.5 L) for bacterioplankton analysis
were filtered through 0.22 mm mixed cellulose ester membranes
(Millipore, Bedford, MA) to collect microbial cells. Membranes were
stored at �80 �C until further treatments. Coordinates of each site
were recorded using a Garmin Handheld GPS navigator.

For each site, water physical parameters including temperature
(T), electric conductivity (EC), pH, oxidation-reduction potential
(ORP) and total dissolved solid (TDS) were measured using multi-
parameter water quality sonde (MYRON Company, USA). Dis-
solved oxygen (DO) and concentration of chlorophyll a (Chl_a) were
measured using portable dissolved oxygen meter (HACH Company,
USA) and Handheld Fluorometer (Turner Designs, USA), respec-
tively. The concentration of total nitrogen (TN), nitrate (NO3-N),
ammonia (NH4-N), total phosphorous (TP), chemical oxygen de-
mand (COD), and soluble reactive phosphorous (SRP) was
measured in the laboratory using methods by Xiong et al. (2016).
The concentration of total organic carbon (TOC) was measured
using Shimadzu-TC (Shimadzu, Japan). We also measured the
concentration of potassium (K), calcium (Ca), sodium (Na), and
magnesium (Mg) using inductively coupled plasma optical emis-
sion spectrometry, and the concentration of chromium (Cr), iron
(Fe), manganese (Mn), nickel (Ni), copper (Cu), zinc (Zn), arsenic
(As), and lead (Pb) using inductively coupled plasma mass spec-
trometry (see all environmental variables in Supplementary
Fig. S1).

2.2. DNA extraction, PCR amplification, and high-throughput
sequencing

Total genomic DNA was extracted from membranes using the
CTAB extraction protocol modified from Huang et al. (2009). DNA
extracts were used as templates to amplify the hypervariable V4
region of 16S rRNA with the primer pair of 515F
(GTGCCAGCMGCCGCGGTAA) and 806R (GGACTACHVGGGTWTC-
TAAT) (Caporaso et al., 2011). The primers for each sample were
modified with an addition of 12 nucleotide tag at the 50-end to
distinguish all samples. A total of three replicates were performed
for each sample to avoid biased amplification (Zhan et al., 2014;



Fig. 1. Study area and sampling sites. A total of 39 sampling sites were chosen along the North Canal River (NCR). The abundance of dominant phyla in each river section was shown
in pie charts. The region in the left bottom is the Haihe River Basin where NCR is located.
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Yang et al., 2016). The amplification process was 4min of dena-
turation at 94 �C, 35 cycles of 45 s at 94 �C, 60 s at 50 �C, and 90 s at
72 �C, followed by a final elongation for 10min at 72 �C. Three
replicates of each sample were then pooled together and purified
using the Sangon column PCR product purification kit (Sangon
Biotech, Shanghai, China). The high-throughput sequencing was
conducted using the Illumina Miseq PE250 Platform.
2.3. Data processing and functional annotations

Raw sequence data was de-multiplexed based on unique tags.
Paired-end reads were merged before trimming tags and primers.
We discarded low-quality sequences (i) containing ‘N’ (undeter-
mined nucleotides), (ii) with quality score less than 20 (<Q20), and
(iii) with length shorter than 200 bp (Yang et al., 2016). All filtered
sequences were then clustered into operational taxonomic units
(OTUs) at the threshold of 97% similarity using UPARSE pipeline
without discarding singletons (Edgar, 2013). Using the Ribosomal
Database Project (RDP) classifier, taxonomic assignment of
representative sequences was obtained by searching against the
SILVA_128 database at the 85% confidence (Wang et al., 2007).
Sequences classified as unknown, archaea, and mitochondria were
removed from subsequent analyses. OTU table was normalized by
rarifying down to the smallest sequence number. To further assess
ecological implication of community shifts, FAPROTAX (Functional
Annotation of Prokaryotic Taxa) was used to annotate OTUs to get
functional groups (Louca et al., 2016). Using the current literature
on cultured strains, FAPROTAX maps microbial taxa to established
metabolic or other ecologically relevant functions. Therefore,
resampled OTU table was then converted into putative functional
profiles, based on taxa identified in each sample. All these analyses
were conducted using the in-house pipeline Galaxy (http://mem.
rcees.ac.cn:8080).
2.4. Ecological and statistical analysis

Before statistical analyses, all environmental variables, except
pH, were log10(xþ1) transformed to improve normality. Changes of
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Fig. 2. Clustering results of environmental variables and bacterial community
composition along the North Canal River (NCR). (a) Principal component analysis (PCA)
plot of all the 25 environmental variables based on Euclidean distance; (b) Non-metric
multidimensional scaling (NMDS) plot of bacterial community composition based on
Bray-curtis distance at the operational taxonomic unit (OTU) level.
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environmental variables along the river were illustrated with a
heatmap and Principal Component Analysis (PCA). Based on the
clustering result, the extent of dissimilarity of environmental var-
iables in different river sections was tested using multi-response
permutation procedure (MRPP), analysis of similarity (ANOSIM),
and analysis of distance matrices (ADONIS). All these analyses were
performed using R ‘vegan’ package (Oksanen et al., 2013).

Rarefaction curves were generated to test the sequencing depth.
Resampled OTU table was used to calculate a diversity indices,
including the number of observed OTUs, Chao1 value and Shannon
index. The difference of a diversity in different river sections was
tested using Mann-Whitney U test. Non-metric multidimensional
scaling (NMDS) was used to display the difference of OTU-level
community composition along the river. Based on the clustering
result, dissimilarity of microbial community composition was
tested using MRPP, ANOSIM, and ADONIS. In addition, OTUs
appearing in all sites were clustered as the core microbiome (Staley
et al., 2014). To investigate the influences of environmental vari-
ables on community structure, forward selection was performed to
select relatively more important variables (Blanchet et al., 2008).
Then a parsimonious redundancy model (RDA) was constructed
with those selected variables. The relationship between selected
OTUs and selected variables were examined with Spearman's rank
correlation coefficient. All these analyses were performed using R
‘vegan’ package (Oksanen et al., 2013), except correlation analysis
and Mann-Whitney U test which were conducted using SPSS 18.0.

Changes of relative abundance of functional profiles along the
river were examined using NMDS. Significance of dissimilarity of
functional profiles among different group pairs was tested using
MRPP, ANOSIM, and ADONIS. The difference of relative abundance
of each functional group in different sections was examined using
Mann-Whitney U test. To investigate the influence of environ-
mental variables on functional profiles, forward selection was
performed to select relatively more important variables (Blanchet
et al., 2008). Then a parsimonious redundancy model (RDA) was
constructed with those selected variables. The relationship be-
tween selected environmental variables and relative abundance of
functional profiles was tested using Spearman's rank correlation
coefficient. All these analyses were performed using R ‘vegan’
package (Oksanen et al., 2013), except Mann-Whitney U test which
was performed using SPSS 18.0.

2.5. Species interaction networks of bacterioplankton and
associations with environmental changes

To investigate the relationship between environmental changes
and microbial interactions, a full phylogenetic molecular ecological
network (pMEN) of all sites was constructed using 16S rRNA
sequencing data (Zhou et al., 2010; Deng et al., 2012). According to
the instructions of pMEN construction, only OTUs that appeared in
at least 20/39 samples and with the relative abundance >0.1% were
kept for network construction (Zhou et al., 2010; Deng et al., 2012).
The relationships between microbial network topology and envi-
ronmental variables were examined using Mantel and partial
Mantel tests (Deng et al., 2012). Firstly, the OTU significance (GS)
was calculated and defined as the square of the correlation coeffi-
cient of OTU abundance profile with environmental traits. Sec-
ondly, GS was correlated with OTU connectivity. To display changes
of species interactions along the river, individual networks were
constructed for each section. Student's t-test was used to test the
difference of network properties, including average connectivity
(avgK), modularity, geodesic distance (GD), and clustering coeffi-
cient (avgCC). Sub-networks of top OTUs from core microbiome
were constructed to understand the succession of inter-species
interactions along the river. Network construction was conducted
via MENA pipeline (http://ieg4.rccc.ou.edu/mena/). The networks
were visualized using Cytoscape 3.3.0 (Shannon et al., 2003).
3. Results

3.1. Identification of a nitrogen gradient along the North Canal River

PCA plot of environmental variables showed that all sites were
grouped into three distinct clusters, mainly responding to up-
(Section I), middle (Section II) and down streams (Section III) of
NCR (Fig. 2a). Dissimilarity tests based on the Euclidean distance
showed that the clustering of samples was significant (p< 0.05 for
all section pairs, Supplementary Table S1). In addition, environ-
mental variables varied along NCR (Supplementary Fig. S1). For
example, the concentrations of nutrients (i.e., TN, NH4-N, NO3-N,
TP, and SRP) decreased from upstream towards downstream.
Particularly, concentration of TN showed a 100-fold variation, with
highest value of 80.642mg/L (58.129e134.144mg/L) in Section I,
moderate value of 29.389mg/L (5.454e62.015mg/L) in Section II,
and lowest value of 3.621mg/L (1.043e12.459mg/L) in Section III.
All these analyses showed the existence of a nitrogen gradient
along NCR.
3.2. Variation of a diversity and microbial community composition

The high-throughput sequencing generated a total number of
1,349,123 sequences, and the number of sequences per sample
ranged from 22,738 to 44,063. The filtered sequences were clus-
tered into 4567 OTUs. Rarefaction curves indicated that most
samples reached or almost reached the saturation stage, suggesting

http://ieg4.rccc.ou.edu/mena/
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that the majority of biodiversity was recovered based on current
sequencing depth (Supplementary Fig. S2). Three indices of a di-
versity were calculated, including Chao1 value, the observed
number of OTUs, and Shannon index. The former two estimated
species richness, while the latter one considered both species
richness and evenness. Alpha diversity showed a slightly
decreasing trend from upstream towards downstream
(Supplementary Table S2). Significant difference of a diversity was
detected between Sections I and III (two extremes of the nitrogen
gradient), including the Shannon index (Section I> Section III;
p¼ 0.000), Chao1 value (Section I> Section III; p¼ 0.015), and
number of observed OTUs (Section I> Section III; p¼ 0.001). The
observed number of OTUs was significantly higher in Sections I
than II (p¼ 0.035).

For all three sections, microbial community composition varied
at different taxonomic levels (Supplementary Fig. S3). At the
phylum level, the dominant phyla of the whole river were Proteo-
bacteria (mostly classes of Gammaproteobacteria and Betaproteo-
bacteria), Bacteroidetes, Actinobacteria, and Firmicutes (Fig. 1).
However, the relative abundance of each phylum/class was
different in the three sections. For example, the relative abundance
of Gammaproteobacteria in Section I (18.38%) was substantially
lower than that in Section II (37.49%, p¼ 0.012) and Section III
(43.65%, p¼ 0.000); while the relative abundance of Betaproteo-
bacteria in Section I (35.73%) was much higher than that in Section
II (19.56%, p¼ 0.000) and Section III (10.82%, p¼ 0.000). We also
detected obvious difference of relative abundance at the family
level (Supplementary Fig. S3b). For example, the relative abun-
dance of Comamonadaceae was highest in Section I (19.97%),
moderate in Section II (10.02%), and lowest in Section III (3.50%);
while the relative abundance of Moraxellaceae was lowest in Sec-
tion I (8.94%), moderate in Section II (19.12%), and highest in Section
III (41.25%).

3.3. Significant dissimilarity of community b diversity and the
correlation with environmental variables

Significant difference of community composition between sec-
tion pairs was identified, with plot of NMDS showing that most
samples belonging to the same section were clustered together
(Fig. 2b). In spite of some deviations, further results of OTU-level
community composition analyses confirmed the significant
dissimilarity among three sections (p< 0.001 between section
pairs; Supplementary Table S1). Despite this variation, 1003 OTUs
(21.97% of total OTUs) were shared by three sections
(Supplementary Fig. S4). The percentage of unique OTUswas higher
in Section I (47.35%, 1584/3345) than that in Section II (27.06%, 645/
2398) and Section III (28.25%, 417/1476). In addition, we found 32
common OTUs (0.7% of total OTUs) in all sites and formed the core
microbiome of NCR (Table S3). These OTUs were dominated by
Gammaproteobacteria (10 OTUs), Betaproteobacteria (10 OTUs), and
Actinobacteria (6 OTUs). They contributed to more than 30% of total
sequences for 34/39 samples, and more than 50% for 9/39 samples.
This was mainly due to the overlap of core OTUs with dominant
OTUs. For example, three core OTUs were the top three dominant
ones, including OTU_1 (Gammaproteobacteria/Acinetobacter),
OTU_2 (Betaproteobacteria/Polynucleobacter), and OTU_3 (Betapro-
teobacteria/Unclassified).

Total nitrogen (TN), chlorophyll a (Chl_a), total dissolved solid
(TDS), magnesium (Mg), water temperature (T), pH, soluble reac-
tive phosphorous (SRP), and dissolved oxygen (DO) were selected
as crucial environmental variables that structured bacterioplankton
biogeography (Supplementary Table S4). All these variables
explained 39.4% of the total variation of bacterial geographical
distribution, with TN alone explaining the proportion of 20.0%. The
plot of RDA indicated the separate clusters of samples under
different conditions, especially according to the concentration of TN
(Fig. 3). In addition, TDS and Mg separated Sections I and II from
Section III; while Chl_a separated Section I from Sections II and III
(Fig. 3). These variables exerted discrepant influence on different
taxa. For example, the relative abundance of 16 high fitness OTUs
was significantly correlated with TN (Fig. 3; Fig. S5). The Gam-
maproteobacteria OTUs were generally negatively affected by TN;
while the Betaproteobacteria OTUs were generally positively
affected by TN (Fig. 3). We also found 17 out of 32 core OTUs were
significantly correlated with TN (Table S3), with discrepant re-
sponses of different taxa (see Fig. 4).

3.4. Distinct co-occurrence networks of bacterioplankton in three
sections

A full phylogenetic molecular ecological network (pMEN) of all
sites was constructed (Supplementary Fig. S6). The nodes with max
degree (OUT_2) and max betweenness (OUT_3) all belonged to
Betaproteobacteria, suggesting the importance of this class in the
full network. We used the trait-based OTU significance measure to
determine the relationships between network interactions and
environmental variables. Mantel test revealed significant correla-
tions between connectivity and the OTU significance of all envi-
ronmental variables in all detected OTUs (p¼ 0.001) or several
phylogenetic groups such as Actinobacteria (p¼ 0.035), Betapro-
teobacteria (p¼ 0.001), and Gammaproteobacteria (p¼ 0.012) along
the river (Supplementary Table S5). Significant correlations were
also observed between connectivity and the OTU significance of
selected nutrient variables in all detected OTUs (p¼ 0.001) and
several phylogenetic groups such as Actinobacteria (p¼ 0.027),
Betaproteobacteria (p¼ 0.001), and Gammaproteobacteria
(p¼ 0.002) (Supplementary Table S5). These results suggested that
species interactions were dramatically shifted by the environ-
mental gradient along the gradient.

In order to determine the succession of species interactions
under different environments, individual network of each river
section was constructed (Supplementary Fig. S7). The network size
was similar among three networks. However, the network of Sec-
tion III (1,134) contained much more links than Section I (287) and
Section II (260). In addition, significant difference was identified for
network properties, including average connectivity, path length,
and clustering coefficient (Supplementary Table S6). All of the three
indices measured the connectivity status of one node to other
nodes. The higher the avgK and avgCC, and the lower GD indicated
the more complex interactions of nodes. The network of Section III
was most complex with largest number of links, highest connec-
tivity, smallest path length, as well as highest clustering coefficient.
However, in all of the three networks, the majority nodes belonged
to Betaproteobacteria, Gammaproteobacteria, and Flavobacteriia
(Fig. S7).

In order to show succession of species interactions at a higher
resolution, we constructed sub-networks of six top Betaproteo-
bacteria OTUs, which were significantly correlated with environ-
mental factors (especially TN) and appeared in all three networks
(Fig. 4). All of these OTUs had much more complex interactions in
Section III than corresponding OTUs in Section I and Section II
(Fig. 4).

3.5. Significant changes of functional groups among three river
sections

Using FAPROTAX (Louca et al., 2016), 33.41% of observed OTUs
could be assigned to at least one functional group, and a total of 69
groupswere identified. Dominant functional groupswere related to



Fig. 3. The ordination plot of redundancy analysis (RDA) of bacterial community composition at all sites. Operational taxonomic units (OTUs) weakly associated with the first two
axes (with fitness < 60%) were omitted for clarity. The size of all sites (dots in the figure) was scaled according to the concentration of TN. Black arrows represent selected envi-
ronmental variables, and blue arrows represent OTUs. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 4. The dynamic network connections of top six operational taxonomic units
(OTUs) and their first neighbors. (a) Network interactions of the top six OTUs in Section
I; (b) Network interactions of the corresponding OTUs in Section II; (c) Network in-
teractions of the corresponding OTUs in Section III. Blue and red links represented
positive and negative interactions, respectively. (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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chemoheterotrophy, animal parasites, human pathogens and ni-
trogen metabolism (Supplementary Fig. S8). NMDS plot displayed
separate clusters of functional groups according to river section
(Fig. 5a). Dissimilarity tests revealed that the relative abundance of
functional groups was significantly different among three sections
(p< 0.01 for all section pairs, Supplementary Table S1). TN was the
most important factor that led to changes of functional groups
(Supplementary Table 4). The relative abundance of most nitrogen
metabolic OTUs was significantly different among section pairs
(Fig. 5b). Most importantly, the relative abundance of nitrogen
metabolism groups (9/12) in Section I was higher than that in the
other two sections. The correlation analysis confirmed that relative
abundance of most of these functional groups was significantly
correlated with the concentration of TN (Supplementary Table S7).
By associating the functional groups to bacterial classes, we found
Betaproteobacteria contributed a largest fraction to most nitrogen
cycle groups (Fig. S9). Therefore, the higher abundances of nitrogen
cycle groups might result from the higher abundance of Betapro-
teobacteria in Section I (Fig. 1).
4. Discussion

In this study, we explored the impacts of nutrient pollution
(especially nitrogen enrichment) on microbial community
composition, function, and microbial interactions in a highly
eutrophic river - the North Canal River (NCR). NCR was separated
into three sections with different levels of nutrient pollution, thus
providing a promising model to answer questions associated with
impacts of nutrient pollution on microbial communities. In
response to environmental variation, community characteristics
were significantly changed in different river sections. Total nitrogen
was identified as the most important factor driving these changes.
Altogether, the results obtained in this study indicate that nutrient
pollution exerts a selective pressure on microbial communities,
leading to adaptive shifts of community composition and inter-
specific interactions along the gradient observed.



Fig. 5. Variation of relative abundance of functional groups. (a) Non-metric multidi-
mensional scaling (NMDS) plot of all the 69 categories based on bray-curtis distance;
(b) Comparison of dominant nitrogen relevant groups. a, b, and c show the significant
difference (p< 0.05) between Sections I and II, I and III, and II and III, respectively.
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4.1. Factors impacting microbial communities in the highly polluted
NCR

In highly disturbed streams and rivers, nutrient pollution caused
by excess loadings of nitrogen and phosphorous has been widely
observed (Carpenter et al., 1998; Camargo and Alonso, 2006; Smith
and Schindler, 2009). Nutrient pollution could lead to cascading
changes of water physicochemical parameters and aquatic biodi-
versity, which complicates the interpretation of aquatic community
dynamics (Dudgeon et al., 2006; Smith and Schindler, 2009). In this
study, we found significant changes of abiotic variables, forming
the significant environmental gradient along the tested river
(Fig. 1). In respect to variation of community composition, several
dominant environmental factors were identified, including TN,
Chl_a, TDS, Mg, T, pH, SRP, and DO. Consequently, the combined
effects of different variables have influenced the microbial com-
munities and their geographical distributions. However, TN alone
could explain more than half of the total variation explained by all
environmental variables. This could be contributed to >100-fold
span of TN concentration, ranging from 134.14mg/L in the up-
stream to 1.03mg/L in the downstream. In addition, the concen-
tration of TN in the upstream was much higher compared to other
polluted rivers (Ibekwe et al., 2016; Wang et al., 2017). Conse-
quently, NCR in our study provided an ideal system to test the in-
fluence of nitrogen gradient on microbial communities in the field.

Diverse studies of nitrogen accumulation in the field or nitrogen
addition experiments have confirmed the influence of nitrogen on
microbial community composition, functional diversity, or micro-
bial biomass (Wang et al., 2016; Ma et al., 2016; Zeng et al., 2016). In
aquatic ecosystems, nitrogen pollution was supposed to impact
ecological communities through at least two mechanisms: water
acidification and/or oxygen depletion (Howarth et al., 2000;
Camargo and Alonso, 2006). Following these findings, TN might
indirectly function through altering water pH and DO in our study,
which could further impact growth and metabolism of microbial
species. For example, the heavily polluted upstream (Section I) held
lower pH and DO concentration, while the lightly polluted down-
stream (Section III) held higher pH and DO concentration
(Supplementary Fig. S1). In addition, both pH and DOwere selected
as important factors to drive the variation of microbial community
structure, with smaller explanation fractions than TN
(Supplementary Table S4). Therefore, distinct patterns of commu-
nity structure and distribution might result from both the selection
of environmental pressures and specific adaptation strategies of
microbial species.

4.2. Adaptive shifts of microbial community composition to nutrient
pollution

Our study found that microbial community composition was
significantly changed in three sections of NCR with TN being the
most influential factor. At the phylum level, the most dominant
composition of bacterial communities was Proteobacteria (>50%).
However, the relative abundance of Betaproteobacteriawas highest
in Section I and decreased towards downstream; while Gammap-
roteobacteria showed the opposite trend (Fig. 1). This was consis-
tent with previous studies, affirming the capability of
Betaproteobacteria to tolerate massively polluted water (Brümmer
et al., 2000; Hahn et al., 2012; Ma et al., 2016). Community
changes at the phylum or class levels could be explained by the
composition variation at lower taxonomic ranks (Fig. S3). For
example, Betaproteobacteria in Section I was dominated by Coma-
monadaceae at the family level (Fig. S3). Comamonadaceae was
abundant in activated sludge during wastewater treatment and
contained diverse denitrifying members (Khan et al., 2002).
Therefore, Comamonadaceae could potentially indicated the
disturbance of wastewater in the upstream, along which many
wastewater treatment plants (WWTPs) were scattered (Heeb et al.,
2012). In addition, this family also contained fast-growing and
copiotrophic groups (Newton et al., 2013), further indicating that
high nutrient concentration may serve as one important driver in
the microbial assemblages. Betaproteobacteria in Section I was
dominated by Polynucleobacter at the genus level (Fig. S3). Poly-
nucleobacter has been widely found in polluted rivers and lives as
chemoorganotrophs by utilizing low-molecular-weight substrates
derived from photooxidation of humic substances (Hahn et al.,
2012; Ma et al., 2016). Despite the significant changes of commu-
nity composition, 32 OTUs were found to appear in all sites and
formed the core microbiome (Supplementary Table S3). These
OTUs mostly belonged to Betaproteobacteria (i.e. Polynucleobacter)
and Gammaproteobacteria (i.e. Pseudomonas). Most of these OTUs
also showed adaptive shifts to nutrient pollution with significant
correlation between their relative abundance and TN. As these
OTUs contributed to a large fraction of microbial abundance, they
were greatly responsible for mediating community-level response
to nutrient pollution. Microbial community, especially those core
groups, could serve as good indicators of water quality and
anthropogenic disturbance (Staley et al., 2014). Understanding the
process andmechanism of changes of their relative abundancemay
provide further insights into ecological consequences of nutrient
pollution on aquatic microorganisms.

In our study, a diversity of microbial communities slightly
decreased from the upstream towards downstream
(Supplementary Table S2). This trend has frequently been observed
in other polluted river ecosystems (Savio et al., 2015; Wang et al.,



Y. Yang et al. / Environmental Pollution 245 (2019) 290e299 297
2017). Higher biodiversity is assumed to safeguard stronger toler-
ance to environmental pressures, while the loss of biodiversity
would impair ecosystem functioning (Cottingham et al., 2001;
Matias et al., 2013). Therefore, the relatively higher a diversity in
heavily polluted rivers may contribute to microbial adaptation to
aggravation of nutrient pollution. With high concentration of nu-
trients, Section I might provide diverse and abundant substrates,
which favor diverse species. The nursery effect of headwaters could
be one important source of those diverse species (Besemer et al.,
2013). For example, microbes derived from riparian soils or
groundwater could be flushed into the river and contributed to the
increase of biodiversity (Savio et al., 2015; Crump et al., 2012).
When they move downstream passively or actively, microbes with
weaker tolerance might be filtered out, which also partially
explained the lower biodiversity in middle and downstream (Liu
et al., 2013; Savio et al., 2015). Consequently, loss of a diversity of
bacterioplankton could be an alternative indicator of the influence
of nutrient pollution (Savio et al., 2015; Wang et al., 2017).

4.3. Adaptive shifts of microbial interactions to nutrient pollution

Apart from environmental variables, biotic variables such as
predation or species-species interactions could also shape the
distribution and structure of bacterial communities, and conse-
quently regulate the response of communities to disturbance
(Shade et al., 2012). Since it is difficult to directly explore the
relationship among diverse species, conceptual frameworks pro-
vide powerful tools (Ponomarova and Patil, 2015; Cardona et al.,
2016). For example, random matrix theory-based (RMT-based)
network construction provides a useful pathway to characterize
microbial interactions with high throughput sequencing data (Zhou
et al., 2010; Deng et al., 2012). This method has been successfully
used in studies in various ecosystems, especially soil microorgan-
isms (Deng et al., 2016; Li et al., 2017). However, few studies have
used this method to explore adaptation of microbial interactions to
nutrient pollution, especially in river ecosystems (but see Dai et al.,
2017; Hu et al., 2017). In this study, network analyses indicated that
nutrient pollution impacted not only bacterial community
composition and function, but also species-species interactions.
Most importantly, the complexity of individual network was
highest in Section III under the moderate eutrophication, while
lowest in Section I under the heavy eutrophication. Sub-networks
of OTUs from the core microbiome were also relatively more
complex in Section III. Based on previous studies, a simple network
structure may indicate an unstable and vulnerable microbial
community when various disturbances occur (Faust and Raes,
2012; Dai et al., 2017; Wang et al., 2018). Therefore, the heavy
eutrophication occurring in the upstream in this study disrupted
the species-species interactions, while the moderate eutrophica-
tion enhanced the species-species interactions. In addition, central
nodes (OTUs) in networks overlapped with taxa of core OTUs (such
as Polynucleobacter/Betaproteobacteria), further suggesting the
ecological importance of the core microbiome. Consequently, mi-
crobial interactions also showed adaptive responses to nutrient
pollution. However, more solid experimental evidence is still
needed to confirm the direct linkages between nutrient pollution
and species-species interactions.

4.4. Adaptive shifts of microbial functional diversity to nutrient
pollution

Extensive studies explored the relationship between commu-
nity structure and functional diversity (Zeglin, 2015; Louca et al.,
2016; Maynard et al., 2017). However, it remains unclear to which
extent that community functions would be dependent on
community composition (Zeglin, 2015; Louca et al., 2016; Maynard
et al., 2017). Some studies insisted that functional redundancy
could contribute to the weaker diversification of community
function than community composition (Staley et al., 2014); while
others found composition-dependent changes of community
function (Woodward et al., 2012; Freimann et al., 2013). Using
FAPROTAX (Louca et al., 2016), we obtained functional annotations
of OTUs and revealed significant dissimilarity of functional group
profiles in three sections, with TN being the most influential
environmental variable (Fig. 5). Most importantly, most of the ni-
trogen metabolism-related groups showed highest abundance in
Section I, which was heavily polluted by nitrogen enrichment. With
Betaproteobacteria contributed dominantly to those nitrogen-
metabolism groups, our results suggest the potential coupling of
community composition and functions. This phenomenon was
consistent with other studies in polluted rivers or streams where
coupling of community composition and functions was detected
(Jeffries et al., 2016). Therefore, bacterial community showed
functional adaptation to nutrient pollution and conceived poten-
tials to attenuate negative impacts of environmental changes (Li
et al., 2017). In addition, many functional groups were found to
be human or animal pathogens (Supplementary Fig. S8), suggesting
aquatic microorganisms could also be the sources of diseases and
impose threats/risks to human health (Ibekwe et al., 2016; Li et al.,
2017). Given the significance of microorganisms’ participation in
fundamental biogeochemical cycles, more efforts are deserved to
assess the interactions between water pollution and dynamics of
aquatic microbial community (Woodward et al., 2012). In addition,
seasonal and yearly monitoring is necessary in future studies as
both items would change temporally, as well as their relationship
(Fortunato et al., 2012; Gonzalez et al., 2012).

5. Conclusions

This study showed that bacterial community composition, po-
tential interactions, and community function were all significantly
affected by nutrient pollution, especially nitrogen enrichment in
the highly polluted river. The shifts of microbial community
composition and functional groups were caused by several domi-
nant factors, with total nitrogen (TN) being themost important one.
This could be derived from >100-fold changes of TN concentration
along the whole river. Bacterial groups with strong tolerance to
nutrient pollution were enriched in river sections with heavy
eutrophication. Meanwhile, functional prediction revealed highest
abundance of nitrogen metabolic groups in the heavily polluted
river section. The relative abundance of these functional groups
was significantly correlated with TN. Consequently, microbial
communities present in certain areas were tolerant to distinct
levels of nutrient pollution (especially nitrogen enrichment).
However, the co-occurrence networks were dramatically simple
and vulnerable under heavy nutrient pollution. This hints that the
potential interactions of microbial communities were impacted by
nutrient pollution, which would further impair ecosystem func-
tioning. Therefore, species interactions should also be taken into
considerationwhen studying potential influence of water pollution
on biological communities.
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