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Abstract
Anthropogenic nutrient discharge poses widespread threats to coastal ecosystems and
has increased environmental gradients from coast to sea. Bacterioplankton play crucial roles in coastal
biogeochemical cycling, and a variety of factors aﬀect bacterial community diversity and structure. We used
16S rRNA gene pyrosequencing to investigate the spatial variation in bacterial community composition
(BCC) across ﬁve sites on a coast-oﬀshore gradient in the East China Sea. Overall, bacterial alpha-diversity
did not diﬀer across sites, except that richness and phylogenetic diversity were lower in the oﬀshore sites,
and the highest alpha-diversity was found in the most landward site, with Chl-a being the main factor.
BCCs generally clustered into coastal and oﬀshore groups. Chl-a explained 12.3% of the variation in
BCCs, more than that explained by either the physicochemical (5.7%) or spatial (8.5%) variables. Nutrients
(particularly nitrate and phosphate), along with phytoplankton abundance, were more important than
other physicochemical factors, co-explaining 20.0% of the variation in BCCs. Additionally, a series of
discriminant families (primarily aﬃliated with Gammaproteobacteria and Alphaproteobacteria), whose
relative abundances correlated with Chl-a, DIN, and phosphate concentrations, were identiﬁed, implying
their potential to indicate phytoplankton blooms and nutrient enrichment in this marine ecosystem. This
study provides insight into bacterioplankton response patterns along a coast-oﬀshore gradient, with
phytoplankton abundance increasing in the oﬀshore sites. Time-series sampling across multiple transects
should be performed to determine the seasonal and spatial patterns in bacterial diversity and community
structure along this gradient.
Keyword: bacterioplankton; pyrosequencing; nutrient gradient; phytoplankton abundance; dominant factor;
bioindicator

1 INTRODUCTION
Anthropogenic activities, i.e., aquaculture, sewage
treatment, and agriculture (Nogales et al., 2007,
2011), have intensively accelerated nutrient emissions
to coastal ecosystems on a global scale in recent
decades (Howarth et al., 2011; Xiong et al., 2014). A
global comprehensive report has suggested that most
ocean ecosystems are anthropogenically impacted to
diﬀerent degrees, and more than one-third of oceans
suﬀer intermediate to high anthropogenic impacts
(Halpern et al., 2008). Some well-studied coastal
areas, such as the Baltic Sea (Herlemann et al., 2011),
the Neuse River Estuary (Paerl, 2006), and the East

China Sea (Xiong et al., 2014; Wang et al., 2015a),
have been aﬀected by eutrophication for decades.
Evaluating the inﬂuence of environmental changes on
the biosphere is crucial but very challenging (Hansen
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et al., 2012). Investigating microorganism assembly
processes is an eﬀective way to understand the
inﬂuence of contemporary environmental disturbances
on the coastal biosphere (Herlemann et al., 2011).
Microorganisms have short generation times and
exhibit large ﬂuctuations in community composition
and metabolism and, thus, respond to environmental
changes rapidly (Thompson et al., 2011). Variations
in bacterial community composition (BCC) can be
applied to evaluate the ecological eﬀects of
phytoplankton blooms (Buchan et al., 2014; Chen et
al., 2016) and pollution disturbances, such as excess
nutrients (Hu et al., 2014; Xiong et al., 2014),
petroleum (Abed et al., 2015), and heavy metals
(Wang et al., 2015b).
Local environmental conditions are vital in shaping
the biogeographic pattern of microorganisms
(Herlemann et al., 2011; Hu et al., 2014). Interactions
between bacterioplankton and phytoplankton/
zooplankton are complex (Cole, 1982; Verreydt et al.,
2012; Buchan et al., 2014). Brieﬂy, phytoplankton
and zooplankton populations can have a serious
impact on BCC through complex trophic interactions
(Daufresne et al., 2008; Verreydt et al., 2012) and
selective grazing (Verreydt et al., 2012). Additionally,
abiotic variables are also important for BCC variation,
e.g., temperature, nutrient concentrations (Gilbert et
al., 2009; El-Swais et al., 2014), salinity, and Chl-a
(Langenheder and Ragnarsson, 2007) signiﬁcantly
aﬀect BCC. Furthermore, several studies have
reported that microbial biogeography is also
dominated by distance eﬀects (Hanson et al., 2012;
Xiong et al., 2014). A recent meta-analysis
demonstrated that both environmental (contemporary
selection) and distance eﬀects (dispersal-related
processes) shape microbial biogeography (Hanson et
al., 2012). Apparently, the relative contribution of
environmental and distance eﬀects on BCC variation
depends on the scale of the study area (Martiny et al.,
2011). Distance eﬀects have a greater impact on large
scales, whereas, environmental eﬀects do so at smaller
scales (Herlemann et al., 2011; Hanson et al., 2012).
However, the relative contribution of these two major
processes at an intermediate scale is still unclear
(Xiong et al., 2014).
The coastal waters adjacent to Zhejiang and
Shanghai, northern Zhejiang, East China Sea, two of
China′s most economically developed provinces,
have been polluted by anthropogenic activities, such
as ﬁsheries, aquaculture, and industry, for decades (Li
et al., 2014; Xiong et al., 2014). Controlling for BCC
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variation, multiple coast-oﬀshore environmental
gradients, have been reported at a regional scale in
this coastal area (Wang et al., 2015a). Additionally,
coastal anthropogenic activities may, to some extent,
contribute to the coast-oﬀshore environmental
gradients (Li and Daler, 2004). On smaller scales,
when distance eﬀects on microbial biogeography
decrease (Herlemann et al., 2011; Hanson et al.,
2012), we can focus more on the anthropogenic
environmental eﬀects on BCC. We sampled along a
coast-oﬀshore gradient at a relatively small spatialscale in the coastal East China Sea and used 16S
rRNA gene pyrosequencing to (i) explore
bacterioplankton community diversity and structural
dynamics, (ii) determine the dominant drivers shaping
these bacterial communities, and (iii) screen for
indicator bacterial taxa associated with the dominant
drivers.

2 MATERIAL AND METHOD
2.1 Sampling sites and environmental variable
analysis
Surface water samples were collected on 25th
October, 2012 from ﬁve sites along a transect (from
29°22′43′′N,
122°1′30′′E
to
29°22′58′′N,
122°34′48′′E) perpendicular to the coast (land-sea)
(Fig.1). Five replicates were taken from the surface
(top 50 cm) within a 50 m×50 m area at each site
using custom-made buckets, for a total of 25 samples.
To calculate the pairwise geographic distance between
samples, the global positioning system (GPS)
coordinates for each sampling point were input into
the NOAA website (http://www.nhc.noaa.gov/gccalc/
shtml). Environmental parameters were measured as
described below. Dissolved oxygen (DO) and pH
were measured in the sampling buckets using a probe
(YSI550A; Instrumart, USA). Microbial biomass was
collected on board. The water samples were preﬁltered through a sterilized 100 μm pore nylon net,
followed by 45 mm diameter and 0.2 μm pore
polycarbonate ﬁlters (Millipore, USA) until the water
would not pass through the ﬁlter anymore. The
volume of the ﬁltrate was approximately 500–
1 000 mL, depending on the SS content in the
samples. The ﬁlters were stored in sterilized tubes and
placed in dry ice during sampling. These were taken
to the laboratory within 4 h of the sampling being
completed. The remaining environmental parameters
were measured at the laboratory. We measured salinity
using a handheld salinometer (MASTER-S28M;
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Fig.1 Sampling site locations in this study

ATAGO, Japan) and total organic carbon (TOC) using
an automated C/N analyzer (multi N/C 3100; Analytik
Jena, Germany). Chemical oxygen demand (COD,
alkaline potassium permanganate method), total
nitrogen (TN), nitrate (zinc-chrome reduction
method), ammonium (indophenol method), nitrite
(naphthylethylenediamine method), total phosphorus
(TP, persulfate oxidation method), phosphate
(phosphorus-molybdenum method), and suspended
solids (SS, gravimetric method) were measured
according
to
standard
methods
(General
Administration of Quality Supervision, Inspection
and Quarantine of the People’s Republic of China
(AQSIQ) and Standardization Administration of the
People′s Republic of China, 2007). The dissolved
inorganic nitrogen (DIN) content was calculated as
the sum of nitrate, nitrite, and ammonium.
Chlorophyll-a (Chl-a) was measured using the hotethanol extraction method.
2.2 DNA extraction, bacterial 16S rRNA gene
ampliﬁcation, and pyrosequencing
Microbial DNA was extracted using a Power Soil®
DNA Isolation Kit (MO BIO, USA) following the
manufacturer′s instructions. Puriﬁed DNA extracts
were quantiﬁed using a Quant-ItTM Pico Green Kit
(Invitrogen, USA).
The V4 and V5 regions of the bacterial 16S rRNA
gene were ampliﬁed using the following primer sets:
F515, GTGCCAGCMGCCGCGG, with the Roche
454 ′A′ pyrosequencing adapter and a unique 11 bp
barcode sequence; and R907, CCGTCAATTCMTTTRAGTTT, with the Roche 454 ′B′ sequencing adapter
at the 5′-end of each primer. Each sample was
ampliﬁed in triplicate in a 30-μL reaction mixture
containing 15 μL Phusion Master Mix (2×), 3 μL
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forward primer (6 μmol/L ﬁnal concentration), 10 μL
genomic DNA (1 ng/μL), and 2 μL MO BIO PCR
water. The ampliﬁcation conditions were as follows:
30 cycles of denaturation at 94°C for 30 s, annealing
at 54°C for 30 s, and extension at 72°C for 30 s; with
a ﬁnal extension of 10 min at 72°C. The triplicate
PCR products were pooled together and puriﬁed with
a PCR fragment puriﬁcation kit (TaKaRa, Japan). The
puriﬁed PCR products were quantiﬁed using a QuantItTM Pico Green kit (Invitrogen). An equimolar amount
of the PCR products for each sample were combined
and run on a Roche 454 FLX platform (Roche, USA),
producing reads from the forward direction (F515
with barcode). The sequence data were deposited in
the NCBI Sequence Read Archive (http://www.ncbi.
nlm.nih.gov) and are available under the accession
number SRR3914038.
2.3 Data analysis
The sequences were quality controlled and
analyzed in QIIME 1.7.0 workﬂow (Caporaso et al.,
2010b). The sequences were grouped into each
sample according to the barcodes and were quality
controlled using the split_libraries.py script with
default settings. The remaining sequences were
chimera detected in UCHIME (Edgar et al., 2011)
against the Greengenes database (12.10, http://qiime.
org/home_static/dataFiles.html). One replicate of site
C was discarded because of its shallow sequencing
depth. After the removal of chimeras, the bacterial
sequences were clustered into operational taxonomic
units (OTUs, 97% sequence similarity) using the
pick_de_novo_otus.py script with the UCLUST
method (Edgar, 2010). The most abundant sequence
for a given OTU was selected as the representative
sequence and was aligned in PyNAST (Caporaso et
al., 2010a). Each phylotype was taxonomically
assigned against the Greengenes database (12.10)
(DeSantis et al., 2006). Archaea and Chloroplast
sequences not assigned to bacteria, and singletons
were removed. A total of 148 198 clean reads, ranging
from 3 100 to 9 643 per sample (mean 6 175),
remained. These yielded 5 806 OTUs across the
samples, 98.7% of which were classiﬁed at the
phylum level. To normalize the sequencing depth for
each sample, we used a randomly selected subset of
3 100 sequences for further analysis. Additionally, we
ﬁltered Chloroplast sequences from the unrareﬁed
dataset that included both bacterial and Chloroplast
sequences. The Chloroplast dataset contained 87 103
clean reads, ranging from 437 to 7 751 per sample
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(mean 3 629); yielding 666 OTUs across the samples.
We used a randomly selected subset of 430 sequences
to normalize the sequencing depth for downstream
analysis.
The Shannon-Wiener index, phylogenetic diversity
(PD) whole tree (Kuczynski et al., 2012), and
observed species count were calculated in QIIME to
estimate bacterial α-diversity. One-way analysis of
variance (ANOVA) of alpha-diversity, Spearman′s
correlations between three alpha-diversity indices and
the environmental variables, and geographic Cartesian
coordinates were tested in SPSS v 13.0 (Nie et al.,
1970). A multivariate regression tree (MRT; De′ath,
2002) was built to determine import factors from the
environmental variables and geographic Cartesian
coordinates that can legitimately split the diversity;
the diversity indices were normalized to the same
mean before performing the MRT analysis. The
diﬀerences in the phylogenetic structure of bacterial
communities among samples were visualized by
principal coordinate analysis (PCoA) based on the
weighted UniFrac distance. Analysis of similarity
(ANOSIM) was performed in PRIMER v 5 (Clarke
and Gorley, 2001) to test the signiﬁcance of diﬀerences
in BCC between sites. Mantel tests were used to
identify variables (all environmental variables and
geographic distance) that signiﬁcantly correlated with
BCC variation. To verify if spatial distance correlated
with community variation, we built a distance-decay
model for the phylogenetic similarity of the bacterial
communities. Distance-based multivariate analysis
for a linear model using forward selection (DistLM)
was used to determine which of the environmental
parameters and geographic Cartesian coordinates
most inﬂuenced BCC. To determine which microbe
assemblage correlated with Chl-a levels, we calculated
Pearson’s correlations between the Chl-a
concentration and the relative Chloroplast and
Synechococcaceae sequence abundances in the
rareﬁed dataset (7 480 sequences per sample)
including both bacterial and Chloroplast sequences.
To explore the relative importance of the phytoplankton
populations, physicochemical factors, and spatial
variables for BCC variation, three sets including the
Chloroplast sequences (Chloroplast abundances at
the order level), the physicochemical factors, and the
spatial variables derived from principal coordinates
of neighbor matrices (PCNM, Griﬃth and PeresNeto, 2006) were analyzed by variation partitioning
analysis (VPA) using partially constrained analysis of
principal coordinates (pCAP) (Verreydt et al., 2012)
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based on the weighted UniFrac distance. All of the
variables within the three variation partitioning model
datasets were screened by forward selection in
DISTLM v 5 (Anderson, 2004). Families with average
relative abundance>1% in at least one of the ﬁve sites
and associated with at least one of the three
environmental parameters (Chl-a, DIN, and phosphate
levels) (Pearson’s correlation, P<0.05) were screened
as either phytoplankton bloom-related or nutrient
indicative families. The Pearson’s correlations
between the three factors and the screened families
were visualized in a heat map using the R package
‘pheatmap’ based on ‘ward’ distance. Data analysis
was carried out in R (http://www.r-project.org) unless
otherwise indicated.

3 RESULT
3.1 Coastal surface
characteristics

water

environmental

The TN, nitrate, ammonium, nitrite, TP, phosphate,
COD, and TOC concentrations decreased linearly
from near- to oﬀshore. According to the speciﬁcation
for the marine monitoring of China-Part 4: seawater
analysis (GB 17378.4-2007, General Administration
of Quality Supervision, Inspection and Quarantine of
the People’s Republic of China (AQSIQ) and
Standardization Administration of the People′s
Republic of China, 2007), the DIN levels in the
coastal sites (A, B, and C) were below the fourth class
water standard (DIN, >0.5 mg/L, Table 1), and in
oﬀshore sites (D and E), the DIN levels were second
class water standards (DIN, 0.2–0.3 mg/L, Table 1).
Additionally, the phosphate levels in coastal sites (A
and B) were third class water standards (phosphate,
0.030–0.045 mg/L), and the phosphate levels in site C
and oﬀshore sites (D and E) were second class water
standard (phosphate, 0.015–0.030 mg/L). Salinity
and pH increased along the transect (Table 1),
suggesting that there is freshwater discharge from
river runoﬀ, which is an abundant source of nutrients
for the coastal environment. Additionally, coastal
anthropogenic activities, such as aquaculture, sewage
treatment, and agriculture, may also increase the
nutrient gradient (Nogales et al., 2007, 2011).
However, SS concentrations varied between sites
with an obvious trend. The Chl-a levels were higher
in oﬀshore sites, where algal blooms were observed,
than at the coastal ones (Table 1). Overall, the DO
concentrations were higher in coastal than in oﬀshore
sites.
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Table 1 Biogeochemical parameters of marine surface water samples from the ﬁve sites
Parameter Longitude (E)

Site

Latitude (N)

pH

Salinity

DO (mg/L)

COD (mg/L)

PO34ˉ-P (mg/L) TN (mg/L)

A

122°1.508′

29°22.972′

8.03±0.01d

23.74±0.08e

7.09±0.01b

1.11±0.02a

0.1044±0.0039a 0.0330±0.0002a 0.82±0.05a

B

122°4.433′

29°22.932′

8.06±0.00c

24.04±0.24d

7.03±0.01c

1.06±0.02b

0.0674±0.0020b 0.0309±0.0023b 0.66±0.08b

C

122°16.033′

29°22.716′

8.09±0.01b

26.22±0.04c

6.98±0.02d

0.70±0.03c

0.0436±0.0012c 0.0287±0.0004c 0.62±0.01c

D

122°30.791′

29°22.900′

8.16±0.00

27.83±0.11

7.14±0.01

d

0.57±0.02

0.0379±0.0010d 0.0266±0.0003d 0.50±0.05d

E

122°34.801′

29°22.879′

8.16±0.01a

28.17±0.05a

7.12±0.01a

0.57±0.02d

0.0353±0.0005d 0.0225±0.0006e 0.41±0.07e

a

b

a

Parameter DIN (mg/L) NOˉ3-N (mg/L) NH+4-N (mg/L) NOˉ2-N (mg/L) Chl-a (μg/L)

Site

TP (mg/L)

A

0.60±0.06

B

0.57±0.05

C

a

b

c

0.50±0.04

D

0.28±0.04

d

E

0.23±0.00

e

a

0.57±0.01

b

0.55±0.01

a

0.013±0.001

b

a

0.012±0.000

3.78±1.58

b

bc

c

SS (mg/L)

TOC (mg/L)

Water depth (m)

133.20± 6.98

a

1.54±0.02

5.3

c

b

cd

a

0.009±0.001

0.010±0.001

5.92±2.00

61.80±3.42

1.46±0.04

6.8

c

0.48±0.00

0.009±0.001

c

58.00±5.42

1.44±0.02

11.6

d

0.26±0.00

a

d

1.46±0.06

31.6

b

1.40±0.04

33.5

0.22±0.00

e

c

0.009±0.001

3.86±0.70

c

0.007±0.000

0.008±0.01

20.10±3.17

52.20±3.70

d

0.005±0.001

0.008±0.01

12.50±4.81

103.20±3.42

b

c

c

b

b

b

b

The data represent the mean±standard deviation (n=5). Diﬀerent superscript letters in the same column indicate signiﬁcant diﬀerences between sites (P<0.05),
based on one-way analysis of variables (ANOVA). DO: dissolved oxygen; COD: chemical oxygen demand; TN: total nitrogen; TP: total phosphorus; DIN:
dissolved inorganic nitrogen; Chl-a: chlorophyll-a; SS: suspended solids; TOC: total organic carbon.

3.2 Variation in bacterial diversity among sites
One-way ANOVA revealed that the bacterial alphadiversity estimates were greater in the coastal than in
the oﬀshore sites, with peak values at site A and the
lowest values at site D (Table 2). Most variables were
signiﬁcantly correlated with the three alpha-diversity
indices, except for SS, DO, TOC, and longitude; Chla showed the strongest correlation with alphadiversity (Table S2). This pattern was conﬁrmed with
the multivariate regression trees (MRT, Fig.S1),
which represented the relationship between bacterial
alpha-diversity and the measured variables in a tree
with three splits based on Chl-a, COD, and TP (Fig.
S1). The entire tree explained 78.2% of the variation
in bacterial alpha-diversity. Normalized diversity
estimates are mainly split by Chl-a, which explained
51.4% (ﬁrst split), 19.1% (second split), and 7.8%
(third split) of the variation in bacterial diversity.
Similarly, nitrate, salinity, ammonium, and pH were
also top ranking factors, explaining 45.4%, 45.4%,
44.1%, and 37.5% of the bacterial diversity variation,
respectively (data not shown).
The dominant phyla (classes in the case of
Proteobacteria) were Gammaproteobacteria (28.0%
on
average),
Alphaproteobacteria
(20.7%),
Actinobacteria (15.3%), Bacteroidetes (8.7%),
Betaproteobacteria (6.8%), Cyanobacteria (4.9%),
Firmicutes
(4.5%),
SAR406
(2.1%),
Delaproteobacteria (2.0%), Planctomycetes (1.4%),
ZB3 (1.1%), and Chloroflexi (0.9%), which accounted
for 97.6% of the total bacterial sequences (Fig.2). The

Table 2 One-way analysis of variance (ANOVA) of bacterial
alpha-diversity (3 100 sequences per sample)
across sites
ShannonWiener index

Phylogenetic
diversity

Observed
species count

A

7.18±0.44 a

44.09±7.45 a

529±109 a

B

5.87±1.46 a

33.42±7.30 ab

366±92 ab

C

6.40±1.51 a

38.46±12.75 ab

449±187 ab

D

5.58±0.21

27.67±1.41

b

280±11 b

E

5.89±0.23 a

30.28±3.81 b

308±49 b

F

2.236

5.397

5.016

P

0.103

0.004

0.006

a

Data are the means±standard deviation (n=5, 4 for site C). Values in bold
represent signiﬁcant diﬀerences (P<0.05) across sampling sites. Diﬀerent
superscript letters in each column indicate signiﬁcant diﬀerences between
sites. F represents the F-test in ANOVA.

relative abundances of Gammaproteobacteria
(P=0.013) and Planctomycetes (P=0.017) were
generally higher in coastal than in oﬀshore sites,
whereas, Actinobacteria (P<0.001), Bacteroidetes
(P=0.001), and SAR406 (P<0.001) exhibited the
opposite trend. The remaining dominant phyla and
classes did not diﬀer between sites (P>0.05).
The BCCs were clustered into coastal (sites A, B,
and C) and oﬀshore (sites D and E) groups as shown
in the PCoA plot (Fig.3). The ANOSIM conﬁrmed
this pattern, which indicates that the BCC at sites A,
B, and C was similar, and those at sites D and E were
distinct from the other sites (Table S3).
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Fig.2 Relative abundances of the dominant (>1%) bacterial
taxonomic divisions in water samples across sampling
sites (n=5, 4 for site C)
The relative abundances are based on the proportional frequencies
of DNA sequences classiﬁed at the phylum level (except
Proteobacteria, which were grouped at the class level). Unclassiﬁed
taxa were not assigned to any known bacterial phylum in the
Greengenes database (12.10).
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Fig.3 Principal coordinate analysis (PCoA) plot derived
from weighted UniFrac distances

3.3 Bacterioplankton
partitioning

community

variation

Except for SS and TOC, the environmental
variables we measured were signiﬁcantly correlated
with BCC variation (Mantel test, Table S1).
Additionally, geographic distance was also a key
factor (Mantel test, R=0.387; P<0.001) in shaping
BCC variation. The distance-decay model was
negatively correlated (Pearson’s correlation, R=
-0.387; P<0.001) between pairwise similarities of
BCCs and geographic distance (Fig.4).
According to the DistLM results, Chl-a explained

10

20
30
40
Geographic distance (km)

50

60

Fig.4 Pearson’s correlations between the phylogenetic
similarity
of
bacterioplankton
communities
(1-weighted UniFrac distance) and geographic
distance

most of the variation in BCC (25.2%, Table 3). We
used Chloroplast and Synechococcaceae family
(which accounted for 94.8% of the Cyanobacteria
sequences) sequences to provide a glimpse of
autotrophic eukaryotes (Wang et al., 2015a) and to
present autotrophic prokaryotes, respectively.
Pearson’s correlation analysis revealed that the Chl-a
levels were positively correlated with the relative
Chloroplast sequence abundances (R=0.663,
P<0.001, Fig.S3) but not with Synechococcaceae
sequences (R=-0.101, P=0.638). This suggests that
the increase in phytoplankton biomass at the oﬀshore
sites was mainly driven by autotrophic eukaryotes
rather than phototrophic prokaryotes. Nitrate was the
second most important factor explaining BCC
variation, both in marginal (22.9%) and conditional
(15.1%) tests (Table 3). Nitrate and phosphate were
signiﬁcantly correlated with BCC variation in Mantel
tests (Table S1) and were the only remaining factors
after forward selection in the variation partitioning
model for BCCs (Fig.S4), which represented the
physicochemical dataset (Fig.S4).
After forward selection, six variables (unclassiﬁed
Chloroplast, Stramenopiles, and Chlorophyta,
representing the Chloroplast sequences, nitrate and
phosphate as the physicochemical factors, and one
PCNM variable as the spatial variable) remained for
the variation partitioning analysis; all of the other
variables were discarded because of autocorrelations
with the selected variables. Cumulatively, these
variables explained 61.2% of the variation in BCC
(Fig.S4); the phytoplankton populations explained
12.3% of the variation, which is more than the
physicochemical factors (5.6%) or the spatial
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Table 3 Forward selection of bacterioplankton community variability against the environmental parameters and Cartesian
coordinates, transformed from latitude and longitude, with 999 permutations
Marginal tests

Conditional tests

Variable

P

Contribution (%)

Variable

P

Contribution (%)

Cumulative contribution (%)

Chl-a

0.001

25.16

Chl-a

0.001

25.16

25.16

NOˉ3

0.001

22.91

NOˉ3

0.002

15.08

40.24

DO

0.001

21.70

NH+4

0.013

7.21

47.45

pH

0.001

21.39

TOC

0.016

5.90

53.36

Cartesian coordinate-X

0.001

20.70

Cartesian coordinate-X

0.118

3.88

57.23

Salinity

0.001

19.37

Cartesian coordinate-Y

0.248

3.03

60.27

TN

0.002

17.47

DO

0.173

3.27

63.54

PO ˉ

0.003

17.12

Salinity

0.244

2.91

66.45

COD

0.003

16.23

SS

0.292

2.55

69

NH

0.005

14.22

pH

0.402

2.33

71.33

3
4

+
4

NOˉ2

0.005

14.17

TN

0.417

2.18

73.51

TP

0.013

13.17

COD

0.572

1.92

75.43

TOC

0.095

08.02

NOˉ2

0.698

1.51

76.94

SS

0.201

6.13

PO ˉ

0.705

1.50

78.45

Cartesian coordinate-Y

0.255

5.47

TP

0.669

1.71

80.15

3
4

For marginal tests, each variable was analyzed individually. In the conditional tests, the percentage of variation explained by each new variable added to
the model was conditional on the variables already in the model. DO: dissolved oxygen; COD: chemical oxygen demand; TN: total nitrogen; TP: total
phosphorus; DIN: dissolved inorganic nitrogen; Chl-a: chlorophyll-a; SS: suspended solids; TOC: total organic carbon.

variables (8.5%) did (Fig.S4). Moreover, the BCC
was not aﬀected by either the pure physicochemical
factors (P=0.223) or spatial variables (P=0.662).
Additionally, the shared-fraction of the phytoplankton
populations and physicochemical factors was
relatively high (20.0%) when compared with the other
fractions (Fig.S4).
3.4 Phytoplankton bloom and nutrient enrichment
indicators
Overall, we found 12 bacterial families with>1%
relative abundance in at least one of the ﬁve sites,
which correlated with Chl-a, DIN, and phosphate.
These families were primarily aﬃliated with
Gammaproteobacteria and Alphaproteobacteria.
Two Alphaproteobacteria families, Rhodobacteraceae
and Sphingomonadaceae, positively and negatively
correlated with nutrients and Chl-a, respectively
(Fig.5). In contrast, OCS155, Hyphomicrobiaceae,
Flavobacteriaceae, A714017, Halomonadaceae, and
two unclassiﬁed Gammaproteobacteria families
(aﬃliated with the orders Oceanospirillales and
Thiohalorhabdales) exhibited the opposite trend
(Fig.5). Furthermore, Pseudoalteromonadaceae,
Cryomorphaceae, and Synechococcaceae were only

positively, negatively, and negatively correlated with
nutrients, respectively (Fig.5).

4 DISCUSSION
4.1 Bacterial alpha-diversity
Bacterial alpha-diversity increased at nutrient
enriched sites and decreased at sites with increased
phytoplankton abundances. Chl-a is commonly used
as an index of phytoplankton biomass (Buchan et al.,
2014). We found that phytoplankton blooms were the
most inﬂuential in decreasing bacterial diversity
(Cole, 1982; Teeling et al., 2012) (Table S2, Fig.S1).
Bacterial alpha-diversity (Table S2, Fig.S1) was
highest at site A (Table 2), where nutrient enrichment
was likely caused by coastal anthropogenic activity.
Nutrient enrichment increased diversity, which is
consistent with patterns found in other
anthropogenically impacted environments (Nogales
et al. 2007, 2011). Additionally, phytoplankton
populations consume inorganic matter at oﬀshore
sites (Behrenfeld et al., 2005, 2006), which could
increase the gradient in nutrient availability away
from the coast. The mixing of marine and freshwater
species can also result in higher bacterial alpha-
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Fig.5 Heatmap of Pearson’s correlations of the relationships between Chl-a, DIN, phosphate, and selected indicator families
Higher absolute values correspond to warmer color (*P=0.05–0.01, **P=0.01–0.001, ***P<0.001).

diversity in coastal sites (Wang et al., 2015a), which
was
exempliﬁed
by
the
dominance
of
Betaproteobacteria at these sites in this study (Fig.2)
(Barberán and Casamayor, 2010; Nogales et al.,
2011). Overall, higher bacterial alpha-diversity in
coastal vs. oﬀshore sites was mainly a result of the
combined eﬀects of phytoplankton populations and
nutrient gradients.
4.2 Relationships between BCC, phytoplankton
populations, and nutrients
The BCC clustered into coastal and oﬀshore groups
(Fig.3, Table S3). This may be because phytoplankton
abundances increase oﬀshore (Table 1), which can
aﬀect the local trophic structure (Cole, 1982; Ducklow
et al., 1993). Similarly, coastal anthropogenic activities,
which consistently adds nutrients to coastal areas
(Table 1; Li and Daler, 2004) also inﬂuence the local
ecology (Halpern et al., 2008). Additionally, terrigenous
fresh water runoﬀ can accelerate mass eﬀects,
enhancing the similarity of BCC between coastal sites.
According to DistLM (Table 3) and VPA (Fig.S4),
phytoplankton populations had the most inﬂuence in
shaping BCC along this near- to oﬀshore gradient.
This is consistent with a common viewpoint that
interactions between bacteria and phytoplankton
during phytoplankton bloom events are complex
(Cole, 1982; Verreydt et al., 2012; Buchan et al.,
2014). Both bacterial and phytoplankton metabolism
may modify the environment to either inhibit or

stimulate each other’s growth. Aquatic bacteria (e.g.,
Azotobacter) contribute nutrients to stimulate
phytoplankton growth (Cole, 1982; Buchan et al.,
2014); others, however (e.g., nitrobacteria), compete
with phytoplankton for essential inorganic nutrients
(Behrenfeld et al., 2005, 2006). Conversely, through
photosynthesis, phytoplankton assimilate CO2 and
inorganic matter, such as nitrogen and phosphorus
(Behrenfeld et al., 2005, 2006), and supply organic
matter, approximately one-half of the carbon ﬁxed by
marine autotrophs is directly processed by bacteria
(Cole, 1982; Ducklow et al., 1993). The close
relationships between phytoplankton populations and
physicochemical factors (Table S4) may partly
explain their large, joint eﬀect in shaping BCC
(20.0%, Fig.S4). In the VPA model, only nitrate and
phosphate were selected in the physiochemical dataset
(Fig.S4), suggesting that coastal nutrient enrichment
is instrumental in shaping BCC along this near- to
oﬀshore gradient; the Mantel tests (Table S1) and the
DistLM (Table 3) results also support this ﬁnding.
Furthermore, phytoplankton populations aside,
physicochemical variables alone explained 25.7% of
the BCC variation, much more than the variation
explained by the spatial factor (16.0%, Fig.S4).
Distance eﬀects contribute less than environmental
conditions at this intermediate scale, which had been
found in a recent meta-analysis (Hanson et al., 2012).
However, this is contrary to previous ﬁndings in
sediment from the same study area (environmental
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variables: 5.5%, spatial variables: 8.2%; Xiong et al.,
2014). Nonetheless, because water ﬂow accelerates
the dispersal rate (Adams et al., 2014), planktonic
bacteria can disperse faster than sediment bacteria.
Additionally,
environmental
variables
were
signiﬁcantly auto-correlated with the spatial factor;
14.0% of BCC variation was explained by their
combined eﬀect (Fig.5), which agrees with previous
studies (Hanson et al., 2012; Wang et al., 2015a).
Although salinity is the main factor that determines
the global biogeography of microorganisms (Lozupone
and Knight, 2007), in this study, salinity was excluded
in the forward selection because of its high co-linearity
with nitrate (Pearson’s correlation, R=0.967, P<0.001;
Table S4) and phosphate (Pearson′s correlation,
R=0.933, P<0.001). Unexplained variation in the
BCCs may be related to the following unmeasured
variables: (i) other abiotic parameters such as water
temperature, (ii) biotic factors, such as zooplankton
community, which inﬂuence BCC through selective
grazing (Verreydt et al., 2012), and (iii) the stochastic
process, leading to varied β-diversity of the microbial
community (Chase, 2007).
4.3 Bacterial assemblage indicators associated with
phytoplankton blooms and nutrient enrichment
Because of the high linear relationships within
Chl-a, DIN, and phosphate, most screened families
also correlated with all of these variables (Fig.5). The
geographic distributions of these families follow
complex processes.
Several screened families are considered
phytoplankton increase-related prokaryotes. Some
members of Hyphomicrobiaceae are phototrophic,
using bacteriochlorophyll A/B for photosynthesis
(Bryant and Frigaard, 2006), which explains their
positive correlation with Chl-a (Fig.5). The OCSS155
family accounted for most of the Actinobacteria in
this study (86.1%, average relative abundances, data
not shown), which is consistent with ﬁndings in other
areas (Cram et al., 2015, Chow et al., 2013). Typically,
OCS155 dominated in oﬀshore sites, where
phytoplankton abundances increased (Fig.S2), which
may be explained by the correlation between this
family and diatoms (Nelson et al., 2014). The
Bacteroidetes family, Flavobacteriaceae, was
positively correlated with Chl-a, which may be related
to their role in decomposing organic matter derived
from algal blooms (Teeling et al., 2012). We found
that Cryomorphaceae, which participates in
phytoplankton biomass decomposition (Alonso et al.,

337

2007), correlated with nutrients but not Chl-a (Fig.5).
Additionally,
the
relative
abundances
of
Cryomorphaceae peaked at site E, where the Chl-a
levels were the second highest (Table 1). This may be
because the phytoplankton bloom at site E was
decaying when samples were taken, and this family
was taking part in decomposition. In future studies,
the relationships between bacteria and organic matter
during phytoplankton bloom and decay should be
taken into account.
The geographic distribution of Rhodobacteraceae
is inﬂuenced by nutrient levels. The metabolic and
ecological diversity of this family is high (Pujalte et
al., 2014), some members participate in denitriﬁcation
(Baumann et al., 1996; Foesel et al., 2011) and others
in nitriﬁcation (Baumann et al., 1996). It is possible
that members of this family are positively correlated
with DIN levels are participating in N metabolic
processes at coastal sites (Huang et al., 2015).
The distributions of these 12 families may be
shaped by variables other than Chl-a, DIN, and
phosphate. Synechococcus, a genus of the
Synechococcaceae family, is more abundant in
nutrient-rich than in oligotrophic areas (Partensky et
al., 1999), contrary to our ﬁndings (Fig.5). Moreover,
the inorganic phosphate up-take capability of
Synechococcus is less than that of small eukaryotes
(Lomas et al., 2014), thus the negative correlation
(Pearson’s correlation: R=-0.686, P=0.029) between
Synechococcaceae and Chloroplast may be the result
of phosphate up-take competition. Members of the
Halomonadaceae are either halotolerant or halophilic
(León et al., 2014), explaining their higher relative
abundances in oﬀshore sites (Fig.S2), where salinity
was lower than in coastal sites (Table 1). A few
members of the Sphingomonadaceae cause human
infections (Glaeser and Kämpfer, 2014), and the
Flavobacteriaceae family contain important ﬁsh and
human pathogens (McBride, 2014). Both of these
families, which dominated in the coastal sites (Table
1), were positively correlated with nutrients (Fig.5)
possibly because of coastal anthropogenic activity,
such as ﬁsheries. Previous reports on the ecological
functions of the Thiohalorhabdales order and family
A714017 (SAR406), Pseudoalteromondaceae, do not
explain why their relative abundances were higher at
diﬀerent sites in this area (Fig.S2).
The geographic distributions of these 12 indicator
families are mainly determined by phytoplankton
blooms and increased nutrients, as well as other nonremovable factors.
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5 CONCLUSION
The variation in BCC in surface water along a
near- to oﬀshore gradient in the coastal East China
Sea is jointly aﬀected by phytoplankton populations,
local physicochemical factors, and distance, wherein
phytoplankton populations contribute the most to
BCC variation, but the eﬀects of nutrient enrichment
cannot be ignored. We identiﬁed a series of bacterial
families, whose relative abundances were related to
Chl-a/nutrient levels, making them potential indicator
species for phytoplankton blooms and nutrient
enrichment in this marine ecosystem. This study
provides insights into the impact of environmental
disturbances on the coastal ecosystem from a
microbial perspective, which could be a promising
method to evaluate the quality of the marine
environment. However, the patterns of BCCs and
indicator families observed must be veriﬁed before
they can be applied in environmental management.
Moreover, this study is only based on one transect at
one time point. Future studies should include a meshtype sampling regime on a seasonal scale to provide
extensive insight into the successional patterns of
bacterioplankton in this coastal area.
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