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a 12-month period. We first distinguished core populations from peripheral ones in both
raw wastewater and AS based on their occurrence frequency and abundance. The results
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showed that core OTUs (≥ 80% occurrence frequency) made up a large fraction (> 90%) of
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total sequences, while peripheral OTUs composed the majority of all detected OTUs but
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merely occupied a few sequences. A significant difference in core communities between

Core community

the influent and AS was found, as well as between the compositions of core and peripheral

Active population

populations. Additionally, the persistent functional bacteria of AS, although not numerically

Immigration impact

dominant, accounted for 96.24% of the total sequences related to nutrient turnover, suggesting the presence of a small number of longstanding and core functional bacteria in the AS
ecosystem. Importantly, 64% of the 5188 OTUs in AS, which accounted for 91.51% of the sequences, exhibited positive growth rates, which suggested that their apparent abundances
were due to growth within the plant, not from immigration. Taken together, these results
demonstrated that the impact of influent populations on core AS communities was limited.
Overall, this work provides quantitative insights into the impact of immigration, which is
expected to advance our understanding of the AS community assembly.
© 2020 The Research Center for Eco-Environmental Sciences, Chinese Academy of
Sciences. Published by Elsevier B.V.

Introduction
The activated sludge (AS) process has become the most widely
applied technology for municipal wastewater treatment af∗
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ter more than one hundred years of development and application (Jenkins and Wanner, 2014). The removal of nutrients
from wastewater in the AS process depends heavily on microbial metabolism and the interactions of microorganisms
(Wang et al., 2014). Generally, the AS process is robust, yet
it still occasionally suffers some operational problems, such
as sludge foaming and bulking events (Guo and Zhang, 2012;
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Nierychlo et al., 2018; Speirs et al., 2015), and periods of
poor nutrient removal (Ju and Zhang, 2015; Qu et al., 2019;
Seviour and Nielsen, 2010b). Thus, a better understanding of
the underlying microbial community assembly patterns will
facilitate optimization of AS processes.
In the last 10 years, interest in AS microbial community assemblies has extensively increased (Xia et al., 2018). Stochastic
(e.g., stochastic birth, death and migration) and deterministic processes (e.g., interspecies interactions and environmental conditions) are two basic mechanisms governing microbial
community structures (Xu et al., 2019; Zhou and Ning, 2017).
Among the above processes, immigration plays a crucial role
in the assembly of microbial communities in natural and engineered environments. As a half-closed engineered ecosystem, AS is continuously fed with influent wastewater containing diverse microbial populations. Thus, microbial immigrants arriving with influent wastewater inevitably influence the AS community assembly. For instance, Zheng and
Wen (2019) showed that influent communities increased the
biodiversity and dissimilarity of AS communities, and thus
strengthened the resistance of the AS community to shock
load. Additionally, Wells et al. (2014) demonstrated that substantial immigration may exert significant influence over the
structure of ammonia oxidizing bacterial (AOB) communities.
On the contrary, Hashimoto et al. (2014) found that the bacterial community structure of AS was relatively stable and rarely
impacted by influent populations. Similarly, by comparing influent and AS bacterial communities, Lee et al. (2015) found
that influent and AS samples shared 4%−9% of their operational taxonomic units (OTUs), suggesting that influent populations have a weak impact on AS communities. Overall, previous studies have presented controversial evidence with regard
to the extent to which immigration can impact AS communities. One reason for these inconsistencies is that the methods
used in the above previous studies were simply based on the
amount of shared species between influent and AS communities, or based on the bacterial abundance profiles in AS. In
fact, populations arriving with influent wastewater can play
active or inactive roles in the AS system, as the redox conditions of sewers and bioreactors are significantly different.
Thus, to quantitatively assess the impact of immigration on
AS, both the activity and abundance of all immigrants should
be considered.
Recently, an ecogenomics-based mass balance method
has been developed to quantify the contribution of immigrants to the AS microbial community (Mei and Liu, 2019;
Saunders et al., 2016). This method couples high-throughput
sequencing technology with a mass balance model, which
can effectively differentiate active and inactive populations
by calculating the specific growth rates of individual immigrants. For instance, although 35% of the OTUs in AS communities were shared by influent communities, most of them
had negative specific growth rates, which suggested that these
non-growing populations did not actively contribute to the
functioning of the AS system (Saunders et al., 2016). More recently, Mei et al. (2019) showed that abundant populations
from the upstream anaerobic reactor did not grow in the
downstream aerobic AS reactor, indicating a marginal immigration impact. Overall, the ecogenomics-based mass balance
method has shown advantages in evaluating immigration im-
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pact and demonstrated the weak impact of influent populations on AS communities in conventional activated sludge
(CAS) processes. In the last decade, unique advantages have
caused membrane bioreactors (MBRs) to be of increasing interest for application (Meng et al., 2017). Since MBR processes
show longer SRT, higher biomass concentration, and superior
solids separation as compared with CAS processes, the findings obtained based on CAS processes cannot be simply extrapolated to MBR processes. Additionally, the previous studies were merely based on a few samples from several timepoints, which might run the risk of opportunistic observations. Thus, evaluation of the impact of immigration on the
AS community in an MBR process over a longer time span is
needed.
Therefore, the primary objective of this study was to evaluate the immigration impacts of raw wastewater on AS communities in a full-scale MBR plant. To achieve this goal, the raw
wastewater and AS biomass samples were collected over a 12month period. The bacterial compositions and biodiversity of
the influent wastewater and AS were characterized. The core
and peripheral populations in both the influent wastewater
and AS were then identified. We further calculated the specific
growth rates of individual OTUs using an ecogenomics-based
mass balance method. The findings of this work could assist
in improving our understanding of immigration impacts on
AS communities.

1.

Materials and methods

1.1.

WWTP and sample collection

The samples used in this study were collected from a full-scale
anoxic/oxic-submerged MBR plant (100,000 m3 /day) located in
Guangzhou, China. The hydraulic retention time (HRT) and
solid retention time (SRT) of the WWTP were maintained at
7.45 hr (2.98 and 4.45 hr for the anoxic and oxic tank, respectively) and 15 days, respectively. The supernatant in the
oxic tank was recycled to the anoxic tank at reflux ratios of
150%−400%. The mixed liquor suspended solids (MLSS) was
kept at 5000–7000 mg/L. Throughout the 12-month sampling
period, satisfactory treatment performance was achieved in
the WWTP, with average removal degrees of 78.16%, 98.30%,
64.54% and 93.73% for total nitrogen (TN), ammonia, total
phosphorus (TP) and chemical oxygen demand (COD), respectively. The details of the WWTP performance and physicochemical parameters are shown in Appendix A Table S1.
Biomass samples of the influent and AS were harvested semimonthly (Oct. 2015 - Sep. 2016) from the WWTP. The AS samples were collected and then fixed on site using ethanol. Then,
the samples were incubated in an ice bath and transported to
the laboratory within 1 hr. Influent samples were collected in
sterilized containers incubated in an ice bath and transported
to the laboratory within 1 hr. After being transferred to the
laboratory, the influent samples were filtered with a 0.1 μm
membrane to collect the pellets and then fixed using ethanol
immediately. All the fixed biomass samples (48 samples in total) were stored at −20°C before further analysis.
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1.2.
DNA extraction, PCR amplification and data
processing
R
The DNA extractions were conducted using the PowerSoil
DNA isolation kit (MoBio Laboratories, Carlsbad, CA) following the instructions of the manufacturer. DNA purity and concentration were estimated using a NanoDrop ND-1000 Spectrophotometer (NanoDrop Technologies Inc., Wilmington, DE).
The V4 hypervariable region was amplified using the primers
F515 (5 -GTG CCA GCM GCC GCG GTA A-3 ) and 806R (5 -GGA
CTA CVS GGG TAT CTA AT-3 ) (Zhang et al., 2016). The PCR reactions, containing 25 μL 2× Premix Taq (Takara Biotechnology, Dalian Co. Ltd., China), 10 mmol/L each primer and 60 ng
DNA template in a volume of 50 μL, and PCR conditions involved denaturation at 94°C for 5 min, 31 cycles of 94°C for
30 sec, followed by annealing at 52°C for 30 sec, and elongation at 72°C for 45 sec, with a final extension at 72°C for
10 min. Three PCR amplifications were carried out for each
sample, and the PCR products were pooled and purified using
a QIAquick Gel Extraction kit (Qiagen, Chatsworth, CA, USA).
R
The sequencing libraries were generated using NEBNext
TM
Ultra
DNA Library Prep (New England Biolabs, MA, USA)
according to the instructions of the manufacturer, and then
sequenced using an Illumina Hiseq 2500 platform at MAGIGENE (Guangzhou, China). The raw sequencing data were
deposited in the NCBI Sequence Read Archive (SRA) under
accession number SRP115257 (https://www.ncbi.nlm.nih.gov/
sra/?term=SRP115257).
The sequence data were processed and analyzed following the pipelines of MOTHUR (V1.35.1) (Schloss et al., 2009)
and QIIME (V1.9.1) (Caporaso et al., 2010) according to a previous study (Kuang et al., 2013). The sequences were denoised
as described by Quince et al. (2009), and chimeric sequences
were detected and removed using the UCHIME de novo algorithm (Edgar et al., 2011). All singletons were discarded (http://
www.drive5.com/usearch/manual/singletons.html). For each
sample, normalization was performed by randomly extracted
13,815 sequences for further analysis. The operational taxonomic units (OTUs) were identified at the 97% sequence similarity level (Edgar, 2010), and a total of 8319 unique OTUs (97%
sequence identity) were retrieved from 24 influent wastewater
and 24 activated sludge samples. The taxonomic assignment
of representative sequences was conducted by using the RDP
Classifier at 80% threshold (Wang et al., 2007). To identify functional bacteria, potentially functional genera that have been
reported previously were selected, including typical and wellknown genera of ammonia-oxidizing bacteria (AOB), nitriteoxidizing bacteria (NOB), phosphate-accumulating organisms
(PAOs), denitrifiers, carbohydrate-metabolizing bacteria, hydrolyzers and fermentative bacteria, and bulking and foaming
bacteria (Ge et al., 2015; Guo et al., 2013; Guo and Zhang, 2012;
Ju and Zhang, 2015; Seviour and Nielsen, 2010a).

1.3.

bial products (SMP) were extracted according to Li and Yang
(2007). Proteins were measured by the modified Lowry method
(Lowry et al., 1951), whereas polysaccharides were determined by the phenol-sulfuric acid method (Dubois et al., 1956).
Bovine serum albumin and glucose were used as the standards, respectively.

1.4.

Statistical analysis

Diversity indices (i.e., Chao 1, Observed_species, Simpson and
Shannon), principal co-ordinates analysis (PCoA) and a significance test were performed in R 2.15.3 with vegan 2.2.0. Aggregated boosted tree analysis (ABT) was conducted to quantitatively evaluate the relative effect of environmental variables
on the microbial diversity (De’Ath, 2007). Spearman correlation analysis was performed to establish relations between
environmental variables and the relative abundances of the
major genera, and the P values were adjusted by Benjamin
and Hochberg’s False Discovery Rate method (Benjamini and
Hochberg, 1995). Moreover, BIO-ENV analysis was used to assess the subset of environmental variables which can best explain the community. The analysis was based on the rank correlations between the Bray-Curtis similarity matrices of the
community and Euclidean distance matrices of environmental variables. The environmental parameters included in the
analysis are summarized in Appendix A Table S1. Furthermore, the multiple regression on distance matrices (MRM) approach was employed to explore relationships among operational parameters, influent and activated sludge communities
using R. Unless specified otherwise, P values < 0.05 were considered as significant.

1.5.
Calculation of specific growth rates (μ) based on
amplicon data
The specific growth rates (μ) were calculated using an
ecogenomics-based mass balance approach as described previously (Saunders et al., 2016). For calculation, we assumed
that the system was operated at steady state during the sampling period, which was supported by the stable nutrient removal (Appendix A Table S1). Note that the biomass deposited
on the membrane surface was not included as it only accounted for a small fraction of the biomass in the mixed liquid (Hwang et al., 2008; Wu et al., 2013). For an organism x, the
mass balance equation for a treatment plant can be described
as (detailed information for the calculation is available in Appendix A Supplementary Data):
dNx,AS
= μx Nx,AS + Nx,inf − Nx,WS
dt

Physicochemical parameter measurements

Physicochemical parameters, including temperature, pH, COD,
ammonium (NH4 + -N), TN, TP and mixed liquor suspended
solids (MLSS), were monitored according to the standard
methods (APHA, 1995) or provided by the facility managers.
Extracellular polymeric substances (EPS) and soluble micro-

where, Nx, AS is the number of organisms x in the activated
sludge of the plant; μx (day−1 ) is the specific growth rate (positive: net growth, negative: net decay); Nx, inf is the number of
organism x entering the plant with the wastewater per day
(day−1 ); Nx, WS is the number of organism x exiting the plant
with the waste sludge per day (day−1 ).
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Fig. 1 – Community composition in influent wastewater
and activated sludge. Principal coordinate analysis (PCoA)
of microbial communities based on the weighted UniFrac
distance matrix in 48 samples, with each point
representing a sample, colored by sample type. AS:
activated sludge; influent: influent wastewater.

2.

Results and discussion
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Fig. 2 – Bacterial community compositions at phylum level
in influent wastewater and activated sludge samples as
visualized using Circos. The left half of the circle indicates
the samples and the right half includes the major phyla
(top 10) detected in influent and AS. The thickness of the
band represents the percentage of the phylum. Detailed
compositions at the phylum level for each sample are
shown in Appendix A Fig. S2.

2.1.
Overall bacterial communities of influent wastewater
and AS
The Illumina sequence generated 558,989 and 529,945 highquality sequences in total for the influent (ranging from 16,172
to 28,494 per sample) and AS samples (13,815–33,021), respectively. Totally, 8319 unique OTUs (97% sequence identity) were
detected in 24 influent wastewater and 24 AS samples in the
present study. In general, the influent communities had significantly higher (Student’s t-test, P < 0.001) microbial richness than the AS communities based on Chao 1 and Observed_species indexes (Appendix A Fig. S1). This was not
in agreement with a previous study in which the AS samples contained more diverse taxa than the influent samples
(Lee et al., 2015). Conversely, the evenness indexes, including
Shannon and Simpson, showed the opposite pattern to the
richness indexes, i.e., significantly higher evenness indexes
were found in AS communities than in influent communities (P < 0.05), suggesting that the abundance distribution of
species in the influent communities showed less evenness
than the AS communities. This was likely due to a unique environment in sewers (e.g., lower pH), which promoted the proliferation of a few bacteria.
PCoA with a weighted UniFrac distance matrix showed that
the samples of the influent wastewater were clearly clustered
apart from those of AS, which indicated that there was a clear
community shift from influent to AS (Fig. 1). The microbial
communities in the influent and AS showed different compositions at the phylum level throughout the entire sampling
period (Fig. 2 and Appendix A Fig. S2). Specifically, Proteobacteria was the predominant phylum in the 24 influent samples,

accounting for 32.35%−67.15% (averaged at 44.84%) of the total effective bacterial sequences. This was in agreement with
the analytical results of bacterial communities in raw sewage
reported by Ye and Zhang (2013) and McLellan et al. (2010), in
which Proteobacteria was found to be the most abundant phylum. The other abundant phyla were Bacteroidetes (22.55%),
Firmicutes (18.21%) and Chloroflexi (3.30%). As for AS samples,
Bacteroidetes (30.47%) was the predominant phylum, followed
by Proteobacteria (23.93%), Acidobacteria (12.48%), Planctomycetes (8.01%), and Chloroflexi (4.61%). In general, the bacterial community compositions of the 24 samples in this study,
which were comparable to previous studies (Tong et al., 2012;
Xia et al., 2010; Yang et al., 2011), showed a typical activated
sludge ecological community.
At the genus level, a total of 511 genera were recovered
from the 48 samples. Among them, 348 genera were commonly shared by the influent and AS communities, while 135
and 28 genera were identified as unique genera in influent
and AS samples, respectively (Appendix A Fig. S3). These suggested that about one third (27.95%) of the genera in an anaerobic or anoxic sewer environment were unable to survive in a
completely aerobic aeration tank. The top 25 abundant genera in influent and AS samples are summarized in Fig. 3. Differences in microbial community compositions at the genus
level were evident. As shown in Fig. 3a, Cloacibacterium (7.28%)
was the predominant genus in influent samples, followed by
Limnohabitans (6.99%), Arcobacter (6.59%), Acinetobacter (5.71%)
and Thiothrix (4.67%). In comparison, Nitrospira, which is a well-
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Fig. 3 – Bacterial community compositions at the genus
level in influent wastewater and activated sludge samples.
Boxplot representation of relative abundances of the major
bacterial genera (top 25) in influent (a) and activated sludge
(b). In the boxplot, median (line), mean (points), 1st and 3rd
quartile (box margins) and 5% and 95% percentiles
(whiskers) are shown.

known NOB, was the most abundant genus in AS samples,
with average relative abundance of 3.40% (Fig. 3b). Other abundant (> 1%) genera found in AS included Dechloromonas (1.99%),
Limnohabitans (1.57%), Methylibium (1.10%), Leptospira (1.04%)
and Turneriella (1.00%).

2.2.
Core microbial populations in influent wastewater
and AS
Identification of the core populations is of high importance for
exploration of the microbial community. In the present study,
the prerequisites of the core-community model (Hanski, 1982;
Mei et al., 2016), i.e., frequency distribution and frequencyabundance correlation, were evaluated to distinguish the core
and peripheral populations. As shown in Fig. 4, the overall frequency distribution for all the OTUs detected in influent and
AS showed a clear bimodal distribution with a first peak at the
frequency of less than two samples, and a second smaller peak
at the frequency of all 24 samples. Notably, although a few of
the OTUs were observed in the second peak, they represented
the majority of the total sequences (82.73% and 82.34% for
influent and AS, respectively). Conversely, the 2709 and 2501
OTUs observed in the first peak only accounted for 0.81% and
0.68% of the total sequences in influent and AS, respectively

(Fig. 4, upper panel, gray line). Such a taxonomic abundance
distribution is in good agreement with that of other ecosystems, with the majority of taxa being in low abundance and
only a few being abundant (McGill et al., 2007). Moreover, a
clear positive correlation between frequency and abundance
(Spearman’s rank correlation: Rho = 0.97, P < 0.001 for influent, and Rho = 0.99, P < 0.001 for AS) was observed (Fig. 4,
lower panel). This suggested that the more frequently detected OTUs tended to be more abundant.
We then further divided the bacterial community, based
on the occurrence frequency, into the following three categories (Ju and Zhang, 2015): (1) persistent OTUs (occurrence
frequency ≥ 80% of sample numbers), (2) intermittent OTUs
(20%−80%) and (3) transient OTUs (< 20%). The persistent
OTUs occupied 10.10% of the detected OTUs in AS but constituted up to 90.86% of the total sequences (Appendix A Fig.
S4). Conversely, although the intermittent and transient OTUs
occupied a larger proportion (28.70% and 61.19%, respectively)
in AS communities, they merely accounted for a tiny proportion of the total sequences (7.56% and 1.58%, respectively). A
similar tendency was also observed in influent communities
(Appendix A Fig. S4). Generally, the core populations are persistent in a given habitat and are high in abundance, while peripheral populations are transient and are low in abundance
(van der Gast et al., 2011). Therefore, in this study, the identified persistent OTUs were classified as core populations, while
the intermittent and transient OTUs were considered as peripheral populations.
The core and peripheral OTUs differed significantly in
taxonomic compositions (Fig. 5). Specifically, in AS communities, the core OTUs were primarily affiliated with several classes, such as Saprospirae (18.90%), Chloracidobacteria
(12.31%), Betaproteobacteria (11.71%), Planctomycetia (6.76%)
and Flavobacteriia (6.54%); while the peripheral OTUs were
mainly composed of the classes Deltaproteobacteria (16.25%
and 10.23% for intermittent and transient OTUs, respectively)
and Alphaproteobacteria (7.05% and 6.95%). It should be noted
that for the core communities detected in this study, those
in other cities of China (Wang et al., 2012; Zhang et al.,
2012), Denmark (Saunders et al., 2016), and the USA (Ju and
Zhang, 2015), were different from each other. This was likely
due to the differences in wastewater characteristics, operational parameters, reactor configurations, as well as different definition methods for core populations. Alternatively,
this may suggest that factors driving the core community
assembly are highly diverse in WWTPs from different geographical regions. As for influent communities, the core OTUs
were mainly affiliated with the classes Gammaproteobacteria (22.47%), Betaproteobacteria (14.12%), Bacteroidia (11.46%),
Bacilli (10.20%), Flavobacteriia (9.84%) and Clostridia (7.59%);
while the peripheral OTUs were mainly affiliated with classes
Clostridia (12.17% and 9.77%) and Bacteroidia (15.28% and
9.05%). Additionally, when comparing AS with influent, significant differences in both core and peripheral populations
were also apparent, which indicated a marginal impact of influent populations on AS communities (discussed further in
Section 2.3).
Furthermore, the potentially functional bacteria related to
nutrient removal and bulking/foaming problems were analyzed. As shown in Fig. 6, highly diverse functional bacteria
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Fig. 4 – Frequency distribution of OTUs across all samples of influent wastewater and activated sludge. The numbers of
OTUs observed at each frequency (upper panel) and abundance-frequency correlation (lower panel) of influent (left panel)
and activated sludge community (right panel). The bars in the upper panel present the amounts of OTUs observed at each
frequency and the gray lines indicate the cumulative total abundances of OTUs from most- to least-frequently observed.

were found in AS, including AOB (5 OTUs), NOB (31 OTUs), denitrifiers (146 OTUs), PAOs (132 OTUs), hydrolyzers (60 OTUs),
fermentative bacteria (144 OTUs), carbohydrate-metabolizing
bacteria (154 OTUs), bulking bacteria (62 OTUs) and foaming
bacteria (16 OTUs). In accordance with the whole community
of AS, though the amount of persistent functional bacteria
(55 OTUs) was much fewer than intermittent (87 OTUs) and
transient functional bacteria (608 OTUs), they accounted for
96.24% of the total sequences related to functional bacteria,
which suggested the presence of a small number of longstanding and core functional bacteria in AS. The physiology of the
above core functional guilds, which are putatively making a
substantial contribution to nutrient removal in this AS system, have been characterized to some extent. However, the
ecological functions of the remaining 469 core OTUs is unknown, and their consistent high abundance and high occurrence frequency in AS suggested that they are important to
nutrient turnover in AS systems. As for influent communities,
no sequences related to the typical AOB (i.e., Nitrosomonas, Nitrosococcus, and Nitrosospira) were found (Fig. 6). Moreover, the
amounts and abundances of NOB (8 OTUs, 0.10%) and PAOs
(77 OTUs, 0.48%) were significantly lower in influent as compared with AS; while the abundances of denitrifiers (10.12%),
bulking bacteria (7.34%) and fermentative bacteria (4.07%)
were significantly higher in the influent. This was probably
due to the lower DO level in the sewer system than in AS
(Guo et al., 2010).

2.3.

Factors shaping the AS communities

2.3.1. The impacts of environmental variables on the AS communities
In this study, BIO-ENV analysis was first performed to assess
the subset of environmental variables that can best explain
the bacterial community. The result showed that the combination of environmental variables that could best explain the AS
bacterial communities were temperature and pH (ρ w = 0.489)
(Table 1). Among the 18 studied variables, the single variable
that best explained the variations of the AS communities was
temperature (ρ w = 0.477). Additionally, we used aggregated
boosted tree models (ABT) to quantitatively interpret the relative importance of environmental variables relative to the diversity patterns of AS microbial communities. The results suggested that pH was the most important environmental variable affecting the phylogenetic diversity (PD) and phylotypes
of AS communities, accounting for over 30% of the relative influence, respectively (Fig. 7). The ABT analysis also revealed
moderate effects for COD and sludge particle size, and weaker
effects for temperature, SMP, EPS and MLVSS on both diversity estimates, which implied their limited influence on AS
biodiversity. In contrast, when considering the pairwise community distances between microbial assemblages, temperature revealed the most important influence on both weighted
and unweighted UniFrac dissimilarity, which suggested that
higher divergence of mixed liquor temperature likely led to
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Fig. 5 – Taxonomic affiliations and relative distribution of different ecological categories at the class level. The bacterial
community of influent (upper panel) and activated sludge (lower panel) was classified into three ecological categories based
on their occurrence frequencies, i.e., persistent OTUs (occurrence frequency ≥ 80%), intermittent OTUs (20%−80%), and
transient OTUs (< 20%). The observation frequency was calculated by dividing the number of samples in which an OTU was
observed by the total number of samples.

Table 1 – Best variable subset obtained through BIO-ENV BEST analysis.
Best variable subseta

Correlation (ρ w )

Temperature, pH.at
Temperature
Temperature, pH.at, EPS
Temperature, COD.at, pH.at, EPS
Temperature, NH4 + -N.inf, COD.at, pH.at
Temperature, NH4 + -N.inf, COD.at, pH.at, MLVSS, EPS
Temperature, COD.inf, NH4 + -N.inf, COD.at, pH.at, MLVSS, EPS
Temperature, COD.inf, NH4 + -N.inf, COD.at, TN.at, pH.at, MLVSS, EPS

0.4890
0.4769
0.4359
0.4219
0.4109
0.4081
0.3953
0.3915

EPS means extracellular polymeric substances. pH.at, COD.at and TN.at mean pH, chemical oxygen demand and total nitrogen in aeration tank,
respectively. NH4 + -N.inf and COD.inf mean NH4 + -N and chemical oxygen demand in influent, respectively. MLVSS means mixed liquor volatile
suspended solids.

higher UniFrac dissimilarity. Moreover, the relative influences
of COD, TN and NH4 + -N were weak, indicating their limited
contribution to the AS community dissimilarity. Overall, the
results indicated that temperature and pH play crucial roles in
affecting the AS community structures. It should be noted that
although extensive studies have demonstrated the important
roles of environmental variables in affecting the AS bacterial
communities (Chen et al., 2017; Xia et al., 2018), so far, there

have been no consistent correlations among different studies
(Jiang et al., 2018; Roy et al., 2020; Wang et al., 2012; Yuan et al.,
2019; Zheng and Wen, 2019). One possible explanation for the
inconsistencies is that the ranges of environmental parameters vary greatly between studies. For instance, in the present
study, a limited influence of TN and NH4 + -N on AS diversity
was observed; this did not indicate that their roles in affecting
the biodiversity of AS systems were negligible, but rather was
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Fig. 6 – Diversity (a, c) and relative abundance (b, d) of potentially functional groups with different occurrence frequencies in
influent (a, b) and activated sludge (c, d). The potentially functional bacteria are listed in Appendix A Table S2. The
persistent, intermittent and transient potentially functional bacteria represent observation frequency at ≥ 80%, 20%−80%
and < 20%, respectively. The observation frequency was calculated by dividing the number of samples in which an OTU was
observed by the total number of samples. AOB: ammonia-oxidizing bacteria; NOB: nitrite-oxidizing bacteria; PAO:
phosphate accumulating organisms; Foam-B: foaming bacteria; Bulk-B: bulking bacteria; CMB: carbohydrate-metabolizing
bacteria; Ferm-B: fermentative bacteria.

probably due to the minor variations of TN and NH4 + -N in this
WWTP (Appendix A Table S1).

2.3.2.

Table 2 – Influence of biotic and abiotic factors on activated sludge community compositions evaluated by multiple regression matrix (MRM).

The impacts of influent populations on AS communities

We conducted MRM to evaluate the impact of biotic and abiotic factors on AS microbial community compositions. The
results revealed that the biotic factors, i.e. influent communities, explained 29.10% of the total variations of AS community compositions (Table 2), slightly higher than the explaining
power of abiotic factors (25.66% for COD, TN, TP, NH4 + -N, pH,
Temp., VSS, EPS and SMP), indicating the equally important
roles of influent populations and environmental variables in
influencing AS communities.
To further assess to what extent the influent populations
contribute to the microbial communities of the AS, the specific growth rate (μ) of individual OTUs was calculated based
on the numbers entering and exiting the AS system using
a ecogenomics-based mass balance approach. In total, 3341
OTUs exhibited positive growth rates in AS system, accounting for 91.51% of the total sequences of AS communities.

Influence factors

R2

P

Abiotic factors
Biotic factors

0.2566
0.2910

0.017
0.001

Abiotic factors: COD, TN, TP, NH4 + -N, pH, temperature, MLVSS, EPS
and soluble microbial products (SMP). Biotic factors: influent community composition.

Fig. 8 presents the results of specific growth rates for core
populations. Among the 524 core OTUs identified, 440 OTUs
had positive growth rates and accounted for 84.28% of the
total sequences of AS communities. These actively growing populations were more abundant in AS than in influent, including twenty-two core OTUs that were closely related to nutrient removal, such as NOB Nitrospira (OTU11, 18,
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Fig. 7 – Relative influence of environmental variables on the phylogenetic diversity, phylotypes, weighted UniFrac and
unweighted UniFrac dissimilarity of microbial communities of activated sludge evaluated by aggregated boosted tree (ABT)
models.

Fig. 8 – Specific growth rate of individual core populations
in the activated sludge calculated by mass balance model.
Each point represents an OTU. OTUs that are closely related
to potentially functional bacteria are labeled and colored.

55,894) and Nitrosomonas (OTU21824), PAOs Candidatus Accumulibacter (OTU3619), Comamonadaceae (OTU120, 127, 2006,
254, 26,281, 3231, 1857, 4433, 4521) (Ge et al., 2015), and denitrifiers Dechloromonas (OTU27, 3082, 34,891, 6365), Hyphomicrobium (OTU154, 1799, 1958) and Methylibium (OTU38). The pos-

itive growth rates of these active core populations indicated
that their apparent abundances were not from the immigration of influent communities, but rather a consequence of
growth within the plant. The remaining 1847 OTUs with negative growth rate only accounted for 8.49% of the total sequences in AS. These non-growing OTUs included Limnohabitans (OTU17), Acinetobacter (OTU14, 113), Arcobacter (OTU83)
and Thiothrix (OTU19, 123), among others, which have been
commonly found in raw wastewater and other AS systems
(McLellan et al., 2010; Shchegolkova et al., 2016). Most of these
non-growing OTUs had low relative abundances in AS, while
they were abundant in influent. The significant decrease in
abundances of these OTUs when they entered the AS system suggested that their presences in AS were primarily due
to the immigration of influent communities. Overall, the results suggested that the impact of populations arriving with
influent wastewater on AS communities, especially on core
AS communities, was limited. However, we cannot definitively conclude that the microbial communities of AS are
completely independent from those of the influent. In fact,
the populations arriving with influent wastewater, which may
be active but not contribute to the overall AS community
structure and function (Frigon and Wells, 2019), appeared to
directly contribute to the observed diversity of AS communities. For instance, in the present study, a large proportion
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(50.97%) of OTUs in AS were also observed in the incoming
wastewater.
It was estimated by respirometry that 2%−30% of the total influent COD is heterotrophic biomass (Dold et al., 2010),
and approximately 1% is nitrifying biomass (Jauffur et al.,
2014), which corresponds to (2.0 ± 0.4) × 1011 cells/L
(Foladori et al., 2010). As such, AS systems generally receive
a few percent of their biomass per day through influent
wastewater (Frigon and Wells, 2019). Nevertheless, the immigrants cannot replace indigenous microorganisms in steady
ecosystems, which create a colonization barrier to immigrants by stabilizing niche differences and minimizing fitness differences between species (Chesson, 2000). Conversely,
Vuono et al. (2016) demonstrated that the immigrant community might have colonized the AS ecosystem during disturbances in the environment, and consequently, resulted in an
increase in community similarity between the influent and AS
communities. More recently, Yu et al. (2018) found that the influent nitrifiers potentially seeded the AS during the start-up
phase, and accordingly led to a mitigation of the acclimatization time and performance instability. Collectively, the findings herein, together with previous studies, suggest that the
populations arriving with influent wastewater exert a moderate impact on steady AS systems, and alternatively, a profound
impact on unsteady AS systems.
It should also be noted that the findings of this work are
based on an AS-based MBR process, which, in general, exhibits
a longer SRT and a higher biomass concentration as compared
with conventional activated sludge (CAS) processes. Thus, the
contribution of immigrants to the AS community in an ASbased MBR process differs from that in CAS processes. It has
been demonstrated that an AS community with a longer SRT
possesses higher bacterial diversity (Vuono et al., 2015), which
in turn aid in buffering the AS community against the immigration impacts of the influent community (Girvan et al.,
2005). In contrast, the colonization probability of the immigrants increases under conditions of low bacterial diversity.
For instance, Vuono et al. (2016) found that lowering the SRT
from 30 to 3 days led to a higher colonization proportion for
the abundant species in the influent community. Furthermore,
based on stochastic niche theory (Tilman, 2004), ecosystems
with higher concentrations of bacteria, which implies that
the ecosystems are highly saturated with microorganisms, are
lacking in niche space for immigrants. Taken together, it can
be speculated that the impacts of immigrants on the AS community in CAS processes might be greater than in AS-based
MBR processes.

3.

Conclusions

(1) The microbial community structure of AS differed significantly from that of the influent. The AS system harbored
a small number of longstanding and core functional populations, which appeared significantly different from the
peripheral populations.
(2) BIO-ENV analysis and the ABT model suggested that
AS community structures were significantly influenced by temperature and pH. Moreover, MRM analysis
revealed equally important roles for influent popu-
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lations and environmental variables in affecting AS
communities.
(3) The actively growing OTUs accounted for 91.51% of the
total sequences of AS communities. The apparent abundances of core populations in AS were primarily due to
growth within the plant rather than from the immigration of influent communities, which suggested that influent populations had a marginal impact.
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