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Activated sludge is essential for the biological wastewater treatment process and the identification of active

microbes enlarges awareness of their ecological functions in this system. Microbial communities and their

active members were investigated in activated sludge from a leather sewage treatment plant by a combined
approach targeting both 16S rRNA and 16S rRNA genes. Although active bacteria obtained by RNA analysis
exhibit similar diversity with DNA-based populations, the distribution of microbes significantly differed

between the total and active communities. Several active taxa showed low abundance or even absence

in the DNA-derived community. Moreover, microbial consortia, particularly bacterial communities,
distinctly distributed at a particular treatment stage and both the total and active bacterial communities
displayed high environmental sensitivity. Distributions of archaeal communities remained stable and the
overrepresentations of active Cenarchaeaceae and Nitrosopumilaceae were potentially associated with
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ammonia oxidation across the treatment process. Furthermore, bacteria quantitatively dominate the

microbial community in activated sludge and the 16S rRNA: 16S rRNA gene ratios of bacteria were
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1. Introduction

In recent years, people around the world have increasingly
focused on researching wastewater treatment. Wastewater,
particularly industrial wastewater, leads to the decline of water
quantity and quality and the leather industry is one of the most
polluting industries in terms of the volume and the complexity
of treatment of its effluents discharge.' Leather wastewater is
considered as a severe pollutant source for the environment due
to its high concentration of inorganic/organic matters, nitrog-
enous compounds, color content, variable pH together with
total suspended solids.>* Excess unqualified tannery wastewater
can cause many deleterious effects, including the deterioration
of ecological equilibrium.® Therefore, an efficient treatment
before its discharge is essential for reducing the detrimental
effects to the water environment.

Biological wastewater treatments are the most extensive
pathway for wastewater treatment due to their low operational
cost and high efficiency for contaminants removal.* Activated
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positively correlated with the removal of contaminants. The results indicate that both dominant and low-
abundance taxa with high potential activity play pivotal roles in removal of contaminants within sewage.

sludge was composed of complex microbial consortia including
bacteria, archaea, eukaryotes as well as viruses, in which
bacteria are most dominant and play essential roles in biolog-
ical treatment process.” Hence, detailed information on
microbial communities and their interactions may provide new
sights into the control of biological treatment process and will
help in improvement of removal efficiency. Currently, high-
throughput sequencing has been widely applied to analyze
DNA-based microbial diversity and abundance in various
samples, such as soil,® marine sediment” and activated sludge.®
However, DNA associated with dead cells or the extent to
residual “naked DNA” from cell lysis may mislead our
acquaintances on microbial diversity and function in the envi-
ronment.” Moreover, dormant microorganisms with a low
metabolic state might also dissemble changes in the active
microbes with important ecosystem function.” Although
dormant cells can contain measurable numbers of ribosomes,**
rRNA transcripts, compared to rRNA genes, would be more
reliable in detection of active state within a given consortia™
due to its higher concentration in active cells, since rRNA is
a critical component of ribosomes which is essential to protein
synthesis of growing cell.

Previous studies have assessed the total and active microbial
communities in forest soil,*® salt marsh sediments,* membrane
bioreactor* and anaerobic digestion of pig slurry®® by analysis
of 16S rRNA gene and 16S rRNA, which further detected the
active microbial community. However, most of the descriptive
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studies relies on sequence analysis targeting the 16S rRNA
genes within activated sludge, which provides information
regarding the total community of microbes (including active,
dead and dormant individuals).”*** Nevertheless, still compar-
atively little is known about the dormant and active microbial
communities at each stage of an integrated tannery wastewater
treatment process and their responses to physicochemical
parameters. Hence, the combination of investigation via DNA
and RNA-based detection on microbial community may help us
distinguish potentially active microbial cells from dead cells in
treatment process and provide insights into the response of
microbial communities, especially the active taxa with
ecosystem function.

With the aid of high-throughput sequencing method,
diversity and dynamics of microbial communities at each step
in an integrated treatment process were well studied by DNA
and RNA-based methods. Additionally, the abundances of total
and potentially active populations of bacteria and archaea were
appraised by means of qPCR and reverse transcription qPCR
(RT-qPCR) targeting the 16S rRNA gene sequence. Multivariate
analyses were performed to appraise the microbial dormancy
and potential activity in the process and their responses to
environmental conditions.

2. Material and methods

2.1. Samples collection

Mixed-liquor samples were taken from the homogeneous tank
(HT), oxidation ditch (OD), influent of anoxic tank (AI), oxic tank
(OT), secondary oxic tank (SOT) and effluent of secondary oxic
tank (SOE) of a full-scale industrial sewage treatment plant in
Shangqiu City, Henan Province, China (34°25'N 115°39'E)
which treats tannery wastewater (Fig. 1). This plant is designed
to remove ammonium and inorganic/organic matter with the
combination of oxidation ditch and anoxic/oxic/oxic (A/O/O)
process. Three subsamples were collected and combined at
each treatment step. Then, the samples were immediately
delivered to the laboratory in ice box and stored in a —20 °C
refrigerator for further usage.
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Table 1 Characteristics of 7 mixed-liquor samples®
Sample COD (mg L) TAN (mg L™ 1) pH
HT 1005.20 112.6 £+ 10.53 8.21 £+ 0.08
OD 149.05 + 14.71 70.16 + 6.35 8.07 £ 0.14
Al 184.51 4+ 27.85 57.32 £ 7.19 8.22 + 0.12
AT 117.2 £+ 10.64 29.67 £ 6.14 8.02 £ 0.1
oT 109.66 + 22.15 22.52 £+ 5.35 8.08 £ 0.1
SOT 125.33 + 25.1 13.58 £ 2.03 8.16 £ 0.08
SOE 118.36 + 9.85 12.44 + 3.38 8.19 + 0.05

¢ Abbreviations: HT: homogeneous tank; OD: oxidation ditch; Al: anoxic
tank influent; OT: oxic tank; SOT: secondary oxic tank; SOE: secondary
oxic tank effluent. COD: chemical oxygen demand; TAN: total ammonia
nitrogen concentration.

2.2. Chemical analyses

For each sampling site, physicochemical characteristics and
operational parameters were determined (Table 1). pH was
measured in suit using STARTER 300 pH meter (Ohaus, USA).
Chemical oxygen demand (COD) and total ammonium nitrogen
were measured by the potassium dichromate method and Ness-
ler's reagent spectrophotometry, respectively. Details of measure-
ment and calculation were described as our previous study."”

2.3. Nucleic acids extraction, reverse transcription and
illumina sequencing

For each mixed-liquor sample, samples of 20 ml were centri-
fuged at 8000 rpm. For 10 min at 4 °C to collect the activated
sludge. Then DNA and RNA were extracted from the pellet with
E.Z.N.A.® Soil DNA Kit and E.Z.N.A.® Soil RNA Kit (Omega Bio-
Tek, Norcross, GA, USA) respectively according to the manu-
facturer's instructions.

The concentration and purity of RNA and DNA was deter-
mined by using NanoDrop 1000 Spectrophotometer (Thermo
Fisher Scientific, USA). The erasure of genomic DNA and reverse
transcription reactions were performed with PrimeScript™ RT
reagent Kit with gDNA Eraser (Takara, Japan), following the
manufacturer's protocol and using 2 pg RNA in a final volume of
60 pl. Both cDNA and DNA were stored at —80 °C for subsequent
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Fig.1 Schematic diagram of the sewage treatment process and sampling points. Sampling points: HT: homogeneous tank; OD: oxidation ditch;
Al: anoxic tank influent; OT: oxic tank; SOT: secondary oxic tank; SOE: secondary oxic tank effluent.
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analyses. Subsequently, the V4 regions of the 16S rRNA for
bacteria (~250 nucleotides) and archaea (~380 nucleotides)
were amplified in three independent PCR reactions, then puri-
fied PCR products were used to construct sequencing libraries
and the libraries were finally sequenced on an Illumina
HiSeq2500 platform (for details, see ESI S1t). All 16S rRNA
sequences from high-throughput sequencing have been
deposited into the NCBI short-reads archive database with
accession number SRP076775.

2.4. Real-time qPCR assay

All qPCR assays were performed on an ABI 7500 Real Time PCR
System (Applied Biosystems). The copy numbers of 16S rRNA
and 16S rRNA genes were estimated by using universal primer
pair 338F/518R for bacteria and PARCH340f/519r for
archaea.'®" More details on qPCR calibration curves and qPCR
procedure (including correlation coefficients and efficiency of
PCR amplification) are described in ESI S2.

2.5. Sequence and statistical analysis

The raw sequencing data were processed using the QIIME
pipeline v1.7.0 to obtain the high-quality tags®* and chimera
checked using UCHIME algorithm® against the reference
database (Gold database) to generate clean data. Then the
effective tags from all samples were clustered into operational
taxonomic units (OTUs) using Uparse v7.0.1001 (ref. 22) with
97% similarity. Taxonomy was assigned to the representative
sequences using the RDP classifier and Greengenes Database v.
May 2013.%* The following diversity analyses were determined in
QIIME (v1.7.0): a-diversity (Shannon index, Simpson index and
number of observed OTUs), principal coordinate analysis
(PCoA) and cluster analysis based on weighted UniFrac. The R
Studio version 3.2.3. software (http://www.r-project.org)** was
used for statistical analysis. Permutational analysis of variance
(PERMANOVA) based on Euclidean distances was performed
with 9999 permutations to assess significant differences in
community composition between DNA community and RNA
community in the R “vegan” package.”® The similarity of
bacterial community between DNA and RNA community was
further estimated by principal components analysis (PCA) using
R “vegan” package. SIMPER analysis in PRIMER-E v5 (PRIMER-
E Ltd, Ivybridge, UK) was applied to filter out phyla that
contributed to 30% of dissimilarity between DNA-derived and
RNA-derived community. Standard Mantel test was used to
determine correlations between environmental factors and
community composition (based on the relative abundance of
phyla) with the R “vegan” package. Redundancy analysis was
conducted to further analyze changes in the bacterial commu-
nity under constraint of physico-chemical parameters with
Canoco for Windows version 4.5 software. All statistical tests
performed in this study were assumed to be significant at
P-values =< 0.05.

2.6. Network analysis and functional predictions

A Spearman correlation-based network analysis was used to
detect the correlations between bacterial phyla and

This journal is © The Royal Society of Chemistry 2017
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environmental parameters. The Spearman correlation was
calculated in the R “Hmisc” package*® and P-value adjustments
for coefficients were performed using Benjamini-Hochberg false
discovery rate.”” Any bacterial taxa with occurrence in =20%
samples and averaged abundance =1% (in total 16S rRNA/16S
rRNA gene sequences of each sample) were excluded. Only
strong and statistically significant correlations (Spearman's
coefficient = 0.7 or =— 0.7; corrected P-value =< 0.05) were
visualized in Cytoscape v 3.4.0.%®

The functional contents of our bacterial community dataset
were assessed based on 16S rRNA/rRNA gene sequencing data
with Phylogenetic Investigation of Communities by Recon-
struction of Unobserved States (PICRUSt), which is a bio-
informatics tool that allows for the reconstruction of
a metagenome by inference of gene content using 16S ribo-
somal DNA sequences.*® For the analysis, based on the rarefied
16S sequences, the closed-reference OTUs were picked against
the May 2013 Greengenes database using QIIME v 1.7 according
to the online protocol, then the PICRUSt algorithm adjusted for
the resulting OTUs and finally predicted functional genes,
which were further classified into KEGG (Kyoto Encyclopedia of
Genes and Genomes) orthologues according to the online
protocol described by the developers (http://picrust.github.com/
picrust/tutorials/quickstart.html#tquickstart-guide).

3. Results and discussion

3.1. Diversity of microbial communities

In total, approximately 721 680 sequence tags of bacterial 16S
rRNA and 16S rRNA gene with an average length of 250 bp, and
709 919 tags of archaeal 16S rRNA and 16S rRNA gene with an
average length of 380 bp were acquired after denoising and
chimera removal. Following subsampling, a total of 26 664 and
16 477 OTUs, defined at 97% similarity for bacteria and archaea
were obtained respectively.

To assess the internal (within-sample) complexity of indi-
vidual microbial populations, the numbers of OTUs, Shannon
and Simpson indices at cutoff level of 3% were summarized in
Table 2. With regard to bacterial diversity, the Shannon and
Simpson indices between total and active bacteria community
showed no detectable distinctions (Table 2; P> 0.61). Also, the
Chaol estimator predictions were not detectably different
between total and active communities (Table 2; P > 0.8).
Strikingly, PCA followed by PERMANOVA showed significant
differences in structure between total and active bacterial
community (Fig. 2a, F = 13.14, P < 0.001), which was in line
with previous studies in which the differences of microbial
community structure between DNA- and RNA-derived
communities had been reported.*®**** A possible explanation
for this observation was that DNA of some dead bacteria could
persist for a prolonged period of time.® Furthermore, the
divergence between the bacterial diversity and structure sug-
gested that the structure of the active community cannot
represent the total community, which was consistent with
previous study.'® Regarding the archaeal biodiversity, neither
the diversity estimators (Chaol, Shannon and Simpson
indices) nor structure were significantly different between
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Table 2 Diversity estimators of bacterial and archaeal communities based on OTUg o3 obtained from high-throughput sequencing of DNA and

RNA
Category Sample OTUs Shannon Simpson Chao1l ACE Goods coverage
% Bacteria
.5 DNA HT 891 5.082 0.942 1414.44 1571.173 0.985
3 OD 1515 6.99 0.969 1472.267 1508.526 0.99
‘g Al 1864 7.641 0.983 1776.667 1922.212 0.986
=3 AT 2189 8.59 0.992 2381.439 2457.824 0.98
g oT 2077 8.659 0.994 2260.65 2267.562 0.982
™ SOT 2134 8.435 0.991 2029.64 2104.107 0.984
E g SOE 2118 8.693 0.993 2261.757 2313.769 0.982
Q E RNA HT 1494 5.076 0.905 1391.735 1512.119 0.992
% g OD 1860 7.219 0.975 1831.063 1876.748 0.992
'g; (_C) Al 1819 7.562 0.986 1738.094 1783.152 0.992
Q % AT 2113 7.926 0.987 2047.024 2085.496 0.992
Q ¢ oT 2140 7.764 0.982 2069.407 2126.919 0.991
=2 SOT 2213 7.791 0.984 2141.347 2237.782 0.99
i :g SOE 2237 8.587 0.993 2057.228 2133.893 0.994
§ £
3 2 Archaea
g g DNA HT 522 3.404 0.803 452.14 484.725 0.998
g g OD 1208 6.692 0.943 1213.069 1206.356 0.995
8 % Al 1258 6.509 0.943 1238.283 1254.166 0.995
,:; 2 AT 1424 7.052 0.961 1416.183 1446.092 0.994
I 5 oT 1340 6.664 0.94 1326.077 1350.274 0.995
Tg (‘é SOT 1353 6.717 0.942 1332.148 1343.893 0.995
25 SOE 1345 6.848 0.946 1311.371 1335.742 0.996
g g RNA HT 848 5.205 0.926 824.25 850.904 0.996
(; 'g OD 1138 6.479 0.951 1089.121 1104.626 0.996
O S Al 1003 7.159 0.981 2106.81 1319.97 0.992
g 2 AT 1265 7.592 0.979 1250.519 1265.165 0.996
3 -g oT 1262 7.489 0.976 1280.685 1276.664 0.995
T © SOT 1193 7.607 0.985 1190.986 1195.123 0.996
%5 § SOE 1318 7.801 0.985 1287.785 1299.202 0.996
% F
3 PCA Plot
< (a) =3 DNA 3 RNA (b)
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Fig. 2 Principal component analysis (PCA) plot showing both total and active bacterial communities (a), as well as their functional diversity (b).

DNA- and RNA-based archaeal community (P > 0.24 and 0.39,
respectively; Table 2) which was in accordance with previous
work in microbial electrolysis cells anode biofilm, indicating
that the archaeal community within activated sludge was well
depicted and kept certain stability in composition.'

Meanwhile, these results also indirectly validated the fact that
eubacteria play a pivotal role in wastewater treatment.® In
addition, the rarefaction curves tended to reach saturation,
indicating that the sequencing depth could reveal the micro-
bial diversity within these samples (Fig. S17).
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3.2. Differences between total and active microbial
communities

3.2.1. Relative abundance of bacterial community. Alto-
gether, a total of 45 bacterial phyla across all samples were
identified (Fig. 3). Proteobacteria was the most dominant
phylum in all samples, accounting for 43.3% and 57.98% to
49.48% and 76.74% of total and active effective bacterial tags,
respectively and was followed by Bacteroidetes and Firmicutes,
which was similar to previous reports.**> However, the relative
abundance of Bacteroidetes (8.21-14.82%, averaging at 10.5%)
was slightly higher than that of Firmicutes (2.4-34.01%, aver-
aging at 9.51%) at DNA level, while the opposite tendency was
observed at RNA level (Fig. 3). Thus, distinguishing relation-
ships between total and active microbial community provided
insights into the potential shifts in activated sludge function
which directly mediate the process performance, since activated
sludge function was more likely related to the active commu-
nity.'*** SIMPER analysis showed that Proteobacteria, Firmicutes
and Chloroflexi severally contributed 35.3%, 12.96% and 9.9%

~
o
~

—_
(=3
(=)

0
(=}

60

40

Relative Abundance (%)

HT oD Al AT

~
(=3
~

100

& (o)) 0
S S S

Relative Abundance (%)

[\®)
o

HT oD Al AT

View Article Online

RSC Advances

to the dissimilarity of total and active bacterial community
(Fig. 3, Table S1f). Previous study has demonstrated that
members of Proteobacteria possessed the ability in energy
metabolism with reduced sulfur compounds and carbon
assimilation via the reductive tricarboxylic acid (rTCA) cycle.**
Consequently, the 21.2% overrepresentation in active Proteo-
bacteria might be associated with the COD removal in sewage
treatment process (Fig. 3, Table 1). Noteworthy, there were large
differences in relative abundances of some phyla within total
community (Fig. 3). For example, Verrucomicrobia was
substantially more abundant in the sample from OD (9.22%),
whereas Firmicutes was almost exclusively detected in the
sample retrieved from HT (34.01%). This distinction might be
linked to their adaptation to surrounding environmental vari-
ability." Intriguingly, rare taxa (<1%), such as Armatimonadetes,
[Thermi], GAL15 and NC10, were preferentially detected in the
RNA-based community (Fig S2t). The detection of NC10 sug-
gested their contribution to anaerobic methane oxidation
coupled with denitrification during the treatment process.** At

B Proteobacteria
u Chloroflexi
W Bacteroidetes
Planctomycetes
B Actinobacteria
w Unclassified
W Firmicutes
B Nitrospirae
B GNO4
W Verrucomicrobia
W Acidobacteria
m Gemmatimonadetes
u Cyanobacteria
wGNO2
w Chlorobi
SR1
® Spirochaetes
w Minor

w Alphaproteobacteria
® Betaproteobacteria
= Gammaproteobacteria
' Anaerolineae
® Others
u Unclassified
® Deltaproteobacteria
u Acidimicrobiia
B [Saprospirae]
® Bacilli
m Nitrospira
® Phycisphaerae
u Sphingobacteriia
= GNI5
 Thermomicrobia
Planctomycetia
u [Pedosphaerae]
u Actinobacteria
® Flavobacteriia
u Gemm-1
uOMI90
" Pla3
® (028H05-P-BN-P5
®4C0d-2
u [Chloracidobacteria]
“GNO7
Clostridia
Acidobacteria-6
u Ignavibacteria
 Bacteroidia
uMVP-15
mTKI7
® Epsilonproteobacteria
® Erysipelotrichi
u Minor

oT SOT SOE

Fig. 3 Relative abundances of dominant bacterial taxa in both DNA communities (left column) and RNA communities (right column) for each
sample: (a) phylum level (b) class level. Minor represents the taxa with abundance <1%.

This journal is © The Royal Society of Chemistry 2017

RSC Adv., 2017, 7, 41727-41737 | 41731


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/c7ra07470k

Open Access Article. Published on 25 August 2017. Downloaded on 4/11/2026 12:39:26 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

RSC Advances

class level, Alphaproteobacteria, Betaproteobacteria and Gam-
maproteobacteria were the predominant group in the total
(15.48%, 12.81% and 11.73%, respectively) and active (14.11%,
21.76% and 19.60%, respectively) bacterial community, which
was similar with previous study.® Strikingly, some classes
including Sphingobacteriia, GN15, Thermomicrobia, Planctomy-
cetia, and Acidimicrobiia, Saprospirae were detected over 1%
share among the DNA bacterial communities, while they dis-
appeared or appeared at low level in active bacterial populations
(Fig. 3b). This could be explained by the residual DNA of the
dead cells, low DNA concentration in cells and amplification
biases.”'**® The alternative interpretation for these differences
might be the randomness of clone selection and the initial
concentrations of the templates in the amplification reactions.*”
In addition, members of the genera Sulfurospirillum, Acineto-
bacter, Arcobacter, Bacteroides and Aerococcus were abundant in
HT samples prior to other samples at both DNA and RNA level
(Fig. S3 and S4t), whereas Hyphomicrobium, Paracoccus, Nitro-
spira, Steroidobacter, Ignavibacterium, Azoarcus and Acinetobacter
appeared in five or more samples at both DNA and RNA level,
indicating that the bacterial community evolved differently in
the process was possibly due to the distinctive sewage charac-
teristicc and different operation parameters.*® Although
combined approaches targeting both 16S rDNA and 16S rRNA
provided a more reliable description of total and active
microbes than simple approaches,* the limitations of the

~
oV
~

100

B (=) o]
(=) S S

Relative Abundance (%)
[\
(=}

HT OD Al AT oT

(

o
-

100

80

60

40

20

Relative Abundance (%)

HT OD Al AT

View Article Online

Paper

combined approaches could not be utterly negligible, since the
rRNA concentration was not always linear with growing rate
uniformly across taxa and therefore the relative rRNA abun-
dance might not provide robust information regarding the
potential activity of taxa." Additionally, the copy number of
ribosomal RNA operon (rrn) which typically codes for the 168,
23S and 5S rRNAs differed significantly among taxa and was
positively correlated with high translational power.*® Thus, for
the further utilization of rRNA data to characterize microbial
communities, the relationships among these data, environ-
mental conditions and community interactions should be
better understood.™

3.2.2. Total and active archaeal community composition.
In case of archaeal community, phyla Thaumarchaeota, Eur-
yarchaeota and Crenarchaeota were observed either in the DNA
or the cDNA libraries among 7 samples, which was different
from previous study in anaerobic digestion.*® Yet, the predom-
inant phylotype belonged to the archaeal family of Cen-
archaeaceae (phylum Thaumarchaeota), representing on average
77.3 £ 6.77% of total archaeal tags and the dominance was even
stronger in the RNA-derived community (Fig. 4). Genomic
analysis of Cenarchaeum symbiosum showed that this archaea
harbored a number of homologues genes potentially associated
with chemolithotrophic ammonia oxidation and thus might be
involved in nitrogen cycling.** Also, in this work, Cenarchaeum
was the most predominant genus in all samples and was

m Cenarchaeaceae

u Nitrosopumilaceae

u Methanocorpusculaceae
Nitrososphaeraceae

B Methanobacteriaceae

u Methanocalculaceae

B Methanosarcinaceae

B Methanosaetaceae

B Methanomicrobiaceae

B Unclassified

u Minor

SOT SOE

m Cenarchaeum

w Candidatus Nitrosoarchaeum

® Methanocorpusculum
Methanosarcina

® Methanosaeta

® Nitrososphaera

B Methanobacterium

B Methanocalculus

m Unclassified

® Methanofollis

B Methanolobus

u Minor

oT SOT SOE

Fig. 4 Relative abundances of dominant archaeal taxa in both DNA communities (left column) and RNA communities (right column) for each
sample: (a) family level (b) genus level. Minor represents the taxa with relative abundance <0.01%.
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preferentially detected in the RNA, which indicates their activity
during the treatment process. Furthermore, the Nitro-
sopumilaceae, which could oxidize ammonia in the absence of
organic carbon,*” was overrepresented by a 0.25% increase in
relative abundance in the cDNA data set compared to the DNA
data set, suggesting their potential activity in ammonia removal
during this process. Nevertheless, no significant distinctions
were observed between the total and active archaeal community
(Fig. 4, P > 0.39), possibly due to the high proportion of Cen-
archaeaceae.  Additionally, Methanocorpusculaceae, Meth-
anocalculaceae in DNA library and Nitrososphaeraceae in RNA
library disappeared in one or two samples, which might reflect
the evolution of microbes during the process. Noteworthy,
Methanocorpusculum and Methanobacterium were detected in
more than three samples (Fig. 4b), however, they disappeared in
active populations and new genera including Methanosarcina
and Methanosaeta, occurred, despite their low relative abun-
dance in the 16S rRNA amplicon reads, which most likely be
explained by the fact that the number of ribosome were much
higher in active cells than that in dormant cells.* Previous
studies demonstrated that Methanosaeta, a methanogenic
archaea exclusively conducting acetoclastic methanogenesis,
was negatively correlated with the total ammonium nitrogen

View Article Online
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concentration and kept increased activity under high organic
acids concentrations,**** which was in line with the increase in
the relative abundance of Methanosaeta and the decline of total
ammonium nitrogen concentration in the present study
(Fig. 4b, Table 1). Therefore, the occurrence of Methanosaeta
might contribute to the methanogenesis among the process.
Additionally, Methanosarcina was preferentially detected in the
sample from AT, which was consistent with the results in
anaerobic digestion (Fig. 4b).*

3.3. Environment-species associations and functional
predication

Environmental factors are generally considered as critical roles
for changes of microbial consortia in activated sludge.?* In this
study, multivariate analyses were applied to detect this rela-
tionship. The Mantel test indicated significant correlations (r =
0.704, P = 0.022) between DNA-derived bacterial assemblages
and physicochemical variables, which displayed tighter than
that of RNA community (r = 0.6208, P = 0.032). This is in line
with the previous study in activated sludge.*® Moreover, RDA
analysis and the integrated network analysis further confirmed
this and revealed the environment-species associations (Fig. 5).
Ecological functions could be associated with 81.87-98.87% of
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the dominant phyla of the bacterial community. Among the
selected phyla, such as Proteobacteria, Bacteroidetes, Firmicutes
and Spirochaetes, relative abundance in the DNA community
was primarily correlated with COD and total ammonium
nitrogen via positive correlations (Fig. 5a). Thus, the increase in
COD and total ammonium nitrogen concentration may result in
the accumulation of these phyla, by contrast, negative correla-
tions dominated the associations between COD, total ammo-
nium nitrogen and bacterial taxa, meaning that the increase in
COD and total ammonium nitrogen may reduce the abundance
of most dominant phyla in wastewater treatment process.
Regarding the RNA community, Proteobacteria was strongly
positive with COD and total ammonium nitrogen concentration
(Spearman correlation: COD, rho = 0.853, P = 0.0003; total
ammonium nitrogen, rho = 0.863, P = 0.0002, respectively) and
Firmicutes showed the similar correlation (COD, rho = 0.744,
P = 0.004; total ammonium nitrogen, rho = 0.78, P = 0.002,
respectively), while all the rest presented negative correlations
with COD and total ammonium nitrogen concentration (Fig. 5b,
P < 0.05). Indeed, network analysis (Fig. 5c¢ and d) further
tracked that COD and total ammonium nitrogen with more
edges related to bacterial phyla explained much better associ-
ation with bacterial diversity than pH with fewer edges,
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indicating that COD and total ammonium nitrogen in this
process may significantly influence the microbial structure, as
described elsewhere.'”*® Positive correlations between active
Proteobacteria and COD could potentially contribute to its
overrepresentation compared to the total community.** More-
over, Nitrospira, who was considered as nitrite-oxidizing
bacteria, had a negative relationship with total ammonium
nitrogen concentration, which could be transformed to nitrite
by ammonia-oxidizing bacteria.*® Thus, the increasement in
Nitrospira abundance within both total and active community
could be linked with the reduction of total ammonium nitrogen
concentration. Previous study reported that Acidobacteria was
capable of competing substrate via K-selected strategy.*®
Indeed, in this work, phylum Acidobacteria was negatively
related with COD concentration and was preferentially detected
in the RNA-based community, which indicated their activity
during the process. In addition, there was no significant
effect of pH on total and active community structure (Fig. 5a
and b, P > 0.42), which could be interpreted by the stability of
pH (Table 1). However, no significant linkages were observed
between environmental variability and archaeal community
composition in either DNA samples or RNA samples (P > 0.05),
which might result from the insignificant variation of archaeal
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Fig. 6 Comparison of predicted metabolic functions of the DNA- and RNA-based bacterial communities found in activated sludge.
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community structure. Overall, the environment-species associ-
ations in this study preliminarily implicated the importance of
same environmental filters in shaping assembly of both total
and active bacterial communities in activated sludge.****

The microbial consortia within activated sludge may mani-
fest many crucial functions which are essential to biological
wastewater treatment. In present study, PICRUSt, a predictive
exploratory tool, was performed to predict metabolic functions
of bacterial 16S rRNA/rRNA genes and found that 41 level 2
KEGG orthology groups which might be associated with varia-
tions in OTU abundance detected via 16S sequencing were
inferred in the activated sludge. The predictive functional
profiling (Fig. 6) indicated that the most predicted metabolic
functional categories were related to membrane transport
(11.25-12.8%), amino acid metabolism (9.18-10.48%), carbo-
hydrate metabolism (8.51-10.12%), replication and repair
(6.87-7.96%) and energy metabolism (5.8-6.74%), suggesting
that microbes in activated sludge kept metabolically active
during the process, which in accordance with the conventional
interpretation that the complex mixture of pollutant within
wastewater were degraded by a diverse metabolic pathways of
cells.” When comparing the function of gene predicated with
the active bacteria of the complete bacterial community, the
relative abundances of most of the gene families of DNA
community showed significantly statistical differences with that
of RNA community (Fig. 2b, F = 3.41, P = 0.0142). However, the
bacterial 16S rRNA genes from Al showed no significant statis-
tical differences in predictive functional profiling with bacterial
16S rRNA, which could be interpreted the inherent limitation
that the accuracy of PICRUSt is dependent on the phylogenetic
dissimilarity among reference genomes and sequenced
sequence.”® An alternative explanation might be the loss of
those genes which were not included in the input database.*
Unfortunately, we also found genes relating to human disease
in those samples, which was in line with the aforementioned
detections of Clostridium and Arcobacter (Fig. S3 and S47).***
Even though several functions were inferred by PICRUSt, the
loss of many actual functions of microbe in activated sludge
should be further explored with the aid of multiple omics
approaches.

This journal is © The Royal Society of Chemistry 2017
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3.4. Quantifications and 16 rRNA/rRNA gene ratios of total
bacteria and archaea

Synchronously quantifying the number of copies of the 16S
rRNA and 16S rRNA genes in the same set of assays provided
new insights into both the abundances and activity status of the
microbial communities. Fig. 7 showed the mean copies of 16S
rRNA genes and 16S rRNA of both bacteria and archaea. The
results indicated that the abundance of total bacterial and
archaeal were slightly variable throughout the integrated treat-
ment process, while the values of copy numbers of bacterial and
archaeal 16S rRNA were 1-3 orders of magnitude in HT, OD and
AT than other samples. Additionally, the 16S rRNA genes copy
numbers of bacteria were higher than those of archaea, indi-
cating that bacteria played an important role in biological
wastewater treatment.’

The 16S rRNA/16S rRNA gene ratio was frequently applied to
estimate microbial activity and the 16S rRNA/16S rRNA gene
ratio > 1 was considered as a threshold for whether the microbe
was potentially active to assess the diversity of active taxa.'®**°
Previous study reported that metabolically active Mycolata with
high 16S rRNA/16S rRNA gene ratio might lead to foaming in
membrane bioreactors (MBRs).*® In this study, the 16S rRNA/
16S rRNA gene ratio ranged from 1.96 to 2907.35 across
samples from HT, OD and AI in both bacterial and archaeal
communities, suggesting that microbes in these samples kept
potentially metabolic activity. However, the ratios sharply
decreased to less than one in the later stage, especially the 16S
rRNA/16S rRNA gene ratio in sample from SOE which almost
went down to 0, presuming that it contained on average less
active populations than other samples, possibly due to the
nutrient limitation (Table 1). Hence, we concluded that both the
higher rRNA concentrations and 16S rRNA/16S rRNA gene ratios
indirectly reflected the relationship between potentially meta-
bolic activity of microbes and nutrient, as well as the removal
efficiency.

4. Conclusions

In this work, microbial community and its active taxa were
compared in activated sludge by the independent analysis of

RSC Adv., 2017, 7, 41727-41737 | 41735


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/c7ra07470k

Open Access Article. Published on 25 August 2017. Downloaded on 4/11/2026 12:39:26 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

RSC Advances

16S rRNA and 16S rRNA gene. The results demonstrated that the
active community significantly differed from the total commu-
nity. The dominant group, such as Proteobacteria, and rare taxa
with low abundance, such as NC10 and GAL15, were preferen-
tially detected in the RNA-based community, indicating the
limitations of DNA-based study, which possibly miss consider-
able portions of active microbial populations. In the activated
sludge, microbial communities showed differences in their
distributions due to the characteristics of wastewater and the
16S rRNA/16S rRNA gene ratio of microbes presented a down-
ward trend along with the process, which likely result from
nutrition deficiency. Thus, environmental factors could affect
both total and active communities within activated sludge.
Further study should focus on the relationships between total
and active communities and how environmental change influ-
ences the associations to determine microbial function during
wastewater treatment process.
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