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Abstract 

Wastewater treatment plant (WWTP) effluents release not only chemical constituents in 

watersheds, but also contain microorganisms. Thus, an understanding of what microorganisms 

are released and how they change microbial communities within natural streams is needed. To 

characterize the community shifts in streams receiving WWTP effluent, we sampled water-

column microorganisms from upstream, downstream, and the effluent of WWTPs located on 23 

headwater streams in which no other effluent was released upstream. We characterized the 

bacterial community by sequencing the V3-V4 region of the 16S rRNA gene. We hypothesized 

that the downstream community profile would be a hydraulic mixture between the two sources 

(i.e., upstream and effluent). In ordination analyses, the downstream bacterial community profile 

was a mixture between the upstream and effluent. For 14 of the sites, the main contribution 

(>50%) to the downstream community originated from bacteria in the WWTP effluent and 

significant shifts in relative abundance of specific sequence variants were detected. These shifts 

in sequence variants may serve as general bioindicators of wastewater-effluent influenced 

streams, with a human-gut related Ruminococcus genus displaying the highest shift (30-fold 

higher abundances downstream). However, not all taxa composition changes were predicted 

based on hydraulic mixing alone. Specifically, the decrease of Cyanobacteria/Chloroplast reads 

was not adequately described by hydraulic mixing. The potential alteration of stream microbial 

communities via a high inflow of human-gut related bacteria and a decrease in autotrophic 

functional groups resulting from WWTP effluent creates the potential for general shifts in stream 

ecosystem function. 
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1.1 Introduction 

Riverine ecosystems harbor immense diversity of bacteria, archaea, and micro- and 

macro-eukaryotes (Dudgeon et al., 2006; Heino et al., 2015). This diversity is under pressure 

from anthropogenic demands placed on these water bodies to provide a range of services 

including recreation, transport routes, agricultural use, and waste deposition (e.g., treated 

wastewater, agricultural runoff), inducing stress (Vörösmarty et al., 2010). Within the river 

ecosystem, the microbial communities participate in biogeochemical cycling (Battin et al., 2016; 

Zhao et al., 2015) and stress responses (Woodward et al., 2012). However, the understanding and 

description of the common core river microbial structure (Staley et al., 2013), the demographic 

shifts of these communities over long river stretches (Savio et al., 2015; Wang et al., 2017), and 

the responses of these organisms to anthropogenic stresses (Cai et al., 2016; Ibekwe et al., 2016; 

Li et al., 2018) remain to be fully understood. To ensure that human interactions minimally 

influence the water quality and ecological roles rivers fulfill, proper management requires a clear 

understanding of the census, function, and interaction of the resident organisms (Harvey et al., 

2017) as well as an adequate and representative monitoring of riverine ecosystems (Jackson et 

al., 2016). 

Riverine ecosystems increase in input complexity, starting out as linear systems but soon 

form a network of natural and anthropogenic inputs (Altermatt, 2013; Besemer et al., 2013). 

Natural inputs are confluences of upstream tributaries and non-point terrestrial sources, whereas 

anthropogenic inputs result from outflows from non-point sources such as those from agricultural 

fields (Crump et al., 2012) and point sources such as wastewater treatment plants (WWTPs), 

sources containing chemicals and microorganisms (Marti and Balcázar, 2014; Price et al., 2018; 
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Rizzo et al., 2013) as well as effluents being sources of antibiotic resistance genes in river 

ecosystems (Proia et al., 2018; Rodriguez-Mozaz et al., 2015)  

Advances in high throughput sequencing have enabled studies of the population structure 

and responses of microorganisms in rivers (Tan et al., 2015), providing a tool to identify the 

sources and sinks of the resident organisms. Previous sequencing campaigns have also 

successfully utilized space-integration to compare microorganisms along the river continuum 

(Battin et al., 2016; Ruiz‐ González et al., 2015; Savio et al., 2015; Vannote et al., 1980). The 

chemical profile of a riverine network often follows dilution principles during the mixing of 

sources (Alexander et al., 2009). Initial studies exploring bacterial communities suggest the 

influence of upstream effluents may confound the observed communities downstream (e.g., 

Marti and Balcázar, 2014; Price et al., 2018; Rizzo et al., 2013). These studies, however, do not 

precisely address whether aquatic bacterial communities result from the direct hydrological 

mixing of upstream natural and anthropogenic sources. 

To determine the influence of an anthropogenic point source on downstream bacterial 

communities, shifts in the bacterial community after the contribution of WWTP effluent was 

determined using high throughput sequencing. Surface water samples were taken from locations 

upstream of the WWTP effluent (US1 & 2), the discharged effluent (EF), and at the point of 

complete mixing between the sources downstream (DS; 52–404 m downstream of US1; Table 

S1) of 24 WWTPs distributed across Switzerland. In total, 23 of these WWTPs discharged into 

streams that did not receive effluent previously upstream. After obtaining the 16S rRNA 

sequence profiles at the US, EF, and DS locations, the direct influence of the WWTP effluent on 

the DS microbial community was determined by uncovering sequence variants that were 

significantly differentially expressed between sites. Furthermore, the suitability of explaining the 
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resulting DS profile through the physical mixing of the respective water sources was explored in 

both ordination and community-wide census-based analyses. 

 

2.1 Methods 

2.1.1 Microbial DNA sampling, filtration, and extraction 

  Water samples were collected from 22 streams in the Rhine River watershed and 2 

streams in the Rhone River watershed (Figure 1) in Switzerland, representing streams occurring 

across a wide range of land-use types and geological substrates characteristic of the Swiss 

Plateau (Table S1; for more details on selected sites see also Figures 4 and 5 from Stamm et al., 

(2016)). All sites except Val-de-Ruz (Va) were streams for which the sampled WWTP was the 

first on the stream (Figure 1, indicated in grey). Thus, Va was excluded from the location-

specific mean taxonomic profiles where mixing effects were tested. 
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Figure 1. Sampling sites on streams throughout Switzerland. The inset diagram shows the 

locations that were sampled at each site: upstream 2 (US2) in blue, upstream 1 (US1) in blue, 

wastewater treatment plant effluent (EF) in red, and downstream (DS) in purple. Val-de-Ruz (Va, 

colored light-grey) was not the first WWTP on the stream and thus excluded from location-

specific averages. 

 

At each of the stream sites, surface water was sampled upstream of the WWTP (US1), the 

effluent from the WWTP before it flowed into the stream (EF), and at a downstream location 

(DS) at a point after complete mixing between the stream and the effluent (Figure S1). The point 

of complete mixing was determined by onsite measurements of electrical conductivity. Complete 

mixing was assumed when transects measured across the stream did not reveal any lateral 

conductivity gradients. As a control for distance on the same stream for select sites, we sampled 

a second upstream location (US2) that was an equal distance upstream from US1 as the US1 was 

from the DS (Table S1). Water samples were transported in a cooler on ice with a maximum 

transport time of six hours and were stored at –20°C until further processing. 

The method for the filtration and extraction of DNA from water samples followed that of 

Deiner et al. (2015), in which the water was first thawed in a room temperature water bath, 

filtered through a glass fiber filter (GF/F, nominal pore size of 0.7 µm, 25 mm, Whatman 

International Ltd., England), and extracted with a Phenol-Chloroform Isoamyl method succeeded 

by an ethanol precipitation. Strict adherence to contamination control was ensured using a 

designated clean lab in which only DNA isolation and pre-polymerase chain reaction (PCR) 

preparations are performed (Deiner et al., 2015). Between two and eight independent extractions 

from filters were performed for each sample location. The total volume of water filtered for each 

extraction replicate ranged from 65 to 350 mL and depended on the filter clogging as a result of 

suspended solids in the sample. A total 500 to 700 mL of filtered water was used to screen 

bacterial communities per sample location in the PCR by creating a 50-µL pool of extracted 
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DNA in which equal volumes from each independent extraction replicate were combined. All 

pooled DNA extractions were cleaned using a OneStep
TM

 PCR Inhibitor Removal Kit (Zymo 

Research, Irvine, California, USA) according to the manufacturer’s protocol to minimize PCR 

inhibition of DNA sourced from riverine samples (McKee et al., 2015). Total DNA in the pooled 

extraction was then quantified using a Qubit (1.0) fluorometer following the recommended 

protocol for the dsDNA HS Assay (Life Technologies, Carlsbad, CA, USA) (Table S1).  

Filter negative controls were created on each day of filtration (Table S2). A filter 

negative control was established by decontaminating 250-mL Nanopur filtered water under UVC 

light for 30 minutes and subsequently filtering the water in accordance with the same protocol 

used for samples. DNA extraction controls were processed side-by-side with samples and used to 

monitor contamination. A negative extraction control was processed with each batch of 

extractions; the batches consisted of 18 and 22 filters (Table S2). A subset of controls were 

sequenced to confirm no major contamination occurred during laboratory processing. 

2.1.2 Library construction and sequencing 

Library construction for each pooled DNA extraction followed a three-step PCR process. 

The first PCR amplified the V3-V4 region of the 16S rRNA gene. Four independent PCRs were 

performed in 15-µL volumes with final concentrations of 1× supplied buffer (Faststart TAQ, 

Roche, Inc., Basel, Switzerland), 1000 ng/µL BSA (New England Biolabs, Ipswich, MA, USA), 

0.18 mMol dNTPs, 2.0 mMol MgCl2, 0.05 units per µL Taq DNA polymerase (Faststart TAQ, 

Roche, Inc.), and 0.5 µMol of each forward and reverse primer (Table S3; Microsynth, AG, 

Balgach, Switzerland). In total, 2-µL of extracted DNA was added, ranging in concentration 

from 0.03 to 54.0 ng/µL (Table S1). The thermal-cycling regime was 95 °C for 4 minutes, 

followed by 25 cycles consisting of 95 °C for 30 seconds, 55 °C for 30 seconds, and 72 °C for 1 
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minute. A final extension of 72 °C for 5 minutes was performed, and the PCR was cooled to 4 °C 

and stored at -20 °C until further processing. Each PCR replicate was cleaned with Exo I 

Nuclease (EXO I) and Shrimp Alkaline Phosphatase (SAP) (Thermo Fisher Scientific Inc., 

Waltham, Maryland USA). The master mix consisted of 1.6 U/µL Exo I and 0.15 U/µL SAP in a 

total volume of 1.1-µL which was then added to 7.5-µL of the PCR product. Products were 

heated to 37 °C for 15 minutes, followed by 15 minutes at 80 °C, and was then cooled to 4 °C 

and stored at –20 °C until further processing. 

The second PCR was conducted with the same conditions as the first PCR except the 

forward and reverse primers were modified to include the Nextera® transposase sequences 

(Microsynth, AG, Balgach, Switzerland) and only 1-µL of cleaned PCR product was used in the 

reaction. Between the forward and reverse primer sequence and the transposase sequence a 

different number of bases were inserted to create more heterogeneity on the flow cell (Table S3). 

The thermal-cycling regime was the same except only 8 cycles were used. PCR products from 

the four independent reactions for each sample were then pooled and cleaned. Each of the pooled 

reactions (a total of 60-µL) were cleaned using a 0.8× bead:sample volume ratio of Agencourt 

Ampure XP Beads (Beckman Coulter, Webster, TX) and separated with a DynaMag-2 magnet 

rack (Life Technologies, Grand Island, NY) following the manufacturer’s recommended protocol 

(Beckman Coulter, Brea, CA, USA). 

The third PCR was employed to index each sample prior to pooling all samples for 

sequencing. We dual-indexed samples using the Nextera® Index Kit A (Illumina, Inc., San 

Diego, CA, USA). The index PCR was performed in a 50-µL volume. Cleaned amplicons from 

the previous step were added in volumes of either 2-, 5-, or 15-µL for DNA concentrations of 

greater than 2.5 ng/µL, between 2.5–0.12 ng/µL, and less than 0.12 ng/µL, respectively. We used 
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the KAPA Library Amplification Kit following the manufacturer’s recommended protocol 

(KAPA Biosystems, Wilmington, MA). Each reaction was cleaned using a 1.0× bead:sample 

volume (50 µL) ratio of Agencourt Ampure XP Beads (Beckman Coulter, Webster, TX) and 

separated with a DynaMag-2 magnet rack (Life Technologies, Grand Island, NY) following the 

manufacturer’s recommended protocol (Beckman Coulter, Brea, CA, USA). 

The DNA concentration of the cleaned and indexed libraries was then determined using a 

Qubit (1.0) fluorometer following recommended protocols for the dsDNA HS Assay (Table S1). 

The libraries were then normalized and pooled at a 4-nM concentration. PHiX control was added 

at a 1% concentration. Paired end (2 × 300 nt) sequencing was performed on an Illumina MiSeq 

(MiSeq Reagent kit v3, 300 cycles) at the Genomic Diversity Centre (GDC) at the ETH, Zurich, 

Switzerland following the manufacture’s run protocols (Illumina, Inc.). On a different Miseq 

instrument at the Functional Genomics Center (FCGZ), Zurich, Switzerland, a second run of the 

same pooled libraries was conducted to increase the sequence depth and test for run effects. The 

MiSeq Control Software Version 2.2 including MiSeq Reporter 2.2 was used for the primary 

analysis and the de-multiplexing of the raw reads. All raw sequences are available at the 

European Nucleotide Archive (ENA) under the accession number PRJEB26649. 

2.1.3 16S Data Processing, Exact Sequence Variants Binning, and Taxonomic Assignment 

The reads were checked for quality using FastQC v0.11.2 (Andrews, 2010), end-trimmed 

using seqtk (with 30 and 70 bp removed for read pairs R1 and R2, respectively; minimum length 

150 bp; minimum mean quality 15) [https://github.com/lh3/seqtk], and merged using FLASH 

v1.2.11 (minimum and maximum overlap of 15 and 300 bp, respectively; maximum mismatch 

density of 0.25) (Magoč and Salzberg, 2011). The primers were trimmed using cutadapt v1.12 

(wildcards allowed; full-length overlap; error rate 0.01). Quality filtering was performed with 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

  

 

PRINSEQ-lite (minimum quality mean 20; no ambiguous nucleotides; dust low-complexity filter 

with a threshold of 30) with a subsequent size and GC selection step (size selection range 100–

500 bp; GC selection range 40-70%).  

The reads were processed using an Exact Sequencing Variants (ESV) analysis (Callahan 

et al., 2017) to follow current best practices in 16S rRNA gene copy processing (Knight et al., 

2018). The sample reads were first denoised into ESVs (i.e., zero OTUs; zOTUs) using 

UNOISE3 in the USEARCH software v.10.0.240. The final predicted taxonomic assignments 

were performed using SINTAX in the USEARCH software v.10.0.240 (both strands considered, 

cutoff of 0.7) (Edgar, 2016). Phyla level annotations were manually replaced for ESVs assigned 

to the chloroplast class and mitochondria family with Cyanobacteria/Chloroplast and 

Proteobacteria/Mitochondria, respectively, to correctly identify true 16S rRNA gene sequences 

that are of eukaryotic origin and separate them from the bacterial signal. Both chloroplast and 

mitochondrial sequences were maintained in the analysis because these signals, although not of 

bacterial origin, remain informative to an environmental-DNA based screening campaign. 

Additionally, the majority of the Cyanobacteria/Chloroplast reads originated from aquatic 

photosynthetic organisms and were not a result of only leaf litter or other terrestrial species 

origin (Table S4). A complete comparative analysis with these sequences removed is included in 

Figure S2. Additionally, the total reads obtained at each step of bioinformatic filtration are 

reported in Table S5 from run at GDC and Table S6 from run at FCGZ. All intermediate data 

files required for the described analyses are provided in a data package (Figshare; private link 

provided for review; we will update to DOI upon acceptance of manuscript: 

https://figshare.com/s/8bbae9b1b8e26e534a07) 

2.1.4 Sample and ESV Quality Control 
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The data was analyzed in R (v. 3.5.1) using the phyloseq package (v. 3.0.0) (McMurdie 

and Holmes, 2013) using File S1 (FigShare private link provided for review, we will update to 

DOI upon acceptance of manuscript: https://figshare.com/s/1072d12d4b9e6654b7f8). The raw 

reads were first checked to determine whether any samples performed poorly in either the 

amplification, pooling, or sequencing steps, resulting in too few reads from sampling loss 

(location EkUS2) or too many reads from possible contamination (location EkDS); these two 

samples were removed from the analysis. Additionally, the locations CoDS, MeEF, and NiDS 

resulted in low read counts (however, exceeding the negative controls), potentially influencing 

any analyses incorporating rarefaction or assuming similar number of reads per sample.  

Negative controls were also used to identify ESVs that represent likely sample handling 

contamination events or errors in tag jumping. In total, 12 ESVs (ESV9, 30, 63, 133, 241, 281, 

308, 322, 363, 388, 411, and 487) were detected in high abundance within the control (each 

comprising over 2% of the total detected reads across all negative controls). Only ESV9, 30, 63, 

and 133 were detected within the field samples at greater than 0.1% of the total sample read 

abundance. To be conservative, all 12 high-abundance ESVs in the controls were removed from 

all samples before analyses.  

2.1.5 Merging of Pseudo-Technical Replicates 

Because the library was split into two prior to the MiSeq run (but after pooling; labelled 

as Run 01.06.2015 and 16.06.2015) to overcome potential instrument errors at the time of 

sequencing, the two runs are not true technical replicates. To test whether it was appropriate to 

combine the two sequencing runs, a correlation between the raw data of the two runs was used 

and resulted in a highly significant correlation (r = 1.00, p-value = 2.14× 10
-187

). A permutational 

multivariate analysis of variance (permanova) test was then performed on the Bray-Curtis 
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dissimilarity of the scaled (to an even sampling depth) data using the adonis function in vegan 

v.2.5.2 in R. The permanova considered the amount of variation determined by grouping the 

samples into either run, location, or run crossed with location (Table S7). The betadisper and 

permutest functions in vegan v.2.5.2 were applied to both groups to determine whether artifacts 

resulting from heterogeneous dispersions were present; no artifacts were found. The grouping by 

run displayed no significant variation, whereas the location grouping displayed highly significant 

differences. Therefore, the split runs were merged in all further analyses to not overweight the 

power of downstream statistical tests with pseudo-technical replicates. The type of analyses 

dictates the merging method employed and is described below.  

2.1.6 Alpha- and Beta-Diversity Estimation 

The split runs were merged using the merge_sample command in phyloseq. All samples 

passed a 10,000 reads per library cutoff. The resulting number of reads per sample ranged 

between 14,517-399,377 with a median of 149,643 (Figure S3). For the alpha diversity 

calculations for each location category (US2, US1, EF, and DS), richness and Shannon-diversity 

were calculated using the merged data after and before rarefaction, respectively, following the 

recommendations of Knight et al. (2018). To determine whether this lower cutoff influenced 

further analyses by being away from the saturation of the rarefaction curves (Figure S4), the 

analysis was repeated for a higher cutoff of 100,000 reads and no major difference were 

observed (Figure S5). We therefore present the results after rarefaction in the main text. The 

subsequent alpha diversities were compared between locations to test for significant differences 

using the non-parametric Kruskal-Wallis test.  

The beta-diversity was determined by calculating the UniFrac distance (both weighted to 

account for abundance and unweighted to overemphasize the low abundance ESVs; (Hamady et 
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al., 2010) and represented in a non-metric multidimensional scaling (NMDS) plot using the 

ordinate function within phyloseq.  

2.1.7 Determination of Community Mixing between Stream and WWTP Sources 

To determine whether hydrological mixing can explain the fraction of EF DNA mixing 

into the DS, we first calculated the fraction of EF flow (QEF) on total downstream discharge Qtot. 

This fraction can be obtained without flow measurements based on either the measured water 

chemistry parameters (Dchem) or the DNA (DDNA) concentrations under the assumption of 

complete physical mixing (Equation 1, see Supplemental File S2 for the derivation of the 

equation illustrating how the flow cancels out): 

𝐷𝑐ℎ𝑒𝑚 𝑜𝑟 𝐷𝑁𝐴. =
𝑄𝐸𝐹

𝑄𝑢𝑝+𝑄𝐸𝐹
=

𝐶𝐷𝑆−𝐶𝑈𝑆

𝐶𝐸𝐹−𝐶𝑈𝑆
      Equation 1 

where CUS1, CDS, and CEF are the concentrations from chemical parameters (Burdon et al., 2019; 

Stamm et al., 2016) or the total extracted DNA concentration at the US, DS, and EF, 

respectively.  

The values of Dchem were calculated in three steps. First, for each water quality parameter from 

the two groups general water chemistry (20 parameters) and micropollutants (225 parameters in 

2013, 57 in 2014) (see Supplemental File S2 for the full list of parameters) Dchem was calculated 

based on Eq. 1. In 2014, heavy metals (20 parameters) were additionally included as a third 

group of water quality parameters. Subsequently, the median was derived for each of the two (or 

three) groups, and finally the average was taken across the groups. This procedure allowed to 

consistently include all chemical data and to obtain robust Dchem values.  

When both US1 and US2 was available for the 20 measurements, the mean was used as 

the US. Only US1 was used for the DNA concentration to be consistent with subsequent 

analyses. A linear fit and Pearson’s correlation was employed to test for a relationship between 
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the mixing predicted from the calculated Dchem and the mixing predicted from the calculated 

DDNA. The Reinach, Severy, and Zullwil samples are excluded from the above analysis. All three 

display higher extracted DNA in the DS than either the US1 or EF sources. Thus, these sites did 

not follow mass conservation and were likely influenced by an additional source of DNA or 

sample loss during laboratory preparation.  

To overcome potential non-mixing mediated shifts in the DS community (e.g., nutrient 

promoted growth, toxic-substance mediated death) that potentially influence the DS DNA 

concentration values two further approaches were explored to quantify the mixing of the sources 

without the need to consider bulk DNA concentrations measured in the DS. First, we determined 

the fraction FDNA of the DNA mass (𝑀𝐷𝑁𝐴
𝐸𝐹 ) contributed by the WW to the total DNA mass 

downstream (𝑀𝐷𝑁𝐴
𝑑𝑜𝑤𝑛) under the assumption of complete mixing. For the fraction of EF (Dchem), 

FDNA can be derived without flow measurements (see Supplemental File S2 for the derivation of 

the equation) as shown by Equation 2: 

  𝐹𝐷𝑐ℎ𝑒𝑚 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝐷𝑁𝐴 =  
𝑀𝐷𝑁𝐴

𝐸𝐹

𝑀𝐷𝑁𝐴
𝐸𝐹 +𝑀𝐷𝑁𝐴

𝑢𝑝 =
𝐶𝐸𝐹∗𝐷𝑐ℎ𝑒𝑚

𝐶𝐸𝐹∗𝐷𝑐ℎ𝑒𝑚+𝐶𝑈𝑆1∗(1−𝐷𝑐ℎ𝑒𝑚)
 Equation 2 

where CEF and CUS1 were the measured DNA concentrations in the EF and US1 samples, 

respectively.  

Second, the contribution of the EF to the DS community profile was predicted using 

SourceTracker2 (Knights et al., 2011), a program that considers the identity of the DNA 

sequences (not bulk DNA concentrations) observed. SourceTracker2 uses the ESV data, that 

when binned at the phyla level exceed 100 reads across all sites) to determine the contributions 

of the two sources (US1 and EF) to the DS. The rarefaction in SourceTracker2 was disabled 

because rarefied data from section 2.1.6 was converted into biom format and used in the analysis. 
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A linear fit and Pearson’s correlation was employed to test for a 1:1 relationship between these 

two approaches.  

The accuracy of the prediction resulting from Eq. 2 was further explored by taking the 

ratio of the predicted (using the denominator of Eq. 2 and substituting in phyla abundances) to 

measured DS phyla abundances. Failing predictions were defined as an absolute value of the log-

ratio exceeding 2. To test for over- or under-representation of failures within a phylum, a 

geometric analysis was run using the phyper function in R. The assigned p-values were multiple 

hypotheses corrected with the p.adjust function in R using the false discovery rate (fdr). 

Corrected values below 0.05 are considered significant (File S3; FigShare private link provided 

for review, we will update to DOI upon acceptance of manuscript: 

https://figshare.com/s/e120d1d90c7bf5b4f874).   

2.1.8 Differential ESV Abundance Analysis 

The runs were first merged using the collapseReplicates function in DESeq2 version 

1.20.0 (Love et al., 2014). Samples were not rarefied for these pairwise comparisons because of 

the limitations in the analyses detailed by McMurdie and Holmes (2015). The analysis followed 

the standard workflow for DESeq2 analysis, and the scripts to run the test are provided in File 

S2. To determine whether certain ESVs were characteristic of a location, pairwise differential 

expression tests were performed between the EF and DS, US1 and DS, EF and US1, and US1 

and US2 locations. The analysis employed a Wald test with a parametric fit type. Adjusted p-

values below 0.05 for ESVs exceeding a fold-change of two are considered significant.  

2.1.9 Assigning ESVs to Environmental Descriptors 

 To explore whether the measured community profiles of bacteria are indicative of a site 

influenced by treated wastewater effluent, we used the SeqENV v1.2.3 text-mining pipeline 
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(Sinclair et al., 2016) to link the detected ESVs at a given location to habitat descriptors (File S4; 

FigShare private link provided for review, we will update to DOI upon acceptance of 

manuscript: https://figshare.com/s/fccca85c9b4ed35443ba). In brief, this method searches for 

97% sequence identity between previously reported 16S rRNA gene sequences that have an 

associated isolation source and the top 1000 abundant ESVs found in the NCBI nt database 

compiled on January 7, 2015 to obtain the now deprecated gi numbers. The isolation sources are 

parsed to determine words that match to the European Bioinformatics Institute’s Environmental 

Ontology database (EnvO). The observed read counts of the ESVs are assigned to these habitat 

descriptors. A heatmap was plotted with a cluster dendrogram to visualize habitat names 

associated across all sites and locations within each site. Wordclouds depicting habitat 

descriptors varying in size according to abundance of ESV associated with that descriptor in 

sample were plotted using wordcloud v.2.6 to illustrate habitat descriptor diversity associated 

with locations at each site as implemented in SeqENV v1.2.3. 

 

3.1 Results 

3.1.1 Mean Taxonomic Profiles for Sampling Locations  

The averaged site-specific 16S rRNA gene taxonomic profiles for the four types of 

sampling locations (US1, US2, EF, and DS) revealed characteristic profiles for each location 

type across all sites (Figure 2a; profiles for individual sites are presented in Figure S6). The ESV 

alpha diversity metrics of the locations showed that the EF samples had significantly lower 

richness and diversity (Figure 2b and c). Upstream locations did not differ from each other in 

richness or diversity nor did they differ substantially from their downstream locations (Figure 2b 

and c). 
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Figure 2. Summary of the microbial composition measured by 16S rRNA gene sequence profiles 

for all locations. a) The abundancies averaged across all sites with respect to US2, US1, EF, and 

DS locations. Phyla accounting for more than 1% of all reads in at least one sample are color 

coded and labeled to the left of the figure. The top twenty families by summed abundances 

across the four sites (and with a taxonomic descriptor other than uncultured) are represented by 

the boxes and labelled to the right of the figure. b) Observed richness and c) Shannon diversity 

indices for each sampling location, for which each individual point represents a single WWTP 
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site. The Kruskal-Wallis p-value is also presented for comparisons between locations. For the 

individual location comparisons, those p-values below the Bonferoni corrected value of 8.3 e
-3

 

are considered significant and are bolded. 

Considering the identity and phylogenetic relatedness of bacteria ESVs sampled at each 

location, the Unifrac beta-diversity of the samples plotted on an ordination space showed that the 

downstream is a mixture of the US and EF communities by intermediate placement between the 

US and EF (Figure 3). Additionally, when comparing the weighted (Figure 3a, abundance 

considered) and unweighted (Figure 3b, presence-absence) Unifrac diversity, both the US and EF 

communities display a shift in their range (i.e., a decrease; likely driven by changes in rarity of 

taxa across the study locations) within the ordination space, with the DS showing a rather similar 

profile (i.e., the change in ellipse size when abundance is considered). 

 

 
 

Figure 3. Ordination plot of the non-metric multidimensional scaling analysis for the individual 

locations based on the Unifrac (a) weighted and (b) unweighted distance metric. Ellipses denote 

the 95% confidence interval considering the standard error and a normal distribution. 

 

3.1.2 Mixing of Community Profiles 
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When comparing the bulk DNA concentration predicted mixing to the chemical mixing, 

both calculated using Equation 1, a low correlation (r=0.18) resulted and did not trend with the 

1:1 line (Figure 4a). With the alternative analysis based on SourceTracker2, the majority of the 

DS 16S rRNA gene profile could be explained by the combination of the US1 and EF for each 

site (Figure S7). The percentage contribution between the two sources varied, but most sites (14) 

had greater than 50 percent of the 16S rRNA gene profile explained by contributions from the 

EF. Notably, results of the SourceTracker2 analysis for the fraction of ES in DS displayed a high 

correlation with the EF fraction derived according to Eq. 2, i.e., predicted using bulk DNA in US 

and EF only (r=0.75) (Figure 4b). When exploring individual phyla instead of the bulk 

community composition (Figure 4c), the geometric analysis highlighted the relative abundance 

change for the Chloroplast associated 16S rRNA sequences as containing significantly more 

outliers not well-explained by mixing (fdr corrected p-value < 0.05).  

   

 
 

Figure 4. Comparison of mixing analyses used to predict the composition of the DS 16S rRNA 

gene profile for (a) the mixing of EF discharged into a stream determined using two DS sample-

dependent methods, the stream water chemistry characteristics (Dchem) and the measured DNA 

concentrations (DDNA; Equation 1), and (b) the fraction of EF in DS determined using two 

methods that avoid the bulk DNA concentrations measured DS, SourceTracker2 (FSourceTracker2) 

taking identity of the sequences into account and the Dchem corrected DNA mass balances (FDchem 

corrected DNA; Equation 2). The dashed line indicates the 1:1 line, and the grey shadow indicates the 
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95% confidence interval of the linear model fit. (c) Box-and-whisker plot identifying the ratio of 

the observed to the Fchem derived mixing-predicted DS abundances of phyla whose median 

observed value exceeds 100 reads. The box indicates the 75%, median, and 25% interval. Dots 

appearing above or below the dashed line produced non-finite values and were excluded from the 

geometric analysis. One phylum was significantly identified as being poorly described (after a 

false-discovery multiple hypothesis correction) by the mixing predicted DS and is highlighted in 

red.  

 

3.1.3 Differential ESVs abundance observed among locations 

When US1 was compared to US2, order or genus relative abundances did not change, signifying 

that distance alone is not explanatory for community shifts (Table S8). When comparing US1 to 

the DS and EF sites, phototrophs such as Cyanobacteria, Chloroplasts associated with algae and 

members of the Proteobacteria-α such as Sphingomonadales-related ESVs were significantly 

lower in relative abundance in DS locations (Figure 5). Conversly, relative abundances of 

heterotrophic Proteobacteria-β groups such as Neisseriaceae and Comamonadaceae and the 

group Firmicutes were significantly higher in the DS relative to US1 locations (Figure 5). 

Whereas Figure 5 highlights groups listed that shifted between US1, DS, and EF, many 

taxonomic groups did not show shifts (Table S7). 
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Figure 5. Stacked bar chart showing the phylum and family composition of groups with 

significantly decreased or increased downstream (DS) abundance (adjusted p-value <0.05, fold-

change >2) when compared to upstream (US1) in the DeSeq2 analysis. Taxonomic groups that 

significantly decreased (top) and increased (bottom) in abundance DS relative to US1 are color 

coded to represent families exceeding 5% of the total within increasing or decreasing total 

abundance. The results of all DeSeq2 comparisons between all locations are provided in Table 

S7. 

 

3.1.4 ESVs Qualitatively Identify Outliers 
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Using the SeqENV pipeline, EF samples were generally characterized by descriptors such 

as “waste water treatment plant”, “activated sludge”, and “bioreactor”, whereas the US samples 

are assigned labels such as “river”, “freshwater”, and “glacier” (the two lists of words are 

colored red and blue in Figure 6, respectively). US1 and US2 locations generally clustered 

(Figure 6; middle two clusters) and were separate from their EF and DS locations (Figure 6; 

leftmost two clusters), with a few exceptions. A fifth cluster contained a mix of DS and US 

locations. DS locations associated with the third cluster tended to be sites for which 

SourceTracker2 (Figure S7) predicted a large percent of their composition to be explained by the 

US rather than the EF community composition. 

 

Figure 6. Clustering of locations and heatmap of read abundance for habitat descriptors 

identified through SeqENV analysis. Darker squares indicate higher abundance of ESVs 

associated with habitat descriptor listed on right-hand side with the location of sample indicated 

below heatmap. Colors of location names follow the same code as the inset of Figure 1 with US, 

EF, and DS sites colored blue, red, and purple, respectively. 

 

When investigating shifts in relative phyla abundance, locations appear to be reflected in 

the descriptors as well. For example, the dominance of Chloroflexi in the Villeret (Vi) EF and its 

DS location causes the DS and EF at this site to cluster together and to map well with the 

“sludge” habitat descriptor. Most US sites are linked to descriptors associated with natural 
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systems (Figure 7; e.g., “river”, “lake”; all wordclouds for each location are depicted in Figure 

S8) and are segregated from DS and EF (e.g., Aadorf (Aa); Figure 7a).  

  

Figure 7. EnvO term maps (wordclouds) where words are weighted by abundance (i.e., the 

larger the word, represents more reads were associated with that source) for the isolation sources 

of the ESVs detected at (a) Aadorf and (b) Zullwil for the US1 and DS locations with aerial 

images of the two sites (Google Earth). 

 

Zullwil US1 (ZuUS1) and Kernenried US2 (KeUS2) are the only two US locations that 

strongly cluster with EF locations, highlighting that these streams may already be contaminated 

as indicated by the associated terms of “activated sludge” and “sewage” for the US location 

(Figure 6). There are no identified EF sources upstream, but based on near-stream land use, both 

sites may be influenced by livestock grazing (e.g., Zullwil; Figure 7b).  
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4.1 Discussion 

Based on a highly replicated study design of sampling 23 natural streams above and 

below the first WWTP on that stream, we found that WWTP effluents are acting as additional 

sources of bacteria in the stream and that the effluent significantly alters downstream water 

column bacterial communities. At all sites, the hydrological mixing of the EF into the stream is a 

driver of the downstream community composition indicating that mixing of the two sources can 

generally explain planktonic community shifts after wastewater enters a stream. For many sites 

more than 50% of the bacterial community DNA is likely from the WWTP effluent and the 

greatest shifts in the downstream community consisted of increased relative abundance of 

bacteria from human gut microbial taxa (i.e., Ruminococcus) and those associated with activated 

sludge (e.g., Comamonadaceae). However, hydrological mixing alone cannot explain the change 

in relative abundance or occurrence of some naturally occurring 16S rRNA gene sequences. 

Specifically, we found declines in the naturally occurring 16S rRNA gene sequences associated 

with Chloroplasts of mainly phototrophic algae (Table S4) and hence the potential of WWTP 

effluents to alter primary producing microbial communities in stream ecosystems. Bacteria 

showing an increase in relative abundance downstream include human gut related Ruminococcus 

and are potential indicator groups of surface waters receiving treated wastewater from humans. 

Thus, changes observed for downstream microbial communities serve as both general 

bioindicators of anthropogenically influenced streams and indicate a decrease in chloroplasts 

from primary producing microorganisms, which may alter ecosystem function.  

4.1.1 Taxonomic profiles are indicative of location on stream 

The type and read abundance of the phyla among the four locations sampled on each 

stream are, in general, reflective of a previous survey of the bacterial community composition 
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observed in the water column of a single stream (Zeglin, 2015). A notable distinction observed in 

this study was the low relative abundance of the Cyanobacteria phylum (inclusive of 

Chloroplasts) in the effluent from the majority of the observed WWTPs (Figure 2a). The 

decreased DS relative abundance of chloroplast 16S rRNA gene sequences and that it was not 

significantly predicted when using the mixing equations, suggests that treated wastewater may 

shift the relative role of primary production in microbial communities and potentially cause a 

shift in organelle abundances. This finding potentially extends to all microbial phototrophs 

because a previous study that monitored the influence of effluent from four wastewater treatment 

plants along a river network also reported that the most upstream locations displayed the highest 

relative abundance of Cyanobacteria (Price et al., 2018).  

Conversely, the relative abundance of the Firmicutes phyla, on average, were highest in 

the EF and lowest in the US samples, with a mixture displayed in DS samples (Figure 2a). The 

Firmicutes phylum was characteristic of EF, likely resulting from the dominance of this phylum, 

along with Proteobacteria, Bacteroidetes, and Actinobacteria, in WWTP activated sludge 

(Zhang et al., 2011). Additionally, this increase reflects that Firmicutes contain multiple genera 

that serve as human fecal indicator organisms (e.g., Enterococcus, Intestinibacter, and 

Roseburia). Another phylum characteristic of the EF and DS, Chloroflexi, was most notable in 

the EF and DS locations at Villeret (Vi) (Figure S5). Comparatively, the obligate intracellular 

Chlamydiae were more variable, appearing in higher relative abundances in certain US rather 

than EF locations (i.e., Hornussen (Hor), Kernenried (Ke), and Rothenthurm (Rot)). 

When the differences in taxonomic profiles are compared across all sites in the study, the 

NMDS plots of UniFrac distances show that generally the downstream locations are intermediate 

between the EF and US communities (Figure 3). However, abundances of ESVs did shift 
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community similarities in opposite directions for US versus EF communities, indicating that rare 

taxa are responsible for community dissimilarity in upstream sites, whereas in EF communities 

shifts in their relative abundance. Notably, the US1 and US2 locations did not exhibit a 

significant difference in alpha or beta diversity, indicating that the physical distance between 

locations is not a cause of the shifts observed in the community.  

US and DS shifts have also been observed in benthic communities related to effluent 

(Drury et al., 2013). Monitoring benthic communities allows for describing the diversity profile 

of bacteria that actively colonize or change in the streams’ biofilm, whereas water column 

bacterial DNA can be from live cells or can be from dead or particle-bound DNA. Thus, by 

sampling bacteria present in the water column, as is the case in our study, it is not clear which of 

the effluent taxa may colonize or invade downstream communities. To determine the extent and 

drivers of community invasion, monitoring the water column community using the analytical and 

computational approach described in this study could be combined with simultaneous 

measurements of the biofilm using methods such as glass plate settling (Mußmann et al., 2013) 

and a large sampling transect downstream of the effluent release point. 

4.1.2 Hydrological mixing of bacterial communities 

 Across all sites, the US and EF sources of bacteria accurately predict more than 95% of 

the DS bacterial community, supporting the concept that mixing is a dominant process 

determining downstream bacterial community composition. However, substantial variation in the 

impact from the EF between sites was noted and was not explained by mixing calculated from 

chemical parameters. Exceptions such as Zullwil show only minor or no differences in the 

community profile US vs DS. At these sites, other bacterial sources specific to the surrounding 

environmental context of animal grazing likely determined the US community profile and in turn 
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directly influence the DS profile, thus minimizing the impact of the EF. Notably, this observation 

is only possible when the other bacterial sources are similar to the EF and because we had 

broadly surveyed effluent from 22 additional sites, we could confirm this finding.  

A previous study monitoring the community profiles along stretches of a river also 

displayed profiles in which organisms increased in relative abundance or even disappeared after 

mixing (Hladilek et al., 2016), suggesting that the underlying hydraulic-mixing properties (e.g., 

distance and discharge) do not account for all changes in bacterial communities. Along the 

stream, selected planktonic microorganisms released from the WWTP are known to colonize 

sediments (Chu et al., 2018) and biofilms (Mußmann et al., 2013), where they can then 

proliferate and exceed the source contributions, thus further obscuring the mixing profile of the 

communities. Additionally, the bacterial community structure is also shaped by chemical and 

physical components of the effluent and their mixing, such as the nitrogen concentration and pH 

(Ibekwe et al., 2016), adding further controlling variables other than hydraulic mixing. The 

observed change specific to the phototrophic group of Cyanobacteria/Chloroplasts suggest a 

functional response to the effluent and needs further investigation to understand the 

consequences of this change for stream ecosystem function. 

Alternatively, and not mutually exclusive, is that compositional changes result from 

technical constraints or biases of methods used in the laboratory or field, producing estimates of 

community profiles that are not representative of true values in river networks. Specifically, we 

were constrained in the use of a larger filter pore size (0.7 µm vs 0.2 µm) due to clogging issues 

when filtering the effluent. To control for clogging issues, we used the same filter pore size for 

all water samples. Thus, due to this constraint we may have underestimated the total abundance 

of smaller bacterial cells due to not capturing them on the larger pore size filter. The 
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misrepresentation of community profiles estimated using specific methodologies has been 

previously highlighted for in silico designed DNA-tracer probes (Abbott et al., 2018; Foppen et 

al., 2013; Sharma et al., 2012). Although substantial effort was expended to collect informative 

negative controls within this study and was used to remove any potential contaminations, future 

studies should expand on site replication and control design by incorporating both temporal 

sample replicates at each location and apparatus-specific or spike-in positive controls to 

understand and account for biases introduced through sampling and laboratory methods. 

4.1.3 Community indicators of wastewater and land-use impacted streams 

In addition to the richness and relative abundance profiles discussed above, qualitative 

compositional differences suggested by the habitat descriptors associated with abundant ESVs 

allowed for detecting wastewater sources in streams (e.g., Figure 6). Our data demonstrate that 

associating habitat names with bacterial ESVs allows identifying sources of contamination, 

highlighting the importance of site-specific influences that can originate from both WWTP and 

context-dependent land use (Burdon et al., 2019; Burdon et al., 2016). For example, because the 

sampling locations at the Zullwil site border grazing lands (Figure 7), agricultural sources of 

fecal contamination should be further examined, demonstrating a potential local effect. In fact, 

Zullwil lacks the characteristic Chloroplast associated 16S rRNA sequence abundance typically 

observed in other upstream locations (Figure S5). Rather, a species of the genus Prevotella, a 

common indicator of fecal bacteria contamination (Okabe et al., 2007), is uniquely present in 

high relative abundance upstream. Thus, assessment of bacterial communities using the SeqENV 

pipeline is a potential method to obtain a first understanding of anthropogenic bacterial 

contaminations in streams for which no other land-use or detailed information on point source 

pollution are available. 
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5.1 Conclusions 

Releasing treated wastewater into natural streams introduces a point source of bacterial 

pollution in the environment. We demonstrate through a highly replicated study design of 

sampling 23 natural streams above and below the first WWTP on that stream that bacterial 

community shifts are predicted based on mixing of effluent bacteria and US sources, where over 

half of the total 16S rRNA DS community profile originates from the wastewater EF in many of 

our study sites. Combining our results with that from past studies on antibiotic resistance genes 

being introduced from WWTPs (Czekalski et al., 2016; Proia et al., 2018; Rodriguez-Mozaz et 

al., 2015), it is apparent the effluent is altering within-stream microbial communities. The 

composition of effluent bacteria can be used as a bioindicator of stream influenced by treated 

wastewater and the functional effects of such alterations observed here is yet unknown. 

Specifically, we observed that Cyanobacteria and Chloroplast associated 16S rRNA sequences 

decreased in relative abundance downstream from where effluent was released into natural 

streams and this change was not consistently predicted by mixing. This finding should be 

complemented with future studies of chromosomal eukaryotic 18S rRNA signatures to determine 

the eukaryotic community compositions in addition to the organelle associated signal. Overall, 

two major effects we observed, i.e., the significant increase in abundance of taxa related to 

human gut bacteria are being introduced into natural streams and signatures of phototrophic 

microorganisms are decreasing in relative abundance, indicate a potential functional response in 

microbial communities. The magnitude and mechanisms of functional responses in stream 

ecosystems to such alterations from wastewater effluent is still unknown and warrants further 

investigation.   
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Highlights 

 23 headwater streams were analyzed to determine bacterial community composition 

affected by released treated wastewater 

 Mixing between the stream and the wastewater effluent predicted downstream 

community composition for most taxa 

 14 sites showed greater than 50 % of the bacteria taxa were from the wastewater 

 Decreases in phototrophic taxa could not be explained by mixing alone 

 Human-gut related bacteria are indicators of natural streams impacted by wastewater 

effluent 

 Functional effects of these community shifts need further investigation 
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