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Abstract
Lake ecosystems are hotspots on Earth for biogeochemical cycling yet linking their microbiome to
physicochemical parameters remains a challenge. Here, we assess the quality of 16S rRNA gene-based
metatranscriptomics, assembled metagenomics and 16S rRNA gene amplicon sequencing for 21 lake
ecosystems across Europe. We identi ed method-dependent, massive differences between community
composition and proportional activity for key taxa like Alphaproteobacteria suggesting different
ecological conclusions for the same lake ecosystems. In redundancy analysis (RDA), environmental
parameters explained the greatest amount of the variance in metatranscriptomes suggesting that the
active community is heavily in uenced by environmental parameters. While amplicon data recruited the
least amount of environmental variables in RDA (pH and temperature), four additional parameters
explained the sequenced metagenomes. These results suggest that metagenomes and
metatranscriptomes are currently the best methods for linking lake microbiomes to physicochemical
parameters and can be used as proxies for designing future ecological surveys.

Background
Most studies on microbial communities are reliant on the analysis of next generation sequencing data,
which can be generated from metagenomic DNA or RNA. While the widely distributed application of
amplicon sequencing is mainly used to target speci c hypervariable regions of 16S rRNA genes that are
PCR-ampli ed, metagenomes provide the entire genomic blueprints. For investigating the active
community, metatranscriptomics has proven to be useful for analyzing ribosomal and messenger RNA
(Mills et al. 2012) (rRNA and mRNA, respectively). Due to the massive generation of genomes from
metagenomes, databases have drastically expanded enabling taxonomic pro ling using assembled
metagenomes and metatranscriptomes, yet a thorough comparison of these two technologies to
amplicon sequencing has not been performed. Of particular interest are lake ecosystems that are
re ected by high microbial activity, seasonal changes and high biomass production.
In order to address this gap of knowledge, we leveraged samples from 21 different lakes across Europe
and performed 16S rRNA gene sequencing, metagenomics and metatranscriptomics (rRNA)
encompassing 3.31 Gbps, 170.91 Gbps and 34.11 Gbps of sequencing depth, respectively. In contrast to
previous studies (Tessler et al. 2017; Tedersoo et al. 2015; Guo et al. 2016) we assembled the
metagenomic data into scaffolds (379 Mbps +/- 248) and determined the community composition via
annotated ribosomal protein subunit 3 (rpS3) genes, a taxonomic marker that has been well established
previously (Sharon et al. 2015).

Methods

Sampling
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Sampling of 21 European freshwater lakes was conducted in August 2012. The samples were taken by
daylight from the shore of each lake or pond collecting epilimnial water up to 0.5 m depth (table S1).
Samples for genomic DNA extraction and RNA extraction were ltered onto 0.2 µm nucleopore lters. To
obtain similar biomass per sampling site, water was ltered until the lters were blocked by biomass.
Biomass lters for genomic DNA were immediately preserved below − 80 °C in a cryoshipper (Chart/MVE,
Ball Ground, USA) to avoid DNA degradation. Samples for RNA extraction were stabilized in RNAstabilization solution (LifeGuard Soil Preservation Solution, MoBio Laboratories Inc., Carlsbad, CA) to
prevent RNA degradation, and subsequently stored below − 80 °C in a cryoshipper (Chart/MVE, Ball
Ground, USA) to ensure continuous cooling until analysis.

DNA extraction
Genomic DNA
Genomic DNA was extracted from the biomass lters using the my-Budget DNA Mini Kit (Bio-Budget
Technologies GmbH, Krefeld, Germany) following the protocol of the manufacturer with minor
adaptations and under sterile conditions. We changed the protocol as follows: The lters were
homogenzied in 800 µl Lysis Buffer TLS within lysing Matrix E tubes (MP Biomedicals, Santa Ana,
California, USA) using a FastPrep (MP Biomedicals, Santa Ana, California, USA) for three times for 45
seconds at 6 m/s. The samples were subsequently incubated for 15 min at 55° C. The quality of the DNA
was checked using a NanoDrop™ ND-2000 UV-Vis spectrophotometer (Thermo Fisher Scienti cs,
Waltham, Massachusetts, USA).

RNA
The extraction of RNA from the biomass lters was carried out under sterile conditions. The lters were
removed from the RNA stabilization solution and, after grinding in liquid nitrogen, incubated in Trizol
Solution for 5 min at room temperature (Life Technologies, Paisley, Scotland – protocol modi ed). The
samples were afterwards incubated in Chloroform at room temperature for 15 min. To separate the RNA
from the residual cell contents, the samples were centrifuged and the top phase (containing RNA) was
transferred to a new tube and isopropanol was added. The RNA was allowed to precipitate for 1 h at
-20 °C. The samples were centrifuged, the supernatant was discarded and the pellet was washed three
times in 75% ethanol. The RNA pellet was dissolved in DEPC-treated (diethylpyrocarbonate) water and
stored below − 80 °C. To check the quality and quantity of RNA, a spectrophotometer (NanoDrop ND-2000
Spectrophotometer; Thermo Fisher Scienti c, and the program NanoDrop 2000 / 2000c Operating
Software, version 1.6 (September 2014), Thermo Fisher Scienti c, Wilmington, DE, U.S.A.) were used. To
investigate DNA contamination and RNA degradation, RNA was checked on a 1% agarose gel by us and
assessed prior to cDNA library preparation by the sequencing company.

DNA preparation Sequencing and Filtering
PCR for amplicon based analysis
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(Published in Nuy et al 2020) PCR ampli cations targeted the V2-V3 region of the 16S rRNA gene using
the primers 104F (5’- GGC GVA CGG GTG MGT AA-3’) and 515R (5’- TTA CCG CGG CKG CTG GCA C-3’)
(Lange et al. 2015). The selected forward primer contains two wobble positions to catch a broader
spectrum of taxonomic groups. Each sample was ampli ed twice using primers with different sample
identi ers following the AmpliconDuo protocol (A and B variant) (Lange et al. 2015). For the PCR reaction
1 µl of DNA template in 25 µl PCR reaction with 0.4 units of Phusion DNA polymerase (Thermo Fisher
Scienti cs, Waltham, Massachusetts, USA), 0.25 µM primers, 0.4 mM dNTPs and 1 x Phusion buffer
(Thermo Fisher Scienti cs, Waltham, Massachusetts, USA) was used. The PCR protocol consisted of 35
cycles, including a denaturation step at 98° C for 30 s, annealing step at 72° C for 45 s, and an elongation
step at 72° C for 30 s. Finally, the PCR was completed by a nal extension step at 72° C for 10 min.
Samples were pooled in equimolar ratios and commercially sequenced. The data are available at NCBI
under Bioproject ID PRJNA559862.

Amplicon Sequencing Illumina
Sequencing was conducted using paired-end (2 × 300 bp) HiSeq 2500 Illumina sequencing in “rapid-run”
mode (Fasteris, Geneva, Switzerland). Adapter removal, quality trimming and demultiplexing of indexed
sequences was performed by the sequencing company (Fasteris, Geneva, Switzerland). Thereupon, base
quality of raw sequence reads was checked using the FastQC software (v0.11.8,Andrews 2018). The raw
sequences were quality ltered to remove reads with an average Phred quality score below 25 using
PRINSEQ-lite (v0.20.4;Schmieder und Edwards 2011). Additionally, all reads with at least one base with a
Phred quality score below 15 were removed. The paired-end reads were assembled and quality ltered
with the tool PANDASeq (v2.10;Masella et al. 2012). The remaining reads were dereplicated and chimeras
were removed using UCHIME with default parameters (usearch v7.0.1090;Edgar et al. 2011). Finally, a
split-sample ltering protocol for Illumina amplicon sequencing (AmpliconDuo) was used as described in
Lange et al. (2015) for the removal of sequence artefacts and sequences were discarded that were not
found in both sample branches (A and B variant). Filtered reads were clustered in OTUs via the software
SWARM using default settings (v2.2.2; ( Mahé et al. 2014). Taxonomic assignment was performed using
the database SILVA (SILVA SSURef release 132). Betaproteobacteriales were reassigned to the class

Betaproteobacteria.

Metagenomic Shotgun-Sequencing
Metagenomic samples were sequenced at BGI on an Illumina Hiseq XTen sequencer producing 150 bp
paired-end samples. At BGI, the genomic DNA was quality tested and quali ed samples were used for
sequencing library preparation. The DNA was fragmented by shearing to the desired size (350 bp) by
Covaris S/E210 or Bioruptor. The resulting overhangs were transformed into blunt ends by using T4 DNA
polymerase, Klenow Fragment and T4 Polynucleotide Kinase. Sequencing adapters were ligated onto
both ends of the DNA fragments. Target fragments were puri ed via gel-electrophoresis. Index tags were
introduced into the adapter sequence to allow pooling. Finally, the libraries were quality tested and
sequenced. Clean and demultiplexed samples were provided. Sequences are available at NCBI as
Bioproject PRJNA578039 (shallow) and Bioproject PRJNA602302 (deep)
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Raw sequence data were trimmed based on quality scores using the read trimmer, bbduk, high quality
sequences were ltered using Sickle (https://github.com/najoshi/sickle; default parameters). The ltered
and trimmed reads were assembled to scaffolds using metaSPADES (v3.12, Nurk et al. 2017) using
default settings. Sequencing coverage was determined for each assembled scaffold by mapping reads
from the sample to the assembly using Bowtie2(Langmead und Salzberg 2012)(--sensitive). Gene
prediction was performed using prodigal Hyatt et al. 2010.Gene annotation was conducted with diamond
blast(Buch nk et al. 2015) against the UniRef100 database(Suzek et al. 2015) (evalue cutoff 10 − 5). To
evaluate community composition, the assemblies were ltered for ribosomal protein S3 genes (rpS3).
RpS3 genes were clustered at 99% sequence similarity using usearch (v11, Edgar 2010). The clustering
resulted in centroid sequences that were taxonomically compared with usearch to a database consisting
of rpS3 sequences compiled from previous studies(Anantharaman et al. 2016; Hug et al. 2016; Probst et
al. 2018). Reads were mapped on the rpS3 genes to calculate coverage per gene per sample. All read
mappings were performed using Bowtie 2Langmead und Salzberg 2012 with parameter –sensitive. All
samples were normalized by the number of reads of each library.

Metatranscriptomic Shotgun sequencing - RNA
Preparation of cDNA libraries as well as sequencing was performed by the sequencing service Euro ns
(Euro ns MWG GmbH, Ebersberg, Germany). Two ampli ed short-insert (150–400 bp) cDNA libraries
(poly-A enriched mRNA and total RNA) were prepared per sample, individually indexed for Illumina HiSeq2000 sequencing with the 2 × 100 bp paired-end module (v3 chemistry), and nally demultiplexed. All
samples (but S031BU, mean Q: 28.24) obtained a mean base pair quality above 35. Raw sequence data
were published in the NCBI sequence read archive under the BioProject ID PRJNA345457(Grossmann et
al. 2016). Ribosomal RNA (rRNA) was used for further analyses.
We used the quality control tool FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to
analyze the quality of the raw reads. Removal of adapter sequences and trimming of bad quality bases
with a quality score of below 20 was carried out using cutadapt software v1.3(Martin 2011). Sequences
with a read length of below 30 base pairs were simultaneously discarded. The amount of rRNA was
determined by mapping the reads to the SILVA 16S/18S SSU rRNA gene database (Yilmaz et al. 2014;
Smith und Milne 1981; Quast et al. 2013). The index was built from the downloaded SILVA database
release 119.
To determine the taxonomic composition from rRNA reads, the reads were grouped according to their
phylum and for Proteobacteria to their class, following the list of prokaryotic names and nomenclature
Parte 2018. The taxonomically grouped reads were then counted.

Assessment of abiotic factors
The assessment of abiotic factors can be obtained from Grossmann et al. (2016) except for area and
time. Time of sampling was added to abiotic factors (Table S3). Surface area calculation of each water
body was conducted on the basis of satellite images from Google Mymaps (Map data 2017 GeoBasisPage 5/16

DE/BKG (2009), Google). Surface area was estimated using Image J (v1.8.172). Coordinates of the
sampling sites were calculated with a GPS device.

Statistical tests
Prior to statistical tests each dataset was normalized to percent relative abundances.
Barplots and PCA were calculated on the basis of percent relative abundances using the vegan package
(Oksanen et al. 2015) and the ggplot2 package in R (R Core Team 2019). Additionally, we analyzed the
relationship of read abundances per phylum in pairwise Pearson correlations of all datasets. P-values
were adjusted with the Benjamin Hochberg correction.
To investigate dissimilarities in communities and between community data and environmental data, we
calculated Bray Curtis dissimilarities of community matrices and Euclidean distances of the
environmental matrix. To test the relationship of environmental and community data, we used the Mantel
test evaluating the entire environmental matrix and the BioEnv correlating the best Model of signi cant
environmental samples with Spearman rank correlation. The explanatory power of the environmental
dataset on the community datasets was revealed with redundancy analyses RDA on the basis of
Euclidian distances. Models for signi cant environmental factors were calculated with ordistep (Oksanen
et al. 2015).
The primer bias per phylum was inferred by calculating the weighted Primer score using Primerprospector
(Starke und Morais 2019). Gene copy numbers were obtained from the rrnDB (Stoddard et al. 2015). The
mean of all entries per phylum was used to correct for the gene copy number.

Results And Discussion
Our comparisons revealed 16 phyla shared among all technologies, and another 13 phyla only found with
one or two of the technologies that all belonged to the rare biosphere, meaning taxa with low read
abundances (Fig. 1A, B, C, Table S1). An earlier study showed that less than 50% of phlya were detected
with metagenomes in comparison to amplicons (Tessler et al. 2017), while other studies demonstrated
the exact opposite (Poretsky et al. 2014; Guo et al. 2016; Tessler et al. 2017). However, comparisons of
short reads to public databases is problematic; e.g., 150 bps-reads only cover approximately 15% of the
average prokaryotic gene (Xu et al. 2006) leading to inherent biases in taxonomic calling. Interestingly,
the percent relative abundance of the individual phyla varied greatly between the technologies,
suggesting biases either arising from PCR-ampli cation or from measuring only active community
members in metatranscriptomes (Fig. 1A, B, C). Ordination analyses coupled to Mantel-tests based on
Bray-Curtis dissimilarities and Spearman rank correlations of taxon composition clearly showed a greater
similarity between metatranscriptomes and metagenomes (rs=0.4122, p = 0.001) and metatranscriptomes
and amplicons (rs=0.1928, p = 0.018), than between metagenomes and amplicons (rs=0.04281, p = 0.309)
in taxon composition (Fig. 1D). Main differences between metagenomes and amplicon sequencing data
were attributable to different abundances of phyla that recruited low to average numbers of reads as
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reported previously (Poretsky et al. 2014). Proportional overrepresentation or underrepresentation of
phyla in amplicons in comparison to metagenomes were analyzed using the pairwise t-test with paired
samples. The analysis revealed a proportional greater detection of Bacteroidetes, Alphaproteobacteria
and Cyanobacteria and a lower detection of Betaproteobacteria, Planctomycetes and Actinobacteria in
amplicons (Supplemental Material 1). While relative abundances of assembled metagenomes have been
shown to signi cantly correlate with quantitative digital droplet PCR measurements (Probst et al. 2018),
amplicon data suffer from primer bias (Probst et al. 2015; Starke und Morais 2019), ampli cation biases
(Acinas et al. 2005), chimeras (Haas et al. 2011) and variable numbers of 16S rRNA gene copies per
genome (Farrelly et al. 1995). In direct abundance correlations only low-abundant Gemmatimonadetes
and fairly high abundant Betaproteobacteria showed concurrences between the two technologies, i.e.,
amplicon and metagenomes (Figures S1, S2). To overcome potential biases in amplicon data in silico, we
corrected the amplicon dataset for 16S rRNA gene copy number and the speci c primer bias by using the
weighted primer score. As evidenced in Figure S3 and Table S2, a correction of relative abundances by
gene copy number and weighted primer score (Figures S4, S5) did not result in an observable (signi cant)
shift of community composition. Thus, we conclude that either ampli cation biases or suitability of the
chosen hypervariable region for taxonomic calling (Yang et al. 2016) are the major components distorting
the community pro le derived from amplicon data.
The active community re ected by metatranscriptomes was signi cantly similar to communities
assessed with metagenomes (Fig. 1), although the metatranscriptomic data was only based on
transcribed 16S rRNA genes. Relating the relative abundance of a given taxon detected with
metatranscriptomes to DNA-based methods (amplicon data or metagenome data) can result in
meaningful ecological statements regarding its activity at the time of sampling. We determined great
differences between the proportion of the active population in the sampled ecosystems when using
metagenomic or amplicon data. For the twelve most abundant phyla only Actinobacteria, Cyanobacteria
and Gemmatimonadetes had similar proportions for metatranscriptomes with metagenomes, and
metatranscriptomes with amplicons, while the percent of the population that was active for nine other
phyla (including Verrucomicrobia) was inconclusive (Figures S1, S2). For instance, metatranscriptomics
coupled to metagenomics of Alphaproteobacteria, which are important for nitrogen cycling in lakes
(Newton et al. 2011), suggests that the majority of the population was inactive. In contrast, using
amplicon data as the baseline, a high percentage of the population was transcribing 16S rRNAs. These
results suggest that the selection of the DNA pro ling method heavily in uences the inferences of the
active members of a microbiome.
To receive a broader picture of the impact of the sequencing strategies on ecological conclusions, we
compared the three datasets performing diverse methods from community ecology, i.e. RDA, Mantel tests
and BioEnv (Fig. 2, Suppl Mat. 2). In line with Crump et al. (2007) and Souffreau et al. (2015), we assume
that physico-chemical factors have a great effect on community composition. Therefore, we expect that a
high proportion of variance is explained by physico-chemical factors. In general, the Mantel tests and
BioEnv analysis (Fig. 2, Supplemental Material 2) revealed a strong link of the physico-chemical matrix
with the metagenomic and metatranscriptomic dataset, while the amplicon dataset showed a negative
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correlation in the Mantel test and positive correlation in the BioEnv analysis. The RDA conducted with
amplicon community data as response matrix and environmental data as explanatory variables revealed
data that only 15% of variance could be explained (Figs. 2, S6). For metagenomic and
metatranscriptomic community 43% and 51% of the total variance were explained by physicochemical
data, respectively. The signi cant factors for the metatranscriptomic dataset were total phosphorus (TP),
dissolved phosphorus (DP), elevation and potassium (K), while the metagenomic dataset was
additionally to these factors signi cantly correlated with temperature and pH. Signi cant factors in the
amplicon dataset were temperature and pH only.

Conclusion
Our study involving amplicon data, metagenomes, and metatranscriptomes from 21 different lakes
across Europe were coupled to physicochemical measurements in order to understand which method is
best used to assess microbiome composition, proportional activity and ecology. Our data suggests that
the marker gene abundance based on assembled metagenomes is best explained by six out of twelve
environmental variables, which exceed numbers for amplicon and transcriptome data. The latter showed
the highest amount of explained variance in RDA suggesting that a combination of metagenomics and
metatranscriptomics is best for assessing community composition and activity in aquatic freshwater
ecosystems.
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Figure 1
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Dissimilarity of bacterial communities per site. Percent relative abundances of bacterial phyla obtained
from a) 16SrRNA amplicon sequences, b) rpS3 gene from assembled metagenomes and c) ribosomal
RNA of metatranscriptomes are shown ordered by the percent relative abundance of Cyanobacteria in c).
The occurring phyla are similar among different sequencing techniques and genetic material, but vary in
composition (shared phyla are shown in Table S1). d) The dissimilarities of bacterial communities per
site are visualized in a principal component analysis. Axis 1 and 2 explain 48% and 27%, respectively.
Bacterial communities obtained from amplicons, metagenomes and metatranscriptomes are separated
along the vertical axis. As also supported by Mantel tests with Spearman rank correlation of Bray-Curtis
Similarities, the metagenomic and metatranscriptomic datasets reveal a signi cant signi cant
relationship. Metagenomic and amplicons are most distantly positioned and thus signi cantly dissimilar
(rs=0.04281, p=0.309), while the communities obtained from metatranscriptomes and amplicon are
signi cantly correlated (rs=0.1928, p=0.018).
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Figure 2
Relation of environmental factors to community data. Bray-Curtis dissimilarities of community data, i.e.,
amplicon, metatranscriptomes and metagenomes and euclidean distances of environmental data were
calculated for a) Mantel tests based on Pearsons correlation b) BioEnv (Suppl.Mat.1) and c) RDA (Figure
S6). Overall, amplicons showed the lowest correlations and only ~15% of variation could be explained by
environmental metadata. Metagenomes had the highest correlation coe cients with environmental data
as exempli ed in a) and b). Variance in metatranscriptomic data could be best explained by
environmental factors c). Altogether, shotgun sequencing methods revealed regardless of the genetic
material stronger links to environmental variables. In line with that, a higher number of signi cant
environmental variables for explaining the community composition was found for shotgun data as
compared to amplicons. Further, the variables contributing signi cantly to explaining the
metatranscriptomic and metagenomic community are well known community shaping factors (Newton et
al. 2011). A similar result was found by Tessler et al. (2017) and related this result to the lower number of
phlya involved in the ordination process potentially leading to clearer divisions by site. As we found the
strongest link of metagenomic and metatranscriptomic data to environmental metadata for sites which
had the highest number of phlya, we doubt that Tessler’s et al. (2017) explanation applies for our study.
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