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Short Communication

Abstract

Lake ecosystems are hotspots for important ecosystem functions, yet linking their 
microbiome to physicochemical parameters remains a challenge. Here, we compare 
16S rRNA gene-based amplicon sequencing, metagenomics, and metatranscriptomics 
across 21 European lakes using three strategies: (i) mapping shotgun reads to 
amplicon-derived OTUs, (ii) marker-specific profiling (rpS3 for metagenomes, rRNA 
reads for metatranscriptomes), and (iii) recovery of 16S rRNA genes from shotgun 
assemblies. Strategy (iii) proved unfeasible due to chimeric and highly variable 
assemblies and was excluded from further analyses. Both strategies (i) and (ii) revealed 
systematic methodological constraints. Amplicons yielded significantly lower richness 
and Shannon diversity than metagenomes and metatranscriptomes, while marker-
based profiling highlighted broader detection of rare and active taxa. Despite these 
differences, all lakes showed the same relative ranking of diversity (metatranscriptomes 
> metagenomes > amplicons), indicating consistent methodological signatures across 
ecosystems. Beta-diversity analyses confirmed stronger concordance between 
metagenomes and metatranscriptomes than between either of these and amplicons. 
Differential abundance analyses further revealed method-specific detection biases, 
particularly for Proteobacteria and Bacteroidetes, that persisted even after correcting for 
16S rRNA gene copy number and primer bias. Linking communities to physicochemical 
parameters, Mantel and Procrustes analyses showed the strongest global associations 
for metatranscriptomes, while metagenomes yielded the most stable explanatory OTUs 
in dbRDA and BioEnv models. Our results demonstrate that the sequencing approach is 
not merely a technical choice but represents an analytical dimension that fundamentally 
influences how microbiome–environment interactions are detected and interpreted.

Key words: Environment, microbiome, multiomics, OTUs, shotgun-sequencing, taxo-
nomic profiling

Understanding the interaction between organismal data, such as lake micro
biomes, and physicochemical lake ecosystem conditions is crucial for 
enhancing our comprehension of ecological processes. While it is undeniable 
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that the composition of a microbiome is tightly linked with physicochemical 
ecosystem conditions, it remains uninvestigated whether commonly applied 
methods perform comparably in reflecting environmental features (Suppl. ma-
terial 3: table S1). Currently, most microbiome studies rely on next-generation 
sequencing data, generated from community DNA or RNA. Widely used and 
highly time and cost-effective amplicon sequencing techniques primarily screen 
microbiomes by targeting specific hypervariable regions of marker genes, such 
as the 16S rRNA gene for prokaryotes. PCR-amplification enables the detection 
of the rare biosphere (Sogin et al. 2006), whereas amplification-free metag-
enomes provide genomic blueprints of the dominantly occurring community 
members. Metatranscriptomes, being the most degradation-sensitive material, 
provide a snapshot of the metabolically active community (protein synthesiz-
ing (Blazewicz et al. 2013), not necessarily growing) by capturing ribosomal 
and messenger RNA (Mills et al. 2012) (rRNA and mRNA, respectively).

The massive generation of metagenome-assembled genomes has sig-
nificantly expanded databases, enabling taxonomic profiling using metag-
enomes and assembled metagenomes, and allowing for comparisons of 
amplicon sequences and metagenomic shotgun technologies. However, 
taxonomic profiles derived from different markers and databases can vary 
due to methodological and database-specific biases. Even when focusing on 
a single marker (e.g. 16S rRNA gene), systematic biases can arise depend-
ing on the method of sequence recovery (e.g., amplicon sequencing, and 
assembly of metagenomes and metatranscriptomes) as these approaches 
differ in sensitivity, coverage and susceptibility to assembly or amplification 
artifacts. While such methodological biases are well recognized, it has not 
been systematically evaluated how they influence ecological interpretabili-
ty, specifically the robustness of associations between microbiome compo-
sition and environmental features in lake ecosystems.

To address this issue, we tested three strategies: First, we mapped shot-
gun reads to amplicon-derived OTUs (strategy I; OTU-based). Second, we 
applied marker-specific profiling, using the most informative taxonomic 
marker for each dataset e.g., single copy rpS3 for metagenomes and rRNA 
reads for metatranscriptomes (ii strategy; marker-based). Third, we attempt-
ed to recover 16S rRNA genes from shotgun assemblies, where applicable, 
to build a cross-method OTU library (strategy iii).

However, strategy iii proved unsuccessful, as assemblies yielded highly het-
erogeneous lengths and chimeric sequences exceeding 1600 bp (Suppl. mate-
rial 1: fig. S1), consistent with previous reports (Nelson and Stegen 2015; Yuan 
et al. 2015). This prevented a meaningful comparison with the V9 region of the 
amplicon OTUs, and we therefore did not pursue this approach further.

In the following, we focus on the resulting community profiles of strate-
gy i and ii to assess consistency and methodological biases. Unlike most 
studies, which typically model community composition as a function of en-
vironmental variables (Community ~ Environment), we specifically focus on 
the reverse perspective (Environment ~ Community) to improve the compa-
rability of different sequencing approaches and taxonomic markers. To our 
knowledge, this is the first comprehensive comparison of amplicon, metag-
enomic, and metatranscriptomic sequencing in lake microbiomes with re-
gard to their potential to reflect and predict environmental features.
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For this purpose, we generated a dataset for 21 lakes located across 
Europe encompassing 16S rRNA gene-based amplicon sequencing data, as 
well as metagenomic and metatranscriptomic sequences (Shah et al. 2024), 
encompassing 3.31 Gbps, 170.91 Gbps, and 34.11 Gbps of sequencing 
depth, respectively (Suppl. material 1: figs S2, S3). To address the marker 
and database biases mentioned above we pursued the two different strat-
egies. First (strategy (i)), we mapped the metagenomic and metatranscrip-
tomic reads to a database consisting of representative OTUs from the am-
plicon dataset that passed a relative read abundance threshold of 0.001% 
per sample (Nuy et al. 2020). This filtering step resulted in 2535 OTUs 
recruiting amplicon 9,356,192 reads, which collectively recruited 154,996 
metagenomic reads and 19,979,498 metatranscriptomic reads (see Suppl. 
material 2 for information about metatranscriptome, metagenome, and am-
plicon data) (Sharon et al. 2015). Each OTU recruited metagenomic and me-
tatranscriptomic reads across all samples; consequently, the technologies 
used, represented the same 26 prokaryotic phyla. Despite this consistency 
in phylum coverage, alpha diversity metrics differed substantially between 
methods (Fig. 1A). Friedman tests confirmed highly significant differences 
(p < 0.001; Kendall’s W = 0.76 for richness and 0.84 for Shannon), with pair-
wise Wilcoxon tests showing that amplicon data yielded significantly lower 
richness and Shannon values compared to both metagenomes and meta-
transcriptomes, while no significant differences were observed between 
metagenomes and metatranscriptomes (Suppl. material 3: table S2).

In strategy (ii), we applied marker-specific taxonomic profiling, i.e. rpS3 
single-copy genes for metagenomes and mapped rRNA reads for metatran-
scriptomes, while retaining amplicon OTUs as an independent reference. 
This approach led to 23 prokaryotic phyla being represented in metage-
nomes and 51 phyla in metatranscriptomes (Fig. 1B). Here, alpha diversity 
differences were even more pronounced, with metatranscriptomes yielding 
the highest richness and Shannon diversity, followed by metagenomes and 
amplicons. Friedman tests were again highly significant (p < 0.001), with 
Kendall’s W = 0.862 for richness and 0.857 for Shannon. Although abso-
lute diversity values differed markedly between sequencing approaches, all 
lakes exhibited a consistent relative ordering of methods (metatranscrip-
tomes > metagenomes > amplicons) (Suppl. material 3: table S2). This sta-
bility across ecosystems indicates that the observed differences are not 
lake-specific, but rather reflect systematic methodological effects.

Previous studies have reported conflicting results regarding the detection of 
phyla with different sequencing approaches, which is also a consequence of 
comparing different taxonomic markers (Poretsky et al. 2014; Guo et al. 2016; 
Tessler et al. 2017; Brumfield et al. 2020; Khachatryan et al. 2020; Hempel et al. 
2023), as also presented in Fig. 1. Some studies indicated that less than 50% 
of phyla are detected with metagenomes compared to amplicons (Tessler et 
al. 2017) and reveal a poorer taxonomic resolution, while others demonstrated 
the exact opposite (Poretsky et al. 2014; Guo et al. 2016; Tessler et al. 2017; 
Brumfield et al. 2020; Khachatryan et al. 2020; Hempel et al. 2023). However, 
comparisons of short reads to public databases remain challenging; for in-
stance, 150 bp reads only cover approximately 15% of the average prokaryotic 
gene (Xu et al. 2006), leading to inherent biases in taxonomic calling.
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To minimize such database-related biases, we pursued two complementary ap-
proaches. At the OTU level, mapping metagenomic and metatranscriptomic reads 
to amplicon-derived OTUs allowed a consistent comparison across methods. At 
the marker level, we retained the most informative marker for each technology 
(rpS3 for metagenomes, rRNA reads for metatranscriptomes, amplicon OTUs as 
reference), reducing taxonomic resolution to the class level for comparability.

Figure 1. Alpha diversity comparison across sequencing approaches. (A) OTU richness (bars) and Shannon diversity 
index (dots) per sample and (B) Class richness (bars) and Shannon diversity index (dots) per sample. Colors represent 
sequencing approaches: amplicon (red), metagenome (blue), and metatranscriptome (orange). Diversity estimates show 
systematic differences across methods, with metatranscriptomes generally yielding highest richness estimates.
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Both strategies consistently revealed systematic methodological effects. 
PERMANOVA indicated that the sequencing approach explained ~16% of the 
variance in relative abundance data and ~13% for presence-absence data. 
Beta-dispersion analyses further showed that metatranscriptomes produced 
the most homogeneous profiles, whereas amplicons were the most hetero-
geneous (Suppl. material 3: table S2). At the marker level, method effects 
were even stronger (~41% explained variation). Presence-absence and abun-
dance-based OTU models differed by only ~3%, suggesting that the main bias 
arises from taxon detection rather than abundance estimates. For this reason, 
we focus primarily on abundance-based analyses, while presence-absence re-
sults are provided in the Suppl. materials.

Procrustes and Mantel tests further confirmed stronger concordance be-
tween metatranscriptomes and metagenomes than between either of these and 
amplicons. Correlations were consistently higher for relative abundance than 
for presence-absence data (Fig. 2, Suppl. material 1: figs S4–S6; Suppl. mate-
rial 3: tables S2, C, S3).

Together, the results demonstrate that method choice systematically 
shapes community profiles. Differences between presence-absence and abun-
dance-based data were minor, whereas marker-level comparisons highlighted 
stronger discrepancies in detection breadth and abundance structure.

The main differences between metagenomes and amplicon sequenc-
ing data were attributable to different abundances of taxa that recruited 
low to average numbers of reads, as reported previously (Poretsky et al. 
2014). Differential abundance analysis of OTUs revealed a higher detec-
tion of OTUs affiliated to Alphaproteobacteria, and Cyanobacteria in ampl-
icons compared to metagenomes, whereas Gammaproteobacteria (mostly 
Burkholderiales) were underrepresented (Fig. 3, Suppl. material 3: table S4). 
Specifically, Polynucleobacter, and Limnohabitans were strongly underrep-
resented in the amplicon dataset, a pattern also observed in a study of the 
same lakes analyzed with the same amplicon data and attributed to prim-
er biases (Nuy et al. 2020)(Suppl. material 1: fig. S7). At the same time, 
certain taxa associated with Bacteroidetes and Cyanobacteria were differ-
entially represented across both methods. In Bacteroidetes, metagenomes 
capture higher relative abundances of Cytophagales (Algoriphagus) and 
Chitinophagales (Dingihuibacter), whereas amplicons showed an overrepre-
sentation of Flavobacteriales (Flavobacterium). The in OTU-based strategy i 
observed patterns were partially consistent with the marker-based approach 
at the class level. At this aggregated level, patterns were largely consistent 
with OTU-based analyses, and Chi2 tests of class distributions did not reveal 
significant deviations between methods (Suppl. material 1: fig. S8). This 
suggests that while fine-scale differences in detection are masked, taxo-
nomic aggregation enhances comparability across heterogeneous markers.

While the relative abundances of assembled metagenomes have been 
shown to correlate significantly with quantitative digital droplet PCR mea-
surements (Probst et al. 2018), amplicon data suffer from primer bias 
(Probst et al. 2015; Starke and Morais 2019), amplification biases (Acinas 
et al. 2005; Stach et al. 2023), chimeras (Haas et al. 2011), and variable 
numbers of 16S rRNA gene copies per genome (Farrelly et al. 1995). To test 
if these biases significantly affect the amplicon data in silico, we corrected 
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Figure 2. Procrustes analyses comparing metagenomes, metatranscriptomes, and amplicon data. The Procrustes anal-
yses were performed to assess congruence between metagenomes, metatranscriptomes, and amplicons. Reference 
datasets are shown as circles, target datasets as triangles, and lines connect paired samples, with line length indicating 
the degree of dissimilarity. The accompanying barplots quantify residual distances per sample pair, with colors indicat-
ing the respective comparison (purple = metagenomes vs. amplicons, dark orange = amplicons vs. metatranscriptomes, 
teal = metagenomes vs. metatranscriptomes). OTU-based comparisons (A–C): A. Metagenomes (reference; blue) vs. 
amplicons (target; red). B. Metagenomes (reference; blue) vs. metatranscriptomes (target; yellow). C. Amplicons (ref-
erence; red) vs. metatranscriptomes (target; yellow). Marker-based comparisons (D–F; 16S rRNA genes and rpS3): 
D. Metagenomes vs. amplicons. E. Metagenomes vs. metatranscriptomes. F. Amplicons vs. metatranscriptomes. The 
Procrustes correlation coefficient (m2) quantifies similarity between ordinations, with values closer to 0 indicating higher 
congruence. The R2 value represents the proportion of variation in one dataset explained by the other. Among OTU-based 
comparisons, the strongest congruence was observed between metagenomes and metatranscriptomes (R2 = 0.68, P = 
0.001), whereas amplicons showed greater divergence from both other methods. Marker-based comparisons yielded 
overall higher congruence, with stronger alignment between methods and lower residual distances across samples, indi-
cating that marker-based approaches capture shared community structure more consistently than OTU-based analyses.

marker-based (ii)OTU- based (i)

F

F

D

E
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the dataset for 16S rRNA gene copy numbers (Stoddard et al. 2015) and 
the specific primer bias by using a weighted primer score (Starke and 
Morais 2019) (Suppl. material 1: fig. S7). Correcting relative abundances 
by both gene copy number and weighted primer score did not significantly 
alter community composition (uncorrected amplicon dataset vs. 16S copy 
number correction: rs = 0.9925, p = 0.001; uncorrected amplicon dataset vs 
weighted primer score correction: rs = 0.9968, p = 0.001), indicating that 
amplification biases (Suzuki and Giovannoni 1996; Polz and Cavanaugh 
1998; Stach et al. 2023) (in combination with a primer bias (Suppl. mate-
rial 1: fig. S7)) are the major components distorting community profiles 
derived from lake amplicon data.

The active community reflected by metatranscriptomes, as determined 
by the Procrustes analysis and Mantel test, was significantly similar to com-
munities assessed with the metagenomic approach (Fig. 2, Suppl. material 
1: figs S5, S6). Only six OTUs were detected to be differentially abundant 
(Fig. 3). Relating the relative abundance of taxa detected in metatranscrip-
tomes to DNA-based methods (amplicon data or metagenome data) not 
only underscores methodological biases but also provides ecologically 
meaningful insights into microbial activity at the time of sampling. When 
comparing metatranscriptomes with DNA-based references, the choice of 
baseline method mattered. Among all classes, 22 classes exhibited simi-
lar proportions between metatranscriptomes and metagenomes, while the 
proportions of other classes differed (Suppl. material 1: fig. S9). For exam-
ple, metatranscriptomes linked to metagenomes indicated that Clostridia, 
particularly Clostridium spp., of which some representatives are routine key 
indicators of fecal contamination and water quality, were predominantly ac-
tive (Riđanović and Riđanović 2017; Stelma 2018; Li et al. 2025). In contrast, 
when using amplicon data as a baseline, a smaller fraction of this popula-
tion transcribed 16S rRNA genes. These results suggest that the selection 
of the DNA profiling method as a reference to relate metatranscriptomes to, 
influences the inferences regarding the active members of a microbiome.

To comprehensively evaluate how sequencing strategies reflect environ-
mental conditions, we applied four complementary community ecology ap-
proaches on the three datasets i.e. Mantel tests and Procrustes analyses 
to evaluate overall concordance between community and environmental 
distance matrices, BioEnv to identify the subset of environmental variables 
best matching community dissimilarities, and dbRDA with stepwise selec-
tion (ordistep, 999 permutations) to determine which variables significantly 
explain environmental variables (Fig. 4, Suppl. material 3: tables S3, S5, S6). 
In line with previous studies (Crump et al. 2007; Souffreau et al. 2015), we 
assume physicochemical factors and community composition are strongly 
linked. Therefore, we expect that microbiome communities explain a high 
proportion of variance in physicochemical factors.

In general, the Mantel tests and Procrustes analyses (Fig. 4) revealed a 
strong link between the physicochemical matrix and the metagenomic and me-
tatranscriptomic dataset, while the amplicon dataset showed a low correlation 
in the Mantel test and a high measure of dissimilarity in the Procrustes analysis 
(Fig. 4, Suppl. material 3: table S5).



628Metabarcoding and Metagenomics 9: 621–635 (2025), DOI: 10.3897/mbmg.9.156215

Julia K. Nuy et al.: Comparing meta-omics for lake microbiome ecology

Figure 3. OTU-based differential abundance analysis across datasets. The volcano plots and corresponding bar charts 
illustrate the differential abundance of operational taxonomic units (OTUs) in A) amplicons vs metagenomes B) ampl-
icons vs metatranscriptomes, and C) metagenomes vs. metatranscriptomes. Each comparison highlights taxonomic 
groups (refer to the color code in the legend) that are significantly over- or underrepresented in the respective datasets 
shown by the logfold change indicating the enrichment in one dataset over the other. The points and bars represent 
OTUs colored by their taxonomic classification. The accompanying bar plot quantifies the number of significantly dif-
ferent OTUs within major taxonomic groups. Enriched for each comparison can be found in Suppl. material 3: table S4. 
The marker-based analysis can be found in Suppl. material 1: fig. S8.
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Figure 4. Comparison of ecological methods in reflecting environmental variation across OTU-based and marker-based 
datasets. Barplots summarize the performance of four different ecological analytical methods, including Procrustes 
analysis, Mantel test, Redundancy Analysis (RDA; explained variance), and BioEnv (Spearman’s ρ; rs), across three data-
sets based on OTUs (A) and different taxonomic markers (B) represented by different colours. (amplicon = red; metag-
enome = blue; metatranscriptome = yellow). The y-axis represents the m2 for the Procrustes analyses (ranging from 0 
(highest similarity) and 1 (highest dissimilarity)), the spearman rank correlation coefficent rs for the Mantel test and the 
BioEnv, and the fraction of explained variation in the RDA where higher values indicate a stronger relationship or explan-
atory capability. Across methods, marker-based data generally yielded stronger and more consistent relationships with 
environmental variables than OTU-based data. Underlying OTU and marker models used for RDA and BioEnv analyses 
are provided in Suppl. material 3: table S4.
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In the dbRDA analyses, the initial full metagenomic model explained 
~20% of environmental variation. However, stepwise forward selection re-
duced the model to a single significant OTU affiliated with Cyanobacteria, 
which alone explained ~9.4% of the variation (adjusted R2 = 0.094, F = 3.08, 
p = 0.021). Neither the amplicon nor the metatranscriptomic datasets yield-
ed significant models after stepwise selection. This holds also true for 
using presence-absence-based distances, suggesting that abundance in-
formation is essential to capture environmental gradients. BioEnv results 
mirrored this pattern, with metagenomes and amplicons showing the stron-
gest match to environmental gradients. Importantly, the OTUs retained in 
BioEnv models differed taxonomically across presence-absence and rela-
tive abundance data and across methods, suggesting that each sequencing 
approach highlights different ecological aspects (Fig. 4, Suppl. material 3: 
tables S4, S5). At both OTU- and marker-based levels, the relative ranking 
of methods was stable: metagenomes and metatranscriptomes consis-
tently outperformed amplicons. Yet, their strengths differed, metatranscrip-
tomes captured global community-environment associations most strongly 
in Mantel and Procrustes tests, whereas metagenomes yielded the most 
stable explanatory OTUs in dbRDA and BioEnv. Amplicons, despite their 
low global concordance, still contributed individual OTUs that matched 
environmental gradients.

Our study across 21 European lakes demonstrates that sequencing strat-
egy strongly shapes ecological interpretation. Shotgun data best captured 
global environmental patterns in Mantel and Procrustes analyses, while am-
plicon and metagenomic data provided more specific predictors in BioEnv 
and RDA, with metagenomes yielding the only stable OTU-level indicator. 
Each method entails distinct trade-offs: amplicon sequencing is rapid and 
cost-efficient but limited by primer bias and reduced resolution of environ-
mental variability. Metatranscriptomics reveals the active community but is 
inherently variable due to transcriptional dynamics and sequencing depth, 
and its susceptibility to RNA degradation. Metagenomes provide the broad-
est genomic context and most stable explanatory OTUs, albeit at high se-
quencing and computational cost and with reduced sensitivity to detect the 
rare biosphere. By combining OTU-based normalization across all datasets 
with marker-specific profiling, we show that both strategies converge on the 
same conclusion: sequencing approach systematically structures commu-
nity profiles and their ecological interpretation. OTU-based analyses empha-
sized comparability across datasets, while marker-specific analyses high-
lighted how detection breadth and abundance patterns differ by sequencing 
technology. Although controlled experiments such as batch cultures would 
be needed to ultimately determine the “best” approach, our results high-
light that no single method is universally superior. Instead, each sequencing 
strategy comes with distinct strengths and limitations that directly shape 
ecological conclusions, underscoring the importance of methodological 
awareness when interpreting microbiome-environment relationships.

Our results demonstrate that the choice of sequencing approach extends be-
yond technical considerations and strongly influences ecological interpretation.
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