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1  | INTRODUC TION

Increasing anthropogenic stressors, such as habitat degradation or 
pollution, threaten biodiversity and related ecosystem services in 
freshwater habitats (Dudgeon et al., 2006; Grooten & Almond, 2018; 
Vörösmarty et al., 2010). To protect and preserve these precious 

habitats, effective biomonitoring is essential to establish and im-
plement good management practices (e.g., Hering et al., 2006; 
Johnson et al., 2007; Kelly et al., 2008). Historically, biomonitoring 
has been restricted to surveys of a few indicator taxa, such as fish, 
certain groups of benthic macro-invertebrates and diatoms (Barbour 
et al., 1999; Tachet et al., 2010), for which changes in richness and 
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Abstract
Environmental DNA (eDNA) metabarcoding is raising expectations for biomonitor-
ing of organisms that have hitherto been neglected. To bypass current limitations in 
taxonomic assignments due to incomplete or erroneous reference databases, tax-
onomy-free approaches are proposed for biomonitoring at the level of operational 
taxonomic units (OTUs). This is challenging, because OTUs cannot be annotated and 
directly compared against classically derived taxonomic data. The application of good 
stringency treatments to infer the validity of OTUs and clear understanding of the 
consequences of such treatments is especially relevant for biodiversity assessments. 
We investigated how common practices of stringency filtering affect eDNA diversity 
estimates in the statistical framework of Hill numbers. We collected water eDNA 
samples at 61 sites across a 740-km2 river catchment, reflecting a spatially realis-
tic scenario in biomonitoring. After bioinformatic processing of the data, we studied 
how different stringency treatments affect conclusions with respect to biodiversity 
at the catchment and site levels. The applied stringency treatments were based on 
the consistent appearance of OTUs across filter replicates, a relative abundance cut-
off and rarefaction. We detected large differences in diversity estimates when ac-
counting for presence/absence only, such that detected diversity at the catchment 
scale differed by an order of magnitude between the treatments. These differences 
disappeared when using stringency treatments with increasing weighting of the OTU 
abundances. Our study demonstrated the usefulness of Hill numbers for biodiversity 
analyses and comparisons of eDNA data sets that strongly differ in diversity. We 
recommend best practice for data stringency filtering for biomonitoring using eDNA.
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abundance were used to assess the state of ecosystems. Extensive 
procedures exist for such assessments, often including field collec-
tion of specimens and their subsequent identification in the labora-
tory. However, the acquisition of adequate biomonitoring data on 
most taxa is challenging because of time, labour and cost (Ferraro 
et al., 1989; Haase et al., 2004). Environmental DNA (eDNA) analy-
sis and metabarcoding have been proposed as alternative methods 
with the potential to improve the field of biomonitoring (Bohmann 
et al., 2014; Deiner et al., 2017; Leese et al., 2018; Pawlowski 
et al., 2018), because they allow us to detect and describe commu-
nities at unprecedented scales due to massive parallel sequencing 
(Altermatt et al., 2020; Bálint et al., 2018; Tabe rlet et al., 2012).

While initial metabarcoding approaches have mostly focused on 
mirroring or matching data based on well-established indicator taxa 
(e.g., Douglas et al., 2012; Elbrecht et al., 2017; Visco et al., 2015), 
(eDNA) metabarcoding allows us to go beyond these indicator groups 
and is raising expectations on improved detection of taxonomic 
groups that have hitherto been ignored, for example because they 
are difficult to be morphologically identified. Consequentially, eDNA 
metabarcoding may offer new opportunities to include currently un-
derused groups of organisms for biomonitoring (e.g., chironomids, 
Czechowski et al., 2020; or oligochaetes, Vivien et al., 2019) and also 
extend to groups that are abundant but currently mostly excluded 
in aquatic biomonitoring (e.g., rotifers, ciliates). In this context, an 
accurate taxonomic assignment of eDNA sequences is seen as a cru-
cial but difficult step, because many of these indicator organisms are 
not completely or are inaccurately covered in reference databases 
(McGee et al., 2019; Weigand et al., 2019). Also, taxonomic names 
change over time and entries in databases can differ from currently 
accepted names, often creating additional hurdles for their use. As 
an alternative, the use of taxonomy-free analysis of eDNA has been 
proposed. This approach is based on the level of operational taxo-
nomic units (OTU), and does not depend on or require any taxonomic 
association (Apothéloz-Perret-Gentil et al., 2017). An OTU is a cluster 
of sequences grouped by sequence similarity (Blaxter et al., 2005) 
and reflects a pragmatic proxy for species, but is not necessarily in 
line with classical taxonomy. Taxonomy-free approaches may fa-
cilitate rapid implementation of eDNA in biomonitoring. They are, 
however, challenging because an OTU has no independent verifica-
tion of any taxonomic unit, unlike taxonomic names assigned to an 
OTU that can be compared to classically derived data. Using OTUs 
thus requires good understanding of the data analysis and the steps 
involved for validation. Especially for biomonitoring and the assess-
ment of biodiversity, decisions and implementations of stringency 
treatments are of particular importance to infer the validity of OTUs. 
Multiple strategies to decide on inclusion/exclusion of OTUs have 
been reported (see Deiner et al., 2017; Taberlet et al., 2018). Some 
of these steps are also frequently implemented for eDNA metabar-
coding analysis, resulting in a taxon list, but the final interpretation 
of the data is then often made in comparison to previously detected 
taxa in the study area (e.g., Deiner et al., 2016; Hänfling et al., 2016; 
Mächler et al., 2019). Overall, implemented stringency treatments 
are often based on somewhat arbitrary decisions and their effects 

on the downstream diversity analysis have been rarely investi-
gated (Calderón-Sanou et al., 2020). This is especially unfortunate 
in taxonomy-free eDNA approaches, given the lack of independent 
evaluation. We thus need a better understanding of how such deci-
sion-making during the analysis affects the outcome and interpreta-
tion of biodiversity data.

After adequate stringency selection, OTUs can be used to 
calculate and compare diversity metrics. Virtually all biomonitor-
ings and assessments of biodiversity are based on such data, for 
example giving numbers or divergence in diversity, and describ-
ing diversity at the regional, local or between-site scale (gamma, 
alpha or beta diversity) to inform decision-making processes 
(e.g., biodiversity monitoring programme in Switzerland, BDM 
Coordination Office, 2009, 2014; or the Multiple Species Inventory 
and Monitoring for the National forest system in USA, Manley & 
Van Horne, 2006). While this is common practice, diversity is often 
calculated in noncompatible ways across scales or studies, severely 
limiting comparability between the diversity levels, as well as be-
tween studies, and thus challenges interpretation and cross-com-
parisons. Furthermore, it is often neglected that alpha, gamma, and 
beta diversities are often related in an additive or multiplicative 
way. Consequently, calculation of beta diversity is not independent 
from alpha diversity and can lead to incorrect conclusions when 
comparing beta values of regions with different alpha diversities 
(Jost, 2007). The framework of Hill numbers (Hill, 1973) has been 
developed to resolve this problem. Hill numbers mathematically 
unify the broad array of diversity concepts by incorporating relative 
abundance and species richness. As a result, all Hill numbers are in 
intuitive units of “species” (i.e., in our case as units of ZOTUs), they 
overcome many of the shortcomings of traditionally used diversity 
metrics, and different diversity levels calculated as Hill numbers 
can be directly compared to each other. While the framework of 
Hill numbers is already relatively well established in community 
ecology (Chao et al., 2014; Chase et al., 2018; Jost, 2007), its ad-
vantages have only more recently been suggested for DNA-based 
analysis of micro-organisms (Kang et al., 2016) and macro-organ-
isms (Alberdi & Gilbert, 2019a).

In the present study, we investigated how common practices 
of OTU stringency filtering are affecting diversity estimates based 
on Hill numbers derived from water eDNA samples (Pawlowski 
et al., 2020). We collected eDNA from the water at many sites 
across a river catchment, reflecting a spatially realistic scenario in 
riverine biomonitoring. At each site, we collected three replicates 
of water eDNA samples and used a metabarcoding approach by am-
plifying the cytochrome c oxidase subunit I (COI) region to uncover 
a broad spectrum of eukaryotic diversity, containing both multiple 
currently used as well as potential future indicator groups. After 
bioinformatic data preparation with established quality filtering 
and clustering criteria, we then studied how different stringency 
treatments applied to the analysis of the eDNA data affect the in-
terpretation and conclusions with respect to biodiversity. The first 
set of strategies used were based on consistent presence of each 
OTU across filter replicates (similar to Alberdi et al., 2018; Beentjes 
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et al., 2018; Mächler et al., 2019). The other strategies were based 
on a relative abundance cut-off value (Elbrecht & Leese, 2015; 
Macher et al., 2018; Tabe rlet et al., 2018; Yamamoto et al., 2017) by 
comparing the data from two different MiSeq runs, and on rarefac-
tion of the data set to the smallest sequencing depth of a sampling 
site (Tabe rlet et al., 2018). We investigated how these different se-
lections of stringency treatments affect diversity detected at the 
catchment and the site levels. We conducted all of our analyses in 
the Hill diversity framework, which not only allowed comparison of 
these strategies, but also gives direct and intuitive comparability 
of diversities at different levels, crucial to unify and generalize bio-
monitoring studies.

2  | MATERIAL AND METHODS

We used a data set specifically collected for the analysis of diversity 
patterns across a large riverine ecosystem, as commonly surveyed 
in biomonitoring studies. We investigated how diversity estimates 
derived by eDNA are affected by stringency decisions during ana-
lytical steps after the bioinformatic data preparation. Below, we first 
describe the collection of the data set and, second, how we applied 
stringency decisions during the data analysis.

2.1 | Data set collection

We used data on diversity of eukaryotes estimated by eDNA meta-
barcoding in a riverine network. To do so, we sampled eDNA at 61 
sites in a 740-km2 catchment of the river Thur (Figure 1a), north-
eastern Switzerland, in June 2016. The streams at the selected sites 
range from first- to seventh-order and cover an elevation gradient 
from 472 to 1,241 m above sea level. All details of collection and 
preparation of the presented data herein are extensively described 
in previous studies (Carraro et al., 2020; Mächler et al., 2019), which 
analysed the diversity of the taxonomic subgroups of may-, stone- 
and caddisflies. Here, we only give a short overview of the general 
field and laboratory methods, necessary for an understanding of the 
data and the experimental set-up (Figure 1b), and we then explain 
the analysis of the complete metabarcoding data set covering all eu-
karyotic eDNA.

At each site, we filtered 250 ml of water on a single GF/F 
glass fibre filter (25 mm diameter, 0.7 µm pore size, Whatman 
International). We replicated the filtration three times (Figure 1b). 
After filtration, we transferred the filters to independent Eppendorf 
tubes and stored them immediately in the dark on ice. At the end of 
the sampling day, samples were moved to −20°C until extraction. 
In total, we collected 183 filter samples over the whole sampling 

F I G U R E  1   Overview of the study 
catchment (a) and the 61 individual 
sampling sites indicated with red dots. 
Yellow points show the three sites that we 
picked specifically for further site analysis 
(Figure 5). At each site (b), we collected 
three individual and independent filter 
replicates that were separately extracted 
and tagged. Data sources: swisstopo: 
VECTOR200 (2017), DEM25 (2003), 
SWISSTLM3D (2018); BAFU: EZG (2012); 
Bundesamt für Landestopographie (Art.30 
Geo IV): 5,704,000,000. Source: Federal 
Office of Topography. [Colour figure can 
be viewed at wileyonlinelibrary.com]

www.wileyonlinelibrary.com
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campaign. At the beginning of each field day, we produced repli-
cated filter controls (FC) consisting of 250 ml of UVC light-treated 
nanopore water, to estimate possible contamination of used mate-
rial. Over the 11 sampling days, we produced 33 filter controls. We 
implemented a randomization of all the samples and controls at the 
beginning of the extraction and applied a second randomization step 
before the first PCR (polymerase chain reaction) to further reduce 
biases due to cross-contamination. Additional to the eDNA samples, 
we measured environmental variables (pH, conductivity, organic 
phosphor) and calculated mean temperature based on hourly mea-
surements from a Hobo pendant logger (model UA-001-08; Onset 
Computer Corporation) over the course of 5 weeks at each site.

The extraction was performed in a specialized clean-labora-
tory facility (Eawag, Switzerland; see Deiner et al., 2015; Mächler 
et al., 2014) with the DNeasy Blood & Tissue kit (Qiagen) following an 
adjusted spin-column protocol. We eluted the filter samples in 75 µl 
of AE buffer. On each extraction batch, we included an extraction 
control (EC), resulting in eight ECs. To remove inhibition of the field 
samples, we cleaned all extractions with the OneStep PCR inhibitor 
removal kit (Zymo Research). We used the Illumina MiSeq dual-bar-
coded two-step PCR amplicon sequencing approach to sequence a 
313-bp fragment of the COI barcoding region (Geller et al., 2013; 
Leray et al., 2013). We performed the first PCR with primers con-
taining an Illumina adaptor-specific tail, a heterogeneity spacer and 
the amplicon target site. This PCR consisted of 25 µl reaction mix and 
5 µl of eDNA template, with the exception of samples coming from 
five sites (Site IDs 8, 18, 16, 32 and 47) where we used 5 µl of a 1:10 
dilution of the eDNA sample, due to amplification difficulties of pure 
eDNA. A negative control (NC), consisting of 5 µl sigma water, and a 
positive control (PC), consisting of 1 µl artificially produced dummy 
DNA (Mächler et al., 2019) and 4 µl of a randomly selected eDNA 
sample, were run along each 96-well PCR plate, resulting in a total 
of three NCs and three PCs. We produced three PCR replicates of 
each sample and pooled them before cleaning up with SPRI beads 
(Applied Biological Materials). The second PCR consisted of 25 µl re-
action mix, 5 µl Index N, 5 µl Index S (Nextera XT Index kit version 2) 
and 15 µl of cleaned template. We used 10 PCR cycles to index the 
samples; the filter replicates were thus tagged individually to allow 
analysis between the filter replicates. We then cleaned 25 µl of the 
indexed reaction with SPRI beads and quantified the clean samples 
with the Spark 10M Multimode Microplate Reader (Tecan Group). 
We pooled the samples equimolarly and cleaned the resulting pool 
again with SPRI beads. We added 16 pm of libraries and 16 pm of 
10% PhiX control to the flow cell. On an Illumina MiSeq platform, we 
performed a paired-end 600 cycle (2 × 300 nt) sequencing with the 
Reagent Kit version 3 (300 cycles). We conducted a second run on 
an identical Illumina MiSeq machine with the same libraries, where 
we added again 16 pm of each PhiX control and the pooled libraries.

The NGS data were demultiplexed with the MiSeq Reporter and 
read quality was checked with fastqc (Andrews, 2015). Next, raw 
reads were end-trimmed (usearch, version 10.0.240, R1: 30 nt, R2: 
50 nt) and merged (flash, version 1.2.11, min: 15 bp, max: 300 bp). 
We then removed the primer sites (cutadapt, version 1.12) and 

quality-filtered the data (prinseq-lite, version 0.20.4, size range: 
100–550, GC range: 30–70, min mean quality: 20). We used unoise3 
(usearch, version 10.0.240) to determine zero-radius OTUs (ZOTUs). 
ZOTUs are valid OTUs that are corrected for point errors to retrieve 
reliable sequence clustering and are further filtered to remove chi-
meric sequences (Edgar, 2016). By default, unoise3 removes all se-
quences with fewer than eight copies, and while this potentially 
reduces differences between samples it is standard practice to re-
move ZOTUs with such low read numbers over the whole data set. 
To reduce sequence diversity, we conducted an additional clustering 
at 99% sequence identity. To ensure an intact open reading frame, 
we checked the resulting ZOTUs for stop codons using the inverte-
brate mitochondrial code. For data preparation, exact settings and 
detailed description of the bioinformatics pipeline can be found in 
the Appendix S1. The corresponding results of the pipeline can be 
found in Appendix S2 for the first run and Appendix S3 for the sec-
ond run.

We cleaned the data by following the description of Evans 
et al. (2017) due to indication of contamination (i.e., presence of 
ZOTUs in negative controls). We calculated the relative frequency of 
each ZOTU appearing in the negative controls by dividing the total 
reads of an individual ZOTU in all negative controls by the total num-
ber of reads in the negative controls. We removed all ZOTUs that 
occurred with a lower relative frequency within a given field sample. 
For all further analysis, we removed all samples from the sites that 
used diluted eDNA for the first PCR (Site IDs 8, 16, 18, 23 and 47), 
as we observed low consistency among the three filter replicates. To 
obtain consistent results between replicates, it is not recommended 
to dilute eDNA, even though this is a favoured method implemented 
to reduce inhibition (McKee et al., 2015). Fifty-six sampling sites re-
mained and were used for the subsequent analyses.

2.2 | Hill numbers and stringency treatments

We conducted all our diversity analyses in the framework of Hill 
numbers, which mathematically unifies diversity concepts based on 
relative abundances (Hill, 1973; Jost, 2007). As such, the sensitivity 
of Hill numbers towards abundant taxa can be modulated with the 
parameter q, also known as the order of Hill numbers. A Hill number 
with an order 0 (q = 0) is insensitive to abundance, and is analogous 
to the classical species richness measure. A Hill number of order 1 
(q = 1) takes the exact relative abundance into account and is analo-
gous to the exponential of Shannon diversity as the alpha diversity 
measure. Note that the Hill number of order 1 is mathematically un-
defined and thus an approximate value is usually used to calculate it 
(q = 0.99999). For simplicity we will refer to it as q = 1 throughout 
our study. A Hill number of order 2 (q = 2) gives abundant taxa more 
weight and is analogous to the inverse of the Simpson index. The par-
titioning of biological diversities into classical alpha, beta and gamma 
diversity responds to a multiplicative definition of qDγ = qDα × qDβ 
(Chao & Jost, 2012; Jost, 2007). The diversity partitioning can be 
directly computed and expressed as Hill numbers, whereby alpha 
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measures reflect the average diversity of the sampling sites, gamma 
the overall diversity, and beta the dissimilarity between sites and 
the overall diversity, for example of a catchment (Jost, 2007). All Hill 
numbers are calculated and interpreted as units of “species” (i.e., in 
our case as units of ZOTUs), can be directly compared across orders 
(Alberdi & Gilbert, 2019a; Chao et al., 2014; Jost, 2007), and directly 
allow us to study differences between the stringency treatments.

We then applied five different stringency treatments to identify 
how these treatments affect diversity patterns in the eDNA data, 
and thus may directly affect interpretation of results from biomon-
itoring and biodiversity assessments. The first three strategies are 
based on consistent appearance of ZOTUs across the replicates 
(Alberdi et al., 2018; Beentjes et al., 2018; Mächler et al., 2019). 
We assessed how often each individual ZOTU was detected across 
the three filter replicates of an individual site and differentiated be-
tween additive (counting all ZOTUs found in any of the three repli-
cates), relaxed (counting only ZOTUs with a minimal presence in two 
replicates) and strict (counting only ZOTUs with presence in all three 
replicates). These categories are based on the description of Alberdi 
et al. (2018), but here we are referring to filter replicates rather than 
PCR replicates (as in Alberdi et al., 2018). The fourth strategy was 
based on relative abundance cut-off values (Elbrecht & Leese, 2015; 
Macher et al., 2018; Tabe rlet et al., 2018; Yamamoto et al., 2017). For 
each ZOTU, we plotted its relative abundance in the first run against 
its relative abundance in the second run (Appendix S4, Figure S4.1) 
and identified a valid threshold of 0.005%, because abundances be-
tween the two runs were relatively similar above this value and it 
also corresponds to the recommended percentage to use for stud-
ies without the positive control of a mock community (Bokulich 
et al., 2013). We subsequently refer to this stringency strategy as the 
threshold treatment. As a fifth stringency treatment, we rarefied the 
data set to the smallest sequencing depth of a sampling site (251,207 
reads, all three replicates combined), which we subsequently refer 
to as the rarefaction treatment. These five stringency treatments re-
sulted in five distinct data sets, which were analysed subsequently 
in R (R Core Team, 2018, version 3.5.2) and the package “phyloseq” 
(McMurdie & Holmes, 2013, version 1.24.2).

2.2.1 | At catchment level

We were interested in how the different stringency measures af-
fect the partitioning of diversity measures at the catchment level. 
We partitioned for alpha, gamma and beta diversity based on quali-
tative (i.e., presence/absence, order 0) and quantitative (i.e., abun-
dance based, from order 0.5–2, in steps of 0.5) Hill numbers for each 
of the five stringency treatments (function div part in the “hilldiv” 
R package, Alberdi & Gilbert, 2019b, version 1.5.0). As diversity 
measures tend to increase with increasing sampling effort, ecolo-
gists implement rarefaction to correct for this bias (Gotelli, 2001; 
Gotelli & Colwell, 2011). Classically, rarefaction is based on sample 
size, which can be represented by the number of collected indi-
viduals (e.g., Simberloff, 1978), or the number of sites visited (e.g., 

Gotelli, 2001). Alternatively, Good (1953, 2000) suggested a cov-
erage-based approach, which standardizes samples based on their 
recovered completeness (i.e., the recovered proportion of the total 
number of individuals and species of a community represented in 
the sample). We calculated site- and coverage-based rarefaction and 
extrapolation curves (Chao & Jost, 2012; Colwell et al., 2012) for the 
catchment diversity with the “iNEXT” R package (Hsieh et al., 2016, 
version 2.0.20). To do so, we utilized incidence data, which are based 
on relative detection (presence/absence) over the whole catchment 
rather than relative abundances at the individual sites (Alberdi & 
Gilbert, 2019a; Colwell & Coddington, 1994).

2.2.2 | At site level

To assess how the different stringency treatments affect the di-
versity measures at the individual sampling sites, we calculated Hill 
numbers for each of the five treatments using presence/absence 
data (order 0) and abundance-based data (order 1 and 2). To iden-
tify whether there were significant differences in detected diversity 
between the stringency criteria, we performed the following tests: 
within each order, we tested whether the variance is equal between 
the stringency treatments by using a Bartlett test. When significant, 
we performed a Kruskal–Wallis test to identify whether there was 
at least one difference in means. If so, we then performed a multi-
ple mean comparison post hoc test based on rank sums (R package 
“pgirmess”, Giraudoux, 2018, version 1.6.9). We further investigated 
pairwise dissimilarity between the individual sites for the orders 0, 
1 and 2 (function “div part”, Sørensen-type overlap from the R pack-
age “hilldiv”, Alberdi & Gilbert, 2019b) and tested for differences 
between the mean of the stringency treatments as explained above.

To identify how decisions and implementations of stringency cri-
teria affect diversity at individual sites, we selected three different 
sampling sites (Gertenau, Niederuzwil and Stocken) from the catch-
ment as proof-of-concept examples. These sites correspond to dif-
ferent stream orders (1, 4 and 7, respectively) and reflect distinct 
habitats, but are geographically still relatively close to each other, 
and thus do not experience different large-scale environmental driv-
ers. We investigated sample-size-based rarefaction/extrapolation 
curves with abundance data of the individual sampling sites.

3  | RESULTS

The two Illumina MiSeq runs resulted in 17,495,861 and 21,026,108 
raw sequences, respectively. After bioinformatic data preparation, 
12,619,152 and 14,735,110 merged, primer-trimmed and quality-
filtered sequences remained for runs 1 and 2, respectively. For a 
given ZOTU, the individual read abundances in a specific sample is 
highly similar to the abundance of the second run for the same sam-
ple (Appendix S4, Figure S4.2), indicating that sequencing runs are 
highly reproducible. In the combined data set, in total 26,544,120 
counts assigned to the samples remained for our analysis after the 
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correction for ZOTUs in negative controls. After the application of 
the five stringency treatments, the resulting five data sets differed 
mainly by the number of ZOTUs. The greatest difference in numbers 
of ZOTUs occurred between the threshold treatment and the additive 
stringency treatment, with the former containing only 12.4% of the 
ZOTUs found in the latter (Table 1). Differences in counts were rela-
tively moderate. We detected the greatest difference between the 
additive and rarefied treatments, where the rarefied treatment had 
about 43% fewer counts. The rarefaction curves were mostly satu-
rating for sampling sites of the relaxed, strict and rarefied treatments 
(Appendix S4, Figure S4.3b,c,e), but not for most of the sites of the 
additive and threshold treatment (Appendix S4, Figure S4.3a,d).

3.1 | At the catchment level

The partitioning of the five stringency-filtered data sets into 
Hill numbers of order 0 resulted in alpha and gamma diversity 

(corresponding to richness) varying over nearly an order of magni-
tude (Figure 2; Appendix S4, Table S4.1). Due to the multiplicative 
definition of diversity partitioning in the framework of Hill numbers, 
beta diversity is obtained by divining gamma diversity through alpha 
diversity. Thus, beta diversity can also be seen as quantification of 
how many times the diversity of the entire catchment is richer than 
the average sampling site and varies greatly between the stringency 
treatments in our study. Beta values indicated that the difference 
between sites and the catchment data set was largest for the strict 
data set, where the regional (gamma) diversity was nearly 12 times 
higher than the average local (alpha) diversity, indicating large dif-
ferences between diversity at the individual sites. By contrast, the 
richness for the threshold treatment was only 2.39 times higher for 
the catchment than the sites, indicating fewer differences between 
the richness of the individual sites. When taking abundances into 
account (q > 0), the partitioning values for all five data sets gener-
ally became more similar, indicating that all stringency data sets 
were dominated by a few ZOTUs that are very abundant regarding 

Additive Relaxed Strict Threshold Rarefied

Reads 24,640,037 22,105,491 19,401,888 22,917,814 14,067,592

ZOTUs 11,129 5,948 3,167 1,385 11,102

TA B L E  1   Numbers of reads and ZOTUs 
for the five stringency measures after 
cleaning the data set from contamination

F I G U R E  2   Diversity partitioning of the five stringency treated data sets for Hill numbers of different orders. The higher the order, 
the more weight is put on abundant ZOTUs; order q = 0 reflects presence–absence data (i.e., richness). While gamma and alpha diversity 
behave similarly for all the treatments, beta dissimilarity shows differences: for each stringency treatment, the differentiation between the 
individual sites (alpha) and overall (gamma) increases with higher weighting of abundances. Hill numbers are presented on a logarithmic 
scale for better visualization. Note that there is only one point per stringency treatment because in diversity partitioning in Hill numbers 
values are averaged across sites. Exact numbers are given in Appendix S4, Table S4.1. Colours represent the different stringency treatments: 
additive (blue), relaxed (green), strict (red), threshold (orange) and rarefied (yellow) [Colour figure can be viewed at wileyonlinelibrary.com]

www.wileyonlinelibrary.com
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their read numbers (Figure 2). All five stringency treatments ended 
up with a beta diversity value of around 9 for order 2 (Appendix 
S4, Table S4.1). The beta value for the threshold data set increased 
from order 0 to order 2, demonstrating that the ZOTUs of this data 
set were present in many samples and dissimilarity between sites 
increased with abundance weighting.

Whether the accumulation of diversity with number of sampling 
sites was saturating depended on the used order of Hill numbers 
(Figure 3a). For the order q = 0, only the threshold data set was 
saturating (even at a very low number of sampling sites), while the 
other stringency treatments did not reach a saturation phase. With 
increasing order, the shape of the curves started to saturate with 
lower number of samples, and for the order q = 2 all stringency treat-
ments were saturating.

Sample coverage of the catchment diversity was highest for the 
threshold treatment (99.9%), followed by the additive (97.1%), rarefied 
(95.6%), relaxed (93.0%) and strict treatment with a sample coverage 
of 90.3% (Figure 3b). The coverage-based rarefaction curves turned 
towards a positive linear relationship with increasing order of Hill 
numbers, revealing that with higher abundance weighting the cover-
age increases only linearly with each additional sample.

3.2 | At sampling site level

In biomonitoring studies, the diversity uncovered at the site level is 
important, for example in defining management priorities between 
individual sites. When analysing mean alpha diversity, no significant 
difference between the averages of all sites were ever observed 
for the additive and rarefied stringency criteria, regardless of how 
strong abundances were weighted (Table 2, Figure 4). Additionally, 
these two stringency treatments were always significantly differ-
ent from the strict treatment. When comparing the mean of the re-
covered diversities, we observed a dependency on the order of the 
Hill number (Table 2). The significant difference of the relaxed and 
threshold treatment to others was dependent on the Hill order. With 
q = 0, both treatments were significantly different from the other 
treatments, but not from each other. With q = 1, the threshold was 
significantly different from the strict treatment, but the relaxed strin-
gency treatment was not different from any other treatment. For 
q = 2, both treatments were indifferent from the other treatments. 
Regarding pairwise dissimilarity between sites, we also observed dif-
ferent patterns for the various Hill orders. When looking at q = 0 (i.e., 
Jaccard dissimilarity), all five stringency treatments had significantly 

F I G U R E  3   Accumulation curves of Hill diversity based on number of samples (a) and sample coverage (b) over the whole catchment. 
Diversity for the Hill numbers is calculated for the order q = 0 (left panels), q = 1 (middle panels) and q = 2 (right panels). Data are based 
on incidence data, that is on relative detection (presence/absence) over the whole catchment rather than relative abundances at the 
individual sites. The solid lines indicate parameter space that is established by rarefaction of the measured data, while dashed lines indicate 
extrapolated values [Colour figure can be viewed at wileyonlinelibrary.com]
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different means (Appendix S4, Table S4.2 and Figure S4.4). With 
q = 1, three different groups appeared: additive, relaxed, and rarefied 
were different from strict, as well as from the threshold treatment, but 
did not differ from each other, and the strict treatment differed sig-
nificantly from the threshold treatment. For the order q = 2 (i.e., the 
Morisita–Horn index) there was no significant difference in means 
observed. Sequence-based rarefaction curves behaved similarly be-
tween the three sites, but differed between orders of Hill numbers 
(Figure 5). For the order q = 0, the additive and rarefied stringency 
treatments did not saturate, while the other three treatments did. 
However, for orders q > 0 the saturation for all five stringency treat-
ments occurred even at a low number of sequences. Surprisingly, 
the strict stringency treatment resulted in highest alpha diversity for 
higher Hill orders q > 0 for the site of Niederuzwil (Figure 5, mid-
dle panel). Increased alpha diversity can be observed if few but very 
abundant ZOTUs lead to low Hill numbers for order q > 0. However, 
without these ZOTUs present in all three samples, the abundance of 
the remaining ZOTUs are more equally distributed and resulted in a 
higher diversity even for more stringent criteria.

4  | DISCUSSION

The recent increase in the proposition and use of eDNA metabar-
coding for biomonitoring requires that methodological steps in data 
analysis and calculation of diversity measures are clearly understood. 
This is relevant for metabarcoding data focusing on well-defined tax-
onomic groups paralleling existing monitoring (e.g., diatoms, Visco 
et al., 2015; or benthic macroinvertebrates, Elbrecht et al., 2017), 
but even more so when the metabarcoding extends beyond these 
groups and is performed in a taxonomy-free approach (Apothéloz-
Perret-Gentil et al., 2017; Porter & Hajibabaei, 2018). Data required 
in biomonitoring often go beyond presence–absence measures, 
and particularly in the context of ecological functions and services 
provided by an ecosystem, data on relative or absolute abundances 
become important. Thus, a coherent understanding of diversity 
measures needs also to consider abundance-based estimates, and 
do so in ways that are comparable across and within data sets. This 
is possible in the mathematical unifying framework of Hill numbers 
when calculating diversity measures (Alberdi & Gilbert, 2019a; Chao 
et al., 2014; Jost, 2007).

In this study, we investigated how common practices of strin-
gency filtering in the analysis of eDNA metabarcoding data affect 
diversity estimates. The evaluation of different stringency treat-
ments within the Hill number framework showed that differences 
between treatments scale with the abundance weighting of the 
ZOTUs. While we observed large differences between the individual 
stringency treatments for orders q = 0, the differences decreased 
or even disappeared with the stronger weighting of abundances. 
Overall, the stringency treatment of rarefied and additive led to very 
similar results for all diversity measures, potentially due to relatively 
high sequencing depth for the individual sites, minimizing the effect 
of rarefaction. The relaxed treatment produced intermediate esti-
mates of diversity, while the strict and threshold treatments usually 
resulted in the lowest estimates for alpha and gamma diversity. The 
effects of such stringency treatments on diversity measures have 
been rarely investigated, but are important to infer the validity of 
(Z)OTUs in the statistical analysis of taxonomy-free eDNA metabar-
coding data.

The applied stringency measures already showed an effect in the 
overall number of ZOTUs. The consistent presence in at least two 
(i.e., relaxed) or three (i.e., strict) replicates reduced the numbers of 
ZOTUs to half or even a third, respectively. Such variation in detect-
ability across replicates might be due to stochasticity in the field (i.e., 
due to heterogeneous distribution of eDNA, Adrian-Kalchhauser 
& Burkhardt-Holm, 2016; Macher & Leese, 2017), or in the labo-
ratory (e.g., through DNA extraction: Deiner & Altermatt, 2014; 
Lanzen et al., 2017, subsampling or stochasticity in the PCR: 
Clare, 2014). In particular, errors or biases in PCRs can contribute 
to an inconsistency across true replicates (Alberdi et al., 2018; Leray 
& Knowlton, 2017; Murray et al., 2015), which cannot be eliminated 
during bioinformatic data preparation. The use of technical (e.g., 
PCRs, Alberdi et al., 2018; Beentjes et al., 2018) or biological (e.g., 
Macher & Leese, 2017; Mächler et al., 2019) replicates allows us to 
apply stringency treatments that are capable of inferring the validity 
of ZOTUs. Here we sampled 250 ml of water on three occasions at 
each site in order to collect equal amounts at all sites, as the filters 
would clog at larger volumes at sites with higher particle load. The 
collection of higher volumes would probably have increased the di-
versity detected (Cantera et al., 2019; Deiner & Altermatt, 2014), but 
comes with the trade-off of more time-intensive sampling and the 
need for a mechanical filter. We clearly advocate sampling replicates 

TA B L E  2   Results of Kruskal–Wallis tests on ranks of alpha diversity and the following multiple mean comparisons post hoc tests based on 
rank sums

Kruskal–Wallis test on ranks Multiple mean comparisons post hoc tests

Hill order Chi-squared df n p-value Additive Relaxed Strict Threshold Rarefied

0 224.54 4 280 <.001 a b c b a

1 39.66 4 280 <.001 a ab b a a

2 10.26 4 280 .0113 a ab b ab a

Note: Chi-squared, degrees of freedom (df), number of data points (n) and p-values are given. Stringency treatments with the same letter are not 
significantly different according to multiple comparison post hoc tests after Kruskal–Wallis (p = .05).
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of individually lower volumes instead of one large volume without 
replication in order to apply stringency criteria. Our study highlights, 
consistent with other studies, the importance of taking multiple 
replicates, and to use these replicates to obtain more coherent and 
robust conclusions on the diversity assessed (Alberdi et al., 2018; 
Leray & Knowlton, 2017).

The application of customized abundance thresholds requires ei-
ther the performance of at least two separate sequencing runs or the 
implementation of a mock community (Bokulich et al., 2013), with 
the latter being complicated for complex and broad taxonomic com-
munities. Typically, sequencing runs based on the same libraries are 
highly reproducible, which was also confirmed in our comparisons 

F I G U R E  4   Hill numbers given for 
the five stringency measures (additive, 
relaxed, strict, threshold and rarefied) 
and the different orders of Hill numbers 
(indicated by the exponent D on the y-
axis). Violin plots depict the distribution 
of values for the 56 sites. The inserted 
boxplots indicate the 25%, 50% (bold) and 
75% quantiles, respectively. Stringency 
treatments with dissimilar letters (a, b, 
and c) are significantly different according 
to multiple mean comparison test after 
Kruskal–Wallis applied separately to the 
individual Hill number orders [Colour 
figure can be viewed at wileyonlinelibrary.
com]

F I G U R E  5   Rarefaction curves of 
Hill diversity based on the number of 
retrieved sequences for three sampling 
sites: Gertenau (stream order 1, left 
panels), Niederuzwil (stream order 4, 
middle panels) and Stocken (stream 
order 7, right panels). Diversity for the 
Hill numbers is calculated for the order 
q = 0 (upper panels), q = 1 (middle 
panels) and q = 2 (lower panels). The 
solid lines indicate parameter space 
that is established by rarefaction of 
the measured data, while dashed lines 
correspond to extrapolated values [Colour 
figure can be viewed at wileyonlinelibrary.
com]
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of the two runs (Appendix S4, Figures S4.1 and S4.2). Two sequenc-
ing runs on the same data set allow the identification of good esti-
mates for cut-off values of minimal read numbers to be included and 
should be preferred over the selection of a random threshold. We 
acknowledge that there are higher costs associated with additional 
sequencing runs, which may be limiting in some monitoring pro-
grammes. Alternatively, rarefaction can be applied without further 
investment in replication of samples or runs, and has been shown to 
clearly cluster samples according to biological origin compared with 
other normalization techniques (Weiss et al., 2017). However, it has 
been heavily criticized (McMurdie & Holmes, 2014), as it tends to 
lose rare, but potentially essential, ZOTUs that can reflect important 
aspects of communities (Ainsworth et al., 2015; Eren et al., 2015; 
Zhan et al., 2013). We have yet to see how the findings from bac-
terial communities can be adopted to metabarcoding of eukaryotes.

Our analysis showed that differences, and thus conclusions on 
diversity, between the five stringency treatments at the catchment 
level are large, given that the diversity estimates between treatments 
spanned nearly an order of magnitude when considering richness 
only. Also, the differentiation between sites and the overall catch-
ment was limited for the threshold treatment for richness, indicat-
ing that the remaining ZOTUs of the threshold stringency treatment 
had a high prevalence in all the sampling sites, also reflected in the 
fast saturation of the catchment diversity with increasing number 
of samples. However, the individual sites became more distinct with 
increasing abundance weighting (i.e., most ZOTUs are present in all 
sampling sites but differ in abundances), an effect that was similar 
for all stringency treatments for the order q ≥ 1. The observed effect 
might be a specific feature of our study, where we expected little 
differences between the sites as they are connected and do not have 
substantial gradients in habitat quality between them. However, 
such a data set can reflect a biomonitoring study and it is important 
to be aware that the application of cut-off values for abundances 
and the simultaneous use of richness measurements can minimize 
differences between sites.

When comparing differences between the treatments at the 
site level, both alpha diversity and pairwise dissimilarity estimates 
become more similar with increased weighting of abundances. 
Nevertheless, the mean alpha diversity of the strict treatment was 
always significantly lower compared with the additive and rarefied 
treatments, regardless of how strong ZOTU abundances were 
weighted. However, the situation can differ when focusing on an 
individual site, as shown for one of the selected sampling locations 
(Niederuzwil; (Figure 5).

We generally observed that differences between the treatments 
disappeared with higher weighting of abundances. This indicates 
that weighing abundances may be one way to make data sets more 
robust when comparing across studies. Yet, it is difficult to decide 
how to weight abundances as it is unclear how much they reflect 
different efficiencies in laboratory processes (e.g., DNA extraction 
or PCR bias) rather than true biological variation. On the other hand, 
it is not yet clear whether the focus on the abundant (Z)OTUs only 
is an eligible option for biomonitoring studies. Recent research has 

shown that for classical biomonitoring studies and subsequently de-
rived indices on ecological state, presence–absence data using clas-
sical approaches generally result in the same conclusions as when 
including abundance information (Beentjes et al., 2018; Buchner 
et al., 2019). In contrast, our study shows that the eDNA metabar-
coding results will differ to a large extent depending on the used 
stringency treatment in the data analysis, and thus needs critical 
considerations of the selected criteria and may be most robust when 
including information on abundance data. This seemingly contradic-
tory outcome may be explained because indices regarding biological 
state commonly used in ecotoxicology and environmental sciences 
already strongly integrate complex data, and this integration of mul-
tiple information may make them more robust. In our approach, the 
values of interest are much closer to the units that ecologists and 
biodiversity scientists are using, namely number and differentiation 
of taxa, which are sensitive to the cut-offs and stringency treat-
ments applied.

Taxonomy-free approaches may provide a future avenue of 
eDNA metabarcoding studies to circumnavigate the incompleteness 
of reference databases. However, ecological information, such as 
habitat preferences or functionality of detected species, is currently 
not available without a taxonomic assignment. This might become 
available when additional information, such as habitats condition of 
sampled environments, are linked to OTUs in public databases. In 
the meantime, the use of phylogenetic Hill numbers as a proxy for 
the functional diversity of the environment could be implemented 
(Alberdi & Gilbert, 2019a; Chao et al., 2010) and could become 
highly informative when covering a broad taxonomic range such as 
with COI metabarcoding.

Finally, our study has demonstrated the usefulness of Hill num-
bers for comparisons between data sets with large differences in di-
versity. With the application of Hill numbers, a comparability of the 
data delivered can be reached and are greatly needed for decision 
processes in policy-making, for example to generalize and prioritize 
between individual sites or programs. We suggest that the use of Hill 
numbers and an appropriate stringency treatment is of particular rel-
evant for biodiversity monitoring and bioassessment mainly focused 
on taxon richness rather than on indices (e.g., Altermatt et al., 2013; 
Wüthrich & Altermatt, 2019). Regarding the aspects of study design, 
we recommend sampling replicates in order to apply stringency cri-
teria based on the repetitive occurrences which we evaluate as more 
meaningful than the application of a random and unspecific cut-off 
value. Further, we discourage the implementation of two sequencing 
runs based on the same libraries as they resulted in highly similar data 
and may not be worth the additional associated costs. Our study has 
shown that the different stringency treatments had an effect on the 
estimated diversity, indicating that their specific choice will directly 
affect interpretations. However, based on our study we are not yet 
ready to give a single recommendation for best practices. This would 
first require independent evaluation of the diversity patterns and 
second hinge on the assumption that the stringency treatments have 
consistent effects across multiple catchments and a wide range of 
environmental conditions. Because stringency filtration criteria may 
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also generally affect diversity estimates in other studies, it would be 
valuable to perform a meta-analysis of published data across mul-
tiple studies. General considerations of multiple stringency treat-
ments and the application of Hill numbers will advance and unify 
the field of eDNA metabarcoding to increase comparability across 
studies and promote the development of best practices.
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