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ABSTRACT 
eDNA metabarcoding is now a widely used method for monitoring aquatic biodiversity, but detecting 
rare species from extra-organism eDNA samples remains a challenge. Yet, rare species, whether 
threatened or newly colonizing organisms, are the primary targets of biological conservation 
measures. Replication and sample volume, as well as PCR replication, are among the main 
parameters studied to optimize eDNA sampling strategies and workflows. To test the hypothesis that 
the total abundance of fish eDNA copies in a PCR aliquot is a determining factor for the detection of 
rare fish species, we replicated water samples from three sites and applied a metabarcoding protocol 
combined with qPCR measurement of the total fish eDNA abundance amplified by our universal 
primer, allowing to estimate the number of specific eDNA copies in the eluate. Simulations of the 
species-specific probabilities of detection (multi-species occupancy model) showed that, even for a 
high effective sequencing depth of approximately 380,000 reads per sample, more than around 2000 
eDNA copies per aliquot are required to detect very rare species (< 1 ‰ of the total number of DNA 
copies in the eluate). This threshold is lowered by a factor of around 4 and 20 for rare (1 ‰≤ < 1 %) 
and abundant species (> 1 %), respectively. Our results highlight that increasing sampling and 
technical replication efforts are required to detect rare species. The total volume of water samples 
required for species detection varies from less than one litre to 100 litres, depending on the eDNA 
concentration in the environment. Estimating the total concentration of fish eDNA per litre in the 
studied water body prior to a metabarcoding sampling campaign would enable optimization of both 
the volume and number of water samples to be collected, as well as the volume of eDNA aliquot per 
PCR.  
 
KEY WORDS: environmental DNA, metabarcoding, qPCR, species detection, sampling strategy, 
multispecies occupancy model, fish 
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1 | INTRODUCTION 
The general decline in biodiversity, changes in species distribution, and restoration efforts aimed at 
promoting biodiversity recovery (Barral et al. 2015) underscore the need for intensive biological 
monitoring. In most cases, the primary target is small-sized population of threatened or newly 
colonizing species. Detecting these rare species is complex due to the relative inefficiency and cost of 
traditional sampling methods (Mackenzie et al. 2006). Yet, they could represent a significant portion 
of biodiversity. For example, a compilation of historical electrofishing samples shows that fish species 
with a relative abundance between 1 ‰ and 1 %, and less than 1 ‰, represent on average29 % and 
27 % of the total richness, respectively (Figure S1). 
Environmental DNA (eDNA) metabarcoding is now recognized as an effective molecular technique for 
identifying many taxa in a single experiment in aquatic environments without prior knowledge of the 
target biological community (Hänfling et al. 2016; Stoeckle et al. 2022; Valentini et al. 2016). Unlike 
other faunal groups (plankton, macroinvertebrates…), aquatic vertebrate species can only be 
detected from extra-organismal DNA (cellular or extracellular) mainly extracted from water sample 
(Valentini et al. 2016; Takenaka et al, 2026). Such eDNA is likely to be degraded and present at a low 
concentration (Altermatt et al. 2023), which makes the effectiveness of eDNA studies highly sensitive 
at all stages of the process and increases the risk of flaws and errors (Kelly et al. 2019; Muha et al. 
2017; Bunholi et al. 2023; Darling et al. 2020; Ficetola et al. 2015). For a given eDNA workflow, 
increasing the sampling and the replication efforts improves the probability of detecting the target 
species (Bylemans et al. 2018; Ficetola et al. 2015; Schultz and Lance 2015; Macher et al. 2021). This 
is particularly true for rare species, as the abundance of eDNA in water is primarily linked to the size 
of the target population (Rourke et al. 2021). As Stoeckle et al. (2022) pointed out, “The scarcity of 
environmental DNA remains the main challenge for current environmental DNA analysis methods”. 
eDNA sampling protocols for aquatic vertebrates are not standardized (Harper et al. 2019; Takahashi 
et al. 2023). The volume of water collected per sample (V) generally varies from 1 to 10 litres 
(Hänfling et al. 2016; Wilcox et al. 2016; Yamamoto et al. 2017; Harper et al. 2019; Takahashi et al. 

2023), with extreme values ranging from 0.24 L to 45–100 L (Bessey et al. 2020; Cantera et al. 2019; 

Pont et al. 2023; Kang et al. 2024). A rough estimate, based on recent fish eDNA studies, indicates a 
median volume of two litres per biological sample (Table S1). Although the minimum sample volume 
has increased compared to pioneering studies, no clear consensus has been established (Amberg et 
al. 2018; Wilcox et al. 2018), but larger sample volumes (after filtration) should be considered when 
low densities of the target species are expected (Takahashi et al. 2023). 
Similarly, the number of biological replicates and their spatial distribution within the studied system 
still vary considerably (Evans et al. 2017; Amberg et al. 2018). A low number of water samples is 
sufficient for abundant species but can limit the detection of rare species (Harper et al. 2019, Fukaya 
et al. 2021; Sellers et al. 2024). Also, collecting multiple eDNA samples spatially distributed or 
integrative spatial sampling are more efficient than collecting a single large local sample (Altermatt et 
al. 2023; Peixoto et al. 2023; Pont et al. 2023).  
During eDNA amplification, numerous factors (adapter dimers, non-specific amplicons, polymerase 
errors, over-amplified duplicates...) influence the proportion of non-informative reads (Sims et al. 
2014) and thus the optimal effective sequencing depth (ESD), defined in this study as the total 
number of reads related to species of interest after amplification, sequencing, computational 
screening, and target species assignment per biological sample. An estimate of ESD from previous 
studies gives a median value of approximately 90,000 reads per biological sample and 30,000 reads 
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per PCR replicate (Table S1), a value of the same order of magnitude as a recent estimate of 60,000 
reads per sample and 47,000 reads per PCR replicate (Singer et al. 2019; dos Santos and Blabolil, 
2025). A lower sequencing depth can lead to failures in detecting rare sequences in the sample 
(Shelton et al. 2016; Shirazi et al. 2021) but has little effect on the detection of the most abundant 
species in a biological community (Peixoto et al. 2023). The number of PCR replicates vary from a few 
to more than ten (Hänfling et al. 2016; Thomsen et al. 2016; Valentini et al. 2016; Yamamoto et al. 
2017). A rough estimate from recent literature indicates a median value of three replicates (Table 
S1), although eight to twelve replicates are recommended when using Miseq platform technology 
(Ficetola et al. 2015). The technical replication effort has a significant impact on species detection 
probabilities, with a marked effect on rare species as opposed to more abundant ones (Ficetola et al. 
2015; Fonseca et al., 2018). 
While both biological and technical replication efforts are paramount, their relative importance on 
species detection probabilities is debated (Bylemans et al., 2018). Indeed, beyond these two 
parameters, the abundance of specific eDNA in a water sample and its spatial distribution are key 
factors in defining field and analysis strategies (Altermatt et al., 2023; Furlan et al., 2016; Song et al., 
2020). A high concentration of eDNA in water facilitates species detection, even with a small water 
volume or a limited number of replicates (Peixoto et al., 2023). Although the importance of the 
number of eDNA copies in the eluate extracted from biological samples is clearly established 
(Altermatt et al., 2023; Buxton et al., 2021; Takahashi et al. 2023), studies focused on estimating the 
limit of detection mainly in single-species qPCR-based studies (Furlan et al., 2016; Schultz and Lance 
2025; Klymus et al., 2019; Song et al. 2020), and only few in metabarcoding studies (Stoeckle et al. 
2022). 
In this article, we hypothesize that the availability of eDNA copies per PCR replicate, combined with 
sufficient amplification effort, is a key factor in accurately estimating the effectiveness of fish species 
detection, i.e., the number of species detected (Fukaya et al., 2021), and in optimizing the detection 
of rare species. We replicated samples from three floodplain sites differing in species composition 
and environmental conditions. Then we applied a metabarcoding workflow (Pont et al., 2018) 
combined with an estimation, in each biological sample, of the total number of eDNA copies 
amplified by teleo, a universal marker (Valentini et al. 2016) using a qPCR analysis (Pont et al., 2023). 
Our hypothesis was tested using a multi-species occupancy model (Peixoto et al., 2023). Finally, a 
strategy for optimizing the size/number of biological replicates and the technical effort of replication 
is proposed, based on the total eDNA concentration per litre of the target zoological group in the 
studied environment. 
We utilized natural variation in eDNA concentration in the field—rather than experimentally induced 
variation—to account for the variability in fish communities and environmental conditions across 
sites that differ in their physicochemical composition and spatial structure. As our primary objective 
was to provide practitioners with recommendations for optimizing their sampling and analysis 
efforts, we adopted a field protocol that allowed for the inclusion of a wide range of factors likely to 
influence species detection probabilities. 
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2 | MATERIALS AND METHODS 

2.1 | eDNA sampling and analytical workflow 
The three sampling sites were situated in the Danube floodplain (Austrian National Park Donau-
Auen) and were sampled from 20th July to 11th August 2021 (Erős et al., 2024). Their water depths 
were comparable (1.1–1.4 m). The largest site (SW: Schoenauer Wasser, 0.45 km²) was connected to 
the main channel at the sampling date (flowing water), while the other two were isolated and 
stagnant (WA: Witzelsdorfer Arm: 0.06 km²; RA: Rosskopf Aussen: 0.10 km²), the last one (RA) being 
largely covered by macrophyte stands. Each of the ten water samples per site were collected with a 
disposable sterile tube attached to a stick situated in front of a boat moving slowly along the 
shoreline and across the centre of the three studied water bodies. Water was pumped intermittently 
and filtrated each time the boat passed over a different mesohabitat type applying a quasi-stratified 
sampling strategy. The sampling process was repeated, the operators ensuring that the proportion of 
the water volume collected per mesohabitat type remains roughly comparable between each of the 
ten samples. The operator avoided to resample the mesohabitat types at the same spatial location to 
prevent a previous resuspension of the sediment, and with the distance travelled for each sample 
depending on the spatial heterogeneity and the size of the site (a minimum of 10 to 20 meters 
between two pumping points).. A crossflow filtration capsule (0.45 μm, SPYGEN) was used to filter in 
situ the sample and immediately after refilled it with a conservation buffer CL1 (SPYGEN) to prevent 
eDNA degradation. The water volume per sample was 30 L, 12 L and 10 L at the RA, WA and SW sites 
(mean = 17.3 L, Table S2), depending on the clogging speed of the filtration capsule. 
We applied a standardized metabarcoding workflow (Section S1) using “teleo” primers (Valentini et 
al. 2016) to detect fish eDNA, according to the methodology outlined in Pont et al. (2018, 2023). 
Briefly, 12 PCR replicates were conducted from each extracted eDNA eluate of 200 μL per sample, 
and with 3 μL per aliquot. After purification, the PCR products were pooled in equal volumes to 
achieve a theoretical sequencing depth of 500,000 reads per sample. The libraries were sequenced 
on a NextSeq sequencer, and the resulting sequences underwent analysis using OBITools package 
(Boyer et al., 2016). Extraction and amplification negative controls were performed for each 
extraction and amplification batch, and sequenced. Taxonomic assignment was conducted using the 
ECOTAG program, combining publicly available sequences and a local database (Pont et al., 2023). 
Only the 44 taxa known to be present in the study area were retained in order to reduce the risk of 
false positives, which gives a richness comparable to that estimated by traditional sampling methods 
in the studied stretch of river with about 50 species (Ramler and Keckeis 2019). For convenience, all 
MOTUs are referred to as species in the text (Section S2). 
Metabarcoding was combined with a real-time quantitative PCR-based estimation of the total 
number of fish eDNA copies in each sample eluate (Pont et al., 2023), using the same “teleo” primers 
as for metabarcoding (Section S1). The total number of fish eDNA copies per aliquot (TOTDNA) was 
defined as the product of this estimate and the ratio of the aliquot volume to the eluate volume and 
was then constant between aliquots of a given sample.”. The number of specific copies in each of the 
12 aliquots for a given water sample was estimated by multiplying TOTDNA by the relative 
abundance of the species-specific sequences obtained after amplification, sequencing and taxonomic 
assignment in each PCR replicate.  
Given that the number of specific eDNA metabarcoding sequences is an acceptable indicator for 
inferring relative population abundance of species (Kelly et al. 2014; Lawson Handley et al. 2029; Li et 
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al. 2019; Pont et al. 2018, Rourke et al. 2021), we considered the degree of rarity of a species in an 
eluate as representative of its rarity in the environment. 

2.2 |Statistical analysis 
The number of eDNA copies per litre for each sample is given by: TOTDNA_L = (TOTDNA * DNAE) / 
(DNAA * V), where V, DNAE, DNAA represent the volumes of the water sample, the DNA eluate and of 
each aliquot. To compare the spatial heterogeneity of TOTDNA_L between sites, we computed the 
dispersion parameter from the negative binomial distributions fitted to TOTDNA_L value for each of 
the three sites (R package MASS, R Core Team 2022). TOTDNA_L was treated as a discrete variable. 
The dispersion parameter indicates the degree of aggregation, smaller the value, higher is the degree 
of clumping, whereas higher value indicates a close to random distribution (Furlan et al., 2016). 
To analyse the relationship between the total number of sequences per PCR (READS) and TOTDNA, a 
linear mixed-effects model (R software, package lmerTest, Kuznetsova et al., 2017) was fitted to 
predict READS as a function of two fixed parameters: TOTDNA and the identity site. Since TOTDNA 
was a repeated measure between PCRs from the same sample, the sample identity was included as a 
random effect.  
We constructed a multispecies occupancy model (MSOM) within a Bayesian framework (R package 
SpOccupancy, Doser et al. 2024) to examine methodological and environmental effects on eDNA 
detection. MSOM have been already used to highlight both methodological and environmental 
effects on eDNA detection (Peixoto et al., 2023). The model decomposed the probability of detecting 
the species at a site into two stochastic components: i) the sampling process resulting in biological 
replicates containing or not the eDNA of the target species, and ii) the PCR process (technical 
replicates), which resulted in a detection probability of the target species given that the eDNA was 
present in the sample. For the sampling process, we treated the site identity as a random factor, and 
two candidate co-variables as fixed effects: TOTDNA and the cumulated sequencing depth across the 
12 PCRs (ESD). For detection probability, the two candidate fixed effects were TOTDNA and READS.  
Rather than using the raw values of ESD and READS, and in order to dissociate these two correlated 
variables, we used the residuals of the two linear regressions between ESD and TOTDNA (ESD_res), 
and between READS and TOTDNA (READS_res) as respective explanatory variables of the sampling 
process and detection components. TOTDNA, READS and ESD variables are log-transformed. 
We ran four MCMC chains of each model for 200,000 iterations, after a burn-in of 100,000 iterations, 
keeping one value on ten per chain, resulting in 40,000 posterior samples for each parameter. We 
assessed model convergence checking the Rhat statistic (Rhat < 1.1), the number of effective samples 
(Neff statistic > 1000) and the traceplots from the parameter samples for each MCMC chain (Gelman 
et al. 2014). There are two candidate variables for each component of the MSOM, which gives a total 
of 16 possible variable combinations when both components are considered (Table S4). The site 
effect is always included as a random factor in the sampling process component. We selected the 
model with the lowest Watanabe-Akaike information criterion value (WAIC, Watanabe, 2010). For 
the selected model, we computed posterior predictive checks (function ppcOcc) to assess its 
goodness of fit (GOF) using a Freeman–Tukey discrepancy statistic (R package SpOccupancy, function 
ppcOcc, Doser et al. 2024). We also examined the correlation between predicted and observed 
effectiveness of species detection and of the cumulated probabilities of detection per species for the 
30 samples. At the species level, we did not considered models for which the Bayesian p-value was 
less than 0.1 or greater than 0.9, showing an absence of fit of the model with the data (Hooten and 
Hobbs, 2015).  
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To better appreciate the influence of each of the explanatory variables (TOTDNA and READS_res), 
and for 1, 6, and 12 PCR replicates, we simulated the detection probability for each species, firstly 
across the observed range of TOTDNA values with READS_res fixed at its mean value, and secondly 
across the observed range of READS_res values with TOTDNA fixed at its mean value. In the second 
case, The READS value corresponding to the mean of READS_res was back calculated using the 
regression of READS against TOTDNA (Figure 1). 
We considered three categories of species depending on the mean relative abundance of their 
sequences: abundant species (≥ 1 %), rare species (≤ 1 ‰ and < 1 %) and very rare species (< 1 ‰). 
The effective limit of detection for each species (LOD, Klymus et al., 2019) for a given number of PCR 
was calculated as the product of the mean relative abundance of the corresponding specific eDNA 
sequences and the TOTDNA value required to achieve a 95 % detection probability.  
To evaluate the impact of PCR replication on the estimated efficiency of species detection 
(cumulative species detection probabilities), we simulated for a number of PCRs ranging from 2 to 12 
the TOTDNA and READS_res values required to detect 95% of the number of abundant, rare, very 
rare species, and all species present in the eluate. 
Similar graphs were established considering volume gradients (V) and TOTDNA_L, ranging from 1 to 
100 L, and from 1,000 to 30,000 copies respectively. For 6 and 12 PCR, and for abundant, rare and 
very rare species, isolines of 95 % of effectiveness of species detection were plotted at levels 
corresponding to the mean, 2.5th and 97.5th percentiles of READS_res distribution (Figure 3, A-C). 
To highlight the influence of the number of biological samples, we simulated the variability of specific 
detection effectiveness for a range of one to five 20 L water samples, with 12 PCR replicates per 
sample (Figure 3 D). Isolines corresponding to a species detection effectiveness of 95% were plotted 
at levels corresponding to the mean, 2.5th and 97.5th percentiles of the READS_res distribution. 
All analyses (see R script, Section S3) were conducted using R Statistical Software (v4.5.2; R Core 
Team 2022). 

3 | RESULTS 

3.1 | Sequencing depth and eDNA copies variability 
TOTDNA_L ranged from 43 to 19,508 DNA copies. L-1 (mean = 4,018) and differed significantly 
(Kruskal-Wallis test, p < 0.001) among the three sites (Table S2). Furthermore TOTDNA_L were more 
clustered at the RA site than at the WA and SW sites, with values for the negative binomial 
distribution dispersion parameter of 1.19, 2.90, and 16.30, respectively, and a bell-shaped 
distribution of TOTDNA_L only at the SW site. For a single PCR replicate, TOTDNA ranged from 8 to 
8,779 copies (median and mean of 369 and 1,541 copies). 
The species found in the negative controls were only human and domestic animals (e.g. chicken, 
turkey, pig, dog and/or cat). After the filtering pipeline, the extraction and PCR negative controls 
were completely clean, and no sequence reads remained in those samples. After bioinformatic 
filtering and species identification, the cumulated number of sequences was 10,972,794 compared to 
14,854,322 initially. The final mean READS value was 31,531 reads (12 to 180,468 reads, Table S2). 12 
PCRs failed to detect any sequences, and 25 PCRs did not generate more than 1,000 reads out of a 
total of 360 PCRs. As all the DNA samples underwent the same laboratory protocol and were 
analysed in parallel, these failures were mainly due to very low eDNA concentration The number of 
PCRs per sample with a READS value over 1000 ranged from 4 to 12 (mean = 10.77). 
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TOTDNA was significantly correlated to ESD and READS with Pearson correlation coefficients of 0.517 
and 0.379 respectively (P < 0.001). The linear mixed model predicting READS as a function of TOTDNA 
and the identity site as fixed parameters (Figure S2) had a substantial explanatory power (conditional 
R2 = 0.52), and with a part related to the fixed effect alone (marginal R2) of 0.16 (see Table S3 for 
model parameters). TOTDNA had a significant positive effect (p < 0.001) whereas the site identity 
was unsignificant (P > 0.05).  

3.2 | Probability of species detection 
Of 44 species detected, 44, 23 and 15 were present at the SW, WA and RA site, respectively. The 
mean specific occurrence per PCR replicate varied between 0.003 and 0.951; and the mean relative 
abundance of specific reads between 0.001 to 21.39 %. 
The MSOM, including only the site identity to the sampling process component and the co-variates 
TOTDNA and READS_res to the detection probability component, had the lowest WAIC (Table S4). A 
second model had also a WAIC value close to this model, but including ESD_res to the occupancy 
component. Following the Ockham’s razor principle, the simplest model was retained. 
The convergence of the parameters was correctly achieved with 1.00 < Rhat < 1.01 and Neff >1000. 
The Bayesian statistics at the community level indicated a correct fit (P = 0.30 and 0.59 between 
samples and replicates, respectively). Furthermore, the predicted and observed number of species 
for each of the 30 samples were strongly correlated (Pearson correlation coefficient = 0.992, P > 
0.001) and the regression coefficients of the linear relationship between these two variables did not 
differ significantly from 0 and 1, respectively (Student's t-test, p > 0.05). At the specific level, 31 of 
the 44 species showed a correct fit with their respective models. Among them, 6, 9 and 16 species 
were abundant, rare, and very rare species. 
The two co-variables had a positive influence on the specific detection probabilities (Figure 1). With 
one PCR replicate and an average value of READS_res, to achieve a probability of detection of 0.95, 
at least 157 copies were needed for abundant species, while few rare species and most very rare 
species did not reach this threshold. With six replicates, all species exceeded 95% detection 
probabilities (Figure 1 left panels) when TOTDNA was over 25, 119 and 480 copies for abundant, rare 
and very rare species, respectively. For one replicate, species LOD values ranged from 0.19 to 81.7. 
The mean LOD values were 13.4, 3.1, 1.8 and 1.2 copies per PCR replicate for one, three, six and 12 
replicates, respectively (Figure S3). 
With only one replicate and a mean TOTDNA value, the specific detection probability responded 
positively to an increase in the sequencing depth but remained below 0.95 for rare species (except 
one) and very rare species. With 6 replicates, most of the rare species reached the detection 
threshold, but 12 PCR were needed to detect most of the very rare species (Figure1 right panels).  

3.3 | Effectiveness of species detection 
With only one PCR, the effectiveness of species detection did not reach 95 % of the maximum 
number of species. For an increasing number of replicates, the required TOTDNA and READS_res 
values to detect 95 % of the total number of species decreased sharply (Figure 2). For the mean value 
of READS_res and with 12 PCR, TOTDNA values needed to reach a 95 % effectiveness for all species, 
very rare, rare and abundant species were 1,476, 2,083, 449 and 95 DNA copies, respectively. 
With 12 PCR, a TOTDNA_L of 5,000 copies. L-1 and a sequencing depth corresponding to the mean 
READS_res value, the water volume needed to reach a 95 % effectiveness of species detection was 
27.1 L, 6.2 L, and 1.6 L for very rare species, rare species, and abundant species, respectively (Figure 
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3, A-C). For low TOTDNA_L (500 eDNA copies. L-1), very rare species were not detected, and water 
volumes of 43.1 L and 9.44 L were needed for rare and abundant species. Abundant species were still 
detected at TOTDNA_L = 50 copies. L-1 for a volume of 25.7 L. For six instead of 12 PCR, the detection 
of common and rare/very rare species requires volumes approximately 1.2 and 2 times larger, 
respectively.  
Regarding the number of 20 L samples required to achieve a species detection efficiency of 95% 
(Figure 3D), one and five samples were needed for a TOTDNA_L value of approximately 100 copies L⁻¹ 
for abundant and rare species, respectively. For very rare species, this threshold was reached only at 
a TOTDNA_L value of around 1,500 copies and with a total of five samples. 

4 | DISCUSSION 
Our READS and ESD values are in good agreement with published values (Singer et al. 2019; dos 
Santos and Blabolil 2025) and are positively correlated with TOTDNA. This result seems to contradict 
the generally accepted idea that metabarcoding PCR tends to generate a number of sequences 
independent of the initial amount of DNA (Kelly et al. 2019). However, classical sequencers like 
NextSeq are known to be less capable of sequencing low abundance eDNA (Singer et al. 2019). The 
higher correlation between TOTDNA and ESD at the sample level confirms the link between numbers 
of eDNA copies and highlights the high variability of the amplification process across PCR replicates. 
The detection component of the MSOM demonstrates the positive influence of TOTDNA and READS 
on species detection whereas the sampling process component depends primarily on the site effect 
and secondarily on ESD, although the latter variable does not improve the model's predictive 
performance. Twelve of the thirteen species with poor model fit were present at all three sites, and 
all were observed in 70 % to 100 % of the water samples (average 91 %). Such unbalanced data, 
combined with a limited number of samples, are known to affect the estimates of logistic models 
(Lange, 2024). For correctly modelled species, our specific LOD values are similar to those examined 
by Klymus et al. (2019), with a mean value for one PCR of 13.4 and 14.7 eDNA copies, respectively, 
and values below 1.5 copies beyond eight PCRs. 

4.1 |Technical replication and eDNA copies per aliquot 
TOTDNA and ESD have different impacts on detection by metabarcoding (Anmarkrud et al. 2025): the 
first is related to the abundance of eDNA in the environment and the sampling effort whereas the 
second is reflecting the efficiency of the amplification (ESD) and the replication effort.  
PCR replication is the classic method for improving the detection of rare species, requiring a larger 
number of sequences than for abundant ones (Strickland and Roberts 2019, Shirazi et al. 2021). Our 
results suggest that, for an initial average TOTDNA value of around 1,500 eDNA copies, more than six 
PCRs are required to detect very rare species, leading to ESD values of 189,000 and 379,000 for six 
and twelve PCRs, respectively. Several authors have previously recommended such a high number of 
PCR replicates (Ficetola et al. 2015, Dopheide et al. 2029), far exceeding the median observed in 
recent metabarcoding literature (Table S1). It is worth noting that a significant proportion of PCRs 
typically fail (10% in this study) and increasing their number provides also a safety margin. 
Furthermore, the use of the next-generation NovaSeq sequencer, which generates a very large 
number of reads, would improve ESD without increasing the number of PCR replicates (Singer et al. 
2019). 
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The combination of the amount of TOTDNA copies, READS and PCR replication determines the 
effectiveness of species detection. For fewer than five replicates, only the highest TOTDNA/READS 
pairs are sufficient to detect 95 % of the total number of species. For a mean READS value, and even 
with 12 PCRs, a TOTDNA value below 1,500 copies will lead to an underestimation of the total species 
richness. This threshold is of 2000 eDNA copies for very rare species, but 4 and 20 times lower for 
rare and abundant species, respectively. For a given READS and replication effort (analytical 
conditions), TOTDNA is the main factor determining the effectiveness of species detection in a 
metabarcoding experiment and is itself governed by the eDNA concentration in the environment, the 
sample volume and the aliquot/eluate volume ratio. 

4.2 | Water volume and number of biological samples 
Previous studies already showed that a combination of large volume and/or multiple eDNA samples 
are needed to each 95 % effectiveness of species detection, for example ten 2 L samples in lakes 
(Sellers et al. 2024), 5 to 10 $ L samples in rivers (Van Driessche et al, 2024). In a highly diverse 
tropical river, only 64 % and 71 % of species were detected in a tropical river with water volumes of 
34 L and 68 L (Cantera et al. 2019). Smaller water volumes (1 or 2 L) lead to fewer species detection 
(Bessey et al. 2020). When only targeting common marine fish species, 8 L sample are recommended 
(Stoeckle et al. 2022), but 10 water samples of 10 or 20 L were collected to detect the most common 
species in deep sea water (Yoshida et al. 2023). Detecting rare species when the targeted eDNA is 
likely to be scarce require sample volume over 2 L (Cantera et al. 2019; Sepulveda et al. 2021), or 
seven time higher than for an abundant species (Peixoto al. 2023). Our results highlight the 
importance of TOTDNA_L for optimizing sampling effort based on species rarity. Even for a high 
effective sequencing depth of approximately 380,000 reads per sample, more than around 2000 
eDNA copies per aliquot are required to detect very rare species. This threshold is lowered by a 
factor of around 4 and 20 for rare and abundant species, respectively. These results have significant 
implications for sample volume and number, with values ranging from 1 to over 100 L per sample 
(i.e. from one to more than five 20-liter water samples) depending on TOTDNA_L and the relative 
abundance of the species-specific sequences. But the increasing number and size of water sample 
have their own limitations. The volume filtered per water sample is very often limited due to filter 
clogging or the specificity of the environment studied (Dan et al. 2024), and collecting a larger 
number of biological samples is cost and time-consuming. 
Water volume and the number of biological samples both improve the effectiveness of species 
detection (Anmarkrud et al. 2025; Macher et al. 2021), but their impacts differ. A larger water 
volume increases the total number of eDNA copies collected, while, for a similar total water volume, 
a greater number of biological replicates could improve the representativeness of the fish 
community, if eDNA is unevenly distributed across the study area (Harper et al. 2019; Peixoto et al. 
2023). From this perspective, eDNA sampling presents similar challenges to those of traditional 
sampling techniques (Shelton et al. 2016, Stein et al. 2014). However, unlike most traditional 
sampling methods, the spatial distribution of eDNA within a water body is controlled not only by the 
distribution of target species, but also by a combination of processes regulating its transport, 
degradation rate, and sedimentation rate (Pont, 2024; Shogren et al. 2018; Wilcox et al. 2016). 
Regardless of the abundance of the target fauna, eDNA produced in lentic water tends to persist 
longer in the water column or become trapped around aquatic plants (Harper et al. 2019). The 
absence of current and a higher habitat diversity also increases the spatial heterogeneity of its 
distribution and reduces its dispersal (Li et al. 2019). Conversely, in free-flowing environments, only 
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recently released eDNA is present in the water column and turbulent flow tends to homogenize its 
spatial distribution (Evans et al. 2017; Wang et al. 2021). Collecting surface water samples from one 
bank to the other allows for integrated spatial sampling of the stream's cross-section with only one 
or two large-volume water samples (Pont et al. 2023).  

4.3 | False positive 
Furthermore, the detection of rare species presents an increased risk of false positives. Broadly 
speaking, a false positive refers to the detection of eDNA in a water sample when the species is not 
present at the site, due to: i) contamination / error during sampling or analysis; and ii) the presence 
of eDNA in a water sample when the target organism has not been observed at the site due to eDNA 
transport from a distant source or to the rarity of the organism (Barnes et al. 2014, Darling et al. 
2020; Pont et al. 2024). It is also worth noting the base rate error, which means that confirming the 
presence of rare species at a site requires significant sampling and analysis effort (Darling et al., 
2020). Considering the detection of a species only in a single PCR replicate and/or with a low number 
of reads as a false positive is a classic approach, but it also eliminates true positives that are present 
only at low frequencies in the eDNA sample (Pont et al., 2018; Shirazi et al., 2021). Comparison with a 
traditional long-term survey is a reliable method for confirming the actual presence of a rare species 
detected by eDNA. In the absence of such capture data series, the probability of a true local 
occurrence remains uncertain (Jerde, 2021; Song et al., 2020). 
Our recommendations related to the sampling and analytical efforts had several limitations. Among 
them, the relationship between TOTDNA, sample volume and ESD depends on the proportion of non-
informative reads, which is itself linked to the composition of the water sample (PCR inhibition due 
to co-extracted substances...), eDNA quality, primer selection and  the analytical procedure (Jane et 
al. 2015; Collins et al. 2019; Sims et al. 2014). Also, as previously mentioned, a highly aggregative 
distribution of species-specific eDNA could lead to a lower detectability than expected for a given 
sampling effort (Furlan et al. 2016). Nevertheless, PCR is essentially a stochastic process that can be 
described by probability distributions, even though amplification imperfections affect the results 
(Weusten & Herbergs 2012; Shelton et al., 2013); the order of magnitude we recommend for the 
minimum total number of target-species DNA copies per aliquot can therefore be considered 
applicable to a wide range of situations. 
Moreover, we hypothesize that there is a positive relationship between eDNA concentrations and 
the abundance of focal species (Rourke et al. 2021), even if many other factors can affect fish release 
DNA rate into the water (Wang et al., 2021). Our MSOM model relied on the assumption that 
detection probabilities for rare species are comparable to those for non-rare species; an assumption 
potentially biased by species-specific traits that make certain species difficult to detect. However, 
among the 44 species of our study, we found no link between rarity and eight ecological and 
biological species traits (Table S5). Also, no clear link between species rarity and their traits emerges 
from a large dataset compiling traditional electrofishing samples covering most of French river types 
(Table S6). Nevertheless, the possibility of such an underestimation of elusive species in certain local 
situations cannot be ruled out. Comparative studies using varying for their eDNA primer, 
metabarcoding workflow, and conducted in diverse aquatic environments would be particularly 
useful for confirming our recommendations. 
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4.4 | Conclusion 
The scarcity of extra-organismal eDNA is one of the main limitations of current metabarcoding 
methods, making it difficult to detect rare species and accurately assess biodiversity patterns 
(Stoeckle et al., 2022). Our results demonstrate that abundant species are easy to detect even with 
reduce sampling and analytical effort. Given sufficient replication effort (6 to 12 PCRs per sample), 
the detection efficiency for rare species/very rare species depends largely on the number of target 
eDNA copies in each aliquot subjected to amplification and sequencing; this number being 
determined by the concentration of target eDNA in the environment, the sample volume and 
number, and the aliquot volume. Detecting very rare species would require a very high total eDNA 
concentration per litre, combined with a considerable sampling effort. In practice, detecting rare 
species appears to be a reasonable objective. 
Then, when targeting such rare species, sampling strategy and analytical effort must be tailored to 
each local situation. Collecting a few water samples from a water body to estimate total fish eDNA 
concentration prior to a metabarcoding sampling campaign would allow for the optimization of the 
water volume filtered per sample; the goal would be to obtain an eluate suitable for preparing 
aliquots containing one to several thousand copies of total fish eDNA. Furthermore, the variability in 
total eDNA concentration estimated from these "pre-samples" could provide a rough estimate of the 
spatial heterogeneity of eDNA distribution and help strike the right balance between sample volume 
and the number of biological samples. It would also be possible to adjust the volume of each aliquot 
based on the estimated total number of eDNA copies present in the eDNA eluate. Finally, the 
development of portable thermal cyclers for on-site qPCR analysis would enable rapid estimations of 
TOTDNA_L at a low cost (Shrestha et al., 2026). 
Although comprehensive inventories of aquatic biodiversity using eDNA metabarcoding remain 
unattainable with metabarcoding method (Shirazi et al., 2021), we anticipate that our 
recommendations will enhance the detection of rare species and support more effective biodiversity 
monitoring. 
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FIGURES CAPTIONS 
Figure 1. Simulation of the species-specific detection probabilities as a function of the total number 
of DNA copies per each PCR aliquot (TOTDNA, left panel) and the number of reads per PCR (READS, 
right panels), per one, six and twelve PCR replicates. For each graph, lines represent the probability 
of detection of species belonging to one of the three relative abundance class of the total number of 
sequences (READS): black: ≥ 1 % (abundant species), blue: 1 ‰≤ <1 % (rare species), red: < 1 ‰ (very 
rare species). Horizontal line: detection probability of 0.95. 
 
Figure 2. Effectiveness of species detection as a function of total DNA copy number per PCR 
(TOTDNA) and the residuals of the linear regression between the total number of reads per PCR 
(READS) and TOTDNA (READS_res). Isolines (red lines) along which the ratio of cumulative specific 
detection probabilities is 95 % of the total number of species for two (upper red curve) to twelve PCR 
replicates (lower red curve). Mean (solid line) and median (dashed line) values of TOTDNA. A: all 
species; B: very rare species (relative abundance of species-specific sequences < 1 ‰ of READS); C: 
rare species with (≥ 1 ‰ and <1 %); D: abundant species (≥ 1 %). 
 
Figure 3. Effectiveness of species detection as a function of total DNA concentration per litre 
(TOTDNA_L) and volume /number of samples.  
Figure 3 A to 3 C: Water volume versus TOTDNA_L for very rare species (relative abundance of 
species-specific sequences < 1 ‰), rare species (≥ 1 ‰ and <1 %), and abundant species (≥ 1 %) 
respectively. Isolines along which the ratio of cumulative specific detection probabilities is 95 % of 
the total number of detected species for six (orange) and twelve (black) PCR replicates. 
Figure 3 D: Number of 20 L samples versus TOTDNA_L for very rare species (relative abundance of 
species-specific sequences < 1 ‰, red lines), rare species (≥ 1 ‰ and <1 %, green lines), and 
abundant species (≥ 1 %, blue lines) respectively. 
Isolines along which the ratio of cumulative specific detection probabilities is 95 % of the total 
number of detected species for twelve PCR replicates. 
Isolines are drawn for an effective sequencing depth corresponding to the mean (solid lines), and to 
the 2.5 % and 97.5 % percentiles of the READS_res distribution (dashed lines). READS_res is the 
residuals of the linear regression between READS and TOTDNA.  
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Figure 2 
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Figure 3 
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