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How to limit false positives in environmental DNA and
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Environmental DNA (eDNA) and metabarcoding are boosting our ability to acquire data on species distribution in a
variety of ecosystems. Nevertheless, as most of sampling approaches, eDNA is not perfect. It can fail to detect species
that are actually present, and even false positives are possible: a species may be apparently detected in areas where it
is actually absent. Controlling false positives remains a main challenge for eDNA analyses: in this issue of Molecular
Ecology Resources, Lahoz-Monfort et al. (2016) test the performance of multiple statistical modelling approaches to
estimate the rate of detection and false positives from eDNA data. Here, we discuss the importance of controlling for
false detection from early steps of eDNA analyses (laboratory, bioinformatics), to improve the quality of results and
allow an efficient use of the site occupancy-detection modelling (SODM) framework for limiting false presences in

eDNA analysis.
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When new approaches are at their infancy, there is a
crucial need of methodological developments. The study
of environmental eDNA, and the closely related
metabarcoding, is quickly rising approaches for biodi-
versity analyses, and attract a growing interest. For
instance, in 2013 just 2% of studies published by Molecu-
lar Ecology Resources focused on new developments rel-
evant to metabarcoding or eDNA: the figure rose to 5%
in 2014, to 10% in 2015, and will probably increase in
2016. New developments are flourishing in disparate
directions, from the application of eDNA analyses to
new substrates, to the optimization of laboratory toolkits
and the development of new bioinformatics tools.
Nevertheless, some paths remain less explored. Field
ecologists have always been aware that observations in
nature are prone to detection mistakes: even if we survey
a site multiple times, there are species that are present
but may remain undetected. Even worse, we may go to
the field, spot a bird and make an identification mistake.
How can we account for such errors? Since the early
2000s, biostatistics has developed techniques allowing to
take into account imperfect detection and, more recently,
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false detections (MacKenzie et al. 2006; Royle & Link
2006; Miller ef al. 2011), but the first integration of these
approaches with eDNA was only published in 2013 (Sch-
midt et al. 2013), and these tools remain underexploited
in most eDNA studies. Until now, the application of
SODM to environmental DNA has generally used stan-
dard approaches, developed for traditional ecological
surveys. However, eDNA studies have specific features
that may violate assumptions of some SODM analyses.
The study by Lahoz-Monfort et al. (2016) is a new step to
improve SODM analyses applied to eDNA, as it identi-
fies the limitation of some SODM analyses performed
until now, and discusses approaches that can provide
more accurate estimation of detection probability, occu-
pancy and (remarkably) false positives from eDNA data.

eDNA and metabarcoding give us the possibility of
detecting taxa that remain unspotted using traditional
approaches. Unfortunately, false positives may occur for
multiple reasons, such as contamination during sam-
pling or during laboratory work, PCR or sequencing
errors (Ficetola et al. 2015). The ‘cost’ of a false positive
may be particularly high. For instance, ancient eDNA
can be used to reconstruct the history of agriculture
(Giguet-Covex et al. 2014), but domestic animals and
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cultivated plants are often contaminating PCR reagents
and kits (Champlot et al. 2010). False positives, leading
to the conclusion that a given domestic species was
exploited in an area centuries before its actual introduc-
tion, may undermine the overall confidence in eDNA to
track environmental changes (Weif3 et al. 2015). Similarly,
if we use eDNA for the detection of invasive species, and
falsely state its presence in a given area, resources may
be wasted in the attempt of eradicating absent species.

In standard ecological analyses, the route from field
surveys to a matrix of detection/nondetection is rela-
tively straightforward, while more steps exist in eDNA
research: a series of procedural and quality control mea-
sures must be adopted through all these steps to limit
false-positive impact (Fig. 1). First, in the laboratory, it is
essential to use an appropriate experimental setup, by
following strict procedures to avoid contamination
(Champlot et al. 2010), but also keeping controls and
blanks at all the steps (extraction blanks, negative PCR
controls, positive controls), which may later provide
measures of the actual levels of contamination (De Barba
et al. 2014). Furthermore, multiple analyses on the same
sample are needed to obtain measures of reliability of
results (e.g. Ficetola et al. 2015). Second, appropriate
bioinformatics analyses are needed to translate the
results of laboratory experiments into exploitable infor-
mation on species distribution (Fig. 1c). Such phases are
important for eDNA studies using approaches such
as QPCR, but are even more critical for metabarcoding,
as next-generation sequencing (NGS) results in millions
of reads that must be appropriately treated to remove
PCR and sequencing errors, chimaeras, sequences
observed in just a few reads and so on. The application
of all these steps ideally leads to matrices of species pres-
ence/absence (or, whenever possible, abundance; Evans
et al. 2016). Nevertheless, false positives may still be pre-
sent. Until now, ad hoc procedures have been proposed,
such as not considering species detected in just one (and
sometimes two) PCR replicates. However, the ad hoc
removal is subjective, and may lead to severe underesti-
mation of species occurrences. Lahoz-Monfort et al.
(2016) demonstrate the performance of two approaches
for the joint estimation of occupancy, detection
probability and rate of false presences from eDNA data.

Sometimes, unambiguous data can be obtained in a
subset of sites through different methods (e.g. direct
observation). In this case, the combination of eDNA with
such unambiguous data allows estimating the rate of
false presences (Miller et al. 2011). This approach is pow-
erful, and can for instance help when eDNA is used to
search for a target species in water, as some direct obser-
vations are possible. Nevertheless, unambiguous
detections cannot be obtained for some typologies of
eDNA studies. For instance, eDNA metabarcoding is
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Fig. 1 Procedures to control for false positives at different steps
of the environmental DNA (eDNA) and metabarcoding pipe-
line. From sampling to data, eDNA analysis requires more steps
than traditional surveys: each step is a potential source of errors.

often used to analyse environmental samples for which
traditional methods are challenging (e.g. microbiota,
ancient environments, soil organisms), thus hampering
the access to confirmatory data.

In such case, the generalized occupancy models
developed by Royle & Link (2006) may be the best choice
to successfully estimate false-negative and false-positive
errors, because they do not require true detections
data. Nevertheless, this approach is not without prob-
lems (e.g. may confound heterogeneity in detection and
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false-positive errors; Royle & Link 2006). Furthermore, to
apply these models we must assume that false detection
rate is smaller than true detection rate: this precludes
their application for species that are frequent contami-
nant. The only way to undoubtedly qualify (or exclude)
a species as a contaminant is to set up a full set of con-
trols and blanks at all the experimental steps. Further-
more, if laboratory practices are not sufficiently strict,
the number of contaminants increases, thus multiplying
the species that are not analysable. In practice, as the
Royle & Link (2006) models are used at the last step of
the eDNA pipeline, their efficiency is strongly linked to
the application of an appropriate molecular procedures
at the previous steps.

How can these approaches help answer our question?
Reliable estimations of detection probability and rate of
false detections can be used in multiple ways. First,
when we use eDNA data for ecological inference (e.g.
relationships between environmental features and biodi-
versity metrics), information on detection probability
and false presences can be directly integrated into regres-
sions or multivariate models (Royle & Dorazio 2008).
Until now, this approach is rarely used, but would allow
more accurate inferences. Furthermore, in many cases
the question remains the same: is this fish species present
in this lake? Even combining the most advanced tools,
we still have uncertain cases, such as when we have spo-
radic detection of a target species just in one of many
replicated samples from a given site (Jerde & Mahon
2015). If our estimations of false presences are correct,
we can use them to calculate how many positives we
need, to be confident that we do not falsely identify our
fish as present at a site where it is absent (Box 1).

Approaches to control for false positives are quickly
improving, still there are many areas where methodolog-
ical advancements are needed. For instance, until now
biostatistics has been applied to detection/nondetection
matrices, obtained from sequences produced by NGS
(Fig. 1d). How many NGS reads are needed to consider
that a species have been detected by PCR? We know that
species with just one (singletons) or two reads in one
sample are probably artefacts, but if sequencing depth is
high in some cases we can find tens of reads, assigned to
absent species (De Barba et al. 2014; Elbrecht & Leese
2015). Providing rules-of-thumb is impossible, and
perhaps appropriate analyses can help us to better trans-
form NGS reads into community information. Second,
eDNA data have a highly hierarchical nature (multiple
samples per site, multiple PCRs per sample, etc.), but
multiscale SODM taking into account false presences are
yet to be developed (Lahoz-Monfort ef al. 2016). Third,
currently available SODM can use ‘confirmed presences’
as unambiguous data to better estimate false presences.
In metabarcoding analyses, we sometime have ‘con-

Box 1. How many positives do we need, to avoid stating
that a species is present at a site where it is actually absent?

Let pyo be the false-positive rate and K the number of
replicated analyses on one sample. Say that we con-
sider that a taxon is present if detected in at least i
PCR replicates from the same sample. The probability
of falsely stating that a taxon is present where absent
can be calculated using the binomial distribution as
the probability of obtaining at least i positives with
probability pyo, in K Bernoulli trials:

k

Pr(x > i|sitenotoccupied) = Z (l]() X P]io x (1 —Plo)kij
=i

For instance, imagine that a fish species is absent
from a given site, but it has a false-positive rate of
0.02. In this case, the probability of detecting false
positives in 1 of 8 replicates is 0.149, the probability of
detecting false positives in 2 of 8 replicates is 0.01,
and the probability of detecting false positives in 3 of
8 replicates is 0.0004. In this case, we would need 3
independent positives to be highly confident on spe-
cies occurrence.

Alternatively, instead of establishing presence/ab-
sence categorically, we can compute the probability
that the species is present given the observed number
of detections (x), and the estimated probabilities of
occupancy (), true detection (p11) and false detection
(p10) (eql in Lahoz-Monfort et al. 2016):

Pr(site occupied |x)

yph (1 —pn)

T — )+ (1= 91— pro)

firmed false presences’, such as the contaminants
detected in the controls, which might perhaps inform
SODM about the frequency of false presences. We hope
that growing collaboration between ecologists, molecular
biologists and biostatisticians will allow solving these
and the many forthcoming challenges.
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