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Highlights
Environmental genomics targeting
microbial communities offers an accu-
rate and cost-effective alternative to
conventional biomonitoring based on
large-size morphologically identified
bioindicators.

Machine learning algorithms are the
most promising approach to establish
a new routine biomonitoring frame-
work because they allow bypassing
the current biological and technical
limits.

Microbial metabarcoding combined
with machine-learning approaches will
allow scaling-up both spatial and tem-
poral resolution for larger and more
ambitious biomonitoring programs.
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Genomics is fast becoming a routine tool in medical diagnostics and cutting-
edge biotechnologies. Yet, its use for environmental biomonitoring is still
considered a futuristic ideal. Until now, environmental genomics was mainly
used as a replacement of the burdensome morphological identification, to
screen known morphologically distinguishable bioindicator taxa. While pro-
karyotic and eukaryotic microbial diversity is of key importance in ecosystem
functioning, its implementation in biomonitoring programs is still largely unap-
preciated, mainly because of difficulties in identifying microbes and limited
knowledge of their ecological functions. Here, we argue that the combination of
massive environmental genomics microbial data with machine learning algo-
rithms can be extremely powerful for biomonitoring programs and pave the way
to fill important gaps in our understanding of microbial ecology.

Biomonitoring Aquatic Environments in a Changing World
Aquatic ecosystems, including coastal waters, rivers, and lakes, provide numerous ecosystem
services. These include, for example, aquaculture, fisheries, transportation, power generation,
water supply for agriculture and human consumption, pollution dilution, exploitation of natural
resources such as oil and gas, and numerous cultural and recreational services [1,2]. Due to the
ever-growing anthropogenic pressures on aquatic ecosystems, their ability to sustain ecologi-
cal communities and ecosystem services can be severely impacted [1,3]. Because there is a
trade-off between acceptable environmental impact of ecosystem exploitation and socioeco-
nomic benefits, international regulatory systems for sustainable industrial development with
minimal environmental impacts are in place worldwide [2,4]. These regulatory systems are laid
down in a variety of national and international directives governed by different national and
international authorities. The backbone of environmental monitoring programs for aquatic
habitats is the biological component (Box 1) [5,6]. Biological indicators are affected by the
total range of environmental parameters that they are exposed to. As opposed to chemical and
hydrological monitoring techniques [7], which provide an environmental quality snapshot,
biological indicators provide a cumulative measure of ecosystem health resulting from the
combined responses of these communities to all of the disturbances that they have been
experiencing [3,8].

The Conventional Morphology-Based Biomonitoring Tools
Based on the well-studied predictable response of biological quality elements (BQEs) (see
Glossary) to environmental changes, several biotic indices (BIs) for the assessment of
ecological quality status (EQS) were developed and are applied worldwide to monitor
aquatic habitats according to national and international regulations (Figure 1, Key Figure; Box
1). In marine coastal environments, the BIs – such as AMBI, NSI, BENTIX [9–11] – are based on
benthic macrofauna composition. In freshwater ecosystems, the commonly targeted groups
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Glossary
Biological quality elements
(BQEs): a selection of taxonomic
groups which are used for the
assessment of ecological quality
status (EQS). Depending on the
water body type, the BQEs include
‘phytoplankton’, ‘diatoms’, ‘aquatic
flora’, ‘macroalgae and
angiosperms’, ‘benthic invertebrates’,
and ‘fish fauna’.
Biotic indices (BIs): continuous
biological metrics that classify an
environment based on taxonomic
richness, composition, abundance,
and ecological functions, in
comparison to reference conditions.
Ecological quality status (EQS)
assessment relies on those BIs and
includes several ordered classes,
usually from ‘poor’ to ‘high’.
DNA barcoding: a molecular
method that uses a short genetic
marker, that is taxonomically
informative, to identify a particular
species.
Ecological quality status (EQS):
discrete variables, usually ordered
from ‘poor’ to ‘high’, that refer to the
‘ecological quality’ of a water body.
Environmental DNA (eDNA)
metabarcoding: diversity survey of
PCR-selected taxa present in
environmental DNA samples, through
high-throughput amplicon
sequencing.
Environmental RNA
metatranscriptomics: high-
throughput sequencing of
retrotranscribed RNA. Unlike
metabarcoding, there is no
taxonomic selection, and it provides
a snapshot of the functional activities
at the time of sampling.
Indicator value (IndVal): quantify
the fidelity and specificity of a
species in relation to an individual or
a set of environmental parameters.
Morphospecies: a pragmatic and
operational definition of closely
related individuals sharing similar
morphological traits.
Operational taxonomic unit
(OTU): a cluster of similar DNA
sequences, obtained from
metabarcoding data, that are
considered as a proxy for molecular
species.
Polymerase chain reaction (PCR):
a molecular biology technique used
to exponentially amplify a single copy
or a few copies of a specific

Box 1. Biomonitoring and Biotic Indices

The backbone of environmental monitoring programs is the biological component [5,6]. Accordingly, the ecological
status of surface waters is classified by using biological quality elements (BQEs) as key factors by the European Union
(Water Framework Directive, WFD, Directive 2000/60/ECi and Marine Strategy Framework Directive, MSFD, Directive
2008/56/ECii), by the USA (the Clean Water Act of the US Environmental Protection Agencyiii) and by the United Nations
Convention on the Law of the Sea (UNCLOS)iv. Biological indicators are affected by the total range of environmental
parameters to which they are exposed. In comparison with chemical and hydrological monitoring techniques [7], they
provide a cumulative measure of ecosystem health resulting from the combined responses of these communities to all
of the stresses that they are exposed to [8]. Therefore, the use of biological communities to measure ecological quality is
recognized as being a more effective and integrative way than the use of physicochemical variables alone [91,92].
Bioindicator systems are based on the predictable response of specific non-opportunistic organisms to physicochem-
ical changes of the environment. In aquatic ecosystems, traditionally, fish and amphibians, macroinvertebrates,
macrophytes, and diatoms are used as bioindicators. Typically, the identification of a bioindicator is based on significant
correlations between a specific organism and a set of environmental variables. Based on the direction and strength of
this relation and the characteristics of the environmental parameters, the bioindicator is usually assigned an indicator
value (IndVal) [93] or an ecological weight or category [9]. The IndVal and the (relative) abundance of bioindicators
present in a biological community are the basis for the calculation of a biotic index (BI) for ecological quality status (EQS)
assessments of a specific habitat. A multitude of BIs has been developed and applied in recent decades, which are
highly specialized for a particular type of environment, environmental stress, geographic region, and national legislative
requirements [3].
are fish, macroinvertebrates, and diatoms [3,12]. The calculation of BIs relies mainly on
morphotaxonomic identification of collected BQEs and their abundances [13]. As summarized
previously [13–16], this traditional approach has a number of substantial shortcomings: (i) the
biodiversity changes are monitored based on a limited number of morphologically identifiable
taxa; (ii) accurate diagnostics of species and their abundances is hampered by a combination of
variable taxonomic skills and numerous cryptic species, that is, undifferentiated morphologies,
damaged specimens, and unidentifiable early-life stages [17–19]; and (iii) morphological iden-
tification is labor intensive and requires specialized experts in taxonomy [17]. This leads to long
time lags between sampling and reporting of results, high costs, and a slow, nonautomatable
sample throughput. Moreover, taxonomic expertise for species identification is declining
worldwide, and so is the ability to train new experts in this field. Because relatively small
numbers of samples can be processed due to these constraints, the traditional monitoring
approach has low upscaling potential to detect significant biodiversity changes and to mirror
the quality of the whole ecosystem under study.

As a result of the growing human pressure on aquatic ecosystems, an increasing demand for
monitoring campaigns, and the shortcomings of morphology-based species identification,
regulating agencies have highlighted the need to develop more cost-efficient, faster, and
reliable tools for EQS assessments of aquatic habitats [20]. Hence, environmental genomics
tools represent a promising alternative to morphology-based methods to screen bioindicators
and meet these requirements.

The Challenges of Inferring Biotic Indices from Metabarcoding Data
The development of DNA barcoding and environmental DNA (eDNA) metabarcoding
prompted the use of DNA sequences rather than morphology to identify species in biomonitor-
ing surveys [21,22]. This led to a series of studies that explored the potential of metabarcoding
for the detection of pollution gradients and for the inference of conventional BIs. The results of
these studies showed that metabarcoding data provide a discriminatory power comparable or
superior to morphology in terms of correlating community structure with environmental param-
eters [23–27]. Furthermore, several studies inferring BI from taxonomically assigned meta-
barcoding data showed that the obtained EQS assessments significantly correlate with the
ones obtained by the traditional morphology-based approach. This is exemplified in both
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segment of DNA to generate millions
of copies of a particular DNA
sequence.
marine [28–30] and freshwater [31–33] environments. These pilot studies concluded that
metabarcoding offers a relatively accurate and cost-effective alternative to morphology-based
biomonitoring.
Key Figure

Routine Biomonitoring of Freshwater and Marine Ecosystems as Currently Implemented in Reg-
ulations and Ongoing Transition towards a DNA-Based Approach

?

?

Figure 1. In both environments, biodiversity monitoring currently relies on the morphological identification of known bioindicator taxa. The question marks in the boxes
illustrate the difficulties encountered in using environmental genomics to screen these taxa.
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However, these studies also raised several issues that impede a perfect match between BIs
inferred from morphology-based surveys and metabarcoding data. Both methods are subject
to different biases affecting richness, abundance, and taxonomic composition, which are the
principal components of conventional BIs (reviewed in [13]). The richness of operational
taxonomic units (OTUs) is not analogous to morphospecies richness, due to cryptic
diversity, intragenomic variation, or the presence of eDNA from dead or inactive organisms
[25,34]. The abundance derived from sequence data is influenced not only by the number of
individuals but also by the number of cells for multicellular organisms and the copy number of
the marker gene in the genomes, which is known to vary widely among eukaryotes [35,36] and
to a lesser extent for prokaryotes [37,38]. The taxonomic composition retrieved from meta-
barcoding data can be biased by the specificity of PCR primers and may suffer from a strong
sampling effect due to the fact that DNA extractions are typically performed on small amounts
of material, making the large-size organisms not well represented in eDNA extracts [39].

Another challenging issue is related to the incompleteness of the reference database, which
impedes the assignment of a large part of sequences. Despite sustained efforts to complete
DNA barcode databases [40–43], there are still many bioindicator species that have not been
sequenced yet. This results in large number of OTUs that remain unclassified or that cannot be
taxonomically classified to the depth required for EQS assessments, which usually corre-
sponds to the species or genus ranks. The importance of this issue varies greatly between
geographical and ecological regions, taxonomic groups, and molecular markers [44–46]. The
proportion of unassigned sequences may reach 90%, depending on the specificity of the
selected marker [28,47]. Usually, it is lower if the molecular marker targets specifically one
taxonomic group, such as diatoms and ciliates, but even in this case, often less than 50% of
sequences can be taxonomically assigned due to the gaps in reference databases [31,48].
Altogether, such results may challenge the practical usefulness of metabarcoding as they do for
routine biomonitoring because the majority of generated data remain of limited use for EQS
assessment, although the development of OTU-based BIs could partially alleviate this issue
(see below).

A Plea for Using Microbial Communities in Biomonitoring
The potential of microorganisms to be used as bioindicators has long been recognized, albeit
with different applications for prokaryotic and eukaryotic biomes. High environmental sensitivity
and short generation times make them particularly responsive to environmental disturbances,
while their functional importance, ubiquity, small size, and high abundance contribute to the
technical feasibility and ecological relevance of using them for routine biomonitoring [49], which
indeed has already been suggested [13,16]. However, only microbial taxa with species that can
be distinguished morphologically are currently used as bioindicators, including diatoms [50,51],
foraminifera [52,53], ciliates [54,55], and some bacterial groups [56,57]. Other microbial taxa
are largely ignored in conventional biomonitoring surveys because it is too challenging to
identify them morphologically and because of the lack of knowledge about their ecological
function.

Pilot metabarcoding studies have confirmed the utility of microbial communities for the
assessment of ecological impacts. Numerous studies demonstrated the accuracy of the
metabarcoding approach to screen conventional microbial bioindicator taxa, such as diatoms
[31,32,58–60], foraminifera [24,61–63], and ciliates [48]. Other studies reported changes
associated with an anthropogenic impact in global eukaryotic [23,27,64,65] and prokaryotic
[27,66–69] diversity surveys. Those molecular studies that compared the response of different
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taxonomic groups showed that protist or bacterial communities are often as efficient as large-
size organisms when used as proxies to detect environmental impacts [25,27].

In view of these studies, we argue that a focus on microbial diversity that largely dominates
most ecosystems, and is readily captured by molecular protocols, is likely the best option at
hand to perform efficient next-generation biomonitoring. This avenue would indeed overcome
both the mismatches of morphological and molecular approaches and the issue of low
representativeness of large-size organisms in metabarcoding data. However, it raises another
issue related to the interpretation of microbial community data from the EQS assessment
perspective, namely that such interpretations require a certain knowledge of the ecological
function of identified microbial taxa, which is generally unavailable for most microorganisms. It
has been proposed that this issue could be solved by using published reports of mainly higher
ranking microbial taxa (e.g., microgAMBI, [70,71]). However, such approaches ignore that
distinct ecological adaptations often exist at lower taxonomic ranks, even at the resolution of a
single-nucleotide variation [72]. To amend our knowledge regarding ecological signals of
microbial OTUs, and to overcome the incompleteness of sequence reference databases,
alternative ‘taxonomy-free’ sequence-centered approaches have been proposed recently.
Apothéloz-Perret-Gentil et al. [60] proposed to give autoecological values to benthic diatom
OTUs based on their occurrence in samples of known ecological status. Keeley et al. [68]
pioneered a similar approach, deriving a ‘multitrophic metabarcoding biotic index’ combining
the use of prokaryotes and total eukaryotes. Keck et al. [73] envisioned using phylogenetic
analyses to impute ecological profiles to diatom OTUs, assuming a niche conservatism. Finally,
Cordier et al. [74,75] suggested that BI values be predicted by using supervised machine-
learning (SML) algorithms (Figure 2).

Combining Environmental Genomics with Machine Learning
In our opinion, machine-learning algorithms (Box 2) are the most promising approach to
establish a new routine biomonitoring framework with metabarcoding datasets. First, based
Reference
- Bio�c Index
- Ecological Quality Status (EQS)

Features
- Metabarcoding data 
- Metatranscriptomics data Samples to be assayed

Decision making

Predic�ons

Figure 2. Proposed Workflow Using a Predictive Model to Make Ecological Quality Status (EQS) Assessment from Environmental Genomics Data.
The predictive model is built from training data that include both reference diagnostics and metabarcoding data using a supervised machine learning (SML) algorithm.
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Box 2. The Different Types of Problem in Machine Learning (ML)

The field of machine learning aims to develop computer algorithms that can ‘learn’ from a set of data and improve their
performance with experience, to assist humans in big data and complex classification tasks. Such algorithms have
proven to be useful in a wide range of problems, such as natural language processing [94], physics [95], game theory
[96], computational biology [97,98], biomedical research [87,99], and ecological research [100,101]. Because ML
algorithms are best fitted for large and noisy datasets, they are also particularly suited for the analysis of highly
dimensional microbial genomics datasets [67,87,89]. ML problems can be broadly divided into two fundamentally
different categories, the supervised and the unsupervised ones.

In a supervised problem, the aim is to train a predictive model using a labelled dataset, that is, the solution is known for
each provided sample, in order to classify upcoming unlabeled samples. The training of such a model consists in
identifying, among a usually large number of features (i.e., the variables that we assume to be important for the problem
at hand), the ones (or a combination of them) that correlate or explain the known solutions of the training observations.
This extracted knowledge is used by the predictive model, trained on only a subset of the possible real-world situations,
to make predictions on upcoming samples.

In an unsupervised problem, nothing is known about the solution, and the aim is to identify a relevant pattern or rules of
associations in the data. An intermediate category is the semisupervised machine learning, in which only a subset of
samples is labelled within the full dataset, that actually corresponds to most real-world situations, because obtaining a
fully labelled dataset is time-consuming and often practically out of reach.
on recent work, we argue that SML combined with metabarcoding would allow us to comple-
ment and expand the currently implemented morphology-based methods to produce the same
EQS assessment, but in a faster and more cost-effective way. Second, we propose a
framework that would incorporate routinely assayed samples into a semisupervised ML
approach, to refine the decision boundaries of the current decision-making standards. Finally,
we propose to gradually move towards a fully data-driven approach to iteratively update our
classification system, which will truly unlock the disruptive potential of metabarcoding for
biomonitoring.

The routine biomonitoring of an ecosystem can intuitively be transposed into a supervised
classification problem (SML, Figure 2). Indeed, EQS is a discrete variable – easily readable by
regulators – that is derived from BI continuous values. Such continuous BI values can serve as a
reference for the metabarcoding samples, provided that both molecular and morphotaxonomic
data are obtained in parallel on the same samples. Hence, this labelled dataset constitutes a
training set for the building of a predictive biomonitoring model (Figure 2). Ideally, the training data
covers a wide range of environmental conditions of a given ecosystem in a balanced effort. The
predictive model performance has to be tested, using cross-validation, in order to measure the
generalization error [76]. A low error usually means that the model can be reliably used for making
predictions on upcoming samples. This has recently been tested in marine environments [67,74]
and proved to outperform taxonomy-based metabarcoding approach in EQS assessments [75],
demonstrating the applicability of SML algorithms for biomonitoring purposes.

Using SML algorithms to build predictive models from labelled metabarcoding data provides
several advantages. First, SML is de facto eliminating the problems arising from the lack of a
taxonomic framework and the dependency on reference databases, because the ecological
signal (linear or not) of individual OTUs and association rules within the full community are
automatically disentangled from the background noise during the training of the predictive
model. Second, as opposed to morphological identification, genomic data are unambiguous
and can be easily stored and compared across time and practitioners. Third, the data collection
can be standardized and the analysis automatized. Finally, thanks to its cost-effectiveness,
such an approach is allowing for scaling-up both spatial and temporal resolution for more
ambitious and extensive biomonitoring programs.
392 Trends in Microbiology, May 2019, Vol. 27, No. 5



These advantages have led us to think that environmental genomics is a mature enough
technology to be implemented in routine biomonitoring, provided that we consider it for its
own value, instead of trying to make it fit into the current morphotaxonomic standards. Environ-
mental genomics is best fitted to unravel microbial diversity and generate meaningful ecological
data for these organisms. Adopting SML means moving from an established, taxonomy-driven
paradigm to a sequence-centered, taxonomy-free one. This contrasts with one of the main goals
of the metabarcoding approach, namely identifying the pool of species present in a sample from a
short taxonomically informative DNA marker [22]. However, the above-mentioned biological and
technical limits keep preventing us from using environmental genomics according to the same
current biomonitoring system. Therefore, we think that it is more reasonable to completely bypass
the issues related to the taxonomic assignment of the sequences by combining the metabarcod-
ing data generated for microbial communities with ML technologies.

This approach could also be extended to microbial environmental RNA metatranscrip-
tomics datasets. Collecting functional data from microbial communities provides an additional,
potentially more mechanistic, layer of information to taxonomic profiles. In a biomonitoring
context, we could expect expressed microbial functions to be even better proxies than taxa to
detect a given environmental disturbance, especially because functional redundancy is likely
widespread among prokaryotes [77]. However, collecting RNA samples for metatranscrip-
tomics is far more constraining in practice (and less cost-effective) than collecting DNA samples
for metabarcoding, due to the instability and conservation issues of RNA molecules. This could
make metatranscriptomics very challenging to implement in routine biomonitoring programs.

The ‘Black Box’ Issue in Machine Learning
A legitimate concern that may arise from the perspective of applying ML to taxonomy-free
metabarcoding data for routine biomonitoring has to do with the perceived opacity of ML
algorithms and the trained model they produce [78]. The so-called ‘black box’ problem comes
from the difficulty in keeping meaningful human oversight over the algorithm decision-making
process [79]. Indeed, the high dimensionality of the data is out of reach for human readability,
while easily accomplishable by computers. However, human interpretability, and to some
extent understanding of the trained model, appears crucial to operate a smooth transition and
routinely adopt ML approaches for complex decision-making problems [80]. This need for
‘trust’ in the model prompted the development of tools to explain the predictions, by identifying
the features of the data that contribute the most to a given prediction (see Outstanding
Questions) [81]. Such feature importance measurement can also be built into some ML
algorithms, such as random forest [82]. With such information alongside the predictions,
domain experts would be able to judge the prediction trustworthy or not, and by extension,
the trained model [80]. For instance, recent studies testing the usefulness of ML confirmed the
strength of established biomarkers, but also identified new powerful ones by isolating sequen-
ces with a high predictive power [67,75]. Hence, adopting ML is not only solving biological and
technical issues for routine biomonitoring, it is also ecologically meaningful because the trained
model can be interpreted in terms of features that matter the most. The model can therefore be
controlled by biologists and ecologists, without falling into the ‘black box’ issue.

Concluding Remarks: Toward Environmental Genomics Data-Driven
Biomonitoring
In most ML problems, the dataset is not fully labelled because a reference diagnostic for all
samples is not always available. The analysis of such datasets falls into the semisupervised
category of ML problems (SSML). Integrating unlabeled samples within the training set can
Trends in Microbiology, May 2019, Vol. 27, No. 5 393



improve the performance of a predictive model [83,84]. The rationale for this improvement is
that unlabeled samples allow coverage of wider conditions within the studied system (sampled
space) and hence increase the ability of ML algorithms to identify meaningful patterns. This
reshapes the existing classification boundaries into more data-driven clusters (Figure 3A) [85].

In the case of biomonitoring, the routinely assayed samples could complement the training data
as unlabeled samples and may increase the accuracy of a trained model to classify upcoming
samples. Such strategies are based on the assumption that samples close to each other in the
data space are more likely to share the same label (but see [86]), even though other processes,
such as biotic interactions, random demographic drift, or dispersal limitation may interact with
the anthropogenic pressures in the assembly of communities. Nevertheless, predictive models
remain accurate over regional geographic distance [75], meaning that the data contain at least
some dimensions that can be exploited by a trained model to make accurate predictions. We
believe that incorporating unlabeled data can improve ML-based monitoring, and suggest
‘blind tests’ to measure the effect of incorporating unlabeled samples on the accuracy of
predictions as a priority for future studies.

With time, a dataset including both reference and assayed samples would cover most of the
possible environmental conditions along a gradient from reference sites to impacted ones and
the numerous OTUs encountered in the studied ecosystem. At this point, it would be possible
to use pattern-recognition ML algorithms to find the optimal boundaries between redefined
environmental states. Hence, we could explore the extent to which the current biomonitoring
classification matches these new classes (Figure 3B) and possibly update our management
decision-making criteria.
All samples 
database

Refined decision 
boundaries 

(A) Semisupervised machine learning (SSML)

Reference decision
boundaries 

SSMLSML

Training data + assayed samples

Finding ‘natural’
boundaries Cluster-then-label

(B) SSML + cluster-then-label

All samples 
database

Training data + assayed samples

Figure 3. Proposed Machine Learning Approaches for Next-Generation, More Data-Driven, Routine Biomonitoring. (A) Within an ongoing supervised
machine learning (SML) biomonitoring program, the routinely assayed samples are included as unlabeled samples with the labeled dataset into a semisupervised
machine learning (SSML) approach. This strategy may improve the accuracy of ecological quality status (EQS) assessment by increasing the sampled space and hence
the ability of the algorithm to better capture patterns in the data. Such an approach may refine the decision boundaries of the current classification system. (B) Eventually,
when the ecosystem under study has been sufficiently sampled, covering various ecological conditions and associated biological diversity, a pattern-recognition
algorithm may help us to identify ‘natural’ clusters in the data and ultimately refine our management decision-making criteria, by labelling these new classes according to
the accumulated ecological knowledge.
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Outstanding Questions
What are the factors that affect the
origin, state, lifetime, and transporta-
tion of microbial environmental DNA?
How might these factors influence the
precision of machine-learning-based
predictive models?

‘Who’ are the microbial environmental
bioindicators revealed by eDNA meta-
barcoding studies? What are their eco-
logical functions?

What are the required steps to imple-
ment machine-learning-based envi-
ronmental genomic tools into policy
for routine biomonitoring?
In fact, microbial DNA-based biomonitoring shares striking analogies with data-driven medi-
cine, and particularly with the human-associated microbiome research. Indeed, both fields are
aiming to unravel ecological communities and biomarkers that could be used as powerful
diagnostic tools for the detection of various conditions, namely environmental pollution or
human diseases [87–90]. Thus, the approach discussed in our paper is largely inspired from
microbiome research and proposes to make conceptual and technical bridges between the
two disciplines. By taking full advantage of the latest molecular and computational technolo-
gies, routine biomonitoring can enter the big data era and transform our understanding of
ecological changes in a long-term perspective.
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