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E D I T O R I A L

Machine learning in molecular ecology

1  |  INTRODUC TION

Advances in next- generation sequencing (NGS) platforms are allow-
ing researchers to routinely collate large genome- wide data sets to 
address a variety of ecological questions. However, with this big data 
comes big analytical challenges that are increasingly addressed using 
machine learning (for a review, see Schrider & Kern, 2018). Machine 
learning is a subfield of artificial intelligence and represents a con-
glomeration of methods where predictive accuracy is the primary 
goal (e.g., Belcaid & Toonen, 2015; Breiman, 2001; Elith et al., 2008; 
Lucas, 2020). Machine learning assumes that the data- generating 
process is unknown and complex and finds the dominant patterns 
by learning the relationships between inputs and responses (Elith 
et al., 2008). Broadly, machine learning differs from other statistical 
approaches in two important ways. The first is that predictive per-
formance drives model formulation rather than model selection or 
expert opinion, and the second is there is less emphasis on model 
selection ( Breiman, 2001; Lucas, 2020). For these reasons, machine 
learning has the reputation for being less interpretable and difficult 
to apply rigorously (Elith et al., 2008; Lucas, 2020; Molnar, 2018). 
However, in parallel with the revolution of sequencing techniques, 
there has also been a revolution in data science in terms of predictive 
performance and techniques to interpret machine learning models 
(Fountain- Jones et al., 2019; Lucas, 2020; Molnar, 2018). There are 
now streamlined R and Python packages that make the robust use of 
algorithms from support vector machines (SVMs) to neural networks 
readily achievable (e.g., Abadi et al., 2015; Kuhn & Wickham, 2020, 
see Text Box 1 for some important machine learning terminology). 
Moreover, other statistical paradigms such as approximate Bayesian 
computation (ABC) are being applied side- by- side or within machine 
learning frameworks to enhance the utility of these approaches (e.g., 
Carlson, 2020; Raynal et al., 2019).

The ability of machine learning algorithms to build powerful 
predictive models that capture complex nonlinear responses with 
minimal statistical assumptions has been harnessed by most mo-
lecular ecology subdisciplines for decades. For example, machine 
learning models were developed before the turn of the millennium 
to classify normal or cancerous tissue based on transcription pro-
files (Furey et al., 2000). Not long after gradient boosting models 
(GBMs) were developed (e.g., Hastie et al., 2009), researchers were 
applying the approach to classify population genetics models based 
on a suite of summary statistics such as Tajima's θπ (Lin et al., 2011). 
In addition, extensions of the popular random forest algorithm 
have been utilized in ecological genetics to untangle the drivers of 

climate adaptation (Fitzpatrick & Keller, 2015). Generally, however, 
advances in computer science and machine learning are slow to filter 
down to ecologists (Belcaid & Toonen, 2015; Elith & Hastie, 2008; 
Fountain- Jones et al., 2019), partly through unfamiliarity with these 
types of approaches but also because of the rapid rate of advance in 
the data science field.

This Special Issue aims to help expand the use of machine learn-
ing approaches and to help bring advances in data science to the 
toolkits of molecular ecologists. This issue comprises 17 papers 
grouped into four sections covering a diverse variety of molecular 
ecology subdisciplines. The first section covers how machine learn-
ing can be applied to make inferences about population demogra-
phy. We further group these papers algorithmically with four papers 
utilizing random forest architecture and the remaining four using 
neural networks. The second section highlights how machine learn-
ing can detect signatures of selection across loci. The third section 
highlights how these methods can be applied to untangle the com-
plex ecological drivers of genomic change (‘ecological genomics’) 
and species community dynamics. The last section explores how 
advances in machine learning can provide insights into species limits 
and contribute to biodiversity monitoring.

2  |  SUMMARY OF THE SPECIAL FE ATURE

2.1  |  Demographic inference

2.1.1  |  Random forests

Random forests (RF) are supervised machine- learning methods that 
perform classification and regression analyses. They were initially 
proposed by Ho (1995), then formally developed by Breiman (2001). 
In the context of demographic inference in population genomics, 
they are used to determine which of several demographic models 
best explains a given observed data set. Then, for this chosen model, 
RF can be used to estimate the posterior distribution for each pa-
rameter, yielding point estimates and credibility intervals for these 
parameters. In population genomics, RF methods are used in the 
context of ABC (Beaumont et al., 2002). The training data sets con-
sist of summary statistics computed on data sets simulated under 
the different assumed demographic models. For each simulation, 
parameter values are drawn from prior distributions. The RF algo-
rithm then assigns observed data sets to one of the assumed de-
mographic models and estimates the parameter values under this 
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model. Compared to other ABC algorithms, ABC with random for-
est (ABCRF, Pudlo et al., 2016; Raynal et al., 2019) is efficient with 
smaller training sets, reducing the computational expense. The algo-
rithm also appears to be much less sensitive to correlations among 
variables.

In this context, Collin et al. (2021) introduce a new computer 
package named diyabc Random Forest version 1.0, based on the 
existing program diyabc version 2.1.0 (Cornuet et al., 2014). This 
program offers a user- friendly interface that allows simulation of 
various kinds of genetic data (microsatellites, DNA sequences or sin-
gle nucleotide polymorphisms [SNPs]) under demographic scenarios 
defined by the user. These data are then used to train an RF algo-
rithm, which can be applied to observed data points. The program 
also allows the power and accuracy of inferences to be evaluated. 
They demonstrate that their program can be readily applied to real 
data, using the example of a set of human populations, for which 
they infer well- known events such as the out- of- Africa dispersion.

Other authors developed their own simulation programs for spe-
cific demographic scenarios. Fortes- Lima et al. (2021) introduce a 
software package methis to simulate various scenarios of admixture 
between two populations. Due to a publication error, Fortes- Lima 
et al. (2021) was published in Volume 21, Issue 4, but the paper 
remains part of this special issue. They also developed several 

summary statistics, specifically designed for distinguishing differ-
ent admixture scenarios and inferring the parameters of the cho-
sen scenario. They use the r package abcrf to perform model choice 
and the r package abc (Csilléry et al., 2012) for parameter inference, 
using in this case a neural network algorithm instead of RF. Through 
a cross- validation approach, they demonstrate the validity of their 
method, which fails mainly when highly nested scenarios are consid-
ered. They apply their approach to two human populations (African 
Americans and Barbadians) and infer the most likely admixture sce-
nario for these two populations, a scenario of continuous decrease 
over time of the contributions of the source populations.

The availability of whole genome data is likely to increase our 
ability to infer precisely the demographic history of human popu-
lations. Under the ABCRF framework, several statistics need to be 
developed to synthesize the information provided by such data. In 
this context, Ghirotto et al. (2021) develop a new set of summary 
statistics, the frequency distribution of segregating sites (FDSS). 
They demonstrate on simulated data the efficiency of these statis-
tics for distinguishing complex historical scenarios. They also apply 
these statistics to two real data sets. They consider first a set of 
human genomes from modern and ancient individuals (Neanderthal 
and Denisovan) to investigate whether current non- African popu-
lations resulted from one or several dispersal events and conclude 

BOX 1 Key machine learning terminology used throughout this Special Issue

Term Definition

Artificial neural networks Networks consisting of an interconnected network of nodes, designed to mimic the 
interconnected neurons that compose animal neural systems

CART Classification and Regression Trees (CART) are used to perform classification and 
regression by constructing a decision tree that maximizes predictive accuracy on a 
labelled training data set

Cross- validation An approach to quantifying power and generalizability of an algorithm by applying the 
algorithm to data sets with known labels or generating parameters (often simulated 
data sets), and quantifying the accuracy of inference

Deep learning Machine learning algorithms that use multiple layers to learn features of the training 
data. Generally, early layers extract simple features, while layers applied later extract 
higher order features from the input data

Features Features are the input to many machine learning algorithms (e.g., Random Forests [RF]), 
and are generally a set of summary statistics meant to capture the useful information 
in the data. Some approaches (e.g., deep learning) perform automated feature 
extraction and can be trained on raw data rather than features determined a priori to 
be informative

Interpretable machine learning The field of interpretable machine learning aims to address the ‘black- box’ criticism of 
machine learning by extracting information about how machine learning algorithms 
map input to output

Random Forests (RF) A machine learning approach (derived from CART) that uses a collection of decision 
trees to perform classification or regression

Supervised learning Machine learning algorithms that require labelled training data. Often in molecular 
ecology, these training data are generated using simulations under known models 
and parameters.

Unsupervised learning Machine learning algorithms that do not require labelled training data. Such approaches 
are often used for dimensionality reduction and clustering in molecular ecology
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that the multiple dispersal model is more likely. They also apply their 
method to a set of orangutan (Pongo pygmaeus) genomes, and find 
support for a scenario of separation and subsequent migration be-
tween populations from Sumatra and Borneo.

Finally, Fraïsse et al. (2021) provide a framework named DILS 
(Demographic Inference with Linked Selection). They propose a hi-
erarchical approach that first infers the best historical scenario for 
one or two populations, with scenarios such as divergence between 
populations and reconnection through migration. Their method then 
estimates whether there is heterogeneity among loci in effective 
population size or migration rates, corresponding respectively to 
background selection in low- recombination and gene- dense regions 
and to selection against migrants at markers associated with barriers 
to gene flow. Finally, their method allows the genomic regions most 
associated with these barriers to be identified. They show the ef-
fectiveness of their method on a real example from Mytilus mussels. 
This method is of particular interest because it allows the use to infer 
both demographic and selective processes concurrently.

Altogether, these papers offer innovative methods that take ad-
vantage of the efficiency of the RF algorithm to infer demographic 
(and selective) processes. They also show that these methods can be 
applied readily to genetic data, including microsatellites, SNPs and 
NGS data. All these methods use the ABC framework, the main ad-
vantage of which is its flexibility, making it possible to consider any 
type of population history model for which data can be simulated. 
There is little doubt, therefore, that these methods will be used ex-
tensively in the future.

2.1.2  |  Deep learning

While RF and related algorithms have led to substantial advances 
in population genetics and phylogeography, these approaches still 
require that large- dimensional genomic data be summarized using 
a set of summary statistics or features. While summary statistics 
may be powerful for answering some questions, for others it re-
mains unclear which statistics may be the most useful, and it is un-
clear whether any set of statistics can fully capture the information 
content of genomic data sets (Flagel et al., 2019). Supervised deep 
learning may allow researchers to circumvent the need to calculate 
summary statistics when making inferences from genomic data. In 
comparison to RF, deep learning inference begins similarly. Typically, 
researchers define a set of models, and simulate data under these 
models. These data are then either summarized or used directly to 
train a neural network, and this network is applied to empirical data 
to predict which model (and/or parameters) generated the data. The 
major difference compared to RF is that the data need not be sum-
marized using summary statistics for input into deep learning algo-
rithms. For example, convolutional neural networks (CNNs; LeCun 
& Bengio, 1995) can be trained directly from SNP data simulated 
under various evolutionary scenarios (e.g., Chan et al., 2018; Flagel 
et al., 2019). In this Special Issue, four papers explore the use of 
deep learning to perform model selection or infer parameters from 

genomic data. These papers span the continuum from population 
genetics to phylogeography to phylogenetics and highlight the flex-
ibility of deep learning approaches.

In an in- depth comparison of ABC and several deep learning al-
gorithms, Sanchez et al. (2020) highlight the power of deep learn-
ing to infer complex population size histories. They consider several 
deep learning algorithms, including Multi- layer Perceptron Networks 
(MLPs; Rumelhart et al., 1986), several CNNs and a custom archi-
tecture that they term SPIDNA (sequence position informed deep 
neural architecture). Notably, SPIDNA is optimized for genomic data 
in that it is invariant to permutations of haplotypes, adaptive to vary-
ing numbers of SNPs and accounts for long- range dependencies be-
tween SNPs. Sanchez et al. (2020) demonstrate that their approach 
performs as well as or better than other network architectures con-
sidered, and show that, by combining their approach with ABC, they 
can achieve even higher accuracies. Sanchez et al. (2020) combine 
careful design of network architectures and Bayesian hyperparam-
eter optimization to take advantage of the potential power of deep 
learning architectures, and their paper is a valuable guide to all wish-
ing to apply deep learning in population genomics.

While Sanchez et al. (2020) focus on inferring population size 
histories, Fonseca et al. (2021) confront a problem common to phy-
logeographic studies, where model spaces may include population 
size histories, divergences and gene flow. They confront a complex 
model space using CNNs and a hierarchical approach to infer the 
phylogeographic history of South American lizards (genus Norops). 
As a first step, they compare models of population size history for 
each of the four populations in their study. Using these inferred pop-
ulation histories, they design a model set to explore evolutionary 
relationships among the four populations. They find that CNNs and 
their hierarchical approach have more power to distinguish amongst 
these complex models compared to traditional ABC, and their re-
sults suggest a complex history of population size changes, diver-
gence and gene flow in Norops lizards.

Continuing in the direction of inferences over deeper timescales, 
Blischak et al. (2021) use deep learning to compare models of inter-
specific admixture and hybridization. Specifically, they demonstrate 
the power of CNNs to determine whether hybrid speciation or ad-
mixture has occurred. Rather than using SNPs as input directly, as in 
Sanchez et al. (2020) and Fonseca et al. (2021), Blischak et al. (2021) 
summarize genomic data by calculating dxy across all species pairs 
within windows of the genome. This summarization incorporates 
phylogenetic information content and linkage information, both of 
which may be helpful in distinguishing hybridization scenarios. They 
compare their approach to ABCRF using a set of predefined summary 
statistics and find that CNNs offer increased power to distinguish 
amongst modes of introgression. Finally, they apply their approach 
to detect an ancient introgression event in Heliconius butterflies.

While the previous three papers use deep learning algorithms 
trained on data sets generated under a wide range of parameters 
in a manner analogous to many ABC algorithms, Wang et al. (2021) 
explore an approach that permits a heuristic exploration of param-
eter space. In their contribution, they introduce a method (pg- gan) 



2592  |    EDITORIAL 

for inferring demographic parameters using generative adversarial 
networks (GANs; Goodfellow et al., 2014). Briefly, GANs consist of 
a generator and a discriminator. The discriminator learns to distin-
guish real data from simulated data while the generator learns to 
produce simulated data that are difficult to distinguish from real 
data. The ultimate goal of a GAN is to generate fake data that are 
indistinguishable from real data. By using a parameterized evolu-
tionary model as a generator, Wang et al. (2021) are able to adapt 
GANs to infer evolutionary parameters. The GAN is trained until 
the generator produces realistic data, and the evolutionary pa-
rameters that produce these realistic data are then inferred to be 
the true evolutionary parameters. Wang et al. (2021) demonstrate 
that this approach can accurately estimate parameters under a 
two- population isolation- with- migration model using simulation 
studies. They then apply pg- gan to estimate parameters across 
several human populations and demonstrate the power and flexi-
bility of this approach.

These four papers highlight the flexibility of deep learning as a 
tool in molecular ecology. Inferences can be made across various 
time frames, from inferring relatively recent population size histo-
ries, to inferring divergences among populations, and to inferring 
admixture events between species. They can be applied directly 
to SNP alignments, or alignments can be summarized using high- 
dimensional statistics that would overwhelm ABC and even RF al-
gorithms. Finally, deep learning algorithms can be used in a manner 
analogous to ABC, where training data sets are simulated from prior 
distributions meant to span the range of reasonable evolutionary pa-
rameters, or, using GANs, deep learning can be used to heuristically 
explore parameter space. Certainly, these papers offer a promising 
glimpse of the diversity of potential applications of deep learning in 
population genomics, phylogeography and phylogenetics.

2.2  |  Selection

While the number of studies aimed at inferring demographic pro-
cesses from genomic data using machine learning methods has in-
creased steadily, as shown in the previous section, studies aimed at 
detecting loci under natural selection using such methods are so far 
much less common. We mentioned above the DILS method (Fraïsse 
et al., 2021) that aims to infer jointly demographic and selective pro-
cesses. The two methods that we describe in this section focus more 
on selection, assuming a given demographic model.

Isildak et al. (2021) propose a model for detecting selection 
on genes at intermediate frequencies and distinguishing between 
recent balancing selection and incomplete sweeps. This is a chal-
lenging task, as these two types of selection leave quite similar sig-
natures on the genome. As pointed out by the authors, summary 
statistics are not sufficient to distinguish between them. Conversely, 
they demonstrate the efficiency of neural networks, either artifi-
cial neural networks (ANNs) or CNNs. They also demonstrate that 
CNNs show a lower false positive rate compared to ANNs. Finally, 
they apply their method to European populations sequenced for the 

MEFV gene region, known to be linked with familial Mediterranean 
fever, for which they demonstrate that several variants underwent 
incomplete sweeps.

Luqman et al. (2021) provide an alternative method based on 
ABC that aims to estimate the demographic parameters for each 
locus. They consider that loci that show significant deviations in 
terms of their demographic parameters are affected by selective 
processes such as local adaptation. A simulation study allows them 
to show the increased efficiency of their method compared to re-
cently developed methods such as PCAdapt (Luu et al., 2017) or out-
FLANK (Whitlock & Lotterhos, 2015). They also show the efficiency 
of their method on a real case (Antirrhinum majus).

These approaches are promising and there is no doubt that 
they will become as common as the methods aiming to infer demo-
graphic processes. Unlike neutral processes, which can be modelled 
very efficiently backward in time through the coalescent process, 
selective processes can, in most cases, only be simulated through 
individual- based forward- in- time simulation approaches. Obtaining 
large training sets can therefore be quite computationally intensive. 
The increasing availability of computing power along with the devel-
opment of more efficient algorithms (e.g. Haller et al., 2019) should 
overcome these current limitations.

2.3  |  Ecological genomics

Machine learning approaches, such as RF, are also increasingly 
recognized as important tools to untangle how environmental and 
landscape factors shape genomic change (Fitzpatrick & Keller, 2015; 
Fountain- Jones et al., 2017). Landscape and ecological genomics 
attempt to understand individual, population and community re-
sponses and adaptation to abiotic and biotic factors (e.g., Aguirre- 
Liguori et al., 2021; Allen & Banfield, 2005; Fitzpatrick & Keller, 
2015; Steane et al., 2014; Ungerer et al., 2008). These responses are, 
by definition, complex, nonlinear and impacted by a variety of con-
founding factors (Ungerer et al., 2008). To handle this complexity and 
scale from ‘molecule to landscape’, spatial biogeographical methods, 
such as species distribution models (SDMs), and multivariate statisti-
cal techniques commonly employed to quantify community ecologi-
cal problems are often used (e.g., Fitzpatrick & Keller, 2015; Forester 
et al., 2018; Jay et al., 2012). For example, constrained ordination ap-
proaches such as redundancy analysis (RDA, Legendre & Legendre, 
2012) are a powerful method to identify gene– environment asso-
ciations (GEAs) (Capblancq & Forester, 2021; Forester et al., 2018). 
However, analyses such as RDA are less able to capture nonlinear 
gene– environment relationships, and constructing individual SDMs 
for large numbers of loci is impractical (Fitzpatrick & Keller, 2015). 
The first three papers of this section address methodological chal-
lenges inherent to landscape and ecological genomics using innova-
tive and contrasting approaches. The last paper in this section, in 
contrast, demonstrates how population genetic data can be used to 
infer the ecological and evolutionary drivers of community assembly 
using machine learning.
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Gain and François (2021) introduce LEA 3, which expands 
the functionality of the lea r package (Frichot & François, 2015) 
(Landscape and Ecological Association studies). The lea r package 
harnesses latent factor mixed models (LFMMs) to quantify GEAs 
(Frichot et al., 2013). The authors harness LFMMs as unsupervised 
machine learning methods to quantify population structure and 
detect adaption without assumptions of the underlying biological 
processes. In the LEA framework, the ‘latent’ variables (or unob-
served variables) represent data generated by population structure 
or statistical artefacts (Frichot & François, 2015; Frichot et al., 
2013). Latent factor methods can detect structure in multivariate 
data sets by reducing high- dimensional matrices into a form suitable 
for hypothesis testing and inference (Warton et al. 2015). However, 
computationally efficient inference and parameter estimation have 
been challenging for latent factor methods (Niku et al., 2017). LEA 
3 overcomes this challenge through the implementation of LFMM 
ridge estimation algorithms (Caye et al., 2019), and the authors 
show that this technique has improved statistical performance com-
pared to the previous Markov chain Monte Carlo (MCMC) methods. 
Moreover, LEA 3 allows users to impute missing genotype data, de-
tect outlier loci and calculate genetic offset statistics, a substantial 
increase in functionality compared to previous LEA iterations.

Fitzpatrick et al. (2021) take a different machine learning ap-
proach to calculate genetic offsets, utilizing the increasingly used 
Gradient Forest (GF) algorithm. GF is a multivariate extension of 
RF (Ellis et al., 2012) that captures nonlinear GEAs by quantifying 
compositional turnover in allele frequencies along environmental 
gradients (Fitzpatrick & Keller, 2015). GF turnover functions can be 
used to transform environmental features into ‘genomic space’ that 
captures expected variability in the genetic makeup of populations 
in different environments and project these relationships into the 
future (Fitzpatrick & Keller, 2015). The Euclidean distance between 
each population in current and future genomic spaces, or the ‘ge-
netic offset’, is a metric of how vulnerable a population is to rapid en-
vironmental change (such as under future climate change scenarios) 
(Fitzpatrick & Keller, 2015). In this paper, Fitzpatrick et al. (2021) ex-
perimentally test the power and utility of GF- based genetic offsets 
using a common garden approach and compare the performance of 
GF to detect outlier SNPs to other methods such as LFMMs. They 
exposed balsam poplar (Populus balsamifera L.) from different popu-
lations throughout the species range to novel climates and assessed 
performance (e.g., growth and mortality) compared to the estimated 
genetic offset. The authors found that that populations with larger 
GF- based offsets had reduced performance compared to popula-
tions with smaller offsets, providing evidence for the utility of the 
approach to quantify climate maladaptation. Further, Fitzpatrick 
et al. (2021) highlight the GF routine as a promising approach to de-
tect outlier SNPs without the restrictive assumptions of other mod-
els (e.g., GF is nonparametric and accounts for interactions between 
features).

Fountain- Jones et al. (2021) expand upon the GF algorithm by 
utilizing recent advances in multimodel inference and interpreta-
ble machine learning. The authors introduce MrIML (‘Mister iml’; 

Multi- response Interpretable Machine Learning) to provide a pow-
erful and flexible machine learning architecture to understand how 
landscape and environmental factors shape genomic change. The 
MrIML approach allows the user to compare the predictive perfor-
mance of various models beyond RF from generalized linear models 
to neural networks in a streamlined and mathematically coherent 
way. Importantly, MrIML also provides a rich suite of interpretable 
machine learning tools to allow users to explore and better inter-
pret complex machine learning models. The authors test the MrIML 
approach on simulated landscape genetic data sets (Landguth et al., 
2020) and two contrasting empirical systems (balsam poplar alleles 
from the GIGANTEA- 5 [GI5] gene, Fitzpatrick & Keller, 2015; and 
bobcat [Lynx rufus] feline immunodeficiency virus SNPs; Fountain- 
Jones et al., 2017; Lee et al., 2012). Similarly to Fitzpatrick et al. 
(2021), Fountain- Jones et al. (2021) assess the performance of the 
MrIML algorithm to detect outlier loci. For simulated data, MrIML 
correctly identified the known loci under selection, even when the 
relationship was complex and nonlinear, further highlighting the 
utility of the approach. The method also garnered new insights into 
the empirical data and identified plausible feature interactions that 
are difficult to capture with other methods. Moreover, MrIML can be 
used in other ecological subdisciplines to, for example, predict mi-
crobiome composition, explore molecular epidemiological patterns 
(Fountain- Jones et al., 2017, 2018) and untangle ecological commu-
nity structure.

Lastly in this section, Overcast et al., (2021) demonstrate how 
population genetic data can be utilized to understand how ecolog-
ical communities are organized. The authors introduce the Massive 
Eco- evolutionary Synthesis Simulations (MESS), which uses concepts 
in island biogeography to offer a unified model for community as-
sembly. The MESS model generates predictions on species richness 
and abundance, population genetic diversity and phylogenetic trait 
variation. Importantly the MESS model parameters are fitted to 
empirical data using supervised machine learning, and similarly to 
MrIML there is flexibility with respect to which particular algorithm 
is employed. Population genetic data are rarely utilized in community 
assembly models, and the authors show that this unified approach 
could lead to mechanistic insights into how immigration, speciation 
and environmental filtering shape communities.

The papers in this section highlight the different machine learn-
ing approaches used to understand ecological genomic and com-
munity ecology problems. With the ever- increasing availability of 
large ecological and community genomic data sets, methods such as 
those highlighted in this section will be crucial not only in identifying 
complex patterns but also for predicting population and community 
response to change.

2.4  |  Biodiversity, and species limits

Machine learning can also be used to better quantify and under-
stand the biodiversity present on Earth, an important goal given 
the current biodiversity crisis. Two papers in the special issue use 
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machine learning to improve our understanding of biodiversity. 
Martin et al. (2021) evaluate the use of unsupervised machine learn-
ing algorithms in species delimitation of North American box turtles, 
by employing a suite of unsupervised machine learning methods 
first applied to species delimitation by Derkarabetian et al. (2019) in 
combination with a supervised machine learning approach (Smith & 
Carstens, 2020) and a more traditional coalescent- based approach 
to species delimitation (Leaché et al., 2014). With respect to unsu-
pervised machine learning algorithms, they compare the use of RF, 
T- distributed Stochastic Neighbor Embedding (Maaten & Hinton, 
2008) and Variational Auto- Encoders (Kingma & Welling, 2013) to 
cluster individuals into putative species while using a variety of miss-
ing data thresholds, minor allele frequency filters and methods for 
selecting the best number of populations or species. They find that 
these approaches are very sensitive to relaxed missing data filters, 
and that filtering based on minor allele frequencies improves perfor-
mance. Overall, their results suggest that, while machine learning is 
a powerful approach to delimiting species, researchers should take 
care to filter for missing data and minor allele frequencies and to 
evaluate various algorithms. This paper highlights both the power of 
machine learning approaches and the need for cautious application 
and interpretation of results.

Barrow et al. (2020) take a broader look at biodiversity by fo-
cusing on intraspecific diversity across Nearctic amphibians. Recent 
studies have begun to use RF to better understand the predictors of 
genetic diversity over large spatial scales (e.g., Pelletier & Carstens, 
2018), and Barrow et al. (2020) use this approach to better under-
stand the determinants of intraspecific genetic diversity, an im-
portant metric for understanding species resilience and assessing 
conservation concern. They use RF to analyse repurposed genetic 
data, life history data, and geographical data from 137 species of 
amphibians. They found that across the 137 Nearctic amphibians 
included in the study, taxonomic family, sample size and some bio-
climatic variables were the best predictors of intraspecific diversity. 
They then focused on salamanders, and found that sample size and 
the minimum latitude of the species range were important predic-
tors. This work highlights the role of machine learning in utilizing 
public databases to ask questions spanning large taxonomic groups 
and geographical areas in ways that traditional approaches could 
not.

Of course, with any large public database, errors may prove chal-
lenging for downstream inference. Barcoding data have become an 
important tool for biologists (Hebert et al., 2003), as evidenced by, 
for example, the use of barcode sequences in Barrow et al. (2020). 
However, errors can result in inflated estimates of diversity when 
not corrected. To address this issue, Nugent et al. (2021) intro-
duce debar, an approach for denoising COI- 5P DNA barcode data 
using machine learning. Debar uses a Profile Hidden Markov model 
(PHMM) to detect indel errors in COI barcoding data. The PHMM is 
trained on a set of high- quality filtered sequences, and then used 
to detect and correct indel errors in other sequences. Nugent et al. 
(2021) demonstrate the accuracy of this approach on both simulated 
and real data sets. Such approaches are promising in an era where 

more data are being collected than ever before, and error assess-
ment can become incredibly time- consuming and prohibitive in the 
absence of accurate and easy- to- apply tools for detecting and cor-
recting errors.

The papers in this section highlight that machine learning can 
contribute to our assessments of biodiversity in myriad ways. 
Machine learning approaches can help to accurately delimit species, 
providing better estimates of species- level diversity (Martin et al., 
2021). Machine learning approaches also allow prediction of pat-
terns of biodiversity at large geographical scales by facilitating the 
combination of genomic, ecological and geographical data in novel 
ways (Barrow et al., 2020). Finally, machine learning can improve our 
estimates of biodiversity by allowing efficient error correction of 
barcoding data sets (Nugent et al., 2021). Again, the diversity of ap-
proaches presented here highlights the potential of machine learn-
ing to enhance our understanding of biodiversity across temporal 
and spatial scales.

3  |  CONCLUDING REMARKS

The studies compiled as part of this special issue highlight how ma-
chine learning approaches can be used to tackle a wide variety of 
challenges in molecular ecology. The efficiency, predictive power 
and ability to model complex nonlinear patterns with minimal as-
sumptions make machine learning algorithms a natural analytical 
choice for many data sets, in particular very large data sets such as 
whole- genome sequences. Merging machine learning approaches 
with other statistical paradigms such as ABC are a particularly at-
tractive option. Enhanced resources in, for example, R and python 
with user- friendly syntax, as provided by the studies compiled in this 
issue, allow molecular ecologists to use and compare a wide variety 
of cutting- edge algorithms.

Furthermore, advances in data science over the last 10 years 
(e.g., Molnar, 2018) mean that there is no need to consider these 
algorithms as ‘black boxes’; interpretable machine learning can 
garner novel insights into model structure that can help gain new 
insights into data. The real challenge for ecologists is simply keep-
ing up with the rapid pace of change in data science. Belcaid and 
Toonen (2015) wrote a review on computer and data science in 
molecular ecology, stressing the need for more integration be-
tween the fields, and this Special Issue highlights how fruitful this 
integration can be. The increase in computing power and the pos-
sibility of massive parallel computing thanks to GPUs should make 
it possible to tackle increasingly complex problems in the future, 
by making optimal use of the very large data sets that will become 
incresaingly available and by allowing the integration of different 
types of data, such as genomic, epigenomic, phenotypic and eco-
logical data sets.
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