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Abstract

Deep learning is driving recent advances behind many everyday technologies, including those relying on
speech and image recognition, natural language processing, and autonomous driving. It is also gaining
popularity in biology, where it has been used for automated species identification, environmental monitoring,
behavioral studies, DNA sequencing, and population genetics and phylogenetics, among other applications.
Deep learning relies on artificial neural networks for predictive modeling and excels at recognizing complex
patterns. Operating within the machine learning paradigm, deep learning can be viewed as an alternative
to likelihood-based inference methods. It has desirable properties, including good performance and scaling
with increasing complexity, while posing unique challenges such as sensitivity to bias in input data. In this
review we provide a gentle introduction to deep learning, review its applications in ecology and evolution,
and discuss its limitations and efforts to overcome them. We also provide a practical primer for biologists
interested in including deep learning in their toolkit and identify its possible future applications.
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Introduction

Ecology and evolutionary biology investigate complex
patterns and processes. Because of this, a mathe-
matical toolkit has been necessary to describe and
explain fundamental components of organic evolution
and ecological interactions such as inheritance, natu-
ral selection, adaptation, population dynamics, and
food webs (Otto and Day, 2011). Today, mechanis-
tic modeling of increasing complexity allows us to
sequence and assemble genomes, identify traits under
selection, model extinction and adaptation dynamics,
and assess wildlife populations, to name just a few
examples. Modern biologists are inundated with data,
which aside from genetic sequences, also include digi-
tized information on samples, specimens, and species.
This wealth of data is driving the development of
analytic tools that can provide new understanding,
greater efficiency, and ease of use.

While the increasing amount of data allows un-
precedented insight, it also makes practical aspects
of ecological and evolutionary inference challenging.
Complex patterns in large data sets are often bet-
ter described with complex models and each new
model needs to be developed by researchers. Moreover,
likelihood-based mechanistic approaches designed to
consider many variables can be so computationally
expensive that they can no longer be applied to data
routinely generated in modern studies. A promising
alternative is likelihood-free inference, one example of
which is machine learning. The goal of machine learn-
ing is to find a model that performs well at making pre-
dictions from the data. This contrasts with likelihood-
based methods, which assume the model generating
the data is known (Breiman, 2001). Broadly defined,
machine learning has been in use for decades now
for data transformations and clustering (e.g. Princi-
pal Component and Discriminant Function Analysis,
K-means) and for optimization in much of model-
based inference in ecology and evolution (e.g. Markov
chains, genetic algorithms) (Sorensen and Gianola,
2002; Ghahramani, 2004; Mundry and Sommer, 2007;
Reich et al., 2008; Hamblin, 2012). More recently ma-
chine learning has seen a dramatic surge in popularity
with a slew of new algorithms and applications.

One of the approaches rapidly gaining popularity
is deep learning. Deep learning relies on multilayered,
connected processing units (artificial neural networks
or ANNs) (Goodfellow et al., 2016). In the last ten
years algorithmic developments, hardware improve-
ments, and democratization of high-level software
for building deep learning solutions contributed to a
sudden rise in their popularity. Deep learning is at
the core of emerging technologies such as self-driving

cars and is responsible for significant improvements
to widely-used information technology tools such as
image and speech recognition or automated language
translation (LeCun et al., 2015). These successes were
possible because of a major advantage of deep learning
over other machine learning approaches. Classical ma-
chine learning requires that important data features
are first identified using expert domain knowledge
(Guyon et al., 2008). This is a limitation where fea-
tures adequately describing the data are not obvious
or difficult to extract, as in images. Neural networks
overcome this by discovering the most important data
features and patterns relevant for the task at hand au-
tomatically. Researchers are now beginning to apply
deep learning to problems across ecology and evo-
lutionary biology, from community science projects
and environmental monitoring through sequencing
equipment output processing, to population genetics
and phylogenetic inference. In this review we explain
what neural networks are and how they work, sum-
marize ecological and evolutionary biology problems
they have been applied to, and give an overview of
their promises and limitations. We also provide a
primer for researchers who would like to apply deep
learning to their own systems and questions along
with references and resources for different platforms
and particular applications.

What are neural networks and
how do they learn?

There are several ways to describe what artificial neu-
ral networks are and how they are used as inference
tools. Although the most obvious biological analogy
is limited, it is helpful to visualize neural networks as
computer algorithms inspired by the brain: composed
of interconnected layers of nodes (“neurons”) and con-
nections (“synapses”) capable of learning by changing
how easy it is for neurons to fire and how strong the
connections are (Box 2). Computers represent these
layers and connections as matrices of numbers ma-
nipulated through linear algebra operations, ensuring
that neural networks can be used with virtually any
input that can be represented numerically (Figure 1).
In mathematical sense, neural networks are simply a
function mapping input onto a desired output. This
general design is simple, but it makes neural networks
extraordinarily powerful: a network with informa-
tion flowing from input to output layer with at least
one intermediate layer (i.e. feedforward network) can
approximate any continuous function, regardless of
its complexity (Cybenko, 1989; Hornik et al., 1989).
These approximations can describe pixels of an image,
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Figure 1. Workflow illustrating how various types of data can be encoded as input for deep
learning. From top to bottom, the data sources include an image of a herbarium specimen, sonogram of
a bird song, recorded insect motion represented as optical flow, and DNA data in the form of a multiple
sequence alignment. Deep learning has been applied to all these data, which are here represented as either
two- or three-dimensional input tensors. It is also possible to use one-dimensional (e.g. text string) or
higher-dimensional input tensors (videos, 3D imaging). Tensor is a generalization of the term ’matrix’, which
is used for numbers arranged in a two-dimensional grid, to numbers arranged in any number of dimensions.



4

for example, and networks with multiple intermediate
layers (deep neural networks) can also learn relation-
ships between them as high-level concepts such as
lines, geometric shapes, and even whole scenes (see
Boxes 2 and 3). ANNs learn continuous distributions
but their output can represent probabilities of distinct
data classes, as well as continuous values. Such net-
works can thus be used to construct classifiers, which
are models distinguishing among discrete categories,
as well as regression models, which infer continuous
values. However, feedforward operations alone do not
allow the network to learn or generalize to new data,
which is the essence of most ANN applications.

In order for an ANN to be a predictive tool, one
needs to assess how good predictions are and be able
to adjust ANN parameters to improve performance.
A measure of how far off the output of the network
is is called a loss function. One example of a loss
function is the sum of squares error (SSE), which is
simply the sum of differences between each predicted
value (y) and the true value (ȳ) squared for absolute
value:

SSE =

n∑
i=1

(yi − ȳi)
2 (1)

The network also needs a mechanism for finding
the set of parameters that minimize the loss function.
Once the loss (error) is measured at the output, it has
to be traced back across the network to measure how
parameters contributed to it. This process is called
backpropagation and it uses chain rule calculus to find
the derivative (slope) of the loss function with respect
to the network’s trainable parameters (LeCun et al.,
1998, 2015). The process of increasing or decreasing
parameters such that they minimize the derivative of
the loss function is called gradient descent. Backprop-
agation and gradient descent illustrate the limits of
the biological comparison, as no such learning mecha-
nisms are known in biological nervous systems (but
see Lillicrap et al. (2020)). This process is iterative,
occurring every time a batch of training data is pro-
cessed, and collectively referred to as the training
loop (Figure 2). When devised correctly, it results in
improvement of inference accuracy with each pass of
the loop (Rumelhart et al., 1995).

The fact that ANNs are universal approximators
for continuous functions that can be trained makes
them powerful predictive tools. As we will see in the
next section, ANNs are capable of solving problems
that traditional computing has not been able to tackle.
When compared to mechanistic, likelihood-based infer-
ence, the neural network training process is analogous
to both model selection and parameter optimization.

In contrast, neural network structure and choice of
a particular loss function or optimizer algorithm are
examples of hyperparameters. These are usually not
learned from the data but are instead set using heuris-
tics and optimized using trial-and-error for specific
applications, although exceptions exist where hyperpa-
rameters themselves are optimized with deep learning
(Cortes et al., 2017).

This learning scheme is most easily illustrated with
an example of supervised learning, where the network
is trained on a data set with ground truth known,
e.g. images of expert-identified species or methylated
vs. unmethylated DNA sequences. Supervised train-
ing usually involves splitting data into three subsets:
training, validation, and testing. The validation set
is not directly used in training but prediction on it is
performed at the end of each training cycle (epoch) to
assess how well the network generalizes outside of the
training set. Because training is usually an iterative
process, adjustments made between runs may lead to
overfitting to the validation set. Therefore, test set is
held back for the final estimate of accuracy.

Problems other than classification and regression
in a supervised manner can be tackled with deep learn-
ing. Unsupervised learning is used where no ground
truth is available, such as when visualizing patterns in
data, clustering, or reducing dimensionality. The goal
of network learning in this case is to reconstruct the
original input after a transformation. The nature of
this transformation will depend on the question asked.
For example, a researcher may be interested in reduc-
ing genetic data to a few latent (hidden) variables that
best describe geographic origins or population diver-
gence of samples (Battey et al., 2020b,a). The training
process will optimize network parameters such that
the original input can be best reconstructed using
these latent variables. Finally, reinforcement learning
may be used to optimize actions of an agent inter-
acting with a changing environment, rather than a
fixed set of inputs. In this case, learning is determined
by a goal or set of goals with feedback consisting of
rewards and punishments. Reinforcement learning
may be used to create more realistic models of eco-
logical interactions and evolution, as was done in a
predator-prey dynamics study where individual actors
learn to hunt or avoid predators (Wang et al., 2019a).

In the sections that follow, we review how deep
learning has been applied in ecology and evolution,
including species identification and monitoring, ecolog-
ical and behavioral studies, and population genetics
and phylogenetics. We use these examples to show-
case the variety of deep learning techniques extending
its usage beyond the general picture described above.
Figure 3 summarizes how different neural network
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Figure 2. Deep learning classifier supervised training loop. Network weights and biases are random
or initialized to certain values when the first batch of training data is input. The network predicts certain
labels if it is a classifier, or continuous values if it is a regression model. This output is compared with
true labels/values for that batch of input and a measure of error is computed using a loss function. The
optimization procedure then works to adjust the network biases and weights in a way that improves output
predictions. This is done with backpropagation or calculating derivatives of the loss function from the output
layer back through the network and adjusting network parameters to minimize the error, a process known as
gradient descent. This process is iterative, performed on each batch of training data. Input photograph of
ant head by April Nobile, courtesy of www.antweb.org.

architectures have been applied to different tasks in
ecology and evolution.

Automated species identification

Deep learning enabled breakthroughs in automated
image classification, largely possible thanks to convo-
lutional neural networks (CNNs; Box 3) (Goodfellow
et al., 2016; Rawat and Wang, 2017). Image recog-
nition has obvious applications in biology and was
adopted early for problems of species identification
and wildlife monitoring (see W•aldchen and M•ader
(2018) and references therein). It is not surprising
then that identification or classification of individuals
or species from image, video, and sound data is the
most common use of deep learning in the field (Figure
3). These efforts already span many taxa, from bacte-
ria (Satoto et al., 2020), through protozoans (Hsiang
et al., 2019), plants (Unger et al., 2016; Carranza-
Rojas et al., 2017; Schuettpelz et al., 2017; Younis
et al., 2018) to insects (Marques et al., 2018; Boer and
Vos, 2018; Valan et al., 2019; Hansen et al., 2020) and
vertebrates (Villon et al., 2018; Norouzzadeh et al.,
2018), both extant and fossil (Liu and Song, 2020;
Miele et al., 2020; de Lima et al., 2020) and at scales
ranging from local to global. Intensifying efforts to
digitize natural history collections provide troves of

image data that can be used for this purpose (Smith
and Blagoderov, 2012).

Camera trap systems and deep learning classifiers
are now commonly used for vertebrate wildlife moni-
toring (Tabak et al., 2018) and systems automating
environmental monitoring of aquatic macroinverte-
brates are also being developed (Kiranyaz et al., 2011;
Joutsijoki et al., 2014; •Arje et al., 2020; H�ye et al.,
2021). Many publications present systems or deep
learning models for detecting and identifying pests or
crop diseases in agroecosystems or stored agricultural
commodities (Liu et al., 2016b,a; Ramcharan et al.,
2017; Thenmozhi and Reddy, 2019; Wu et al., 2019).
Despite economic importance and demonstrated po-
tential for crop pest and disease monitoring, at present
few non-proprietary systems or open source software
applications exist (Kamilaris and Prenafeta-Bold�u,
2018). A notable exception is a mobile application
system for identifying diseases of cassava plants, one of
the most important tropical crops (Ramcharan et al.,
2019).

Deep learning has also been applied to identi-
fication from audio recordings, including bird and
bat sounds, and even wing beats of mosquitoes (Fan-
ioudakis et al., 2018; Mac Aodha et al., 2018; Stowell
et al., 2019; Chen et al., 2020c). Unsurprisingly, the
technology has been applied most often to bird calls,


