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New technologies have vastly increased the available data on animal movement
and behaviour. Consequently, new methods deciphering the spatial and tem-
poral interactions between individuals and their environments are vital. Network
analyses offer a powerful suite of tools to disentangle the complexity within
these dynamic systems, and we review these tools, their application, and how
they have generated new ecological and behavioural insights. We suggest that
network theory can be used to model and predict the influence of ecological and
environmental parameters on animal movement, focusing on spatial and social
connectivity, with fundamental implications for conservation. Refining how we
construct and randomise spatial networks at different temporal scales will help
to establish network theory as a prominent, hypothesis-generating tool in
movement ecology.

Reducing Complexity in a Technological Age
Since antiquity the flow of valuable goods such as silk from China, spices from India, or ivory from
Africa has criss-crossed the globe on trade networks that have been heavily influenced by
geography and the prevailing sociocultural climate [1]; these factors have had extraordinary
impact on the evolution of human society over the past 13 000 years [2]. Analogously, animal
movement, that is reliant on the underlying geographic landscape and the social environment in
which animals find themselves, can strongly influence the flow of genetic material, infectious
disease, and cultural innovations within a population [3–5]. The analysis of social systems has
received considerable attention in the scientific literature, and robust quantitative analyses of
animal social networks (see Glossary) are now firmly embedded in behavioural ecology and
evolution [6–9]. Despite considerable theoretical overlap and broad utility in the study of human
mobility and transportation networks (e.g., [10,11]), movement ecologists have been slow to
adopt graph theory as a framework for quantifying habitat connectivity. To help to refine our
understanding of the mechanistic links between movement behaviour, the environment, and
individual motivation or physiological traits, however, dynamic spatially informed models are key
[12,13], not least because they allow us to visually identify patterns relating to ecological
processes. Recently, with technological developments that have enhanced our ability to track
multiple individuals concurrently over long periods [14–17], the requirement for analytical
methods that allow us to interpret how global patterns are shaped by the movements of many
individuals have brought network analyses back into the limelight.

Networks themselves have an intuitive appeal, utilising metrics that facilitate the identification of
central players, which are key to flow and connectivity within a given system [18] (Box 1); this
provides a means to explore connectivity at multiple scales, clarifying the relationship between
structure and process in biological systems [19,20]. Analyses of movement data, retrieved from
numerous active or passive methods, currently rely heavily on correlative measures of fixed units
(e.g., presence/absence data) to explore inter- and intraspecific comparisons or environmental
predictors of movement. Adopting a ‘network perspective’, however, helps to quantify dynamics
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while accounting for the non-independence of movement steps. Networks achieve this by
considering relationships between network edges that represent the transition between paired
locations within the movement network of an individual. The flexibility with which we can define
these edges, from a simple A to B transition for an individual, to the correlation of route similarity
between individuals potentially moving as a collective [21], is crucial for extracting and delineating

Glossary
Adjacency matrix: an n � n matrix
linking all nodes in a network via
some form of interaction, in this case
movements of animals between one
receiver and another. The matrix can
be either symmetric or asymmetric to
represent non-directed or directed
interactions.
Autonomous fixed arrays (AFA): a
cluster of sedentary biologging
devices capable of wirelessly
receiving or capturing long-term
information (months to years) on
animal space-use by logging
presence/absence, where animals are
often individually identifiable (e.g.,
radio-frequency or acoustic receivers,
camera traps).
Bipartite graph: the modelled
relationship between two different
classes of node, in this instance a
matrix of individuals-by-location.
Empirically derived Markov model
(EDMM): deterministic model that
accounts for the temporal dynamics
of transitions between states or, for
example, the movements between
locations within AFA. These models
assume that any movement is based
purely on the current state, and not
on preceding states, and that
transition probabilities between states
remain the same over time.
Graph theory: a branch of
mathematics that allows us to model
the structure of pairwise relations
between objects in the form of a
network. Objects are typically
represented by nodes or vertices and
relations by edges between nodes.
Infinite Gaussian mixture models
(IGMM): a probabilistic Bayesian
model, with an undefined prior
number of mixture components, used
to statistically infer aggregated or
clustered distributions within data
from course observations and/or
time-series sampling of the
population.
Kernel utilisation distribution
(KUD): a 2D probability density
function that estimates the probability
of finding an animal within an area
based on a given set of recorded
locations.
Movement network: movements of
an individual or group of organisms
between locations, modelled using
graph theory.
Social network: the structure
describing a series of nodes or
individuals and the accumulated
dyadic linkages formed through some

Box 1. The Properties of Movement Networks

Most movement networks of locational nodes and movement edges can be analysed with standard metrics that report
the structural and connective properties within a network. We outline here the utility of such metrics for defining areas of
crucial importance in movement networks. Unweighted, binary networks (Figure Ii) simply indicate whether an animal has
moved between two locations and this relationship can be accompanied by directionality (Figure Iii). In movement
networks there are also two key temporal measures that accompany an edge: (i) time the edge occurred (T-D), providing
some chronology of edge formation, and (ii) duration (Dtm), which is the time taken from leaving one node to arriving at
another. Weighting the edges informs the frequency with which that movement has occurred and, by averaging the sums
of the linked weights arriving and departing from a location, we obtain the relative node strength (indicated by node size in
Figure Iiii). Across the global cargo shipping network, average node strength was found to scale superlinearly with degree
– the number of unweighted edges attached to a node – reflecting interesting properties of transport networks where
busy ‘hubs’ are better able to deal with a higher percentage and heavier weighting of flow [11].

Single node-based centrality measures can inform the relative importance of habitat patches [86], and the distribution of
these measures across the network might be used to characterise the robustness of a system to fragmentation and
animal dispersal [41,87]. We have encountered degree, but several other measures including edge betweenness and
eigenvector centrality can indicate important ‘corridors’ that link multiple subgroups of the spatial network (e.g., red node,
Figure I). In addition, the clustering coefficient and global measures of community detection can apportion the network
into subgroups if activity is restricted to statistically-higher within- rather than between-group movements (i.e., spatial
assortment represented by the broken lines in Figure I). While the formation of clusters is often likely to favour spatially
close locations, in ecosystems that are subject to stochastic fragmentation, such as temporarily flooded ponds,
clustering can indicate potential and time-associated habitat to freshwater residents such as amphibians [87]. For
wider ranging or migratory species shortest path length (blue lines, Figure I) can illustrate the most efficient routes through
a mosaic of habitats, helping to understand the implications of animals that cannot, or fail to, take these routes [43].
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Figure I. Metrics within unweighted (i), directed (ii), and weighted (iii) elements of a movement network
across a small AFA. We represent summed degree weight (node size, iii), community structuring (broken line), high
betweenness centrality (red node), and shortest path length between location X and Y (blue lines). Each movement edge
is associated with a specific time, date, and duration.
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