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Abstract

Context Dispersal plays a key role in linking pop-
ulations, habitat (re)-colonization, and species range
expansion. As fragmentation and habitat loss are
ubiquitous threats and can disrupt dispersal, landscape
connectivity modeling has become a valuable tool in
conservation planning.

Objectives We provide an overview of how current
connectivity modeling has incorporated the different
aspects of animal dispersal. We describe the most
popular connectivity models and highlight their main
assumptions related to dispersal, suggesting a series of
questions that could clarify the advantages and
disadvantages of using a particular approach.
Methods We review the structure of the connectivity
models based on least-cost analysis, circuit theory, and
the individual-based dispersal models. We use some
studies as case examples to discuss how important
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elements of animal dispersal were considered through
models to predict movement routes.

Results  Ongoing developments in connectivity mod-
eling have made it possible to represent animal
dispersal in a more realistic way by implementing
key elements such as dispersal behaviors, mortality,
and inter-individual variability. However, the poten-
tial to consider such elements and how this is done in
connectivity modeling depends on the selected
approach, since each model represents animal disper-
sal through a different perspective.

Conclusions We recommend that the choice of a
connectivity model should be made after considering
the study objectives, the species dispersal mechanism,
and the prior knowledge available about it. By
understanding and incorporating dispersal behavior
into connectivity modeling, we can improve our
capacity to generate useful information aimed to
construct more effective conservation strategies.

Keywords Circuit theory - Dispersal movement -

Least-cost path analysis - Individual-based models -
Resistance surface - Resistant kernels

Introduction

In a world with increasingly fragmented natural
habitats, landscape connectivity has become a global
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priority for long-term biodiversity conservation (Rud-
nick et al. 2012). Connectivity is the “degree to which
the landscape facilitates or impedes movements
among resource patches” (Taylor et al. 1993). This
landscape property can be analyzed under the view of
its structure, i.e., considering the raster or vector
representation of the position, size, and architecture of
its elements (e.g., patches and corridors), or under its
functionality, when considering how a particular
organism perceives such structure (Tischendorf and
Fahrig 2000).

The study of the effects of connectivity on species
is of great scientific interest, since understanding the
factors that maintain or affect the local dynamics of
organisms is fundamental for the management and
conservation of sustainable landscapes (Rudnick et al.
2012). Under the functional perspective, a well-
connected landscape emerges from the successful
dispersal of individuals, a life-history trait primordial
for reproduction and survival of many species
(Baguette et al. 2013). Albeit with great variation,
dispersal is often seen as a three-stage process
(emigration, transfer, and immigration) in which
individuals move from their natal locations to the site
of first reproduction or move between successive
reproductive sites (Clobert et al. 2012). Beyond
individual consequences, dispersal is one of the key
processes in shaping population and metapopulation
dynamics, community assembly, and species’ global
range dynamics, whose direct assessment, tracking the
movement of organisms, can allow significant
advances in ecology, evolution, and biogeography
(Jgnsson et al. 2016).

Understanding how species disperse and what are
the requirements and constraints to dispersal can
ensure that this process is properly modeled and used
to report successful connectivity conservation strate-
gies (Vasudev et al. 2015). In the last decade and a
half, connectivity modeling has shifted from an
oversimplified representation of dispersal to process-
driven approaches, from which movement routes are
modeled considering the response of organisms to
different landscape elements (Etherington 2016;
Dickson et al. 2018). These approaches have been
particularly prominent in the conservation context
since it is possible to map structures capable of
facilitating (e.g., corridors and stepping stones) or
preventing (e.g., barriers) animal movement across the
landscape (Rudnick et al. 2012). Even though they
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represent a breakthrough compared to purely struc-
tural approaches, some of these connectivity models
were initially developed in other disciplines (e.g.,
least-cost analysis and circuit theory) and then adapted
to predict animal movements (McRae et al. 2008;
Etherington 2016). As a consequence of the different
conceptual and analytical backgrounds, the applica-
tions of the models are followed by specific assump-
tions about animal dispersal and distinct opportunities
to integrate certain aspects of this ecological process.

Here we provide an overview of how elements of
dispersal ecology have been incorporated into con-
nectivity modeling through the most commonly used
approaches: the least-cost (LC) models, including
least-cost path and resistant kernel analyses, the circuit
theory-based model (CT), and individual-based dis-
persal models (IBDMs). We did not perform a
systematic review, but rather an analysis of the
models’ structure using some studies as examples of
cases to discuss the ability of each approach to
represent some aspects of dispersal. Additionally, we
suggest a research agenda to clarify the appropriate
use of the different methods and to guide their
improvement. Although the reviewed models are
currently used to assess connectivity at different
scales, from within-territory movements to migra-
tions, this review focuses on their application to
identify important areas for animal dispersal in
terrestrial systems.

Resistance surfaces: the foundation of current
connectivity models

All connectivity models described here, except some
IBDMs, are based on a landscape raster representation
commonly known as resistance surface. The values of
this layer indicate the resistance or difficulty imposed
by environmental components on movement of indi-
viduals (Fig. 1a; Spear et al. 2010; Zeller et al. 2012;
Etherington 2016). Resistance or cost values are
assigned to each landscape cell to represent the
organism’s differential propensity to use a particular
habitat type during its movement. This propensity may
reflect the physiological costs and/or mortality
imposed by the different landscape elements repre-
sented in the cells (Spear et al. 2010; Zeller et al.
2012). The use of resistance surfaces allowed the
transition from connectivity models based on
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Fig. 1 Landscape resistance to animal movement and the
framework of connectivity models. A resistance surface
represents the differential propensity of an organism to use a
particular habitat type (a). Least-cost models convert the
resistance surface into a weighted-graph network in which
nodes (cells’ centroids) are connected by weighted edges

homogeneous landscapes to those capable of incorpo-
rating the effect of different landscape characteristics
on the species dispersal and gene flow (Spear et al.
2010; Zeller et al. 2012).

Although many different methods have been used
to create resistance surfaces (Zeller et al. 2012), in
general the modeling process usually consists of: (1)
selection of known or assumed environmental vari-
ables to affect the species movement; (2) selection of
biological data (most commonly detection data, relo-
cation data, pathway data, and/or genetic data); (3)
application of an analytical approach to associate the
biological movement data (2) with environmental
factors (1). In recent years, resource selection func-
tions have become very popular analytical approaches
to estimating landscape resistance (Chetkiewicz and
Boyce 2009; Zeller et al. 2012, 2018; Abrahms et al.
2017). From this approach, habitat suitability values
are obtained by comparing “used” habitat (captured
through biological data, with the exception of genetic

according to the Euclidean distance and resistance values from
the neighboring cells (b). In the circuit theory-based model, the
edges are replaced by resistors (¢). Using an IBDM, it is possible
to incorporate behavioral elements that drive individuals’
movement (d)

data) to “available” habitat, and translated into
resistance estimates through transformation functions
such as negative linear or exponential functions (e.g.,
Keeley et al. 2016). Depending on the analytical
approach selected, many competing surfaces can be
created and confronted with independent biological
data sets, and after the application of some model
selection procedure, the best candidate is identified
(e.g., Cushman et al. 2006; Zeller et al. 2012, 2018).

How do connectivity models work?

Many different approaches have been used to assess
landscape connectivity and the choice of the most
appropriate methodology will depend essentially on
the purpose of the study (Kool et al. 2013). For
example, some studies aim to evaluate the importance
of discrete landscape elements for connectivity (e.g.,
habitat patches), while others focus on identifying
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potential movement routes. In the first case, connec-
tivity indices, such as the popular habitat availability
indices, are commonly used (e.g., Diniz et al. 2018a);
in the second one, approaches based on movement
path modeling can be applied (e.g., McClure et al.
2017; Osipova et al. 2019).The first two models we
described here, the least-cost path and the circuit
models, are based on the structure of graphs (Adri-
aensen et al. 2003; McRae et al. 2008). Since the
principles of graph theory were applied to an ecolog-
ical context (Urban and Keitt 2001), this framework
has gained popularity among landscape ecology and
conservation studies (Correa Ayram et al. 2016).
Using graph theory, habitat patches are represented as
nodes that can be linked by edges that represent the
functional connectivity (i.e., the way that an organism
perceives the landscape structure), forming a network
of graphs (Urban and Keitt 2001). A link can be
expressed as a probability of connection or certain
limiting distance, being both related to the organism
under consideration (Pascual-Hortal and Saura 2006;
Saura and Pascual-Hortal 2007). Thus, some nodes
can form clusters of connected elements, while others
can be isolated or disconnected. Graph models include
those based on a lattice or grid of cells (least-cost path
and circuit models) and “land class” or patch based
models.

The factorial least-cost path analysis and other
improvements

Least-cost (LC) modeling was first developed in the
geographic transport context and consists of identify-
ing the path with the lowest cost distance among all
possible paths linking predefined sources and desti-
nations (SD) (Etherington 2016). The data required for
this analysis is a resistance surface and the SD
coordinates. Most LC methods convert the resistance
surface into a weighted lattice graph (Fig. 1b), struc-
ture where raster cells are represented by their
centroids (nodes) connected by weighted edges, which
are in turn determined as functions of both Euclidean
distance and cost or resistance units (Etherington
2016). Then an algorithm (being the graph theory
shortest-path the most commonly used; Dijkstra 1959)
is applied to find the combination of edges with the
lowest accumulated cost-distance linking a pair of SD
sites. In the end, the calculated LC distance will be the
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sum of the edge weights along the LC path (i.e., its
accumulated cost; Etherington 2016).

Ecologists have extensively used LC analysis since
its formal introduction by Adriaensen et al. (2003).
Currently, LC models have been the most applied
methods to analyze landscape functional connectivity
(Correa Ayram et al. 2016). Many variations from the
classic LC path analysis have been developed in an
attempt to overcome some limitations of the original
framework when applied to animal movement (e.g.,
Compton et al. 2007; Pinto and Keitt 2009; Landguth
et al. 2012; Etherington 2016). The classic LC path
approach seems to poorly match animal dispersal due
to three main reasons (Rudnick et al. 2012; Ethering-
ton 2016; Ribeiro et al. 2017). First, the specified pairs
of SD among which the individual will disperse are
rarely known. Moreover, predicting population con-
nectivity, here referred as the degree of connections
among populations in a landscape or “the outcome of
dependencies between populations or individuals”
(Kool et al. 2013), may require modeling over
hundreds or thousands of sites. Second, the model
assumes that all individuals will follow the LC path
(i.e., they have a clear destination as a goal, and a
complete knowledge of the landscape routes to that
destination, and always travel by the ‘cheapest’ one).
This omniscience is not biologically realistic, making
the results quite questionable. Finally, the LC path has
a 1-pixel width, which is dependent on the resistance
surface resolution, and proposing these narrow paths
as corridors may not be suitable for many species.

To work around these problems, some authors have
modified and implemented additional steps inside the
classic LC path routine. A factorial application, for
instance, computes the LC paths for all pairwise
combinations among the SD, thereby providing a
broader perspective of species population connectivity
(Rudnick et al. 2012). Considering multiple additional
suboptimal routes or smoothing the LC paths using a
probability density function have been used to deal
with the unrealistic assumption of a single optimal
path with a I-pixel width (Pinto and Keitt 2009;
Landguth et al. 2012; Ribeiro et al. 2017). For
example, Cushman et al. (2013) implemented factorial
least-cost corridor analysis which couples computa-
tion of all pair-wise paths in a system of nodes with
resistant kernel buffering to provide a spatially
synoptic and biologically realistic model of connec-
tivity across a continuously distributed population in a
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heterogeneous landscape. In addition, the factorial
least-cost path approach as implemented in the
software UNICOR (Landguth et al. 2012) includes
incorporation of dispersal thresholds that limit the
calculation of paths between nodes to a specified
threshold representing the dispersal ability of the
organism in question. A swath of cells surrounding the
LC path forming an LC corridor (Pinto and Keitt 2009;
Rudnick et al. 2012; Etherington 2016) avoids the
unrealistic view of one very narrow permanent route.
For LC connectivity models that generate multiple
paths, the resulting routes can be overlapped to
generate a density map indicating the number of paths
passing through each landscape pixel (e.g., Pinto and
Keitt 2009; Ribeiro et al. 2017).

Circuit theory

The application of a circuit theory-based model (CT)
to understand evolutionary and ecological processes
was only possible thanks to the previously established
theoretical relationship between electric circuits and
random walk on analogous graphs (McRae et al. 2008;
Dickson et al. 2018). A random walk is a modeled
movement of an organism where one step is taken
independently of the previous one, making the
displacement process absolutely stochastic in a land-
scape (see Codling et al. 2008 for a review). Circuit
theory can be used to model connectivity in both
evolutionary and ecological contexts (McRae 2006;
McRae et al. 2008) and has become one of the most
popular methods to model gene flow and dispersal
routes since its introduction (Dickson et al. 2018). In
ecology (which will be our focus hereafter), electrical
nodes in a circuit are used to represent landscape
matrix cells and habitat fragments, and the resistors
that connect them indicate functional connections
such as dispersal (McRae et al. 2008). The resistance
value offered to the current in the resistors represents
the difficulty imposed by a landscape element (e.g.,
land cover) or a set of them to animal movement
(Fig. 1c; McRae et al. 2008).

Using CT as a movement model requires a raster
representation of the landscape, where cells with finite
resistance will be transformed into electrical nodes
while cells with infinite resistance are dropped and
used to represent complete barriers to movement (see
McRae et al. 2008 for a detailed description). Cells
belonging to habitat patches that are sources and

destinations of individuals’ movement have zero
resistance and are converted into single nodes
(Fig. 1c; McRae et al. 2008). Resistors are placed
between each node and its four or eight neighboring
nodes, with resistance values generally defined as the
mean of the cells’ resistance being connected (McRae
et al. 2008). After the landscape has been converted
into a large electrical circuit, to analyze the current
flow between two habitat patches, one node is usually
connected to a current source (source patch) and the
other is connected to ground (destination patch). The
Ohm’s and Kirchhoff’s laws are applied through the
nodal analysis method to determine voltages at each
node, and then the currents passing through individual
resistors or nodes are calculated (McRae et al. 2008).
As circuit theory is linked to animal movement via
random walk, the current value flowing through a
resistor is equal to the expected net number of times
that individuals moving randomly starting at a source
location or patch will cross that branch before reach a
destination patch (McRae et al. 2008).

From the mapping of current density along the
landscape, it is possible to visualize and identify
movement patterns and, consequently, the most
important routes for connectivity throughout the study
area (e.g., McClure et al. 2017; Osipova et al. 2019).
The higher the current value in a landscape cell, the
greater the net passage probability for individuals
moving randomly from a source to a destination
(McRae et al. 2008). The current values also allow the
identification of pinch points, generally narrow areas
that have a high current value because they condense
many potential paths (McRae et al. 2008; Pelletier
et al. 2014).

Other graph-based approaches

Several connectivity measures can be derived from a
graph representation to indicate the degree of connec-
tivity in a landscape according to characteristics of the
organism under analysis (Pascual-Hortal and Saura
2006; Saura and Torné 2009). From the approaches
that the graph topology is given by nodes representing
habitat patches, the relative position of a node, the
node attributes (e.g., its size), the role of forming
clusters (i.e., a peripherical or central node), and the
number of connections are used to calculate several
connectivity indices (Rayfield et al. 2011). Graph-
based connectivity indices can express the overall
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aspect of a landscape (e.g., Integral Index of Connec-
tivity, Probability of Connectivity Index, number of
components, total number of links), or node-level
properties (e.g., clustering coefficient, closeness cen-
trality), all available in software such as Conefor
(Saura and Torné 2009) or Graphab (Foltéte et al.
2012). Among the graph-based measures, habitat
availability indices have gained prominence in con-
nectivity studies as they have shown high sensitivity to
various types of landscape changes (Pascual-Hortal
and Saura 2006; Saura and Pascual-Hortal 2007;
Correa Ayram et al. 2016). These indices can be used
to rank landscape elements according to their potential
to maintain connectivity, allowing the prioritization of
habitat patches and corridors for conservation (e.g.,
Diniz et al. 2018a).

Resistant kernels

While all model variations shown above are focused
on the identification of discrete structures such as
corridors or linkage zones, in some situations a
continuous and more synoptic view of connectivity
may be required (Cushman and Landguth 2012). This
can be achieved through the approach known as
resistant kernel, which arose from the union of two
well-known methods, the dispersal kernel estimator
and the LC path modeling (Compton et al. 2007). To
apply the resistant kernel analysis is necessary to have
(1) a resistance surface depicting the cost imposed on
the species movement by landscape elements; (2) the
source locations representing the origin points of
dispersers; (3) a dispersal function by which the
cumulative cost from sources will be converted into
expected densities of dispersing individuals; and (4) a
dispersal threshold representing an intrinsic condition
of the species that limits its movement (Compton et al.
2007; Cushman and Landguth 2012; Rudnick et al.
2012).

The resistant kernel modeling works as follows
(Compton et al. 2007; Cushman and Landguth 2012).
First, the LC path starting at a source cell and ending at
each cell surrounding it is identified using the resis-
tance surface. Then, the accumulated cost of each path
is stored in the respective cell creating a map of
movement cost. The model computes the optimal path
only for cells adjacent to the source cell where the
accumulate cost is less than the cost distance dispersal
threshold. Next, the accumulated-cost value
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maintained in each cell is converted into an estimate
of relative density using the defined dispersal function.
The expected density of dispersing individuals at the
source is the highest and it is down-weighted for the
neighboring cells by the cumulative cost up to the
dispersal threshold. The way in which the reduction of
the density occurs as the cumulative cost increases
(e.g., linearly, exponentially or following a normal
curve) is determined by the dispersal function. All the
LC dispersal kernels are made individually for each
source cell and summed to yield a synoptic, all-
directional dispersal map (i.e., a surface with the total
expected density of dispersers or the expected move-
ment rates at each pixel of the landscape, which is the
most effective algorithmic way of representing the
spatial incidence function of dispersal).

The integration of resistant kernel modeling with
factorial LC path analysis allows mapping and
assessing broad scale population connectivity consid-
ering the configuration of different elements. Gener-
ally, core area, fracture zone (locations where
connectivity is potentially reduced by barriers or
cumulative dispersal cost) and/or barriers are identi-
fied by the resistant kernel analysis, and dispersal
corridors are designed using the factorial LC paths
(e.g., Moqganaki and Cushman 2017; Khosravi et al.
2018). The relative importance of those elements for
landscape connectivity can be assessed through con-
nectivity metrics such as habitat availability indices
(e.g., Albert et al. 2017; Khosravi et al. 2018).

Individual-based dispersal models

An individual-based dispersal model (IBDM) explic-
itly simulates how animal movement occurs at indi-
vidual scale by incorporating species-specific
dispersal traits (e.g., Gardner and Gustafson 2004;
Revilla et al. 2004; Kanagaraj et al. 2013; Hauenstein
et al. 2019). Generally, IBDMs have a common
structure in which virtual dispersers are released from
predefined locations and their movement paths are
progressively formed step by step (e.g., Kanagaraj
et al. 2013; Allen et al. 2016). The displacement of
an individual occurs according to the interplay
between a set of state variables or attributes charac-
terizing the individual, movement rules (used to
simulate its behavior) and the landscape structure
(Fig. 1d). Information processing and decision-mak-
ing (represented by the movement rules) by
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individuals can be defined using a statistical model
(e.g., non-linear regression models or finite mixture
models) that in turn has been selected and parameter-
ized from field data (e.g., Tracey 2006); or according
to a weighted random walk which may or not consider
autocorrelation in movement (e.g., Kanagaraj et al.
2013; Allen et al. 2016). Movement rules incorporate
elements that are chosen based on species’ dispersal
traits such as perceptual range (i.e., the radius of
perception in which the movement decision can be
affected by the landscape elements), homing behavior,
memory size, and bias of movement away from the
natal patch (e.g., Péer and Kramer-Schadt 2008; Aben
etal. 2014; Coulon et al. 2015; Hauenstein et al. 2019).
Each simulated animal is allowed only perform a
maximum number of steps, which may be a fixed
parameter (e.g., Tracey 2006; Coulon et al. 2015) or
defined based on a probability distribution (e.g.,
Kramer-Schadt et al. 2004; Kanagaraj et al. 2013).

A variety of connectivity measures can be produced
from an IBDM’s output. Most commonly, inter-patch
connectivity is described as a function of the relative
numbers of successful dispersers (e.g., Tracey 2006;
Kanagaraj et al. 2013; Coulon et al. 2015). The spatial
identification of corridors can be performed overlap-
ping of the individuals’ movement paths across the
simulations (Allen et al. 2016; Hauenstein et al. 2019).
The spatial incidence function can be computed by
summing the total locations visited by all individuals
in all time steps, and is conceptually equivalent and
highly correlated to the predictions of the cumulative
resistant kernel, when the IBDM is based on cost-
weighted random walks.

The calibration, selection or redefinition of IBDMs
can be accomplished using strategies such as the
pattern-oriented modeling, through which the model
complexity can be optimized based on multiple
patterns observed in real systems, and the realism
added to their structures may make them less sensitive
to parameters’ uncertainty (Grimm et al. 2005).
Despite the flexibility and the ability to deal with the
behavioral aspects of individual dispersal, feature that
makes IBMDs seem more advantageous over other
connectivity models, they have some potential draw-
backs. Most important is its dependence on a large
number of parameters that require high-resolution
dispersal data, which are normally difficult to acquire
in the field (e.g., Watkins et al. 2015; Hauenstein et al.
2019). Being more complex in relation to the number

of parameters also turns IBDMs more sensitive to the
variation and interaction of those parameters. This
may be an advantage to understand the functioning of
complex systems (e.g., the population dynamics
within a community), but it will be a problem in
generating prediction in a pattern-oriented approach
such as to identify corridors. In addition, one of the
most striking features of IBDMs, the favoring of
realism, can be at the same time one of its major
advantages and disadvantages, since greater realism
and precision are accompanied by the loss of gener-
ality (Levins 1966). Finally, another hindrance for
further applications of some IBDMs is the statistical
complexity (Hauenstein et al. 2019), which can also
make analysis computationally demanding, especially
for large spatial and/or temporal scales.

How do connectivity models incorporate dispersal?

Like any other scientific model, connectivity models
are designed to represent key characteristics of real
systems (landscape resistance and movement behav-
ior) in order to understand certain processes and
patterns (dispersal and landscape connectivity) (Rud-
nick et al. 2012; Baguette et al. 2013). Because they
are attempts to represent one aspect of reality, they are
essentially inaccurate and there is no way to choose the
best model that applies to all cases due to two main
reasons. First, trying to choose and apply a single
model to describe the movement patterns of all species
would be a misleading and naive way of describing an
ecological process as variable as animal dispersal
(Clobert et al. 2012; McClure et al. 2016). Second,
there are still few studies comparing the predictive
performance of connectivity models using indepen-
dent dispersal data (McClure et al. 2016; Zeller et al.
2018).

Because different connectivity models express
different hypotheses about animal movement and do
so using a greater or lesser degree of complexity (e.g.,
McRae et al. 2008; Ribeiro et al. 2017; Hauenstein
et al. 2019), we argue that the models described above
may be useful depending on the weighting between
three main factors: (1) the study objectives, (2) the
particularity of the study system, and (3) the prior
knowledge available about it (Rudnick et al. 2012;
McClure et al. 2016). In this section, we selected some
fundamental aspects to understand how the bridge
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between dispersal and connectivity has been con-
structed and presented the pros and cons of using the
modeling approaches in light of the three main factors
mentioned above (Table 1). We use some studies as
examples to illustrate when it is indispensable to
consider each dispersal ecology element in the con-
nectivity modeling and how this will guide the choice
of the most appropriate model.

Landscape resistance to dispersal

Corridors designed to promote or improve the move-
ment of individuals between populations are probably
more reliable when developed directly from dispersal
movement data (Elliot et al. 2014; Zeller et al. 2018) or
from genetic data, which captures the multi-genera-
tional effect of dispersal across a resistant landscape
(e.g., Cushman et al. 2006; Shirk et al. 2010).
However, because dispersal can be difficult to detect,
especially in the case of long-distance dispersal

Table 1 The importance of some aspects of animal dispersal and how they have been incorporated into connectivity modeling

Dispersal aspect

Importance

Possible approach

Examples

Resistance to
dispersal

Seasonality

Animal perception

Perceptual range

Mortality during
dispersal

Individual
variability

Time

It must reflect the pattern of habitat
use during dispersal

Systems with pronounced seasonal
spatial variation in forage and water
availability or when the species
exhibits differences in habitat
preferences between seasons

How an organism perceives the
landscape around it and makes its
decisions will have strong effect on
its movement pattern

It is important to consider in
connectivity analyses made in high
resolution and where the cell’s size
does not match with the radius of
target species’ perception

Neglecting mortality may
overestimate successful dispersal
and compromise the effectiveness
of corridors

Heterogeneity in dispersal among
individuals may arise as a
consequence of differences
between sex, physiological
condition, and personalities

Patch connectivity may depend on
time

It can be captured using direct
dispersal data to produce the
resistance surface. Proxies such as
home-range movement data can be
used for some species

Produce seasonal resistance surfaces

Different perceptions can be
represented by different
connectivity models. Exploratory
movements and other dispersal
behaviors may help define the most
appropriate model. Complex
behavior can be better modeled
using an IBDM

Some LC models and IBDMs are
able to explicitly incorporate this
feature. A multi-scale model of
landscape resistance can consider
the specific scale with which
environmental variables can affect
movement

It can be inserted indirectly via
resistance surface or modeled
through IBDMs and CT (although
in a not very trivial way in the
latter)

It is possible to incorporate via
resistance surface and modifying
some models’ parameters such as
dispersal distance

Only IBDMs can incorporate a time
framework for connectivity

Abrahms et al. (2017) and
Zeller et al. (2018)

Benz et al. (2016) and Osipova
et al. (2019)

Kramer-Schadt et al. (2004)
and McClure et al. (2016)

Péer and Kramer-Schadt
(2008), Palmer et al. (2011),
Krishnamurthy et al. (2016),
and Ribeiro et al. (2017)

Kramer-Schadt et al. (2004),
McRae et al. (2008)

Elliot et al. (2014), Palmer
et al. (2014), Maiorano et al.
(2017), and Osipova et al.
(2019)

Kramer-Schadt et al. (2004)
and Hauenstein et al. (2019)

@ Springer



Landscape Ecol (2020) 35:41-58

49

movements (e.g., Abrahms et al. 2017), accessing the
trajectories of dispersers along different landscape
elements often becomes very laborious. Due to the
difficulty of obtaining adequate samples of dispersers,
landscape resistance values are commonly estimated
using proxies such as the habitat suitability based on
home-range movement or, less preferably, from expert
opinion (Zeller et al. 2012; Keeley et al. 2016).

The use of habitat suitability derived from non-
dispersal data to estimate dispersal movements may be
appropriate for some species. For example, Fattebert
et al. (2015) demonstrated that dispersing leopards
(Panthera pardus) use habitats in accordance to
resident adults. Similarly, Keeley et al. (2016) showed
that habitat suitability estimated from desert bighorn
sheep (Ovis canadensis nelsoni) home-range move-
ments can predict habitat use during long-distance,
prospecting movements, which frequently precede
dispersal. However, some species have different
patterns of habitat selection depending on the move-
ment purpose. For example, Elliot et al. (2014)
parameterized demographic-specific resistance sur-
faces using telemetry data from African lions (Pan-
thera leo) and showed that path selection and,
consequently, the connectivity pattern varied widely
among male natal dispersers, adult males, and adult
females. Using data from various types of kinkajous’
(Potos flavus) movements, another study concluded
that the landscape matrix imposes less resistance to the
movement of dispersers than for individuals perform-
ing home range movements (Keeley et al. 2017).
Similarly, Gaston et al. (2016) showed that Iberian
lynx (Lynx pardinus) is more tolerable to roads and
steep terrain when dispersing than when establishing
home ranges. The apparent idiosyncrasy in resource
selection during different behavioral states (e.g.,
foraging, dispersing) prevents habitat suitability
derived from any type of biological data from being
a comprehensive proxy for landscape resistance to
dispersal. Despite this, it is possible to apply some
analytical approaches to clean data based on indirect
detection in order to isolate dispersal-related move-
ment behavior and subsequently build resistance
surfaces (Abrahms et al. 2017).

As important as being aware of the correspondence
between ecological processes (i.e., habitat selection
during home range and dispersal movements) is the
choice of the transformation function to convert
habitat suitability values into resistance. Findings

from recent studies indicate that a negative exponen-
tial relationship between habitat suitability and resis-
tance is more appropriate than a negative linear
function, which is frequently used as the default
assumption (Beier et al. 2008; Trainor et al. 2013;
Keeley et al. 2016, 2017; Zeller et al. 2018). The
choice of the transformation function has important
implications. Applying a negative exponential rela-
tionship, we are assuming that dispersers might readily
cross habitat of moderate to low suitability. Using this
function, only areas with very low suitability values
may offer significant resistance to dispersal move-
ments (Keeley et al. 2016, 2017). On the other hand, a
negative linear transformation implies that resistance
decreases at a constant rate as suitability increases and,
therefore, only areas of high suitability offer low
resistance to movement (Keeley et al. 2016, 2017).

Although using expert opinion to estimate land-
scape resistance is recommended only when empirical
approaches are not available (e.g., Shirk et al. 2010;
Zeller et al. 2012), in some cases, this more subjective
approach has shown to be reliable and even preferable
to other methods until more appropriate data is
collected (e.g., Keeley et al. 2016; Reed et al. 2017;
Liu et al. 2018). As experts are probably more familiar
with habitat selection within home range of target
species than with their preferences during dispersal,
the use of this strategy to define resistance also has the
same implications discussed earlier (Zeller et al.
2012).

Because the utility and effectiveness of all connec-
tivity models discussed here depend first and foremost
on the ability of resistance estimates to reflect habitat
selection during dispersal, we recommend that studies
should state clearly: (1) the definition of resistance
according to the biological data used, the environ-
mental variables considered, and the connectivity
model applied; (2) the assumptions and implications
of the definition and methodology adopted to opera-
tionalize resistance; and (3) what inferences are
allowed from the presented definition and analytical
background. These last two recommendations should
be indispensable, especially for studies that use
proxies to estimate dispersal movements.

Source and destination locations

Ideally the source locations used in the connectivity
models should accurately represent the sources of
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dispersers (i.e., potential populations). Specifically,
the flow of individuals between populations and,
therefore, connectivity is a function of three things: (1)
the density and distribution of the source population
(unless dispersal is density-independent), (2) the
resistance patterns in the landscape, and (3) the
dispersal ability and behavior of the dispersing
organisms (Clobert et al. 2012).Therefore, when there
is no knowledge about the capacity of protected areas
or other sites to sustain populations of target species,
there are several strong disadvantages in using the
strategy of predefined sources and destinations (Koen
etal. 2014; Pelletier et al. 2014). Most notably, the size
and location of patches are often a very poor proxy for
the actual population distribution and abundance
(Cushman et al. 2008). Another disadvantage is a
possible mismatch between movement scales (Mimet
et al. 2016). One could assess the connectivity
between habitat patches belonging to the home range
of one or more individuals linked by daily movements
and mistakenly assume to be assessing population
connectivity via dispersal (Mimet et al. 2016).
Furthermore, the location and amount of source/
destination nodes within the study area can strongly
influence the connectivity results (Koen et al. 2014;
Pelletier et al. 2014). Thus, when there is no good
reason to place nodes in specific sites or when it is
intended to have an overview of connectivity through-
out the study region, the use of synoptic connectivity
modeling may be more appropriate (e.g., Carroll et al.
2012; McClure et al. 2017; Fabrizio et al. 2019). The
use of techniques that avoid arbitrary placement of
nodes can also be valuable for assessing the connec-
tivity of species for which habitat is not arranged in
discrete patches (e.g., Dilts et al. 2016).

From the application of CT in its original format
and factorial LC path analysis, connectivity is assessed
in a pairwise fashion (e.g., Khosravi et al. 2018;
Osipova et al. 2019). Using this strategy, we are
assuming that emigration and immigration occur from
predefined SD. Consequently, all possible links
between focal sites are assumed before the connec-
tivity analysis is performed and the models are applied
to inform the most likely dispersal paths between those
locations. This strategy is often adopted by studies that
aim to identify potential corridors linking large
protected areas (PAs), which are assumed to have
relatively stable populations and thus constitute
sources/destinations for individuals. For instance,
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accounting for seasonality and inter-individual vari-
ability, Osipova et al. (2019) used GPS movement data
to elephants to predict movement corridors, through
CT and LC path analysis, connecting the largest PAs
in a region between Kenya and Tanzania.

Resistant kernels and IBDMs do not require a priori
identification of destinations (e.g., Cushman and
Landguth 2012; Allen et al. 2016). The most important
conceptual difference between the LC path and
resistant kernel approach is that in the path model
individuals have a priori destinations and the model
finds optimal routes between them while in the
resistant kernel approach organisms disperse opti-
mally based on cost away from source points but
without a priori destinations, with probability of final
location a function of cumulative cost from the source
point (Compton et al. 2007; Etherington 2016).
Specifically, the resistant kernel approach simulates
least-cost dispersal from source points, reflecting the
density and distribution of the population, to all
locations in the landscape accessible to those individ-
uals, based on the resistance of the surrounding
landscape and the dispersal ability of the species
(Compton et al. 2007; Cushman and Landguth 2012).
As noted above, this creates a biologically realistic
estimate of the spatial incidence function of dispersal,
in terms of the probability or density of movements
through each and every location in the landscape
(Compton et al. 2007; Cushman and Landguth 2012).
Summing the locations of all individuals in all time
steps in cost-weighted random walks, IBDMs create
an equivalent measure of the spatial incidence func-
tion of dispersal. In these methods point-to-point or
patch-to-patch connectivity is a property that emerges
from dispersal assessment considering only starting
points. An omnidirectional assessment of connectivity
can also be achieved through relatively simple adap-
tations of CT (Koen et al. 2014; Pelletier et al. 2014)
and LC path analysis (Carroll et al. 2012).

Dispersal phases

Dispersal is often described as a three-phase process
composed sequentially of emigration, transfer, and
immigration whose concepts vary according to the
organism, the dispersal mode, and the scale considered
(Clobert et al. 2012). In general, emigration consists of
the act of leaving natal territory, where the individual
already has some familiarity with the environment.
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The subsequent transfer phase, in which movement
per se occurs, refers to the crossing of a completely or
partially unknown habitat matrix (or non-habitat
matrix in the case of human altered landscapes) with
the aim of searching for new locations. Finally,
immigration occurs when the dispersing organism
establishes itself in a new reproductive site (Clobert
et al. 2012).

Typically, connectivity approaches, including flex-
ible and complex IBDMs, only model the transfer
phase of dispersal while neglecting other demographic
processes (e.g., Kanagaraj et al. 2013; Allen et al.
2016; Hauenstein et al. 2019). Models that evaluate
connectivity in paired fashion generally represent the
transfer phase as a single event (i.e., individuals move
directly between the areas from which emigration and
immigration are known or assumed). However, in
some species, dispersers perform a complex sequence
of movements concatenated over time, which can be
derived by different environmental factors, to reach
new areas from the natal sites (Clobert et al. 2012).
This composite transfer phase occurs, for example,
during the dispersal of de young male elk (Cervus
elaphus) tracked between winter ranges (Killeen et al.
2014; Benz et al. 2016). To capture that dispersal
feature, Benz et al. (2016) combined a sequence of
migratory and dispersal movements to model connec-
tivity via least-cost corridors approach between winter
ranges (i.e., core areas). Incorporating fine-scale
information of habitat selection of male elks dispersers
(Killeen et al. 2014), this study applied step selection
functions to estimate habitat selection during spring
and autumn movements to create two different resis-
tance surfaces to predict seasonal movement corridors
connecting winter with summer areas (spring resis-
tance map) and, in sequence, corridors connecting
summer with winter areas (autumn resistance map).
Similarly, Osipova et al. (2019) used different sea-
sonal resistance surfaces to demonstrate the impor-
tance of incorporating seasonal changes in
connectivity modeling for African elephant (Lox-
odonta africana). This study showed that not account-
ing for that variability source can overestimates and
underestimates landscape connectivity for the dry and
wet season, respectively.

One of the main applications of connectivity
models is the identification of areas or elements that
may offer greater chances of success for individuals’
movement among core areas (Rudnick et al. 2012;

Kool et al. 2013). Despite the importance of ensuring
the transfer phase, if we ignore the other dispersal
phases, the proposed connector structures may have
questionable functionality. After all, there is no point
in having well-connected areas and not making sure
that they are able to provide dispersers and/or ensure
their establishment. Therefore, we recommend that
whenever it is feasible, a more realistic representation
of dispersal, explicitly considering its three stages
should be implemented. This more complete view of
the process can produce more reliable predictions
about the pattern of species dispersal and, conse-
quently, inform more efficiently the management
strategies capable of restoring or ensuring its continu-
ity (Travis et al. 2012). For example, one model that
can represent all three phases of dispersal is CDPOP
(Landguth and Cushman 2010), which models indi-
vidual-based dispersal, mating, mortality, and gene
flow across a costs and mortality risk surface. This
model simulates the transfer phase as a cost-weighted
dispersal process, and also simulates dispersal cost and
mortality risk of the locations where dispersing
individuals settle. By enabling simulation of dispersal,
selection, mating, and mortality across large popula-
tions and long time periods in complex landscapes,
this model provides realistic dispersal dynamics
within a comprehensive individual-based population
and genetics model.

Animal perception of the landscape

As mentioned before, many improvements have been
implemented in LC analysis in recent years, mainly
aiming to overcome the unrealistic assumption that all
individuals will always follow the optimal path
between two locations (Pinto and Keitt 2009; Land-
guth et al. 2012; Ribeiro et al. 2017). Studies using the
classic single LC paths (factorial or not) assume that
animals have perfect knowledge of the landscape,
have specific destinations, and always make their
decisions in order to optimize the movement to those
destinations (i.e., reduce the cost-weighted distance).
Both resistant kernel and the other LC approaches
presented here break the assumption of omniscience in
different ways. In the resistant kernel model, move-
ment is not goal orientated and, consequently, the
dispersal is treated diffusely since all paths around the
source with an accumulated cost lower than the
species dispersal threshold are possible (Compton
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et al. 2007; Cushman and Landguth 2012). Kernel-
smoothed LC paths represent possible deviations from
the optimal route due to stochastic behavioral choices
of individuals and/or an incomplete knowledge about
the adjacent environment (Cushman et al. 2013).
Although this approach considers that individuals will
imperfectly follow LC paths, a greater probability will
still be attributed to the optimal paths, and the possible
deviations will still be centralized in their vicinity (i.e.,
individuals are assumed to have near-perfect knowl-
edge of the landscape). The use of multiple low-cost
paths created from stochastic variations assumes that
individuals can disperse via different routes, some of
which may deviate considerably from the LC paths. As
far as we know, LC models rarely explicitly incorpo-
rate the perceptual range of species (but see Ribeiro
et al. 2017).

Using CT, we are assuming that the studied species
follows a resistance weighted random walk from
specified source to a priori destination location
(McRae et al. 2008). Although all paths from a source
to a destination are possible, those with low resistance
(i.e., higher current values) are more likely to be taken
since they have higher net passages probabilities to the
walkers (McRae et al. 2008). The movement decisions
are taken probabilistically according to the resistance
values imposed by the surrounding habitat and no
local directional bias is considered (McRae et al.
2008). Because these decisions are only influenced by
the resistance in the four or eight neighboring cells, the
model assumes that the perceptual range is invariably
equivalent to 1-cell size.

Similarly, in IBDMs, cell-to-cell movements are
usually the result of a cost-weighted random choice
based on the adjacent cells’ movement probabilities,
which are attributed according to the habitat charac-
teristics of those cells. Although dispersal is modeled
as a probabilistic event driven by animal’s habitat type
preferences, as in circuit theory and resistant kernels,
IBDMs can still make the shift from one cell to another
dependent on the degree of autocorrelation in the
movement, mortality, food availability, conspecific
interactions, perceptual range, and other parameters
(e.g., Gardner and Gustafson 2004; Kramer-Schadt
et al. 2004; Kanagaraj et al. 2013; Watkins et al. 2015).
While there is no algorithmic or theoretical limitation
to extending perceptual range in IBDMs to a larger
range (e.g., Péer and Kramer-Schadt 2008; Landguth
and Cushman 2010; Palmer et al. 2011), many of them
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consider that an individual will move to a cell
according to its perception of the environment in the
eight cells surrounding its current location, also
assuming a 1-cell size perceptual range (e.g., Gardner
and Gustafson 2004; Revilla and Wiegand 2008;
Kanagaraj et al. 2013; Allen et al. 2016; but see
Hauenstein et al. 2019).

The different assumptions about the animal per-
ception of the landscape and the dynamics of move-
ment incorporated by each model make them more or
less appropriate to model dispersal routes according to
the particularity of the target species. For example, the
assumption of no knowledge beyond dispersers imme-
diate surroundings seems to make CT suitable to
model dispersal movements of species for which
exploratory movements outside of the natal sites were
uncommon (e.g., Harrison et al. 1991). On the
contrary, for species in which juveniles frequently
performed movements before dispersal, the assump-
tion of near-perfect knowledge of LC models might be
more appropriate (e.g., Debeffe et al. 2013). In some
cases, the use of a hybrid approach may represent
better species dispersal. The use both CT and LC
model may be justified to model connectivity for
species such as eagle owl (Bubo bubo), in which the
dispersers follow routes that are intermediate solutions
between the optimized and the random ones (Pente-
riani et al. 2010).

Although the ability of animals to perceive and
respond to different landscape features (e.g., forests,
water bodies, and cities) can change connectivity
quantitatively and qualitatively (Péer and Kramer-
Schadt 2008), the necessity of accounting for species-
specific perceptual range and other fine-scale move-
ment behavior into connectivity modeling will depend
on the purpose and scale of the study. For example,
applying resistant kernel analysis to a landscape
resistance surface of 5 km pixel size, Riordan et al.
(2016) evaluated connectivity across snow leopard
(Panthera uncia) global range, providing an opportu-
nity to direct future connectivity research and conser-
vation actions for the species. Given that the main
objective is to provide a big picture of species
connectivity, it is acceptable to ignore certain disper-
sal details, such as perceptual range, in assessing
movement among populations from this coarse view
of space due to the large extension of the study area.
When it is important to incorporate perceptual range
into connectivity modeling, it is possible to do so in
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different ways. For example, animal’s perceptual
range can be incorporated directly into IBDMs as a
component of decision-making during movement
(e.g., Palmer et al. 2011; Hauenstein et al. 2019), or
indirectly through the development of a multi-scale
model of landscape resistance (Krishnamurthy et al.
2016). From this last approach, resistance values are
derived using environmental variables individually
adjusted at specific scales in which they affect the
movement of individuals (Krishnamurthy et al. 2016).

Mortality during dispersal

Because dispersal is costly and often involves rela-
tively high risk of mortality (Bonte et al. 2012),
neglecting this factor may overestimate dispersers
success and, consequently, landscape connectivity. In
addition to mortality risk driven by certain matrix
elements (incorporated via resistance surface), in
some cases, it is important to identify and include
factors that impose additional mortality. For example,
even including baseline mortality, most of the patches
were connected for Eurasian lynx (Lynx lynx) accord-
ing to the IBDM developed by Kramer-Schadt et al.
(2004), but adding realistic levels of road mortality
produced an opposite scenario. This study reinforces
the idea that in some landscapes, especially those
intensely disturbed by human actions, connectivity
may not only depend on the distribution of dispersal
habitat (structural connectivity) or animal’s vagility
(potential connectivity), but essentially on elements
that allow access functional connectivity (Crooks and
Sanjayan 2006). Additional mortality caused by roads
may be particularly important for species that exhibit
weaker avoidance of roads during dispersal (Gaston
et al. 2016). It is worth noting that landscape
connectivity might be a main factor in determining
roadkill risk especially for habitat-generalist species
(Fabrizio et al. 2019).

None of the LC models reviewed is capable of
directly incorporating mortality during dispersal. In
contrast to LC paths, which are “reflective” models
(e.g., paths are reflected around obstacles to their a
priori destination), resistant kernels are “absorptive”
(e.g., resistant kernel value decreases cumulatively
with accumulated cost from the dispersal source),
which in some systems and for some species can
reflect mortality losses during dispersal, while in
others it can simply reflect the relative probability of

final destination of dispersal. The difference between
the two approaches would be reflected in whether the
total kernel volume is constant or is down weighted by
cumulative cost, the latter reflecting losses (mortality)
during dispersal, and the former reflecting purely the
dispersal phase without any modeled mortality.

Although it is conceptually possible to model
mortality in CT, it does not seem to be a very trivial
task (McRae et al. 2008). The main concern is related
to the definition of probability of mortality so that the
model does not overestimate death events (McRae
et al. 2008). To simulate the probability of a random
walker dying along the way, grounded resistors can be
added on each node with resistance reflecting the
probability of death as individuals pass through them
(McRae et al. 2008). However, even if the probability
of mortality is high in a given node, individuals can
still visit it several times since they are moving
randomly, inflating the mortality rates. This is because
individuals are not allowed to have memory or long-
distance perception and, consequently, they are inca-
pable of avoiding these high-risk points (McRae et al.
2008). When incorporated in this way, mortality is
assumed to be constant and independent of any
individual condition (e.g., age or sex).

Stochastic mortality depending on habitat quality
defined based on human disturbances (Kanagaraj et al.
2013) or due to starvation and predation (Gardner and
Gustafson 2004) can be associated with each move-
ment step or time step within IBDMs and may be age-
dependent (Watkins et al. 2015). This arguably is one
of the main strengths and advantages of IBDMs, as
incorporating both the effect of the landscape on
dispersal (e.g., resistance) and mortality (e.g., risk) is
essential to reliable predictions of the population-level
implications of any landscape condition or change.

Inter-individual variability

Animal dispersal is driven by multiple factors, being
often both condition- and phenotype-dependent (i.e.,
some phenotypic differences are related to different
dispersal propensity and individuals may adjust their
dispersal tactics based on external factors such as
habitat quality; Clobert et al. 2009). Because individ-
ual variability in dispersal behaviors has been widely
documented for many species (e.g., Bowler and
Benton 2005; Clobert et al. 2009; Penteriani et al.
2010) and can substantially impact landscape
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connectivity (Palmer et al. 2014; Vasudev et al. 2015;
Osipova et al. 2019), it is important to capture this
source of variation in the wildlife corridor design
(Baguette et al. 2013). The heterogeneity in dispersal
decisions among individuals may arise as a conse-
quence of differences between sex, physiological
condition, as well as previous experiences and ability
to use external cues (e.g., Penteriani et al. 2010).

All connectivity models that consider stochastic
variation to produce multiple alternative routes
implicitly incorporate some inter-individual variabil-
ity. However, stochastic variation does not enable
separation of effects of particular organism character-
istics on movement or connectivity. It is possible to
use two main strategies to explicitly consider individ-
ual variability into connectivity modeling: varying
specific model parameters or producing different
resistance surfaces. Instead of considering only aver-
age individuals when describing the species dispersal
ability in LC models and IBDMs, it would be
interesting to use a range of values also allowing for
the occurrence of less frequently observed long-
distance dispersal events. For example, Cushman
et al. (2016) evaluated how a range of dispersal
distances affect predictions of connectivity for African
lions. The same strategy can also be applied to species
exhibiting inter-sexual differences in dispersal dis-
tances (Penteriani et al. 2010). For LC path and
resistant kernel analyses, the maximum dispersal
distance can be specified based on the Euclidean
distance or converted to a maximum cumulative cost
value (Compton et al. 2007; Cushman and Landguth
2012; Landguth et al. 2012). IBDMs may additionally
incorporate variability in the parameters used to define
dispersal behavior such as directional persistence
(Palmer et al. 2014) and perceptual range (Olden
et al. 2004), making them variable among individuals
and/or dependent on landscape context. To account for
inter-individual variability in the way little owls
(Athene noctua) respond to their environments during
dispersal, Hauenstein et al. (2019) built an IBDM and
implemented a habitat-specialization-level parameter,
defining for each individual the importance of habitat
suitability during its movement.

All connectivity models considered here may
incorporate inter-individual variability through resis-
tance values to reflect different dispersal strategies
such as that presented by bolder individuals, which
may take greater risks during dispersal (Palmer et al.
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2014). Sex-specific resistance surface can also be used
to incorporate differences in patterns of habitat use
during movement of males and females (Elliot et al.
2014; Maiorano et al. 2017). To take into account the
variability across individuals in connectivity predic-
tions for African elephant, Osipova et al. (2019)
suggested a weighted overlay framework, in which the
final resistance surface used to model connectivity was
constructed by adding resistance values weighted by
the distance to the home-range center obtained for
each individual. They demosntrated that the weighted
overlay method significantly improves the movement
predictions.

Time

Only IBDMs are able to explicitly consider time
during dispersal modeling. A movement threshold in
IBDMs can be set in terms of maximum number of
movement steps or cumulative cost that may represent
the entire dispersal process (e.g., Palmer et al. 2011;
Allen et al. 2016) or a fraction of it, and in this last case
the threshold is renewed following a temporal mark
(e.g., days) until it reaches a certain period of time
such as a year (e.g., Kramer-Schadt et al. 2004;
Kanagaraj et al. 2013). Since patch connectivity may
be dependent on the simulated time period, the time
window during which the dispersal process is modeled
may be important, especially for those models oper-
ating on an intraday time scale (Kramer-Schadt et al.
2004; Hauenstein et al. 2019).

Conclusions

The effectiveness of conservation efforts to mitigate
the impacts of rapid global changes on biodiversity is
strongly linked to our ability to adequately understand
and represent the ecological processes underlying
population dynamics. Hence the success of conserva-
tion measures focused on improving connectivity
among populations will depend on how well data and
modeling approaches can capture the actual process of
species dispersal. Dispersal is a multifaceted process
that results from complex interactions between intrin-
sic attributes of dispersers and external environmental
factors (Clobert et al. 2012; Vasudev et al. 2015).
Therefore, to ensure dispersal success, it is necessary
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to understand the dispersal process itself (Vasudev
et al. 2015).

The current connectivity modeling has allowed the
incorporation of several important aspects to represent
and evaluate animal dispersal. Many aspects of
dispersal (e.g., individual heterogeneity, perceptual
range, and mortality) can be considered through the
resistance surface, the backbone of the most com-
monly used connectivity models. We emphasize the
need to ensure that resistance surfaces capture and
represent the real costs imposed on animal dispersal.
When directly using dispersal data is not possible, we
recommend that the study make clear what implica-
tions and inferences are allowed from the proxy used
to measure resistance. Other particularities of the
dispersal ecology of the target species in line with the
data nature and availability, as well as the study and
conservation objectives, will dictate the most appro-
priate choice among the available connectivity
approaches.

Because the connectivity models reviewed here
represent different assumptions about animal disper-
sal, we recommend that the choice of them should not
be based solely on its popularity, but rather on the
three factors mentioned above. We suggest that,
whenever possible, researchers should opt for
approaches that can represent movement behavior
more realistically, in addition to incorporating factors
known to influence the species’ dispersal success.
When the use of such models is impracticable and/or
the information on dispersal behavior is very limited
or not available, we indicate to estimate connectivity
from different models and confronting their results
with independent empirical dispersal data. This prac-
tice will bring substantial gain to the ability of the
models to represent the studied system and other
similar systems. In this scenario, perform sensitivity
analyses or incorporate uncertainty into the parameter
estimates is also essential for evaluating the results
robustness.

It is noteworthy that although we have described
and discussed connectivity models from the perspec-
tive of a single species, in recent years, there has been
a growing number of studies applying these models to
design habitat networks for multiple species (e.g.,
Albert et al.; Brodie et al. 2015; Khosravi et al. 2018).
Most commonly, multispecies connectivity scenarios
can be generated through composite resistance sur-
faces (e.g., Brodie et al. 2015) or from the intersection

of individual connectivity scenarios (e.g., Khosravi
et al. 2018). Designing a conservation planning based
on a multispecies perspective representing a diversity
of habitat and/or movement needs is recommended,
since a single surrogate species cannot represent the
demands of all co-occurring species (Meurant et al.
2018; Diniz et al. 2018b). However, since no connec-
tivity scenario is likely to be as effective as the one
designed to meet the demands of a particular species,
trade-offs between single- and multispecies
approaches may be unavoidable (Breckheimer et al.
2014; Brodie et al. 2015). This is a recently debated
topic in the literature and provides an opportunity for
future development and enhancement of connectivity
models.

Improvements in tracking technologies integrated
with remote sensing data have enabled the start of “a
golden age of animal tracking science” (Kays et al.
2015). Nevertheless, there are still relatively few
studies comparing the predictive power of the models
and the suitability of different data types to represent
dispersal (Zeller et al. 2018). Given the immense and
increasing interest in connectivity and dispersal mod-
eling, there are few topics in landscape ecology and
conservation biology more urgent than evaluating the
relative performance and utility of alternative con-
nectivity modeling methods, and under which situa-
tions and for which questions each is best suited. The
comparative validation of connectivity models has
great implications mainly for conservation research
since they can offer different solutions to the same
problem (Avon and Berges 2016). We suggest a
focused research agenda to explore the behavior,
accuracy, and similarities among connectivity model-
ing methods (e.g., Cushman et al. 2014; Zeller et al.
2018). Specifically, we recommend studies that use
simulations of animal movement based on known and
specified relationships between landscape resistance,
mortality risk, and other costs to generate movement
paths which then can be compared to the predictions of
alternative connectivity modeling approaches. This
will enable robust determination of the effectiveness
of alternative connectivity modeling methods and,
consequently, will guide us toward a better allocation
of limited conservation resources to determine func-
tional wildlife corridor placements.
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