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Understanding, predicting and controlling animal movement is a fundamental problem of
conservation and management ecology. The need to mitigate human-wildlife conflicts,
such as crop raiding by large herbivores, is becoming increasingly urgent. Because of
the substantial costs or the possibility of unsuitable outcomes on wildlife, managers are
often encouraged to deploy interventions that can achieve their objective while minimizing
the impact on animal populations. We propose an adaptive management framework
that can identify cost-effective solutions to reduce human-wildlife conflicts, while also
minimizing constraints on animal movement and distribution. We focus on conflicts
involving animals for which conflict zones occupy only a portion of their home-range. The
adaptive management approach includes four basic steps: define and spatialize conflict
areas, predict animal distribution from functional connectivity and patch residency time,
predict the impact of management actions on animal distribution, and test predictions
and revise predictive models. Key to the process is development of a mathematical model
that can predict how habitat-animal interactions shape animal movement dynamics
within patch networks. In our model, networks consist of a set of high-quality patches
connected by links (i.e., potential inter-patch movements). Inter-patch movement rules
and determinants of patch residency time need to be determined empirically. These
data then provide information to parameterize a reaction-advection-diffusion model
that can predict animal distribution dynamics given habitat features and movement
taxis toward (or against) conflict areas depending on management actions. Illustrative
simulations demonstrate how quantitative predictions can be used to make spatial
adjustments in management interventions (e.g., length of diversionary fences) with
respect of conflict areas. Simulations also show that the impact of multiple interventions
cannot be considered as simply having additive effect, and their relative impact on
animal equilibrium distribution depends on how they are added and deployed across
the network. Following the principles of adaptive, integrated landscape management,
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the predictive model should be revised as monitoring provides new information about
the response of animals to the set of interventions. We contend that the proposed
quantitative approach provides a robust framework to find cost-effective strategy toward
sustainable human-wildlife conflicts.
Keywords: adaptive management, functional connectivity, human-wildlife conflict (HWC), movement ecology,
patch network, quantitative ecology

INTRODUCTION

surroundings (Blanco et al., 2020) when animals move into
(Piana and Marsden, 2014) and out of (Loveridge et al., 2017)
protected areas to feed or migrate.
Here we propose an adaptive management framework
(Walters and Hilborn, 1978; Richardson et al., 2020) that can be
used to identify cost-effective solutions, while also minimizing
constraints (e.g., avoid fencing off entire areas) on animal
movement and distribution. We focus on conflicts involving
animals for which conflict zones occupy only a portion of
their home-range—a common situation for many species (e.g.,
Ripple et al., 2014; Soulsbury and White, 2015; Soliku and
Schraml, 2018; Sigaud et al., 2020). The underlying idea is to
use quantitative ecology to develop a species-specific predictive
model of space-use dynamics, and then use this information
to organize management actions over the landscape to divert
animals away from conflict zones. The goal is not to completely
constrain the movement of wildlife species but rather reduce
human-wildlife interactions to socially acceptable levels. Our
adaptive management approach includes four basic steps and a
feedback loop (Figure 1): (A) define and spatialize HWC; (B)
predict animal distribution from functional connectivity and
patch residency time; (C) predict the impact of management
actions on animal distribution; and (D) test predictions and
revise the predictive model. Below we outline critical elements
associated with each step of the management framework.

Increased rates of extinction of wildlife populations in association
with human activity is the hallmark of the Anthropocene (Pereira
et al., 2010; Richardson et al., 2020). Humans greatly impact
wildlife by disrupting the distribution and behavior of animals
globally (Gaynor et al., 2018; Tucker et al., 2018), and human
footprint on the landscape is a key threat to wildlife across
virtually all taxonomic groups (Turvey and Crees, 2019). The
relation between wildlife and the available space is paramount
for conservation (Rosenzweig and Ziv, 1999). Despite Aichi
targets (CBD, 2018) aiming at increasing the amount of protected
areas, a major the debate concerns how to allow biodiversity
in human-dominated landscapes, such as land-sharing strategies
(Green et al., 2005). Sharing space as a conservation model is
contentious, however, as human-wildlife conflicts (HWC) are
accelerating (Dickman, 2010). The International Union for the
Conservation of Nature and the World Wildlife Fund consider
HWC to be one of the main threats to biodiversity worldwide
(IUCN, 2020; WWF, 2020).
These HWC, however, often stem from conflicts between
humans about how to manage wildlife in shared landscapes
(Peterson et al., 2010; Frank, 2016), and there is increasing
recognition that the loss of species locally or strong spatial
constraints on their movement can jeopardize management and
conservation objectives, such as maintaining ecological integrity
and ecosystem services (Ayantunde et al., 2011; Svenning et al.,
2016; Wurtzebach and Schultz, 2016). There is growing interest
in developing effective and efficient solutions toward sustainable
HWC mitigation (Mumby and Plotnik, 2018), and integration
HWC into landscape management will be key in this respect. This
was well-coined two decades ago with the idea of reconciliation
ecology, urging to rethink and design anthropogenic habitats so
that their use is compatible with use by a broad array of other
species (Rosenzweig, 2003).
While acknowledging that financial resources are often limited
to carry out management actions (Richardson et al., 2020), the
identification of cost-effective management interventions among
a range of options can be difficult due to the multiple unknowns
and uncertainties that characterize complex ecological systems
(Ward et al., 2020). Understanding, predicting and controlling
animal movement is key to designing anthropogenic landscapes
that minimize the risk of negative interactions or maximize
positive experience with wildlife. An additional challenge is to
produce guidelines to assess the efficiency of management actions
in the light of wildlife responses and human expectation. This
is for instance the case with cross-boundary interactions that
may occur at the interface between protected areas and their

Frontiers in Sustainable Food Systems | www.frontiersin.org

DEFINE AND SPATIALIZE
HUMAN-WILDLIFE CONFLICT
Human–wildlife conflict generally stems from negative
interactions between humans and wildlife. Conflicts can
involve a range of outcomes of human-animal interactions,
such as human deaths (e.g., predation, wildlife vehicle collision),
disease spread, impacts on vegetation, dissemination of exotic
plants into protected areas, livestock depredation, crop-raiding,
and property damage (Ujvári et al., 1998; Packer et al., 2005;
Ripple et al., 2014; Hadidian, 2015; Sigaud et al., 2020; Simon
and Fortin, 2020). For example, from 2005–2016, 21 727 cases
of crop raiding, 6,768 of livestock depredation, and 1,152 of
property damage were reported in Kenya (Long et al., 2020).
Human-wildlife interactions can thus occur at high frequencies,
with even multiple conflict types happening concurrently over
a given area (Jordán and Báldi, 2013; Sigaud et al., 2020). HWC
should be assessed while considering that people’s degree of
tolerance for wildlife can be fundamental to finding solutions to
promote human coexistence with dangerous or damage-causing
species (Treves and Bruskotter, 2014; Struebig et al., 2018).
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PREDICT ANIMAL DISTRIBUTION FROM
FUNCTIONAL CONNECTIVITY AND PATCH
RESIDENCY TIME
Where a conflict zone is only a portion of an individual’s home
range, managers are required to know what principles govern
movement into conflict areas. They need this information to
identify effective and efficient mitigation measures. Movement
decisions are linked to landscape connectivity which involves
structural and functional components. Structural connectivity
relates to the spatial configuration of patches in the landscape,
whereas functional connectivity relates to how animals move
between patches (Baguette and Van Dyck, 2007). Functional
connectivity is species-specific and is considered fundamental to
landscape connectivity (Mimet et al., 2013).
Network theory can be used to determine the changes in
landscape connectivity following a disturbance or a management
practice. In spatial ecology, a network is comprised of
nodes (high-quality patches) connected by links (inter-patch
movements) (Fall et al., 2007). Many studies have emphasized the
value of using a network-theory framework to assess landscape
connectivity in the context of conservation and management
planning (Minor and Urban, 2008; Urban et al., 2009). For
example, the effects of disturbance of patches or links can vary
among networks depending on topology (Urban and Keitt, 2001;
Fortuna et al., 2006; Prima et al., 2019). Management actions
may target different network components to achieve animal
distributions that can reduce HWC.
In addition to network topology and associated functional
connectivity, the time that animals spend in individual patches
defines the spatial dynamics of animal distribution (BastilleRousseau et al., 2010; Stehfest et al., 2015). Non-random
movements among network patches and residency time can be
considered through the creation of weighted networks (Urban
and Keitt, 2001; Prima et al., 2018, 2019), whereby each link in
every direction is assigned a relative probability of being used,
and each patch is given a residency time.

FIGURE 1 | Conceptual framework of adaptive management proposed to
mitigate human-wildlife conflicts based on four steps: (A) define and spatialize
conflict areas by considering social tolerance and negative interactions
between human and wildlife at local scale; (B) predict animal distribution from
empirical models of functional connectivity and patch residency time; (C) use
advection-diffusion equations developed from functional connectivity models
to predict the impact of management actions on animal distribution; and (D)
test predictions in the field and revise the model as more information
become available.

Hence, the level of HWC strongly depends on the tolerance
of people toward wildlife (Ripple et al., 2014). This has led to
the concept of social carrying capacity—the maximum wildlife
population size that people are willing to tolerate (Cherry et al.,
2019)—as well as to conflict-tolerance models (Kansky et al.,
2016).
HWCs are unlikely to be uniformly distributed because
landscape use by people and by wildlife generally displays spatial
patterns at multiple scales. How often and where conflicts
occur are partly determined by variation in environmental
factors like resource distribution, agricultural practices, human
occupation of land, and habitat connectivity (Mumby and
Plotnik, 2018). Moreover, the presence a given behavior of
animals may not be recognized and appreciated similarly by
all people (Conforti and de Azevedo, 2003). Stakeholders may
react differently to a given situation; for example, only some
land owners give hunters access to their land (Simon and
Fortin, 2019). Such differences exacerbate spatial heterogeneity in
HWC. Defining HWC should therefore involve comprehensive
assessment of the local situation, and locally acceptable levels
should become management targets over local landscapes. A
critical step in gaining insights into efficient organization of
mitigation measures is therefore to spatialize conflict intensity,
while considering patterns of negative interaction of wildlife with
people and of social tolerance (Goswami et al., 2015; Kubasiewicz
et al., 2016; Goswami and Vasudev, 2017).
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Weighted Network
Elements of spatial networks can be weighted based on field
observations to reflect how long an animal will remain in a given
patch and which patch will be visited next. Various methods have
been used to quantify these elements in the field. For example,
residency time has been determined by setting cameras in
resource patches (Courant and Fortin, 2012), whereas, interpatch
movements have been identified by mapping trail networks
with GPS units (Dancose et al., 2011). Global Positioning
System (GPS) radio-collars are now widely used to track wildlife
with increasing accuracy and frequency of relocations. Such
advancements in animal monitoring provides the opportunity to
quantify both patch residency time and interpatch movement.

Residency Times
Residency times in individual patches is now commonly
quantified by considering parts of the movement segments
entering and leaving a patch, together with the numbers of
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successive locations inside the patch [see Figure 1 of BastilleRousseau et al. (2011) for an example of residency time
calculation]. The time spent in different patches can then be
related to habitat features to identify determinants of residency
time. A statistical method called “Cox Proportional Hazards”
model has been used to identify habitat features that can explain
the relative risk that an animal leaves its current patch at any
point in time (Bastille-Rousseau et al., 2011; Courbin et al., 2014).
Not surprisingly, for example, bison (Bison bison) have a lower
“risk” or probability of leaving a meadow at a given point in
time when they have access to higher biomass of highly profitable
vegetation (Courant and Fortin, 2012). Alternatively, Prima et al.
(2018) used multiple linear regression to quantify the relationship
between residency time in resource patches to patch size, and
then considered this information as one of the inputs to model
animal distribution.

FIGURE 2 | Example of observed (black to black patch) and potential (black to
blue patch) interpatch movements, with associated measurements for the
difference between the direction of an interpatch movement and the nearest
conflict zone (φi , where φ1 and φ3 are associated with untraveled but available
interpatch movements and φ2 is associated with the observed movement),
and the Euclidean distance to the conflict zone (D).

Interpatch Movements
GPS tracking collars can also be used to determine the sequence
of patches that are visited in a network (Dancose et al., 2011;
Courbin et al., 2014; Merkle et al., 2015), and then identify factors
influencing interpatch movements. Habitat properties that make
it more likely that an animal moves to and selects a particular
patch can be identified based on matched case-control design
(Duchesne et al., 2010; Courbin et al., 2014; Merkle et al., 2014).
The approach creates strata, with each stratum including a link (a
potential interpatch movement) that was actually traveled by the
collared animal (observed link, scored 1) and a set of links that
could have been traveled from the same initial patch (random
link, scored 0). Habitat features associated with traveled and
available links are then contrasted based on conditional logistic
regression (Compton et al., 2002). Patterned after step-selection
functions (SSFs, Fortin et al., 2005) and in the context of HWC,
the statistical model describing inter-patch movements can take
the general form:
ŵ = exp(βL LL + βD cos[φ]DC + β1 x1 + . . . + βp xp ).

gaps when they travel in a forest, a behavior that has been
revealed by estimating an SSF that included the cosine of the
angle difference between the direction of observed or random
interpatch movements and that of the nearest canopy gap
(Dancose et al., 2011). Covariates can also include measurements
such as the minimum distance to a particular habitat feature
(e.g., nearest road), proportion of the link consisting of a
particular land cover type (e.g., conifer forest, lake), expected
energy requirement to reach the patch, and predation risk
at the arrival patch (Fortin et al., 2005). Once parameters
are estimated, Equation (1) can be used to assign weights
to the links of the spatial network. The relative probability
that the animal leaving patch j reaches patch i among the
m patches that can be reached from its current location is
given by:

(1)

ŵji
aji = Pm

i=1 ŵji

where ŵ is the model’s score, βs are regression coefficients,
LL is the link length [Euclidean or functional distance of the
interpatch movement, Courbin et al. (2014) and Tardy et al.
(2018)], φ is the angle difference between the direction of an
observed or random link and that of the nearest conflict zone
(Figure 2), D is the Euclidean distance to the conflict zone
(Figure 2), and C is a parameter that allows the consideration
of how the animal adjusts its movement with respect to the
targeted patch (conflict zone) as a function of its distance to
that patch. DC thus enables the model to consider that an
animal may display stronger directional movement (cos[φ]) as
it gets closer to the target (Bartoń et al., 2009). Covariates x1
to xp can represent a broad range of factors that influence
movement decisions, such as movement taxis in response to
various stimuli (Dancose et al., 2011; Latombe et al., 2014b;
Nicosia et al., 2017) or selection of habitat features located either
along the link leading to the next patch or associated directly
with the location of that patch (Courbin et al., 2014; Merkle
et al., 2014, 2015). For example, bison move toward canopy
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∀ j, i = 1, . . . , m, j 6= i

(2)

Probabilities of all m potential interpatch movements thus
sum up to 1 (see, e.g., m = 5 around each black patch
in Figure 3). Available patches can be identified from field
observations (O’Brien et al., 2006; Courbin et al., 2014; Prima
et al., 2019).
Quantification of aji for the different links of a network
can inform on the challenges and opportunities of reducing
the risk of HWC. For example, consider a spatial network
within which three patches have the same patterns of
structural connectivity with respect to their adjacent patches
(Figure 3A). We assume that the relative probability that an
animal leaves one of the three patches to reach an adjacent
patch follows:
ŵji = exp(−0.5 LLji + 1.2 Dji −0.5 cos[φji ])

(3)

Given this movement rule, the three patches display differences
in functional connectivity despite having the same structural
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FIGURE 3 | (A) Subset of a trail network showing the relative probability of traveling from the three black patches to each of the five connected patches, as estimated
from Equation (3). (B) Outcome on the relative probability of traveling the different trails from the black nodes, following the erection of fences (orange lines). The
1.75-km fences intersect the edges between two patches that are 1.1 km apart, which imposes a 2.85-km path for an animal traveling between them while going
around the fence, as illustrated by the dotted green line. (C) Fence lengths (1.75, 2.20, and 3.85 km) required to maintain a probability of 0.22 that the animal travels
between the two patches by going around the fence, given that movement taxis intensifies with proximity to the agricultural patch.

Relative Use of Patch Network Given
Movement Rules

connectivity. This is because the attraction of animals toward
the agricultural patch increases in intensity as they get closer
(i.e., 1.2 D−0.5 cos[φ]). Such distance-dependent responses
to habitat features have been reported for multiple species
(McClintock et al., 2012; Preisler et al., 2013; Latombe et al.,
2014a). To illustrate the calculation, let us consider the
link between the nearest black node and the agricultural
patch (Figure 3A). Following Equation (3), we can estimate
ŵ = exp(−0.5 × 1.1 km + 1.2 × 1.1−0.5 × cos[10◦ ])
= 1.78. After estimating ŵji for each of the other four
connected patches, we can calculate a (Equation 2) for the
link specifically leading to the agricultural patch as 1.78 /
(0.08 + 0.11 + 0.37 + 0.33 + 1.78) = 0.66. More globally,
aji values associated with the links leading the agricultural
patch varied between 41 and 66% for all three hubs (black
patches, Figure 3A).

Frontiers in Sustainable Food Systems | www.frontiersin.org

Once the determinants of residency time and interpatch
movement have been identified and their impact quantified,
these elements of landscape connectivity can then be used to
infer the relative distribution of individuals in the network. To
do so, an advection-reaction-diffusion model can be used with
predictions of animal distribution being proportional to relative
intensity of space use (Prima et al., 2018). Consider the following
reaction-diffusion model applied to a network with N patches:
dU(t)
= F(U (t) )+G(U (t) )
dt

(4)

where U(t) = [u1 (t), u2 (t),. . . , uN (t)]T is the vector of animal
densities at time t in the N patches of the network, dU(t)
dt
is the vector of instantaneous rate of change in U (t),
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F = [f1 (U(t)), f2 (U(t)), . . . , fN (U(t))]T is the vector of
reaction functions in the N patches of the network and
G = [g1 (U(t)), g2 (U(t)), . . . , gN (U(t))]T is the vector of
diffusion functions in the N patches of the network (Kouvaris
et al., 2012). The reaction term can be modeled as the density of
individuals leaving patch i, based upon residency time in patch i:
fi (U(t)) = −

ui (t)
, i ∈ {1, . . . , N},
Ti

conditions should impact how the system behave over time
before reaching its steady state. An insightful approach could
then be to set initial conditions to reflect animal distribution that
creates human-wildlife conflicts. Here we simply focus on the
steady-state solution.
Under these rules and once the steady-state is reached, we
observe a directed network with a general gradient of increasing
use toward the two agricultural patches (Figure 4A). The most
heavily used patches, however, are not the two agricultural ones,
which demonstrates the role of structural connectivity such as the
node’s degree (number of links).

(5)

where Ti is the average residency time in patch i. A higher
residency time in patch i is reflected by a lower number of
individuals leaving patch i. Advection properties can be modeled
by assigning weights to the network’s links, which then reflects
an uneven movement of individuals between connected network
patches. The advection process then can be implemented by
modifying the diffusion term to:
N
X

uj (t)
aji
gi U(t) =
, i ∈ {1, . . . , N} ,
Tj

PREDICTING IMPACTS OF MANAGEMENT
ACTIONS
Once the relative use of resource patches within the network
can be anticipated from basic movement rules, the predictive
model can be used to anticipate the outcome management
actions on the risk of HWC. Conflicts can be mitigated using a
large set of potential interventions (Miller et al., 2016; Nyhus,
2016; Ravenelle and Nyhus, 2017; König et al., 2020). For
example, wildlife authorities may disturb and chase problem
animals out of sensitive areas. Managers can even benefit
from early warning by fitting individuals with collars that
relay information over the mobile telephone network when
collared-animals enter a sensitive zone (Graham et al., 2012).
Managers may install olfactory (e.g., the use of Capsicum spp.
as barrier plants), acoustic (e.g., drones, sirens, firecrackers)
and visual (e.g., flashing light) deterrents, some of which can
be activated by motion sensors (Blackwell et al., 2016; Miller
et al., 2016; Enukwa, 2017). Beehive fences can prevent the
use of some areas by African elephants (Loxodonta africana),
while also providing farmers with financial benefit through
honey production (Enukwa, 2017). Virtual fencing can be
deployed with shock collars that are triggered when collared
animals reach a virtual boundary (Miller et al., 2016; Campbell
et al., 2019). Chacma baboons (Papio ursinus) cause damage
to both crops and human infrastructure in South Africa,
and virtual fences have been used with varying levels of
success to redirect baboons away from human settlement
(Kaplan and O’Riain, 2014). The use of biofences to control
predators has had some success, with constant reapplication
of urine and feces (Ausband et al., 2013). Although the
use of fences has been questioned (Pfeifer et al., 2014;
Woodroffe et al., 2014), their use remains a classic means
to restrict movements toward areas prone to HWC. When
an area is not entirely fenced, animals can circumvent fences
(Meagher, 1989; Hoare, 2012). Even then, the longer travel
distance required by going around a fence should decrease
the probability of making this interpatch movement because
inter-patch movements become less likely with increasing travel
distances (Dancose et al., 2011; Courbin et al., 2014; Tardy et al.,
2018).
To illustrate how management actions can be tailored to
movement rules within the patch network, we can go back to
the example displayed in Figure 3. In this case, the probability

(6)

j=1

where aji (Equation 2) which is proportional to the number of
individuals arriving to patch i. Equation (4) becomes:

dU (t)  T
= A − I T −1 U (t) ,
dt

(7)

where I is the identity matrix, A is the weighted adjacency matrix
of the network containing all weights aij , i, j ǫ {1, . . . , N}2 , and T
is a diagonal matrix of the residency times in the N nodes of the
network. Predicted densities at any time of the simulation can be
transformed to estimate relative intensity of space use:
ui (t)
Ii (t) = PN
j=1 uj (t)

(8)

where Ii (t) is the relative intensity of use for node i at time t.
To illustrate the relationship among functional connectivity,
patch residency time and animal distribution dynamics, we
created a fictive network of 50 natural resource patches and two
human-related patches (agricultural patches 51 and 52) where
HWC can occur (Figure 4A). We assume that animals display the
same residency time (5 time units) in every patch, and inter-patch
movements follows:
ŵji = exp(−3 LLji + 0.1 D−0.1
cos[φji ])
ji

(9)

Accordingly, animals are less likely to transit to a distant than
nearby patch (βL < 0), and they are more likely to aim toward
than away from the nearest agricultural patch (βD > 0), especially
as they get closer to that patch (C < 0). We start the simulation
with 10 individuals in each of the 52 patches and solve the
system numerically to estimate the stable state solution, as
described by Prima et al. (2018). In the context of adaptive
management, transient distribution states might be of interest,
which would simply require keeping track of how the system
develops during its numerical resolution. In this case, initial
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FIGURE 4 | Hypothetical spatial network comprised of 52 patches—including two agricultural patches where human-wildlife conflicts occur—connected by links
(trails) with relative probability of travel given by Equation (9). (A) Relative patch use before any management intervention. (B) Relative patch use following five types of
interventions: erecting fences, crating trails to reorient animal traveling along a fence, deploying motion-activated wildlife deterrent, adding resources in patch 14, and
disturbing of animals to reduce their residency times in patches 51 and 52.

and then to walk back to the trail on the other side of
the fence] + [0.55 km to travel the second half of the trail
length = 2.85 km], Figure 3B), a distance that would reduce
the likelihood of making that step following Equation (3)
(Figure 3B). Indeed, LLji in Equation (3) will take a value of
2.85 with the fence, instead of 1.1 km without a fence. On this
basis, we can estimate that animals would be twice as likely
to move around the fence located the nearest than the farthest
from the conflict zone (Equation 3). In fact, to maintain the
same probability of traveling for all three focal nodes (black

of interpatch movement not only depends on travel distance,
but also on the level of attraction of the nearest agricultural
patch which increases as individuals get closer to this target.
Such distance-dependent, directional movement implies that a
given management action becomes less likely to be effective
as animals approach the conflict zone. Let us assume that
1.75-km fences are set to impede movement toward the
agricultural patch. Individuals can go around the fence by
traveling 2.85 km (i.e., [0.55 km to travel the first half the
trail length] + [1.75 km to walk to the end of the fence
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As we show, the proposed analytical approach can provide such
global assessment of multiple interventions altogether.

patches) the fence would need to gradually increase from 1.75 to
3.85 km (Figure 3C).
We now consider the more complex example displayed
in Figure 4. Let us assume that we deploy four types of
intervention in the patch network, each with different expected
consequences on the response of large herbivores. This would
be the case of bison, for example, living in a forest environment
(e.g., landscape is displayed in Babin et al., 2011) adjacent
to agricultural lands and traveling within a trail network (see
illustrations in Dancose et al., 2011). The spatial distribution
of management interventions can be decided based on various
indices of landscape connectivity (e.g., betweenness centrality,
Perry et al., 2017). Here we orient our decision from a visual
inspection of network structure, as identified from greedy
optimization of modularity (Clauset et al., 2004). We detected five
network communities (sensu Cai et al., 2020) for which potential
movements involve stronger interconnection among patches
within than between communities. On this basis, we reduced
movement toward the community involving the agricultural
patches, while promoting movement out of that community.
Specifically, we assume that a fence was erected with a design
that prevents movements from 36 to 37 and 44, but not from
37 or 44 to 36 (Figure 4B). Another (virtual) fence was placed to
prevent movement from 30 to 51 and 52. The fence configuration
is expected, however, to reduce movement from 51 to 30 by
decreasing ŵ51,30 by 50% (i.e., exp[−3 LL + 0.1 D−0.1 cos(φF )] ×
0.5), and to increase movement from 52 to 18 by ŵ52,18 × 125%.
We assume that a motion-activated wildlife deterrent (e.g., radio
speaker) was installed along trails pointing away from patches 28
and 50 (Figure 4B), such that animals do not travel from 27 to
28 or from 44 to 50, but can still travel from 28 to 27 and from
50 to 44. We further assume that the addition of resources (food
and/or water) double residency time in patch 14, whereas the
disturbance of individuals (e.g., hazing) reduce their residency
times in patches 51 and 52 from 5 to 4 time units. To assess the
impact of these interventions on expected animal distribution,
we start the simulation with 10 individuals in each of the 52
patches and solve the system numerically to estimate the stable
state solution given these local changes in movement rules.
Before these interventions the two agricultural patches (51,
52) had 30.6 individuals (5.9% of the population) at equilibrium,
which declined to 7.3 (1.4%) after the application of all these
interventions (Figure 4B—remember that animal number is
proportional to relative intensity of space use). If we remove
a single intervention, we find that increasing residency time in
patch 14 by adding resources had the least impact on the use
of agricultural patches, whereas removing the fence between 36
and 37 and 44 had the largest impact (Figure 5). By contrast,
if we implement a single intervention, we find that increasing
residency time in patch 14 resulted in the lowest decrease in
the use of the two agricultural patches, whereas erecting the
fence between 30 and 51 and 52 had the largest impact. The
lack of symmetry between the impact of implementing and
removing a single intervention (Figure 5) illustrates that the
effect of interventions cannot be expected to be simply additive to
one another. A holistic assessment of management plans should
therefore be carried out to identify the most effective strategy.
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TEST PREDICTIONS AND REVISE MODEL
The implementation of management plans needs to be monitored
for several reasons. For example, multiple species may be
simultaneously impacted by local interventions. Monitoring
is required to ensure that mitigation measures aimed at
reducing a given HWC does not jeopardize other conservation
or management objectives (Jordán and Báldi, 2013; Sigaud
et al., 2020). Also, wildlife management is often driven by the
immediate need to solve a problem (Blackwell et al., 2016), such
actions may have to precede the development of a mitigation plan
based on an exhaustive understanding the behaviors resulting in
HWC. The choice of mitigation measures thus may be based on
observations conducted on other species, on few observations
of the system or an educated guess. Even highly detailed
observations collected over short-term period are unlikely fully
to capture all behavioral decisions causing HWC. This can
be due, for example, to seasonal variations in animal-habitat
relationships. In Canada bison typically only leave the safety
of a national park (i.e., Prince Albert National Park) between
mid-summer and mid-fall, when highly profitable vegetation is
abundant in agricultural fields (Sigaud et al., 2017, 2020). Wild
boar (Sus scrofa) in Alta Murgia National Park, Italy, thrive on
natural vegetation during much of the year, and only switch
to cultivated crops during summer (Ficetola et al., 2014). In
Zimbabwe, African elephants switched to crop raiding toward the
end of the wet season when grass quality in protected areas begin
to decrease (Osborn, 2004). Both plant-herbivore and predatorprey interactions vary dynamically during the course of the year
(Babin et al., 2011; Simon et al., 2019), such that movement
decisions and related functional connectivity can also change.
The effectiveness of mitigation measures may also change over
time. For biofencing to work, for example, urine and feces need
to be frequently reapplied (Ausband et al., 2013). Monitoring is
thus needed to determine how long each application maintains its
effectiveness given the species involved and local environmental
conditions. Management techniques also differ in how long
they remain effective. Acoustic deterrents appear to impact
carnivores/omnivores for only a few days, whereas shock
collars can maintain their effectiveness for over a year (Miller
et al., 2016). Given uncertainty in the effectiveness of actions,
management plans can be improved over time by using an
adaptive approach (Walters and Hilborn, 1978; Richardson et al.,
2020). Information gathered by monitoring the response of
animals to the management actions should thus be used to refine
the predictive model (Figure 1), and adjust the mitigation plan
over time to improve or maintain its efficiency and effectiveness.

DISCUSSION
The need for effective HWC mitigation is more important now
than ever, as across the globe humans and wildlife increasingly
compete for space and resources. We present an adaptive
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FIGURE 5 | Predicted impact of implementing a single intervention among those displayed in Figure 4B on the combined use of the two agricultural patches
displayed in Figure 4A, together with predicted impact of removing a single intervention among those displayed in Figure 4B on the combined use of the two
agricultural patches displayed in Figure 4B. The text on gray background refers to the gray bars, where the text on the white background refers to the black bars.

management framework that involves the use of quantitative
ecology to strategically alter the movement and distribution of
animals in a way that reduces HWC. A fundamental principle is
that animal movement can be characterized across the landscape,
including along the main paths used to reach areas prone to
HWC, and this information is then used to identify the most
effective HWC mitigation strategies.
Although we specify that our examples could reflect a situation
where bison might travel among well-delineated meadow patches
in a forest matrix, the proposed framework is more broadly
applicable. Our framework is suitable when animal movements
can be predicted within a patch network. For example, a network
approach was used to clarify the link between habitat changes
and landscape connectivity for species ranging from small frogs
(Schivo et al., 2020) to African elephants (Bastille-Rousseau
and Wittemyer, 2020). As with these studies, our framework
involves knowledge of how animals adjust their interpatch
movements in response to landscape changes; however, here we
suggest to actively manipulate landscape features to alter interpatch functional connectivity in a way that results in suitable
management or conservation outcomes.
Relevant spatial networks may be developed based on various
patch types. Past studies have built network while considering,
for instance, that nodes (patches) were water holes (Heintzman
and McIntyre, 2019), discrete meadows (Prima et al., 2018),
stands of deciduous vegetation (Courbin et al., 2014), or large
stands of conifer vegetation (Prima et al., 2019). A patch is
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often a resource-rich area or a landcover type that is selectively
used by the animal. The network of two species may thus be
organized around different patch types, even if both species are
established in the same landscape (Courbin et al., 2014). When
habitat patches are difficult to circumscribe (e.g., less discrete
systems), habitat selection analysis can provide guidance. O’Brien
et al. (2006), for example, analyse habitat selection by woodland
caribou (Rangifer tarandus caribou), and used the results to
develop a spatial network for which high-quality patches were
comprised of mature jack pine stands and sparsely treed rock.
Movement among those patches then becomes the basis to define
structural landscape connectivity.
Managers develop strategies for conservation while
considering that the intensity and spatial patterns of HWC
can be highly dynamic. For example, information sharing
among animals can lead to a steep increase in HWC, with
problematic behaviors becoming the norm within a few years
(Sigaud et al., 2017). Also, the presence of animals on private
lands may be undesirable only during a portion of the year,
such as when wildlife might interact with domestic animals
or when damage to property is most likely. Management
may then involve interventions deployed specifically where
and when the level of social tolerance toward wildlife is
exceeded. In this context, public outreach programs and
monetary compensation for wildlife damage may be used to
reduce HWC by increasing social tolerance (Ravenelle and
Nyhus, 2017). Conservation agencies may also purchase lands
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with high HWC or where managers can attract wildlife to
lessen HWC elsewhere (Curran et al., 2016; Sijtsma et al.,
2020).
Management strategies should be developed while considering
that interventions can have consequences well-beyond the
target population or the conflict areas (Osipova et al., 2018;
Sigaud et al., 2020). Efforts to protect a given population
may even conflict with the conservation objectives of other
populations (Williams et al., 2011; Baynham-Herd et al., 2018).
Increasing social tolerance can certainly reduce HWC with
minimal impact on wildlife species and their habitat. Here
we propose to make management plans based on strategically
placed interventions, so that managers can pinpoint where HWC
mitigation measures would be most effective with the least impact
on animals not involved in conflicts. Accordingly, assessing
the interplay between animal movement and landscape features
should be done while considering that different population
members may use different movement tactics. For example,
males and females of a given species do not use the landscape
similarly (e.g., Bjorneraas et al., 2012; Marchand et al., 2015;
Paton et al., 2017), and in the case of the African elephant,
males are more frequently involved in HWC (Cook et al.,
2015; Orrick, 2018). Even individuals of the same sex of
may display different tactics (Dussault et al., 2012; Losier
et al., 2015), with some being more likely to trigger HWC
(Sigaud et al., 2017). To be most effective and minimize
the impact on non-problem animals, functional connectivity
can be quantified concurrently for population members with
different movement tactics and for other species (e.g., Courbin
et al., 2014); the expected impact of management can then
be assessed broadly for community members based on the
proposed framework.

Our study demonstrates how quantitative ecology can help
understand spatio-temporal patterns of animal distribution, and
provide a valuable basis to for the development of effective and
efficient management strategies to mitigate HWC. By modeling
HWC managers and conservationists can benefit from testing
different scenarios before implementation, especially where nontarget species are involved. We provide a method for “out of the
box thinking” (Shivik, 2006; Blackwell et al., 2016) in line with the
notion that fencing broad areas is not a panacea of HWC solving.
As more options become available, our framework can provide
guidance for the deployment of management actions to reduce
conflicts to socially acceptable levels.
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