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careful planning. Predictive models are useful tools for managing reintroductions.
2. We provide an overview of habitat suitability, dispersal, population dynamics and
interspecies models, considering potential uses and limitations of established
methods for reintroductions. Furthermore, we include a guide for integrating
one or more model types to predict reintroduction outcomes and answer specific
management questions.
3. Model utility will be maximized by considering the goals of the reintroduction,
attributes of the reintroduced species, threats to persistence and the quality of
available data.
4. Synthesis and applications. Our synthesis of state-of-the-art ecological models outlines how key ecological models can be applied to reintroductions. Our review can
aid practitioners undertaking reintroductions to assess and quantify their data
and modelling needs in line with their management goals.
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1 | I NTRO D U C TI O N

Effective reintroduction planning often requires more than empirical field data. It is usually impractical to collect the data required

Conservation reintroductions are the deliberate movement of or-

to predict accurately how reintroduced species will react to alterna-

ganisms from one site, for release into its indigenous range from

tive management actions (Duffy et al., 2007) and experimental ma-

which it has disappeared (IUCN/SSC, 2013). They are a key com-

nipulation can be applied rigorously only in controlled and simplified

ponent of biodiversity conservation (Seddon, Griffiths, Soorae, &

systems (Giometto et al., 2015). This has resulted in the widespread

Armstrong, 2014). Decisions as to when, where and how to reintro-

use of ecological models which combine the best available data with

duce are frequently based on limited empirical data. Reintroductions

an understanding of ecological mechanisms and a degree of prag-

create novel conditions with unexpected dynamics and reintroduced

matism to provide useful predictions (Aben et al., 2014). Here, we

populations out of equilibrium (Roy et al., 2016). Some of these dy-

present a ‘shoppers guide’ for practitioners interested in applying

namics might be predicted before investing in a reintroduction by

ecological models to reintroductions, providing a conceptual com-

applying ecological models using knowledge of species' ecology and

parison of models. We review the types of models that might be

conditions in the reintroduction area (Sun et al., 2016). However, as

applied to reintroductions, compare strengths and weaknesses, and

new ecological models are constantly under development, there is

discuss how models of different aspects of species ecology can be

an expanding, even bewildering, diversity of approaches available to

combined to answer focused management questions. This overview

practitioners.

provides a starting point for practitioners to enable them to ‘get
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their bearings’ in the deep, and somewhat murky waters of the eco-

management questions can be addressed without the need for all

logical modelling literature.

areas to be fully nested (see Figure 1).

There are four key components to be considered when modelling
reintroductions (Figure 1; Guisan & Thuiller, 2005):

2 | H A B ITAT M O D E L S

1. Habitat suitability: to predict the ability of an area to support
reintroduced populations (Gutt et al., 2017).
2. Dispersal processes: to predict the spread of founders from release sites (Aben et al., 2016).
3. Population dynamics: to predict population growth in reintroduction areas (Sewell, Baker, & Griffiths, 2015).

In any reintroduction, a typical first step is to identify the quality and
spatial attributes of candidate release sites, such as the size and location of habitat patches (Stone & Guy, 2017). Overall habitat quality
is often not the primary reason a site is selected (other criteria might
include absence of human disturbance or competition from invasive

4. Interspecies interactions: to predict impacts of other species, for

species) but the release site must be able to support an establishing

example, predators, prey, competitors, on reintroduced popula-

population. Habitat modelling can also provide parameter estimates for

tions (Laperriere, Brugger, & Rubel, 2016).

other models (e.g. carrying capacity for population models) based on
resource availability. Data requirements vary between habitat models,

We cover these four main components, but acknowledge other
factors to consider when modelling reintroductions. For exam-

but all require spatially explicit data for attributes such as land cover, altitude, rainfall or temperature, which determine the habitat suitability.

ple, disease commonly causes reintroduction failure and models

The term ‘habitat’ is applied vaguely and inconsistently in eco-

of disease mechanics can identify disease mitigation strategies

logical studies (Stadtmann & Seddon, 2018). For simplicity, we use

(Sharkey, 2011). However, disease is not a factor universal to all

the term to denote the geographical area providing abiotic and biotic

reintroductions, so we focus on the factors important to all reintro-

conditions for species persistence but omit trophic interactions such

duction programmes.

as predation. This definition is a geographical projection of a spe-

Advances in computation, data processing and simulations allow

cies' fundamental niche, the entire set of conditions under which an

the combination of components as nested, interacting aspects of a

animal can survive and reproduce, as factors limiting access to this

species' ecology (Aben et al., 2016). Complex feedbacks between

fundamental niche are best considered in models interacting with

components can thus be represented (Zurell, 2017), although some

the habitat model (Figure 1; Pulliam, 2000).

F I G U R E 1 Groups of ecological models and key questions for the management of reintroductions they can inform. Arrows indicate which
kind of model, or combinations of models, is required for each question. Boxes below the axis identify specific models and their data inputs
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The simplest method for estimating habitat structure (location
and extent of habitat patches) uses a single landscape attribute as
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is overlooked when inferring population-wide patterns (Peterson
et al., 2015).

a surrogate, such as the extent of dominant vegetation. For exam-

Current habitat modelling methods provide insight into the spa-

ple, grassland extent can be used as a habitat surrogate for graz-

tial properties of habitat for a reintroduced species but assume that

ers, and forest cover for browsers (Zanin, Tessarolo, Machado, &

landscape and climate attributes are static. Temporal dynamics, in-

Albernaz, 2017). While surrogates are computationally straightfor-

cluding seasonality, succession and climate change, alter the size,

ward, they are also ecologically simplistic and exclude many fac-

location and quality of habitat. This variability has been addressed

tors that determine habitat suitability (Stadtmann & Seddon, 2018).

in some studies by modifying habitat model outputs, mostly with

Surrogates are unlikely to provide enough detail to predict landscape

reference to anthropogenic climate change predictions (Dullinger

use beyond coarse classifications.

et al., 2012). Creating more realistic, dynamic habitat models re-

Correlative habitat suitability models provide a more nuanced

mains a challenge because data to detect temporal changes are

prediction of habitat structure (Sun et al., 2016). These consider

limited. Metrics such as rainfall and temperature are commonly

multiple landscape attributes and species location records (e.g.

calculated as long-term averages (Fick & Hijmans, 2017), whereas

presence–absence data or presence-only data from surveys or ob-

surveys of attributes such as vegetation and land cover are con-

servations) to identify habitat based on correlations between local

ducted too infrequently to detect short-term dynamics (Leathwick

conditions and species distributions (Austin, 2007). Correlative

et al., 2002).

models are commonly used to predict habitat distribution at large

For habitat models to be useful, the spatial resolution of habitat

spatial scales, and shifts in distribution under climate change (Keith

data must be relevant to the scale at which the modelled species

et al., 2008; Phillips, Anderson, & Schapire, 2006). These models as-

exhibits habitat preferences. Ecologically relevant scales often do

sume that the populations from which presence records are drawn

not overlap with the scale of landscape data recording, or the scale

are in equilibrium, limited from spreading only by climatic and land-

of human modification. Animals can also respond to separate land-

scape factors. As this assumption is not upheld for reintroduced

scape attributes at different scales, so considering a single scale can

populations at establishment and growth stages, care must be taken

introduce bias (McGarigal, Wan, Zeller, Timm, & Cushman, 2016).

in selecting species records and explanatory landscape attributes.

To address this issue, models often choose a spatial resolution by

Correlative models might otherwise mis-identify the dynamic range

compromising between an estimated functional scale for the spe-

boundaries of expanding populations as niche limitations (Jiménez-

cies and pragmatic use of available data (Austin, 2007). The develop-

Valverde et al., 2011).

ment of multi-scale niche models is at the cutting edge of this issue

Alternatively, expert opinion can be used to map the occur-

(DeCesare et al., 2012).

rence of suitable conditions (Larson, Thompson, Millspaugha,

Habitat models can identify potential reintroduction sites when

Dijak, & Shifley, 2004). Although lacking statistical rigour, ex-

applied at national or international scales. Subsequently, they can be

pert-based models can outperform statistical models for some re-

used at local scales to identify release sites and lower quality habi-

introductions as datasets for focal species commonly lack records

tat within release areas that might require active management, such

from locations analogous to release areas. Landscape change since

as supplementary feeding. Nüchel, Bøcher, Xiao, Zhu, and Svenning

species extirpation often means the release area is a novel envi-

(2018) apply a correlative habitat suitability model using contempo-

ronment for the reintroduced species. Thus, correlative models

rary and historical records to identify potential suitable range, a first

will likely underestimate habitat availability in proposed release

step in screening for reintroduction sites.

locations if the habitat is good quality but outside the range of
training data (Jiménez-Valverde et al., 2011). Experts in the ecology of the reintroduced species can provide the knowledge lacking

3 | D I S PE R S A L M O D E L S

in formalized datasets to make appropriate inferences when quality data are limited. However, the subjectivity of models based on

Dispersal is the process of individuals or propagules (e.g.

‘opinion’ means that comparison between species and landscapes,

seeds, spores or larvae) moving between patches of habitat.

as well as defining appropriate scaling and thresholds, becomes

Dispersal mode is a key determinant of habitat use following re-

problematic.

introduction (Ziółkowska, Perzanowski, Bleyhl, Ostapowicz, &

Mechanistic niche models can be used in reintroduction plan-

Kuemmerle, 2016). In order to map accessible resources for re-

ning to estimate niche requirements from first principles. They

introduced populations, dispersal must be considered (Holloway,

infer environmental tolerances from the physiological and bio-

Miller, & Gillings, 2016). For example, a ‘habitat map’ might identify

physical attributes of a species to map their fundamental niche

high-quality reintroduction areas based on large areas of habitat

(Peterson, Papeş, & Soberón, 2015). Although these models can

(Corlett, 2016) but, if dispersal barriers exist, the site could be a

overcome the subjectivity of expert opinion, and errors associated

poor choice, as founders would be unable to colonize the land-

with correlative models, their required data are rarely available.

scape (Moraes et al., 2018).

Where physiological and biophysical data are available, it is usu-

In the long term, dispersal also determines how reintro-

ally only for a few specimens, meaning individual-level variability

duced species establish metapopulation dynamics, influencing
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population viability and determining gene flow across the land-

release area (from currently occupied areas) and novel landscape

scape (Hanski, 1999). Thus, reintroduction programmes should

features cause issues.

consider long-term and short-term dispersal patterns as these

Circuit theory models use the analogy of electrons moving in an

determine population establishment and persistence (IUCN/SSC,

electrical system to represent the movement of animals across the

2013).

landscape (Hanks & Hooten, 2013). Habitat patches are represented

In the simplest approach, geometric distance models, only the

as nodes, connected by a resistance surface. When a voltage is

straight-line distance between habitat patches, limits dispersal.

placed across the model landscape, this stimulates movement from

These distances are easily calculated (Raines, 2002) but do not con-

a point of origin, a power source in the analogy, to a destination, an

sider the way animals move through landscapes. Dispersing animals

earth (Cowley, Johnson, & Pocock, 2015). The advantage of circuit

will choose relatively hospitable areas and avoid dangerous ones;

theory models over cost-distance models is that rather than mod-

they might use small habitat patches as ‘stepping-stones’, or follow

elling dispersal via a single pathway, all routes between two nodes

linear connecting elements (e.g. riverbanks, hedgerows). Failure to

are considered. Use of pathways is weighted according to conduc-

account for these processes leads to inaccurate predictions, though

tivity (inverse resistance), predicting relative use of all available

there will likely be broad correlation as nearby habitat patches

pathways during dispersal and population radiation (Mateo-Sánchez

are generally easier for dispersing animals to find and colonize.

et al., 2015). The electronics analogy can hamper parameteriza-

Population-scale dispersal patterns can be incorporated into spa-

tion and interpretation of the dispersal model, possibly leading to

tial distance models using dispersal kernels, distributions describing

inappropriate model set-up and reduced impact of outputs due to

the range of distances potentially travelled by any individual, where

confusion over the meaning of input parameters and output metrics

levels of dispersal decline more rapidly with increasing distance be-

(Hanks & Hooten, 2013).

tween patches (Slone, 2011). As these do not consider structure in

Another group of advanced models are mechanistic dispersal

the inter-habitat matrix, the areas that are not habitat for the focal

models, which simulate how individuals make dispersal decisions

species, they are likely to produce poor estimates of dispersal in

and interact with landscape features (Bocedi, Zurell, Reineking, &

landscapes with significant structural variation (Keller, Van Strien,

Travis, 2014). These models incorporate knowledge of the landscape

& Holderegger, 2012).

by considering dispersal as semi-random diffusion based on erratic

Cost-distance models have been developed to account for the

motion (Codling, Plank, & Benhamou, 2008). Refinements recognize

structure of the landscape matrix and how this affects the move-

that animals do not move entirely randomly, with correlated ran-

ment of animals (Graves, Chandler, Royle, Beier, & Kendall, 2014).

dom walk models incorporating a tendency to maintain a consistent

To calculate cost-paths between habitat patches, the landscape is

heading (Byers, 2001). The most cutting-edge mechanistic models

modelled as a cost-surface, where features are scored according to

explicitly model movement decisions as having random elements,

their resistance to movement. The least-cost path is then the route

but influenced by directional consistency, sensory range and a

between two habitat patches with the lowest resistance, and dis-

cost-surface (Coulon et al., 2015). Such models require difficult fac-

persal frequency is inversely proportional to this least-cost path.

tors such as directional persistence and perceptual range to be esti-

However, least-cost models are structural models and have been

mated (Bocedi, Palmer, et al., 2014). These models are process-based

criticized for not taking into account the cognitive processes of

with predictions emerging from species' fundamental traits, rather

dispersing animals (Simpkins, Dennis, Etherington, & Perry, 2018).

than population-level inferences. As such, mechanistic models might

Their main drawback is that cost-distance models assume dispers-

better predict dispersal patterns in a novel landscape.

ers have perfect knowledge of the landscape and take detours

Considered in isolation, dispersal models can predict release

or pass through bottlenecks to reach certain patches. This can

site-fidelity, aiding managers in determining an appropriate release

be reasonable, for example where animals use paths marked by

cohort size for establishment. This utility can be enhanced by in-

conspecifics or follow established migration routes, but often it

corporating demographic and life-history factors, such as seasons

is not (Mateo-Sánchez et al., 2015). Other methods take more ac-

when animals disperse (Hinderer, Litt, & McCaffery, 2017), and

count of the cognitive processes involved in dispersal, but still rely

incorporating information from habitat models. This can provide

on a cost-surface to quantify the impacts of matrix structure in

specific predictions of how much habitat is available via dispersal.

directing movements. A variety of methods are used to estimate

For example, Peters et al. (2015) use coupled habitat and dispersal

cost-surfaces, including expert opinion (Graves et al., 2014), animal

models for brown bears Ursos arctos to identify post-release hab-

tracking (Cushman, Lewis, & Landguth, 2014), genetic distances

itat use.

(Zeller et al., 2018) and inverting habitat suitability (Keeley, Beier,
& Gagnon, 2016). The cost-surface should capture the resistance
of matrix elements to species movements to ensure models gen-

4 | P O PU L ATI O N M O D E L S

erate useful predictions (Keeley, Beier, Keeley, & Fagan, 2017).
Creating a cost-surface for a reintroduction is likely to face da-

Habitat and dispersal models predict the habitat accessible to

ta-limitation issues, like those of habitat models. Landscape resis-

a founder population, and how they might colonize the wider

tance must be often inferred from data collected outside of the

landscape. But colonization depends on the founder population

Journal of Applied Ecology
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providing new dispersers through population growth (Adams
et al., 2015). Modelling population dynamics can improve predictions
of post-release establishment and spread (Larson et al., 2004; Schurr
et al., 2012). Through population modelling, complex processes can
be represented, such as metapopulation source–sink dynamics
(Hanski, 1999; Lee & Bolger, 2017). These models can predict where
stable populations might establish, estimate population growth in
different patches and identify where dispersal might establish a subpopulation or inter-breeding in a metapopulation (Walker, Marzluff,
& Cimprich, 2016).
Population models must be capable of predicting the realized

BOX 1 Modelling the reintroduction of the
Meadow Brown butterfly Maniola jurtina in South
West Finland (Heikkinen et al., 2015)
The Meadow Brown butterfly Maniola jurtina is a dry grassland specialist in its northern range margin in South West
Finland. Dispersal limitation has prevented the species
from tracking changing climate conditions. Making it a candidate for assisted colonisation northwards.
Habitat model

population growth rate in a given setting. The main challenge is

The authors determined habitat suitability using corela-

identifying factors determining survival and breeding success

tive niche models (generalized linear models, generalized

(Akçakaya, 2000). The simplest population model for most species

additive models and generalized boosting method). They

would use observed population rates for mortality and fecundity

refined this climatic suitability to habitat cover using grass-

in a deterministic linear population growth equation that ignores

land landcover classes. Twelve sites were chosen as release

variation in landscape and environmental conditions. Incorporating

sites for simulations (shown in Figure 2).

factors such as carrying capacity and density-dependent feed-

Dispersal model

backs require making inferences from census data (Stubben &
Milligan, 2007). Further, mortality and fecundity data from a
relict range might not reflect post-release responses, as factors constraining population growth might differ between areas.
For example, if the relict population persists in suboptimal conditions, the reintroduced population might be freed from environmental constraints (Panfylova, Bemelmans, Devine, Frost, &
Armstrong, 2016).
More complex population models express vital rates, that is,

A dispersal kernel was used with a density-independent
dispersal rate to simulate radiation from the release sites.
Population model
A female-only individual based model with non-overlapping generations was used to simulate stochastic growth
dynamics. Using growth rate (rmax) and carrying capacity
(K) estimates from a literature search, surveys and expert
opinion.

birth, death and dispersal, as random (stochastic) responses to local
environmental conditions and population density, with the parameters for response functions inferred from census data (Bocedi,
Palmer, et al., 2014). These models can also incorporate individual
(age, sex, phenotype, personality) and local population effects on
vital rates and predict demographies of establishing populations.
For a reintroduced population, density is likely to be lower than
in the current range, so a response function from that range could
yield inaccurate predictions, for example, due to Allee effects (Xia
et al., 2013).
Complex population models include metapopulation models
and individual-based models (MacPherson & Gras, 2016; Mestre,
Cánovas, Pita, Mira, & Beja, 2016). Both can incorporate the effects of local conditions, population density and individual traits
when predicting population growth and structure. They differ in the
scale at which equations are applied; metapopulation models apply
functions at the level of subpopulations, whereas individual-based
models simulate every animal within a metapopulation. While metapopulation models are computationally less intensive, the abstraction of patterns to a population scale can make them less intuitive
than individual-based models where such patterns arise from individual interactions (Akçakaya, 2000). Both groups of models can be
used to predict population growth, as long as factors determining
survival, fecundity and dispersal are appropriately represented.
Individual-based models are an intuitive choice, as reintroductions
will typically involve small populations.

F I G U R E 2 From Heikkinen et al. (2015). Distribution
of the selected twelve 10 km × 10 km grid cells (‘10 km ×
10 km landscapes’) used in the modelling of translocation
potential of Maniola jurtina in SW Finland. Cover of
suitable habitat in the selected 10 × 10 km cells is shown
using a six-level scale. Grey shading indicates climatically
suitable area for the species and blue dots (midpoints
of 10 × 10 km grid cells) indicate known occurrences in
2001–2010
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BOX 1 (Continued)
Integration
Habitat, dispersal and population simulations were combined using the RangeShifter v1.0 software (Bocedi,
Palmer, et al., 2014), to create a spatially-explicit, dynamic
metapopulation model to simulate post-release dynamics
following the release of 40 females to each of the 12 rein-

HUNTER-AYAD et al.

landscape data to identify patterns of co-occurence not explainable by differences in habitat requirements (Tikhonov, Abrego,
Dunson, & Ovaskainen, 2017). However, such patterns are correlational, so these models do not identify causal mechanisms and
many processes can produce similar patterns (Dormann et al., 2018).
Additionally, correlations in species co-occurence may also be explained by a responses to an unmeasured variable (Ovaskainen,
Rybicki, & Abrego, 2019). They assume species interactions are con-

troduction sites.

sistent across all areas, which is often not the case, especially since

Results

Roy, Fox, & Anderson, 2016). Consequently, joint species distribu-

Simulations highlighted the importance of population
growth rate and use of multiple release sites for successfull
establishment, providing recommendations for management of the proposed reintroduction. Authors highlighted
the need for long-term population dynamic data to validate model outputs and for further development of models considering individual variation and genetic effects.

reintroductions might create novel species interactions (Ovaskainen,
tion models should be interpreted with care, and perhaps be used for
hypothesis generation rather than directly predicting interactions in
release areas (Pollock et al., 2014).
The simplest species interaction models require a population
map of interacting species and an estimate of interaction impacts
(e.g. on mortality, fecundity and dispersal). Estimates are often uncertain and might not be generalizable (Ovaskainen et al., 2019),
or are based on theoretical assumptions (Thompson, Rayfield, &
Gonzalez, 2017). These responses can be binary (based on presence/

Population models can determine the size of release cohort re-

absence) or continuous (based on the population density of interact-

quired for population establishment, with more detailed models

ing species). Numerous interactions can be modelled, including pre-

also indicating the ideal age/gender balance of this release cohort.

dation, parasitism and competition. This has the drawback of being

Incorporating effects of stressors and management options such as

one-directional and non-dynamic, as interacting species are mapped

supplementary feeding can give insight into the best management op-

according to survey or habitat data and would not be influenced by

tions. When founder animals come from wild sites population models

the introduced species (Hale & Koprowski, 2018). Going beyond

can identify the maximum sustainable harvests for source populations

one-way impact requires much greater modelling effort.

(Dimond & Armstrong, 2007). Combining population models with pre-

Mechanistic models with two-way species interactions need

dictions of habitat quality in the release area allows predictions of local

separate models for each interacting species considered. Prey, com-

condition impacts on population growth; adding dispersal allows pre-

petitors, predators and parasites require modelling to the same level

dictions of the rate and pattern of population expansion. For example,

as the reintroduced species, and spatial and temporal aspects of

Ovenden, Palmer, Travis, and Healey (2019) use an individual-based

interactions must be incorporated (Viljugrein, Lingjærde, Stenseth,

population model and a mechanistic dispersal model for Eurasian lynx

& Boyce, 2001). This requires the formulation of complex, interac-

Lynx lynx to simulate reintroductions with different founding popula-

tion terms between each model constructed. Data availability and

tions (Also see Box 1 for an example of these models in practice).

computational power will limit such spatially explicit metacommunity modelling. Nevertheless, they could provide the most accurate,

5 | I NTE R S PEC I FI C I NTE R AC TI O N S

explicit and useful predictions.
Interspecific models identify how other species will affect the
viability of a reintroduction, with more detailed models providing

By combining models of habitat, dispersal and population dynam-

specific predictions of tolerable population sizes for coexistence and

ics, temporally and spatially explicit predictions can be made (Adams

indicate the intensity of control required for other species to en-

et al., 2015). While these incorporate details of reintroduced spe-

hance reintroduction outcomes. When combined with other models

cies attributes, they ignore interactions with other species (Dormann

to form spatially explicit metacommunity models detailed and spe-

et al., 2018). In reintroductions, interactions with introduced spe-

cific reintroduction management plans can be identified across large

cies, parasites and humans are often significant and negative (Adams

areas and time-scales (Thompson et al., 2017).

et al., 2015; Corlett, 2016). Combining spatially dynamic models for
multiple species is rarely considered due to technical challenges and
data requirements and these models remain at the forefront of compu-

6 | PR AC TI C A L R ECO M M E N DATI O N S

tational capacity. Nevertheless, they represent the next major development for ecological simulations, and warrant some consideration here.

The components of a holistic model to manage species reintroduc-

One developing method that might enable identification of

tions have been discussed. We have reviewed the methods avail-

species interaction effects is joint species distribution modelling.

able for each submodel (Summarized in Table 1) and described

These use presence or abundance data for multiple species and

how these could be combined to predict reintroduction dynamics

Pattern based, non-dynamic, empirical study that could be the basis of a model.

Review highlighting the lack of metacommunity considerations in species reintroductions.

Extremely high levels of data required for multiple
species and their interactions
Computationally intensive

Assumes that interacting species do not respond to
the reintroduced species

Correlational, no mechanistic understanding
Assumes interactions are consistent

Computationally intensive, especially with large
populations
High data requirements

Population-level equations less intuitive than
individual level

Requires detailed understanding of demography

Does not consider feedbacks, for example, habitat
quality and density dependence

Requires knowledge of perceptual range and
turning frequency

Parameterization and outputs can be obscure

Hale and Koprowski (2018)c

Berger and Gese (2007)b

Magory Cohen and Dor (2019) a

Sun et al. (2016)

Howell et al. (2018)

Panfylova et al. (2016)

Lalas and Bradshaw (2003)

Haydon et al. (2008)

Hinderer et al. (2017)

Alexander, Olimb, Bly, and Restani (2016)

Howell, Muths, Hossack, Sigafus, and
Chandler (2018)

Dolný, Šigutová, Ožana, and Choleva (2018)

|

c

Enables consideration of dynamic interactions
between multiple species

Dynamic
metacommunity

Species invasion, analogous to a reintroduction.

Incorporates impact of sympatric species on
reintroduction
Impact could be mediated via effects on habitat
quality

Simulates individual interactions leading to
metapopulation patterns
Sound analogue for ecological processes

Individual based

Population mapping

Computationally efficient at large population sizes

Metapopulation

Relatively simple inputs required
Identifies patterns in species co-occurence

Can incorporate numerous feedback mechanisms
affecting vital rates

Stochastic
demography

Joint species
distribution

Computationally simple
Direct extrapolation from census data

Detailed consideration of species behaviour during
dispersal

Mechanistic dispersal

Deterministic linear
growth

Enables simultaneous consideration of available
dispersal pathways

Circuit theory

Does not consider dispersal behaviours
Calculation of costs is critical

Does not consider matrix structure

High and specific data requirements
Impractical in most cases

Difficulty comparing species and landscapes
Inferring beyond broad categorization dubious

Stone and Guy (2017)

Rendall, Coetsee, and Sutherland (2018)

Often ecologically simplistic
Unsuitable for species with complex or flexible
habitat requirements
Requires data from stable populations to reliably
identify niche boundaries for reintroductions

References

Weaknesses

Journal of Applied Ecology

b

a

Interspecific
interactions

Population
models

Considers effects of matrix directing species
movement

Least-cost paths

Predicts the species niche from first principles
Potentially accurate in novel settings

Mechanistic niche
Easy to calculate
Identifies fragmentation of habitat

Can make inferences beyond limited datasets

Expert opinion

Geometric distance

Statistically rigorous
Based on niche theory and empirical data

Correlative habitat
suitability

Dispersal
models

Can be applied with limited data (e.g. one landcover
class)
Analytically simple
Suitable for specialized species

Surrogate feature

Habitat
models

Strengths

Model

Summary of predictive models applied to reintroductions. Cited references are published examples of each model type applied in a reintroduction context

Model group
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(Figure 1; Guisan & Thuiller, 2005). In many cases, it will not be nec-

in the vast literature on ecological models, although further research

essary to combine all submodels, as a single model (e.g. a habitat

into specific models will be necessary.

model) can address key management questions. Depending on the

We provide rules of thumb to be considered throughout the

question and the data available, using simpler model structures

modelling process; from conception to evaluation attention should

might be the best option. While integrating more data and consider-

be paid to:

ing more parameters and processes adds to the potential realism of
models, it also adds to the uncertainty of model outputs. As each

• The overall aims of the reintroduction.

parameter measurement has associated error, the more parameters

• Specific management questions that the models seek to answer.

in a model, the greater the cumulative uncertainty of model outputs

• The attributes of the focal species.

(Conlisk et al., 2013).

• Major threats/stressors to the species within its native range and

Simpler models often hide statistical uncertainty behind unrealistic
assumptions and will not yield good predictions because the uncertainty stated in their outputs is low. To avoid constructing advanced

whether these are expected to be different in the reintroduced
area.
• Quality and type of data available.

models of little practical benefit, or models that are inaccurate due to
poor input data, both the research question and the quality of avail-

These factors determine which modelling options are preferable

able data must be considered. In most cases, it is recommended that

and will guide choices between options. We recommend that effort

the simplest accurate model be used to aid in the understanding of

is invested in model validation so that models can be applied with

the model and to increase the transparency of recommendations.

confidence based on their predictive accuracy and can be refined or

However, identifying this ‘simplest accurate model’ is not straightfor-

developed further as necessary.

ward, as tests of predictive accuracy cannot be performed until independent data are available after the reintroduction has commenced.
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Choosing between model options is complicated as methods are
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rarely compared directly, and when they are they tend to produce

work; J.H.-A. reviewed the literature and led the writing of the man-

conflicting outputs (Simpkins et al., 2018; Zeller et al., 2018). Model
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choice is often based on personal preference and ease of application,

approval for publication.

rather than evaluation of accuracy (Mateo-Sánchez et al., 2015).
Model validation is therefore a crucial, but often neglected, stage
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