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ABSTRACT

1. Invasive alien species are major drivers of global change that can have severe impacts on
biodiversity and human well-being. Management strategies implemented to mitigate these
impacts are based on a hierarchical approach, from prevention of invasion, via early warning and
rapid response, to invasive species management.

2. We evaluated how different classes of spatially explicit models have been used as predictive tools
to improve the effectiveness of management strategies. A review of literature published between
2000 and 2019 was undertaken to retrieve studies addressing alien mammal species through these
models.

3. We collected 62 studies, dealing with 70 (26.8%) of the 261 mammal species that are considered
to be introduced worldwide. Most of the studies dealt with species from the orders Rodentia (34%)
and Artiodactyla and Carnivora (both 24%); the most commonly studied families were Sciuridae
(13%) and Muridae (12%).

4. Most of the studies (73%) provided spatial predictions of potential species spread, while only ca.
15% of the studies included evaluations of management options. About 29% of the studies were
considered useful in risk assessment procedures, but only because they presented climatic
suitability predictions worldwide, while studies modelling suitability before a species was
introduced locally are still lacking for mammals. With some exceptions, spatially explicit
population models are still little used, probably because of the perceived need for detailed
information on life history parameters.

5. Spatially explicit models have been used in relatively few studies dealing with invasive mammals,
and most of them covered a restricted pool of species. Most of the studies used climate matching
to evaluate the suitability of geographic areas worldwide or the possibility of species that were
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already established spreading further. Modelling procedures could be a useful tool to assess the
risk of establishment for species not yet present in an area but likely to arrive; however, such
studies are lacking for mammals.

Keywords: biological invasions, conservation, global, invasive mammals, management, non-native
species, spatially explicit population models

INTRODUCTION

Non-native species are leading drivers of global change, causing severe impacts on biodiversity,
ecosystem functionality, economy and human well-being (Kumschick et al. 2015, Stoett et al. 2019).
The rate of species introduction continues to increase (Seebens et al. 2017). Only for fish and
mammals, the rate of new introductions seems to have declined in recent years, indicating an
increasing awareness of the problems related to biological invasions and a possibility of reversing the
general trend. For instance, the most frequent pathways for mammal introductions were intentional
releases of animals from captivity, escapes from fur farms and zoos, and introductions for hunting
(Genovesi et al. 2009). The application of security systems to captive animals and efforts to
discourage hunters from releasing alien mammals have reduced the importance of these sources of
introductions in recent years, while the release or escape of animals from the pet trade increases
(Genovesi et al. 2009).

The invasion process can be divided into a series of stages that range from transport and
introduction to a new area, to establishment and spread (Blackburn et al. 2011). At each stage, barriers
need to be overcome by individuals in order for them to pass on to the next stage. In the recipient
area, individuals escape from any containment or are deliberately introduced (e.g. escaping or being
released from gardens, pet cages, zoos, introductions for hunting or angling) to reach the new
environment, where they can reproduce and establish themselves if they are able to adapt to the local
climatic conditions (Mori et al. 2018). Species can then remain localised or spread over large areas,
leading to impacts on ecosystems and human activities (Kumschick et al. 2015).

It is now recognised that to mitigate the impacts of non-native species it is necessary to adopt an
integrated and hierarchical management strategy that may act on the different stages of the invasion
process. This strategy should be based on prevention and should include the management of pathways
and the screening of species that are likely to enter recipient areas, development of early warning and
rapid response systems to react quickly to new invasions, and eradication or control of populations
already established (Genovesi & Shine 2004). All these steps are for example included in European
Union regulations that co-ordinate actions of member states against non-native species (Regulation
EU 1143/2014, Tollington et al. 2017).

The successful prevention, early warning and management of non-native species are based on
screening procedures and estimated likelihoods of the ability of species to adapt and spread in target
areas. Spatially explicit models are important tools used in each of these steps. A growing number of
modelling approaches are being used to estimate current and future distributions, abundance and
population dynamics of non-native species (Lohr et al. 2017). These models link observed species’
distributions to environmental variables and/or species-specific biological and behavioural features
such as dispersal, adaptation, competition and other processes (Austin 2002). As the integration of all
these variables in a single model is typically challenging, analyses take advantage of integrated
models combining different techniques and approaches (Holcombe 2007). Several important
modelling advancements have been developed in the last sixty years (Robinson et al. 2017). For
example, our understanding of the spread process has advanced significantly from the early, purely
theoretical models towards more sophisticated approaches, including empirical information on
species’ behaviour and responses to local environmental conditions (White et al. 2008). These models
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have the power to provide more refined and robust predictions about establishment risks and likely
patterns of spread, and can be directly applied for conservation and management purposes.

Modelling the distribution and effects of non-native species in a new area can be complex and
needs to be supported by sound ecological information on the target species and its habitat
requirements (Lohr et al. 2017). In fact, when species are introduced to a non-native area, they interact
with other species directly or indirectly and this may generate unexpected effects (Cerri et al. 2017,
lacolina et al. 2019). An important approach to prevention is based on predicting the potential
outcome of introductions according to ecological requirements of potential invaders and factors
influencing the likelihood of establishment (Di Febbraro et al. 2013). Data on the native range of a
species can be used to model its ecological niche and project the niche at the global scale to locate
potential areas with increased establishment likelihood. Including future scenarios of global change,
either climatic or land-use, allows the evaluation of future risk of expansion, thus informing
management strategies (Hof et al. 2011, Di Febbraro et al. 2019). Available biotic and abiotic
information at the global scale, together with recent developments in spatial modelling, have shed
light on individual behavioural processes underlying population dynamics (Thuiller et al. 2005).

Among spatially explicit modelling approaches, species distribution models (SDMs) have been
increasingly used to predict the spatial extent of invasions and identify areas at risk of invasion.
However, modelling potential ranges of invasive organisms poses special challenges to ecological
modellers, as extrapolated invasive species distribution models (iISDMs) may violate the assumption
of the species being in equilibrium with environmental conditions, a fundamental working postulate
for static iSDMs (Guisan & Thuiller 2005, Vaclavik & Meentemeyer 2009, but see also Chapman et
al. 2019). Species are considered to be at equilibrium with their environment if they occur in all
suitable locations and are absent from all unsuitable ones (Araujo & Pearson 2005). In fact, non-
equilibrium is more likely under ecological scenarios that involve biotic interactions, metapopulation
dynamics or slow colonisation after recent environmental changes. Non-equilibrium may
significantly affect non-native species modelling, as departure from equilibrium is particularly likely
in the earlier stages of invasion, due to colonisation time lag and dispersal limitations (Vaclavik &
Meentemeyer 2009). The stage of invasion may influence iISDMs by affecting the extent to which
occurrence observations do or do not match the species’ environmental niche (Zimmermann et al.
2010). For example, if a species is at an early stage of invasion, sampling its emerging realised niche
may capture only a small portion of the environmental conditions that are potentially characteristic
of the organism, leading to an underestimated geographical range potentially colonized by the species.
However, if a species is ecologically more specialised and exhibits strong habitat similarity between
native and invaded areas (Rahbek et al. 2007), the environmental suitability of an area might be easier
to predict. Thus, the relationship between sampling in a specific geographical area and approximation
of a species' environmental niche is not straightforward.

Another approach is given by spatially explicit population dynamics models (SEPMs). These are
mathematical models that combine accurate habitat information (e.g. land-cover data derived from
remote sensing) with the simulation of life history processes such as reproduction, mortality and
dispersal of a species, in order to predict its likely abundance and distribution. SEPMs can be
employed to explore species’ likely spread to inform policy-makers and managers on time scales and
areas of expansion, as well as on the effort needed to take successful action (e.g. Bertolino et al.
2008).

The aim of this study is to review the use of spatially explicit models as tools to inform managers
and scientists of the likelihood that a non-native mammal species (referred to as invasive alien species
or IAS) may successfully overcome the different invasion stages. The structure of the review follows
the composition of a hierarchical management strategy, i.e. it includes the steps prevention, early
warning and rapid response, and management. Management includes eradication, spatial containment
and population control.



METHODS

We compiled a list of 261 mammal species introduced worldwide using the Global Invasive Species
Database (GISD; ISSG 2015) and the Global Register of Introduced and Invasive Species (GRIIS;
Pagad et al. 2018; Appendix S1).

To evaluate the role of spatially explicit modelling techniques in supporting risk assessment, early
warning and rapid response, and management procedures for mammalian 1AS, we performed a review
of published studies using the Scopus search engine. Specifically, to set the search queries, we applied
the following scheme: model x 1AS specific term x species. In this scheme, model included: "species
distribution models”, "ecological niche models"”, "species distribution modelling" and "ecological
niche modelling"; IAS specific term included: "invasive", "non-native", "alien”, "introduced", "non-
indigenous”, "biological invasion™; and species included the 261 IAS. We restricted our literature
search to studies published from 2000 to 2019. We also extended our search to appropriate titles
included in the various reference lists.

The year 2000 cut-off was set so as to retrieve only those studies using spatially explicit models
using the methods these tools assumed in recent years. This is particularly true about SDMs, where
one of the first studies formalising theoretical principles and methodological steps as they are widely
recognised today is Guisan and Zimmermann (2000). Although earlier studies using SDM-like
approaches exist (e.g. Box 1981), current spatially explicit models have evolved considerably since
those initial efforts.

We initially retrieved 2074 studies meeting the search criteria. After screening titles and abstracts,
we removed those studies that addressed unrelated topics, retaining 62 studies (Appendix S2).
Subsequently, we characterised the studies according to six Boolean categories: 1) “single- vs multi-
species” (i.e. studies focused on one mammal IAS, vs. those including more than one IAS); 2)
“worst100” (i.e. studies focused on a mammal listed in the “100 of the World's Worst Invasive Alien
Species” [Lowe et al. 2004], vs. those focused on other mammal IAS); 3) “management” (i.e. studies
that evaluated the effects of different management scenarios, vs. those which did not); 4) “spread”
(i.e. studies focusing on mapping the expansion of the geographical range of one or more IAS, vs.
those not mapping spread); 5) “future prediction” (i.e. studies providing predictions on future global
change, i.e. climate and land-use, vs. those not providing such predictions); 6) “risk assessment and
prevention” (i.e. studies carried out on IAS before their introduction in a given area, thus useful for
risk assessment, vs. studies performed after IAS introduction and not useful for risk assessment).
Each study was classified in each Boolean category according to its characteristics. Studies providing
worldwide spatial predictions of invasion risk were considered useful for risk assessment. Lastly, we
extracted the year of publication of each study. The list of 100 of the world's worst invasive species
was produced by ISSG/IUCN experts with the aim to increase awareness of the risks and impacts of
biological invasions amongst the general public and stakeholders; it contains 14 mammal species
(Lowe et al. 2004). There have been several calls to extend this list (e.g. Nentwig et al. 2018, which
is not the result of a ranking assessment, but it was based on expert opinion and representativeness of
taxonomic and habitat diversity). However, we used the ‘worst 100’ list, because its widespread
diffusion may have influenced the choice of species for researchers including spatial models.

Starting from the documents retrieved, we evaluated whether there was any temporal trend in the
number of studies using models published on mammal IAS. We tested for the significance of this
trend by fitting a generalised linear model with a Poisson error distribution (Poisson GLM), allowing
for both linear and quadratic relationships. Subsequently, we quantified if there was any temporal
trend in each of the Boolean categories. In this case too, we fitted a Poisson GLM for each Boolean
category. Lastly, we fitted a log-linear model to test if there was a statistically significant difference
among the frequencies of the studies belonging to each Boolean category.



RESULTS

Of the 261 listed species, 26.8% occurred in published studies (Fig. 1). The mammalian orders
Rodentia (34%), Artiodactyla and Carnivora (24% each) were the most represented. On the other
hand, the orders Afrosoricida, Lipothyphla, Diprotodontia and Perissodactyla were the least
represented, being the subject of only ca. 1% of the retrieved studies (Figure 2). Among families,
Sciuridae and Muridae occurred in ca. 13% and 12% of the studies, and Bovidae and Cervidae each
in ca. 9% (Fig. 2). Most of the studies were geographically concentrated in Oceania, western Europe,
USA and south-western Asia. Some studies provided global (10) and continental-scale predictions
(four for Europe and one for North America), while a few studies occurred in South Africa, Uruguay
and Antarctica (Fig. 3). As for the six Boolean categories, most of the studies dealt with a single IAS
(ca. 78%; Fig. 4), and about 59% of the studies were centred on mammal 1AS listed among the ‘worst
100”. Furthermore, only ca. 15% of the studies dealt with IAS management topics, while almost 73%
provided spatial predictions of potential IAS spread (Fig. 4). About 23% of the studies included
spatial predictions of future global change scenarios. Only 29% of studies might be useful in a risk
assessment procedure; the remaining 71% were carried out after 1AS introduction events (Fig. 4).
Most of the 29% studies were classified as useful in a risk assessment prevention context only because
they provided worldwide predictions of invasion risk (Appendix S3). In fact, none of the studies used
spatial models as a pure risk assessment tool for an IAS not yet found in a given study area.

SDMs are the most widely used model type for the management of IAS; in fact, they were used
in about 80% of the studies (Appendix S3). More specifically, Maxent and Biomod2 were the most
widely used software packages in the modelling studies of 1AS; they were applied in about 49% and
33% of studies, respectively (Appendix S3).

The number of studies published between 2000 and 2019 on IAS increased significantly through
time (R? = 0.55), though the quadratic term of this relationship was not significant (Fig. 5). In
addition, we found that all six Boolean categories except ‘management’ showed an increase in the
percentage of the reference category, yet none of these trends was statistically significant (Appendix
S4). Lastly, the log-linear model results showed significant differences among the frequencies of the
studies falling into the six Boolean categories. Specifically, we found that studies providing
predictions of potential spread were significantly overrepresented. In contrast, studies useful for risk
assessment purposes, providing predictions on future global change, focusing on multiple IAS and
dealing with management topics were significantly underrepresented (Fig. 6).

DISCUSSION

Prevention

Prevention is the most cost-effective action for a biosecurity policy aimed at reducing the impact of
IASs. A strategy based on prevention should manage pathways of entry and prioritise species that
may arrive in a recipient area and then impact biodiversity and human well-being.

Prioritisation requires developing lists of species that may reach a geographical area and
evaluating their likelihood of entry, establishment, and spread, and the associated risk of impacts.
Horizon scanning and risk assessment are two procedures increasingly used to screen species that
may invade new areas. Applied to IAS management, horizon scanning is a technique that allows for
rapid screening of a large number of species through expert opinion and consensus methods, with the
aim of ranking the species to highlight potential future invaders before they arrive (Roy et al. 2014).
Risk assessment is a more in-depth process of evaluating ecological and biological evidence to
determine the level of invasion risk associated with a single species already present in an area, or one
that has not arrived yet (Essl et al. 2011).

Modelling approaches for broad-scale screening procedures aim to predict which species have the
characteristics to maintain viable populations and spread in a given area if they reach it. This
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prediction is related to the concept of ecological niche, i.e. the range of ecological conditions within
which a species can maintain viable populations (Hutchinson 1978). Most screening studies use
SDMs including climate variables, as climate is often seen as the main driver at large spatial scales
(Thuiller 2004), and layers with climatic data are readily available. Land-use and topographic
variables may be more important at finer scales and are therefore used alone or in addition to climatic
variables for local predictions (Pearson et al. 2004, Di Febbraro et al. 2019).

The application of SDMs to predict the possibility of a species’ invasion before it arrives in a
potential recipient area requires the fundamental assumption of so-called ‘niche conservatism’. This
assumes that the species’ niche maintains its original features when the species reaches a new area
(Peterson 2003). Under a niche conservatism approach, researchers calibrate their models using the
species’ native range to extrapolate the described climatic niche into new areas (Richardson &
Thuiller 2007). However, risk assessment based only on the climatic niche calibrated in the native
range is likely to underestimate suitable areas, as the species' observed niche may be constrained by
ecological interactions (e.g. by competitors, predation, parasitism), and species may have the ability
to adapt to new climatic conditions (Hof et al. 2011, Di Febbraro et al. 2013). Mammals, in particular,
can also respond to climatic constraints by adapting their habitat choice or behaviour (Wong &
Candolin 2015).

Risk assessment procedures involving SDMs deal with another important factor that may affect

suitability predictions, namely the ability of a model to yield reliable predictions into unsampled
space, i.e. model transferability. Model transferability is difficult to assess since it may depend on the
general research objectives, as well as the dataset used for calibration and the choice of modelling
algorithm (Sequeira et al. 2018). Although new metrics to quantify model transferability have been
proposed (e.g. Bell & Schlaepfer 2016), further investigations are needed to provide a general
interpretation of their appropriateness and effectiveness.
There is an ever-growing number of modelling studies predicting the likelihood of invasion by species
that have not yet arrived in a target area, but to our best knowledge, no such study has yet dealt with
mammals. Gallardo and Aldridge (2013), for example, predicted the risk of the invasion of Great
Britain and Ireland by 12 aquatic species (invertebrates, fish and plants), some of them not present in
the study area. The studies we retrieved were considered useful for risk assessment mainly because
they made predictions of climatic suitability worldwide, while studies on mammals at a local scale
before a species is introduced are still lacking. However, considering the amount of data needed for
many modelling approaches, species considered for predictive models should be selected for their
high likelihood of arriving in a country, e.g. by being present in neighbouring countries or common
in the pet trade. Horizon scanning may be used to prioritise those that are most likely to arrive (Roy
et al. 2014).

Early warning and rapid response

An early warning and rapid response system (EWRRS) is a framework designed to respond to
biological invasions through a co-ordinated system of several activities such as surveillance and
monitoring, diagnosis of invading species, risk assessments, dissemination of information including
reporting to competent authorities, and enforcement of appropriate responses. An EWRRS is often
considered the second line of defence after prevention, and is a critical component of any effective
invasive species management program (Robinson et al. 2017). In fact, it is crucial to improve our
ability to detect and promptly report on new incursions of IAS, so that timely and reliable risk
assessments can be produced, and effective management responses can be enacted wherever needed.
If the system is effective and widespread through geographical areas, most of the new species will be
reported at the beginning of invasion, when only few individuals are present in the recipient area
(Robinson et al. 2017). Cleary, a rapid response can be useful in limiting eradication costs and damage
to local ecosystems, particularly at an early invasion phase. Furthermore, timely eradications involve
the removal of fewer animals than later ones, and may be more easily accepted by citizens and local
stakeholders (Shackleton et al. 2019).



SDMs and SEPMs are valuable approaches for monitoring IAS, particularly for early detection
and rapid assessment. In fact, these modelling tools might help to inform how a population could be
spatially distributed in a new area and how it could react in a different environment. Ecologists have
therefore used these models to analyse the current and future ranges of 1AS, in order to assess their
invasion ability and distribution patterns. An efficient EWRRS program is based on obtaining
relevant information in a timely manner. Too often, the necessary knowledge was obtained only many
years after the first report of IAS in a new area (e.g. Mori et al. 2015, Di Febbraro et al. 2016). A
delayed use of models to help EWRRS is probably due to modellers’ belief that a model needs to be
well-parameterised and validated to be empirically useful. Model development and validation is a
time-consuming process, which is problematic when an early response is vital to counteract the
invasion and the spread of IAS. Even a preliminary model can be useful for identifying potential
knowledge gaps to be filled and providing guidelines for initial risk assessments.

IAS of many taxa have been analysed using SDMs and SEPMs (e.g. Gallardo & Aldridge 2013).
However, invasive alien mammals appear to be an exception, particularly when it comes to early
detection and rapid assessment of their potential spread. The majority of models used to predict
mammalian 1AS distributions in EWRRS are ecological models which result in 1AS prediction maps,
and, less commonly, spatial-temporal models (Bertolino et al. 2008). These maps are particularly
useful to managers that are responsible for monitoring the spread of IAS and conducting associated
early response actions. Modelling studies have successfully been carried out for some alien mammal
species, such as the Northern raccoon Procyon lotor, squirrel species (family Sciuridae), coypu
Myocastor coypus, brushtail possum Trichosurus vulpecula (see Appendix S3).

Currently, SDMs are the modelling method most commonly applied to the management of IAS at
an early stage of invasion (Appendix S3). SDMs and SEPMs have mainly been used to: 1) predict
current and future potential distribution of 1AS; 2) detect 1AS dispersal corridors and hot spots for
their invasion; and 3) know the rate of expansion of 1AS since the estimated date of their introduction.
The results of these modelling approaches have been used to assess the potential impacts of I1AS
expansion on the conservation of local biodiversity and environment. Often the expansion of a species
is linked to the presence of another, and a recent modelling approach incorporates species co-
occurrence data into an SDM to create a joint species distribution model (Pollock et al. 2014).
However, a test of this approach to see how well joint species distribution models can detect species
interactions from co-occurrence data suggests that they work for mutualism and competition but fail
to detect predator-prey interactions (Zurell et al. 2018).

Despite the potential advantages offered for 1AS control, spatially explicit models have not been
incorporated into systematic management planning due to, for example, computational challenges
(Cattarino et al. 2016). Yet, the efficiency of these tools in predicting invasions is of primary
importance for preventive invasion planning, as the eradication of IAS after their establishment is
expensive and often unsuccessful. Accurate modelling approaches may produce alternative scenarios
to evaluate the risk of spread of new species, which may be useful for the application of EWRRS.

Management
Eradication is a fundamental tool for protecting biodiversity from the negative effects of IAS (Howald
et al. 2007, Robertson et al. 2017, Capizzi 2020). If removal actions do not obtain the expected result,
the only option may be to move on to continuous control (Mill et al. 2020b). Therefore, careful
planning is necessary to evaluate feasibility and effort needed for eradication, and field work should
be adaptive (Martin & Lea 2020, Richardson et al. 2020). Modelling procedures have been used to
evaluate the effectiveness of different management options and the effort needed for eradication (e.g.
Tattoni et al. 2006). When eradication is considered impracticable, spatial containment or population
control could be considered as the next logical option. Since these interventions are generally planned
in the long term, a cost-benefit analysis is necessary to evaluate their sustainability.

Potential distribution maps derived from SDMs could support decision-making processes and
management planning. Risk maps may be used to direct monitoring in a cost-effective way (see Lioy



et al. 2019 for an example with an invasive hornet), and to plan and evaluate control activities.
Regression modelling was applied in a review of 15 large-scale removals of 1AS in northern Europe
in order to learn from these efforts (Robertson et al. 2017). This synthesis recommended a rapid
response to new introductions as best practice to limit impacts to the environment as well as financial
and welfare costs resulting from large-scale removals. An SEPM was used by Rushton et al. (2002)
to simulate the impact and costs of introduced Eastern grey squirrels Sciurus carolinensis control
operations on native Eurasian red squirrels Sciurus vulgaris in the UK. The model investigated both
the removal of grey squirrels and the potential effect of proposed immunocontraception method (see
Mill et al. 2020a for an application on goats). However, the model outcomes on grey squirrel control
were not validated and findings remain speculative.

Spatially explicit models are particularly useful when the competitive effects of an IAS on native
species are mediated by a third factor, such as a disease. The outcomes in this system are potentially
complex and heterogeneous in both space and time. A classic example of disease-mediated
competition is the case of Eastern grey squirrels in the UK where the species carries a squirrelpox
virus lethal to the native Eurasian red squirrel (e.g. Lawton et al. 2010). SEPMs have been employed
to evaluate to what extent the virus carried by grey squirrels is responsible for red squirrel decline in
the northwest of England (Rushton et al. 2006). Whilst in the case of tree squirrels their link to forest
cover is easily mapped and their ecology in Europe is well understood, a criticism of SEPM
approaches has been their complexity, data needs, and attempts to model processes that are sometimes
poorly understood.

A more recent and more transparent mathematical modelling approach for the red-grey-squirrel-
pox system was taken by White et al. (2014), who also simulated the impacts of control and disease.
The authors developed a framework that falls between deterministic and rule-based approaches, and
represents the stochastic nature of successful IAS spread. The intricate interplay between an IAS,
disease and landscape characteristics favouring dispersal and thus disease spread was also explored
by White et al. (2017) with a spatially explicit version of the model.

Most modelling studies included in this review pertain to a few species, e.g. squirrels, coypu,
brushtail possum, wild boar Sus scrofa. The success in modelling tree squirrels in the above-
mentioned studies may be related to their close link to forest cover, a feature that is easily mapped,
as well as the availability of good ecological data. Their appeal to the general public and the related
interest may also have favoured availability of research funding and modelling exercises. In the same
way, coypu modelling was facilitated by the close link of this semiaquatic rodent with easily mapped
water bodies, while possum and wild boar are two species with relevant impacts on biodiversity,
crops (wild boar) and livestock (as the brushtail possum is a vector of bovine tuberculosis).

Among the limitations of our review, we acknowledge that we might have underestimated the
number of studies using spatially explicit models on IAS, as a large portion of them is likely to be
confined to the grey literature. Furthermore, we did not cover the entire range of modelling techniques
that have been used to investigate 1AS, such as e.g. pathway modelling, metapopulation and
population viability models, connectivity models, individual-based models, network analysis, etc.
Lastly, we might have missed some relevant old studies due to our decision to limit research scanning
to the last ca. 20 years. While acknowledging these overall drawbacks, we are confident that we
describe rather comprehensively the general trends in mainstream research papers and modelling
tools that have focused on mammal IAS phenomenon in recent years.

The process of diffusion of emerging infectious diseases is similar to the process of IAS
invasions, as disease vectors are technically 1AS themselves (e.g. Crowl et al. 2008). However, a
detailed search and review of this topic went beyond the scope of this study.



CONCLUSION

Human-mediated movement of species around the world is one of the main drivers of ecosystem
change and biodiversity loss (Kumschick et al. 2015). SDMs and SEPMs are useful tools that can
inform screening procedures and decision-making processes related to IAS management. These
models have been used to inform researchers and managers acting at every stage of the invasion
process, from prevention to establishment and spread, as well as for evaluating impacts. Modelling
procedures are particularly useful in planning and evaluating management actions, since they can be
used to explore, compare and assess the implications of different scenarios in terms of likely success,
cost and effort needed. Maxent and Biomod2 are currently the software packages most commonly
used to study these fields, perhaps because they are free and have accurate prediction ability.
However, there has been little or no research into whether SDMs are actually reliable predictors of
potential establishment and spread of introduced species. The validation of model simulations with
field data should be investigated in the future.

Our review evaluated the use of SDMs and SEPMs in published studies. However, many other
examples may have been reported in the grey literature, especially in risk-assessment evaluations and
management plans. Most of the studies we reviewed used climate matching to evaluate the suitability
of geographic areas worldwide. At the local scale, published studies mainly explored the risk of
species that were already established expanding their range. This was also investigated in relation to
different future global change scenarios. Whilst SDMs could easily be used to evaluate the suitability
of recipient areas before species are introduced, this kind of assessment has not been reported yet in
the mammal literature, though examples may occur in unpublished reports.

SEPMs link simulation of population dynamics with predictions of species’ distribution.
Therefore, they could be used to evaluate population changes over time linked to accurate landscape
descriptions (land cover data, forest cover maps etc.). These models are therefore particularly useful
for comparing different management scenarios.

The effectiveness of SDMs and SEPMs is based on the availability of distribution data. Large
open databases, such as GBIF (www.gbif.org) and iNaturalist (www.inaturalist.org), and the
availability of many regional sources of records now make species distribution data easily available.
Moreover, many information systems and online databases have been created specifically for
reporting biological invasions at different spatial scales, and are connected with citizen science
projects (see Katsanevakis & Roy 2015 and references therein).

Overall, SDMs and SEPMs have proven to be important tools for implementing effective
management strategies for invasive alien mammals, but published papers on this application are still
limited, and most modelling evaluation probably remains confined to the grey literature. We hope
that this review will stimulate researchers to make more extensive use of these models during IAS
management, and to publish their results in order to share their experiences and make them available
to researchers working on other projects.
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Fig. 1. Number of studies based on models retrieved for this review, for each mammal IAS. We
excluded from the figure all species for which we did not find any published studies. Bars are shown
in black for IAS listed among the “100 of the World's Worst Invasive Alien Species” (Lowe et al.
2004).
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Fig. 2. The 62 studies on mammalian IAS included in the review, divided by mammalian orders (left)

and families (right).
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Fig. 3. Geographical distribution of the studies on mammalian IAS. The 14 global and continental-
scale studies are not shown.
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Fig. 4. Percentage of studies included in the review in each of the six Boolean categories: 1) “single-
vs multi-species” (i.e. studies focused on one mammal IAS, vs. those including more than one IAS);
2) “worst100” (i.e. studies focused on a mammal listed in the “100 of the World's Worst Invasive
Alien Species” [Lowe et al. 2004], vs. those focused on other mammal IAS); 3) “management” (i.e.
studies that evaluated the effects of management scenarios, vs. those which did not ); 4) “spread”
(i.e. studies focusing on mapping the expansion of the geographical range of one or more IAS, vs.
those not mapping spread); 5) “future prediction” (i.e. studies providing predictions on future global
change, i.e. climate and land-use, vs. those not providing such predictions); 6) “risk assessment and
prevention” (i.e. studies carried out on IAS before their introduction in a given area, thus useful for
risk assessment, vs. studies performed after IAS introduction and not useful for risk assessment).
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Fig. 5. Number of studies retrieved that were published in each year between 2000 and 2019. The

curve depicts the temporal trend modelled with the Poisson GLM. Model coefficients are shown in
the equation in the upper-left corner. Values in bold indicate statistically significant coefficients.
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Fig. 6. Difference in study frequency among the six Boolean categories. Dots depict coefficient
estimates derived by the log-linear model, while the whiskers indicate the related standard error
around each estimate (*: p < 0.05; **: p < 0.01; ***: p < 0.001). In parentheses, we report the
reference levels of each Boolean category used in frequency comparisons.

19



Appendix S1. List of mammal species that have been introduced worldwide.
Appendix S2. Compiled data from 62 publications found in the literature and included in this review.

Appendix S3. Location of research, model type, software package and reference for each species in
the studies included in the review.

Appendix S4. Temporal trend of studies classified according to the six Boolean categories
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