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palavras-chave

resumo

plantas exoticas invasoras, avaliagéo de risco, modelos estatisticos, modelos de
distribuicdo de espécies, revisao sistematica.

Quer deliberadamente ou acidentalmente, os seres humanos tém vindo a
introduzir espécies exoticas em novos habitats a um ritmo alarmante, sendo que
as alteragcBes climéticas que se tém vindo a sentir, por vezes promovem
sinergeticamente este fendmeno. A avaliacdo de risco de espécies exoticas é
essencial para apoiar a preven¢do de novas introdu¢des no caso de espécies
que potencialmente representam algum impacto negativo nos Varios
componentes dos ecossistemas. Ao longo dos ultimos 20 anos, a modelacao
estatistica tem vindo a ser reconhecida como uma ferramenta Util na previsédo
dos riscos de invasdo especificamente no caso de plantas exéticas. Nesta
revisdo sistemética, analisou-se a aplicacdo de modelos estatisticos na
avaliacdo do risco de espécies de plantas exdticas, com a finalidade de avaliar
como a aplicacéo destas ferramentas evoluiu ao longo do tempo, bem como
identificar as abordagens utilizadas e finalmente as atuais limitacdes inerentes
a estes estudos. Os resultados apoiam que os modelos estaticos e
espacialmente explicitos de aprendizagem automatica que preveem a
distribuicao potencial de espécies séo as técnicas mais comummente utilizadas,
embora algumas limitacGes pertinentes relacionadas com esses modelos
tenham sido também identificadas. Concluiu-se que uma formalizacdo dos
protocolos de avaliacdo de risco deverd incluir de forma estandardizada a
utilizacdo de modelos de distribuicdo de espécies, tanto as técnicas como as
abordagens deverdo ser cientificamente comprovadas de forma a maximizar a
preciséo e diminuir os erros dos resultados.



keywords

abstract

invasive alien plants, risk assessment, statistical modelling, species distribution
models, systematic review.

Either deliberately or by accident, humans have been introducing exotic species
into novel habitats at an alarming rate and the ongoing climate change can
synergistically promote this phenomenon, at times. Risk assessment of exotic
species is essential to support the prevention of new introductions in the case of
species that represent negative impacts on the various components of
ecosystems. Over the last 20 years, statistical modelling has been recognized
as a useful tool in predicting invasion risks specifically for exotic plants. In this
systematic review, the application of statistical models to the risk assessment of
alien plant species was analyzed to assess how the application of these tools
has evolved over time, as well as to identify the approaches used and finally the
current limitations inherent to these studies. The results support that static and
spatially explicit machine learning models that predict potential species
distribution are the most commonly used techniques, although some pertinent
limitations related to these models have also been identified. It has been
concluded that a formalization of risk assessment protocols should include the
standardized use of species distribution models, and both techniques and
approaches should be scientifically proven to maximize accuracy and reduce
errors in results.
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Introduction

Biological Invasions

Since the beginnings of invasion ecology, there have always been ambiguities as to
what exactly defines and characterizes the phenomenon of a “biological invasion”. Valéry
et al. (2008) argue that the reason for that is the researchers’ disagreement as to what
should be the main criterion applied: either biogeographic barriers or the impacts in the
ecosystems and society. In trying to reach a consensus, and after considering various
approaches, Valéry et al. (2008) proposed a general definition: “A biological invasion
consists of a species’ acquiring a competitive advantage following the disappearance of
natural obstacles to its proliferation, which allows it to spread rapidly and to conquer novel

areas within recipient ecosystems in which it becomes a dominant population”.

The terminologies employed to define alien and invasive species also suffer from
these uncertainties; Richardson et al. (2000) attribute this phenomenon to two main
reasons, the first being the translation of terminology between languages (mainly from
European languages to English), and the other being the scale of this thematic having grown

so much since terms like “naturalization” were introduced.

Recently, Blackburn et al. (2011) proposed a unified framework for biological
invasions that acknowledges the need to distinguish species terminology and invasion
stage taking into account both the biogeographical barriers to overcome by the species,
and the proper management steps to deal with their impacts (Fig. 1). Not all alien species
that manage to establish themselves outside their native range become invasive and
detrimental to local biodiversity, which is why it’s important to have a clear distinction
between “naturalized” and “invasive”, since the latter poses overall greater risks.
Nonetheless, this framework doesn’t include the species impacts on the ecosystems, which
is fundamental for the definition of “invasive species” in various international
organizations, like the Convention on Biological Diversity (CBD) and the Intergovernmental

Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES).
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Figure 1 — The proposed unified framework built by Blackburn et al. (2011), which emphasizes the
distinction between species terminology, stage of invasion, the barriers a species must overcome,
and the type of management most appropriate for each stage/species. The unfilled arrows represent
the species progress along the process, and the alphanumeric codes represent species and population
categories within the invasion stages. Source: Blackburn et al. (2011).

The propagule pressure hypothesis is frequently described as the main driver of
biological invasions. It’s defined by (Lockwood et al., 2005) as “...a composite measure of
the number of individuals released into a region to which they are not native.”, and the
hypothesis states that as the frequency of releases (introduction events) and number of
individuals (propagules) increase, the propagule pressure also increases, leading to a higher
probability of invasion occurrence. It is well known that globalization plays a major role in
the increase of alien species introductions: the advances in technology allow for more,
faster international trade routes and travels, which mean more movements of people and
goods, which in turn, increase the possibilities of introducing alien species in nonnative

ranges (Ehrenfeld, 2005; Meyerson and Mooney, 2007).



Plant Invasions

Either deliberately or by accident, humans have been introducing plant species into
new ranges at an alarming rate (Mack et al., 2000). As a result, roughly 3.9% of the existing
vascular plant species have established themselves somewhere in the globe, outside their
native range (van Kleunen et al., 2015). Ornamental horticulture trade is known to be the
main cause of alien plant naturalization and invasion in the world, and coincidentally, some
of the species characteristics most desirable in the market (like fast vegetative growth and
abundant seedling emergence), are the same ones that promote their invasive behavior
(van Kleunen et al., 2018). Specific anthropogenic aspects can be factored in the propagule
pressure hypothesis, such as tourism, human population density and vehicle traffic (von
der Lippe and Kowarik, 2007; Thuiller et al., 2005; Spear et al., 2013), which match the types
of land cover known to be more prone to plant invasions, like agricultural, urban, and

industrial land covers (Chytry et al., 2009).

The human population benefits, directly or indirectly, from the good functioning of
the ecosystems; these benefits are more recently known as “Nature Contributions to
People (NCP)” (ecosystem services), and they can range from simple concepts like air
quality, food production, and water supply, to genetic resources and climate regulation
(Diaz et al., 2018). Some impacts of plant invasions in these NCP include local/regional
changes in the cycling of soil nutrients, fluctuations in fire regimes, decreased water quality
and quantity, and losses in recreation and tourism revenues (Chamier et al., 2012;
Ehrenfeld, 2003; Eiswerth et al., 2017; Zavaleta, 2000). But even though these impacts are
heterogeneous and dependent on many variables, the loss of native biodiversity in invaded

areas is on average, a guaranteed consequence (Vila et al., 2011).

It is estimated that the environmental transformations that come along with
climate change will increase the invasiveness of some alien plant species; elevated CO;
levels impact the growth of native and alien species alike, but if the alien species possess
novel traits, that might give them an advantage to further their spread. Other indirect

consequences related with the rise of temperatures and resource availability might cause



a ripple effect in nutrient cycling and water availability, aggravating habitat disturbances
and affecting the ability of some native species to persist in those habitats (Weltzin et al.,
2003). These disturbances, if incorrectly timed (e.g. fluctuating fire regimes) can represent

opportunities for invasive species to settle in, due to niche availability (Thuiller et al., 2007).

Risk Assessment and Modelling Tools

In 2014, the European Commission approved Regulation 1143/2014 on the
prevention and management of the introduction and spread of invasive alien species,
which lists a set of measures to be considered across the European Union, in order to
enforce the prevention, detection, eradication, and management of the species of Union
concern. Risk assessment is one of the measures expected to be carried out when deciding
upon the inclusion of a certain species on the list of invasive alien species of Union concern.
In light of this Regulation, Portugal has approved Decree-Law n2 92/2019 which establishes
a legal scheme for the control of introduction of alien species, with the creation of a
national list of species of which custody, production, or cultivation is forbidden. Prevention
measures are the most cost-effective to tackle this threat in long term, so it makes sense
to take precautionary action and asses the risks of establishment/invasion, if governments
want to avoid wasting huge amounts of money dealing with the spread of an invasive
species (Keller et al., 2007). Furthermore, very recently, the Intergovernmental Science-
Policy Platform on Biodiversity and Ecosystem Services (IPBES) has launched the first
intergovernmental global assessment on invasive alien species, covering every aspect of
this problem, from drivers and effects to management options and policy (Stoett et al.,

2019), which will be especially important to inform the lawmakers of the way forward.

Kumschick et al. (2013) categorized risk assessment (RA) methods in 3 categories:
qualitative, semiquantitative, and quantitative, according to the type of approach utilized.
They figured that most RAs are semiquantitative, because even though the methods are
naturally quantitative, the measurements are still qualitative. The most common

approaches relate species geographical occurrences in nature to the characteristics of the



environment they currently occupy, using mathematical functions. The species niche is
modelled according to the landscape characteristics of its current distribution, and then
projected onto a geographical space, allowing researchers to build predictive maps of
habitat suitability (Guisan and Zimmermann, 2000). These static models can take a variety
of forms, in regression analyses (Haeuser et al., 2018), machine learning models (Szymura
et al., 2018), simpler profiling techniques (Natale et al., 2018) and some authors might

resort to more than one model in order to compare results (Magarey et al., 2018).

A more uncommon approach to predict the spread of invasive species is the
evaluation of population spread and growth over time, which provides a more dynamic

overview of what to expect (Muthukrishnan et al., 2015).

Point scoring systems, like the well-known Australian Weed Risk Assessment
(AWRA), are usually question based assessments that generate a numerical score to
determine if the species can or cannot be imported into the country (Pheloung et al., 1999).
However, they require a previous analysis on the species ecology and its undesirable traits.
For the AWRA, the species are declared as “accepted”, “rejected”, or “pending further
evaluation”, and it’s proven to be an efficient tool (Gordon et al., 2008). Other similar
protocols have emerged for other regions in the world; the European and Mediterranean
Plant Protection Organization (EPPO) Pest Risk Analysis targets Europe and the Northern
African region and it first assesses if the species can be considered as a pest, then
proceeding to further evaluate its risk of invasion (Brunel and Petter, 2010); the German-
Austrian Black List Information System (GABLIS) was developed as more of a generic tool
for not just plant species, however it’s not as prevalent as the other two (Essl et al., 2011).
It’s up to the researchers to select the most appropriate approach, according to their goals

and data sets available to them.

Aims

Plant invasions show no sign of slowing down; the imminent climate change and
ever-growing human activity will only accelerate the rate at which they keep happening.

For that reason, it’s important to improve the procedures that allow to prevent, anticipate



and early detect new invasions, evaluating the risk of expansion of plant species. To pursuit
that main objective, we conducted a systematic review to (1) analyze the extent to which
statistical models have been used to assess the risks of alien plant invasions, (2) identify its
trends and patterns in that context, (3) evaluate how the scientific studies have evolved
over time, (4) identify current limitations, and (5) discuss what might be missing from the

field, or what it could benefit from in the future.



Methodology

Overview

The framework used was a standard procedure for literature reviews (Higgins and
Green, 2011) with the aim to trace patterns of risk assessment in plant invasion modelling

literature. This framework consists in two main steps: literature search and literature

review, thoroughly explained in Fig. 2.

elimination of duplicates ‘ inclusion/exclusion process

Figure 2 — Analytical framework built for reviewing the use of statistical modelling tools in the risk
assessment of alien plant invasions. First, a literature search was conducted in ISI Web of Science and
SCOPUS, with carefully selected keywords. A third search in Google Scholar was conducted for reliability
evaluation of the previous searches. After eliminating duplicates and submitting the records to an

inclusion/exclusion process based on their titles, abstracts and keywords, a final list of records was carried
to the actual review. Finally, the records were classified according to 3 categories regarding their studied
species, used model, and risk assessment features.



Literature Search

The literature search begins with selecting the keywords to be utilized in the search
engines. For this review, the selection process followed the Population-Intervention-
Comparison-Outcome (PICO) strategy, in order to build the broadest set of keywords
possible. Thus, the specification for this review is Population as “invasive plant”,

Intervention as “modelling”, and the Outcome as “risk assessment”.

For the Population aspect of this strategy, the set of keywords applied was one
previously built by a team of researchers with a different goal in the field of plant invasions
(Vaz et al., 2018), and then kindly provided to us for this research, as a total of 74 words or
expressions related to “invasive plant”. Next, for the Intervention as “modelling”, only 3
keywords were selected using Buchadas et al. (2017) as source. For the Qutcome “risk
assessment” 10 expressions were compiled based on Kumschick et al. (2013), as well as on
the EU Regulation 1143/2014 on Invasive Alien Species. Hence, a list of the most common
and unambiguous words or expressions was gathered, with the idea of broadening the
search as much as possible. That list can be found below in Table 1, exactly as it was used

onto each search engine’s search boxes.



Table 1 — List of keywords selected for the search engines, divided in the 3 categories representing the key

aspects of this review, as well as their sources.

Keyword List

"plant invader*" OR "introduced plant*" OR "non-native plant*" OR
"nonnative plant*" OR "invasive plant*" OR "exotic plant*" OR "alien
plant*" OR "plant invasion*" OR "nonindigenous plant*" OR "non-
indigenous plant*" OR "allochthonous plant*" OR "tree invader*" OR
"introduced tree*" OR "non-native tree*" OR "nonnative tree*" OR
"invasive tree*" OR "exotic tree*" OR "alien tree*" OR "tree
invasion*" OR "nonindigenous tree*" OR "non-indigenous tree*" OR
"allochthonous tree*" OR "forest invader*" OR "introduced forest*"
OR "non-native forest*" OR "nonnative forest*" "invasive forest*" OR
"exotic forest*" OR "alien forest*" OR "forest invasion*" OR
"Nonindigenous forest*" OR "non-indigenous forest*" OR
"allochthonous forest*" OR "introduced vegetation*" OR "non-native
vegetation*" OR "nonnative vegetation*" OR "invasive vegetation*"
OR "exotic vegetation*" OR "alien vegetation*" OR "nonindigenous
vegetation*" OR "non-indigenous vegetation*" OR "allochthonous
vegetation*" OR "shrub invader*" OR "introduced shrub*" OR "non-
native shrub*" OR "nonnative shrub*" OR "invasive shrub*" OR
"exotic shrub*" OR "alien shrub*" OR "shrub invasion*" OR
"nonindigenous  shrub*" OR "non-indigenous shrub*" OR
"allochthonous shrub*" OR "herb invader*" OR "introduced herb*"
OR "Non-native herb*" OR "nonnative herb*" OR "invasive herb*" OR
"exotic herb*" OR "alien herb*" OR "herb invasion*" OR
"nonindigenous  herb*" OR "non-indigenous herb*" OR
"allochthonous herb*" OR "introduced landscape" OR "non-native
landscape" OR "nonnative landscape" OR "invasive landscape" OR
"exotic landscape" OR "alien landscape” OR "nonindigenous
landscape" OR "non-indigenous landscape" OR "allochthonous
landscape" OR "novel ecosystem*"

"risk assessment" OR "invasion risk" OR "risk analys?s" OR "risk
evaluation" OR '"risk of invasion" OR "risk of introduction" OR
"introduction risk" OR "invasion potential" OR "establishment risk"
OR "risk of establishment"

"model*" OR "simulat*" OR "predict*"

Source(s)

Vaz et al. (2018)

Kumschick et al. (2013),
EU Regulation 1143/2019

Buchadas et al. (2017)



The symbols between keywords are search engine operators, which allow for a
more advanced and specific search, and work like mathematical expressions. A list of every

operator used and its effects can be found below, in Table 2.

Table 2 — List of operators used in the list of keywords, designed to allow for a more advanced search in the
selected search engines, as well as their respective effects within the engine, and some examples.

Search engine operator Effect Example

un

(quotation marks) searches records containing the “nonnative landscape”

exact words

OR searches for records containing “nonnative landscape” OR
each word or both “invasive landscape”
* (asterisk) the search engine fills in after the “introduced herb*” — will also

words, meaning it could be anything search for “introduced herbs”
after that specific word

? (question mark) searches for words where the “risk analys?s” — will search for
guestion mark can be replaced by both “analysis” and “analyses”

any character

The time span for the search was from 1900 to 2018, and it was conducted during

November 2018 at ISI Web of Science (http://webofknowledge.com) and SCOPUS

(http://scopus.com), where the advanced search feature allows for a multi-topic search,

and where each group of keywords corresponded to one topic. Utilizing the features
available in each website, a list of every result in ISI Web of Science and SCOPUS was
downloaded onto an excel sheet, where duplicates (results that appeared on both engines)

were eliminated.

A third search was conducted on Google Scholar to judge the reliability of the
previous search, using the three main keywords (“invasive plant”, “risk assessment”, and
“modelling”), but only retrieving the first 50 results, ordered by popularity, to check for any
article that was missed by the first two engines, which were then added to the list of

records.
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http://webofknowledge.com/
http://scopus.com/

Before the literature review, this list of results was subjected to an
inclusion/exclusion process, where only the title, keywords and abstract of every record
was examined in order to evaluate which ones should be included in the second step of this
review. The intent was to include only records that focus in the usage of statistical
modelling tools to assess the risk of invasion by alien plant species. This way, unsuitable
records that include some listed keywords but aren’t exactly about the specific field being
reviewed are also discarded. The full text of the final list of records was downloaded and

each record was numbered to facilitate the next process.

Literature Review

To begin the literature review, the next step involved reading the full text of every
record in the final database and follow a previously built categorization and classification
protocol. This protocol was divided in 3 groups of features regarding: A — species features,

B — model features and C — risk assessment features, as detailed below in Table 3:
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Table 3 — List of categories and classes used in the sorting of each record, divided by their features. Group A
envelopes the categories regarding the species features. Group B envelopes the categories concerning the
model features. Group C envelopes de categories relating to the risk assessment accomplished for each

record.

Group A

Group B

Group C

Category

N? of species
Environment
Constitution

Continent

Invaded Habitat

Invasion Stage

Extent

Data Source

Model

Spatial Output

Temporal Output

RA Output

RA Method
Impacts

Affected services

Classes

Individual or Multispecies

Aquatic, Terrestrial, or NA
Herbaceous, Shrub, Tree, or Several

Europe, Asia, South America, North America, Africa, Oceania,

Antarctica, Global, or NA

Freshwater, Riparian, Urban, others, Several, or NA

Introduced, Naturalized, or Invasive

Local, Regional, National, Multinational, Continental, or Global

Existing Database, Field Data, Expert Data, Literature, or Remote

Sensing

Regression Analysis, Profile Techniques, Machine Learning,

Decision Trees, Bayesian Approach, Ensemble Modelling,

Population Dynamics, or Mechanistical Model
Spatially Explicit or Not Spatially Explicit
Static or Dynamic

Potential Distribution, Invasion Risk, Predicted Species Richness,

Population Dynamics, Point Scoring System, or None
Qualitative, Semiquantitative, or Quantitative
Environmental, Socio-economic, others

Biodiversity, Health, Security, others
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The number of species is classified as “Individual” when only one species is in focus
in the study. However, when two or three species are individually modelled in the same
article, instead of classifying it as “Multispecies”, that record was divided in two or three
entries, which are then classified as “Individual” and further treated as two or three
different entries for the rest of the process. This way it’s possible to more thoroughly
explore relevant records, since it becomes possible to classify different studies within the

same record.

The species environment was almost always classified as either aquatic or
terrestrial, although for the semi-aquatic species they were included in the terrestrial class.
The NA (Not Applicable) class in this category usually applied to records where whole taxa

were modelled but it wasn’t possible to determine the environment of every species.

The species constitution was divided into the 3 usual terminologies: herbs, shrubs,
and trees. The “Several” option, like in every other class where it applies, is used for
instances where it’s not possible to distinguish the classes, either because it’s a larger
number of species to specify, or because a whole taxon is considered. When encountering
species of cacti, the size of the species determined if it was considered as a shrub or a tree,
but never as an herb. When encountering a species of algae, they were considered as

herbaceous.

The “Several” option was more needed than generally for the invaded habitat
category, since frequently the modelled area was larger enough to encompass more than

one type of habitat.

For the species invasion stage, in some articles, the only terminology used to
describe the species in question was “nonnative” or “alien”, and in those cases, they were
simply classified as “Introduced”, since there was no indication of it being already in a later

stage of invasion.

The model range is divided by tiers of geographical scales, from “Local” to “Global”,

since many authors didn’t specify the area extension in distance units.
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The data source for each of the studies was divided according to the authors’ own
words on where it came from. “Expert Data” relates to information the authors claimed to
have obtained from experts in their respective fields, regardless of that same data being
available through other sources or not. “Existing Database” relates to any kind of database
on any scale (regional, national, global, etc) where usually one can find occurrences for the

species in question.

The modelling technique classifications were grouped partly based on the works of
Elith et al. (2006). For this review a couple more classifications were added since the variety
of modelling tools available nowadays is much wider. “Profile Techniques” include systems
such as BIOCLIM, DOMAIN, CLIMEX and the Mahalanobis Distance. “Regression Analysis”
mostly comprise diverse forms of linear models like Generalized Linear Model, Generalized
Linear Mixed Model and Additive Linear Model. “Machine Learning” models include
Random Forest and Boosted Regression Trees, as well as the more common MaxEnt model.
“Population Dynamics” was the selected terminology to embody models focused on the
species populations dynamics, like the use of Integrodifference Equations, a FATE-HD
model or Recruitment Curves. “Bayesian Approach” includes processes in which a Bayesian
model or inference was used. Finally, “Ensemble Modelling” consists of instances where
two or more related types of modelling tools were combined to achieve one final, more

accurate model.

After identifying which models are used, they were also classified according to their
spatial and temporal outputs. Hybrid models, which include both static and dynamic

components, were included in the “Dynamic” class.

The Risk Assessment Output classification was split according to the diverse ways in
which the results were presented in the records. “Potential Distribution” is the broader
class, which includes potential distribution maps, habitat suitability maps and probabilities
of occurrence. “Invasion Risk” includes mainly invasion risk maps and tables. “Population
Dynamics” applies to “Population Dynamics” models where the results frequently show

population growth and spread. “Predicted Species Richness” is a very specific class that
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mainly included predicted species richness maps and tables. “Point Scoring System”
concerns risk assessment processes, like the Australian Weed Risk Assessment System for

example, as well as other similar methods.

The RA Method characterization is inspired on the classification of the methods,
described by Kumschick et al. (2013). “Semiquantitative” risk assessment applies when
even though the methods used are quantitative, the measures and scales used for the
assessment are qualitative, and therefore can’t be fully defined as quantitative or

qualitative.

The Impacts and Services Affected categories are dependent on the authors own
concern with detailing those aspects in their works, but the idea was to divide them in the

basic classes of impacts and their consequences for the environment and the society.

Data Analyses

Cohen’s Kappa testing

After classifying each record in the possible categories, and before proceeding to
the principal component analysis, the data organized in text was converted into binary
code. A new excel sheet was created, where instead of corresponding categories and
classes to each numbered record, there’s only the corresponding classes and Yes (1) or No
(0) answers for each of the records. For instance, record n? 1 would have a correspondence
of 1 (Yes) to “Individual” and 0 (No) to “Multispecies”, and so on through the rest of the
classes. This way the data can be further and thoroughly analyzed in the appropriate

software.

Cohen’s Kappa tests were ran for every pair of variables, previously titled classes, in
IBM SPSS Statistics 24, using the Crosstabs function. These Cohen’s Kappa tests help in
eliminating redundant information, by identifying which variables are significantly

associated with each other. So the goal was to determine which of those classes were the
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most relevant for this review, and therefore select which ones to carry onto the principal

component analysis.

A total of 1,032 pairs were evaluated (every class paired with each other), and
according to the established criteria, a relevant pair of variables would have a Kappa value
of at least 10%, either positively or negatively correlated (0,1 or -0,1), and a Significance (p

value) less or equal to 0,05.

Principal Component Analysis

A Principal Component Analysis (PCA) is a statistical method that allows the user to
highlight variations and patterns in a dataset comprised of observations whose variables
might be correlated with each other. It digs out information from the classification matrix
of the dataset, converting the correlations it finds between variables (or lack of
correlations) into a two-dimensional space, usually a graph. Variables that are highly

correlated tend to gather together, forming clusters in the resulting graph.

For this review, a Cohen’s Kappa test was conducted on the variables available to

reduce the amount of data in order to produce more accurate results.
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Results

Literature Search

The first literature search, conducted using the ISI Web of Science search engine
and using the keywords listed in the previous section, produced the results presented
below (Fig. 3). With only the keywords related to “Plant Invasions” there were a total of
16,496 records. With the keywords related to “Plant Invasions” and “Risk Assessment”,
there were a total of 538 records. Finally, with all three groups of keywords, “Plant
Invasions”, “Risk Assessment” and “Model”, the number of records was 419, although only
the first 389 were considered since the review was conducted in November of 2018, while

these results are updated to July 15t 2019.
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Figure 3 —The cumulative number of papers retrieved during the search, per year, from the ISI Web Of Science
search engine (updated July 1%t 2019), on plant invasions, risk assessment within plant invasions, and
modelling within risk assessment of plant invasions.
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The second search, using the SCOPUS search engine resulted in 1,223 records. The
third search, for evaluation purposes at Google Scholar (where only the first 50 records
were selected) resulted in the addition of 4 records that were not selected in the previous

search at ISI Web of Science or SCOPUS.

After the inclusion/exclusion process that involved examining the title, keywords,
and abstract of every record (for more details on this process refer to the previous section),
and after removing duplicates (records that were selected on more than one search

engine), 206 records were held for the next step, as summarized in Table 4:

Table 4 — Number of records retrieved per search engine and their total. Number of records carried onto the
literature review, after the inclusion/exclusion process.

Search Engine N¢ of records (3 keywords)
ISI Web of Science 389

SCOPUS 1,223

Google Scholar (in the first 50 results) 4 (“new”)

Total 1,616

After inclusion/exclusion process and duplicates removal 206

Literature Review

After reading through the full-text of those 206 records, 59 were excluded as they
didn’t meet all the inclusion requirements previously established. As a result of the
categorization and classification process, and how one unique record might translate into
various entries in the excel sheet where the data was organized, 147 records amounted to

189 unique entries (or individual studies). A list of those records is provided in Appendix A.

Group A - Species features

Regarding the species features (category group A — refer to the previous section for
more details on categories), the number of species in focus per entry was almost even

between an “Individual” species and “Multispecies” (Fig. 4).
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H Single

B Multispecies

Figure 4 — Percentage of entries per N2 of Species class.

Concerning the species environment, most of the invasive species studied were

terrestrial species (Fig. 5).

M Terrestrial
= Aquatic

mNA

Figure 5 — Percentage of entries per Environment class.

For most entries, the species in focus had multiple constitutions, which could not
be distinguished into only one type. For the entries in which they could, herbaceous species

and shrubs were more frequent than trees (Fig.6).

B Herbaceous
 Shrub

M Tree

m Several

Figure 6 — Percentage of entries per Constitution class.
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When it comes to study region, North America and Europe have the most entries of
studies completed by region. Out of 189 entries, 21 of them represent global studies and 3

of them represent studies where location was not applicable (Fig. 7).

Antarctica
1% NA
/ South America
Asia
4% 5% 11%

16% Global

W Oceania

\ Africa
0,
1% M Europe

B North America

Figure 7 — Percentage of entries per Region class.

Concerning the invasion stage of the species in focus, most of them are classified as

“Invasive” (Fig. 8).

Naturalized
12% H Introduced

M Invasive

Figure 8 — Percentage of entries per Invasion Stage class.

There was a great number of possibilities regarding the type of habitat invaded in
each of the entries, but most of the studies included more than one, therefore “Several”

was the most common classification (Fig. 9).
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Figure 9 — Percentage of entries per Invaded Habitat class.

Group B — Model features

Regarding the model features (category group B — refer to the previous section for
more details on categories), the most common data source was “Database”, used in more

than half of the entries (Fig. 10).

Expert Data
B Remote Sensing
3% W Literature

M Field Data

B Database

Figure 10 — Percentage of entries per Data Source class.
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Concerning the extent of the models used in each entry, “National” and “Regional”

ranges amount to the majority of it, followed by “Local” models (Fig. 11).

Multinational
H Global

8% m Local

H Regional

M National

Figure 11 — Percentage of entries per Model Range class.

In relation to the actual modelling tools used in the studies, “Machine Learning”

models are the most popular, followed by “Ensemble Modelling” (Fig. 12).

Mechanistic Model

2%

Bayesian Approach
Population Dynamics
Decision Trees

1 Profile Techniques

M Regression Analysis

B Ensemble Modelling

B Machine Learning

Figure 12 — Percentage of entries per Model class.
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Regarding to the spatial explicitness of the models, there’s a clear prevalence of

“Spatially Explicit” models (Fig. 13).

B Not Spatially Explicit

B Spatially Explicit

Figure 13 — Percentage of entries per Spatial Output class.

The same overwhelming difference appears in favor of “Static” models (Fig. 14).

B Dynamic

M Static

Figure 14 — Percentage of entries per Temporal Output class.

Group C - Risk Assessment output and data

Concerning the risk assessment output and data (category group C — refer to the

previous section for more details on categories), “Potential Distribution” was the most

common type of RA, followed by “Invasion Risk” (Fig. 15).
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Figure 15 — Percentage of records per Risk Assessment Output class.

Finally, regarding the classification of the method used, “Qualitative” methods were

more popular (Fig. 16).

M Qualitative
B Semiquantitative
= NA

B Quantitative

Figure 16 — Percentage of entries per Risk Assessment Method class.

Cohen’s Kappa Testing Results

According to the established criteria for “relevant” variables (Kappa value of at least
10% either positively or negatively correlated and significance less or equal to 0,05), and
after analyzing which ones appeared more frequently, the selected variables are listed
below in Table 5. For a complete list of variable combinations and their Kappa and

significance values, see Appendix A.
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Table 5 —Variables (classes) selected after running a Cohen's Kappa test to determine which ones are relevant

for PCA analysis.

Categories

Model

Spatially Explicit
Static/Dynamic

RA Output

RA Method

Variables (Classes)

Regression Analysis, Profile Techniques, Machine Learning, Decision Trees,
Bayesian Approach, Ensemble Modelling, Population Dynamics, and
Mechanistic Model

Spatially Explicit and Not Spatially Explicit

Static and Dynamic

Potential Distribution, Invasion Risk, Predicted Species Richness, Population
Dynamics, Point Scoring System, and None

Qualitative, Semiquantitative, and Quantitative

Principal Component Analysis Results

The PCA was carried out on software Canoco 5 (Smilauer and Leps, 2014) with a

total of 22 variables of 189 entries. The first two components account for 65% of the total

variation (Table 6), and they are represented in the scatterplot illustrated in Fig. 17, where

4 clusters of variables can be distinguished:

e Cluster Set 1 — “Machine Learning” + “Spatially Explicit” + “Static”

e Cluster Set 2 — “Ensemble Modelling” + “Potential Distribution” + “Qualitative” +

"Semiquantitative

e Cluster Set 3 — “Regression Analysis” + “Not Spatially Explicit” + “No RA "

e Cluster Set 4 — Every remaining variable

Table 6 — Summary of results of PCA with 22 variables for 189 samples (entries). Eigenvalues and cumulative

percentage of total variance along 4 components.

Component
1
2

Eigenvalues Cumulative % variance
0,570 57,0%
0,080 65,0%
0,068 71,8%
0,062 78,0%
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Discussion
Literature Search

The number of search results in the SCOPUS search engine (n=1,223) was
abnormally larger than the number of results in the ISI Web of Science search engine
(n=389), even though the same set of keywords was used, in the same order. This is
probably due to the search engine’s “KEYWORDS+” feature, which automatically attributed
keywords to every uploaded record, by relating it with other records about the same topics.
These keywords were usually broader concepts, such as “biologic invasions”, so
consequently, a huge part of the records that came up in the search results contained our
selected keywords but related to other similar fields (mostly insect invasions, pest control
and management, etc, but also management of plant invasions). However, these results
were easily discarded in the inclusion/exclusion process, since the titles were usually
enough to realize that those records did not meet the requirements. Another explanation
is the number of active journals covered by both search engines, which is higher for SCOPUS

than for ISI Web of Knowledge (Mongeon and Paul-Hus, 2016).

Literature Review

During the inclusion/exclusion process it was possible to notice instances where
some titles and/or abstracts did not directly reflect the content of the records. They were
mostly records whose titles were of a more informal nature, instead of the standard, more
precise and direct titles (Gallardo and Aldridge, 2015; Simberloff, 2008).

After applying the inclusion/exclusion process to the records, there were still some
of them (n=59) that were discarded while being reviewed. One of the reasons was simple
human error and some misinterpretations in the inclusion/exclusion process of records. In
addition, the idea was to be as inclusive as possible during that process, since it was
preferable to include records to be discarded later than to exclude records that should be
included. Another reason is the structuring of the title and/or abstract of records, which as

previously mentioned above, didn’t always reflect the aims and the methodologies used.
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This translated into some records not meeting the requirements, for example, not using
statistical modelling tools.

Three of the Classes in the review framework (refer to the Methodology section),
“Habitat”, “Impacts”, and “Ecosystem Services Affected” were not considered as variables
for the Cohen’s Kappa Tests and the PCA. The classification of the habitat in each record
varied a lot, which meant many different habitats to be considered, when even most of the
records were classified with “Several” (most of the modelling was done at bigger scales).
Furthermore, it’s possible that the terminology used for the habitats might have been
redundant with the same habitats having different names in different records. In relation
to the “Impacts” and the “Ecosystem Services Affected”, only a portion of the most recent
records (mostly 2016 and up) mentioned those topics (Natale et al., 2018). Most articles
focused on the general aspects of plant invasions without providing more in-depth
assessment of its threats and impacts in that specific context (Faleiro et al., 2015; Thomas
and Moloney, 2014).

An issue noticed to be more prevalent in older records was the interchangeable
usage of the terms “invasive”, “naturalized”, and “established” when referring to the
species in focus. This is a topic previously discussed by Richardson et al. (2000), where they
assessed the different contexts in which the term “naturalized” was used in the field, and
called for a standardization of invasion ecology terminology. In more recent records
though, it’s possible to verify that those calls have been answered, since authors seem to
make clearer and less open usage of those terms, improving the coherency of the studies
(Lalla et al., 2018).

On the complete opposite side, however, some older records didn’t specify the
stage of invasion in which the alien species being studied was. In these instances, the
species were only described as “nonnative”, “alien”, or “exotic” (Zalba et al., 2000). In
terms of invasion stage, for this review they were classified as “Introduced”, since there

was no indication that they might have been in later stages of the invasion process.
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Search Results

It’s noticeable the overwhelming bias towards the studying of terrestrial species,
which reflects the more challenging nature of predicting de distribution of invasive species
in aquatic ecosystems (Havel et al., 2015).

Although many records couldn’t be distinguished individually for the species
constitution, most of the ones which did were either herbs or shrubs (Fig.6). Common traits
of invasive species include vegetative growth and better dispersal mechanisms, which are
also common traits amongst herbs and shrubs, which can become invasive more easily
(Gaoetal., 2018).

It’s a fact that citizen science can help expand datasets and contribute to predicting
distributions (Delaney et al., 2008), so in studies conducted at smaller scales, many times
surveys and resident inquiries were incorporated in the studies. For this review, this type
of data was included in the “Field Data” classification, and it comes as no surprise that most
of the entries where field data was used, the scales of the models where mostly “Local” or
“Regional”.

The “Point Scoring System” classification includes risk assessment procedures that
might not include statistical modelling per se, due to the fact that the keywords selected

(“simulat*” and “predict*”) don’t always imply their use.

Integrative Results

Four clusters of variables could be distinguished along the axis of the first two
principal components (see Fig 17 — Results section). The first one comprises “Machine
Learning” model types with “Static” and “Spatially Explicit”, which are two prevalent
characteristics of species distribution models (SDMs), one of the most popular approaches
when predicting species risk of invasion (Fan et al., 2018; Obiakara and Fourcade, 2018;
Rodriguez-Merino et al., 2018). Within these approaches, are machine learning algorithms
which, the results show, is the most used modelling tool for risk assessment, confirming its
relation to static and spatially explicit models. During the reviewing process it was possible
to notice a growing interest over the years in the utilization of machine learning algorithms,

like MaxEnt (Manzoor et al., 2018; Obiakara and Fourcade, 2018; Wan and Wang, 2018).
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The second cluster of variables relates the “Ensemble Modelling” approach with
“Potential Distribution”, “Qualitative”, and “Semiquantitative” risk assessment outputs and
data. Ensemble modelling consists in the combination of results from different (but related)
modelling techniques. Usually, these modelling techniques are SDMs that would also work
individually, but the assemblage of various approaches is intended to increase the accuracy
of the predicted distribution (Capinha and Anastdcio, 2011; Valavi et al., 2019). Potential
distribution (or habitat/climatic suitability) maps are the most common risk assessment
output for species distribution models. Since it combines multiple approaches, the method
is commonly classified as qualitative (provides average qualitative measurements) or
semiquantitative (Lalla et al., 2018; Luizza et al., 2016), hence their association with
ensemble modelling.

The third cluster of variables relates “Regression Analysis” approaches with “Not
Spatially Explicit” and “No Risk Assessment”. Very little entries combined “Not Spatially
Explicit” models with any type of risk assessment, since most of the outputs for risk
assessment resulted of spatially explicit approaches (Fig. 13). However, some studies relied
on regression analyses focused on features that might affect the potential distribution of
some species (like seed dispersal and the variability of other traits) and how these intrinsic
characteristics should be considered when performing risk assessment, posteriorly
(Klonner et al., 2016).

The fourth cluster of variables envelopes every remaining variable and its closeness
to the origin point of the scatterplot reflects their lower impact on the variance. However
it’s possible to observe certain variables closer to each other that correspond to a more
specific type of risk assessment, namely the “Population Dynamics” model and risk
assessment output, and “Dynamic” modelling, which very often showed up together during
the review (Muthukrishnan et al., 2015; Pittman et al., 2015). These are usually dynamic

analyses since they evaluate the spread of a population over time.

Risk assessment over time

Landis (2019) evaluated the progress of ecological risk assessment as a topic in the

journal Risk Analysis, which started in the 1980s with the problematic of chemicals and
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contaminated sites. The theme then spread into a variety of other subjects, and the author
attributes the establishment of the journal as a “venue for the risk assessment of
nonindigenous or invasive species” to Mark. C. Anderson (New Mexico State University) in
2004, thanks to an assortment of articles by that author being published in that year, even
though this subject was already seen as a valuable research topic before. According to
Landis, these articles were very relevant in setting up a framework for general invasive
species risk assessment (Andersen et al., 2004b; Andersen et al., 2004a). Since then, risk
assessment of alien species has become a very defined individual subject, with the
establishment of requirements and new and adapted frameworks being developed (Colnar
and Landis, 2007; Roy et al., 2018; Ziller et al., 2019).

According to the search results (Fig. 3), plant invasions have been brought to
attention early in the 20™ century, but only ramped up by the 1980/90s. Following that,
the application of the risk assessment concept to alien plant invasions dates back to 1986
(maximum of 1 paper per year until 1998, therefore not visible in the graphic) but the use
of statistical models for this subject didn’t start till 1994. The development of better
technology, that lead to more and different tools available (Magarey et al., 2018), and the
awakening to the imminence of climate change and its impacts on the success of invasive
species (Weltzin et al., 2003), should be partly responsible for the growing interest in this

topic since the mid 2000s.

Limitations

One of the most common limitations to the application of statistical models to
predict invasive species distribution relies on the assumption that those species preserve
their niche in novel habitats (niche stability). It has been shown that niche shifts can happen
during the naturalization of alien species (Early and Sax, 2014), and consequentially, the
predicted risk of invasion from these approaches might turn out inaccurate. Still, in some
cases researchers should be able to predict these niche dynamics by accounting species
traits (like dispersal functions) into the utilized models, therefore improving the accuracy

of their projections (Atwater et al., 2018).
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Insufficiency of data is another commonly found limitation when using statistical
models for risk assessment purposes. Studies aiming to determine the naturalization
success of introduced species rely on time since introduction (residence time) to increase
the explanatory power of the models and accurately predict the future of those species
(Wilson et al., 2007), but sometimes that information is simply unavailable or unknown.
Occurrence data in global/regional databases, especially larger databases and ranges,
sometimes lacks field investigation to validate its legitimacy and if it’s up-to-date; however,
there are validation methods to decrease those inaccuracies in some models (Merow et al.,
2013). Even taxonomic identification difficulties might lead to an underrepresentation of
the species in occurrence data; when possible, choosing databases that are carefully
managed by legitimate institutions/organizations should help eliminate those problems. In
addition, geographical locations with more people might mean more occurrence data than

in lesser populated regions.
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Conclusion

Over time, with the development of computer technology and new approaches, the
integration of statistical models into the risk assessment of alien plant invasions has grown
in a very fast rate. Static and spatially explicit models that predict the potential distribution
(or climatic/habitat suitability) are the most widely used, with outputs presented in a
geographical space allowing a better visualization the risk of invasion/potential, current,
and future distribution of a given alien species. Ensemble modelling as a method to improve
the accuracy of these studies has grown to be on par with the use of single models.
However, the limitations surrounding these approaches and precision of the results are
commonly associated with the validity of the data and niche conservatism. Researchers
should take these limitations into account and overcome them as possible, since
technology is in constant evolution and there are ways to reduce the impact of limitations.

The standardization of the terminology around biological invasions is a process that
took some years to fully lodge itself in this field, but which improved the coherency
between different studies and the community. The same could be said for the
methodologies followed when conducting risk assessment, considering that establishing
certain general requirements for this process (instead of researchers going about it each in
their own way) should increase the coherency of this field of study, even though some
space for adaptation can be left open.

Investing in statistical modelling tools for the risk assessment of invasive alien
species is the way to go about the problematic at hand. Despite current limitations, there
is no simpler or more precise way of knowing where and when to act to prevent and
manage the spread of invasive alien species, in order to minimize their impacts on the

ecosystems, which is ultimately in the best interest of governments and societies.

33



References

Decreto-Lei n.292/2019 de 10 de Julho. Didrio da Republica n.? 130/2019 - Série | de 2019-
07-10. Ministério do Ambiente e da Transi¢ao Energética. Lisboa.

Regulation (EU) No 1143/2014 of the European Parliament and of the Council of 22 October
2014 on the prevention and management of the introduction and spread of invasive
alien species.

Andersen, M. C., Adams, H., Hope, B. & Powell, M. (2004a). Risk Analysis for Invasive
Species: General Framework and Research Needs. Risk Analysis 24(4): 893-900.

Andersen, M. C., Adams, H., Hope, B. & Powell, M. (2004b). Risk Assessment for Invasive
Species. Risk Analysis 24(4): 787-793.

Atwater, D. Z., Ervine, C. & Barney, J. N. (2018). Climatic niche shifts are common in
introduced plants. Nature ecology & evolution 2(1): 34.

Blackburn, T. M., Pysek, P., Bacher, S., Carlton, J. T., Duncan, R. P., Jarosik, V., Wilson, J. R.
& Richardson, D. M. (2011). A proposed unified framework for biological invasions.
Trends in Ecology & Evolution 26(7): 333-339.

Brunel, S. & Petter, F. (2010). The EPPO decision-support scheme for pest risk analysis and
invasive alien plants. Plant Protection Quarterly 25(2): 42.

Buchadas, A., Vaz, A., Honrado, J., Alagador, D., Bastos, R., Cabral, J., Santos, M. & Vicente,
J. (2017). Dynamic models in research and management of biological invasions.
Journal of Environmental Management 196: 594-606.

Capinha, C. & Anastacio, P. (2011). Assessing the environmental requirements of invaders
using ensembles of distribution models. Diversity and Distributions 17(1): 13-24.

Chamier, J., Schachtschneider, K., Le Maitre, D. C., Ashton, P. & Van Wilgen, B. (2012).
Impacts of invasive alien plants on water quality, with particular emphasis on South
Africa. Water Sa 38(2): 345-356.

Chytry, M., Pysek, P., Wild, J., Pino, J., Maskell, L. C. & Vila, M. (2009). European map of
alien plant invasions based on the quantitative assessment across habitats. Diversity
and Distributions 15(1): 98-107.

34



Colnar, A. M. & Landis, W. G. (2007). Conceptual Model Development for Invasive Species
and a Regional Risk Assessment Case Study: The European Green Crab, Carcinus
maenas, at Cherry Point, Washington, USA. Human and Ecological Risk Assessment:
An International Journal 13(1): 120-155.

Delaney, D. G., Sperling, C. D., Adams, C. S. & Leung, B. (2008). Marine invasive species:
validation of citizen science and implications for national monitoring networks.
Biological invasions 10(1): 117-128.

Diaz, S., Pascual, U., Stenseke, M., Martin-Lépez, B., Watson, R., Molnar, Z., Hill, R., Chan,
K., Baste, |., Brauman, K., Polasky, S., Church, A., Lonsdale, M., Larigauderie, A.,
Leadley, P., van Oudenhoven, A., Plaat, F., Schroter, M., Lavorel, S. & Shirayama, Y.
(2018). Assessing nature's contributions to people. Science 359: 270-272.

Early, R. & Sax, D. F. (2014). Climatic niche shifts between species' native and naturalized
ranges raise concern for ecological forecasts during invasions and climate change.
Global Ecology and Biogeography 23(12): 1356-1365.

Ehrenfeld, D. (2005). The environmental limits to globalization. Conservation Biology 19(2):
318-326.

Ehrenfeld, J. G. (2003). Effects of Exotic Plant Invasions on Soil Nutrient Cycling Processes.
Ecosystems 6(6): 503-523.

Eiswerth, M. E., Darden, T. D., Johnson, W. S., Agapoff, J. & Harris, T. R. (2017). Input—output
modeling, outdoor recreation, and the economic impacts of weeds. Weed Science
53(1): 130-137.

Elith, J., H. Graham, C., P. Anderson, R., Dudik, M., Ferrier, S., Guisan, A., J. Hijmans, R,,
Huettmann, F., R. Leathwick, J., Lehmann, A, Li, J.,, G. Lohmann, L., A. Loiselle, B.,
Manion, G., Moritz, C., Nakamura, M., Nakazawa, Y., McC. M. Overton, J., Townsend
Peterson, A., J. Phillips, S., Richardson, K., Scachetti-Pereira, R., E. Schapire, R,,
Soberdn, J., Williams, S., S. Wisz, M. & E. Zimmermann, N. (2006). Novel methods
improve prediction of species’ distributions from occurrence data. Ecography 29(2):
129-151.

Essl, F., Nehring, S., Klingenstein, F., Milasowszky, N., Nowack, C. & Rabitsch, W. (2011).
Review of risk assessment systems of IAS in Europe and introducing the German—
Austrian Black List Information System (GABLIS). Journal for Nature Conservation
19(6): 339-350.

35



Faleiro, F. V., Silva, D. P., de Carvalho, R. A,, Sarkinen, T. & De Marco, P. (2015). Ring out the
bells, we are being invaded! Niche conservatism in exotic populations of the Yellow
Bells, Tecoma stans (Bignoniaceae). Natureza & Conservagdo 13(1): 24-29.

Fan, J. Y., Zhao, N. X,, Li, M., Gao, W. F., Wang, M. L. & Zhu, G. P. (2018). What are the best
predictors for invasive potential of weeds? Transferability evaluations of model
predictions based on diverse environmental data sets for Flaveria bidentis. Weed
Research 58(2): 141-149.

Gallardo, B. & Aldridge, D. C. (2015). Is Great Britain heading for a Ponto—Caspian invasional
meltdown? Journal of Applied Ecology 52(1): 41-49.

Gao, L., Hou, B., Cai, M. L., Zhai, J. J., Li, W. H. & Peng, C. L. (2018). General laws of biological
invasion based on the sampling of invasive plants in China and the United States.
Global Ecology and Conservation 16: e00448.

Gordon, D. R., Onderdonk, D. A., Fox, A. M. & Stocker, R. K. (2008). Consistent accuracy of
the Australian weed risk assessment system across varied geographies. Diversity
and Distributions 14(2): 234-242.

Guisan, A. & Zimmermann, N. (2000). Predictive habitat distribution models in ecology.
Ecological Modeling. Ecologial Modelling 135: 147-186.

Haeuser, E., Dawson, W., Thuiller, W., Dullinger, S., Block, S., Bossdorf, O., Carboni, M.,
Conti, L., Dullinger, 1., Essl, F., Klonner, G., Moser, D., Minkemdtiller, T., Parepa, M.,
Talluto, M. V., Kreft, H., Pergl, J., Pysek, P., Weigelt, P., Winter, M., Hermy, M., Van
der Veken, S., Roquet, C. & van Kleunen, M. (2018). European ornamental garden
flora as an invasion debt under climate change. Journal of Applied Ecology 55(5):
2386-2395.

Havel, J., Kovalenko, K., Thomaz, S., Amalfitano, S. & Kats, L. (2015). Aquatic invasive
species: challenges for the future. Hydrobiologia 750: 147-170.

Higgins, J. P. & Green, S. (2011). Cochrane handbook for systematic reviews of interventions.
John Wiley & Sons.

Keller, R. P., Lodge, D. M. & Finnoff, D. C. (2007). Risk assessment for invasive species
produces net bioeconomic benefits. Proceedings of the National Academy of
Sciences 104(1): 203-207.

Klonner, G., Fischer, S., Essl, F. & Dullinger, S. (2016). A source area approach demonstrates
moderate predictive ability but pronounced variability of invasive species traits.
PloS one 11(5): e0155547.

36



Kumschick, S., Richardson, D. M. & Kueffer, C. (2013). Species-based risk assessments for
biological invasions: advances and challenges. Diversity and Distributions 19(9):
1095-1105.

Lalla, R., Cheek, M., Nxumalo, M. & Renteria, J. (2018). First assessment of naturalised
Rubus ellipticus Sm. populations in South Africa-A potential invasion risk? South
African Journal of Botany 114: 111-116.

Landis, W. G. (2019).Special Issue: Ecological Risk Assessment. Risk Analisys.

Lockwood, J. L., Cassey, P. & Blackburn, T. (2005). The role of propagule pressure in
explaining species invasions. Trends in Ecology & Evolution 20(5): 223-228.

Luizza, M. W,, Evangelista, P. H., Jarnevich, C. S., West, A. & Stewart, H. (2016). Integrating
subsistence practice and species distribution modeling: assessing invasive elodea’s
potential impact on Native Alaskan subsistence of Chinook salmon and whitefish.
Environmental management 58(1): 144-163.

Mack, R. N., Simberloff, D., Mark Lonsdale, W., Evans, H., Clout, M. & Bazzaz, F. A. (2000).
Biotic Invasions: Causes, Epidemology, Global Consequences, and Control.
Ecological Applications 10(3): 689-710.

Magarey, R., Newton, L., Hong, S. C., Takeuchi, Y., Christie, D., Jarnevich, C. S., Kohl, L,
Damus, M., Higgins, S. I. & Millar, L. (2018). Comparison of four modeling tools for
the prediction of potential distribution for non-indigenous weeds in the United
States. Biological invasions 20(3): 679-694.

Manzoor, S. A,, Griffiths, G., lizkuka, K. & Lukac, M. (2018). Land cover and climate change
may limit invasiveness of Rhododendron ponticum in Wales. Frontiers in plant
science 9: 664.

Merow, C., Smith, M. J. & Silander Jr, J. A. (2013). A practical guide to MaxEnt for modeling
species’ distributions: what it does, and why inputs and settings matter. Ecography
36(10): 1058-1069.

Meyerson, L. A. & Mooney, H. A. (2007). Invasive alien species in an era of globalization.
Frontiers in Ecology and the Environment 5(4): 199-208.

Mongeon, P. & Paul-Hus, A. (2016). The journal coverage of Web of Science and Scopus: a
comparative analysis. Scientometrics 106(1): 213-228.

37



Muthukrishnan, R., West, N. M., Davis, A. S., Jordan, N. R. & Forester, J. D. (2015).
Evaluating the role of landscape in the spread of invasive species: The case of the
biomass crop Miscanthusx giganteus. Ecological modelling 317: 6-15.

Natale, E., Reinoso, H. E., Andreo, V. & Zalba, S. M. (2018). Mapeo del riesgo: Prioridades
para prevenir el establecimiento de tamariscos invasores. Ecologia Austral 28(1):
081-092.

Obiakara, M. C. & Fourcade, Y. (2018). Climatic niche and potential distribution of Tithonia
diversifolia (Hemsl.) A. Gray in Africa. PloS one 13(9): e0202421.

Pheloung, P., Williams, P. & Halloy, S. (1999). A weed risk assessment model for use as a
biosecurity tool evaluating plant introductions. Journal of Environmental
Management 57(4): 239-251.

Pittman, S. E., Muthukrishnan, R., West, N. M., Davis, A. S., Jordan, N. R. & Forester, J. D.
(2015). Mitigating the potential for invasive spread of the exotic biofuel crop,
Miscanthusx giganteus. Biological invasions 17(11): 3247-3261.

Richardson, D. M., Pysek, P., Rejmanek, M., Barbour, M. G., Panetta, F. D. & West, C. J.
(2000). Naturalization and invasion of alien plants: concepts and definitions.
Diversity and Distributions 6(2): 93-107.

Rodriguez-Merino, A., Garcia-Murillo, P., Cirujano, S. & Ferndndez-Zamudio, R. (2018).
Predicting the risk of aquatic plant invasions in Europe: How climatic factors and
anthropogenic activity influence potential species distributions. Journal for Nature
Conservation 45: 58-71.

Roy, H. E., Rabitsch, W., Scalera, R., Stewart, A., Gallardo, B., Genovesi, P., Essl, F., Adriaens,
T., Bacher, S., Booy, O., Branquart, E., Brunel, S., Copp, G. H., Dean, H., D'hondt, B.,
Josefsson, M., Kenis, M., Kettunen, M., Linnamagi, M., Lucy, F., Martinou, A., Moore,
N., Nentwig, W., Nieto, A., Pergl, J., Peyton, J., Roques, A., Schindler, S., Schénrogge,
K., Solarz, W., Stebbing, P. D., Trichkova, T., Vanderhoeven, S., van Valkenburg, J. &
Zenetos, A. (2018). Developing a framework of minimum standards for the risk
assessment of alien species. Journal of Applied Ecology 55(2): 526-538.

Simberloff, D. (2008). Invasion Biologists and the Biofuels Boom: Cassandras or Colleagues.
Weed Science 56(6): 867-872.

Smilauer, P. & Leps, J. (2014). Multivariate Analysis of Ecological Data using CANOCO 5.
Cambridge: Cambridge University Press.

38



Spear, D., Foxcroft, L. C., Bezuidenhout, H. & McGeoch, M. A. (2013). Human population
density explains alien species richness in protected areas. Biological Conservation
159: 137-147.

Stoett, P., Roy, H. E. & Pauchard, A. (2019). Invasive alien species and planetary and global
health policy. The Lancet Planetary Health 3(10): e400-e401.

Szymura, T. H., Szymura, M., Zajac, M. & Zajac, A. (2018). Effect of anthropogenic factors,
landscape structure, land relief, soil and climate on risk of alien plant invasion at
regional scale. Science of the Total Environment 626: 1373-1381.

Thomas, S. & Moloney, K. (2014). Combining the effects of surrounding land-use and
propagule pressure to predict the distribution of an invasive plant. Biological
invasions 17: 477-495.

Thuiller, W., Richardson, D. M. & Midgley, G. F. (2007).Will Climate Change Promote Alien
Plant Invasions? In Biological invasions, 197-211 (Ed W. Nentwig). Berlin,
Heidelberg: Springer Berlin Heidelberg.

Thuiller, W., Richardson, D. M., Pysek, P., MIDGLEY, G. F., HUGHES, G. O. & ROUGET, M.
(2005). Niche-based modelling as a tool for predicting the risk of alien plant
invasions at a global scale. Global Change Biology 11(12): 2234-2250.

Valavi, R., Shafizadeh-Moghadam, H., Matkan, A., Shakiba, A., Mirbagheri, B. & Kia, S. H.
(2019). Modelling climate change effects on Zagros forests in Iran using individual
and ensemble forecasting approaches. Theoretical and Applied Climatology 137(1):
1015-1025.

Valéry, L., Fritz, H., Lefeuvre, J.-C. & Simberloff, D. (2008). In search of a real definition of
the biological invasion phenomenon itself. Biological invasions 10(8): 1345-1351.

van Kleunen, M., Dawson, W.,, Essl, F., Pergl, J., Winter, M., Weber, E., Kreft, H., Weigelt, P.,
Kartesz, J., Nishino, M., Antonova, L. A., Barcelona, J. F., Cabezas, F. )., Cdrdenas, D.,
Cardenas-Toro, J., Castafio, N., Chacédn, E., Chatelain, C., Ebel, A. L., Figueiredo, E.,
Fuentes, N., Groom, Q. J., Henderson, L., Inderijit, Kupriyanov, A., Masciadri, S.,
Meerman, J., Morozova, O., Moser, D., Nickrent, D. L., Patzelt, A., Pelser, P. B.,
Baptiste, M. P., Poopath, M., Schulze, M., Seebens, H., Shu, W.-s., Thomas, J.,
Velayos, M., Wieringa, J. J. & Pysek, P. (2015). Global exchange and accumulation
of non-native plants. Nature 525: 100.

van Kleunen, M., Essl, F., Pergl, J., Brundu, G., Carboni, M., Dullinger, S., Early, R., Gonzélez-
Moreno, P., Groom, Q. J., Hulme, P. E., Kueffer, C., Kiihn, I., Maguas, C., Maurel, N.,
Novoa, A., Parepa, M., Pysek, P., Seebens, H., Tanner, R., Touza, J., Verbrugge, L.,

39



Weber, E., Dawson, W., Kreft, H., Weigelt, P., Winter, M., Klonner, G., Talluto, M. V.
& Dehnen-Schmutz, K. (2018). The changing role of ornamental horticulture in alien
plant invasions. Biological Reviews 93(3): 1421-1437.

Vaz, A.S., Alcaraz-Segura, D., Campos, J. C., Vicente, J. R. & Honrado, J. P. (2018). Managing
plant invasions through the lens of remote sensing: A review of progress and the
way forward. Science of the Total Environment 642: 1328-1339.

Vila, M., Espinar, J. L., Hejda, M., Hulme, P. E., Jarosik, V., Maron, J. L., Pergl, J., Schaffner,
U., Sun, Y. & Pysek, P. (2011). Ecological impacts of invasive alien plants: a meta-
analysis of their effects on species, communities and ecosystems. Ecology Letters
14(7): 702-708.

von der Lippe, M. & Kowarik, |. (2007). Long-Distance Dispersal of Plants by Vehicles as a
Driver of Plant Invasions. Conservation Biology 21(4): 986-996.

Wan, J.-Z. & Wang, C.-J. (2018). Expansion risk of invasive plants in regions of high plant
diversity: a global assessment using 36 species. Ecological informatics 46: 8-18.

Weltzin, J. F., Belote, R. T. & Sanders, N. J. (2003). Biological invaders in a greenhouse world:
will elevated CO2 fuel plant invasions? Frontiers in Ecology and the Environment
1(3): 146-153.

Wilson, J. R. U., Richardson, D. M., Rouget, M., Proches, S., Amis, M. A., Henderson, L. &
Thuiller, W. (2007). Residence time and potential range: crucial considerations in
modelling plant invasions. Diversity and Distributions 13(1): 11-22.

Zalba, S. M., Sonaglioni, M. I., Compagnoni, C. A. & Belenguer, C. J. (2000). Using a habitat
model to assess the risk of invasion by an exotic plant. Biological Conservation 93(2):
203-208.

Zavaleta, E. (2000). The Economic Value of Controlling an Invasive Shrub. AMBIO: A Journal
of the Human Environment 29(8): 462-467, 466.

Ziller, S. R., de Sa Dechoum, M. & Dudeque Zenni, R. (2019). Predicting invasion risk of 16
species of eucalypts using a risk assessment protocol developed for Brazil. Austral
Ecology 44(1): 28-35.

40



Appendices

Appendix A

List of records considered for this review

Ahrens, C., Chung, J., Meyer, T. & Auer, C. (2017). Bentgrass Distribution Surveys and Habitat Suitability Maps
Support Ecological Risk Assessment in Cultural Landscapes. Weed Science 59(2): 145-154.

Akasaka, M., Osawa, T. & lkegami, M. (2015). The role of roads and urban area in occurrence of an ornamental
invasive weed: a case of Rudbeckia laciniata L. Urban Ecosystems 18(3): 1021-1030.

Allen, J. M. & Bradley, B. A. (2016). Out of the weeds? Reduced plant invasion risk with climate change in the
continental United States. Biological Conservation 203: 306-312.

Arriaga, L., Castellanos, A. E., Moreno, E. & Alarcdn, J. (2004). Potential ecological distribution of alien invasive
species and risk assessment: a case study of buffel grass in arid regions of Mexico. Conservation
Biology 18(6): 1504-1514.

Azan, S., Bardecki, M., Laursen, A. E. & Novak, S. (2015). Invasive aquatic plants in the aquarium and
ornamental pond industries: a risk assessment for southern Ontario (Canada). Weed Research 55(3):
249-259.

Barbosa, C., Otalora, J. M., Giehl, E. L. H., Villalobos, F., Loyola, R., Tessarolo, G., Machado, N. & Castellani, T.
T.(2017). Changes in the realized niche of the invasive succulent CAM plant Furcraea foetida. Austral
Ecology 42(6): 643-654.

Beaumont, L. J., Gallagher, R. V., Leishman, M. R., Hughes, L., Downey, P. O. & Wilson, J. (2014). How can
knowledge of the climate niche inform the weed risk assessment process? A case study
ofChrysanthemoides moniliferain Australia. Diversity and Distributions 20(6): 613-625.

Bradley, B. A. (2009). Regional analysis of the impacts of climate change on cheatgrass invasion shows
potential risk and opportunity. Global Change Biology 15(1): 196-208.

Bradley, B. A. (2012). Distribution models of invasive plants over-estimate potential impact. Biological
invasions 15(7): 1417-1429.

Bradley, B. A. (2015). Predicting abundance with presence-only models. Landscape Ecology 31(1): 19-30.

Bradley, B. A. & Mustard, J. F. (2006). Characterizing the landscape dynamics of an invasive plant and risk of
invasion using remote sensing. Ecological Applications 16(3): 1132-1147.

Bradley, B. A., Oppenheimer, M. & Wilcove, D. S. (2009a). Climate change and plant invasions: restoration
opportunities ahead? Global Change Biology 15(6): 1511-1521.

Bradley, B. A., Wilcove, D. S. & Oppenheimer, M. (2009b). Climate change increases risk of plant invasion in
the Eastern United States. Biological invasions 12(6): 1855-1872.

Broennimann, O., Treier, U. A., Muller-Scharer, H., Thuiller, W., Peterson, A. T. & Guisan, A. (2007). Evidence
of climatic niche shift during biological invasion. Ecol Lett 10(8): 701-709.

Cabra-Rivas, I., Saldafia, A., Castro-Diez, P. & Gallien, L. (2015). A multi-scale approach to identify invasion
drivers and invaders’ future dynamics. Biological invasions 18(2): 411-426.

Camenen, E., Porte, A. J. & Benito Garzon, M. (2016). American trees shift their niches when invading Western
Europe: evaluating invasion risks in a changing climate. Ecol Evol 6(20): 7263-7275.

Carboni, M., Gueguen, M., Barros, C., Georges, D., Boulangeat, I., Douzet, R., Dullinger, S., Klonner, G., van
Kleunen, M., Essl, F., Bossdorf, O., Haeuser, E., Talluto, M. V., Moser, D., Block, S., Conti, L., Dullinger,
I, Munkemuller, T. & Thuiller, W. (2018). Simulating plant invasion dynamics in mountain
ecosystems under global change scenarios. Glob Chang Biol 24(1): e289-e302.

Castro-Diez, P., Godoy, O., Saldafia, A. & Richardson, D. M. (2011). Predicting invasiveness of Australian
acacias on the basis of their native climatic affinities, life history traits and human use. Diversity and
Distributions 17(5): 934-945.

Catford, J. A., Vesk, P. A., White, M. D. & Wintle, B. A. (2011). Hotspots of plant invasion predicted by
propagule pressure and ecosystem characteristics. Diversity and Distributions 17(6): 1099-1110.

Chai, S. L., Zhang, J., Nixon, A. & Nielsen, S. (2016). Using Risk Assessment and Habitat Suitability Models to
Prioritise Invasive Species for Management in a Changing Climate. PloS one 11(10): e0165292.

41



Chapman, D. S., Makra, L., Albertini, R., Bonini, M., Paldy, A., Rodinkova, V., Sikoparija, B., Weryszko-
Chmielewska, E. & Bullock, J. M. (2016). Modelling the introduction and spread of non-native
species: international trade and climate change drive ragweed invasion. Glob Chang Biol 22(9): 3067-
3079.

Chen, L., Peng, S. & Yang, B. (2015). Predicting alien herb invasion with machine learning models:
biogeographical and life-history traits both matter. Biological invasions 17(7): 2187-2198.

Cindi, D. s. & Jaca, T. (2016). First record of Opuntia pubescens H.L.Wendland ex Pfeiffer, 1835 naturalised in
South Africa. Biolnvasions Records 5(4): 213-219.

Coetzee, J. A., Hill, M. P. & Schlange, D. (2008). Potential spread of the invasive plant Hydrilla verticillata in
South Africa based on anthropogenic spread and climate suitability. Biological invasions 11(4): 801-
812.

Cornuault, J., Khimoun, A., Cuneo, P. & Besnard, G. (2015). Spatial segregation and realized niche shift during
the parallel invasion of two olive subspecies in south-eastern Australia. Journal of Biogeography
42(10): 1930-1941.

Crossman, N. D. & Bass, D. A. (2007). Application of common predictive habitat techniques for post-border
weed risk management. Diversity and Distributions 14(2): 213-224.

Crossman, N. D., Bryan, B. A. & Cooke, D. A. (2011). An invasive plant and climate change threat index for
weed risk management: Integrating habitat distribution pattern and dispersal process. Ecological
Indicators 11(1): 183-198.

Davis, A. J., Singh, K. K., Thill, J. C. & Meentemeyer, R. K. (2016). Accounting for residential propagule pressure
improves prediction of urban plant invasion. Ecosphere 7(3): e01232.

Davis, P. B., Menalled, F. D., Peterson, R. K. D. & Maxwell, B. D. (2011). Refinement of weed risk assessments
for biofuels using Camelina sativa as a model species. Journal of Applied Ecology 48(4): 989-997.

Descombes, P., Petitpierre, B., Morard, E., Berthoud, M., Guisan, A. & Vittoz, P. (2016). Monitoring and
distribution modelling of invasive species along riverine habitats at very high resolution. Biological
invasions 18(12): 3665-3679.

Diez, J. M., Hulme, P. E. & Duncan, R. P. (2011). Using prior information to build probabilistic invasive species
risk assessments. Biological invasions 14(3): 681-691.

Dixon, P. M., Thompson, J. R., Widrlechner, M. P. & Kapler, E. J. (2015). The effectiveness of a single regional
model in predicting non-native woody plant naturalization in five areas within the Upper Midwest
(United States). Biological invasions 17(12): 3531-3545.

Dodd, A. J., McCarthy, M. A., Ainsworth, N. & Burgman, M. A. (2015). Identifying hotspots of alien plant
naturalisation in Australia: approaches and predictions. Biological invasions 18(3): 631-645.

Ensing, D. J., Moffat, C. E. & Pither, J. (2013). Taxonomic identification errors generate misleading ecological
niche model predictions of an invasive hawkweed. Botany 91(3): 137-147.

Essl, F., Mang, T., Dullinger, S., Moser, D. & Hulme, P. E. (2011). Macroecological drivers of alien conifer
naturalizations worldwide. Ecography 34(6): 1076-1084.

Essl, F., Moser, D., Dullinger, S., Mang, T. & Hulme, P. E. (2010). Selection for commercial forestry determines
global patterns of alien conifer invasions. Diversity and Distributions 16(6): 911-921.

Faleiro, F. V., Silva, D. P., de Carvalho, R. A., Sarkinen, T. & De Marco, P. (2015). Ring out the bells, we are
being invaded! Niche conservatism in exotic populations of the Yellow Bells, Tecoma stans
(Bignoniaceae). Natureza & Conservagdo 13(1): 24-29.

Fan, J. Y., Zhao, N. X,, Li, M., Gao, W. F., Wang, M. L. & Zhu, G. P. (2018). What are the best predictors for
invasive potential of weeds? Transferability evaluations of model predictions based on diverse
environmental data sets for Flaveria bidentis. Weed Research 58(2): 141-149.

Follak, S., Dullinger, S., Kleinbauer, I., Moser, D. & Essl, F. (2013). Invasion dynamics of three allergenic invasive
Asteraceae (Ambrosia trifida, Artemisia annua, lva xanthiifolia) in central and eastern Europe. Preslia
85(1): 41-61.

Foxcroft, L. C., Rouget, M. & Richardson, D. M. (2007). Risk assessment of riparian plant invasions into
protected areas. Conserv Biol 21(2): 412-421.

Gallagher, R. V., Englert Duursma, D., O’'Donnell, J., Wilson, P. D., Downey, P. O., Hughes, L. & Leishman, M.
R. (2012). The grass may not always be greener: projected reductions in climatic suitability for exotic
grasses under future climates in Australia. Biological invasions 15(5): 961-975.

42



Geerts, S., Moodley, D., Gaertner, M., Le Roux, J. J., McGeoch, M. A., Muofhe, C., Richardson, D. M. & Wilson,
J. R. U. (2013). The absence of fire can cause a lag phase: The invasion dynamics ofBanksia
ericifolia(Proteaceae). Austral Ecology 38(8): 931-941.

Geerts, S., Rossenrode, T., Irlich, U. M. & Visser, V. (2017). Emerging Ornamental Plant Invaders in Urban
Areas—Centranthus ruber in Cape Town, South Africa as a Case Study. /nvasive Plant Science and
Management 10(4): 322-331.

Gonzalez-Moreno, P., Diez, J. M., Richardson, D. M. & Vila, M. (2015). Beyond climate: disturbance niche shifts
in invasive species. Global Ecology and Biogeography 24(3): 360-370.

Gonzélez-Moreno, P., Pino, J., Gasso, N. & Vila, M. (2012). Landscape context modulates alien plant invasion
in Mediterranean forest edges. Biological invasions 15(3): 547-557.

Gonzélez-Murioz, N., Bellard, C., Leclerc, C., Meyer, J.-Y. & Courchamp, F. (2015). Assessing current and future
risks of invasion by the “green cancer” Miconia calvescens. Biological invasions 17(11): 3337-3350.

Gravuer, K., Sullivan, J. J., Williams, P. A. & Duncan, R. P. (2008). Strong human association with plant invasion
success for Trifolium introductions to New Zealand. Proc Natl Acad Sci U S A 105(17): 6344-6349.

Gregor, T., Bonsel, D., Starke-Ottich, I., Tackenberg, O., Wittig, R. & Zizka, G. (2013). Epilobium brachycarpum:
a fast-spreading neophyte in Germany. Tuexenia 33: 259-283.

Haeuser, E., Dawson, W., Thuiller, W., Dullinger, S., Block, S., Bossdorf, O., Carboni, M., Conti, L., Dullinger, I.,
Essl, F., Klonner, G., Moser, D., Minkemdiller, T., Parepa, M., Talluto, M. V., Kreft, H., Pergl, J., Pysek,
P., Weigelt, P., Winter, M., Hermy, M., Van der Veken, S., Roquet, C. & van Kleunen, M. (2018).
European ornamental garden flora as an invasion debt under climate change. Journal of Applied
Ecology 55(5): 2386-2395.

Harris, C. M., Stanford, H. L., Edwards, C., Travis, J. M. J. & Park, K. J. (2011). Integrating demographic data
and a mechanistic dispersal model to predict invasion spread of Rhododendron ponticum in different
habitats. Ecological informatics 6(3-4): 187-195.

Harris, R., Kriticos, D., Remenyi, T. & Bindoff, N. (2017). Unusual suspects in the usual places: a phylo-climatic
framework to identify potential future invasive species. Biological invasions 19(2): 577-596.
Herrera, I., Hernandez, M.-J., Lampo, M. & Nassar, J. M. (2011). Plantlet recruitment is the key demographic

transition in invasion by Kalanchoe daigremontiana. Population Ecology 54(1): 225-237.

Higgins, S. |. & Richardson, D. M. (2014). Invasive plants have broader physiological niches. Proceedings of the
National Academy of Sciences 111(29): 10610-10614.

Hirsch, H., Gallien, L., Impson, F. A. C., Kleinjan, C., Richardson, D. M. & Le Roux, J. J. (2017). Unresolved native
range taxonomy complicates inferences in invasion ecology: Acacia dealbata Link as an example.
Biological invasions 19(6): 1715-1722.

Hortal, J., Borges, P. A. V., Jiménez-Valverde, A., de Azevedo, E. B. & Silva, L. (2010). Assessing the areas under
risk of invasion within islands through potential distribution modelling: The case of Pittosporum
undulatum in Sdo Miguel, Azores. Journal for Nature Conservation 18(4): 247-257.

Houseman, G. R, Foster, B. L. & Brassil, C. E. (2014). Propagule pressure-invasibility relationships: testing the
influence of soil fertility and disturbance with Lespedeza cuneata. Oecologia 174(2): 511-520.

Humphreys, J. M., Elsner, J. B., Jagger, T. H. & Pau, S. (2017). A Bayesian geostatistical approach to modeling
global distributions of Lygodium microphyllum under projected climate warming. Ecological
modelling 363: 192-206.

Ibafiez, 1., Silander Jr, J. A., Allen, J. M., Treanor, S. A. & Wilson, A. (2009). Identifying hotspots for plant
invasions and forecasting focal points of further spread. Journal of Applied Ecology 46(6): 1219-1228.

Jacobs, L. E. O., Richardson, D. M. & Wilson, J. R. U. (2014). Melaleuca parvistaminea Byrnes (Myrtaceae) in
South Africa: Invasion risk and feasibility of eradication. South African Journal of Botany 94: 24-32.

Jacobs, M. J. & Macisaac, H. J. (2009). Modelling spread of the invasive macrophyteCabomba caroliniana.
Freshwater Biology 54(2): 296-305.

Jakubowski, A. R., Casler, M. D. & Jackson, R. D. (2010). Landscape Context Predicts Reed Canarygrass
Invasion: Implications for Management. Wetlands 30(4): 685-692.

Jarosik, V., Pysek, P., Foxcroft, L. C., Richardson, D. M., Rouget, M. & MacFadyen, S. (2011). Predicting
incursion of plant invaders into Kruger National Park, South Africa: the interplay of general drivers
and species-specific factors. PloS one 6(12): e28711.

Jones, C. C., Acker, S. A. & Halpern, C. B. (2010). Combining local-and large-scale models to predict the
distributions of invasive plant species. Ecological Applications 20(2): 311-326.

43



Kelly, R., Leach, K., Cameron, A., Maggs, C. A., Reid, N. & Fitzpatrick, M. (2014). Combining global climate and
regional landscape models to improve prediction of invasion risk. Diversity and Distributions 20(8):
884-894.

Kleinbauer, I., Dullinger, S., Peterseil, J. & Essl, F. (2010). Climate change might drive the invasive tree Robinia
pseudacacia into nature reserves and endangered habitats. Biological Conservation 143(2): 382-390.

Klonner, G., Fischer, S., Essl, F. & Dullinger, S. (2016). A Source Area Approach Demonstrates Moderate
Predictive Ability but Pronounced Variability of Invasive Species Traits. PloS one 11(5): e0155547.

Koncki, N. G. & Aronson, M. F. J. (2017). Invasion Risk in a Warmer World: Modeling Range Expansion and
Habitat Preferences of Three Nonnative Aquatic Invasive Plants. Invasive Plant Science and
Management 8(4): 436-449.

Kriticos, D., Sutherst, R., Brown, J., Adkins, S. & Maywald, G. (2003). Climate change and the potential
distribution of an invasive alien plant: Acacia nilotica ssp. indica in Australia. Journal of Applied
Ecology 40(1): 111-124.

Lalla, R., Cheek, M. D., Nxumalo, M. M. & Renteria, J. L. (2018). First assessment of naturalised Rubus ellipticus
Sm. populations in South Africa - A potential invasion risk? South African Journal of Botany 114: 111-
116.

Lambdon, P. W., Lloret, F. & Hulme, P. E. (2008). How do introduction characteristics influence the invasion
success of Mediterranean alien plants? Perspectives in Plant Ecology, Evolution and Systematics
10(3): 143-159.

Lavoie, C., Shah, M. A, Bergeron, A., Villeneuve, P. & van Kleunen, M. (2013). Explaining invasiveness from
the extent of native range: new insights from plant atlases and herbarium specimens. Diversity and
Distributions 19(1): 98-105.

Lazzaro, L., Viciani, D., Dell’Olmo, L. & Foggi, B. (2016). Predicting risk of invasion in a Mediterranean island
using niche modelling and valuable biota. Plant Biosystems - An International Journal Dealing with
all Aspects of Plant Biology 151(2): 361-370.

Le Maitre, D. C., Thuiller, W. & Schonegevel, L. (2008). Developing an approach to defining the potential
distributions of invasive plant species: a case study ofHakeaspecies in South Africa. Global Ecology
and Biogeography 17(5): 569-584.

Lehtonen, S. (2009). On the origin of Echinodorus grandiflorus (Alismataceae) in Florida (“E. floridanus”), and
its estimated potential as an invasive species. Hydrobiologia 635(1): 107-112.

Lemke, D., Hulme, P. E., Brown, J. A. & Tadesse, W. (2011). Distribution modelling of Japanese honeysuckle
(Lonicera japonica) invasion in the Cumberland Plateau and Mountain Region, USA. Forest Ecology
and Management 262(2): 139-149.

Lindgren, C. & Walker, D. (2012). Predicting the Spread of Purple Loosestrife (Lythrum salicaria) in the Prairies.
Canadian Field-Naturalist 126: 306-319.

Luizza, M. W., Evangelista, P. H., Jarnevich, C. S., West, A. & Stewart, H. (2016a). Integrating subsistence
practice and species distribution modeling: assessing invasive elodea's potential impact on Native
Alaskan subsistence of Chinook salmon and whitefish. Environ Manage 58(1): 144-163.

Luizza, M. W., Wakie, T., Evangelista, P. H. & Jarnevich, C. S. (2016b). Integrating local pastoral knowledge,
participatory mapping, and species distribution modeling for risk assessment of invasive rubber vine
(Cryptostegia grandiflora) in Ethiopia&#8217;s Afar region. Ecology and Society 21(1).

Magarey, R., Newton, L., Hong, S. C., Takeuchi, Y., Christie, D., Jarnevich, C. S., Kohl, L., Damus, M., Higgins, S.
I., Millar, L., Castro, K., West, A., Hastings, J., Cook, G., Kartesz, J. & Koop, A. L. (2017). Comparison
of four modeling tools for the prediction of potential distribution for non-indigenous weeds in the
United States. Biological invasions 20(3): 679-694.

Malavasi, M., Acosta, A. T. R., Carranza, M. L., Bartolozzi, L., Basset, A., Bassignana, M., Campanaro, A.,
Canullo, R., Carruggio, F., Cavallaro, V., Cianferoni, F., Cindolo, C., Cocciuffa, C., Corriero, G., D'Amico,
F.S., Forte, L., Freppaz, M., Mantino, F., Matteucci, G., Pierri, C., Stanisci, A. & Colangelo, P. (2018).
Plant invasions in Italy: An integrative approach using the European LifeWatch infrastructure
database. Ecological Indicators 91: 182-188.

Manzoor, S. A,, Griffiths, G., lizuka, K. & Lukac, M. (2018). Land Cover and Climate Change May Limit
Invasiveness of Rhododendron ponticum in Wales. Frontiers in plant science 9(664).

Marshall, V., Ostendorf, B., Reynolds, T., Michaela, H., Tuke, J. & Lewis, M. (2013).Habitat suitability and
susceptibility modelling for strategic control of invasive Buffel grass, South Australia. In
MODSIM2013: 20th International Congress on Modelling and Simulation, 1917-1923.

44



Martins, J., Richardson, D. M., Henriques, R., Marchante, E., Marchante, H., Alves, P., Gaertner, M., Honrado,
J. P. & Vicente, J. R. (2016). A multi-scale modelling framework to guide management of plant
invasions in a transboundary context. Forest Ecosystems 3(1).

Mayer, K., Haeuser, E., Dawson, W., Essl, F., Kreft, H., Pergl, J., PySek, P., Weigelt, P., Winter, M., Lenzner, B.
& van Kleunen, M. (2017). Naturalization of ornamental plant species in public green spaces and
private gardens. Biological invasions 19(12): 3613-3627.

Menge, E. O., Stobo-Wilson, A., Oliveira, S. L. J. & Lawes, M. J. (2016). The potential distribution of the woody
weed Calotropis procera (Aiton) W.T. Aiton (Asclepiadaceae) in Australia. The Rangeland Journal
38(1): 35.

Menuz, D. R. & Kettenring, K. M. (2012). The importance of roads, nutrients, and climate for invasive plant
establishment in riparian areas in the northwestern United States. Biological invasions 15(7): 1601-
1612.

Mikulaskova, E., Fajmonova, Z. & Hajek, M. (2012). Invasion of central-European habitats by the moss
Campylopus introflexus. Preslia 84(4): 863-886.

Moodley, D., Geerts, S., Richardson, D. M. & Wilson, J. R. (2013). Different traits determine introduction,
naturalization and invasion success in woody plants: Proteaceae as a test case. PloS one 8(9): e75078.

Moodley, D., Proches, S. & Wilson, J. (2017). Assessing and managing the threat posed by Epipremnum
aureum in South Africa. South African Journal of Botany 109: 178-188.

Moser, W. K., Fan, Z., Hansen, M. H., Crosby, M. K. & Fan, S. X. (2016). Invasibility of three major non-native
invasive shrubs and associated factors in Upper Midwest U.S. forest lands. Forest Ecology and
Management 379: 195-205.

Muthukrishnan, R., Davis, A. S., Jordan, N. R. & Forester, J. D. (2018). Invasion complexity at large spatial
scales is an emergent property of interactions among landscape characteristics and invader traits.
PloS one 13(5): e0195892.

Muthukrishnan, R., West, N. M., Davis, A. S., Jordan, N. R. & Forester, J. D. (2015). Evaluating the role of
landscape in the spread of invasive species: The case of the biomass crop Miscanthusxgiganteus.
Ecological modelling 317: 6-15.

Natale, E., Reinoso, H. E., Andreo, V. & Zalba, S. M. (2018). Mapeo del riesgo: Prioridades para prevenir el
establecimiento de tamariscos invasores. Ecologia Austral 28(1): 081-092.

Natale, E., Zalba, S. M. & Reinoso, H. (2015). Presence—absenceversusinvasive status data for modelling
potential distribution of invasive plants: Saltcedar in Argentina. Ecoscience 20(2): 161-171.
Niphadkar, M., Ficetola, G. F., Bonardi, A., Nagendra, H. & Padoa-Schioppa, E. (2016). Effects of landscape
context on the invasive species Lantana camara in Biligiri Rangaswamy Temple Tiger Reserve, India.

Tropical Ecology 57(1).

O'Donnell, J., Gallagher, R. V., Wilson, P. D., Downey, P. O., Hughes, L. & Leishman, M. R. (2012). Invasion
hotspots for non-native plants in Australia under current and future climates. Global Change Biology
18(2): 617-629.

Obiakara, M. C. & Fourcade, Y. (2018). Climatic niche and potential distribution of Tithonia diversifolia
(Hemsl.) A. Gray in Africa. PloS one 13(9): e0202421.

Otfinowski, R., Kenkel, N., Dixon, P. & Wilmshurst, J. (2007). Integrating climate and trait models to predict
the invasiveness of exotic plants in Canada’s Riding Mountain National Park. Canadian journal of
plant science 87(5): 1001-1012.

Padalia, H., Srivastava, V. & Kushwaha, S. P. (2015). How climate change might influence the potential
distribution of weed, bushmint (Hyptis suaveolens)? Environ Monit Assess 187(4): 210.

Passos, I., Marchante, H., Pinho, R. & Marchante, E. (2017). What we don’t seed: the role of long-lived seed
banks as hidden legacies of invasive plants. Plant Ecology 218(11-12): 1313-1324.

Pertierra, L. R., Aragon, P., Shaw, J. D., Bergstrom, D. M., Terauds, A. & Olalla-Tarraga, M. A. (2017). Global
thermal niche models of two European grasses show high invasion risks in Antarctica. Glob Chang
Biol 23(7): 2863-2873.

Pertierra, L. R., Baker, M., Howard, C., Vega, G. C., Olalla-Tarraga, M. A. & Scott, J. (2016). Assessing the
invasive risk of two non-native Agrostis species on sub-Antarctic Macquarie Island. Polar Biology
39(12): 2361-2371.

Peterson, A. T., Papes, M. & Kluza, D. A. (2017). Predicting the potential invasive distributions of four alien
plant species in North America. Weed Science 51(6): 863-868.

45



Pittman, S. E., Muthukrishnan, R., West, N. M., Davis, A. S., Jordan, N. R. & Forester, J. D. (2015). Mitigating
the potential for invasive spread of the exotic biofuel crop, Miscanthus x giganteus. Biological
invasions 17(11): 3247-3261.

Price, W. J. & Shafii, B. (2002). Using Landscape Characteristics as Prior Information for Bayesian Classification
of Remotely Sensed Imagery. Conference on Applied Statistics in Agriculture.

Pysek, P., Kfivanek, M. & Jarosik, V. (2009). Planting intensity, residence time, and species traits determine
invasion success of alien woody species. Ecology 90(10): 2734-2744.

Rameshprabu, N. & Swamy, P. (2015). Prediction of environmental suitability for invasion of Mikania
micrantha in India by species distribution modelling. Journal of Environmental Biology 36(3): 565.

Reichard, S. H. & Hamilton, C. W. (1997). Predicting Invasions of Woody Plants Introduced into North America:
Prediccion de Invasiones de Plantas Lefiosas Introducidas a Norteamérica. Conservation Biology
11(1): 193-203.

Renteria, J. L., Rouget, M. & Visser, V. (2017). Rapid prioritization of alien plants for eradication based on
climatic suitability and eradication feasibility. Austral Ecology 42(8): 995-1005.

Richardson, D. M. & Thuiller, W. (2007). Home away from home - objective mapping of high-risk source areas
for plant introductions. Diversity and Distributions 13(3): 299-312.

Rodriguez-Merino, A., Fernandez-Zamudio, R. & Garcia-Murillo, P. (2017). An invasion risk map for non-native
aquatic macrophytes of the Iberian Peninsula. Anales del Jardin Botdnico de Madrid 74(1): 055.

Rodriguez-Merino, A., Garcia-Murillo, P., Cirujano, S. & Fernandez-Zamudio, R. (2018). Predicting the risk of
aquatic plant invasions in Europe: How climatic factors and anthropogenic activity influence
potential species distributions. Journal for Nature Conservation 45: 58-71.

Roger, E., Duursma, D. E., Downey, P. O., Gallagher, R. V., Hughes, L., Steel, J., Johnson, S. B. & Leishman, M.
R. (2015). A tool to assess potential for alien plant establishment and expansion under climate
change. J Environ Manage 159: 121-127.

Rouget, M., Richardson, D. M., Nel, J. L., Le Maitre, D. C., Egoh, B. & Mgidi, T. (2004). Mapping the potential
ranges of major plant invaders in South Africa, Lesotho and Swaziland using climatic suitability.
Diversity and Distributions 10(5-6): 475-484.

Rouget, M., Richardson, D. M., Nel, J. L. & Van Wilgen, B. W. (2002). Commercially important trees as invasive
aliens—towards spatially explicit risk assessment at a national scale. Biological invasions 4(4): 397-
412,

Rouifed, S., Piola, F. & Spiegelberger, T. (2014). Invasion by Fallopia spp. in a French upland region is related
to anthropogenic disturbances. Basic and Applied Ecology 15(5): 435-443.

Senan, A. S., Tomasetto, F., Farcomeni, A., Somashekar, R. K. & Attorre, F. (2012). Determinants of plant
species invasions in an arid island: evidence from Socotra Island (Yemen). Plant Ecology 213(9): 1381-
1392.

Shartell, L. M., Nagel, L. M. & Storer, A. J. (2011). Multi-Criteria Risk Model for Garlic Mustard (Alliaria
petiolata) in Michigan's Upper Peninsula. The American Midland Naturalist 165(1): 116-127.

Sheppard, C. S., Burns, B. R. & Stanley, M. C. (2014). Predicting plant invasions under climate change: are
species distribution models validated by field trials? Glob Chang Biol 20(9): 2800-2814.

Skaer Thomason, M. J., McCort, C. D., Netherland, M. D. & Grewell, B. J. (2018). Temporal and nonlinear
dispersal patterns of Ludwigia hexapetala in a regulated river. Wetlands Ecology and Management
26(5): 751-762.

Smith, C., van Klinken, R. D., Seabrook, L. & McAlpine, C. (2012). Estimating the influence of land management
change on weed invasion potential using expert knowledge. Diversity and Distributions 18(8): 818-
831.

Speek, T. A. A,, Lotz, L. A. P., Ozinga, W. A., Tamis, W. L. M., Schaminée, J. H. J. & van der Putten, W. H. (2011).
Factors relating to regional and local success of exotic plant species in their new range. Diversity and
Distributions 17(3): 542-551.

Stevens, J. T. & Latimer, A. M. (2015). Snowpack, fire, and forest disturbance: interactions affect montane
invasions by non-native shrubs. Glob Chang Biol 21(6): 2379-2393.

Stohlgren, T. J., Ma, P., Kumar, S., Rocca, M., Morisette, J. T., Jarnevich, C. S. & Benson, N. (2010). Ensemble
habitat mapping of invasive plant species. Risk Anal 30(2): 224-235.

Szymura, T. H., Szymura, M., Zajac, M. & Zajac, A. (2018). Effect of anthropogenic factors, landscape structure,
land relief, soil and climate on risk of alien plant invasion at regional scale. Sci Total Environ 626:
1373-1381.

46



Tamayo, M. & Olden, J. D. (2017). Forecasting the Vulnerability of Lakes to Aquatic Plant Invasions. Invasive
Plant Science and Management 7(1): 32-45.

Terzano, D., Kotzé, I., Marais, C., Cianciullo, S., Farcomeni, A., Caroli, P., Malatesta, L. & Attorre, F. (2018).
Environmental and anthropogenic determinants of the spread of alien plant species: insights from
South Africa’s quaternary catchments. Plant Ecology 219(3): 277-297.

Thomas, S. & Moloney, K. (2014). Combining the effects of surrounding land-use and propagule pressure to
predict the distribution of an invasive plant. Biological invasions 17: 477-495.

Thuiller, W., Richardson, D. M., PYSEK, P., Midgley, G. F., Hughes, G. O. & Rouget, M. (2005). Niche-based
modelling as a tool for predicting the risk of alien plant invasions at a global scale. Global Change
Biology 11(12): 2234-2250.

Trethowan, P. D., Robertson, M. P. & McConnachie, A. J. (2011). Ecological niche modelling of an invasive
alien plant and its potential biological control agents. South African Journal of Botany 77(1): 137-
146.

Truong, T. T. A, Hardy, G. & Andrew, M. E. (2017). Contemporary Remotely Sensed Data Products Refine
Invasive Plants Risk Mapping in Data Poor Regions. Front Plant Sci 8: 770.

Vicente, J. R., Alagador, D., Guerra, C., Alonso, J. M., Kueffer, C., Vaz, A. S., Fernandes, R. F., Cabral, J. A.,
Araljo, M. B., Honrado, J. P. & Cadotte, M. (2016). Cost-effective monitoring of biological invasions
under global change: a model-based framework. Journal of Applied Ecology 53(5): 1317-1329.

Vieira, R., Finn, J. T. & Bradley, B. A. (2014). How does the landscape context of occurrence data influence
models of invasion risk? A comparison of independent datasets in Massachusetts, USA. Landscape
Ecology 29(9): 1601-1612.

Wan, J.-Z. & Wang, C.-J. (2018). Expansion risk of invasive plants in regions of high plant diversity: A global
assessment using 36 species. Ecological informatics 46: 8-18.

Wan, J.-Z., Wang, C.-J. & Yu, F.-H. (2016). Risk hotspots for terrestrial plant invaders under climate change at
the global scale. Environmental Earth Sciences 75(12).

Wan, J.-Z., Wang, C.-J. & Yu, F.-H. (2017). Wind effects on habitat distributions of wind-dispersed invasive
plants across different biomes on a global scale: Assessment using six species. Ecological informatics
42:38-45.

Wang, W., Zhang, C., Allen, J., Li, W., Boyer, M., Segerson, K. & Silander, J. (2016). Analysis and Prediction of
Land Use Changes Related to Invasive Species and Major Driving Forces in the State of Connecticut.
Land 5(3): 25.

Wang, Y. & Xu, Z. (2016). Where are the Alien Species? Predictions of Global Plant Species Invasions under
Current Environmental Conditions and the Human Footprint. Polish Journal of Environmental Studies
25(4): 1729-1738.

Wearne, L. J., Ko, D., Hannan-Jones, M. & Calvert, M. (2013). Potential Distribution and Risk Assessment of
an Invasive Plant Species: A Case Study of Hymenachne amplexicaulis in Australia. Human and
Ecological Risk Assessment: An International Journal 19(1): 53-79.

Welk, E., Schubert, K. & Hoffmann, M. H. (2002). Present and potential distribution of invasive garlic mustard
(Alliaria petiolata) in North America. Diversity and Distributions 8(4): 219-233.

Williams, N. S., Hahs, A. K. & Morgan, J. W. (2008). A dispersal-constrained habitat suitability model for
predicting invasion of alpine vegetation. Ecological Applications 18(2): 347-359.

Woziwoda, B., Krzyzanowska, A., Dyderski, M. K., Jagodzinski, A. M. & Stefanska-Krzaczek, E. (2018).
Propagule pressure, presence of roads, and microsite variability influence dispersal of introduced
Quercus rubra in temperate Pinus sylvestris forest. Forest Ecology and Management 428: 35-45.

Zalba, S. M., Sonaglioni, M. ., Compagnoni, C. A. & Belenguer, C. J. (2000). Using a habitat model to assess
the risk of invasion by an exotic plant. Biological Conservation 93(2): 203-208.

Zenni, R. D., Wilson, J. R. U., Le Roux, J. J. & Richardson, D. M. (2009). Evaluating the invasiveness of Acacia
paradoxa in South Africa. South African Journal of Botany 75(3): 485-496.

Zhai, R., Zhang, C., Allen, J. M., Li, W., Boyer, M. A., Segerson, K. & Foote, K. E. (2018). Predicting land
use/cover change in Long Island Sound Watersheds and its effect on invasive species: a case study
for glossy buckthorn. Annals of GIS 24(2): 83-97.

Zhu, J., Xu, X., Tao, Q., Yi, P, Yu, D. & Xu, X. (2017). High invasion potential of Hydrilla verticillata in the
Americas predicted using ecological niche modeling combined with genetic data. Ecol Evol 7(13):
4982-4990.

47



Zimmermann, H., Von Wehrden, H., Damascos, M. A., Bran, D., Welk, E., Renison, D. & Hensen, I. (2011).
Habitat invasion risk assessment based on Landsat 5 data, exemplified by the shrub Rosa rubiginosa
in southern Argentina. Austral Ecology 36(7): 870-880.

48



Appendix B

List of variable combinations and their respective Kappa and significance values

Variable Combinations Kappa Value = Significance

Individual * Aquatic -0,001 0,968
Individual * Terrestrial 0,291 0,000
Individual * Herbaceous 0,158 0,021
Individual * Several -0,571 0,000
Individual * Shrub 0,374 0,000
Individual * Tree 0,042 0,394
Individual * Introduced -0,087 0,110
Individual * Invasive 0,051 0,416
Individual * Naturalized 0,032 0,528
Individual * Continental 0,016 0,525
Individual * Global -0,069 0,182
Individual * Local 0,064 0,278
Individual * Multinational -0,012 0,754
Individual * National -0,003 0,960
Individual * Regional 0,003 0,963
Individual * Database -0,070 0,328
Individual * Expert Data -0,016 0,621
Individual * Field Data 0,091 0,181
Individual * Literature -0,068 0,085
Individual * Remote Sensing 0,065 0,050
Individual * Bayesian Approach 0,004 0,872
Individual * Decision Trees -0,051 0,086
Individual * Ensemble Modelling -0,016 0,807
Individual * Machine Learning 0,045 0,523
Individual * Mechanistic Model -0,009 0,656
Individual * Population Dynamics 0,086 0,004
Individual * Profile Techniques 0,016 0,723
Individual * Regression Analysis -0,076 0,223
Individual * Not Spatially Explicit -0,054 0,215
Individual * Spatially Explicit 0,047 0,215
Individual * Dynamic 0,111 0,001
Individual * Static -0,096 0,001
Individual * Both -0,019 0,394
Individual * CC 0,002 0,964
Individual * LULC 0,025 0,124
Individual * No -0,007 0,894
Individual * Invasion Risk -0,008 0,848
Individual * No RA -0,187 0,003
Individual * Other 0,002 0,910
Individual * Point Scoring Sys 0,079 0,037
Individual * Population Dynamics 0,004 0,872
Individual * Potential Distribution 0,143 0,044
Individual * Predicted Species Richness -0,040 0,142
Individual * Qualitative 0,175 0,013
Individual * Quantitative 0,001 0,986
Individual * Semiquantitative 0,005 0,943
Multispecies * Aquatic 0,001 0,968
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Multispecies * Terrestrial
Multispecies * Herbaceous
Multispecies * Several

Multispecies * Shrub

Multispecies * Tree

Multispecies * Introduced
Multispecies * Invasive
Multispecies * Naturalized
Multispecies * Continental
Multispecies * Global

Multispecies * Local

Multispecies * Multinational
Multispecies * National
Multispecies * Regional
Multispecies * Database
Multispecies * Expert Data
Multispecies * Field Data
Multispecies * Literature
Multispecies * Remote Sensing
Multispecies * Bayesian Approach
Multispecies * Decision Trees
Multispecies * Ensemble Modelling
Multispecies * Machine Learning
Multispecies * Mechanistic Model
Multispecies * Population Dynamics
Multispecies * Profile Techniques
Multispecies * Regression Analysis
Multispecies * Not Spatially Explicit
Multispecies * Spatially Explicit
Multispecies * Dynamic
Multispecies * Static

Multispecies * Both

Multispecies * CC

Multispecies * LULC

Multispecies * No

Multispecies * Invasion Risk
Multispecies * No RA

Multispecies * Other

Multispecies * Point Scoring Sys
Multispecies * Population Dynamics
Multispecies * Potential Distribution
Multispecies * Predicted Species Richness
Multispecies * Qualitative
Multispecies * Quantitative
Multispecies * Semiquantitative

Aquatic * Herbaceous
Aquatic * Several
Aquatic * Shrub
Aquatic * Tree
Aquatic * Introduced
Aquatic * Invasive

-0,317
-0,148
0,538
-0,349
-0,037
0,078
-0,054
-0,028
-0,014
0,061
-0,058
0,010
0,003
-0,003
0,071
0,013
-0,085
0,059
-0,056
-0,003
0,044
0,015
-0,043
0,007
-0,074
-0,014
0,069
0,047
-0,054
-0,096
0,111
0,017
-0,002
-0,021
0,008
0,007
0,170
-0,002
-0,069
-0,003
-0,146
0,035
-0,167
-0,001
-0,004

0,124
0,018
-0,106
-0,084
0,077
-0,016

0,000
0,021
0,000
0,000
0,394
0,110
0,416
0,528
0,525
0,182
0,278
0,754
0,960
0,963
0,328
0,621
0,181
0,085
0,050
0,872
0,086
0,807
0,523
0,656
0,004
0,723
0,223
0,215
0,215
0,001
3,329
0,394
0,964
0,124
0,894
0,848
0,003
0,910
0,037
0,872
0,044
0,142
0,013
0,986
0,943

0,011
0,704
0,035
0,215
0,231
0,470
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Aquatic * Naturalized

Aquatic * Continental

Aquatic * Global

Aquatic * Local

Aquatic * Multinational
Aquatic * National

Aquatic * Regional

Aquatic * Database

Aquatic * Expert Data

Aquatic * Field Data

Aquatic * Literature

Aquatic * Remote Sensing
Aquatic * Bayesian Approach
Aquatic * Decision Trees
Aquatic * Ensemble Modelling
Aquatic * Machine Learning
Aquatic * Mechanistic Model
Aquatic * Population Dynamics
Aquatic * Profile Techniques
Aquatic * Regression Analysis
Aquatic * Not Spatially Explicit
Aquatic * Spatially Explicit
Aquatic * Dynamic

Aquatic * Static

Aquatic * Both

Aquatic * CC

Aquatic * LULC

Aquatic * No

Aquatic * Invasion Risk
Aquatic * No RA

Aquatic * Other

Aquatic * Point Scoring Sys
Aquatic * Population Dynamics
Aquatic * Potential Distribution
Aquatic * Predicted Species Richness
Aquatic * Qualitative

Aquatic * Quantitative

Aquatic * Semiquantitative

Terrestrial * Herbaceous
Terrestrial * Several
Terrestrial * Shrub
Terrestrial * Tree
Terrestrial * Introduced
Terrestrial * Invasive
Terrestrial * Naturalized
Terrestrial * Continental
Terrestrial * Global
Terrestrial * Local
Terrestrial * Multinational
Terrestrial * National
Terrestrial * Regional

-0,022
0,222
-0,087
-0,097
0,028
0,050
-0,005
0,036
-0,052
-0,005
-0,067
-0,055
-0,032
0,069
-0,064
0,036
-0,026
-0,047
-0,004
0,029
0,005
-0,001
0,050
-0,006
0,106
0,077
-0,018
-0,027
0,085
-0,014
-0,018
0,028
-0,032
-0,025
0,080
0,036
-0,012
-0,021

0,059
-0,331
0,179
0,073
-0,027
0,047
0,002
-0,026
0,050
0,059
-0,033
-0,033
-0,017

0,748
0,001
0,192
0,103
0,701
0,294
0,922
0,238
0,472
0,922
0,353
0,445
0,615
0,330
0,238
0,426
0,664
0,503
0,960
0,609
0,939
0,939
0,487
0,487
0,098
0,231
0,724
0,102
0,233
0,803
0,724
0,701
0,615
0,398
0,249
0,426
0,836
0,710

0,187
0,000
0,000
0,008
0,381
0,511
0,953
0,039
0,080
0,089
0,094
0,476
0,699
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Terrestrial * Database

Terrestrial * Expert Data
Terrestrial * Field Data
Terrestrial * Literature

Terrestrial * Remote Sensing
Terrestrial * Bayesian Approach
Terrestrial * Decision Trees
Terrestrial * Ensemble Modelling
Terrestrial * Machine Learning
Terrestrial * Mechanistic Model
Terrestrial * Population Dynamics
Terrestrial * Profile Techniques
Terrestrial * Regression Analysis
Terrestrial * Not Spatially Explicit
Terrestrial * Spatially Explicit
Terrestrial * Dynamic

Terrestrial * Static

Terrestrial * Both

Terrestrial * CC

Terrestrial * LULC

Terrestrial * No

Terrestrial * Invasion Risk
Terrestrial * No RA

Terrestrial * Other

Terrestrial * Point Scoring Sys
Terrestrial * Population Dynamics
Terrestrial * Potential Distribution
Terrestrial * Predicted Species Richness
Terrestrial * Qualitative
Terrestrial * Quantitative
Terrestrial * Semiquantitative

Herbaceous * Introduced
Herbaceous * Invasive
Herbaceous * Naturalized
Herbaceous * Continental
Herbaceous * Global

Herbaceous * Local

Herbaceous * Multinational
Herbaceous * National
Herbaceous * Regional
Herbaceous * Database
Herbaceous * Expert Data
Herbaceous * Field Data
Herbaceous * Literature
Herbaceous * Remote Sensing
Herbaceous * Bayesian Approach
Herbaceous * Decision Trees
Herbaceous * Ensemble Modelling
Herbaceous * Machine Learning
Herbaceous * Mechanistic Model
Herbaceous * Population Dynamics

-0,060
0,011
0,103

-0,073
0,014

-0,002

-0,034
0,066

-0,100
0,009
0,022
0,029

-0,002

-0,050
0,135
0,014

-0,043

-0,002

-0,027
0,006
0,047

-0,006

-0,082

-0,008
0,010

-0,002
0,167

-0,023
0,062

-0,021
0,058

0,021
0,002
-0,025
0,018
0,027
-0,096
0,080
-0,012
0,000
0,018
0,021
-0,077
-0,028
0,078
-0,006
0,031
-0,170
0,018
0,004
0,065

0,348
0,499
0,020
0,000
0,411
0,893
0,024
0,100
0,041
0,351
0,150
0,233
0,962
0,030
0,030
0,411
0,411
0,893
0,381
0,447
0,511
0,780
0,029
0,342
0,632
0,893
0,011
0,096
0,205
0,564
0,138

0,752
0,968
0,691
0,607
0,671
0,167
0,110
0,869
1,000
0,776
0,618
0,290
0,592
0,081
0,838
0,435
0,018
0,804
0,887
0,104
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Herbaceous * Profile Techniques 0,104

Herbaceous * Regression Analysis -0,107
Herbaceous * Not Spatially Explicit 0,008
Herbaceous * Spatially Explicit -0,004
Herbaceous * Dynamic 0,078
Herbaceous * Static -0,036
Herbaceous * Both -0,041
Herbaceous * CC 0,021
Herbaceous * LULC -0,021
Herbaceous * No 0,018
Herbaceous * Invasion Risk -0,024
Herbaceous * No RA -0,162
Herbaceous * Other -0,021
Herbaceous * Point Scoring Sys -0,018
Herbaceous * Population Dynamics 0,028
Herbaceous * Potential Distribution 0,173
Herbaceous * Predicted Species Richness -0,061
Herbaceous * Qualitative 0,115
Herbaceous * Quantitative 0,068
Herbaceous * Semiquantitative -0,020
Several * Introduced 0,094
Several * Invasive -0,038
Several * Naturalized -0,035
Several * Continental 0,014
Several * Global 0,044
Several * Local -0,137
Several * Multinational 0,039
Several * National -0,060
Several * Regional 0,105
Several * Database 0,045
Several * Expert Data 0,081
Several * Field Data -0,198
Several * Literature 0,123
Several * Remote Sensing -0,026
Several * Bayesian Approach -0,008
Several * Decision Trees -0,006
Several * Ensemble Modelling 0,025
Several * Machine Learning 0,065
Several * Mechanistic Model -0,031
Several * Population Dynamics -0,038
Several * Profile Techniques -0,140
Several * Regression Analysis 0,095
Several * Not Spatially Explicit 0,092
Several * Spatially Explicit -0,048
Several * Dynamic -0,058
Several * Static 0,029
Several * Both -0,008
Several * CC 0,065
Several * LULC -0,021
Several * No -0,024
Several * Invasion Risk 0,062

0,000
0,133
0,882
0,882
0,081
0,081
0,190
0,752
0,356
0,656
0,672
0,022
0,356
0,717
0,367
0,005
0,106
0,112
0,336
0,778

0,150
0,462
0,571
0,668
0,477
0,047
0,420
0,413
0,150
0,483
0,051
0,006
0,014
0,551
0,786
0,878
0,726
0,371
0,240
0,325
0,014
0,177
0,090
0,090
0,182
0,182
0,786
0,318
0,338
0,571
0,258
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Several * No RA

Several * Other

Several * Point Scoring Sys
Several * Population Dynamics
Several * Potential Distribution

Several * Predicted Species Richness

Several * Qualitative
Several * Quantitative
Several * Semiquantitative

Shrub * Introduced

Shrub * Invasive

Shrub * Naturalized

Shrub * Continental

Shrub * Global

Shrub * Local

Shrub * Multinational

Shrub * National

Shrub * Regional

Shrub * Database

Shrub * Expert Data

Shrub * Field Data

Shrub * Literature

Shrub * Remote Sensing
Shrub * Bayesian Approach
Shrub * Decision Trees

Shrub * Ensemble Modelling
Shrub * Machine Learning
Shrub * Mechanistic Model
Shrub * Population Dynamics
Shrub * Profile Techniques
Shrub * Regression Analysis
Shrub * Not Spatially Explicit
Shrub * Spatially Explicit
Shrub * Dynamic

Shrub * Static

Shrub * Both

Shrub * CC

Shrub * LULC

Shrub * No

Shrub * Invasion Risk

Shrub * No RA

Shrub * Other

Shrub * Point Scoring Sys
Shrub * Population Dynamics
Shrub * Potential Distribution
Shrub * Predicted Species Richness
Shrub * Qualitative

Shrub * Quantitative

Shrub * Semiquantitative

Tree * Introduced

0,176
0,013
-0,023
0,025
-0,241
0,102
-0,079
0,022
-0,118

-0,084
0,001
0,086

-0,014

-0,115
0,277

-0,115

-0,031

-0,022

-0,078

-0,079
0,213

-0,055

-0,017
0,033
0,003
0,017
0,027
0,007
0,003

-0,065

-0,029

-0,047
0,022
0,019

-0,008
0,071

-0,115
0,055
0,006

-0,014

-0,029

-0,021
0,094

-0,041
0,020

-0,024

-0,046

-0,107
0,173

-0,058

0,012
0,564
0,631
0,413
0,000
0,005
0,277
0,749
0,098

0,215
0,991
0,183
0,703
0,078
0,000
0,027
0,665
0,757
0,202
0,075
0,003
0,310
0,716
0,309
0,949
0,813
0,702
0,820
0,949
0,279
0,689
0,412
0,412
0,689
0,689
0,032
0,089
0,021
0,881
0,814
0,689
0,381
0,071
0,213
0,739
0,545
0,518
0,133
0,017

0,421
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Tree * Invasive

Tree * Naturalized

Tree * Continental

Tree * Global

Tree * Local

Tree * Multinational

Tree * National

Tree * Regional

Tree * Database

Tree * Expert Data

Tree * Field Data

Tree * Literature

Tree * Remote Sensing
Tree * Bayesian Approach
Tree * Decision Trees

Tree * Ensemble Modelling
Tree * Machine Learning
Tree * Mechanistic Model
Tree * Population Dynamics
Tree * Profile Techniques
Tree * Regression Analysis
Tree * Not Spatially Explicit
Tree * Spatially Explicit
Tree * Dynamic

Tree * Static

Tree * Both

Tree * CC

Tree * LULC

Tree * No

Tree * Invasion Risk

Tree * No RA

Tree * Other

Tree * Point Scoring Sys
Tree * Population Dynamics
Tree * Potential Distribution
Tree * Predicted Species Richness
Tree * Qualitative

Tree * Quantitative

Tree * Semiquantitative

Introduced * Continental
Introduced * Global
Introduced * Local
Introduced * Multinational
Introduced * National
Introduced * Regional
Introduced * Database
Introduced * Expert Data
Introduced * Field Data
Introduced * Literature
Introduced * Remote Sensing
Introduced * Bayesian Approach

0,030
-0,034
-0,034

0,060
-0,044
-0,025

0,123
-0,104

0,015
-0,066

0,086
-0,095
-0,072
-0,037
-0,060

0,168
-0,127

0,054
-0,060
-0,005

0,051
-0,109

0,024
-0,072

0,013
-0,037

0,034
-0,020
-0,001
-0,050

0,013

0,065
-0,090
-0,037

0,044
-0,053

0,012

0,018
-0,037

0,016
0,064
-0,045
0,067
-0,136
0,091
0,087
-0,011
-0,121
-0,050
0,039
-0,038

0,322
0,638
0,638
0,411
0,531
0,712
0,043
0,099
0,723
0,294
0,173
0,175
0,265
0,463
0,328
0,011
0,029
0,238
0,328
0,941
0,456
0,129
0,129
0,265
0,265
0,463
0,636
0,606
0,980
0,482
0,849
0,089
0,194
0,463
0,289
0,366
0,836
0,796
0,587

0,741
0,374
0,532
0,305
0,036
0,174
0,067
0,851
0,070
0,454
0,522
0,399
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Introduced * Decision Trees
Introduced * Ensemble Modelling
Introduced * Machine Learning
Introduced * Mechanistic Model
Introduced * Population Dynamics
Introduced * Profile Techniques
Introduced * Regression Analysis
Introduced * Not Spatially Explicit
Introduced * Spatially Explicit
Introduced * Dynamic

Introduced * Static

Introduced * Both

Introduced * CC

Introduced * LULC

Introduced * No

Introduced * Invasion Risk
Introduced * No RA

Introduced * Other

Introduced * Point Scoring Sys
Introduced * Population Dynamics
Introduced * Potential Distribution
Introduced * Predicted Species Richness
Introduced * Qualitative
Introduced * Quantitative
Introduced * Semiquantitative

Invasive * Continental

Invasive * Global

Invasive * Local

Invasive * Multinational
Invasive * National

Invasive * Regional

Invasive * Database

Invasive * Expert Data

Invasive * Field Data

Invasive * Literature

Invasive * Remote Sensing
Invasive * Bayesian Approach
Invasive * Decision Trees
Invasive * Ensemble Modelling
Invasive * Machine Learning
Invasive * Mechanistic Model
Invasive * Population Dynamics
Invasive * Profile Techniques
Invasive * Regression Analysis
Invasive * Not Spatially Explicit
Invasive * Spatially Explicit
Invasive * Dynamic

Invasive * Static

Invasive * Both

Invasive * CC

Invasive * LULC

-0,002
-0,022
0,037
0,037
-0,002
0,115
-0,104
-0,019
0,005
-0,019
0,004
-0,038
0,036
-0,020
0,001
0,083
0,003
-0,020
0,067
0,091
-0,060
-0,055
-0,017
0,008
-0,013

-0,010
-0,024
0,007
0,004
0,125
-0,096
-0,059
-0,013
0,028
0,023
0,006
0,016
0,013
-0,032
-0,027
-0,017
-0,016
-0,002
0,063
0,005
-0,011
-0,009
0,021
0,016
-0,039
0,008

0,968
0,749
0,555
0,363
0,968
0,104
0,142
0,785
0,785
0,749
0,749
0,399
0,623
0,553
0,984
0,231
0,970
0,553
0,305
0,045
0,192
0,299
0,786
0,910
0,856

0,506
0,453
0,851
0,873
0,014
0,049
0,379
0,494
0,569
0,329
0,742
0,219
0,441
0,475
0,614
0,119
0,335
0,936
0,128
0,852
0,852
0,660
0,660
0,219
0,259
0,387
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Invasive * No

Invasive * Invasion Risk
Invasive * No RA

Invasive * Other

Invasive * Point Scoring Sys
Invasive * Population Dynamics
Invasive * Potential Distribution
Invasive * Predicted Species Richness
Invasive * Qualitative

Invasive * Quantitative

Invasive * Semiquantitative

Naturalized * Continental
Naturalized * Global

Naturalized * Local

Naturalized * Multinational
Naturalized * National

Naturalized * Regional

Naturalized * Database
Naturalized * Expert Data
Naturalized * Field Data
Naturalized * Literature
Naturalized * Remote Sensing
Naturalized * Bayesian Approach
Naturalized * Decision Trees
Naturalized * Ensemble Modelling
Naturalized * Machine Learning
Naturalized * Mechanistic Model
Naturalized * Population Dynamics
Naturalized * Profile Techniques
Naturalized * Regression Analysis
Naturalized * Not Spatially Explicit
Naturalized * Spatially Explicit
Naturalized * Dynamic

Naturalized * Static

Naturalized * Both

Naturalized * CC

Naturalized * LULC

Naturalized * No

Naturalized * Invasion Risk
Naturalized * No RA

Naturalized * Other

Naturalized * Point Scoring Sys
Naturalized * Population Dynamics
Naturalized * Potential Distribution
Naturalized * Predicted Species Richness
Naturalized * Qualitative
Naturalized * Quantitative
Naturalized * Semiquantitative

Continental * Database
Continental * Expert Data

0,025
-0,026
0,013
-0,007
-0,027
-0,014
0,078
0,009
0,047
-0,058
0,027

0,029
0,004
0,030
-0,091
-0,064
0,076
-0,035
0,071
0,076
-0,035
-0,073
-0,037
-0,060
0,088
0,002
0,050
0,081
-0,120
-0,033
0,003
-0,001
0,061
-0,011
-0,037
0,072
-0,020
-0,012
0,003
-0,033
0,062
0,034
-0,037
-0,005
0,020
-0,053
0,124
-0,044

0,043
-0,034

0,725
0,322
0,750
0,461
0,236
0,295
0,258
0,563
0,381
0,159
0,531

0,587
0,958
0,671
0,183
0,295
0,232
0,426
0,257
0,232
0,609
0,253
0,452
0,316
0,187
0,966
0,258
0,176
0,097
0,636
0,966
0,966
0,345
0,345
0,452
0,319
0,597
0,617
0,966
0,636
0,100
0,622
0,452
0,905
0,732
0,371
0,074
0,513

0,043
0,634
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Continental * Field Data
Continental * Literature
Continental * Remote Sensing
Continental * Bayesian Approach
Continental * Decision Trees
Continental * Ensemble Modelling
Continental * Machine Learning
Continental * Mechanistic Model
Continental * Population Dynamics
Continental * Profile Techniques
Continental * Regression Analysis
Continental * Not Spatially Explicit
Continental * Spatially Explicit
Continental * Dynamic

Continental * Static

Continental * Both

Continental * CC

Continental * LULC

Continental * No

Continental * Invasion Risk
Continental * No RA

Continental * Other

Continental * Point Scoring Sys
Continental * Population Dynamics
Continental * Potential Distribution

Continental * Predicted Species Richness

Continental * Qualitative
Continental * Quantitative
Continental * Semiquantitative

Global * Database

Global * Expert Data

Global * Field Data

Global * Literature

Global * Remote Sensing
Global * Bayesian Approach
Global * Decision Trees
Global * Ensemble Modelling
Global * Machine Learning
Global * Mechanistic Model
Global * Population Dynamics
Global * Profile Techniques
Global * Regression Analysis
Global * Not Spatially Explicit
Global * Spatially Explicit
Global * Dynamic

Global * Static

Global * Both

Global * CC

Global * LULC

Global * No

Global * Invasion Risk

-0,051
-0,040
-0,035
-0,024
-0,032
-0,050
0,038
-0,020
0,14
-0,043
-0,003
-0,042
0,005
0,113
-0,009
-0,024
0,080
-0,015
-0,014
0,057
-0,049
-0,015
-0,039
-0,024
0,021
-0,030
-0,052
0,046
0,081

0,111
0,066
-0,151
-0,039
-0,074
0,036
-0,061
-0,060
0,021
0,047
-0,061
0,092
-0,003
-0,002
0,000
-0,074
0,014
-0,038
0,064
-0,020
-0,010
0,054

0,152
0,538
0,612
0,739
0,657
0,205
0,222
0,773
0,051
0,462
0,949
0,491
0,491
0,105
0,105
0,739
0,108
0,815
0,194
0,348
0,240
0,815
0,555
0,739
0,306
0,682
0,101
0,278
0,044

0,013
0,286
0,019
0,574
0,241
0,455
0,304
0,379
0,732
0,279
0,304
0,202
0,966
0,980
0,980
0,241
0,241
0,441
0,374
0,588
0,698
0,447
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Global * No RA

Global * Other

Global * Point Scoring Sys

Global * Population Dynamics
Global * Potential Distribution
Global * Predicted Species Richness
Global * Qualitative

Global * Quantitative

Global * Semiquantitative

Local * Database

Local * Expert Data

Local * Field Data

Local * Literature

Local * Remote Sensing
Local * Bayesian Approach
Local * Decision Trees

Local * Ensemble Modelling
Local * Machine Learning
Local * Mechanistic Model
Local * Population Dynamics
Local * Profile Techniques
Local * Regression Analysis
Local * Not Spatially Explicit
Local * Spatially Explicit
Local * Dynamic

Local * Static

Local * Both

Local * CC

Local * LULC

Local * No

Local * Invasion Risk

Local * No RA

Local * Other

Local * Point Scoring Sys
Local * Population Dynamics
Local * Potential Distribution
Local * Predicted Species Richness
Local * Qualitative

Local * Quantitative

Local * Semiquantitative

Multinational * Database
Multinational * Expert Data
Multinational * Field Data
Multinational * Literature
Multinational * Remote Sensing
Multinational * Bayesian Approach
Multinational * Decision Trees
Multinational * Ensemble Modelling
Multinational * Machine Learning
Multinational * Mechanistic Model

0,034
0,059
-0,032
0,036
-0,035
-0,054
-0,090
0,002
0,055

-0,226
-0,024
0,319
0,027
0,016
-0,039
-0,015
0,021
-0,106
0,024
0,188
-0,058
0,053
0,046
-0,014
0,164
-0,045
0,067
-0,159
0,035
0,035
-0,087
0,186
0,035
-0,010
0,067
-0,081
-0,057
-0,212
0,026
0,066

0,064
-0,054
-0,116

0,015

0,043

0,096
-0,049
-0,033

0,113
-0,026

0,622
0,111
0,639
0,455
0,416
0,342
0,135
0,979
0,422

0,000
0,654
0,000
0,661
0,769
0,335
0,769
0,769
0,112
0,505
0,000
0,395
0,465
0,485
0,485
0,003
0,003
0,101
0,027
0,249
0,263
0,187
0,010
0,249
0,864
0,101
0,113
0,235
0,002
0,719
0,363

0,045
0,452
0,024
0,837
0,548
0,122
0,483
0,548
0,015
0,649

59



Multinational * Population Dynamics
Multinational * Profile Techniques
Multinational * Regression Analysis
Multinational * Not Spatially Explicit
Multinational * Spatially Explicit
Multinational * Dynamic
Multinational * Static

Multinational * Both

Multinational * CC

Multinational * LULC

Multinational * No

Multinational * Invasion Risk
Multinational * No RA

Multinational * Other

Multinational * Point Scoring Sys
Multinational * Population Dynamics
Multinational * Potential Distribution
Multinational * Predicted Species Richness
Multinational * Qualitative
Multinational * Quantitative
Multinational * Semiquantitative

National * Database

National * Expert Data

National * Field Data

National * Literature

National * Remote Sensing
National * Bayesian Approach
National * Decision Trees
National * Ensemble Modelling
National * Machine Learning
National * Mechanistic Model
National * Population Dynamics
National * Profile Techniques
National * Regression Analysis
National * Not Spatially Explicit
National * Spatially Explicit
National * Dynamic

National * Static

National * Both

National * CC

National * LULC

National * No

National * Invasion Risk
National * No RA

National * Other

National * Point Scoring Sys
National * Population Dynamics
National * Potential Distribution
National * Predicted Species Richness
National * Qualitative

National * Quantitative

-0,049
-0,010
-0,108
-0,078
0,012
-0,058
0,007
-0,033
-0,043
-0,018
0,016
-0,078
-0,066
-0,018
0,110
-0,033
0,001
0,188
0,054
-0,021
0,011

0,167
-0,081
-0,072
-0,002
-0,090
-0,041

0,026

0,025
-0,031

0,002
-0,071
-0,019

0,095

0,092
-0,048
-0,058

0,029
-0,008
-0,050
-0,021

0,045
-0,092

0,041
-0,021

0,039
-0,008

0,019

0,004

0,113
-0,059

0,483
0,885
0,064
0,276
0,276
0,423
0,423
0,599
0,514
0,711
0,368
0,276
0,261
0,711

0,13
0,599
0,962
0,006
0,240
0,726
0,848

0,009
0,052
0,321
0,971
0,038
0,173
0,498
0,726
0,670
0,936
0,069
0,741
0,177
0,090
0,090
0,182
0,182
0,786
0,442
0,338
0,285
0,091
0,561
0,338
0,420
0,786
0,757
0,909
0,120
0,399
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National * Semiquantitative

Regional * Database

Regional * Expert Data

Regional * Field Data

Regional * Literature

Regional * Remote Sensing
Regional * Bayesian Approach
Regional * Decision Trees
Regional * Ensemble Modelling
Regional * Machine Learning
Regional * Mechanistic Model
Regional * Population Dynamics
Regional * Profile Techniques
Regional * Regression Analysis
Regional * Not Spatially Explicit
Regional * Spatially Explicit
Regional * Dynamic

Regional * Static

Regional * Both

Regional * CC

Regional * LULC

Regional * No

Regional * Invasion Risk
Regional * No RA

Regional * Other

Regional * Point Scoring Sys
Regional * Population Dynamics
Regional * Potential Distribution
Regional * Predicted Species Richness
Regional * Qualitative

Regional * Quantitative
Regional * Semiquantitative

Database * Bayesian Approach
Database * Decision Trees
Database * Ensemble Modelling
Database * Machine Learning
Database * Mechanistic Model
Database * Population Dynamics
Database * Profile Techniques
Database * Regression Analysis
Database * Not Spatially Explicit
Database * Spatially Explicit
Database * Dynamic

Database * Static

Database * Both

Database * CC

Database * LULC

Database * No

Database * Invasion Risk
Database * No RA

-0,118

-0,162
0,095
0,041
0,010
0,119
0,031
0,035
0,058

-0,014

-0,031

-0,035
0,028

-0,068

-0,085
0,040

-0,020
0,009

-0,005
0,121
0,016

-0,071
0,146

-0,153

-0,021

-0,048

-0,041
0,077
0,010
0,157
0,024

-0,036

-0,004
0,002
-0,060
0,080
0,006
-0,017
0,019
-0,024
0,002
-0,003
-0,038
0,047
-0,004
0,107
-0,002
-0,116
0,002
-0,004

0,098

0,010
0,030
0,575
0,856
0,010
0,338
0,394
0,418
0,846
0,269
0,394
0,638
0,338
0,137
0,137
0,666
0,666
0,873
0,070
0,500
0,072
0,010
0,032
0,369
0,346
0,201
0,209
0,793
0,029
0,733
0,621

0,821
0,931
0,303
0,231
0,696
0,491
0,618
0,661
0,953
0,953
0,169
0,169
0,821
0,025
0,874
0,051
0,953
0,937
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Database * Other

Database * Point Scoring Sys

Database * Population Dynamics
Database * Potential Distribution
Database * Predicted Species Richness
Database * Qualitative

Database * Quantitative

Database * Semiquantitative

Expert Data * Bayesian Approach
Expert Data * Decision Trees
Expert Data * Ensemble Modelling
Expert Data * Machine Learning
Expert Data * Mechanistic Model
Expert Data * Population Dynamics
Expert Data * Profile Techniques
Expert Data * Regression Analysis
Expert Data * Not Spatially Explicit
Expert Data * Spatially Explicit
Expert Data * Dynamic

Expert Data * Static

Expert Data * Both

Expert Data * CC

Expert Data * LULC

Expert Data * No

Expert Data * Invasion Risk

Expert Data * No RA

Expert Data * Other

Expert Data * Point Scoring Sys
Expert Data * Population Dynamics
Expert Data * Potential Distribution
Expert Data * Predicted Species Richness
Expert Data * Qualitative

Expert Data * Quantitative

Expert Data * Semiquantitative

Field Data * Bayesian Approach
Field Data * Decision Trees

Field Data * Ensemble Modelling
Field Data * Machine Learning
Field Data * Mechanistic Model
Field Data * Population Dynamics
Field Data * Profile Techniques
Field Data * Regression Analysis
Field Data * Not Spatially Explicit
Field Data * Spatially Explicit
Field Data * Dynamic

Field Data * Static

Field Data * Both

Field Data * CC

Field Data * LULC

Field Data * No

-0,002
0,045
-0,004
-0,055
0,013
0,059
-0,093
0,042

-0,029
-0,041
0,045
-0,022
-0,024
-0,041
0,019
0,014
0,029
-0,004
-0,047
0,004
-0,029
0,048
-0,017
-0,007
-0,060
-0,031
-0,017
-0,054
-0,029
0,044
-0,038
-0,022
0,108
-0,035

0,031
-0,035
0,086
-0,063
0,005
0,035
-0,134
0,072
-0,019
0,009
0,049
-0,022
0,031
-0,152
-0,021
0,078

0,874
0,161
0,821
0,449
0,578
0,373
0,091
0,461

0,671
0,571
0,353
0,568
0,714
0,571
0,769
0,786
0,675
0,675
0,518
0,518
0,671
0,407
0,765
0,598
0,379
0,540
0,765
0,452
0,671
0,081
0,601
0,568
0,036
0,480

0,338
0,394
0,235
0,383
0,854
0,394
0,023
0,311
0,741
0,741
0,280
0,280
0,338
0,023
0,369
0,048
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Field Data * Invasion Risk

Field Data * No RA

Field Data * Other

Field Data * Point Scoring Sys

Field Data * Population Dynamics

Field Data * Potential Distribution

Field Data * Predicted Species Richness
Field Data * Qualitative

Field Data * Quantitative

Field Data * Semiquantitative

Literature * Bayesian Approach
Literature * Decision Trees
Literature * Ensemble Modelling
Literature * Machine Learning
Literature * Mechanistic Model
Literature * Population Dynamics
Literature * Profile Techniques
Literature * Regression Analysis
Literature * Not Spatially Explicit
Literature * Spatially Explicit
Literature * Dynamic

Literature * Static

Literature * Both

Literature * CC

Literature * LULC

Literature * No

Literature * Invasion Risk
Literature * No RA

Literature * Other

Literature * Point Scoring Sys
Literature * Population Dynamics
Literature * Potential Distribution
Literature * Predicted Species Richness
Literature * Qualitative
Literature * Quantitative
Literature * Semiquantitative

Remote Sensing * Bayesian Approach
Remote Sensing * Decision Trees
Remote Sensing * Ensemble Modelling
Remote Sensing * Machine Learning
Remote Sensing * Mechanistic Model
Remote Sensing * Population Dynamics
Remote Sensing * Profile Techniques
Remote Sensing * Regression Analysis
Remote Sensing * Not Spatially Explicit
Remote Sensing * Spatially Explicit
Remote Sensing * Dynamic

Remote Sensing * Static

Remote Sensing * Both

Remote Sensing * CC

-0,052

0,044
-0,021
-0,014
-0,005

0,037
-0,025
-0,063
-0,004

0,047

-0,033
0,054
-0,004
-0,014
-0,026
-0,051
0,124
-0,032
-0,008
0,001
-0,060
0,007
-0,033
-0,104
-0,019
0,032
0,067
0,053
0,117
-0,071
-0,033
-0,028
-0,045
-0,043
0,057
-0,078

-0,030
0,087
-0,046
-0,003
-0,024
0,087
0,090
-0,040
0,020
-0,003
0,183
-0,018
-0,030
0,039

0,363
0,536
0,369
0,777
0,873
0,545
0,512
0,383
0,955
0,510

0,583
0,430
0,949
0,776
0,635
0,464
0,085
0,597
0,917
0,917
0,403
0,403
0,583
0,119
0,699
0,080
0,353
0,380
0,015
0,331
0,583
0,384
0,499
0,373
0,349
0,180

0,651
0,228
0,359
0,945
0,696
0,228
0,184
0,449
0,770
0,770
0,012
0,012
0,651
0,522
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Remote Sensing * LULC

Remote Sensing * No

Remote Sensing * Invasion Risk

Remote Sensing * No RA

Remote Sensing * Other

Remote Sensing * Point Scoring Sys
Remote Sensing * Population Dynamics
Remote Sensing * Potential Distribution
Remote Sensing * Predicted Species Richness
Remote Sensing * Qualitative

Remote Sensing * Quantitative

Remote Sensing * Semiquantitative

Bayesian Approach * Not Spatially Explicit
Bayesian Approach * Spatially Explicit
Bayesian Approach * Dynamic

Bayesian Approach * Static

Bayesian Approach * Both

Bayesian Approach * CC

Bayesian Approach * LULC

Bayesian Approach * No

Bayesian Approach * Invasion Risk
Bayesian Approach * No RA

Bayesian Approach * Other

Bayesian Approach * Point Scoring Sys
Bayesian Approach * Population Dynamics
Bayesian Approach * Potential Distribution
Bayesian Approach * Predicted Species Richness
Bayesian Approach * Qualitative

Bayesian Approach * Quantitative
Bayesian Approach * Semiquantitative

Decision Trees * Not Spatially Explicit
Decision Trees * Spatially Explicit
Decision Trees * Dynamic

Decision Trees * Static

Decision Trees * Both

Decision Trees * CC

Decision Trees * LULC

Decision Trees * No

Decision Trees * Invasion Risk
Decision Trees * No RA

Decision Trees * Other

Decision Trees * Point Scoring Sys
Decision Trees * Population Dynamics
Decision Trees * Potential Distribution
Decision Trees * Predicted Species Richness
Decision Trees * Qualitative

Decision Trees * Quantitative
Decision Trees * Semiquantitative

Ensemble Modelling * Not Spatially Explicit

0,167
-0,019
0,105
-0,084
-0,018
-0,058
0,128
-0,004
0,099
0,056
0,052
-0,044

-0,035
0,004
-0,030
0,002
0,234
0,026
-0,014
-0,017
-0,035
-0,040
-0,014
-0,033
-0,022
0,013
0,179
-0,011
0,105
-0,040

0,221
-0,029
-0,043

0,004
-0,028
-0,063
-0,017

0,017

0,037

0,160
-0,017
-0,049
-0,028
-0,056
-0,056
-0,042
-0,021
-0,068

-0,143

0,003
0,219
0,129
0,111
0,751
0,423
0,055
0,895
0,164
0,171
0,335
0,393

0,539
0,539
0,651
0,651
0,001
0,562
0,834
0,092
0,539
0,295
0,834
0,599
0,766
0,478
0,012
0,689
0,007
0,273

0,001
0,001
0,547
0,547
0,692
0,261
0,780
0,207
0,573
0,001
0,780
0,483
0,692
0,018
0,018
0,254
0,672
0,143

0,019
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Ensemble Modelling * Spatially Explicit
Ensemble Modelling * Dynamic

Ensemble Modelling * Static

Ensemble Modelling * Both

Ensemble Modelling * CC

Ensemble Modelling * LULC

Ensemble Modelling * No

Ensemble Modelling * Invasion Risk
Ensemble Modelling * No RA

Ensemble Modelling * Other

Ensemble Modelling * Point Scoring Sys
Ensemble Modelling * Population Dynamics
Ensemble Modelling * Potential Distribution

Ensemble Modelling * Predicted Species Richness

Ensemble Modelling * Qualitative
Ensemble Modelling * Quantitative
Ensemble Modelling * Semiquantitative

Machine Learning * Not Spatially Explicit
Machine Learning * Spatially Explicit
Machine Learning * Dynamic

Machine Learning * Static

Machine Learning * Both

Machine Learning * CC

Machine Learning * LULC

Machine Learning * No

Machine Learning * Invasion Risk
Machine Learning * No RA

Machine Learning * Other

Machine Learning * Point Scoring Sys
Machine Learning * Population Dynamics
Machine Learning * Potential Distribution
Machine Learning * Predicted Species Richness
Machine Learning * Qualitative

Machine Learning * Quantitative
Machine Learning * Semiquantitative

Mechanistic Model * Not Spatially Explicit
Mechanistic Model * Spatially Explicit
Mechanistic Model * Dynamic

Mechanistic Model * Static

Mechanistic Model * Both

Mechanistic Model * CC

Mechanistic Model * LULC

Mechanistic Model * No

Mechanistic Model * Invasion Risk
Mechanistic Model * No RA

Mechanistic Model * Other

Mechanistic Model * Point Scoring Sys
Mechanistic Model * Population Dynamics
Mechanistic Model * Potential Distribution
Mechanistic Model * Predicted Species Richness

0,056
-0,086
0,031
-0,040
0,045
-0,021
0,002
0,045
-0,168
0,066
-0,033
0,002
0,099
-0,059
0,165
-0,100
0,052

-0,043
0,025
-0,062
0,035
-0,011
0,091
0,040
-0,076
-0,043
-0,123
-0,021
0,084
-0,011
0,071
0,028
0,062
-0,037
0,082

0,081
-0,009
-0,024

0,002
-0,018
-0,030
-0,013

0,007
-0,027

0,065
-0,013
-0,026
-0,026
-0,013
-0,022

0,019
0,086
0,086
0,258
0,522
0,427
0,966
0,465
0,021
0,011
0,548
0,955
0,081
0,164
0,019
0,166
0,473

0,408
0,408
0,132
0,132
0,689
0,146
0,050
0,086
0,408
0,075
0,303
0,071
0,689
0,276
0,413
0,394
0,593
0,241

0,119
0,119
0,696
0,696
0,797
0,467
0,857
0,414
0,595
0,052
0,857
0,649
0,649
0,390
0,752

65



Mechanistic Model * Qualitative
Mechanistic Model * Quantitative
Mechanistic Model * Semiquantitative

Population Dynamics * Not Spatially Explicit
Population Dynamics * Spatially Explicit
Population Dynamics * Dynamic

Population Dynamics * Static

Population Dynamics * Both

Population Dynamics * CC

Population Dynamics * LULC

Population Dynamics * No

Population Dynamics * Invasion Risk
Population Dynamics * No RA

Population Dynamics * Other

Population Dynamics * Point Scoring Sys
Population Dynamics * Population Dynamics
Population Dynamics * Potential Distribution

Population Dynamics * Predicted Species Richness

Population Dynamics * Qualitative
Population Dynamics * Quantitative
Population Dynamics * Semiquantitative

Profile Techniques * Not Spatially Explicit
Profile Techniques * Spatially Explicit
Profile Techniques * Dynamic

Profile Techniques * Static

Profile Techniques * Both

Profile Techniques * CC

Profile Techniques * LULC

Profile Techniques * No

Profile Techniques * Invasion Risk

Profile Techniques * No RA

Profile Techniques * Other

Profile Techniques * Point Scoring Sys
Profile Techniques * Population Dynamics
Profile Techniques * Potential Distribution
Profile Techniques * Predicted Species Richness
Profile Techniques * Qualitative

Profile Techniques * Quantitative

Profile Techniques * Semiquantitative

Regression Analysis * Not Spatially Explicit
Regression Analysis * Spatially Explicit
Regression Analysis * Dynamic

Regression Analysis * Static

Regression Analysis * Both

Regression Analysis * CC

Regression Analysis * LULC

Regression Analysis * No

Regression Analysis * Invasion Risk
Regression Analysis * No RA

-0,001
-0,030
-0,031

0,221
-0,029
0,870
-0,077
-0,028
-0,002
-0,017
0,003
-0,054
0,024
-0,017
0,061
0,346
-0,056
0,124
-0,042
0,072
-0,025

-0,098
0,019
-0,068
0,010
-0,036
0,066
-0,019
-0,011
0,095
-0,112
-0,019
-0,082
-0,036
0,068
-0,050
0,080
-0,029
0,034

0,066
-0,023
-0,040

0,013

0,055
-0,175
-0,021

0,065
-0,016

0,271

0,969
0,373
0,343

0,001
0,001
0,000
0,000
0,692
0,968
0,780
0,795
0,412
0,625
0,780
0,380
0,000
0,018
0,088
0,254
0,139
0,586

0,175
0,175
0,319
0,319
0,512
0,352
0,645
0,623
0,189
0,088
0,645
0,245
0,512
0,070
0,419
0,143
0,662
0,593

0,302
0,302
0,449
0,449
0,154
0,014
0,461
0,052
0,805
0,000
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Regression Analysis * Other

Regression Analysis * Point Scoring Sys
Regression Analysis * Population Dynamics
Regression Analysis * Potential Distribution
Regression Analysis * Predicted Species Richness
Regression Analysis * Qualitative

Regression Analysis * Quantitative

Regression Analysis * Semiquantitative

Not Spatially Explicit * Dynamic

Not Spatially Explicit * Static

Not Spatially Explicit * Both

Not Spatially Explicit * CC

Not Spatially Explicit * LULC

Not Spatially Explicit * No

Not Spatially Explicit * Invasion Risk

Not Spatially Explicit * No RA

Not Spatially Explicit * Other

Not Spatially Explicit * Point Scoring Sys

Not Spatially Explicit * Population Dynamics
Not Spatially Explicit * Potential Distribution
Not Spatially Explicit * Predicted Species Richness
Not Spatially Explicit * Qualitative

Not Spatially Explicit ¥ Quantitative

Not Spatially Explicit * Semiquantitative

Spatially Explicit * Dynamic

Spatially Explicit * Static

Spatially Explicit * Both

Spatially Explicit * CC

Spatially Explicit * LULC

Spatially Explicit * No

Spatially Explicit * Invasion Risk
Spatially Explicit * No RA

Spatially Explicit * Other

Spatially Explicit * Point Scoring Sys
Spatially Explicit * Population Dynamics
Spatially Explicit * Potential Distribution
Spatially Explicit * Predicted Species Richness
Spatially Explicit * Qualitative

Spatially Explicit * Quantitative
Spatially Explicit * Semiquantitative

Dynamic * Both

Dynamic * CC

Dynamic * LULC

Dynamic * No

Dynamic * Invasion Risk
Dynamic * No RA

Dynamic * Other

Dynamic * Point Scoring Sys
Dynamic * Population Dynamics
Dynamic * Potential Distribution

-0,021
-0,023
-0,040
-0,118
-0,012
-0,226

0,088
-0,065

0,276
-0,039
-0,035
-0,121
-0,019

0,040
-0,092

0,431
-0,019
-0,078

0,172
-0,173
-0,048
-0,157
-0,054
-0,141

-0,039
0,276
0,004
0,032
0,002

-0,130
0,017

-0,152
0,002
0,012

-0,020
0,224
0,006
0,092
0,019
0,053

-0,03
-0,019
0,167
-0,005
-0,065
0,048
-0,018
0,043
0,287
-0,059

0,461
0,693
0,295
0,029
0,784
0,001
0,227
0,372

0,000
0,000
0,539
0,081
0,665
0,050
0,204
0,000
0,665
0,276
0,003
0,000
0,449
0,002
0,401
0,023

0,000
0,000
0,539
0,081
0,665
0,050
0,204
0,000
0,002
0,276
0,003
0,000
0,449
0,002
0,401
0,023

0,651
0,749
0,003
0,735
0,350
0,360
0,751
0,548
0,000
0,027
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Dynamic * Predicted Species Richness
Dynamic * Qualitative

Dynamic * Quantitative

Dynamic * Semiquantitative

Static * Both

Static * CC

Static * LULC

Static * No

Static * Invasion Risk

Static * No RA

Static * Other

Static * Point Scoring Sys
Static * Population Dynamics
Static * Potential Distribution
Static * Predicted Species Richness
Static * Qualitative

Static * Quantitative

Static * Semiquantitative

Both * Invasion Risk

Both * No RA

Both * Other

Both * Point Scoring Sys

Both * Population Dynamics

Both * Potential Distribution

Both * Predicted Species Richness
Both * Qualitative

Both * Quantitative

Both * Semiquantitative

CC * Invasion Risk

CC* NoRA

CC * Other

CC * Point Scoring Sys

CC * Population Dynamics

CC * Potential Distribution

CC * Predicted Species Richness
CC * Qualitative

CC * Quantitative

CC * Semiquantitative

LULC * Invasion Risk

LULC * No RA

LULC * Other

LULC * Point Scoring Sys

LULC * Population Dynamics

LULC * Potential Distribution
LULC * Predicted Species Richness
LULC * Qualitative

LULC * Quantitative

LULC * Semiquantitative

0,099
-0,062
0,097
-0,044

0,002
0,004
-0,010
0,019
0,009
-0,015
0,001
-0,005
-0,021
0,078
-0,008
0,035
-0,030
0,015

-0,035
0,007
-0,014
-0,033
-0,022
-0,024
0,384
-0,042
0,057
0,004

-0,070
-0,175
0,048
0,012
-0,038
0,093
0,069
0,064
-0,028
0,125

-0,019
-0,021
-0,011
-0,018
-0,014

0,016
-0,016
-0,021

0,029

0,025

0,164
0,132
0,071
0,393

0,651
0,749
0,003
0,735
0,350
0,360
0,751
0,548
0,000
0,027
0,164
0,132
0,071
0,393

0,539
0,849
0,834
0,599
0,766
0,181
0,000
0,143
0,142
0,914

0,313
0,014
0,159
0,852
0,399
0,044
0,194
0,307
0,694
0,076

0,665
0,461
0,883
0,711
0,834
0,223
0,797
0,303
0,302
0,302
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No * Invasion Risk

No * No RA

No * Other

No * Point Scoring Sys

No * Population Dynamics

No * Potential Distribution

No * Predicted Species Richness
No * Qualitative

No * Quantitative

No * Semiquantitative

Invasion Risk * Qualitative
Invasion Risk * Quantitative
Invasion Risk * Semiquantitative

No RA * Qualitative
No RA * Quantitative
No RA * Semiquantitative

Other * Qualitative
Other * Quantitative
Other * Semiquantitative

Point Scoring Sys * Qualitative
Point Scoring Sys * Quantitative
Point Scoring Sys * Semiquantitative

Population Dynamics * Qualitative
Population Dynamics * Quantitative
Population Dynamics * Semiquantitative

Potential Distribution * Qualitative
Potential Distribution * Quantitative
Potential Distribution * Semiquantitative

Predicted Species Richness * Qualitative
Predicted Species Richness * Quantitative
Predicted Species Richness * Semiquantitative

0,026
0,080
-0,008
0,002
0,009
-0,103
-0,039
-0,005
-0,015
-0,067

0,129
-0,054
-0,025

-0,355
-0,264
-0,250

-0,021
0,079
-0,021

0,200
-0,064
-0,110

-0,042
0,154
-0,040

0,091
0,107
0,238

-0,002
0,036
0,027

0,201
0,016
0,236
0,902
0,344
0,092
0,002
0,903
0,645
0,054

0,013
0,401
0,69

0,000
0,000
0,001

0,303
0,005
0,440

0,000
0,277
0,052

0,143
0,000
0,273

0,162
0,045
0,000

0,956
0,435
0,530
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